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Abstract

Accurate and efficient prediction of antigenic epitopesesgential for the medical applications and
immunologic research. The prediction of antigenic epitopee challenging as compared to other
bio-informatics issues. Because antigenic epitopes harg/mariabilities where an paratope which
is a part of antibody binds to a given epitope with high accuralthough, continuous efforts are
invested in this field for the improvement but the problentiisiansolved and attracts attention of the
researchers. To improve the results of antigenic epitopedigiion, an adaptive system needs to be
constructed by using machine learning techniques.

The pathogen or invader which is identifiable as a foreigrstwuize by the adaptive immune
system that is known as antigen. Normally, antigens arettbetaral proteins which include portion
of bacterium cell membranes and spike proteins of virus@#ofes are the part of antigens which
bind to the helper T-cells, Cytotoxic T-lymphocytes, Bisgantibodies and antigenic molecule based
upon the type of antigen. Therefore, to predict antigenitopps, analyze and predict diseases, to
group similar genetic elements, and to find relationshipassiociations in biological data, machine
learning techniques can be used to improve the results &f e of problems. There are many
studies exist to predict antigenic epitopes. But theseetutave some limitations including use of
single model, fixed length of epitopes, lack of data prepssicey and fixed data partitioning approach
to train the models. Because of such issues, the trainedImueor may not produce a reliable
and efficient prediction. Single model can be replaced wigheénsemble model to predict antigenic
epitopes.

Ensemble learning is a process of combining more than onehtmdolve a given computational
intelligence problem. Generally, it is used to enhance tiegliptability as well as to improve the
robustness of a model. Identification of T-cell or B-celltepes in the targeted antigen is the
main goal in designing epitopes based vaccine, immuneadg® tests and antibody production.
Therefore, three ensemble models have been developeddictdggs and IgA antibodies antigenic
epitopes, mycobacterium tuberculosis (M. tuberculoggppes and B-cell epitopes.

A multilevel ensemble model has been proposed for the prediof epitopes inducing 1IgG and
IgA antibodies. Epitope length is important while trainithg model and it is efficient to use variable

length of epitopes. In this ensemble approach, seven diftenachine learning models are combined



to predict variable length of epitopes (4 to 50-mers).

To predict T-cell M. tuberculosis epitopes, an ensembleehbds been developed. The existing
NetMHC 2.2, NetMHC 2.3, NetMHC 3.0 and NetMHC 4.0 etc estieainding capacity of peptide.
This is still a challenge for those servers to predict whethgiven peptide is M.tuberculosis epitope
or non-epitope. One of the servers, CTLpred works in thisg@ty but it is limited to peptide length
of 9-mers. Therefore, a direct method of predicting M. tehérsis epitope or non-epitope has been
proposed which also overcomes the limitations of abovesservhe proposed method is able to work
with variable length epitopes having size even greater $harers. The proposed ensemble model is
designed by combining three models and is used to prediatidérculosis epitopes of variable length
(7 to 40 mers).

The third hybrid model has been designed by using stackesergleration ensemble technique for
prediction of linear B-cell epitopes. The goal of using ketgeneralization ensemble approach is to
refine predictions of base classifiers and to get rid of thesavpredictions. In this ensemble model,
six machine learning models are fused to predict varialmigtieepitopes (6 to 49 mers).

The three proposed ensemble models contain different madbdarning models. In the training
process, other models are also trained on these datasetsned@bthe objective of ensembling,
i. e. combine weak models to improve their performance, thashave selected the weak and
strong models. The models whose performance is poor caesides weak models. On the other
hand, strong models are ones which produce accurate poedictWe ensemble these models to
get improved and robust results. In the ensembling protcasse are multiple trained weak and
strong models. There are various combinations to get pegpessemble model. The best performer
combination is selected as the final ensemble model for ttigeanic epitopes prediction.

A data division approach has been proposed in which dataoMided to each model in such
a way that they can properly learn it. This approach enhatieepredictability of the proposed
model. For feature selection, different approaches ard.usd the proposed models are efficient
to predict variable length of epitopes. To check the coesist of proposed ensemble models’
prediction, repeated k-fold cross validation has beenoperéd. Each proposed ensemble model
has been evaluated via evaluation parameters like Gird,larder the curve, accuracy, sensitivity and
specificity. To check the improvement in the results, preplarnodels are compared with the existing

systems.
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Chapter 1

Introduction

In this Chapter, the background of research, problem sttgmesearch gaps and objectives are
described. This Chapter introduces the human immune systei@te immune response, adaptive
immune response, antigen recognition, Cytotoxic T-lyngyte, Helper T-lymphocyte and B-cell.
The definition of machine learning, categorization of maehliearning which includes supervised
learning, unsupervised learning, semi-supervised legr@nd reinforcement learning are also
described. The introduction to ensemble machine learniagpus type of ensembling, need of
ensemble machine learning and detailed description of feadeich are used in the prediction of

antigenic epitopes are also presented.

1.1 Background

The antigen-determinamtke. epitope is the portion of an antigen which is identified by tiuenan
immune system, especially by B-cells or cytotoxic T-cdRecognition of the epitopes is an important
step in the development of vaccine, immunodiagnostic tasts antibody production because an
epitope plays an essential role in the activation of the imensystem.

Traditionally, epitopes are recognised by synthesizitigdngth peptides and then immunological
observations are performed. Without computer interfezeiologists identify epitopes by doing
experiments in the wet labs. While doing experiments, traeho test all the peptides individually
to get the epitopes. This makes their task tedious in terreats, cost and time. To make biologist’s
task easy, an accurate statistical model is required wtaohctassify whether a given peptide is an
epitope or a non-epitope.

Currently, one of the effective approaches for the epitapdiption is machine learning approach.
It is an application of artificial intelligence which faddites the system to learn automatically.
Machine learning technique is beneficial because it fatdi the computer to understands the hidden

patterns within the dataset and produces predictions amtkieown data without human interference.



Therefore, with the help of machine learning techniqueg thdse samples which are filtered by these
techniques are used in the wet labs for further analysisitilexperiments, peptide based vaccines,
epitope based antibodies and diagnostic tools.

In immunologic research and biological applications, acugate prediction model for antigenic
epitopes are required but it is still a problem in bioinfotios. Accurate functioning of the human
immune system depends upon humoral and cellular immunemssbecause they assist or activate
each other depending upon the existence of foreign agentis, there are various techniques to

predict B-cell and T-cell epitopes which minimizes the csti human efforts.

1.2 Problem Statement

Accurate and efficient prediction of antigenic epitopesessential for the medical applications and
immunologic research. The prediction of antigenic epitopee challenging as compared to other
bio-informatics issues. Because antigenic epitopes hare/mariabilities where an paratope which
is a part of antibody binds to a given epitope with high accyraAlthough, continuous efforts are
invested in this field for the improvement but the problentiisinsolved and attracts attention of the
researchers. To improve the results of antigenic epitopedigiion, an adaptive system needs to be
constructed by using machine learning techniques.

Machine learning is an application of artificial intelliggnwhich facilitates the system to learn
automatically and correct from experiences without any &mimterference. It focuses on designing
a computer program which can use data and learn from it. Aad,ttrained models are used to
predict the unknown data. The pathogen or invader whicheastiflable as a foreign substance by
the adaptive immune system that is known as antigen. Noynaadtigens are the structural proteins
which includes portion of bacterium cell membranes andespifoteins of viruses. Epitopes are the
part of antigens which bind to the helper T-cells, Cytotokitymphocytes, B-cells, antibodies and
antigenic molecule based upon the type of antigen.

Therefore, to predict antigenic epitopes, analyze andigredseases, to group similar genetic
elements, and to find relationships or associations in gio& data, machine learning techniques
can be used to improve the results of such type of problemareldére many studies exist to predict
antigenic epitopes. But these studies have some limimtiociuding use of single model, fixed

length of epitopes, lack of data preprocessing and fixedmiatéaioning approach to train the models.



Because of such issues, the trained model may or may not @eadreliable and efficient prediction.
Single model can be replaced with the ensemble model togiradtiigenic epitopes.

Ensemble learning is a process of combining more than onehtmdolve a given computational
intelligence problem. Generally, it is used to enhance tieeliptability as well as to improve the
robustness of a model. The ensemble approach is used bat#@isapable of boosting the weak
learners. The ensemble approach uses divide and conquleodnietwhich a complex problem is
divided into multiple chunks that are easy to analyse angesdihis approach has advantage that the
ensemble model can adapt any diversity in the data moreatlyrigss compared to single model. It
suggests that the ensemble approach is more efficient teainfle model.

Therefore, three ensemble models have been developeddictpaatigenic epitopes. A data
division approach has been proposed in which data is prdt@each model in such a way that they
can properly learn it. This approach enhances the predityadf the proposed model. For feature
selection, different approaches are used. All the proposedels are efficient to predict variable
length of epitopes. The proposed models produce improvedigitons as compared to existing

models.

1.3 Research Gaps and Research Objective

Prediction of antigenic epitopes are essential becausafiblenation of peptide’s epitopes has an
important role in production of epitope-based vaccinetipadies and diagnosis. These are injected
into the recipient to induce immune response. Hence, afiesestive review, this section presents

the various research gaps and the research objectives.

1.3.1 Research Gaps

1. Inthe literature, SVM, RF, NN are mostly used. To get difeqpredictions, more models need

to be explored for the epitope prediction [1-5].

2. Itis essential to select those features in the data whechhast relevant to the problem domain,
this process is known as feature selection. It's main pwpesto reduce the complexity
of the dataset. Random forest has in-built property to selacmportant feature. Instead

of RF, there are multiple techniques need to be analyzedRikeGini, correlation matrix



filters, principal component analysis (PCA). Moreover, npapers surveyed lack the feature

importance module itself.

3. In most of the papers, K-fold cross-validation has bead$-5]. But, there are many more
validation types which can be used to check the robustneizeaiodel like re-substitution

validation, hold-out validation, leave-one-out validatiand repeated k-fold cross validation.

4. When an antibody binds to an invader antigen, it attachistiae portion of that antigen rather
than the whole full-length antigen protein. A regular fldikgth protein sequence actually
contains many different epitopes against which antibodasbind. Thus, selecting variable

length epitope is an important approach for efficient prigaiic

1.3.2 Objectives

The following objectives are set for the research proposal:
1. To study and review existing machine learning technigqagsedict Antigenic Epitopes.

2. To propose an ensemble machine learning framework thediqgis Antigenic Epitopes

efficiently using physicochemical properties.

3. To test the proposed framework using various paramekersdtal time, accuracy, area under

the curve.

4. To validate the performance of proposed framework by @inmg with the existing schemes.

1.4 Human Immune System

The human immune system is mechanism of biological compgsnemnich defends the organism from
foreign invaders. It is capable of detecting different mes such as fungi, bacteria, virus and other
toxic agents. The defense system consists of various tyfpeslle and all of them have different
functions to perform.

The immune system is categorised into two parts which aratenimmune system and adaptive
immune system. The humans are defended by layered lineswidiira system. The first defense line

is innate immune system which comprises of physical bouesldike protein, skin and variety of



the white blood cells. If a pathogen ruptures the innate imensystem then second line of defense
i.e. adaptive immune system deals with it. Response rate of @daptmune system is slower as
compared to innate immune system. But the response of adaptmune system is more focused
and efficient. The system has immunological memory whichifates the adaptive immune system
to respond fast and more effectively when it recognises éimeespathogen [6]. These two defense
lines do the functions differently but interact with eacheatto defend the human body. For instance,
some components of the adaptive immune system can triggessat the innate immune system and
vice versa. Figure 1.1 describes the human immune systeamitwitlassification.

The immune system has ability to differentiate the self ama-self which is important to defend
the human body from foreign pathogens. The another feafuirarmaune system to protect human
body is to find the defected cells which can be infectious kg ¢hncer cells and the viruses.
Sometimes, the immune system loses it's feature to diffextenthe self and non-self. In this case, it

kills normal cells which results in the autoimmune disedggs

Immune System
l Innate Immunity ] [ Adaptive Innmnunity

— Physical Barriers [ Humoral Immunity ] B-cell,
Antibody

+—— Proteins

L » White blood cells —D[ Cellular Immunity ]—b T-cell

Figure 1.1: Pictorial view of human immune system

The human immune system is further divided into two subsystevhich work directly or
indirectly with each other to deal with the pathogen. The subsystems are innate immune system

and adaptive immune system which are described in the upcpseiction.

1.4.1 Innate Immune System

The innate immunity is available in the humans as well asypk$ of plants and animals. Itis a first
defense line against the foreign invaders [6]. It identified reacts to the invaders in a non-specific
or generic manner. It means that every time the responseésrat@stant while treating the invaders.

This first defense line reacts rapidly against the infectidrne main difference between the innate and



adaptive immunity is that there is no enhancement and lamg peotection by the innate immunity
[8].

The innate immune system consists of humoral componengpiancal barriers and cellular
components. Anatomical barriers includes protectionesysh gastrointestinal pathways, skin, eyes
and respiratory pathways. If the invader raptures thesgebsithen acute inflammation which is an
another mechanism of innate immunity deals with it. Humemahponents work simultaneously in
the inflammation. Such components are present in the serfonmoulate in the infectious places.

The innate immunity has its main humoral componeat complement system. This system
has the number of chemical reactions which boosts the déagaifiphagocytic cells and antibodies
to discard the invaders. There are small proteins in the tammgnt system which resides in the
blood circulation [9]. Other humoral components except pament system include transferrin,
lactoferrin, lysozyme, Interleukin-1 and interferon. Allese components play an important role in
the innate immune system [9]. Leukocytes are the part otileelicomponents which are the one
of the types of white blood cells. Leukocytes are not spedilfiaelated to any tissue or organ and
are different from all of the body cells. Like, single cellganism, leukocytes are self-sufficient
and also capable to move easily in the body. They have thecitppga discard the invaders and
capture the foreign fragments which they collected fromlibdy including the lymphatic system
and blood [10]. Leukocytes contain mast cells, naturakkitlells (NK), basophils, phagocytic and
eosinophils cells. Macrophages, dendritic and neutrepalls come under phagocytic cells. These
cells do the phagocytosis process which is used to kill thedars. During this process, invaders are
engulfed by the cell membrane to form an internal phagosoftferwards, phagosome combines

with either granule or a lysosome to break out the invadetk [1

1.4.2 Adaptive Immune System

The adaptive or acquired immunity is able to identify paitée types of invaders and also has the
ability to memorize the invaders for the faster future resm@s. It means that the adaptive immune
system doesn’t work adequately when it finds the invadendifing. Its first response rate is slow and

requires upto three weeks to heal the infection. The expegi&om the first response is used to create
the memory for a particular type of invader. When the immuystesn recognizes the same invader

again in the body, then it's secondary reaction towardsritader will be faster and more effective.



The secondary reaction of the system is fast enough to dislcainvader before it causes any serious
harm to the body. This feature of adaptive immunity to memewithe invader.e. immunogenic
memory helps the immune system to provide long time praiadb the body.

The adaptive immune system consists of lymphocytes whiehaapecific type of white blood
cells. Like leukocytes, lymphocytes also can travel in th®le body through lymph system and the
blood. The main lymphocytes in the adaptive immunity areeBscand T-cells which are generated
by stem cells in the bone marrow [9]. The T-cells are furtheided in two parts which are cytotoxic
T-lymphocyte (CTL) and helper T-lymphocyte (Th). Antigegtognition is done by the B-cell, CTL

and Th cells to identify the invaders and are explained irufi®ming section.

1.4.2.1 Antigen Recognition

The pathogen or invader which is identified as a foreign suast by the adaptive immune system is
known as antigen. Normally, antigens are the structurakpre which include portion of bacterium
cell membranes and spike proteins of viruses.

Antigenic molecules are huge biological polymers. Varisugace and molecular attributes are
introduced by these polymers. Such attributes are usedeasitéds of interaction between Th cells,
CTLs, B-cells, antibodies and antigenic molecule. Theinigdites are known as epitopes. Generally,
a single antigen has various epitopes which are identifietiégpecific antibodies. Mostly, Th cells
and T-cell receptors (TCRs) identify epitopes on the s@rfafcantigen-presenting cells (APCs). On
the other hand, B-cell receptors (BCRs) identify epitopeshie extracellular fluid [6, 12]. These
APCs include dendritic cells and macrophages which abswdder or pathogen by phagocytosis
and break out the antigen into short peptides. A few of thestigles are epitopes. Such epitopes
are transited to the APCs’ membrane and facilitated to thell& by using major histocompatibility
complex (MHCs) molecules. MHCs are categorized in threelsisbes including class I, Il and 111
MHC genes are extremely polymorphic and have various typdBlC class | discovers on each
nucleated cells and shows epitopes to CTLs. MHC class Il slepitopes to Th cells and generally,
available on the APCs which include B-cells, dendritic e®ltl macrophages. MHC is also known as

human leukocyte antigen (HLA) [13] in humans.



1.4.2.2 Cytotoxic T-lymphocyte

The CTLs have authority to discard the virus infected cellgweaders to stop the infection process.
Further, CTLs also have the ability to discover and kill aancells as well as dysfunctional cells.
Antigen presentation on MHC | activates the CTLs and then £rEleases cytotoxins to create pores
on the membrane of targeted cell. The pores allow water argtmenter into the infected cell which
cause cell lysis.

Furthermore, CTLs emit serine proteases named granzynflesvto the cells through pores and
activate apoptosis process which is programmed cell d&thMost of the CTLs are expired after
removing the infection but some of them survive to become orgroells. When the same antigen

again encounters in the body, then the response rate widldterfbecause of such memory cells.

1.4.2.3 Helper T-lymphocyte

In the adaptive immune response, Th cells plays an importdet However, Th cells don’'t have
the ability of phagocytic or cytotoxic. They act as internadrs to manage all other responses of
the immune system. Antigen presentation on MHC Il activaitesTh cells to identify epitopes.
After activation, they transmit signals in the form of cyiiodés which trigger other cells including
macrophages, B-cell and CTLs [9]. The Th cells are subdd/ideo two groups including Thl and
Th2. Th1l cells emit Interferon-y for the activation of the bactericidal features of macrq@sand
the opsonizing of complement fixing antibodies on B-cells2 Tells emit interleukin 4, 5, 6, 10, and
13 to stimulate antibody generation process of B-cells.

Antibody is the fundamental component of humoral immuneesys Usually, Thl responses are
efficient to fight against invaders which are within the ceks intracellular invaders. On the other
hand, Th2 responses are efficient for extracellular imn&dach as helminths and toxins [9]. Like
CTLs, some of the Th cells will be expired after removing thiection but few of them survive to

become memory cells.

1.4.2.4 B-cell

B-cells are essential in the antibody production becausg éine the main components of humoral
immune system. The antibody can be referred as immunogiofdg). Antibodies are represented as

a Y-shaped protein shown in Figure 1.2. The antibodies ardeti into five groups such as IgA, IgE,
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Figure 1.2: View of antibody as Y-shaped.

IgD, IgM and IgG. All these groups of antibody have their owffiedlent biological features and can
fight against various kinds of antigens [14].

In the immune system, antibodies do functions in three diffe ways. Firstly, it bind with
invaders or pathogens to restrict them from invading orrdgstg the cells. Secondly, invaders
covered with antibody simulate the phagocytosis featuraadrophages. In the Figure 1.2, antibody
has two paratopes which means that the two invaders can Inel bogether. Many antibodies can tied
to group of many cells or parts of invaders. This processshiédlp macrophages to eliminate many
cells or parts of invaders simultaneously. Thirdly, compdat system and other immune responses
are stimulated by antibodies which lead to the completeirétion of the invaders [15].

When B-cells are activated and grow into plasma B-cells tirvéy antibodies can be produced. To
activate B-cells, there are two ways including T-cell degmt and T-cell independent activation. In
T-cell dependent activation, antigen is recognized by AP@sugh MHC Il, then Th2 cells discharge
interleukin 4, 5, 6, 10 and 13 to stimulate B-cells. In T-aetlependent activation, B-cell receptor
gets directly attached to the antigens and then B-cellsadnrsated. The produced plasma B-cells live
in the body for two to three days. Out of these, plasma cellg b@% of them survive as memory
B-cells and remain in the body for long time. When the samigans again encounter in the future,
the memory B-cell will become the plasma b-cells to geneaatdodies [9].

The collective working of immune system’s components de'tie body from infections, viruses
or any other disease. Both the defense linesnnate immunity and adaptive immunity can activate
each other. Further, component of immune system can boost awivities. For instance, Thl and

Th2 cells transmit signal to stimulate macrophages andIB;cespectively.



1.5 Machine Learning

The formal definition of machine learning (ML) is given as:

Tom Mitchell said A computer program is said to learn fronpexence E with respect to some class
of tasks T and performance measure P, if its performancesks ia T, as measured by P, improves
with experience E.”

In machine learning, the role of dataset and the algorithnmsaels are essential. The quantity
and quality of dataset affect the learning process and tedigiron performance of models. The
models are used to identify and learn the properties of d&tadels learn from the examples or
experiences. It means to design a computer program whidiles@ determine the output of a task
by examining the examples. In other words, the process afilegfrom examples makes a model

capable of producing effective predictions.

1.5.1 Categorization of Machine Learning Tasks

The machine learning problems can be typically dividedfato subgroups which include supervised
learning, unsupervised learning, semi-supervised legrand reinforcement learning as shown in

Figure 1.3 and all are explained in the upcoming section.

Artificial Intelligence

Machine Learning

Supervised Unsupervised
Leaming Learning

Semi-supervised
Learning

Reinforcement
Leaming

Figure 1.3: Categorization of machine learning tasks.
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1.5.1.1 Supervised Learning

Supervised learning is a learning which has well labeled tiedt means correct output of the data is
associate with them. This labelled dataset is used to thaimtodels and is represented in Figure 1.4.
The new dataset is provided to this trained model to produedigtions.

Basically, in supervised learning models, the relatiopsdmd dependency between the input
features and the target outputs are analyzed. These leaiagdnships facilitate the model to predict
new data. Commonly used supervised models include dedigensupport vector machine, random

forest and neural networks etc.
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documents, ‘:> ‘:> Model :> Labels
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Figure 1.4: Supervised learning.

1.5.1.2 Unsupervised Learning

Unsupervised learning means train the model with datasehwhnot classified or labeled and allow
the model to analyse it without any guidance and is represantFigure 1.5. In this learning process,
model needs to group shuffled information based upon théiens, similarities and dissimilarities
without knowing any training data in advance. Here, the skttas in unstructured form which

contains unknown data, noisy data and missing values etc.
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Contrary to supervised learning, no instructor is avaédablunsupervised learning which means
the model will not get any labelled training dataset. Thusdeis have to find out the hidden pattern
with in the unlabeled data by its own.

When model finds the hidden pattern in the dataset then itesedusters of them. Once the
clusters are created, new dataset or unknown data is pobtoadbe model to find out its cluster. The
unsupervised models are specifically used in the scenaoerthe human expert has not any prior
knowledge what to find in the data. Commonly used unsupedvisadels include k-means clustering

and association rules.

Trammg — |
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Machine
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Figure 1.5: Unsupervised learning.

1.5.1.3 Semi-supervised Learning

In the above mentioned two types of learning, either whoderitords of dataset are labelled or not
labelled. The semi-supervised learning comes betweemsspd learning (labels in dataset exist)
and unsupervised learning (labels in dataset don’t exasthawn in Figure 1.6. Mostly, it is expensive
to do labelling of each record in the dataset and needs hurpertego do this task. When some of
the records are labelled in the dataset, semi-supervisediihg is the effective approach to build the

models.
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Many researchers have analysed that when unlabeled arnddateta are used together, it can
provide improved learning with less human efforts and castsompare to unsupervised learning and
supervised learning. This learning approach implies thtout knowing the group membership of

unlabeled data, such data has essential information rieggtite group features.
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|

Feature Extraction

Inucing Class More Machipe
Raw == |Distibution [==>| features [ | [Taining Dataset ——> | Leammg
Data Models

Unsupervised Leaming Supervised Learning
I |

Figure 1.6: Semi-supervised learning.

1.5.1.4 Reinforcement Learning

Reinforcement learning algorithm analyses the envirorimegetitively before taking the actions. It
facilitates the machines and software agents to autontigitaiecide the best action to take within a
specific situation. This approach aims at using experiemtash are collected by interacting with
the environment that would maximize the benefits or minintiieeerisk. The agent needs reward as a
feedback to analyse its actions, this process is called@®reement signal as shown in Figure 1.7.
The agent has authority to decide the perfect action to takesipresent state and uses hit and trial
method. The agent has the count of his correct and wrong asswhich is required to reward or
penalize him. The commonly used reinforced algorithms ate2&ning, temporal difference (TD)

and deep adversarial networks.
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Figure 1.7: Reinforcement learning.

1.5.2 Ensemble Machine Learning

Ensemble learning is a process of combining more than oneehtodolve a given computational
intelligence problem. Generally, it is used to enhance tiegliptability as well as to improve the
robustness of a model. The combination of learners creatasemble model, the learners are known
as base learners. The ensemble model is generally much mamgex than these base learners. The
ensemble approach is used because it is capable of bodséingeiak learners [16]. The significant
improvement in the prediction world by the use of ensembler@gch, encourages the researchers
to solve the problems of different fields. There are many nhergfits of ensemble approach which
include effective prediction results, selection of relgvéeatures, combination of data, incremental
learning and correction of errors.

The ensemble approach uses divide and conquer method ih &liomplex problem is divided
into multiple chunks that are easy to analyse and solve. apwsoach has advantage that is the
ensemble model can adapt any diversity in the data moreatlyrees compared to single model [17].
It suggests that the ensemble approach is more efficientiigasingle model [18]. The progress of
ensemble approach depends upon the diversity in the ingiidodel corresponding to misclassified
instances [19].

Polikar [20] stated that there are four ways to attain thigedity. Firstly, train individual
model with different data chunk. Secondly, use differeainting parameters. Thirdly, use different
properties to train the model and finally, combine differgpies of models.

According to Dietterich [21], there are three reasons witchclude that the ensemble model
is efficient than the single model. The first is that the regghimformation to select one correct

hypothesis is not always facilitated by the training data3é&e second is that the weak models are
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not properly trained. The third is that the hypothesis sfsaieg searched might not get the accurate

target function while an ensemble model can produce a gopeanation.

1.5.2.1 Need of Ensemble Machine Learning

The process of ensemble the models, is an effective apptoaathieve highly accurate model by
combining less accurate ones [18]. To solve different gaisl or all the cases of a given problem,
there isn’t one best machine learning model [22]. To imprbeperformance of machine learning
models, many techniques are used which include efficiemirpeessing of the data, collect large
number of features, perform feature selection task to devaat ones, explore different machine
learning models and if results are not desirable, combieeléhs accurate models. In ensemble
model, more than one opinions are there for single instafbes, if one model fails to predict the
correct output, there is chance that the other models griedmrrectly [23].

There are two errors in the trained model including biasrearad variance [16]. Bias error
guantifies that on an average the predicted values are differ the targeted values. High bias
represents that the model is under performing which medmasiimissed some essential trends. On
the other hand, variance is used to quantify that the priedigiroduced on same observation differ
from each other. High variance means model is over fitted atgmduce adverse predictions on
instances except training dataset.

To deal with these errors, ensemble approach is an efficiap{16]. There are three methods to
combine the models which include bagging, boosting ankgjaneralization. The ensemble model
is a meta-algorithm which is combination of different madehd in order to minimize the variance
bagging ensemble approach is used, to minimize the biagibg@nsemble approach is used, or to

enhance the predictions stack generalization approades u

1.5.2.2 Techniques of Ensemble Machine Learning

Ensemble approach is beneficial to enhance the model'srpafiwe. There are three ways to

combine the different models and are explained below:

1. Bagging: Bagging means bootstrap aggregation which is a simple acwkssful method to
ensemble the models. It is used to improve the unstableifitas®n problems. For instance,

weak models like decision tree can fluctuate when any trgipoint changes its position and
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may become a different tree. This ensemble method can besdgplother models as well.
Bagging method is beneficial for the huge and high dimensidatasets. It is introduced by
Leo Breiman [24] to minimize the variance of the model. In ¢pag, outputs of n models
are aggregated which are generated by using N bootstrapsstsown in Figure 1.8. These
sets are generated by using complete dataset via feat@etiseland random method with
replacement. The parallel training of each model is posdibtause the training of each model
is independent. In the end, averaging of outputs is perfdrwigere outputs are produced by

each bootstrap set.
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Figure 1.8: Bagging ensemble method.
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2. Boosting: Boosting is introduced by Schapire [25] which is an ensertdaknique to boost the
performance of weak models and then group into a strong madticilitates the sequential
training of the models. First model is trained on the comgbidtaset while other models get
trained by using training sets. These sets are based upautpet of the previous ones. The
incorrect instances are extracted to increase their weigbt that, these instances have high
chance of appearing in the training dataset which is use@ktymodel. By using this approach,

different models are well trained on different sets of theadehich helps the ensemble model
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to produce enhanced results [26].

3. Stacking Generalization: Stacked generalization is a different approach of combirire
multiple models. It is used to combine different models lieairal network, decision tree etc.
It mainly composed of two levels, where level 0 has base &rarand level 1 has other models
as represented in Figure 1.9. Different models are used well@®which are trained on the
dataset. The predictions of each models are combined ttecerww dataset. Newly generated
dataset has the original values of each instance that ipjscse to predict. This dataset with

original values of instances are used by level 1 models anvgw final output [26].
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Figure 1.9: Stacking generalization ensemble method.

1.6 Machine Learning Models used in this Thesis

The brief detail of models which are used in proposed ensembldels are given below:

1. Decision Tree: Decision tree is one of the supervised learning algorithrhhvis used to
solve the classification problems. It can be used for categjoand continuous input and
output variables. While constructing the decision treedop/n approach is considered. Each

branch node in decision tree shows a preferred attributa ftee given attributes and each
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leaf node shows a decision or output. To select the nodesypgnand information gain are

calculated which are discussed below:

e Entropy: It shows the degree of disorganization in the data. In otlwds; it measures
the randomness in data. If the number of positive and negaistances are equal then
entropy is 1. Otherwise, it is between 0 and 1. For examplelewbssing a coin, the
probability of getting head is 0.5 and probability of gegtitail is also 0.5. Here, entropy
Is high and there is no alternative to find what will be the otitpOn the other hand,
assume heads on both the sides of a coin, now entropy of tand evpredictable and it’s
output is heads. The entropy of this event is zero because ih@o randomness in the

data. 1.1 is used to calculate the entropy:

Entropy = Z —pi xlog, xpi (1.1)

pi is the probability of class i. Calculate it as the proportdrclass i in the set.

e Information Gain: It measures the relative modification in the entropy witlpees to
the input or independent attributes. In other words, it messthe expected decrease in
entropy. It is used to determine the decision node from thergattributes. The best
option to decrease the depth of decision tree is to deletdwttt which has repeated
decrease in entropy. To find the root node from the givenoaities, the information gain
of each attribute is computed. The attribute which has egiméormation gain is used as

the root node. 1.2 is used to calculate the information gb@aoh attribute:

InformationGain = Entropy (EntireSet) — [Average (Entropy (EachSplit))]  (1.2)

2. Averaged Neural Network (avNNet) model: The neural network model has layered structure.
Each layer has number of nodes known as neurons. Bottomdap&ins the number of inputs
or predictors and the top most layer contains the outputependent variable. In between

these two layer, there might be intermediate layers knowmdden layers. AvNNet model is
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the combination of neural networks in which many neural oeks are averaged. The idea
behind combining the neural networks can be related to thdaa forest model which is
obtained by averaging of many decision trees. AvVNNet maadah$ many neural networks on
the same dataset and final output is obtained by averagingrééctions from all the trained
neural networks. The trained neural networks can be diftdrem each other due to random
number seeds which is used to initialize the neural netwoikydraining the models by using
bootstrapping. In classification problems, the class ridiias are averaged to get the final

prediction.

3. Regularized random forest model (RRF): The RRF model implements tree regularization
framework to random forest and can select a compact featses In other words,
regularization limits the depth of the trees to avoid ovenfit. To prune the trees, regularization
is used. If it is not used then the tree will continue to fit efediture (data point) in different
leaf of the tree and this will lead to overfitting. Thus, to galize the tree, a stopping criteria
is required that at which node splitting should be stoppédts Tan be achieved by mentioning
the minimum data points required at each node for splittingother words, if a feature d is
used for splitting in a tree and information gain of featurendl feature m are same, then the
regularization will penalize feature m and will continuetlwthe previously selected feature
d. If the regularization is applied on every tree in the foteen this process will reduce the

number of features in the forest and it will reduce the dinamdity.

4. Random Forest (RF): Random forest generates multiple decision trees and cashirem
to achieve an accurate prediction. It can be used to regress well as for classification
problems. It has almost same hyper-parameters as a detisen While generating trees,
it adds the randomness to the model by growing every dectsgenwith a random subset of
features. While splitting a node, it selects random subltatures and searches for the best
feature from them instead of looking for the most essengialfre. Therefore, a random subset
of features is considered by it to split a node. To produceé firediction, it takes an average of

all the generated decision trees predictions. RF can betassdect important features.

5. Support Vector Machine (SVM): SVM generates the hyperplane which divides the whole data
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into classes. Itis an algorithm that receive data as inpdiagran output a line is produced which
divides these classes. The points close to the hyperplanelfoth the classes are known as
support vectors. After this, distance between this hypeand support vectors are computed
and is called as margin. The main objective of the SVM is to im&e this margin. The
hyperplane is the optimal hyperplane by which margin is més@d. Therefore, SVM creates

a decision boundary in such a way which separates the tweadass far as possible.

. Neural Network (NN): NN works on the basic architecture and behaviour of the hupnaim.
There are neurons in the human brain which process and titathenmformation to each other.
Dendrites are there to receive the inputs and on these iapubutput is produced which is
transmitted to other neuron with the help of axon. In NN, rekacontains artificial neurons
known as nodes which process the information and does apesatNN contains three layers
which includes input layer, hidden layer and output layempuit layer takes huge amount of
input data such as text, audio, image pixels, numbers, ethtidden layer, pattern analysis,
mathematical operations, feature extraction etc are padd on the input data. There can have
more than one hidden layer in the network. The output is geediby the output layer. NN has
many parameters and hyper-parameters which generatestghg.oThese parameters include
biases, number of neurons, weights, learning rate, etcryfhae in a network has weights
with it and transfer function calculates the weighted surthefinputs and also adds bias into it.
These results are act as an input to the activation functimohwwill further decide the nodes
to get fired. The selection of activation function type dejgenpon the required output. Some

of the activation functions are used in the hidden layer autput layer or in both layers.

. Extreme Learning Machine (ELM): ELM model consists of number of hidden neurons where
input weight is given randomly. It uses concept of randorareasl perceptron model to solve
particular type of problem. It can have single or multiplgdes. It is a feed-forward neural
network which means that the data travels only in one way etiges of layers. In ELM, there

is not any requirement of tuning parameters. ELMs are usefdustering, classification and

regression problems.

. Blackboost: Blackboost model creates regression trees as the bas#ietasdt is a boosting

algorithm which optimizes the loss functions by using geatiboosting.
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9. Generalized Additive Models (GAM): GAM is an extension of generalized linear models
(GLMs) [27]. To improve the prediction quality of the depemd variable from different
distributions, is one of the motive of GAM. This is done by appmate the non-parametric
functions of predictor variables where these are linkedhwligpendent variable through link

function.

10. GAMBoost : Generalized additive model is applied by using boosting@ggh which is based
upon the component-wise base classifiers. It is well-sddgethe models with many predictors

which are possibly non-linear.

11. Gradient Boosting Machine (GBM): GBM builds additive model in forward step-wise
procedure by applying gradient descent. It can be used fmsification and regression
problems. The advantage of GBM is its boosting feature winielns that it is used to optimize

a given cost function.

12. GLMBoost : Generalized linear model (GLM) is applied by using a boagtipproach which
based upon component-wise univariate linear models. GLilasextension of general linear
models. Generalization means that rather finding lineatiogiship between dependent and the
independent variables, it facilitates the dependent bbeito be connected with independent

variable via link function.

1.7 Performance Evaluation Parameters

To analyze the performance of the proposed ensemble matisaeh individual model, evaluation
parameters like Gini, accuracy, area under the curve, figgcand sensitivity are used. To get an
optimized result which is based upon the combination oféh®gmluation parameters, TOPSIS a
multiple criteria decision making method has been usecdenegates score by using these evaluation
parameters and rank each model according to this score.islstidy, models are evaluated on all

these parameters which are explained in upcoming section:
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1.7.1 Gini Coefficient

Gini coefficient is measured to calculate inequality in thstribution. It can be derived from

area under curve (AUC) receiver operating characteriglR8C) number. Gini coefficient is a

ratio between area in between the ROC curve and diagonahiidethe area of complete triangle.
ROC curve plot represents two evaluation parameters tbatearsitivity (True Prediction Rate) and
1-specificity (False Positive Rate). Thus, Gini coefficishbws the inequality between these two
evaluation parameters. If the number of negatives is ldalgm there is an issue in the efficiency of
model. Its value lies between 0 and 1. Value 1 means ineguaid value O means equality. For

example, if a model scores Gini value 60% then it is consiasea good model.

Gini=2xAUC—1 (1.3)

1.7.2 AUC

To check the quality of the model, AUC is calculated. Basyc#&UC is the complete 2D area under
the ROC curve which is from (0,0) to (1,1). High AUC value da#pithe good quality of the model.

Its value lies between 0 and 1. The model has AUC value neantedhs its quality is good.

1.7.3 Accuracy

Accuracy (ACC) is a metric to evaluate the machine learninglefs. It is used to determine which
model is correctly learn the patterns and relationshipsvéen features in a dataset based upon
the training dataset. In simple words, It measures the copeedictability of the model. A high
accuracy model doesn’t mean that the model is predictintpalinstances correctly because it can be
misleading. For instance, in class imbalanced problem,@ehay predict the instances of majority
class for all the predictions and scores high accuracy. €fbes, to check the model performance

other parameters should be considered. The accuracy ofdtielns calculated as follows:

_ TP+TN

ACC = TotalData -

100 (1.4)
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1.7.4 Sensitivity

Sensitivity (Sens) or recall has been calculated to chezkrtie prediction rate of proposed ensemble
models. Itis the proportion of actual positives which argectly identified as positives by the model

and is computed as follows:
TP

Sens= ———
TP+FEN

(1.5)

1.7.5 Specificity

Specificity (Spec) is the ability of model to identify negatiresults. It has been calculated to check

the true negative rate of the proposed ensemble models anchiguted as follows:

TN

Spec——
P = INTFP

(1.6)

TN: Non-epitopes are classified as Non-epitopedrue negative,
TP: epitopes are classified as epitopestrue positive,
FP: Non-epitopes are classified as epitaped-alse positive,

FN: epitopes are classified as Non-epitopesFalse negative.

1.7.6  Technique for Order Preference by Similarity to an Idel Solution

Technique for order preference by similarity to an idealisoh (TOPSIS) [28, 29] is one of the
multiple criteria decision making methods. This techniggieseful for decision makers to structure
the problems to be solved, conduct analyses, comparisahsaaking of the alternatives. In other
words, it is used to find out the combined solution which imesl multiple criteria. In this study, a R
package named TOPSIS is used to get optimized result by agalgation parameters. Rather giving
importance to one evaluation parameter, all the evalugtavameters are considered to generate the

TOPSIS score which is used to rank all the individual and psed ensemble models.
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1.8 Thesis Organization

This thesis contributes in the field of antigenic epitopedmigon by designing and implementing
the ensemble models. B-cell, antibody and T-cell are uspdragely to predict antigenic epitopes.
Different ensemble models are proposed for the predictidmsh are explained in Chapter 3, Chapter

4 and Chapter 5. The complete Chapter-wise summary of tisesthverk is given as follows:

Chapter 1 : This Chapter introduces background, problem statemeesgarch gaps and research
objectives. The human immune system, innate immune respadaptive immune response,
antigen recognition, Cytotoxic T-lymphocyte, Helper TAghocyte and B-cell are described in
detail. The definition of machine learning, categorizatddmachine learning which includes
supervised learning, unsupervised learning, semi-sigeztvlearning and reinforcement
learning are described in this Chapter. The introducticgn®emble machine learning, various
type of ensembling, need of ensemble machine learning ameéduirement in prediction of

antigenic epitopes are also presented.

Chapter 2 : It reviews the research work in antigenic epitopes whicHuiees humoral immune
response, immunoglobulins and cellular immune respondeis Chapter also contains the
literature in prediction of antigenic epitopes using maehiearning which comprises of

prediction models for B-cell epitopes, immunoglobuling drcell epitopes.

Chapter 3 : It presents the multilevel ensemble model to predict IgA &@ antibodies. This
Chapter contributes in the prediction of immunoglobuliigA( and 1gG). It describes the
methodology to develop the multilevel ensemble modelpieagxtraction approach and feature
selection technique. The regularized random forest is tsédd out the important features.
The ensemble model is a combination of seven different madearning models and is able
to predict variable length of epitopes (4 to 50-mers). Regaked 0-fold cross validation is
performed to check the consistency of it's predictions. plegposed model is compared with
the IgPred model [30] which is an existing server. It is intpat to predict antibody specific
class to test immune system, find out the infection, recagndf allergy and other ilinesses in

the body.
Chapter 4 : It describes the ensemble model to predict T-cell mycobacte tuberculosis
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(M.tuberculosis) epitopes. Available servers like NetMR2Q@ [31], NetMHC 2.3 [32],
NetMHC 3.0 [33] and NetMHC 4.0 [34] etc predict binding caiyof peptides. Challenge for
the above servers is to classify whether a peptide is a Mreubssis epitope or a non-epitope.
The existing CTLpred [35] server does the classificatiok tag it is bounded to the peptide
length of 9-mers. Thus, these limitations of the serveroaeecame by using proposed model
which is a direct method to predict M. tuberculosis epitopenon-epitope. The proposed
model is capable to predict variable length of epitopeshis €hapter, computational methods
are used to classify T-cell M. tuberculosis epitopes. Thetenportant features are filtered
out by using caret package. The proposed ensemble modebimlairtation of three different
models which is used to predict M. tuberculosis epitopesarsiable length (7 to 40 mers).
The robustness of proposed model is analysed by doing exp&ebld cross validation. This
Chapter also demonstrates the validation and comparis@ropiosed model with existing

Servers.

Chapter 5 : This Chapter explains the improved ensemble predictionahofiantigenic epitopes.
It is desirable to develop a reliable model with significanprovement in prediction models.
To extract the important features, boruta is used. In thigpBdr, a hybrid model has been
proposed by using stacked generalization ensemble tashray prediction of linear B-cell
epitopes. The goal of applying stacked generalizationrableapproach is to refine predictions
of base classifiers and to get rid of the worse predictiong grbposed model is combination
of six different machine learning models and is used to ptediriable length of epitopes
(6 to 49 mers). The trained ensemble model has been testdtedrehchmark dataset and
compared with existing sequential B-cell epitope predittiechniques including APCpred

[36], ABCpred [5], BCpred [37] and AARpreq [38].

Chapter 6 : This Chapter concludes the major findings and prime corttdbs of the thesis and

describes the feasible future research directions.

1.9 Thesis Contribution

In this thesis, ensemble models have been developed tocptbdi antigenic epitopes. The major

contributions of the thesis are mentioned below:
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. Prediction of the antigenic epitopes can be achieved ing & cells and T-cells. In this thesis,
B-cells, antibody IgG and IgA and T-cells are used separdtelthe prediction of antigenic

epitopes.

. The preprocessing of the data which includes data clegndiass balancing, feature extraction

and feature selection is performed.

. The feature selection process is performed by usingrdiifetechniques which includes

regularized random forest, caret and boruta.

. A multilevel ensemble model is combination of seven défeé models and is used to predict

antibodies IgG and IgA epitopes.

. To predict T-cell mycobacterium tuberculosis epito@sensemble model is proposed which
classifies a peptide is an epitope or a non-epitope rathdrqgpirgg its binding capacity. While
training and testing the models, data partitioning is pented in such a way that all the models
are able to access the whole data. Here, the ensemble madabmsbination of three different

models.

. Prediction of B-cell epitopes is done by the proposedmbsemodel which is combination of

six different models.

. The three different ensemble models are efficient to ptediriable and fixed length of

epitopes.

. The existing tools, prediction of antigenic epitopesapehdent upon single model’'s outcome
but in this thesis, three different ensemble models areqa®g. In each ensemble model,
different machine learning models are used. Here, boosdimg) stacked generalization
techniques are used to develop the different ensemble sddelprediction of antigenic

epitopes.
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Chapter 2

Literature Review

This Chapter reviews the research work in antigenic epgophich includes humoral immune
response, immunoglobulins and cellular immune responkes Chapter also contains the literature
in prediction of antigenic epitopes using machine learnugch comprises of prediction models for

B-cell epitopes, immunoglobulins and T-cell epitopes.

2.1 Antigenic Eptiopes

The two major mechanisms of the adaptive immune responsbuaneral and cellular immunity

which are mediated by B-lymphocytes and T-lymphocyteseetyely [39]. These two immune

responses work differently to identify the antigens. B-oceteptor consists of immunoglobulin and
can bind to soluble antigen in a similar way to many well-dedimeceptor-ligand systems.

On the other hand, the antigen receptor of T-cell can comynmantify antigen only in the
association of cell surface molecules encoded by the MHG i§tcalled as MHC restriction which
ensures the activation of T-cell occurs only in an relevafititar situation. Thus, activation of T-cell
for specific antigen results from the creation of ternary ptexwhich includes nominal antigen, TCR
and MHC | or MHC Il molecules [40,41].

The presence of an antigen initiates the activation of B-@ell-cell. Antigens are generally
peptides, proteins or polysaccharides. To create compligyemns, nucleic acids and lipids can attach
to these molecules. An epitope or antigenic determinanpertcular portion of an antigen to which
antibody gets attached. On the other hand, the portion oh@ihaaly which binds to an epitope is
known as paratope and is shown in Figure 2.1. When an antigeokes the antibody response in
the body, it doesn’t attach to the whole protein, but onlyhi® ¢pitope. There is a possibility that an
antigen has more than one epitope with which different axligs will bind. Antigens are categorized
as endogenousse. generated within cells, exogenous. entering from outside, an auto-antigen,

a native antigen or a tumor antigen. The host cells are abidetatify an antigen via antigenic
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specificity, like the bond between paratopes and epitopegrdtect the body, humoral and cellular

immunities of adaptive immune system are required whicldaseribed in the upcoming section.

A

=
/ \

Epitope
Pamatope

Figure 2.1: Representation of epitope and paratope.

2.1.1 B-cell - Humoral Immune Response

Membrane-bound immunoglobulins (mlgs) are the specifieptars by which B-cell epitopes bind
on the surface of B-cells. Such interactions cause to a nuoflevents which stimulate the growth
of the specific B-cell population. Activation of B-cells k#o the generation of antibodies having
similar binding features as those of the B-cell receptdris.known as the humoral immune response
and is shown in Figure 2.2.

Fundamentally, soluble molecule which can bind to migs atemtial B-cell antigen. However,
features defined via B-cell receptors decide the abilityheSe potential B-cell epitopes [42]. On
the B-cell surface, B-cell epitopes can directly interaghwnlgs. There isn’t any requirement of
antigen processing for these interactions. ThereforeglBreceptor can bind to antigen in its native
structure. This is the reason of identifying the discontumiepitopes by the antibodies corresponding
to the native proteins. The discontinuous epitopes areetlepstopes which have amino acids in
non-linear fashion but are near in the folded structure. ibaalies corresponding to the synthetic
peptide antigen or denatured proteins have ability to iflecbntinuous epitopes. But can't identify
the corresponding protein in its native structure.

Antigen which can evoke the B-cell responses are entirdfgrént. It can be lipids, proteins,
carbohydrates or small molecules. It is opposite to thellTeggtopes which are generally small
peptide fragments. The diversity of B-cell antigen makeszhdllenging to predict B-cell epitopes.
When B-cell sends a signal, mlgs bind to antigen which catleactivation of B-cell. The presence
of T-cells is not always required in the activation of B-eellT-dependent or Thymus-dependent

antigens are those antigens which require T-cells to aet®ecells. On the other hand, T-independent
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or Thymus-independent antigens don’t require the T-celistlie stimulation of B-cells. In most
of the cases, antigens are T-dependent and T-independeygremare mostly polymeric molecules
which have repeated epitopes. For instance, thymus indepeéantigens contain microbial products
including polymeric proteins and polysaccharides.

The thymus dependent B-cell antigen, induce humoral responly in the presence of T-cells.
B-cells take many days to respond these antigens, howetibodies produced have a high affinity
and are more versatile in functioning as compared to thymdsgendent activation. On the other
hand, thymus independent B-cell antigens, stimulate B-o& cross linking of surface receptors. In
the absence of T-cells contribution, B-cells don’t do immglobulin gene class diversion and this
results in the generation of IgM antibodies. On the othedh#mnymus dependent B-cell antigens are

generally mature to contain large portion of IgG antibody.

3. Becomes plasma cell

1. Binding to Antigen ﬁ
—

’{"I’{ 2. Chemical signal 4. Releases antibody%
A

Helper T-cell

Figure 2.2: Representation of humoral immune response.

2.1.1.1 Immunoglobulins

The paratope is a part of Ig which binds with the part of amtige. epitope, this process is
known as immunoglobulin antigen interaction. In the saduiokm, Igs are generated in vivo process
against the complete antigens. In this manner, surfacepgstare recognized which describes their
conformational structures and these are non-linear in timegpy sequence of antigens. The benefit
to recognize the portions of antigen independently makesipte for the B-cells to differentiate

between two closely linked antigen. These are consideregt@ag of epitopes. This allows the
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same antibody to attach with the different antigens whickehsame epitopes, it is called as cross
reactivity [43]. The structures of all these Igs are diffar'om each other as represented in Figure

2.3. There are five classes of immunoglobulin and are exgidi@low:

1. IgM: IgM is primary Ig which is generated during development o€dls [43]. The first
response of immune system is the generation of IgMs whiclusually considered to identify
acute exposure to pathogen. IgM antibodies are more polgtiveaas compared to other
isotypes. Thus, this facilitates the IgM-bearing B-celdsréact instantly to the different
antigens. These are also known as natural antibodies leeoéits low affinity property. Some
natural antibodies contribute as a first defense line arw sticipate in immuno-regulation
process. These antibodies may respond to auto-antigenareinfrequently responsible for

auto-immune diseases.

2. IgD: IgD is antibody which is generated in the secreted form aegagsent in blood serum.
It presents in a small amount. This consists of two heavynshaf class delta and two light
chains. IgD antibodies participate in the immune respoyseassing signal for the activation

of B-cells. These activated B-cells are then ready to pgpgte in the defense system.

3. 1gG: IgG antibody is the most important isotype in the body. Itelates in blood and is in
huge amount as compared to other isotypes. These are caraletiggered by the plasma
B-cells. These are broadly researched isotype of immumbogdjlts. It has four subgroups
including IgG1, 1gG2, 1IgG3 and IgG4 and all have differemtdtions. For protein antigens,
IgG1l and 1gG3 are usually induced and for polysaccharidggans, 1gG2 and 1gG4 are

activated. IgG participates directly in immune system bytradizing toxins and viruses.

4. 1gA: 1gA is antibody whose amount is large as compared to IgM bwefothan IgG. At
mucosal surfaces the level of IgA is higher than 1gG, likeredst milk and saliva [44]. It has
two subgroups including IgA1 and IgA2. The protection froiruges, toxins and bacterias at

mucosal surfaces is important and is done by intracellglAr |

5. IgE: IgE are the antibodies which are created by the immune sytstelafend the body from
virus, bacteria and allergy. It is generally in small amaamd is present in the blood. The large

amount of it indicates that the body is overacting to thergdas which lead to allergic reaction.

30



It's level is also high when body fights with the infectionsuréntly, anti-lgE antibodies are

developed for the treatment of asthma and allergy [45].

Disulfide bond

Joming chain
Secretory protein
Joming chain

Figure 2.3: Structures of immunoglobulins classes.

2.1.2 T-cell - Cellular Immune Response

T-cells epitopes bind with MHC molecules and TCRs. Thustogais of T-cells are determined by
specificity of TCRs and MHC. MHC | and MHC 1l have particulamding regions for the small
peptide fragments. The processing of protein antigensrisqeed by intracellular proteases before
these gets attach with migs and antibodies. TCRs has coreptanity determining regions (CDRS)
which are physically connected to the peptide MHC complex€gtokine mediated mechanism
activates the T-cells which is a result of tripartite int#ran including MHC molecule, TCR and
peptide. The output of T-cell activation is dependent upendlass of MHC molecules and the type
of T-cells. The peptides bind to MHC | generally communicaiéh the TCRs on the cytotoxic
cell's surface. Such interactions lead to the killing ofl€®ia activation and expansion of cytotoxic

T-cells, this process is known as cellular immune respoide peptides bind to MHC I, which
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are present on the APCs including B-cells, dendritic cell$ macrophages. These peptides interact
with the TCRs on the helper T-cell’'s surface and results endttivation of helper T-cells. Then, it
releases cytokines to activate macrophage and/or ditiatexm of B-cells into plasma cells which
will produce antibodies [42].

Antigenic epitopes of T-cells are available on the surfdo®RC and bind with MHC to generate
immune response. Both the MHC | and MHC Il bind to differemidéh of peptides. The peptides
length presented by the MHC | are between 8 to 11 amino acidsMiiC Il presents peptides
length of 12 to 25 amino acids. Oligopeptide (peptide corstamall number of amino-acid residues)
fragments which are acquired via proteolysis of invadeigans bind to the MHC Il molecules. They
show them at the surface of cell which is identified by the éelpcells orCD4" T-cells.

Figure 2.4 represents the T-cells with MHC | and MHC Il molesu T-cell produces the adaptive
immune response corresponding to the invader, when suifiail@ount of epitopes are showcased.
MHC Il are expressed APCs. MHC | are available on each nusteatlls in the body. The
identification of antigenic epitopes via T-cells and thedurction of immune response have important
role in the immune system of every individual. The minuterges from its original functioning can
affect seriously to the organism. In auto-immune diseabesg]ls identify the native peptide of cell
as pathogen. Thus, it attacks on it and finally kills the owaues of organisms.

Therefore, information about epitopes of the peptides masrgortant role in manufacturing
vaccines based on epitopes which then injected into themgatiat will generate immune response

[46].

Antigen processing and presentation
MHC class II

T-cell activation

'\MI—IC cl

ass [

CDE+
T cell

Figure 2.4: Representation of cellular immune response.
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2.2 Prediction of Antigenic Epitopes using Machine Learnimg

Antigenic determinants are majorally concentrated by theical and biomedical researchers
because they play essential role in the designing of vacgrevention of disease, diagnosis and
treatment. Bioinformatics is an area of science where méferent disciplines including computing,

information technology and biology are combined to arraagé store huge amount of biological
data. Such data is generated by the molecular biology, dhatdogy and genetics [47] etc. The
major objectives of bioinformatics is to well-organise atescribe the data which is collected from
the transcriptome, proteome and/or genome [48]. The ainuci sliscipline is to improve health

benefits which includes field of vaccines, antibodies prada¢diagnosis tests etc.

2.2.1 Prediction Models for B-cell Epitopes

Antigenic epitopes of B-cells are identifies by antibodieBaell receptors in their native form. The
prediction of T-cells epitopes are similar to the B-celltepes. Because these both are based upon
the features of amino acids like charge, hydrophilic, hptiabic, secondary structure and exposed
surface area. For prediction of discontinuous B-cell gty 3D structure of the invader antigen is
required [49-51].

The propensity scales such as hydrophilicity [52], antiggn[53] and surface accessibility [54]
were used to predict sequential B-cell epitopes. Traditignsingle property of amino acid was used
to describe the information of sequence. Later on, moredharphysicochemical properties had been
employed in the methods like PREDITOP [55], PEOPLE [56], BEFPE [57] and BcePred [58].

To predict linear B-cell epitopes, the Bcepred tool was basephysicochemical properties such
as hydrophilicity, flexibility, polarity, and exposed sacke on a non-redundant dataset. The dataset
consists of 1029 B-cell epitopes obtained from Bcipep dataland an equal number of non-epitopes
obtained randomly from Swiss-Prot database. The predicazuracy for models based on these
properties varies from 52.92% to 57.53%. The performanceadels were enhanced by using
physicochemical properties in contrast to the techniguese used single property.

ABCpred server, which was based on NNs, had an estimatedamycof 65.93% [5]. These
networks were trained and tested on a clean dataset, whitdist® of 700 non-redundant B-cell

epitopes and equal number of non-epitopes. They had usetllérgth of epitopes (20-mers) to

33



train the models. BepiPred predicted the location of lirk&ell epitopes using a combination of a
hidden markov model and a propensity scale method [59]. &kervers are easy to use and properly
organized.

Chen [38] used 872 epitopes with a same length of 20 residud822 non-epitope to prepare
support vector machine (SVM) with 400 features and their eh@thieved accuracy of 71.09%.
BCPred used SVM and a string kernel [37] to predict lineatogy@s. To train the model, 701 linear
B-cell epitopes and 701 non-epitopes were used. The modeddAUC value 0.758.

COBEpro [60] which utilized a two-stage design where SVM wasned on novel sequence
similarity scores as inputs and predicted variable-sizgtiges in the first stage. In second stage,
these fragments were combined to predict epitopes in fllnch The COBEpro was extended to
predict conformational epitopes via its second stage. 8ayeethod [4] which predicted epitopes of
diverse lengths (12 to 20-mers) by using position specificisg matrix (PSSM).

BEST [61] was composed of two-stage scheme which predictedoomational and linear
epitopes from the antigen chains based on accurate prwhaii linear epitopes from the first stage.
They used dataset of 20-mers epitopes to train the SVM modplédiction and attained AUC values
0.81 and 0.85. The SVM based model [3] predicted antigentoggs by using tri-peptide similarity
and propensity of amino acid. It attained AUC value 0.702.

Huang [1] used RF model to predict the linear B-cell epitagued scored accuracy of 78.31%. To
train the model, 2479 continuous epitopes from over 100@anic proteins were used. DMN-LBE
[62] used a sequence-based linear B-cell epitope predidimh used deep maxout network (DMN)
and dropout training approaches. To minimize the trainimg tof the classifier, graphics processing
unit (GPU) was used. It achieved accuracy of 68.33% with AUEA8. For linear B-cell epitope
prediction, Weike Shen [36] had proposed APCpred method;hwised amino acid anchoring pair
composition (APC). The SVM model of 20-mers epitopes aadeaccuracy of 68.43%. Existing

servers to predict continuous B-cell epitopes are availahlweb which are mentioned in Table 2.1.

2.2.1.1 Prediction Models for Immunoglobulin class

Numerous methods have been developed for predicting amtigegions or B-cell epitopes which
can induce B-cell response. Algpred [63] predicted thergdleic proteins based on four different

approaches and scored accuracy of 85.02%. First approsdhw&s used to predict allergens based
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Table 2.1: List of linear B-cell epitope prediction servers

Server Name | Web Server Models Used for Prediction
BepiPred [59] | http://www.cbs.dtu.dk/services/BepiPred/Hidden Markov Model
ABCpred [5] http://www.imtech.res.in/raghava/abcprediN

BCPred [37] Not Available SVM

BEST [61] Not Available SVM

SVMTIrIP [3] http://sysbio.unl.edu/SVMTriP/ SVM

APCpred [36] | http:/ccb.bmi.ac.cn/APCpred/ SVM

COBEpro [60] | Not Available SVM

RF classifier [1]| Not Available RF

DMN-LBE [62] | Not Available Deep Maxout Network

on amino acid and dipeptide composition of proteins. Se@pptoach, motif based technique was
used to predict allergens by using software MEME/MAST [6Bhird approach, segment similarity
technique was used. If segment was similar to allergen septative proteins (ARPS) [65], the
protein was assigned allergen. Fourth approach, if prét@ihsegment similar to known IgE epitopes
then that protein was considered as allergen.

SVM based model and pseudo-amino acid composition were [3do predict allergenic
proteins (IgE). The efficiency of model had been evaluatedidigg five-fold cross validation and
results were better than the previous work by scoring acguoh 91.20%. IgPred [30] predicted
antigens of specific type of antibodies which utilized theiramacid sequence information for
prediction. The model had been used to identify the spedifisscof antibodies in the antigen by
using features like binary profiles, dipeptide compositimil amino acid composition. From these
features, dipeptide composition-based SVM achieved acguof 70.72%, 82.7% and 72.07% for
lgG, IgE and IgA specific epitopes respectively. These notad been evaluated using five-fold

cross validation.

2.2.2 Prediction Models for T-cell

The pathogenic mycobacterium which causes TB survivedmitie cells. Thus T-cells are required
to fight against bacteria rather than antibodies [67,68].cBaect functioning of the immune system,
both humoral and cell mediated immunity work together dlyeor indirectly depending upon the
occurrence of foreign invader. Therefore, there are nuoseroethods for predicting T-cell and
B-cell epitopes which help in designing of epitope basedivess, immune-diagnostic and antibody

production.
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For prediction of T-cell epitopes with MHC type | restrictddcell clone, SVM was used
with cross validation and scored sensitivity 0.763 [69]. uNg network with other methods like
binding motifs, molecular modelling, quantitative mag&scand hidden markov models was used for
recognition and prediction of T-cell epitopes and MHC-bngdpeptides [70]. CTLpred [35] method
was trained and tested on T-cell epitopes and non-epitomdsding 1137 experimentally proven
MHC class | restricted T-cell epitopes. This method was thame quantitative matrix (QM) and
machine learning techniques such as SVM and NN. This scarasairacy of 70.0, 72.2 and 75.2%.
An improved NN model [71] was used to predict T-cell classitapes which combined several neural
networks and hidden markov model to get more accurate greaicA SVM based [72] (SVMHC)
prediction of peptides binding to MHC class | molecules wssdwhich scored matthew correlation
coefficient (MCC) 0.85 with four-fold cross validation.

Although, many studies exist for predicting binding capadi’3] of M. tuberculosis like
interferon-gamma inducing MHC 1l binders [74] in which theged SVM for prediction, linear
B-cell epitopes were used for prediction of M. tuberculegpgopes [75], NetMHC 2.2 [31] server
used NN to predict peptide binding capacity of MHC class lletMHC 2.3 [32] server was an
improved version of NetMHC 2.2 server which predicted thedbg capacity with HLA class II.
This server was constructed by using an enlarged dataseaatitative MHC peptide binding affinity
data extracted from the Immune Epitope Database including-BR, HLA-DQ, HLA-DP and H-2
mouse molecules. In this, it was demonstrated that theitigaiwith enlarged dataset increased the
performance of peptide binding prediction, NetMHC 3.0 [38fver predicted the binding capacity
of HLA class | using NN, NetMHC 4.0 [34] overcame the limitati of NN-Align method [76]
that it could detect only fixed length motifs. In NetMHC 4.0NNvas trained on variable length
peptides. It was compared with the fixed length methods addphaved to be an effective method
and NetMHCpan 3.0 [77] server predicted the binding capadfiHLA class | using NN and hence
improved the accuracy for prediction of peptide binding aacbgnition of MHC ligands. These
servers provide weak and strong binders but are not capéblassifying M. tuberculosis epitope or
a non-epitope. Different T-cell eptitopes prediction gesy model used for the predictions and output

of predictions are listed in the Table 2.2 .
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Table 2.2: List of T-cell epitope prediction servers.

Server Name Web Server Models Prediction Target
Used for
Prediction
SVMHC [72] Not Available SVM MHC | binding
peptides
Hidden markov| Not Available NN MHC-binding
based model [70] peptides and T-cel
epitopes
CTLPred [35] www.imtech.res.in/ SVM and| T-cell epitopes
raghava/ctlpred/ NN
Improved NN [71] | Not Available NN MHC | epitopes
SVM based mode] crdd.osdd.net/ SVM MHC Il peptide
[74] raghava/ifnepitope/ binding
NN-align [76] www.cbs.dtu.dk/ NN MHC Il binding
services/NetMHCII-2.0 peptides
NetMHC 2.3 [32] | www.cbs.dtu.dk/ NN MHC 1l binding
services/NetMHCII-2.3 peptides
NetMHC 3.0 [33] | www.cbs.dtu.dk/ NN MHC | binding
services/NetMHC-3.0/ peptides
NetMHC 4.0 [34] | www.cbs.dtu.dk/ NN MHC 1l binding
services/NetMHC/ peptides
NetMHCPan www.cbs.dtu.dk/ NN MHC | binding
3.0[77] services/NetMHCpan-3.0/ peptides
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Chapter 3

Multilevel Ensemble Model for Prediction of IgA and

IgG antibodies

Identification of the antigen for inducing specific class ofilaody is prime objective in the peptide
based vaccine designs, immunodiagnosis tests, and aptgroductions. It's urge to introduce a
reliable system with high accuracy and efficiency for thedmrgon of epitopes inducing IgA and IgG
antibodies. In this Chapter, a novel multilevel ensemble@ahbas been proposed for the prediction of
epitopes inducing IgG and IgA antibodies. Epitope lengtimigortant while training the model and

it is efficient to use variable length of epitopes. In thisenble approach, seven different machine
learning models are combined to predict variable lengthpitbpes (4 to 50-mers). The proposed
model of IgG specific epitopes achieves 94.43% of accuradylgA specific epitopes achieves
97.56% of accuracy with repeated 10-fold cross validatidre proposed model has been compared

with IgPred server and has outperformed the existing system

3.1 Introduction

The human immune system has an essential mechanism to tptla¢ebody which is known as
immunoglobulins. It recognizes the specific antigen andddiwith it to protect the body. Antigens
can be toxins, bacteria and viruses. When immune systemnmtioesrk properly or not able to
generate required antibodies, this is known as immunoeéefigi It can be caused by the side
effects of medicines, diseases, infections or lack of propdrition. The analysis of particular
immunoglobulins’ presence in the blood is useful to idgntife infections or different illnesses or
to do the diagnoses. The types of antibodies are IgM, IgE, IgB and IgG which are generated
by the immune system to fight against the invaders. The amoiulmhmunoglobulin G (1gG) is

huge, followed by Immunoglobulin M (IgM) and ImmunoglobulA (IgA) [78]. The amount of

D Khanna and PS Rana, Multilevel Ensemble Model for Preatiatif IgA and 1gG antibodies, Immunology Letters,
Elsevier 184 (1) (2017) 51-60.
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Immunoglobulin D (IgD) is less than IgA, 1gG, IgM but highdrain Immunoglobulin E (IgE) [79].
IgM and IgG preserve from infections in the internal bodtiss, blood and organs. IgA [80] is
available in blood, the greater part of the IgA in the bodynighie secretions of the mucosal surfaces
which encompass respiratory, saliva, tears and gastsbinét secretions. The IgA antibodies in the
secretions play a major role to protect these areas fronatiofes. 1gG and IgM are also found in
secretions but not equal to the amount of IgA. The human nalsosfaces are protected by IgA, this
shield is very important for the human body and the deficieafdgA may lead to cancer [81]. IgG
the most abundant type of antibody, is found in all the bodg$l@nd protects against bacterial and
viral infections [78]. In experimental designs, immunaghastic tests and vaccines production [82],
the disclosure of continuous epitopes still play a key ra@eduse most of the B-cell epitopes are
discontinuous.

In the late years, many computational strategies had bemtuped to predict B-cell epitopes.
The propensity scales such as hydrophilicity [52], surfaceessibility [54] and antigenicity [53]
were used to predict linear B-cell epitopes. Later on, mbastone physicochemical properties of
epitopes were used to develop the methods such as PREDIBRRPEOPLE [56], BEPITOPE [57]
and BcePred [58] for the prediction of linear B-cell epitep@he quality of prediction is enhanced
by using physicochemical property as contrast with thertegles which used the single property.
ABCPred [5], Chen et al. [38], BCPred [37], SVMTrip [3], Huafl], Lian Yao [62] and APCpred
[36] used machine learning algorithms to predict lineare-epitopes. All these models were used
to predict B-cell epitopes, not for identifying specific €teof antibodies in the antigen.

Numerous methods had been developed for predicting amtigegions or B-cell epitopes which
can induce B-cell response. The researchers used machimenig models for the prediction of
antibodies like IgA, IgE and IgG. Like, Algpred [63], SVM k& model [66], IgPred [30] predicted
specific class of antibodies.

Prediction of antibody specific class is important for t@gtimmune system, finding out the
allergy, infection and any other iliness. Influenced from tlutcome of machine learning approaches
and the urge to find an accurate method, a multilevel ensembtiel has been proposed to predict
B-cell epitopes which can inducing a specific class of amlybdike IgA, IgG). The physicochemical
properties of amino acid are used to the train machine legmiodels which will classify the IgG

and IgA inducing epitopes as explained in Section 3.3.

39



The Chapter has been organized as follows: An overview otlttiaset, features measurement,
feature selection, machine learning models and benchnetdset have been presented in Section
3.2. The methodology and proposed model are explained itmo8e:3. Model evaluation has been
described in Section 3.4. Section 3.5 narrates experinresigt analysis, comparison and discussion.

Finally, conclusion and future work have been presentectcti&n 3.6.

3.2 Materials and Methods

This section describes the dataset, extraction of fegtigaisire importance, machine learning models

and the benchmark dataset.

3.2.1 Dataset and its Features

The balanced dataset consists of IgA and IgG inducing ep#opas been extracted from
http://crdd.osdd.net/raghava/lgPred/. Total number of IgG epitopes sequences are 16,067, in which
number of IgG epitopes are 7,575 and non-IgG are 7,673; Ig&y@gs are 403 and non-IgA are 416.
All the epitopes have variable length (4 to 50-mers). Thege of datasets are presented in Table

3.1 and Table 3.2.

Table 3.1: Sample dataset of IgG epitopes.

SL| Fa Fo | Fc | Fa —— F; | Faa | Fap Fac | CLigc
7 | 111.43] 261 | 0.41| 71.34 —— -0.03 -0.07| 834.89| 650 | 1
11 | 26.36 | 3.29 | 0.25| 37.40 —— -0.15/ -0.25| 1246.21| 3.23 | 1
15 | 90.67 | 0.09 | 0.13| 54.03 —— 0.31| -0.67 | 1498.66| 7.54 | 1
12 | 98.33 | -0.05| 0.34| -498 —— 0.30| -1.00| 1088.23| 6.41 | 0
6 | 131.67| 0.46 | 0.45| 833 —— 0.22|-0.93| 571.68| 10.55| O

Table 3.2: Sample dataset of IgA epitopes.

SL Fa Fp Fec Fg — F; Faa Fab Fac | CLiga
10 | 20.00 | 3.73 | 0.22| 47.87 —— -0.60 -0.03| 1176.35| 9.44 1
5 | 118.00| -0.82| 0.35| 8.00 —— 0.44|-0.59| 533.64 | 3.85 1
20| 2950 | 2.61|0.40| 53.96 —— -0.33 -0.08| 2267.58| 8.52 1
40 | 66.00 | 1.30 | 0.33| 28.29 —— 0.07|-0.47| 4212.79| 8.24 0
12 | 137.50| 0.32 | 0.31| 11.07 —— 0.19|-0.39| 1275.56| 11.65 0
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3.2.2 Feature Measurement

The Table 3.3 describes the physicochemical propertiesiof@acid which are used in this Chapter.
To extract the properties, R an open source software is uséchvs licensed under GNU GPL is

used.

Table 3.3: Physicochemical properties of amino acid.

SN

Property

Description

R Package

Function

Notations
used in
present
study

10

11

Aliphatic index

Potential protein
interaction index

Hydrophobic
moment

Instability index

Number

of possible
neighbours

Tiny

Small

Aliphatic

Aromatic

Nonpolar

Polar

The relative volume occupie

is known as aliphatic index of
protein.

Based upon amino aci

sequence of a protein, the
interaction
index is computed which i$

potential  protein
introduced by Boman [84].

It is computed for an amino aci
sequence of N residues and th
corresponding hydrophobicitieg
The stability of protein in a tes

tube is estimated by instability

index.
It describes neighbors of degrg

sequences.

A

d Peptides

d Peptides
pir

t Peptides

Number of amino acid in the Peptides

sequence which comes und
tiny class.

er

Number of amino acid in the¢ Peptides

sequence which comes und
small class.

er

Number of amino acid in the Peptides

sequence which comes und
aliphatic class.

Number of amino acid in thé
sequence which comes und
aromatic class.

Number of amino acid in the
sequence which comes und
nonpolar class.

Number of amino acid in thé
sequence which comes und
polar class.

er

2 Peptides
er

2 Peptides
er

2 Peptides
er

d Peptides [83]
by aliphatic side chains (alaning,
valine, isoleucine, and leucine)

rePeptider [85]
one for a group of peptide

aindex

boman

hmoment

instaindex

getNofNeighbors

aacomp

aacomp

aacomp

aacomp

aacomp

aacomp

Fa

Fn

Fi

Fk

to be cont’d on next page
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Table 3.3: Physicochemical properties of amino acid. (gont

SN | Property Description R Package | Function Notations
used in
present
study

12 | Charged Number of amino acid in the¢ Peptides aacomp F

sequence which comes under
charged class.

13 | Basic Number of amino acid in the Peptides aacomp Fm

sequence which comes under
basic class.

14 | Acidic Number of amino acid in the Peptides aacomp Fn

sequence which comes under
acidic class.

15 | Percentage  of | Percentage of tiny amino acid inPeptides aacomp Fo

tiny the given sequence.

16 | Percentage  of | Percentage of small amino acjdPeptides aacomp Fo

small in the given sequence.

17 | Percentage  of | Percentage of aliphatic aminoPeptides aacomp Fq

aliphatic acid in the given sequence.

18 | Percentage  of | Percentage of aromatic aminoPeptides aacomp Fr

aromatic acid in the given sequence.

19 | Percentage of | Percentage of nonpolar aminoPeptides aacomp Fs

nonpolar acid in the given sequence.

20 | Percentage of | Percentage of polar amino acjdPeptides aacomp F

polar in the given sequence.

21 | Percentage of | Percentage of charged amind”eptides aacomp Fu

charged acid in the given sequence.

22 | Percentage of | Percentage of basic amino adidPeptides aacomp F

basic in the given sequence.

23 | Percentage of | Percentage of acidic amino acjdPeptides aacomp Fw

acidic in the given sequence.

24 | Charge of protein | The net charge can be computedPeptides charge Fx

sequence at defined pH by using pKa
scales.

25 | Hydrophobicity It computes the hydrophobicity Peptides hydrophobicity | Fy

index of an amino acids
sequence.

26 | Kidera factor The kidera factors is derived by Peptides kiderafactor F,

applying multivariate analysis
to 188 physical features of
the 20 amino acids and using
dimension reduction techniques.
27 | Molecular This function calculates the Peptides mw Faa
Weight molecular weight of a protein
sequence.
28 | Isoelectric point Isoelectric point (pl) is the pH at Peptides pl Fab
which a particular molecule of
surface doesn'’t carry electrical
charge.
29 | Sequence length | Number of amino acids in a Peptides lengthpep SL

sequence.

42




3.2.3 Feature Importance using Regularized Trees

While building the model, feature selection is an essergralcess which filters the correlated
variables, biases and unwanted noise from the dataset.lelttsemportant features which may
improve the model performance. In this Chapter, RRF modg] [tas been used for the feature
selection task. The regularized random forest (RRF) usegnsemble instead of multiple ensembles.
A feature with the highest regularized information gainnsarted at a node based on the instances
only at that node. If more than one feature has same regethiformation gain, then one of these
features is selected arbitrary. RRF model has been implemémR, python and do the tedious task
in an easy way. It gives node impurity which is measured byGime index.

According to the RRF algorithm, features IFj, i, Fm, Fn, Fo and K are least important for the
IgG dataset. When target is changed then it will effect tHesstiof important features. Thus, the
important features for both the datasets are different.Ig@dataset, features A, R, i, Fm, Fn
and R are less important. Table 3.4 shows the ranking of featusssedon node purity which has
been computed by RRF. High rank is assigned to the featurehwtas high node purity. Seven least
ranked (24 to 30) features aren’t considered to train th@gsed model as well as the individual

models. The feature selection effects the model perforarich is shown in Table 3.6.

3.2.4 Machine Learning Methods

To get the better results, parameters of models are needttméd. The models used in this Chapter

is described in Table 3.5 with required R packages and theing parameters.

3.2.5 Benchmark of the Proposed Model Correctness

For the benchmarking of model correctness, the performahpeoposed model has been compared
with existing IgPred [30] model. The proposed model is basedeven different models and IgPred
is based on single modek. SVM. The independent dataset of 44 1gG, 44 IgA and 44 non-W5,
non-IgA epitopes have been collected from the immune epittgiabase (IEDB). The epitopes in
benchmark dataset are unique and they are not present iraihieg of IgPred and proposed model.
IgPred prediction on the benchmark dataset has been retdrgeusing its web server
(http://crdd.osdd.net/raghaval/lgPred/). Benchmark dataset of epitopes are provided in Table 3.14

with predictions from IgPred and the proposed model. Thdiptens from IgPred and the proposed

43



Table 3.4: Feature importance for IgG and IgA epitopes.

Rank | Features | IncNodePurity g || Features| IncNodePurity|ga
1 Fab 177.33 Fq 11.19
2 Fe 160.75 Faa 7.79
3 Fe 155.96 Fab 7.49
4 Fq 153.55 Fe 6.74
5 SL 143.7 Fe 6.41
6 F, 133.5 Fq 6.11
7 Fo 133.33 SL 5.94
8 Faa 132.63 R 5.81
9 Fy 117.86 Fp 5.53
10 Ft 112.47 Fy 5.31
11 Fa 100.2 Fo 5.00
12 Fac 97.5 F, 4.65
13 Fq 71.98 Fa 4.60
14 Fp 68.15 Fn 4.47
15 Fr 63.06 Fs 4.11
16 Fh 56.14 Fac 4.03
17 F 52.89 Fx 3.97
18 Fs 51.95 F 3.87
19 Fu 50.66 Fw 3.80
20 F 50.58 Fr 3.56
21 Fy 48.63 Fs 3.46
22 Fw 44,13 Fu 3.43
23 Fy 4411 Fg 3.12
24 Fx 41.17 F 2.79
25 Fi 36.19 Fy 2.62
26 A 34.13 Fm 2.42
27 Fm 29.67 Fi 1.89
28 Fi 27.8 Fi 1.44
29 Fn 21.61 Fo 1.34
30 Fo 21 Fn 1.22

model on these epitopes are used to compare them througlisgrarameters including Gini, AUC,

accuracy, MCC, specificity and sensitivity as describedabld 3.13. The results shows that the

proposed model is outperforming the existing model.

3.3 Methodology

The methodology has been represented in Figure 3.1. Ipjtedptide sequences are collected from
http://crdd.osdd.net/raghava/lgPred/. Dataset contains peptide sequences which has negative and
positive epitopes inducing IgA and IgG antibodies with shte length from 4 to 50-mers. The

feature measurement has been performed in the second stegxalained in Section 3.2.2. In the

44




Table 3.5: Machine learning models considered for ensemjheir respective
R packages, methods and tuning parameters.

Model Method | Required Package| Tuning Parameter

RF [87] rf random forest | mtry=2, ntree=500

SVM [88] ksvm kernlab kernel="rbfdot”, type="C-svc”
Decision Tree [89] rpart None usesurrogate=0, maxsurrogate=0
NN [90] nnet nnet size=10

ELM [91] elmtrain elImNN nhid=10

Avnnet [92] avNNet caret size, linout, trace

RRF [86] RRF RRF None

third step, RRF [86] is used to get the subset of importartufea. This process reduces the space
complexity, time complexity as well as increases the aayuodmodel. In the fourth step, the dataset
has been used to train the models, with their optimum tunargmpeters. The used machine learning
models are presented in Table 3.5. The models have been medta get the proposed multilevel
ensemble model as shown in Figure 3.3 and also explainecctin8e3.3.2. Finally, performance of
the proposed model has been evaluated on various parareetéras AUC, specificity, sensitivity,
Gini and accuracy. To check the consistency of the proposetehs prediction, repeated k-fold cross

validation has been performed. The flow of proposed schemresented in Figure 3.2.

3.3.1 Flow of Proposed Scheme

The Figure 3.2 describes the prediction of IgG, IgA epitogreds their physicochemical properties (as
mentioned in Section 3.2) are used to train the machineilgamodels. Seven different models have
been combined to get the proposed model and is explainedciin8e3.3.2. The final prediction is

produced by majority voting from the seven models which aein the proposed ensemble model.

The proposed model is separately trained for IgA and IgGadmtpepitopes.

3.3.2 Proposed Multilevel Ensemble Model

Ensemble is used to deal with the worst case of model predictin this Chapter, the focus is
on the refinement of false prediction as well as true presfictif the model. Seven models which
include Decision tree, RF, SVM, ELM, NN, RRF and avNNet armmbined to get better accuracy as
mentioned in Figure 3.3. All the models has been trained &6 @0the dataset and 30% has been
used to test them. The proposed model is divided into threegshand all the phases are explained

below:
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1. Collection of Peptide Sequence

2. Feature Measurement

3. Feature Importance by RRF

Y

4. Train the machine learning
models

\

5. Multilevel ensemble model

v

6. Test the proposed model

\
7. Result Analysis

Figure 3.1: Methodology of the proposed model.

Antibody 1gG or IgA specific epitopes

Physicochemical Properties
Kidera Factor, Boman index, Aliphatic index,
Isoelectric Point, Hydrophobicity, Molecular Weight

\ 4

Machine Learning Models

!

Multilevel Ensemble Model

Specific Class of Antibody

Figure 3.2: Flow of the proposed scheme.
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Phase | : The decision tree, ELM, NN, SVM models have been trained wiPo of dataset and

generate predictions on the rest 30% of dataset.

Phase Il : The false predictions of two models (decision tree and ELfginfPhase | are used to train
the RF model. The false predictions of two models (NN and SVidin Phase | have been

used to train the avNNet model.

Phase Il : The false predictions from Phase Il and true predictionmfRhase | have been combined.
This combined new dataset has been used to train the RRF miteh provides the final

predictions.

In this approach, true predictions as well as false preatistare refined to get accurate proposed
model. These true and false predictions are attained bygeite models with the same data.
training dataset. The purpose of using true prediction adriput of other models is to deal with
false positive results (Non-antigenic epitope is congdes antigenic epitope). The data is travelled
through seven models because of this models perfectly thardata to provide reliable and accurate
results. At the end, test dataset has been used to test tn@lelesnodel. The final predictions have

been attained by considering votes from all the models waiehn the ensemble model.

| _____________ | Phase Il l __________

| o S o
Prediction icti
—————> Random Forest Prediction Phase IIl
ELM |

I
I
I
| I False I
I
I
I
I

Training Dataset |

Neural Network False Fase
icti rediction
—> | Final Prediction

= .

Figure 3.3: Multilevel ensemble model.

3.4 Model Evaluation

Various parameters such as Gini, accuracy, AUC, specifaity sensitivity have been calculated to
evaluate the performance of proposed model and individwalets which are explained in Chapter
1. Repeated k-fold cross validation has been performedstatiie robustness of proposed model.

According to RRF algorithm, seven features are discardaa tooth the datasets (IgA and IgG) as
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mentioned in Section 3.2.3. Based on rest of the featuresiuia for IgG antibody prediction has

been formulated which consists of important features argtalass as mentioned below:

CL|gGN f(Fa, Fb7 FC7 Fd7 Fe, Ff 9 Fg7 Fh7 Fk7 Fpa FQ7 FI’7 F87 Fta FU7 FV7 FW7 Fy, FZ7 Faaa Fab, Fac) (31)
For IgA antibody prediction, formula is given below:

CLIgAN f (Fa7 Fb7 F07 Fd7 Fe, Ff 9 Fg7 Fh7 Fpa FQ7 FI’7 F87 Fta FU7 FV7 FW7 FX7 Fy, F27 Faaa Fab7 Fac) (32)

3.4.1 Repeated K-Fold Cross Validation

The large number of comparisons are always preferred, tgpadson the performance of model.
While performing cross validation, random data is provideéach fold to do the comparisons. In
k-fold cross validation, only k comparisons are acquirdaug; to run k-fold cross validation multiple
time or increase the number of comparisons, repeated kefolsk validation is an efficient way of

cross validation. Here, 10-fold cross validation has bepeated for 3 times.

3.5 Result Analysis, Comparison and Discussion

Epitope length is important while training the model andsiteifficient to use variable length of
epitopes. The machine learning models have been trainédiwad length of IgG, IgA epitopes and
evaluated on various parameters as mentioned in Table 8.Tadbte 3.8. On the other hand, models
trained with variable length of epitopes have been evatliaie evaluation parameters. Results
describe that these models are performing better as cothpamn@odels trained with fixed length
of epitopes as shown in Table 3.9 and Table 3.10.

The models may get biased while training, to handle thiseisSMOTE algorithm can be
used. Another problem in trained models is overfitting/ufidleg, to deal with such issues, the
model should be cross validated and tested on benchmarketiataperformance is found to be
consistent then models are not affected from such issuesodehis overfitted when it learns too
much. In contrast, a model is underfitted when it learned &ss.l In cross validation, models

are executed n times and accuracy is recorded if accuracigldyhfluctuating then that model
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is overfitted/underfitted/biased. Repeated k-fold crodglation has been used to describe the
consistency in the accuracy which also concludes that thiegsed model is not affected from such
problems. For validation of the proposed model, benchmat&st is used and compared with the
existing model by using various parameters such as Gini, Aalcuracy, MCC, specificity and
sensitivity as described in Table 3.13. The result condud® things about the proposed model.
First, the proposed model is free from overfitted/undeditieased issues. Second, the outcome of
proposed model has been improved as compared to the existimgique.

Table 3.6 depicts the accuracy on various subset of featlites seven least ranked features are
discarded because they are affecting the accuracy of thelsiotb balance the number of features
and accuracy, 23 featureg~ Fq in 1I9G antibody and k- Fq in IgA antibody) have been considered
to train the models.

The proposed and individual models have been evaluatedramusgarameters as mentioned in
Table 3.9 and Table 3.10. From the results, it is concludatittie accuracy of proposed model is
increased as compared to the single model accuracy.

Table 3.11 describes the accuracy of the proposed modet whirforming cross validation. The
accuracy has been recorded by applying 10-fold cross valdiid times. Here, 70% of dataset is
used for training and 30% is used for testing. The Figure BdiFgure 3.5 describe the accuracy of
proposed model 3 times in 10 runs and shows the consistenlog sccuracy of proposed model.

From the results and comparison, it is concluded that ptaiidy of the proposed ensemble

model has been improved significantly as compared to theichdil models and existing model.

3.5.1 Performance Comparison on Benchmark Dataset

The dataset has been extracted from IgPred [30]. The IgA,itg@ding epitopes and non-IgA,
non-IgG epitopes of length 4 to 50-mers are availablatgm//crdd.osdd.net/raghava/lgPred/ which
have been used to train the proposed model. This is a balalatadet which means equal number
of both the target class. IgPred uses features like binarfiigs, dipeptide composition and amino
acid composition. The outcome of dipeptide compositioredanodel is better than other models in
IgPred. In this Chapter, results of dipeptide compositiasdad model has been compared with the
proposed model. The results recommend that the proposedl|motperforms the existing server.

The Table 3.12 describes the performance of IgPred and tpoped model (IgG, IgA).
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Table 3.6: Impact of features on accuracy for IgG and IgAcg@s.

Number of || Features | Accuracy g || Features| Accuracyga
features
10 Fap - F¢ 96.6 Fq-Fy 98.5
11 Fab - Fa 96.6 Fq-Fp 98.4
12 Fab - Fac 96.1 Fq-F; 98.2
13 Fab - Fq 95.5 Fqg-Fa 98.5
14 Fab - Fp 95.6 Fq-Fn 97.9
15 Fa-F 95.0 Fq - F¢ 97.2
16 Fab - F 94.9 Fq - Fac 97.5
17 Fa-Fy 94.6 Fq - Fx 97.5
18 Fab - Fs 93.0 Fq-F 97.5
19 Fab - Fu 88.1 Fq - Fw 97.5
20 Fa - Ft 90.2 Fg-F 97.5
21 Fab - Fx 91.8 Fq-Fs 97.5
22 Fab - Fw 94.4 Fq-Fu 97.5
23 Fab - Fg 94.4 Fa - Fg 97.5
24 Fab - Fx 93.5 Fa-F 96.2
25 Fap - Fi 92.4 Fq - Fx 95.2
26 Fab - F 84.2 Fq-Fm 95.4
27 Fab - Fm 72.3 Fq-Fi 94.9
28 Fab - Fj 77.4 Fg - Fj 94.6
29 Fab - Fn 73.0 Fq-Fo 93.8
30 Fab - Fo 70.2 Fq-Fn 93.2

Table 3.7: Performance evaluation of machine learning isddefixed length
of IgG epitopes.

SN | Model Name Gini | ACC | AUC | Spec| Sens
1 |RF 0.16| 58.45| 0.58 | 0.51 | 0.51
2 | AvNNet 0.06 | 51.47| 0.53 | 0.50 | 0.45
3 | Decision Tree 0.16| 49.97| 0.42 | 0.40 | 0.46
4 | RRF 0.19]59.84| 0.59 | 0.52 | 0.52
5 | NN 0.08 | 54.20| 0.54 | 0.48 | 0.48
6 | ELM 0.02 | 49.43| 0.51 | 0.45| 0.46
7 | SVM 0.08 | 54.25| 0.54 | 0.48 | 0.47
8 | Proposed model| 0.19 | 67.02| 0.59 | 0.53 | 0.50

To validate, the existing model and proposed model have bealnated on various parameters
such as Gini, AUC, accuracy, MCC, specificity and sensitivithe benchmark dataset is also used
as mentioned in Section 3.2.5. These epitopes predictishéean calculated from IgPred server and
compared with outcome of the proposed model as shown in Tabhe The result shows that the

proposed model outperforms the existing model.
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Table 3.8: Performance evaluation of machine learning isddefixed length
of IgA epitopes.

SN | Model Name Gini | ACC | AUC | Spec| Sens
1 | RF 0.32 ] 63.35| 0.66 | 0.68 | 0.43
2 | AvNNet 0.34| 44.1 | 0.67 | 0.71| 0.40
3 | Decision Tree 0.23| 60.87| 0.61 | 0.61 | 0.45
4 | RRF 0.30| 62.73| 0.65 | 0.66 | 0.44
5 | NN 0.14| 57.14| 0.57 | 0.56 | 0.44
6 | ELM 0.05| 44.1 | 0.52 | 0.44| 0.50
7 | SVM 0.33]61.49| 0.66 | 0.70 | 0.41
8 | Proposed model| 0.34 | 61.40| 0.67 | 0.57 | 0.41

Table 3.9: Performance evaluation of machine learning tisdde variable
length of IgG epitopes.

SN | Model Name Gini | ACC | AUC | Spec| Sens
1 |RF 0.31| 65.3 | 0.65| 0.56 | 0.56
2 | AvNNet 0.21| 60.6 | 0.61 | 0.52 | 0.54
3 | Decision Tree 0.23| 61.1 | 0.62 | 0.51 | 0.56
4 | RRF 0.31| 65.8 | 0.66 | 0.56 | 0.56
5 | NN 0.21| 60.6 | 0.61 | 0.53| 0.53
6 | ELM 0.19| 50.8 | 0.59 | 0.43| 0.61
7 | SVM 0.28| 63.9 | 0.64 | 0.54| 0.56
8 | Proposed model| 0.86 | 94.43| 0.93 | 0.99 | 0.98

Table 3.10: Performance evaluation of machine learningetsddr variable
length of IgA epitopes.

SN | Model Name Gini | ACC | AUC | Spec| Sens
1 | RF 0.38]69.11| 0.69 | 0.59 | 0.57
2 | AvNNet 0.31| 65.85| 0.66 | 0.59 | 0.53
3 | Decision Tree 0.28 | 64.23| 0.64 | 0.57 | 0.53
4 | RRF 0.39| 69.51| 0.69 | 0.59 | 0.58
5 | NN 0.34| 67.07| 0.67 | 0.58 | 0.55
6 | ELM 0.19|58.94| 0.59 | 0.51| 0.53
7 | SVM 0.36 | 68.29| 0.68 | 0.59 | 0.55
8 | Proposed model| 0.91 | 97.56| 0.95 | 0.97 | 0.99
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Table 3.11: Repeated 10-fold cross validation of IgG and pgéposed model.

IgG Proposed Model

IgA Proposed Model

Folds

Run 1

Run 2

Run 3

Run 1

Run 2

Run 3

Boo~N~ouourwNR

93.10
93.07
93.56
92.93
92.41
92.41
93.82
93.79
93.91

93.25

92.41
93.48
93.02
93.62
93.36
92.24
93.05
92.76
93.45
93.05

93.36
93.22
92.99
93.28
93.19
93.13
93.53
92.39
93.45
93.51

93.17
94.15
92.20
95.12
94.15
93.66
92.68
94.63
95.12
92.68

95.61
96.10
97.07
93.66
95.12
96.10
97.56
90.73
97.07
93.66

96.10
96.10
95.12
96.10
94.63
97.07
92.20
94.63
93.66
94.63

Table 3.12: Performance comparison with existing modelthagroposed

model.

IgG Epitopes

IgA Epitopes

Parameters

IgPred

Proposed Model

IgPred

Proposed Model

ACC(%)
MCC
AUC

70.42
0.41
0.76

94.43
0.86
0.93

72.07
0.44
0.78

97.56
0.89
0.95

Table 3.13: Performance comparison on benchmark datageéewsting model

and the proposed model.

IgG Epitopes IgA Epitopes
Parameters | IgPred | Proposed Model|| IgPred | Proposed Model

ACC(%) 73.86 86.36 54.55 77.27
AUC 0.77 0.86 0.57 0.77
Gini 0.54 0.72 0.14 0.54
Spec 0.86 0.90 0.62 0.74
Sens 0.67 0.83 0.52 0.81
MCC 0.50 0.73 0.11 0.55

Accuracy

Repeated K-Fold Cross Validation

w'

= Run 1
= Run 2

Run3

1 2 3 4 5 6 7

Number of Folds

9 10

Figure 3.4: Repeated k-fold cross validation of the IgG ps®ad model.
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Figure 3.5: Repeated k-fold cross validation of the IgA msgd model.

3.6 Conclusion

The proposed model increases the prediction accuracy oafgldgA antibodies as compared to the
existing technique. In this Chapter, seven different medstiuding decision tree, ELM, RF, NN,
SVM, avnnet and RRF have been used to create multilevel éslsemodel. A novel multilevel
ensemble model has been developed for prediction and itupesdhigh accuracy, Gini, AUC,
specificity and sensitivity with variable length of epitgp&he multilevel ensemble model is divided
into three phases. In this approach, true predictions ded faedictions are refined to get accurate
proposed model. The benefit of using true prediction as tetiof other models is to deal with false
positive results. The data has been travelled through seeslels in such a way that each model is
able to learn the data perfectly. This technique providkabie and accurate results. The proposed
model has been compared with existing IgPred model andatalidon benchmark dataset. To check

the robustness of proposed model, repeated k-fold crostatiah has been performed.
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Table 3.14: Benchmark dataset of IgG and IgA epitopes.

SN | IgG_Sequence Actual | Proposed IgPred || IgA_Sequence Actual | Proposed IgPred
Model Model Model Model
1 | AATGAATAAA 1 1 0 AEVLKDAIKDLVMTKPAPTC 0 0 1
2 | AEFYLNPDQSGEFMFDFDGDEIF1 1 1 AGKREMVIIT 1 1 1
3 | AFYGVWPLL 0 1 0 AHGRSQVLQQSTYQLLQELCC 0 0 1
4 | AILDMIAGAHWGVLAGIA 0 0 0 AQGSVQPQQLPQFEEIRNLAL 0 0 1
5 | AKAPPAPKPAPQPGP 1 1 1 ASLKMADPNRFR 1 1 1
6 | AKQELE 1 1 1 ASREAK 1 1 1
7 | ATRKTSER 0 0 0 ASREAKKQVEKALE 1 1 0
8 | AYALYGVWPL 0 0 0 DAEFRHDSGYEVHHQKLVFFAED | 1 0 0
VGSNKGAIIGLMVGGVVIA
9 | CFHQGKEYAPG 1 1 1 DEKGIMRTGLISFENNNYYFNENGE 1 1 1
10 | CITQYERESQAYY 1 1 1 EQSRCQAIHN 1 1 1
11 | CNRLGGLFNFGPKQKI 1 1 1 ERMKDTLRIT 1 1 1
12 | DLEDRDRSELSPLLLTTT 0 0 1 ESMAGKREMV 1 0 1
13 | DLLVGSATLCSALYVGDL 0 0 0 FFQP 0 1 0
14 | DPNAVCETDKWKYENPCKKM | 1 1 1 FPPQLPYPQP 0 0 1
15 | DVKFPGGG 0 0 1 FTTKVIGKDSRDFDISPKV 1 1 1
16 | EGHLIDLKRV 1 1 1 GGSGGRGRGGSGGRGRGGSG 0 0 1
17 | EKPHFP 1 1 1 GIAKAFRAPSIREVSPG 1 0 0
FGTLTQGGASIMYGN
18 | EPWFLHGLGLARTYWRDTNTG]| 1 1 1 GKREMVIITF 1 0 1
19 | ESDEAPFMFSENKFL 1 0 1 GSENKRTGALGNLKN 1 1 1
20 | EVNQIVETNVRLRQQW 1 1 1 GSPPRRPPPGRRPFFHPVGE 0 0 0
21 | FKNPHAKKQDVV 1 1 1 IDKLCVWNNK 1 1 1
22 | FSPRRHWTTQGCNCSIYP 0 0 0 ILHQQHH 0 1 0
23 | GCNCSIYPGHITGHRMAW 0 1 0 IPEQ 0 0 0
24 | GGQIVGGV 0 0 1 ISIKYDPRKDSEVFA 1 1 1
25 | GIGAVLKVLTTGLPALISWIKR 1 1 1 ITFKSGATFQ 1 0 1
26 | GNASRCWVAMTPTVATRD 0 0 0 ITIMDNGNIDTELLVGTLTLGGY 1 1 1
27 | GSAGHTVSGFVSLLAPGA 0 1 1 KASITEIKADKT 1 1 1
28 | GVDAETHVTGGSAGHTVS 0 0 1 KGINLIDDIKYYFDEKGIMRTGLIS 1 0 1
29 | GVRATRKT 0 0 1 KREMVIITFK 1 0 1

to be cont’d on next page
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Table 3.14: Benchmark dataset of IgG and IgA epitopes. (ront

SN | IgG_Sequence Actual | Proposed IgPred || IgA_Sequence Actual | Proposed IgPred
Model Model Model Model
30 | GYGAGVAGAL 0 0 0 LALLAIVATTATTAVRVPVPQ 0 1 0
31 | HADPAPASAENVKEIIELLKGL |1 1 1 LCCQHLWQIPEQSQCQAIHNV 0 0 1
DLRLQTVEGKVDKILA
32 | HYAPRPCGI 0 0 0 LCVWNNKTPN 1 1 1
33 | HYKLFLARL 0 0 0 LQQQLIPCRD 1 1 1
34 | KNQVEGEVQIVSTATQTFLA 0 0 0 LRITYLTETK 1 0 1
35 | KSGNFKHLREFVFK 1 1 1 LRLQTAGNVDHVGLGT 1 1 1
NKDGFLYVYKGYQPIDV
36 | KTNTPADVFIVFTDNETFAG 1 1 1 MKTFLILALLAIVATTATTAV 0 0 0
37 | KTSERSQP 0 0 1 MSDGAVQPDGGQPAVRNERATG | 1 1 0
38 | LEGAARQ 1 1 1 MVIITFKSGA 1 1 1
39 | LGVRATRK 0 0 1 PGEGPSTGPRGQGDGGRRKK 0 1 1
40 | LPATQLRRHIDLLVGSAT 0 0 0 PLKP 1 1 1
41 | MMNWSPTTALVMAQLLRI 0 1 1 PLLGCIGSTCAEDGN 1 1 1
42 | MYVGGVEHRL 0 0 1 PPDQLVNLHDFRSD 1 1 0
EIEHLVVEE
43 | NPDPNPN 1 1 1 PQQPISQQQQQQQQQQQAQNQQQ |0 0 1
44 | NQVYYRPMDEYSN 1 1 1 QEQKQQLQQQ 0 0 0
45 | NRRPQDVK 0 0 1 QFLGQQQPFPPQQPYPQPQPF 0 0 1
46 | NSTNSGIN 1 1 1 QGSFRPSQQNPQAQGSVQPQQ | O 0 1
47 | NTHVTGAVQGHGAF 1 1 1 QLVKDKNIDISIKYDPRKDSE 1 0 1
TLTSLFQPGASQKIQLV
48 | PGGGQIVG 0 0 0 QPFPPQLPYP 0 0 1
49 | PIPKARRP 0 0 0 QPFPQPQLPYSQPQPFRPQQP 0 0 1
50 | PLATQPPVLAL 1 1 1 QPFPSQQPYLQLQPFPQPQLP 0 0 1
51 | PPAYEK 1 1 1 QPQEQVPLVQQQQFLGQQQPF 0 0 1
52 | PPGEFLQVSIQDTRNAVRAC 1 1 1 QPQYSQPQQPISQQQQQQQQQ |0 0 1
53 | PQDVKFPG 0 0 1 QPYLQLQPFPQPQLPYSQPQP 0 0 1
54 | PRRGPRLGVRAPRKTS 0 1 1 QPYPQPQPFPSQQPYLQLQPF 0 0 1
55 | QDVKFPGG 0 0 1 QQLQQQQQQAQ 0 0 1

to be cont’d on next page
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Table 3.14: Benchmark dataset of IgG and IgA epitopes. (ront

SN | IgG_Sequence Actual | Proposed IgPred || IgA_Sequence Actual | Proposed IgPred
Model Model Model Model
56 | QDVKFPGGGQIVGG 0 0 1 QQQOLQQQQAQ 0 0 1
VYLLPRRGPRL
57 | QKTRTSRRAKPPQRPKQQPAAR 1 1 1 QQQQQQAQMQQAQQAQQILAQAQILQQ 0 0 1
58 | QPIPKARR 0 0 0 QQRQRQRQAAAQQQQQQQQQQQIL | 0 0 1
59 | RATRKTSE 0 0 0 QQYPLGQGSFRPSQQNPQAQG 0 0 1
60 | REQAPNLVY 1 1 1 REMVIITFKS 1 0 1
61 | RGQRTKTNARTRKGPRKPIKK | 1 1 1 RGRGRGEKRPRSPSSQSSSS 0 1 0
62 | RKTSERSQ 0 0 1 RRPFFHPVGEADYFEYHQEG 0 0 0
63 | RLGVRATR 0 0 1 SATAIFDTTTLNPTIAGAGDVKASAE| 1 1 1
GQLG
64 | RPEPKKPWSGVWNASTY 1 1 1 SEEEND 1 1 1
65 | RSQPRGRR 0 0 0 SELLSLINDMPITNDQKKLMSNNV | 1 0 1
66 | SAFVFPTKD 1 0 1 SFQQPLQQYPLGQGSFRPSQQ 0 0 1
67 | SAQSGTSGTSAQSGT 1 0 1 SGPRHRDGVRRPQKRPSCIG 0 1 1
68 | SCLTVPASAYQVRNSTGL 0 1 0 SLLTEVETPIRNEWGCRCNDSSD | 1 1 0
69 | SMVGNWAKVLVVLLLFAG 0 1 0 SMAGKREMVI 1 0 1
70 | SQWN 1 1 1 SQQNPQAQGSVQPQQLPQFEE 0 0 1
71 | SSKYGDTSTNNVRG 1 1 1 SQVLQESTYQ 0 0 1
DLQVLAQKAERTLP
72 | TCSMFVYGGC 1 1 1 STYQLVQQLC 0 1 1
73 | TISSLQS 1 1 0 TAVRVPVPQLQPQNPSQQQPQ 0 0 1
74 | TPGCVPCVREGNASRCWV 0 1 0 TETKIDKLCV 1 1 1
75 | TRKTSERS 0 0 0 TFKSGATFQV 1 1 1
76 | TSGTSGTSGTSPSSR 1 0 1 TINKPKGYVGKE 1 0 1
77 | TWGENETDVLLLNNTRPPQ 1 1 1 TLRITYLTET 1 1 1
78 | VDPLPSGYQFNPEATKAASP 1 1 1 TRLSRTIGYTVK 1 1 1
79 | VENGLISRVLDGLV 1 1 0 TSQDGNNHQFT 1 1 1
80 | VFVGLILLTL 0 0 0 VATTATTAVRVPVPQLQPQNP 0 0 1
81 | VKEFLESSPNTQWELRAFMA |1 1 1 VETEDTKEPGVLMG 1 1 1
GQSESVEFTKDTQTGM
82 | VKTIGDKRTLTLNTTANYT 1 1 0 VKAETRLNPDLQPTE 1 1 1

to be cont’d on next page




Table 3.14: Benchmark dataset of IgG and IgA epitopes. (ront

SN | IgG_Sequence Actual | Proposed IgPred || IgA_Sequence Actual | Proposed IgPred
Model Model Model Model

83 | VRATRKTS 0 0 1 VLQQSTYQLLQELCCQHLWAQI 0 0 1

84 | VTSVSAVASGHYLHR 1 1 1 VVLQQHNIAH 0 0 1

85 | VYEAADAILHTPGCVPCV 0 0 1 WQIPEQSQCQAIHNVVHAIIL 0 0 1

86 | WGVLAGIAYFSMVGNWAK 0 0 0 YLLPRRGPRL 0 0 0

87 | WHLNSTALNCNDSLNTGW 0 0 0 YPQPQPQYSQ 0 0 1

88 | YWPPPQGRRRF 1 1 1 YQLLQELCCQHLWQIPEQSQC 0 0 1

LS

1 represents 1gG or IgA epitopes, O represents Non-1gG orl§arepitopes




Chapter 4

Ensemble Technique for Prediction of T-cell

Mycobacterium Tuberculosis Epitopes

Development of an effective machine learning model for T-og/cobacterium tuberculosis (M.
tuberculosis) epitopes is beneficial for saving biologisime and effort for identifying epitope in
a targeted antigen. Existing NetMHC 2.2, NetMHC 2.3, NetMBIQ and NetMHC 4.0 etc estimate
binding capacity of peptide. This is still a challenge foodk servers to predict whether a given
peptide is M.tuberculosis epitope or non-epitope. One@ttrvers, CTLpred works in this category
but it is limited to peptide length of 9-mers. Therefore, istChapter direct method of predicting
M. tuberculosis epitope or non-epitope has been proposéchvelfiso overcomes the limitations of
above servers. The proposed method is able to work withharlangth epitopes having size even
greater than 9-mers. Identification of T-cell or B-cell epies in the targeted antigen is the main goal
in designing epitopes based vaccine, immune-diagnostis &énd antibody production. Therefore, it
is important to introduce a reliable system which may helihendiagnosis of M. tuberculosis. In this
Chapter, computational intelligence methods are useassifl T-cell M. tuberculosis epitopes. The
caret feature selection approach is used to find out the setedant features. The ensemble model
is designed by combining three models and is used to predid¢uberculosis epitopes of variable
length (7 to 40 mers). The proposed ensemble model achi@@%8accuracy, 0.89 specificity, 0.77
sensitivity with repeated k-fold cross validation havingage accuracy of 80.61%. The proposed
ensemble model has been validated and compared with NetMBCN&tMHC 4.0 servers and

CTLpred T-cell prediction servet.

D Khanna and PS Rana, Ensemble Technique for Prediction a#llTMycobacterium Tuberculosis Epitopes,
Interdisciplinary Sciences: Computational Life Scien&winger 11 (4) (2019) 611-627.
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4.1 Introduction

Tuberculosis (TB) is a destructive global health commupleadisease which is caused by
mycobacterium tuberculosis. According to the survey of WIHQ015 [93], approximately 10.4
million TB cases worldwide were found in which 5.9 million me3.5 million female and 1.0
million children. The patients who were suffering from HIX(.2 million) were also affected by
TB. Approximate death rate of TB patients was 1.4 million @hd million for both HIV and
TB affected patients. However, the death rate was decreased2000 to 2015, even then TB
is one of the top 10 death causing disease worldwide. Géyehahgs in the human body get
affected from TB disease but it may harm other organs as Wilis disease gets transmitted as
the antigen released in environment when the infected pereaghs or sneezes. Approximately
2-3 billion TB infected patients spread TB disease durirarthfespan [93]. This issue has boosted
the research field for identifying better vaccines and auliks for curing tuberculosis. According
to [94], Bacillus Calmette-Guerin (BCG) is the only liceds&B vaccine but it is limited in its
efficacy and applicability. Thus, a universal TB vaccine wasved by using advanced computational
procedures [94].

The pathogenic mycobacterium which causes TB survivesimwitie cells. Thus T-cells are
required to fight against bacteria rather than antibodig 5. For correct functioning of the immune
system, both humoral and cell mediated immunity work togedlirectly or indirectly depending upon
the occurrence of foreign invader. Therefore, there areamaos methods for predicting T-cell and
B-cell epitopes which help in designing of epitope baseaivess, immune-diagnostic and antibody
production.

CTLpred [35] method was trained and tested on T-cell epgaged non-epitopes. To predict
binding capacity of T-cell epitopes with MHC type | and M.&rbulosis, many servers exist including,
SVM based model [69], NN based model [70], improved NN modé&l,[ SVMHC [72], NetMHC
2.2 [31] server, NetMHC 3.0 [33] server, NN-Align method [/®&letMHC 4.0 [34] server and
NetMHCpan 3.0 [77] server. To predict MHC Il peptide bindicapacity [73], the existing servers
include SVM based model [74], linear B-cell epitopes [75¢tMHC 2.2 [31] server and NetMHC
2.3 [32] server.

Machine learning models can be used to reduce the numbertdalvexperiments and suggest
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some focused experiments out of them. They are in trend afgresing T-cell epitopes, B-cell
epitopes and many more areas of biology. Instead of predidiinding capacity of an epitope to
determine T-cell M. tuberculosis, there is an another wayclis called as classification of M.
tuberculosis epitopes. In this Chapter, targeted epitgpesain both MHC class | and Il T-cell
epitopes.

Inspired from the contribution of machine learning teclugg in biology and increasing spread
rate of M. tuberculosis disease, there is need to find an atumnodel which can classify T-cell
epitopes of M. tuberculosis and non-epitopes. A hybrid rhdues been designed in which
physicochemical properties of amino acids are used to tr@mmachine learning models. These
models have been fused to design ensemble model which ag$i) T-cell M. tuberculosis epitope
or non-epitope.

A brief overview of the Chapter is as follows: the datasedfdiee extraction, machine learning
model, aim of the proposed study are detailed in Section %t proposed methodology, feature
selection approach, data partitioning approach, propeasdmble model and analysis of improved
results are explained in Section 4.3. Model evaluation aioua parameters, repeated k-fold cross
validation, benchmark dataset and comparison with exjstystems are detailed in Section 4.4.
Evaluation of Results has been narrated in Section 4.5.uBssen has been detailed in Section 4.6.

Conclusion and future work is described in Section 4.7.

4.2 Materials and Methods

The section contains the details of dataset, alleles, fie&xtraction, machine learning models and

aim of the proposed study.

4.2.1 Dataset and its Features

The T-cell epitopes of M. tuberculosis and non-epitopesallected from IEDB. Total 4045 epitopes
of T-cell M. tuberculosis are extracted, from which 1804tepés are left after removing similar
epitopes and 1804 are non-epitopes. Non-epitopes vary &dm 20 mers and M. tuberculosis
epitopes vary from 7 to 40 mers which means epitopes withalibilength are considered. Thus,
the proposed ensemble model is capable of predicting egstopvariable length. The glimpse of

dataset is presented in Table 4.1.
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Table 4.1: Sample dataset of T-cell M. tuberculosis.

Sequence SL' Fa Fb —— Faa Fab F. | CL7
DMWEHAFYL 9 54.44 | 0.66 ——— 33.33| 11.11| 22.22 1
VLMGGVPGVE 10 | 126.00| -1.54 —— 10.00[ 0.00 | 10.00| 1
STEGNVTGMFA 11 3545 | 081 —— 9.09| 0.00 | 9.09 1
SEFAYGSFVRTVSL 14 | 76.43 | 092 —— 14.29] 7.14 | 7.14 1
TDAATLAQEAGNFER 15 52.67 | 257 —— 26.67| 6.67 | 20.00 1
MTEQQWNFAGIEAAAS 16 | 49.38 | 1.03 —— 12.50] 0.00 | 12.50 1
DAATAQTLQAFLHWAITDGN | 20 | 83,50 | 0.87 —— 15.00] 5.00 | 10.00 1
LLAFTNPTV 9 130.00| -0.77 —— 0.00| 0.00 | 0.00 0
GLSTHEGALL 10 | 127.00| -0.10 —— 20.00( 10.00| 10.00| O
LAQEAGNFERISGDL 15 | 91.33 | 1.97 —— 26.67| 6.67 | 20.00| O
KTDAATLAQEAGNFE 15 5267 | 1.94 —— 26.67| 6.67 | 20.00| O
GEAWTGGGSDKALAAATP 18 | 49.44 | 053 —— 16.67| 556 | 11.11| O
PAIAAGLNAPRRNRVGRQ 18 | 81.67 | 3.08 —— 22.22| 22.22| 0.00 0
MQLVDRVRGAVTGMSRRLVV 20 | 116.50| 2.07 25.00| 20.00| 5.00 0

'SL represents sequence lendtBL represents class labieb. 1 means M. tuberculosis epitope and 0 means non M. tubeisw@piope

4.2.2 Alleles used in this Chapter

In this Chapter, epitopes with their corresponding alleles extracted from IEDB. MHC class |
alleles in the present work are : HLA-A * 01:01, HLA-A * 02:0lHLA-A * 02:05, HLA-A * 03:01,
HLA-A*11:01, HLA-A*24:02, HLA-A * 30:01, HLA-A * 30:02, HLA -A * 68:01, HLA-A * 68:02,
HLA-A2, HLA-A24, HLA-B * 07:02, HLA-B * 08:01, HLA-B * 15:01, HLA-B * 15:02, HLA-B *
27:05, HLA-B * 35:01, HLA-B * 35:14, HLA-B * 39:01, HLA-B * 3905, HLA-B * 40:01, HLA-B
*41:02, HLA-B * 45:01, HLA-B * 56:01, HLA-B * 57:01, HLA-B * 5801, HLA-B14, HLA-B44,
HLA-B52, HLA-C * 06:02, HLA-C * 07:01, HLA-C * 07:02, HLA-C * 12:02.

MHC Il class alleles in the present work are : HLA-DP, HLA-DRWALA-DQB1 * 03:02, HLA-DR,
HLA-DR1, HLA-DR2, HLA-DR3, HLA-DR4, HLA-DR52, HLA-DR7, HLA-DRB1, HLA-DRB1
* 01:01, HLA-DRB1 * 03:01, HLA-DRB1 * 04:01, HLA-DRB1 * 08:18 HLA-DRB1 * 11:01,
HLA-DRB1 * 15:01, HLA-E * 01:03.

4.2.3 Feature Extraction

To enhance the performance and effectiveness of the medelire extraction is an essential phase.
It helps to search out the most informative group of featwlkigh can effectively depict the area of
interest. The physicochemical properties used here alaiaep in Chapter 3 and the Table contains

brief explanation, related R packages, functions and staortes of properties which have been used
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in this Chapter. To extract the features, R is used with deferameters of functions. R is an open

source software licensed under GNU GPL.

4.2.4 Machine Learning Methods

Machine learning models facilitate to build programs widlajptive nature which are capable to adjust
automatically based upon the data they are receiving. Adapss of models allow them to improve
their performances without being programmed. In this Cérgpen models are explored as mentioned

in Table 4.2 with required packages and their tuning pararaefo get better results, models may be

tuned but here, default parameters have been used.

Table 4.2: Machine learning models considered for ensemjheir respective
R packages, methods and tuning parameters.

4.2.5 Aim of the Proposed Study

Model Method | Required Package| Tuning Parameter

RRF [86] RRF RRF None

Decision Tree [89]  rpart rpart parms=list(split="information”),
control=rpart.control(usesurrogate=0,
maxsurrogate=0)

Avnnet [92] avNNet caret size=10

Blackboost [95] blackboost mboost None

ELM [91] elmtrain elImNN nhid=10, actfun="sig”

GAM [96] gam gam None

Gamboost [95] gamboost mboost None

Glmboost [95] glmboost glmboost None

NN [90] nnet nnet size=10

SVM [97] ksvm kernlab kernel="rbfdot”, type="C-svc”

In this section, the aim of the proposed study has been disdu€xisting NetMHC 2.2, NetMHC

2.3, NetMHC 3.0, NetMHC 4.0 etc estimate binding capacitpeptide. This is still a challenge for

those servers to predict whether a given peptide is M.tuthescs epitope or non-epitope. One of the

servers, CTLpred works in this category but it is limited &ppde length of 9-mers. Therefore, in

this work direct method of predicting M. tuberculosis epear non-epitope has been proposed which

also overcomes the limitations of above servers. The pexporethod is able to work with variable

length epitopes having size even greater than 9-mers. bbeaeen in Figure 4.1 that when a peptide

IS given as an input to existing servers and the proposedisenodel, the predictions made by

62



them vary in terms of their outcomes. NetMHC 2.2, NetMHC A8tMHC 3.0 and NetMHC 4.0
servers provide binding capacity of the M. tuberculosistioep It cannot be concluded from the

output of these servers that the given peptide is an epitopaon-epitope.

Peptide
NetMHC 2.2 NetMHC 2.3 NetMHC 3.0 NetMHC 4.0 CTLpred Proposed
Server Server Server Server Server Ensemble

Classify a peptide as M.
tuberculosis epitope or non-
epitope

Predict binding capacity of M.
tuberculosis epitope

Scale output.for eg. 1.2, Binary output, for eg. 0
3.2 or range specified by (non-epitope) or 1
the servers (epitope)
Figure 4.1: Prediction outcomes of existing servers anghtbposed ensemble
model.

4.3 Methodology

In machine learning, algorithms repetitively learn fromadand allow computer to search for the
solution of problem without human interference. To perfoitms task efficiently, an effective
methodology is required and has been proposed as descnilbédure 4.2. In methodology of this

Chapter, following steps are considered:

Step 1: Initially, 4045 T-cell epitopes of M. tuberculosis (pos#&) and non-epitopes (negative) are
collected from IEDB. In dataset, negative and positiveaqes with variable length have been
taken. Length of non-epitopes vary from 8 to 20 mers and Mertddosis epitopes vary from

7 to 40 mers.

Step 2 : In this step, feature extraction is done which means thatlalte from step 1 is preprocessed
in order to maximize the information related to the epitoged non-epitopes. To do this step,

R which is an open source software is used as mentioned iroB&cR. 3.

Step 3 : Now, discard redundant epitopes from the dataset.
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Step 4 : Then importance of each feature is calculated by using R agmlcaret. This process

enhances the accuracy of prediction as explained in Se¢t8h.

Step 5 : After Step 4, complete dataset ready which is used to tramtbdels. The models used in
this Chapter are described in Section 4.2.4 and their rediRrpackages, functions and tuning

parameters are mentioned in Table 4.2.
Step 6 : In the this step, three models are fused to get proposed rasdbscussed in Section 4.3.2.

Step 7 : After execution of the above steps, performance of the meg@nsemble model has been
evaluated on various parameters such as specificity, AUgSitsaty, Gini and accuracy. To
analyze the robustness of the model, repeated k-fold cradgfation is used. The benchmark
dataset has been used to validate and compare the proposedl#e model with existing
systems. Finally, results have been analysed to conclusleftactiveness of the proposed

ensemble model.

Final outcome of above stated seven steps is to classifyhehan epitope is of M.tuberculosis or

not.

4.3.1 Feature Selection

It is required to filter the important features to enhancepgbdgormance of models and to reduce
computational time and space complexity. In this Chaptetca R package is used to perform the
feature selection task. Caret package includes the vaylfup¢tion to calculate the importance of
each features. Here, generalized linear model (glm) has to@@ed on the complete dataset. To get
importance of each feature, trained model is given as arcolgehe varlmp() function. This function
provides the weights corresponding to each feature as stmovable 4.4. All the features are ranked
according to these weights. Lower rank shows that the feasunighly important. In table, varimp
output ranks Eto be the most important feature followed bydnd F.

After finding importance of each feature, subset of feataresgenerated as shown in Table 4.3.
This table shows that the subsets of 10, 15, 20, 25 and 30résagive accuracy of 81.98%, 80.99%,
80.37%, 82.0% and 78.66% respectively. According to théueti@n parameters include accuracy,
specificity and sensitivity, one subset of 25 features-(R) is selected. Featuresd; i, Fn, and

are discarded and rest are considered as important ones.
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Step 1

Epitopl j

Epitope Finally classify M.tuberculosis Non epitope
\ - epitope or non-epitope
Epitope Non epitope ¢

|" l Non epitope
|| MHC Class !.\mc Class 11 | ek

Performance evaluation of Proposed =y
£ ensemble model by using parameters,
b ) cross validation and also compared
with existing systems.
Cytotoxic T-cell Helper T-cell
l Step 2 ..|I'p—||[_S“,_,[l 6

4 oposed ensemble technique
a Pr. d bl hni
Data s
Partitioning [ = || + o :
— [Ensemble
5 9:0/8:
S _—
B
| o |
.
1 r Step 5
Step 3 Train Machine Learning Models

Remove Redundant
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Figure 4.2: Graphical view of the proposed work.

Feature Selection

Table 4.3: Features Subsets and their impact on the penfwerat proposed
ensemble model.

Number of features | Features| ACC% | Spec| Sens
10 Fa - Fg 81.98 | 0.86 | 0.77
15 Fa- Fu 80.99 | 0.85| 0.76
20 Fa- F¢ 80.37 | 0.88 | 0.75
25 Fa-F 82.0 | 0.89| 0.77
30 Fa-Fn 78.66 | 0.86 | 0.70

4.3.2 Proposed Ensemble Model

Ensemble modeling is a powerful approach to enhance therpathce of a given machine learning

model. In this Chapter, the major goal is to enhance a moger®rmance by rechecking it’s false
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Table 4.4: Importance of each feature according to the gaicktage.

Rank | Features| Varimp || Rank | Features| Varimp
1 Fa 3.478 16 Fv 0.654
2 F 2.241 17 SL 0.609
3 F, 2.086 18 Fq 0.567
4 Fo 1.918 19 Fm 0.551
5 Fx 1.794 20 Fs 0.497
6 Fe 1.637 21 Fr 0.307
7 Fe 1.631 22 Fy 0.296
8 Fi 1.533 23 Fp 0.115
9 Fs 0.961 24 Fo 0.070
10 Fy 0.893 25 F 0.064
11 Faa 0.712 26 Fab 0.049
12 Fq 0.708 27 F 0.047
13 F 0.685 28 Fk 0.042
14 Fw 0.655 29 Fn 0.030
15 Fu 0.654

predictions. While training the models, data splittingygportant because if the models get sufficient
and effective data then they will be able to predict the umkmdata efficiently. Thus, in the present,
the focus is on the data splitting as well as fusion of modeisiprove the outcome. The data division

steps and all the phases of proposed ensemble model arénexiilathe upcoming sections.

4.3.2.1 Data Partitioning to Train the Proposed Ensemble Mdel

To train the models efficiently, data division process playsmportant role. In this Chapter, during
ensembling, data has been circulated to each model in sual that it improves the overall learning
process and hence increases models’ predictability. €iguB shows the process of data division.
Data is divided in such a way that the complete data is coveffedently. It is beneficial to train
the model with informative set of data to improve its perfamoe.For testing the ensemble model,
100 instances are extracted from the complete dataset. Theaining dataset (Tr) contains rest
3508 instances which are distributed into three modelsThe data partitioning process is described

in Algorithm 1.

4.3.2.2 Proposed Ensembling Approach

After data partitioning, effective ensemble techniqueegquired to fuse the models. Here, three
models includinglecision tree, avNNet and RRFare combined as mentioned in Figure 4.4 to form

the proposed ensemble model. Train the model with inforreadata in such a that they learn it
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Algorithm 1 This algorithm describes the steps of data division:

Step 1: The training dataselr is partitioned into two datasel1tr and M2tr. M1tr contains 50%
randomly drawn data fronfir and rest 50% data in taken M2tr.

Step 2 : Two testing dataset§E1 and TE2 have been generated containing 30% datMfr and
M2tr in each respectively.

Step 3 : A new dataset containing the instancedvtiitr and M2tr which have not been used Tl
and TE2 is generated and is referred to@ata0. This dataset will become the part of RRF
model training process in Algorithm 2.

Training Dataset
(Tr)

v
Step 1 ¢ ¢

M1tr =05Tr M2tr = Tr - M1tr
Step 2 i ¢
TE1=0.3 M1tr TE2=0.3 M2tr
Step 3 2

Data0 = (M1tr - TEL) + (M2tr - TE2)

Figure 4.3: Data partitioning for the proposed ensembleahod

properly and will be able to produce relevant predictiongjufe 4.4 represents four phases which
are required in the fusion of three models. In Phase |, Datisee and avNNet models are trained
and tested on different subsets of the dataset. Phase istooserror calculation and generation of
weights on the testing dataset. In Phase lll, new sets ofatatgenerated which have weights as a
new column. Finally, in Phase 1V, a combined set of data isl igérain the RRF model. These four

Phases are described in Algorithm 2 which are followed iretmgembling process.
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Algorithm 2 This algorithm describes the phases to design proposedtéhsenodel. Terms used in
this algorithm are:
Actual value of peptide: 0 or 1

Predicted probability: real number

Predicted value of peptide: 0 or 1(by rounding of (predigiembability))

n: total number of rows iTE2 or TE1

m: total number of rows where actual value and predictedevate not same imE2

r: total number of rows where actual value and predictedevahe not same ifE1

Phase | : Decision tree and avNNet models are trainedvtdtir andM2tr datasets respectively. For testing decision tree,
TE2 dataset is used whereas for avNNet mottel is used.

avNNet will give prediction probabilities ofEL (tel;, tel,,....., tely) and generate error SEt2 (er2y, er2s,.....
er2n).

Each error in setErl and Er2 is generated by subtracting predicted probability fromabieial value of a peptide.

erl; = Predicted prob (te2;)-Actual value (t€2;),i =1,2,.....,n (4.2)

er2; = Predicted proba (tel;)-Actual value (tel;),i =1,2,......,n (4.2)

Weight setsWeightl (weightl;, weightl,,....., weightl,) and Weight2 (weight2;, weight2,....., weight2,)
corresponding t&r1 and Er2 are thus randomly generated by adding 1 in each error instanc

weightlj=erl; + 1,i=1,2,......n (4.3)
weight2i = er2j + 1,i=1,2,......n (4.4)
Phase Il : Now, two datasetBatal and Data2 are generated by extracting those row3 B2 and TE1 respectively where

actual and predicted value of a given peptide is not same.

if(Actual value (te2;)#Predicted value (t€2))
Datal,=te2;, k=1,2,...m;i=1,2,..,n m™nend

if(Actual value (tel;)#Predicted value (tel;))

Data2, =tel;, k=1,2,...,ri=1,2,...,n £nend

Now, Datal and Data2 contain one additional column of weights (as described @spHl) with respect to each
instance.

Phase IV : Data0, Datal and Data2 are finally combined to generate a new datésatr which is further used to train the
RRF model. FoData0 each instance is given weight 1 [98]. Since each instand43in contains an associated
weight as calculated in Phase Il, therefore, RRF model istn@iwed with weighted instances which will help the
model to learn the importance of each instance for betterefrtomining.

To predict the test and benchmark datasets, contributidhasie three trained models (decision
tree, avNNet and RRF) is required and ensembling of theidiptien is done by using weighted

voting.
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M3tr = Data0O + Datal + Data2

Training

Figure 4.4: The proposed ensemble model for prediction cIlT™.

tuberculosis epitopes.

4.3.3 Analysis of Improvement in the Results

By using the above proposed ensemble model for M. tubensulegitope prediction, all the

considered evaluation parameters are improved becaubke fifltowing reasons:

1. Prediction from the single model is less reliable as caegbdo prediction from group of

models. In the proposed ensemble model, errors of the donfosatrix which are false positive

(FP) and false negative (FN) have been refined.

2. While training the RRF model in Phase M3tr is used which contains weights corresponding
to each false predicted instandges FP and FN. This model has been trained more efficiently
by using false predicted instances and data fiitr and M2tr. Therefore, it helps the RRF

model to enhance it's predictability.

3. The complete dataset is circulated to each model in suchyahvat they can learn it properly.
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The impact of data division and ensemble model has been idedcthrough evaluation

parameters as discussed in Table 4.5.

4. In this Chapter, weighted voting is used to combine thalte®f trained models. Instead of

considering a class (0 or 1), prediction probability of ealass has been used.

4.4 Model Evaluation

In model evaluation phase, the proposed ensemble modekkasésted by using various evaluation
parameters, cross validation and benchmark dataset. Theme of this phase concludes that how
well the model has learnt the data and how efficiently it paedupredictions. Equation 4.5 shows the
features which are considered to train the models. The pedoce of the model has been evaluated
by various parameters such as Gini, accuracy, AUC, spdgifiod sensitivity as described in Chapter
1. While training the models, problems including overfigfimnderfitting/biasness may occur. To
handle these issues and to test the robustness of the pdogasemble model, repeated k-fold cross
validation has been performed. To validate and compare én®rmance of proposed ensemble
model, a benchmark dataset has been used.
After applying feature selection approach on the dataset, features (f, R, Fy and ) are

discarded and rest of the features are considered to taimdldel as mentioned in Section 4.3.1. The

formula for the training process of the three individual relscand the proposed ensemble model is:

CL~ f(Fa, Fb7 FC7 Fd7 Fe7 Ff 9 Fg7 Fh7 Fi7 FJ 9 Fl 9 Fm7 FO7 Fp7 FQ7 Fh FS7 FU7 FV7 FW7 FX7 Fy7 F27 Faa, Fac, &)
(4.5)

4.4.1 Repeated K-Fold Cross Validation

Cross validation is used to evaluate and compare the mogals/iding dataset into two portions;
one portion is used to train the model and other is used talatdithe model. The main goal of
cross validation is to make sure that each portion of datgtetequal chance to occur in the training
and testing datasets. In k-fold cross validation, eachqodf the dataset comes under testing dataset
exactly once and rest of the time it is considered in traigiagset. To increase the occurrence of each
portion in testing dataset, repeated k-fold cross valtais used. Repeated k-fold cross validation is
same as that of k-fold cross validation but the number oéitens get increased. Here, dataset has

been divided into 10 folds and each fold has been executedesti
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4.4.2 Benchmark of the Proposed Model Correctness

Another way to validate the model is to test it with the benahkdataset. In the benchmark dataset,
30 epitopes of T-cell M. tuberculosis have been collectednfiiterature [99, 100] and MtbVeb
server [ttp://crdd.osdd.net/raghava/mtbveb/). 16 non-epitopes are extracted from MHCBN version
4.0 [101] server. All these epitopes and non-epitopes aiguen These epitopes and non-epitopes
are not present in training and testing datasets.

Table 4.6 describes the 30 T-cell epitopes of M. tubercalasd 16 non-epitopes with predicted
binding capacity of peptide from NetMHC 2.3 and NetMHC 4.0s&rg servers and predictions
from the proposed ensemble model. The proposed ensemblel msoefficient enough to predict
benchmark dataset. The outcome of proposed ensemble magigéss that the peptide is M.
tuberculosis epitope or a non-epitope which is not conduole the results of NetMHC 2.3 and
NetMHC 4.0 servers.

The benchmark dataset has been used to compare the perderwfgoroposed ensemble model
with existing CTLpred server. CTLpred online server is abl@redict T-cell epitopes having length

9-mers. The proposed ensemble model outperforms CTLpredrsas shown in Table 4.7.

4.5 Evaluation of Results

The machine learning models have been trained efficienttij@given dataset as discussed in Section
4.3.2. Since data plays an important role in the model ingiprocess, therefore, in this Chapter, data
division has been carried out in an efficient way as mentione&kction 4.3.2.1. Individual models
are selected on the basis of their performance. Like, a deta$trong models and one weak model
is taken to design ensemble model. The proposed ensemblel matcomes the false predictions
and enhances the predictability as compared to the incivitodels.

The results are shown in Table 4.5 which illustrate that #régpmance of the proposed ensemble
model is better than the individual models. After trainihg tnodel, there is a possibility that it can
be overfitted/underfitted/baised. To handle these issuk$oacheck the robustness of the proposed
ensemble model, 5 times 10 fold cross validation and thelreadk dataset are used. In repeated
k-fold cross validation, dataset is divided into ten paripeach containing an equal number of

epitopesi.e. 360 each. For each run, accuracy is shown in Figure 4.5. Téeg® accuracy of
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the proposed ensemble model comes out to be 80.61% in 5 tidrfesdicross validation. Therefore,
the proposed ensemble model overcomes the issues likethued@rfit/baiseness.

The ROC curve plot for the proposed and the individual mogeshown in Figure 4.6. Since,
quality of the model is measured from the bent of the curveatd® the upper left corner, it can be
concluded by seeing the plot in Figure 4.6 that the perfonaarf proposed ensemble model is better

than the other three models.

Table 4.5: Performance evaluation on various parametdbeohdividual and
proposed ensemble models.

SN | Model Name Gini | ACC | AUC | Spec| Sens
1 | AvNNet 0.01| 51 0.5 | 0.52] 0.48
2 | ELM 0.05| 53 | 0.52 | 0.46 | 0.58
3 | Gimboost 0.21| 60 0.6 | 0.53| 0.67
4 | GAM 0.23| 63 | 0.61 | 0.58 | 0.65
5 | NN 0.25| 64 | 0.62| 0.6 | 0.66
6 | Blackboost 0.37| 70 | 0.68| 0.69| 0.7
7 | Gamboost 0.38| 72 | 0.69 | 0.83| 0.68
8 | SVM 0.39| 72 | 069 0.76| 0.7
9 | RRF 056| 78 | 0.78 | 0.82| 0.74
10 | Decision Tree 0.56| 78 | 0.78 | 0.87 | 0.71
11 | Proposed ensemble model 0.65| 82 | 0.82 | 0.89 | 0.77

100 7 —Run1

95 —Run2

90 - —Run3
285 - ——Run 4
E g EeESSe ST, —Rmis

70

65 -

60

Number of Runs

Figure 4.5: Repeated 10-fold cross validation of proposesgeble model.
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4.6 Discussion

The proposed ensemble model is compared with the existstgreg.

4.6.1 Comparison of the Proposed Model with NetMHC 2.3 and NMHC 4.0

Servers

The Table 4.6 contains the benchmark dataset (as mentiorfgetction 4.4.2) with predictions from
the proposed ensemble model, NetMHC 2.3 [102] and NetMH(1402)] servers. As shown in table,
all the epitopes are correctly predicted by the proposedeaald shows it’s reliability. NetMHC
2.3 and NetMHC 4.0 existing servers provide binding capawfithe peptide which can be weak or
strong binder based upon the thresholds defined on ranks $bree peptides do exist which don’t
lie between the given range of ranks. Those peptides aredsyad as Out of Range. However, the
strong binder peptides have the higher chance to be an epii, it can not be surely concluded
that weak and Out of Range peptides cannot be proved to betapemn future. This limitation of
NetMHC 2.3 and NetMHC 4.0 servers has been overcame by timeed ensemble model which

will classify the peptide as M. tuberculosis epitope or a-epitope.
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Figure 4.6: ROC curves of proposed ensemble and single model
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4.6.2 Comparison of the Proposed Model with CTLpred Server

The proposed ensemble model is then compared with the CdLB& T-cell prediction server.
CTLpred server classifies the T-cell epitope or non-epitdpength 9-mers. The comparison between
proposed ensemble model and CTLpred server is given in Bablerhis comparison shows that the
proposed ensemble model performs better than CTLpred. Tdmoped model is also capable of
predicting epitope of any length.

Thus, after validation and comparison, finally it can be toded that the proposed ensmeble

model is adequate for the prediction of M. tuberculosisagat

4.6.3 Other Discussion

In CTLpred [35], they had introduced a direct method for pridg cytotoxic T lymphocyte epitopes.
Since, there are indirect methods to predict T-cell epitepeh predict MHC class | binders instead
of CTL epitopes. They used guantitative matrix and mach&aerning models including SVM and
NN. The accuracy scored by NN is better than quantitativeimnahd SVM. The proposed model has
contributing in the direct prediction of M. tuberculosistepes. There are many indirect methods to
predict M. tuberculosis epitopes which predict MHC class M C class Il binding capacity of the

peptide (as described in Chapter 2) instead of M. tuberustope.

4.7 Conclusion

In this Chapter, direct method is used to predict T-cell Mbettculosis epitopes instead of predicting
binding capacity of the peptide. By using proposed ensemimeel, prediction of T-cell M.
tuberculosis epitopes is enhanced as compared to thedondivinodels and existing systems. Three
models (decision tree, avNNet and RRF) have been used tgrdése ensemble model which
produces high accuracy, Gini, AUC, specificity and sensgjtiwWhile training the proposed ensemble
model, data division is uniquely performed which refinesftise predictions. The benefit of using
this approach is to enhance the performance and effectgemiethe proposed model. The data
is circulated to three individual models which train theneaulately in order to provide reliable
and accurate results. To analyze the robustness of progosednble model, repeated k-fold cross

validation has been used. To validate and compare the pedperssemble model, NetMHC 4.0,
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NetMHC 2.3 and CTLpred servers have been considered. Thétse®nclude that the proposed
ensemble model is capable of producing effective predistioWe believe that outcome may be
improved by using more properties of epitopes, differer@ppocessing techniques and machine

learning models.
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Table 4.6: Performance comparison of the proposed ensenddel with

NetMHC 2.3 and NetMHC 4.0.

MHC | % Rank by NetMHC | Target | Prediction MHC I % Rank NetMHC | Target | Prediction
4.0 Server 2.3 Server
ARVESRTYI 50 1 1 AHRRFAAAFAAVLLAVVCL 0.17 1 1
ELTQPDRVV 28 1 1 FRRRNPRPAIVVVAFLVV 24.0 1 1
GLLSWVEEV 0.01 1 1 GLVFLAVLVIFAIIVQ 90.0 1 1
GSEEEFQRL 33 1 1 HVVVGAAVLAFVAVVV 42.0 1 1
KHKNSYLAL 50 1 1 IKIFMLVTAVVLLC 35.0 1 1
RLCDQLVEA 0.8 1 1 MRYLIATAVLVAVVLVG 3.00 1 1
SWVEEVAEL 12 1 1 PMRMLVALLLS 17.0 1 1
VEAGTFIRL 22 1 1 SLVRIVGVVVATTLAL 44.0 1 1
VRAVRVPNSFILATNFSF 13 1 1 TRRMYSNYGF 17.0 1 1
FLENFVRSSNL 5 1 1 TSNVSVAKIAFTGVL 35.0 1 1
FLTSELPQWL 0.3 1 1 TVLLDANVLIALVVA 37.0 1 1
GLSIVMPV 0.8 1 1 VNLVDTLNSGQYTVFAPTNAA 28.0 1 1
KLVANNTRLWV 5 1 1
LTSELPQWL 5.5 1 1
QTYKWETFLT 15 1 1
RLWVYCGNGT 4.5 1 1
SMAGSSAMIL 3.5 1 1
YLLDGLRA 1.2 1 1
PEGRAWAQPGYPWPA 12 0 0
KEFRKTKRNTLRRPA 80 0 0
ATRKTSERSQPRGRA 70 0 0
GMGWAGWLLSPRGSA 16 0 0
KARQPEGRAWAQPGA 49 0 0
KEFRKTKRNTLRRPA 80 0 0
LYGNEGMGWAGWLLA 5 0 0
MSTNPKEFRKTKRNA 70 0 0
IPFPIVRYL 15 0 0
PTDPRRRSRNLGKVA 90 0 0
RLGVRATRKTSERSA 34 0 0

to be cont’d on next page
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Table 4.6: Performance comparison of the proposed ensenddel with

NetMHC 2.3 and NetMHC 4.0. (cont.)

MHC | % Rank by NetMHC | Target | Prediction MHC I % Rank NetMHC | Target | Prediction
4.0 Server 2.3 Server
RPSWGPTDPRRRSRA 85 0 0
AYLKQATAK 85 0 1
ARSMAAAAA 43 0 1
ERSMAAAAA 65 0 1
RRGPRLGVRATRKTA 38 0 0

Thresholds for MHC I: According to NetMHC 4.0-Rank < 0.5 strong binder, 2 > %Rank > 0.5 weak binder.
Thresholds for MHC II: According to NetMHC 4.0- Rank < 2.00 strong binder, 10.00 > %Rank > 2.00 weak binder.




Table 4.7: Performance comparison with existing CTLpreatdeseand the
proposed ensemble model.

Sr. No. | Peptide Actual CTLpred Proposed ensemble mode
1 AHRRFAAAFAAVLLAVVCL Epitope - Epitope
2 ARVESRTYI Epitope Epitope Epitope
3 ELTQPDRVV Epitope Non-epitope Epitope
4 FLENFVRSSNL Epitope - Epitope
5 FLTSELPQWL Epitope — Epitope
6 FRRRNPRPAIVVVAFLVV Epitope - Epitope
7 GLLSWVEEV Epitope Epitope Epitope
8 GLSIVMPV Epitope - Epitope
9 GLVFLAVLVIFAIIVQ Epitope — Epitope
10 GSEEEFQRL Epitope Non-epitope Epitope
11 HVVVGAAVLAFVAVVV Epitope — Epitope
12 IKIFMLVTAVVLLC Epitope - Epitope
13 KHKNSYLAL Epitope Non-epitope Epitope
14 KLVANNTRLWYV Epitope — Epitope
15 LTSELPQWL Epitope Non-epitope Epitope
16 MRYLIATAVLVAVVLVG Epitope — Epitope
17 PMRMLVALLLS Epitope - Epitope
18 QTYKWETFLT Epitope — Epitope
19 RLCDQLVEA Epitope Epitope Epitope
20 RLWVYCGNGT Epitope — Epitope
21 SLVRIVGVVVATTLAL Epitope - Epitope
22 SMAGSSAMIL Epitope — Epitope
23 SWVEEVAEL Epitope - Epitope
24 TRRMYSNYGF Epitope — Epitope
25 TSNVSVAKIAFTGVL Epitope — Epitope
26 TVLLDANVLIALVVA Epitope - Epitope
27 VEAGTFIRL Epitope Epitope Epitope
28 VNLVDTLNSGQYTVFAPTNAA Epitope - Epitope
29 VRAVRVPNSFILATNFSF Epitope — Epitope
30 YLLDGLRA Epitope - Epitope
31 PEGRAWAQPGYPWPA Non-Epitope — Non-Epitope
32 KEFRKTKRNTLRRPA Non-Epitope — Non-Epitope
33 ATRKTSERSQPRGRA Non-Epitope — Non-Epitope
34 GMGWAGWLLSPRGSA Non-Epitope - Non-Epitope
35 KARQPEGRAWAQPGA Non-Epitope — Non-Epitope
36 KEFRKTKRNTLRRPA Non-Epitope — Non-Epitope
37 LYGNEGMGWAGWLLA Non-Epitope - Non-Epitope
38 MSTNPKEFRKTKRNA Non-Epitope — Non-Epitope
39 IPFPIVRYL Non-Epitope Epitope Non-Epitope
40 PTDPRRRSRNLGKVA Non-Epitope — Non-Epitope
41 RLGVRATRKTSERSA Non-Epitope - Non-Epitope
42 RPSWGPTDPRRRSRA Non-Epitope — Non-Epitope
43 AYLKQATAK Non-Epitope Epitope Epitope
44 ARSMAAAAA Non-Epitope| Non-Epitope Epitope
45 ERSMAAAAA Non-Epitope| Non-Epitope Epitope
46 RRGPRLGVRATRKTA Non-Epitope — Non-Epitope

-: CTLpred server only predicts 9 length epitopes
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Chapter 5

Improvement in Prediction of Antigenic Epitopes using

Stacked Generalization: An Ensemble Approach

The major intent of peptide vaccine designs, immunodiagnasd antibody productions is to
accurately identify linear B-cell epitopes. The deternima of epitopes through experimental
analysis is highly expensive. Therefore, it is desirablédgelop a reliable model with significant
improvement in prediction models. In this Chapter, a hylmiddel has been designed by using
stacked generalization ensemble technique for predictitinear B-cell epitopes. The goal of using
stacked generalization ensemble approach is to refineqiets of base classifiers and to get rid
of the worse predictions. In this Chapter, six machine legrmodels are fused to predict variable
length epitopes (6 to 49 mers). The proposed ensemble moldielas 76.6% accuracy and average
accuracy of repeated 10-fold cross validation is 73.14% tfdined ensemble model has been tested
on the benchmark dataset and compared with existing sagLBstell epitope prediction techniques

including APCpred, ABCpred, BCpred and AAfreq. |

5.1 Introduction

Interaction between antigen and antibody plays a vital ioléghe humoral immune response.
Antigenic determinants (epitopes) are the specific regicantigens where antibodies bind. B-cell
epitopes can be categorized into two parts: sequentialisndrdtinuous epitopes. Sequential epitopes
are the ones which have amino acids lying linearly in the pebtide chain. The discontinuous
epitopes are generated by using amino acids which are thicedifferent segments of the polypeptide
chain. 10% of epitopes are sequential and the rest are disaons. Disclosure of sequential epitopes
play an important role in experimental designs, immunaaddegc tests and vaccine production [82]

where most of the B-cell epitopes are discontinuous.

D Khanna and PS Rana, Improvement in Prediction of Antig&pitopes using Stacked Generalization: An
Ensemble Approach, IET Systems Biology, IET 14 (1) (2019) 1-
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Traditionally, single property of amino acid was used toatié® the information of sequence
including hydrophilicity [52], antigenicity [53] and swate accessibility [54]. Later on, more than one
physicochemical properties had been employed in the metiic@lPREDITOP [55], PEOPLE [56],
BEPITOPE [57] and BcePred [58]. ABCPred [5], SVM based md8&8], BCPred [37], BEST [61],
SVM model [3], RF based model [1], LBE predictor [62] and AREg [36] were used to predict
B-cell epitopes.

Biologists recognise B-cell epitopes to generate peptaded vaccines, epitope based antibodies
and diagnostic tools. Without computer interference, dgats identify B-cell epitopes by doing
experiments in the wet labs. While doing experiments, treeho test all the peptides individually
to get B-cell epitope. This makes their task tedious in teafhsefforts, cost and time. To make
biologist’s task easy, an accurate statistical model isired which can predict whether a peptide is
an epitope or a non-epitope. Therefore, machine learnsigitques are used to generate predictions
which reduce the human efforts, time, cost and wet lab exparis. Machine learning technique is
beneficial because it facilitates the computer to undedsttire hidden patterns within the dataset and
produces predictions on the unknown data without humamference. Therefore, with the help of
machine learning techniques only those samples which &eeefil by these techniques are used in
the wet labs for further analysis like in experiments, pdphased vaccines, epitope based antibodies
and diagnostic tools.

In this Chapter, the large number of peptides are given tarthehine learning models and they
predict whether that peptide is an epitope or a non-epitdpe.filtered peptides which are epitopes
according to the models are used for further analysis rdbt@ar using all the peptides. This makes
biologist’s job easy by reducing time, cost and efforts feritifying B-cell epitopes.

Inspired from the performance of machine learning modets raeed to find a reliable model
which can predict antigenic epitopes and reduces the egmenthe experimental testing of epitopes,
a hybrid method has been proposed by using stacked gem¢i@iznsemble technique. To train
the models, physicochemical properties of amino acids sed which in turn classify the sequential
B-cell epitopes as described in Section 5.3. From liteeagurvey, some shortcomings of B-cell
epitope prediction methods have been found which includatufe selection phase [3, 5, 37, 38],
fixed length of amino acid sequences [3,5, 38, 61], smallsgéai@nd basic models (RF, SVM, Neural

network). Feature selection phase is essential becawsduices complexity of dataset and enhances
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the performance of model. Model trained with fixed length pit@pes is used to predict fixed
length of epitopes. Nowadays, flexible model is requiredciwhdan predict any length of epitope.
The effectiveness of model is dependent on the size of thmingadataset. The datasets used in
existing methods [1, 3, 5, 36—38, 61] contain approximatlQ, 2479, 701, 4925, 2479, 727, 727,
1573 antigenic epitopes respectively.

In order to overcome the above stated flaws, the contribsitidrine proposed ensemble model

are stated below:

e The proposed ensemble model is a combination of six modééckBoost, Regularized RF,
SVM, RF, GBM and avNNet) which has been explained in Sectidh25 It is different
from existing sequential B-cell prediction techniqueséwese such techniques are based upon
single model (mostly used models RF, SVM and Neural Netwaskiich may produce false

predictions.

¢ In this Chapter, variable length epitopes (6 to 49 mers) aszl uo train the models. 45,320

epitopes are taken out of which 21,999 are positive and restegative.

e The features of amino acids have been filtered by using b¢t0& as mentioned in Section
5.2.3. Boruta feature selection algorithm is based upoppeatechnique which uses RF model

to eliminate the least important features and gives impofeatures to train the models.

e There are many approaches like bagging, boosting and stagkeeralization to create an
ensemble model. In this Chapter, stacked generalizatisareble technique has been used.
One of the benefits, for selecting stacked generalizaticmigue is to refine the output of the
base classifier. The models are then linked with each othsrah a way that wrong prediction

by one model may be corrected by the other model which pradstedle and effective results.

e There exist many sequential B-cell epitope prediction népires. The comparison between
some targeted techniques and the proposed ensemble mpéédiaemed. It describes that the
proposed ensemble model enhances the accuracy of pradietidel which is shown in Table

5.4.

e The proposed model will be beneficial for the biologists liseaof its predictability. Only
filtered epitopes will be available to them which decreases éxpenditure cost to do the

experiments in wet lab.
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The Chapter is structured as: the brief of the dataset, reaxtraction, feature importance, the
models of machine learning and the benchmark dataset areometh in Section 5.2. The proposed
methodology and ensemble model are narrated in Section S&ction 5.4 consists of model
evaluation process. Section 5.5 contains result analgsisparison and discussion. In the end,

the conclusion and future work are mentioned in Section 5.6.

5.2 Materials and Methods

The section describes the dataset, feature extractiotyréeamportance, machine learning models

and the benchmark dataset.

5.2.1 Dataset and its Features

Normally, 10% epitopes are sequential and the rest are miscmus. In this Chapter, continuous
epitopes have been considered. The dataset of sequertd@l &sitopes which contains positive and
negative epitopes, is accessed from LBtope server [104, I0te extracted dataset is imbalanced
thus to handle this issue, fixed length of epitopes are adu#dtketdataset. Fixed length epitopes are
extracted from the same source. After removing duplicageeeces and imbalanced class handling,
45320 sequences are obtained which are of variable lengging from 6 to 49 mers. There are
21,999 positive and rest are negative sequences. An examble dataset is presented in Table 5.1.

Table 5.1: Sample dataset containing the sequence lerfgtbicpchemical
properties of amino acid and class of epitopes.

*SL| Fa Fo | Fc | Fg | — | F; Faa | Fap | Fac | PCL
12 | 57.67| 4.08| 1.46| -1.00| — | 34.33| 9.33 [ 26.00| 5 0
15 | 131.0|/ 0.80| 1.38| 1.09 | — | 21.00| 14.33| 7.67 | 3 0
8 |49.75|3.62|1.50| 4.09 | — | 51.00| 51.00| 1.00 | 8 0
20 | 84.00( 1.91|1.25|-1.00] — | 21.00| 6.00 | 16.00| 4 1
6 |82.67|235|1.35| 1.09| — | 17.67| 17.67| 1.00 | 6 1
49 | 98.35| 3.70| 1.62| 2.95 45.90| 25.49| 21.41| 540| 1

*SL represents sequence lendgtBi represents class labiet. 1 means antigenic epitope and
0 means non antigenic epitope

5.2.2 Feature Extraction

In feature extraction phase, a set of features is definedhwhjmresents meaningful information about

the area of interest and that set is important for the furémalysis. To increase the accuracy and
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effectiveness of supervised learning, feature extragii@ase is essential. In this Chapter, twenty-nine
different physicochemical properties of amino acids idatg Aliphatic index (i), Potential protein
interaction index (F), Hydrophobic moment (, Instability index (Fg), Probability of detection of
peptides (E), Number of possible neighbours FTiny (Fg), Small (F,), Aliphatic (F), Aromatic (F

), Nonpolar (k), Polar (), Charged (), Basic (f), Acidic (F), Percentage of tiny (£}, Percentage
of small (R;), Percentage of aliphatic (F; Percentage of aromaticd) Percentage of nonpolar{f
Percentage of polar (Jr, Percentage of charged,jFPercentage of basic(l; Percentage of acidic
(Fx), Charge of protein sequenceyJFHydrophobicity (F), Kidera factor (&), Molecular Weight
(Fap), Isoelectric point (k) are used and described in Chapter 3. All these properties been
extracted by using R which is an open source software licensder GNU GPL and calculated with

default parameters of all the functions.

5.2.3 Boruta for Feature Importance

In the feature importance phase, those features are renvavietl are highly correlated with other
feature, biases and noise from the data. It filters the redd@atures which improves the performance
of model. Huang [1] uses RF model’s inbuilt property to selegortant features in which mean
decrease in accuracy is used to get important featurese Tifferent sets of features are then created
based upon their importance values larger than 0.05, 0d Odlb respectively. Now, a model is
trained multiple times depending on the sets of features.

Motivated from this property of RF model and to reduce therlogad of training the model
with different set of features, boruta [103] algorithm haeb used which gives a list of important,
unimportant and tentative features.

In this Chapter, feature selection task has been done byt8¢06—-108] because it uses RF
results and z score to find out the importance of a feature.bbhata feature selection algorithm is
based upon wrapper technique which uses RF to eliminateesisemportant features. The RF [87]
has been selected because it uses an ensemble approachsdod-sast calculations. It gathers
votes from all decision trees which are based upon weakiftéass The z score is calculated by
dividing mean loss of accuracy by its standard deviatiorndruta, the dataset is shuffled by creating
random copies of all the features which are known as the shéektures. It trains the RF model

on the huge dataset and applies a feature significance neemsinow the importance of every
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feature. It repeatedly checks in each run that a real fed@mse high significance than the best of its
shadow features and constantly removes insignificantfesité\t final stage, the stopping criteria of
algorithm is when all the elements get accepted or rejeatédachieves a predefined breaking point
of RF runs.

Boruta can be executed in Python, R and does tedious workimmgdesway [109]. To filter out the
features, boruta gives a list of important, unimportanti@mdative features. There is not any tentative
feature in the given dataset. The important features aeeddtout which are used to train the models.
According to the boruta algorithm, featuresdhd F, are least important. So these are discarded and

rest are considered to train the model. Figure 5.1 represeaimportance of features in which green
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Figure 5.1: A plot representing the importance of each featalculated by
using boruta algorithm.

represents the important features, red represents theporiamt features and blue represents shadow
min, shadow mean and shadow max. Variables having z sca¢has shadow variables are marked

as unimportant and hence discarded.

5.2.4 Machine Learning Methods

Table 5.2 shows the models which are used in this Chaptesgstiribes required packages and default
tuning parameters which are used in execution of the modelgyet better results, models can be

tuned but in this Chapter default values of parameters arsidered.
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Table 5.2: Machine learning models considered for ensemjheir respective
R packages, methods and tuning parameters.

Machine learning Model Function Package | Tuning Parameter

BlackBoost [95] blackboost mboost None

Avnnet [92] avNNet caret size=5, linout=TRUE, trace=FALSE

RRF [86] RRF RRF None

SVM [97] ksvm kernlab kernel="rbfdot”, prob.model=TRUE

RF [110] randomForest randomForest ntree=500,mtry=3

GBM [111] gbm gbm var.monotone,distribution="gaussian”
, N.trees=1000

5.2.5 Benchmark of the Proposed Ensemble Model Correctness

For the benchmark of proposed ensemble model correctnesshimark dataset is collected from
Shen [36] and he has provided the comparison of ABCpred, 8 pAAPRscpreg With APCpred.
The benchmark dataset is composed of 187 epitopes and 208pitopes of length 16-mers [5].
The benchmark dataset is used to test the proposed ensermté and compared with APCpred,
ABCpred, BCpred, AABcpreg techniques. There isn't any overlapping between traingjggide data
and benchmark peptide data. The proposed ensemble modetiatidg models have been evaluated
on different parameters including accuracy, MCC, AUC, #efity and specificity as mentioned in
the Table 5.4. Results reveal that the proposed ensemblelnsqoerforming well in comparison to

the existing techniques which is discussed in Section 5.5.1

5.3 Methodology

The proposed methodology is presented in Figure 5.2. liyitithe peptide sequences are extracted
from LBtope server [104]. The dataset contains negativepasitive epitopes having variable length
ranging from 6 to 49 mers. The dataset is imbalanced thustdi@#his issue, fixed length of epitopes
are added to the dataset. Fixed length epitopes are extrimota the same source. In next step, the
feature extraction is performed, as mentioned in Secti@®5. Duplicate and missing entries are
eliminated from the dataset in the third step. In the foutéip sboruta algorithm [103] has been used
to extract the important features. After these steps, thesdais generated which is used to train the
models. Table 5.2 represents the models which have beenirused Chapter. By using stacked
generalization ensemble technique, six models have beehined as detailed in Section 5.3.2. The

control flow of the proposed scheme has been representedyumeFb.3 and discussed in Section
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5.3.1. Finally, performances of the models have been eteduan different parameters including
specificity, AUC, accuracy, Gini and sensitivity. To ranletimodels on the basis of their evaluation
parameters TOPSIS has been used. Section 5.5.1 descrblesrtthmark dataset which is used to
validate the proposed ensemble model. Repeated k-fold eatislation has been used to measure the

robustness of its predictability.

1. Collection of Peptide Sequence

v

2. Feature Extraction

v

3. Data Cleansing

y
4. Feature Importance by Boruta

v

5. Train the machine learning
models

v

6. Stacked Generalization Ensemble
Technique

v

7. Test the Ensemble model

\
8. Result Analysis

Figure 5.2: Methodology: step by step procedure of the pgegavork.

5.3.1 Flow of the Proposed Scheme

Figure 5.3 shows the proposed ensemble model for predicfiamtigenic epitopes. To train the

models, a dataset which consists of B-cell epitopes witin thventy-nine physicochemical properties
(Section 5.2) has been used. An ensemble model has beenaablyi fusing six models as described
in Section 5.3.2. The proposed ensemble model gives findlgtien regarding the fact that whether

an epitope is antigenic or non-antigenic.
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Physicochemical Properties
Kidera Factor, Boman index, Aliphatic index,
Isoelectric Point, Hydrophobicity, Molecular Weight

v

Machine Learning Models
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(Stack Generalized Ensemble Model)

Antigenic Epitopes

Figure 5.3: Workflow of the proposed ensemble model.

5.3.2 Proposed Stacked Generalized Ensemble Model

Ensembling has been performed to get rid of the worst priedicif the model. In this Chapter,
major focus is on the refinement of predictions made by the biassifiers which has been dealt with
stacked generalization ensemble technique. The combimsitt models including Blackboost, RRF,
SVM, RF, avNNet and GBM are used to improve the accuracy awitbesl in the Figure 5.4. 70%
of dataset is used to train all these models and the rest afataset is used as testing dataset. The

proposed ensemble model has been partitioned in 3 phasels arei detailed below:

Phase 1 : Base classifiersin Tier 1 include RF, SVM and RRF which hawalteined on the training
dataset. To check whether the models have learned thengadata properly or not, the trained

models are also tested with training dataset.

Phase 2 : The predictions on training dataset from Phase | are usectsdece CTD1 dataset which is
a combination of training dataset and predictions from RAYISand RRF. CTD1 (combined
training dataset 1)dataset has been used to train the Tias&fters which includes blackboost
and avNNet. These models are then tested by using CTD1 dafes&ase classifier of Tier 1

incorrectly learned some particular instances, the setien(Tier 2) classifiers can detect this
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undesired behavior.

Phase 3 : The predictions on CTD1 dataset from Phase Il are used toec@ED?2 dataset which is
a combination of CTD1 dataset and predictions from blackbaad avNNet models. Along
with the learned behaviors of base classifiers, it can comgaroper training. CTD2 dataset

has been used to train GBM model which is Tier 3 meta classifier

Final predictions on testing dataset are obtained by takivregaverage of minimum and
maximum prediction probabilities of each instance. Hermimum and maximum predicted
probability of each instance has been obtained from six@ldesgcribed trained models. In this
Chapter, instead of considering a class (0 or 1), predigirabability of each class has been

used and hence it increases the impact of proposed enserobéd.m

5.4 Model Evaluation

Model evaluation is an essential phase in developing theelsodIt suggests the model which
efficiently represents the data and produces accuratectimdi. While training the models,
overfitting/underfitting/biasness problems may occur. hSissues are resolved by cross validation
and benchmark dataset. Different parameters like Ginyraoy, AUC, specificity and sensitivity are
used to evaluate the performance of the model as mentior@alapter 1. TOPSIS a multiple criteria
decision making method is used to rank the individual angp@sed ensemble models on the basis of
evaluation parameters. To analyze the consistency of thygoged ensemble model, repeated k-fold
cross validation is performed.

After applying boruta algorithm on the dataset, 2 featuFesa(id Fy,) are discarded and rest are
considered as important which has been discussed in S&#dh In this Chapter, 5.1 is formulated

by using important features and target class to train theatsod

CL ~ f(Fa, Fb7 FC7 Fd7 Ff7 Fg7 Fh7 Fi 9 F]7 Fk7 FI 9 Fm, Fl'h FO7 Fp7 FQ7 Fh FS7 Ft7 FU7 FV7 FW7 FX7 Fy, FZ7 Faa, Fac)
(5.1)
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Figure 5.4: Procedural steps to build the proposed ensemndudiel.

5.4.1 Technique for Order Preference by Similarity to an Ideal Solution

To get an optimized result which is based upon the combinatfothese evaluation parameters,
TOPSIS a multiple criteria decision making method has besexal ult generates score by using these
evaluation parameters and rank each model according tedbis.

TOPSIS [28,29] is one of the multiple criteria decision nmgkimethods. This technique is useful
for decision makers to structure the problems to be soh@djuct analyses, comparisons and ranking
of the alternatives. In other words, it is used to find out tbenbined solution which involves
multiple criteria. In this Chapter, a R package named TORSISsed to get optimized result by

using evaluation parameters. Rather giving importanceoavaluation parameter, all the evaluation
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parameters are considered to generate the TOPSIS scofe iwhised to rank all the individual and

proposed ensemble models.

5.4.2 Repeated K-Fold Cross Validation

Number of iterations are beneficial for reliability comsam of model performance. Repeated k-fold
cross validation has been used to increase the numberatiates or rerun the k-fold cross validation
multiple times. On the other hand, in k-fold cross validati@ runs only k times. The data has
been shuffled in each fold to do the comparisons. In this @nap0-fold cross validation has been

repeated for 5 times.

5.5 Result Analysis, Comparison and Discussion

In this Chapter, sequential B-cell epitopes have been dersil because they are important for
antibody production, experimental designs, immunodiagoadests and vaccine productions. There
are some shortfalls in existing sequential B-cell epitgpesliction techniques which are discussed
in Section 5.1. The proposed ensemble model has been useertmme those shortfalls.

While training the models, problems like overfitting and arfidting can occur. An overfitted
model learns too much and an underfitted model learns too lesdoth the cases, results get
fluctuated during every run. Solutions for such problems @apss validation and testing with
unknown data. In the cross validation process, model ruimaestand the accuracy is noted. If there
is high fluctuation in the accuracy then it means the modeVésfated/underfitted/biased. Repeated
k-fold cross validation has been performed and the accusamynsistent. It shows that the proposed
ensemble model is not affected from any issues as descriimae aFor validation of the proposed
ensemble model, benchmark dataset has been used. The msents the two factors: former is,
the proposed ensemble model is not overfitted/underfitieskld and another one is, outcome of the
proposed ensemble model is better than the existing tewegiq

In this Chapter, boruta algorithm is used to select the ingmifeatures. The impact of feature
selection phase is demonstrated in Table 5.3. Evaluaticanmpeters like accuracy, Gini, sensitively
and AUC are boosted up by using feature selection phase.efbiner for training the models, only
important features are considered and rest are discarded.

The stacked generalized ensemble approach is used to l@imachine learning models as
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explained in Section 5.3.2. To create the proposed ensendilel, six models are used as mentioned
in Table 5.2. 70% of the dataset is used to train these moddI8@% is used as testing dataset. The
performance of above individual models and the proposeeneble model is shown in Table 5.3.

In this Chapter, multiple criteria decision making metho@PSIS is used to get the ranking
of models on the basis of their evaluation parameters. Timeftheof this technique is that the
decision of selecting best model is based upon all the fivkiatran parameters rather than any one
or two parameters. The evaluation parameters get incrépsesing the proposed ensemble model.
According to TOPSIS technique, the proposed ensemble nwdefirst rank which suggests that the
proposed ensemble model is better than individual models.

The proposed ensemble model is compared with the existaigues as mentioned in Section
5.5.1. Table 5.4 shows the performance of the proposed datsenodel and existing techniques on
the benchmark dataset. TOPSIS and other evaluation paesrteive suggested that the proposed
ensemble model is outperforming the existing techniques.

To analyze the robustness of the proposed ensemble moedeldi€ross validation is performed 5
times which scores mean accuracy of 73.13%. In cross vadidptocess, dataset is divided into two
sets: 70% for training and 30% for testing. Figure 5.5 shdwsaccuracy of the proposed ensemble
model for 10 runs executed 5 times each which in turn reptses$ka consistency in accuracy.

From the results and comparison, it is concluded that ptailty of the proposed ensemble

model has been improved significantly as compared to theidwhl models.

Table 5.3: Performance evaluation of machine learning isaated the proposed
ensemble model.

Model Name Spec| Sens| ACC% | Gini | AUC | TOPSIS Score| Rank
RF 0.66 | 0.83 75 0.51| 0.75 0.74 4
SVM 0.57| 0.85| 71.25 | 0.47| 0.73 0.18 6
RRF 0.67 | 0.83| 75.01 | 0.51| 0.75 0.81 2
Blackboost 057 0.86| 72.1 | 048] 0.74 0.19 5
avNNet 0.54 | 0.87 71 0.47| 0.73 0.06 7
GBM 0.67| 0.82| 75.05 | 0.51| 0.75 0.80 3
Proposed Model| 0.70 | 0.82| 76.6 | 0.52| 0.76 0.94 1

5.5.1 Performance Comparison on Benchmark Dataset

The proposed technique has been compared with existingesggluB-cell epitopes prediction

techniques on the benchmark dataset. The results condhadethte proposed ensemble model
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Figure 5.5: Repeated k-fold cross validation of the prog@sesemble model for
10 runs executed 5 times.

outperforms current techniques which is shown in TableActuracy scored by APCpred, ABCpred,
BCpred, AARcpreq and the proposed ensemble model is 67.96%, 66.41%, 65.82%0% and
69.2% respectively. The proposed ensemble model has lobtheteaccuracy as well as the other
parameters and scores at first rank according to the TOP8Hitpie which is shown in Table
5.4. The increased results and TOPSIS ranking suggestththptoposed ensemble model is more

accurate and effective than that of the existing techniques

Table 5.4: Performance comparison of existing and the mepensemble

model.
Models Acc(%) | Sen(%) | Spe(%) | MCC | AUC | TOPSIS Score| Rank
Proposed Model| 69.2 62.82 79.6 | 0.375| 0.692 0.84 1
APCpred [36] 67.96 | 56.15 79 0.362| 0.748 0.78 2
ABCpred [5] 66.41 | 71.66 61.5 | 0.333| 0.736 0.24 4
Bcpred [37] 65.89 | 66.31 65.5 | 0.318]| 0.699 0.27 3
AAPgcpred [38] 64.6 64.17 65 0.292 | 0.689 0.21 5

5.6 Conclusion

This Chapter contributes in peptide vaccine designs, inodiagnosis, antibody productions and
experimental determination by predicting sequential B-@gitopes. The proposed ensemble model
works well on large dataset and produces improved resulisfiable length epitopes (6 to 49 mers).
Length of the epitopes is important for better performantcéhe model as well as for prediction
of antigenic epitopes. In this Chapter, six models blacklboavnnet, RF, SVM, GBM and RRF
have been used to create an ensemble model by using stadklgesttensemble technique which

improves the predictability of the proposed ensemble mobDéferent parameters like Gini, AUC,
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specificity, senstivity and accuracy have been used to ateatix models individually. The evaluation
process is repeated for the proposed ensemble model. TGP@&L8tiple criteria decision making
method is used to rank the models on the basis of their evatupairameters. The benefit of this
technique is that the decision of selecting best model isdapon all the five evaluation parameters
rather than any one or two parameters. The comparison akihgaby TOPSIS shows that an
ensemble model performs better than that of the individuadlels. For validation, comparison
between APCpred, ABCpred, BCpred, AddR;eq and the proposed ensemble model is performed,
which demonstrates that the proposed ensemble model iseffaient. To analyze the robustness
of the proposed ensemble model, repeated k-fold crossatalidhas been performed. It is a crucial
task to identify sequential B-cell epitopes. Althoughfetiént techniques already exist for the same
but the proposed technique is better as shown by compaeatalgsis.

The proposed ensemble approach can be expanded to perfoeficia role in the different areas
of the biology including drug designing, prediction of chiodiseases, prediction of T-cell epitopes,
protein structure prediction, allergy and infection potidins and many more. The results may be
further enhanced by using emerging machine learning mpdptsnizing the tuning parameters of

the models, extracting more peptides of variable lengthaalting more physicochemical properties.

5.7 Supplement Data

The dataset used in this Chapter is availablettgs: /bit.ly/2PeOlvi. There are three files:
¢ "Positive_Negative epitopes.csv’contains all the positive and negative epitopes.
e "Complete_Dataset.csv’contains complete dataset with all features.

e "Blind _Dataset.csv’contains the benchmark dataset with all features.
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Chapter 6

Conclusions and Future Work

This Chapter concludes the thesis and also suggests sogessions towards which the present work
can be further extended. Section 6.1 describes the overatlusions of the research work which has
been presented in this thesis. Section 6.2 describes s@agregarding the future research directions

and feasible extension of the present work.

6.1 Conclusions

In this thesis, an effort has been taken to improve the ptiediof antigenic epitopes by using

machine learning techniques. The major contributions etliesis are mentioned below:

1. Prediction of the antigenic epitopes can be achieved inguscells and T-cells. In this thesis,
B-cells, antibody IgG and IgA and T-cells are used separdtelthe prediction of antigenic

epitopes.

2. In machine learning models, the most important phase#seaddraction. In this thesis, epitopes

and non-epitopes have been collected from the reliable atheaticated resources.

3. The physicochemical properties of peptides have beeadagt by using R an open source

software and is licensed under GNU GPL.

4. The preprocessing of the data which includes data clegndass balancing, feature extraction,

feature selection is performed.

5. The feature selection process has been performed by difieggnt techniques which includes

RRF, caret and boruta.

6. A multilevel ensemble model is combination of seven ddf¢ models and is used to predict

antibodies IgG and IgA epitopes.
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10.

11.

12.

13.

. To predict T-cell mycobacterium tuberculosis epitog@sensemble model is proposed which

classifies a peptide is an epitope or a non-epitope rathdrgirgg its binding capacity. While
training and testing the models, data partitioning is penkd in such a way that all the models
are able to access the whole data. Here, the ensemble madabisbination of three different

models.

Prediction of B-cell epitopes is done by the proposedmabsemodel which is combination of

six different models.

. The three different ensemble models are efficient to ptedhriable and fixed length of

epitopes.

The consistency of proposed ensemble models predictias been validated by performing

repeated k-fold cross validation.

For validation, comparison between existing systenasthe proposed ensemble models has
been performed, which demonstrates that the proposed bteseradels are more efficient. The
existing systems includes IgPred, NetMHC 2.3, NetMHC 4.0 @ed, APCpred, ABCpred,
Bcpred and AAPBCPred servers.

The proposed ensemble models are capable of providiagtgirediction by classifying the

peptide as an epitope or a non-epitope.

The existing tools, prediction of antigenic epitopedependent upon single model’s outcome
but in this thesis, three different ensemble models areqs®eg. In each ensemble model,
different machine learning models are used. Here, boosdimg) stacked generalization
techniques are used to develop the different ensemble sddelprediction of antigenic

epitopes.

6.2 Future Work

Research follows systematic and iterative approach toyaeahnd solve the problems. In this

thesis, the focus is on the prediction of antigenic epitopgsising ensemble machine learning

technique. There are many more areas where the proposectamitie used and expanded as per the

requirements. Suggestions for the future work are mendideéow:
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1. The proposed ensemble approaches can be expanded torpeeioeficial role in the different
areas of the biology including drug designing, predictidrcloronic diseases, prediction of

T-cell epitopes, protein structure prediction, allergg amfection predictions and many more.

2. The proposed data portioning approach can be used in gtieddems to enhance the

predictability of the model.

3. The results may be further enhanced by using emerginginet#arning models, optimizing
the tuning parameters of the models, extracting more pepid variable length and adding

more physicochemical properties.
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