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Abstract

Immunization continues to be a cornerstone of global public health, drastically reducing mortality
rates worldwide. Over time, the field of vaccinology has progressively shifted from utilizing
whole-pathogen preparations toward highly targeted epitope and subunit formulations. However,
traditional laboratory-based methods for vaccine discovery remain heavily constrained by high
financial costs and extended developmental timelines. To mitigate these bottlenecks, this thesis
introduces a comprehensive suite of computational resources for designing epitope or subunit
based vaccines. The work presented in this thesis is organized into three major components:
identification of epitope-based vaccine candidates, safety evaluation of predicted candidates, and
assessment of stability under physiological and environmental conditions. Under the first
objective, a tool named CLBtope was developed to predict both linear and conformational B-cell
epitopes from antigen sequences, facilitating the identification of potential vaccine candidates
capable of eliciting protective B-cell and antibody responses. To ensure candidate safety, two
predictive models were established: DMPPred, which identifies peptides associated with type 1
diabetes mellitus, and AlgPred3, which comprehensively evaluates the allergenic risks of proposed
vaccine components. Finally, to address peptide and protein stability under diverse physiological
and environmental conditions, three distinct platforms were developed: AFProPred for the
characterization and design of antifreeze proteins, PPTStab for engineering thermostable proteins,
and PlifePred2 for estimating peptide half-lives in body fluids. All tools developed in this thesis
are freely available to the scientific community as web servers and standalone software through
platforms such as GitHub and PyPI. State-of-the-art AI methodologies, including machine
learning, deep learning, and large language models, were deployed to design effective subunit

vaccines.
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Chapter 1

1.1 Motivation and Background

The immune system is a highly coordinated and complex defense system composed of immune
organs, proteins, leukocytes, and several chemicals. Together, these components protect the body
(host) from invading pathogens such as parasites, bacteria, and viruses, and also help in eliminating
abnormal cells including tumors and transplanted cells. At the same time, the system is able to
recognize self-components and maintain tolerance towards host organisms, thereby preventing
self-damage. Broadly, immune response can be divided into two types: innate immunity and
adaptive immunity. The innate immune system is present from the birth and provides rapid,
nonspecific defense that does not adapt to the characteristics of the individual pathogens. In
contrast, adaptive immunity is characterized by antigen-specific responses mediated primarily by
T and B lymphocytes, which undergo genetic rearrangements and generate immunological
memory in response to antigen exposure [1]. Therefore, researchers are increasingly employing
bioinformatics based sequence analysis, epitope mapping approaches, microarray platforms, and
high-throughput immunological assays to identify the minimal and essential regions of B-cell
epitopes [2]. This work focuses on the B-cell component of the adaptive immunity, emphasizing
the identification and analysis of the B-cell epitopes and their relevance to vaccine development.
The central idea is to integrate epitope identification, safety evaluation, and stability assessment
into an integrated computational framework for rational vaccine design. A schematic

representation of the human immune system is shown in Figure 1.1.

1.2 Types of Imnmunity

The immune system functions through two major types of immunity: innate immunity, which
generates immediate but non-specific protection, and adaptive (acquired) immunity, which
provides specific responses and immunological memory (see Figure 1.2) [3]. Innate immunity is
the body’s primary line of defence and provides immediate protection against invading pathogens.
It is present from birth and acts as a general, non-specific defense mechanism against a wide range
of microorganisms. For example, physical and chemical barriers, such as the skin, prevent the
entry of pathogens into the body. In addition, the immune cells that contribute to innate immunity
include the complement system, epithelial cells, neutrophils, natural killer (NK) cells, dendritic

cells, mast cells, basophils, and eosinophils [4]. On the other hand, acquired immunity develops
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after exposure to specific pathogens. This type of immunity is specific and is mediated by antigen-
recognizing T lymphocytes and B lymphocytes. Although the adaptive response is slower to
initiate compared with innate immunity, it is highly precise and less damage to host tissues.
Adaptive immunity's ability to recall previously encountered pathogens is a fundamental
characteristic; as a result, subsequent exposures elicit a more robust and rapid immune response.

This characteristic is referred to as immunological memory [1].

1.3 Vaccination

Vaccines remain one of the most effective biomedical interventions in public health. They have
contributed to the control and near elimination of several life-threatening infectious diseases,
preventing millions of deaths worldwide [5,6]. There are five types of vaccines given in Table 1.1.
By safely exposing individuals to a weakened, inactivated, or subunit form of a pathogen, vaccines
enable the immune system to develop long-lasting protection without causing the disease itself.
When vaccination coverage becomes sufficiently high, community-level protection (herd
immunity) reduces disease transmission and protects even those who cannot be vaccinated [7].
Despite these successes, there are some challenges that remain, such as gaps in coverage persist
across regions, particularly in resource-limited settings, and vaccine development, manufacturing,
and cold-chain storage require substantial financial and logistical investment [8]. Efforts to
accelerate and optimize vaccine development increasingly rely on computational approaches for
antigen selection, epitope mapping, and immunogenicity assessment [6]. The continued progress,
therefore, requires strategies that improve accessibility, reduce development cost, and enable the
design of safe and effective vaccines for emerging and re-emerging diseases [9]. A recent global
assessment illustrates the transformative role of vaccination; Andrew Shattock and colleagues
estimated that routine immunization programs prevented approximately 154 million deaths over
the last five decades, with measles vaccination alone saving an estimated 94 million lives [7]

(shown in Figure 1.3 A-G).
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S.No. Vaccines Examples Description
. . The infectious agent is killed or
1. Inactl.vated (Killed) Rabies, Flu, Hepatitis A inactivated via chemical and physical
Vaccines . .
method so it cannot replicate.
Rotavirus, Variola
) Live Attenuated (Smallpox), Varicella It has a weakened (attenuated) version
’ Vaccines (Chickenpox), Yellow of the microbe that causes the illness.
Fever, MMR
It contains mRNA that encodes a
RN specific viral protein. After entering
3. A (mgssenger Comirnaty, Spikevax the host cells, the mRNA is translated
RNA) vaccines . X ) .
into protein, which then stimulates an
immune response.
Recombinant, Subunit, Hib, HI.)V’ whooping cough, It includes fragments of the pathogen,
. hepatitis B, a pneumococcal .
4. Polysaccharide, and . . . as opposed to the whole microbe
. . infection, Shingles and . .
Conjugate Vaccines . ; (such as sugar, protein, or capsid).
meningococcal disease
It utilizes a genetically modified,
5. Viral vector vaccines COVID-19 Vaccine har?nles.s virus as a vector fo deliver
antigenic material and induce a
protective immune response.
It contains inactivated toxins (toxoids)
produced by the pathogen. These non-
6. Toxoid Vaccines Diphtheria, Tetanus toxic forms stimulate the immune

system to recognize and neutralize the
toxin during a natural infection

# Hib, Haemophilus influenzae type b; HPV, Human papillomavirus; MMR, Measles, mumps, rubella;

1.4 Subunit Vaccine Design: Challenges and Opportunities
Traditionally, vaccines typically use whole pathogens administered either in live-attenuated or

inactivated form. Although these approaches have proven effective, they may raise concerns
related to the safety, reactogenicity, and production complexity. To address these limitations,
subunit vaccines were developed. Instead of using the entire pathogen, subunit vaccines include
only selected components, or antigens, that are capable of stimulating the immune system. These
components may consist of proteins, peptides, polysaccharides, or their combinations, and they
help address many safety and manufacturing challenges associated with whole-pathogen vaccines
[10]. Peptide-based vaccines represent a particularly promising category. Instead of administering
full-length proteins, these vaccines use short immunogenic regions that specifically target immune

responses. Recent advances in genomics and immunoinformatics have enabled systematic in silico
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scanning of pathogen genomes to identify antigenic proteins, locate epitope regions, and design
peptide vaccine candidates [11]. Table 1.2 summarizes several peptide-based vaccine candidates

that are currently under clinical evaluation.

Table 1.2 Peptide-based vaccines in different phases of clinical trial, at NIH website [12]

Peptide Vaccine Firm/Institution Trial Stage  Reference
Multi-epitope linear peptide based vaccine against BiondVax Phase II NCT0269
influenza A and B Pharmaceuticals ase 1130
PlpepTolDC: An immunotherapeutic vaccine for the City of Hope Phase I NCT0459
treatment of T1DM Medical Center 3¢ 0872
Efficacy and safety Evaluation of Omalizumab with Qianfoshan Active trial NCTO0677
AIT Hospital ¢ 1934
Idiotype Antigen Vaccine Immunotherapy for NCI PhaseI NCTO0000
Follicular Lymphoma completed 1512
. . . United Phase /Il NCTO0000
Peptide based therapeutic vaccine for HIV Biomedical Tnc. completed 2428
Novartis US FDA-
Fluvirin®, Agriflu subunit vaccine Vaccines and approved in [13]
Diagnostics 2009
Multimeric-001 (M-001) synthetic peptide vaccine NIAID Phase II é\égg 0[31(215]
® . . . . .
BOPRIVA ™ peptide vaccine induces antibodies Pfizer Jaunched [15.16]

against GnRF to controls aggressive behavior in bulls

# NCI, National Cancer Institute; NIAID, National Institute of Allergy and Infectious Diseases; AIT, allergen
specific immunotherapy, HIV, human immunodeficiency virus, GnRF, Gonadotropin-releasing factor,

However, several challenges remain with the currently available vaccine approaches. These
include incomplete protection against diverse pathogen strains, variability in immune responses,
and potential safety and specificity concerns [17]. Subunit vaccines aim to address these issues by
focusing on epitope-driven immune activation. Peptide epitopes capable of interacting with
immune cell receptors can be identified using experimental and computational approaches and
subsequently synthesized as vaccine components [11,17,18]. The length, sequence context, and
physicochemical characteristics of peptides influence their ability to bind immune receptors and
activate B and T cell responses, ultimately shaping vaccine efficacy [11]. Thus, accurate

identification and careful selection of epitope regions are critical steps in rational vaccine design.
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1.5  Role of Artificial Intelligence in Vaccine and Therapeutic Design

Compared with conventional experimental screening, computational epitope prediction offers
significant advantages in speed, scalability, and cost. Over the last decade, intensive efforts have
focused on developing in silico approaches for epitope detection, antigen characterization, and
vaccine design supported by advances in structure biology, computational biology and
immunology [11]. The combination of artificial intelligence (Al) and machine learning (ML) is a
particularly active field. These approaches enable the analysis of large-scale biological sequence
data to identify complex relationships between protein features and their biological properties,
including antigenicity, allergenicity, autoimmune potential, thermostability, and peptide stability.
The ability to design subunit vaccines that are immunogenic, safe, and stable while also reducing
dependence on cold-chain systems has become an important goal in the next-generation vaccine
research [10]. This work builds upon these advancements by developing Al-based computational
approaches that:

1. Identify B-cell epitopes from primary sequences,

2. Evaluate their immunological safety, and

3. Predict and enhance the stability for vaccine development.
Together, these components contribute to a unified framework for rational vaccine and therapeutic

protein design. In Figure 1.4, we have presented the study’s complete objective.

1.6 A Unified Computational Framework for Subunit Vaccine Design

Although each prediction tool developed in this thesis addresses a distinct computational problem,
together they constitute an integrated framework for rational subunit vaccine design. The overall
workflow begins with the identification of potential B-cell epitopes from pathogen proteins, which
represent candidate vaccine components capable of eliciting humoral immune responses. These
candidate peptides are subsequently evaluated for safety by screening their potential to induce
allergenic or autoimmune responses, thereby minimizing the risk of adverse immunological
effects. Finally, the stability of the selected candidates is assessed using computational tools for
predicting protein thermostability, peptide half-life, and antifreeze protein characteristics, ensuring
that the proposed vaccine candidates possess favourable physicochemical properties for storage,
delivery, and biological activity. Thus, the individual prediction tools developed in this thesis are

interconnected components of a unified artificial intelligence-driven pipeline that facilitates the
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identification, safety evaluation, and stability optimization of peptide- and protein-based vaccine

candidates.

Adaptive Immune System
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Figure 1.4 Scope of the thesis within the adaptive immune system. Of the two arms of adaptive immunity,
the study focuses on the B-cell (humoral) arm, analysed through three tasks, B-cell epitope
identification, vaccine safety screening, and vaccine stability evaluation.

1.7 Thesis Objectives
The overall objective of this study is to develop advanced tools for prediction, design, and
screening potential candidates for subunit/protein vaccines. Broadly divided into the following

three objectives:

Objective 1: Identification of Vaccine Candidates

Firstly, we focus on identifying B-cell epitopes (BCEs) that serve as critical targets for vaccine
development. B-cells constitute a central arm of adaptive immunity, providing protection against
pathogens through the secretion of specific antibodies following antigen recognition [19]. BCE
have significant potential in immunological applications, particularly in the design of epitope-
based vaccines, antibody-based therapeutic, and an immune diagnostic tool [20,21]. Therefore, the

identification of both linear and conformational BCEs is essential for improving peptide-based
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vaccine design and development. This work provides a foundation for computational subunit

vaccine design, significantly accelerating vaccine and antibody development pipelines.

Objective 2: Safety Evaluation of Vaccine Candidates

There are several practical safety challenges when translating antigens into vaccines. First,
vaccines can occasionally trigger autoimmunity in genetically predisposed individuals, observed
in both animal studies and human cases. Molecular mimicry occurs when vaccine antigens
resemble human proteins, causing the immune system to attack self-tissues. Secondly, allergic
reactions, particularly immediate IgE-mediated responses, most individuals who are initially
labeled as allergic to a vaccine can safely tolerate a subsequent dose without any clinical reaction
[22]. Machine learning and large language models based approaches were used to predict
allergenic peptide and to identify peptides associated with Type-1 diabetes mellitus. Together,

these methods enable the early filtering of potentially unsafe antigenic peptides.

Objective 3: Stability and half-life

Over the last two decades, scientists have become increasingly concerned with maintaining the
structures of proteins and peptides. Evaluating their stability under varying temperature conditions,
including both heating and freezing/cooling, is essential for understanding temperature-induced
damage (thermal injury), as thermal stress can lead to protein denaturation and loss of biological
activity. An important aspect of computational protein design is that it will enable the creation of
new proteins with valuable applications in medicine, industry, and research [23]. In this research,
we develop methods for predicting the design of antifreeze proteins, the thermostability (Tm) of
proteins, and the prediction of the half-life of peptides. This work focuses on developing and
integrating computational approaches to assess and enhance the thermal stability, cold stability,
and half-life of peptide/proteins. Three modules were developed to address this objective:
antifreeze protein identification, thermostability (melting temperature) prediction, and half-life
prediction of natural and modified peptides in biological systems. The schematic summary of the

overall work carried out in this study is shown in Figure 1.5.
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Figure 1.5 Illustrates the unified
computational framework

proposed in  this  thesis,
organised into three modules.
The framework first identifies
candidate  B-cell epitopes,
followed by sequential safety
assessment and stability
evaluation, ultimately enabling
the rational design of safe and

stable vaccine candidates.
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Chapter 2

In this chapter, we review the biological and computational background relevant to this study.
First, the role of vaccination in immunotherapy and the functioning of the immune system are
introduced to provide the biological context for peptide-based vaccine design. Then we discuss the
growing importance of computational methods in comparison with traditional experimental
methods, which helps in reducing cost, time, and in vitro screening efforts. After that, we mainly
focus on the three major objectives addressed in this thesis. The first objective covers B-cell
epitope identification, including experimental techniques, available biological repositories, and
prediction methods based on sequence and structural information. The second objective discusses
computational identification of disease-associated antigens and allergenic peptides, which is
critical for early safety assessment in subunit vaccine development. Finally, the third objective
reviews stability-related properties of proteins and peptides, including thermostability, antifreeze
proteins, and peptide half-life, and emphasizes their importance for therapeutic efficacy, storage,

and drug delivery.

2.1 Vaccination and Immunotherapy

One of the most advantageous public health strategies for both treating and preventing infectious
and non-infectious diseases is vaccination. Traditionally, vaccines relied on whole pathogens in
live-attenuated or inactivated forms. However, safety concerns and efficacy concerns associated
with vaccines have motivated the development of more targeted approaches [24]. Therapeutic
vaccines are a significant area of immunotherapy, especially for the treatment of chronic infections
and cancers. The goal of these vaccines is to boost the host immune system’s ability to identify
and eliminate diseased cells [25,26]. The development of modern vaccines focuses on peptides or
epitopes that may induce humoral and cellular immune responses against the disease. Peptide-
based vaccines, utilizing defined B-cell and T-cell epitopes, have emerged over the past two
decades as promising alternatives to conventional vaccine platforms. Their key advantage includes
improved safety, reduced toxicity, and precise immunological targeting. However, successful
development requires accurate identification of immunogenic regions and evaluation of safety and

stability, motivating the application of computational approaches [27,28].
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2.1.1 Different Imnmune System arms

The immune system serves as the primary defense against invading pathogens, including bacteria
and viruses, and also eliminates abnormal cells, such as cancer cells, through a coordinated
network of defense mechanisms. It is broadly categorized into two major branches: (i) Innate

Immunity, and (i) Adaptive (Acquired) Immunity (see Figure 2.1).

Innate immunity (quick, non-specific)
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Figure 2.1 Diagram illustrating the overview of innate and adaptive immunity

A
<

2.1.1.1 Innate Immunity
Innate immunity serves as the first line of host defense, providing rapid and non-specific protection

through physical barriers such as the skin and mucosal surfaces, as well as immune cells, including
neutrophils and macrophages. Because this system responds in a similar manner to a broad range
of foreign agents, it is often referred to as the non-specific immune response. The major cellular
players include neutrophils, NK cells, macrophages, and dendritic cells (DC), which detect
conserved pathogen-associated molecular patterns (PAMPs) using pattern recognition and
subsequently trigger inflammatory responses. Although innate immunity does not generate long-
term immunological memory, it is essential for initiating and directing the subsequent adaptive

immune response [29,30].
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2.1.1.2 Adaptive Immunity

When the innate immune response is insufficient to eliminate invading pathogens, the adaptive
immune system is activated. Adaptive immunity, mediated by B lymphocytes and T lymphocytes,
produces a highly specific and long-lasting defense against antigens. B lymphocytes, also known
as B cells, are responsible for humoral immunity. They undergo differentiation into plasma cells,
which circulate in the blood and other body fluids and release antigen-specific antibodies. T
lymphocytes, also known as T cells, on the other hand, mediate cellular immunity by regulating
immune responses and eliminating abnormal or infected cells. Following antigen exposure, a
subset of activated lymphocytes develops memory cells, enabling faster and more robust responses
upon re-encounter with the same antigen. This immunological memory response forms the basis

of vaccination and long-term protection against diseases [3,4].

2.2 B-cell Epitopes (Humoral Immunity)

B lymphocytes are central mediators of humoral immunity in mammals and represent a key
component of adaptive immunity. A B-cell epitope (BCE), also referred to as an antigenic
determinant, is defined as the specific portion of an antigen that is recognized by the B-cell receptor
or its soluble form (antibodies) secreted after B-cell activation [31]. In other words, a BCE is the
part of an antigen that has direct contact with immunoglobulins. Usually, antibody recognition
occurs at the solvent-exposed surface of the antigen [32]. BCEs are classified into two main
categories: linear epitopes and conformational epitopes (Figure 2.2). Linear (continuous) epitopes
are short peptide regions composed of sequential amino acid residues. In contrast, conformational
(discontinuous) epitopes are formed by amino acids that are separated along the primary sequence
but come into close proximity once the protein adopts its three-dimensional structure. As most
antigens are proteins, they serve as the primary targets for epitope-prediction approaches.
Therefore, identifying BCE is important because selected epitope fragments can replace full
antigens for diagnostics, antibody production, and vaccine design. Epitope mapping is therefore
widely applied in immunological research, disease monitoring, and therapeutic development, such

as designing epitope-based vaccines [31,32].
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® -
Antigen Antigen
Antibody Epitope Antibody Epitope
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Figure 2.2 Classification of B-cell epitopes (a) linear epitope (b) conformational epitope
2.2.1 Experimental Identification of BCE

BCEs can be identified using several experimental approaches, including the determination of
antigen-antibody complex structures, screening of peptide libraries for antibody binding, and
functional assays in which mutations are introduced into the antigen and the resulting antibody-
antigen complex is examined [32]. Broadly, experimental methods for BCE identification are
categories into structural and functional methods. Structural methods involve the analysis of
antibody-antigen complexes using nuclear magnetic resonance (NMR), X-ray crystallography,
hydrogen-deuterium exchange (HDX), and electron microscopy (EM). Functional approaches, on
the other hand, evaluate antibody-antigen interactions through techniques such as surface plasmon
resonance [33], mass spectrometry [34], and NMR spectroscopy [35], along with immunological
assays including ELISA, ELISPOT, and Western blotting [36] (See Figure 2.3).

Experimental identification of epitopes is often labor-intensive, costly, and time-consuming
because a large number of potential epitope candidates must be tested. To address these challenges,
computational (in silico) prediction methods are now widely used to prioritize potential epitopes
prior to laboratory validation, thereby significantly reducing the experimental workload. These
methods help prioritize likely epitope regions in advance, thereby reducing the scale of laboratory
screening and the overall experimental workload [32]. In the following sections, we first review
the available databases and the prediction strategies used for linear BCEs, then discuss the
prediction of conformational BCEs, and finally discuss the need for an integrated framework

capable of identifying both types of epitopes.
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Epitope Mapping Methods
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Figure 2.3 Experimental techniques commonly used for B-cell epitopes mapping

2.2.2 B-cell epitopes Repositories

A number of well-known databases related to BCEs are valuable resources for researchers
developing computational prediction tools. To increase the accuracy and reliability of BCE
prediction methods, access to experimentally validated data is crucial. With advances in biological
and immunological techniques, a large volume of BCE-related data is regularly generated and
shared through publicly available web databases and scientific publications. Figure 2.4

summarizes some of the most important databases related to BCEs [37].

2.2.3 Linear B-Cell Epitope Prediction Methods

Linear BCEs are short peptide segments that can often act as substitutes for whole antigens in
immunization and antibody production studies. Although they represent a smaller fraction of all
epitopes, they have attracted considerable attention because of their practical usefulness. Usually,
sequence-based computational techniques are used to predict these epitopes directly from the

primary amino acid sequence of antigens [32].
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Figure 2.4 Major repositories related to B-cell epitope and prediction

2.2.3.1 Propensity Scales-Based Methods

Early approaches for predicting BCEs relied on amino acid propensity scales, derived from
experimental observations. For example, Hopp and Wood used hydrophilic residue values to
identify potential epitope regions [37,38]. Subsequently, additional propensity scales were
proposed, including those based on solvent-accessible surface area [39], secondary structure [40],
polarity [41], flexibility [42], accessibility [43], hydrophilicity [44], antigenic scale [45], and turns
[46]. Later methods integrated several physicochemical characteristics, including hydrophilicity,
flexibility, and polarity, to improve prediction accuracy. PEOPLE, PREDITOP, BEPITOPE, and
BcePred are significant techniques developed under this category (Table 2.1). A prediction
technique that integrated amino acid propensity scales with a hidden Markov model was

subsequently proposed in 2006 to further enhance the performance [47,48].

Table 2.1 Early computational approaches for Linear B-cell epitope prediction.

Name Year Description References
i:]ni;l ind 1978 Protein prediction based on side-chain amino acid structure [39]
oda

Protein structure is used to predict the conformational

Levitt Method 1978 preferences of amino acids.

[40]

18



Chapter 2

Globular proteins' hydrophobic packing and spatial

Ponnuswamy 1980 organization of amino acid residues [41]
Hopp and Antigenic determinants in proteins are predicted using a
1981 e [38]
Woods hydrophilicity-based scale.
Karplus & 1985 A scale for predicting B-cell epitopes based on flexibility. [42]
Schulz
Emini Method 1985 A score for identification based on accessibility. [43]
Hydrophilic, accessible, or mobile regions are used to predict
Parker Method 1986 antigenic regions. [44]
Kolaskar Antigenic determinants in a protein are predicted using the
Method 1990 physicochemical characteristics of amino acid residues. [43]
Pellequer identifying a protein's continuous epitopes based on its
Method 1991 primary structure. [49]
A tool that employs 22 normalized scores based on
RGP 1525 physicochemical properties to predict antigenicity. [50]
It analyze every residual property that was utilized in earlier
PEOPLE 1999 techniques for linear B-cell epitope prediction. [51]
It is a newer version of PREDITOP that makes advantage of
LEi= PINOLE 200 a variety of features, such as protein turns. [52]
Predicting B-cell epitopes continuously by integrating all
BeePred 2004 physicochemical characteristics. [33]
] This method combines a hidden Markov model with
BepiPred 2006 propensity scale techniques to predict linear B-cell epitopes. [47]
linear prediction of B-cell epitopes based on amino acid pair
AAPPred 2009 [54]

residue properties.

2.2.3.2 Machine Learning Approaches

Several studies have shown that propensity scale-based methods possess inherent limitations [55]
and generally exhibit poor predictive performance. Even with techniques created using propensity
scales for all physicochemical properties, the accuracy is still below satisfactory. To address these
limitations, researchers are applying machine learning techniques to develop more reliable
prediction methods. In 2006, Saha and Raghava introduced ABCPred [56], a linear BCE prediction
method based on neural networks. Similar to this, Sollner and Mayer [57] created a prediction
method using the molecular operating environment framework that integrated the nearest neighbor
algorithm and a decision tree. Since then, numerous tools employing machine learning strategies

for BCE prediction have been reported (listed in Table 2.2). Singh et al. (2013) introduced the
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LBtope [58] method, which was among the first to use K-Nearest Neighbor and Support Vector
Machine algorithms to predict continuous BCEs using experimentally validated non-B-cell
epitopes as negative datasets. Since then, several deep learning-based methods have been

developed to improve prediction performance further.

Table 2.2 ML and DL methods for linear B-cell epitope prediction
Name Year Description References

For the first time, continuous B-cell epitopes have been predicted

ABCpred 2006 using artificial neural networks. [56]
. . : . : 57

Ssllner 2006 Propen§1ty sc‘:ales are used in a machine learning-based algorithm [57]
to predict epitopes.

FBCPred 2008 Linear ]'3—cel'1 epitope prediction using SVM with compositional [59]
features; variable length

BCPREDS 2008 A cqstormzed kemel string is used in an SVM-based approach to [60]
predict B-cell epitopes.

COBEpro 2009 Predlctlgn in two stages based on residues and antigenic region [61]
propensity.

Byed 2010 Ba.yes—based. feature extraction for SVM-based linecar B-cell [62]
epitope prediction

LEPS 2011 SVM mode} for llqegr epitope prediction based on [63]
physicochemical propensities

BEOracle/ 2012 Protein sequence-specific immune response determinants of [64]

BROracle antigenicity and specificity

SVMTriP 2012 Tripeptide similarity and propensity score were used in the [65]

development of this SVM-based approach.
BEST 2012 A sliding window technique developed utilizing SVM [66]
A technique developed using B-cell and non-B-cell epitopes that

LBTope 2013 have been experimentally verified. [58]

EPMLR 2014 An epitope prediction approach based on sequencing. [67]

LBEEP 2015 A mod'el basgd on machine learning that was created utilizing the [68]
dipeptide deviation from the expected mean

DMN-LBE 2015 A deep maxout network using dropout training methods was used [69]
to develop a sequence-based predictor.

DRREP 2017 A B-cell epitope predictor based on deep learning. [70]

. Highly randomized tree and gradient boosting classifiers are

e 2018 combined in an ensemble approach for B-cell epitope prediction. (711

DLBEpitope 2020 A DL-based prediction that integrates available techniques [72]

BCEPS 2001 It has been attempted to predict B-cell epitopes that can cause (73]

native antigens to cause cross-reactive antibodies.
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LBCEPred 2022 A RF model using statistical moment-based descriptors was

developed to predict the B-cell epitopes. [74]
B 2021 Using a deep neural networ'k, identify linear B-cell epitope regions [75]
on a large number of protein sequences.
BepiPred-3.0 2022 Using protein language models, it is an enhanced version of the [76]

BepiPred series.

2.2.4 Prediction of conformational B-Cell Epitopes

Nearly 90% of the BCEs occur as conformational epitopes rather than linear sequences [32];
however, predicting conformational epitopes has progressed more slowly than predicting linear
epitopes. The limitation is due to two main factors. First, the three-dimensional (3D) structure of
the antigen is typically necessary for conformational epitope prediction, and only a few proteins
have this information. Second, it can be challenging to separate conformational epitopes from their
native protein environment for the purpose of producing specifically targeted antibodies, and this
often requires the use of appropriate structural scaffolds for epitope grafting. As a result,
conformational epitope prediction is currently underutilized in antibody-based technologies and
epitope vaccine development. However, for structure-function analyses of antibody-antigen
interactions, determining conformational BCEs is still important [32,77]. The two main categories
of conformational BCE prediction tools are sequence-based prediction methods (see Table 2.3)
and structure-based prediction methods (see Table 2.4). Recently, several studies have attempted
to extract linearized representations of conformational epitopes from antibody-antigen complex
structures to improve prediction strategies [73]. In addition, integrated approaches capable of
predicting both linear and conformational BCEs have been proposed to support computational

vaccine design.

Table 2.3 Sequence based prediction methods of conformational B-cell epitopes

Name Year Description References
Epitopia 2009 Is\/elgfll;ilncee—/lseta;iléiﬁ%e prediction of antigenic regions from [78]
CBTOPE 2010  SVM-based prediction of conformational epitopes from sequence [79]
CBEP 2014  Ensemble approach using spatial clustering information [80]
BepiPred-2.0 2017  Random-forest model trained on antigen—antibody structures [81]
SEPIa 2017  Naive Bayes and random-forest hybrid predictor [82]
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Name Year Description References
. . . . [83]
CEP 2005 Predicts sequential and conformational epitopes from 3D structure
DiscoTope 2006 Structure-based discontinuous epitope predictor with specificity. [84]
ElliPro 2008 Structure-based epitope prediction and visualization [85]
86
PEPITO 2008 Propensity and half-sphere exposure scoring [86]
SEPPA 2009 The unit patch pf res'ldue triangles at the protein surface is used to 87]
predict the spatial epitope of a protein.
. oy [88]
EPCES 2009 Surface conformation feature-based prediction
o . : - [89]
EPSVR 2010 SVM model using six scoring terms for epitope prediction
EPMeta 2010 Meta-server combining five prediction servers [89]
i 90
2Di)scoT0pe 2012 Improved precision version of DiscoTope 501
SEPPA 2.0 2014 Incorporates relative surface accessibility [91]
Seppa 3.0 2019 Extended SEPPA for glycoprotein antigens [92]
93
CluSmote 2020 ML model using cluster sampling techniques 53]
: - [94]
SEMA 2022 Deep-learning prediction from sequence and structure
: . : : - [95]
Epitope3D 2022 Graph-based machine-learning epitope prediction

Despite significant progress in computational B-cell epitope prediction, several limitations remain.

Early propensity scale-based methods rely on individual physicochemical properties and generally

exhibit limited predictive accuracy because B-cell epitopes are determined by multiple sequence

and structural characteristics rather than a single residue property. Machine learning-based

predictors have substantially improved performance by integrating diverse sequence-derived

descriptors; however, many models are trained exclusively on either linear or conformational

epitopes, restricting their applicability across different epitope types. More recently, linearized

conformational epitopes obtained from antibody-antigen structures, enabling their use in epitope

prediction [73]. There is a need to develop a unified computational framework that can predict
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both linear and conformational B-cell epitopes using only primary sequence information to

improve the reliability and applicability of B-cell epitope prediction in vaccine design.

2.3 Safety Evaluation

Adaptive immunity, driven by antigen-specific T and B lymphocytes, provides a precise yet
relatively delayed defense against pathogens through recognition of specific antigenic epitopes.
Once the antigen is eliminated, immune homeostasis is restored by inhibitory receptors, regulatory
immune cells, and anti-inflammatory mediators that terminate the response and limit tissue
damage. In some situations, this regulatory control fails, leading to chronic inflammation or an
abnormal immune reaction against self-antigens, known as autoimmunity. Therefore, identifying
the initiating antigens and triggering factors is important for developing preventive measures and
early therapeutic strategies [96]. Worldwide COVIDI19 immunization programs have markedly
lowered the severity and death rate of SARS-Cov2 related disease. While their benefit to public
health is beyond doubt, administrating the vaccines to billions of individuals has allowed rare
adverse events to come to light, among them autoimmune conditions such as systematic lupus

erythematosus, rheumatoid arthritis, and type diabetes [97].

2.3.1 Autoimmune Responses and Vaccine Safety

The diabetes is a autoimmune chronic metabolic syndrome and type 1 diabetes mellitus is mainly
characterized by the immune system's destruction of pancreatic -cells, which produce insulin, a
hormone that is necessary for blood glucose regulation [97] (see Figure 2.5). It affects millions of
people worldwide; recent estimates suggest that approximately 9.5 million individuals were living
with TIDM in 2025, including about 1.85 million individuals below 20 years of age [98]. Several
clinical reports by Kanako Sakurai [99], Toshihiro Sato [100], and Toshimitsu Tanaka [101] have
suggested a possible association between COVID-19 and vaccination and the onset of TIDM in
individuals without a prior history of diabetes. These observations indicate that, in genetically
susceptible individuals, vaccination may act as a trigger for autoimmune response, ultimately
leading to irreversible damage to pancreatic islet cells and the destruction of -cells. These cases
indicate that TIDM should be considered as a rare but possible side effect of COVID-19
vaccination, even in previously healthy individuals, and emphasize the significance of careful

clinical monitoring, especially in patients undergoing immunotherapy [97]. In the context of
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vaccine development, this risk underscores the need for careful antigen selection, particularly for

subunit vaccines composed of short immunogenic peptides.
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Figure 2.5 Disease associated with an autoimmune disorder
2.3.1.1 Computational Identification of T1IDM-associated Regions

Identifying peptides associated with TIDM is essential for understanding disease initiation and
progression. Usually, these peptides attach to major histocompatibility complex (MHC) class 11
molecules and trigger immunological reactions that ultimately destroy pancreatic B-cells [102].
However, only a limited number of studies have explored computational methods for predicting
peptides that are associated with TIDM. For example, the GPS-MBA method was created by Cai
et al. [103] to predict MHC class II binders associated with type 1 diabetes; however, the study
relied on a small dataset restricted to HLA-DQS8 binders, which limited its general applicability.
Thus, it is clear that a more reliable and accurate prediction tool must be created using the most
recent data [102]. Early identification of T1DM-associated peptides is also crucial for improving
safety risks during vaccine development and therapeutic design. Peptide immunotherapy employs
short peptide epitopes derived from disease-associated autoantigens rather than the entire antigen,
allowing modulation of the autoimmune response while minimizing unwanted adverse effects
[104]. To date, only a few in silico approaches have attempted to predict T1DM-associated
peptides. A major limitation of existing methods is that they were developed on a small dataset
comprising only HLA-DQS8 binders [103], which restricts their applicability for the comprehensive
safety assessment of vaccine candidates. Therefore there is a need for more accurate prediction

that leverages the latest available dataset. These limitations highlight the need for robust
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computational models trained on carefully curated datasets with rigorous independent validation

for reliable prediction of T1DM-associated peptides.

2.3.2 Allergenicity and Vaccine Safety

A rising global health concern, allergic diseases affect more than 20-30% of the world’s population
and are becoming more complex and severe, affecting both adults and children [105]. Immune-
mediated inflammatory disorders, including food allergies, atopic dermatitis, asthma, and allergic
rhinitis, are caused by hypersensitivity of the immune system to normally harmless environmental
substances [106]. Allergic responses to vaccines occur when the immune system reacts to one or
more components of the vaccine formulation. Similar to other pharmaceutical drugs, vaccines have
the potential to induce hypersensitivity reactions, which may be triggered by the antigen itself or
by other formulation components [107]. Despite the rarity of serious allergic reactions, vaccination
remains highly beneficial, with its advantages far exceeding the associated risks for the vast
majority of the population. However, vaccine hesitancy can be influenced by concerns about
potential allergic reactions, which can impact efforts to control the spread of infectious diseases
and herd immunity. Immediate allergy is driven mainly by allergen specific IgE, which bind the
high affinity FceRI receptor on the mast cells and basophils [108—110], leading to the release of
inflammatory mediators and the development of hypersensitivity symptoms. Improved
understanding of vaccine-related allergic reactions can help enhance vaccine safety and the
manufacturing process. Identifying the specific components responsible for hypersensitivity could
enable their removal or substitution with safer alternatives, thereby lowering the risk of vaccine-
related allergic reactions. This information is also important for clinical management, as it supports
the design of personalized vaccination strategies for individuals at higher risk of allergic reactions

[110].

2.3.2.1 Computational Approaches for Allergen Prediction

In the post-genomic era, the rapid growth of protein sequence data poses challenges for traditional
experimental techniques, which are laborious and time-consuming [111,112]. In order to solve
this, the Food and Agriculture Organization (FAO) and the World Health Organization (WHO)
developed guidelines for predicting allergenicity[113]. These include: (i) identifying proteins
containing a stretch of 6-8 consecutive amino acids identical to known allergens, and (ii)

classifying proteins with >35% sequence similarity over an 80-residue window as allergens. These
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two approaches identify allergenic proteins by using sequence alignment techniques and the
homology concept. While effective for homologous allergens, these methods struggle with non-
homologous proteins, often leading to false identifications [113,114].

To overcome such limitations, computational approaches have been developed to predict
allergenicity using machine learning have been widely explored, as shown in Table 2.5. Despite
these advances, significant challenges remain. Currently available allergen prediction methods
considered for safety evaluations mainly focus on whole-protein analysis and present significant
limitations, failing to explicitly evaluate discrete allergen epitopes or peptides. An epitope-focused
prediction tool provides a more robust assessment of allergenicity [115]. Therefore, an efficient

machine learning method, based on identifying a set of allergenic peptides, is the need of the hour.

Table 2.5 Computational methods for allergenicity prediction of proteins/peptides

Methods Year Description Reference

AlgPred 2006 | Hybrid SVM model integrating motifs, BLAST similarity, and [116]
physicochemical features

AllerTool 2007 | SVM and sequence-similarity approach for IgE cross-reactivity [117]
detection

AllerHunter | 2009 | SVM model using pairwise sequence similarity encoding and [118]
FAO/WHO allergenicity rules for improved prediction

PREAL 2013 | SVM predictor utilizing biochemical and physicochemical [119]
properties of amino acids

AllerTOP 2013 | k-nearest neighbor classifier based on auto- and cross-covariance [120]
transformation of protein sequences

Allerdictor 2014 | Text-classification inspired SVM approach representing protein [121]
sequences as word-frequency vectors

AllergenFP 2014 | Descriptor fingerprint method using physicochemical property [122]
vectors for allergen identification

AllerTop v.2 | 2014 | Improved k-NN classifier employing amino acid E-descriptors [123]
and ACC features

AllerCatPro | 2019 | Predicts allergenicity using sequence homology together with [124]
structural similarity and epitope evidence

AlgPred 2.0 | 2021 | Ensemble random-forest model combining motif search, BLAST [125]
similarity, and allergen representative peptides

AllerCatPro | 2022 | Updated platform integrating improved structural modeling and [126]

2.0 epitope similarity analysis

ProAll-D 2022 | LSTM-based deep learning model capturing sequential [127]

dependencies in protein sequences
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ALLERDET | 2022 | Hybrid decision tree and restricted Boltzmann machine deep- [128]
learning classifier

DeepAlgPro | 2023 | Convolutional neural network with multi-head self-attention to [129]
capture contextual sequence features

iAller 2023 | Random forest using multi-feature fusion including composition [130]
and physicochemical descriptors

SEP-AlgPro | 2024 | Machine- and deep-learning prediction based on protein language [131]
model embeddings

AllergenAl 2024 | CNN framework incorporating predicted three-dimensional [132]
structural information

PreAlgPro 2024 | CNN classifier utilizing ProtT5 protein language model [133]
representations

AllergyPred | 2025 | Deep neural network trained on extensive physicochemical [134]
descriptors

Numerous computational methods have been developed for allergen prediction using sequence
similarity, motif-based approaches, physicochemical descriptors, and machine learning
algorithms. Despite their success, several limitations remain. Currently, available allergens
prediction methods that is considered for safety evaluations majorly focuses on the whole protein

based analysis. These methods do not explicitly evaluate discrete IgE-binding epitope or

allergenic peptides. Therefore, an efficient machine learning method, dedicated allergenic peptide
prediction framework specifically optimized for short allergenic peptides is the need of the hour
for accurate, scalable, and broadly applicable allergen prediction methods suitable for modern

peptide therapeutics and vaccine design.

2.4 Stability Evaluation

Most currently available vaccines require maintenance of a continuous cold chain, meaning they
must be stored and transported between 2-8 °C from the time of production until administration.
Vaccines that experience temperature excursions outside this range may undergo loss of potency.
Although this system is highly effective when properly implemented, it relies on refrigerated
packaging, temperature-controlled transportation vehicles, healthcare centres equipped with
reliable refrigerators, and trained personnel. This makes the process costly and also susceptible to
lapses in temperature control [135,136]. In many developing countries, maintaining uninterrupted

refrigeration is often difficult due to infrastructure limitations and irregular electricity supply.
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Consequently, substantial quantities of vaccine material are lost each year, and there is also a risk
that vaccines with reduced protective efficacy may be administered [137].

Preserving the structural integrity of protein- and peptide-based therapeutics has therefore become
a major scientific objective over the past few decades. These biomacromolecules possess only
marginal stability and remain stable within a narrow range of temperature, concentration, pH, and
ionic strength. Both cold-induced and heat-induced denaturation can significantly affect their
stability, making them highly prone to physical and chemical degradation. The WHO has
emphasized the importance of addressing these stability challenges [138], as temperature
deviations, either above or below the recommended 2-8 °C range, can have serious consequences
for vaccine effectiveness. Therefore, there is a clear need for vaccines that can withstand both
freezing and elevated temperature conditions, and the development of thermostable vaccines is
receiving increasing attention. For this reason, the introduction of thermally stable vaccines that

do not rely heavily on cold-chain logistics has become an important global health priority [137].

2.4.1 Temperature Stability

Elevated temperatures can adversely affect different types of vaccines in multiple ways. In subunit
vaccines, high temperature may lead to unfolding of protein antigens; in conjugate vaccines, it can
cause dissociation of polysaccharides from their protein carriers; and in live attenuated vaccines,
it may reduce the viability and infectivity of the organism. Although a few proteins show
remarkable resistance to heat, most proteins are unable to maintain their native conformation under
thermal stress and tend to convert into aggregated or inactive forms [138,139]. A protein's melting
temperature (Tm) is typically used to determine its thermal stability [140], which corresponds to
the temperature at which approximately half of the protein molecules become unfolded. This value
varies among proteins and typically ranges from 40 to 80 °C in natural systems. During the
production, purification, storage, packaging, and transportation of therapeutic proteins, it is
therefore essential to maintain temperatures below the protein’s melting point to preserve activity
and efficacy [138]. Experimental determination of protein Tm relies on advanced methods like
Fourier Transform Infrared Spectroscopy, Differential Scanning Calorimetry (DSC), Mass
Spectrometry-based Thermal Proteome Profiling (TPP), and Circular Dichroism (CD) [141].
However, due to their cost, time requirements, and experimental complexity, these methods are

not suitable for large-scale genome-wide screening of proteins with unknown Tm values. The
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Meltome Atlas and ProThermoDB are two specialized databases that have been created recently
using experimentally measured Tm values [142]. Therefore, there is a growing need for
computational (in silico) approaches that can efficiently identify thermostable proteins directly
from sequence databases [140,143]. Although several prediction methods have been proposed
previously, many of them are trained on redundant datasets (as shown in Table 2.6), which may
limit their performance on proteins that are dissimilar to those in the training set. Consequently,
there is a clear requirement to develop prediction models using carefully curated non-redundant
protein datasets and standard bioinformatics protocols.

Table 2.6 Available computational methods for prediction of protein thermal stability

Method Year Methodology Reference

(A) Regressor based predictors
Gradient boosting regression trees using sequence descriptors

ProtStab 2019 from PROFEAT, ProtDCal, and ProtParam [144]

. Integrated regression/classification framework using Weka

iStable 2.0 2020 models and XGBoost [145]
LightGBM regression trained on large-scale feature descriptors

ProtStab2 2022 (protr, ProtDCal, ProtParam) [146]
Transformer-based protein language model embeddings with

DeepSTABp | 2023 RAILIP plicion [147]

DeepT™ 2023 Graph convolutional net\.vo.rks with self-attention and MLP for [140]
melting temperature prediction

(B) Classifier based predictors

SCMTPP 2021 | SVM classifier using dipeptide propensity scores [148]

TMPpred 2022 sSe\t/M classifier with ANOVA-selected 188-dimensional feature [149]

SAPPHIRE | 2022 | Stacking ensemble model for thermophilic protein identification [150]

+ B . 3 .

DeepTP 2023 CNN .B1LSTM with self-attention followed by MLP [151]
classification
BERT-based embeddings with feature engineering and ML

BertThermo | 2023 | 1. Sifiers (LGBM/LR) [152]

ProLaTherm | 2023 Prot”.l"S.protem language model embeddings for thermophilicity [153]
prediction

TemStaPro | 2024 Binary .class1ﬁer using ESM-2 and ProtT5 language-model [154]
embeddings
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Although several computational approaches have been developed for predicting protein
thermostability and melting temperature (Tm), important challenges remain. Most existing
predictors have been trained on highly redundant protein datasets, which can lead to overly
optimistic performance estimates and limit their ability to generalize to evolutionarily distant
proteins. Consequently, these models may perform poorly when applied to novel proteins sharing
low sequence similarity with those used during training. Furthermore, the majority of available
methods are restricted to predicting protein thermostability and do not provide capabilities for
designing proteins with user-defined or desired melting temperatures. These limitations highlight
the need for robust prediction models developed using rigorously curated non-redundant datasets
and standardized bioinformatics protocols, together with computational frameworks that support

both prediction and rational protein design.

2.4.2 Cold Denaturation and Antifreeze Proteins

The study of the effects of low temperature on protein structure can be traced back to the 1930s,
particularly the work of Hopkins [155]. It was later understood that cold-induced unfolding
primarily results from alterations in the interaction pattern between water molecules and the non-
polar groups present in proteins [138]. In the 1950s, Scholander and his colleagues reported that
fish species could survive freezing temperatures, challenging the prevailing assumptions about the
limits of life in cold environments [156]. Subsequently, in 1969, DeVries and co-workers
associated this remarkable adaptation with the presence of antifreeze proteins (AFPs) [157]. Since
then, AFPs have been identified in a wide variety of organisms, including insects, fungi, bacteria,
and mammals [158]. Antifreeze proteins are specialized proteins, glycopeptides, or peptides
produced by certain organisms to enable cellular survival under sub-zero conditions. They function
by lowering the freezing point of water and inhibiting the growth of ice crystals during freezing.
Their ability to modify ice crystal growth stabilizes ice structures within a specific temperature
range and prevents ice recrystallization, which also helps reduce drip loss during thawing. In recent
years, research on AFPs has focused on their discovery, purification, detection, mechanism of
action, and bioinformatics-based characterization, highlighting their potential for diverse
applications [159]. Owing to their freeze-resistance properties, AFPs have been explored for
multiple practical uses, including food preservation [160], medical applications [161],

cryosurgery, and even the production of yoghurt [158,162]. Several experimental approaches have
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been developed to identify and characterize AFPs. These include ice-etching methods [163],
fluorescence-based ice plane affinity (FIPA) assays [164], ammonium precipitation and ice-
affinity chromatography for purification [165], and site-directed mutagenesis to identify ice-
binding planes and to understand the mechanism of AFPs [166]. These experimental methods are
also expensive and time-consuming. Furthermore, distantly related AFPs are frequently eliminated
by traditional similarity-based sequence search techniques like BLAST and PSI-BLAST [167].
Consequently, computational prediction approaches have gained importance for identifying AFPs,
particularly due to their significant biomedical and industrial relevance. Although several methods
have been proposed to distinguish AFPs from non-AFPs, many of them rely on unreviewed
datasets for evaluation [158]. Therefore, the development of prediction methods based on curated,
experimentally validated data has become essential; an overview of currently available methods is

presented in Table 2.7.

Table 2.7 Computational methods for antifreeze protein identification

Name Year | Source/Database Training Dataset Independent/ Reference
Test Dataset
Pred* N [167]
AFP-Pred 2011 | Pfam database 481 AFPs, 9,493 non )
AFPs
[168]
1AFP* 2011 | PDB, UniProKB | 44 AFPs, 3,762 non-AFPs | 369 AFPs
_ [169]
AFP PSSM* | 2012 | AFP-Pred 481 AFPs, 9,493 non -
- AFPs
AFP-PseAAC | 2014 | AFP-Pred igFlPSAF 5y S mei- - [170]

181  AFPs,| [171]

TargetFreeze* | 2015 | ~AFP-Pred, 300 AFPs, 300 non-AFPs | 8,293  non-
Pfam database
AFPs
93 AFPs, [172]
AIHTE- 2015 | AFP-Pred S AR, 7260 ol |
ensemble* AFPs
AFPs
478 AFPs, 9,139 non- [173]
CryoProtect 2016 | AFP-Pred AFPs -
iAFP-Ense 2016 | AFP-Pred, Pfam iSFlPSAF Ps, 9,193 mon- - [174]
Datasetl: 481  AFPs, [175]
AFP-Pred,iAFP 9.493 non-AFPs; | Dataset3: 369
_ %k g 9 s s
RAFP-Pred* | 2018 | 1y b kg Dataset2: 44 AFPs, 3,762 | AFPs
non-AFPs
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Dataset2: 517 [176]

AFP-Pred Datasetl: 481 AFPs
* g ’
AL 2018 1 {niprotk B 9,493 non-AFPs AFPs, 517
non-AFPs
AFP- 481 AFPs, 9,493 non- [177]
CKSAAP 2019 | AFP-Pred, Pfam AFPs -
. 7,582 [178]
W-GDipc- AFP-Pred,
LRMR-Ri 2019 MemType-2L 480 AFPs, 374 non-AFPs MemType—ZL
proteins
AFP-LSE 2020 | AFP-Pred 481 AFPs, 9,493 non- - [179]
AFPs
Sun et al. 2020 | AFP-Pred il AU, SSE o ; [180]
AFPs
181 AFPs, [181]
AFP- 2021 | AFP-Pred, Pfam | 555 A £pe 300 non-AFPs | 8293 non-
CMBPred database
AFPs
AFP-Pred, Pfam | 481 AFPs, 9,193 non- [182]
_ % > s b _
AL 2022 database AFPs
AFP-Pred, Pfam | 481 AFPs, 9,193 non- [183]
_ * ] ) ’ _
AFP-SPTS 2022 database AFPs
AFP-SRC 2022 | AFP-Pred iSFlPSAF e SRES 1w - [184]

*Web server is not working properly or not available.

Although numerous computational methods have been developed for the identification of
antifreeze proteins (AFPs), several limitations remain. Most existing predictors rely on sequence
composition, evolutionary features, or sequence similarity; however, sequence similarity-based
approaches often fail to identify distantly related AFPs with low sequence identity. A major
limitation of the current methods lies in the datasets used for model development and evaluation.
Most predictors have been trained and benchmarked using the AFP-Pred dataset, which comprises
481 AFPs and 9,493 non-AFPs, while a few studies have utilized proteins from the PDB. However,
these datasets predominantly contain unreviewed or computationally annotated sequences rather
than experimentally validated, manually curated proteins. Consequently, the reliability and
generalizability of these models may be compromised. The availability of reviewed AFP
sequences in the UniProt/Swiss-Prot database provides an opportunity to develop more robust and

biologically reliable prediction models based on experimentally supported data.

2.4.3 Half-Life in Body Fluids

Despite the successful development of a number of vaccines, significant challenges still exist.
These include weak immune durability, particularly in subunit vaccines, limited protection against

rapidly evolving variants, and insufficient antibody titres, which are frequently caused by their
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short-term in vivo exposure. Furthermore, because of their rapid systemic clearance, protein-based
vaccines and therapeutics typically have a short biological half-life after administration. It has been
demonstrated that increasing the half-life can significantly improve drug efficacy [185-187],
primarily because of prolonged circulation time and sustained concentrations in the body.
However, the influence of in vivo persistence on vaccine performance, particularly for subunit
vaccines, and its impact on immune response and protection against infectious diseases has been
comparatively underexplored [188]. Even though there is a growing need for therapeutic proteins
and peptides, their short half-life, primarily from enzymatic degradation and low bioavailability,
often limits their clinical efficacy. The estimation of peptide half-life has been investigated using
both experimental and in silico methods. Thus, extending the peptide’s in vivo stability is crucial
to optimizing therapeutic benefit while reducing the frequency of dosages and administration
burden [189].

To address this limitation, several strategies have been proposed. Proteins with a molecular weight
of 20-40 kDa have frequently been conjugated with polyethylene glycol (PEG) to increase their
half-life. However, PEGylation has gradually become less favourable because of immunogenicity
concerns and limited long-term clinical success. One of the more successful approaches is peptide
acylation or lipidation. In this method, a peptide is conjugated with a fatty acid (FA) molecule,
which binds to human serum albumin (HSA), thereby extending plasma half-life from minutes to
several days. Consequently, fatty-acid acylation has emerged as the most effective and successful
technique for improving peptide stability and half-life [190,191]. Structural modification strategies
have also been applied in therapeutics. For example, in semaglutide, a modification at the second
N-terminal amino acid position (Ala8) protects the active GLP-1 peptide from degradation by
DPP-4, thereby improving its half-life [192]. As an alternative to PEGylation, genetic fusion with
human serum albumin (HSA; 67 kDa) or antibody Fc domains offers another effective approach
[193]. Additional stabilization methods include peptide cyclization, substitution of L-amino acids
with D-amino acids, and the development of hybrid peptides [194]. Physical methods have also
been studied; for example, coating gold nanorods (GNRs) with amphiphilic peptides (AAPs)
increased the mice’s blood circulation half-life to 37.8 hours, as compared to 26.6 hours for PEG-
coated GNRs [195]. Many experimental and computational studies have been utilized to enhance

and optimize peptide half-life because of the significance of this field [189].
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Previously, many attempts to enhance peptide half-life in blood have included peptide cyclization,
terminal modifications, and incorporation of modified amino acid residues. Experimental
techniques for determining peptide half-life are well established and highly accurate; however,
they are also costly, labor-intensive, and time-consuming. Hence, alternative predictive
approaches are required, and in this context, computational prediction methods are becoming
increasingly valuable [196]. Several tools have already been developed to estimate protein or
peptide half-life. For example, based on the N-end rule, ProtLifePred and ProtParam [197] predict
the half-life of proteins in mammalian, S. cerevisiae, and E. coli systems. HIV-derived peptides in
the cytosol of human peripheral blood mononuclear cells can be assessed for stability using the
stability prediction tool [198]. Proteins with half-lives less than 30 minutes in human embryonic
kidney 293T cells are detected by the SprotP server [199]. HLP predicts the half-life of peptides
in intestine-like environments [200], whereas PlifePred determines the half-life of both natural and
modified peptides in blood [196]. To further assist researchers and accelerate therapeutic peptide
design, there remains a need to develop robust in silico models capable of predicting the half-life
of both natural and modified peptide sequences.

Determining peptide half-life experimentally is accurate but costly and time-consuming,
motivating computational alternatives. Early tools such as ProtLifePred and ProtParam were built
for proteins using the N-end rule and perform poorly on peptides in blood (R = 0.05). The first
peptide-specific predictor, PlifePred, was an important advance but was trained on only 261
peptides, relied on classical chemical descriptors without leveraging modern protein language
model representations, and required a three-dimensional structure for its structure-based
predictions, which is often unavailable for novel peptides. These constraints highlight the need for
a peptide half-life predictor trained on a substantially larger and more diverse dataset, combining
an expanded feature space with protein language model embeddings and an explicit representation

of the modifications that strongly influence peptide stability.

2.5 Summary

The literature review highlights the substantial progress made in computational immunology and
protein engineering for vaccine development. Among the available vaccine strategies, protein
subunit vaccines are gaining increasing attention because of their inherent advantages, making

them particularly suitable for high-risk populations like infants, elders, and immunocompromised
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individuals. In addition, protein-based vaccines generally offer improved safety profiles and can

be engineered for better stability, thereby reducing dependence on strict cold-chain infrastructure

and facilitating their distribution in resource-limited settings. Early in silico safety screening

provides an effective approach to evaluate potential antigenic epitopes prior to experimental

validation, significantly saving both time and resources. Through rational antigen design and

appropriate adjuvant selection, protein vaccines can also be tailored to modulate both humoral and

cellular immune responses [201]. As a result, vaccination remains an essential part of public health

while evolving toward safer and more precise immunization strategies. Still, there are a number of

significant gaps despite these advancements. The following significant limitations are aimed to

address in this work:

1.

Lack of a unified framework capable of predicting both Linear and Conformational B-cell
epitopes.

The need for early computational safety screening of vaccine candidates, enabling removal
of peptides associated with (i) peptides associated with autoimmune diseases, and (ii)
potential allergens, can be filtered out during the design stage.

To establish a reliable method for predicting protein melting temperature (Tm) using a
non-redundant protein dataset

Development of a prediction model for antifreeze proteins based on annotated or
experimentally validated data.

To build a computational (in silico) predictor to estimate the half-life of both modified and

natural peptide sequences.

Addressing these challenges is expected to improve the design of vaccines and therapeutic proteins

and enhance their long-term protective efficacy.
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3.1 Overview

The computational tools described in this work address different biological objectives related to
subunit vaccine design and therapeutic protein design, including B-cell epitope prediction, safety
evaluation, and protein stability assessment. Although these objectives span distinct biological
problems, they share a common standard of bioinformatics methodologies. This chapter outlines
the general computational framework adopted across all the studies, beginning with data sources,
redundancy removal, sequence-derived feature representation, dimension reduction, supervised
machine learning, alignment-based and non-alignment-based methods, parameter optimization,
evaluation metrics, and software. The overall methodological workflow employed in this thesis is

shown in Figure 3.1.

AI/ML Pipeline for Predictor Development

Dataset Preparation Feature Engineering + Modeling Evaluation + Deployment
4 )
Data Sources LatuesiCencration Model Evaluation
AAC/DPC/CTD/PAAC/CKSAAP, PSSM, ESM/ :
IEDB / UniProt / PDB / Literature ™ CV + independent test
ProtBERT
& l J
4 ' N\
I Feature Selec*ion (optional) v
. . mRMR /LASSO / SVC-L1 Performance Metrics
Data Cura}lon & Preprocess!ng \_ ) ROC-AUC, MCC, Sn, Sp, Acc,

Remove X/B/Z, filter length, normalize labels ”

. RMSE, MAE, PCC, R~
( )

Model Development
RF/ET/SVM/XGB /LGBM /MLP /DL

- v v
LI Y | g l Feature Importance
CD-HIT (e.g., 80-90% identity) ( N P
Hyperparameter Optimization
(Grid Search)
- J
y l v

4 N

Train / Independent Test Split q an | ) Final Predictor / Application

(80:20) RinallVouellcaning Web server + standalone + Docker/GitHub

- J

Figure 3.1 General computational workflow employed in this thesis
3.2 Dataset Compilation and Curation
The dataset used in this work was compiled from different, well-established biological databases
and curated public resources, selected according to the specific objectives of each work. These
datasets encompass experimentally validated B-cell epitopes, full-length protein sequences,
disease-associated peptides, allergen and non-allergen peptide collections, as well as protein
thermostability datasets. Major publicly available repositories (listed in Table 3.1) such as UniProt

(Swiss-Prot), Immune Epitope Database (IEDB), structure-derived annotations from the Protein

37



Chapter 3

Data Bank (PDB), Meltome Atlas, and curated datasets extracted from peer-reviewed literature

[73,147] were extensively utilized to ensure broad biological coverage and high data quality.

Table 3.1 The majorly used databases with description

Database Description Reference

IEDB Immune Epitope Database is a manually curated data from the literature. [202]

A collection of experimentally determined 3D structures of proteins and

PDB biological molecules. [203]
UniProt A central resource for protein sequences and functional information. [204]
Meltome The organismal optimal growth temperatures. [205]

To maintain the data reliability and minimize noise, preference was given to experimentally
validated entries and reviewed entries wherever possible. Standard bioinformatics preprocessing
steps were applied uniformly across all datasets, including the removal of duplicate entries, the
exclusion of unreviewed, predicted, or ambiguous annotations, and the elimination of sequences
containing non-standard or ambiguous amino acids. The length selection criteria were also applied
to prediction methods. When experimentally validated negative datasets were limited or
unavailable, we carefully generated the negative dataset from curated protein repositories such as
Swiss-Prot by following established guidelines to avoid bias and data leakage. Overall, this
systematic and standardized dataset compilation strategy ensured the development of robust,
unbiased, and reproducible predictive models across diverse applications in subunit vaccine design

and therapeutic protein engineering.

3.3 Redundancy Removal and Dataset Balancing

The quantity of available sequencing data is expanding rapidly due to the development of next-
generation sequencing technology. In such large-scale datasets, redundancy is common, as highly
similar or identical sequences frequently arise from closely related organisms, isoforms, homologs,
or repeated experimental sampling. In various analysis methods, removing duplication from such
data through clustering may be essential for reducing the computational time, storage space, and
noise interference [206]. When using random splitting, this redundancy impacts the evaluation of
a machine learning (ML) model’s performance, resulting in poor performance on out-of-
distribution data and overestimate predictive performance. Redundancy elimination is considered

a standard necessity in immunoinformatics and bioinformatics, where the issue is well-known for
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protein function prediction. By ensuring that the sequence similarity between samples is greater
than a particular threshold, tools such as CD-HIT are utilized to reduce redundancy [207]. The
CD-HIT emerged as one of the most widely adopted tools and is regarded as a state-of-the-art
method for rapid clustering of large-scale protein and nucleotide datasets. Early versions of CD-
HIT were designed for efficient processing of large sequence collections [208], while later
generations incorporated an optimized greedy strategy that greatly improves runtime and memory
efficiency, enabling redundancy removal even in datasets with hundreds of thousands of sequences
[206,207]. CD-HIT determines redundancy based on sequence identity between each candidate
sequence and the representative (“centroid”) of an existing cluster: if identity meets or exceeds a
user-defined threshold, the sequence is assigned to that cluster; otherwise, it becomes the
representative of a new cluster. For example, at a 90% identity threshold, sequences in the same
cluster share > 90% identity with their representative, and representatives from different clusters
share < 90% identity with each other. The method proceeds by sorting sequences by descending
length, selecting the longest as the first cluster representative, and iteratively comparing
subsequent sequences to existing representatives to produce both full clustering assignments and
a non-redundant representative set. Threshold selection remains application-dependent; prior
evaluations report wide usage spanning 40% to 100% identity, reflecting trade-offs between strict

redundancy removal and retention of biological diversity (see Figure 3.2) [209].

Input dataset

> Sequence 1 Clustering (e.g., CD-HIT) Non-redundant database
AIKLIVTVLAMYLICFTPSN
Select cluster representative Cluster 1
> Sequence 2 gequence ; ¥
AGRILAGALATYQSEYLAHRRIPPE P CRREED
Similarity check Cluster 2
> Sequence 3 * \ldcmity threshold (e.g., 40-90%) > Sequence 2 * S‘equence 1
NQEQVSPLTLLKLG Sequence 5 gequence i
equence
jpaceauencelt Assign clusters Cluster 3
GNEEHRYGIFEYWYERKPNKLG >
J Sequence 4 * “Non-redundant”
> Sequence 5 datasset
NAGVTTPLSTYM

Figure 3.2 Clustering based redundancy removal and representative sequence selection for non-
redundant dataset construction
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The sequence identity threshold used for redundancy removal varied according to the
characteristics of each prediction problem and is summarized in Table 3.2. Following redundancy
removal, the resulting non-redundant datasets were used for feature extraction, feature selection,

model development, and performance evaluation.

Table 3.2. Summary of redundancy removal employed across different prediction tools

Prediction Tool Dataset Relg;::g::lcy Rationale
To remove highly similar epitope
i . i o sequences while preserving sequence
CLBTope B-cell epitopes CD-HIT <80% diversity for  unbiased  model
development.
DMPPred T1DM-associated Exact duplicate To eliminate duplicate peptide
peptides removal sequences.

To construct a  non-redundant
CD-HIT 90% benchmark dataset and improve model
generalizability.

Allergenic and non-

AlgPred3 allergenic Peptides

Thermostable To reduce homologous proteins and
PPTStab CD-HIT 40% develop a robust regression model for

proteins melting temperature prediction.
To remove redundant protein sequences
AFProPred Antifreeze proteins CD-HIT 40% while maintaining representative AFP
diversity.
PlifePred2 Natqral and . Exact duplicate To eliminate duplicate  peptide
modified peptides removal sequences.

Prior to dataset partitioning, appropriate preprocessing was performed to reduce data redundancy.
Depending on the characteristics of the prediction task, either sequence redundancy was removed
using CD-HIT at the specified sequence identity threshold or exact duplicate sequences were
eliminated. This preprocessing minimized redundancy within the datasets and reduced the
likelihood of identical or highly similar sequences influencing model evaluation. The processed
datasets were subsequently partitioned into training and testing subsets and used for feature
extraction, feature selection, model development, and performance evaluation. The preprocessing
strategy adopted for each prediction task was selected according to the characteristics of the

respective dataset and the objectives of the study.
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3.4 Dataset Partitioning

A rigorous and unbiased evaluation of machine-learning models depends strongly on appropriate
dataset partitioning and class balance. Class imbalance is a common issue in biological datasets
and may lead to biased learning where models favor the majority class. To address this, wherever
classification tasks were performed, datasets were constructed in a balanced manner, ensuring that
the number of positive and negative samples was equal (or nearly equal). This strategy provides
fair learning conditions and avoids inflated accuracy due to over-representation of one class.
Therefore, across all studies presented in this work, we adopted standardized protocols to construct
representative training and validation datasets and to minimize evaluation bias. In general, datasets
were divided into two components: (i) a training dataset used for feature engineering, model
training, and hyperparameter optimization, and (ii) a fully unseen independent validation dataset
reserved exclusively for final model assessment. For most prediction tasks, the complete dataset
was partitioned into 80% training and 20% independent validation dataset. This splitting strategy
is widely used in bioinformatics and provides a practical trade-off between training set size and
reliability of independent evaluation. Importantly, the independent dataset was never used during
model building or parameter tuning, ensuring an unbiased estimate of real-world predictive

performance.

3.5 Compositional Analysis

To examine the distribution of amino acids within each dataset, we calculated the amino acid
composition using Equation 1. For this purpose, the composition module of the Pfeature [210]
standalone was employed, and the compositions of the positive and negative sets were computed

separately for each dataset.
NR,
1

Where, CPx represents the composition of residue x; NRy denotes the total number of residues of type x; and TR
indicates the total number of residue in the sequence.

CP, =

3.6 Positional Analysis

We used web server to create the logos using two-sample logo (TSL) [211] and weblogo [212] in
order to understand the position-specific preference of residues. In order to create the logo, it is a
prerequisite to fix the peptide length. Therefore, we have taken the minimum length residues from

the N-terminal and the minimum length residues from the C-terminal for the purpose of fulfilling
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the fixed length criteria. Finally, we have joined both regions to produce a fixed-length peptide
[213,214].

General rule

If peptide length = L, and you want terminal length k=12:
N-terminus (N — C) = sequence [1:k]
C-terminus (N — C) = sequence [L-k+1 : L]
C-terminus (C — N) = reverse of C-terminus above

24-mer = N-terminus + reversed-C-terminus

3.7 Feature Extraction

Proteins and other biological sequence data are composed of variable-length amino acid sequences.
Therefore, it is important to calculate a certain number of informative features from each sequence
so that machine-learning models use them as inputs. In the previous few decades, significant
efforts have been made to transform protein amino acid sequences into numerical vectors of
consistent length. Such representations have enabled computational methods to address various
protein-related problems, including structure prediction [215], function annotation [216], side-
chain conformation prediction [217], and enzyme engineering [218]. To facilitate this process,
several feature-extraction tools and packages have been developed, including iFeature [219],
iFeature Omega [220], iLearnPlus [221], protr [222], Repi [223], Pfeature [210], and MathFeature
[224,225]. In our work, we employed multiple complementary strategies to represent
protein/peptide sequences, including composition-based descriptors, binary profile encodings,

evolutionary information, and embeddings generated using protein language models (PLMs).

3.7.1 Sequence composition descriptors

In this study, a number of features were generated from protein sequences using the standalone
version of Pfeature [210]. Pfeature is a comprehensive library designed to compute descriptors
from protein and peptide sequences. It consists of five main modules for feature calculation: (i)
descriptors based on composition, (ii) binary profiles, (iii) evolutionary information, (iv) structure,
and (v) pattern. In the present work, we specifically transformed each sequence into a numerical
feature vector using the Pfeature software's composition module. We have listed the composition-

based features that are commonly used in Table 3.3.
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Table 3.3 Sequence-derived descriptor used for protein/peptide characterization

Descriptor | Description No. of features
SEP Shannon entropy of protein 1
SOCN Sequence order coupling number 2
BTC Bond composition 4
ATC Atomic composition 5
AAC Amino acid composition 20
RRI Residue repeat Information 20
DDOR Distance distribution of residue 20
SER Shannon entropy of residues 20
PAAC Pseudo amino acid composition 21
APAAC Amphiphilic pseudo amino acid composition 23
SPC Shannon entropy of physico-chemical properties 25
PCP Physico-chemical properties composition 30
QSO Quasi-sequence order 42
CeTD Composition-enhanced transition distribution 189
CTC Conjoint triad calculation of the descriptors 343
DPC Dipeptide composition 400

3.7.2 Binary Profiles Features

An essential step of developing an efficient machine learning model is feature generation, which
converts biological sequences into fixed-dimensional numerical vectors that are suitable for model
training. Among the widely adopted encoding strategies, binary profile features, sometimes
referred to as one-hot encoding, provide a simple yet highly effective representation and have been
used successfully for predicting diverse functional properties from multi-omics datasets [226—
228]. There are several existing methods that use the binary profile (BP) [79,226,227,229]. In BP
encoding, each amino acid residue from the standard alphabet consists of 20 amino acids- Valine
(V), Methionine (M), Glycine (G), Alanine (A), Leucine (L), Isoleucine (I), Proline (P),
Phenylalanine (F), Tryptophan (W), Tyrosine (Y), Serine (S), Threonine (T), Cysteine (C),
Asparagine (N), Glutamine (Q), Aspartic acid (D), Glutamic acid (E), Lysine (K), Arginine (R),
and Histidine (H), is represented by a binary vector in which only the position corresponding to
that residue is assigned a value of 1, while all other positions are set to 0. In this study, residue was
represented using a 21-dimensional vector, where the additional dimension (X) was used for

padding/unknown residue handling where applicable. For example, valine (V) is encoded as

43



Chapter 3

(1,0,0,...,0), Methionine (M) as (0,1,0,...,0), whereas all other residues occupy distinct positions
in the binary alphabet. Consequently, a peptide segment (pattern) of length n is represented by a
21 x n feature matrix (Figure 3.3), thereby preserving the positional organization of residues [79].

Formally, for a peptide sequence P, a fixed-length segment of length » can be encoded as:

BP(n) = [f(p1), f(p2) ... f(pi)] [2]

Where [f{pi) denotes the 21-dimensional one-hot vector for the i-th residue.

The parameter n is treated as a task-specific window-length parameter (tunable during
development) and is selected empirically based on the dataset and biological objective. In practice,
multiple windowing strategies have been adopted in earlier studies such as N-terminus only, C-
terminus only, combined terminal encoding (N + C), Overlapping window patterns

[79,226,227,229].

Amino Binary Profile
acid

Al c| D| E F| G| H 1| K| L| M| N P| Q| R S T| v w| Y[ X
Ala 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
Cys 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
Asp 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
Glu 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
Phe 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
Gly 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
His 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0
Ile 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0
Lys 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0
Leu 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0
Met 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0
Asn 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0
Pro 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0
Gln 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0
Arg 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0
Ser 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0
Thr 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0
Val 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0
Trp 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0
Tyr 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0
X 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1

Figure 3.3 Binary profile matrix showing the dimension of 21 amino acids

3.7.3 Evolutionary Profile-based Features

An important component of biological sequence analysis is evolutionary conservation, which
frequently reflects structural and functional significance. Conserved sequences, which remain

similar or identical across evolutionary time, tend to retain essential biological roles. Therefore,
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incorporating residue conservation patterns can substantially enhance protein function prediction.
In order to preserve rich evolutionary information while converting variable-length protein
sequences into fixed-length feature vectors, Position-Specific Scoring Matrix (PSSM) profiles are
commonly utilized [230]. We have used the Position-Specific Iterative Basic Local Alignment
Search Tool (PSI-BLAST) to create PSSM profiles [231]. Each query protein was searched against
the Swiss-Prot database [232] to identify the homologous sequences, employing three iterations
and an E-value cutoff of 0.001. This approach enabled the extraction of evolutionary profile
information of each protein sequence. Following previously reported approaches, evolutionary
information was incorporated in the form of a “PSSM-400" composition profile [233], which has
been successfully applied in several studies [233-237]. To compute these features, we used the
“pssm_composition” module from the POSSUM package [238]. The resulting PSSM-400 feature
is a 20 x 20-dimensional vector representing the occurrence composition of each of the 20 amino

acids corresponding to every amino acid type in the protein sequence [158].

3.7.4 Protein Language Model Embeddings

Recently, protein language models (PLM) have become an effective tool that has shown excellent
performance in a variety of tasks, including protein design, interaction prediction, and structure
prediction. PLM-derived embeddings have emerged as state-of-the-art for numerous protein
sequence-based property-prediction tasks, more often outperforming conventional compositional
descriptors [158,239,240]. PLMs are typically based on transformer architectures trained on
millions to billions of protein sequences, which enables them to learn contextual representations
that capture biochemical properties, structural constraints, and evolutionary signals embedded in
primary sequences. A pre-trained PLM generates a representation of a protein sequence of length
n in the form of a token-level embedding matrix of size nxd, where d represents the dimensionality
of the per-residue (per-token) embedding. Every token-specific embedding records the protein's
local and global characteristics in addition to the biochemical data of the amino acid residue. To
obtain a single fixed-length protein-level embedding suitable for machine-learning models, these
residue-level embeddings are typically aggregated using pooling strategies. The most popular
method is “average pooling”, which creates a vector with dimensions of 1xd by taking the mean
of each feature dimension along the protein's length [240,241]. In this work, the embeddings

generated by transformer-based protein language models (shown in Table 3.4) were explored for

45



Chapter 3

several prediction tasks, including thermostability prediction, allergens prediction. Overall, PLM

embeddings provide a learned and context-aware alternative to classical feature engineering.

Table 3.4 Protein language models and their embeddings dimensions

Protein Language Model Embeddings vector size
ESM2 (t6) 320
ESM2 (t12) 480
ESM2 (t30) 640
Ankh 768
ProtBert 1024
ProtT5-XL-UniRef50 1024
ProstT5 1024
ProtGPT2 1280
ESM2 (133) 1280

3.8 Feature Selection Methods

The most important step in machine learning-based prediction models is feature selection, which
finds the most informative data points that affect prediction performance [242]. In order to best
predict the response variable, it seeks to identify a relevant subset of features from a potentially
huge feature space. As an important preprocessing step, feature selection reduces data
dimensionality and eliminates redundant or irrelevant information. Consequently, removing non-
informative features can improve model accuracy while also enhancing interpretability [243].
Therefore, to reduce dimensionality and choose the more informative features, we used
regularization-based embedded methods (Lasso-L1, Elastic Net, SVC-L1), tree-based embedded
methods (Boruta), wrapper methods (RFE-SVR), and redundancy-aware ranking (mRMR) as
feature selection techniques. Collectively, these complementary strategies enabled a systematic
reduction in feature dimensionality, minimized redundancy, and enhanced predictive accuracy and

interpretability across the different computational tools developed in this study.

1. MRMR Method: The Minimum Redundancy Maximum Relevance (mRMR) method
[244] is a widely used feature selection approach that selects features exhibiting high

correlation with the target class while maintaining low inter-correlation among themselves.
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The method ranks features according to the minimal-redundancy—maximal-relevance
criterion, which is computed using mutual information [243].

SVCL1 Method: The Support Vector Classifier with L1 regularization (SVC-L1) is
another feature selection method that identifies relevant features by retaining only those
with non-zero coefficients after applying an L1 penalty, thereby reducing data
dimensionality [245]. This approach incorporates both a loss function and a regularization
term during optimization. The L1 regularization induces sparsity in the model by forcing
many feature weights to zero, effectively selecting a subset of informative features while
discarding the rest. An important parameter in this method is the regularization parameter
“C”, which controls the strength of regularization and consequently influences the number
of selected features. A smaller value of “C” enforces stronger regularization and results in
fewer selected features. In this study, we used the default value of the “C” parameter (0.01)
[246].

LassoL.1 Method: LASSO (L1) regularization has become a popular feature selection
technique because it is both simple and efficient, and numerous variations of the original
L1-based approach have since been developed [247,248]. L1 regularization, commonly
referred to as LASSO [249] is used to remove redundant and irrelevant features by
shrinking less informative feature coefficients toward zero. Notably, even a very small
regularization parameter (A1) value of 0.001 can substantially reduce the feature space,
decreasing the number of features by more than a factor of ten [250].

Boruta Method: Boruta is a wrapper algorithm for all-relevant feature selection that can
be used with any classification technique that can produce a variable importance measure
(VIM); by default, it makes use of the Random Forest classifier. The technique compares
the original attribute’s importance with the importance predicted by random chance, which
is calculated using their permuted (shadow) copies, in order to conduct a top-down search
for relevant features. Irrelevant features are gradually removed until the statistical test
stabilizes [251]. Boruta is one of the feature selection methods that received the most
attention due to its capacity to handle high-dimensional datasets and detect statistically
significant features. Boruta uses statistical testing with shadow features, a Random Forest-

based method, to assess each feature’s relevance. By comparing the significance of each
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original feature with that of its corresponding shadow feature, it separates relevant from
irrelevant attributes [242].

5. Elastic Net Method: Elastic Net (EN) [247] is a generalized regularized regression model
that combines both L1(Lasso) and L2 (Ridge) norm penalties within a single objective
function [247]. Owing to this hybrid regularization, EN is particularly suitable for high-
dimensional feature selection problems. Unlike LASSO, which may select only one feature
from a group of highly correlated variables, Elastic Net can retain groups of correlated
features. Consequently, it effectively handles multicollinearity and overcomes limitations
associated with using LASSO or Ridge regression individually in high-dimensional
datasets [247].

6. RFE SVM Method: Support Vector Machines have long been recognized as effective
tools for identifying informative patterns in data [252]. Support Vector Machine—Recursive
Feature Elimination (SVM-RFE), one of the most popular wrapper-based feature selection
techniques for SVMs, was proposed by Guyon et al. [253]. This method is essentially a
backward elimination procedure in which features are iteratively removed based on their
contribution to the classifier [254]. In this method, feature ranking is determined by the
magnitude of the SVM weight vector, and features with the smallest weights are eliminated
at each iteration. However, the features ranked highest (i.e., eliminated last) are not
necessarily individually the most relevant; rather, they are the most informative within the

context of the selected feature subset used by the model [253,254].

The selection of feature descriptors was guided by their predictive performance rather than by a
priori assumptions regarding their biological relevance. Initially, machine learning models were
developed using each descriptor independently (e.g., AAC, DPC, PAAC, APAAC, CTD, and other
sequence-derived descriptors), and their performance was evaluated on the validation dataset. The
predictive ability of each descriptor was compared using appropriate evaluation metrics, such as
AUROC for classification tasks and PCC/R? for regression tasks. Subsequently, all composition-
based descriptors were combined into a comprehensive feature set (ALL COMP), and feature
selection algorithms were applied to identify the most informative subset of features while
reducing redundancy. The performance of the selected hybrid features was then compared with
that of the best-performing individual descriptors. In cases where an individual descriptor achieved

comparable or superior predictive performance, it was preferred because of its lower
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computational complexity, improved interpretability, and reduced risk of overfitting. This
systematic evaluation ensured that the final descriptor set represented the optimal balance between
predictive performance, computational efficiency, and biological interpretability. Furthermore, to
improve model interpretability, SHAP (SHapley Additive exPlanations) analysis was performed
on the final optimized models to quantify the contribution of individual features and to facilitate

the biological interpretation of the selected descriptors.

3.9 Model Development

Machine learning (ML) algorithms are strong computational techniques that may transform
complicated data into reliable predictions. This study used a variety of machine learning
algorithms to create a reliable predictor that can provide accurate and efficient results. We utilized
both regression and classification models as part of our supervised learning techniques. For the
given problem, each algorithm has a set of hyperparameters that need to be carefully tuned to find

the best configuration and provide the best predictive performance [19].

3.9.1 Traditional Machine Learning Algorithms

For the development of predictive models, this study used a number of machine learning
algorithms, including:

1. Classification Algorithms: This study employed the following algorithms: Multilayer
Perceptron Classifier (MLP), Decision Tree (DT), Logistic Regression (LR), Gaussian
Naive Bayes (GNB), Random Forest (RF), k-Nearest Neighbors (KNN), Extra Trees (ET),
Extreme Gradient Boosting (XGB), Light Gradient Boosting Machine (LGBM), and
Support Vector Classification (SVC). The scikit-learn Python library was used to
implement these classification algorithms.

2. Regression Models: regression analysis, multiple algorithms were employed, including
Decision Tree Regressor (DTR), Ridge Regression (Ridge), Gradient Boosting Regressor
(GBR), Random Forest Regressor (RFR), Elastic Net Regressor (EN), Support Vector
Regressor (SVR), Linear Regression (LR), Extreme Gradient Boosting (XGBoost),
AdaBoost Regressor (AD), LASSO Regression (LASSO), Multilayer Perceptron
Regressor (MLP), Extra Trees Regressor (Extremely Randomized Trees), Nu-Support
Vector Regression (NuSVR), Light Gradient Boosting Machine (LGBM Regressor), and

Categorical Boosting (CatBoost; gradient boosting on decision trees).
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3.9.2 Large Language models

Protein language models (PLMs) based on natural language processing (NLP) have recently
advanced and shown excellent performance in a variety of protein analysis tasks. We utilized the
well-known LLMs ESM-2, ProtBERT, and PeptideBERT. Additionally, we only use ProtGPT2,
ProtT5-XL-Uniref50, ProsT5, and Ankh for embedding extraction [255]. We adjusted the

hyperparameters of these models to make them more suitable for our task.

1. ESM-2: It was developed by Meta Al, represents one of the most advanced protein
language modeling frameworks based on the transformer architecture. This study used
several different versions of the ESM-2 model, such as esm2 (t33, t30, t12, and t6). These
models have demonstrated excellent performance in tasks like protein structure prediction
and variant effect analysis, and they have been pre-trained on large-scale protein sequence
datasets. The ESM family’s attention-based architecture and extensive pretraining
efficiently capture the evolutionary relationships and functional properties of proteins
[256].

2. ProtBert: ProtBERT [257] is an important protein language pretraining model derived
from the BERT architecture. It is trained using the masked language modeling (MLM)
objective on large-scale protein sequence datasets such as UniRef100 [258] and the Big
Fantastic Database (BFD) [259]. Owing to its large-scale pretraining, ProtBERT has
demonstrated strong performance across a wide range of protein analysis tasks [260].

3. PeptideBERT: a transformer-based model built on the ProtBERT pretrained architecture,
consisting of 12 attention heads and 12 hidden layers [261]. Since ProtBERT itself is a
protein-specific adaptation of the BERT framework, pre-trained on a large corpus of
protein sequences, PeptideBERT benefits from contextual representations learned from
extensive sequence data [260,262].

4. Ankh: Google’s TPU-v4 infrastructure was used to train the general-purpose protein
language model Ankh. Comparing the model to larger protein language models, it is
computationally efficient, requiring less than 10% of the parameters for pretraining, less
than 7% for inference, and less than 30% of the embedding dimensionality [263].

5. ProtGPT2: A protein language model based on the GPT-2 architecture, is a decoder-only

transformer. A causal language modeling objective is used to pre-train it on the UniRef50
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protein sequence database (version 2021-04). The model, which has 36 transformer layers,
can generate representations of protein sequences and learn sequence patterns [264].

6. ProtTrans: A text-to-text Transfer Transformer (T5) architecture modified for protein
sequences, the T5-3B model, is the source of ProtT5-XL-UniRef50. It is pre-trained on a
sizable collection of unprocessed protein sequences in a self-supervised fashion, with
labels and inputs produced automatically without the need for human annotation. The
BART-like MLM denoising objective used by ProtT5-XL-UniRef50 is specifically
designed for protein sequences, in contrast to the span-denoising objective used by the
original T5-3B model [255].

7. ProsTS: A bilingual protein language model called ProsTS5, also known as the protein
structure—sequence T5 model, is intended to translate between structural representations
and protein sequences. In order to create it, ProtT5-XL-UniRef50 was refined using a
dataset of roughly 17 million proteins and superior 3D structural predictions from

AlphaFoldDB [265].

3.10 Alignment-Based Approaches
3.10.1 Similarity search approach

Similarity search is a widely adopted strategy for functional annotation of proteins and peptides,
as homologous sequences often share related biological roles. BLAST-based methods have
therefore been extensively used in computational biology to annotate protein sequences [266]. In
order to classify query sequences by searching them against a curated reference database, we
implemented a similarity search module in this study using pBLAST (BLAST+ version 2.7.1)
[267] with the default parameters (scoring matrix = PAM30; word size = 2; window size = 15; gap
open = 9; gap extend = 1; and threshold = 16) [268]. A training dataset was used to build a target
BLAST database for performing for performing a blastp search, and the query sequences (typically
from the independent/test dataset) were searched against this database at different E-values cutoffs.
Each query sequence has been assigned to a class based on the annotation of its aligned hit(s) on

the basis of top-hit approach.

3.10.2 Motif Identification

To finding the conserved motifs in biological sequences is a crucial method for identifying shared

functions [269]. Motifs are repetitive arrangements of amino acids (in proteins) or nucleotides (in
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DNA/RNA) that may correspond to biologically meaningful features (such as functionally
conserved sites). In our work, motif-based analysis was employed as an additional feature
approach to identify discriminative sequence patterns associated with positive and negative

classes.

3.10.2.1 MERCI Motif Analysis

MERCI is a tool that looks for motifs based on their physicochemical properties. It was used to
extract motifs enriched in the positive dataset by comparing the sequences from the positive and
negative sets in order to find degenerate motifs based on a given classification of amino acids
[269]. A number of MERCI parameters were explored to identify both exclusive and inclusive
motifs. The negative dataset’s maximal frequency (fn) was changed from its default value. With
the default setting (fn = 0), MERCI identifies exclusive motifs, i.e., motifs that do not occur in
negative sequences. To obtain the inclusive motifs, the value is set to fn = 8. Furthermore, motif
discovery was performed across multiple configurations, including no gap motifs, motifs with gap
=1, gap =2, and using classification Koolman-Rohm [269]. Following motif identification, unique
proteins sequences containing the derived motifs were mapped to determine motif coverage and
estimate how many proteins/peptides in the dataset could be annotated using these motif

signatures.

3.10.2.2 MEME/MAST Motif Analysis

Additionally, we used the MEME suite (version 5.0.5) for systematic motif discovery and motif
scanning. The two main modules that make up MEME/MAST are MEME [270], which finds
motifs in closely related sequences, and MAST [269], which looks for matches to a set of motifs
(from MEME’s output). The likelihood of every potential residue at every motif position is
represented by position-dependent letter-probability matrices, which are how MEME represents
motifs. It takes the training set (FASTA sequences) as input and produces motif models using
statistical modeling techniques. Subsequently, MAST uses the discovered motif matrices as input
and hitting the query file (test set) on the MEME matrix to search for the match for the motifs.
Subsequently, MAST uses the discovered motif matrices as input and searches for motif matches
within independent/test sequences, enabling motif-based classification and pattern detection at the
dataset scale. To ensure robustness and control noise, multiple motif matrices were generated

(corresponding to multiple training datasets where applicable), and motif scanning was performed
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using E-value cutoffs during MAST analysis to control statistical stringency. Additionally, e-value

cutoffs were considered when performing MAST analysis [271].

3.11 Model Training and Hyperparameter Optimization

We performed hyperparameter tuning over predefined parameter ranges using a grid search with
the scikit-learn library in order to maximize the classifier’s performance. For each algorithm,
important hyperparameters (listed in Table 3.5) were systematically tuned using grid search in
order to obtain optimal predictive performance. For regression baselines (e.g., Linear Regression),
default model settings were used as no tunable hyperparameters were required. The best models
were selected based on performance on the validation set. We evaluated multiple machine learning
algorithms and optimized their hyperparameters using the training dataset. For this purpose,
GridSearchCV was employed to identify the best-performing configuration for each classifier. The
models were optimized by maximizing the area under the receiver operating characteristic curve

(AUROC).

Table 3.5 ML algorithms used in model development with grid search key hyperparameters

Algorithm Library Hyperparameters
A. Classification Algorithms
. 1,0 t i ) s s
Decision Tree scikit-learn | <o on madeep th max_features
min_samples leaf, min samples_split
bootstrap, criterion, max_depth, max features,
Random Forest scikit-learn | min_samples_leaf, min_samples_split,
n_estimators
criterion, max_depth, max_features,
Extra Trees scikit-learn | min_samples_leaf, min_samples_split,
n_estimators
Logistic Regression scikit-learn | C, class weight, max_iter, penalty, solver
Gaussian Naive Bayes scikit-learn | Default parameters
K-Nearest Neighbors scikit-learn | metric, n_neighbors, weights
Support Vector Machine scikit-learn | C, class weight, degree, gamma, kernel
. i tivati Iph i i
Multi-Layer Perceptron scikit-learn | 2CVaton, - aipha, nidtlom [T Shs,
learning_rate init, max_iter, solver
colsample_bytree, gamma, learning_rate,
Extreme Gradient Boosting xgboost max_depth, min child weight, n_estimators,
reg_lambda, subsample
bagging fraction, feature fraction, lambda I1,
Light Gradient Boosting lightgbm lambda 12, learning_rate, max_depth,
n estimators, num leaves
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B. Regression Algorithms

. . o criterion, max_depth, max_leaf nodes,
Decision Tree Regressor scikit-learn . —. ==
min_samples leaf, min samples_split
bootstrap, max_depth, max_features,

Random Forest Regressor

scikit-learn

min_samples_leaf,
n_estimators

min_samples_split,

Extra Trees Regressor

scikit-learn

max_depth, max features, min_samples_leaf,
min_samples split, n_estimators

Gradient Boosting Regressor

scikit-learn

learning_rate, loss, max_depth,
subsample

n_estimators,

Adaboost Regressor scikit-learn | learning_rate, loss, n_estimators

Linear Regression scikit-learn | Default parameters

Ridge Regression scikit-learn | alpha, max_iter, solver

Lasso Regression scikit-learn | alpha, max_iter, selection

Elastic Net Regressor scikit-learn | alpha, 11 ratio, max_iter

Support Vector Regression scikit-learn | C, epsilon, gamma, kernel

Nu Support Vector Regression scikit-learn | Default parameters

colsample bytree, learning rate, max_depth,
Xgboost Regressor xgboost n_estimators, objective, reg lambda, subsample
bagging fraction, feature fraction, lambda I1,
Lightgbm Regressor lightgbm lambda 12, learning_rate, max_depth,
n estimators, num leaves
Catboost Regressor catboost depth, iterations, 12_leaf reg, learning rate,
loss_function
Multi-Layer Perceptron activation, alpha, hidden layer sizes,

scikit-learn

Regressor learning_rate_init, max_iter, solver

3.12 Model Evaluation

We used k-fold cross-validation alongside an independent validation dataset to train, test, and
evaluate the prediction models in an accurate and unbiased manner, following standard evaluation
protocols reported in previous studies [272,273]. Initially, the complete dataset was divided into
80% training data and 20% independent validation dataset. The validation dataset was kept
completely aside - it remained unseen during model training and hyperparameter optimization, and
it was not included in the cross-validation. The training dataset (80%) was then randomly divided
into k subsets (usually k = 5 or k = 10, depending on dataset size) and subjected to k-fold cross-
validation. The model was trained on k-1 folds and tested on the remaining fold in each cycle.
Until each fold was used as the test set once, this procedure was repeated (Figure 3.4). The final

cross-validation performance was reported as the average score across all folds [266]. Finally, the
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best-performing model was evaluated on the independent validation dataset (20%) to estimate its

generalization capability.

/ Each iteration: Train on 4 folds, Test on 1 fold

Fold 1 Fold 2 Fold 3 Fold 4 Fold 5

Iteration 1 TRAIN TRAIN TRAIN TRAIN
Iteration 2 TRAIN TRAIN TRAIN TRAIN
Iteration 3 TRAIN TRAIN TRAIN TRAIN
Iteration 4 TRAIN TRAIN TRAIN TRAIN
Iteration 5 TRAIN TRAIN TRAIN TRAIN

K { Cross-validation score = average of 5 test-fold results ]
I

v

{ Select best model — Evaluate on Independent Validation Set }

Figure 3.4 The diagrammatic representation of 5-fold cross-validation (k=5)
3.13 Performance Evaluation Metrics

3.13.1 Classification Metrics

A combination of threshold-dependent and threshold-independent performance measures were
used to assess each classification model created in this study. The confusion matrix summarizes
classification outcomes in terms of true positives (TP), true negatives (TN), false positives (FP),
and false negatives (FN), which are used to compute threshold-dependent performance measures.
Common evaluation metrics derived from these values include sensitivity (Sens), specificity
(Spec), accuracy (Acc), precision, recall, Fl-score, and the Matthews correlation coefficient
(MCC). These metrics are essential for determining model accuracy as well as understanding the
types of errors made during classification [274]. Additionally, we used the area under the receiver
operating characteristics curve (AUROC), a threshold-independent metric. The predicted
probabilities (or decision scores) produced by the classification models were used to calculate the
AUROC. Plotting the true positive rate (sensitivity) against the false positive rate (1 — specificity)
across a range of classification thresholds allowed for the creation of the ROC curve [213]. The

Following measurements are calculated using Equations (3) - (9):
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TP+TN
TP+TN+FP+FN

Accuracy =

Precision X Recall
F1Score = 2 X

Precision + Recall

oociticity = TN
pecificity = TN+ FP
S itivity = P
ensitivity = w5y
TP *TN)— (FP *FN
MCC ( )—( )

~ J(TP + FP)(TP + FN)(TN + FP)(IN + FN)

Sensitivity + Specificity
2

Balanced Accuracy =

Youden's Index = Sensitivity + Specificity — 1
Where TP (true positive), TN (true negative), FP (false positive), and FN (false negative )

3.13.2 Regression Metrics

The predictive effectiveness of the regression models was assessed using standard evaluation

metrics. By measuring explained variance, prediction error magnitude, and the correlation between

observed and predicted values, these metrics offer additional information about model quality. The

Pearson Correlation Coefficient (PCC), Coefficient of Determination (R2), Mean Squared Error
(MSE), Mean Absolute Error (MAE), and Root Mean Squared Error (RMSE) were specifically

utilized. These evaluation metrics were used to choose the top-performing model for further

research.

1. Coefficient of Determination: The proportion of the dependent variable's variance that

can be explained by the independent variables is known as the coefficient of determination.

It shows how well that the regression predictions correlate with the actual data. A better fit

between the regression model and the data is indicated by an R2 value nearer 1.

_ SSres —1— Zi (yi _xi)z
SStot i i —y)?

R?=1

[10]

SSiwt is the total sum of squares, and SSyes is the sum of squares of residuals. yi is the true value and

Xxi is the prediction.
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2. Mean squared error: It is the average of the squared deviations between the actual and
predicted values. It measures the regression model's overall prediction error by calculating
the average squared deviation between the predicted and observed values. A model that

performs better has a lower MSE.

1 n

MSE = Ezizl(}’i — x;)? [11]
Where y; denotes actual value , x; is the predicted value, n is the total number of samples

3. Mean average error: The mean absolute error calculates the average size of the
discrepancies between the expected and actual values. It does not take into account the
direction of the error when calculating the mean of the absolute differences between the
expected and actual values. Better predictive accuracy of the regression model is indicated
by a lower MAE.

Yaly: — xl

MAE = ———— 12
S [12]

where yi is the prediction, and xi is the true value.

4. Root mean squared error: The root mean squared error calculates the standard deviation
of the prediction errors and quantifies the variations between the values that were expected
and those that were observed. It gives an error estimate in the same units as the target
variable and is the square root of the mean squared error. A model that performs better has

a lower RMSE value.

N —x)?
RMSE=\] ‘—1(le ) [13]

The yi is the predicted value, and xi is the experimental value
5. Pearson correlation coefficient (PCC): The linear relationship between the observed and
predicted values is measured by the Pearson Correlation Coefficient, which also indicates
its direction. The covariance of the two variables is divided by the product of their standard
deviations to produce a normalized covariance. PCC values range from -1 to 1, where 0
denotes no linear correlation, -1 denotes a perfect negative correlation, and 1 denotes a

perfect positive correlation.
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- cov(X,Y) (E[(X —u)(Y —uy)])
© oxoy Ox Oy

[14]

Here, oxis the standard deviation of X, oy is the standard deviation of Y, ux is the mean of X, uy is
the mean of Y, and E is the expectation [275].

3.14 Feature Importance Analysis Using SHAP

To improve the interpretability of the developed machine learning models, feature importance
analysis was performed using SHAP. It is a game theory-based explainable artificial intelligence
(XAI) method that assigns an importance value (Shapley value) to each feature based on its
contribution to the model's prediction. Unlike conventional feature importance measures, SHAP
provides both global and local explanations by quantifying the contribution of each feature to
individual predictions while satisfying desirable theoretical properties such as local accuracy,
consistency, and missingness. The method is model-agnostic and can also exploit model-specific
algorithms for tree-based ensemble methods, making it particularly suitable for interpreting
complex machine learning models. The mathematical foundation of SHAP is based on Shapley
values from cooperative game theory, where the contribution of a feature is estimated by averaging
its marginal contribution across all possible subsets of features [276,277].

For each prediction model developed in this study, SHAP analysis was performed on the optimized
tree-based classifier or regressor using the validation dataset. The mean absolute SHAP value
(mean |[SHAP|) was calculated for each feature to quantify its overall contribution to model
predictions. Features with higher mean absolute SHAP values were considered more influential in
the prediction process. Additionally, the top-ranked features were visualized using SHAP
summary plots and feature importance bar plots, enabling the identification of the most informative
sequence-derived descriptors for each prediction task. These analyses provide a transparent
interpretation of the trained models and facilitate the biological interpretation of the sequence

features underlying different peptide and protein prediction problems.

3.15 Web server Implementation and software

In order to maximize our research’s practical application, we have developed user-friendly web
servers for each method: CLBtope, DMPPred, PPTStab, AFProPred, AlgPred3, and PlifePred2
which include the best-performing models from these studies. These web servers are specially

designed to facilitate wide accessibility, high-throughput usability, and user-friendliness for users
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across the world. The frontend and backend of each are developed using HTMLS5, CSS, Java, and

PHP scripts, ensuring a responsive design that is compatible with almost all devices, including

desktops, tablets, and mobile phones. There are three main modules on each web server that can

serve the needs of a wide range of researchers:

(1)

(i)

(iii)

Predict Module: This module allows users to input a sequence and provide predictions
based on the incorporated trained ML models. In this study, this module helps in
classifying sequences as B-cell epitope/non-epitope (CLBTope), TIDM-
associated/non-associated (DMPPred), AFPs/non-AFPs (AFProPred), Tm of proteins
(PPTStab), and half-life of peptides (PlifePred2).

Design Module: This module mutates one residue at a time for every position in the
sequence, assisting in the generation of every potential variation of a protein or peptide
along with its predicted value. It assists in designing the best proteins or peptides by
determining which mutations in the input sequence are most relevant to the desired
interest.

Protein Scan Module: With the help of the “Protein Scan module”, users can find
functional regions in proteins, such as B-cell epitope regions, TIDM-related regions,
or thermostable and antifreeze regions of interest, by scanning a region of interest in an

amino acid sequence that has been submitted.

Additionally, we provide some other modules such as “BLAST Scan” and “Motif Scan” in

CLBTope, DMPPred, and AlgPred3. The query sequence can be compared to a database of known

peptides using the BLAST Scan module. On the basis of database hits or matches, the query

sequence is predicted. On the other hand, users can map or scan the motif they want in the query

sequence using the Motif Scan module. We extracted motifs from peptides using MERCI software.

Additionally, we worked to make sure that our tools are both practically deployable and

scientifically reliable, which contributes to filling the gaps in protein and peptide therapies.

Therefore, with the web interface, we also provide the following services:

For large-scale usage standalone packages is available;
Pip packages

Open source code on GitHub
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4.1 Introduction

B cells are essential to the immune system because they generate antibodies that defend the body
from harmful infections. Hence, B-cell epitopes are crucial for immunological uses such as the
development of therapeutic antibodies, vaccines based on epitopes, and diagnosis of diseases
[20,21]. B-cell epitopes are generally divided into two groups: linear (continuous) epitopes and
conformational (discontinuous) epitopes, based on their structural characteristics and interactions
with antibodies. Where conformational epitopes are made up of residues that are far apart in the
primary sequence but come into close spatial proximity after protein folding, linear epitopes are
made up of a continuous stretch of amino acid residues involved in antibody binding [278].
Historically, both linear and conformational epitopes have been identified through experimental
methods like Western blotting, NMR, and X-ray crystallography. Even though these experimental
methods are still the best, they are expensive, time-consuming, and labor-intensive (see Figure
2.2). On the other hand, computational methods are simple to create and are cost-effective in terms
of both time and money. Propensity scales have previously been used to predict BCEs, which are
simple to use and understand. Several studies showed that these methods have limited precision
and power. Hence, to overcome these limitations, ML-based approaches have been put forward.
Many in silico techniques for predicting BCEs have been developed over the past four decades
[20,279]. Conformational, linear, and linearized conformational epitope prediction approaches are
the general categories into which BCE prediction techniques can be divided. A conformational
BCE is a region on a protein structure’s surface where residues from different parts of the primary
sequence converge in three dimensions and are recognized by B-cell receptors. To predict
conformational BCEs, a number of structure-based computational techniques have been
developed, such as CEP, DiscoTope, SEPPA, Epitope3D, and SEMA (see Table 2.4). Later,
machine learning-based methods like ABCpred, BepiPred, and BCPREDS were developed to
enhance prediction performance (refer to Table 2.2). Many of these early predictors were trained
on relatively small datasets, primarily from HIVDB [280,281], BCIPEP [282], and AntiJen 2.0
[283]. The majority of computational tools available currently are made to predict BCEs in an
antigen either linearly or conformationally. CLBTope, a unified computational framework that can
predict both linear and conformational B-cell epitopes using only primary sequence information,

was proposed as an approach to this limitation.
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4.2 Overview of the study

In this work, we created a single computational framework that accurately predicts both linear and
conformational BCEs. The dataset utilized in this study included linearized conformational BCEs
and linear BCEs that had been experimentally verified. The proposed approach’s overall workflow
is depicted in Figure 4.1. The first step involved building machine learning-based models with
composition-based features that were obtained from both epitope and non-epitope sequences. After
that, BLAST was used to implement an alignment-based strategy in which a query peptide was
categorized as an epitope if it demonstrated significant levels of sequence similarity with known
BCEs. Although it was noted that each strategy had drawbacks of its own: alignment-based
techniques rely significantly on sequence similarity, whereas alignment-free machine learning
models could fail in certain difficult circumstances. A hybrid prediction model was created by
combining alignment-based and alignment-free techniques in order to get rid of these drawbacks.

Additionally, a web server (https://webs.iiitd.edu.in/raghava/clbtope/) and a standalone software

package were created to make use by the scientific community.
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Linear ' — 0—»D
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> ' 80:20
o~ S + ' .
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: Remove "BJOUXZ", R WP LT
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ILED: 2195 — (3996) - 5/
DED:1246 ' ; L,
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Standalone Validation P M:ﬁ;lTTral;l;ng Feature engineering |
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Figure 4.1 Overview of CLBTope workflow for prediction of B-cell epitopes
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4.3 Materials and Methods

4.3.1 Dataset Acquisition

The dataset construction followed the standardized protocol described in Chapter 3. Most of the
datasets used in this study were obtained from Ras-Carmona et al. [73], including BCETD
(linearized conformational B cell epitopes), ILED (IEDB Linear Epitope dataset,), and IDED
(IEDB Discontinuous Epitope Dataset).
(1) BCETD is a non-redundant dataset consisting of 555 linearized conformational
BCE and 555 non-BCE derived from antibody-antigen structural complexes
downloaded from the abYbank/AbDb database. The non-BCEs correspond to
antigen regions that are not recognized by antibodies within the same complexes.
(i1) ILED comprises 2,195 linear BCE and 2,195 non-BCE extracted from the IEDB.
(iii)) IDED is a conformational dataset obtained from IEDB and contains 1,246

discontinuous BCE along with 1,246 corresponding non- BCE.

The three benchmark datasets were merged to create a comprehensive dataset containing 7,992
peptide sequences (3,996 BCE and 3,996 non- BCE). The nearly balanced number of positive and
negative samples was retained to avoid class imbalance during model development and to enable
unbiased model training and performance evaluation. During dataset preparation, peptide length
distribution was also considered to minimize sequence-length bias. To improve dataset quality,
sequences containing non-natural amino acids (B, J, O, U, X, and Z) and duplicate entries were
removed. After this preprocessing step, the final dataset consisted of 7,871 sequences, including
3,875 BCE and 3,996 non- BCE. Thus, the curated dataset contained both major classes of B-cell
epitopes, namely linear epitopes and linearized conformational epitopes. The dataset was
subsequently divided into 80% training and 20% independent validation datasets, as described in

section 3.4.1.

4.3.2 Feature Extraction and Representation

In this study, ten different types of features were computed, including AAC, DPC, ATC, PCP,
RRI, SER, CeTD, PAAC, APAAC, and QSO. As summarized in Table 3.3, these descriptors were
generated using the composition-based feature module of “Pfeature”, following the protocol
described in Section 3.7.1, resulting in a 780-dimensional numerical feature vector for each

sequence.
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4.3.3 Feature selection

Pfeature generates a high-dimensional feature vector, making it challenging to identify meaningful
relationships among the extracted descriptors. Therefore, the main goal of feature selection is to
find the best subset of informative features from the original feature space. This lowers the chance
of overfitting and enhances model performance by making learning easier [232]. The minimum
Redundancy Maximum Relevance (mRMR) approach, which is explained in section 3.8, was used

in this study to choose the features that were most relevant for model development.

4.3.4 Model Development and Evaluation

Machine learning algorithms are effective computational techniques capable of transforming
complex data into reliable predictive decisions. In this study, several supervised classifiers-RF,
ET, DT, LR, KNN, GNB, and XGB (explained in Section 3.9.1) were trained using the training
dataset (80% of the total data) with 5-fold cross-validation (Section 3.12). Each algorithm contains
a distinct set of hyperparameters that were tuned to identify the optimal configuration and achieve
the best predictive performance. The final evaluation of the selected models was performed on an
independent validation dataset comprising the remaining 20% of the data. Model performance was
assessed using AUROC, accuracy, sensitivity, specificity, and MCC, as described in Section

3.13.1.

4.3.5 Sequence Similarity Search using BLAST

A commonly utilized similarity search-based method called BLAST was used for protein/peptide
annotation. The query is annotated according to the extent to which it resembles the matched
sequences after query peptide sequences are aligned against sequences that have known functional
annotations. In the present study, blastp (described in Section 3.10.1) was used to classify peptides
as B-cell epitopes or non—B-cell epitopes [266]. The training dataset was used to create a BLAST-
formatted database, which was then used to search the query sequences (test set) using various E-
value thresholds between 1e-6 and 1e+3. On the basis of top hits, the query sequence was identified
as positive if the top hit corresponded to a BCE and as negative if the top hit corresponded to a

non-BCE.
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4.3.6 Motif Derived features

A motif'is a recurring pattern of sequence found in a collection of proteins or peptides. Comparing
the motifs in the positive sequences with those in the negative dataset allows for the identification
of class-specific motifs that are used to characterize the positive dataset. Based on Koolman and
Rohm's proposed amino acid grouping scheme, we used the MERCI motif classification method
(described in Section 3.10.2.1) in the present study. Aliphatic (A, G, I, L, V), sulfur-containing (C,
M), aromatic (F, Y, W), neutral (S, T, N, Q), acidic (D, E), basic (R, H, K), and cyclic (P) are the

seven non-overlapping physicochemical groups into which this scheme divides amino acids [269].

4.4 Results

4.4.1 Compositional analysis

To calculate the composition of amino acid we used the Equation I mentioned in Section 3.5,
which measures the frequency of each residue within a peptide sequence. This analysis facilitates
discrimination between BCE and non—BCE. In the present study, the mean compositions of BCE,
non-BCE, and the overall proteome were determined (Figure 4.2). The general proteome
corresponds to the amino acid distribution obtained from the Swiss-Prot database. The results
showed that the positive (BCE) dataset had higher concentrations of Lys (K), Asp (D), Glu (E),
Asn (N), Arg (R), Pro (P), and GIn (Q). On the other hand, the negative (non-BCE) dataset had
higher levels of Leu (L), Val (V), Ile (I), Phe (F), Cys (C), and Ala (A).

12.00

10.00

Average Composition

2.00
A C D E F G H I K L M N P Q R S T \4 W Y
u B-cell Epitope 435 | 1.54 | 7.21 | 7.02 | 3.17 | 6.56 | 2.94 | 4.49 | 8.55 | 5.78 | 1.30 | 6.63 | 542 | 5.55 | 6.80 | 6.63 | 6.06 | 4.02 | 2.04 | 3.92

Non B-cell Epitope| 6.28 | 2.84 | 5.28 | 5.80 | 4.54 | 6.66 | 2.33 | 6.15 | 5.45 | 8.67 | 1.86 | 5.51 | 4.50 | 3.96 | 4.35 | 7.26 | 6.36 | 6.74 | 1.77 | 3.65
® General proteome | 8.25 | 1.37 | 545 | 6.75 | 3.86 | 7.07 | 2.27 | 5.96 | 5.84 | 9.66 | 2.42 | 4.06 | 4.70 | 3.93 | 5.53 | 6.56 | 534 | 6.87 | 1.08 | 2.92

Figure 4.2 Average compositional analysis of B-cell epitopes, non B-cell epitopes, and general
proteome (adopted from [19])
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4.4.2 Positional Specific analysis

Sequence logos were generated using the web-based application WebLogo (described in Section
3.6). In this study, sequence logo analysis was performed to examine residue preferences at
specific positions within BCEs. The hydrophilic residue glutamic acid (E) is very abundant and
conserved in the majority of positions, as shown in Figure 4.3. This observation is consistent with
the fact that epitopes typically reside on the protein surface, where they interact with antibodies or
immune receptors. Hydrophilic amino acids are generally enriched on protein surfaces, thereby
increasing the likelihood of antibody recognition and binding. Furthermore, it was found that
lysine (K) showed a strong preference at position 18, while serine (S) was more conserved at

positions 3, 6, 7, and 21.

EESE
KDDS
NG
T P
| &
e
T
—=N
Az =1 =d
AR
[\ V4l |
o

Figure 4.3 Sequence logo representation of BCEs. The height of each amino acid indicates its
relative frequency at that position, and the overall stack height represents positional
conservation (adopted from [19])

4.4.3 Performance on Individual Descriptors

Various machine learning algorithms, including ET, DT, KNN, LR, XGB, RF, and GNB, were
employed to develop the prediction models. One of the most important steps in creating a reliable
predictive model is to select the best classifier. Initially, prediction models were constructed using
ten composition-based feature sets extracted with the Pfeature tool. Among all classifiers, the RF
algorithm consistently demonstrated superior performance across different feature descriptors,

achieving AUROC values above 0.72. During 5-fold CV, the best performance was obtained using
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the DPC-400 feature set, where the RF-based model achieved the highest AUROC of 0.802 on the

validation dataset. This performance was notably better than that obtained with the other

descriptors, as illustrated in Figure 4.4.
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Figure 4.4 ROC curve and AUROC scores of RF models based on ten composition descriptors
(adopted from [19])

4.4.4 Performance on Combined Descriptors

The majority of feature descriptors in our analysis performed similarly to the DPC features.

Therefore, we combined all descriptors achieving an AUROC greater than 0.760 to construct a

hybrid feature vector of 780 dimensions, which also included the DPC-400 features. The resulting
hybrid representation comprised AAC, APAAC, CeTD, DPC, PAAC, PCP, SER, SPC, and QSO

descriptors. As shown in Figure 4.5, the RF classifier once again performed best using this hybrid

feature set, obtaining an AUROC of 0.800 and balanced sensitivity and specificity.

Training ROC Curve

Validation ROC Curve

1.0 - 1.0
r”
r”
r’,’
0.8 s 0.8
,”
I 4 1]
206 e 06
< e <
H L s
H L 3
8 L K
g - 3
204 e 204
/”
r” ’
’,’ = DT (AUC=0.705) ’,’ = DT (AUC=0.702)
’,’ —— ET (AUC=0.791) V4 —— ET (AUC=0.801)
02 L —— GNB (AUC=0.735) 02 L —— GNB (AUC=0.740)
,r' KNN (AUC=0.773) KNN (AUC=0.774)
,r’ = LR (AUC=0.762) = LR (AUC=0.761)
’,’ —— RF (AUC=0.793) —— RF (AUC=0.800)
,/ XGB (AUC=0.787) XGB (AUC=0.786)
0.0 ¥~ 0.0
0.0 0.2 0.4 0.6 08 1.0 0.0 0.2 04 0.6 0.8 1.0

False Positive Rate

False Positive Rate

Figure 4.5. ROC curve and AUROC values showing the performance on hybrid features set
(adopted from [19])
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4.4.5 Performance of selected features

In this study, the mRMR algorithm [243] was applied to eliminate irrelevant and redundant
features and to reduce interdependence among descriptors. In order to evaluate the hybrid feature
set's performance, the top 400, 200, and 100 features were chosen. The highest AUROC obtained
among these subsets was 0.79. Results from a 5-fold cross-validation comparing hybrid features

with and without mRMR-based feature selection are shown in Figure 4.6.
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Figure 4.6 Comparative evaluation of classifier performance before and after feature selection
for (A) training and (B) validation datasets (adopted from [19])

However, the dipeptide composition (DPC), a 400-dimensional feature representation, showed
superior performance compared with the hybrid feature set in terms of AUROC (Figure 4.7).
Therefore, in order to improve performance further analysis focused on the DPC descriptor. We
have used the mRMR technique on DPC descriptor to extract a smaller set of features, and the top
200, 150, and 100 features were chosen to assess the model's performance. The results indicated

that the complete DPC-400 feature set still outperformed all reduced subsets. The performance
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(AUROC) of various classifiers trained on the DPC features set for both the training and validation

datasets is shown in Figure 4.8.
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Figure 4.7 ROC curves and AUROC values demonstrating the performance of machine
learning models trained using DPC features (adopted from [19])
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Figure 4.8 Classifier performance across different DPC feature set sizes (400, 200, 150, and 100) for
(A) training and (B) validation datasets (adopted from [19])
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4.4.6 Sequence Similarity Approach

We created a similarity search-based module to further improve model performance because
BLAST has been widely used for protein annotation and functional assignment based on sequence
similarity [125,266]. In this module, blastp was employed to classify a query peptide as either a
BCE or a non-BCE. A local BLAST database built from the training dataset, and query sequences
(test set) were searched against it using E-value thresholds ranging from le—6 to 1e+3. The top-
scoring hit was used to annotate each query sequence. If the top hit matched a known BCE, the
query peptide was categorized as a BCE; if not, it was designated as a non-BCE. The probability
of correct prediction (C-Hits) varied between 1.94% and 70.32% for the B-cell epitope dataset and
between 1.63% and 64.83% for the non-BCE dataset, as summarized in Table 4.1.

Table 4.1 Evaluation of BLAST similarity search at different E-values on the validation dataset (adopted
from [19]).

Positive Dataset Negative Dataset

E-value No Hits C-Hits W-Hits No Hits C-Hits W-Hits
1.00E-06 | 759 (97.94%) 15 (1.94%) 1 (0.13%) 785 (98.25%) 13 (1.63%) 1 (0.13%)

1L00E-05 | 754 | OT29%) | 15 | @32%) | 3| 039%) | 779 | O75%) | 19| @38%) | || (0.13%
LO0E-04 | 732 | O445%) | 34 [ @39%) | o | (L16%) | 763 | 9549%) [ 57 | G38%) | o (1.13%)
1L00E-03 | 706 | OL10%) |57 [ (735%) | 15 | (55%) | 747 | O389%) [ 41 | G13%) | 11| (138%)
1L00E-02 | 673 | (B6:83%) | g5 [ (1097%) | 17| @19%) [ 79) | (9023%) [ 5o | T.38%) | 19| (238%)
LO0E-01 | 585 | (T548%) | 165 | 2129%) | 55 | (:23%) | g9 | (86.23%) | go | (IL14%) | 51 | (2.63%)
LO0E+00 | 463 | GO74%) | 55y | (3639%) | 30 | G87%) | gs6 | B210%) | 115 | (477%) | 25 | (3.13%)
LOOE+01 | 325 | (A193%) | 306 | (4981%) | g4 | (3:26%) | 519 | (6496%) | 505 | 2566%) | 75 | (9.30%)
1.00E+02 | 52 | (671%) | 518 | (66.84%) | 505 | (26.45%) | o7 | (8.39%) | 467 | (58:45%) | 265 | (33.17%)
200E+02 | 10| (1:29%) | 538 | (6942%) | p7 | (29.29%) | 14| (1.75%) | 505 | (63.20%) | 280 | (35.04%)
LO0E+03 | 1| (O13%) | 545 [ (7032%) | o9 | @955%) | | (0.00%) | 515 | (6483%) | 581 | (35.179%)
*C-Hits: Correct hits; W-Hits: Wrong hits

4.4.7 Hybrid methods

To further improve prediction performance, we combined multiple approaches to develop a hybrid
prediction model. Specifically, the machine learning-based prediction scores were integrated with
the similarity search scores obtained from BLAST and the motif-based scores derived from the

MERCI method.
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1. Hybridl approach:

In this approach, we combined the machine learning prediction score with the BLAST
similarity search score. Among the evaluated models, RF classifier trained on the DPC-
400 feature vector. Therefore, using the top-performing RF model to calculate the machine
learning prediction score was the first step. Then, each query peptide was classified using
BLAST at various E-value thresholds. Following that, a scoring system was implemented,
where a correct positive hit (BCE) was given a value of +0.5, a correct negative hit (non-
BCE) was given a value of -0.5, and no significant hit was obtained was given a value of
0 [125]. For every query sequence, the final classification was obtained by combining the
ML prediction score and the BLAST score. Using this integrated scoring strategy, the
hybrid model performance was evaluated at various E-value thresholds (Figure 4.9). At an
E-value of 1, the model showed its best performance attained a maximum AUROC of 0.829
and an accuracy of 74.46%. The detailed performance metrics, including sensitivity,

specificity, accuracy, MCC, and AUROC, are provided in Table 4.2.

Training ROC Curve Validation ROC Curve

True Positive Rate
True Positive Rate

~—— E-valuel0 (AUC=0.794) ,/ =~ E-valuel0 (AUC=0.821)

—— E-valuel (AUC=0.796) ~ —— E-valuel (AUC=0.829)

—— E-value0.1 (AUC=0.793) 0.2 ’,” —— E-value0.1 (AUC=0.813)
E-value0.01 (AUC=0.791) ,’ ’/’ E-value0.01 (AUC=0.803)

= E-value0.001 (AUC=0.790) ,r' —— E-value0.001 (AUC=0.804)

~—— E-value0.0001 (AUC=0.790) ,/ —— E-value0.0001 (AUC=0.801)
E-value0.00001 (AUC=0.791) ’,” E-value0.00001 (AUC=0.806)

0.0
0.0 0.2 04 0.6 0.8 1.0 0.0 0.2 04 0.6 0.8 1.0

False Positive Rate False Positive Rate

Figure 4.9 ROC curve and AUROC values showing the model performance on hybrid method
(BLAST and DPC-400) (adopted from [19])
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Table 4.2: Model performance developed using the Hybrid method (BLAST and DPC-400) on
training and validation dataset

E-Value Training dataset Validation dataset

Sens Spec Acc AUROC | MCC | Sens Spec Acc AUROC | MCC

1.00E-05 | 71.645 | 72.693 | 72.177 0.791 | 0.443 | 72.903 | 72.34 | 72.618 0.806 | 0.452

1.00E-04 | 71.677 | 72.599 | 72.145 0.79 | 0.443 | 72.903 | 71.965 | 72.427 0.801 | 0.449

1.00E-03 | 71.677 | 72.631 | 72.161 0.79 | 0.443 | 73.419 | 71.84 | 72.618 0.804 | 0.453

1.00E-02 | 71.839 | 72.693 | 72.273 0.791 | 0.445 | 72.387 | 73.467 | 72.935 0.803 | 0.459

1.00E-01 | 72.097 | 72.631 | 72.368 0.793 | 0.447 | 73.161 | 74.218 | 73.698 0.813 | 0.474

1.00E+00 | 72.484 | 72.693 | 72.59 0.796 | 0.452 | 74.323 | 74.593 | 74.46 0.829 | 0.489

1.00E+01 | 72.548 | 72.693 | 72.622 0.794 | 0.452 | 74.065 | 74.343 | 74.206 0.821 | 0.484

2. Hybrid2 approach:

This method combines the ML prediction score obtained from the DPC-400 feature—based
model with motif-derived scores generated by the MERCI tool. In order to distinguish
between different biological classes, MERCI finds motifs made up of particular patterns of
amino acids and physicochemical characteristics. It can also identify gapped motifs and
uses two key parameters: FP, the minimum frequency threshold in the positive sequences,
and FN, the maximum frequency threshold in the negative sequences [269]. To identify
the class-specific motifs, we created distinct positive (BCE) and negative (non-BCE)
datasets in order to find class-specific motifs. The top k motifs that were most prevalent in
the positive dataset were extracted by MERCI using these datasets. Initially, we assessed
the Koolman and Rohm classification without gaps, as well as basic configurations such
as 1-gap and 2-gap motifs. Furthermore, both 1-gap and 2-gap motif settings were used to
test the Koolman and Rohm grouping scheme. The hybrid model's performance was then
assessed by combining the motif score with the DPC-400 machine learning prediction
score. The model's maximum AUROC, when using the default MERCI parameters, was

0.67. After optimizing the FN parameter, the AUROC increased to 0.71.

4.4.8 Benchmarking with available methods

We also compared our proposed method with several existing B-cell epitope prediction tools,
including iBCEEL [71], ABCPred [56], LBTope [58], CBTope [79], BCEPred [56], BepiPred 3.0
[76], iLBE [284], EpiDope [75], BepiBlast [31], SEMA [94], and BCEPS [73], using the same
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validation dataset. The comparative evaluation demonstrated that our method outperformed the
existing predictors across multiple performance measures, including sensitivity, specificity,
accuracy, AUROC, and Matthews correlation coefficient (MCC). The ROC curves illustrating this
comparative analysis are presented in Figure 4.10. The detailed evaluation metrics for all models,

including sensitivity, specificity, accuracy, MCC, and AUROC, are provided in Table 4.3.

Validation ROC Curve

0.8
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04

— ibceel (AUC=0.447)
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—— BepiPred3.0 (AUC=0.696)

—— Epidope (AUC=0.632)
iLBE (AUC=0.438)

—— Bepiblast (AUC=0.643)

—— SEMAI (AUC=0.651)
SEMAIi(Ensemble) (AUC=0.565)
ABCPred (AUC=0.579)
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Figure 4.10 ROC curve and AUROC values comparing the performance of existing methods

Table 4.3. Comparative analysis of existing methods of B-cell prediction on the Independent

Validation Dataset
Method Name Year Sens (%) | Spec (%) | Acc (%) | AUROC MCC
BCEPred 2004 61.67 60.45 61.05 0.64 0.22
ABCPred 2006 57.43 54.09 55.68 0.57 0.11
CBTope 2010 57.03 59.19 58.13 0.6 0.16
LBTope 2013 55.74 55.94 55.84 0.58 0.11
iBCEEL 2018 48.12 43.8 45.93 0.44 0.08
iLBE 2020 46.96 45.18 46.06 0.43 -0.07
EpiDope 2021 60.51 57.32 58.89 0.63 0.17
BCEPS 2021 7.1 97.87 53.18 NA 0.11
BepiPred3.0 2022 63.48 62.7 63.08 0.69 0.26
SEMA 2022 61.93 59.7 60.8 0.65 0.21
SEMA (Ensemble) 2022 55.22 53.44 54.32 0.56 0.08
BepiBlast 2022 63.35 62.57 62.96 0.64 0.25
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4.5 SHAP-based interpretation
To interpret the CLBTope predictions, we applied SHapley Additive exPlanations (SHAP) and

ranked features by their mean absolute SHAP value. Figure 4.11 shows the top 15 contributing
features. B-cell epitope prediction was driven by dipeptide composition (DPC) descriptors. Among
all of the top 15 features the leucine-leucine pair (DPC1_LL) had the highest contribution (mean
ISHAP| = 0.0047), roughly 1.5% the next feature, followed by the aliphatic pairs DPC1_VL (=
0.0032) and DPC1_GL (= 0.0030). Below these, the ranking combined acidic/charged pairs such
as DPC1_EE, DPC1_EN, DPC1 DD, DPC1_SD, DPC1 KD, with further aliphatic and small-
residue pairs such as DPC1_AL, DPC1 LA, DPC1 LV, DPC1 _IL, DPC1_AA, DPC1 LG, and
DPC1_AI

DPC1_LL
DPC1 VL
DPC1_GL
DPC1_EE
DPC1_EN
DPC1_AL
DPC1_DD
DPC1_LA
DPC1_LV

DPC1_IL
DPC1_AA
DPC1_SD
DPC1 LG
DPC1_KD

DPC1_Al

Feature

O.dOO O.OIOl O.OIOZ O.OIO3 0.0|04 0.605
Mean(|SHAP value|)

Figure 4.11 Top 15 features driving B-cell epitope prediction, ranked by mean |SHAP value|.

4.6 Case study: analysis of BCEs in SARS-CoV2
The spike protein's interacting surface that binds to the ACE2 receptor is located in its receptor

binding domain (RBD), which is also very immunogenic. Previous studies on SARS-CoV2 have
shown that most potent neutralizing monoclonal antibodies (mAbs) target regions near the ACE2-

binding surface of the RBD, thereby blocking receptor interaction on host cells or disrupting the
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prefusion conformation of the spike protein [285]. In this case study, we used the Protein Scan
module of the CLBTope method to find BCEs within the 195 amino acid SARS-CoV-2 RBD. We
used a default threshold (cut-off = 0.53) and a peptide window length of 11 residues. 103 BCEs
and 82 non-BCEs were predicted by the analysis to be present in this region. The immune system
may recognize these predicted epitopes as immunogenic regions, which could be potential targets
for antibody-mediated responses against SARS-CoV-2. Table 4.3 lists the top 10 high-confidence
B-cell epitopes found in the polyprotein.

Table 4.3 Potential BCE in the SARS-CoV2 receptor-binding domain predicted using the proposed
method

Start End Sequence Hybrid_Score
37 47 YNSASFSTFKC 1.09
39 49 SASFSTFKCYG 1.02
38 48 NSASFSTFKCY 1.01
40 50 ASFSTFKCYGV 0.97
48 58 YGVSPTKLNDL 0.94
41 51 SFSTFKCYGVS 0.93
44 54 TFKCYGVSPTK 0.93
47 57 CYGVSPTKLND 0.92
42 52 FSTFKCYGVSP 0.91
49 59 GVSPTKLNDLC 0.91

4.7 Web server implementation

For the  scientific = community’s  convenience and  accessibility, = CLBTope

(https://webs.iiitd.edu.in/raghava/clbtope/) was deployed as a publicly accessible web server. The

general web server development methodology is described in section 3.14. The best-performing
prediction model was implemented within the server and organized into several functional

modules, including (i) Predict, (ii) Design, (iii) Scan, (iv) Motif Scan, and (v) Blast Scan.

4.8 Discussion and Conclusion

The ability of epitope-based peptide vaccines to deliver targeted vaccines precisely provides

significant advantages over traditional vaccines. The prediction of BCE helps immunologists
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create vaccines based on these epitopes, as well as precise diagnostic instruments and successful
treatment plans [286]. In this work, we presented a computational approach to predict B-cell and
non-B-cell epitopes in an antigen based on its primary sequence. A selective dataset of 3,875 B-
cell epitopes (positive set) and 3,996 non-B-cell epitopes (negative set) from BCEPS was used to
train the model. Multiple sequence-based descriptors were extracted using the Pfeature package,
and ten composition-based feature types were used to evaluate various machine learning
algorithms, including DT, RF, LR, XGB, KNN, GNB, and ET. With a maximum AUROC of 0.802
using the DPC descriptor (400-dimensional feature vector), the RF classifier outperformed the rest
of the models. An RF model was then trained using a hybrid feature vector (760 dimensions),
which produced an AUROC of 0.800. A maximum AUROC of 0.79 was obtained by evaluating
further dimensionality reduction using the mRMR feature selection approach on the top 400, 200,
and 100 selected features. A hybrid RF-based framework that combines DPC-400 features with
BLAST similarity search was created to further improve prediction performance. With a maximum
AUROC of 0.829 on the validation dataset, this integrated approach performed the best. A
comparison with existing prediction methods (Figure 4.10) showed that the proposed approach
performed better than others. A freely available web server available at

(https://webs.iiitd.edu.in/raghava/clbtope/) has been created to make the method accessible to the

scientific community. It allows users to predict, scan, and design B-cell epitopes. We hope that
researchers in the fields of immunoinformatics, vaccine design, and antibody-based therapies will
find this resource useful. Despite the encouraging performance of CLBTope, the present study has
certain limitations. First, most of the data were obtained from a single curated source (Ras-
Carmona et al.; BCETD, ILED, and IDED. Second, the current predictor relies primarily on
sequence-based information and does not explicitly incorporate three-dimensional structural
information. Since conformational B-cell epitope prediction depends on the spatial arrangement
of residues, integrating structural features in future studies may further improve prediction
accuracy. Finally, future studies should validate the model using a completely independent

external dataset from different institutions or sources to further establish its generalizability.

76


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

C HAPTER

Identification of

T1DM-Associated Peptides



Chapter 5

5.1 Introduction

Diabetes mellitus is a chronic metabolic condition that can cause blindness, heart attacks, strokes,
amputation of limbs, and renal failure, among other serious complications. According to the WHO,
the global number of diabetes cases increased from approximately 200 million in 1990 to 830
million in 2022, with about 589 million adults currently affected and projections suggesting a rise
to 853 million by 2050. Interestingly, over 81% of those affected are from countries with low or
middle incomes [287]. Diabetes mellitus can be divided into two main categories: type 1 diabetes
mellitus (T1DM), also known as insulin-dependent diabetes, and type 2 diabetes mellitus (T2DM)),
also known as adult-onset diabetes [288]. About 5-10% of all cases of diabetes are linked to
T1DM, an immune-mediated, chronic autoimmune disease that is most frequently diagnosed in
children and adolescents. The disease leads to absolute insulin deficiency due to progressive
destruction of insulin-producing pancreatic B-cells. Several autoantigens are known to trigger
autoimmune responses against pancreatic -cells. According to Yoon et al. [289], dendritic cells,
B-cell autoantigens, T lymphocytes, B lymphocytes, and macrophages all have important roles in
the development of autoimmune diabetes. Environmental factors and genetic susceptibility are
linked to influence the development of type 1 diabetes [290] (Figure 5.1).

According to reports, a number of conditions, such as Addison’s disease, coronary heart disease,
type A gastritis, retinopathy, rheumatoid arthritis, autoimmune thyroid diseases, vitiligo, systemic
lupus erythematosus, and celiac disease, are linked to the progression of type 1 diabetes [291]. The
development and severity of disease are significantly influenced by genetic susceptibility,
especially when it comes to human leukocyte antigen (HLA) class I and class II molecules.
According to Primavera et al. [103], the risk of type 1 diabetes is considerably increased when
certain allele haplotypes, like DR4-DQ8, are present. Other haplotypes, such as DR3-DQ2, have
also been linked to the susceptibility, indicating that it is not just the DR4-DQS8 haplotype. In
addition, most TIDM patients exhibit circulating autoantibodies, autoreactive T cells, and anti—
islet antigen—specific immune responses, further highlighting the autoimmune nature of the disease

[102].
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Figure 5.1 Brief on Type I Diabetes and immune destructton of p-cells (adopted from [102])

A important step in knowing the progression of the disease and immune-mediated B-cell
destruction is the identification of TI1DM-associated peptides. MHC class II alleles are usually
bind these peptides, which then cause immune system responses that damage pancreatic -cells.
Only a few previous studies have attempted to use in silico methods to predict T1DM-associated
peptides. For example, the GPS-MBA method was created by Cai et al. [103] to predict MHC class
IT binding peptides linked to type 1 diabetes. However, this approach’s primary drawback is that
it was trained on a comparatively small dataset that only included HLA-DQS8 binders. In order to
predict TIDM-associated peptides using larger datasets, a computational method that is both

efficient and more accurate needs to be developed.

5.2 Overview of the study

In this work, we provide the first computational framework for precisely predicting T1DM-
associated peptide prediction, design, and scanning. Figure 5.2 shows the general architecture of
the proposed approach. Both alignment-based (BLAST) and alignment-free (ML-based)
methodologies are included in the framework. Additionally, a hybrid model was created to
combine the advantages of both approaches, increasing prediction reliability and predictability. A

user-friendly web server (https://webs.iiitd.edu.in/raghava/dmppred/), a standalone package, a

79


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

Chapter 5

GitHub repository, and a PyPI package for the prediction, scanning, and design of TI1DM-
associated peptides are among the various implementation options also provided to enable greater

utilization by the scientific community.

Data Collection

-
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Figure 5.2 Overall architecture of the study

5.3 Materials and Methods

5.3.1 Dataset collection

The dataset was constructed using the standardized strategy described in Chapter 3. In this study,
we have collected the T1DM-associated peptides from IEDB. After removing redundant entries,
peptides were filtered based on length distribution. Since the majority of experimentally validated
peptides fall within the 8-30 amino acid range, sequences shorter than 8 or longer than 30 were
excluded. This resulted in 815 unique T1DM-associated peptides forming the positive dataset. Due
to the limited availability of experimentally validated negative peptides, we generate it by

randomly sampling peptides of matching length distribution from Swiss-Prot proteins. An equal
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number of negative examples (815 peptides) were generated to avoid class imbalance. The
complete dataset (1630 peptides) was then partitioned into training (80%) and independent

validation (20%) datasets following the unbiased splitting protocol described in section 3.4.1.

5.3.2 Feature generation

To construct an alignment-free prediction model, informative numerical features (descriptors)
were generated from peptide sequences. In this study, a diverse set of compositional descriptors
was computed, including AAC, DPC, APAAC, ATC, CETD, DDR, PAAC, PCP, QSO, RRI, SPC,
and CTD (Table 3.3). Features were calculated using the Pfeature tool as described in section 3.7.1.
Altogether, a large feature pool (1153 features) was generated, which was further refined using

feature selection approaches.

5.3.3 Feature selection

One of the main challenges in this study is choosing an appropriate subset of features from a high-
dimensional feature space. As explained in Section 3.8, we used the minimum Redundancy
Maximum Relevance (mRMR) algorithm [102] among the different feature selection methods.
The top 50, 100, and 150 features chosen by the mRMR method were then used to train machine

learning models, and their predictive ability was evaluated.

5.3.4 ML Model Development and Evaluation

Multiple supervised classifiers were evaluated, including DT, LR, GNB, RF, KNN, ET, XGB, and
SVC, described in section 3.9.1. To develop generalizable models and avoid bias or overfitting,
training was performed on the training dataset using 5-fold cross-validation, while model
performance was evaluated on an independent validation dataset. Evaluation metrics included

AUROC and MCC along with sensitivity, specificity and accuracy, described in section 3.13.1.

5.3.5 Similarity Search

A similarity-based module was implemented using BLAST (blastp-short task from BLAST+
suite), described in section 3.10.1. A local BLAST database was constructed using training
peptides. Query peptides from an independent dataset were searched against this database at
different e-value thresholds ranging from le-6 to 1e+4. The class of the query peptide was assigned
based on the top hit: if the top hit was T1DM-associated, the query was classified as positive;

otherwise, as negative.
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5.4 Results

5.4.1 Compositional analysis

In both T1DM-associated and non-T1DM-associated peptides, the amino acid composition (AAC)
was determined using Equation 1, Section 3.5. The average amino acid composition of randomly
generated peptides, T1DM-associated peptides, and the general proteome was calculated as part
of the analysis, as shown in Figure 5.3. Leu (L), Met (M), Val (V), and Glu (E) were found to be
the most prevalent residues in the positive dataset. In contrast, the negative dataset had greater
percentages of preservation for Asp (D), Lys (K), and Arg (R). The enrichment of leucine in
T1DM-associated peptides can be explained by the fact that leucine is a bulky, hydrophobic
residue. The T1DM risk-associated HLA molecules HLA-A*02:01 (class I) and HLA-DR4 (class
IT) have hydrophobic anchor pockets that favour such residues, so leucine fits their anchor
requirements well [292,293]. This is consistent with the high frequency and positional

conservation of leucine in the TIDM-associated peptides (Figure 5.4).

175 2.66-46 BN T1DM-associated Peptides
= Random Peptides

2.2e-01

Average composition

N o & & & & & N & $
Amino acids

Figure 5.3 Amino acid composition analysis of T1DM-associated peptides, and random peptides

5.4.2 Positional analysis

To investigate the positional preference and frequency of particular amino acid residues within
T1DM-associated peptides, a sequence logo (refer to Section 3.6) was created. The hydrophobic
residue leucine (Leu) was extremely prevalent and conserved across multiple positions, as seen in
Figure 5.4. Whereas valine (Val) was primarily found at the 2nd, 3rd, 9th, and 16th positions,
alanine (Ala) displayed high conservation at the 2nd, 9th, 11th, and 14th positions. Furthermore,

glutamic acid (Glu), a hydrophilic residue, was enriched at positions 27, 4" | 11t and 14,
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Figure 5.4 Illustration of sequence logo of TIDM associated peptides (adopted from [102])
5.4.3 HLA Allele Distribution
According to previous studies, class Il HLA alleles are crucial for the onset of type 1 diabetes
[294]. We examined the frequency of HLA allele interactions with T1DM-associated peptides in
order to evaluate their binding efficacy. Table 5.1 lists the top 10 class I and class II HLA binders
found in the dataset linked to TIDM.

Table 5.1 Frequency of HLA-binding alleles observed in T1DM-associated peptides (adopted

from [102])
HLA allele Frequency
HLA-A*02:01 345
HLA-A2 57
HLA-DQA1*03:01/DQB1*03:02 103
HLA-DQA1*05:01/DQB1*03:02 45
HLA-DR 45
HLA-DR3 39
HLA-DR4 59
HLA-DR53 21
HLA-DRB1*04:01 185
HLA-DRB4*01:01 20
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5.4.4 Performance of compositional descriptors

To build prediction models, machine learning algorithms such as DT, RF, LR, GNB, ET, XGB,
KNN, and SVC were used. Models were first built using twelve distinct feature types that were
calculated using the Pfeature tool. The ET algorithm performed the best overall out of all the
classifiers. All 12 feature descriptor’s predictive performance is shown in terms of AUROC and
MCC in Table 5.2. With an AUROC of 0.893 on the training dataset and 0.891 on the validation
dataset, models based on DPC features demonstrated the best performance. On the training and
validation datasets, models created with AAC-based features also demonstrated strong

performance, obtaining AUROC values of 0.869 and 0.870, respectively.

Table 5.2 Performance of 12 composition-based descriptors using ET algorithm (adopted from
[102])

Training Dataset Validation Dataset

Descriptor

AUROC MCC AUROC MCC
AAC 0.869 0.572 0.870 0.571
DPC 0.893 0.621 0.891 0.620
APAAC 0.869 0.551 0.875 0.571
ATC 0.710 0.302 0.749 0.356
CETD 0.849 0.531 0.864 0.546
DDR 0.837 0.500 0.797 0.417
PAAC 0.868 0.569 0.869 0.546
PCP 0.840 0.503 0.847 0.497
QSO 0.858 0.552 0.861 0.565
RRI 0.854 0.540 0.810 0.423
SPC 0.791 0.442 0.812 0.462
CTD 0.856 0.537 0.835 0.473

5.4.5 Performance of Feature Selection Models

Since the highest performance was achieved using DPC features with the ET classifier, these
features were further explored to enhance classification performance. The most informative subset
of features for differentiating T1DM-associated peptides from non-T1DM-associated peptides was

found using the mRMR feature selection algorithm. Based on AUROC, the top 50, 100, and 150
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features showed a satisfactory level of discriminatory ability. The performance (AUROC) of

several classifiers trained on different feature subsets for both training and validation datasets is

shown in Figure 5.5. Table 5.3 shows the detailed performance of the top 150 features chosen

using the mRMR method. With balanced sensitivity and specificity and AUROC values of 0.893

and 0.871 on the training and validation datasets, respectively, the ET classifier performed the

best. Similar results were achieved by RF models, even with a slight decline in accuracy and

AUROC on the training dataset.
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Figure 5.5 Performance comparison of classifiers across feature subsets: (A) training, (B) validation
datasets (adopted from [102])

Table 5.3 ML performance using DPC-150 feature subset on training and validation datasets (adopted

from [102])
Training Validation
Classifier  gepgs Spec Acc  AUROC MCC Sens  Spec Acc  AUROC MCC
(%) (%) (%) (%) (%) (%)
DT 69.479 69.939 69.709 0.741 0.394 68.098 64.417 66.258 0.669 0.325
RF 79.908 79.755 79.831 0.881 0.597 76.074 74.233 75.153 0.837 0.503
LR 75.460 75.613 75.537 0.827 0.511 71.779 69.325 70.552 0.781 0.411
XGB 77.607 77.914 77.761 0.858 0.555 74.847 74.233 74.540 0.817 0.491
KNN 77914 78.374 78.144 0.866 0.563 73.006 76.074 74.540 0.817 0.491
GNB 72.853 74.693 73.773 0.795 0.476 68.712 69.325 69.018 0.745 0.380
ET 81.902 81.135 81.518 0.893 0.630 82.209 77.301 79.755 0.871 0.596
SVC 78374 77.761 78.067 0.865 0.561 73.620 74.233 73.926 0.831 0.479

Additionally, the 150 features that had been selected were ranked according to how the dipeptide

composition of the positive and negative datasets was different. Each dipeptide composition in the
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positive and negative sets was analyzed using a two-sample t-test to determine the statistical
significance of these differences. It was determined that the observed differences were statistically
significant. The top 10 dipeptides LL, VE, LV, SL, AL, LQ, LE, IL, ER, and LA, were found to
be significantly more common in T1DM-associated peptides than in non-T1DM-associated

peptides based on this analysis (Table 5.4).

Table 5.3 Showing the frequency of top dipeptide composition (adopted from [102])

Frequency Frequency in Non-

DPC in TIDM TIDM #Averagel #Average2 Difference p-value
LL 194 79 3.22 0.92 2.30 1.66E-17
VE 176 48 1.91 0.42 1.49 1.30E-22
LV 145 62 2.04 0.62 1.42 6.39E-14
SL 156 55 1.79 0.49 1.30 2.08E-16
AL 204 94 2.22 0.95 1.27 1.77E-12
LQ 130 38 1.51 0.41 1.10 6.93E-14
LE 148 57 1.57 0.63 0.94 7.83E-10
IL 104 64 1.42 0.63 0.79 3.67E-06
ER 108 39 1.17 0.39 0.78 2.91E-09
LA 148 89 1.62 0.85 0.78 2.40E-06

#Averagel : Average values of TIDM associated peptides, #Average?2: Average values of non-T1DM associated
peptides

5.4.6 Similarity search approach

We created a similarity search module based on BLAST, which has been widely used for protein
annotation and functional assignment through sequence similarity [266], in order to further
improve model accuracy. To categorize query peptides as T1DM-associated or non-T1DM-
associated, the blastp technique was applied. The training dataset was used to build a local BLAST
database, and the query sequences (test set) were searched against to this database using E-value
thresholds between le-6 and 1e+4. Based on the top-scoring hit, each query sequence was given a
class: if the top hit matched a peptide linked to type 1 diabetes, the query sequence was categorized
as T1DM-associated; if not, it was labeled as non-T1DM-associated. The T1DM-associated
dataset had a probability of correct prediction (C-Hits) ranging from 17.18% to 87.73%, while the
non-T1DM-associated dataset had a probability ranging from 0.00% to 61.96%, as shown in Table
5.5.
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Table 5.4 Evaluation of BLAST similarity search on validation dataset (adopted from [102])

T1DM Associated Non-T1DM Associated
E-Value
C-Hits W-Hits No Hits C-Hits W-Hits No Hits
1.00E-06 28(17.18%)  0(0.00%) 135 (82.82%) 0(0.00%)  0(0.00%) 163 (100.00%)
1.00E-05 41 (25.15%)  0(0.00%) 122 (74.85%) 0(0.00%)  0(0.00%) 163 (100.00%)
1.00E-04 54 (33.13%)  0(0.00%) 109 (66.87%) 0(0.00%)  0(0.00%) 163 (100.00%)
1.00E-03 62 (38.04%)  0(0.00%) 101 (61.96%) 0(0.00%)  0(0.00%) 163 (100.00%)
1.00E-02 81(49.69%)  0(0.00%)  82(50.31%) 1(0.61%)  0(0.00%) 162 (99.39%)
1.00E-01 91(55.83%)  0(0.00%) 72 (44.17%) 1(0.61%)  0(0.00%) 162 (99.39%)
1.00E+00 111 (68.10%)  2(1.23%) 50 (30.67%) 2(1.23%)  0(0.00%) 161 (98.77%)
1.00E+01 124 (76.07%)  5(3.07%)  34(20.86%) 21 (12.88%) 11(6.75%) 131 (80.37%)
1.00E+02 143 (87.73%) 19 (11.66%) 1(0.61%)  90(55.21%) 46 (28.22%) 27 (16.56%)
2.00E+02 143 (87.73%) 19 (11.66%) 1(0.61%)  97(59.51%) 53 (32.52%) 13 (7.98%)
1.00E+03 143 (87.73%) 19 (11.66%) 1(0.61%) 100 (61.35%) 55 (33.74%) 8 (4.91%)
1.00E+04 143 (87.73%) 19 (11.66%) 1(0.61%) 101 (61.96%) 56 (34.36%) 6 (3.68%)

*C-Hits: Correct hits; W-Hits: Wrong hits

5.4.7 Hybrid model performance analysis

This study combined BLAST similarity search scores with machine learning predictions to create
a hybrid (ensemble) approach. Initially, each query peptide in the independent dataset was
classified using BLAST at various E-value thresholds by searching against a local database
constructed from the training dataset. A scoring system based on the top hit was employed: 0
represented no significant hit, +0.5 represented a correct positive prediction (T1DM-associated
peptide), and -0.5 represented a correct negative prediction (non-T1DM-associated peptide).
Previous studies have used a similar scoring system [116]. Next, prediction scores were generated
using the machine learning models. The overall prediction score was then calculated by combining
the ML prediction score and the BLAST score for every query sequence. The difference between
sensitivity and specificity was minimized in order to establish the ideal threshold. As indicated in

Tables 5.2 and 5.3, the ET classifier showed the best performance when using DPC and DPC-150
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feature sets. Therefore, hybrid models were constructed using the DPC-150 features (Table 5.6).
The best results were obtained with an E-value of 0.1, according to performance evaluation at
various E-values. The training and validation datasets had accuracies of 88.57% and 90.46%,

respectively, and maximum AUROC values of 0.94 and 0.95.

Table 5.5 Performance of Hybrid method (BLAST and DPC-150) (adopted from [102])

Training Dataset
E-value Sensitivity (%) Specificity (%) Accuracy (%) AUROC MCC
1.00E-06 83.55 83.72 83.64 0.91 0.67
1.00E-05 84.05 84.87 84.46 0.91 0.69
1.00E-04 84.87 84.87 84.87 0.92 0.70
1.00E-03 85.53 85.53 85.53 0.92 0.71
1.00E-02 86.84 86.51 86.68 0.93 0.73
1.00E-01 88.98 88.16 88.57 0.94 0.77
1.00E+00 89.80 89.15 89.47 0.94 0.79
Validation Dataset
1.00E-06 81.58 90.13 85.86 0.93 0.72
1.00E-05 81.58 91.45 86.51 0.93 0.73
1.00E-04 82.24 91.45 86.84 0.93 0.74
1.00E-03 84.87 91.45 88.16 0.94 0.76
1.00E-02 85.53 92.11 88.82 0.94 0.77
1.00E-01 87.50 93.42 90.46 0.95 0.81
1.00E+00 86.84 90.13 88.49 0.94 0.77

5.5 SHAP-based interpretation
To interpret the DMPPred predictions, we applied SHapley Additive exPlanations (SHAP) and

ranked features by their mean absolute SHAP value. Figure 5.6 shows the top 15 contributing
features. As with the other composition-based models in this thesis, prediction was driven entirely
by dipeptide composition (DPC) descriptors — all top 15 features belong to the DPC family. The
leucine—valine pair (DPC1_LV) had the largest contribution, followed by DPC1 LL and
DPC1_VL. The remaining high-ranking features were also dominated by leucine-, valine-, and
glutamate-containing pairs: DPC1_VE, DPC1_FL, DPC1_LE, DPC1 _LQ, DPC1 _IL, DPC1 QV,
DPC1_AL, DPC1_SL, DPC1 DA, DPC1 _GK, DPC1_MV, and DPC1_AN.
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Figure 5.6. SHAP-based feature importance for the TIDM-associated peptide prediction model.

The dominance of hydrophobic pairs (Leu, Val, Met) matches the anchor-residue preferences of
the risk alleles HLA-A*02:01 and HLA-DR4, whose anchor pockets favour hydrophobic residues,
while the glutamate-containing pairs reflect the acidic anchor preference of the T1DM-associated

HLA-DQ8 molecule.

5.6 Case Study: Coxsackievirus B4 Antigenic Regions

Previous studies have suggested that multiple environmental factors, including viral infections,
contribute to the progression of TIDM. A number of viruses, including enteroviruses like rotavirus
[295], cytomegalovirus [296], mumps virus [297], and coxsackievirus B (CVB) [298], have been
linked to TIDM. The most common enteroviral strain found in patients with diabetes and pre-
diabetes among these is coxsackievirus B4 (CVB4). The Protein Scan module of DMPPred was
used in this study to predict T1DM-associated peptides in two CVB4 proteins, VP1 and the
polyprotein, with a peptide window length of 15 residues. The default cut-off value of 0.58 was
replaced with a higher threshold score of 0.70 to reduce false-positive predictions. In the

polyprotein, we found 46 T1DM-associated peptides with scores > 0.70. However, none of the
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VP1 protein’s peptides received a score higher than 0.65. According to DMPPred predictions,

these findings imply that the polyprotein is enriched with potential T1DM-associated peptides.

This observation aligns with earlier research showing the CVB4 polyprotein plays a role in the

development of type 1 diabetes. Table 5.7 lists the top 10 TIDM-associated peptides with high

confidence that were found in the polyprotein.

Table 5.6 Prediction of potential TIDM inducing antigenic peptides in the CBV4 polyprotein (adopted

from [102])
Start End Sequence Hybrid Score
1128 1142 EWLKVKILPEVREKH 0.97
1129 1143 WLKVKILPEVREKHE 0.97
1130 1144 LKVKILPEVREKHEF 0.97
1122 1136 KIQKFIEWLKVKILP 0.96
1127 1141 IEWLKVKILPEVREK 0.92
1126 1140 FIEWLKVKILPEVRE 0.89
1125 1139 KFIEWLKVKILPEVR 0.86
1131 1145 KVKILPEVREKHEFL 0.86
1123 1137 IQKFIEWLKVKILPE 0.85
1124 1138 QKFIEWLKVKILPEV 0.85

5.7 Web server

To ensure usability for experimental researchers and clinicians, DMPPred was implemented as a

public web server and standalone package. The design principles were simplicity, functionality

and interpretability. The web interface provides multiple modules:

(1) Predict: classification of peptides as T1DM-associated or random,

(i1) Protein Scan: sliding window identification of T1DM regions within proteins,

(iii)  Design: generation of all possible analog peptides and scoring,

(iv)  BLAST Scan: similarity-based annotation.

The dataset used for model development is available for download in FASTA format to support

reproducibility and future benchmarking.
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5.8 Discussion and Conclusion

At present, a definitive cure for type 1 diabetes mellitus (T1DM) remains unavailable, and insulin
therapy continues to be the primary treatment for disease management. Recently, antigen-specific
immunotherapy has shown promising clinical outcomes, demonstrating both safety and improved
efficacy. These antigens can be delivered in a number of forms, such as proteins, peptides, DNA
plasmids, and nanoparticles, and they are comparatively easy to synthesize [299]. Identifying
T1DM-specific epitopes or peptides is therefore essential for both experimental study and the
development of biomedical therapeutics. In this study, we suggested a novel computational
technique for predicting peptides that are associated with TIDM and non T1DM-associated
peptides. The amino acids L, M, and E are enriched in T1DM-associated peptides when compared
to the negative dataset, according to compositional and positional analyses. Among different
feature representations, DPC perform the best with AUROC values of 0.893 and 0.891 on the
training and validation datasets, respectively. Subsequently, feature selection using the mRMR
method was performed on DPC feature subsets (DPC-50, DPC-100, and DPC-150). The DPC-150
feature set provided the best results, achieving AUROC values of 0.893 and 0.871 on the training
and validation datasets using the ET classifier. A hybrid model was then developed by integrating
BLAST similarity search with DPC-150 features, which further improved performance and
achieved AUROC values of 0.945 and 0.951 on the training and validation datasets, respectively.
The proposed method was also compared with the existing GPS-MBA predictor. Because GPS-
MBA accepts only peptides of length nine, we selected 50 T1DM-associated and 50 non—T1DM-
associated peptides of length nine from the independent dataset and evaluated both tools.
DMPPred demonstrated superior performance, achieving sensitivity, specificity, and accuracy of
92%, 100%, and 96.0%, respectively, whereas GPS-MBA achieved sensitivity of 6%, specificity
of 90%, and accuracy of 48.0%. Furthermore, DMPPred was used to identify antigenic regions
within the CVB4 polyprotein. To provide a simpler way for researchers to identify possible
disease-associated antigens that could cause TIDM B-cell destruction, we developed DMPPred

(https://webs.iiitd.edu.in/raghava/dmppred/), an intuitive web server that facilitates the design,

scanning, and prediction of T1DM-associated peptides, to assist the scientific community. This
approach is expected to make a substantial contribution to the study of immunotherapy,
autoimmunity, and vaccine development. The major limitation of the present study is that

experimentally validated non-T1DM peptides are currently unavailable in public databases.
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Therefore, randomly generated peptides were used as surrogate negative samples for model
development. Although this strategy has been adopted in several computational peptide prediction
studies, these sequences may not fully capture the diversity of biologically relevant non-T1DM
peptides. The availability of experimentally validated negative datasets in the future will facilitate
the development of more biologically representative prediction models.

Clinical significance: DMPPred is intended as a pre-experimental safety screening tool rather
than a diagnostic or standalone decision-making system. Its primary application is in the design of
peptide- and subunit-based vaccines, where it can help identify peptides with the potential to
induce TI1DM-associated autoimmune responses before experimental validation. Early
identification of such peptides enables researchers to redesign or exclude potentially unsafe
candidates, thereby improving vaccine safety. For example, viral proteins such as the
Coxsackievirus B4 (CVB4) polyprotein contain regions exhibiting molecular mimicry with
pancreatic B-cell autoantigens and have been associated with TIDM. However, false-positive
predictions may lead to the exclusion of peptides that are actually safe and immunogenic.
Therefore, the predictions generated by DMPPred should be considered as an initial prioritization
step and should always be complemented with appropriate experimental and immunological
validation before their application in vaccine or therapeutic development.

Managing false positives: DMPPred allows users to adjust the prediction threshold according to
the requirements of the application. By default, the threshold is selected to provide a balanced
sensitivity and specificity. However, for safety-critical applications, such as vaccine and
biotherapeutic development, users can adopt a higher threshold to reduce false-positive predictions
and improve specificity. In addition, the hybrid prediction framework integrates machine learning
with BLAST-based similarity search, providing complementary evidence to increase prediction
confidence. This strategy was applied in the CVB4 case study, where a stringent cut-off of 0.70
was used in place of the default 0.58 to minimise false positives; this identified 46 high-confidence
T1DM-associated peptides in the CVB4 polyprotein, whereas no peptide in VP1 exceeded a score
of 0.65. This illustrates how DMPPred can be tuned to achieve more stringent, application-specific

screening.
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6.1 Introduction

Allergic diseases are a growing global health concern, affecting over 20-30% of the world’s
population and increasing in complexity and severity in both children and adults. These disorders
include immune-mediated inflammatory diseases caused by hypersensitivity responses to typically
harmless environmental substances, including food allergies, atopic dermatitis, asthma, and
allergic rhinitis [105,106,300]. In recent decades, the incidence of allergic diseases has risen
considerably, partly due to environmental and lifestyle changes, and patients frequently exhibit
heterogeneous clinical manifestations and high recurrence risk [301]. Allergy disorders are
especially common in the developed world; for example, approximately 31.8% of adults in the
United States suffer from at least one allergic condition [302], such as hay fever (allergic rhinitis),
eczema (atopic dermatitis), allergic asthma, and specific food allergies [303]. In 1906, Clemens
von Pirquet coined the term “allergy” to refer to increased or decreased reactivity to environmental
exposures, but nowadays it is primarily used to refer to immune-mediated hypersensitivity. An
exaggerated immune response to foreign substances, known as allergens, is a key feature of
allergies. Allergens are most commonly proteins derived from aeroallergens and foods, but they
can also originate from personal care products and occupational exposures [131,304]. Type I (IgE-
mediated) allergic reactions are frequently triggered by foods (e.g., nuts, milk, fish, eggs), pollen,
insect venom, house dust mite excrement, latex, and certain medications. The initial exposure
induces sensitization, whereas subsequent encounters activate allergen-specific IgE bound to mast
cells and basophils, leading to mediator release (e.g., histamine, leukotrienes). In severe cases, this
response can progress to systemic reactions, including anaphylaxis [133,305].

Allergens may be broadly grouped into two categories. The first includes non-infectious
environmental substances that trigger IgE production and, upon re-exposure, activate IgE-coated
mast cells/basophils, producing the classical Type I hypersensitivity phenotype. This group
includes pollens, animal dander, dust-mite particles, common allergenic foods (e.g., peanuts,
shellfish, milk, eggs), latex, insect venoms, and several drug classes. The second group involves
largely IgE-independent mechanisms that induce adaptive immune responses and local
inflammation; allergic contact dermatitis caused by nickel or urushiol (poison ivy) represents a
typical example [304,306]. Allergic inflammation typically progresses through an early phase
(minutes), a late phase (hours), and chronic inflammation under repeated exposure [304]. Although

current therapies can reduce symptoms, they rarely provide durable cure. Therefore, accurate
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allergen identification, avoidance of re-exposure, and disruption of key steps in hypersensitivity
pathways are crucial to reduce recurrence. This need is intensified by the expanding use of
genetically modified or engineered proteins in food products, therapeutic drugs, and vaccines
[307,308]. Allergen recognition is thus strongly influenced by amino acid sequence composition
and three-dimensional structure, traditionally assessed using immunochemical, biochemical, and
immunological assays[130,309,310]. However, in the post-genomic era, the rapid expansion of
protein sequence data has made experimental allergen screening increasingly challenging because
wet-lab assays remain laborious and time-consuming [111].

To standardize allergenicity assessment, the FAO and the WHO proposed a decision-tree
framework for evaluating novel proteins [113]. The widely used criteria include: (i) the presence
of short identical peptide segments (typically 6—8 consecutive residues) shared with known
allergens, and (ii) >35% sequence similarity over an 80-residue sliding window, indicating
potential cross-reactivity. While these sequence-homology rules are useful for detecting allergens
closely related to known allergen families, they frequently fail for non-homologous allergens and
may generate false-positive or false-negative predictions [114]. Consequently, computational
allergenicity prediction has become essential to enable high-throughput screening and to prioritize
candidates for experimental validation. A broad range of computational tools has been developed
using ML and DL methods (as shown in Table 2.5). Traditional ML predictors include AlgPred,
AllerTool, AllerHunter, PREAL, AllergenFP, AllerCatPro, AllerCatPro 2.0, AllerTOP v.2,
AlgPred 2.0, and iAller. These methods employ classifiers such as RF, KNN, XGBoost, and SVM.
Consistent with this, a recent chemometric study on food protein allergenicity reported SVM as an
effective classifier [311]. In parallel, DL-based tools have emerged, including DeepAlgPro,
AllergenAl, ALLERDET, and ProALL-D. Hybrid and ensemble approaches such as SEP-AlgPro
(See Table 2.5) integrate multiple ML/DL components but can be computationally expensive.
Together, these computational strategies aim to accelerate allergen identification and support
applications in food safety, therapeutic protein development, and vaccine/biopharmaceutical

research [312].

6.2 Overview of the study

The proposed method’s overall workflow is shown in Figure 6.1. First, allergen and non-allergen

datasets are gathered from various carefully selected sources. Next, highly similar sequences are
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eliminated through redundancy reduction. After that, the dataset was divided into separate training

and validation sets after being balanced. The Pfeature package was then used to perform thorough

feature extraction. Then, binary profile representations and protein language model embeddings

were generated and evaluated in parallel. Multiple machine learning classifiers were trained on

these features, and model performance was optimized through hyperparameter tuning and feature

selection techniques, including mRMR, Lasso-L1, and SVC-L1. The best-performing model was

finally deployed as a publicly accessible web server, and standalone as well as downloadable

software packages were also provided for user convenience.
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The dataset used in this study includes 9348 allergens and 9348 non-allergens collected as follows:

(1) Allergenic Peptides, (2) Non- allergenic Peptides, (3) Data Splitting.

1. Allergenic Peptides: The positive dataset consists of allergens collected from
databases such as [IEDB, SADP 2.0, WHO, Allermatch, and Allerfood, and prediction
methods including AlgPred 2.0, pLM4Alg, Compare, DeepAlgo, AllerTop, ProAllD,
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Allercat2, and NetAllergen. Initially, we had 20,554 allergenic epitopes/peptides; we
then applied standard bioinformatics techniques, such as CD-HIT [206] to remove
redundant epitopes. After removing duplicates and applying CD-HIT (90%), we are
left with 3,694 allergenic peptides, varying in length from 12 to less than 50.

. Non-allergenic Peptides: The “NOT” keyword “Allergen [KW-020]" was used to
search Swiss-Prot for proteins annotated with the label "evidence for the existence of
protein at the protein level" in order to gather the negative dataset, which is made up of
non-allergens. Additionally, proteins with the terms “allergen”, “allergic”, “allergy”,
or “allergens” in their description were not included. The available methods negative
dataset includes AllerTop, DeepAlgo, pLM4Alg, and ProAlID. We also collected the
negative assays epitope dataset from IEDB. After compiling all the datasets of
peptides/epitopes of a length range from 12 to less than 50 and removing redundancy
by 90% using CD-hit, we are left with 6,222 peptides. Furthermore, to create a balanced
dataset, we have selected the same portion of negative peptides as in the positive
dataset. The length distribution analysis was given in Figure 6.2.

. Data Splitting: In this study, we implemented an 80:20 data splitting, as described in
Section 3.4.1. That resulting in a training dataset of 5,910 peptides and an independent
validation dataset of 1,478 peptides. This systematic selection is crucial for developing

an unbiased evaluation of our model’s predictive capability.
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Figure 6.2 The length distribution of Allergenic vs non-Allergenic balanced dataset
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6.3.2 Feature generation

6.3.2.1 Composition features

To develop prediction models capable of discriminating between allergen and non-allergen
peptides, the sequences were first transformed into numerical feature vectors. For this purpose, the
composition module of Pfeature was employed to compute various sequence descriptors, as
described in Section 3.7.1. The calculated composition-based features included AAC (20),
APAAC (23), BTC (4), ATC (5), CeTD (189), DDOR (20), DPC (400), PAAC (21), PCP (30),
QSO (42), RRI (20), SOC (2), SER (20), SPC (25), CTC (343), SEP (1), and a combined feature

set comprising all descriptors listed in Table 3.3.

6.3.2.2 Binary Profile Patterns

In addition to composition-based descriptors, four types of binary profile feature sets were
generated using peptide fragments of different lengths (4, 6, 8, 10, and 12 residues): (i) N-terminal
binary profiles (N), (ii) C-terminal binary profiles (C), (iii) combined N- and C-terminal profiles
(N-C), and (iv) a fixed-length representation, in which a dummy residue ‘X’ was appended at the
C-terminal end of peptide sequences shorter than 50 residues to standardize their length. All these
feature representations were utilized to develop classification models for identifying allergenic
peptides. As explained in Section 3.7.2 (Figure 3.3), each peptide pattern was encoded into a binary
profile, with each amino acid represented by a 21-dimensional vector (for example, alanine
represented as 1,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0]. Binary profile encoding

has been widely applied in several existing prediction methods [79,227].

6.3.3 Feature fusion and Feature selection

In biomolecular sequence analysis, feature extraction from a single perspective frequently yields
insufficient sequence information, which reduces classification models' predictive performance.
To address this limitation, multiple composition-based feature types were combined through
feature fusion [130]. However, multi-feature fusion typically produces high-dimensional and
redundant feature vectors. Therefore, feature selection is an important preprocessing step in ML,
as it identifies relevant set of features from a potentially large feature space. Eliminating irrelevant
or redundant features can improve classification accuracy while enhancing model interpretability.
Accordingly, to select informative descriptors and reduce dimensionality, we applied feature

selection techniques including mRMR, LASSO-L1, and SVC-L1 (described in Section 3.8).
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6.3.4 Development and Performance Evaluation of Models

A number of ML algorithms, such as XGB, LR, KNN, DT, GNB, RF, ET, LGBM, SVC, and MLP
(explained in Section 3.9.1), were evaluated. The models were evaluated on an independent
validation set after being trained using 5-fold cross-validation on the training dataset (Section
3.12). The scikit-learn library was used to perform grid search hyperparameter tuning in order to
maximize classifier performance (Section 3.11). Along with sensitivity, specificity, and accuracy,
the model's performance has been evaluated using AUROC and MCC, as detailed in Section
3.13.1.

6.3.5 Large Language Models as Classifiers

Recent developments in protein language models based on NLP have shown excellent
performance in a number of protein analysis tasks. Several well-known large language models,
such as ESM-2, ProtBERT, and PeptideBERT (explained in Section 3.9.2), were used in this study.
In particular, several ESM series variants were used, including esm2 (33, t30, t12, and t6). During
the fine-tuning process, these model’s hyperparameters were adjusted in order to better perform

our prediction task.

6.3.6 Protein Language Model Embeddings

We used embeddings from pretrained protein language models to describe protein sequence data.
In this study, ProtBERT and the ESM-2 model were used to obtain protein sequence embeddings
(described in Section 3.7.4). From input sequences, the pretrained ProtBERT model generates
high-dimensional, context-aware representations. The model creates an embedding matrix for a
protein sequence of length n, where each row represents an encoded representation of a distinct
amino acid residue. Multiple checkpoints of the ESM-2 model, differing in model size, were
employed and obtained from the Hugging Face repository [313] (Figure 6.3). Although larger
variants such as ESM-2 3B and 15B offer improved representational capacity, they require
substantially greater memory and training time, making them less practical for large-scale
experiments. The resulting embeddings were subsequently used as input features for developing

the prediction models.
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Figure 6.3 Different protein language models used in this study including parameters

6.3.7 Quantum SVM

Over the past ten years, quantum machine learning (QML), and specifically quantum
support vector machines (QSVMs), has emerged as a suitable substitute for classical
machine learning methods. QML introduces novel computational paradigms for
constructing predictive models with the potential to enhance learning performance
[314,315]. The PennyLane library was used in this study to implement QSVM in a Python
3.10 environment. By facilitating automatic differentiation and seamless interaction with
both quantum simulators and quantum hardware, PennyLane offers a framework for
quantum machine learning [316]. We adopted a comparative approach to evaluate quantum
and classical machine learning models using the AAC dataset. Specifically, QSVM model
performance was compared with classical classifiers, including standard SVC and RF. To
investigate the effect of the quantum feature space on classification performance,

experiments were conducted with different numbers of qubits (6, 10, and 14).
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6.4 Results
6.4.1 Amino Acid Composition Analysis

We analysed the average AAC composition of allergenic and non-allergenic peptides using
Equationl mentioned in Section 3.5. Amino acid composition was compared between allergenic
and non-allergenic peptides (Figure 6.4). Thirteen residues differed significantly between the two
groups (p < 0.05): Cys, Asp, Glu, Gly, Ile, Lys, Leu, Pro, Gln, Ser, Thr, Trp and Tyr. Cys, Gly, lle
and Leu occurred at higher frequency in non-allergenic peptides, whereas Glu, Pro and Gln were
enriched in allergenic peptides. The strongest differences were recorded for Gln (p = 1.6e-92), Glu
(p = 3.0e-28) and Pro (p = 3.0e-20). These three residues therefore account for much of the
compositional signal separating the two classes. In contrast, amino acids such as Phe, His, Asp,
Asn, Tyr, and Ser showed no significant differences (p > 0.05) across the two groups, indicating
that their abundance remains relatively comparable between allergenic and non-allergenic
peptides. We also compute the average amino acid composition of allergen proteins and allergenic

peptides shown in Figure 6.5.

Average amino acid composition in allergens and non-allergens

*
1.6e-92 N Allergen
@ Non-Allergen

Average composition

* SN ¥ € & « RN & & &$
Amino acids

» o & & & & &

Figure 6.4 The amino acid composition comparison of allergen, and non-allergen
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Average Amino Acid Composition in Allergens Protein vs Allergens Peptides

1.7e-85 [0 Allergen Proteins
3 Allergen Peptides

4.6e-14 1.66-12
. 1.6€

2.9e-14 2.76-05 .

. 1.6e-36

Loi.os _
4.6e-15 1.1e-31

7.4e-08 : -
1 3.4e-12

l

1.6e-03 [
4.5e-01

2.9e-04

Average Composition

1.3e-03 . .
2.0-03 1.1e-23

9.5¢-06

R SR I S I R S R KON

Amino Acids

N

Figure 6.5 The amino acid composition comparison of allergen proteins, allergenic peptides

6.4.2 Positional Analysis

The positional frequency of all 20 natural amino acids at both peptide termini was analyzed. The
analysis indicated that certain residues are preferentially enriched in allergenic peptides. To
visualize residue preferences at specific positions, sequence logos were generated using the Two
Sample Logo (TSL) method (see Section 3.6 for details). In this representation, the first eleven
positions correspond to the N-terminal residues, whereas the last eleven positions correspond to
the C-terminal residues of the peptides. The results revealed that glutamine (GIn) was highly
abundant across most positions (Figure 6.6). In addition, proline (Pro), arginine (Arg), and

glutamic acid (Glu) were also frequently observed in allergenic peptides.
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Figure 6.6 TSL plot showing positional amino acid preferences in allergenic and non-allergenic
peptides across the N- and C-terminus
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6.4.3 Preliminary Machine Learning Evaluation

To select the most suitable feature extraction and model construction methods from the numerous
existing algorithms, and to reduce experimental complexity and workload, we performed a
preliminary analysis on the dataset [130]. In this study, we first selected 16 types of features to
build classification models, as shown in Figure 6.7. Among these 16 types of features, the
predictive performance was evaluated, and it was observed that RF performs better when
compared to other classifiers. In Figure 6.7, we present the performance of all features obtained
using various classifiers. It was shown that DPC-based features achieved the highest AUROC of

0.80 on the validation dataset.

Descriptors vs Models
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Figure 6.7 The AUROC of different feature types on different classifiers on the validation
dataset

6.4.4 Multi-feature Fusion Results

We fused or combined the 16 feature types listed in Figure 5 for ALL_COMB in order to enhance
the performance of our models. Multi-feature fusion techniques yield a feature vectors matrix with
1165 features. With an AUROC of 0.79 and an MCC of 0.41 on both training and validation

datasets using ET, ALL _COMB features likewise demonstrated strong performance, as indicated

in Table 6.1. Our analysis revealed that ET, RF, XGB, and LGBM performed nearly identically.
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Table 6.1 Various classifiers performance on ALL COMP features

Training Dataset

Model Sensitivity (%) Specificity (%) Accuracy (%) AUROC F1  MCC

ET 71.48 70.04 70.76 0.80 0.71 0.42
RF 71.92 69.67 70.80 0.80 0.71 0.42
LGBM 70.30 70.15 70.22 0.78 0.70 0.40
XGB 69.79 69.44 69.61 0.78 0.70 0.39
LR 65.38 66.13 65.75 0.73 0.66 0.32
SvC 66.16 64.91 65.53 0.72 0.66 0.31
KN 63.51 62.07 62.79 0.70 0.63 0.26
MLP 59.61 66.36 63.00 0.70 0.62 0.26
DT 62.29 63.46 62.88 0.68 0.63 0.26
GNB 61.72 63.7 62.71 0.67 0.62 0.25

Validation Dataset

ET 72.75 71.76 72.26 0.80 0.73 0.45
RF 71.54 68.76 70.16 0.79 0.71 0.40
LGBM 70.87 70.12 70.5 0.79 0.71 0.41
XGB 68.99 70.81 69.89 0.78 0.70 0.40
LR 62.69 69.30 65.97 0.73 0.65 0.32
SvC 66.71 69.03 67.86 0.73 0.68 0.36
KN 66.17 64.39 65.29 0.72 0.66 0.31
MLP 28.19 89.36 58.53 0.71 0.41 0.22
DT 63.36 63.44 63.40 0.68 0.64 0.27
GNB 61.88 64.67 63.26 0.67 0.63 0.27

6.4.5 Performance evaluation of selected feature descriptors

6.4.5.1 Feature selection on hybrid features

To determine the most crucial features from hybrid features for predicting allergen, we initially
use the mRMR feature selection technique to extract feature set matrices of sizes 100, 200, 250,
300, 400, and 800, and evaluated using the minimum reliability and maximum significance
approach, with model performance assessed using the ET, RF, XGB, and LGBM classifier as in
mentioned above section. To further optimize the feature sets, we have performed feature reduction
on the ALLL. COMP features using two L1-regularized approaches: SVC-L1 and Lasso-L1. Using
the SVCL1 with three different regularization strengths (C =0.001, 0.01, and 0.1), the feature set
is reduced to 31, 273, and 652 features, respectively. Similarly, Lasso L1 regularization with A

values of 0.1, 0.01, and 0.001 selected 19, 143, and 527 features, respectively. Afterwards,
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prediction models were developed using different ML algorithms. As shown in Figure 6.8A, the
SVCLI method with C = 0.01, resulting in a 273 feature subset, achieved the improved AUROC
and MCC (0.80 and 0.45, respectively) while maintaining a balanced sensitivity and specificity on
the RF model. Notably, this performance was comparable to that of the best-performing DPC
features based models.

6.4.5.2 Feature Selection on DPC Features

As shown in Figure 6.7, the DPC descriptors (400 feature matrix) achieve the highest performance,
with a maximum AUROC of 0.80 on the validation dataset. We further applied the above-
mentioned feature selection techniques and calculated the performance on the top-performing ML
classifiers, including ET, LGBM, RF, and XGB (shown in Figure 6.8B). Overall results showed
that the predictive performance improves with an increase in the number of features. While
aggressive feature reduction using strong LASSO-L1 regularization (A = 0.1) or very low SVC-L1
regularization (C = 0.001) led to a notable decline in AUROC and MCC. In particular, feature sets
selected using mRMR (200 to 300 features), LassoL1 (A=0.001), and SVC-L1 (C=0.01) achieved
the most balanced performance across best classifiers, with validation AUROC values ranging

from ~0.79 to 0.80 and MCC values of up to ~0.41-0.43.
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Figure 6.8 The top classifier performance on different sets of features (validation dataset) using the
mRMR, LassoLl, and SVC-L1 feature selection (A) on hybrid features (B) DPC features.

6.4.6 Performance of binary profile-based models

The classification models have been developed using a binary profile of different patterns such as
4,6, 8, 10, and 12, where a pattern is represented by a vector of dimensions Nx21 (N is the length
of the pattern). We computed the performances, and it was shown that N8C8 achieved the
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maximum AUROC of 0.73 (see Figure 6.9). In the case of a binary profile using N(X), the AUROC

was 0.75 on the validation dataset (see Figure 6.10).
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Figure 6.9 The AUROC curve showing the performance of N8-C8 sets of binary profile patterns
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Figure 6.10 The AUROC curve showing the performance of N-terminal (X) padding of binary profile

patterns

6.4.7 Performance on Large Language Models (LLMs)

6.4.7.1 Protein language models

Further, we have evaluated the performance of LLMs on the validation dataset by finetuning the

model on the training dataset. As shown in Figure 6.11A, among the ESM models, ESM2-t33

achieved the best overall performance with a sensitivity of 68.45%, specificity of 67.25%,
accuracy of 67.86%, and an AUROC of 0.76, corresponding to the highest MCC value of 0.36.

PeptideBERT demonstrates a balanced behavior with a sensitivity of 67.38% and specificity of
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61.53%, achieving an overall accuracy of 64.48%, an AUROC of 0.72, and an MCC of 0.29.
ProtBert (epoch 3), on the other hand, showed the highest sensitivity (89.53%) but very low
specificity (46.25%), leading to a balanced performance (Accuracy 68.06%, AUROC 0.74, MCC
0.40).

6.4.7.2 Embeddings from fine-tuned PLMs

To investigate whether fine-tuning improves predictive performance, we generated fixed-length
protein representations by extracting embeddings from protein language models. Each protein
sequence was represented as a vector obtained by averaging the embeddings of its individual
residues [317]. We also evaluated embeddings obtained from a fine-tuned protein language model.
Machine learning models were then trained using different classifiers, and their performance is
presented in Figure 6.11B. Among the evaluated models, the Extra Trees (ET) classifier achieved
the best performance, with a maximum AUROC of 0.76 using ESM2-t33 embeddings on the
validation dataset. Although larger ESM-2 variants (e.g., 3B and 15B parameters) may provide
richer representations, their substantially higher memory requirements and computational cost

make them impractical for large-scale analyses.
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Figure 6.11 The AUROC curve performance of (A) LLMs, (B) ET classifier on the embeddings
extracted using LLM on the validation dataset

6.4.8 Quantum SVM

Among quantum ML techniques, QSVM have attracted considerable attention as quantum-
enhanced extensions of classical SVMs. By exploiting quantum kernel methods and quantum
feature spaces, QSVMs aim to process high-dimensional data more efficiently and potentially
improve classification performance. However, the practical benefits of these approaches remain

dependent on advances in quantum hardware and continued improvements in algorithmic design
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[318]. To identify effective predictive models for our classification task, AAC was used as a
standardized input representation for both classical ML models and the QSVM framework. In our
experiments, the RF classifier emerged as the most robust model, achieving the best validation
performance with an AUROC of 0.77 and an MCC of 0.36. Performance of the QSVM improved
with increasing qubit count. The best configuration used 14 qubits and gave an AUROC of 0.66
and an MCC of 0.31 on the validation set (Table 6.2), compared with AUROC 0.77 and MCC 0.36
for the RF classifier on the same AAC features. Classical ensemble methods therefore remain the
stronger option for this task. The gap is consistent with the known limitations of present-day
quantum hardware, namely restricted qubit availability, noisy qubits and high error rates. Whether
quantum kernels can eventually exceed classical methods on problems of this type will depend on

progress in kernel design and hardware scalability [319].

Table 6.2 Performance of comparison of QSVM with classical ML classifiers on composition-based
features

= Model Sens (%) Spec (%) Accuracy (%) AUROC F1 MCC
% Training 76.47 73.38 74.93 0.75 0.75 0.50
< Validation 68.34 63.06 65.70 0.66 0.67 0.31
Training 69.96 71.53 70.75 0.79 0.71 0.42
E Validation 67.92 68.35 68.13 0.77  0.68 0.36
© | Training 66.77 65.69 66.23 0.72  0.66 0.33
% Validation 64.83 63.85 64.34 0.71  0.65 0.29

6.4.9 Motif Analysis

Comprehensive motif analysis was performed using the established MEME-MAST suite to
identify signature sequence patterns associated with allergenic and non-allergenic peptides. Motifs
were first discovered from the training dataset and subsequently scanned against the independent
validation dataset to assess their occurrence and biological relevance. The top 10 motif hits,
identified under minimum site thresholds of 10 and 5, are presented in Figures 6.12 A and 6.12 B,
respectively. In addition, detailed motif coverage, along with the ensemble results obtained by
combining MEME-MAST analysis with the best-performing SVC-L1 (C = 0.01) feature-selected

machine learning prediction scores, is provided in Table 6.3.
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Figure 6.12 Ten discriminative motifs that were found in allergen (A) with minimum number of sites
10; (B) with minimum number of sites 5

Table 6.3. The performance of motifs on best performing ML score on validation dataset

Number of Motifs | Number of sites | Sens (%) | Spec (%) | Acc (%) | AUROC F1 MCC
B =
E Zé 10 10 71.81 70.94 71.38 0.80 | 0.43 0.43
<
== 10 5 71.54 70.67 71.11 0.79 | 0.71 0.42

6.4.10 Final Model

We observed that SVCL1 (C =0.01) selects 273 features from the 1165 features of ALL_ COMP,
yielding the best performance with a smaller feature subset. Therefore, we have selected these
features as a final prediction model. The complete performance was shown in Table 6.4. The ET
classifier performs the best among different classifiers, achieving an AUROC of 0.81 and an MCC
of 0.44 on the validation dataset with balanced sensitivity and specificity. Other classifiers, such
as RF, XGB, and LGBM, also have similar performance. To improve the interpretability of the

model, SHAP was performed and features were ranked according to their mean absolute SHAP
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value. As shown in Figure 6.13, the most influential feature was a composition-enhanced
transition-distribution descriptor (CeTD 100 p POI, mean [SHAP| = 0.182), followed by the
amino-acid-composition features AAC Q (glutamine, 0.164) and AAC C (cysteine, 0.123), a
distribution descriptor (DDR_M, 0.155), and additional CeTD descriptors (CeTD 100 p SAI,
CeTD _SA1, CeTD 100 p HB3, CeTD_VW2).

Table 6.4. Performance of different classifiers on the SVCLI (C 0.01) features

Training Dataset
Model | sitivity (%) _ Specificity (%) __ Accuracy (%) AUROC MCC
ET 71.58 72.27 71.93 0.81 0.44
LGBM 71.72 71.23 71.47 0.8 0.43
XGB 705 70.72 70.61 0.79 0.41
RF 71.24 71.94 71.59 0.8 0.43
SVC 7121 70.42 70.81 0.78 0.42
KN 67.82 68.96 63.39 0.76 0.37
MLP 68.53 68.25 63.39 0.76 037
LR 67.75 67.17 67.46 0.75 0.35
GNB 64.19 64.17 64.18 0.7 0.28
DT 64.73 62.51 63.62 0.68 0.27
Validation Dataset
ET 73.56 70.4 71.99 0.81 0.44
LGBM 70.6 73.12 71.85 0.8 0.44
XGB 72.35 70.81 71.58 0.8 0.43
RF 71.68 69.58 70.64 0.8 0.41
SVC 71.68 71.76 71.72 0.79 0.43
KN 67.79 69.44 63.61 0.77 0.37
MLP 7571 62.62 69.22 0.75 0.39
LR 65.77 70.26 63 0.74 0.36
GNB 66.04 63.17 64.61 0.7 0.29
DT 63.73 58.94 63.87 0.69 0.28

6.5 Benchmarking of available methods

We compared our method with available existing allergen prediction methods to benchmark
performance on the validation dataset (Table 6.5). The pLM4Alg (2024) models demonstrated
moderate performance compared with existing approaches, achieving accuracies between 66.31%
to 67.79% and AUROC values of 0.73 to 0.75. Among these, pLM4Alg 1280 achieved an
AUROC of 0.75 but remained below balanced performance. The available methods showed
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weaker and less balanced performance. AllerTop v.2 (2014) and ProAll-D (2022) achieved an
AUROC of 0.57 and 0.54, respectively with low MCC values (0.14 and 0.07). Meanwhile,
AlgPred2 (2021) and AlgPred (2006) achieved a high specificity (83.89% and 88.19%) and low
sensitivity (23.46% and 23.87%), with AUROC (0.54 and 0.52) and MCC (0.09 and 0.16). This
underscores the need for more robust strategies for peptide prediction that demonstrate more

balanced predictive performances.

CeTD_100_p_PO1 0.182

AAC_Q

CeTD_100_p_SA1l

AAC_G
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CeTD_100_p_HB3
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0.000 0025 0050 0075 0100 0125 0150 0175  0.200
Mean(|SHAP value|)

Figure 6.13 SHAP-based feature importance for the allergenicity prediction model.

Table 6.5. The comparison of available methods on the validation dataset

Validation Dataset
Method Year Sens (%) Spec (%) Acc (%) | AUROC MCC
PLM4Alg 1280 2024 77.72 57.71 67.79 0.75 0.36
PLM4Alg 640 2024 69.93 65.48 67.73 0.74 0.35
PLM4Alg_480 2024 74.63 59.07 66.91 0.73 0.34
pLM4Alg 320 2024 70.20 62.35 66.31 0.73 0.33
AllerTop v.2 2014 60.00 53.47 56.76 0.57 0.14
ProAll-D 2022 63.62 43.66 53.72 0.54 0.07
AlgPred?2 2021 83.89 23.46 53.92 0.54 0.09
AlgPred 2006 88.19 23.87 56.29 0.52 0.16
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6.6 Limitations

Currently, available allergens prediction methods that is considered for safety evaluations majorly
focuses on the whole protein based analysis, which present significant limitations. These methods
do not explicitly evaluate discrete IgE-binding epitope or allergenic peptides. Therefore, an
efficient machine learning method, based on identifying a set of allergenic peptides is the need of
the hour. In this study we have a prediction method for the identification of allergenic and non-
allergenic peptides. However, this study has certain limitations. First, the negative dataset was
less rigorously curated than the positive dataset. Although, a large portion of non-allergenic
peptides were obtained from experimentally validated negative epitopes and previously published
datasets, a small portion of the negative set consisted of Swiss-Prot derived peptides that were
assumed non-allergenic based on the absence of allergen annotations. Second, potential sequence
overlap between the training datasets of previously published allergen prediction methods and our
independent validation. We did not perform a rigorous assessment of data overlap for the existing
methods, primarily because their performance was already substantially lower than that of our
method. Finally, the study lacks of a completely independent external validation dataset derived
from separate experimental studies or platforms, primarily due to the limited availability of well-
characterized allergenic and non-allergenic peptide data. Future studies incorporating more
rigorously curated negative datasets and independent external validation cohorts will further

strengthen the robustness and generalizability of the proposed method.

6.7 Web Server Implementation

A web based platform named “AlgPred3” was developed to provide user-friendly access to the
prediction models and enable researchers to analyze peptide sequences without local installation

(available at https://webs.iiitd.edu.in/raghava/algpred3/). The web server provides four modules:

(1) Prediction, (ii) Design, (iii) Protein Scan and (iv) Motif Scan. The Prediction module accepts
peptide sequences in FASTA format and classifies each as allergenic or non-allergenic peptides.
The Design module generates all single-residue mutants of a query peptide and returns a prediction
score for each, allowing users to identify substitutions that reduce allergenic potential. The Protein
Scan module locates allergenic regions within a full-length protein, and the Motif Scan module

detects allergenic-associated motifs. The server uses a responsive HTML front end and runs on
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standard desktop and mobile browsers. Standalone and pip-installable versions are distributed

through GitHub and PyPI.

6.8 Discussion and conclusion

Traditional experimental approaches for identifying allergenic proteins and mapping their IgE-
binding epitopes require substantial time, cost and laboratory effort. These constraints restrict the
number of candidates that can be assessed and therefore slow the development of immunological
diagnostics and targeted therapeutics [130,320]. The computational tools play a crucial role in
achieving these objectives by enabling rapid and cost-effective allergen prediction. Previously,
developed computation tools not accessible and not specifically designed for peptides prediction.
In the present study, we developed AlgPred3, an advanced computational framework for the
prediction of allergenic peptides. The allergens dataset was collected from several databases and
prediction methods. For the non-allergens dataset, we have generated random peptides of the same
length using the Swiss-Prot database. Most epitopes fall within a narrow range, typically between
8 and 20 amino acids, indicating a strong concentration of data points in this region. Firstly, we
analyzed the amino acid composition of allergens and non-allergens. Among all the amino acids
Glu, Pro, Arg and GIn were more abundant in allergens. The positional analysis reveals that amino
acid ‘Pro’, ‘Arg’, and ‘Glu’, highly conserved in the allergens. We have used composition-based
features, binary profile patterns, LLM and LLM embeddings. We further use mRMR, Lasso-L1
and SVC-L1 method of feature selection. After that various prediction models using different ML
techniques such as DT, ET, KNN, LR, GNB, XGB, MLP, LGBM, RF, and SVC was developed.
It was shown that ET classifier model with SVC-L1 (C=0.01) composition consistently
outperformed others, achieving the AUROC of 0.81 and MCC of 0.44 on an independent
validation dataset. To facilitate accessibility and reproducibility, we have provided AlgPred3 as a

freely available web server (https://webs.iiitd.edu.in/raghava/algpred3/), along with standalone,

PyPI, and GitHub packages. AlgPred3 represents a significant advancement offering improved
predictive applicability for peptide allergens. We anticipate that it will serve as a valuable resource
for new research opportunities in fields such as therapeutic development, vaccine design, protein
engineering, and other biotechnological applications, thereby contributing to safer product

development and better management of allergic diseases.
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7.1 Introduction

Biotechnological research and development frequently requires the identification of proteins
capable of maintaining their structural integrity under high-temperature conditions [154]. Proteins
are extremely versatile biomolecules that are necessary for all living things. They control a wide
range of biological processes, and their ability to function is primarily dependent on how stable
they are at room temperature. The melting temperature (Tm), which is the temperature at which a
protein loses its native conformation, is frequently used to describe the thermal stability of
proteins. Thermostable proteins are widely utilized in medical research and clinical applications,
where they serve as stable scaffolds for drug delivery systems, enzyme engineering, diagnostic
assays, and therapeutic interventions. Therefore, rational protein design requires an understanding
of the factors governing protein stability [141,321]. Additionally, thermostatable proteins are
widely used in pharmaceutical development, industrial production, and medical treatments.
[23,140]. However, accurate determination of protein Tm in laboratory settings requires complex
experimental procedures, including protein expression, purification, and specialized
instrumentation. Examples of frequently used experimental methods include Fourier Transform
Infrared (FTIR) spectroscopy, Thermal Proteome Profiling (TPP) based on Mass Spectrometry,
Differential Scanning Calorimetry (DSC), Circular Dichroism (CD) spectroscopy, and Differential
Scanning Fluorimetry (DSF) [140]. Owing to their high cost and technical complexity, these
methods are impractical for genome-scale screening of protein thermostability. Consequently,
computational approaches that predict protein thermostability directly from sequence information
are highly desirable. Several computational tools have previously been proposed to predict protein
Tm, including DeepTM, DeepSTABp, ProtStab2, iStable2, TemStaPro, and ProLaTherm.
However, most of these models are trained on redundant datasets (Table 2.6) and may fail when
applied to proteins with low similarity to training sequences. Thus, it is necessary to use
standardized bioinformatics protocols to develop predictive methods based on non-redundant

protein datasets.

7.2 Overview of the study

The study's overall workflow is shown in Figure 7.1, and the subsequent subsections offer detailed
descriptions. DeepSTABp, a deep learning-based method created to forecast protein thermal

stability, provided the dataset used in this study [147]. To reduce sequence redundancy, CD-HIT
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clustering was applied at a 40% sequence identity threshold (described in Section 3.3). The
resultant dataset was used to train, test, and evaluate models built with deep learning, large
language models, and different machine learning techniques. Protein features were generated using
the Pfeature software as well as embeddings derived from protein language models. Following
model development, 10-fold cross-validation was used to evaluate performance, and an
independent validation dataset was used to evaluate the final model that was chosen. A standalone

software (https://webs.iiitd.edu.in/raghava/pptstab/stand.php) and web-based platform PPTStab

(https://webs.iiitd.edu.in/raghava/pptstab/) have been developed to make it easier for researchers

to predict protein melting temperature (Tm) and design proteins with optimum thermal stability.
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Figure 7.1 The overall architecture of the method (adopted from [143])

7.3 Material and Methods

7.3.1 Data collection and Preparation

The DeepSTABp dataset, which is primarily based on the Meltome Atlas [205], yielded 35,114
protein entries in total. The Meltome Atlas, which collects TPP experiments conducted on a variety
of organisms, includes studies involving heat treatment of both intact cells and protein lysates
[140]. The corresponding protein sequences were obtained from the UniProt and UniParc
databases. The dataset covers a wide range of taxa, including Bacillus subtilis, Oleispira antarctica,
Thermus thermophilus, Pyrococcus torridus, Geobacillus stearothermophilus, Mus musculus,
Homo sapiens (K562 and hepatocytes), Saccharomyces cerevisiae, Caenorhabditis elegans, Danio

rerio, Arabidopsis thaliana, Drosophila melanogaster, and Escherichia coli[140,205]. Protein
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sequences with non-standard residues (U, Z, O, B, J, or X) or longer than 2,500 amino acids were
not included. With a 40% sequence identity cutoff based on its greedy incremental clustering
algorithm, CD-HIT clustering [206] was used to reduce redundancy, guaranteeing that no pair of
sequences shared more than 40% similarity. 17,312 non-redundant protein sequences were left
over after preprocessing. The dataset was split 80:20 between training and validation sets to build
and evaluate the model; 3,463 sequences were used for validation and 13,849 sequences for

training.

7.3.2 Features engineering
7.3.2.1 Protein composition descriptors

The composition module of the Pfeature software was utilized to transform protein sequences into
numerical feature vectors, as explained in Section 3.7.1. Pfeature is a comprehensive library for
calculating numerical features from peptide and protein sequences and their structures. It provides
five primary modules for feature computation: composition-based descriptors, binary profile-
based features, structure-based features, evolutionary information-based descriptors, and pattern-
based descriptors. In the present study, only composition-based features were utilized. A total of
15 descriptor types were calculated, including AAC, RRI, DDOR, ATC, BTC, PCP, CTC, CeTD,
SEP, SER, SPC, QSO, SOCN, PAAC, and APAAC. The dimensionality of the resulting feature

vectors is summarized in Table 3.3.

7.3.2.2 Protein Language Model Embeddings

The embeddings of sequence were generated using ProtBERT, a BERT architecture based
pretrained PLM [257]. From ProtBERT's last hidden layers, 1024-dimensional vectors were
extracted to represent each protein sequence, commonly referred to as embeddings. In contrast to
the initial BERT model, that incorporates next-sentence prediction, ProtBERT considers every
protein sequence to be a complete document. The model employs a masked language modeling
strategy in which up to 15% of amino acids are randomly masked during training. Protein
sequences were tokenized as uppercase amino acid characters separated by spaces. The vocabulary
contained 20 tokens that represented the 20 standard amino acids (A, C,D, E, F, G, H, L K, L, M,
N,P,Q,R,S, T, W, Y, and V) and excluded non-natural amino acids. For optimization, the LAMB
(Layer-wise Adaptive Moments) optimizer was used with a learning rate of 0.002 and a weight

decay of 0.01. This procedure generated a 1024-dimensional embedding vector for each sequence,
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placing proteins in a high-dimensional feature space that captures contextual relationships among
amino acid residues [257]. Additionally, embeddings were also extracted using other protein
language models, including Ankh, ProtGPT2, ProsT5, ProtT5-XL-UniRef50, and ProtBERT
(describe in Section 3.9.2).

7.3.3 Normalization

A critical preprocessing step that rescales calculated features to a common numerical range is
normalization. This transformation improves model stability, speeds up convergence, and
enhances predictive performance by preventing variables with large magnitudes from
disproportionately influencing the learning process. In this study, the Min—Max scaling method
was used to map feature values to a fixed interval of either [0, 1] or [1, 1], depending on the
requirements of the learning algorithm [322]. The normalization procedure, defined in Equation
15, ensures that all input attributes contribute comparably during model training and aids in
identifying meaningful patterns. The Min—Max scaler was used to first normalize the composition-
based descriptors in the training dataset. The independent validation dataset was then subjected to
the same scaling parameters. By using the same transformation parameters, the suggested method's
overall predictive performance is enhanced, consistency across datasets is maintained, and model
generalization is supported.
v —vmin

z' = - [15]
vmax —vmin

where z is the normalized value, v represents the original feature value, and Vmin and Vmax denote the minimum

and maximum values of that feature, respectively.

7.3.4 Regression Model Development

To construct a reliable framework, several types of regression algorithms were evaluated. For this
purpose, the scalable automated machine-learning platform H20 AutoML (version 3.46.0.4) was
employed [323]. Standard performance metrics, such as the PCC and the R2, were used to evaluate
all available regression algorithms after they had been trained on the training dataset. The six top-
performing techniques SVR, ET, NuSVR, LightGBM, CatBoost, and MLP, were chosen for
further investigation based on their performance. While the LGBM model [324,325] were

implemented in Python using the scikit-learn library. Initially, algorithms that had significant
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predictive potential were found using default hyperparameters. Additionally, a custom ANN was
made using TensorFlow. Using the ReLU activation function, the network had four fully connected
hidden layers with 256, 128, 64, and 32 neurons each, followed by a single output layer [326]. The
model was trained using mean squared error (MSE) as the loss function and then optimized using
the Adam optimizer to increase convergence and decrease overfitting [327]. A unified predictive
framework was then created by combining the ANN with an MLP regressor (Figure 7.2). The
outputs of both models were averaged to produce final predictions, which led to an ANN+MLP

ensemble intended to enhance overall prediction performance.
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Figure 7.2. Architectural diagram of ANN combined with MLP model (adopted from [143])
7.3.5 Model evaluation

Following the procedure described in Section 3.12, ten-fold cross-validation (k = 10) and an
independent validation dataset were used to assess the model's performance. Using the standard
regression metrics described in Section 3.13.2, such as the PCC, MSE, MAE, RMSE, and R2,

predictive accuracy was measured. The training and validation datasets were used to compute

these metrics.
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7.4 Results

7.4.1 Protein Composition Analysis

Previous study explored the relationship between the thermal stability of globular proteins and
their amino acid composition [328]. We separated proteins into two groups according to their
melting temperature (Tm): Tm > 50 °C and Tm < 50 °C in order to examine this relationship in
our dataset. Figure 7.3 shows the results of applying Equation 1 (Section 3.5) to calculate the mean
residue composition for each amino acid for both groups. Higher frequencies of leucine (L),
alanine (A), glycine (G), and glutamic acid (E) were found in thermostable proteins. However,
proteins with lower melting temperatures (Tm < 50 °C) had higher amounts of serine (S), lysine
(K), glutamine (Q), and histidine (H). These compositional differences can be explained by the
physicochemical roles of the residues. The enrichment of glutamic acid (E) in the more
thermostable group is consistent with the well-documented contribution of charged residues to
thermal stability: glutamate forms salt bridges and ion-pair networks that stabilise the folded state
and raise the melting temperature, an effect shown to be more prevalent in thermophilic proteins
[329]. Leucine (L) and alanine (A) act mainly through the hydrophobic effect and tight packing,
leucine strengthens the hydrophobic core, while alanine, a strong a-helix former with a small side
chain, stabilises secondary structure and allows dense packing. Notably, both glutamate and
leucine belong to the IVYWREL set (Ile, Val, Tyr, Trp, Arg, Glu, Leu), whose combined
abundance correlates strongly with the optimal growth temperature of organisms, which supports

our observation [330].

7.4.2 Correlation of Tm with Descriptors

We initially calculated the percentage composition for selected descriptors-including AAC, SER,
PAAC, and APAAC that demonstrated the best predictive performance (Table 7.2). Subsequently,
the correlation between residue composition and Tm was determined for each amino acid type, as
illustrated in Figure 7.4. The amino acids exhibiting the strongest positive and negative
correlations with Tm are summarized in Table 7.1, which presents the top correlations across the

different composition-based descriptors.
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Figure 7.3. Average percent amino acid composition of thermostable (Tm > 50 °C and Tm < 50 °C)
proteins

Table 7.1 Top positively and negatively correlation features across descriptor (adopted from [143])

Descriptor Positive Correlation Negative Correlation

Feature Correlation Feature Correlation

AAC R (Arg) 0.24 Q (GIn) -0.25

L (Leu) 0.21 T (Thr) -0.22

SER S (Ser) 0.25 R (Arg) 0.22

Q (Gln) 0.30 G (Gly) -0.19

PAAC lam1 0.26 Q (GIn) -0.25

R (Arg) 0.24 T (Thr) -0.22

APAAC R (Arg) 0.24 Q (GIn) -0.25

L (Leu) 0.21 T (Thr) -0.22
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Figure 7.4. The correlation between the percent composition of AAC, SER, PAAC, and APAAC residues
and Tm (adopted from [143])

7.4.3 Development of Prediction Models

After developing multiple regression models using various composition-based feature sets, the

ANN+MLP ensemble model demonstrated superior performance compared with all other models

(Figures 7.5 and 7.6). Among the 15 evaluated descriptors, SER, APAAC, PAAC, and AAC

contributed most significantly to predictive performance. Furthermore, on the validation dataset,

the SER descriptor achieved the best results, with a PCC of 0.80 and a R? value of 0.63.
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Figure 7.5. The PCC of different regressors on different feature type (Validation dataset)
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Coefficient of determination (R?)
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Figure 7.6. The R2 of different regressors on different feature type (Validation dataset)
7.4.3.1 Composition-Based Model Performance

We developed a prediction framework based on these findings, with the main input feature being
the Shannon entropy of residues (SER) composition. A 20-dimensional vector representing the
standard amino acids was used to encode each protein sequence. Additionally, a categorical
variable was added to indicate whether the measurements were taken under “lysate” or “cell”
experimental conditions. These SER descriptors were used to train multiple regression algorithms
that estimate protein melting temperature (Tm). The melting temperature was transformed to a 0-
1 scale as a preprocessing step, so that all error metrics are expressed as a percentage of the
temperature range; ten-fold cross-validation was used to assess model performance. The outcomes
are shown in Table 7.2. The ensemble ANN + MLP model performed best, achieving an R? of 0.63
and a PCC of 0.80 on the validation dataset, with a mean absolute error of 7.01%, corresponding
to a percentage error of approximately 7% (Table 7.2). The remaining regressors gave comparable
results (MAE 7.07-7.50%, R* 0.57-0.60), indicating that performance was limited by the feature
representation rather than by the choice of algorithm. Overall, these values show that the SER
feature set by itself did not offer optimal predictive accuracy, which motivated the use of protein

language model embeddings.
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Table 7.2. Performance of different regressor models on SER features

Training Dataset Validation Dataset
Model R(MCS)E I(W(S:]i 1‘(’[‘(":;3 PCC | R® | MAPE R(MCS)E I(W(S:]i 1‘(’[‘(":;3 PCC | R? | MAPE
SIS 550|025 41s| 0s0| o064 | s86| s562|31s5| 422| o0s0| 9| 895
ET 550 3029 | 410| 080 | 064| 874| 579|3357| 420 077| Y0| om
LGBM | 564|318 | 419| 079| 062| 890| 587|3446| 433 | 076 | 3| ol
MLP 581| 3381 | 439 077| 060 | 930| 591 |3496 | 44s| 077| "3 | 923
sy 567| 3200 423| 079 062| 889| 5963556 | 441| 076 | 3| 924
SVR 569 | 3242 | 433 | 078 | o61| 917| 5873451 | 441| o077| "3 927

# RMSE, MSE, and MAE are reported in actual temperature units (°C and °C?. MAPE (%) is the mean absolute
percentage error, i.e. the average absolute prediction error expressed as a percentage of the observed Tm. PCC and
R? are unitless.

7.4.3.2 Protein Language Model Embedding Performance

A prediction framework was developed using pretrained protein language model ProtBERT as a
fixed feature encoder without fine-tuning to obtain sequence representations [331]. Regression
models for Tm prediction were trained using a complete feature set of 1,026 features that were
created by combining these embeddings with categorical indicators that represented “lysate” or
“cell” conditions. Embeddings generated from several additional PLMs (Ankh, ProstT5, ProtT5-
XL-UniRef50 and ProtGPT2) were also evaluated without fine-tuning, and various regression
algorithms were trained on each representation. ProtBERT and ProtT5-XL-UniRef50 embeddings
performed comparably and both clearly outperformed Ankh, ProstT5 and ProtGPT2. The best
overall performance was obtained with the ProtBERT-based ANN+MLP ensemble model,
achieving a PCC of 0.89 and an R? of 0.80 on the validation dataset. This model also showed the
lowest prediction error, with an MAE of 5.00%, RMSE of 6.85% and MSE of 46.92 %?
corresponding to a percentage error of approximately 5% (Table 7.3). Compared with the SER-
based models (Section 7.4.3.1), which achieved a best R? of 0.63 and a percentage error of ~7%,
the language model embeddings substantially reduced prediction error and improved explained

variance, demonstrating the enhanced robustness and generalizability of the proposed approach.
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Table 7.3. Performance of regression models using different LLM embeddings

Training dataset Validation dataset
Model RMSE | MSE | MAE | PCC R* | RMSE | MSE | MAE | PCC R?
CO | CC) | €O CO | CC) | €O
ProtBert
ANN+MLP 3.97 1578 | 3.00 | 0.90 | 0.81 4.11 16.89 | 3.00 | 0.89 | 0.80
CatBoost 4.46 | 19.87 | 3.32 0.87 0.76 458 | 2096 | 334 | 0.86 | 0.75
NuSVR 4.6 21.18 | 3.38 0.86 0.75 4.67 | 21.79 | 3.36 0.86 | 0.74
Ankh
ANN+MLP 493 | 2432 | 3.61 0.84 | 0.71 5.03 | 25.28 | 3.61 0.83 0.69
CatBoost 5.88 | 34.57 | 435 0.77 0.59 5.9 3479 | 43 0.76 | 0.58
NuSVR 5.88 | 34.57 | 4.38 0.77 0.59 5.89 | 3472 | 4.36 0.76 | 0.58
ProstT5
ANN+MLP 533 | 2839 | 3.88 0.81 0.66 524 | 2744 | 3.77 0.82 | 0.67
CatBoost 6.58 | 43.32 | 4.83 0.69 0.48 6.62 | 43.80 | 4.79 0.69 | 047
NuSVR 6.1 3723 | 454 | 0.74 | 0.55 6.12 | 37.45 4.5 0.74 | 0.55
ProtT5-XL
ANN+MLP 4.07 16.55 | 3.07 0.89 0.8 4.12 16.99 | 3.09 0.89 | 0.79
CatBoost 4.45 19.82 | 3.32 0.87 0.76 4.49 | 20.14 | 3.35 0.87 | 0.76
NuSVR 4.39 19.29 | 333 0.88 0.77 4.36 19.03 | 3.23 0.88 | 0.77
ProtGPT2
ANN+MLP 494 | 2438 | 3.61 0.84 | 0.70 525 | 2756 | 3.64 | 082 | 0.67
CatBoost 544 129.62 | 3.99 0.80 | 0.65 5.54 | 30.67 | 400 | 0.79 | 0.63
NuSVR 5.65 | 3195 | 4.15 0.79 0.62 5.87 3443 | 4.23 0.77 | 0.58

7.4.3.3 Hybrid Feature Approaches

In this approach, models were developed using multiple combinations of input features. The
analysis revealed that ProtBERT embeddings outperformed all composition-based feature
representations. SER performed the best among the composition-based descriptors, with an R2
value of 0.63 and a PCC of 0.80 (Table 7.2). Other feature sets, such as AAC, PAAC, and
ProtBERT embeddings, were combined with SER descriptors to improve prediction accuracy
further. A combined feature matrix consisting of 1,046 attributes-comprising SER features,
ProtBERT embeddings, and the “lysate” or “cell” indicator,was used to train several regression
models. However, the ANN+MLP ensemble did not show improvement over previous approaches,
yielding a PCC of 0.89 and an R? of 0.79 (Table 7.4). It was found that combining SER features
with ProtBERT embeddings did not improve performance when compared to using ProtBERT
embeddings alone after evaluating various feature combinations. As a result, ProtBERT
embeddings are the sole basis for the final model chosen for this investigation and integrated into

the web server.
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Table 7.4. Performance of regression models using SER features with different features

Training dataset Validation dataset
Model RMSE | MSE | MAE | PCC R> | RMSE | MSE | MAE | PCC R?
CO) | CC) | CO) cO) | CC) | €O

A. SER with ProtBert embeddings
ANN+MLP | 399 | 1592 | 3.02 | 090 | 0.80 4.05 164 | 297 | 0.89 | 0.79

NuSVR 4.6 21.18 | 338 | 0.86 | 0.75 484 | 2339 ] 349 | 086 | 0.72
LGBM 4.51 20.3 332 | 0.87 | 0.76 4.6 21.18 | 335 | 086 | 0.74
MLP 434 | 1882 | 329 | 0.88 | 0.77 4.51 203 | 337 | 0.88 | 0.76
SVR 4.67 | 2179 | 3.53 | 0.86 | 0.74 485 | 2356 | 3.6 0.85 | 0.72
ET 448 | 2003 | 33 0.87 | 0.76 4.55 | 20.74 | 3.31 0.87 | 0.75

B. SER with AAC descriptor
ANN+MLP | 547 |2988 | 4.1 0.8 0.64 575 3311 | 432 | 0.79 0.6
NuSVR 573 13283 | 427 | 0.78 0.61 6.07 36.8 | 445 | 0.76 | 0.56

LGBM 5.6 314 | 416 | 0.79 | 0.62 632 13992 | 457 | 072 | 0.52
MLP 577 13325 ] 433 | 0.78 0.6 791 6263 | 652 | 0.76 | 0.24
SVR 577 3325 | 437 | 0.78 0.6 6.01 | 36.07 | 448 | 0.76 | 0.56
ET 5.51 304 | 4.09 0.8 0.63 6.05 | 36.58 | 4.51 0.76 | 0.56

C. SER with PAAC descriptor
ANN+MLP | 542 2935 | 4.08 | 0.81 0.65 572 | 32.76 | 4.31 0.79 0.6
NuSVR 5.72 32.7 | 426 | 0.78 | 0.61 6.01 | 36.07 | 4.4l 0.76 | 0.56

LGBM 559 13127 ] 416 | 0.79 | 0.62 6.13 37.6 | 447 | 0.74 | 0.55
MLP 579 | 33.52 | 437 | 0.78 0.6 7.11 | 5055 | 575 | 0.76 | 0.39
SVR 576 | 33.18 | 436 | 0.78 0.6 598 | 3578 | 447 | 0.76 | 0.57
ET 548 | 30.07 | 4.07 0.8 0.64 6.01 | 36.07 | 449 | 0.76 | 0.56

# RMSE, MAE and MSE are in degrees Celsius (MSE in °C? = RMSE?). PCC and R? are unitless.

7.4.4 Comparison with Existing Methods

Since several of the previously published methods listed in Table 2.6 are classification-based rather
than regression-based predictors, it was not possible to compare our approach with all of them.
Therefore, comparisons were limited to existing regression-based methods. Among the available
tools, only the DeepSTABp web server was operational, while others were either unavailable or
non-functional. The majority of DeepSTABp's dataset is derived from the Meltome Atlas, which
compiles TPP assays across various organisms, including studies involving heat treatment of cells
and protein lysates. ProtStab2 is an updated version of ProtStab that integrates data from the
Meltome Atlas. It seems that many of existing approaches are inconsistent
with standard bioinformatics guidelines, especially when it comes to removing redundant
sequences. In contrast, our model was developed using a carefully curated non-redundant dataset,
making direct comparison challenging, as most existing predictors were trained on redundant data.

Our approach performed similarly to the best-performing model, DeepSTABp, in terms of R2 and
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PCC as documented in the literature, even though we used more rigorous dataset preparation
criteria. As shown in Table 7.5, our method performs similarly to DeepSTABp and better than
earlier methods. Furthermore, our model was trained using 80% of the dataset and evaluated on
20% external validation data, whereas DeepSTABp used a 90% training and 10% validation split.
Additionally, it requires the growth temperature of the organism corresponding to the query
protein as input, while PPTStab does not require such information. Overall, our method was
developed and validated using rigorous and standardized protocols, demonstrating reliable and

robust predictive capability.

Table 7.5. Reported performance of existing regression-based predictors (adopted from [143])

PPTStab DeepSTABp ProTstab2 ProTstab

Metrics

Train Test Train Test Train Test Train Test
RMSE 3.97 4.11 2.35 4.30 6.99 9.09 0.16 0.19
MSE 0.26 0.28 5.54 18.46 48.89 82.75 0.02 0.04
MAE 3.00 3.00 1.81 3.22 5.20 6.93 0.12 0.15
PCC 0.90 0.89 0.97 0.90 0.76 0.80 0.79 0.74
R? 0.81 0.80 0.93 0.80 0.57 0.58 47.8 -8.50

7.4.5 Application: Large-scale Screening of Thermostable Proteins

PPTStab is prediction tool designed to predict protein Tm and to facilitate the identification of
thermostability of proteins. Such proteins are found across a broad range of organisms, from
extremophiles adapted to harsh environmental conditions to well-studied species including
bacteria, plants, and mammals, and they have significant utility in various biotechnological and
industrial applications [332,333]. Thermostable proteins are very useful in industry, especially for
enzymatic processes that require tolerance to temperature changes, such as those in the production
of biofuel, food, and pharmaceuticals. As stable components in drug delivery systems, diagnostic
tests, and therapeutic formulations, they play a significant role in biomedical research and
therapeutics in addition to industrial applications. Additionally, their stability facilitates important
clinical uses, such as the creation of heat-stable vaccines that can be distributed worldwide and
long-lasting biologics for the treatment of specific diseases [334].

To evaluate model performance and practical applicability, the UniProt database was used to

obtain reviewed proteomes. These proteomes focused on organisms that are adapted to different
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temperature environments, such as thermophiles, mesophiles, and psychrophiles, which survive at
temperatures between approximately 0 °C and above 60 °C [335]. The gram-negative, non-motile,
aerobic, and osmotolerant bacterium Psychrobacter frigidicola was one of the species chosen for
research. It is well-known for its use in biotechnological processes such as restriction
endonucleases, uracil-DNA glycosylases, and the synthesis of bioactive metabolites with medical
uses [336]. We also examine Shewanella oneidensis, a mesophilic and electrochemically active
bacterium that has been extensively researched in bioelectrochemistry studies and has an optimal
growth temperature of about 35 °C [337]. Lastly, a well-known thermophile that is widely
employed in structural genomics, genetic modification, and systems biology research, Thermus
thermophilus, was examined [143]. Table 7.6 provides a summary of the analysis's overall

conclusions.

Table 7.6. Distribution of proteins across Tm ranges in selected microorganisms (adopted from [143])

. . Total  30-40 40-50 50-60 60-70 70-80 80-90
Category Micro organism

Proteins °C °C °C °C °C °C
Psychrophile Psychrobacter 2298 026% 24.07% 53.68% 16.98%  4.70% 0.30%
frigidicola
Mesophile Shewanella 4068 032% 27.24% 52.19% 15.71%  4.40% 0.15%
oneidensis
Thermophile Thermus 2227 0.05%  4.28% 31.25% 3237% 22.51% 9.55%
thermophilus

In this analysis, the percentages represent the distribution of proteins from each microorganism
across different Tm ranges. The results indicate that Psychrobacter frigidicola shows the highest
proportion of proteins with stability in the 50-60 °C range, suggesting adaptability beyond strictly
cold environments. Shewanella oneidensis exhibits a broader stability profile spanning
approximately 40-70 °C, consistent with its mesophilic nature and preference for moderate
temperatures. In contrast, Thermus thermophilus demonstrates the greatest stability in the 60—70
°C range, which is characteristic of thermophilic organisms. These observations highlight that
although each microorganism is adapted to a specific environmental temperature, its proteome can
remain stable across a wider thermal range, reflecting evolutionary flexibility. The analysis also
shows how PPTStab can be used to identify thermostable proteomes. Interestingly, a similar
distribution of proteins across temperature ranges was observed for psychrophilic and mesophilic

organisms. One possible explanation is the composition of the training dataset, which
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predominantly contains thermophilic proteins or proteins with relatively high melting
temperatures. To develop a more generalized predictor, future models should incorporate balanced
datasets representing thermophilic, psychrophilic, and mesophilic proteins. Overall, the proposed
method is currently optimized for thermophilic proteins, making it particularly useful for

applications requiring high thermal stability, including biomedical and biotechnological processes.

7.5 SHAP-based interpretation

To interpret the PPTStab thermostability model, we applied SHapley Additive exPlanations
(SHAP) and ranked features by their mean absolute SHAP value. Figure 7.7 shows the top 15
contributing features. Because PPTStab uses ProtBERT embeddings as input features, the most
influential features are individual embedding dimensions (e.g., emb 311, emb 15, emb 910,
emb 310), with the single experimental feature (lysate) also ranking among the top contributors.
The embedding dimension emb 311 had the largest contribution (mean |[SHAP| = 0.0136),
followed by emb 15 (= 0.0090) and emb_910 (= 0.0083). Unlike composition-based descriptors,
individual embedding dimensions do not have a direct biochemical interpretation. The SHAP
analysis therefore identifies which learned dimensions carry the most predictive information for
melting temperature, but the underlying biochemical meaning of these dimensions is not directly
readable from the feature name.

Top 15 features driving Thermostability prediction

emb_311
emb_15
emb_910
emb_310
lysate
emb_313
emb_685
emb_716
emb_625
emb_816
emb_330
emb_738
emb_239
emb_534 Feature family

emb_633 . emb
B lysate

0.000 0.002 0.004 0.006 0.008 0.010 0.012 0.014
Mean |[SHAP value|

Figure 7.7. SHAP-based feature importance for the thermostability prediction model
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7.6 Web server and Standalone Implementation

PPTStab was implemented as an intuitive web server. Both standalone software and

raghava/pptstab  are  available at  https://webs.iiitd.edu.in/. This  URL is

https://webs.iiitd.edu.in/raghava/pptstab/stand.php. The web server offers two main components:
(i) Predict: enables users to predict the melting temperature of submitted protein sequences at
larger scale.
(ii) Design: enables systematic generation of all possible single-point mutant analogs and their
predicted Tm values, thereby supporting targeted design of thermostable proteins.
The Design module additionally computes multiple physicochemical properties including
hydrophobicity, charge, pl, molecular weight, amphipathicity, steric hindrance and others,
enabling rational interpretation of variant selection. The web server was developed using
responsive HTML templates for compatibility across devices and the standalone versions were

made available via GitHub (https://github.com/raghavagps/pptstab), and Python package

distribution (https://pypi.org/project/pptstab/).

7.7 Discussion and Conclusion

Experimental techniques for determining protein thermostability are costly and time-consuming;
therefore, computational approaches provide an efficient alternative for predicting protein melting
temperature (Tm). Understanding the behavior and functionality of proteins in a variety of
biological and industrial applications requires accurate Tm prediction. In contrast to many
previously published methods that relied on redundant sequence collections, we developed a new
method, using a carefully curated non-redundant dataset. The dataset was obtained from the
DeepSTABD resource, which largely derives data from the Meltome Atlas study, and sequence
redundancy was reduced using CD-HIT clustering at a 40% identity threshold. A variety of
composition-based descriptors and sequence embeddings from protein language models were then
used to train multiple regression algorithms, in addition to an extra categorical indicator that
showed for “lysate” or “cell” experimental conditions. Performance was evaluated both on
individual compositional features and on embeddings generated from different LLMs, as well as
combinations of these feature types. Among the traditional descriptors, the SER feature showed
the best performance; however, combining SER with other descriptors did not improve prediction

accuracy and was therefore excluded from the final model. When using a 1,026-dimensional
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feature vector on the validation dataset, the ensemble architecture that combined a custom ANN
with an MLP regressor trained on ProtBERT embeddings performed the best, obtaining an R2
value of 0.80 and PCC of 0.89. Embedding-based models significantly outperformed traditional
handcrafted features (e.g., SER, R? = 0.63). This improvement can be attributed to the contextual
nature of protein language model embeddings, which capture higher-order sequence relationships
and dataset-specific patterns, whereas traditional descriptors represent static sequence properties.
The lack of improvement in the combined SER + embedding model suggests that embeddings
already encode most of the informative sequence characteristics, rendering additional handcrafted
features redundant. Despite the promise of large language models, their deployment presents
challenges such as high computational requirements, scalability limitations, and the substantial
resources needed for fine-tuning. These constraints limit widespread accessibility and practical use
in many research environments. We created a user-friendly web server, PPTstab
(https://webs.iiitd.edu.in/raghava/pptstab/), that facilitates the design and prediction of
thermostable proteins in order to make the method accessible to researchers.

Limitations: PPTStab was trained on proteins drawn from bacteria, archaea, fungi, plants and
animals, so the reported performance represents average accuracy across taxa rather than accuracy
within any one lineage. Because thermal adaptation proceeds through different molecular
mechanisms in different groups, a single general model may fit some lineages better than others,
and taxon-specific models would be needed to resolve lineage-dependent determinants of
thermostability. A second constraint is the composition of the training data, which is weighted
towards proteins with high melting temperatures. This is the likely reason the predicted Tm
distributions of the psychrophilic and mesophilic proteomes in Section 7.6 were almost
indistinguishable. Finally, the model was evaluated on a held-out 20 percent split rather than on
an independently collected dataset, so its generalisability to data from other laboratories and assay
platforms remains untested. Furthermore, external validation using independently collected
datasets would further establish the robustness and generalizability of the proposed regression

model.
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8.1 Introduction

Antifreeze proteins (AFPs) are specialized polypeptides produced by a wide range of organisms,
including fish, plants, and insects, that allow their cells to survive in sub-zero environments. In
1950s, when Scholander and his colleagues discovered that some fish species could survive in
freezing seawater, which challenged the prevailing understanding of life in extremely cold
climates. AFPs have since been discovered in a wide range of organisms, including bacteria, fungi,
insects, and even mammals. By either preventing ice formation or regulating ice growth, these
proteins assist organisms in surviving extreme cold temperatures. AFPs have drawn a lot of interest
for use in food preservation, medicine, human cryosurgery, and even dairy processing like yogurt
production because of their special freeze-resistance property. Furthermore, because current
vaccines require a strict cold chain to avoid loss of potency caused by thermal denaturation or
degradation, the incorporation of AFP-like stabilization strategies could reduce refrigeration costs
and minimize vaccine wastage due to improper temperature exposure [160-162,338].

The global distribution of vaccines depends on an uninterrupted cold chain, and exposure to
freezing can be as detrimental as exposure to elevated temperatures, leading to protein
denaturation, aggregation, and loss of vaccine potency, particularly in resource-limited settings
[339]. Beyond identifying safe and immunogenic candidates, protein- and peptide-based vaccines
must remain stable throughout manufacturing, storage, and distribution. Antifreeze proteins
(AFPs), naturally produced by cold-adapted organisms, inhibit ice crystal growth and
recrystallization, thereby protecting proteins from freeze-induced damage. Consequently, AFPs
and AFP-inspired molecules are being explored as cryoprotective agents for the preservation of
biologics, including protein therapeutics and vaccine formulations [340,341]. In this context,
AFProPred complements the thermostability predictor PPTstab (Chapter 7) by addressing an
additional aspect of protein stability. While PPTstab focuses on identifying proteins with enhanced
resistance to heat-induced denaturation, AFProPred facilitates the identification of proteins with
freeze-protective properties. Together, these complementary tools support the broader objective of
developing stable protein therapeutics and vaccine candidates with improved storage and
distribution characteristics [342]. AFPs can be identified and characterized using a variety of
experimental methods. These include ice-etching [163], ice-affinity chromatography and
ammonium precipitation for AFP purification [343], fluorescence-based ice plane affinity (FIPA)

[164], and site-directed mutagenesis to identify ice-binding regions and mechanisms

133



Chapter 8

[163,166,343]. However, such experimental approaches are expensive, labour-intensive, and time-
consuming. Additionally, traditional similarity-based computational methods such as BLAST or
PSI-BLAST are often unable to detect distantly related AFPs due to their high sequence diversity
[167,176]. Various in-silico methods have been developed to differentiate AFPs from non-AFPs
in order to overcome these limitations (summarized in Table 2.7). One of the initial machine
learning-based methods utilizing a Random Forest classifier was presented in 2011 by
Kandaswamy and Chou [167]. In the same year, Yu and Lu presented iAFP, a predictor based on
SVM that uses a genetic algorithm to select features [168]. Later, several prediction tools were
released, such as AFP PSSM, AFP-PseAAC, AFP-ensemble, TargetFreeze, iAFP-Ense,
CryoProtect, afpCOOL, and RAFP-Pred. Miyata et al., AFP-LXGB, and PoGB-pred [344] also
explored boosting-based methods. More recently, sparse-representation-based classifiers such as
AFP-LSE and AFP-SRC have been proposed for AFP prediction [158]. Despite these
developments, a major limitation of many existing predictors lies in the datasets used for training
and evaluation, which often rely on unreviewed or redundant sequences. In the present study, we
made a systematic effort to construct a high-quality validation dataset of AFPs derived from the
reviewed Swiss-Prot database. We further developed a robust prediction framework by integrating
multiple strategies, including machine learning-based classification, sequence similarity analysis,
and motif/pattern detection. In addition, ensemble approaches were designed by combining two or

more predictive strategies to improve the reliability and accuracy of AFP identification.

8.2 Overview of the study

The entire workflow of the study is presented in Figure 8.1. The pipeline begins with compilation
of training AFP and non-AFP datasets, followed by redundancy reduction using CD-HIT at 40%
identity (described in Section 3.3). Two datasets were used: (i) a main dataset for training and
optimization, and (ii) an independent validation dataset comprising reviewed Swiss-Prot proteins
for unbiased evaluation. The approach evaluates alignment-based (motif discovery, BLAST
similarity) and alignment-free (machine learning) approaches. Additionally, it uses evolutionary
features from position-specific scoring matrices (PSSM) produced by PSI-BLAST. The best model
was ultimately made available as a standalone package and an easy-to-use web server at

https://webs.iiitd.edu.in/raghava/atpropred.
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8.3 Materials and Methods

8.3.1 Dataset Compilation and Pre-processing
AFProPred utilized two datasets: (1) a validation dataset for external evaluation, and (2) a main

dataset for model training.

1. Validation Dataset: We derived an independent/validation dataset by acquiring AFPs
from the Swiss-Prot's reviewed sequences. We retrieved 297 AFPs from UniProtKB
using relevant keyword in reviewed entries, complete list of keywords such as
[“Thermal Hysteresis”, “sea raven AFP”, “insect antifreeze prot motif™, “ice structuring
proteins”, “Hysteresis Protein”, “Fish Type II AFP”, “antifreeze type 3”, “antifreeze
type 27, “antifreeze type 17, “antifreeze sf”, “antifreeze glycoprotein”, “antifreeze”].
After eliminating redundant sequences and fragments, we got 80 non-redundant
sequences out of the 297 sequences. These 80 AFPs having ranging from 16 to 2439
amino acids used to validate our models. In order to create set of non-AFP, we searched
UniProtKB for the term “NOT antifreeze protein” and obtained 4,29,837. We got
81,339 non-redundant non-AFPs, after removing redundant sequence using CD-hit at
cut-off 40%. We randomly picked an equal number of negative sequences and then
removed sequences which are not in the range of more than 16 and less than 2439
amino acids. Finally, we have 73 non-AFPs and 80 AFPs in validation dataset for
evaluating our models.

2. Main dataset: We first extracted 49,352 unreviewed AFP sequences from the UniProt
database in order to create the AFP (positive) dataset for training our prediction model.
To follow standard bioinformatics practices and avoid redundancy bias, we applied the
CD-HIT program (see Section 3.3) and reduced sequence identity to 40%. A total of
8,134 positive sequences with lengths ranging from 37 to 12,385 residues were kept
after duplicate entries and sequences containing non-natural amino acids were
eliminated. For the negative dataset, 9,493 non-AFP sequences were obtained from the
existing prediction tool AFP-Pred. After non-natural amino acid-containing sequences
were eliminated, 9,439 non-AFP sequences were left. Altogether, the final training

dataset comprised 17,573 sequences, which were used for model training and

optimization.
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Figure 8.1 The overall workflow of the study (adopted from [158])

8.3.2 Composition-based Feature Extraction

To represent proteins numerically, we computed diverse composition-based descriptors using the
Pfeature framework, following the protocol described in Section 3.7.1. A total of 1,165 features
were computed including AAC (20), DPC (400), ATC (5), BTC (4), PCP (30), RRI (20), DDOR
(20), SER (20), SEP (1), CTC (343), PAAC (21), APAAC (23), QSO (42), SOCN (2), CeTD (189),
and SPC (25) detailed in Table 3.3.

8.3.3 Evolutionary Feature Generation (PSSM Profiles)

Protein evolutionary features are known to offer significant supplementary information beyond the
primary sequence composition. PSI-BLAST [231] was used to create PSSM profiles that included
evolutionary information (for more information, see Section 3.7.3). The PSSM-400 feature vector
was generated in this study using the “pssm_composition” module of the POSSUM package [238].
Within a protein sequence, this representation corresponds to a 20 % 20 dimensional composition
matrix that describes the occurrence and substitution propensity of the 20 standard amino acids.
For each sequence, PSI-BLAST searches were performed against the Swiss-Prot database to

generate the PSSM profile whenever homologous sequences were detected. For sequences where
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no homologs were identified and therefore no PSSM could be generated, a zero-filled PSSM-400

vector was assigned to maintain a consistent feature dimension across the dataset.

8.3.4 Feature Selection

A large number of redundant and irrelevant features may negatively impact model performance,
whereas a small number of features greatly help identify the target endpoint in most biological
datasets. This issue was resolved by applying feature selection techniques to identify an
informative subset of features from the original feature space. In a variety of fields, numerous
feature selection techniques have been developed and successfully applied [345]. The ensemble
minimum redundancy—maximum relevance (mRMR) method was employed in this study to rank
features according to mutual information (refer to Section 3.8). The top-ranked features selected
were extremely relevant in order to differentiate AFPs from non-AFPs while preserving the least
amount of redundancy between them. This improved the predictive model's robustness and

interpretability.

8.3.5 Selection of appropriate ML models

Several machine learning algorithms, such as KNN, RF, LR, GNB, ET, MLP, and XGB, were
evaluated in order to find an appropriate classifier for AFP prediction (see Section 3.9.1). Five-
fold cross-validation was used to train and evaluate the models, and an independent validation
dataset was used for additional validation (details in Section 3.12). A number of threshold-
dependent and threshold-independent metrics, such as sensitivity, specificity, accuracy, MCC,
Youden's Index, balanced accuracy, F1-score, and AUROC, were used to evaluate the model's

performance (see Section 3.13.1).

8.3.6 Alignment-based and Motif-based Methods

Similarity-based classification was implemented using BLAST+ (blastp). Query proteins were
searched against a BLAST database constructed from the training set. Proteins were classified
based on top-hit label (described in Section 3.10.1). In parallel, motif analysis was performed using
MERCI to identify exclusive and inclusive degenerate motifs enriched in AFPs. Several motif
configurations were explored, including no-gap, gap=1, gap=2 and Koolman—Rohm classes

(described in Section 3.10.2.1).
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8.4 Results
The Results section of this work is divided into numerous subsections, such as (i) AFP
compositional analysis, (i1) alignment-based and alignment-free methods, (iv) hybrid approaches,

(v) benchmarking, and (vi) web server implementation.

8.4.1 Compositional analysis

For each dataset, we determined the amino acid composition to analyze the frequency of specific
residues (refer to Section 3.5). It is possible to find unique patterns linked to potential AFPs by
analyzing the average amino acid composition of protein sequences. As shown in Figure 8.2, the
average residue composition for AFPs, non-AFPs, and the entire proteome was calculated in this
investigation. While leucine (L) and glutamic acid (E) are relatively enriched in the non-AFP
dataset, the results show that alanine (A), isoleucine (I), valine (V), and threonine (T) are more
abundant in AFPs (positive dataset). The differences between the average composition scores of
AFPs and the non-AFP dataset and the general proteome are further shown in Figure 8.3.
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Figure 8.2 Average amino acid composition of antifreeze proteins (AFPs) and non-antifreeze
proteins (non-AFPs)
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Figure 8.3 The differences in average-composition scores of AFPs compared to general
proteome and non-AFPs (adopted from [158])

8.4.2 Alignment-Based Method

8.4.2.1  Motifs Analysis

To identify characteristic sequence patterns associated with AFPs, we searched for exclusive and
inclusive motifs that could be used for AFP detection. Motif discovery was performed using the
open-source software MERCI. Since MERCI provides multiple search configurations, we
evaluated different parameter settings, including no gap (default), one-gap, two-gap, and the
Koolman—Rohm classification scheme. By default, MERCI uses an FN parameter (maximum
frequency in negative sequences) set to zero, which identifies exclusive motifs specific to the
positive dataset. To broaden the analysis and obtain inclusive motifs present in both positive and
negative datasets, we increased the FN value to 8. The top five motifs identified in each category,
along with the number of sequences in which they occurred, are summarized in Table 8.1.
However, only a limited number of sequences contained these motifs, indicating that motif-based

methods alone are insufficient for predicting the function of all proteins.

Table 8.1 Top 5 motifs exclusive and inclusive motifs along with the number of sequences in which
each motif was observed (adopted from [158])

Exclusive motifs (fn = 0) Inclusive motifs (fn = 8)

Motifs ‘ Pos ‘ Neg | Motifs ‘ Pos‘ Neg
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No gap

AAAAAAAAAAAAAA 234 0| AAAAAAAAAA 367 5
TAAAAAAAAA 216 0| AAAAAAAAAAA 328 2
AAAAAAAAAAAAAAA 212 0| TAAAAAA 326 7
AAAAAAAAAAAAAAAA 200 0| AAAAAAT 303 7
AAAAAAAAAAAAAAAAA 181 0| AAAAAAAAAAAA 292 1
Gap=1

AAAAAAgpPpAAAAAAAA 277 0| AAAAgapAAAAAA 407 5
AAAAAgapAAAAAAAAA 272 0| AAAAAgapAAAAA 404 6
AAAAgpAAAAAAAAAA 265 0| AAAgapAAAAAAA 403 5
AAAAAAAg pAAAAAAAA 257 0| AAAAAAgapAAAA 399 6
AAAgapAAAAAAAAAAA 254 0| AAgapAAAAAAAA 399 6
Gap=2

AAAAgapAAgapAAAAAAAA 296 0| AAAgapAAAAAgapAA 431 6
AAAgapAAAgapAAAAAAAA 291 0| AAgapAAAAgipAAAA 431 8
AAAgapAAgapAAAAAAAAA 291 0| AAgapAAAgapAAAAA 431 7
AAgapAAAAgapAAAAAAAA 291 0| AAAAAgapAAAgapAA 430 6
AAgapAAAgapAAAAAAAAA 280 0| AAAAgapAAAAgapAA 430 5
Class = Koolman—Rohm

aliphatic aliphatic A aliphatic aliphatic 295 0| aliphatic aliphatic A A A aliphatic 420 8
aliphatic aliphatic aliphatic aliphatic A A A A A alipha

aliphatic aliphatic

aliphatic A A aliphatic aliphatic aliphatic A 290 0| A aliphatic aliphatic aliphatic 413 8
aliphatic aliphatic A A aliphatic aliphatic aliphatic A al

aliphatic

aliphatic aliphatic A A aliphatic aliphatic 290 0 | aliphatic A aliphatic A aliphatic 412 8
aliphatic A aliphatic aliphatic A A aliphatic aliphatic A

aliphatic

aliphatic aliphatic A aliphatic aliphatic A A 290 0 | aliphatic aliphatic A A A aliphatic 411 8
aliphatic aliphatic aliphatic A A aliphatic aliphatic

aliphatic

aliphatic aliphatic A aliphatic aliphatic A 290 0 | aliphatic aliphatic A A aliphatic A 411 8
aliphatic aliphatic aliphatic A A A aliphatic A aliphatic

aliphatic

8.4.2.2 Similarity search approach

A widely used sequence similarity search tool, pPBLAST (BLAST+ 2.7.1), was employed to
perform alignment-based prediction. In this approach, a database was constructed using the
training dataset, and query sequences (from the test set) were searched against this database using
blastp at various E-value thresholds. Each query sequence was classified as AFP or non-AFP based

on the class of its top-scoring hit. Specifically, a query sequence was assigned as an AFP if its best
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match corresponded to an AFP; otherwise, it was classified as a non-AFP. A major limitation of
this method arises when a query sequence does not produce a significant hit against either AFPs
or non-AFPs in the database. Consequently, similarity-based approaches alone are insufficient for

predicting the function of all proteins.

8.4.3 Alignment-Free Method

As demonstrated above, alignment-based methods could not offer complete coverage. We built
models for antifreeze protein prediction using a variety of machine-learning techniques in order to
overcome this difficulty. Among these methods are RF, MLP, LR, XGB, KNN, ET, and GNB.
These models were created using a variety of compositional features, combined features,

evolutionary-based features, PSSM profiles, and selected features.

8.4.3.1  Compositional features

As discussed in Section 3.7.1, we use various composition-based feature types to build machine
learning-based prediction models. These features have been generated using the standalone
software “Pfeature”; different types of features, including the number of descriptors, are shown in
Table 3.3. The performance in terms of AUROC for these models on different types of protein
compositions on our validation dataset, which contains 80 AFPs and 73 non-AFPs, is shown in

Table 8.2.

Table 8.2 AUROC of different descriptors models on the validation dataset (adopted from [158])

Features XGB RF MLP LR KNN GNB ET
AAC 0.89 0.87 0.86 0.89 0.89 0.79 0.87
DPC 0.84 0.83 0.90 0.91 0.83 0.70 0.82
ATC 0.77 0.76 0.79 0.86 0.75 0.73 0.78
BTC 0.67 0.70 0.56 0.78 0.65 0.58 0.68
PCP 0.89 0.87 0.87 0.89 0.77 0.75 0.86
RRI 0.74 0.71 0.71 0.69 0.63 0.55 0.70
DDR 0.83 0.84 0.81 0.62 0.74 0.66 0.86
SER 0.88 0.87 0.87 0.87 0.89 0.77 0.86
SEP 0.67 0.65 0.68 0.68 0.62 0.69 0.64
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CTC 0.75 0.73 0.79 0.77
PAAC 0.88 0.88 0.87 0.89
APAAC 0.87 0.89 0.87 0.90
QSO 0.87 0.86 0.87 0.91
SOCN 0.66 0.67 0.66 0.65
CeTD 0.80 0.72 0.77 0.82
SPC 0.85 0.87 0.83 0.85

0.70
0.89
0.89
0.89
0.63
0.75
0.74

Chapter 8

0.65
0.78
0.80
0.77
0.72
0.66
0.71

0.74
0.88
0.89
0.83
0.68
0.74
0.85

8.4.3.2  PSSM profiles

Previous studies have demonstrated that evolutionary information—based models generally

outperform models relying solely on primary sequence features [236,266,346]. Therefore, in this

study, we investigated the contribution of evolutionary information to AFP prediction.

Evolutionary profiles for each protein sequence were generated using the POSSUM package,

which derives features from PSSM profiles. We successfully generated PSSM profiles for 146 out

of 153 proteins in the validation dataset; however, profiles could not be produced for seven AFP

sequences due to the absence of detectable homologs. The performance of the machine learning

models developed using PSSM-based features on the validation dataset (146 proteins) is

summarized in Table 8.3. As shown, models based on ET, XGB, and RF classifiers achieved a

maximum AUROC of 0.92 on the validation dataset, which contained 73 AFPs and 73 non-AFPs.

Table 8.3 Performance of PSSM based ML models (adopted from [158])

Training (8134 AFPs and 9439 non-AFPs)

Classifier

Sens (%) Spec (%) Accuracy (%) AUROC MCC F1-Score BAC (%) YI
ET 82.18 83.08 82.73 091  0.65 0.79 82.63 0.65
GNB 53.89 81.90 70.91 0.77  0.37 0.59 67.90 0.36
KNN 48.20 51.86 50.42 0.51  0.00 0.43 50.03 0.00
LR 79.88 79.39 79.58 0.87  0.58 0.75 79.63 0.59
MLP 62.27 62.25 62.26 0.66 0.24 0.56 62.26 0.25
RF 81.58 82.72 82.28 091  0.64 0.78 82.15 0.64
XGB 82.71 82.94 82.85 091  0.65 0.79 82.82 0.66

Validation (73 AFPs and 73 non-AFPs)
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ET 83.37 84.88 84.28 0.92  0.68 0.81 84.12 0.66
GNB 49.05 84.26 70.30 0.78  0.36 0.57 66.65 0.31
KNN 97.15 4.75 41.39 0.51 0.05 0.57 50.95 0.49
LR 82.13 81.89 81.98 0.89  0.63 0.78 82.01 0.62
MLP 68.44 81.89 76.56 0.81 0.51 0.70 75.16 0.31
RF 82.41 84.95 83.94 0.92  0.67 0.80 83.68 0.65
XGB 86.22 81.07 83.11 0.92  0.66 0.80 83.65 0.69
8.4.3.3 Combined features

A feature vector of size 1,165 for every sequence in the datasets was then produced by combining
all compositional features. The combined feature set was then used to create prediction models
using various classifiers, with hyperparameters thoroughly adjusted to maximize AUROC. Our
analysis revealed that the ET and XGB classifiers performed comparably, achieving AUROC

values of 0.86 and 0.87, respectively, on the validation dataset, as illustrated in Figure 8.4.
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Figure 8.4 ROC curve for models built using combined features on training and validation dataset
(adopted from [158])

8.4.3.4  Selected features

In high-dimensional feature sets, many descriptors may be irrelevant or redundant, making model
training computationally expensive and potentially reducing predictive performance. Therefore,
selecting the most informative features is essential to simplify the model and improve its

effectiveness. In this study, a total of 1,165 features were generated using the Pfeature software.
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We applied the mRMR feature selection technique to identify the most relevant subset while
removing redundant features. We got best set of 150 features after applying mRMR. These features
were used to develop machine learning based models for discriminating AFPs and non-AFPs

(Figure 8.5).
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Figure 8.5 ROC curve for models built with mRMR-selected features on training and validation dataset
(adopted from [158])

8.4.4 Hybrid approaches

We used both alignment-free (ML techniques) and alignment-based (motif search and BLAST)
methods, as explained in the previous sections. Each approach has unique benefits and drawbacks.
Since the effectiveness of alignment-based techniques depends on sequence similarity or the
presence of conserved motifs, they typically offer high specificity but relatively low sensitivity.
Sequence similarity is not a requirement for machine learning-based (alignment-free) models,
which are more broadly applicable. Using alignment-based and alignment-free features, we created
ensemble (hybrid) models to capitalize on the advantages of both strategies. Machine learning
models were first trained using features based on AAC and PSSM. As illustrated in Figure 8.6, the
hybrid AAC-PSSM based ET classifier outperformed the others, achieving an AUROC of 0.93
and an MCC of 0.77. The performance on other matrices such as sensitivity, specificity, Accuracy,
Matthews correlation coefficient (MCC), F1-Score, Balanced Accuracy (BAC), and Youden’s
Index (YI) mentioned in Table 8.4. We further constructed models using the selected top 150
features combined with PSSM profiles, where RF and ET classifiers demonstrated nearly identical
performance, achieving an AUROC of 0.92. Additionally, integrating the BLAST-based approach
with the ET model developed on the AAC+PSSM feature set resulted in a maximum AUROC of
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0.90. Several feature combinations were explored to develop optimal hybrid predictors. The
highest performance (AUROC = 0.93 on the validation dataset) was obtained using the ET model
based on PSSM+AAC features. This final model was selected for implementation in the standalone

software and web server.
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Figure 8.6 ROC curve built using PSSM-composition with AAC composition (adopted from [158])

Table 8.4. Performance on the PSSM composition profile combined with AAC composition on
main (for training) and validation dataset (for Validation)

Training (8134 AFPs and 9439 non-AFPs)

Classifier | Sens (%) | Spec (%) | Ace (%) | AUROC | MCC | F1-Score | BAC (%) | YI

ET 82.91 83.66 83.32 0.92 0.67 0.82 83.29 | 0.67
GNB 51.48 78.79 66.15 0.73 0.32 0.59 65.14 | 0.30
KNN 82.35 82.07 82.20 0.90 0.64 0.81 8221 | 0.64
LR 80.16 80.06 80.11 0.87 0.60 0.79 80.11 | 0.60
MLP 85.52 85.68 85.60 0.93 0.71 0.85 85.60 | 0.71
RF 83.38 83.19 83.28 0.91 0.67 0.82 83.29 | 0.67
XGB 84.13 84.37 84.26 0.92 0.68 0.83 8425 | 0.69

Validation (80 AFPs and 73 non-AFPs)

ET 85.00 91.78 88.24 0.93 0.77 0.89 88.39 | 0.77
GNB 46.25 91.78 67.97 0.85 0.42 0.60 69.02 | 0.38
KNN 68.75 87.67 77.78 0.89 0.57 0.76 78211 0.56
LR 47.50 79.45 62.75 0.79 0.28 0.57 63.48 | 0.27
MLP 70.00 73.97 71.90 0.80 0.44 0.72 71.99 | 0.44
RF 76.25 87.67 81.70 0.91 0.64 0.81 8196 | 0.64
XGB 73.75 78.08 75.82 0.86 0.52 0.76 7592 | 0.52
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8.5 SHAP-based interpretation

To interpret the AFProPred predictions, we applied SHapley Additive exPlanations (SHAP) and
ranked features by their mean absolute SHAP value. Figure 8.7 shows the top 15 contributing
features. Prediction was driven by a combination of amino-acid-composition (AAC) descriptors
and evolutionary (PSSM) features, consistent with the best-performing model built on PSSM and
AAC features. The most influential feature was the composition of tyrosine (AAC _Y), followed
by two PSSM columns (pssm226, pssm117) and the composition of glutamine (AAC_Q). The
remaining top features were dominated by AAC terms, including alanine (AAC_A), threonine
(AAC T), tryptophan (AAC_W), phenylalanine (AAC_F), methionine (AAC M), glycine
(AAC _G), and several charged and polar residues (Arg, Lys, Asn, Pro) together with isoleucine
(AAC I).

AACY
pssm226
pssm117

AAC_Q

AAC_A

AAC_T

AAC_W

AAC_F

AAC_M

AAC_G

AAC_R

AAC_K

AAC_N

AAC_P

AAC_I

Feature

0.0 02 0.4 0.6 0.8 1.0 1.2 14 16
Mean(|SHAP value|) le-10

Figure 8.7. SHAP-based feature importance for the antifreeze-protein prediction model. Bars
show the top 15 features ranked by mean absolute SHAP value (mean |SHAP value|).

8.6 Benchmarking

To determine the effectiveness of the proposed method, it is necessary to compare its performance
with previously developed approaches using the same dataset. Accordingly, we evaluated several
existing AFP prediction tools on our validation dataset. However, not all reported methods are
currently accessible or functional; therefore, comparisons were limited to publicly available and
operational predictors. Our results indicate that the existing methods CryoProtect [173], AFP-
CKSAAP [177], AFP-LSE [179], and AFP-SRC [184] exhibited lower performance on the

validation dataset compared with AFProPred, as summarized in Table 8.5.
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Table 8.5. Performance comparison of existing predictors on the validation dataset (adopted from [158])

Sens Spec Acc BAC
Name Year YI MCC AUROC F1

(%) () (%) (%)
Cryoprotect 2017  0.79 0.43 60.13 0.22 0.23 0.61 NA 0.61
AFP- 2019  0.78 0.88 82.00 0.65 0.65 0.89 NA 0.83
CKSAAP . . . . . . .
AFP-LSE 2020 0.73 0.75 74.00 048 0.48 NA 0.74 0.74
AFP-SRC 2022 0.56 0.58 57.00 0.14 0.14 NA 0.58 0.57
AFProPred 2024 0.85 092 88.24 0.77 0.77 0.93 0.89 0.90

8.7 Implementation of web server

To provide the scientific community with an easily accessible resource, we created AFProPred, a

web server accessible at https://webs.iiitd.edu.in/raghava/afpropred/. This platform is used to

implement our top-performing antifreeze protein (AFP) prediction model. Protein Scan, Design,
and Prediction are AFProPred's three functional modules. To differentiate AFPs from non-AFPs,
the Prediction module allows users submit protein sequences in FASTA format for analysis. Users
can use the design module to evaluate potential AFP and create all possible analogs (mutants) of
an input sequence. AFP-associated areas in a given protein sequence can be identified using the
Protein Scan module. A responsive interface is used in the implementation of the web server to
ensure compatibility with a number of devices, including desktop computers, laptops, and
smartphones. Furthermore, a standalone Python package called AFProPred has been created to
make large-scale genome-wide AFP prediction easier. This package can be downloaded from the

web server at https://webs.iiitd.edu.in/raghava/afpropred/standalone.html.

8.8 Discussion and Conclusion

In the past, a number of computational techniques have been put forth to increase AFP prediction
accuracy. Based on the AFP-Pred dataset, which includes 4,81 AFPs and 9,493 non-AFPs, the
majority of current methods are used. Some studies used proteins derived from PDB structures,
while others (like iAFP) used AFPs that were taken from the Pfam database. A major limitation of
these earlier studies is the nature of their datasets, as none employed experimentally validated or
well-annotated proteins from the reviewed Swiss-Prot database. Therefore, developing a

prediction method using annotated or experimentally supported data is critically important.
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In this work, we made a systematic effort to construct a dataset of well-annotated AFPs. Querying
Swiss-Prot yielded only 80 reviewed AFPs, which was insufficient for training and optimization.
Hence, these 80 AFPs were used exclusively for independent validation. Similarly, 73 non-AFP
proteins were retrieved from Swiss-Prot using the keyword “NOT antifreeze protein.”
Consequently, an independent evaluation dataset comprising 80 AFPs and 73 non-AFPs was
constructed and was not used during model training or hyperparameter optimization. Our
compositional analysis indicated shared evolutionary patterns among AFPs, where certain residues
particularly A, I, V, and T, were conserved. Notably, threonine enhances AFP activity by forming
hydrogen bonds on the protein surface that interact with ice crystals [45]. Initially, we applied the
similarity-based approach BLAST to identify AFPs. However, due to poor sequence similarity
among AFPs, BLAST failed to reliably discriminate AFPs from non-AFPs.

To address this limitation, we employed generalized alignment-free methods. Using these features,
multiple ML models were developed, achieving a maximum AUC of 0.90 on the independent
dataset. Since evolutionary information is known to be critical for functional prediction, we further
incorporated PSSM profiles generated by PSI-BLAST. The inclusion of evolutionary features
improved model performance, increasing the AUC from 0.90 to 0.93. We then compared the
performance of our method with available predictors using the same independent dataset (80 AFPs
and 73 non-AFPs). The results demonstrated that our method outperformed existing tools.
Nevertheless, one limitation of the present study is the relatively small evaluation dataset, which
restricts robust statistical assessment. Despite extensive efforts, a larger experimentally validated
dataset could not be constructed. Future studies should focus on generating larger curated AFP and
non-AFP datasets for more comprehensive benchmarking.

Limitations: The present study has several limitations. The independent validation dataset was
relatively small, comprising 80 reviewed AFPs and 73 non-AFPs, although all sequences were
obtained from high-quality Swiss-Prot entries. In addition, the non-AFP dataset consisted of
proteins not annotated as antifreeze proteins rather than experimentally validated non-AFPs.
Furthermore, the positive training dataset was primarily derived from unreviewed UniProt entries
due to the limited availability of experimentally validated AFPs. Future studies should focus on
expanding experimentally validated AFP and non-AFP datasets, performing external validation on
independent datasets, and integrating advanced protein language models and evolutionary

representations to further improve the robustness and generalizability of AFP prediction models.
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9.1 Introduction

Peptide therapeutics are increasingly used for the treatment of a wide range of diseases. They
safely and effectively supplement or replace biologically important peptides in the human body
and are applied in the management of neurological disorders, diabetes, cancer, cardiovascular
diseases, and several other medical conditions. The global market for peptide therapeutics was
estimated to be worth USD 52.59 billion in 2025. It is expected to increase at a compound annual
growth rate (CAGR) of 5.19% from 2026 to 2035, from USD 56.06 billion in 2026 to nearly USD
87.21 billion. This growth is largely driven by the increasing prevalence of cancer and metabolic
disorders [347]. Despite their potential for therapeutic use, most peptides have a short half-life in
vivo (t1/2 = 2-30 minutes) because they rapidly break down by proteases and are easily elimination
by the kidneys because molecules smaller than ~30 kDa are easily filtered and eliminated.
Consequently, improving peptide half-life is essential to enhance therapeutic efficacy, reduce
dosing frequency, and minimize high-dose administration [194]. The short half-life remains one
of the major barriers to the clinical development of peptide drugs, primarily because enzymatic
degradation significantly reduces their bioavailability. A number of techniques, such as
cyclization, the addition of modified amino acids, and terminal modifications, have been
investigated to improve peptide stability. These methods enhance bioavailability in addition to
extending in vivo half-life. Determining the half-life of recently created peptides in blood,
however, remains to be an important challenge to determining their stability. Despite being
accurate and well-established, experimental techniques for determining peptide half-life are
expensive, time-consuming, and labor-intensive. Therefore, for effective peptide half-life

estimation, alternative computational methods are needed.

An in silico method capable of predicting and designing peptide half-life in blood would serve as
a valuable resource for researchers working in therapeutic peptide development. In this study, we
aim to develop such a computational predictor using various machine learning techniques, large
language models (LLMs), and diverse feature representations, including amino acid composition,
dipeptide composition, binary profiles, and atom composition. A wide range of biological
activities, including cell-penetrating, tumor-homing, anticancer, antihypertensive, antiviral, and
antimicrobial qualities, have been documented for many peptides over the years. The FDA has

already approved a number of peptide-based medications due to their high specificity, low toxicity,
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chemical diversity, and natural origin; numerous others are presently being developed. However,
their susceptibility to proteolytic degradation is the main reason why their clinical use is still
restricted. In order to overcome this limitation, we have created an in silico technique to predict
the half-life of peptides in an intestine-like environment and develop more stable peptides with

enhanced stability and physicochemical characteristics [200].

9.2 Overview of the study

The overall architecture of the method is illustrated in Figure 9.1. Firstly we have collected the
half-life dataset from the Peplife2, followed by dataset preprocessing using the parameters mention
in PlifePred. We construct three dataset (i) Combined peptide dataset with flags (mentioned in
Table 9.1) (i1) Natural peptide dataset (iii) Modified peptide dataset with flags. Pfeature, LLM
embeddings, and properties like pl, molecular weight, peptide length, and the percentage
composition of individual amino acids were used to extract a large number of features after the
dataset was balanced and divided into training and independent validation sets. An independent
validation dataset was used to evaluate the final optimized model after the regression models were
trained and assessed using five-fold cross-validation. To make the approach accessible, we created

the web-based platform PlifePred2 (https://webs.iiitd.edu.in/raghava/plifepred2), which makes it

possible to predict the half-life of peptides and makes it easier to design proteins with the desired

stability.

9.3 Material and Methods

9.3.1 Dataset construction

Peptide sequences and associated half-life information were obtained from PEPlife2, a curated
database containing experimentally determined half-life values for approximately 4,500 peptides
evaluated under diverse biological environments, including blood, urine, intestinal fluids, kidney
and brain homogenates, various cell lines, and standard media such as PBS. From this resource,
we first selected peptides with experimentally validated half-life data, resulting in 4,090 entries.
To ensure biological relevance and consistency, several filtering criteria were applied. Peptides
with lengths greater than 50 residues or fewer than 5 residues were excluded. In addition, peptides
with a half-life of less than 20 seconds were removed to avoid extremely unstable sequences that

may introduce noise in modeling. After applying these filters and removing duplicates, a final
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dataset of 2,679 unique peptides was obtained, with sequence lengths ranging from 5 to 50 residues

and half-life values exceeding 20 seconds.

Data preparation
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Figure 9.1 The workflow of the PlifePred?2

The dataset included both natural peptides (548 sequences) and modified peptides (2,131
sequences). Such modified peptides were retained because prior studies have demonstrated that
even a single amino acid substitution or chemical modification can significantly alter peptide half-
life [348,349]. To normalize the distribution and represent half-life values on a linear modeling
scale, the logio transformation of half-life (in seconds) was used for ML. In this study, we

implemented an 80:20 data splitting, as described in Section 3.4.1.

In peptide engineering, when full structural data are unavailable, binary flags are often used to
represent key biochemical features that influence peptide stability and degradation. Many previous
studies use flags to represent structural or chemical properties that influence peptide stability,
especially when full three-dimensional structures are unavailable. These flags indicate whether a
peptide contains specific features known to affect biological half-life. In this study, we developed
a model that integrates sequence information with five biological flags - d, ct, nt, cyc, ptm ( e.g.
MKTL...0,1,0,1,1; 0/1 indicators) to predict a biological property (half-life) from peptide

sequences. These flags denote the presence or absence of the following attributes (see Table 1).
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Table 9.1 The flags with their description

Flag Description (in peptide/protein context)
d D-amino acids present

ct C-terminal modification

nt N-terminal modification

cyc Cyclization

ptm Post-translational modification

9.3.2 Datasets Used for Model Development

To systematically evaluate the impact of sequence modifications and biological flags on peptide

half-life prediction, three datasets were constructed (see Figure 9.2).

)

(i)

(iii)

Dataset 1: Combined dataset with flags

This dataset included both natural peptides and modified peptides, along with their
associated biological flags (d, nt, ct, cyc, ptm). After preprocessing and filtering, a total
of 2,679 peptide sequences were retained and finally getting 2,138 sequences for
training and 541 sequences for independent validation.

Dataset 2: Natural peptides

This dataset consisted exclusively of peptides without any chemical or structural
modifications. After separation from the combined dataset, the natural peptide subset
was split into 438 training sequences and 110 validation sequences

Dataset 3: Modified peptides with flags

This dataset contained only modified peptides, i.e., sequences possessing at least one
of the defined biological flags (D-amino acid, N-terminal modification, C-terminal
modification, cyclization, or PTM). Natural peptides were excluded from this set. The

final dataset comprised 1,700 training sequences and 431 validation sequences.

These three datasets enabled comparative evaluation of model performance on natural peptides,

modified peptides, and the combined dataset incorporating biologically relevant structural flags.
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Figure 9.2 The construction of plifepred?2 dataset

9.3.3 Feature extraction

9.3.3.1 Compositional features

To develop predictive models capable of predicting half-life of peptides, it is essential to transform
peptide sequences into numerical representations suitable for machine learning algorithms.
Therefore, we employed the composition module of the Pfeature tool to compute a diverse set of
sequence-derived descriptors, as detailed in Section 3.7.1. Specifically, we generated multiple
composition-based features, including AAC (20), APAAC (23), BTC (4), ATC (5), CeTD (189),
DDOR (20), DPC(400), PAAC (21), PCP (30), QSO (42), RRI (20), SOC (2), SER (20), SPC (25),
CTC (343), and SEP (1). In addition to individual descriptors, a hybrid feature set combining all
the above composition-based features (listed in Table 3.3, Section 3.7.1) was also constructed to

capture complementary sequence information and improve model prediction capability.

9.3.3.2 Properties of amino acids

From the protein sequences, several basic properties were calculated to provide informative
descriptors for model development. These included molecular weight, sequence length, isoelectric
point (pl), and the percentage composition of each amino acid in the sequence. Incorporating these
features alongside other descriptors may therefore enhance the model’s ability to predict half-life

of peptides.
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9.3.3.3  Large Language model embeddings

We used pretrained protein language model (PLM)-derived embeddings to describe sequence data.
ESM-2 and ProtT5 were used in this study to create protein sequence embeddings (explained in
Sections 3.7.4 and 3.9.2). These transformer-based models are trained on large-scale protein
sequence corpora and learn contextual representations that capture structural, functional, and
evolutionary information encoded within amino acid sequences. In this work, we create high-
dimensional, context-aware embeddings from input protein sequences using the ESM2 and ProtT5
models. ProtT5 generates an embedding matrix with a size of 1024 for a sequence of length n.
Similarly, embeddings from ESM-2 were obtained using different model checkpoints that vary in
size and capacity e.g. t6 (320), t12 (480), t30 (640), t33 (1280) available through Hugging Face
[313]. Although larger ESM-2 variants such as t36 (2560), and t48 (5120) models may offer richer
representations, they require substantial computational memory and training time, which can be
impractical for large-scale experiments. Therefore, model size was selected based on a trade-off
between representational power and computational feasibility. The resulting embeddings from

ProtT5 and ESM-2 were used as input features for prediction models.

9.3.4 Feature Selection

Previous studies have demonstrated that not all input features contribute equally to the
performance of an in silico predictive model [350]. Therefore, feature selection is an essential step
to identify the most informative and biologically relevant descriptors for model construction. In
biological analysis, extracting features from a single representation often provides incomplete
information, leading to poor predictive performance [130]. To address this limitation, multiple
composition-based feature types are often combined to capture complementary sequence
characteristics [130]. However, such multi-feature fusion strategies typically produce high-
dimensional and redundant feature spaces, which may introduce noise, increase computational
burden, and reduce model generalizability [351,352]. In order to increase prediction accuracy,
lower overfitting, and improve interpretability, feature selection aims at selecting a subset of
appropriate features from a large pool of descriptors [243]. In order to find the most discriminative
features and lower dimensionality before model training, we used a number of feature selection

techniques in this study. We applied mRMR, RFE-SVR , Boruta, ElasticNet based feature
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selection, as described in Section 3.8. These methods help eliminate irrelevant and redundant

features while preserving the most informative features for prediction method.

9.3.5 ML Regression Development
A number of ML algorithms, such as RFR, XGB, GBR, DTR, SVR, MLP, RID, LGBM, and ET,

were used in this study to develop regression models (See Section 3.9.1). The training dataset was
used to test the effectiveness of these regression algorithms. The Python scikit-learn library was
used to implement the models, and the LightGBM framework was used to implement LGBM.
During the initial phase, all models were trained with default parameter settings to establish
baseline performance and to identify the algorithm with the strongest predictive capability. The
best-performing model was subsequently selected for further analysis and hyperparameter

optimization.

9.3.6 Evaluation of performance

To evaluate the regression models' performance, five-fold cross-validation was used. This method
divided the dataset into five equal subsets, with four of the subsets being used for training and the
remaining subset being used as the test set in each iteration. To ensure that each subset was
assessed once as an independent test set, this process was carried out five times. The overall cross-
validation performance was calculated as the average across all folds [200]. After the model was
developed, standard regression metrics such as RMSE, MAE, PCC, and R2 were used to further
evaluate predictive performance (See Section 3.13.2). These metrics were calculated for the

independent validation dataset as well as the training dataset.

9.4 Result

A preliminary analysis of the dataset was conducted in order to determine which of these
algorithms was the most appropriate, as well as to minimize computational workload and
experimental complexity. This initial evaluation allowed us to screen different approaches and
focus on the most potential framework. In this study, model performance was calculated across
three distinct datasets to understand the impact of sequence modifications on prediction: (i) the
combined dataset (natural and modified peptides with flags), (ii) the natural peptide dataset, and
(ii1) the modified peptide dataset with flags. This comparative framework enabled systematic

evaluation of model generalizability across different peptide categories.
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9.4.1 Prediction of half-life on the combine dataset

To identify the most informative feature representation for half-life prediction, the performance of
individual composition-based descriptors was compared using validation PCC and R?, as these
metrics reflect both correlation strength and explained variance. First, we have calculated the
performance of individual descriptors on different regressors as shown in Figure 9.3 A and 9.3B.
It was shown that RFR (Random Forest Regressor) performs the best among all the regressors.
Among individual feature sets, CeTD, AAC, APAAC, PAAC, SER, PCP, and DPC showed the
strongest predictive performance, achieving validation PCC ~ 0.73-0.74 and R? ~ 0.53-0.55,

indicating good correlation between predicted and experimental half-life values.
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Figure 9.3 Performance of composition-based descriptors on the combined peptide with flags
9.4.2 Prediction of half-life on the natural dataset

To evaluate model performance specifically on peptides without modifications, half-life prediction
models were developed using the natural peptide dataset (Dataset 2). This dataset comprised
peptides composed solely of standard amino acids, without D-amino acid substitutions, terminal
modifications, cyclization, or other post-translational modifications. The same computational
pipeline used for the combined datasets was applied here, including sequence-based feature
extraction, and regression model training. Performance was evaluated using five-fold cross-
validation and an independent validation dataset. The regression models were assessed using PCC,
R?, RMSE, and MAE. For natural peptides, on validation dataset QSO and CeTD achieved the
highest correlation (PCC = 0.71) with R? = 0.49, closely followed by AAC, and SER, shown in
Figure 9.4A and 9.4B. Interestingly, validation performance is higher than training performance

for several descriptors, suggesting that the natural dataset is relatively small and may contain
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variability that affects training-phase stability. Nevertheless, consistent validation PCC values
around 0.69 - 0.71 indicate that sequence-based descriptors alone can reasonably capture

determinants of half-life in natural peptides.
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Figure 9.4 Performance of composition-based descriptors on the natural peptide
9.4.3 Prediction of half-life on the modified dataset

In this dataset, model performance was evaluated on peptides annotated with modification flags,
as described in Table 9.1. To evaluate the effect of modifications on model performance, half-life
models were developed using a modified peptide dataset comprising sequences containing at least
one modification (Dataset 3). These included D-amino acid substitutions, N- or C-terminal
modifications, cyclization, and other post-translational modifications, represented through
predefined flags. The same computational workflow used for the combined dataset was applied to
this subset, including feature extraction and regression-based machine learning models.
Regression models were trained using composition-based descriptors and flags, and their
performance was evaluated using five-fold cross-validation and independent validation.
Evaluation metrics included PCC, R?, RMSE, and MAE. For peptides containing modifications,
PCP (Physicochemical Property Composition) demonstrated the best validation performance
(PCC = 0.72, R? = 0.51) shown in Figure 9.5(A) and 9.5(B), indicating that physicochemical
property distributions play a major role in determining half-life of modified peptides. This suggests
that modifications primarily influence peptide stability through changes in hydrophobicity, charge
distribution, and other physicochemical traits. Descriptors such as SPC, CeTD, DPC, AAC,
APAAC, and RRI also performed strongly (validation PCC ~ 0.70-0.71), showing that both

composition and sequence distribution patterns remain important even after chemical
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modifications. Compared to the combined dataset, performance values are slightly lower, which
is expected since modified peptides introduce additional biochemical variability not fully captured

by sequence-only descriptors.

9.4.4 Feature Fusion

To capture complementary sequence information and improve predictive performance, feature
fusion was performed for each dataset individually (combined, natural, and modified). In this
approach, all composition-based descriptors extracted from the sequences were merged into a
unified feature space of 1165, referred to as the ALL COMP feature set, that includes AAC (20),
DPC (400), ATC (5), BTC (4), PAAC (21), APPAC (23), QSO (42), DDR (20), SOCN (2), SEP
(1), SER (20), RRI (20), CETD (189), SPC (25), CTC (343), and PCP (30). Regression models
developed using the ALL COMP feature set were evaluated separately on the combined (dataset
1) shown in Table 9.2, natural (dataset 2) shown in Table 9.3, and modified (dataset 3) shown in
Table 9.4.
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Figure 9.5 Performance of composition-based descriptors on the modified peptide with flags

After evaluating model performance across all datasets (Table 9.2, 9.3, and 9.4), the RFR
consistently demonstrated the strong prediction ability. On Dataset 1 (combined dataset with
flags), RFR achieved the highest validation performance with PCC = 0.73 and R? = 0.53. For
Dataset 2 (natural peptides), the model achived PCC = 0.67 and R? = 0.44, while for Dataset 3
(modified peptides with flags), performance reached PCC = 0.71 and R? = 0.48. These results
clearly indicate that incorporating modification flags improves predictive performance. The
combined dataset, which integrates both sequence features and modification-related information,

produced the best overall results.
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Table 9.2 The performance of different regressors on ALL COMP on combined peptide with flags

Model Training Dataset Validation Dataset
MAE |RMSE |PCC |R2 | MAPE |MAE | RMSE |PCC |R2 | MAPE

RFR 0.52 0721 0.73 ] 0.52 15.70 0.51 0.70 | 0.73 | 0.53 15.97
GBR 0.56 0.74| 0.71 ] 0.50 17.01 0.55 072 ] 0.72 ] 0.51 17.44
XGB 0.53 0.74| 0.72 | 0.50 15.86 0.52 0.73 ] 0.72 | 0.50 16.11
DTR 0.58 0.84 | 0.65]| 0.34 17.41 0.58 0.81 ] 0.67 ] 0.38 17.34
MLP 0.74 1.01 | 0.51] 0.05 22.83 0.71 096 | 0.54 ] 0.12 20.58
LAS 0.80 098 | 0.36] 0.12 24.31 0.79 097 ] 034 0.10 25.14
SVR 0.82 1.00 | 0.26 | 0.07 25.12 0.83 1.01 ] 0.20] 0.02 26.39

# The half-life label was log10-transformed, so all error metrics are reported and PCC and R? are unitless.

Table 9.3 The performance of different regressors on ALL COMP on natural peptide

Training Dataset Validation Dataset
Model MAE | RMSE | PCC | R2 MAPE | MAE | RMSE | PCC | R2 MAPE
RFR 0.56 0.75 0.60 0.35 18.77 0.52 0.69 0.67 044 19.40
XGB 0.57 0.78 0.58 0.30 | 18.79 0.53 0.70 0.66 0.43 19.22
GBR 0.57 0.77 0.58 032 18.92 0.53 0.71 0.65 0.41 19.49
DTR 0.60 0.84 0.54 0.19 | 20.13 0.56 0.81 0.57 021 | 20.83
LAS 0.71 0.87 0.37 0.14 | 23.56 0.72 0.87 0.35 0.09 | 26.10
SVR 0.74 0.92 0.20 0.03 | 24.00 0.75 0.91 0.20 0.01 | 27.51
MLP 1.07 1.94 0.15| -335| 35.03 1.15 1.79 0.23 -2.81 | 39.79

# The half-life label was log10-transformed, so all error metrics are reported and PCC and R? are unitless.

Table 9.4 The performance of different regressors on ALL COMP on modified peptide with flags

Model Training Dataset Validation Dataset
MAE | RMSE | PCC | R2 MAPE | MAE | RMSE | PCC | R2 MAPE

RFR 0.49 0.69| 0.74| 0.55 14.38 0.51 071 0.71 | 0.48 15.13
GBR 0.54 071 0.72 ] 0.52 15.77 0.55 071 0.69| 047 16.23
XGB 0.50 071 0.73 ] 0.52 14.59 0.52 074 0.69| 0.43 15.51
DTR 0.55 0.79 | 0.68 | 0.40 15.89 0.58 082 0.64| 031 16.36
MLP 0.71 1.06 | 047 ] -0.07 19.93 0.69 091 ] 0.56| 0.14 18.64
SVR 0.79 098 | 0.31] 0.09 23.47 0.77 098 | 0.20| 0.01 23.66
RID 0.69 1.25] 047] -0.48 19.79 0.69 1.14| 044 | -0.35 20.42

# The half-life label was log10-transformed, so all error metrics are reported and PCC and R? are unitless.
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9.4.5 Comparative Analysis Across the Three Datasets

A comparison of model performance between the natural, modified, and combined peptide datasets
provides valuable information about the factors that influence peptide half-life and how
modifications affect stability. Top descriptors including CeTD, AAC, SER, and APAAC achieved
validation PCC values of approximately 0.74 and R2 = (.55, indicating that the combined dataset
(dataset 1) had the best overall predictive performance among the three datasets. By adding flags,
the model's capacity to represent modification-driven stability effects is further improved. For the
natural peptide (dataset 2), the best performance was observed with sequence-order—based
descriptors such as QSO and CeTD (validation PCC = 0.71, R? = 0.49). Since natural peptides lack
flags of modifications, their half-life is more directly governed by compositional features. In
contrast, for the modified peptide (dataset 3), descriptors based on physicochemical property
composition (PCP) performed best (validation PCC =~ (.72, R*~ 0.51). This indicates that stability
in modified peptides is strongly influenced by physicochemical properties introduced through
terminal modifications, D-amino acids, cyclization, or other PTMs. The combined framework

therefore provides the most robust and generalizable approach for peptide half-life prediction.

9.4.6 Models developed on selected features

The combined dataset showed the best predictive performance when the three datasets were
compared. Thus, this dataset was used for further model development and optimization. The
ALL COMP feature set obtained from the combined dataset (dataset 3) was subjected to feature
selection in order to further increase model efficiency and decrease redundancy. With all
composition-based descriptors included, this extensive feature pool offered a rich depiction of
sequences. However, noise may be introduced and model generalizability may be diminished due
to the high dimensionality of this feature set. Therefore, prior to building the model, feature

selection techniques were used to keep only the most discriminative and informative features.

Across all feature subset sizes, validation PCC values remained within a narrow and stable range
(0.72—0.74). The best validation performance was observed for 100 features using RFE-SVR (PCC
=0.74, R? = 0.54) and 800 features using mRMR (PCC = 0.74, R? = 0.54) shown in Table 9.5.
Notably, the 100-feature RFE-SVR model achieved nearly identical performance to larger feature
sets, demonstrating that a small, well-selected feature subset can effectively predict peptide half-

life. This reduction in dimensionality lowers computational cost and improves model performance.
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Overall, RFE-SVR emerged as the most stable feature selection strategy, consistently providing

strong performance across different feature sizes.

Table 9.5 Performance of RFR model after feature selection on the combined dataset

Training Dataset Validation Dataset
No. of
Features | Model MAE RMSE PCC | R2 MAE RMSE PCC | R2
RFE SVR 0.52 0.71 0.73 | 0.53 0.51 0.70 0.74 | 0.54
100 Boruta 0.52 0.72 0.73 | 0.52 0.51 0.71 0.73 | 0.53
MRMR 0.52 0.72 0.72 | 0.52 0.51 0.71 0.73 | 0.52
ElasticNet 0.52 0.71 0.73 | 0.53 0.53 0.72 0.72 | 0.50
ElasticNet 0.52 0.72 0.73 | 0.52 0.51 0.70 0.73 | 0.53
200 Boruta 0.52 0.72 0.73 | 0.52 0.51 0.71 0.73 | 0.53
RFE SVR 0.52 0.72 0.73 | 0.52 0.51 0.71 0.73 | 0.52
MRMR 0.52 0.72 0.73 | 0.52 0.51 0.72 0.72 | 0.51
RFE SVR 0.52 0.72 0.73 | 0.52 0.51 0.71 0.73 | 0.53
400 ElasticNet 0.52 0.71 0.73 | 0.53 0.51 0.71 0.73 | 0.53
RF 0.52 0.71 0.73 | 0.53 0.51 0.71 0.73 | 0.53
Boruta 0.52 0.72 0.73 | 0.52 0.51 0.71 0.73 | 0.53
MRMR 0.52 0.72 0.73 | 0.52 0.52 0.71 0.73 | 0.52
RFE SVR 0.52 0.72 0.73 | 0.52 0.51 0.70 0.73 | 0.53
600 Boruta 0.52 0.72 0.73 | 0.52 0.51 0.71 0.73 | 0.53
MRMR 0.52 0.72 0.73 | 0.52 0.51 0.71 0.73 | 0.53
ElasticNet 0.52 0.72 0.73 | 0.52 0.51 0.71 0.73 | 0.52
MRMR 0.52 0.72 0.73 | 0.52 0.51 0.70 0.74 | 0.54
800 Boruta 0.52 0.72 0.72 | 0.52 0.51 0.71 0.73 | 0.53
ElasticNet 0.52 0.72 0.73 | 0.52 0.51 0.71 0.73 | 0.53
RFE SVR 0.52 0.72 0.73 | 0.52 0.51 0.71 0.73 | 0.53

9.4.7 Performance on Protein Language Model Embedding

On the combined peptide dataset, we assessed the predictive performance of PLM embeddings in
addition to composition sequence descriptors. In order to produce contextual embeddings that
directly capture evolutionary, structural, and functional patterns from amino acid sequences,
pretrained transformer-based models, such as ESM-2 and ProtT5, were employed. Using pooling

techniques (such as mean pooling), residue-level embeddings were produced for every peptide
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sequence and combined into fixed-length sequence representations. These embeddings were then
used as input features for regression models, following the same training and evaluation protocol
applied to composition-based descriptors. The performance of different sets of features using
different regression models was shown in Table 9.6.

Table 9.6 Performance of regression models using Protein Language Model embeddings on the
combined dataset

Training Dataset Validation Dataset

Model MAE RMSE PCC R2 MAE RMSE PCC R2

ESM T6
LGBM 0.52 0.73 0.72 0.51 0.51 0.7 0.74 0.53
RFR 0.53 0.73 0.72 0.51 0.53 0.72 0.72 0.51
GBR 0.56 0.74 0.7 0.50 0.57 0.73 0.7 0.49
ET 0.53 0.74 0.71 0.49 0.53 0.74 0.71 0.49
XGB 0.54 0.76 0.7 0.47 0.54 0.76 0.70 0.46
MLP 0.56 0.76 0.69 0.46 0.56 0.75 0.69 0.46
RID 0.64 0.82 0.61 0.38 0.6 0.79 0.64 0.41
DTR 0.59 0.86 0.64 0.32 0.57 0.81 0.67 0.38
SVR 0.65 0.83 0.6 0.36 0.62 0.81 0.61 0.37

ESM T12
LGBM 0.53 0.73 0.71 0.50 0.51 0.70 0.73 0.53
RFR 0.53 0.73 0.72 0.51 0.52 0.71 0.72 0.52
GBR 0.56 0.74 0.7 0.49 0.56 0.73 0.71 0.50
ET 0.53 0.74 0.71 0.50 0.53 0.74 0.71 0.49
MLP 0.57 0.77 0.68 0.45 0.54 0.73 0.71 0.49
XGB 0.54 0.75 0.71 0.48 0.55 0.74 0.71 0.47
RID 0.63 0.8 0.63 0.40 0.6 0.78 0.65 0.42
SVR 0.65 0.83 0.6 0.36 0.63 0.82 0.61 0.37
DTR 0.6 0.86 0.63 0.31 0.58 0.83 0.66 0.34

ESM T30
GBR 0.55 0.73 0.71 0.51 0.55 0.71 0.72 0.52
RFR 0.53 0.72 0.72 0.51 0.53 0.72 0.72 0.51
LGBM 0.52 0.73 0.72 0.51 0.53 0.72 0.72 0.50
ET 0.53 0.74 0.71 0.5 0.53 0.74 0.71 0.48
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XGB 0.54 0.75 0.71 0.48 0.54 0.76 0.70 0.46
MLP 0.57 0.78 0.68 0.44 0.55 0.75 0.70 0.46
RID 0.62 0.80 0.64 0.41 0.59 0.78 0.65 0.43
DTR 0.61 0.87 0.63 0.3 0.58 0.81 0.66 0.37
SVR 0.67 0.85 0.57 0.33 0.64 0.83 0.60 0.35
ESM T33
RFR 0.53 0.73 0.72 0.51 0.53 0.72 0.72 0.51
LGBM 0.53 0.73 0.72 0.51 0.52 0.72 0.72 0.5
GBR 0.56 0.74 0.71 0.5 0.56 0.73 0.7 0.49
ET 0.53 0.74 0.71 0.49 0.54 0.75 0.7 0.47
XGB 0.55 0.76 0.7 0.46 0.54 0.75 0.71 0.47
RID 0.6 0.78 0.66 0.44 0.6 0.77 0.66 0.44
MLP 0.57 0.76 0.69 0.46 0.58 0.77 0.68 0.44
DTR 0.59 0.85 0.64 0.33 0.61 0.85 0.63 0.32
SVR 0.68 0.86 0.57 0.32 0.66 0.85 0.57 0.32
ProtT5
RFR 0.53 0.72 0.72 0.52 0.52 0.70 0.73 0.53
LGBM 0.53 0.73 0.72 0.50 0.52 0.72 0.72 0.51
GBR 0.55 0.73 0.71 0.50 0.55 0.72 0.71 0.50
ET 0.53 0.74 0.71 0.49 0.53 0.74 0.71 0.49
XGB 0.54 0.75 0.71 0.48 0.54 0.74 0.71 0.48
SVR 0.57 0.76 0.68 0.47 0.55 0.76 0.68 0.46
RID 0.60 0.77 0.67 0.44 0.59 0.77 0.67 0.44
MLP 0.57 0.77 0.69 0.45 0.56 0.79 0.66 0.41
DTR 0.59 0.84 0.65 0.35 0.58 0.83 0.66 0.34

Regression models trained on PLM embeddings demonstrated strong and consistent predictive
performance across all ESM-2 layers (T6, T12, T30, T33) and ProtT5. Across all PLM variants,
tree-based ensemble methods performed best, such as ESM-T6 + LGBM achieved validation PCC
= (.74 and R? = 0.53, while ESM-T12 + LGBM and ProtT5 + RFR both validation PCC = (.73
with R? = 0.53. These results are comparable to the best composition-based models (PCC = 0.74).
The evaluation on the combined dataset showed that PLM-based features achieved competitive

performance in terms of PCC and R?, while maintaining stable error metrics (MAE, RMSE). This
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suggests that embeddings derived from large pretrained models can effectively capture

determinants of peptide half-life and complement classical feature representations.

9.4.8 Final Model
Among all, the model developed using RFE-SVR with 100 selected features achieved the highest

predictive performance, with a validation PCC of 0.74 and R? of 0.54 (as shown in Table 9.7). This
model demonstrated an optimal use of feature dimensionality, indicating that a compact subset of
informative descriptors is sufficient to capture the determinants of peptide half-life. Therefore, this
was selected as the final model for implementation in our framework. Based on validation results,
the 100-feature RFE-SVR model was selected as the optimal for subsequent model development.
Figure 9.6 shows the top 15 contributing features. Prediction of peptide half-life was driven by a
diverse set of composition and physicochemical descriptors rather than a single family. The most
influential feature by a wide margin was a distribution descriptor for tryptophan (DDR_W, mean
ISHAP| = 0.21), more than twice the next feature. It was followed by composition-enhanced
transition—distribution terms (CeTD 13 SS, CeTD 75 p SA3, CeTD HB2, CeTD 12 PZ),
conjoint-triad features (CTC 461, CTC _143), a Shannon-entropy residue descriptor (SER_G),
quasi-sequence-order terms (QSO1 SC A, QSOI1_SC P), dipeptide-composition pairs
(DPC1_SD, DPC1_LS, DPC1_TYV), and shift/entropy-based descriptors (SEP, SEP_SS CO).

Table 9.7 The complete performance of RFE-SVR 100 features on different regressor

Training Dataset Validation Dataset
Model MAE RMSE PCC R2 MAE RMSE PCC R2
RFR 0.52 0.71 0.73 0.53 0.51 0.70 0.74 0.54
XGB 0.52 0.73 0.72 0.51 0.53 0.74 0.71 0.49
GBR 0.56 0.74 0.71 0.50 0.57 0.74 0.70 0.48
MLP 0.58 0.78 0.67 0.43 0.61 0.83 0.66 0.35
RID 0.61 0.79 0.65 0.43 0.63 0.83 0.60 0.35
SVR 0.69 0.88 0.54 0.29 0.68 0.88 0.52 0.27
DTR 0.57 0.81 0.67 0.39 0.62 0.90 0.60 0.24
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Figure 9.6 illustrates the SHAP-based feature importance for the peptide half-life prediction
model (composition-based features).

9.5 Implementation of web-server
To facilitate access for the scientific community, a user-friendly web server was implemented for

the developed prediction models (available at https://webs.iiitd.edu.in/raghava/plifepred2). The

server provides an platform for predicting peptide half-life directly from sequence input,
eliminating the need for users to perform complex feature extraction or machine learning
computations. The web server backend was developed using a combination of HTMLS, CSS, Java,
PHP. Upon submission of peptide sequences in FASTA format, the server performs the following
steps: (i) Prediction, (ii) Design, using the optimized regression model. The predicted output is
provided in a tabular format, along with relevant computed properties. This tool provides a
convenient resource for researchers working in peptide therapeutics, vaccine design, and protein

engineering by enabling rapid in silico evaluation of peptide stability.

9.6 Discussion and Conclusion

Despite the growing interest in peptide-based drugs, their therapeutic potential is frequently
hindered by rapid proteolytic degradation resulting in a short half-life that remains a major obstacle
to their development [200]. The present study addresses this major challenge by developing
PlifePred2, a web server for predicting peptide half-life using sequence-derived features,

modification flags, and protein language model (PLM) embeddings. A major focus of this work is
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the significant role of modifications in determining peptide half-life. Comparative evaluation
across the three datasets revealed that the combined dataset (natural + modified peptides with
flags) consistently showed the highest predictive performance. Models trained on this dataset
achieved validation PCC = 0.73-0.74 and R? = 0.53-0.55, outperforming models trained solely on
natural peptides. This demonstrates that flags encoding D-amino acids, terminal modifications,
cyclization, and PTMs carry information predictive of half-life that sequence composition alone
does not capture.

The composition-based descriptors CeTD, AAC, APAAC, PAAC, SER, and PCP were the most
informative. PCP was the most effective descriptor for modified peptides, whereas QSO and CeTD
were the best for natural peptides. By incorporating complementary sequence information, feature
fusion with the ALL COMP representation further increased the robustness of the model.
However, feature selection analysis showed that predictive performance remained stable across
feature subset sizes. The RFE-SVR 100-feature model achieved the best validation performance
(PCC = 0.74, R? = 0.54) that helps in reducing the computational complexity. PLM embeddings
(ESM-2 and ProtT5) produced performance comparable to compositional descriptors. Tree-based
regressors (LGBM, RFR) performed best on these embeddings. This study presents PlifePred2
(https://webs.iiitd.edu.in/raghava/plifepred2), an machine learning method for predicting the half-

life of natural and modified peptides using the modification flags. The publicly accessible web
server further enhances the utility of our method that helps in prediction of half-life and designing

of peptide with desired half-life.

167


https://webs.iiitd.edu.in/raghava/plifepred2

C HAPTER

Summary



Chapter 10

This work provides a foundation for computational subunit vaccine design, significantly
accelerating the development of peptide-based vaccines and protein therapeutics. Identification of
peptides that are responsible for inducing type 1 diabetes mellitus. Prediction of allergens to
optimize therapeutic design. Designing and predicting antifreeze proteins, thermostable proteins,
and the half-life of proteins and peptides to enable stability, safe storage, and distribution without
cold-chain dependence. Together, these modules form an combined computational framework for
screening, designing, and optimizing therapeutic proteins for biomedical applications. Modern
vaccine research increasingly focuses on subunit and peptide vaccines because they are safer and
more specific than whole-pathogen vaccines. We use standard bioinformatics methodologies
across all modules, including curated datasets, redundancy removal, sequence-based feature
extraction, protein language model embeddings, feature selection, supervised learning, and
independent validation.

In chapter 1 we introduces the biological background of immunity and vaccination. It explains
innate and adaptive immune responses and highlights the role of B-cell epitopes in antibody
production and vaccine development. Traditional vaccines based on live or inactivated pathogens
are effective but raise safety and manufacturing concerns. Subunit and peptide vaccines offer safer
alternatives but require precise epitope selection and stability optimization. The chapter defines
the central aim of the thesis: to develop computational tools for identifying antigenic peptides,
evaluating safety, and improving stability for therapeutic applications.

In chapter 2 we review experimental and computational approaches for epitope prediction, allergen
prediction, TIDM associated peptide identification, protein stability, antifreeze proteins, and
peptide half-life prediction. It describes databases such as IEDB, UniProt, and PDB and discusses
limitations of existing methods, including reliance on small datasets, homology-based predictions.
Identifies major research gaps and limited tools for stability and prediction.

Chapter 3 outlines the general computational workflow. Datasets were collected from curated
biological databases and literature and processed using redundancy removal (e.g., CD-HIT
clustering). Sequences feature calculated using composition-based descriptors, binary profiles, and
protein language model embeddings. Feature selection techniques and machine learning
algorithms were applied for model construction, and evaluation was performed using cross-
validation and independent validation. The methodology provides a standardized framework used

across all subsequent prediction modules.
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Chapter 4 presents CLBTope, a method for predicting both linear and conformational B-cell
epitopes from primary sequence. Because B-cell epitopes are the targets of antibody responses,
their identification is the first step in subunit vaccine design. Models were trained on 7,871 curated
peptides, and a Random Forest classifier using dipeptide composition combined with BLAST
similarity scores achieved an AUROC of 0.829 on the independent validation set, exceeding
published predictors evaluated on the same data.

Chapter 5 presents DMPPred for the identification of peptides associated with type 1 diabetes
mellitus. Antigenic peptides that mimic human proteins can trigger autoimmune responses in
predisposed individuals, making this a safety concern in vaccine design. An Extra Trees classifier
on 150 mRMR-selected dipeptide features, combined with BLAST, reached an AUROC of 0.951.
Chapter 6 presents AlgPred3 for predicting allergenic peptides rather than whole-proteins.
Composition-based descriptors, binary profiles, protein language models and an exploratory
quantum SVM were compared on a balanced set of 7,388 peptides. An Extra Trees classifier on
273 selected features gave the best validation performance, with an AUROC of 0.81 and an MCC
of 0.44.

Chapter 7 presents PPTStab for prediction of protein melting temperature (Tm). Protein stability
is crucial for pharmaceutical storage and transportation, especially in regions lacking reliable cold-
chain infrastructure. After redundancy reduction at 40 percent identity, 17,312 non-redundant
proteins were used to train regression models. An ensemble of a custom ANN and an MLP
regressor on ProtBERT embeddings achieved an R-squared of 0.80 and a Pearson correlation of
0.89, comparable to the best existing tool despite stricter dataset curation.

Chapter 8 presents AFProPred for the identification of antifreeze proteins, which inhibit ice crystal
growth and are relevant to cryopreservation and cold storage of biologics. Because antifreeze
proteins share little sequence identity, similarity search alone performed poorly. Adding PSSM
evolutionary profiles to amino acid composition raised validation AUROC from 0.90 to 0.93, with
an accuracy of 88.24 percent and an MCC of 0.77.

Chapter 9 presents PlifePred2 for prediction of peptide half-life, a determinant of therapeutic
efficacy. Models were trained on 2,679 peptides with experimentally measured half-lives, using
sequence descriptors together with binary flags encoding D-amino acids, terminal modifications,
cyclisation and post-translational modification. A recursive feature elimination model retaining

100 features gave a validation Pearson correlation of 0.74. Including modification flags improved
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prediction over sequence composition alone, confirming that chemical modification carries
information not recoverable from sequence.

Taken together these methods establishes an computational framework for designing safe, stable,
and effective peptide-based therapeutics. The developed modules sequentially perform epitope
identification, autoimmune and allergen filtering, and stability optimization (thermal stability, cold
resistance, and half-life). The framework significantly reduces experimental screening effort by
prioritizing high-quality therapeutic candidates computationally. It supports next-generation
subunit vaccine development, therapeutic peptide design, and protein engineering. By integrating
artificial intelligence with biological knowledge, the thesis contributes toward precision
vaccinology and personalized therapeutic design. Ultimately, the proposed approach provides a
practical strategy for accelerating drug discovery while improving safety, efficacy, and storage

feasibility of protein-based therapeutics.

10.1 Limitations and Future Directions
Despite the encouraging performance of the developed prediction tools, the present study has

several limitations that provide opportunities for future research.
Common limitations

1. Completely external validation: All models were evaluated on a 20% hold-out
independent validation set. Protein datasets were split 80:20 into training and validation
sets after redundancy reduction, and peptide datasets were de-duplicated before splitting.
These hold-out sets were not used during training, so they give an unbiased model
performance. Although, this does not completely remove the possibility of similarity
between the training and validation sets. Therefore, future work should use completely
external validation datasets drawn from independent sources, or family-wise partitioning,
to more strictly assess model generalizability.

2. Negative datasets: For several tasks, experimentally validated true negatives are not
available in large numbers. One of the major reason for this is that most of the biologist
record only positive results and ignoring the record for negative dataset. Therefore,
negative datasets were built by curated sampling, such as length-matched random sampling
from Swiss-Prot after redundancy reduction. This is a standard approach, but it may not
fully represent the diversity of true negatives. Future work should use experimentally

validated and more carefully curated negative sets to improve reliability.
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Tool-specific limitations:

1.

CLBTope (B-cell epitopes, Chapter 4): Most datasets came from a single curated source
(Ras-Carmona et al.; BCETD, ILED, IDED). This may carry over any annotation bias from
that source. Also, conformational epitope prediction is complex than linear-epitope
prediction, because it depends on three-dimensional structure that sequence features
capture only indirectly.

DMPPred (T1DM peptides, Chapter 5): The experimentally validated positives from
IEDB were limited (815 non-redundant peptides), which restricts the training data. As true
experimental negatives do not exist in large numbers, an equal number of length-matched
negatives was sampled at random from Swiss-Prot. This balances the classes but shares the
common negative-dataset limitation.

AlgPred3 (allergenicity, Chapter 6): The negative dataset was less rigorously curated
than the positive dataset. Also, sequence- and composition-based prediction captures linear
determinants well but does not fully model conformational IgE epitopes that depend on
structure.

PPTStab (thermostability, Chapter 7): The model was trained on proteins from many
taxonomic groups to make it general. This improves applicability across organisms, but
organism-specific analysis was beyond the present scope; future work should build taxon-
specific predictors to find lineage-dependent factors.

AFProPred (antifreeze proteins, Chapter 8): The main limitation is the small well-
annotated evaluation set: the reviewed Swiss-Prot database gave only 80 non-redundant
AFPs, which with 73 non-AFPs is too small for robust model development. BLAST-based
prediction worked poorly due to low sequence similarity among AFPs, motif-based
detection covered only a few sequences, and PSSM profiles could not be generated for 7
AFPs that had no detectable homologs. Future work should build larger, experimentally
validated AFP datasets.

PLifePred2 (peptide half-life, Chapter 9): The protein-language-model embeddings are
high-dimensional and not directly interpretable, which limits biological insight into the
predictions. Interpretability methods such as SHAP or attention analysis were not applied

here and remain an important extension.
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Future Directions:

The predictive modules developed in this thesis for epitope identification, autoimmune (T1DM)
and allergenicity filtering, and stability optimisation (thermostability, cold/freeze resistance, and
half-life) constitute a discriminative pipeline that prioritises candidates from existing sequence
space. Several complementary directions would extend this work from candidate filtering toward
end-to-end candidate generation and validation.

Generative Al for vaccine design: The tools presented here are discriminative, they predict the
properties of existing sequences. A natural next step is to couple them with generative models
(such as diffusion models, variational autoencoders, or protein-language-model-based generators)
that design novel epitopes and peptides de novo. In such a pipeline, the predictors developed in
this thesis: immunogenicity, allergenicity, autoimmune risk, thermostability, and half-life, could
act as scoring functions that steer generation toward candidates that are simultaneously
immunogenic, safe, and stable, moving from prediction to rational design.

Multimodal learning: Most of the present tools rely on sequence-derived features. Future models
could integrate several data types such as sequence, predicted structure, physicochemical
properties, and omics data such as expression or HLA information, within a single multimodal
framework. Combining complementary modalities is likely to improve both accuracy and
biological interpretability. Extending PLifePred2 and AlgPred3 to fuse structural and assay-
derived modalities is a promising route to higher accuracy and transferability.

Structure-based Al: The recent availability of accurate structure predictors (e.g. AlphaFold2/3
and ESMFold) makes it feasible to add structural information to these tools. Structure-aware
models would be particularly valuable for conformational B-cell epitope prediction and for
stability tasks, where surface accessibility, solvent exposure, and three-dimensional packing are
directly relevant.

Wet-lab validation pipelines: Finally, an important direction is to close the loop between
computation and experiment. Predicted epitopes and peptides could be synthesised and tested
experimentally for immunogenicity and allergenicity, and for stability properties such as melting
temperature and half-life, giving prospective validation of the models and strengthening their
translational value. Establishing such computational-experimental pipelines would be a key step

toward applying these tools in real vaccine and therapeutic development.
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Large biological foundation models: Protein language models such as ESM-2 and ProtTS5,
already used for embeddings in this thesis (Chapters 6, 7, 9), are early instances of a broader shift
toward large biological foundation models trained across proteins, genomes, and functional data.
Fine-tuning such models on task-specific labels rather than using frozen embeddings and
exploiting their emergent capabilities is a natural extension that could improve performance on the

small, curated datasets that limit several chapters of this work [353,354].
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