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Abstract

Microbes are minute, unicellular, multicellular organisms, such as bacteria, algae, fungi,
viruses and protozoans, that can be only visible through the microscope. These can be
infectious as well as non-infectious in nature. The ability of the infectious agent to cause
diseases in the host cell is known as pathogenicity, while the ability of the pathogen to infect
or cause damage to the host tissues is determined by the virulence factors. According to Centers
for Diseases Control and Prevention reports, various infectious diseases such as COVID-19,
tuberculosis, measles, and influenza are responsible for causing morbidity in the human
population. Microbial pathogens pose an alarming threat to the healthcare sector worldwide.
These micro-organisms cause severe diseases that lead to high mortality and morbidity rate.
The rise in re-emergence of life-threatening infectious diseases and increasing incidence of
antibiotic-resistant strains of the pathogens poses a danger to the healthcare sector. In the past,
several studies reported that many distinct pathogenic micro-organisms share the common
mechanisms of causing the infections to the host cell. Virulence factors of these pathogens play
an important role in host-pathogen interactions and disease-mechanism. These factors include
invasion, colonization and damage to the host cell, which contribute to pathogenicity. Thus,
virulence factors are major drug/vaccine targets for designing therapeutic molecules against
these pathogens. Some pathogenic micro-organisms release several molecules which cause
damage to the host cell, induce the infection and evoke the diseases. These molecules include
toxins released by certain pathogens to cause toxicity and induce allergic reactions in the host
cell. Advances in various technologies led to the explosive growth of experimentally verified
proteomic data related to virulence factors, which is available in the form of repositories. Thus,
the present thesis focuses on utilising the publicly available experimentally verified data to
develop computational tools to identify the potential virulence factors and pathogenicity
associated with pathogens, such as toxicity and allergenicity, and to design the therapeutic

molecules against them.

Taking this into consideration, we aimed to develop in-silico models to explore, predict and
identify the potential virulence factors of pathogens. We build a machine learning-based
method named ‘VirFacPred’ to identify novel virulence factors to aid the clinicians and
scientific community. The best performing model achieved the maximum area under the
receiver operating characteristic curve 0.97 with Matthews correlation coefficient 0.77 on the

dataset. The best machine learning models have been implemented in the web server, which

v



allows the prediction, designing, mapping and motif search for the virulent proteins of the

pathogens.

To address the pathogenicity caused by the pathogenic organisms to the host cell, such as
toxicity and allergy, we have developed “ToxinPred2” and “AlgPred 2.0” that will facilitate
the identification of toxic and allergic proteins. Toxins are one of the major virulence factors
that play a crucial role in damaging the host cell. We have developed a highly accurate method,
ToxinPred2, for predicting toxins with better precision. We have integrated a hybrid method
that combines three approaches, i.e., similarity-, motif-, and composition-based machine
learning model, which achieved a maximum area under the receiver operating characteristic
curve around 0.99 with Matthews correlation coefficient 0.91 on the dataset. We have provided
the standalone version of the method, which can be freely accessed at GitHub. This is a general
method developed for predicting the toxicity of proteins regardless of their source of origin.
On the other hand, a method called “AlgPred 2.0” has been developed for identifying allergenic
proteins with high accuracy that allows the prediction of allergens, designing of non-allergenic
proteins, mapping of IgE epitope, motif search and BLAST search. The ensemble approach,
1.e., similarity-, motif-, and composition-based machine learning model, has been used for
predicting allergenic protein by combining prediction scores. The best model achieved
maximum performance in terms of area under the receiver operating characteristic curve 0.98

with Matthews correlation coefficient 0.85 on the dataset.

Besides proteins and peptides, some chemical compounds are known to induce allergic
reactions to the host cell, known as chemical allergy. A therapeutic molecule may cause side
effects due to its allergic potential. A first attempt has been made to develop the method using
machine learning techniques that can predict the allergenic potential of chemicals. To aid the
scientific community, we developed a novel method named “ChAlPred” that allows to predict
and design the chemicals with allergenic properties. Our fingerprint-based analysis suggests
that certain chemical fingerprints such as PubChemFP129 and GraphFP1014 are abundant in
allergic compounds. We have also identified the FDA-approved drugs causing allergic
symptoms (e.g., Cefuroxime, Spironolactone, Tioconazole) using our best model incorporated

in the web server.

In summary, attempts have been made to develop in-silico models that can be used to design
directly/indirectly therapeutic molecules against disease-causing agents. To facilitate the

scientific community, web-based services and standalone software have been developed.
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Chapter 1

Introduction



1.1 Background

Micro-organisms are tiny, living, microscopic organisms that are omnipresent and cannot be
seen by naked eyes. These organisms can be unicellular, multicellular, prokaryotes and
eukaryotes, such as bacteria, algae, fungi, viruses and protozoans (InformedHealth.org, 2006).
Based on the ability of these micro-organisms to cause harm to the host cell, they are classified
as pathogens and non-pathogens. Pathogenic micro-organisms are capable of causing an
infection, hence leading to disease to the host cell, whereas non-pathogenic micro-organisms
are harmless, and do not cause any infection or disease (Piglowski, 2019). The competence of
the infectious agent to cause diseases in the host cell is known as pathogenicity or infectivity.
Whereas the ability of the pathogen to infect or cause damage to the host tissues is determined
by the virulence factors (VFs). To induce the infection, the pathogenic microbes invade the
host cells, multiply their growth and cause damage to the host organism. The capacity of the
microbe to cause mild or severe, or acute infection depends on its relative pathogenicity
(Shapiro-Ilan et al., 2005). Pathogenic microbes include Bacillus anthracis, Influenza virus,
Candida albicans, cyanobacteria, Plasmodium spp., whereas Escherichia coli, Lactobacillus
acidophilus, Brevibacterium linens fall under the category of non-pathogenic microbes.
Infectious diseases caused by pathogenic micro-organisms are the leading cause of mortality
worldwide. As per the report by the Centers for Diseases Control and Prevention (CDC), there
are various infectious diseases, such as COVID-19, tuberculosis, measles, and influenza, which
are responsible for causing morbidity in the human population (CDC, 2021), (ECDC, 2022).
The rise in re-emergence of life-threatening infectious diseases and increasing incidence of
antibiotic-resistant strains of the pathogens poses a danger to the healthcare sector. Many past
studies state that although many distinct pathogenic micro-organisms are present in the
environment, they share the common mechanisms of causing the infections to the host cell. For
instance, different pathogenic bacteria have similar processes for attaching to the host
membrane, penetrating it, causing damage, evading the host immune response, and establishing
the infection. VFs play a very significant role in enhancing the pathogenicity of pathogens.
Figure 1.1 depicts the various aspects needed by the pathogenic micro-organism to establish
the infection using its various virulence factors and releasing certain responses such as toxicity
and allergy (pathogenicity) to the host cell. The first step for causing the infection is binding
the pathogen to the host outer membrane, for which adhesin proteins play a crucial role. After
that, burrowing into the cell, also known as penetration or invasion inside the host cell, is

mediated by invasion factors present in the pathogen and followed by colonising within the



host cell using the colonization factors. Some pathogenic micro-organisms use immune evasion
strategies, and some suppress the immune response to escape from the host's defence
mechanism and survive within the cell. Thus leading to pathogenic reactions such as exploiting
the normal functioning by damaging the cell, causing toxicity and allergic responses. The
mechanism of microbial pathogenesis is shown in Figure 1.1. To understand the pathogenicity
of the micro-organism, it is necessary to have a more comprehensive understanding of various
molecular mechanisms associated with the virulence of the pathogen because the ability of the

pathogenic micro-organism is directly related to its virulence (Peterson, 1996).
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Figure 1.1: The mechanism of microbial pathogenesis

1.2 Virulence

There are millions of microbial species present, out of which very few are known to cause
diseases (Blackwell, 2011). The micro-organisms that cause disease in humans and other
organisms are pathogenic in nature. Interaction of these pathogenic microbes is the result of a

parasitic relationship with the host, which results in causing the disease to the host organism



(Casadevall & Pirofski, 2000). Survival and growth of the micro-organism causing infection
and damage to the host cell are the two processes required by the pathogens to cause
pathogenicity (Peterson, 1996), (Balloux & van Dorp, 2017). Immune evasion factors are the
essential aspect of causing infection and are required for the survival of the pathogens inside
the host cells (Hilleman, 2004). To become infectious, the pathogen needs to cause damage to
the host. Other than these, VFs play a significant role that can immediately cause damage to
the host organism (Peterson, 1996), (Sharma, Dhasmana, et al., 2017). VFs are the molecules
synthesized by micro-organisms, especially pathogens which include bacteria, viruses,
protozoans and fungi (Peterson, 1996), (Shapiro-Ilan et al., 2005). These factors enhance the
tendency of pathogens to cause diseases in different host organisms. They are classified into

different groups based on their functions and mechanism of causing disease.

1.2.1 Adherence factors

Adhesins are the molecules involved in the attachment of the pathogen to the host cell, which
is extensively found in the pathogenic microbes (Berne et al., 2015). Commensal microbes
primarily reside within the mucus, at some distance from the anti-microbial peptide secreting
epithelial cells. This helps the pathogen remain in intimate contact with the host cell, which is
required to manipulate and invade it (Gallo & Hooper, 2012). Streptococcus mutans is a gram-
positive bacterium which causes human dental caries. It uses Adhesin P1 protein to adhere to
the tooth surface (Sullan et al., 2015). Viruses such as the Influenza virus adhere to the sialic
acid present on the host's membrane of respiratory and intestinal cells using its spike protein
hemagglutinin, infecting the host with influenza (Matrosovich et al., 2015), (Dou et al., 2018).
Plasmodium falciparum erythrocyte membrane protein 1 (PfEMP1) is an adhesin protein
present in a protozoan Plasmodium falciparum that causes malaria in humans, which is used
to adhere with endothelial cells (Senczuk et al., 2001). Hyphal wall protein 1 (HWP1) is a vital

adhesin protein expressed by various Candida species (Abastabar et al., 2016).

1.2.2 Invasion factors

Invasion into the host cell and tissues are usually described as one of the defining activities of
the pathogenic microbes (Ribet & Cossart, 2015). Some bacteria invade the host cell by
distorting the outer membrane and triggering endocytosis (Dalle et al., 2010). After invading
the cell, it releases certain enzymes and toxins. For example, Staphylococcus aureus uses
enzymes like Hyaluronidase S (Ibberson et al., 2014) and Bacillus anthracis uses enzymes like

Phospholipase C (Titball, 1993) to invade the host cell by disrupting its outer cell membrane



(Pomerantsev et al., 2003). Many pathogens invade by entering the bloodstream, releasing
toxins in the bloodstream leading to sepsis and can even lead to pus formation (Minasyan,

2019).

1.2.3 Colonization factors (Growth in the host cell)

After invasion inside the host cells and tissues, the next step is colonising, which is mediated
by colonisation factors. These factors help the pathogen to colonise within the host cell (Ribet
& Cossart, 2015). Streptococcus pneumoniae colonises the respiratory tract and causes major

respiratory and invasive diseases (Green et al., 2021).

1.2.4 Immuno-evasion

Immuno-evasion helps the pathogens to evade the host immune response by escaping from
being recognised by the innate and adaptive immune response (Finlay & McFadden, 2006).
Some classes of pathogenic species have developed various immune-evasion strategies, such
as suppressing their recognition via immunogenic surface receptors present on the outer
membrane of the host cell, i.e., pathogen-associated molecular patterns (PAMPs) (Mogensen,
2009). Certain bacteria like Helicobacter pylori and Porphyromonas gingivalis synthesize an
altered form of lipopolysaccharides (LPS) which helps them not being recognised by the host
immune system (Hornef et al., 2002). Few fungal pathogens coat them with capsules or even
from the molecules derived from the host itself to escape the immune response (Latge &
Beauvais, 2014), (van de Veerdonk et al., 2008). For example, capsular polysaccharides shield
the pathogens from the host's defense mechanism (Chai et al., 2009).

1.2.5 Immunosuppression

Immunosuppression is the obstruction of host immune response by some effector proteins,
which is the popular strategy in pathogenic microbes (Peterson, 1996). These effector proteins
mainly interact with host molecules to manipulate the host cell in favor of the pathogen
(Rajamuthiah & Mylonakis, 2014). Effector proteins may include invasins which trigger
receptor-mediated host cytoskeleton rearrangements and induce endocytosis (Phan et al.,
2007). Traversing the host membrane is very crucial for the action of the effector molecules

(Pizarro-Cerda & Cossart, 20006).



1.2.6 Damage to the host cell

Toxins

Toxins are the virulence factors that exploit the normal functions of the host cell by
constraining the essential processes to facilitate pathogenic infection (do Vale et al., 2016). To
resist the host defense mechanism, some pathogens secrete various toxins that target innate
immune cells, specifically neutrophils and macrophages, hence obliterating a key component
of the host immune response (do Vale et al., 2016). Toxins can be of two types: endotoxins and
exotoxins. The LPS present in the outer cell wall of the Gram-negative bacteria is a classical
example of endotoxins. Lipid A component of LPS triggers the inflammatory response of the
host immune system causing fever, severe changes in blood pressure, lethal shock, and multi-
organ failure, which can even lead to death (Peterson, 1996).

Certain pathogenic bacterial species produce various types of protein toxins and enzymes,
which fall under the category of exotoxins (Popoff, 2018). This includes a wide variety of
toxins such as cytotoxins, neurotoxins, and enterotoxins. Exotoxins can be grouped into three
categories: intracellular targeting, membrane disrupting, and superantigens (Peterson, 1996),
(Spaulding et al., 2013).

Some examples of intracellular targeting exotoxins are diphtheria toxins produced by the gram-
positive bacteria Corynebacterium  diphtheriae (Murphy, 1996). Cholera toxin is
an enterotoxin produced by the gram-negative bacterium Vibrio cholerae (Reidl & Klose,
2002). Botulinum toxin (also known as Botox) is a neurotoxin produced by the gram-positive
bacterium Clostridium botulinum (Nigam & Nigam, 2010). Tetanus toxin is produced by the
gram-positive bacterium Clostridium tetani (George et al., 2022). These toxins inhibit protein
synthesis, hence killing the host cell.

Membrane disrupting exotoxins obstruct the outer cell membrane of the host cell by forming
pores in the membrane (Los et al., 2013). For instance, leukocidins (lysis of white blood cells)
(Spaan et al., 2017), hemolysins (lysis of red blood cells) (Dinges et al., 2000), streptolysins of
Streptococcus pyogenes (Molloy et al., 2011), pneumolysin of Streptococcus pneumoniae
(Hirst et al., 2004) and an alpha-toxin produced by Staphylococcus aureus are pore-forming
exotoxins which cause the leakage of cytoplasmic contents leading to the cell death (Seilie &
Bubeck Wardenburg, 2017). Superantigens are the class of exotoxins that elicit a strong
immune response, hence activating the immune cells to excessively release the cytokines
leading to a cytokine storm (Proft & Fraser, 2003), (Popugailo et al., 2019). One example of
superantigen exotoxin is toxic shock syndrome caused due to the colonization of

Staphylococcus aureus (Xu & McCormick, 2012).



Exoenzymes

Some pathogenic microbes can directly cause damage to the host cells by secreting factors like
toxins, hydrolytic enzymes, and physical forces during host cell invasion or escape (Mayer et
al., 2013). Secreted factors include hydrolytic enzymes like proteases or lipases and toxins in
the form of small metabolites or peptides that poison the host cell and causes tissue damage

(Scharfet al., 2014).

1.2.7 Siderophores

Siderophores are the small chemical compounds or secondary metabolites that help pathogens
in the uptake of iron (chelation) or obtain nutrition from the host cell (Ahmed & Holmstrom,
2014). The secretion of siderophores by many pathogenic species is considered an important
virulence factor (Peterson, 1996). Based on the chemical moiety involved in the iron chelation,
there are four types of siderophores. These are catecholates (enterobactin), hydroxamates
(ferrioxamine B, alcaligin), carboxylates (rhizobactin, rhizoferrin) and phenolates (pyochelin)
(Kramer et al., 2020). Some of the examples of siderophores are enterochelin produced
by Escherichia coli (Scholz & Greenberg, 2015), pyochelin from Pseudomonas aeruginosa
(Ross-Gillespie et al., 2015), ornibactin from Burkholderia cenocepacia (Sathe et al., 2019)

and vibrioferrin from Vibrio species (Cordero et al., 2012).

1.3 Pathogenicity caused by virulence factors

After the successful attachment, invasion, and multiplying within the host cell, the pathogenic
micro-organisms secrete certain molecules which cause damage to the host cell, induce the
infection and evoke the diseases. These molecules include toxins released by certain pathogens

to cause toxicity and induce allergic reactions in the host cell.

1.3.1 Toxicity

Toxins are substances that have the potential to cause deleterious effects on living organisms.
They are naturally present in plants or can be produced by animals (snakes, spiders, cone snails)
and different types of microbes (such as bacteria and fungi to enhance their pathogenicity)
(Clark et al., 2019). When toxins enter the body in any form, they can cause fatal illnesses or
death. Generally, toxins can be categorized into endotoxins and exotoxins. Endotoxins such as
LPS (Raetz & Whitfield, 2002) and exotoxins like tetanus toxin, botulinum toxin, and
mycotoxin can cause immense inflammation (Pasechnik et al., 1992), (Nigam & Nigam, 2010).

It induces the degranulation of mast cells and basophils as a part of the immune response,



causing the release of inflammatory mediators. These mediators include cytokines,
interleukins, and histamine, which cause or lead to allergic symptoms like fever, skin rashes,
septic shock, and other diseases (Mukai et al., 2018). Proteins and peptides are naturally
occurring molecules that play various functions and processes in the body that are essential to
sustain cellular mechanisms (Shaji & Patole, 2008). Their aberrant activity has been involved
in several pathological conditions such as cancer, neurodegenerative disorders and diabetes
(Bruno et al., 2013). Thus, using them as therapeutic agents is regarded as a promising way to
fight against a variety of diseases. In recent years, they have the potential to revolutionize
medical therapy and are the preferred choice over small molecules and antibodies due to their
high target specificity, tissue penetration, high biological activity and inexpensive (Bruno et
al., 2013). However, there are certain prime concerns in the development of proteins/peptide-
based drug discovery, such as toxicity, immunogenicity and stability (Otvos & Wade, 2014).

Due to this, the assessment of toxic properties of protein/peptide is of great necessity.

1.3.2 Allergenicity

Several studies have also shown the correlation between microbial colonization and allergic
diseases. Allergy is an exaggerated immune response caused by foreign substances called
allergens. Certain microbial species like Staphylococcus aureus, Streptococcus pneumoniae,
Alternaria, Aspergillus and Influenza virus are known to cause severe allergic inflammation
(Nordengrun et al., 2018). Moreover, allergens like dust mites, pollens, and many others,
induce the Type I hypersensitivity reactions which elicit IgE antibodies. This allergic reaction
results in the release of inflammatory mediators, such as histamine, cytokines from mast cells
and basophils (Masoli et al., 2004), which affects the population at a large scale, particularly
in skin sensitization (Sutton & Gould, 1993), (Broadfield et al., 2002). Also, there is a wide
range of molecules that can pose a threat as allergens, including biological molecules like
proteins and peptides or some chemical compounds (Sharma et al., 2020), (Dang & Lawrence,
2014), (Goodman et al., 2005). Other than that, molecules like lipids (Del Moral & Martinez-
Naves, 2017), carbohydrates (Commins & Platts-Mills, 2010), nucleic acid (mRNA vaccines)
(Rubin, 2021) and some engineered nanoparticles (Alsaleh & Brown, 2020) can also stimulate
some specific allergic reactions like asthma, food allergies and chronic kidney disease,

respectively.



1.4 Designing of therapeutic molecules

Increasing reports of drug resistance are becoming more common, posing a severe threat to
world healthcare. There is a critical need for new and more effective medicinal drugs to be
discovered. Therapeutic agents have attracted much attention from researchers as a safe and
effective alternative because of their high efficacies, low toxicity, strong cell penetration, and
ease of production. Therapeutic molecules could be proteins, peptides and small chemicals
used to treat several fatal illnesses. These molecules could act as potential drug and vaccine
targets. Over the last few decades, significant progress has been made in the development of
computational resources to accelerate the process of drug and vaccine discovery. Several
properties of therapeutic molecules such as half-life, toxicity, allergenicity, haemolytic,
antimicrobial, and cell-penetrating properties need to be evaluated before being released to the
market.

In the past, various repositories and in-silico tools have been developed to maintain and predict
the essential properties of the therapeutic molecules. CAMP (Waghu et al., 2014), AVPdb
(Qureshi et al., 2014), SATPdb (Singh et al., 2016), CPPsite (Gautam et al., 2012), TumorHoPe
(Kapoor et al., 2012) and Hemolytik (Gautam et al., 2014) are some of the databases that
comprehend the information about different properties of therapeutic molecules.
Computational tools like ToxinPred (Gupta et al., 2015), AlgPred (Saha & Raghava, 2006a),
PlifePred (Mathur et al., 2018), AHTPin (Kumar et al., 2015) and HemoPI (Chaudhary et al.,
2016) have been developed to predict the pharmacologically important properties of the
molecules, such as toxicity, allergenicity, half-life, anti-hypertensive and haemolytic,
respectively. These prediction methods aid not only in the development of peptides and
chemical analogues with better physicochemical features but also in the screening of libraries
for the desired therapeutic property. The most effective method for identifying novel

therapeutic molecules is computational screening, followed by in-vitro and in-vivo studies.

1.5 Origin of proposal

Several attempts have been made in the past to identify the novel virulence factors of the
pathogens, their mechanism of causing diseases, and how to use these factors as potential drug
targets. Efforts have been made to study the specific virulence factors of the pathogens, such
as SPAAN, a method developed to predict the adhesin proteins, which play a significant role
in the virulence of the pathogens (Sachdeva et al., 2005). Some are developed for specific

organisms like MAAP, a method for predicting adhesin proteins for malarial parasites (Ansari



et al., 2008). Likewise, limited attempts have been made to study the toxicity caused by the
virulence factors of the pathogenic organisms. After the invasion of pathogenic micro-
organisms into the host cell, microbes release certain toxins to damage the cell. Various
methods are available that can be used to predict the toxicity caused by a certain group of
organisms, such as BTXpred (Saha & Raghava, 2007a) and NTXpred (Saha & Raghava,
2007b) developed for classifying the toxins of bacterial origin and neurotoxins, respectively.
Other methods like ClanTox (Naamati et al., 2009), SpiderP (Wong et al., 2013), and TOXIFY
(Cole & Brewer, 2019) are developed to identify the toxins of certain animal origin. After
releasing the toxins into the cells, it induces intense inflammation, hence causing allergic
symptoms. Several studies have also shown the correlation between microbial colonization and
allergic diseases, and some of the virulent factors are responsible for causing allergic reactions.
Allergy can be caused by proteins, peptides, small chemical compounds and other molecules
like lipids and carbohydrates. There are several tools and methods developed in the past for the
prediction of allergy caused by proteins and peptides, but no attempt has been made to predict
the allergy caused by small chemical compounds. Keeping all these limitations in mind, the
present study provides the in-silico approach that can be used to identify the virulence factors
against all the pathogenic micro-organisms. Also, it provides the tools with state-of-the-art
techniques to predict the toxic and allergenic proteins along with the prediction of allergenicity
caused by the small chemical compounds. Besides, it also includes the methods to design the
therapeutic molecules against the virulence factors, toxicity and allergenicity caused by

proteins, peptides and small molecules.

1.6 Objectives of the thesis

To overcome the above-discussed shortcomings, we have put an effort to study the virulence
factors and their mechanism related to causing toxicity and allergenicity to the host cell. The
present study primarily focuses on the identification of virulence factors of the pathogens,
which is an important aspect to understand the host-pathogen interactions and disease-
mechanism. Therefore, these molecular determinants of virulence can be used as promising
targets for developing novel anti-virulence drugs. The first aim of this study is designing the
drug targets against disease-causing pathogens based on virulence factors without killing or
inhibiting environment-friendly bacteria. Secondly, to study the toxicity caused by different
organisms, we have developed the tool named “ToxinPred2”, which can be used to predict the

toxicity of the protein sequences. Apart from that, to study the mechanism of allergy caused by

10



proteins, we have developed the method “AlgPred 2.0”. In addition to proteins, allergy is also
caused by chemical compounds, known as chemical allergy. So, to address this problem, we
have developed a novel method to predict the allergenic potential of chemicals and employed
in the form of a web server name “ChAlPred”. Based on this, the following objectives have
been framed:

* A prediction method for the classification of virulent and non-virulent proteins

* Anupdated in-silico method for classifying toxins and designing non-toxic proteins

* An improved method for predicting allergenic proteins and mapping of IgE epitopes

* A computational method for the prediction of chemical allergens and designing of non-

allergenic compounds

The outline of the thesis is depicted in Figure 1.2.
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1.7 Organization of the chapters

The thesis is organized into seven chapters containing the information discussed below:

Chapterl Introduction

Chapter 2 Review of Literature

A prediction method for the classification of virulent and non-
Chapter 3

virulent proteins
Chapter 4 An updated in-silico method for clas51fy1ng toxins and designing
non-toxic proteins
Chapter 5 An improved method fpr predlctlng.allergenlc proteins and
mapping of IgE epitopes

A computational method for the prediction of chemical allergens

Chapter 6 v :
and designing non-allergenic compounds

Chapter 7 Summary

Figure 1.3: Organization of thesis and title of the chapters

Chapter 1 — This chapter introduces the virulence of the pathogens along with a description of
all the associated factors. This is followed by a brief information of the toxicity caused due to
these virulence factors. It also discusses the allergy caused by proteins and the small chemical
compounds. At the end of the chapter, the organization and the overall objectives undertaken

in the thesis are elaborated.

Chapter 2 — This chapter reviews the existing and published literature. The existing knowledge
on the virulence factors of the pathogens, followed by toxicity and allergenicity caused by
them, has been discussed. The emphasis has been laid on the limitations and challenges of the

current methods. Overall, this chapter explains the motivation behind this study.

Chapter 3 — This chapter describes the first objective of the thesis, which is the development
of machine learning-based model for the classification of virulent proteins of various

pathogens. This study describes a method developed to classify the protein sequence as virulent
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and non-virulent. A web server “VirFacPred” has also been developed that allows the
prediction of virulent proteins along with similarity-based search using BLAST, motifs and

designing of therapeutic proteins against them.

Chapter 4 — This chapter is the second objective of the thesis, which deals with the prediction
of toxic proteins. It is a general method that can be used to classify toxic and non-toxic proteins
irrespective of its source of origin. This chapter also explains the “ToxinPred2” web server that
allows the prediction of toxins, designing non-toxic proteins, scanning for the motifs, and

similarity-based search using the BLAST module.

Chapter 5 — This chapter explains the third objective of the thesis, which is an improved
method developed for the prediction of allergenic proteins. We have built an in-silico tool for
the classification of allergenic proteins and the mapping of IgE epitopes. A web server,
“AlgPred 2.0”, has also been developed that allows the prediction of allergens, designing,
mapping of IgE epitopes, motifs and BLAST search.

Chapter 6 — This chapter corresponds to the fourth objective of the thesis. This describes the
novel method “ChAlPred” developed for predicting chemical allergens and designing chemical
analogs with desired allergenicity. To aid the research community, this method has been
deployed as a smart-device compatible web server that allows to predict and design the

chemicals with allergenic properties.
Chapter 7 — This chapter provides the overall summary of the work and concludes by providing

a holistic view of the thesis and explains the contribution of the work in the area of immune-

informatics.
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Chapter 2

Review of Literature



2.1 Virulence factors as a drug/vaccine target

Infectious diseases caused by various pathogenic micro-organisms such as bacteria, viruses,
fungi and protozoans are among the leading causes of death globally. In addition to the re-
occurrence of fatal infectious diseases, there is an increment in the antimicrobial-resistant
strains of the pathogenic organisms, leading to the emergence of new diseases and is an
alarming threat to the healthcare sector and the well-being. Research in the past has stated the
fact that there are several pathogenic species present in the environment, but the underlying
mechanism of causing diseases is found to be common among them. For instance, many
pathogenic microbial species share common mechanisms from establishing the contact to the
host cell causing infection. Various bacteria, viruses, fungi and other pathogenic species have
the same abilities to adhere, invade, colonize, damage the host cell and evade and suppress the
host immune response (Weiss, 2002), (Poulin & Combes, 1999). Some of the examples of
virulence factors that are possessed by most of the pathogens to infect the host cell are adhesins,
invasins, colonizing factors, immune-evasion, immune-suppression, acquisition of the
nutrients from the host cell, siderophores, toxins and enzymes which contribute to
pathogenicity (Cross, 2008), (Casadevall & Pirofski, 2009). Thus, virulence factors are major
drug/vaccine targets for designing therapeutic molecules against these pathogens. Advances in
various technologies led to the explosive growth of experimentally verified proteomic data
related to virulence factors, which is available in the form of repositories. Therefore, these
molecules can also be used in vaccine formulations for priming the host immune system to
generate the antibodies in advance so that it can neutralize the effect of pathogens after their

encounter to the host cell (Casadevall & Pirofski, 2009) (Casadevall & Pirofski, 1999).

To become a potential drug/vaccine target, virulence factors of the pathogens should meet up
several criteria, such as it should be crucial for the survival of the pathogen and do not have
any similarity with respect to functions of the host. Also, the target should be ‘druggable’ so
that the ligand molecule can alter its function and should be stable, with rare or no point of
mutation. It is essential to keep these factors in mind while opting for a suitable drug/vaccine
target for efficient anti-microbial drug/vaccine discovery (Silver, 2011). Anti-virulence
approaches are proven to be highly compelling in the treatment of the infectious diseases
caused by pathogenic species while reducing drug resistance. Drugs that target the virulence

factors or mechanism associated with them, such as adhesion, invasion, damaging the host cell,
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releasing toxins, causing allergy, suppress the pathogenesis without hampering the normal

functioning of the host cell (Rasko & Sperandio, 2010).

2.2 Traditional approaches to identify virulence factors

With the advancements in technology, genomics and proteomics have transformed biological
research. Sequencing the whole genome of the pathogenic strains has opened a window of
opportunities to identify the putative virulence factors via sequence analysis (Russ & Lampel,
2005). These findings are used for the development of novel computational tools and methods.
There are a few bioinformatics-based approaches which are commonly used for the

identification of the virulence factors, such as:

2.2.1 Sequence similarity-based search: This is a standard approach which is used in
sequence analysis. In this, the query sequence is searched against the sequences in the database
of all the proteins with similar functions. This concept can be used to identify the orthologues
of virulence factors with known functions. The popular algorithm widely used for sequence
similarity is the Basic Local Alignment Search Tool (BLAST) (Altschul et al., 1990). It
provides a heuristic search against a query protein sequence. Virulence factors like adhesin
proteins of micro-organisms like Escherichia coli (Pichel et al., 2000), Mycoplasma pneumonia
(Nakane et al., 2011), Rickettsial species (Renesto et al., 2006), Mycoplasma agalactiae
(Fleury et al., 2002) and Leptospira interrogans (Palaniappan et al., 2002) have been identified
using the BLAST algorithm.

2.2.2 Motif-based search: The motif is a recurring pattern of amino acids or nucleotides that
occur in protein or DNA, respectively (D'Haeseleer, 2006). In general, motifs can act as a
unique signature for a protein sequence and can be used to detect proteins with similar
functional roles. Hence, motifs can also be used to identify the virulence factors in various

pathogens, as described in Table 2.1.
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Table 2.1: List of motifs associated with adhesion proteins of various pathogens reported in

previous studies

Virulence
Motif Description Pathogen Reference
factor
Glycosylphosphatidylinositol-
) ) o (De Groot et al.,
C-terminal GPI- modified (GPI) proteins linked to ) Funei did. )
Adhesion ungi (Candida | 2003), (Richard
motif plasma membrane via pre- formed albicans) )
& Plaine, 2007)
GPI anchor
HExxH motif
Bacteria
containing Zinc binding sequence motif His-Glu- ) (Houston et al.,
) Adhesion (Treponema
metalloprotease Xaa-Xaa-His 2011)
) pallidum)
adhesins
Arginine-glycine-aspartic acid (RGD)
and glycosaminoglycan binding site Bacteria
) ) ) ) (Bokhari et al.,
RGD, SGxG motif (SGXG) motifs present in Adhesion (Bordetella 2012)
autotransporter family proteins pertussis)
pertactin (Prn)
Tetrapeptide motifs FxxN and GGA Bacteria
) . . (Molleken et
FxxN, GGA (L, V) | (I, L, V) present in polymorphic Adhesion (Chlamydia L. 2010)
al.,
membrane protein family (Pmp) pneumonia)

2.2.3 Signal sequence: It is also known as signal or leader peptide, which is a short peptide
usually located at N-terminal and occasionally at C-terminal of the protein, which directs the
protein towards the secretory pathway. A study conducted by Champion et al. shows that in
Mycobacterium tuberculosis, virulence factor secretion is promoted by C-terminal signal
peptide (Champion et al., 2006). Adhesins are the proteins attached to the membrane that
normally have N-terminal signal peptide, which mediates its translocation to the endoplasmic
reticulum (Lee & Schneewind, 2001). Hence, this information regarding N-terminal and C-
terminal signal sequences can be used to identify the putative adhesin proteins. A
computational tool like PrediSi is developed to predict the signal peptides (Hiller et al., 2004).
Along with this, SignalP 6.0 recent method developed in 2022 predicts the signal peptides from
the protein sequences (Teufel et al., 2022).

2.2.4 Transmembrane domains: These are the membrane-spanning protein domains which
traverse across the integral membrane. These domains are predominantly alpha-helices which
are packed closely to form a mesh-like structure and can also adopt different conformations.
Some adhesin proteins that do not have a leader peptide sequence are known as ‘anchorless

adhesins’. Such adhesin proteins have the transmembrane domain, and the prediction of these
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domains could be used to identify these virulent proteins. Various methods such as TOPPER
(Deng et al., 2013), TOPCONS (Tsirigos et al., 2015), TMHMM (Krogh et al., 2001), AllesTM
(Honigschmid et al., 2020) are some of the popular tools which are used for the prediction of
transmembrane proteins. These approaches can also be used to identify the putative virulence

factors.

2.2.5 Protein domains: These are the conserved region of the protein chain that folds
separately and are stable, functional unit (Phillips, 1966). The function of the whole protein
sequence is determined by these conserved domains. Some of the virulence factors have well-
annotated domains, and the presence of these domains can be used to predict the new virulence
factors of the pathogens. There are various computational tools and databases which store the
information related to these domains, such as the Conserved Domain Database (Marchler-
Bauer et al., 2013), NCBI Conserved Domain Search
(https://www.ncbi.nlm.nih.gov/Structure/cdd/wrpsb.cgi) and InterPro (Blum et al., 2021).

These resources can be used to predict the function of the query sequence based on the presence
of known virulence factors associated with domains. Table 2.2 shows some of the known

conserved domains of the virulence factors of pathogens.

Table 2.2: List of conserved domains in adhesin proteins of pathogens

Conserved Domain Virulence Factor Pathogen Reference
Toxins, enzymes, )
) ) ) ) ) (Rigden et
PA14 domain adhesins and signaling Bacteria
al., 2004)
molecules
YadA collagen-binding ) ) (Nummelin
) Adhesin Bacteria (Yersinia enterocolitica)
domain et al., 2004)
Fibrinogen-binding Bacteria (Konkel et
Adhesin
domain (CadF protein) (Campylobacter jejuni) al., 2005)
(Phan et al.,
ALS N domain Adhesin Fungi (Candida albicans)
2007)
(Linder &

) ) Fission yeasts (Schizosaccharomyces pombe
GLEYA domain Adhesin Gustafsson,
and Schizosaccharomyces japonicus)

2008)
(Lietal.,

2010)

Gingipain domain Adhesin Bacteria (Porphyromonas gingivalis)
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2.3 Identification of virulence factors

2.3.1 Available databases for virulence factors

There are various computational repositories and databases that have been developed for the
identification of VFs of various pathogens. Some databases are pathogen-specific, some cover
VFs of many pathogenic species and are tabulated in Table 2.3. Pathogens-specific VF
repositories like virulence factor database (VFDB), developed by Chen et al., is a well-
annotated and comprehensive database of known VFs in bacteria. It also stores the information
of other genes and proteins that play a significant role in enhancing the virulence of the bacteria
(Chen et al., 2005). VFanalyzer is an automatic pipeline provided by the VFDB group to
identify known as well as potential VFs from the genomes of bacterial species (Liu et al., 2019).
DFVF is a database of VFs of fungal pathogens known to cause infectious diseases in plant
and animal hosts (Lu et al., 2012). Pathosystems Resource Integration Center (PATRIC) is a
curation, integration and visualization of bacterial VFs (Snyder et al., 2007), (Davis et al.,
2020). ProtVirDB is a database that holds the information of unique virulent proteins of
protozoan species (Ramana & Gupta, 2009). Examples of resources that stores the information
of VFs irrespective of the pathogenic species include, Victors a knowledgebase that contains
the manually curated data regarding the VFs of various pathogenic species such as bacteria,
virus, parasite and fungus (Sayers et al., 2019). MvirDB is a centralized microbial data
warehouse that comprises all the information from different resources on a single platform. It
includes information regarding VFs, toxin proteins, and antibiotic resistance genes from eight
open-source databases for various microbial species (Zhou et al., 2007). Pathogen-host
interactions database (PHI-base) catalogues pathogenicity, virulence, and effector genes from
bacterial, protist and fungal pathogens that infect insects, plants, animals and human hosts
(Urban et al., 2020). Apart from the above-discussed databases and repositories, UniProtKB
and Swiss-Prot are the knowledgebases that are the central hub containing the information of
proteins along with their function, description, structure, modifications with a more accurate

and high level of annotation (UniProt, 2021), (Bairoch & Apweiler, 1997).
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Table 2.3: List of databases developed for maintaining information regarding VFs of various

pathogenic species

Name (Year) Description (Weblink) Working Status

) Database of microbial virulent, toxin proteins and antibiotic resistance
MvirDB (2007) ) No
genes (http:/mvirdb.lInl.gov)

) Database of protozoan virulent proteins
ProtVirDB (2009) Yes
(http://bioinfo.icgeb.res.in/protvirdb/)

Database of VFs for fungal species
DFVF (2012) Yes
(http://sysbio.unl.edu/DEVE/)

Database of VFs for bacterial species
VFDB (2019) Yes
(http://www.mgc.ac.cn/VFs/)

Curation, integration and visualization of bacterial VFs
PATRIC (2020) ) Yes
(https://www.patricbrc.org)

Pathogen-host interaction database
PHI-base (2020) Yes
(http://www.phi-base.org)

UniProtKB/ Swiss- Database of protein sequence and functional information -
es
Prot (2021) (https://www.uniprot.org)

2.3.2 Computational resources for virulence factors

Efforts have been made in the past to create data-driven techniques for predicting VFs of the
pathogens that can be used as drug and vaccine targets. Some of the in-sil/ico methods and tools
that are developed for the identification of VFs are listed in Table 2.4. The majority of available
tools are extensively specialized for identifying specific virulence factors of certain pathogens.
For instance, VICMPred, proposed by Saha et al., is developed to predict the major functions
of gram-negative bacterial proteins from their amino acid sequences (Saha & Raghava, 2006b).
MAAP is a method for predicting the adhesins and adhesin-like proteins for malarial parasites
(Ansari et al., 2008). Another pathogen-specific methods, such as FaaPred (Ramana & Gupta,
2010) and FungalRV (Chaudhuri et al., 2011), have been developed specifically to predict the
adhesins and adhesin-like proteins for fungal species. Some methods have been developed to
predict the virulent proteins and associated factors irrespective of their pathogenic species.
SPAAN, a neural network-based method, has been developed to classify the pathogens'
adhesins and adhesins-like proteins (Sachdeva et al., 2005). VirulentPred has been developed
to predict the bacterial virulent protein sequences (Garg & Gupta, 2008). MP3 is a tool that
predicts pathogenic proteins using genomic and metagenomic data (Gupta et al., 2014).
PathoFact is a metagenomic data pipeline for predicting virulence factors and antibiotic

resistance genes (de Nies et al., 2021).
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Table 2.4: List of in-silico tools developed for predicting VFs of various pathogenic species

Name Description Virulence

Pathogen
(Year) (Weblink) Factor

Classification of adhesins and adhesins-like proteins of the )
SPAAN (2005) Adhesins All pathogens
pathogens (ftp://203.195.151.45)

A method to predict the major functions of proteins of gram-

VICMPred . . .

negative bacteria All Bacteria
(2006) . .

(https://webs.iiitd.edu.in/raghava/vicmpred/)

A method for the identification of adhesins of malarial Malarial
MAAP (2007) . . . Adhesins .

parasite (https://maap.igib.res.in) Parasite
VirulentPred Prediction of the bacterial virulent protein

All Bacteria

(2008) (http://bioinfo.icgeb.res.in/virulent/)

A method for the identification of adhesins of fungal species ) )
FaaPred (2010) L ) Adhesins Fungi
(http://bioinfo.icgeb.res.in/faap/faap.html)

FungalRV Fungal adhesins prediction method ) )
) Adhesins Fungi
(2011) (https://fungalrv.igib.res.in)
Prediction of pathogenic proteins using genomic and
MP3 (2014) metagenomic data All Bacteria
(http://metagenomics.iiserb.ac.in/mp3/)
Pipeline for the prediction of VFs, toxins and antimicrobial
PathoFact ) )
resistance genes All Bacteria
(2021)

(https://git-r3lab.uni.lu/laura.denies/PathoFact/)

2.4 Identification of toxicity

Toxins are one of the major virulence factors that play a crucial role in damaging the host cell.
Some pathogenic microbes can directly cause damage to the host cells by secreting factors like
toxins, hydrolytic enzymes, and physical forces during host cell invasion or escape (Mayer et
al., 2013). Secreted factors include hydrolytic enzymes like proteases or lipases and toxins in
the form of small metabolites or peptides that poison the host cell and cause tissue damage
(Scharf et al., 2014). In general, toxins can be of two types: endotoxins and exotoxins. With
the advent of highly accurate and cost-effective methods, the scientific community has adopted
data-driven computational methods, such as databases and machine learning techniques, to
curate the information regarding toxins and predict the toxicity of the molecules (Pérez Santin

E, 2021).
2.4.1 Databases for proteins and chemical toxicity

Various databases have been created to assist the scientific community during the last few

decades. These databases provide a variety of information regarding the toxicity of the
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molecules, such as hazardous chemicals, newly synthesized chemical compounds, and
proteins. Table 2.5 enlists the databases for the toxicity of the chemical compounds and

proteins.

Table 2.5: List of repositories developed for maintaining information for the toxicity of the

chemical compounds and proteins

Name
Description (Weblink) Reference
(Year)
Databases for toxic chemical compounds
Distributed Structure Database providing information about chemical structures as well as their (Richard &
Searchable Toxicity toxicity (https://www.epa.gov/chemical-research/distributed-structure- Williams,
(DSSTox) (2002) searchable-toxicity-dsstox-database) 2002)
) Comprehensive database of toxic compounds (Schmidt et al.,
SuperToxic (2008) o ) ) )
(http://bioinformatics.charite.de/supertoxic) 2009)
Toxin and Toxin
Target Database
(T3DB) Database that stores the detailed information of toxins along with its target (Lim et al.,
or
data (http://www.t3db.ca) 2010)

Toxic Exposome

Database (2010)

Chemical Entities of

Biological Interest

Database focused on small chemical compounds

(de Matos et

(https://www.ebi.ac.uk/chebi/) al., 2010)
(ChEBI) (2010)
Toxicity Reference

(Watford et al.,

Database (ToxRefDB) | Database containing the structural information of toxic compounds 2019)
(2019)
Comparative
Toxicogenomics Database containing the toxicological information for chemicals, genes, (Davis et al.,
Database (CTD) phenotypes and diseases (http://ctdbase.org/) 2021)
(2020)
Tox 21 (2020) Database cataloguing the information of around 8500 chemical compounds | -

A comprehensive database on toxic and hazardous substances
RISCTOX -

(https://risctox.istas.net/en/)
Exposure Forecaster
Database EPA’s database for aggregating chemical exposure information -
(ExpoCastDB)

Databases for toxic proteins molecules
) . . ) (Wood et al.,

ArachnoServer (2009) | Repository of protein toxins from spiders (http://www.arachnoserver.org) 2009)

Database of bacterial exotoxins for human (Chakraborty et
DBETH (2012)

(http://www.hpppi.iicb.res.in/btox/) al., 2012)
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A comprehensive database of protein structural data on toxin—antitoxin (Barbosa et al.,
BtoxDB (2015) )

systems (http://www.gurupi.uft.edu.br/btoxdb) 2015)

Database of bacterial toxin-antitoxin systems (Akarsu et al.,
TASmania (2019)

(https://shiny.bioinformatics.unibe.ch/apps/tasmania/) 2019)

2.4.2 Computational tools for proteins and chemical toxicity

Over the years, a plethora of research work has been published to study the toxicity of
chemicals, namely DeepTox (Mayr A, 2016), ProTox-II (Banerjee et al., 2018) and eToxPred
(Puetal., 2019). The majority of available tools are extensively specialized for toxins of certain
animal origins; for instance, the prediction methods named BT Xpred (Saha & Raghava, 2007a)
and NTXpred (Saha & Raghava, 2007b) were developed for the classification of bacterial
toxins and neurotoxins, respectively. ClanTox, developed by Naamati et al., is a classifier of
animal toxins from their primary protein sequences (Naamati et al., 2009). Another method,
SpiderP, has been developed to predict the propeptide cleavage sites in spider toxins (Wong et
al., 2013). Similarly, ToxClassifier was developed by Gacesa et al. to identify venom toxins
(Gacesa R, 2016). Deep learning-based methods such as TOXIFY can be used to classify
animal venom proteins from non-toxic proteins (Cole & Brewer, 2019), whereas ToxDL can
be used to assess the protein toxicity of animal origin (Pan et al., 2021).

In 2013, Gupta et al. proposed a general method ToxinPred for predicting the toxicity of
peptides and proteins irrespective of their source. This method is heavily used by the research
community to predict the toxicity of proteins/peptides. It is an SVM-based method that utilizes
several features like amino acid composition (AAC), dipeptide composition (DPC) and finding
toxic motifs/ regions derived from the sequences (Gupta, Kapoor, et al., 2013). NNTox is a
machine learning method to detect the toxicity of protein-based on several gene ontology
annotations (Jain & Kihara, 2019). Recently, deep learning-based tools such as ATSE (Wei et
al., 2021) and ToxIBLT (Wei et al., 2022) were developed by Wei et al. for the prediction of
protein/peptide toxicity using structural, evolutionary and physicochemical properties of the
sequences. In addition, a number of methods have been developed for predicting the specific
type of toxicity, like hemo-toxicity. In Table 2.6, we provide a comprehensive list of toxicity

prediction methods.
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Table 2.6: List of computational tools developed for predicting wide range of toxicity of

peptides, proteins and small molecules

Tools Year Description (Weblink)
Tools for predicting toxicity of chemical compounds
. Prediction of aqueous toxicity of small chemical molecules
ToxiPred 2016 (https://webs.iiitd.edu.in/raghava/toxipred/)
Prediction of hemolytic or hemotoxic nature of peptides
HemoPI 2016 (https://webs.iiitd.edu.in/raghava/hemopi/)
Prediction of chemical compounds using deep learning
DeepTox 2016 (http://www.bioinf,jku.at/research/DeepTox/)
Predicting the hemolytic activity of peptides
HemoPred 2017 (http://codes.bio/hemopred/)
Prediction of toxicity of small molecules
ToxiM 2017 (http://metagenomics.iiserb.ac.in/ToxiM/)
Prediction of the cytotoxicity of a chemical compound
CLC-Pred 2018 (http://way2drug.com/Cell-line/)
Prediction of toxicity of chemicals
ProTox-II 2018 (http://tox.charite.de/protox_II)
To predict the toxicity of drug candidates
€ i ez 2 (https://github.com/pulimeng/etoxpred)
Prediction of hemolytic peptides and its activity
HLPpred 2020 (http://thegleelab.org/HLPpred-Fuse)
Tools for predicting toxicity of proteins and peptides
Classification of bacterial toxins (exotoxins and endotoxins)
BTXpred 2007 (https://webs.iiitd.edu.in/raghava/btxpred/)
NTXpred 2007 Prediction of neurotoxins (https://webs.iiitd.edu.in/raghava/ntxpred/)
ClanTox 2009 Classification of animal toz(lns .from their primary protein sequences
(http://www.clantox.cs.huji.ac.il)
. Prediction of the propeptide cleavage sites in spider toxins
SpiderP 2013 (http://www.arachnoserver.org/spiderP.html)
. Prediction of venom toxins from other proteins
ToxClassiffer | 2016 (http://bioserv7.bioinfo.pbf.hr/ToxClassifier/)
Deep learning approach for the classification of animal venom proteins
TOXIFY 2019 (https://www.github.com/tijeco/toxify)
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Detection of protein toxicity based on gene ontology annotations

NNTox 2019 (http://www.github.com/kiharalab/NNTox)

ToxDL 2020 Prediction of toxic proteins from e}mmal species like snakes and spiders
(http://www.csbio.sjtu.edu.cn/bioinf/ToxDL/)

ATSE 2021 Prediction of peptide toxicity with their structural and evolutionary information
(http://server.malab.cn/ATSE)

ToxIBLT 2022 A deep learning approach for the prediction of peptide toxicity using information

ox bottleneck and transfer learning (http://server.wei-group.net/ToxIBTL)

2.5 Identification of allergenicity

Several studies have also shown the correlation between microbial colonization and allergic
diseases. Allergy is an exaggerated immune response caused by foreign substances called
allergens. In some instances, virulent factors are responsible for allergy, which is the
hypersensitivity of the immune system. In addition to protein, allergy is also caused by
chemical compounds, known as chemical allergy. A therapeutic molecule may cause side
effects due to its allergic potential. Based on this, there are various tools and data repositories

which maintain the information regarding the allergenic proteins and chemical compounds.

2.5.1 Repositories for proteins and chemical allergens

A substantial number of allergenic proteins and chemicals have been found and characterised
in the last few decades. As a result, various databases are developed to aggregate the available
scattered information. The World Health Organization /International Union of Immunological
Societies (WHO/IUIS) Allergen Nomenclature database maintains the systematic and
unambiguous nomenclature for proteins that induce IgE-mediated allergies in humans.
AllergenOnline is a repository that provides a peer-reviewed list of allergens (Goodman et al.,
2016). Comprehensive Protein Allergen Resource (COMPARE) database stores the
information of protein sequences of known allergens (van Ree et al., 2021). AllerBase is a
knowledgebase that integrates the data of allergens, its sequences, and IgE epitope binding
affinity on a single platform (Kadam et al., 2017). Structural Database of Allergenic Proteins
(SDAP) incorporates the information of allergenic protein sequences along with other tools
(Ivanciuc et al., 2003). The Immune Epitope Database (IEDB) is a well-known and widely
used database that catalogs experimental data of B and T cell epitopes studied in different hosts
with respect to various diseases like allergy, autoimmune and infectious diseases (Dhanda et

al., 2019). The Database of Allergen Families (AllFam) provides the classification of the
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allergens into the known protein families (Radauer et al., 2008). ChEMBL is a manually
curated database of bioactive molecules with drug-like properties (Bento et al., 2014).
DrugBank Online is a comprehensive, open-access database that contains information on drugs
and drug targets (Wishart et al., 2018). Table 2.7 enlists the databases developed for the

proteins and chemical allergens.

Table 2.7: List of databases developed for the proteins and chemical allergens

Name Year ‘Weblink ‘Working Status

WHO/IUIS Allergen

Nomenclature 2000 il Yes
SDAP 2003 https://fermi.utmb.edu Yes
AllFam 2007 https://www.meduniwien.ac.at/allfam/ Yes
ChEMBL 2014 https://www.ebi.ac.uk/chembl/ Yes
AllergenOnline 2016 http://www.allergenonline.org Yes
COMPARE 2017 https://comparedatabase.org Yes
AllerBase 2017 http://bioinfo.unipune.ac.in/AllerBase/Home.html Yes
IEDB 2019 https://www.iedb.org Yes
DrugBank Online 2018 https://go.drugbank.com Yes

2.5.2 In-silico tools for proteins and chemical allergens

Several computational tools and methods have been developed for the prediction of allergenic
proteins. However, limited efforts have been made to develop a method or tool to predict the
allergenicity of chemicals causing the allergy. Below is a brief description of the methods
developed for the prediction of allergenic proteins. A hybrid method AlgPred (Saha &
Raghava, 2006a), was developed that combines the different approaches for predicting
allergenic proteins. AllerTool is a method which combines a similarity-based approach for
predicting allergenicity and allergic cross-reactivity in proteins (Zhang et al., 2007).
AllerHunter was developed for predicting allergenic proteins, where models were developed
using SVM-pairwise sequence similarity (Muh et al., 2009). AllerTOP and its updated version,
AllerTOPv2, have been developed to classify the allergenic and non-allergenic proteins
(Dimitrov et al., 2013), (Dimitrov, Bangov, et al., 2014). In the case of PREAL, models were
developed to predict the allergenic protein using biochemical and physicochemical properties
(Wang et al., 2013). AllergenFP is a method that incorporates descriptor-based fingerprints for
developing prediction models (Dimitrov, Naneva, et al., 2014). AllerCatPro has been

developed for predicting the allergenicity potential of a protein from its sequence and 3D
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epitope mapping (Maurer-Stroh et al., 2019). Table 2.8 enlists the in-silico methods developed

to predict the allergenic proteins.

Table 2.8: List of in-silico methods developed for the prediction of allergenic proteins

Name Year Weblink Working Status
AlgPred 2006 https://webs.iiitd.edu.in/raghava/algpred/ Yes
AllerTool 2007 http://research.i2r.a-star.edu.sg/AllerTool/ No
AllerHunter 2009 http://tiger.dbs.nus.edu.sg/AllerHunter No
AllerTOPv2 2013 http://www.ddg-pharmfac.net/AllerTOP/ Yes
PREAL 2013 http://gmobl.sjtu.edu.cn/PREAL/index.php No
AllergenFP 2014 http://ddg-pharmfac.net/AllergenFP/ Yes
AllerCatPro 2019 https://allercatpro.bii.a-star.edu.sg Yes

2.6 Conclusion

Virulence factors play an important role in enhancing the pathogenicity of the pathogenic
micro-organisms. Multiple studies in the past have revealed that virulent proteins and other
associated factors can be used as potential drug and vaccine candidates. In-silico tools and
methods for the prediction of virulent, toxic and allergenic proteins irrespective of their sources
are not available. Hence, proper identification of these factors involved in the virulence as well
as pathogenicity, such as toxicity and allergenicity, is the need of an hour to develop proper

therapeutics against the pathogens.
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Chapter 3

Prediction of virulent
proteins



3.1 Introduction

Virulence factors are the molecules synthesized by pathogenic micro-organisms. They have
the tendency to cause diseases in different host organisms. They are of several types, such as
adhesins, colonization factors, invasions, immune-evasion, immunosuppression, toxins,
capsular polysaccharides and siderophores (Peterson, 1996), (Zheng et al., 2012), (Sharma,
Dhasmana, et al., 2017). Growth is essential but not always required throughout the pathogen’s
life. Dormant phase, also known as transient non-replicative phase, can be beneficial for the
pathogen, which helps in the persistence of microbe within the host organism (Rittershaus et
al., 2013), (Fanning & Mitchell, 2012). It is the common tendency for moderate or no growth
of the pathogen associated with resistance to antibiotics and biocides (Brown & Barker, 1999).
To grow inside the human host, it is required by the pathogen to take up and metabolize the
host-derived nutrients (Ene et al., 2014). Adhesins are the molecules that are involved in the
attachment of the pathogen to the host cell, and these are extensively found on the pathogenic
microbes. Commensal microbes primarily reside within the mucus, with some distance from
the anti-microbial peptide secreting epithelial cells. This helps the pathogen to remain in

intimate contact with the host cell, which is required to manipulate and invade it.

Adhesion
Immuno- Growth in
UPPIESSto host cell
Virulence factors
Immuno-
evasion

Figure 3.1: Major virulence factors involved in the pathogenesis

Invasion into the host cell and tissues are usually described as one of the defining activities of

the pathogenic microbes (Ribet & Cossart, 2015). Some bacteria invade the host cell by
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distorting the outer membrane and triggering endocytosis (Dalle et al., 2010). After invasion
inside the host cells and tissues, the next step is colonizing, which is mediated by colonization
factors. Immuno-evasion helps the pathogen to evade the host immune response by escaping
from being recognized by immunogenic surface receptors present on the outer membrane of
the host cell, i.e., PAMPs (Latge & Beauvais, 2014), (van de Veerdonk et al., 2008), (Lata &
Raghava, 2008). For example, capsular polysaccharides shield the pathogens from the defense
mechanism of the host (Chai et al., 2009), (Kaur et al., 2019). Immunosuppression is the
obstruction of host immune response by some effector proteins, a popular strategy in
pathogenic microbes. These effector proteins mainly interact with host molecules to manipulate
the host cell in favor of the pathogen. Effector proteins may include invasins which trigger
receptor-mediated host cytoskeleton rearrangements and induce endocytosis (Phan et al.,
2007). Traversing the host membrane is very crucial for the action of the effector molecules.
Some pathogenic microbes can directly cause damage to the host cells by secreting factors like
toxins, hydrolytic enzymes, and physical forces during host cell invasion or escape (Mayer et
al., 2013). Secreted factors include hydrolytic enzymes like proteases or lipases and toxins in
the form of small metabolites or peptides that poison the host cell and causes tissue damage

(Scharf et al., 2014). Virulence factors of the pathogens are depicted in Figure 3.1.

Over the years, limited attempts have been made for the prediction of virulent proteins of the
pathogens. The majority of available tools are extensively specialized for certain virulence
factors of a certain pathogen. To fill this gap, we have made an attempt to develop a highly
accurate method for predicting virulent proteins. Most of the methods are developed on small
datasets. To address this limitation, we have proposed a method named “VirFacPred” to
classify the virulent and non-virulent protein sequences. Models developed in this study have
been trained and evaluated on the latest dataset consisting of 7058 virulent sequences. In
addition, several features have been integrated into VirFacPred, which enhance the

performance of the model with high precision.

3.2 Materials & methods

3.2.1 Dataset compilation

The dataset used in this study is compiled from different databases, such as VFDB (Liu et al.,
2019) and Victors (Sayers et al., 2019). Besides this, we also extracted data from UniProt
release 2021 04 (released on 17 November 2021) (UniProt, 2021) using various other terms

related to the virulence of the pathogens, such as virulence, adhesin, adhesion, adherence,
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toxin, invasion, and capsule. It is challenging to obtain a negative dataset where experimentally
validated data is not readily available. Thus, in this study, we carefully extracted and assigned
non-virulent proteins from UniProt. We extracted 565 918 proteins using the query ‘NOT
virulence proteins AND reviewed:yes’; these proteins were assigned as a negative dataset. In
this study, we have only taken the proteins which are reviewed and manually annotated. All
the protein sequences comprising ‘BJOUXZ’, and non-virulent sequences similar to virulent
sequences were removed. After all the pre-processing, 7058 sequences were referred to as
positive dataset, and 462 844 sequences were called as negative dataset. After that, CD-HIT
(Li & Godzik, 2006) with 40% sequence identity was applied to both datasets. It leads to a
reduced number of sequences for positive and negative datasets. After applying CD-HIT, the
positive dataset is reduced to 4714 sequences from 7058, whereas the negative dataset is
reduced to 89310 sequences from 462 844. In the study, we have created two datasets: Main
Dataset: It contains 7058 virulent and 7058 non-virulent proteins redundant sequences.
Alternate Dataset: It contains 4714 virulent and 4714 non-virulent proteins. In case of main
dataset, we have not remove redundant virulent proteins, the aim was to train our model on
largest possible dataset. In case of alternate dataset, redundant virulent protein has been
removed, the aim was to train our model on non-redundant dataset to follow standard practice

in the field of classification. The construction of the datasets are shown in Figure 3.2

Virulent Proteins Non-virulent Proteins
(7095 proteins) (565918 proteins)

[ Preprocessing ]

A\ 4

L 4
[ 7058 Proteins | [ 462844 Proteins ’

CD-HIT (40%)

[ 89310 Proteins ]

8233
_ | Proteins
Main Dataset

L (7058 Virulent =
7058 Non-virulent)

Y 4714
471,4 Proteins
Proteins S
Alternate Dataset

(4714 Virulent —
4714 Non-virulent)

CD-HIT (40%)

A

Figure 3.2: Creation of datasets followed in the study
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3.2.2 Generation of protein features

We have generated more than 9000 features using the well-known feature extraction method,
Pfeature (Pande A, 2019). We have employed a composition-based module of Pfeature to
compute 9529 features which are further used for developing machine learning models. The
detailed information of each feature, along with the length of the vector, is tabulated in Table

3.1.

Table 3.1: List of all the computed features along with their vector length

Name of the Feature Featll; l:g:lfcmr
Amino acid composition (AAC) 20
Amphiphilic pseudo amino acid composition (APAAC) 23
Atom composition (ATC) 5
Bond composition (BTC) 4
Composition enhanced Transition Distribution (CTD) 189
Conjoint Triad Calculation (CTC) 343
Dipeptide composition (DPC) 400
Distance distribution of residue (DDOR) 20
Physicochemical Properties Composition (PCP) 30
Pseudo amino acid composition (PAAC) 21
Quasi-sequence order (QSO) 42
Residue Repeat Information (RRI) 20
Shannon Entropy of Physicochemical Property (SPC) 25
Shannon Entropy of Residues (SER) 20
Shannon-Entropy of Protein (SEP) 1
Tripeptide composition (TPC) 8000

3.2.3 BLAST for similarity search

BLAST is used to identify the virulent proteins based on the similarity of a protein with virulent
and non-virulent sequences (Altschul et al., 1990). The BLAST search module was developed,
where the query sequences were searched against the database of virulent and non-virulent

proteins. The performance of the method was evaluated according to various E-value

thresholds.

3.2.4 Motif analysis
The motifs corresponding to virulent proteins were extracted using Motif-EmeRging and with

Classes-Identification (MERCI) program (Vens et al., 2011).
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3.2.5 Feature selection and ranking

Past studies have shown that all the features generated are not important; hence it is necessary
to select the relevant features from an extensive feature set. For this, the SVC-L1-based feature
selection technique was used to fetch the significant features (Sharma et al., 2021). We have
selected 132 features for the main dataset and 91 for the alternate dataset from 9529 features.
Moreover, feature ranking was done using a decision tree-based algorithm, Light Gradient
Boosting Machine (LightGBM), to rank the selected features (Sharma et al., 2021). The
obtained top-ranked features were used to build the different machine learning prediction

models in both datasets, respectively (Sharma et al., 2022).

3.2.6 Machine learning models

In the current study, different machine learning techniques have been used for the classification
of virulent and non-virulent protein sequences. We used Logistic Regression (LR), k-nearest
neighbors (KNN), Decision Tree (DT), Gaussian Naive Bayes (GNB), XGBoost (XGB),
Support Vector Classifier (SVC), and Random Forest (RF) based techniques for the

classification.

3.2.7 Evaluation parameters

We have also applied 5-fold cross-validation (CV) on 80% of training data for the internal
training, testing and model evaluation. The performance of machine learning models was
evaluated using the standard evaluation parameters such as sensitivity (Sens), specificity
(Spec), accuracy (Acc), Matthews correlation coefficient (MCC) and area under the receiver

operating characteristic (AUC).

3.2.8 Hybrid approach

We have also applied a hybrid approach to enhance the accuracy of the prediction model. For
this, the following three techniques have been integrated: (i) similarity-based approach using
BLAST, (ii) motif-based approach using MERCI and (iii) Machine learning-based techniques.
An ensemble BLAST (top five hits) was initially used to classify the given protein sequence at
E-value of 10-% The score of ‘+0.5” was allotted for virulent proteins, ‘-0.5” for non-virulent
proteins and ‘0’ for no prediction. Next, using MERCI based approach, the same protein
sequence was classified. The score of ‘+0.5” was allotted if the motif was present and 0’ if the
motif was absent. Finally, for developing the hybrid approach, we have computed the overall

score, which has been obtained by integrating the scores of these three methods. The protein
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sequence is categorized as virulent and non-virulent based on the overall score at different

threshold values. The overall workflow of the methodology is depicted in Figure 3.3.

Main Dataset Alternate Dataset
7058 positive 4714 positive
Dataset 7058 negative 4714 negative
Collection :
Training Data Validation Data
(80%) (20%)
Feature Compositional-based features
Extraction (AAC, DPC, PCP, SER)

|

D

\/ Machine Learning BLAST and Feature
Algorithms Motif search Ranking
Prediction
Models l
Hybrid Model -~ Model
\/ (AAC+BLAST+Motif) - Evaluation
Webserver
Development Best Model integrated in the webserver

Figure 3.3: Complete methodology used for predicting virulent factors

3.3 Results

3.3.1 Compositional analysis

The amino acid composition (AAC) was computed for virulent and non-virulent proteins. We
observed that the average AAC of residues such as alanine, glycine, isoleucine, and leucine are
higher in the virulent sequences. In contrast, cysteine, glutamate, proline and serine are
abundant in the non-virulent sequences. Figure 3.4 depicts the comparison of average AAC for

virulent and non-virulent proteins.
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Average amino acid composition (%)

Ala(A)

Cys(C)  Asp(D) Glu(E)

Phe (F) Gly (G) His (H) Iso (1) Lys(K) Leu(L) Met(M) Asn(N)

= Virulent = Non-virulent

Pro(P) Gn(Q Arg(R) Ser (S) Thr(T) Val(V)  Trp(W)  Tyr(Y)

Figure 3.4: Shows amino acid composition of virulent and non-virulent proteins

3.3.2 Similarity search-based prediction

We have applied an ensemble of top five hits to reduce the false prediction. For the main

dataset, the number of correct hits (sensitivity) increased from 17.25% to 21.62% for the

training dataset and from 18.91% to 23.26% for the validation dataset with E-value ranging

from 107 to 107!, This also increases the number of wrong hits (error), as shown in Table 3.2.

Table 3.2: The performance of BLAST-based search on main dataset

Training Validation
E- Virulent Non-virulent Virulent Non-virulent
1
value Correct Wr.ong Correct Wr.ong Correct Wr.ong Correct Wr.ong
hits (Sens) hits hits (spec) hits hits (Sens) hits hits (spec) hits
(error) (error) (error) (error)
1948 97 226 534 41 159 55
-6 0
10 (17.25%) (0.86%) A5 () (2%) (18.91%) (1.45%) (5.63%) (1.95%)
105 2033 106 539 238 554 45 173 56
(18%) (0.94%) (4.77%) (2.11%) (19.62%) (1.59%) (6.13%) (1.98%)
10+ 2128 123 588 262 578 48 186 64
(18.85%) (1.09%) (5.21%) (2.32%) (20.47%) (1.7%) (6.59%) (2.27%)
103 2213 136 650 290 599 54 206 73
(19.6%) (1.2%) (5.76%) (2.57%) (21.21%) (1.91%) (7.29%) (2.58%)
102 2322 169 738 320 623 58 233 76
(20.56%) (1.5%) (6.54%) (2.83%) (22.06%) (2.05%) (8.25%) (2.69%)
101 2441 197 859 353 657 73 267 88
(21.62%) (1.74%) (7.61%) (3.13%) (23.26%) (2.58%) (9.45%) (3.12%)

3.3.3 Performance of prediction models

3.3.3.1 Composition-based features

The features including AAC of virulent and non-virulent were computed to develop several

machine learning models. The RF-based model was observed to perform relatively well
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compared to other models for both datasets. For main dataset, it achieved a maximum AUC of
0.83 and 0.84 on training and validation datasets, respectively. For the alternate dataset, model

attained AUC of 0.77 and 0.78 on training and validation datasets, respectively (Table 3.3).

Table 3.3: The performance of ML-based models developed using amino acid composition

Main Dataset
Training Validation
ML
Sens Spec Acc AUC MCC Sens Spec Acc AUC MCC
DT 63.49 64.14 63.82 0.69 0.28 61.67 65.76 63.70 0.71 0.28
RF 74.68 73.89 74.28 0.83 0.49 75.25 74.47 74.86 0.84 0.50
LR 67.46 68.30 67.88 0.74 0.36 67.37 68.69 68.02 0.74 0.36
XGB 72.36 72.53 72.44 0.80 0.45 72.15 73.97 73.05 0.81 0.46
KNN 70.49 72.03 71.26 0.80 0.43 71.03 72.90 71.96 0.80 0.44
GNB 66.87 66.57 66.72 0.72 0.33 68.14 67.83 67.99 0.73 0.36
SvC 74.38 74.56 74.47 0.82 0.49 73.84 75.39 74.61 0.83 0.49
Alternate Dataset

DT 61.65 61.36 61.51 0.66 0.23 64.95 61.72 63.31 0.68 0.27
RF 70.14 69.88 70.01 0.77 0.41 70.54 69.25 69.88 0.78 0.40
LR 67.34 65.57 66.46 0.72 0.33 68.82 65.27 67.02 0.73 0.34
XGB 68.47 69.67 69.07 0.76 0.38 66.24 69.67 67.98 0.75 0.36
KNN 67.79 69.32 68.55 0.76 0.37 66.77 70.71 68.77 0.76 0.38
GNB 66.07 65.62 65.85 0.71 0.32 64.52 63.60 64.05 0.70 0.28
SvC 70.24 69.80 70.02 0.76 0.40 70.54 70.61 70.57 0.76 0.41

3.3.3.2 Models using selected features

The reduced features 132 (main dataset) and 91 (alternate dataset) were used to develop
different classification models on both datasets. The performance of these models is illustrated
in Table 3.4. It is clearly shown in the table that the RF-based model performed better for both

datasets.

Table 3.4: The performance of ML-based models developed using selected features

Main Dataset
Training Validation
ML
Sens Spec Acc AUC MCC Sens Spec Acc AUC McCC
DT 61.76 61.88 61.82 0.66 0.24 65.75 62.20 63.99 0.69 0.28
RF 74.02 76.17 75.10 0.84 0.50 71.82 77.60 74.68 0.84 0.50
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LR 72.64 72.35 72.49 0.79 0.45 71.31 73.47 72.38 0.79 0.45
XGB 73.58 73.94 73.76 0.82 0.48 71.38 75.54 73.44 0.82 0.47
KNN 60.95 61.05 61.00 0.66 0.22 58.79 63.48 61.12 0.66 0.22
GNB 69.09 68.23 68.66 0.75 0.37 67.79 69.12 68.45 0.75 0.37
Alternate Dataset
DT 59.83 59.37 59.60 0.64 0.19 58.39 59.00 58.70 0.63 0.17
RF 70.80 72.11 71.45 0.79 0.43 69.57 71.23 70.41 0.78 0.41
LR 71.56 70.30 70.94 0.77 0.42 70.32 69.67 69.99 0.76 0.41
XGB 71.22 70.22 70.72 0.78 0.41 67.74 69.04 68.40 0.76 0.37
KNN 55.21 58.38 56.79 0.60 0.14 53.76 56.28 55.04 0.57 0.11
GNB 67.76 67.83 67.79 0.74 0.36 66.02 71.03 68.56 0.74 0.37

3.3.3.3 Motif-based approach

The motifs such as ‘LSSGLRI, KDDAAG, SAKDDA and SGLRIN’ are solely found in
virulent proteins. Composition-based models (AAC) built using different ML techniques were
integrated with the MERCI approach. The performance of the combined approach
(ML+MERCI) for both datasets is shown in Table 3.5.

Table 3.5: The performance of motif-based approach when combined with machine learning

Main Dataset
Training Validation
ML
Sens Spec Acc AUC MCC Sens Spec Acc AUC MCC
RF 76.17 72.83 74.50 0.83 0.49 76.58 73.32 74.97 0.84 0.50
SvC 69.43 78.62 74.04 0.82 0.48 69.27 79.46 74.33 0.83 0.49
XGB 75.30 70.19 72.74 0.80 0.46 75.25 71.04 73.16 0.81 0.46
KNN 64.78 77.00 70.90 0.80 0.42 65.68 77.89 71.74 0.80 0.44
LR 71.06 66.30 68.68 0.74 0.37 71.45 65.76 68.63 0.75 0.37
GNB 60.68 72.05 66.37 0.72 0.33 61.81 72.61 67.17 0.73 0.35
DT 65.81 62.20 64.00 0.69 0.28 65.82 63.91 64.87 0.71 0.30
Alternate Dataset

RF 74.50 66.37 70.45 0.78 0.41 75.05 66.32 70.63 0.79 0.42
SvC 66.44 73.76 70.09 0.77 0.40 66.02 74.58 70.36 0.77 0.41
KNN 78.75 60.72 69.77 0.77 0.40 78.82 61.93 70.26 0.77 0.41
XGB 73.41 65.94 69.69 0.77 0.40 70.97 66.00 68.45 0.76 0.37
LR 69.82 64.66 67.25 0.73 0.35 71.51 64.12 67.76 0.74 0.36
GNB 71.32 61.60 66.47 0.72 0.33 70.65 59.52 65.01 0.71 0.30
DT 65.51 58.68 62.11 0.67 0.24 68.28 59.83 64.00 0.69 0.28
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3.3.3.4 BLAST-based model

The similarity search approach BLAST and ML-based models were synergized to build an
enhanced method. The BLAST search was initially implemented for a query sequence; if a
BLAST hit was obtained, the query sequence was assigned as virulent and non-virulent based
on the BLAST result. If no hit is obtained, then the composition-based model is utilized to

predict the same sequence. Table 3.6 shows the performance of BLAST when combined with

ML.

Table 3.6: The performance of BLAST when combined with machine learning

Training Validation

vt Sens Spec Acc AUC MCC Sens Spec Acc AUC MCC

KNN 8573 | 8821 | 86.97 0.96 074 | 8748 | 8859 | 88.03 0.96 0.76
RF 88.89 | 8633 | 87.61 0.96 075 | 89.81 | 87.16| 88.49 0.97 0.77
LR 83.71 | 8936 | 86.54 0.95 073 | 8474 | 90.01 | 87.36 0.95 0.75
SVC 85.88 | 90.13 | 88.01 0.95 0.76 | 87.06 | 90.87 | 88.95 0.96 0.78
XGB 85.08 | 88.95 | 87.02 0.95 0.74 | 87.20 89.8 |  88.49 0.95 0.77
GNB 81.83 | 8642 | 84.13 0.93 0.68 | 8263 | 8673| 84.67 0.94 0.69
DT 8137 | 8421 | 8279 0.91 0.66 | 8228 | 8595 84.1 0.93 0.68

o AemeDatee

KNN 8745 | 7621 | 8185 0.92 0.64 | 89.78 | 7992 | 84.78 0.94 0.71
RF 84.17 | 79.94 |  82.06 0.92 0.64 | 8677 | 8222 | 8446 0.94 0.69
SVC 7971 | 8555 | 82.62 0.92 0.65| 82.15| 8861 | 8542 0.94 0.71
LR 8248 | 77.86 | 80.18 0.91 0.61 | 8548 | 80.65| 83.03 0.93 0.66
XGB 84.06 | 79.54 | 81.81 0.91 0.64 | 8505| 8232| 83.67 0.93 0.67
GNB 8121 | 7778 | 79.51 0.89 059 | 8409 | 7939| 81.71 0.92 0.64
DT 80.26 | 7453 | 7741 0.87 055 | 8419 | 78.14| 81.12 0.91 0.62

3.3.3.5 Models using hybrid approach

In order to overcome the limitations of individual methods, different approaches have been
integrated. These approaches were used to predict the virulent proteins with better
performance. AAC-based ML model is combined with BLAST-based similarity and MERCI-
based motif approaches. First, proteins were classified using ensemble BLAST at E-value of
107¢ followed by MERCI approach. The protein sequences left unpredicted by these two
approaches are predicted by an ML-based model. The performance of the hybrid method is
significantly improved, which is not achievable by using all these methods independently. The

performance of the hybrid method is shown in Table 3.7. RF-based model performed best for
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both the datasets on training and validation datasets. It achieved AUC of 0.96 and 0.97 (main

dataset) and AUC of 0.92 and 0.94 (alternate dataset) on training and validation dataset.

Table 3.7: The performance of hybrid method combining machine learning, BLAST and

MERCI
o vembaee ]
Training Validation
ML
Sens Spec Acc AUC MCC Sens Spec Acc AUC MCC

KNN 85.73 88.22 86.98 0.96 0.74 87.55 88.59 88.07 0.96 0.76
RF 88.89 86.37 87.63 0.96 0.75 89.87 87.16 88.53 0.97 0.77
LR 83.73 89.64 86.69 0.95 0.74 84.81 90.23 87.51 0.95 0.75
Svc 85.88 90.15 88.02 0.95 0.76 87.13 90.87 88.99 0.96 0.78
XGB 85.08 89.01 87.04 0.95 0.74 87.27 89.8 88.53 0.95 0.77
GNB 81.85 86.42 84.14 0.93 0.68 82.71 86.73 84.71 0.94 0.69
DT 81.37 84.31 82.84 0.91 0.66 82.35 86.02 84.17 0.93 0.68

T
KNN 89.89 80.02 84.89 0.94 0.71 87.58 76.37 81.99 0.92 0.64
RF 84.28 80.02 82.15 0.92 0.64 86.88 82.32 84.57 0.94 0.69
Svc 79.97 85.63 82.79 0.92 0.66 82.37 88.71 85.58 0.94 0.71
LR 82.58 78.34 80.47 0.91 0.61 85.59 81.28 83.42 0.93 0.67
XGB 84.28 79.56 81.93 0.92 0.64 85.16 82.53 83.83 0.93 0.68
GNB 81.45 77.94 79.72 0.89 0.59 84.19 79.62 81.87 0.92 0.64
DT 80.51 74.77 77.65 0.87 0.55 84.41 78.45 81.39 0.91 0.63

3.3.3.6 Best models developed in the study

The performance of the best classification models developed using the different features is

listed in Table 3.8 .

Table 3.8: List of the features along with the performance of the best machine learning

algorithm
Method Features ML Training Validation
Sens | Spec | Acc | AUC | MCC | Sens | Spec | Acc | AUC | MCC
Composition RF | 74.68 | 73.89 | 74.28 | 0.83 0.49 | 75.25 | 74.47 | 74.86 | 0.84 0.5
AAC
based features
Feature 132 RF | 74.02 | 76.17 | 75.10 | 0.84 05| 71.82 | 77.6 | 74.68 | 0.84 0.5
Selection features
Motif based Motifs + RF | 76.17 | 72.83 | 74.50 | 0.83 0.49 | 76.58 | 73.32 | 7497 | 0.84 0.5
approach AAC
BLAST based | BLAST+ | RF | 88.89 | 86.33 | 87.61 | 0.96 0.75 | 89.81 | 87.16 | 88.49 | 0.97 0.77
approach AAC
. BLAST+ | RF | 88.89 | 86.37 | 87.63 | 0.96 0.75 | 89.87 | 87.16 | 88.53 | 0.97 0.77
Hybrid .
roach Motifs +
approac AAC
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3.4 Web-based service

A freely accessible web server named “VirFacPred”

(https://webs.iiitd.edu.in/raghava/virfacpred/) has been developed to predict the virulent

proteins. The key modules such as (i) prediction, (ii) design, (iii) motif scan, (iv) BLAST search
and (v) Download are integrated into the web server. Prediction: It permits the user to submit
the single as well as multiple protein sequences in FASTA format. This module can efficiently
classify virulent and non-virulent proteins based on our two best performing models, i.e.,
Model-1 (AAC-based RF approach) and Model-2 (hybrid approach). Design: It generates all
the possible mutants corresponding to a protein by mutating a single residue at a time. Motif
scan: It uses MERCI software to detect the motifs present in the virulent protein sequences. It
also maps or scans the motifs in the query protein sequence given by the user and distinguishes
them as virulent and non-virulent. BLAST search: It assists the user to perform a similarity-
based search using BLAST against a virulent and non-virulent protein database. Download:
Using this module, the user can download the python-based standalone package as well as the

dataset used in the study.

3.5 Benchmarking with previous methods

It is necessary to benchmark the existing methods with our new proposed method VirFacPred.
Our model outperformed the various baseline methods such as SPAAN, VICMPred,
VirulentPred, and MP3. For instance, SPAAN is a neural network-based software specifically
for predicting adhesins and adhesins-like proteins of the pathogens. It has attained a sensitivity
of 89% and specificity of 100% on the dataset. The method named VICMPred, developed by
Saha et al. is an SVM-based classification approach that classifies bacterial proteins into four
different functional classes: virulence factors, information molecule, cellular process and
metabolism molecules, and has achieved an accuracy of 70.75%. VirulentPred, another SVM-
based method developed by Garg et al., predicts the virulent proteins of bacterial pathogens. It
has attained AUC of 0.86 with MCC of 0.64. Our method VirFacPred is trained on a larger
dataset containing 7058 virulent and non-virulent proteins. Our hybrid approach was
implemented, combining AAC-based RF model, similarity-based search using BLAST, and
motif search by MERCI. It achieved AUC of 0.97 and MCC of 0.77 with balanced sensitivity

and specificity. The comparison of VirFacPred with existing methods is shown in Table 3.9.
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Table 3.9: Comparison of proposed method VirFacPred with existing methods

Method Type of method Pathogen Type Sens Spec Acc AUC MCC
VirFacPred General All pathogens 89.87 87.16 88.53 0.97 0.77
FungalRV Specific Fungus NA NA NA NA 0.87
FaaPred Specific Fungus 82.66 86.8 86.05 NA 0.61
VirulentPred | General All pathogens 82.00 81.50 81.80 0.86 0.64
MAAP Specific Malarial parasite NA NA NA NA 0.80-0.904
VICMPred Specific Bacteria NA NA 70.75 NA NA
SPAAN General All pathogens 89.00 100 NA NA NA

3.6 Discussion & conclusion

The human body has an environment that is needed by any pathogen to grow and survive. The
attributes required for survival and growth in this particular environment are generally
considered as virulence factors. These virulence factors play a significant role in favor of the
pathogen both during the pathogenesis and growth phase. It protects the microbe from the
mammalian body temperature and helps escape phagocytosis. In a broader sense, virulence
factors are necessary for the survival of the pathogen. Direct action of the virulence factors into
the host response leads to the disruption of the host homeostasis, leading to disease. Thus, there
is a dire need to determine the virulence property of the proteins produced by different
pathogens. In the present study, we have proposed a method named VirFacPred for predicting
virulent and non-virulent proteins irrespective of their source. The similarity-based search
using BLAST has been carried out to identify query sequences. If a query protein sequence is
similar to a known protein, then the same function is assigned to that query protein. It has been
observed from Table 3.2 that BLAST can identify some virulent proteins with the probability
of correct prediction of more than 23%, with an extremely low error rate. The result suggests
that BLAST produces a substantial number of no hits; thus, it cannot be used to predict the
unknown protein that is not similar to known virulent and non-virulent proteins. In order to
overcome this constraint, a hybrid model was developed using AAC-based ML model, BLAST
and MERCI. The highest performance is attained using a hybrid model with maximum
accuracy, as shown in Table 3.7. In this study, we created a web-based platform for users to
classify virulent and non-virulent proteins. We have provided a freely accessible web server
and a standalone package of “VirFacPred” to assist the scientific community working on

protein therapeutics.
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3.7 Limitation of the study

In this study, we have proposed a highly accurate method for predicting virulent proteins.
However, this is a general method developed for predicting the virulent proteins irrespective
of the specific pathogen. We have considered all the pathogens and have tried to develop a

generalised method on latest dataset with high precision.
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Chapter 4

Identification of toxins
and
designing of non-toxic
proteins



4.1 Introduction

Proteins and peptides are naturally occurring molecules that play various functions and
processes in the body that are essential to sustain cellular mechanisms (Shaji & Patole, 2008).
Their aberrant activity has been involved in several pathological conditions such as cancer,
neurodegenerative disorders and diabetes. Thus, using them as therapeutic agents is a
promising way to fight against various diseases. In recent years, they have the potential to
revolutionize medical therapy as well as a preferred choice over small molecules and antibodies
due to their high target specificity, tissue penetration, high biological activity and inexpensive
(Bruno et al., 2013). However, there are certain prime concerns in the development of
protein/peptide-based drug discovery, such as toxicity, immunogenicity and stability (Otvos &
Wade, 2014). Due to this, the assessment of toxic properties of proteins/peptides is of great

necessity.
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Figure 4.1: Source of toxins and their effects on humans (10.1093/bib/bbac174)

Toxins are naturally occurring poisonous substances that have the ability to cause harm to other
organisms. It can be of plant, animal origin or released by several types of microbes (Clark et
al., 2019). It can cause deadly diseases or death when it enters the body. A variety of toxins
from certain animals can lead to several lethal effects, such as scorpion venom can
overstimulate neuronal signalling leading to paralysis (Petricevich, 2010). Further, snake

venom could be neurotoxic, causing neuromuscular paralysis as well as haemotoxic damaging
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the circulatory system and leading to acute tissue damage (Casewell et al., 2020), (Slagboom
et al., 2017). The various effects of toxins from different sources are depicted in Figure 4.1.

Conventional experimental techniques are used to evaluate the toxicity of unknown proteins,
peptides and chemical compounds. However, these approaches are laborious, cost-intensive
and involve animal testing for in-vivo assessment. These impediments lead to an inclination
towards the applicability of in-silico techniques (Sharma N, 2021). With the advent of highly
accurate and cost-effective methods, the scientific community has adopted data-driven
computational methods, such as machine learning techniques, to predict the toxicity of
molecules (Pérez Santin E, 2021). In this study, we have attempted to develop a highly accurate
method for predicting the toxicity of large proteins, which will complement our previous
method ToxinPred. Although, ToxinPred is highly accurate and used widely by the scientific
community, but there are several constraints that necessitate improvement. ToxinPred was
trained on 1805 toxic peptides where the maximum length was 35 amino acids. Thus,
ToxinPred is suitable only for peptides or small peptides of length up to 50 amino acids but not
suitable for large proteins. To address these limitations, we have proposed the updated method
named “ToxinPred2” to classify the toxic and non-toxic protein sequences, which is trained
and evaluated on large proteins/toxins. Models developed in this study have been trained and
evaluated on the latest dataset consisting of 8233 toxic sequences. In addition, several features
have been integrated into ToxinPred2, which enhance the performance of the model with high

precision.

4.2 Materials & methods

4.2.1 Dataset collection

The dataset was retrieved from UniProt release 2021 03 (released on 2 June 2021) (UniProt,
2021) using different keywords for obtaining toxic and non-toxic proteins/peptides. We
extracted 9940 toxic proteins using the keyword ‘toxin AND reviewed:yes’. All protein
sequences comprising ‘BJOUXZ’, less than 35 amino acids and non-toxic sequences similar
to toxic sequences were discarded. Ultimately, we obtained 8233 toxic sequences, referred to
as a positive dataset. The compilation of experimentally validated or well-annotated toxic
peptides is possible, whereas it is challenging to obtain non-toxic peptides. Therefore, we have
extracted the negative dataset from Swiss-Prot (Bairoch & Apweiler, 2000) using keywords
NOT toxin NOT allergen AND reviewed: yes' and obtained 554 145 proteins. In the present

study, we have considered proteins that are reviewed and manually curated. From this data, we
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have discarded the sequences with length less than 35 amino acids and non-standard characters.
Hence, we proceeded with 460 257 non-toxic sequences as a negative dataset. The creation of

datasets is depicted in Figure 4.2.

Positive Dataset Negative Dataset
(9940 proteins) (554145 proteins)
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Figure 4.2: Compilation of datasets for developing toxin prediction method
(10.1093/bib/bbac174)

After that, CD-HIT software (Li & Godzik, 2006) was applied to both datasets at 40% sequence
identity. It leads to a reduced number of sequences for positive and negative datasets. After
applying CD-HIT, the positive dataset is reduced to 1924 sequences from 8233, whereas the
negative dataset is reduced to 88263 sequences from 460 257. We have created three datasets

based on the number of toxic and non-toxic protein sequences, as described below:
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(a) Main dataset: This dataset contains 8233 toxic (obtained after pre-processing of positive
data) and 8233 non-toxic (randomly selected from 88263 negative data obtained after CD-HIT)
protein sequences.

(b) Alternate dataset: This dataset contains 1924 toxic (obtained after applying CD-HIT on
8233 positive data) and 1924 non-toxic (randomly selected from 88263 sequences obtained
after CD-HIT) non-redundant protein sequences. No two proteins have more than 40%
sequence similarity in this dataset.

(c) Realistic dataset (Ten times Negative Dataset): This dataset consists of 1924 toxic and
19240 non-toxic protein sequences. These toxic sequences are same as those used in the
alternate dataset, where no two proteins have more than 40% similarity. The non-toxic protein
sequences were randomly selected from non-redundant 88263 non-toxic sequences obtained

after applying CD-HIT.

4.2.2 BLAST-based similarity search

In this study, we have used BLAST to identify toxins based on the similarity of a protein
sequence with toxic and non-toxic sequences (Altschul et al., 1990). The similarity-based
search module was created in which the query sequences were searched against the database
of toxins and non-toxins. The performance of the method was assessed based on the various E-

value cutoffs.

4.2.3 Scanning of motifs
The toxic proteins were searched for the motifs using MERCI tool, a program to locate motifs
in any sequence (Vens et al., 2011). Motif analysis provides the information related to recurring

patterns present in the toxic sequences.

4.2.4 Feature generation

We have used a standalone tool, Pfeature, to generate a wide range of features such as
composition and evolutionary information-based features (Pande A, 2019). Using a
composition-based feature module of Pfeature, a vector of 9163 features was calculated against
each sequence for all three datasets. To extract the evolutionary information for a given protein,
Position-specific scoring matrix (PSSM) composition was calculated using Position-Specific

Iterated BLAST (PSI-BLAST) (Altschul et al., 1997).
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4.2.5 Feature selection and ranking

It has been shown in previous studies that all the features are not significant. Thus, selecting
the relevant features from a larger set of features is a major challenge. In this study, we have
used the SVC-L1-based feature selection technique to select the significant features from the
high-dimensional feature set (Sharma et al., 2021). Using this method, we have listed important
features for all three datasets from the pool of 9163 features. Out of that, 129 features were
selected for the main dataset, 32 for the alternate dataset and 52 for the realistic dataset. Further,
a feature-selector tool was utilized for ranking the top key features. It uses a decision tree-based
algorithm called the LGBM to rank the feature frequently used to split the data across all trees
(Sharma et al., 2021). The obtained top-ranked features were used to build the different

machine learning prediction models in all three datasets.

4.2.6 Machine learning techniques
Several machine learning techniques have been used to discriminate toxic from non-toxic
proteins. RF, LR, GNB, DT, KNN, XGB, and SVC were implemented to develop the

classification models.

4.2.7 Performance evaluation parameters

These classifiers were optimized using various hyper-parameters, and the best results were
included. We have also applied a 5-fold CV on 80% of training data for the internal training,
testing and model evaluation. The performance of machine learning models was evaluated
using the standard evaluation parameters such as sensitivity, specificity, accuracy, MCC and

AUC. The complete workflow of ToxinPred2 is depicted in Figure 4.3.

4.2.8 Combined approach

In this study, we have also implemented a combined approach to enhance the prediction of the
model. The hybrid approach is the weighted scoring method, in which the score is computed
by integrating three different methods (i) similarity-based approach using BLAST, (ii) motif-
based approach using MERCI and (ii1)) ML-based technique. First, the given protein sequence
was classified using BLAST at E-value of 107°. We assigned the weight of ‘+0.5> for the
positive predictions (toxic proteins), ‘—0.5 for negative predictions (non-toxic proteins) and
‘0’ for no hits. Second, the same protein sequence was classified using MERCI. We assigned
the score of ‘+0.5’ if the motifs were found and ‘0’ if the motifs were not found. In the case of

a combined approach, scores obtained from three methods (i.e., BLAST, MERCI and ML
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scores) were combined to compute the overall score. Based on the overall score at different
threshold values, the protein sequence is categorized as toxic and non-toxic. This hybrid
approach has been extensively employed in several studies (Sharma et al., 2020), (Gupta,
Kapoor, et al., 2013).
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Figure 4.3: Flowchart depicting the overall architecture of ToxinPred2
(10.1093/bib/bbac174)

4.3 Results

4.3.1 Compositional analysis

In the study, AAC for both toxic and non-toxic proteins was computed. We found that the
average AAC of amino acid residues such as cysteine, glycine, lysine, and tryptophan are
abundant in the toxic sequences, whereas alanine, glutamate, isoleucine, leucine and serine are
higher in the non-toxic sequences. Also, we have compared the average AAC between the
peptides and proteins of ToxinPred and ToxinPred2, respectively. It was observed that peptides

of ToxinPred are exceptionally rich in cysteine and proline. In contrast, the proteins of
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ToxinPred?2 are rich in lysine and valine. The comparison of average AAC between ToxinPred

and ToxinPred?2 is depicted in Figure 4.4.

m ToxinPred ToxinPred2 Non-toxins
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Figure 4.4: Shows amino acid composition of toxic peptides in ToxinPred, toxins in

ToxinPred2 and non-toxins (10.1093/bib/bbac174)

It has been shown in the literature that toxic peptides/proteins are rich in cysteine amino-acid.
A subunit of pertussis toxin is rich in cysteine residue which forms disulfide bonds and is
responsible for binding to the specific cell surface receptors (Burns et al., 1989). Another study
by Zhu et al., has shown that if amino acids (cysteine or lysine) are accumulated in high
concentrations, the protein may be toxic to the other organisms (Zhu et al., 2004) (Kishor et
al., 2020). Eisenhut et al., have stated that higher concentration of glycine is very toxic and can
lead to inhibition or even death in bacteria, plants and humans (Eisenhut et al., 2007). Figure
4.4 clearly shows that peptides as well as proteins which are rich in cysteine, glycine and
tryptophan amino acid are toxic in nature, and this information can be used as a feature that

can be employed for distinguishing non-toxic proteins.

4.3.2 BLAST-based analysis

We have implemented an ensemble of top five hits to reduce the false prediction. For the main
dataset, the number of correct hits (sensitivity) increased from 35% to 38.79% for the training
dataset and from 36.44% to 40.23% for the validation dataset, with E-value ranging from 107¢

to 107!, This also leads to an increase in the number of wrong hits (error), as shown in Table
4.1.
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Table 4.1: The performance of BLAST-based model on main dataset

Training Validation
E- Toxins Non-toxins Toxins Non-toxins
valu
e Correct Wr.ong Correct Wr.ong Correct Wrong hits Correct Wr.ong
hits (Sens) hits hits (Spec) hits hits (Sens) (error) hits (Spec) hits
(error) (error) (error)
10 4610 68 610 137 1201 16 182 42
(35%) (0.52%) (4.63%) (1.04%) (36.44%) (0.49%) (5.52%) (1.27%)
105 4681 71 662 146 1224 17 198 45
(35.54%) (0.54%) (5.03%) (1.11%) (37.14%) (0.52%) (6.01%) (1.37%)
10 4762 77 735 157 1251 19 212 51
(36.16%) (0.58%) (5.58%) (1.19%) (37.96%) (0.58%) (6.43%) (1.55%)
1073 4869 87 812 174 1271 24 248 55
(36.97%) (0.66%) (6.17%) (1.32%) (38.56%) (0.73%) (7.52%) (1.67%)
1072 4976 102 900 192 1293 28 271 61
(37.78%) (0.77%) (6.83%) (1.46%) (39.23%) (0.85%) (8.22%) (1.85%)
10! 5109 124 1034 214 1326 35 319 72
(38.79%) (0.94%) (7.85%) (1.62%) (40.23%) (1.06%) (9.68%) (2.18%)

4.3.3 Performance of ML-based models

4.3.3.1 Models using composition

The features including AAC of toxins and non-toxins were computed to develop several
machine learning models. For the main dataset, it was observed that RF-based models
performed quite well when compared to other models and achieved a maximum AUC of 0.93
and 0.92 on training and validation datasets, respectively. For the alternate dataset, RF-based
model attained AUC of 0.76 and 0.75 on training and validation dataset, respectively. In the
case of a realistic dataset, it was found that the model based on XGB obtained AUC of 0.75
and 0.74 for training and validation dataset, respectively (Table 4.2).

Table 4.2: The performance of machine learning-based techniques developed using amino acid

composition
I v
Training Validation
ML
Sens Spec Acc AUC MCC Sens Spec Acc AUC MCC

DT 77.19 77.90 77.55 0.85 0.55 75.73 80.52 78.13 0.85 0.56
RF 86.59 86.15 86.37 0.93 0.73 86.47 84.10 85.29 0.92 0.71
LR 75.54 75.11 75.32 0.84 0.51 75.61 73.30 74.45 0.84 0.49
XGB 83.55 83.98 83.77 091 0.68 82.34 82.77 82.56 091 0.65
KNN 82.60 81.72 82.16 0.91 0.64 82.40 82.16 82.28 0.90 0.65
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GNB

75.22

74.49

74.85

0.83

0.50

74.76

73.60

74.18

0.82

0.48

Svc

84.39

84.63

84.51

0.92

0.69

83.62

82.16

82.89

0.91

0.66

DT 62.14 59.61 60.88 0.66 0.22 58.85 5547 57.16 0.64 0.14
RF 68.64 68.96 68.80 0.76 0.38 64.32 67.97 66.15 0.75 0.32
LR 63.05 62.14 62.60 0.70 0.25 63.02 62.76 62.89 0.69 0.26
XGB 67.53 69.29 68.41 0.75 0.37 66.93 65.89 66.41 0.73 0.33
KNN 65.33 66.17 65.75 0.73 0.32 61.20 63.54 62.37 0.70 0.25
GNB 61.88 61.30 61.59 0.69 0.23 59.64 65.10 62.37 0.69 0.25
SvC 65.02 64.55 64.77 0.72 0.30 63.02 66.41 64.71 0.71 0.29

DT 60.84 58.97 59.14 0.65 0.12 71.62 47.25 49.46 0.65 0.11
RF 71.04 68.71 68.92 0.78 0.24 67.97 68.06 68.05 0.77 0.22
LR 62.60 63.82 63.71 0.71 0.16 63.54 62.89 62.95 0.69 0.16
XGB 67.14 68.04 67.95 0.75 0.21 68.75 66.50 66.71 0.75 0.21
KNN 67.86 65.72 65.92 0.74 0.21 65.89 62.99 63.26 0.72 0.17
GNB 63.77 60.92 61.17 0.70 0.14 63.28 61.33 61.51 0.70 0.14
SvC 77.86 51.29 53.71 0.74 0.17 83.85 40.88 44.78 0.73 0.15

4.3.3.2 PSSM-based models

The PSSM profiles based on evolutionary information were also generated for protein

sequences and used to develop ML-based models. We found that XGB achieved AUC of 0.94

on training and 0.93 on validation for the main dataset. Further, for an alternate dataset, RF-

based model attained AUC of 0.80 on training and 0.79 on the validation dataset. For the

realistic dataset, XGB performed better and obtained the maximum AUC of 0.80 on training

and 0.79 on validation (Table 4.3).

Table 4.3: The performance of machine learning-based techniques developed using PSSM

profiles
=
Training Validation
ML
Sens Spec Acc AUC MCC Sens Spec Acc AUC MCC
DT 75.41 75.85 75.63 0.82 0.51 75.00 75.12 75.06 0.82 0.50
RF 86.52 86.65 86.58 0.94 0.73 85.19 85.80 85.50 0.93 0.71
LR 82.17 81.85 82.01 0.90 0.64 81.13 80.58 80.86 0.90 0.62
XGB 86.96 86.62 86.79 0.94 0.74 85.98 86.17 86.07 0.93 0.72
KNN 84.18 84.19 84.18 0.92 0.68 82.65 83.92 83.28 0.92 0.67
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GNB 73.06 74.82 73.94 0.82 0.48 72.03 74.03 73.03 0.81 0.46

Svc 79.73 79.20 79.46 0.88 0.59 78.58 80.22 79.40 0.87 0.59
Alternate Dataset
DT 61.88 64.35 63.12 0.68 0.26 56.77 63.28 60.03 0.66 0.20
RF 71.69 71.95 71.82 0.80 0.44 72.14 70.83 71.48 0.79 0.43
LR 68.64 68.83 68.73 0.76 0.38 69.27 70.83 70.05 0.76 0.40
XGB 69.03 70.00 69.51 0.78 0.39 68.75 69.79 69.27 0.77 0.39
KNN 69.48 70.13 69.81 0.76 0.40 67.97 70.05 69.01 0.76 0.38
GNB 62.27 62.34 62.31 0.65 0.25 62.50 65.37 63.93 0.66 0.28
Svc 65.91 66.43 66.17 0.72 0.32 66.93 69.53 68.23 0.73 0.37

Realistic Dataset

DT 63.96 62.01 62.18 0.68 0.15 57.81 63.36 62.85 0.64 0.13
RF 71.23 75.36 74.99 0.81 0.30 69.01 76.51 75.83 0.81 0.29
LR 68.90 69.04 69.02 0.77 0.23 69.27 69.80 69.75 0.77 0.24
XGB 71.88 70.42 70.54 0.80 0.26 71.62 71.23 71.27 0.79 0.26
KNN 71.04 68.23 68.49 0.77 0.24 72.92 65.93 66.56 0.77 0.23
GNB 61.95 61.95 61.95 0.65 0.14 62.50 61.95 62.00 0.64 0.14
SvC 67.21 64.66 64.90 0.74 0.19 63.54 65.39 65.22 0.72 0.17

4.3.3.3 Selected features

The reduced features 129 (main dataset), 32 (alternate dataset) and 52 (realistic dataset) were
used to develop different classification models on all the three datasets. The performance of
these models is illustrated in Table 4.4. It is clearly shown in the table that RF-based model

performed better in all three datasets.

Table 4.4: The performance of machine learning-based techniques developed using selected

features
Main Dataset
Training Validation
ML
Sens Spec Acc AUC MCC Sens Spec Acc AUC MCC
DT 76.55 76.46 76.51 0.84 0.53 75.85 75.61 75.73 0.82 0.52
RF 86.27 86.29 86.28 0.94 0.73 85.50 86.35 85.92 0.93 0.72
LR 80.64 80.50 80.57 0.89 0.61 79.19 82.16 80.67 0.88 0.61
XGB 86.21 85.83 86.02 0.93 0.72 84.41 86.77 85.59 0.93 0.71
KNN 78.53 79.04 78.79 0.86 0.58 76.88 79.43 78.16 0.86 0.56
GNB 67.46 85.95 76.71 0.82 0.54 66.14 85.68 7591 0.81 0.53
Alternate Dataset
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DT 63.25 61.30 62.27 0.68 0.25 67.19 48.96 58.07 0.64 0.16

RF 70.71 70.58 70.65 0.79 0.41 70.31 69.79 70.05 0.77 0.40
LR 66.88 66.36 66.62 0.74 0.33 66.67 66.93 66.80 0.73 0.34
XGB 68.70 67.53 68.12 0.76 0.36 68.75 71.62 70.18 0.76 0.40
KNN 65.97 65.65 65.81 0.70 0.32 62.51 65.10 63.80 0.70 0.28
GNB 64.22 64.29 64.25 0.71 0.29 64.84 64.84 64.84 0.71 0.30

Realistic Dataset

DT 63.31 60.89 61.11 0.69 0.14 54.17 66.29 65.19 0.66 0.12
RF 73.44 68.98 69.39 0.80 0.26 71.35 68.66 68.90 0.79 0.24
LR 67.01 67.80 67.72 0.75 0.21 64.58 66.79 66.59 0.74 0.19
XGB 66.75 71.12 70.72 0.77 0.23 67.19 70.66 70.35 0.77 0.23
KNN 63.64 66.89 66.59 0.70 0.18 57.81 65.41 64.72 0.67 0.14
GNB 50.07 82.69 79.72 0.71 0.23 47.92 81.91 78.83 0.70 0.21

4.3.3.4 Motif-based models

The motifs such as ‘GCYCG, MKTLL, TLLLTL and LLLTLV’ are solely found in toxic
proteins. Composition-based models (AAC) built using different ML techniques were
integrated with the MERCI approach. The performance of the combined approach
(ML+MERCI) for all three datasets is shown in Table 4.5.

Table 4.5: The performance of motif-based approach when combined with machine learning

techniques
Main Dataset
Training Validation
ML Sens Spec Ace AUC | McC | Sens Spec Ace AUC | McC
DT 75.46 80.90 78.18 0.85 0.56 74.15 83.13 78.64 0.85 0.58
GNB 72.12 79.56 75.84 0.83 0.52 72.76 79.37 76.06 0.82 0.52
KNN 81.72 83.40 82.56 0.91 0.65 81.74 84.16 82.95 0.90 0.66
LR 74.02 78.76 76.39 0.84 0.53 74.21 77.00 75.61 0.84 0.51
RF 84.60 89.36 86.98 0.94 0.74 84.59 87.93 86.26 0.93 0.73
svcC 85.24 82.20 83.72 0.92 0.68 84.59 80.40 82.49 0.91 0.65
XGB 83.28 84.53 83.90 0.92 0.68 81.80 83.50 82.65 0.91 0.65
Alternate Dataset
DT 69.55 52.53 61.04 0.69 0.22 66.15 51.30 58.72 0.67 0.18
GNB 60.91 66.49 63.70 0.72 0.27 60.16 69.01 64.58 0.72 0.29
KNN 58.57 75.39 66.98 0.74 0.35 55.21 73.70 64.45 0.72 0.29
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LR 57.08 71.69 64.38 0.72 0.29 57.55 74.48 66.02 0.72 0.33
RF 64.55 76.49 70.52 0.78 0.41 59.90 76.82 68.36 0.77 0.37
Svc 57.86 75.58 66.72 0.75 0.34 56.25 80.21 68.23 0.74 0.38
XGB 62.08 78.18 70.13 0.77 0.41 61.46 73.96 67.71 0.76 0.36
Realistic Dataset
DT 66.88 52.03 53.38 0.67 0.11 72.66 47.38 49.67 0.67 0.12
GNB 47.53 84.65 81.27 0.71 0.24 44.53 84.17 80.58 0.71 0.21
KNN 56.10 79.54 77.41 0.75 0.24 55.21 76.53 74.60 0.73 0.21
LR 55.26 73.40 71.75 0.72 0.18 55.21 72.30 70.75 0.71 0.17
RF 60.65 81.63 79.72 0.79 0.29 56.51 82.10 79.77 0.77 0.27
Svc 35.52 95.86 90.37 0.75 0.35 34.12 95.92 90.31 0.74 0.34
XGB 55.20 82.56 80.07 0.76 0.27 54.69 81.94 79.47 0.76 0.26

4.3.3.5 BLAST-based models
To build an enhanced method, the similarity search approach BLAST and ML-based models

were synergized. The BLAST search was initially implemented for a query sequence; if a

BLAST hit was obtained, the query sequence was assigned as toxin and non-toxin based on

the BLAST result. If there is no hit obtained, then the composition-based model is utilized to

predict the same sequence. Table 4.6 shows the performance of BLAST when combined with

machine learning techniques.

Table 4.6: The performance of BLAST when combined with machine learning techniques

Main Dataset
Training Validation

ML Sens Spec Acc AUC MCC Sens Spec Acc AUC MCC

DT 88.63 91.77 90.20 0.97 0.81 88.53 90.59 89.56 0.97 0.79
GNB 94.08 91.19 92.63 0.96 0.85 9491 91.57 93.23 0.96 0.87
KNN 93.53 95.22 94.37 0.98 0.89 94.05 95.57 94.81 0.98 0.91
LR 93.65 92.44 93.04 0.98 0.86 94.72 92.61 93.66 0.98 0.87
RF 93.85 96.14 95.02 0.98 0.91 94.36 95.75 95.05 0.99 0.92
SvC 91.69 91.47 91.58 0.98 0.83 91.14 90.78 90.96 0.98 0.82
XGB 94.73 93.35 94.04 0.98 0.88 95.02 93.14 94.08 0.98 0.88

Alternate Dataset

DT 73.90 77.92 75.91 0.83 0.52 72.41 77.61 75.01 0.83 0.51
GNB 74.87 78.83 76.85 0.84 0.54 74.74 80.21 77.47 0.85 0.55
KNN 73.70 82.53 78.12 0.88 0.56 72.41 81.25 76.82 0.88 0.54
LR 7591 77.21 76.56 0.87 0.53 75.01 78.91 76.95 0.87 0.54
RF 79.61 80.45 80.03 0.89 0.61 75.78 82.03 78.91 0.89 0.58
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SvC 76.75 79.42 78.08 0.88 0.56 75.01 82.81 78.91 0.88 0.58
XGB 78.57 82.27 80.42 0.89 0.61 76.31 80.73 78.52 0.89 0.57
Realistic Dataset
DT 83.25 77.20 77.75 0.91 0.39 87.24 78.31 79.11 0.92 0.42
GNB 78.44 89.22 88.24 0.92 0.52 77.60 89.5 88.42 0.93 0.52
KNN 77.08 90.81 89.56 0.94 0.54 78.65 90.67 89.58 0.95 0.55
LR 81.11 86.64 86.14 0.94 0.49 82.03 87.32 86.84 0.94 0.51
RF 83.12 90.11 89.47 0.95 0.57 81.77 91.19 90.34 0.96 0.58
SvC 69.87 97.08 94.61 0.94 0.67 71.88 97.14 94.85 0.95 0.69
XGB 80.39 90.61 89.68 0.94 0.56 80.47 91.40 90.41 0.95 0.58

4.3.3.6 Models using combined approach

Ultimately, multiple approaches were integrated in order to overcome the limitations of
individual methods. These approaches were developed to detect the toxins with better
precision. A composition-based model is combined with BLAST- and MERCI-based
approaches. Initially, proteins were classified using ensemble BLAST at E-value of 1076, led
by MERCI approach. The ML-based model then predicts the protein sequences not predicted
by these two approaches. The combined approach significantly enhanced the coverage and
accuracy, which is not feasible by using all these methods individually. The performance of
the combined approach has improved by integrating all these methods, as shown in Table 4.7.
RF-based model performs best for all three datasets on training and validation datasets. It
achieved AUC of 0.98 and 0.99 (main dataset), AUC of 0.90 and 0.90 (alternate dataset) and
AUC of 0.95 and 0.96 (realistic dataset) on training and validation dataset.

Table 4.7: The performance of combined method integrating machine learning, BLAST and

MERCI techniques

Main Dataset
Training Validation

ML

Sens Spec Acc AUC MCC Sens Spec Acc AUC MCC
DT 88.64 91.81 90.23 0.97 0.80 88.59 90.59 89.59 0.97 0.79
GNB 94.08 91.19 92.63 0.96 0.85 94.91 91.57 93.23 0.96 0.87
KNN 93.53 95.22 94.37 0.98 0.89 94.05 95.57 94.81 0.98 0.90
LR 92.26 95.99 94.12 0.98 0.88 93.33 95.81 94.57 0.98 0.89
RF 92.95 97.65 95.31 0.98 0.91 93.69 97.39 95.54 0.99 0.91
Svc 91.69 91.63 91.66 0.98 0.83 91.14 90.96 91.05 0.98 0.82
XGB 94.73 93.35 94.04 0.98 0.88 95.02 93.14 94.08 0.98 0.88

Alternate Dataset

pr | 7442 | 31| 7636| osa| 0s3| ma| mwa2| 7sor| oss| o
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GNB 75.39 79.16 77.27 0.85 0.55 76.04 80.73 78.39 0.86 0.57
KNN 73.96 82.66 78.31 0.88 0.57 73.96 81.51 77.73 0.89 0.56
LR 76.11 77.34 76.72 0.87 0.53 76.04 79.43 77.73 0.88 0.56
RF 79.94 80.52 80.23 0.90 0.61 76.82 82.55 79.69 0.90 0.59
SvC 77.08 79.55 78.31 0.89 0.57 76.30 83.59 79.95 0.89 0.61
XGB 78.90 82.53 80.71 0.89 0.61 77.08 81.25 79.17 0.90 0.58
Realistic Dataset
DT 83.25 77.44 77.97 0.91 0.39 87.24 78.56 79.35 0.92 0.42
GNB 78.44 89.24 88.26 0.93 0.52 77.60 89.51 88.42 0.93 0.52
KNN 77.08 90.92 89.66 0.94 0.54 78.65 90.77 89.67 0.95 0.55
LR 81.11 86.73 86.22 0.94 0.49 82.03 87.37 86.89 0.94 0.51
RF 83.12 90.16 89.52 0.95 0.57 81.77 91.22 90.36 0.96 0.58
SvC 69.94 97.11 94.63 0.95 0.67 71.88 97.17 94.87 0.95 0.69
XGB 80.45 90.68 89.75 0.94 0.56 80.47 91.42 90.43 0.95 0.58

4.3.3.7 Best models of the study
The performance of the best classification models developed using the different features is

listed in Table 4.8 .

Table 4.8: The list of the features used in the study with the best performing ML models

Composition
based AAC RF | 8659 | 86.15 | 8637 | 0.93 | 073 | 86.47 | 84.11 | 8529 | 0.92 | 0.71
features
PSSMbased | PSSM XGB | 86.96 | 86.62 | 86.79 | 0.94 | 074 | 8598 | 86.17 | 86.07 | 0.93 | 0.72
features profiles
Feature 132 RF | 8627|8629 | 8628 | 094 | 073 | 8551 | 8635|8592 | 093 | 072
Selection features
Motifbased | Motifs+ | o | 4 61 | 8936 | 8698 | 094 | 0.74 | 8450 | 87.93 | 8626 | 093 | 073
approach AAC
BLAST
+
based ii‘éST RF | 9385 | 96.14 | 95.02 | 0.98 | 091 | 9436 | 95.75 | 95.05 | 0.99 | 0.92
approach
. BLAST +
Hybrid .
Motifs+ | RF | 92.95 | 97.65 | 9531 | 0.98 | 091 | 93.69 | 9739 | 9554 | 0.99 | 0.91
approach AAC

4.4 Web server and standalone software package

A web server, ToxinPred2 (https://webs.iiitd.edu.in/raghava/toxinpred2/), has been developed

for predicting toxic proteins. We have executed our two best performing models, i.e., Model-

1 (AAC-based RF approach) and Model-2 (hybrid approach). Both the models are trained on
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the main dataset for predicting toxins. The major modules such as (i) prediction, (ii) design,
(i11) motif scan, (iv) BLAST search and (v) Download are integrated into the web server. The
‘prediction module’ permits the user to submit the single and multiple protein sequences in
FASTA format. This module can efficiently classify toxic and non-toxic proteins. The ‘design
module’ is developed for generating all possible mutants of a protein by mutating a single
residue at a time. The developed models were then used for predicting each mutated sequence
as toxic or non-toxic protein. Using our webserver, user can design the non-toxic proteins and
which can be used for further studies. The ‘motif scan module’ uses MERCI software to
identify the motifs exclusively present in the toxic protein sequences. It also maps or scans the
motifs in the query protein sequence given by the user and distinguishes them as toxin and non-
toxin. The ‘BLAST search module’ aids the user to carry out a similarity-based search using
BLAST against toxins and non-toxins database. The web server is built with a responsive
HTML template and browser compatibility for various operating systems. To facilitate the
users to predict toxins, we have also developed a python based standalone package of

ToxinPred2, which can be accessed from ‘Download’ module of the web server.

4.5 Comparison with other methods

It is important to compare the performance of the proposed method with existing methods to
justify the development of the new method. We have shown the comparison of the performance
of a proposed method, ToxinPred2 and other existing methods as reported in the literature in
Table 4.8. ToxinPred2 outperforms other existing methods under the heading ‘Performance of
existing methods reported in the literature’. In order to provide an unbiased comparison, we
have computed the performance of ToxinPred2 on the validation dataset used in existing
methods. As shown in Table 4.9, under the heading ‘Performance of ToxinPred2 on validation
dataset of existing methods’, ToxinPred2 obtained AUC 0.96, 0.99 and 0.99 for protein datasets
used in ToxClassifer, TOXIFY, and ToxDL, respectively. Our proposed method achieves AUC
0.94 on peptide datasets used in ToxinPred and ATSE, which are lower than their original
performance. It is because ToxinPred2 is developed/trained for proteins not for peptides. We
also attempted to evaluate the performance of existing methods on validation data (main
dataset) of ToxinPred2. Since the dataset has larger protein sequences, the peptide toxicity
prediction methods (ToxinPred, ToxIBLT and ATSE) cannot be implemented. Moreover, we
could not predict the toxicity of proteins in the validation dataset of ToxinPred2 using ToxDL

and ToxClassifier due to the limitations of their web services (one is non-functional, and
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another allows a maximum of 10 sequences per submission for prediction). We used a
standalone version of TOXIFY to predict the toxicity of proteins in validation dataset of
ToxinPred2. It has predicted the toxicity of only 2617 out of 3296 protein sequences, which
have length up to 500 amino acids. As shown in Table 4.9, under the heading ‘Performance of
existing methods on validation dataset of ToxinPred2’, it achieved AUC 0.88, which is lower
than the performance reported by ToxinPred2 on the same dataset. This comparison

demonstrates the importance of the newly proposed method in the field of toxicity prediction.

Table 4.9: Comparison of proposed method ToxinPred2 with existing methods

Method Type of Dataset used Sensitivity | Specificity | Accuracy AUC MCC

ToxinPred2 All types of toxins (Proteins) 93.69 97.39 95.54 0.99 0.91

Performance of existing methods reported in the literature

ToxinPred All types of toxins (Peptides) 93.80 94.85 94.50 0.98 0.88
ToxClassifier Animal venom toxins (Proteins) 96.70 99.80 99.70 NA 0.89
TOXIFY Animal venom toxins (Proteins) 96.00 76.00 86.00 NA 0.74
ToxDL Animal toxins (Proteins) NA NA NA 0.98 0.79
ATSE Toxic peptides 96.50 94.00 95.20 0.97 0.90
Performance of ToxinPred2 on validation dataset of existing methods
ToxinPred Toxic peptides 97.73 45.73 63.12 0.94 0.44
ToxClassifier Toxic proteins 97.15 77.54 87.38 0.96 0.76
TOXIFY Toxic proteins 96.48 92.71 94.59 0.99 0.89
ToxDL Toxic proteins 100 88.81 89.74 0.99 0.63
ATSE Toxic peptides 96.65 58.21 76.03 0.94 0.58

Performance of existing methods on validation dataset of ToxinPred2

TOXIFY ‘ Toxic proteins 68.94 97.94 81.85

0.88 ‘ 0.68

4.6 Discussion & conclusion

One of the major challenges in the field of protein/peptide-based therapeutics is to identify
toxic regions in a protein. There is a dire need to determine the toxic potential of newly
synthesized proteins. Experimental techniques for determining toxicity proteins are costly and
time-consuming. Thus, there is a need to develop computer-aided techniques for predicting the
toxicity of proteins/peptides with high precision. In order to facilitate the scientific community,
our group developed a method, ToxinPred, for predicting and designing toxic peptides. It is
heavily used by the scientific community in the field of therapeutic peptides. This tool has been
developed mainly for peptides as models have been trained on peptides having length up to 35
amino acids. In order to complement ToxinPred, we proposed a new method, ToxinPred2, for

predicting the toxicity of proteins. In the present study, three datasets were created: main,
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alternate and realistic datasets curated from Swiss-Prot. The main dataset consists of 8233 toxic
and non-toxic proteins, alternate dataset contains 1924 non-redundant toxic and non-toxic
proteins. Realistic dataset was generated to create realistic conditions in which negative data is
multiple folds than positive data. Thus, 1924 toxic and 19240 non-toxic proteins were used in
realistic dataset.

Various features for the protein sequences were computed using Pfeature tool. The relevant
features were further selected and ranked using the SVC-L1 and feature-selector tool,
respectively. Our compositional analysis exhibited that cysteine, glycine, lysine and tryptophan
are dominant in toxic proteins in comparison to non-toxic proteins. It is noteworthy that the
composition-based features are among the top selected features. This suggests that these
features can be used to distinguish between toxic and non-toxic proteins. Furthermore, we have
implemented the BLAST, a widely used tool to annotate any query protein sequence. If the
query protein sequence shows high similarity with a known protein function, it designates the
same function to the query protein. As shown in Table 4.1, BLAST has correctly identified
some toxins with a probability of correct prediction of more than 40%, with a very low error
rate. Thereby, it can be inferred that BLAST is generating a large number of no hits; hence it
fails when the unknown protein has no similarity with toxins and non-toxins. Combined model
was developed using ML models (AAC), BLAST and MERCI to overcome this limitation. We
have achieved the highest performance with balanced sensitivity and specificity and higher
accuracy, as shown in Table 4.7.

In the present study, we have provided a comprehensive platform where users can classify toxic
and non-toxic proteins/peptides. To facilitate the scientific community and promote
widespread usage of the proposed prediction method, we have provided a freely accessible web
server and a standalone package of ToxinPred2. In the web server, we have incorporated the
best performing model for correctly predicting the toxins and non-toxins. However, one of the
limitations of our method is that it can classify toxins and non-toxins regardless of their source
of origin. We hope that the researchers will extensively use our prediction method for designing

improved and accurate protein/peptide-based therapeutics against various diseases.

4.7 Limitation of the study

In this study, we have made an attempt to develop the user friendly method that can be used to
classify the toxic and non-toxic proteins. However, it is general method it can classify toxins

and non-toxins regardless of their source of origin.
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Chapter 5

Prediction of allergens
and designing of non-
allergens



5.1 Introduction

Allergy is the abnormal behaviour of the immune system against foreign substances called
allergens. It involves a series of many reactions, which trigger various symptoms like allergic
asthma, rhinitis, skin reactions, and difficulty in breathing that can lead to death. The rise in
the occurrence of allergic diseases in the last few years has not only enhanced the costs of
treatment but also adversely affected the quality of life of a large population (Obermeyer &
Ferreira, 2005). Allergens like dust mites, pollens, and many others induce Type I
hypersensitive reactions, which elicit IgE antibodies. This allergic reaction results in the release
of inflammatory mediators, such as histamine, cytokines from mast cells and basophils (Masoli
et al., 2004), which affects the population at large scale, particularly skin sensitization (Sutton
& Gould, 1993), (Broadfield et al., 2002).

Sensitization is the first encounter of allergen, which develops the hypersensitivity, while the
second encounter of the same allergen leads to the effector response. Type I hypersensitivity is
mediated by immunoglobulin E (IgE), which is produced to act against allergens. Allergens
induce the Type I hypersensitivity reaction, which sets off the production of allergen-specific
IgE epitopes. These epitopes bind to the mast cell and basophils, known as the sensitization of
mast cells and basophils. Re-exposure of the allergens to sensitized mast cells and basophils
(which are already coated with IgE antibodies) leads to the degranulation and release of
mediators and inflammatory molecules like histamine, leukotriene, etc., which leads from a
mild allergic reaction to sudden death from anaphylactic shock (Mak TW, 2014). Overall
processing of allergen, activation of IgE antibodies and release of histamine is shown in Figure
5.1. The guideline issued by Food and Agriculture Organization fails to identify allergens with
high precision due to a large number of false-positive predictions (FAO/WHO, 2001)
(FAO/WHO, 2003). Earlier methods developed before 2005 can be classified in the following
categories; 1) similarity search, ii) supervised learning-based models, and iii) motif-based
approaches.

In 2006, a hybrid method AlgPred (Saha & Raghava, 2006a), was developed that combines the
following approaches for predicting allergenic proteins; i) SVM-based model, i) mapping of
IgE epitopes, ii1)) MEME/MAST motifs (Bailey & Elkan, 1994), (Bailey & Gribskov, 1998),
and 1v) BLAST-based similarity search (Camacho et al., 2009). This method combines the
power of different approaches, and it outperformed all methods developed before 2006.
Following is a brief description of methods developed in the last 14 years. AllerTool is an

SVM-based method developed in 2007; it combines a similarity-based approach for predicting
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allergenicity and allergic cross-reactivity in proteins (Zhang et al., 2007). AllerHunter was
developed in 2009 on 1356 allergenic proteins, where models were developed using SVM-
pairwise sequence similarity (Muh et al., 2009). In 2013, AllerTOP was developed on 2210
allergens, and its updated version, AllerTOPv2, has been developed on 2427 allergens
(Dimitrov et al., 2013), (Dimitrov, Bangov, et al., 2014). In the case of PREAL, an SVM-based
model was developed on the 1176 allergenic protein using biochemical and physicochemical
properties (Wang et al., 2013). In 2014, AllergenFP was developed on a dataset of 2427
allergens that incorporates descriptor-based fingerprints for developing prediction models
(Dimitrov, Naneva, et al., 2014). Recently, AllerCatPro has been developed on 4180 allergens
for predicting the allergenicity potential of a protein from its sequence and 3D epitope mapping

(Maurer-Stroh et al., 2019).
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Figure 5.1: Mechanism showing processing of allergen, activation of IgE antibodies and
release of histamine (10.1093/bib/bbaa294)
These allergen prediction methods are heavily used by the scientific community, particularly
by experimental researchers in designing proteins with desired allergenicity. These methods
have their limitations that include; i) most of the methods have been developed on small
datasets, ii) redundant proteins in the dataset, iii) no mapping of IgE epitopes, iv) motif
information not incorporated. In order to complement existing methods in serving the research
community, in this study, we made a systematic attempt to improve our method AlgPred (Saha

& Raghava, 2006a).
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In this study, we proposed the prediction method to classify the allergenic and non-allergenic
protein sequences, AlgPred 2.0, an improved version of AlgPred developed in 2006. AlgPred
combined four different methods to predict the allergens. In contrast, in AlgPred 2.0, we have
incorporated a number of new features to improve the performance of the method using the
state of art techniques. In addition to the large dataset used for training our models, we have
incorporated the following features. AlgPred 2.0 allows users to map 10451 experimentally
validated IgE epitopes on a protein sequence instead of 178 epitopes in AlgPred. In this study,
we have also used evolutionary information for building in-silico models where the
evolutionary information was derived from PSSM profiles generated using PSI-BLAST. We
also introduced a new approach for using BLAST called ensemble of BLAST hits, where the
prediction of allergens is based on the top five hits. In the previous method, AlgPred, we had
used only SVM using AAC, whereas, in AlgPred 2.0, we used several machine learning
techniques, including RF, SVM, KNN, MLP, and DT. In order to map IgE epitopes on proteins,
we used BLAST and MERCI software in AlgPred 2.0. In summary, AlgPred 2.0 is a hybrid

method that combines most of the existing approaches to identify allergens with high accuracy.

5.2 Materials & methods

5.2.1 Compilation of dataset

The dataset used in this study was compiled from various databases and repositories, namely,
COMPARE (2018 allergens) (https://comparedatabase.org), Allergen Online (2078 allergens)
(Goodman et al., 2016), AlgPred (Saha & Raghava, 2006a), AllerTop (2427 allergens and 2427

non-allergens) (Dimitrov et al., 2013) and Swiss-Prot (1078 allergens with the query ‘allergen
AND reviewed:yes’ (UniProt, 2021). All proteins containing non-standard characters (i.e.
BJOUXZ) or less than 50 amino acids or non-allergen sequences similar to allergen sequences
were removed. Finally, we got 10 075 allergen sequences, which we called a positive dataset.
For obtaining a negative dataset, we extracted 545 820 proteins using the query ‘NOT allergen
NOT cancer NOT allergenic AND reviewed: yes’; these proteins were assigned as non-
allergens. We got 533 719 non-allergenic sequences after removing sequences having less than
50 amino acids and containing the non-standard characters. We randomly pick up 10 075 non-
allergenic sequences from 533 719 non-allergenic sequences. Finally, we got a dataset that

contains 10 075 allergenic and 10 075 non-allergenic sequences.
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5.2.2 Creation of non-redundant dataset

One should remove the redundancy among proteins in a dataset to develop a robust method. In
the past, researchers have created non-redundant datasets at different levels of similarity from
30% to 100%. One of the major reasons to create a non-redundant dataset is to remove similar
sequences among proteins in training and testing datasets. Unfortunately, the removal of
redundant sequences also reduces the size of the dataset. In a previous study, we introduced
the concept of data partitioning to create non-redundant training and testing datasets without
reducing the size of the dataset (Saha & Raghava, 2006a). In this study, we also used the same
approach to partition data in training and testing datasets, where no protein in the training set
had more than 40% similarity with any protein in the test dataset. First, clusters were created
using CD-HIT (Li & Godzik, 2006) software at a 40% sequence similarity for the positive
dataset (allergens) as well as for the negative dataset (non-allergens). Second, clusters obtained
for both allergens and non-allergens datasets were divided into 80% training data and 20%
validation data. The clusters in training data (both for positive and negative data) were further
fractionated into five sets such that all proteins of a given cluster are kept in one set, and
sequences in one set do not have any similarity with sequences of other sets. It results in five
positive sets and five negative sets. The 20% validation set also consists of positive and

negative clusters that are not present in the training data.

5.2.3 Dataset of IgE epitopes

The epitopes were obtained from various sources that include IEDB (15 046) (Vitaetal., 2019),
AllerBase (863) (Kadam et al., 2017), and IgPred (2341) (Gupta, Ansari, et al., 2013). The non-
IgE epitopes were obtained from IEDB (381 396) and IgPred (35 219). Finally, we got 10 451
IgE epitopes and 307 866 non-IgE epitopes after removing redundant epitopes and epitopes

having less than five and more than 50 amino acids.

5.2.4 BLAST for similarity search

The similarity-based search module was developed using the blastp suite of BLAST+ version
2.7.1 (Camacho et al., 2009), where the query sequences were hit against the database of
allergens and non-allergens. This study used two strategies to identify allergens: (i) top hit of
BLAST and (ii) ensemble of top five hits of BLAST.
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5.2.5 Motif scanning

The motif is a recurring pattern of amino acids or nucleotides occurring in protein or DNA. In
this study, we used MEME/MAST and MERCI software to find out the motifs from
experimentally validated IgE epitopes (Bailey & Elkan, 1994), (Vens et al., 2011).

5.2.6 Protein features
Residue information of the protein was used in the form of AAC and DPC for developing ML
models. The web server ‘Pfeature’ was used for this purpose (Pande A, 2019). Evolutionary

information of the protein in the form of PSSM profiles was also computed.

5.2.7 Machine learning models

Different classification models such as RF, SVM, DT, KNN and MLP were implemented using
sklearn package from python. GridSearchCV was used for the optimization of hyper-
parameters. Protein features such as AAC and PSSM-400 were used as fixed-length vectors
for training and testing models. A 5-fold CV was used to evaluate the models using different

performance measures. The complete architecture of AlgPred 2.0 is shown in Figure 5.2.

10075 Allergenic & 10075 Non-
allergenic Proteins
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'| Learning BLAST based || Mot ;"gg"’ Sl |
i Models SEPRRACR epitopes motifsearch |
' | (AAC & PSSM) :
o 1 ____________________________________________ |
Hybrid Model Evaluate performance on
(Random Forest + BLAST+MERCI) Validation dataset

Figure 5.2: Flowchart shows the overall architecture of AlgPred 2.0 (10.1093/bib/bbaa294)
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5.2.8 Evaluation of performance

A 5-fold CV was used to evaluate the performance of the prediction models developed in this
study. A training set was formed by combining four negative and four positive sets, while the
corresponding test set was formed by combining the remaining positive and negative sets. This
method is repeated five times to ensure that the combination of a positive set and a negative
set is used as a test set only once. These five training and testing sets were used for developing
learning-based prediction models. Models were then evaluated by performing predictions on
the unseen validation set. Threshold independent parameters such as sensitivity, specificity,
accuracy, and MCC; and dependent parameter viz. AUC value, was used to evaluate the

performance of the models.

5.2.9 Hybrid approach for classification

In order to improve the accuracy of classifying allergenic and non-allergenic proteins, we
implemented a hybrid approach as used in AlgPred and other state-of-the-art methods. In
AlgPred 2.0, we have also applied a hybrid approach. Here, the following three techniques
have been combined: (i) similarity-based approach using BLAST, (ii) motif-based approach
using MERCI and (iii) ML-based technique. First, the given protein sequence was classified
using BLAST at E-value of 10%. We assigned the score of ‘+0.5” for the correct positive
predictions (allergenic proteins), ‘-0.5° for correct negative predictions (non-allergenic
proteins) and ‘0’ for no hits. Second, the same protein sequence was classified using MERCI.
We assigned the score of ‘+0.5” if the motifs were found and ‘0’ if the motifs were not found.
In the case of a hybrid approach, scores obtained from three methods (i.e., BLAST, MERCI
and ML scores) were combined to compute the overall score. This overall score of the hybrid
approach was used for assigning the protein as allergenic and non-allergenic protein at different

thresholds.

5.3 Results

5.3.1 Prediction based on similarity

BLAST is the widely used software for similarity search. Hence, we have implemented the
BLAST to segregate the allergens and non-allergens. We have implemented a 5-fold CV to
avoid the biasness, in which the proteins in the one set, i.e., test set, were searched against the

five datasets using the BLAST at various E-value cut-offs. This process is repeated five times
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so that each set gets the chance to be the test set once to cover all the proteins in the dataset.
As exhibited in Table 5.1, the number of correctly predicted allergens (sensitivity) increased
from 57.3% to 63.68% and 43.57% to 47.00% for the training dataset and validation dataset,
respectively, with E-value from 10 to 10-". The sensitivity is directly proportional to the error
(% of non-allergens) with the increase of E-values. A similar trend is followed by the non-
allergens; the specificity varied from 11.32% to 19.26% and 13.10% to 22.28% in training and
validation dataset, respectively, with an increase in the error from 1.33% to 1.89% and 1.19%
and 1.74%, for E-value from 10 to 10-'. The maximum overall accuracies achieved using
BLAST method are 41.47% and 34.64% for training and validation dataset, respectively, due
to the significant number of no hits. The overall performance of BLAST is too poor due to a
large number of no hits; it means BLAST alone cannot be used for predicting allergenic

proteins, as represented in Table 5.1.

Table 5.1: Shows the results of similarity-based search developed using top five hits of BLAST

Training Validation
E- Allergens Non-allergens Allergens Non-allergens
value
Correct “:i(t):g Correct “:i(t):g Correct Wl:‘i(::g Correct Wrong hits
hits (Sens) (Error) hits (Spec) (Error) hits (Sens) (Error) hits (Spec) Error
10°6 4618 164 912 107 878 48 264 24
(57.3%) (2.03%) (11.32%) (1.33%) (43.57%) (2.38%) (13.1%) (1.19%)
10 4665 174 1001 111 883 48 284 24
(57.88%) (2.16%) (12.42%) (1.38%) (43.82%) (2.38%) (14.09%) (1.19%)
10 4772 189 1093 120 887 50 311 24
(59.21%) (2.34%) (13.56%) (1.49%) (44.02%) (2.48%) (15.43%) (1.19%)
10° 4940 216 1201 127 899 52 342 24
(61.29%) (2.68%) (14.9%) (1.58%) (44.62%) (2.58%) (16.97%) (1.19%)
102 5056 264 1349 135 913 55 383 28
(62.73%) (3.28%) (16.74%) (1.67%) (45.31%) (2.73%) (19.01%) (1.39%)
5133 291 1552 152 70 449 35
-1 0,

10 (63.68%) (3.61%) (19.26%) (1.89%) O47 (47%) (3.47%) (22.28%) (1.74%)

5.3.2 Mapping of IgE epitopes

It is known that a protein containing an IgE epitope is an allergen, as IgE epitopes are
responsible for allergenicity. It has been observed in the case of AlgPred that only a few
allergen sequences can be mapped on IgE epitopes. Thus in this study, we used a similarity-
based approach for searching IgE epitopes in a protein sequence. As described in materials and
methods, we used BLAST to search a protein against a database of IgE epitopes. As shown in
Figure 5.3, the sensitivity increased from 55.3% to 72.99%, with E-value from 10 to 107,

implying that the allergens have similarities with IgE epitopes. Interestingly, this technique
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has a low rate of false-positive or error (i.e., 0.03% to 0.66%). This technique can be used to
assign allergens based on the BLAST hit of a protein against IgE epitopes. We integrated this
technique into our web server to facilitate users to hit their protein against the database of IgE
epitopes. In addition to BLAST-based mapping, we also used MERCI software to map IgE
epitopes on a protein. In this case, IgE specific motifs that are exclusively found in the IgE
epitope were discovered using MERCI software. Finally, we search these IgE specific motifs
in a query protein. Though this technique was only able to identify 1% of allergens, but the

false prediction was nearly negligible.

BLAST based motif search
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Figure 5.3: Shows the performance of BLAST with change in E-value
(x-axis shows E-value; y-axis shows the percentage of coverage)

5.3.3 Motif-based prediction

MEME/MAST

We identified motifs using MEME software from proteins in the training set. Then MAST
module was used to search for matches to a set of motifs in the test set. This process is repeated
five times to obtain the performance of MEME/MAST on the training dataset. As shown in
Figure 5.4, sensitivity increases from 21.64% to 41.89% on the training dataset and from
10.52% to 36.97% on the validation dataset, respectively, at E-value ranging from 0.001 to
100. Although the sensitivity increased with an increase in E-value, the percentage of the wrong
assignment of non-allergens to allergens also increased from 2.07% to 17.95% on the training
dataset and 1.49% to 19.9% on the validation dataset, respectively. This depicts that motif-

based approach alone is insufficient to discriminate between allergens and non-allergens.
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Figure 5.4: Shows the performance of MEME/MAST with change in E-value

(x-axis shows E-value; y-axis shows the percentage of coverage)

MERCI

We used MERCI suite to identify the motifs/patterns present in allergens and non-allergens.
Here, we have extracted motifs present exclusively in experimentally validated IgE epitopes
and searched for these motifs in allergens and non-allergens protein sequences. Some motifs
exclusively present in IgE epitopes and allergens are ‘QQQFPQQ, FPQQQF, PQQQFP, and
PYPQQ’ etc. Out of 10 075 allergens proteins, 105 sequences were found to have the IgE
motifs, and out of 10 075 non-allergens proteins, only 2 sequences have shown the motifs

similar to IgE motifs.

5.3.4 Composition-based models

Firstly, we compute the AAC of allergen and non-allergen proteins. Several ML models (such
as RF, SVM, KNN, MLP, and DT) implemented to achieve maximum performance. To achieve
maximum accuracy with nearly equal sensitivity and specificity, we optimize several ML
models by tuning the different parameters. RF model achieved maximum AUC 0.93 and 0.92
with balanced sensitivity and specificity on the training and validation dataset. The SVM-based
model achieves reasonable performance compared to other ML models with AUC on training

(0.89) and validation (0.90) dataset, as represented in Table 5.2.
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Table 5.2: Shows the results of ML-based models developed using amino acid composition

Training Validation
Mt Sens Spec Acc AUC MCC Sens Spec Acc AUC MCC
RF 89.16 82.7 85.93 0.93 0.72 84.52 83.62 84.07 0.92 0.68
SVM 85.89 79.9 82.9 0.89 0.66 87.79 77.92 82.85 0.9 0.66
KNN 85.57 79.26 82.41 0.9 0.65 85.11 79.95 82.53 0.9 0.65
MLP 81.81 80.79 81.3 0.89 0.63 85.76 76.67 81.22 0.89 0.63
DT 73.75 78.31 76.03 0.82 0.52 54.24 82.78 68.51 0.74 0.39

5.3.5 PSSM-based models

In order to compute evolutionary information of protein sequences, we generate PSSM profiles
to develop several machine learning models based on positional and composition information
of the allergen and non-allergen proteins. RF performs best among various ML models with
balanced sensitivity and specificity. RF-based model attained maximum performance with
AUC of 0.94, MCC of 0.76, and accuracy of 87.74% on the training and AUC of 0.92, MCC
of 0.67, and accuracy of 83.33% on the validation dataset. The comprehensive performance of

other machine learning models is represented in Table 5.3.

Table 5.3: Shows the results of ML-based models developed using PSSM profiles

Training Validation
PSSM
Sens Spec Acc AUC MCC Sens Spec Acc AUC MCC

RF 85.79 89.68 87.74 0.94 0.76 78.56 88.09 83.33 0.92 0.67
KNN 84.23 88.11 86.17 0.93 0.72 79.06 88.39 83.72 0.91 0.68
MLP 82.84 86.74 84.79 0.93 0.70 77.52 89.93 83.72 0.91 0.68
SVM 82.72 84.89 83.80 0.91 0.68 83.77 84.37 84.07 0.90 0.68
DT 59.03 84.27 71.65 0.73 0.45 46.80 86.75 66.77 0.68 0.37

5.3.6 ML+Motif-based models

MEME/MAST approach was combined with different ML approaches. As shown in Table 5.4,
RF-based model performs best among various ML techniques. It achieves AUC (0.93 and
0.92), MCC (0.72 and 0.68), and accuracy of (85.99% and 84.22%) on training and validation
dataset, which is quite higher compared to other models. The input feature combines the
probability scores generated by machine learning after computing AAC and scores of
MEME/MAST. Similarly, MERCI approach was also combined with ML approach. Further,

several ML models were implemented by taking probability scores after computing AAC and

71



MERCI as input features. Results have shown that the RF-based model outperforms other
models; we achieve maximum accuracy, AUC and MCC of 86%, 0.93, and 0.72; 84%, 0.93,
and 0.69 on training and validation dataset. The performance of both approaches is shown in

Table 5.4.

Table 5.4: Shows the results of motif-based approach when combined with ML

Training Validation

ML Sens Spec Acc AUC MCC Sens Spec Acc AUC MCC

RF 89.34 82.64 85.99 0.93 0.72 84.81 83.62 84.22 0.92 0.68
KNN 79.73 85.48 82.61 0.90 0.65 78.81 86.05 82.43 0.90 0.65
SVM 81.40 80.26 80.83 0.89 0.62 87.94 77.92 82.93 0.90 0.66
MLP 78.96 80.09 79.52 0.88 0.59 86.05 76.67 81.36 0.90 0.63
DT 72.88 73.2 73.04 0.80 0.46 66.45 67.39 66.92 0.75 0.34

@@ owmear 0]

RF 88.96 82.64 85.80 0.93 0.72 85.51 83.62 84.57 0.93 0.69
KNN 85.57 79.26 82.41 0.91 0.65 85.81 79.95 82.88 0.90 0.66
SVM 81.14 80.26 80.7 0.89 0.61 88.49 77.92 83.2 0.91 0.67
MLP 78.41 80.09 79.25 0.87 0.59 86.75 76.67 81.71 0.90 0.64
DT 69.52 73.2 71.36 0.77 0.43 65.66 67.39 66.53 0.74 0.33

5.3.7 ML+BLAST-based models

In order to combine the power of the similarity search approach BLAST and machine learning-
based models, we developed a method using these approaches. Firstly, the BLAST search was
performed for a query sequence; if we got a BLAST hit, we assigned the query sequence based
on the BLAST result. A composition-based model is used to predict allergenic and non-
allergenic proteins if there is no hit. The performance of our RF-based model improved
significantly from AUC 0.93 to 0.99 on the training dataset and AUC 0.92 to 0.98 on the
validation dataset. We also combine the BLAST search with machine learning-based models
developed using the PSSM profile. Table 5.5 shows the performance of different machine
learning classifiers corresponding to the combination of BLAST+AAC and BLAST+PSSM for

training and validation dataset.
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Table 5.5: The performance of BLAST-based approach when combined with AAC and PSSM

profiles
. muastmac 00000000 |
Training Validation
ML
Sens Spec ACC AUC MCC Sens Spec ACC AUC MCC

RF 93.10 | 9536 94.23 0.99 0.88 88.44 | 95.09 91.76 0.98 0.84
SVM 91.55 85.22 88.39 0.96 0.77 95.83 83.97 89.90 0.97 0.80
KNN 9447 | 90.45 92.46 0.98 0.85 93.35 91.46 92.41 0.97 0.85
MLP 88.86 92.84 90.85 0.96 0.82 88.19 | 92.51 90.35 0.96 0.81
DT 85.94 88.54 87.24 0.93 0.75 84.07 88.93 86.50 0.93 0.73
RF 93.59 | 94.29 93.94 0.99 0.88 87.79 | 93.25 90.52 0.97 0.81
KNN 93.28 92.47 92.87 0.98 0.86 87.05 93.25 90.15 0.97 0.8
MLP 93.78 93.25 93.52 0.98 0.87 87.54 | 94.99 91.27 0.97 0.83
SVM 86.95 89.54 88.24 0.94 0.77 88.19 93.5 90.84 0.97 0.82
DT 80.05 90.38 85.22 0.9 0.71 78.56 | 91.36 84.96 0.91 0.71

5.3.8 Hybrid model

We develop a hybrid model intending to improve the performance of the allergen prediction
method. In the hybrid approach, we combine two or more methods to overcome the limitation
of independent models. Here, we have combined a composition-based model with BLAST and
MERCI-based approaches. In order to integrate all three approaches, proteins were first
classified using BLAST at E-value of 10 followed by MERCI and the proteins not classified
by either method were predicted using machine learning. The hybrid method improved the
coverage, which was previously missing using all the methods separately. As shown in Table
5.6, the performance of the hybrid method improved when all the methods were combined.
The best performing model was RF-based model with an accuracy of 94.23%, AUC of 0.99
and MCC of 0.88 on training dataset and accuracy of 92.26%, AUC of 0.98 and MCC of 0.85

on validation dataset, which is relatively high as compared to the other existing models.

Table 5.6: The performance of hybrid method combining ML using amino acid composition,

BLAST and MERCI

Training dataset Validation dataset
ME Sens Spec Acc AUC MCC Sens | Spec Ace | AUC | MCC
RF 93.01+0.02 | 95.36+0.03 | 94.23+0.02 | 0.99+0.01 | 0.88+0.04 | 89.43 | 95.09 | 92.26 | 0.98 0.85
KNN | 94.47+0.02 | 90.45+0.01 | 92.46+0.02 | 0.98+0.01 | 0.85+0.03 | 94.04 | 91.46 | 92.75 | 0.97 0.86
SVM | 91.55+0.04 | 85.22+0.05 | 88.39+0.06 | 0.97+0.01 | 0.77+0.09 | 96.53 | 83.97 | 90.25 | 0.97 0.81
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MLP | 90.33+£0.03 | 90.22+0.03 | 90.28+0.03 | 0.96+0.03 | 0.81+0.05 | 90.82 | 89.33 | 90.07 | 0.96 0.81

DT 86.43+0.05 | 88.54+0.06 | 87.48+0.06 | 0.93+0.02 | 0.75+0.09 | 85.06 | 88.93 | 87.01 | 0.93 0.74

5.3.9 Best models developed in the study
The performance of the best classification models developed using the different features is

listed in Table 5.7 .

Table 5.7: List of the features used to develop AlgPred 2.0 along with the best performing ML

models
Composition | - RF | 89.16 | 8278593 | 093 | 072 | 8452 |83.62 8407 | 092 | 0.68
based features
PSSMbased | PSSM RF | 85.79 | 89.68 | 87.74 | 094 | 0.76 | 78.56 | 88.00 | 83.33 | 092 | 0.67
features profiles
Motifs +
MEMEMAST | " RF | 8934 | 82.64 | 85.99 | 0.93 | 072 | 84.81 | 83.62 | 8422 | 092 | 0.68
Motifs +
MERCI AAC RF | 8896 | 82.64 | 858 | 093 | 0728551 | 83.62 | 8457 | 093 | 0.69
BLAST based | BLAST | b | 931 | 9536 | 9423 | 099 | 088 | 8844 | 95.00 | 91.76 | 098 | 0.84
approach + AAC
BLAST based | BLAST | pe 1 9359 | 9429 | 93.94 | 099 | 0588 | 87.79 | 93.25 | 9052 | 097 | 081
approach +PSSM
. BLAST
Hybrid .
+Motifs | RF | 93.01 | 9536 | 9423 | 099 | 0.88 | 89.43 | 95.09 | 92.26 | 098 | 0.85
approach +AAC

5.4 Comparison with existing methods

It is important to benchmark existing methods with our method. Unfortunately, most of the
methods have been developed using different datasets; thus, it is unfair to compare their
performance with each other. AllerCatPro was developed on 4,180 unique allergenic proteins,
but the dataset contains the proteins which have 70% or more sequence identity with each other
(Maurer-Stroh et al., 2019). AllerTOP v2 was developed using 2427 allergens and 2427 non-
allergens; in this method, the dataset used for building the model was redundant (Dimitrov,
Bangov, et al., 2014). The methods mentioned above have not been evaluated on the
independent or external dataset. Recently, a state-of-the-art method, AllerHunter, has been
developed, which uses both internal (5-fold) and external CV. In this study, they used 1356
allergens and 13449 non-allergens for developing prediction models (Muh et al., 2009).
AllerHunter achieved a maximum MCC of 0.738 on an external dataset that contains 129
allergens and 1314 non-allergens. Our hybrid approach achieved a maximum MCC of 0.88 on

training and 0.85 on validation dataset. We have also validated our method on the independent
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dataset. The dataset consists of 297 positive proteins added recently in COMPARE and Swiss-
Prot (not used in our study while training, testing and validation). Out of 297 positive proteins,
280 were correctly predicted by our method using the hybrid approach. Thus, our method also
achieved high performance (accuracy of 94.28%) on an independent dataset that indicates the
reliability of AlgPred 2.0. The comparison of AlgPred 2.0 with other existing methods is shown
in Table 5.8.

Table 5.8: Comparison of AlgPred 2.0 with existing methods

Methods Dataset Sens Spec Acc AUC MCC W‘;l;::ir:ger
AlgPred 2.0 20150 93.1 95.36 94.23 0.99+0.01 0.88 Yes
AlgPred 1278 88.87 81.86 85.02 NA 0.7053 Yes
AllerCatPro 4180 100 67.00 84.00 NA NA Yes
AllerTOPv2 4854 86.70 90.70 88.70 NA 0.775 Yes
AllerTOP 4420 87.60 78.00 82.80 NA 0.671 No
AllerHunter 14805 83.70 96.40 95.30 | 0.928+0.004 0.738 No
AllerTool 1274 86.00 86.00 NA 0.90 NA No
AllergenFP 4854 86.80 89.10 87.90 NA 0.759 Yes

5.5 Web server & standalone software

A web server AlgPred 2.0 (https://webs.iiitd.edu.in/raghava/algpred?2/), has been developed for

predicting allergenic proteins. It integrates five major modules; i) Prediction, ii) IgE epitope
mapping, iii) Design, iv) Motif scan, and v) BLAST search. The ‘Prediction module’ allows
users to submit the protein sequences in FASTA format to predict the allergenic and non-
allergenic proteins. In this module, the hybrid approach and RF-based model using AAC have
been integrated. The ‘IgE epitope mapping module’ facilitates the users to map the IgE epitope
on a query protein sequence. The ‘Design module’ is developed for generating all possible
mutants of a protein by mutating a single residue at a time. The ‘Motif scan module’ allows to
scan or map motifs in the protein sequence given by the user. To derive the motifs, it uses two
software, MEME/MAST and MERCI. The ‘BLAST search module’ facilitates the users to
perform a similarity-based search using BLAST against allergen and non-allergen database and
IgE epitopes database. The web server has been designed using a responsive HTML template
and browser compatibility for different OS systems. To facilitate the users to predict allergens,
we developed a standalone version of AlgPred 2.0, which is available at

https://eithub.com/raghavagps/algpred?2.
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5.6 Discussion & conclusion

For the last five decades, there has been a rise in the prevalence of allergic diseases worldwide.
These diseases include allergic rhinitis, drug allergy, food allergy, skin allergy and insect
allergy, amongst many others. While the modern lifestyle and industrialization have been
deemed as a cause of these diseases, there is still a lack of measures to curb this crucial issue.

To this endeavour, several in-silico methods/techniques have been developed in the past that
could be used to assess the allergenicity of proteins. Each method has its own merits and
limitations. In the present study, we have developed an updated method of our previous
methods called AlgPred, which combines a wide range of approaches that include SVM-based
models, BLAST and mapping of IgE epitopes. One of the major limitations of AlgPred is that
it was trained on limited data (i.e., 578 allergens, 700 non-allergens and 183 IgE epitopes) due
to lack of data. In the last 14 years, a number of allergens and IgE epitopes have been
discovered. Thus, there is a need to update AlgPred using recent advances in the field of
immunology. In the present study, we have developed models using 10 075 allergens and 10
075 non-allergens. In addition, 10 451 IgE epitopes were used to identify antigenic regions in
proteins.

The study also shows that similarity-based search, i.e., BLAST, and motif prediction-based
models performed poorly when used individually due to a large number of no hits, as shown
in Table 5.1 and Figure 5.3. To overcome this limitation, we developed machine learning
models using various classifiers. Composition-based descriptors and evolutionary information
based descriptors were employed as features since the allergenicity property has been widely
accredited to the protein sequence. We developed hybrid models to combine the power of
similarity search-based technique and ML-based models. As shown in Table 5.6, we got the
highest performance on both training and testing datasets. Apart from the significant prediction
accuracy, we also highlighted the distinction of our current method over the previously
developed AlgPred in various contexts. The utilization of a more extensive dataset, MERCI-
based prediction model, voting-based BLAST similarity search, evolutionary information as
protein descriptors, and use of a wide range of ML classifiers are a few significant
improvements. To facilitate the scientific community and promote extensive public usage of
the proposed prediction method, we have also provided a free web server, AlgPred 2.0

(https://webs.iiitd.edu.in/raghava/algpred2/) as well as standalone version is provided at

(https://github.com/raghavagps/algpred2). We believe our method would aid in more accurate
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recognition of allergenic proteins and thereby bring a significant improvement in the field of

allergy research and therapy.

5.7 Limitation of the study
In this study, we proposed the prediction method AlgPred 2.0 to classify the allergenic and

non-allergenic protein sequences. This method that has been trained on the largest dataset and
also combines most of the existing approaches to identify allergens with high accuracy. The
dataset in this study has been collected from various databases consisting different sources,
such as microbes, fish, plants and animals,. So, the limitation of the method is that it can only

predict the protein as allergenic without specifying its source and type of allergy it can cause.
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Chapter 6

Ildentification of chemical
allergens and
designing non-allergenic
compounds



6.1 Introduction

Allergy is an inappropriate reaction of the immune response when it misidentifies a harmless
foreign substance as a threat (Sharma et al., 2020), (Dimitrov, Bangov, et al., 2014), (Zhang et
al., 2007). These foreign substances are known as allergens, triggering various allergic
reactions and leading to various allergic diseases. Different types of aeroallergens (e.g.,
pollens, spores, dust mites), food allergens (e.g., eggs, peanuts, tree nuts, genetically modified
foods), and chemical allergens in personal care products (e.g., fragrances in the skin and hair
care products, dyes, creams) (Maurer-Stroh et al., 2019), (Sharma et al., 2020) can lead to
allergic symptoms such as allergic asthma, rhinitis, skin reactions and anaphylaxis. It involves
a series of allergic reactions from mild symptoms like itchy skin, rashes, facial swelling,
irritation of the eyes leading to watery eyes and nose to severe symptoms like shortness of
breath, lack of consciousness, weak pulse, nausea, vomiting, which can even lead to death if
untreated (U.S. FDA, 2020), (Mak TW, 2014).

There is a wide variety of molecules that can pose a threat as allergens, including biological
molecules like proteins and peptides (Dang & Lawrence, 2014), (Goodman et al., 2016) or
some chemical compounds (Kimber et al., 2010). Other than that, molecules like lipids (Del
Moral & Martinez-Naves, 2017), carbohydrates (Commins & Platts-Mills, 2010), nucleic acid
(mRNA vaccines) (Rubin, 2021) and some engineered nanoparticles (Alsaleh & Brown, 2020)
can also stimulate some specific allergic reactions like asthma, food allergies and chronic
kidney disease, respectively.

In day-to-day life, the human body is exposed to innumerable chemical substances, including
natural or organic compounds, pharmaceuticals, cosmetic products (such as makeup, soaps,
perfumes, lotions, hair dyes etc.), various other chemicals (such as preservatives in food, metals
in the jewellery) (Sharma, Srivastava, et al., 2017). Multiple new chemical entities are also
introduced every year for designing new drugs or other purposes (Banerjee et al., 2016). Many
of these chemical products are known to provoke allergic reactions, causing skin sensitization
in some people, which results in skin or contact dermatitis. Some may cause the sensitization
of the respiratory tract leading to occupational asthma, which can be lethal (Kimber et al.,
2011). The allergic reaction caused by small chemical compounds is developed in two phases,
1.e., (1) Sensitization or Induction and (i1) Elicitation. The mechanism of allergy caused by

chemical allergens is depicted in Figure 6.1.
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Figure 6.1: The mechanism of the allergy caused by chemical allergens
(10.1016/j.compbiomed.2021.104746)
The protein/peptide allergen and chemical toxicity prediction tools and databases are widely
used by the scientific community in designing the drug molecules with desired properties.
However, limited efforts have been made to develop a method or tool to predict the
allergenicity of chemicals causing allergy. In order to help the researchers to study the
allergenicity of the chemical molecules, it is the first time we have made an attempt to develop
a computational method named ChAIPred (Chemical Allergen Prediction) for predicting the
chemical allergens. To create the dataset, we extracted the information of allergenic and non-
allergenic chemicals from different resources and applied various machine learning approaches
to develop the classification models. Our best models have been integrated into the web server,

which can be freely accessible at https://webs.iiitd.edu.in/raghava/chalpred/.

6.2 Materials & methods

6.2.1 Dataset collection
In this study, we have collected allergenic and non-allergenic chemical compounds from IEDB

(Vita et al., 2019) and Chemical Entities of Biological Interest (ChEBI) database (Hastings et
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al., 2016). We obtain a total of 519 unique chemical compounds having allergenic properties
from IEDB and ChEBI. On the other hand, we have taken 2211 non-allergenic chemical
compounds with a filter of non-peptidic; No IgE; No histamine; No hypersensitivity; No
allergy; No cancer collected from IEDB database. The chemical compounds with allergenic
properties were considered as a positive dataset (allergens), and the compounds having non-

allergenic properties were taken as a negative dataset (non-allergens).

6.2.2 Generation of descriptors

The chemical descriptors/features of allergen and non-allergen chemical compounds were
computed using PaDEL software (Yap, 2011). It can compute a number of molecular
descriptors, such as 2D, 3D and different types of fingerprints for a single chemical compound.
It has computed 729 2D descriptors, 431 3D descriptors, and 16092 binary fingerprint-based
(FP) descriptors for the 403 allergen and 1074 non-allergen chemical compounds. These 2D,

3D, and FP descriptor files were further used to develop different machine learning models.

6.2.3 Feature selection

In this study, we have used PaDEL software to compute the 2D, 3D and Fingerprint based
features for the chemical compounds. It has computed 729 2D descriptors, 431 3D descriptors,
and 16092 binary fingerprint-based descriptors for the 403 allergen and 1074 non-allergen
chemical compounds. As the number of features computed is very large, so we have used
various feature selection techniques to select the significant set of features. We used the
variance threshold-based, correlation-based, and SVC-L1-based feature selection techniques.
First, low-variance features were removed using VarianceThreshold feature selection method
from the sklearn package (Pedregosa F, 2011), to remove those features with small value
changes. Second, correlation-based feature selection method was used to remove the features
having a correlation >=0.6. To further reduce the vector size, we have applied SVC-L1 method.
Finally, we get the most important feature set, i.e., 14 descriptors out of 34 descriptors for 2D,

6 out of 8 descriptors for 3D and 22 FP descriptors out of 957.

6.2.4 Machine learning techniques
In the current study, different machine learning techniques have been used to classify allergen
and non-allergen chemical compounds. We used LR, KNN, DT, GNB, XGB, SVC, and RF-

based techniques for the classification.
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6.2.5 Criteria for evaluating performance

We have also applied a 5-fold CV on 80% of training data for the internal training, testing and
model evaluation. The performance of machine learning models was evaluated using the
standard evaluation parameters such as sensitivity, specificity, accuracy, MCC and AUC.

Figure 6.2 shows the comprehensive framework of the study.
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Compounds Compounds
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Figure 6.2: Shows the overall methodology used for developing method for chemical
allergen prediction (10.1016/j.compbiomed.2021.104746)
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6.3 Results

6.3.1 Performance of machine learning-based models
After computing various 2D, 3D and FP descriptors of the allergen and non-allergen chemical

compounds, we have used these features to develop the ML models.

6.3.1.1 Models using 2D descriptors

The models developed using these ML techniques were optimized by tuning different
parameters. For 14 (2D) descriptors, it was observed that the model based on the XGB
algorithm performed better than other classifiers and achieved maximum AUC of 0.89 and

0.89 on the training and validation datasets, respectively (Table 6.1).

Table 6.1: The performance of machine learning-based models developed using 14 (2D)

descriptors
Training Validation

ML

Sens Spec Acc AUC MCC Sens Spec Acc AUC MCC
XGB 81.68 82.10 81.99 0.89 0.59 80.25 76.64 77.63 0.89 0.52
KNN 81.37 81.99 81.82 0.89 0.59 81.48 79.91 80.34 0.88 0.57
RF 81.99 81.29 81.48 0.89 0.59 83.95 81.31 82.03 0.90 0.60
LR 80.12 81.05 80.80 0.88 0.57 81.48 77.57 78.64 0.87 0.54
DT 79.50 79.65 79.61 0.85 0.55 67.90 76.62 74.24 0.80 0.41
GNB 78.57 78.36 78.42 0.86 0.52 81.48 77.57 78.64 0.86 0.54
SvC 78.26 77.78 77.91 0.87 0.52 85.18 78.04 80.00 0.88 0.58

6.3.1.2 Models using 3D descriptors
For 6 (3D) descriptors, a model based on the RF algorithm performed better than others and
achieved a maximum AUC of 0.88 and 0.85 on the training and validation datasets,

respectively. The result for 3D features is shown in Table 6.2.

Table 6.2: The performance of machine learning-based models developed using 6 (3D)

descriptors
Training Validation
ML
Sens Spec Acc AUC MCC Sens Spec Acc AUC MCC
RF 79.14 78.69 78.81 0.88 0.53 75.32 81.19 79.66 0.85 0.53
KNN 77.61 77.87 77.78 0.85 0.51 68.83 80.73 77.63 0.83 0.47
XGB 76.67 76.11 76.27 0.86 0.48 77.92 79.36 78.98 0.85 0.52
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SvC 73.32 72.25 72.54 0.81 0.41 62.34 73.85 70.85 0.77 0.33
LR 68.41 71.31 70.51 0.73 0.36 70.13 72.48 71.86 0.76 0.38
GNB 68.41 70.61 70.00 0.75 0.36 64.93 73.39 71.17 0.75 0.35
DT 69.33 68.38 68.64 0.76 0.34 71.43 60.55 63.39 0.72 0.28

6.3.1.3 Models using FP descriptors
The machine learning model developed for 22 (FP) descriptors, a model based on the RF
algorithm outperformed other classifiers and achieved maximum AUC of 0.92 and 0.92 on the

training and validation datasets, respectively. The result for FP features is shown in Table 6.3.

Table 6.3: The performance of machine learning-based models developed using 22 (FP)

descriptors
Training Validation

ML

Sens Spec Acc AUC MCC Sens Spec Acc AUC MCC
RF 85.06 85.11 85.09 0.92 0.66 86.67 85.52 85.81 0.92 0.67
XGB 85.37 85.11 85.18 0.92 0.66 85.33 85.52 85.47 0.89 0.66
LR 83.84 83.82 83.83 0.91 0.64 81.33 81.45 81.42 0.86 0.58
SvC 83.54 83.01 83.15 0.91 0.62 82.67 80.54 81.08 0.86 0.58
KNN 82.93 83.12 83.06 091 0.62 85.33 80.54 81.76 0.87 0.60
GNB 79.57 79.37 79.42 0.88 0.55 70.67 81.45 78.72 0.83 0.45
DT 79.88 78.90 79.17 0.86 0.54 77.33 76.92 77.03 0.83 0.45

6.3.1.4 Models using hybrid features

Another ML-based model was developed by combining all three types of descriptors, i.e., 2D,
3D and FP. A total of 42 features were used for machine learning. It was shown that the RF-
based model had achieved a maximum AUC of 0.94 and 0.93 on the training and validation
datasets, respectively. As there were only 6 (3D) descriptors, we have excluded them and have
developed the model with only 36 features (14 (2D) and 22 (FP) descriptors). The obtained
results show that there was no significant change in the performance of the model. The RF-
based model has achieved an AUC of 0.94 on the training dataset and 0.93 on the validation
dataset. The results of machine learning models combining all three descriptors and excluding

3D descriptors are shown in Table 6.4.

84



Table 6.4: The performance of machine learning-based hybrid models developed after

combining all descriptors

Training Validation

ML Sens Spec Acc AUC MCC Sens Spec Acc AUC MCC

RF 85.63 86.00 85.90 0.94 0.68 87.95 82.55 84.07 0.93 0.66
Svc 84.06 84.01 84.03 0.91 0.64 93.98 78.77 83.05 0.92 0.66
KNN 84.06 83.66 83.77 0.92 0.63 80.72 81.60 81.36 0.92 0.58
XGB 83.75 83.78 83.77 0.92 0.63 85.54 79.72 81.36 0.92 0.60
LR 83.75 83.08 83.26 0.91 0.62 85.54 82.08 83.05 0.89 0.63
GNB 84.06 79.70 80.88 0.89 0.59 73.49 83.02 80.34 0.87 0.54
DT 79.06 78.76 78.85 0.87 0.53 81.93 80.66 81.02 0.88 0.58
RF 87.5 87.28 87.34 0.94 0.71 84.34 83.02 83.39 0.93 0.63
XGB 85.01 84.95 84.96 0.93 0.66 81.93 81.13 81.36 0.91 0.59
LR 84.06 84.48 84.37 0.91 0.64 84.34 83.96 84.07 0.90 0.64
KNN 83.44 84.13 83.94 0.93 0.63 81.93 82.08 82.03 0.91 0.60
SvC 84.06 83.08 83.35 0.90 0.63 86.75 81.60 83.05 0.91 0.63
GNB 84.06 79.00 80.37 0.88 0.58 77.11 83.96 82.03 0.88 0.58
DT 80.02 79.00 79.27 0.86 0.54 86.75 76.89 79.66 0.88 0.58

6.3.1.5 Best models of the study
The performance of the best classification models developed using the different features is

listed in Table 6.5.

Table 6.5: List of the features used to develop ChAlPred along with the best performing ML

models

Training Validation

Method Features ML
Sens | Spec | Ace | AUC | MCC | Sens | Spec | Acc | AUC | MCC

Chemical 14 (2D)

. . XGB | 81.68 | 82.1 | 8199 | 0.89 | 0.59 | 80.25 | 76.64 | 77.63 | 0.89 | 0.52
descriptors | descriptors

Chemical | 6 (3D)

. . RF 79.14 | 78.69 | 78.81 | 0.88 | 0.53 | 7532 | 81.19 | 79.66 | 0.85 0.53
descriptors | descriptors

Chemical | 22 (FP)

. . RF 85.06 | 85.11 | 85.09 | 092 | 0.66 | 86.67 | 85.52 | 85.81 | 092 | 0.67
descriptors | descriptors

2
Featwre | hiapiFp) | RE | 8563 | 86| 859 | 094 | 068 |87.95 | 8255 | 84.07 | 093 | 0.66
selection .

descriptors
Hybrid 36 (2D+FP)

RF 87.5 | 87.28 | 8734 | 0.94 0.71 | 84.34 | 83.02 | 83.39 | 0.93 0.63

approach descriptors
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6.3.1.6 Fingerprints-based analysis

In order to understand the importance of each FP in classifying allergens and non-allergens,
we have computed the prediction ability of each FP. We used our in-house scripts to check the
discrimination ability of fingerprint-based descriptors calculated by PaDEL. We ranked the
FPs according to their probabilities for correctly classifying the chemical as allergen and non-
allergen. Based on ranking, we identified the most important 20 FPs. Ten FPs are highly present
in allergens and were called positive FPs, whereas other 10 which are highly present in non-
allergens were called negative FPs. Figure 6.3 depicts the frequency of top 10 positive and 10
negative FPs in allergens and non-allergens. These 10 positive FPs are highly abundant in
allergens but negligible in non-allergens. Similarly, 10 negative FPs are highly abundant in

non-allergens but negligible in allergens.

60 -

Fingerprint Descriptors
50 -
40 -

1

Figure 6.3: Shows the frequency of top 10 positive/ negative fingerprints in allergens and
non-allergens (10.1016/j.compbiomed.2021.104746)

Frequency

u Positive FPs
» Negative FPs

MACCSFP8 _
KRFP4557 _

PubchemFP129 |
MACCSFP11
PubchemFP132
GraphFP143
GraphFP1014
GraphFP110
GraphFP267
KRFP3947
KRFP3784
KRFP4284
KRFP4225
KRFP8%0
KRFP4823
SubFP281
KRFP4817
PubchemFP195
KRFP3160

The description of top 10 positive and 10 negative FPs in allergens and non-allergens is
presented in Table 6.6.

Table 6.6: Description of top 10 positive and negative fingerprints in allergens and non-
allergens

Fi Fi int
nfger ingerprin Frequency Descriptor Class Description
prints Name
PubchemFP129 38.82% | Pubchem FP >= 1 any ring size 4
MACCSFP11 38.82% | MACCS FP MACCS keys
Positive PubchemFP131 38.51% | Pubchem FP 1 ?a?urat?d Or. aromatic nitrogen-
FP containing ring size 4
>=1 ic h -
PubchemFP132 38.51% | Pubchem FP saturated or aromatic heteroatom
containing ring size 4
MACCSFPS8 38.51% | MACCS FP MACCS keys
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KRFP4557 34.47% | Klekota-Roth FP O=CNCCNC=0
Specialized i f the Fi inter which
GraphFP143 34.16% | CDK graph only FP PESRRLES VESIDEGH S s e s
does not take bond orders into account
Specialized version of the Fingerprinter which
0,
GraphFP1014 37.27% | CDK graph only FP does not take bond orders into account
GraphFP110 34.78% | CDK graph only FP Specialized version of the Flngerprmter which
does not take bond orders into account
GraphFP267 31.06% | CDK graph only FP Specialized version of the F ingerprinter which
does not take bond orders into account
[0X2:3([15]@C@C@C(0)@C1).$([16]1@
SubFP281 57.04% | Substructure FP
’ C@QC@C(0)@C0)@C)]
KRFP3160 53.67% | Klekota-Roth FP C1CCcocCcCl
KRFP4817 37.83% | Klekota-Roth FP OCC10CC(0)C(0)C10
KRFP4284 25.26% | Klekota-Roth FP NCC(0)CO
q >= turati tic het tom-
Negative | pubchemFP195 25.26% | Pubchem FP 3 saturated or aromatic heteroatom
FP containing ring size 6
KRFP4225 24.91% | Klekota-Roth FP NC(CO)CO
KRFP4823 24.91% | Klekota-Roth FP OCCCNC=0
KRFP890 24.10% | Klekota-Roth FP [1#1][NH]C(=0)[CH3]
KRFP3947 23.86% | Klekota-Roth FP CNCC(0)CO
KRFP3784 23.52% | Klekota-Roth FP CCNCC(0O)CO
6.4 Case study

To identify the FDA-approved drugs that can cause allergic reactions, we have downloaded a
total of 2675 FDA drug molecules from the DrugBank Database (Wishart et al., 2018). Out of
2675, we have only considered 1102 drugs that are approved. From 1102 drug molecules, the
2D structures were available only for 842 drugs. Finally, we have the structures of 842 FDA -
approved drug molecules, which were used to identify which drug molecules could be
allergenic and non-allergenic. We have used the hybrid model of the Predict module on the
“ChAlPred” web server. The prediction was made using the default parameters. The hybrid
model has predicted 114 drug molecules to be allergenic. Several studies also support our
findings that some of these drugs can cause allergy in the patient when administered. We have
identified 20 drug molecules that are used to cure some diseases but also tend to cause allergic
symptoms. Table 6.7 depicts the information of the drug molecules which cause some allergic

reactions.
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Table 6.7: FDA-approved drug molecules predicted by our server (ChAlPred) causing allergic

symptoms
Drug Bank ID FDA-Approved Drugs Prediction Allergic symptoms
et Cefuroxime Allergen ﬁiﬁp%ﬁ?éﬁg ie(:)tnal., 2016)
DBO00859 Penicillamine Allergen (SZklllrlll thl:%y2020)
DROTORT | Miocomele Allergen (e e 1996)
DB06209 Prasugrel Allergen ggll;? r:f:iitiz‘g%)skin reaction
DB01330 Cefotetan Allergen (%%igtle;?rglmggizc)i anaphylaxis

6.5 Web server interface

We have developed a user-friendly web server named ChAlPred for the prediction of chemicals
as allergens and non-allergens. In this server, we have provided the three modules: (i) Predict,
(i1) Draw and (iii) Analog design module. The Predict module allows the user to submit the
chemical compounds in different formats, such as SMILE, SDF and MOL formats, to predict
whether the chemical could be allergenic or non-allergenic. The Draw module allows the user
to draw or modify a molecule in an interactive way using Ketcher (Life Science open Source,
2021) and submit the molecule to predict whether the modified compounds will be allergenic
or not. The Analog design module can be used to generate analogs based upon a combination
of a given scaffold, building blocks and linkers. The server subsequently predicts the generated
analogs as allergenic or non-allergenic. The web server has been designed using a responsive

HTML template and browser compatibility for different OS systems.

6.6 Discussion & conclusion

One of the major challenges in the field of drug discovery is the side effect or adverse reactions
of drugs. In the past, a number of drugs have already been withdrawn from the market due to
their adverse effects. A wide range of toxicities are responsible for the side effects of drugs; it
may be cytotoxicity, immuno-toxicity, hemo-toxicity, liver toxicity or allergenicity (Yang et
al., 2018). Identification of toxicity is a costly, time-consuming and tedious task. Thus, there
is a need to predict these toxicities using in-silico methods. Numerous tools have been
developed to estimate the toxicity of the chemicals using different methodologies, such as The
Toxicity Estimation Software Tool (TEST). It uses Quantitative Structure-Activity
Relationships (QSAR) to estimate the toxicity of chemicals (U.S. EPA, 2020). VegaQSAR,
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Toxtree (Patlewicz et al., 2008), and PreADMET are the other tools based on the QSAR model
for toxicity prediction of the chemical molecules. ML-based tools such as ToxiM, developed
by Sharma et al., predict the toxicity and toxicity-related properties of small chemical
molecules using ML approaches (Sharma, Srivastava, et al., 2017), ProTox-II (Banerjee et al.,
2018).

In contrast, no tool has been developed for predicting the allergenicity of chemicals. In this
work, we have collected chemical compounds with their well-defined molecular descriptors
utilizing publicly available databases such as IEDB and ChEBI. The data yielded several
descriptors, which were reduced using various feature selection methods. We sorted the most
important feature set, i.e., 14 for 2D, 6 for 3D and 22 for FP descriptors. Based on these selected
features (14 2D and 22 FP), we have successfully employed several ML approaches and found
that RF attained the highest AUC of 0.94 and 0.93 in the training as well as validation dataset.
In addition, fingerprints-based analysis suggests that two positive FPs, i.e., PubChemFP129
(Extended Smallest Set of Smallest Rings (ESSSR) ring set >= 1 any ring size 4) and
GraphFP1014 are highly present in allergenic chemical compounds, and three negative FPs,
i.e., Klekota-Roth fingerprints (KRFP890 (1#1NHC(=0)CH3, KRFP3160 (C1CCOCC1)) and
Substructure fingerprint (SubFP281
0X2;$(r51@C@C@C(0)@C1),3(r6 1 @C@C@C(0)@C(O)@C1)) are abundant in non-
allergenic chemical compounds. FDA-approved drug analysis has shown that few drugs used
to treat certain diseases are also causing allergies as a side effect. Literature evidence has shown
that the administration of FDA-approved drugs such as Cefuroxime (Del Villar-Guerra et al.,
2016), Spironolactone (Ghislain et al., 2004), Penicillamine (Zhu et al., 2020) can cause
allergic reactions like skin allergies, anaphylactic reactions, hypersensitivity. For instance, a
case report has shown that 60 year old patient was experiencing an anaphylactic reaction after
being given the antibiotic cefuroxime (Gu et al., 2019). Another report by Kinsara has shown
that Spironolactone, a potassium sparing diuretic, was given to a patient diagnosed with
idiopathic cardiomyopathy, and he developed macular rashes on both the arms (Kinsara AJ,
2018). A clinical study by Zhu et al. reported that the patients with Wilson disease were given
D-penicillamine medication at first, but later they developed neurological symptoms as well as
allergies (Zhu et al., 2020).

We can see that these medications can cause a variety of allergic reactions in patients, some of
which can be fatal. To prevent these problems, there is a dire need to predict the allergenicity
of chemical compounds before using them for treatment purposes. Eventually, we built a freely

available web server, namely ChAlPred, for predicting allergenic and non-allergenic chemical
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compounds using ML techniques based on their 2D, 3D and FP molecular descriptors. We
hope that this study will be helpful in the future for designing drug molecules with no allergenic

properties.

6.7 Limitation of the study

Various methods have been developed to predict the allergenicity of the proteins, but there is
no method to study the allergenicity of the chemical molecules. So, in this study, we have made
an attempt to develop a novel computational method named ChAlPred (Chemical Allergen
Prediction) for predicting chemical allergens. Being the first of its kind, the limitation of the
study is the small dataset. We have used 403 allergenic and 1074 non-allergenic chemical
compounds obtained from IEDB database. There is a need for sufficient data size to develop
an accurate and reliable method. In this study, a systematic attempt has been made to develop

the best possible models in the present scenario.
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Chapter 7

Summary



Microbial infections are one of the leading causes of high mortality and morbidity throughout
the globe. Virulence factors associated with the pathogens play a vital role in establishing the
interaction with the host as well as causing the disease to the host. Proteins related to the
virulence factors are often intended as drug and vaccine targets for designing therapeutic
molecules against pathogenic micro-organisms. However, increasing antibiotics and drug
resistance poses a major challenge in the development of novel drugs. To combat this issue,
there is an urgent need to accelerate the discovery of new antibiotics, identification of novel
therapeutic targets and pharmacological compounds with unique mechanisms of action.
Advances in various technologies led to the explosive growth of experimentally verified
proteomic data related to virulence factors, which is available in the form of repositories.
Computational approaches can be developed using the available data and can be utilised in
prior detection of putative drug and vaccine targets to save time as well as money. Thus overall
work focuses in developing computational tools for designing the therapeutic molecules

against the virulent factors of pathogens.

Chapter 2 provides a glimpse of the traditional and conventional approaches used to identify
the virulence factors and how these factors can be used as potential drug and vaccine
candidates. In this chapter, we have discussed the computational resources, repositories,
knowledgebase and in-silico tools that have been developed till now to store the information
regarding the virulence factors. Apart from that, tools and databases developed for retrieving
the information about toxins, allergy caused by proteins and chemicals have also been

discussed.

Chapter 3 deals with the development of a web resource for the identification of putative
virulence factors of various pathogens. The identification of virulence-associated factors is of
utmost importance and is of great immunological interest. These factors can be used as
potential drug and vaccine candidates to treat various microbial infections. Thus, to aid the
clinicians and scientific community, we have developed a machine learning-based method
named “VirFacPred” for the identification of novel virulence factors. The method has been
trained, tested and evaluated on two datasets curated from the recent release of the Swiss-Prot.
The main dataset contains 7058 positive and 7058 negative sequences, whereas the alternate
dataset consists of 4714 virulent and 4714 non-virulent sequences. To provide unbiased
evaluation, we performed internal validation on 80% of the data and external validation on the

remaining 20% of data. More than 9000 features were generated for both datasets, and a feature
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selection technique was also implemented to compute the best feature set. Firstly, a similarity-
based search using BLAST was performed against the dataset, and virulent factors were
predicted based on the level of similarity with known sequences. Secondly, MERCI-based
motif search was implemented to identify the motifs which are exclusively present in virulent
proteins. Thirdly, several prediction models have been developed using a wide range of
machine learning techniques. Finally, a hybrid method that combines all three approaches has
been developed to attain the maximum performance of the model with balanced sensitivity and
specificity. Our best model achieved the maximum AUC around 0.97 with MCC 0.77 on the
validation dataset. Moreover, we developed models on the alternate dataset as well. The best
machine learning models have been implemented in the web server named “VirFacPred”

(https://webs.iiitd.edu.in/raghava/virfacpred/), which allows the prediction, mapping, motif

search for the virulent proteins of the pathogens as well as designing non-virulent proteins.

Chapter 4 mainly discusses about toxins, which are one of the major virulence factors that play
a crucial role in damaging the host cell. Proteins/peptides have shown to be promising
therapeutic agents for a variety of diseases. However, toxicity is one of the obstacles in
protein/peptide-based therapy. In order to address this problem, a highly accurate method,
ToxinPred2, has been developed for predicting toxins with high precision. This is an update of
ToxinPred developed mainly for predicting the toxicity of peptides and small proteins. The
method has been trained, tested and evaluated on three datasets curated from the recent release
of the Swiss-Prot. To provide unbiased evaluation, we performed internal validation on 80%
of the data and external validation on the remaining 20% of data. We have implemented the
following techniques for predicting protein toxicity; (i) BLAST-based similarity, (i1) MERCI-
based motif search and (iii) Prediction models. Similarity and motif-based techniques achieved
a high probability of correct prediction with poor sensitivity/coverage, whereas models based
on machine-learning techniques achieved balance sensitivity and specificity with reasonably
high accuracy. Finally, we developed a hybrid method that combined all three approaches and
achieved a maximum AUC around 0.99 with MCC 0.91 on the validation dataset. In addition,
we developed models on alternate and realistic datasets. The best machine learning models
have been implemented in the web server named “ToxinPred2”, which is available at

https://webs.iiitd.edu.in/raghava/toxinpred2/ and a standalone version at

https://github.com/raghavagps/toxinpred2. This is a general method developed for predicting

the toxicity of proteins regardless of their source of origin.
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Chapter 5 focuses on the virulent factors which are responsible for allergy, which is the
hypersensitivity of the immune system. To address this problem, a method called AlgPred 2.0
has been developed for identifying allergenic proteins with high accuracy. AlgPred 2.0 is a
web server developed for predicting allergenic proteins and allergenic regions in a protein. It
is an updated version of AlgPred developed in 2006. The dataset used for training, testing and
validation consist of 10 075 allergens and 10 075 non-allergens. In addition, 10 451
experimentally validated IgE epitopes were used to identify antigenic regions in a protein. All
models were trained on 80% of data called training dataset, and the performance of models was
evaluated using 5-fold CV technique. The performance of the final model trained on the
training dataset was evaluated on 20% of data called validation dataset; no two proteins in any
two sets have more than 40% similarity. First, a BLAST search was performed against the
dataset, and allergens were predicted based on the level of similarity with known allergens.
Second, IgE epitopes obtained from the IEDB database were searched in the dataset to predict
allergens based on their presence in a protein. Third, motif-based approaches like multiple EM
for motif elicitation/motif alignment and search tools have been used to predict allergens.
Fourth, allergen prediction models have been developed using a wide range of machine
learning techniques. Finally, the ensemble approach has been used for predicting allergenic
protein by combining prediction scores of different approaches. Our best model achieved
maximum performance in terms of AUC 0.98 with MCC 0.85 on the validation dataset. A web
server AlgPred 2.0, has been developed that allows the prediction of allergens, designing of
non-allergenic proteins, mapping of IgE epitope, motif and BLAST search

(https://webs.iiitd.edu.in/raghava/algpred2/), and a standalone software package is available at

(https://github.com/raghavagps/algpred?).

Chapter 6 describes that in addition to protein and peptides, allergy is also caused by chemical
compounds, known as chemical allergy. A therapeutic molecule may cause side effects due to
its allergic potential. In the past, various methods have been generated for predicting the
allergenicity of proteins and peptides. In contrast, there is no method that can predict the
allergenic potential of chemicals. In order to overcome this issue, a novel method ChAlPred
has been developed for predicting chemical allergens and designing chemical analogs with
desired allergenicity. In this study, we have used 403 allergenic and 1074 non-allergenic
chemical compounds obtained from the IEDB database. The PaDEL software was used to
compute the molecular descriptors of the chemical compounds to develop different prediction

models. All the models were trained and tested on the 80% training data and evaluated on the
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20% validation data using the 2D, 3D and FP descriptors. We have developed different
prediction models using several machine learning approaches. It was observed that the RF-
based model developed using hybrid descriptors performed the best and achieved the maximum
accuracy of 83.39% and AUC of 0.93 on validation dataset. The fingerprint analysis of the
dataset indicates that certain chemical fingerprints are more abundant in allergens that include
PubChemFP129 and GraphFP1014. We have also predicted the allergenicity potential of FDA-
approved drugs using our best model and identified the drugs causing allergic symptoms (e.g.,
Cefuroxime, Spironolactone, Tioconazole). Our results agreed with the allergenicity of these
drugs reported in the literature. In summary, attempts have been made to develop in-silico
models that can be used to design directly/indirectly therapeutic molecules against disease-
causing agents. To facilitate the scientific community, we developed a smart-device compatible

web server ChAIPred (https://webs.iiitd.edu.in/raghava/chalpred/) that allows to predict and

design the chemicals with allergenic properties.

The work presented in the thesis addresses various computational tools and methods developed
for the identification of virulence factors as well as other factors associated with them.
Computationally identified virulence factors, toxic proteins, allergenic proteins and chemical
allergens can be utilised for developing drugs and vaccines against various infections. We
anticipate that our findings will aid the clinicians, researchers, scientific community, and

general public to understand the mechanism and develop better therapeutic approaches.
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