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Abstract 

 

Vaccines play a very crucial role in the control and prevention of several infectious 

diseases worldwide. However, there are many pathogens (such as HCV, HIV) against 

which a vaccine has not been developed and a preventive vaccine against such 

pathogens still evades researchers. Identifying neutralizing antibodies and new 

epitopes on the antigens are some of the ways that could improve our understanding 

of the immune response against these pathogens and subsequently help in developing 

new vaccines against them. Experimental methods for these tasks are expensive and 

time-consuming and this advocates for use of computational methods to accelerate 

research in these fields. In this thesis, I have developed two computational methods 

that would aid researchers in these tasks. Firstly, I analysed Hepatitis C neutralization 

data and then created a neutralization map for HCV using multidimensional scaling. 

This neutralization cartography allowed us to select a reduced reference panel for 

testing the breadth and potency of antibodies (and vaccines) against HCV. The panel 

also allowed us to select patients that develop the most potent antibodies, which are 

able to neutralize several HCV strains. I have created a pipeline for automating this 

method and it can potentially be utilized for other viruses as well. Secondly, I have 

created a new machine learning-based method called EpitopeVec for predicting linear 

B-cell epitopes on antigenic proteins. Although several methods for predicting linear 

B-cell epitopes have been published, their generalizability and accuracy in cross-

testing is not satisfactory. Therefore, I also benchmarked many recently published 

methods on several datasets extensively for their generalizability and compared their 

performance with my method. The performance of the EpitopeVec method was better 

than the state-of-the-art methods in five-fold cross-validation as well as cross-testing. 

As the prediction performance of the methods depended on the type of antigens, I also 

created an EpitopeVec-viral method for predicting linear B-cell epitopes specifically for 

viral antigenic proteins. With these methods, this dissertation aims to aid researchers 

in immunology and furthering vaccine research. 
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Zusammenfassung 

 
Impfstoffe spielen bei der Bekämpfung und Vorbeugung verschiedener 

Infektionskrankheiten weltweit eine sehr wichtige Rolle. Es gibt jedoch viele 

Krankheitserreger (z. B. HCV, HIV), gegen die noch kein Impfstoff entwickelt wurde, 

und ein präventiver Impfstoff gegen solche Krankheitserreger steht. Die Identifizierung 

neutralisierender Antikörper und neuer Epitope auf den Antigenen sind einige der 

Möglichkeiten, die unser Verständnis der Immunreaktion gegen diese 

Krankheitserreger verbessern und in der Folge zur Entwicklung neuer Impfstoffe 

gegen sie beitragen könnten. Experimentelle Methoden für diese Aufgaben sind teuer 

und zeitaufwendig, was für den Einsatz von Computermethoden spricht, um die 

Forschung auf diesen Gebieten zu beschleunigen. In dieser Arbeit habe ich zwei 

Berechnungsmethoden entwickelt, die den Forschern bei diesen Aufgaben helfen 

sollen. Zunächst analysierte ich Hepatitis-C-Neutralisierungsdaten und erstellte dann 

eine Neutralisierungskarte für HCV mithilfe der multidimensionalen Skalierung. Diese 

Neutralizationskarte ermöglichte es uns, ein reduziertes Referenzpanel auszuwählen, 

um die Breite und Wirksamkeit von Antikörpern (und Impfstoffen) gegen HCV zu 

testen. Das Panel ermöglichte es uns auch, Patienten auszuwählen, die die stärksten 

Antikörper entwickeln, die in der Lage sind, mehrere HCV-Stämme zu neutralisieren. 

Ich habe eine Pipeline zur Automatisierung dieser Methode entwickelt, die potenziell 

auch für andere Viren eingesetzt werden kann. Zweitens habe ich eine neue, auf 

maschinellem Lernen basierende Methode namens EpitopeVec zur Vorhersage von 

linearen B-Zell-Epitopen auf antigenen Proteinen entwickelt. Obwohl bereits mehrere 

Methoden zur Vorhersage linearer B-Zell-Epitope veröffentlicht wurden, ist ihre 

Verallgemeinerbarkeit und Genauigkeit bei Kreuztests fraglich. Daher habe ich auch 

viele kürzlich veröffentlichte Methoden anhand mehrerer Datensätze ausführlich auf 

ihre Verallgemeinerbarkeit geprüft und ihre Leistung mit meiner Methode verglichen. 

Die Leistung der EpitopeVec-Methode war sowohl bei fünffacher Kreuzvalidierung als 

auch bei Kreuztests besser als die modernsten Methoden. Da die Vorhersageleistung 

der Methoden von der Art der Antigene abhängt, habe ich auch eine EpitopeVec-viral-

Methode zur Vorhersage linearer B-Zell-Epitope speziell für virale antigene Proteine 

entwickelt. Mit diesen Methoden soll diese Dissertation Forschern in der Immunologie 

helfen und die Impfstoffforschung fördern.  
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Chapter 1 

 

Introduction 

 

1.1 Motivation 

 

Vaccines play a very crucial role in the control and prevention of several infectious 

diseases (Ehreth, 2003). They have been the most effective approach against 

preventing infectious diseases since the first vaccine against Smallpox was developed 

in 1798 by Edward Jenner (K. A. Smith, 2011). They played a pivotal role in the 

abolition of smallpox worldwide (Elwood, 1989) and effective control of many other 

diseases such as polio (Lien & Heymann, 2013), measles (World Health Organization, 

2019), and tetanus (Edlich et al., 2003). They have been especially successful against 

viral diseases such as Human Papillomavirus, Hepatitis A, Hepatitis B, Japanese 

Encephalitis, Measles, Mumps, Polio, Rabies, Rubella, and Yellow fever (Hamborsky 

J, Kroger A, Wolfe S, 2015). However, they have not been so successful against 

complex infectious diseases where the pathogens have high variability and have 

developed sophisticated immune evasion mechanisms such as HCV (Bailey et al., 

2019) and HIV (Hsu & O’Connell, 2017). Therefore, to develop effective vaccines 

against these viruses, it is of utmost importance to understand the immune response 

of the hosts and evolution of these pathogens, and then develop new methods to 

improve the immune response against these immune-evading pathogens (Klenerman 

& Paul, 2017; Koff & Schenkelberg, 2020; Man John Law et al., 2013; McHardy & 

Adams, 2009). 

 

The major role in fighting foreign pathogens is played by our immune system and it 

can be divided into three layers: the first layer is the physical and chemical barriers 
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that prevent the entry of foreign pathogens into the host, second is the innate immune 

system which provides a rapid non-specific response against a wide range of 

pathogens, and the third is the adaptive immunity which is antigen-specific and adapts 

itself to better recognize and kill pathogens. On exposure to pathogens, the adaptive 

immune system even creates an immunological memory and every time that pathogen 

is encountered, the adaptive immune system mounts an even faster attack on that 

pathogen, thus providing a long-lasting protection (Janeway, 2012). It is this facet of 

the adaptive immune system which is exploited by us for the prevention and control of 

infectious diseases by vaccinating the organisms beforehand. The humoral immune 

response (part of the adaptive immune system) plays the key preventive role against 

foreign pathogens by producing antibodies that bind to antigens (foreign pathogens), 

and therefore, understanding antigen-antibody interaction is the key to developing new 

vaccines against these pathogens. For highly variable viruses such as HCV, HIV, and 

influenza, the characterization of broadly neutralizing antibodies (bNAbs), which target 

conserved regions in the antigenic proteins of these viruses, is crucial for developing 

effective vaccines against them. Antibodies that are able to neutralize multiple strains 

of these viruses and the regions that they target in the antigenic proteins of these 

viruses (epitopes) need to be identified for guiding vaccine research against these 

pathogens. For the development of a successful preventive vaccine, relevant epitopes 

will be needed to be presented to the immune system so that bNAbs targeting 

conserved regions in these pathogens are produced, which provide long-lasting 

immunity (Burton et al., 2012; Cox, 2020; Kathleen L Hefferon, 2014; W. Sun et al., 

2020).  There are several experimental techniques used in immunology to study and 

better understand our immune system response and the invading pathogens.  

Immunologists use epitope mapping methods (X-ray crystallography, Alanine 

mutagenesis scanning etc.) to identify and characterize the conserved epitopes in the 

antigenic proteins of these pathogens (Ahmad et al., 2016; Morris, 2007). For testing 

the efficacy and the breadth of neutralizing antibodies, immunologists rely on in vitro 

neutralization assays and make use of viral screening panels to score breadth and 

potency of the antibodies (Montefiori, 2009; Prentoe & Bukh, 2019; Smale, 2010; 

Truelove et al., 2016). In addition, vaccine development generally is an expensive and 

slow process that costs billions of dollars and takes decades, with less than a 10% 

rate of success (Shader, 2017). Lack of in vivo animal models (in case of HCV), high 

experimental costs and time-consuming methods are some major challenges posed 
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in developing new vaccines against these pathogens(Diamond & Pierson, 2020; 

Oyston & Robinson, 2012). In view of that, several computational methods have been 

developed to reduce the experimental time and costs and speed up the immunological 

methods (Klingen et al., 2018; P. Sun et al., 2018). Computational methods can 

accelerate research immensely in this field and aid experimentalists in several 

immunological experiments to improve vaccine development (Alkaff et al., 2020; 

Dhanda et al., 2017; Sirohi et al., 2020). 

In this thesis, I have focused on two problems relevant to vaccine development against 

infectious pathogens. Firstly, I have created a method to select a reference virus panel 

for HCV that allows the screening of antibodies with the highest efficacy and breadth. 

The reference virus panel also allows us to select patients (elite neutralizers) that elicit 

the most effective antibodies against several HCV strains. Secondly, I have 

benchmarked several computational methods used for linear epitope prediction 

(epitope mapping) and developed a new method for predicting linear B-cell epitopes 

(BCEs) that has better performance than the state-of-the-art methods. I also 

developed a method for predicting linear BCEs for viral proteins and it should be 

helpful in developing new peptide-based vaccines against viral pathogens. 

 

1.2 HCV 

 

Hepatitis C virus (HCV) infection affects close to 75 million people worldwide, causing 

400,000 deaths annually (World Health Organization, 2017). At the onstage of the 

infection, most people have mild or no symptoms, which makes it difficult to detect 

initially (Kamili et al., 2012). However, in 75 to 80% of the cases, the virus leads to 

chronic infection causing liver diseases and cirrhosis (CDC, 2015). HCV infection can 

be treated with antiviral drugs such as Sofosbuvir and Simeprevir (Dietz et al., 2018), 

but this treatment is expensive and only accessible to only 10% of the chronically 

infected patients worldwide. Moreover, a patient can be reinfected again with HCV 

after treatment (Midgard et al., 2016), as the immunity developed against the virus 

does not provide long-lasting protection against other variants of the virus (Pineda et 

al., 2015). There is no vaccine against HCV yet as the extreme variability of the virus 
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allows it to evade from neutralizing antibodies (Cox, 2020) and therefore an effective 

vaccine to combat HCV is the need of the hour. 

In 20 to 25% cases of HCV infection, the infection is cleared within a few weeks or 

months after the onstage of acute symptoms (Logvinoff et al., 2004; Osburn et al., 

2010; Youn et al., 2005). The spontaneous resolution of this acute infection correlates 

with a strong immune response in the patient generally mediated by antibodies 

targeting the structural as well as non-structural proteins of HCV (Osburn et al., 2014; 

Pestka et al., 2007). Most of these antibodies, however, have no relevant antiviral 

activity, and only a small percentage of the antibodies are helpful in neutralizing the 

viral activity (Edwards et al., 2012). Therefore, it is very crucial to understand the 

antibody response against HCV and to identify bNAbs that have a strong response 

against this virus (Lauer, 2013). This could potentially accelerate the development of 

vaccines against HCV and subsequently the prevention of this disease (Walker, 2017). 

As HCV is a highly variable various with multiple genotypes and sub-types (D. B. Smith 

et al., 2014), it poses a major challenge in HCV vaccine development. It is extremely 

difficult to induce antibodies that have a broadly neutralizing response against several 

viral strains (for example with HCV genotype 1, not a single bNAb effectively 

neutralizes all strains), so a combination of multiple bNAbs might be required to 

provide protective immunity (Kinchen et al., 2018).  A succesful HCV vaccine will need 

to induce broadly neutralizing antibodies that provide cross-protection against diverse 

HCV variants. Therefore, identification of optimal bNAb combinations, characterization 

of neutralizing antibody interactions and standardized measurement of antibody-

neutralizing-breadth is critical to guide vaccine development. 

To identify antibodies that have a strong response against HCV, biologists rely on 

experimental methods such as in vitro neutralization assays (Bartosch et al., 2003; 

Merat et al., 2018; Prentoe & Bukh, 2019). However, there can be many variations 

between HCV neutralization assays in use, which complicates standardised 

measurements of viral cross-neutralization and comparison between different studies. 

This is especially problematic for HCV because competent animal (in vivo) models for 

studying HCV infections are very few (Burm et al., 2018). To test the breadth of 

neutralizing antibodies, it is not possible to test the antibodies against all the different 

strains of HCV from different genotypes and sub-types. Therefore, they rely on testing 

the antibodies against a few selected reference strains (Gottwein et al., 2009; Kinchen 
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& Bailey, 2018; Urbanowicz et al., 2016). These selected reference strains are used a 

reference virus panel for testing the breadth and potency of antibodies and it is 

important to have a reference virus panel that reflects the functional diversity of HCV 

and also covers the breadth of HCV neutralization resistance.  Several such reference 

virus panels have been established, but most of these panels are biased towards GT-

1 HCV strains and it is unclear whether these panels reflect the functional diversity of 

HCV across all its strains (Gottwein et al., 2009; Kinchen & Bailey, 2018). Moreover, 

these panels select viruses based on the genetic diversity rather than the functional 

diversity of HCV (Wasilewski et al., 2016). In this dissertation, I have aimed to establish 

a method for selecting a reference virus panel, which might reflect viral functional and 

antigenic properties rather than the genetic diversity of HCV. This selected reference 

panel can be used for rational screening of HCV vaccine candidates and therapeutic 

antibodies. 

 

I analysed neutralization data of 104 patient sera against 13 viral strains and then used 

the resulting neutralization matrix to create a neutralization map showing the 

neutralization (functional) space of HCV. This neutralization cartography is similar to 

antigenic cartography for the influenza virus (D. J. Smith et al., 2004). However, 

instead of the HI inhibition assay, I used data from HCV RLU (Relative Light Units) 

assays and then inferred functional relationships between different HCV viral strains 

and patient sera. The aim was to establish a method to create automated HCV 

neutralization maps from HCV neutralization data, which can also be generalized for 

other virus-neutralization data. From the neutralization map, I clustered the viruses 

and selected a reduced reference panel of viruses. This reduced reference reduces 

the amount of experimental work required to screen antibodies as the number of viral 

strains against which the antibodies need to be tested are lesser in number than the 

initial panel. The neutralization analysis should further our understanding of important 

neutralization determinants and features of the virus-antibody interplay. The selected 

reference viral panel can be used to measure the breadth and potency of HCV-specific 

antibodies across a diverse range of HCV strains from around the world. 

 

  



  20 
 

1.3 Epitopes 

 

The region of an antigen recognized by the immune system is known as an epitope 

and it can be either a T cell epitope or a B cell epitope. T cell epitopes are present on 

the surface of an antigen-presenting cell and are bound by MHC molecules, whereas, 

B cell epitopes are bound by Immunoglobulins or antibodies. T-cell immunity (cell-

mediated component of the adaptive immune system) attacks against foreign invaders 

into the host, while B-cell specifically functions in the humoral immunity component of 

the adaptive immune system by producing antibodies to search and recognize harmful 

antigens. B-cells are commonly found in most mammals and by creating antibodies 

against antigens, they play an important role in the adaptive immune system to protect 

against pathogenic invasions. B-cell epitopes are antigenic determinants involved in 

antibody-antigen interactions and they are bound by antibodies, which are key 

components of the humoral immune response that identify and bind to the antigens of 

diseases such as bacteria or viruses (Janeway, 2012). As they are antigenic 

determinants, the identification of BCEs helps biologists and immunologists 

investigate the immune response in controlling and preventing diseases by infectious 

pathogens. There are two types of B-cell epitopes: Linear (continuous) epitopes and 

Conformational(discontinuous) epitopes. Linear epitopes are short peptides that occur 

continuously in the primary amino acid sequence, whereas conformational epitopes 

consist of amino acids that are not always contiguous in the primary protein sequence 

but they occur close together in a neighborhood in the folded three-dimensional 

structure of the protein. The boundary between linear and conformational epitopes is 

not clearly defined, because one conformational epitope might be perceived as a 

combination of one or more than one shorter linear epitope (Ferdous et al., 2019). 

However, locating conformational B-cell epitopes is considered a whole deal more 

difficult in comparison to linear epitopes because the tertiary structure of the antigenic 

protein is usually needed. Even though the majority (more than 90%) of all naturally 

occurring BCEs are conformational (Barlow et al., 1986), considering the complexity 

of predicting conformational B-cell epitopes, the prediction of linear BCEs has received 

more attention (Flower, 2007). 
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The identification of linear BCEs can be the foundation for many immunoapplications. 

In particular, the identification of linear B-cell epitopes is important for applications 

such as peptide-based vaccine design (Malonis et al., 2020; Sabetian et al., 2019; 

Soria-Guerra et al., 2015), profiling antibody signatures (Noya et al., 2005), peptide 

microarray-based experiments (Dudek et al., 2010; Potocnakova et al., 2016), and 

synthetic antibody production (Hancock & O’Reilly, 2005). As the experimental 

determining BCEs experimentally is time-consuming and costly, computational 

prediction can play a pivotal role in the development of new vaccines and drugs to 

combat prevalent viral pathogens including HCV, HIV, and influenza viruses (Bryson 

et al., 2010; Dudek et al., 2010; Pellequer et al., 1991; Sanchez-Trincado et al., 2017). 

 

1.4 Methods to predict linear BCEs 

 

The early methods for epitope prediction were based on some physiochemical 

properties of the constituent amino acids, such as hydrophobicity (Levitt, 1976), 

flexibility (Karplus & Schulz, 1985), surface accessibility (Emini et al., 1985), or 

antigenicity (Kolaskar & Tongaonkar, 1990). Some of the methods that are still 

accessible online include PREDITOP (Pellequer & Westhof, 1993), PEOPLE (Alix, 

1999), and BEPITOPE (Odorico & Pellequer, 2003). These methods calculated the 

average of a single propensity scale or a combination of multiple amino acid propensity 

scales for individual residues using a sliding window approach along the query protein 

sequence. If the calculated average score for the residues was above a selected cut-

off for a continuous stretch of the protein, then the respective region on the sequence 

was predicted to be a linear BCE. However, an analysis of 484 such propensity scales 

(Blythe & Flower, 2009) demonstrated that they are unreliable for predicting BCEs 

since they only marginally exceeded random BCE selection when based on a single 

amino acid feature or even a combination of features. 

 Newer approaches for linear BCE prediction were developed when additional data on 

experimentally validated epitopes became accessible. These methods not only used 

a variety of propensity scales, but they also included new amino acid properties that 

had never been considered before (Yang & Yu, 2009). As there was enough data 
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available, the new methods leveraged Machine learning (ML) approaches to make 

binary classification to distinguish BCEs from non-BCEs in the amino acid sequence. 

The methods based on machine learning have been shown to be more accurate than 

methods based on a single propensity scale (Potocnakova et al., 2016). These 

methods first train themselves on a training set of peptides with labelled data 

(supervised ML models) to learn the patterns which distinguish epitopes from non-

epitopes BCEs and then they can be used to make predictions on any test peptide. To 

train the ML model, the peptides are represented as feature vectors, which are 

constructed from different amino acid properties like hydrophobicity, the amino acid 

composition (AAC), the amino acid pair (AAP) antigenicity scale (J. Chen et al., 

2007b), the amino acid trimer (AAT) antigenicity scale (Yao et al., 2012) or the one-

hot encoding. A few examples of ML-based methods for linear BCE prediction are 

BepiPred (Larsen et al., 2006), ABCPred (Saha & Raghava, 2006), AAP (J. Chen et 

al., 2007b), BCPreds (El-Manzalawy et al., 2008), Cobe-Pro (Sweredoski & Baldi, 

2009), SVMTrip (Yao et al., 2012), LBTope (Singh et al., 2013), APCPred (Shen et al., 

2015), BepiPred 2.0 (Jespersen et al., 2017), iBCE-EL (Manavalan et al., 2018), 

DLBEpitope (T. Liu et al., 2020), and EpiDope (Collatz et al., 2020a).  

All of these methods make use of different amino acid features, propensity scales, and 

vector encoding features to select their best features. The ML algorithms used by 

these methods also vary with SVM (Support Vector Machines) being the most 

commonly used followed by Random forests (RFs), Recurrent Neural Networks 

(RNNs), and Convolutional Neural Networks (CNNs). Some of these methods are 

peptide-based where they predict the entire peptide as an epitope or non-epitope and 

some are residue-based where they predict the propensity of each residue in 

protein/peptide to be an epitopic or non-epitopic residue. The residue-based methods 

use a fixed window length along the protein sequence to predict a contiguous epitope 

by averaging the prediction scores of the constituent residues. Many of these methods 

are limited in their usage as they can only predict fixed-length epitopes and most 

residue-based features require the entire protein sequence to make a correct 

prediction. A notable issue also seems to be that almost all of the aforementioned 

methods have a good performance in cross-validation over their training set, but the 

performance drops drastically in a cross-testing approach on independent datasets 

(Galanis et al., 2021; P. Sun et al., 2018). In this dissertation, I have benchmarked 
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several of these methods on multiple datasets. I wanted to see the dependence of 

these methods on their training data and therefore I did extensive cross-testing to 

assess their generalizability. The absence of standard procedures in training and 

evaluation (e.g., reporting cross-validation performance, using proper metrics, and 

removing homologous sequences from test sets, proper selection of the negative set) 

was one of the main motivations behind this effort. Establishing a benchmarking 

adhering to best machine learning practices was necessary for the community to have 

a realistic overview about the methods' performances on newly seen datasets; 

otherwise, many of the existing tools cannot be meaningfully evaluated and compared. 

Additionally, I also wanted to improve linear BCE prediction by employing some new 

methods developed in natural language processing (NLP) for amino acid vector 

encoding and modifying previously used amino acid features. 

Here I describe a new method that integrates features such as commonly used 

propensity scales, residue characteristics, and modified antigenicity scales with 

ProtVec (Asgari, McHardy, et al., 2019; Asgari & Mofrad, 2015) for vector 

representation of peptides instead of the frequently used one-hot encoding method(L. 

Li et al., 2014). My idea of using protein embeddings for linear BCE prediction was not 

entirely novel as EpiDope (Collatz et al., 2020b), a recently published method, also 

made use of protein embeddings, but it used context-aware embeddings for each 

residue in the sequence (using a feature vector of length 1000), whereas ProtVec 

embeddings were context-independent and encode the entire sequence (using a 

vector with a length of 300). Previously, sequence-based embeddings have been used 

successfully in functional-structural protein annotation tasks such as predictions of 

secondary structures (Asgari, Poerner, et al., 2019; Z. Li & Yu, 2016), the effects of 

mutations on protein-protein interactions (G. Zhou et al., 2020), protein functions 

(Asgari & Mofrad, 2015; Bonetta & Valentino, 2020; N. Zhou et al., 2019) and structural 

motifs (Y. Liu et al., 2018). 

 I used a Support Vector Machine (Cortes & Vapnik, 1995) with a Radial Basis 

Function (RBF) kernel (Andrew, 2001) as my predictive model. The method was 

trained and tested on multiple small and large datasets derived from the Bcipep (Saha 

et al., 2005) and Immune Epitope Database (Vita et al., 2009) and its performance 

was compared with the state-of-the-art methods. In addition, I cross-tested some of 

the previously published methods (BepiPred, iBCE-EL, BepiPred2.0, DLBEpitope, and 
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EpiDope) on datasets that they had not previously been tested on to assess their 

reliability and generalizability. To establish a fair comparison, I trained my method on 

the same datasets on which the original methods were trained on and I tested the 

performance of the method on the same test sets that the original methods used. 

Lastly, I trained my method on a large viral dataset to create a method specific to linear 

viral BCEs as a resource available for the community. 
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Chapter 2 

 

Materials and Methods 

 

2.1 HCV Neutralization Maps 

 

2.1.1 Neutralization Data 

 

The neutralization data was provided to me by my collaborators, Prof. Thomas 

Pietschmann and his co-workers at TWINCORE. They had generated 13 renilla 

luciferase reporter virus particles and then tested the inhibition of these viruses by 104 

patient-derived purified polyclonal human immunoglobulins (pIgs) using neutralization 

assay experiments. The 13 HCVcc strains belonged to five different HCV genotypes 

(Fig 2.1). The sera from the patients were obtained from the HCV Research UK 

Biobank and from patients who were treated at the University Clinics of Cologne, 

Bonn, and the Hannover Medical School. The purified pIg from 104 chronically infected 

patient’s sera represented a diverse panel of HCV antibodies as these patients were 

infected by six different HCV genotypes (GT1: 33 patients, GT2: 21 patients, GT3: 25 

patients, GT4: 21patients, GT5: 2 patients, GT6: 2 patients). The inhibition was 

measured by quantifying the residual infectivity of the viruses by measuring luciferase 

activity in RLUs using a plate luminometer (Smale, 2010). 
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Fig 2.1. Phylogenetic tree of E1-E2 amino acid sequences of HCV. Genotypes are 

colour coded. I used MEGA (Kumar et al., 2016) with the maximum likelihood 

method to construct the phylogenetic tree. The 13 viruses selected for our panel are 

labelled in black. (Bankwitz et al., 2021) 

 

 

2.1.2 Measures of Neutralization 

Initially, my collaborators provided me with the infectivity data of the virus at several 

concentrations of the pIg (ranging from 0 µg/mL to 500 µg/mL) for each virus-pIg pair. 

On increasing the concentration of the pIg, the infectivity of the virus decreases and 

one can fit an inhibition curve on this data to measure the effective neutralization. I 

created a pipeline in R using the DRC package (Ritz et al., 2015) for fitting the inhibition 
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curves. My collaborators had done a three-fold repetition at each concentration of the 

pIg and I took the average of the three neutralizations to get a single infectivity value 

for each concentration of the pIg. The dose-response inhibition curves follow a four-

parameter logistic (4PL) model, defined as follows: 

𝑦 = 𝛽2 +
𝛽1 − 𝛽2 

1 + (𝑥 𝛽3) ⁄ 𝛽4  
 

Here, 𝑦 is the neutralization response, 𝑥 is the drug (or serum) concentration, 𝛽1 is the 

upper limit (top plateau), 𝛽2 is the lower limit (bottom plateau), 𝛽3 is the half-way 

response (IC50) between upper and lower plateau, and 𝛽4 is the slope (S. Huang & 

Pang, 2012). There are a number of regularly used metrics for quantifying dose-

response inhibition curves, but it's not always clear which one will provide the most 

accurate quantification. Initially, I used the commonly used IC50 and IC20 measures for 

the quantification of the neutralization potency of the patient serum. However, the raw 

values from the neutralization data had high standard deviations and in several 

antigen-serum pairs, the fitted inhibition curve was not sigmoidal, which meant that 

IC50 / IC20 values were not available. Two examples of such virus-pIg pairs are shown 

in Fig 2.3. I also explored the usage of absolute and relative IC values (Fig 2.2; Fig 

2.4), area under the trapezoid and inhibition at the maximum concentration as 

measures of neutralization. Finally, my collaborators and I decided on using the 

inhibition at the maximum concentration as the quantitative measure of the strength 

(in terms of neutralization ability) of the patient sera. This also reduced the 

experimental work required as the neutralization was done only at the highest 

concentration (500 µg/Ml) for each virus-pIg pair.  
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Fig 2.2. Four metrics are illustrated on a sample four-parameter logistic (4PL) dose-

response curve (S. Huang & Pang, 2012). Relative IC50 (the concentration that 

corresponds to the inflection point of the dose–response curve, halfway between the 

top and the bottom of the fitted 4PL curve); absolute IC50 (the concentration that 

causes 50% of maximal inhibition effect, halfway between the top of the 4PL and 

zero); trapezoidal AUC (adding the area of each trapezoid after connecting the 

observed response points at each concentration to get the complete area under the 

curve using trapezoidal rule) and Emax (response at the highest concentration)  
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A. 

 

B. 

 

Fig 2.3. Two examples of fitted dose response inhibition curves for our neutralization 

data where IC values were not available. ‘+’ denotes the average of the three 

neutralization measurements at each concentration of the patient serum. A) 

There was no observed reduction in the infectivity of the virus on increasing 

the serum concentration. B) The fitted curve showed an increase in the 

infectivity of the virus on increasing the serum concentration which is opposite 

of what is expected. 
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Fig 2.4. Fitted inhibition curve for neutralization data of Gt2k viral strain against 

serum 52. The curve shows the difference between absolute and relative IC values. 

The relative-IC values are shown in yellow where the top and bottom are at the 

plateaus of the fitted curve. The absolute-IC values are shown in blue where the top 

and bottom are fixed at 100 and 0 respectively.  
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2.1.3 Multidimensional scaling 

 

MDS is a method of visualizing the similarities (or dissimilarities) between n objects by 

translating the pairwise distances between these objects into a configuration of n 

points on a Cartesian space. It is a form of non-linear dimensionality reduction used 

as an information visualization technique. The pairwise distances are taken as 

proximity measures (similarity/dissimilarity measure) and then MDS attempts to find a 

spatial configuration of the points on a lower dimension map such that the Cartesian 

distances between the points on the map best reflect the input proximity measures 

(Shepard, 1966). I had data from 104 ∗  13 virus–pIg neutralization pairs, with each 

value representing the residual infectivity of a virus after neutralization by patient-

derived antibodies (pIg) at a high concentration (500 µg/mL) for each pair. From these 

data, I wanted to create a neutralization map using metric MDS such that the map best 

reflects the efficacy of the patient-derived polyclonal antibodies in terms of their ability 

to neutralize all the 13 viruses. MDS has been used previously to create antigenic 

maps (Fig 2.5) for influenza viruses (D. J. Smith, 2004). For influenza, neutralization 

based on Hemagglutinin assay was used and it was termed as antigenic cartography. 

Inspired from the antigenic cartography of influenza, here, I used luciferase based 

neutralization assays (Koutsoudakis et al., 2006) and one can term this method as 

neutralization cartography. The residual infectivities of the virus after getting 

neutralized by the pIgs are similar to proximity measures with low residual infectivity 

indicating good neutralization and high residual infectivity indicating poor 

neutralization. These measured residual infectivities are not Euclidean distances, but 

for the purpose of MDS one can assume that they are like measured distances 

(Lapedes & Farber, 2001). 
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Fig 2.5. Antigenic map showing the evolution of the Influenza A (H3N2) virus 

evolution from 1968 to 2002 (D. J. Smith, 2004). 

 

MDS aims to find a spatial arrangement of viruses and patient sera in an N-

dimensional (typically two or three-dimensional) space where the Cartesian distances 

between the points on the map best reflect the residual infectivities in the neutralization 

matrix (Bankwitz et al., 2021). The differences in the distances between a pair of points 

on the mapped MDS map (𝑑) and the measured actual proximities (𝐷) is referred to 

as stress. This stress is the loss function and the goal is to minimize this stress, which 

is known as stress majorization. The cost function in metric MDS is the sum total of 

individual stresses for all pairs or the residual sum of squares of all pairs. 

𝑆𝑡𝑟𝑒𝑠𝑠 =  ∑ ∑ 𝑤𝑖𝑗(𝐷𝑖𝑗 −  𝑑𝑖𝑗)2

104

𝑗=1

13

𝑖=1
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Where 𝑤𝑖𝑗 is the weighting term (generally set to 1 or 1 𝐷𝑖𝑗)⁄  for virus–serum 

pairs i and j, respectively. The process of minimising the stress (Stress majorisation) 

can be done stepwise by either gradient descent (Kruskal, 1964) or by iterative 

majorisation (de Leeuw & Mair, 2009). I used the iterative majorisation method for 

minimizing the stress using the SMACOF (Scaling by MAjorizing a COmplicated 

Function) package in R (Leeuw et al., 2009). 

To find the best representation of the data on a low-dimensional map, I tried using 

different numbers of lower dimensions (2, 3, 4, 12), different normalization methods 

(scaling across sera, scaling across viruses, and no scaling), and different weighting 

schemes (1, 1/Dij) on the neutralization matrix. I picked 1 𝐷𝑖𝑗⁄   as the weight in the 

stress function as I was more interested in discovering the elite neutralizers. This 

ensures that the good neutralization pairs, that is, those with small values of (Dij), are 

prioritized while optimising the distances (dij) with each iteration. In order to test the 

robustness and stability of the MDS maps, I carried out leave-one-out (LOO) tests and 

the approach that produced the least LOO error was chosen for creating the final 

neutralization map. In LOO tests, I leave one neutralization pair out in each iteration 

and draw the full MDS map with the remaining (13×104 –1) values. The LOO error is 

then computed by taking the ratio of the Cartesian distance between the left-out 

neutralization virus-pIg pair on the neutralization map to the original distance (raw 

value in the neutralization matrix) for the same pair. I repeated this until each 

neutralization pair has been left out exactly once and then report the final LOO error 

averaged over all the 104 𝑥 13 iterations as: 

𝐿𝑂𝑂 𝑒𝑟𝑟𝑜𝑟 =  ∑ ∑
𝑑𝑖𝑗

𝐷𝑖𝑗
∗ 100

104

𝑗=1

13

𝑖=1

 

 

For the final map, no normalisation with 1/Dij as weight and N=2 was chosen as the 

MDS method (Table 2.1), as this had the least LOO error.  
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Map dimensions  
2d 3d 4d 12d 

Weights 1/Dij 1 1/Dij 1 1/Dij 1 1/Dij 1 

Scaling 

across 

sera * 

Total 

Stress 
20711.91 411619.7 20695.79 336660.6 20688.7 326994.1 20688.7 316018.8 

Kruskal’s 

Stress 
65.69 148.9 65.58 163.1 65.53 173.7 65.53 183.6 

LOO Error 64.72 154.6 66.43 160.2 65.12 171.4 66.47 184.3 

No 

scaling 

Stress 16243.66 437582.1 15987.91 348807.7 15954.25 337882.9 15947.91 323338.3 

Kruskal’s 

Stress 
50.29 83.71 50.07 98.5 50.02 102.4 50.03 106.8 

LOO Error 50.81 88.89 51.37 99.11 51.62 99.99 51.07 112.8 

 

* By normalizing each value w.r.t to the best serum in that column 

Table 2.1. Stress values and LOO errors obtained for different weighting, 

dimensions and scaling methods during MDS. Total stress is the sum of stresses for 

all virus-pIg pairs and Kruskal’s stress is the normalized stress per virus-pIg pair.       

For the final map, no normalisation with 1/Dij as weight and N=2 dimensions was 

chosen as the MDS method.  

 

 

2.1.4 Clustering of the viruses 

 

Following the creation of the 2-D neutralization map, the goal was to find viruses with 

similar neutralization sensitivity, i.e., viruses that were placed close to each other on 

the neutralization map. To identify these clusters, I used K-means clustering (Hartigan 

& Wong, 1979) on the Cartesian coordinates of the 13 viruses. If there are multiple 

viruses that cluster together on the neutralization map, one can just choose to test the 

antibodies against just one virus instead of multiple ones. The viruses that cluster 

closely should have similar response to the analysed pIgs and therefore the chosen 

representative virus should encapsulate the neutralization (or functional) behaviour of 

the other viruses that are located close to it. This will reduce the number of viruses in 

our reference panel, thus reducing experimental works and costs and also provide 

insights about the differences in their neutralization sensitivity depending on their 
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genotype. I tried several techniques to select the best value of K, such as, the Elbow 

method based heuristics (Thorndike, 1953), the Gap statistics method (Tibshirani et 

al., 2001), and the Average Silhouette approach (Gentle et al., 1991). However, the 

analysis from all these approaches was inconclusive and therefore I selected the value 

of K manually. I tried different values of k (k = 4, 5, and 6) and obtained k clusters for 

each value. For the representative virus of each cluster, I chose the virus closest to 

the centroid of its cluster. Then I replotted the neutralization maps of 104 pIgs against 

just the representative viruses (104 vs 4 for k=4, 104 vs 5 for k=5, and 104 vs 6 for k 

=6). I did LOO tests on all these reduced MDS maps and chose the map with the least 

LOO error (most robust). The LOO error for K=4, 5 and 6 were 58.44%, 56.01% and 

47.67% respectively. As the map plotted with 6 (k=6) representative viruses gave me 

the least LOO error, the final value of k was chosen to be 6 and the neutralization map 

was termed as the reduced MDS map (for reduced panel of 6 viruses from the initial 

13-er panel). 

 

 

 

2.1.5 Cross-neutralization index 

Generally, when testing antibodies against a viral screening panel, the neutralization 

ability of the antibodies is quantified by taking the average of their neutralization (%) 

of all the viruses in the panel. However, this average neutralization score only reports 

the potency of the antibodies and fails to encompass information about their breadth. 

When looking at antibody responses, both potency and breadth of the antibody are 

important characteristics to be considered for selecting the best broadly neutralizing 

antibodies. Therefore, my collaborators introduced a novel score called the ‘cross-

neutralization index’ (CNI). CNI is a better measure than just neutralization for 

measuring the efficiency of virus cross-neutralization as it quantifies both features. The 

breadth of neutralization was defined as the % of viral strains neutralised by more than 

50% at a fixed antibody concentration and potency is already reported by the average 

neutralization (in %) against all viral strains in the panel. It can be formulated as: 
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𝐶𝑁𝐼 =
(𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝑛𝑒𝑢𝑡𝑟𝑎𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛 ∗ 𝑁) + 1

100
 

Here, N is the % of viruses in the panel that are neutralized by more than 50%. 

Antibodies with broad and potent neutralization responses will have higher CNI than 

antibodies with exquisite potency but selectivity to only a few strains.   

 

2.1.6 Data and code availability 

 

The R pipeline for fitting dose-response inhibition curve is available at 

https://github.com/hzi-bifo/DoseResponseCurves. The pipeline for the analysis 

neutralization data and creating neutralization maps is available at 

https://github.com/hzi-bifo/hcv-mds. The pipeline can also be used for selecting a 

reference virus panel (based on k-means clustering) for screening antibodies. It is 

publicly accessible to the scientific community and can be used to analyse and create 

new neutralization maps for HCV. The method can be also easily modified to 

incorporate neutralization data for other viruses and create new neutralization maps 

for them. 

 

 

2.2 Linear Epitope Prediction 

 

2.2.1 Datasets 

 

Most of the methods published in the literature used datasets compiled from 

experimentally verified epitope databases such as Bcipep (Saha et al., 2005) or IEDB 

(Vita et al., 2009) as their training set. Earlier methods such as ABCPred, BCPreds, 

and AAP were trained on datasets compiled from the Bcipep database. However, 

https://github.com/hzi-bifo/DoseResponseCurves
https://github.com/hzi-bifo/hcv-mds
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recent methods (such as LBTope, SVMTrip, iBCE-El, BepiPred 2.0, DLBEpitope, and 

EpiDope) were trained on datasets compiled from the IEDB. The datasets published 

with these methods can vary a lot depending on the length of the peptides, the criterion 

for considering peptides as epitopes (positive set) and criterion for considering 

peptides as non-epitopes (negative set). Some of the datasets have a fixed length of 

peptides while in some the length can vary from five to up to 30 amino acids. Some 

datasets take random peptides (not even coming from the same protein as the epitopic 

peptide) from SWISS-PROT (Bairoch, 2000) as non-epitopes, while some take part of 

the protein not reported as an epitope (not experimentally verified as a non-epitope) 

to be a non-epitope. I compiled a list of benchmarking datasets (Table 3.2) and 

compared my method to the previously published studies that used these datasets. I 

trained multiple models of my method on different training sets for a fair and direct 

comparison with the original method.  

 

2.2.1.1 BCPred dataset 

This dataset was published along with the BCPred (El-Manzalawy et al., 2008) method 

and was compiled from the Bcipep database. EL-Manzalawy et al. obtained a set of 

947 unique 20-mer epitopes and eliminated the redundant peptides by setting a 

homology cut-off of 80% to obtain a final set of 701 positive epitopes. Some of the 

peptides were longer than 20 residues and they truncated a few amino acids from both 

ends of the peptides to get a peptide of exactly 20 residues long. Similarly, if the length 

was shorter than 20, they mapped the peptide to the original antigenic protein and 

added the required number of amino acids on both ends to get a length of 20.  To 

generate the negative (non-epitope) set, El-Manzalawy et al. extracted equal number 

of 20-mer peptides from the Swiss-Prot database randomly while ensuring that none 

of the negative peptides overlapped with the peptides in the positive (epitope) set. 

 

2.2.1.2 Chen dataset 

Chen et al. (J. Chen et al., 2007a) compiled this dataset from the Bcipep database as 

well and the first one to introduce the AAP scale with their method. The non-epitope 

(negative) set of this dataset was generated by randomly selecting 872 20-mer 
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peptides from the Swiss-Prot database. As no homology cut-off was applied after 

compiling the peptides in this set (unlike BCPreds dataset), the epitope (positive set) 

contains homologous peptides. 

 

2.2.1.3 ABCPred dataset 

 ABCPred was one of the method to make use of ML for predicting linear BCEs (Saha 

& Raghava, 2006). Saha et al. compiled multiple epitope datasets with the peptide 

length ranging from 12 to 20 amino acids. I selected the ABCPred16 dataset 

(consisting of 700 epitopes and 700 non-epitopes) because the original ABCPred 

method reported the highest performance on this particular dataset, and I wanted to 

compare my method directly with ABCPred. They also created a blind dataset 

(Blind387) that consists of 187 epitopes and 200 non-epitopes. The length of the 

peptides in the Blind387 dataset was not fixed here and I used this dataset as another 

of the test set. Notably, in the Blind387 set, only 60 of the 187 epitopes are from the 

Bcipep database and therefore this dataset serves as a good test set for testing 

methods trained on Bcipep-derived datasets. 

 

 2.2.1.4 LBTope dataset 

 LBTope (Singh et al., 2013) method made use of new datasets compiled from the 

IEDB (Vita et al., 2009) and there were several datasets that were made available. 

Generally, for their non-epitope (negative) set, most people used to either take random 

peptides from SWISSPROT or take a peptide from the antigen sequence such that it 

didn’t overlap with the reported epitope part of that sequence. LBTope was one of the 

first methods that used experimentally verified non-epitopes as their negative set. 

These non-epitopes were downloaded from IEDB where the neutralization experiment 

was reported as negative. There were several datasets published along with the 

LBTope method and these datasets had variable and fixed-length epitopes. In this 

study, I only used the LBTope_fixed_nr dataset, which has a fixed length of 20 amino 

acids and is 80% non-homologous. I used this dataset as one of my training set (for 

the EpitopeVec(LBTope) model) for my linear BCE predictor. 
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2.2.1.5 iBCE-EL dataset  

This dataset was published with the iBCE-EL (Manavalan et al., 2018) method. They 

downloaded two sets of linear peptides from IEDB, one that tested positive (epitope) 

and another set that tested negative (non-epitope) in neutralization experiments. A 

peptide was considered as an epitope (part of the positive set) only if had been 

confirmed as positive in two or more separate neutralization experiments. Similarly, a 

peptide was only considered as negative (non-epitope) if it was confirmed as negative 

in at least two or more separate neutralization experiments and had been never 

observed as positive (epitope) in any of the other experiments. A homology cut-off of 

70% was applied on the peptides to finally obtain a non-redundant data set of 5,550 

BCEs and 6,893 non-BCEs. Out of this, 80% of the data was randomly selected as 

the training data set (iBCE-EL training set with 4,440 epitopes and 5,485 non-epitopes) 

and the remaining 20% was used as the independent test data set (iBCE-EL 

independent set with 1,110 epitopes and 1,408 non-epitopes). I used iBCE-EL training 

set as one of the training sets for my linear BCEs predictor (for the EpitopeVec(iBCE-

EL) model), while iBCE-EL independent set was used as a testing set. 

 

2.2.1.6 Viral dataset  

I downloaded viral peptides from the IEDB in which peptides were reported as epitopes 

(positive) and non-epitopes (negative). The peptide length was not fixed and it varied 

from six to 46 amino acids. I employed the CD-HIT webserver (Y. Huang et al., 2010) 

to filter homologous peptide sequences (cut-off: 80% for positive and 90% for negative 

sequences) from the downloaded peptides. Sometimes the reliability of the peptides 

as epitope or non-epitope is not clear because the same peptide can be reported to 

be an epitope and a non-epitope in different neutralization experiments. I removed 

such dubious peptides that were common in both sets to finally obtain the final positive 

set (4432 epitopic peptides) and negative set (8460 non-epitopic peptides). This 

dataset was used as the training set for the linear viral BCEs predictor specific to viral 

antigenic proteins. 
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Dataset 
Original 
method 

Epitopes 
Non-

epitopes 
Source Length 

BCPreds BCPreds 701 701 Bcipep 20 

ABCPred16 ABCPred 700 700 Bcipep 16 

Chen AAP 872 872 Bcipep 20 

Blind387 ABCPred 187 200 Various Not fixed 

LBTope_fixed_nr LBTope 7824 7853 IEDB 20 

iBCE-EL training iBCE-EL 4440 5485 IEDB Not fixed 

iBCE-EL ind. iBCE-EL 1110 1408 IEDB Not fixed 

Viral New 4432 8460 IEDB Not fixed 

 

Table 2.2. A list of the all the datasets that were utilized in the benchmarking of my 

method. The datasets are available at https://github.com/hzi-bifo/epitope-prediction-

paper. (Bahai et al., 2021) 

 

 

2.2.2 Feature Representation of Peptides 

 

2.2.2.1 Amino Acid Composition 

 The amino acid composition (AAC) feature is described by a vector specifying the 

relative abundance of each amino acid in the peptide sequence. It is defined as the 

abundance of each type of amino acid normalized by the total number of all amino 

acids in the peptide. For a peptide P, it can be formulated as: 

𝐴𝐴𝐶(𝑃) = (𝑓1, 𝑓2, 𝑓3, ⋯ , 𝑓20) 

Where 𝑓𝑖 =
𝑅𝑖

𝑁
(𝑖 = 1, 2 , ⋯ , 20) is the percentage comprised by amino acid type 

𝑖, 𝑅𝑖 is the total count of amino acid of type 𝑖 in the peptide, and 𝑁 is the peptide length. 

This feature has a length of 20, as there are 20 common naturally occurring amino 

acids. 

 

2.2.2.2 Dipeptide Composition 

https://github.com/hzi-bifo/epitope-prediction-paper
https://github.com/hzi-bifo/epitope-prediction-paper
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Dipeptide composition (DPC) is represented by a vector specifying the relative 

abundance of each dipeptide (2-mer) in the peptide sequence. It is defined as the 

abundance of each type of dipeptide normalized by the total number of all the 

dipeptides in the sequence. For a peptide P, it can be formulated as: 

𝐷𝑃𝐶(𝑃) = (𝑓1, 𝑓2, 𝑓3, ⋯ , 𝑓400) 

Where, 𝑓𝑖 =
𝑅𝑖

𝑁
(𝑖 = 1, 2 , ⋯ , 400) is the percentage comprised by dipeptide of type 

𝑖, 𝑅𝑖 is the count of dipeptide of type 𝑖 in the sequence, and 𝑁 is the maximum number 

of dipeptides. This feature has a length of 400, as there are 20 x 20 dipeptides 

possible. 

 

2.2.2.3 Amino Acid Pair Antigenicity Scale 

 Chen et al. introduced the AAP antigenicity scale in 2007 (J. Chen et al., 2007b). It is 

basically the ratio of amino acid pairs (2-mers) occurrence frequency in the positive 

set (epitope set) to their occurrence frequency in the negative set (non-epitope set). 

To compute the AAP scale, count the number of each type of dipeptide (2-mers) in the 

positive set and then calculate the occurrence frequency of each by dividing that count 

by the total number of dipeptides in the entire positive set. Similarly, one calculates 

this frequency for each type of dipeptide in the negative dataset. The logarithm of the 

ratio of its frequency in the positive set (𝑓𝐴𝐴𝑃
+ ) to its frequency in the negative set (𝑓𝐴𝐴𝑃

− ) 

is then defined at the antigenicity value for each dipeptide. 

𝑅𝐴𝐴𝑃 = 𝑙𝑜𝑔( 
𝑓    𝐴𝐴𝑃

+

𝑓    𝐴𝐴𝑃
−  ) 

To avoid the dominance of a single propensity value, the AAP scale is normalized 

between +1 and -1. The normalization is defined as follows: 

𝑅𝐴𝐴𝑃𝑛𝑜𝑟𝑚
= 2 ∗ ( 

𝑅𝐴𝐴𝑃 − 𝑚𝑖𝑛

𝑚𝑎𝑥 − 𝑚𝑖𝑛
 ) − 1 

Where max and min represent the maximum and minimum values among all the 

calculated 400 𝑅𝐴𝐴𝑃 values before the normalization. For the positive set, I used the 

Bcipep dataset; for the negative dataset, I chose the entire UniProt50 database from 

Swiss-Prot, which contains 561,908 protein sequences.  
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2.2.2.4 Amino Acid Trimer Antigenicity Scale 

 The AAT antigenicity scale was first introduced with the SVMTrip method (Yao et al., 

2012). It is similar to the AAP scale, except that it uses amino acid triplets (3-mers) 

instead of amino acid pairs. The AAT scale for each tripeptide is defined as the 

logarithm of the ratio of its frequency in the positive set (𝑓𝐴𝐴𝑇
+ ) to their frequency in the 

negative set (𝑓𝐴𝐴𝑇
− ). 

𝑅𝐴𝐴𝑇 = 𝑙𝑜𝑔( 
𝑓𝐴𝐴𝑇

+

𝑓𝐴𝐴𝑇
−  ) 

 The scale is normalized between +1 and -1, similar to the AAP scale. 

𝑅𝐴𝐴𝑇𝑛𝑜𝑟𝑚
= 2 ∗ ( 

𝑅𝐴𝐴𝑇 − 𝑚𝑖𝑛

𝑚𝑎𝑥 − 𝑚𝑖𝑛
 ) − 1 

Here, max and min represent the maximum and minimum values among all the 

observed 𝑅𝐴𝐴𝑇 values before the normalization. 

 

2.2.2.5 Chain-transition-distribution  

Dubchak et al. (Dubchak et al., 1995) introduced Chain-transition-distribution (CTD) 

feature for predicting protein-folding classes. It has been applied for many protein-

sequence based classification problems successfully (Zou et al., 2013). In the 

calculation of this feature, the standard amino acids are classified into three different 

types of groups: polar, neutral, and hydrophobic. Composition (C) is the number of 

amino acids of a particular property divided by the total number of amino acids. 

Transition (T) characterizes the percent frequency with which amino acids of a 

particular property is followed by amino acids of a different property. Distribution (D) 

measures the chain length within which the first, 25%, 50%, 75% and 100% of the 

amino acids of a particular property is located respectively. I used the PyDPI (Cao et 

al., 2013) package in Python for calculating this feature. 

 

2.2.2.6 K-mer Representation 
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K-mers are substrings of length k that are contained in a biological sequence. In 

bioinformatics, one of the most commonly used methods to represent biological 

sequences is to segment the sequences into a bag of overlapping fixed length k-mers. 

K-mer representations are widely applied in the areas of genomics (Alipanahi et al., 

2015; Jolma et al., 2013), proteomics (Grabherr et al., 2011), metagenomics (Asgari 

et al., 2018; Wood & Salzberg, 2014), and epigenomics (Awazu, 2016; Giancarlo et 

al., 2015). Given a protein sequence, to create a k-mers based vector representation 

of the sequence, the sequence is divided into overlapping sub-sequences of length k 

(k-mers). The sequence is then represented as a frequency vector containing all 

potential amino acid k-mers (𝑣𝑒𝑐𝑡𝑜𝑟𝑠𝑖𝑧𝑒 = |20|𝑘, where 20 is the number of standard 

amino acids). 

 

2.2.2.7 ProtVec Sequence Embeddings 

Continuous vector representations of words, known as word embeddings, have 

recently become a common approach for word representations in downstream 

machine learning tasks in NLP. The basic idea is to develop a vector representation 

of words during neural probabilistic language modelling (the task of assigning a 

probability to a given sequence of words or predicting the next word based on the 

previous ones) and then utilise that representation as a general-purpose 

representation of words in any NLP activity. 

Language model-based representations are preferred for two main reasons:: (i) One 

can use a vast amount of available material on the web to train an effective 

representation because language modelling is unsupervised and requires no 

information or metadata other than the raw sentences; (ii) language modelling is a 

general-purpose task, so a representation that is useful for language modelling is also 

relevant for syntactic and semantic similarities, aiding machines in NLP tasks (e.g., 

machine translation, parsing, part-of-speech tagging, or information retrieval). Inspired 

by this idea, in a previous work, my colleague, Dr. Ehsan Asgari had proposed a 

distributed vector representation of biological sequence segments instead of k-mers, 

namely bio-vector for general use, and ProtVec for proteins. For this, he employed the 

skip-gram neural network as it is useful for a language modelling task (Bojanowski et 

al., 2016). The aim was to predict the surrounding words for a given particular word, 
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rather than predicting the next word (or next k-mer) from the given preceding words. 

For training a general-purpose representation of protein k-mers, he employed a large 

protein sequence database (Swiss-Prot) without using any metadata. The skip-gram 

neural network then tries to maximize the log-likelihood of witnessing certain k-mers 

context in a window of N surrounding it: 

∑ ∑ log 𝑝(𝑤𝑐  | 𝑤𝑡)
𝑐∈[𝑡−𝑛,   𝑡+𝑛]

|𝒞|

𝑡=1
 

Where 𝑤𝑡 is the current k-mer and 𝑐 indicates the indices around the index 𝑡 in the 

window size of 𝑁, while 𝒞 consists of all existing k-mers in the training data. After the 

k-mer representations have been trained, to represent a protein sequence using 

ProtVec, the summation embedding of all the possible k-mers in the sequence is used. 

ProtVec based representations of protein sequence has been succesful in many 

protein function annotation tasks previously (Asgari, Poerner, et al., 2019; Asgari & 

Mofrad, 2015; N. Zhou et al., 2019). 

 

2.2.3 Machine learning method 

 

After encoding the peptides as feature vectors, I used machine-learning algorithms to 

classify the peptides as epitopes versus non-epitopes. For this binary classification, I 

employed a Support Vector Machine based predictive model. It was implemented 

using the Sklearn (Pedregosa et al., 2011) package in Python. 

 Support vector machines (Cortes & Vapnik, 1995) are a type of supervised machine 

learning method that are used for classification and regression tasks. The SVM 

classifier tries to learn a hyperplane such that the geometric margin between the 

positive and the negative training data points is maximized. If it happens that the 

training data are not linearly separable, SVM uses a kernel function to map non-

linearly separable data from the input space into a feature space. Here I used the 

Radial Basis function (RBF) kernel (BROOMHEAD, 1988). SVMs have previously 

been used extensively in linear epitope prediction (BCPred, LBTope, AAP etc.; El-

Manzalawy et al., 2008; Singh et al., 2013; Chen et al., 2007) and they have also been 

employed for sequence-based prediction tasks (Leslie et al., 2002; Patil et al., 2012; 



  45 
 

Wu & Zhang, 2008; Zou et al., 2013). I used grid search to optimize the parameters C 

and γ over the range [1000 to 0.0001] with steps of power of two. 

 

2.2.4 Performance Evaluation 

 

I used five-fold cross-validation (Allen, 1974) wherein the dataset is randomly divided 

into five subsets with every set containing an equal number of peptides. The subsets 

are then divided into two groups: training and testing. Four of the subsets are in the 

training group, while the remaining one is in the testing group. The cross-validation 

procedure is carried out five times, with each subset being used exactly once for 

testing. The final prediction results are reported after taking the average of the five 

testing results (on the held-out fold) over the five-fold cross-validation. I used several 

metrics to gauge the performance of my prediction algorithms over the five-fold cross-

validation and on independent testing. Here, I calculated prediction accuracy (ACC), 

precision (Precision), recall/sensitivity (Sn), F1 score (F1) and Mathew’s correlation 

coefficient (MCC).  

They are defined as follows: 

𝐴𝐶𝐶 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝐹𝑃 + 𝑇𝑁 + 𝐹𝑁
 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

 

𝑅𝑒𝑐𝑎𝑙𝑙 = 𝑆𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

 

𝑀𝐶𝐶 =
𝑇𝑃 × 𝑇𝑁 − 𝐹𝑃 × 𝐹𝑁

√(𝑇𝑁 + 𝐹𝑁)(𝑇𝑁 + 𝐹𝑃)(𝑇𝑃 + 𝐹𝑁)(𝑇𝑃 + 𝐹𝑃)
 

 



  46 
 

𝐹1 = 2 ∗
(𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙)

(𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙)
 

 

Where TP is the number of true positives, FP is false positives, TN is true negatives, 

and FN is true positives. If the dataset was not balanced i.e. the number of samples in 

the positive class and negative classes were unequal, I used balanced accuracy as 

the accuracy metric. All of these metrics are commonly used to evaluate binary 

classification algorithms, but they all are threshold-dependent. If one varies the default 

threshold score, one can vary the number of true positives at the cost of increasing 

the number of false positives. If one plots the ROC (receiver operating characteristic) 

curve by plotting the true positive rate as a function of the false positive rate, it shows 

the performance of the classifier over all possible thresholds. The area under the ROC 

curve (ROC_AUC) is a threshold-independent metric that can be used to compare 

different ROC curves. ROC_AUC score can be interpreted as the probability that a 

randomly chosen positive example will be ranked higher than a randomly chosen 

negative example. I also used the ROC_AUC score as a metric for measuring the 

performance of my classifiers. 

 

2.2.5 Data availability 

 

The datasets and scripts that were used to train and test the models are provided in 

GitHub at https://github.com/hzi-bifo/epitope-prediction-paper. The codes are written 

in Python and make use of the Sklearn package for training the SVM model. These 

scripts can be used easily to retrain a new model on new datasets. The developed 

EpitopeVec method for making predictions on peptides/proteins is available at 

https://github.com/hzi-bifo/epitope-prediction under the GPL3.0 license and is readily 

accessible to the scientific community.  

  

https://github.com/hzi-bifo/epitope-prediction-paper
https://github.com/hzi-bifo/epitope-prediction
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Chapter 3 

 

Results 

 

3.1 HCV Neutralization Maps 

 

3.1.1 Characterisation of HCV virus screening panel 

 

My collaborators had provided me with the neutralization data from neutralization 

assays of 13 cell-culture-derived Renilla luciferase reporter viruses against 104 

patient-derived polyclonal immunoglobulins. These 13 viruses represent five HCV 

genotypes and nine distinct subtypes. They had seven viruses from genotype 2, three 

viruses from genotype 1 and one each from genotype 3, genotype 4, and genotype 5. 

This selected virus panel did not completely encompass the vast genetic diversity of 

HCV, but it possibly provides a very broad overview of HCV genetic diversity. The Igs 

were derived from 104 patients that were chronically infected with HCV genotype 1 to 

6 viruses. The number of patients infected with genotype 1 to 4 viruses were similar, 

but they had very few samples from patients infected with genotype 5 and 6 viruses 

(Fig 3.1). The neutralization was measured as the residual infectivity of the virus at a 

fixed high concentration of the patient IgG (500 µg/mL of polyclonal serum-derived 

antibodies). 

I looked at the neutralization susceptibility of the 13 viruses to check if there were any 

similarities in their ease of being neutralized by the pIgs. The neutralization 

susceptibility of the virus was calculated by subtracting its residual infectivity from the 

maximum possible infectivity i.e. 100 %. If a virus is readily neutralized, then it will 

have a very low residual infectivity and vice-versa. 
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𝑁𝑒𝑢𝑡𝑟𝑎𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛 (%) = 100 − 𝑅𝑒𝑠𝑖𝑑𝑢𝑎𝑙 𝑖𝑛𝑓𝑒𝑐𝑡𝑖𝑣𝑖𝑡𝑦 

 

 

 

Fig 3.1. Distribution of HCV genotypes of 104 chronically infected patients in the 
cohort. (Bankwitz et al., 2021) 

 

The viruses that are readily neutralized by the pIgs are the least resistant and will have 

higher neutralization percentages, while the viruses that are difficult to neutralize are 

the most resistant and will have lower neutralization percentages. I observed vast 

differences in the ease of neutralization (neutralization susceptibility) of the 13 viruses 

(Fig 3.2). I calculated the average neutralization susceptibility of each virus by 

averaging its neutralization percentage against all the 104 pIgs and then rank-ordered 

the 13 viruses based on their average neutralization. The GT5a (SA13) virus was most 

readily neutralized and GT2a (J6) was the most resistant to neutralization (Fig 3.3). 

GT5a (SA13) virus was neutralized by 100 of the 104 patient pIgs by more than 50%, 

which indicates that almost all of the patients in the cohort produced HCV neutralising 

antibodies. 

  



  49 
 

 

 

Fig 3.2. Heatmap showing the neutralization data of 13 viruses by 104 pIgs (efficient 

neutralization is shown in red and inefficient neutralization in blue). Crossed white 

rectangle represents the neutralization pair for which data is not available. The 

viruses are shown on the horizontal and the sera are on the vertical axis. Viruses are 

arranged in decreasing order of neutralization susceptibility from left to right. The 

neutralization data and the Heatmap was provided by our collaborators at 

TWINCORE. (Bankwitz et al., 2021) 



  50 
 

 

 

 

Fig 3.3. Rank-ordered representation of cell culture-derived HCV (HCVcc) viruses 

based on their neutralization susceptibility to patient-derived pIg neutralization. The 

silhouette width of the violin is proportional to the number of sera with that 

neutralization capacity, the solid blue bar covers 50% of all data, that is, second and 

third quartile, the dot in the middle indicates the median and ‘+’ indicates the mean. 

(Bankwitz et al., 2021) 
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I was also provided with the data of raw infectivity values of the viruses in RLU by our 

collaborators (Fig 3.4). A high value of RLU indicates high infectivity and vice-versa. 

The GT2a (J6) virus had the highest infectivity and it was also the most resistant to 

neutralization. This might suggest that the viruses with high infectivity are difficult to 

neutralize by the antibodies surmounted by our immune system. To check this, I 

looked at the correlation between the infectivity of the viruses and their average 

neutralization susceptibility. There was no correlation observed between the infectivity 

of the 13 viral isolates and their neutralization sensitivity (Fig 3.5).    

 

 

 

Fig 3.4. Infectivity of the given HCVcc reporter viruses quantified by luciferase 

reporter gene assays. On the X-axis is the average infectivity in RLU and Y-axis 

represents the 13 different viruses. (Bankwitz et al., 2021) 
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Fig 3.5. Correlation between neutralization susceptibility and virus infectivity. 

Infectivity of 13 HCVcc reporter viruses is plotted on the X-axis, whereas average 

neutralization of 104 patient-derived pIg specimen is plotted on the Y-axis. The 

Pearson’s correlations are displayed along with the p-values. The blue line is the 

fitted linear model and grey area represents the 95% confidence intervals for the 

linear model. (Bankwitz et al., 2021) 
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It has been speculated that antibodies that bind strongly with the surface proteins of 

the virus can potentially neutralize the virus more effectively. To check this, our 

collaborators provided us with the data of the binding strength of all the 104 pIgs to 

HCV SA13 (GT5a) E1-E2 proteins extracted from virus transfected Huh-7.5 cells 

based on optical density (OD) of ELISA tests (Khera et al., 2019). There was no 

correlation observed between the binding strength of the pIgs and their average 

neutralization ability, which indicates that there are antibodies that bind strongly to 

the antigen, but they are unable to stop the development of the HCV infection (Fig 

3.6). 

 

 

Fig 3.6. Correlation between neutralization ability of the pIgs and binding strength to 

the surface proteins. Optical density (OD) of ELISA tests using HCV SA13 (GT5a) 

E1E2 proteins extracted from virus transfected Huh-7.5 cells is plotted on the X-axis, 

whereas average neutralization ability of 104 patient-derived pIg specimen is plotted 

on the Y-axis. The Pearson’s correlations are displayed along with the p-values. The 
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blue lines are the fitted linear model and grey area represents the 95% confidence 

intervals for the linear models. (Bankwitz et al., 2021) 
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3.1.2 Neutralization map 

 

I performed metric MDS to project the neutralization data of the virus patient-pIg pairs 

onto a two-dimensional space. I used the residual infectivity value as a measure of the 

dissimilarity between virus-pIg pair and created a 2-D neutralization map (Fig 3.7). The 

neutralization map was created using the parameters as mentioned in the Methods 

section. One square on this neutralization map corresponds to 10% units of residual 

infectivity in the neutralization matrix. The Cartesian distance between a pIg-virus pair 

on the neutralization map is directly proportional to the neutralization ability of the 

patient-derived pIg in neutralizing that virus, with a small distance representing very 

efficient neutralization (low residual infectivity) of the virus by the pIg, and a large 

distance reflecting an inefficient neutralization (high residual infectivity) of the virus by 

that pIg. In the neutralization map, each position of a virus or pIg sample takes into 

account the neutralization of all other viruses by other pIg samples and thus allows us 

to look at the functional neutralization space of the diverse HCV strains. As it is a two-

dimensional map, it is easy to visualize and allows one to discern the distances 

between different viruses in the neutralization space (based on their neutralization 

susceptibility), thus providing a comprehensive neutralization cartography. 

 

As I used the weighted MDS method, good neutralization pairs had higher weightage 

in the optimization of the neutralization map. This ensures that the error in placing the 

strongly neutralizing pIgs will be minimized which is important in this study, as I want 

to select patients that produce the best neutralizing antibodies. The patients that 

produce the elite neutralizing antibodies (pIgs with the best neutralization strength) 

can be chosen for deep sequencing and further analysis. In a few cases, the distances 

between the virus and pIg sample exceed 10 squares, that is, residual infectivity is 

more than 100%. This happens because of my weighting method, which prioritizes 

pIg-virus pairs with lower residual distance while optimizing the entire map for best fit 

in each iteration. 

 

 



  56 
 

 

 

Fig 3.7. Two-dimensional MDS map of neutralization data (104 polyclonal 

immunoglobulins (pIg) samples and 13 viruses). The map was constructed with no 

normalisation and 1/Dij as weight. Viruses are drawn as coloured circles, whereas 

pIg are shown as coloured squares. Central cluster is magnified on the right. The 

viruses and pIgs are coloured based on their genotype. One square on the map is 

equivalent to 10% residual infectivity. (Bankwitz et al., 2021) 

 

 

In the neutralization map (Fig 3.7), I observed that the more resistant viruses (labelled 

with circles) are farther away from the pIgs (labelled with squares). The GT2a (J6) 

virus is the farthest away from any pIg and the central cluster, which is what one 

expects, as it is the most resistant virus. The viruses that are more readily neutralized 

are closer to the central cluster (e.g. GT4a and GT5a). A tighter clustering of pIg 

samples from GT-1 infected patients especially in the central cluster compared with 

pIg from patients infected with other GTs is observed, which suggests that pIg from 

GT1-infected patients are more closely related to each other than those from other 
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genotypes. To check this, I analysed the average distance of pIgs to the centroid of 

their respective genotype (Cognate genotype) on the neutralization map (i.e. the 

distance of GT1 pIg sample to the centroid of GT1 pIg cluster, the distance of GT2 

sample to the centroid of the GT2 pIg cluster and so on). I observed that indeed the 

average distance of GT1 pIg samples from their centroid was much lesser compared 

to other genotypes (Fig 3.8). This indicates that the antibodies which are isolated from 

patients infected with GT1 viruses have similar neutralization behaviour and thus are 

more closely clustered in the HCV neutralization space. 

 

 

 

Fig 3.8. Distance of each pIg sample to the central point (i.e. centroid) of the pIg 

cluster of its cognate genotype. Cognate genotype means the genotype of the 

infecting virus of the patient from which the pIg sample was drawn from. Data are 

plotted for the MDS with 13 viruses. The box shows 50% of the data range i.e. 2nd 

and 3rd quartile, whiskers indicate the complete data range from 1st to 4th quartile, 

thick black bar indicates the median and ‘+’ the mean. The points outside the 

whiskers are the outliers. (Bankwitz et al., 2021) 
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3.1.3 Clustering of the viruses 

 

I used K-means clustering on the Cartesian coordinates of the 13 HCV viral strains on 

the neutralization map to cluster the viruses. The value of k was selected based on 

the reduced neutralization map that gave the least LOO error. The 13 HCVcc strains 

clustered into six distinct neutralization clusters (Fig 3.9). The clustering based on the 

neutralization profiles did not necessarily correlate with the phylogeny of the viruses 

(Fig 3.9). The seven GT2 isolates clustered into four distinct neutralization clusters 

and the central cluster was made up of four viral isolates belonging to three different 

genotypes. Two of the clusters are made up of single isolates (GT2a (J6) + GT5a), 

two clusters are of two isolates each (GT2r + GT2k, GT2b.4 + GT2a.3), one cluster of 

three isolates (GT1b (J4) + H77 + GT4a) and one cluster of four isolates (GT2b.5 + 

GT2b.J8 + GT1Con1 + GT3a). The GT 2 viruses that are closely related in the 

phylogenetic tree have clustered into distinct neutralization clusters.  

 

I also created a genetic map of the thirteen HCV strains by employing MDS on the 

Hamming distances between the E1-E2 protein sequences of these strains (Fig 3.10). 

The genetic map differed substantially from the neutralization map and this indicates 

that viruses belonging to the same genotypes do not necessarily have similar 

neutralization behaviour. This suggests that even a few amino acid changes in the 

protein sequence can possibly change the neutralization susceptibility (or antigenicity) 

of the virus substantially, and thus the position of that virus on the neutralization map 

could change by a large distance.  
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Fig 3.9. Clustering the viruses shows mapping to six neutralization clusters. Clusters 

are enumerated in clockwise orientation, and reference virus for each cluster is 

given. Phylogenetic tree of E1-E2 amino acid sequences of the cell culture-derived 

HCV (HCVcc) screening viruses is shown on the right. Branches of the tree are 

coloured according to viral genotypes. Clouds around the virus strains are coloured 

according to the neutralization cluster. (Bankwitz et al., 2021) 
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Fig 3.10. Genetic map of 13 HCV viral strains. The map was plotted by using MDS 

on the hamming distances between the E1-E2 protein sequences of the viruses. One 

square on the map is equivalent to changes at 150 positions in the protein sequence. 

 

 

3.1.4 Selection of reference viruses 

 

I selected six representative viruses for the six neutralization clusters (Fig 3.9). Ideally, 

I would have liked to select the virus that was closest to the centroid of its respective 

cluster, but I selected the isolate that grows to a higher virus titre (to facilitate the 

experimental work with our collaborators) instead. This reduced the number of HCV 

isolates in the reference panel from 13 to effectively six. In previous studies, HCV 

reference virus panels have mostly focused on spreading their selected isolates 

according to the genetic diversity (Osburn et al., 2014; Urbanowicz et al., 2016). 
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However, this six-virus panel reflects the HCV functional antigenic diversity and not 

the sequence diversity. 

 Naturally, the question arises that whether the reduction of the 13-virus panel to a 6-

virus panel could cause loss of information and if this 6-virus panel was used as a 

screening panel for antibodies or vaccines, would it be as effective as the 13-virus 

panel. To answer this question and examine if this subset of six reference viruses 

encapsulates the functional and antigenic information carried by the 13-virus panel, I 

redid my analysis with 104 pIgs and only the selected 6 viruses. I reconstructed the 

HCV neutralization map with the 104 pIgs and 6 viruses (Fig 3.11).  

 

In the reduced MDS map (6 viruses vs 104 pIgs), I didn’t observe any tighter clustering 

for pIg samples coming from patients infected by a particular genotype. Note that in 

the original MDS map (13 viruses’ vs 104 pIgs), the pIg samples from GT1 infected 

patients were clustering much closer than other GTs. I analysed the average distance 

of pIgs to the centroid of their respective genotype (Cognate genotype) on the 

neutralization map (i.e., the distance of GT1 pIg sample to the centroid of GT1 pIg 

cluster and so on) for this reduced MDS map as well. I saw that the reduced MDS map 

changed the average distance of GT1 pIgs from the centroid of the cognate (GT1) 

genotype in such a way that it moved closer to the average distances for the other 

genotypes. 
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Fig 3.11. Reduced MDS map of the neutralization data (104 pIgs vs 6 viruses). The 

map was constructed with no normalisation and 1/Dij as weight. Viruses are drawn 

as coloured circles, whereas pIg are shown as coloured squares. The viruses and 

pIgs are coloured based on their genotype. One square on the map is equivalent to 

10% residual infectivity. 
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Fig 3.12. Distance of each pIg sample to the central point (i.e. centroid) of the pIg 

cluster of its cognate genotype on the reduced MDS map. Cognate genotype means 

the genotype of the infecting virus of the patient from which the pIg sample was 

drawn from. Data are plotted for the MDS with 6 viruses. Note that analysis with the 

6-reference virus panel moves the GT1 pIg closer to the average distance observed 

for the other GTs. The box shows 50% of the data range i.e. 2nd and 3rd quartile, 

whiskers indicate the complete data range from 1st to 4th quartile, thick black bar 

indicates the median and ‘+’ the mean. The points outside the whiskers are the 

outliers. (Bankwitz et al., 2021) 
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I also looked at how well does the results with the 6-virus panel match the results 

obtained with the 13-virus panel. As the purpose of establishing the virus panel is to 

screen antibodies, I looked at the ability of these panels to identify pIgs with the best 

neutralization ability. One can take the advantage of neutralization percentage of each 

of the 13 viruses by a pig and that is a quantification of the effectiveness of that 

antibody. However, it is possible that a particular pIg is able to neutralize certain 

viruses extremely well (close to 100% neutralization) and very less effective against 

other viruses (less than 50% neutralization). Therefore, to make an efficient and 

balanced evaluation of the breadth and potency of neutralising antibodies, I also 

looked at the cross-neutralization index (CNI) of the pIgs. 

 

I calculated the CNI of 104 pIgs based on their neutralization ability against the 13-

virus panel (CNI-13) and against the 6-virus panel (CNI-6; Fig 3.13). I calculated the 

Spearman’s rank correlation (Spearman’s r=0.95; p<0.0001; Fig 3.14) between the 

CNI-6 and CNI-13, which suggested that the ability of the 6-virus panel to rank order 

the strength of the serum is very much similar to that of the 13-virus panel. The ranks 

of the sera based on CNI-13 and CNI-6 were also quite similar (Fig 3.13). This shows 

that there is a high congruence between the ability of both the viral panels to quantify 

serum potency and breadth. Even when I used the average neutralization ability of the 

pIgs instead of the CNI, the correlation between the rankings based on the 6-virus 

panel and the 13-virus panel was very good (Fig 3.15; Spearmann’s r=0.89, 

p<0.0001). The good correlation observed with rank-ordering the patient sera based 

on CNI and average neutralization suggests that reduction in the number of strains did 

not compromise the precision of scoring breadth and potency of neutralising 

antibodies. 
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Fig 3.13. HCV reference panel faithfully reproduces data of large virus panel. (A) 

Rank-ordered representation of patient-derived polyclonal immunoglobulins (pIg) 

based on the cross-neutralization values against all 13 cell culture-derived HCV 

(HCVcc) strains. (B) Rank-ordered representation of patient-derived pIg based on 

the cross-neutralization of six reference viruses. The solid rectangle is the data 

range for second, third quartile, the dotted line indicates the date range in first and 

fourth quartile, ‘+’ indicates the mean cross-neutralization, and individual points 

outside the whiskers are outliers. (Bankwitz et al., 2021) 
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Fig 3.14. Correlation between patient-derived pIg rankings based on CNI against the 

13 HCVcc strains and against the 6 reference HCVcc strains. The Spearman’s 

correlations are displayed along with the p-values. The blue line is the fitted linear 

model and grey area represents the 95% confidence intervals for the linear model. 

(Bankwitz et al., 2021) 
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Fig 3.15. Correlation between patient-derived pIg rankings based on average 

neutralization for 13 HCVcc strains and the 6 reference HCVcc strains. The 

Spearman’s correlations are displayed along with the p-values. The blue line is the 

fitted linear model and grey area represents the 95% confidence intervals for the 

linear model. (Bankwitz et al., 2021) 
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I tested that whether one could just use the most resistant virus (GT2a (J6)) of our 

panel as a single virus for screening antibody responses. However, the correlation 

between the pIg rankings based on their average neutralization against the 13-er panel 

and neutralization against JcR-2a was modest (Fig 3.16, Spearman’s r=0.44, 

p<0.0001) suggesting that it fails to capture the functional HCV antigenic diversity of 

the 13-virus panel. 

 

 

 

 

Fig 3.16. Correlation analysis based on average neutralization measured with the 

13-virus panel versus and with only the GT2a (J6) strain. The Spearman’s 

correlations are displayed along with the p-values. The blue line is the fitted linear 

model and the grey area represents the 95% confidence intervals for the linear 

model. (Bankwitz et al., 2021) 
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I looked at the correlation between the rank-ordering based on average neutralization 

against the 13-virus panel and the rank-ordering based on neutralization against every 

single virus. Among all viruses in our panel, rank ordering of the pIgs based on their 

neutralization percentage against the GT2r (2r) virus best correlated with the average 

neutralization against the entire 13-er panel (Fig 3.17, Spearman’s r=0.83, p<0.0001). 

This suggests that screening of antibodies against just this one single virus might be 

a cost-effective alternative for evaluating antibody responses.  

 

 

Fig 3.17. Correlation analysis based on average neutralization measured with the 

13-virus panel versus with only the GT2r (2r) strain. The Spearman’s correlations are 

displayed along with the p-values. The blue line is the fitted linear model and grey 

area represents the 95% confidence intervals for the linear model. (Bankwitz et al., 

2021) 
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3.1.5 Neutralization preference over cognate genotype 

 

It has previously been suggested that the antibodies derived from patients infected 

with a certain viral genotype would neutralize test viruses of the cognate genotype 

preferentially (Kinchen & Bailey, 2018), that is, for instance, if one takes antibodies 

from a patient infected with GT1 virus and measured the response of these antibodies 

against some test viruses, the antibodies will be more effective in neutralizing GT1 test 

viruses. To test this, I compared the CNIs for pIgs against viruses of the cognate 

genotype and against viruses from all differing genotypes.  

 

I used the data from the full panel of 13 viruses against the 104 pIgs and then focused 

on polyclonal antibodies derived from patients infected with GT1 virus (33 specimens) 

and GT2 virus (21 specimens), as three of the 13 viruses belong to GT1 and seven of 

the 13 viruses to GT2. I calculated the CNI of GT1-derived pIgs based on their 

neutralization ability against the GT1 viruses in our panel (GT1b (J4), GT1b (Con1) 

and GT1a (H77)) and their neutralization ability against the non-GT1 viruses in our 

panel (remaining 10 viruses). Then I plotted the ratio between these two calculated 

CNI’s for each GT1-derived antibody preparation (Fig 3.18). I did the same analysis 

for GT2-derived pIgs as well. I also rank-ordered the pIgs according to the global CNI 

(i.e. CNI based on their neutralization ability against the complete 13-virus panel). 

Most of the pIgs derived from GT1-infected patients had a CNI ratio greater than 1, 

which suggests a modest preference towards cross-neutralization of GT1 test viruses 

over non-GT1 test viruses, i.e. GT1-derived antibodies have a better neutralization 

ability against GT1 viruses in comparison to non-GT1 viruses. In contrast, except for 

one pIg, all other pIgs from GT2-infected individuals displayed a CNI ratio smaller than 

one. In addition, I did not observe a correlation between the calculated CNI ratio and 

global CNI. 
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Fig 3.18. Analysis to check if infecting genotype dictates heterologous neutralization 

preference. Neutralization data from 104 reference pIg donors analysed with 13-virus 

panel are plotted. Filled red dots represent ratio of CNI determined against the test 

viruses from the cognate infecting genotype (for infecting GT1 this is H77C, J4 and 

Con1) divided by CNI calculated with the remaining test virus from other GTs. A ratio 

greater than one indicates preferential neutralization of test viruses from the cognate 

infecting GT. Blue dots denote the same information only for GT2 being the infecting 

genotype. Note that GT2a (J6), GT2a (2a-3), GT2b (2b-4), GT2b (2b-5), and GT2k 

(2k) are the cognate GT2 test virus within the 13-virus panel. Crosses and 

silhouetted line indicate the overall CNI of a given sample against the entire 13-virus 

panel. Specimens are colour coded and grouped according to the infecting genotype 

and rank ordered according to increasing global CNI. (Bankwitz et al., 2021) 
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3.3.6 Identification of elite neutralizers and validation of 

screening panel 

 

Our collaborators had additional polyclonal IgGs derived from 392 patients that were 

infected with GT 1-5 viruses. They neutralized our 6-virus reference panel with those 

392 pIgs and rank-ordered the patient-pIg based on the CNI against these six viruses. 

Then they selected the top 2% polyclonal IgGs as top neutralizers based on the rank 

ordering of the CNI, that is, the top nine pIgs with the highest CNI were selected (Fig 

3.19 A). When they used these selected pIgs (elite neutralizers) to neutralize 12-virus 

HCVcc strains (six additional strains), all of the nine elite neutralizers were able to 

neutralize all 12 viruses (Fig 3.19 B) by more than 50%. Note that in the initial selection 

the elite neutralizers were only selected based on their neutralization efficacy against 

the six reference viruses, but they were able to neutralize the additional six viruses 

effectively as well. This indicates that the screening with just the six reference viruses 

is indeed effective and it allows one to select elite neutralizing antibodies that will be 

effective against not just the initial six viruses, but additional viruses as well. This not 

only proves the effectiveness of our selected screening panel but also validates our 

method and provides a strong indication of the reliability of our neutralization map 

based clustering method. 

 

Next, I included the 392 new pIgs to our previous set of 104 pIgs and reconstructed a 

new neutralization map (Fig 3.20) based on this combined data (496 pIgs vs 6 

reference viruses). Among the 496 patients, 330 were from GT1, 36 were from GT2, 

80 were from GT3, 32 were from GT4, 4 were from GT5 and 2 were from GT6. The 

new neutralization provides us with a balanced overview of the neutralization abilities 

of the 496 patient pIgs and the performance of the 6-virus panel. I observed a dense 

cloud of pIg samples in the neutralization map. However, the dense cluster was not 

dominated by any particular genotype. The cloud had patient Igs derived from differing 

GTs intermixing, which suggested the absence of genotype-dependent sub-clustering 

of patient samples, unlike the MDS neutralization map I got from 104 pIgs vs 13 

viruses, where a clear clustering of GT1 pIgs was observed. 



  73 
 

 

 

Fig. 3.19. Identification of elite neutralizers using six reference viruses. (A) Heatmap 

of virus neutralization by 392 patient-derived polyclonal immunoglobulin (pIg) against 

given six reference viruses. (B) Confirmation that the 2% best patient-derived pIg 

samples efficiently neutralize 12 different cell culture-derived HCV (HCVcc) strains. 

(Bankwitz et al., 2021) 
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Fig 3.20. Metric multidimensional scaling of neutralization data (496 polyclonal 

immunoglobulin (pIg) samples and 6 reference viruses). Two-dimensional 

neutralization map (with no normalisation and 1/Dij as weight). Viruses are drawn as 

coloured circles, pIg as coloured squares. The viruses and pIgs are coloured based 

on their genotype. One square on the map is equivalent to 10% residual infectivity. 

(Bankwitz et al., 2021) 

 

 

I also looked at the average distance of pIgs from the centroid of their cognate 

genotype pIgs on the expanded neutralization map (496 pIgs vs 6 viruses) for all pIg 

samples (Fig 3.21), similar to the analysis I did for the previous neutralization map 

(104 pIgs vs 13 viruses). I observed almost identical average distances from the 
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centroid of their cognate GT cluster for all five genotypes (the number of GT6 samples 

were too few to make any conclusions). This suggested a very similar diversity of 

polyclonal antibody responses among patients infected with different GTs.  

 

 

 

Fig 3.21. Distance of each pIg specimen to the central point (ie, centroid) of the pIg 

cluster of its cognate genotype. Cognate genotype means the genotype of the 

infecting virus of the patient that the sample was drawn from. The box covers 50% of 

the data range, that is, the second and third quartile, whiskers indicate the complete 

data range from first to the fourth quartile, the thick black bar indicates the median 

and ‘+’ the mean. The points outside the whiskers are outliers. (Bankwitz et al., 

2021) 

 

 

Finally, I also examined the average CNI of polyclonal antibodies from GT1-GT6-

infected patients based on their responses against the 6-virus panel. The pIg samples 

from GT1-GT4-infected patients showed comparable average CNIs (Fig 3.22). Due to 
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a low sample number for pIgs from GT5 and GT6 infected patients, it was not possible 

to make any rigorous statements on the CNIs for GT5 and GT6 derived pIgs. 

Specimens from GT2-infected individuals had the highest average CNI, which was 

significantly higher than GT1 (p=0.0039) and GT4 (p=0.0006). Despite the modest 

genotype dependence of CNI, this calibration suggested that the 6-virus panel reports 

HCV neutralization in a very balanced manner across the highly diverse human 

specimens. 

 

 

 

 

Fig 3.22. Dependence of cross-neutralization index measured with six reference 

viruses on infecting genotype. The CNI for each of the 496 patient-derived pIg 

specimen was determined using the 6-reference virus panel. Data are plotted 

grouped according to the genotype of the infecting virus. The box covers 50% of the 

data range i.e. 2nd and 3rd quartile, whiskers indicate the complete data range from 

1st to 4th quartile, thick black bar indicates the median and ‘+’ the mean. The points 

outside the whiskers are outliers. (Bankwitz et al., 2021) 
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3.2 Linear Epitope Prediction 

 

Here I describe the results of the benchmarking of previously published linear BCE 

prediction methods and their comparison to my method. The initial task was to identify 

the training features that will be included in the machine-learning model. To this end, 

I selected the best performing features for the machine-learning model using five-fold 

cross-validation on the BCPreds dataset. I then trained a binary SVM-based classifier 

with the selected features on three different datasets:  

1. EpitopeVec(BCPreds) trained on the BCPreds dataset.  

2. EpitopeVec(LBTope) trained on the LBTope dataset.  

3. EpitopeVec(iBCE-EL) trained on the iBCE-EL training dataset. 

 I wanted to compare my method with previously published methods, therefore I have 

taken training datasets on which the original methods (BCPreds, iBCE-EL, LBTope) 

were trained on, exactly as they are. Similarly, for a fair comparison, I included the 

testing datasets from the original publication as they are. For example, for comparing 

EpitopeVec with the BCPreds method, I trained our method on exactly the same 

training set as that of the BCPreds method (EpitopeVec(BCPreds) model) and then 

tested it on exactly the same test sets as those on which BCPreds was originally 

tested. I then compared the performance of my three models with previously published 

methods reported in the literature. In addition, I also benchmarked the newly published 

methods that were not tested on the selected benchmarking datasets used previously 

(BepiPred, BepiPred2.0, iBCE-EL, EpiDope, and DLBEpitope). In the test datasets, 

there were many peptides that were exact matches (100% homologous) with peptides 

in DLBEpitope’s training set which causes an over-optimistic performance report of 

the DLBEpitope model; therefore, I retested DLBEpitope on the homology-reduced 

test sets (removed peptides in the test sets that were homologous to DLBEpitope’s 

training set) as well. The existing methods either make predictions on the entire 

peptide or they reported per-residue epitopicity score for each residue in the peptide 

sequence. My EpitopeVec method made predictions for the entire peptide, which gives 

a single score for the propensity of that peptide to be an epitope or non-epitope and 

this made a comparison of my method with per-residue based methods difficult. 
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Therefore, to enable a direct comparison with my method, for the methods reporting 

per-residue-scores (e.g., BepiPred, BepiPred2.0, and EpiDope), I took an average of 

the scores of all the constituent residues in the peptide sequence to obtain a single 

score for the peptide. In the following, I have described the main results of my 

benchmarking of the EpitopeVec models and their performance comparison to state-

of-the-art methods on the selected datasets. 

 

3.2.1 Compositional analysis of Epitopes and Non-epitopes 

 

I looked at the composition of the peptides in the epitope and non-epitope set of the 

BCPreds dataset to see if there were any discernible differences in the occurrence 

propensity of the 20 amino acids i.e. if there were certain amino acids that were 

preferred in epitopes compared to non-epitopes and vice-versa. This compositional 

analysis helps us to understand the preference of amino acids in epitopes and non-

epitopes. I observed that Glycine (G), Asparagine (N), Proline (P), Threonine (T) and 

Tryptophan (W) were more prevalent in epitopes, while A (Alanine), Phenylalanine (F), 

Isoleucine (I) and Leucine (L) were more prevalent in non-epitopes (Fig 3.23) and this 

observation was similar to as reported previously (Kringelum et al., 2013; Zheng et al., 

2015). The amino acids that are more prevalent in non-epitopes are all hydrophobic. 

As the length of the peptides in the BCPreds set is fixed at 20 residues, I also looked 

at the position-specific occurrence of amino acids in the epitope set using two-sample 

logos (Vacic et al., 2006). I observed that there were positions that were enriched (high 

occurrence) in certain amino acids and depleted in certain amino acids (Fig 3.24). This 

shows that there indeed exist differences in the composition of epitopic and non-

epitopic peptides and this information can be leveraged by ML algorithms to 

distinguish between epitopes and non-epitopes. 
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Fig 3.23. Amino acid occurrence frequency of the 20 amino acids in the epitope 

(shown in light colour) and non-epitope (shown in dark colour) set of the BCPreds 
dataset. G, N, P, T, and W are more prevalent in epitopes (shown with *). A, F, I, and 

L are more prevalent in non-epitopes (Welch’s t-test; P <= 0.05). 

 

 

 

 

 

 
 

Fig 3.24. Position specific occurrence of amino acids in the positive set of BCPreds 
dataset using two sample logos. The enriched amino acids are the ones that are 

more prevalent at that position in the epitope set compared to the non-epitope set. 
The depleted amino acids are the amino acids that are depleted in the epitope set 

compared to the non-epitope set at that position. The height of the amino acid 
symbols is proportional to the difference of relative frequencies of corresponding 

amino acid residues at a given position in the positive and negative sets. 
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3.2.2 Discriminative Power of the Protein Features 

 

I had selected several feature sets for representing the amino acids in the peptides to 

present them to the ML models. To select the best combination of features, I first 

examined that which feature set was the most relevant in discriminating between 

epitopes and non-epitopes when used independently. I used the BCPreds dataset as 

my training set and used the SVM model with five-fold cross-validation while selecting 

each individual feature set as my feature vector. All of the ML models with distinct 

feature sets were trained using five-fold cross-validation on the BCPreds dataset, and 

best the C and γ parameters (RBF kernel parameters) were selected using grid 

search. The final performance was reported as the averaged performance on the held-

out folds.  

Use of the CTD (Chain-Transition-Distribution) features (Dubchak et al., 1995) 

resulted in an accuracy of 61% (Table 3.1), whereas the amino acid composition 

scales performed quite similarly, with their accuracy ranging from 63% (AAC) to 65% 

(DPC). On using k-mer representations, increasing the value of k resulted in a better 

accuracy (highest was 69.9% for k=4). On using the ProtVec representation as the 

sole feature set, the accuracy was 70%. On using the AAP antigenicity scale, I 

obtained an accuracy of 68.55% and on using the AAT antigenicity scale, I got an 

accuracy of 78.67%. The accuracy obtained with the AAT feature scale was the 

highest for an individual feature. When taking combinations of different feature sets 

(Table 3.2), I achieved the highest accuracy of 81.31% by combining the composition-

based features (AAP, AAT, and AAC) with the sequence representation-based 

features (ProtVec). This feature set was selected for use with my final SVM-based 

model, which I called EpitopeVec (Fig 3.25).  
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Features ROC_AUC Accuracy F1 

AAC  0.683 63.13 0.611 

DPC  0.701 65.83 0.593 

CTD  0.645 61.2 0.584 

AAP(average)  0.708 69.04 0.692 

AAP  0.733 68.55 0.68 

AAT  0.878 78.67 0.782 

k-mer (k=1)  0.678 63.12 0.599 

k-mer (k=2)  0.7 66.26 0.613 

k-mer (k=3)  0.721 68.71 0.639 

k-mer (k=4)  0.746 69.93 0.66 

Protvec  0.74 70.02 0.693 
 

Table 3.1. Comparison of individual feature sets for our ML model in the epitope 

prediction in terms of ROC_AUC, accuracy, and F1 score validated with a 5-fold 

cross-validation over the BCPreds dataset (Bahai et al., 2021) 

 

 

 

 

Features ROC_AUC Accuracy F1 

AAC + DPC  0.709 66.2 0.642 

AAP + AAT   0.871 80.34 0.793 

Protvec + 4-mers  0.691 67.73 0.672 

AAP + AAT + AAC + DPC  0.875 80.84 0.802 

AAC + AAP + AAT + Protvec   0.889 81.31 0.811 
 

Table 3.2. Comparison of feature combinations in the epitope prediction in terms of 

ROC AUC, accuracy, and F1 score validated with a 5-fold cross-validation over the 

BCPreds dataset. (Bahai et al., 2021) 
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Fig 3.25. ROC curve of epitope prediction in five-fold cross-validation on the 

BCPreds dataset, where the mean is shown as a bold dashed line and the random 

performance (ROC_AUC=0.5) is shown as a grey dashed line. The five different 

coloured lines represent the performance of each of the five folds. (Bahai et al., 

2021) 

 

 

3.2.3 Evaluation on the BCPreds Dataset 

  

In the five-fold cross-validation on the BCPreds dataset, the EpitopeVec(BCPreds) 

model had the best performance with an average accuracy of 81.31%, which is 

13.41% higher than the original BCPreds method (Table 3.3; Fig 3.26). In previously 

published work, the accuracy of AAP, ABCPred, and Cobe-Pro methods was reported 

to be between 64% and 71% (Saha and Raghava, 2006; Chen et al., 2007; 

Sweredoski and Baldi, 2009). These three methods were all trained on Bcipep-derived 

datasets. The accuracy of the LBTope method (trained on the IEDB-derived datasets) 

was reported to be 51.57% (Singh et al., 2013). The EpitopeVec(LBtope) and 

EpitopeVec(iBCE-EL) models had an accuracy of 57.13% and 57.48% on the 

BCPreds dataset, respectively. Noticeably, the performance of all the methods that 
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were trained on the IEDB-derived datasets (LBTope, EpitopeVec(LBtope) and 

EpitopeVec(iBCE-EL) were lower than that of the methods trained on the Bcipep-

derived datasets (EpitopeVec(BCPreds), AAP, ABCPred, BCPreds, and Cobe-Pro). 

 

 Among the methods that I benchmarked, iBCE-EL, BepiPred2.0, and EpiDope had 

close to random performance on this dataset, with accuracies ranging from 49% to 

51%. BepiPred and DLBEpitope had slightly better accuracies (61.2% and 59.6%), but 

the accuracy of DLBEpitope dropped to 51% after retesting on the homology-reduced 

BCPreds set (removing peptides in the BCPreds set that were > 80% homologous to 

DLBEpitope’s training set). 

 

Overall, the three EpitopeVec models had better performance on this dataset than 

their respective original methods. EpitopeVec(BCPreds) had higher accuracy than 

BCPreds, EpitopeVec(LBtope) was better than LBTope and EpitopeVec(iBCE-EL) 

was better than iBCE-EL. Another observation was that the overall performance of the 

methods depended on their training dataset, and generally, Bcipep-trained methods 

had better performance than IEDB trained methods. This is expected because the 

BCPreds dataset was compiled from peptides in the Bcipep database and therefore 

peptides in the Bcipep-derived datasets will have higher homology to each other. 
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 ROC 
_AUC 

Accuracy 
Precision 

+ 
Precision 

- 
Recall 

+ 
Recall 

- 
F1 MCC 

BepiPred 0.665 61.19 0.65 0.59 0.49 0.74 0.61 0.232 

ABCPred 0.643 NA NA NA NA NA NA NA 

AAP 0.7 64.05 NA NA NA NA NA NA 

BCPreds* 0.758 67.9 NA NA 0.73 0.63 NA 0.36 

Cobe-Pro 0.768 71.4 NA NA NA NA NA NA 

LBTope  51.57 NA NA NA NA NA NA 

iBCE-EL 0.576 48.71 0.49 0.15 0.97 0.01 0.33 -0.009 

BepiPred 
2.0 

0.432 49.78 0.49 0.5 0.11 0.89 0.41 -0.006 

DLBEpitope 0.647 59.62 0.72 0.56 0.32 0.88 0.56 0.232 

DLBEpitope 
# 

0.515 50.78 0.4 0.63 0.14 0.88 0.47 0.023 

EpiDope 0.575 50.71 0.81 0.5 0.02 1 0.35 0.067 

EpitopeVec 
(BCPreds) * 

0.889 81.31 0.816 0.811 0.807 0.819 0.811 0.627 

EpitopeVec 
(LBTope) 

0.645 57.13 0.56 0.59 0.69 0.45 0.57 0.147 

EpitopeVec 
(iBCE-EL) 

0.596 57.48 0.57 0.57 0.57 0.57 0.57 0.15 

 

Table 3.3. Benchmarking on the BCPreds dataset. ‘*’ represents the performance 

measured over five-fold cross-validation and ‘#’ represents performance measured 

on the homology-reduced BCPreds dataset. 

 

 

Fig 3.26. Performance comparison of the methods in terms of accuracy on the 

BCPreds dataset. ‘*’ represents the performance measured over five-fold cross-

validation and ‘#’ represents performance measured on the homology-reduced 

BCPreds dataset. 
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3.2.4 Evaluation on the Chen Dataset  

 

The Chen method (J. Chen et al., 2007a) introduced the AAP antigenicity scale that 

was specifically designed based on the assumption that certain AAPs are favoured in 

the epitope regions over non-epitope regions and vice-versa. I achieved an accuracy 

of 88.30% (Table 3.4; Fig 3.27) with the EpitopeVec(BCPreds) model on this dataset 

which is 16% higher than the original AAP method (71.09%, Chen et al., 2007). The 

Cobe-Pro(Sweredoski & Baldi, 2009) method had the second-best accuracy (78%), 

but it is still 10% lower than the EpitopeVec(BCPreds) model. I achieved a higher 

accuracy with the EpitopeVec(BCPreds) model on this dataset than that achieved with 

cross-validation on the BCPreds dataset, which was probably due to the reason that 

the Chen dataset was also compiled from the Bcipep database and no homology-

reduction was applied on it. The accuracy of EpitopeVec(LBTope) was 57.91% and 

EpitopeVec(iBCE-EL) was 56.70% on this dataset. The accuracy of the LBTope 

method (trained on IEDB-derived dataset) was reported to be 53.33% (Singh et al., 

2013). The performance of methods that were trained on the IEDB-derived datasets 

(LBTope, EpitopeVec(LBtope) and EpitopeVec(iBCE-EL) were lower than the 

methods trained on the Bcipep-derived datasets on this dataset as well. 

 

The accuracies of the methods that I benchmarked (BepiPred2.0, iBCE-EL, BepiPred, 

EpiDope, and DLBEpitope) ranged from 49.3% to 61.5%, with DLBEpitope having the 

highest accuracy of 61.5%, however, its accuracy dropped to 51.81% after retesting 

on the homology-reduced Chen set. Notably, I observed that the performance of most 

methods trained on the IEDB-derived sets was lower on this dataset. The performance 

of our three EpitopeVec models was better than their respective original methods on 

this dataset as well. As the Chen dataset is also compiled from the Bcipep database, 

Bcipep trained methods had better performance than IEDB trained methods. 
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Fig 3.27. Performance comparison of the methods in terms of accuracy on the Chen 

dataset. ‘*’ represents the performance measured over five-fold cross-validation and 

‘#’ represents performance measured on the homology-reduced Chen dataset. 

 

 
ROC 
_AUC 

Accur
acy 

Precision 
+ 

Precision  
- 

Recall 
+ 

Recall 
- 

F1 MCC 

BepiPred 0.665 60.44 0.64 0.58 0.47 0.74 0.6 0.217 

ABCPred 0.7 71.09 NA NA 0.61 0.75 NA 0.366 

AAP* 
 

72.54 NA NA 0.64 0.76 NA 0.404 

BCPreds 0.809 72.94 NA NA 0.7 0.76 NA 0.46 

Cobe-Pro 0.829 78 NA NA NA NA NA NA 

LBTope 
 

53.33 NA NA NA NA NA NA 

iBCE-EL 0.528 49.4 0.5 0.4 0.96 0.02 0.35 -0.036 

BepiPred 2.0 0.424 49.31 0.47 0.5 0.11 0.88 0.4 -0.021 

DLBEpitope 0.654 61.45 0.75 0.57 0.35 0.88 0.58 0.272 

DLBEpitope# 0.535 51.81  0.38 0.69 0.15 0.88 0.50 0.050 

EpiDope 0.559 50.68 0.77 0.5 0.02 0.99 0.35 0.061 

EpitopeVec 
(BCPreds) 

0.958 88.3 0.85 0.92 0.93 0.83 0.88 0.77 

EpitopeVec 
(LBTope) 

0.658 57.91 0.56 0.61 0.71 0.44 0.57 0.164 

EpitopeVec 
(iBCE-EL) 

0.589 56.70 0.57 0.57 0.57 0.57 0.57 0.134 

 

Table 3.4. Benchmarking on the Chen dataset. ‘*’ represents the performance 

measured over five-fold cross-validation and ‘#’ represents performance measured 

on the homology-reduced Chen dataset. 
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3.2.5 Evaluation on the ABCPred Dataset 

 

The ABCPred method was one of the earliest ML-based methods for linear BCE 

prediction. It was based on a recurrent neural network with an input feature vector of 

16 residues and a sparse binary encoding. The accuracy of EpitopeVec(BCPreds) on 

this dataset was 85.64% (Table 3.5; Fig 3.28), which is 11% higher than that of the 

BCPreds method (74.57%, El-Manzalawy et al., 2008) on this dataset and 20% higher 

than what original ABCPred method (65.93%, Saha and Raghava, 2006) reported. 

This dataset was not specifically homology-reduced as well, resulting in a higher 

accuracy for my EpitopeVec(BCPreds) method on this dataset compared to the 

BCPreds dataset. The accuracy of EpitopeVec(LBTope) was 64.79% and 

EpitopeVec(iBCE-EL) was 59.28% on this dataset. The accuracy of methods such as 

AAP and APCPred was reported to be around 73% (Chen et al., 2007; Shen et al., 

2015), while that of LBTope was reported to be 57.90% (Singh et al., 2013).  

 

 

 

Fig 3.28. Performance comparison of the methods in terms of accuracy on the 

ABCPred dataset. ‘*’ represents the performance measured over five-fold cross-

validation and ‘#’ represents performance measured on the homology-reduced 

ABCPred dataset. 
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 ROC _AUC Accuracy 
Precision 

+ 
Precision 

- 
Recall 

+ 
Recall 

- 
F1 MCC 

BepiPred 0.624 57.71 0.6 0.56 0.46 0.69 0.57 0.158 

AAP 0.782 73.14 NA NA 0.5 0.96 NA 0.518 

APCPred 0.794 73 NA NA 0.65 0.81 NA 0.466 

ABCPred* NA 65.93 NA NA 0.67 0.65 NA 0.319 

BCPreds 0.801 74.57 NA NA 0.7 0.79 NA 0.493 

LBTope NA 57.9 NA NA NA NA NA NA 

iBCE-EL 0.588 52.7 0.51 0.72 0.96 0.09 0.42 0.112 

BepiPred 2.0 0.399 49.28 0.39 0.5 0.02 0.96 0.35 -0.04 

DLBEpitope 0.7 63.86 0.78 0.59 0.39 0.89 0.61 0.319 

DLBEpitope# 0.567 52.79 0.43 0.68 0.17 0.89 0.51 0.078 

EpiDope 0.599 50.64 0.76 0.5 0.02 0.99 0.35 0.059 

EpitopeVec 
(BCPreds) 

0.929 85.64 0.84 0.88 0.89 0.83 0.86 0.714 

EpitopeVec 
(LBTope) 

0.723 64.79 0.62 0.69 0.75 0.54 0.64 0.303 

EpitopeVec 
(iBCE-EL) 

0.616 59.28 0.68 0.56 0.35 0.83 0.57 0.212 

 

Table 3.5. Benchmarking on the ABCPred dataset. ‘*’ represents the performance 

measured over five-fold cross-validation and ‘#’ represents performance measured 

on the homology-reduced ABCPred dataset. 

 

 

 

3.2.6 Evaluation on the Blind387 Dataset 

 

Blind387 dataset was published along with the ABCPred method, but the length of the 

peptides in this dataset is not fixed. As only some of the peptides (59 out of 187) in 

this dataset are from the Bcipep database, it serves as a more independent test set 

compared to other Bcipep-derived datasets. EpitopeVec(BCPreds) obtained an 

accuracy of 71.83% (Table 3.7; Fig 3.29), thus outperforming the accuracies 

previously reported for AAP (64.60%), ABCPred (66.41%), and BCPreds (65.89%, 

Chen et al., 2007; Saha and Raghava, 2006; El-Manzalawy et al., 2008). The 

accuracies obtained by our benchmarked methods (BepiPred, iBCE-EL, EpiDope, 
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DLBEpitope, and BepiPred2.0) ranged between 43% to 60%. The accuracy of 

DLBEpitope dropped to 52.67% (from the original 59.72%) on the homology-reduced 

Blind387 dataset. The accuracies of Epitope(LBTope) and Epitope(iBCE-EL) on the 

Blind387 set were 65.55% and 68.65%, respectively. The EpitopeVec(BCPreds) 

method achieved the highest accuracy on this dataset followed by the 

EpitopeVec(iBCE-EL) method. As most of the peptides in this dataset are compiled 

from independent neutralization experiments (and not the Bcipep database), testing 

on this dataset provides a more realistic and balanced comparison of the 

performances of the various methods. 

 

 

 

 

Fig 3.29. Performance comparison of the various methods in terms of accuracy on 

the Blind387 dataset. ‘#’ represents performance measured on the homology-

reduced Blind387 dataset. 
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 ROC 
_AUC 

Accuracy 
Precision 

+ 
Precision 

- 
Recall 

+ 
Recall 

- 
F1 MCC 

BepiPred 0.627 56.59 0.55 0.58 0.53 0.6 0.57 0.132 

AAP 0.689 64.6 NA NA 0.64 0.65 NA 0.292 

ABCPred NA 66.41 NA NA 0.72 0.62 NA NA 

BCPreds 0.699 65.89 NA NA 0.66 0.66 NA 0.318 

iBCE-EL 0.501 43.4 0.44 0.17 0.84 0.03 0.32 -0.227 

BepiPred 
2.0 

0.62 55.53 0.75 0.55 0.16 0.95 0.48 0.181 

DLBEpitope 0.649 59.72 0.66 0.70 0.27 0.92 0.59 0.264 

DLBEpitope# 0.555 52.67 0.29 0.82 0.13 0.92 0.52 0.075 

EpiDope 0.541 50.80 1 0.52 0.02 1 0.36 0.091 

EpitopeVec 
(BCPreds) 

0.778 71.83 0.75 0.7 0.63 0.81 0.72 0.445 

EpitopeVec 
(LBTope) 

0.756 65.55 0.60 0.75 0.82 0.49 0.64 0.329 

EpitopeVec 
(iBCE-EL) 

0.724 68.65 0.73 0.67 0.57 0.80 0.68 0.384 

 

Table 3.6. Benchmarking on the Blind387 dataset. ‘#’ represents performance 

measured on the homology-reduced Blind387 dataset. 

 

 

3.2.7 Evaluation on the LBTope Dataset 

 

 LBtope is among the earliest methods that only included experimentally verified non-

epitopes in its negative set for training and it also made use of large datasets compiled 

from the IEDB database in contrast to the commonly used Bcipep database. In five-

fold cross-validation on this dataset, our EpitopeVec(LBTope) model had an accuracy 

of 75.62% (Table 3.7; Fig 3.30), which was 11% higher than for the original LBTope 

method (64.86%; Singh, 2013). The performance of methods trained on Bcipep-

derived datasets (BCPreds, EpitopeVec(BCPreds)) dropped substantially on this 

dataset, with the accuracy of BCPreds being 52.56% (El-Manzalawy et al., 2008) and 

the accuracy of the EpitopeVec(BCPreds) model being 52.98%. The accuracy of the 

EpitopeVec(iBCE-EL) model was 57.12%. All other methods that I benchmarked 

(iBCE-EL, EpiDope, BepiPred, and BepiPred2.0), except for DLBEpitope, had low 

performances on this dataset, with their accuracies ranging from 50% to 55%. 
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DLBEpitope had an accuracy of 67.2%, but it dropped to 50.89% after retesting on the 

homology-reduced LBTope set. Notably, the methods that were trained on Bcipep-

derived datasets (BCPreds, EpitopeVec(BCPreds)) had lower performance on this 

dataset. 

 

 

 ROC 
_AUC 

Accur
acy 

Precision 
+ 

Precision 
- 

Recall 
+ 

Recall 
- 

F1 MCC 

BepiPred 0.566 54.57 0.55 0.54 0.49 0.61 0.55 0.092 

LBTope* 0.69 64.86 NA NA NA NA NA NA 

BCPreds NA 52.56 NA NA NA NA NA NA 

iBCE-EL 0.619 52.2 0.51 0.9 0.99 0.05 0.39 0.135 

BepiPred 2.0 0.476 49.95 0.5 0.5 0.13 0.87 0.42 -0.001 

DLBEpitope 0.769 67.27 0.82 0.62 0.44 0.9 0.65 0.389 

DLBEpitope# 0.504 50.89 0.60 0.43 0.15 0.87 0.41 0.025 

EpiDope 0.559 50.34 0.68 0.5 0.01 0.99 0.35 0.036 

EpitopeVec 
(BCPreds) 

0.548 52.98 0.55 0.52 0.32 0.74 0.51 0.065 

EpitopeVec 
(LBTope)* 

0.838 75.62 0.75 0.75 0.76 0.75 0.76 0.512 

EpitopeVec 
(iBCE-EL) 

0.602 57.12 0.56 0.58 0.62 0.53 0.57 0.143 

 

Table 3.7. Benchmarking on the LBTope dataset. ‘*’ represents the performance 

measured over five-fold cross-validation and ‘#’ represents performance measured 

on the homology-reduced LBTope dataset. 
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Fig 3.30. Performance comparison of the methods in terms of accuracy on the 

LBTope dataset. ‘*’ represents the performance measured over five-fold cross-

validation and ‘#’ represents performance measured on the homology-reduced 

LBTope dataset. 

 

 

3.2.8 Evaluation on the iBCE-EL Dataset 

  

The iBCE-EL method is an ensemble method of multiple ML algorithms (Gradient 

Boosting and Extra trees classifier). In five-fold cross-validation on the iBCE-EL 

training dataset, my EpitopeVec(iBCE-EL) model had an average accuracy of 71.4% 

(Table 3.8; Fig 3.31), which is slightly lower than that of the original iBCE-EL method 

(73.40%). However, the average ROC_AUC of EpitopeVec(iBCE-EL) was 0.789, 

which is marginally higher than that of the iBCE-EL method (0.782). The accuracies 

of EpitopeVec(BCPreds) and EpitopeVec(LBtope) were 53.78% and 63.41% 

respectively, on the iBCE-EL training set. The performance of the methods that I 

benchmarked (BepiPred, BepiPred2.0 and EpiDope) ranged from 50.6% to 53.8% in 

terms of accuracy. As the DLBEpitope method can only predict fixed-length epitopes, 

it was not possible to test it on this dataset because it consists of peptides that have 

flexible lengths. 
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On the iBCE-EL independent test set, the performance of EpitopeVec(iBCE-EL) was 

slightly lower (accuracy: 70.69% and ROC_AUC: 0.782; Table 3.9; Fig 3.32) than that 

of the iBCE-EL method (accuracy: 73.40% and ROC_AUC: 0.786). Among the 

methods that I benchmarked (BepiPred, BepiPred2.0 and EpiDope), the accuracy 

ranged from 50% to 55% on the iBCE-EL independent set. The accuracies of 

EpitopeVec(BCPreds) and EpitopeVec(LBtope) were 54.20% and 65.43% on the 

iBCE-EL independent set. 

 

 ROC 
_AUC 

Accuracy 
Precision 

+ 
Precision 

- 
Recall 

+ 
Recall 

- 
F1 MCC 

BepiPred 0.556 53.76 0.49 0.59 0.47 0.61 0.54 0.076 

iBCE-EL* 0.782 72.9 NA NA 0.716 0.739 NA 0.454 

BepiPred 
2.0 

0.51 50.99 0.55 0.56 0.06 0.96 0.41 0.045 

EpiDope 0.582 50.57 0.8 0.56 0.01 1 0.37 0.064 

EpitopeVec 
(BCPreds) 

0.555 53.78 0.52 0.58 0.31 0.76 0.52 0.085 

EpitopeVec 
(LBTope) 

0.718 63.41 0.56 0.71 0.73 0.54 0.62 0.270 

EpitopeVec 
(iBCE-EL)* 

0.789 71.4 0.7 0.73 0.64 0.77 0.71 0.419 

 

Table 3.8. Benchmarking on the iBCE-EL training dataset. ‘*’ represents the 

performance measured over five-fold cross-validation. 
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Fig 3.31. Performance comparison of the methods in terms of accuracy on the iBCE-

EL training dataset. ‘*’ represents the performance measured over five-fold cross-

validation. 

 

 ROC 
_AUC 

Accuracy 
Precision 

+ 
Precision 

- 
Recall 

+ 
Recall 

- 
F1 MCC 

BepiPred 0.568 55.17 0.5 0.6 0.47 0.63 0.55 0.104 

iBCE-EL 0.786 73.4 0.66 0.8 0.79 0.68 0.73 0.46 

BepiPred 
2.0 

0.486 51.62 0.56 0.57 0.08 0.95 0.43 0.065 

EpiDope 0.595 50.47 0.7 0.56 0.01 1 0.37 0.049 

EpitopeVec 
(BCPreds) 

0.571 54.20 0.52 0.59 0.31 0.78 0.53 0.095 

EpitopeVec 
(LBTope) 

0.745 65.43 0.57 0.74 0.76 0.55 0.64 0.311 

EpitopeVec 
(iBCE-EL) 

0.782 70.69 0.68 0.73 0.63 0.76 0.7 0.402 

 

Table 3.9. Benchmarking on the iBCE-EL independent dataset 
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Fig 3.32. Performance comparison of the methods in terms of accuracy on the iBCE-

EL independent dataset. 

 

 

 

3.2.9 Cross-testing Results 

 

 In cross-testing on datasets different from their training sets, all of my three models 

had better performance than their respective original methods and they also had better 

performance than recent methods that I benchmarked. However, an interesting 

observation was that when a method was trained on a Bcipep-derived dataset, and 

then tested on an IEDB-derived dataset and vice versa, the performance dropped 

substantially. The EpitopeVec(BCPreds) model had good performance (>80% 

accuracy) on other Bcipep-derived datasets (ABCPred, Chen), but the performance 

dropped substantially when testing on the IEDB-derived datasets (LBTope, iBCE-EL). 

The EpitopeVec(LBtope) and EpitopeVec(iBCE-EL) models had good performance 

(>70 % accuracy) on cross-validation on their training sets, but poor performance 

(accuracy close to 50%) on other testing sets. The same was true for BCPred, LBTope, 

and the other methods as well. As a result, I built three datasets by pooling all of the 
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test datasets together to gain a clear picture of the overall performance and accuracy 

of these methods. These three pooled datasets (one for each of the 

EpitopeVec(BCPreds), EpitopeVec(LBTope), and EpitopeVec(iBCE-EL) models) 

were compiled by merging all of the testing sets except the model's respective training 

set. I also created pooled-reduced sets where I removed peptides in the pooled set 

that were homologous to the respective training set (inter-homology reduction) and 

similar sequences within the pooled sets (intra-homology reduction) using CD-HIT with 

a threshold of 80%. The performance of the EpitopeVec(iBCE-EL) model (58.37% 

accuracy, 0.615 AUC) was the best (5% higher accuracy than iBCE-EL) on its pooled-

reduced set and overall it showed better generalizability (Fig 3.33).  

When trained on different datasets, there were vast differences observed in the 

performance of the EpitopeVec method and these differences in the performance were 

usually dependent on the source of the training data (Bcipep or IEDB). The 

performance differences observed between five-fold cross-validation and cross-

testing on independent datasets from IEDB and the Bcipep database reveal that most 

classifiers lack generalization. This is potentially caused by the fundamental 

differences in the nature of the underlying training data (Odorico and Pellequer, 2003). 

I checked the Pearson correlation of the AAT scale (the most discriminative and 

relevant feature for distinguishing epitopes from non-epitopes in my method) derived 

from the Bcipep sets and the IEDB sets to check for differences in the composition of 

the peptides in these databases. The correlation was low (0.41), indicating that the 

epitopic peptides from both datasets have large differences in their composition. 
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Fig 3.33. Heatmap showing the cross-testing performance of EpitopeVec when 

trained and tested on different datasets and its comparison to the other methods (x-

axis: testing method; y-axis: testing data; for training and testing on the same 

dataset, the accuracy averaged over five-fold cross-validation is shown). 

 

 

3.2.10 Improving Epitope Prediction Accuracy with 

classifiers specific to the antigen type 

  

I created a viral peptide-specific linear BCE predictor in light of the observed lack of 

generalizability of other methods and only slightly higher generalizability of my method. 

When I looked at the Bcipep and IEDB databases, I discovered that Bcipep had a 

substantial bias towards viruses, with 80% of the peptides coming from viral antigens. 

To look into this further, I constructed a collection of viral epitopes (new viral dataset) 

from the IEDB dataset containing experimentally verified positive and negative 

epitopes and used EpitopeVec to train our model on it. I cross-tested this new viral 

predictor (EpitopeVec-viral) on the homology-reduced BCPreds dataset (peptides in 

the BCPreds set that were more than 80% homologous to peptides in our training viral 
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set were removed). As the BCPreds dataset is comprised of antigens from a variety 

of species (i.e., viral, bacterial, and eukaryotic), therefore, I was interested in the 

specific performance on antigens originating from different species. The performance 

of EpitopeVec-viral (Table 3.10; Fig 3.35) on viral peptides (72.02% accuracy, 0.756 

ROC_AUC) was substantially higher than that on bacterial (54.07% accuracy, 0.569 

ROC_AUC) and eukaryotic (52.26% accuracy, 0.512 ROC_AUC) peptides. The 

performance of iBCE-EL on domain-specific peptides was substantially below that of 

EpitopeVec-viral (Table 3.10; Fig 3.34; Fig 3.36). 

 

 

 ROC 
_AUC 

Accuracy 
Precision 

+ 
Precision 

- 
Recall 

+ 
Recall 

- 
F1 MCC 

EpitopeVec-viral           
(on viral training 

set)* 
0.875 79.73 0.718 0.843 0.698 0.67 0.850 0.554 

EpitopeVec-viral          
(on BCPreds viral) 

0.756 72.02 0.968 0.190 0.648 0.793 0.54 0.26 

EpitopeVec-viral          
(on BCPreds 

bacterial) 
0.569 54.07 0.301 0.770 0.378 0.704 0.535 0.076 

EpitopeVec-viral             
(on BCPreds 
eukaryotic) 

0.512 52.26 0.384 0.663 0.357 0.689 0.52 0.046 

iBCE-EL                          
(on BCPreds viral) 

0.509 50.16 0.93 0.08 0.97 0.03 0.5 0.005 

iBCE-EL                          
(on BCPreds 

bacterial) 
0.574 50.14 0.25 1 1 0.003 0.2 0.027 

iBCE-EL                          
(on BCPreds 
eukaryotic) 

0.571 47.48 0.348 0.18 0.94 0.006 0.26 -0.155 

 

Table 3.10. Benchmarking of the EpitopeVec-viral and iBCE-EL methods on 

antigens of different types. 
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Fig 3.34. Performance comparison of the EpitopeVec-viral and iBCE-EL methods in 

terms of accuracy on different antigen types in the BCPreds dataset. 

 

 

 

 

 

Fig 3.35. Performance of EpitopeVec-viral on the 80% homology-reduced BCPreds 

set based on the antigen type. 
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Fig 3.36. Performance of iBCE-EL on the BCPreds dataset where the performance 

is shown based on the antigen type. 

 

 

 

I also looked at the performance of the EpitopeVec-viral method on the homology-

reduced BCPred dataset. The better performance of the EpitopeVec-viral method can 

be attributed to more homologous sequences between the viral-BCPreds set and the 

training viral dataset and to check whether this was the case, I applied a homology 

cut-off of 50% between our testing and training dataset and retested EpitopeVec-viral 

on 50% homology-reduced BCPreds dataset. Even after such a stringent homology 

cut-off, the performance of EpitopeVec-viral was much better on the viral peptides in 

the BCPreds dataset compared to the bacterial and eukaryotic peptides (Fig 3.37). 
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Fig 3.37. Performance of EpitopeVec-viral on the A) 80% homology-reduced 

BCPreds set, B) 50% homology-reduced BCPreds set, based on the antigen type. 

 

 

3.2.11 Predicting Epitopes for SARS-CoV-1 and SARS-CoV-

2 Viruses 

 

 I tested the viral predictor on a set of 10 linear epitope peptides compiled in (Grifoni 

et al., 2020) for the SARS-CoV-1 virus from experimentally verified epitopes in the 

IEDB. EpitopeVec-viral successfully predicted 7 out of 10 peptides as epitopes (Table 

3.12) for SARS-CoV-1. Based on the method by Grifoni et al., I created a similar set 

of peptides taken from SARS-CoV-2 viral proteins that were experimentally verified as 

linear epitopes and non-epitopes in the IEDB. I then tested my viral predictor 

(EpitopeVec-viral) on these peptides and my method was able to predict 7 out of 9 

epitopes and 10 out of 10 non-epitopes correctly (Table 3.13). Note that, none of these 

19 peptides was present in the training set of my EpitopeVec-viral model. This shows 

that the EpitopeVec-viral model has very high precision in predicting both 

experimentally validated epitopes and non-epitopes derived from independent 

datasets. 
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SARS-CoV Max RF Prediction Score 

DAVDCSQNPLAELKCSVKSFEIDKGIYQTSNF 0.504 1 0.949 

VCGPKLSTDLIKNQCVNFNFNGLTGTGVLTPSSKRFQP
FQQFGRDVSDFTDSVRDPKTSEILDISPCSFGGVSVIT 

0.745 1 0.716 

GTNASSEVAVLYQDVNCTDVSTAIHADQLTPAWRIYS
TGNN 

0.709 1 0.738 

FSQILPDPLKPTKRSFIED 0.365 1 0.579 

FGAGAALQIPFAMQMAYRFNGIG 0.367 0 0.181 

MADNGTITVEELKQLLEQWNLVIG 0.46 1 0.894 

PLMESELVIGAVIIRGHLRMA 0.457 0 0.015 

PQGLPNNTASWFTALTQHGKEE 0.537 0 0.066 

NNAATVLQLPQGTTLPKGFYA 0.543 1 0.914 

KHIDAYKTFPPTEPKKDKKKKTDEAQPLPQRQKKQPTV
TLLPAADMDD 

0.82 1 0.741 

 

Table 3.11. Predictions on SARS-Cov-1 peptides by EpitopeVec-viral. Data are 

taken from (Grifoni et al., 2020). Max RF is the maximum response frequency for all 

the neutralization assays from which the epitopes were compiled. 

 

Peptide sequence Type Prediction Prediction 
Score 

FSQILPDPSKPSKRSFIEDLLFNK epitope 1 1 0.793 

CNGVEGFNCYFPLQS epitope 1 0 0.008 

VCGPKKSTNLVKNKCVNFNF epitope 1 0 0.037 

ESNKKFLPFQQFGRDIADTT epitope 1 1 0.848 

CASYQTQTNSPRRAR epitope 1 1 0.905 

ANNAAIVLQLPQGTTLPKG epitope 1 1 0.915 

MADSNGTITVEELKKLLEQ epitope 1 1 0.737 

QDGNAAISDYDYYRY epitope 1 1 0.81 

NPVMEPIYDEPTTTTSV epitope 1 1 0.901 

GFLFLTWICLLQFAYANR non-epitope 0 0 1.89E-05 

RGGSQASSRSSSRSRNSS non-epitope 0 0 0.232 

KTQSLLIVNNATNVVIKV non-epitope 0 0 0.0417 

QTSNFRVQPTESIVRFPNIT non-epitope 0 0 0.487 

MFVFLVLLPLVSSQCVNL non-epitope 0 0 0.002 

 FNGIGVTQNVLYENQKLIAN non-epitope 0 0 0.051 

FVSGNCDVVIGIVNNTVY non-epitope 0 0 0.104 

WLGFIAGLIAIVMVTIML non-epitope 0 0 0.117 

FSTFKCYGVSPTKLNDLCFT non-epitope 0 0 0.02 

MYSFVSEETGTLIVNSVL non-epitope 0 0 0.084 

 

Table 3.12. Predictions on SARS-Cov-2 peptides by EpitopeVec-viral. Data for the 

peptide sequences was compiled from the IEDB, based on the same method as 

described in Grifoni et al., 2020. 
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Chapter 4 

 

Conclusion and Outlook 

 

In this dissertation, I have described computational methods that can be used in 

immunology for the development of new vaccines against infectious pathogens. 

Firstly, I created a pipeline for the quantitative analysis of HCV neutralization data and 

developed a method to create neutralization maps from that data. This neutralization 

cartography allows us to understand the relationships between neutralizing polyclonal 

sera and different viral strains, which in turn allows one to select a reference viral 

screening panel for identifying antibodies with broadly neutralizing abilities against the 

entire HCV neutralization space. Secondly, I extensively benchmarked several 

previously published methods for linear BCE prediction on multiple datasets from 

different databases and developed a novel computational method to predict linear 

BCEs, which has better performance than the state-of-the-art methods. I also 

developed a method specifically for predicting linear viral BCEs. 

 

 

4.1 HCV Neutralization Maps 

 

In this project, I have aimed to establish a method for selecting a reference-screening 

panel for the characterisation of HCV-specific antibodies. To this end, I analysed 

neutralization data of 13 reference viral strains against pIgs from 104 chronically 

infected patients and created a method for automated selection of reference viruses 

for the screening panel. The method can be used for a balanced and comparative 

quantification of human HCV antibody responses for their breadth and potency. It also 

allows us to identify the elite neutralizers and select patients that mount the strongest 

antibody responses against HCV. 



  105 
 

 

Characterization of HCV neutralization data: I was provided with the neutralization 

data of 13 viral strains against 104 pIgs. The initial 13-virus panel consists of HCVcc 

reporter viruses encompassing 13 strains and they represent five of seven GTs and 

nine independent subtypes. Although these 13 strains do not cover the entire genetic 

diversity of globally sampled HCV, they do encompass a large portion of HCV genetic 

diversity. There were vast differences observed in the neutralization ability of the 

patient pIgs and the neutralization susceptibility of the viruses. When all of the 13 

viruses were rank-ordered according to their average neutralization sensitivity to the 

104 pIgs, it showed that the panel encompasses a broad and evenly distributed 

spectrum of neutralization susceptibility.  

I did not observe a correlation between the average neutralization susceptibility (to the 

pIgs) of the virus and its infectivity, which rules out the possibility that viruses with 

higher infectivity will be difficult to neutralize and vice-versa. This was not the case for 

a previously established HCVpp panel (Urbanowicz et al., 2016). In addition, the pIg 

binding strength to E1-E2 proteins from cell extracts did not correlate with virus 

neutralization, which indicates that some other factors such as the site of antibody 

binding on the antigenic protein determine neutralization efficiency. It is also possible 

that non-neutralizing antibodies are present in the polyclonal sera and therefore strong 

binding with a non-neutralizing antibody does not neutralize the virus and causes this 

discrepancy (Keck et al., 2018). There are conflicting reports (Kinchen & Bailey, 2018) 

as to whether the genotype of infecting virus skews heterologous neutralization 

towards more efficient neutralization of test viruses of the cognate genotype, i.e. 

antibodies derived from patients infected with GT1 viruses are more effective against 

GT1 viral strains in comparison to viral strains from other genotypes and so on. 

Therefore, I investigated whether pIg from patients infected with GT1 or GT2 virus 

patients neutralized the test viruses of these GTs in preference to the other remaining 

GTs. This was the case for the GT1-derived pIgs but not for the GT2-derived pIgs. The 

reason for these differences between the GT1 and GT2 samples is not known. One 

possible reason for this observation could be the selection of strains in our virus panel, 

as a large proportion of the 13-virus panel are GT2 strains (7 out of 13). 

 

Neutralization Map and selecting 6-virus screening panel: I used metric MDS 

scaling to create neutralization maps for the HCV neutralization data. This 
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neutralization cartography projects the neutralization data of virus-patient 

immunoglobulin pairs into a two-dimensional map, which allows us to discern 

functional differences between viruses based on their ease of neutralization by the 

patient-derived antibodies. On the neutralization map, I observed a tighter clustering 

of pIg derived from GT1-infected patients in comparison to pIg derived from patients 

infected with other GTs (non-GT1). When I looked at the average distance of pIg 

specimens to the centroid of their cognate genotype on the map (i.e., the distance of 

GT1-derived pIg sample to the centroid of GT1-derived pIg cluster, and so on), it was 

much smaller for GT1-derived samples compared to other GTs. This difference (tighter 

clustering of GT1-derived pIgs compared to other genotypes) indicates that pIgs from 

GT1 patients are more closely related to each other than those from other genotypes. 

The reason for this is not known, but it could be because of a strong bias towards GT2 

strains in our 13-virus panel.  

The 13 viruses on the neutralization map were clustered into six different neutralization 

clusters, which represent distinct viral biotypes with regard to their interplay with pIg 

from HCV-infected patients. In the neutralization clusters, viruses from different GTs 

clustered together and thus reaffirming the fact that functional clustering for HCV 

differs substantially from genetic clustering (Bankwitz et al., 2021; Carlsen et al., 2014; 

Osburn et al., 2014; Urbanowicz et al., 2016). The clustering analysis enabled us to 

reduce our reference virus panel of 13 viruses to a much more compact screening 

system of a 6-virus panel, in which, each single reference virus represents each of the 

six-neutralization clusters. The results obtained with our analysis based on the 6-virus 

panel were congruent to the same analysis based on the 13-virus panel. Additionally, 

our collaborators demonstrated that a large screening of 392 pIg specimens with the 

6-virus panel readily identified elite neutralizers and these identified elite neutralizers 

efficiently cross-neutralized a broad spectrum of strains (including strains not in the 6-

virus panel). Notably, when one looks at the neutralization map of the complete 

dataset including all 496 (392 + 104) patient-derived pIgs against the reduced 6-virus 

panel, the unusually dense clustering of GT1-derived pIg samples was not observable 

anymore. Furthermore, MDS analysis of neutralization data from 104 pIgs and only 

the 6-reference viruses increased the average centroid distance of GT1 samples to 

match that of the other GTs. Although both the large 13-virus panel and the compact 

6-virus panel produce congruent results, it is possible that the 6-virus panel may show 

HCV cross-neutralization in an even more balanced manner because the bias towards 
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GT2 strains that is present in the 13-virus panel is not there in the 6-virus panel. 

Moreover, unlike the previously established panels, the six-virus panel is based on the 

functional antigenic properties rather than the genetic relationship of the viruses. 

These findings support the use of this set of six reference viruses as a reliable, 

efficient, and balanced screening panel for scoring HCV neutralization. 

 

Usage: I have established a method for creating neutralization maps from 

neutralization data for HCV and it is available for usage at https://github.com/hzi-

bifo/hcv-mds. The established screening panel should help in the quantitative 

comparison of antibody responses to HCV and could make standardizing HCV 

neutralisation across laboratories much easier. The clustering approach on the MDS-

based neutralization map could be employed in establishing future screening panels 

as it helps in the reduction of the number of strains to be included without 

compromising the scoring ability of the panel. This method can possibly be applied for 

other viruses as well and can be used to select reference viral panels from 

neutralization data of those viruses.  

 

Future Directions: In future, one can incorporate additional neutralization data to 

expand the neutralization map and see if additional neutralization clusters exist. The 

selected reference virus panel can also be expanded to incorporate additional 

representative viruses if new neutralization clusters are found on the neutralization 

map. Additionally, the identification of elite neutralizers opens the possibility for deep 

phenotyping of HCV patients, which will provide insights into the dependence between 

viral genotype and its neutralization phenotype (Steinbrück & McHardy, 2012). Taken 

together, this should help in the development of a prophylactic vaccine that induces 

HCV protective antibodies. 

 

 

  

https://github.com/hzi-bifo/hcv-mds
https://github.com/hzi-bifo/hcv-mds


  108 
 

4.2 Linear Epitope Prediction 

 

I have created a new method for predicting linear BCEs that makes use of an SVM-

based machine-learning framework for predicting linear BCEs that makes use of 

amino acid composition based features, modified antigenicity scales (AAT), and 

context-independent protein embeddings (ProtVec). I also benchmarked my 

EpitopeVec method and several previously published linear BCE prediction methods 

extensively on several datasets. 

 

Comprehensive benchmarking: I performed a comprehensive benchmarking of the 

different linear BCE prediction methods on the existing BCE datasets. In their original 

publications, these methods were trained and tested on several different datasets and 

reported their performance using different metrics. Due to the lack of standardized test 

sets and differing metrics, it is difficult to compare the accuracy of these methods.  This 

benchmarking allowed us to get a better assessment of several BCE prediction 

methods as it provides a meaningful comparison of previously existing methods in the 

literature by following the established ML practices and reporting their performance on 

the same test sets. In my benchmarking, I tried to include all the relevant publicly 

accessible methods for linear BCE prediction, including methods that had not been 

previously tested across all the included test datasets. The performance of the most 

benchmarked methods dropped substantially on testing on datasets compiled from 

databases different from their own training dataset source. The performance of most 

IEDB-trained methods dropped substantially when testing on Bcipep-derived datasets 

and vice-versa. Many of the methods had a performance close to random on multiple 

datasets and this raises questions on the generalizability of these methods. Of the per-

residue methods, the performance of EpiDope and BepiPred 2.0 was also close to 

random on many datasets. However, among the per-residue based methods, although 

the overall performance was still low, BepiPred achieved better accuracy, which may 

explain why it is still extensively used (Raoufi et al., 2020). 
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Performance of the EpitopeVec method: I trained our method on three different 

datasets (BCPreds, LBTOPE, and iBCE-EL). The fivefold cross-validation 

performance of EpitopeVec(BCPreds) and EpitopeVec(LBTope) models on their 

training sets was better in comparison to their respective original methods (BCPreds 

and LBTOPE). The EpitopeVec(iBCE-EL) model had a slightly lower performance in 

terms of accuracy (ROC_AUC for EpitopeVec(iBCE-EL) was still marginally higher) 

compared to the iBCE-EL method in the five-fold cross-validation on the iBCE-EL 

training set and independent testing on the iBCE-EL independent set. I believe that 

this is because the original iBCE-EL method is an ensemble method using multiple ML 

algorithms. Overall, the EpitopeVec model showed better performance in cross-

validation, demonstrating that this method is superior to the state-of-the-art 

approaches in predicting linear BCEs.  

 

Cross-testing and generalizability: In cross-testing on datasets different than the 

training sets, the performance of our three models (EpitopeVec(BCPreds), 

EpitopeVec(LBTope), and EpitopeVec(iBCE-EL)) were not only better than the 

performances of the original methods (BCPreds, LBTope, and iBCE-EL) but also than 

those of the recent methods (DLBEpitope, BepiPred2.0, and EpiDope) that I 

benchmarked. When testing on the pooled/pooled-reduced test sets, the performance 

of EpitopeVec was also better than that of other methods, which shows a better 

generalization ability. The EpitopeVec(iBCE-EL) model had the best performance on 

the pooled dataset and is recommended for making a general prediction. However, I 

also observed that in cross-testing, the performance of most methods dropped 

substantially in comparison to their cross-validation performance, a known problem 

(caused due to overtraining on the training set) to machine learning approaches (Ng, 

1997). I believe that the reduced accuracy (observed for all of the methods) in cross-

testing is partly because of fundamental differences in the training and testing datasets 

and not necessarily due to deficiency in machine learning approaches or training 

features of our method. Overall, EpitopeVec has better generalization ability than the 

other methods and the performance of my method was still better than the state-of-

the-art methods when trained on one dataset and then cross-tested on another 

dataset. This shows that our selection of feature sets for our ML model is superior to 
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previously published methods, while the generalizability indeed is rather limited by the 

training data.  

 

Performance of EpitopeVec-viral model: It is extremely difficult to create a general-

purpose predictor for BCE prediction. The relatively reduced performance of all 

methods in cross-testing indicates that the composition of residues in the peptides of 

these datasets differs substantially. It is possible that the properties which distinguish 

epitopic and non-epitopic peptides are specific to the source of the antigenic species 

(for example viral, bacterial, or fungal antigens), as discussed previously (Gupta et al., 

2013; Kozlova et al., 2018; Luštrek et al., 2013) and thus creating a general-purpose 

classifier that performs equally well on any antigen type is difficult. In order to partially 

overcome the difficulties in creating a general-purpose linear BCE predictor, it is 

recommended to create an accurate, specialized predictor for specific antigenic types 

(Bahai et al., 2021; Gupta et al., 2013; Kozlova et al., 2018; Soria-Guerra et al., 2015). 

I trained a linear viral BCE predictor (EpitopeVec-viral) on a viral dataset separately in 

favour of this conclusion. Upon cross-testing on the BCPreds dataset, EpitopeVec-

viral performed substantially better on viral peptides than on bacterial and eukaryotic 

peptides. 

 

Usage: Although almost 90% of BCEs are conformational in nature (Barlow et al., 

1986), linear BCEs are still widely used for profiling antibody signatures (Noya et al., 

2005) (Noya et al., 2005), epitope mapping (Ahmad et al., 2016), peptide microarray-

based experiments (Dudek et al., 2010; Potocnakova et al., 2016) and other fields in 

immunology (Hancock & O’Reilly, 2005). Additionally, several of the previously 

available methods for predicting linear BCEs have already been used for designing 

peptide-based vaccines (H. Z. Chen et al., 2020; María et al., 2017; Nezafat et al., 

2017; Soria-Guerra et al., 2015). To overcome limitations of a generalized predictor in 

applications as such, I proposed and proved that predictors dedicated to specific 

antigen types such as EpitopeVec-viral (for viral antigens) are able to successfully 

identify experimentally validated epitopes. EpitopeVec-viral was successful in 

identifying SARS-CoV-1 and SARS-CoV-2 epitopes, which demonstrates its practical 
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viability.  Thus, the EpitopeVec-viral model can be used on viral proteins and aid in 

designing new peptide-based vaccines (Grifoni et al., 2020; Malonis et al., 2020; Vakili 

et al., 2020). I believe that the improvement of computational linear BCE prediction will 

benefit the research community immensely, especially with pre-trained general and 

viral classifiers. The method is available at https://github.com/hzi-bifo/epitope-

prediction. 

 

Future directions: A major challenge for the computational prediction of epitopes is 

the reliability of the training data (Rahman et al., 2016). I relied on datasets that were 

compiled from the IEDB and Bcipep databases. However, the negative (non-epitope) 

samples in these datasets are not always reliable (Backert & Kohlbacher, 2015).  Most 

of the Bcipep-derived datasets take a random sub-sample of peptides from 

SWISSPROT as their negative samples (J. Chen et al., 2007b; El-Manzalawy et al., 

2008; Saha & Raghava, 2006). In some datasets, they have taken the region from the 

antigen sequence not reported as epitope (in neutralization experiments) to be non-

epitope. However, since the available experimental data is not necessarily complete, 

some of these non-epitopic residues might be epitope residues that bind to different 

antibodies. More recent IEDB-derived datasets take experimentally verified non-

epitopes as their negative samples (Collatz et al., 2020b; Galanis et al., 2021; 

Jespersen et al., 2017; T. Liu et al., 2020; Singh et al., 2013). The peptides in these 

databases are compiled from neutralization experiments, but these neutralization 

experiments only test the peptides against a chosen set of antibodies and it may very 

well be the case that the peptides reported as non-epitopes bind to some other 

antibodies not included in the experiments (Vita et al., 2009). These incorrectly 

labelled negative samples in the training data lead to an increase in the false-negative 

rate of the predictive model and therefore subsequently lower the reported prediction 

performances. On constructing the viral dataset, I also observed that there was a 

substantial overlap (~4000 peptides in the viral dataset) in the positive and the 

negative set of IEDB, with exactly similar (100% homologous) peptides occurring in 

both sets. This means that sometimes the positive samples are not reliable as well 

and when compiling datasets from the IEDB, such dubious peptides should be 

removed from both the positive and negative sets before training. It is recommended 

that for future development of computational BCE prediction, experimentally well-
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characterized and non-redundant datasets should be compiled and standardized for 

the training and evaluation of BCE predictive models. 
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