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Abstract

Traditional trial-and-error based approaches to vaccine design have been remarkably suc-
cessful. One of the major successes was the eradication of smallpox in the 1970s. However,
there are still many diseases for which no viable vaccine could be found, HIV infection
and cancer being among the most prominent examples. Here, new, rationally designed
types of vaccines, as, e.g., epitope-based vaccines (EVs) are a promising alternative. Due
to their manifold advantages and their applicability in personalized medicine EVs have
recently been attracting significant interest. EVs make use of target-specific immunogenic
peptides, i.e., epitopes, to trigger an immune response.

In this thesis we propose new approaches to the in silico design of EVs. Given a set of
target antigens, the first step in EV design is the discovery of candidate epitopes. Computa-
tional approaches to epitope discovery comprise major histocompatibility complex (MHC)
binding prediction and T-cell reactivity prediction. The key problem in MHC binding
prediction is the lack of experimental data for the vast majority of known allelic MHC
variants. We present two support vector machine (SVM)-based approaches to overcome
this problem. The first approach improves the predictive power of SVMs for alleles with
little experimental binding data. The second approach – for the first time – allows pre-
dictions for all known MHC variants by exploiting structural similarities between different
MHC molecules. The key problem in T-cell reactivity prediction are the complex depen-
dencies of T-cell reactivity on the host proteome. We present the first approach that takes
these dependencies into account. Our method markedly outperforms previously proposed
approaches, indicating the validity of our approach.

Due to regulatory, economic, and practical concerns only a small number of candidate
epitopes can be included in the EV. Hence, it is crucial to identify the optimal set of
peptides for a vaccine. We formulate the epitope selection problem within a mathematical
framework based on integer linear programming. The resulting optimization problem can
be solved efficiently and yields a provably optimal peptide combination. We can show
that the method performs considerably better than existing solutions. Furthermore, the
framework is very flexible and can easily handle additional criteria.

For EV delivery, the selected epitopes are commonly concatenated into a single polypep-
tide. Since an unfavorable epitope order can result in the degradation of the intended
epitopes, optimal epitope assembly is critical for the success of the EV. We present a
graph-theoretical formulation of this problem that allows the efficient determination of
optimal epitope orders. Application of the presented EV design approaches to realistic
vaccine design studies yields promising results.
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Zusammenfassung

Die traditionellen experimentellen Methoden zum Impfstoffentwurf blicken auf eine lange
und erfolgreiche Geschichte zurück. Zu den bedeutendsten Erfolgen gehört die Ausrottung
der Pocken in den 1970er Jahren. Dennoch gibt es immer noch Krankheiten, gegen die
bisher kein geeigneter Impfstoff entwickelt werden konnte. Die wohl bekanntesten Beispiele
sind HIV-Infektion und zahlreiche Krebserkrankungen. Hier sind neue, rational entwor-
fene Impfstoffe, wie zum Beispiel epitopbasierte Impfstoffe (EVs), eine vielversprechende
Alternative. EVs haben aufgrund ihrer Anwendbarkeit in der personalisierten Medizin so-
wie aufgrund vielfältiger weiterer Vorteile in letzter Zeit zunehmend an Aufmerksamkeit
gewonnen. Sie basieren auf kurzen, aus Antigen abgeleiteten Peptiden, den so genannten
Epitopen.

In dieser Arbeit stellen wir neue Ansätze zum computergestützten Entwurf von EVs
vor. Ausgehend von einer Menge von Antigensequenzen werden im ersten Schritt des EV-
Entwurfs Kandidatenepitope bestimmt. In-silico-Ansätze zur Bestimmung von Epitopen
umfassen die Vorhersage von Peptiden, die an Moleküle des Haupthistokompatibilitäts-
komplexes (MHC) binden, sowie die Vorhersage von T-Zell-reaktiven Peptiden. Das Haupt-
problem bei der Vorhersage von MHC-bindenden Peptiden ist der Mangel an experimen-
tellen Daten für einen Großteil der bekannten allelischen MHC-Varianten. Wir stellen zwei
Ansätze zur Überwindung dieses Problems vor. Beide Ansätze basieren auf Supportvektor-
maschinen (SVMs). Der erste Ansatz verbessert die Vorhersagekraft von SVMs in Bezug
auf MHC-Allele mit wenigen experimentellen Daten. Der zweite Ansatz ermöglicht – zum
ersten Mal – die Vorhersage für alle bekannten MHC-Varianten durch Ausnutzung struk-
tureller Ähnlichkeiten zwischen unterschiedlichen MHC-Molekülen. Das Hauptproblem bei
der Vorhersage von T-Zell-reaktiven Peptiden ist die komplexe Abhängigkeit der T-Zell-
Reaktivität vom Immunsystem des Patienten. Wir stellen den ersten Vorhersageansatz
vor, der diese Abhängigkeit berücksichtigt. Unsere Methode übertrifft bereits publizierte
Methoden merklich, was auf die Gültigkeit unseres Ansatzes hindeutet.

Aufgrund von regulatorischen, ökonomischen und praktischen Überlegungen kann nur
eine kleine Menge der Kandidatenepitope in den EV einbezogen werden. Daher ist es
äußerst wichtig, die optimale Kombination von Peptiden für einen Impfstoff zu identifi-
zieren. Wir formulieren das Epitopselektionsproblem als ganzzahliges lineares Programm.
Das resultierende Optimierungsproblem lässt sich effizient lösen und liefert eine beweisbar
optimale Peptidkombination. Wir können zeigen, dass unsere Methode deutlich bessere Er-
gebnisse liefert als existierende Lösungsansätze. Darüberhinaus ist der Ansatz sehr flexibel
und kann ohne Weiteres zusätzliche Kriterien berücksichtigen.

Zur Verabreichung des EVs werden die Peptide üblicherweise zu einem einzelnen Po-
lypeptid zusammengefügt. Da eine ungünstig gewählte Epitopanordnung zum Abbau der
gewünschten Epitope durch das Proteasom führen kann, ist die optimale Anordnung von
wesentlicher Bedeutung für den Erfolg des Impfstoffs. Wir stellen eine graphentheoretische
Formulierung dieses Problems vor, die es ermöglicht, die optimale Anordnung der Epito-
pe effizient zu bestimmen. Eine Anwendung der vorgestellten Methoden in realistischen
Impfstoffentwurfsstudien liefert vielversprechende Ergebnisse.
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Chapter 1

Introduction

Motivation

The development of vaccines and their subsequent large-scale prophylactic use was un-
doubtedly one of the most important advancements in medicine. Vaccines make use of the
adaptive part of the human immune system to protect from infections as well as to fight
chronic diseases and cancer.

From the very beginning, the development of vaccines was a process largely driven
by experiment. Attenuation of pathogens turned out to be a very reliable route to new
vaccines. However, there are still many diseases for which no viable vaccine could be found,
HIV infection and cancer being among the most prominent examples. In these cases, the
rational design of vaccines based on a molecular understanding of immunity, shows great
promise. Rational vaccine design uses experimental and computational methods to identify
immunogenic substances, i.e., antigens, suited to form the basis of the vaccine. Given a set
of potential antigens, several options for the construction of a vaccine exist: the antigens
or parts thereof can be used, either as intact protein [1, 2] or as corresponding RNA or
DNA [3, 4]. Using only the smallest immunogenic regions of a protein antigen, the so-called
epitopes, is particularly appealing, as these epitope-based vaccines (EVs) have numerous
advantages over other types of vaccines: apart from the comparatively simple production
in a well-controlled process, EVs can be designed – at least in theory – to evoke an immune
response that is very specifically directed at highly immunogenic regions of antigens. This
design process can also take the immune system of the host into consideration, providing
the basis for a personalized therapy. It is thus hardly surprising that EVs have recently
gained a lot of attention. Several clinical studies with EVs were successful [5–7]. Various
commercial products have now entered clinical phase III trials, indicating that the first
EVs for humans can be expected to enter the market in the near future.

The process of designing an EV can be roughly divided into three steps: epitope dis-
covery, epitope selection and epitope assembly (Figure 1.1). In each of these steps, com-
putational methods can be employed to facilitate the work of immunologists and to assist
them in their decisions. This in silico-guided approach to EV design promises improved
vaccines at reduced development time and cost.

1



2 CHAPTER 1. INTRODUCTION

Figure 1.1: Epitope-based vaccine design. Given a set of antigens, candidate epitopes with
respect to a target population or individual have to be determined (epitope discovery). Out of the
set of candidate epitopes, the most suitable subset for use in the EV has to be selected (epitope
selection). The EV is assembled from the selected epitopes (epitope assembly). Figure based on [8].

Epitope Discovery

Given one or more target antigens, a set of candidate epitopes needs to be determined and
validated experimentally. Candidate epitopes are all antigen-derived peptides capable of
inducing adaptive immunity in the target population.

Adaptive immunity is, at its core, triggered by the recognition of epitopes by cells
of the immune system. Key players in cellular adaptive immunity are MHC molecules
and T cell receptors (TCRs). MHC molecules present peptides on the cell surface for
surveillance by the immune system. The recognition of such a peptide:MHC (pMHC)
complex by the TCR of a T cell induces an immune response (Figure 1.2). The genes
encoding for MHC molecules are located in a large cluster of genes called major histocom-
patibility complex (MHC). Within this complex different loci encode for MHC molecules,
MHC class I (MHC-I) and MHC class II (MHC-II). MHC-I molecules typically bind and
present peptides of length 8 to 10 derived from intracellular proteins. In contrast, MHC-II
molecules present longer peptides, typically of length 13 to 18, derived from extracellu-
lar proteins. Because T cells recognize immunogenic peptides only when bound to MHC
molecules, peptide binding to MHC is essential for the induction of a T cell-mediated im-
mune response. It is, however, not sufficient: not every peptide that can bind to an MHC
molecule will induce an immune response.

Due to the complex host dependencies that account for the T-cell recognition of a
pMHC complex and the incomplete biological knowledge of the underlying processes, the

Figure 1.2: An MHC molecule presents an epitope (red) on the cell surface. The complex is
recognized by the TCR of a T cell.
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prediction of T-cell epitopes is a rather challenging problem. However, the capability of a
peptide to induce a T cell-mediated immune response, i.e., its immunogenicity, has been
shown to correlate well with MHC binding affinity [9]: most high-affinity peptides seem to
be immunogenic. Since the processes governing pMHC binding are well-understood, the
epitope discovery problem is typically reduced to the problem of MHC binding prediction.

MHC Binding Prediction

In 2004, Singh-Jasuja et al. presented the Tübingen approach [10] to acquire an experimen-
tally validated initial list of epitopes from tumor-associated antigens. In their work, the
incorporation of computational methods for prediction of pMHC binding in the process is
proposed. Since such prediction methods help to reduce the number of experiments to be
performed, they have become standard tools in immunology. Most popular approaches are
either matrix-based [11, 12] or use machine learning techniques [13, 14]. Typical matrix-
based approaches assume that each side chain of a peptide contributes independently to
the peptide’s binding affinity. In contrast, most machine learning methods are capable of
capturing nonlinear correlations. Hence, the resulting models are generally more accurate.
Their construction does, however, require considerable amounts of data.

A major challenge in MHC binding prediction is the highly polymorphic nature of
the MHC. As of today, 4,946 MHC-I and 1,457 MHC-II alleles are known (IMGT/HLA
database [15, 16], release 3.4.0). Different allelic variants of MHC molecules bind and
present different sets of peptides. Hence, the MHC ligandome varies from individual to
individual. This has important implications for vaccine design: because T cells recognize
immunogenic peptides only when bound to MHC molecules, a peptide capable of inducing
a T cell-mediated immune response in one individual might not be capable of doing so in
another. Moreover, within a population, some MHC alleles are more common than others
and the allele distribution differs between populations.

Classical prediction methods develop allele-specific models and require a minimum of
experimental binding data for the respective allele. For the majority of all known MHC
alleles the amount of available data is insufficient. However, to address the challenges of
vaccine design, the binding specificities the gene products of all MHC alleles need to be
known. It is thus crucial to find a way to overcome the problem caused by the lack of data.

We propose two approaches to overcome this problem and thus to improve MHC-I
binding prediction. Both approaches employ support vector machines (SVMs), a powerful
and very popular machine learning technique. Given a sufficiently large set of examples,
e.g., MHC binders and MHC non-binders, an SVM detects patterns within the examples
and, based on these, learns to make intelligent decisions regarding unseen data. In order
to do so, SVMs require so-called kernel functions or kernels, which measure the similarity
between examples.

Our first approach to address the problem of scarce data focuses on improving the pre-
dictive power of SVMs for alleles with little experimental binding data by more skillfully
exploiting the available information. MHC molecules bind peptides in an extended con-
formation. Within the complex the peptide’s side chains interact with surrounding side
chains of the MHC and also with each other. Each of the peptide’s side chains contributes
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to the binding affinity. The respective contributions are influenced by the side chain’s
physicochemical properties (e.g., hydrophobicity, charge, size), by its position within the
peptide sequence as well as by the physicochemical properties of its neighboring side chains.
While SVM-based predictors incorporating physicochemical properties of amino acids have
been proposed [17, 18], the sequential information has not explicitly been taken into ac-
count. Particular kernel functions for sequence data, so-called string kernels, are perfectly
suited to exploit the elongated conformation of putative MHC binding peptides. However,
they do not allow an easy incorporation of prior knowledge on the properties of individual
amino acids. We developed kernel functions that combine the benefits of string kernels with
the advantages of physicochemical descriptors for amino acids. The proposed incorpora-
tion of amino acid properties into string kernels yields improved performances on MHC-I
binding prediction compared to standard string kernels and to other previously proposed
kernels without affecting the computational complexity. This improvement is particularly
pronounced when data is less abundant.

Our second approach is based on the idea that structural similarities between different
MHC molecules allow to employ binding information of one allele for the binding prediction
of another. Groundbreaking in this regard is the work by Sturniolo et al. [19]. They
consider the MHC-II binding groove to be composed of individual pockets. For each of the
pockets a variety of amino acid compositions, the pocket variants, exists. These variants
have been shown to be shared among different alleles. Using a matrix-based approach,
Sturniolo et al. determined the binding specificity of an MHC-II allele by combining
the binding affinities of the individual pocket variants constituting the binding groove.
While this approach drastically increased the number of MHC-II alleles for which binding
predictions can be performed, it is far from allowing predictions for all known MHC-
II alleles. Inspired by their work, we propose a more general approach, which for the
first time allows predictions for all known MHC-I alleles, independent of the availability
of experimental binding data. A similar approach has been developed independently by
Nielsen et al. [20].

T-Cell Epitope Prediction

Numerous groups worldwide have been working on the development of techniques for MHC
binding prediction. As a result, state-of-the-art predictors can perform accurate predictions
for all MHC alleles. As discussed above, MHC binding prediction is only a necessary
prerequisite for T-cell epitope prediction. Hence, solving the binding prediction problem
does not fully answer the questions arising in the context of vaccine design.

The ability of a peptide to trigger a T cell-mediated immune response depends on the
host immune system, more specifically on the MHC alleles expressed and on the T-cell
repertoire. Given a suitable MHC molecule that presents the peptide of interest on the
cell surface, induction of an immune response requires recognition of the pMHC complex
by a host T cell. However, the mechanisms governing T-cell recognition of pMHC com-
plexes are not yet fully understood and therefore difficult to model. Furthermore, the
availability of a suitable TCR is determined by a selection process that depends on the
host’s proteome. Existing T-cell epitope prediction methods [21, 22] do not include this
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systemic property but employ peptide sequence information only. This limited view on T-
cell reactivity contributes to the methods’ insufficient prediction accuracies. In this thesis,
we present a novel approach to T-cell epitope prediction combining sequence information
with information on system-wide properties. Our results show that the incorporation of
knowledge on the T-cell selection process yields considerable performance improvements
over purely sequence-based approaches.

Epitope Selection

Having determined a set of candidate epitopes, the most suitable subset for inclusion in
the EV has to be selected. Regulatory, economic and practical concerns impose strong
limitations on the number of epitopes that can be included in an EV. Hence, a small set
has to be selected from the list of epitope candidates: the set of epitopes, which yields the
best immune response in the target population. This is a critical task in the design process,
because the success of the vaccine is determined by the initial choice of epitopes. Moreover,
the epitope selection problem can become very complex: properties to consider for the final
choice vary from case to case. Key properties are the immune response to be expected in
the target population, tolerance towards antigenic mutations, range of targeted antigens
and cell-surface presentation. Given the set of candidate peptides, computational methods
can be employed to determine the relevant attributes of each candidate. The final choice of
the set of epitopes to be used in the vaccine, however, is typically performed manually by a
group of experts. Only recently, the epitope selection problem has attracted the attention
of bioinformatics groups. So far, only heuristic selection approaches to this optimization
problem have been published [23, 24]. None of these can guarantee that there is not a
better vaccine possible from the given set of epitopes. We formalize the epitope selection
problem in a mathematical framework based on integer linear programming. Our approach
allows an elegant and flexible formulation of numerous requirements on the epitopes to be
selected. The method performs better than existing solutions and has runtimes of a few
seconds for typical problem sizes.

Epitope Assembly

Regarding the delivery strategy of the epitopes selected for an EV, no consensus has been
reached in the literature. Various delivery strategies are being explored in clinical stud-
ies [25]. A common approach is the concatenation of the vaccine epitopes into a single
polypeptide, a so-called string-of-beads construct. Here, the chosen epitope order is crucial
for the success of the vaccine: Once inside the host cell, the polypeptide will eventually be
degraded into peptide fragments. An unfavorable epitope order can result in the degrada-
tion of the intended epitopes. Thus, in order to ensure full epitope recovery, knowledge
on cleavage specificities has to be taken into account during construct assembly. Iden-
tification of the epitope order yielding the best epitope recovery is highly complex: 20
epitopes, for example, can be assembled into a string-of-beads construct in 6 × 1016 dif-
ferent ways. Manual determination of an optimal epitope order is obviously infeasible.
However, this problem had not been addressed computationally before. We propose to
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translate the corresponding optimization into a graph-theoretical problem. It then turns
out to be the well-known Travelling Salesman Problem. Employing integer linear program-
ming approaches, we show that the optimal ordering of realistically-sized epitope sets can
be found efficiently.

Applications

In order to make the epitope selection framework available to immunologists, we developed
OptiTope, a publicly available and easy-to-use web server for the selection of an optimal
set of peptides for EVs. Furthermore, we applied our vaccine design approaches in two
studies. In the first study we design a peptide cocktail vaccine against the hepatitis C
virus. The resulting EV is superior to a previously proposed EV with respect to various
quality criteria including overall immunogenicity and population coverage. In the second
study we analyze the feasibility of designing string-of-beads vaccines against highly variable
viruses providing broad population coverage as well as broad coverage of viral strains. Our
analyses focusing on vaccines against hepatitis C virus, human immunodeficiency virus and
influenza virus show promising results.

Structure of the Thesis

This thesis is structured into eight chapters. Following this introduction, the biological and
the algorithmic background are introduced in Chapters 2 and 3, respectively. Chapter 4
describes and evaluates the methods and techniques we developed for in silico epitope
discovery. Subsequently, our algorithms for in silico epitope selection and assembly are
presented in Chapters 5 and 6. The seventh chapter focuses on applications: the epitope
selection webserver OptiTope as well as the two in silico vaccine design studies are described.
Chapter 8 provides a general conclusion of the presented work.



Chapter 2

Biological Background

In the following the biological background of this thesis will be introduced. We will start
with a basic introduction to the immune system. Due to its importance for epitope-based
vaccination, the focus will be on the cellular branch of the adaptive immune response
and its key players. Subsequently, the fundamentals of vaccines and specifically of epitope-
based vaccines will be introduced. For a more thorough introduction please refer to [26, 27].
Parts of this chapter have previously been published [8].

2.1 The Immune System

2.1.1 Introduction

The immune system protects the host from infectious agents, so-called pathogens, and
cancer. Two fundamentally different but interdependent systems work in concert to provide
this protection: the innate and the adaptive immunity. Innate immunity represents a first
line of defense against many common pathogens. Anatomic barriers like skin and mucosa,
physiological barriers like body temperature as well as phagocytic cells like macrophages
belong to the innate immune system. When the barriers of innate immunity do not succeed
in eliminating a pathogen, adaptive immunity comes into play.

2.1.2 Adaptive Immunity

Adaptive immunity owes its name to its capability to adapt to the pathogens it encounters.
Unlike innate immunity, it is thus capable of learning: once a pathogen has been recognized,
the adaptive immune system will remember it, allowing a stronger and more rapid response
on reexposure. Based on this immunological memory, a successful immune response induces
long-term protection, i.e., immunity, against the respective pathogen.

Lymphocytes, more precisely B lymphocytes (B cells) and T lymphocytes (T cells), are
key players in adaptive immunity. They carry receptors on their cell surface that enable
them to recognize foreign substances. A substance that can be recognized and responded
to by the adaptive immune system is called antigen [27]. Lymphocytes do not recognize
the antigen in its entirety but only a small region, the so-called epitope. Each lympho-
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cyte carries several thousand copies of the same receptor. Due to a genetic recombination
mechanism, the genes encoding for the antigen receptor can generate 109 to 1010 different
specificities. Despite this vast amount of different receptors the adaptive immune system
generally does not attack self molecules but very selectively attacks foreign substances.
Selection processes that eliminate lymphocytes carrying receptors recognizing self are re-
sponsible for this self-tolerance. Once a lymphocyte recognizes an epitope, it proliferates
and differentiates into effector cells and memory cells. The short-lived effector cells are
engaged in the elimination of the antigen, while the long-lived memory cells mediate the
immunological memory and respond rapidly on reexposure to the same antigen.

The antigen receptors of B cells are membrane-bound antibodies. They recognize epi-
topes of antigen that is free in solution, ranging from bacteria to soluble proteins and
polysaccharides. On recognition, B cells differentiate into antibody-secreting plasma cells.
The secreted antibodies bind to antigen and thereby neutralize it or coat it facilitating
elimination by cells of the innate immune system. The adaptive immune response induced
by B cells is called humoral immune response.

The antigen receptors of T cells only exist in a membrane-bound form. These T-cell
receptors (TCRs) are structurally similar to antibodies. However, they are only capable
of recognizing antigenic peptides bound to specific cell-membrane proteins called major
histocompatibility complex (MHC) molecules. The adaptive immune response induced by
T cells is called cellular or cell-mediated immune response.

2.2 Cellular Immune Response

Vaccines make use of the the humoral as well as the cellular part of the adaptive immune
response. The focus of this thesis is on the cellular immune response, which we will describe
in more detail here.

2.2.1 Introduction

Key players in the cellular immune response are MHC molecules and TCRs. MHC mole-
cules present peptides on the cell surface for surveillance by the immune system. These
peptides are derived from intracellular and extracellular proteins via a process called anti-
gen processing. Migrating T cells, via their TCRs, scan peptide:MHC (pMHC) complexes
on the surfaces of other cells. On recognition of an epitope bound to an MHC molecule, a
T-cell response is induced. The type of response depends on the respective T cell: cytotoxic
T cells (CTLs) kill infected and abnormal self-cells, helper T cells activate other cells of
the innate and adaptive immune system. A peptide that is capable of inducing a T cell-
mediated immune response when bound to a specific allelic variant of MHC molecules is
said to be immunogenic with respect to the corresponding MHC allele.

2.2.2 The Major Histocompatibility Complex

Themajor histocompatibility complex (MHC) is a large cluster of genes in jawed vertebrates.
Within this region of the genome the MHC class I (MHC-I) and MHC class II (MHC-II)
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Figure 2.1: Peptides bound to MHC-I and -II binding grooves. A) 3D structure of a
10-mer bound to an MHC-I molecule (PDB-ID: 1JF1). B) 3D structure of a 15-mer bound to an
MHC-II molecule (PDB-ID: 1BX2). The binding groove is colored gray. C) Sketch of a ninemer
bound to an MHC-I binding groove. D) Sketch of a 13-mer bound to an MHC-II binding groove.
AAs protruding out of the binding groove are colored dark green. (A and B were visualized with
BALLView [29]. C and D are based on [8].)

genes are located. They encode for the α-chain of MHC-I and for the α- and β-chains of
MHC-II molecules. In addition, the MHC comprises various other genes coding for proteins
involved in antigen processing. In humans, this complex is called human leukocyte antigen
(HLA) complex.

The MHC is polygenic: it contains several different MHC-I and MHC-II genes. In
humans, there are three MHC-I α-chain genes (HLA-A, HLA-B, HLA-C) and three pairs
of genes encoding for the MHC-II α- and β-chains (HLA-DR, HLA-DP, HLA-DQ). Fur-
thermore, the MHC genes are highly polymorphic. As of today, 4,946 MHC-I and 1,457
MHC-II alleles are known. They encode for 3,647 different MHC-I and 1,073 different
MHC-II molecules, respectively (IMGT/HLA database [15, 16], release 3.4.0).

The products of the MHC-I and MHC-II genes bind peptides in a peptide-binding
groove (Figure 2.1A,B) and present them to T cells. The binding groove is formed by a
large flat β-sheet enclosed by two α-helices. Its amino acid (AA) sequence varies between
products of different MHC alleles. Thus, different allelic variants of MHC molecules bind
different sets of peptides. Ligands of a particular MHC molecule display an allele-specific
binding motif with a small number of highly conserved positions, the so-called anchors.
Groups of MHC allelic variants with similar binding specificities are referred to as MHC
supertypes [28].

Despite these similarities, MHC-I and MHC-II molecules have different functions.



10 CHAPTER 2. BIOLOGICAL BACKGROUND

Figure 2.2: Antigen processing pathways. Intracellular pathway (top) and extracellular
pathway (bottom) [8].

MHC-I molecules present peptides derived from intracellular proteins. They are expressed
on all nucleated cells. MHC-I molecules consist of an α-chain, encoded in the MHC, and a
smaller β2-microglobulin chain. The binding groove of MHC-I molecules is closed at both
ends (Figure 2.1A,C), restricting the length of MHC-I binding peptides to about eight to
ten amino acids. Every individual possesses up to six different allelic variants of MHC-I
molecules. MHC-II molecules, on the other hand, are only expressed on the surface of
special antigen-presenting cells (APCs) where they present peptides derived from extra-
cellular proteins. MHC-II molecules consist of an α- and a β- chain encoded in gene pairs
in the MHC. Their binding groove is open at both ends allowing for a wide variety of
ligand lengths because the ends of a bound peptide can protrude (Figure 2.1B,D). MHC-II
molecules typically bind peptides of length 13 to 18. However, the binding groove only
interacts with nine AAs. Every individual possesses up to 12 different allelic variants of
MHC-II molecules.

Due to the high polymorphy of the MHC, the pool of MHC molecules varies from indi-
vidual to individual. Moreover, within a population, some MHC alleles are more common
than others and the allele distribution differs between populations. As we will discuss later,
this has important implications for vaccine design.

2.2.3 Antigen Processing

Intracellular and extracellular antigens undergo different processing pathways before a
small fraction of their peptides are presented to T cells (Figure 2.2). An intracellular anti-
gen, like any other protein inside a host cell, is eventually degraded into peptide fragments
by a protease complex, the proteasome. Some of these peptides are transported into the
endoplasmic reticulum via the transporter associated with antigen processing (TAP). Be-
fore and after TAP transport, peptide fragments may undergo N-terminal trimming (e.g.,
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[30] and references therein). In the endoplasmic reticulum a pMHC-I complex is assembled
and transported to the surface provided the peptide could bind to the respective MHC-I
molecule. Each step of the intracellular processing pathway displays a certain degree of
specificity and thus influences the peptides presented to T cells. By far the most specific
step is MHC binding.

Extracellular antigen is ingested by APCs. Within endocytic vesicles, the antigen is
degraded into peptide fragments. Some of these fragments bind to MHC-II molecules and
are presented on the cell surface.

2.2.4 T Cells

Diversification

T cells originate in the bone marrow and mature in the thymus. During maturation the
T cell’s specific TCR variant is generated. The TCR is a heterodimer. Each of the two
chains consists of a variable and a constant domain. The genes encoding the TCR chains
are organized in groups of distinct segments. Rearrangement of these segments results in
gene products comprising one of each segment type. On the order of 109 different TCR
specificities can be generated. T cells that fail to successfully rearrange their TCR genes
die by apoptosis. All others undergo thymic selection.

Thymic Selection

Thymic selection is responsible for shaping a T-cell repertoire that displays a wide variety
of different TCRs to provide maximal protection against pathogens while being tolerant
towards self-peptides. Two processes contribute to thymic selection: positive and negative
selection. During positive selection, which takes place in the thymic cortex, the TCRs
are tested for self-MHC recognition. Only T cells expressing TCRs capable of recognizing
self-MHC are expedient for the host immune system. All others do not pass positive
selection and die by neglect. Besides ensuring self-MHC recognition, positive selection is
also responsible for determining the future function of a T cell. In the beginning of the
thymic selection process T cells are double positive, i.e., they express CD4 and CD8 co-
receptors on their cell surface. After positive selection they are either CD4 positive (CD4+)
or CD8 positive (CD8+). The TCR of a CD4+ T cell is restricted to MHC-II and the TCR
of a CD8+ T cell is restricted to MHC-I.

Positively selected cells relocate within the thymus to the medulla, where they reside
for four to five days scanning self-pMHC complexes on the surface of APCs [31]. T cells
displaying a high-affinity for a self-pMHC complex are potentially harmful for the organ-
ism. They are thus deleted in a process termed negative selection, which is responsible
for ensuring self-tolerance of the T-cell repertoire. This so-called central tolerance applies
to proteins expressed in the thymus and also to tissue-specific proteins not expected to
be expressed in the thymus, e.g., pancreatic insulin [27]. A gene called AIRE (autoim-
mune regulator) has been found to control expression of such proteins by certain APCs in
the medulla [32]. However, this does not apply to all self-proteins. Various mechanisms
outside the thymus are responsible for preventing a T cell-mediated immune response to
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peptides derived from self-proteins not expressed in the thymus. This peripheral tolerance
complements the central tolerance provided by thymic negative selection.

Both positive and negative selection are based on the same process: the recognition
of self-pMHC complexes by TCRs. It is still not understood how one process can result
in further maturation of a T cell during positive selection as well as in cell death during
negative selection [27]. A popular hypothesis to resolve this selection paradox is the affinity
model. According to this model the quality of the TCR-pMHC interaction determines
whether a T cell passes thymic selection. TCRs with no or low affinity for self-pMHCs are
rejected during positive selection, TCRs with high affinity during negative selection. Only
T cells expressing TCRs with intermediate affinity for self-pMHC pass thymic selection
and migrate to the periphery as naive T cells [31].

Peripheral Tolerance

Thymic selection does not delete all self-reactive T cells. A second layer of tolerance-
inducing mechanisms protects the host from those self-reactive T cells that have entered
the peripheral T-cell repertoire. Analogous to thymic negative selection, peripheral negative
selection eliminates or inactivates self-reactive T cells on recognition of pMHC. Elimination
of all T cells displaying a high affinity for a pMHC complex, however, would render T cell-
mediated immune responses impossible. Hence, peripheral negative selection must only
take effect under certain conditions: In the absence of co-stimulatory signals indicating
infection, naive T cells that recognize a pMHC complex die or become anergic.

Another mechanism contributing to peripheral tolerance is the control of self-reactive
T cells by a functionally distinct T-cell subpopulation, the regulatory T cells. Regulatory
T cells express self-pMHC-specific TCRs. Self-antigens that activate CD4+ T or CD8+ T
cells can also activate regulatory T cells resulting in suppression of the former [33].

Activation

Naive T cells circulate continuously in the peripheral lymphoid tissues in search of their
respective antigen. They can only be activated by APCs. In order to become activated, a
naive T cell has to recognize an epitope bound to an MHC molecule while simultaneously
receiving a co-stimulatory signal, which can only be expressed by APCs. On activation,
T cells proliferate and differentiate into armed effector T cells. CD8+ T cells differentiate
into CTLs that kill infected target cells. CD4+ T cells differentiate into helper T cells,
either into TH1 or in TH2 cells. TH1 cells activate cells of the innate immune system such
that they destroy intracellular microorganisms. TH2 cells in contrast activate B cells.

All armed effector T cells cause effects on their target cells via the production of effector
molecules. Cytokines, small proteins that alter the behavior of cells, are mainly employed
by helper T cells but also by CTLs. Cytotoxins mediate the destruction of cells and are
released by CTLs.

After clearance of an infection, homeostatic mechanisms cause most effector cells to
die by apoptosis. Those that are retained become long-lived memory cells and provide
immunological memory. On subsequent exposure to the same antigen, these memory cells
will respond rapidly.
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Homeostasis

New T cells enter the peripheral T-cell repertoire constantly: naive T cells relocate from
the thymus and T cells in the periphery proliferate. In order to maintain the size of the
T-cell repertoire stable, this constant growth has to be balanced [27]. This is achieved
via a homeostatic process that is analogous to thymic positive selection: T cells in the
periphery receive survival signals by interacting with self-pMHC complexes. Those cells
that are deprived of survival signals undergo apoptosis.

2.2.5 Experimental Data

Within this thesis experimental MHC binding affinity data as well as experimental im-
munogenicity data are used. In the following, we will briefly introduce a selection of
experimental methods that are commonly used to generate these kinds of data.

MHC Binding

Experimental methods to determine MHC binding affinities are commonly based on the
competition of the peptide of interest with a labeled reference peptide (e.g., radio-labeled
or fluorescently labeled) [34]. The labeled reference peptides are bound to isolated MHC
molecules and varying concentrations of target peptide are added. After a certain amount
of time, unbound peptides are removed and the amount of labeled peptides bound to
the MHC molecules is measured. The concentration at which the target peptide inhibits
binding of the reference peptide to 50% of the MHC molecules is used as a measure for
MHC-binding affinity. It is called the 50% inhibitory concentration (IC50). A low IC50

corresponds to a high binding affinity. Since the IC50 of a peptide depends on the re-
spective reference peptide, IC50 values measured using different reference peptides are not
necessarily comparable.

Immunogenicity

Peptide immunogenicity is typically determined by measuring cytokine secretion of acti-
vated T cells or by measuring the frequency of peptide-specific T cells [35].

Cytokine secretion can be measured with an enzyme-linked immunospot (ELISPOT)
assay [36]: A microplate is coated with cytokine-specific antibodies. The cells to be ana-
lyzed for peptide-specific reactivity as well as APCs and the peptide of interest are added.
Activated peptide-specific T cells will produce cytokines, which will be captured by the an-
tibodies. After removal of the cells, captured cytokines can be detected by adding labeled
cytokine-specific antibodies.

The frequency of peptide-specific T cells can be determined using MHC tetramer tech-
nology. Fluorescently labeled tetramers of the pMHC complex of interest are employed to
stain the respective T cells [37]. The stained T cells can subsequently be counted using
flow cytometry.
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2.3 Vaccines

2.3.1 Introduction

Vaccines make use of the adaptive part of the human immune system to protect from infec-
tions as well as to fight chronic diseases and cancer. The word vaccine is derived from the
Latin term for cowpox, variolae vaccinae, and honors the pioneering work on immunology
of the English physician Edward Jenner. At the end of the 18th century, Edward Jenner
observed that cowpox virus could be used to protect against the infection with smallpox
virus. Another pioneer in this field was the French microbiologist Louis Pasteur, who, in
the second half of the 19th century, discovered that administration of attenuated Cholera
bacteria induces protective immunity while causing only mild symptoms. These discoveries
paved the way for the development of vaccines and for their large-scale use in medicine.

The basic concept of vaccination is to induce immunity without actually causing dis-
ease. Immunity can be acquired by active or passive immunization. Active immunization
aims at eliciting protective immunity and immunological memory. This can be achieved
naturally by infection with a pathogen or artificially by administration of a vaccine. Just
like the vaccines developed by Edward Jenner and Louis Pasteur, many vaccines used to-
day are whole-organism vaccines, i.e., they employ an attenuated or inactivated form of
the pathogen to generate immunity. One of the major successes of this approach was the
eradication of small pox in the 1970s.

Passive immunization aims at inducing temporary immunity by transferal of preformed
antibodies. Such an induction of passive immunity occurs naturally when maternal an-
tibodies are transferred to the fetus. Artificial passive immunization via vaccination is
employed, for example, as tetanus prophylaxis after a dog bite. In contrast to active
immunization, passive immunization does not activate the host’s immune system. It is
therefore not capable of inducing immunological memory against the pathogen; the result-
ing protection is transient.

Vaccines can have detrimental side effects. Hence, before a vaccine can enter the mar-
ket, it has to pass a thorough approval process comprising animal studies followed by
three phases of clinical trials. Only vaccine candidates that prove to be safe and effective
with respect to the proposed indications will be approved. In order for the time- and
money-consuming development of a vaccine to be cost-efficient, the pharmaceutical indus-
try additionally requires vaccines to be inexpensive, easy to produce as well as convenient
to store, transport, distribute and administer.

2.3.2 Epitope-Based Vaccines

Introduction

The traditional whole-organism approach to designing vaccines for active immunization has
proven to be very successful. However, using an entire organism as vaccine involves a risk
of inducing unwanted host responses by material contained in the pathogen. Furthermore,
there are still many diseases for which no viable vaccine could be found, e.g., HIV and
cancer. Here, novel strategies are called for. The increasing knowledge on pathogens and
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the immune system paves the way for a rational approach to vaccine design, limiting the
vaccine to those parts that are relevant for an immune response. Rational vaccine design
uses experimental and computational methods to identify antigens, suited to form the
basis of the vaccine. There are numerous options for constructing a vaccine once a set
of potential antigens is known. The antigens or antigenic peptides can be used, either as
complete AA sequence or as its corresponding RNA or DNA.

Epitope-based vaccines (EVs), using only the smallest immunogenic regions of a protein
antigen, are a fairly new approach. They can be designed - at least in theory - to evoke
an immune response that is very specifically directed at highly immunogenic regions of
antigens. This design process can also take the immune system of the host into consid-
eration: the tailoring to specific MHC alleles and combinations thereof provides the basis
for a personalized therapy. Moreover, EVs have numerous advantages that make them
particularly interesting for the pharmaceutical industry, for example, safety as well as ease
of production, analytical control, and distribution.

It is not surprising, that EVs have recently been getting more and more attention. They
have proven successful in preclinical trials in mice [38], on which many of the preliminary
studies have been conducted. A large number of clinical studies, both from academia and
industry, have also been successful and have entered and/or completed clinical phase I and
II trials [5–7, 39, 40]. Several commercial products have now entered clinical phase III
trials. The indications for the vaccines in trial are mostly various cancers (e.g., leukemia,
colorectal cancer, gastric cancer, lung cancer) and infectious diseases (predominantly HIV
and hepatitis C virus). Since health agencies such as the FDA require proof of the effec-
tiveness and safety of every individual component of a vaccine, the number of epitopes
to be included in the EV is typically kept rather small. However, so far there is no EV
approved for use in human on the market. This is mainly attributed to difficulties with
peptide stability and delivery [41].

Delivery

In the search for a practical, safe and potent means to deliver EVs, various delivery strate-
gies are being explored in clinical studies [25]. Strategies range from (A) peptide cocktails
(Figure 2.3A) to (B) concatenation of the epitopes into a string-of-beads construct (Fig-
ure 2.3B) to (C) concatenated epitopes with intervening spacer sequences (Figure 2.3C)
or (D) longer polypeptides assembled by skillfully overlapping the selected epitopes (Fig-
ure 2.3D). Taken out of their antigenic context, epitopes display a reduced and possibly
insufficient capability of inducing an immune response, as they are likely to be ignored by
the immune system. This is obviously disadvantageous for vaccine potency. A means to
overcome this problem are adjuvants. Adjuvants enhance the immunogenicity by provoking
inflammatory reactions, i.e., they attract the attention of the immune system. In addition,
some adjuvants protect the epitopes from extracellular proteases [42].

EV delivery strategies can be roughly divided into two classes: strategies delivering
the peptides themselves and strategies delivering the corresponding RNA or DNA. Exam-
ples for the former are lipopeptide vaccines, immunostimulating complexes and cell-based
delivery. Examples for the latter are recombinant-vector vaccines and DNA vaccines.
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Figure 2.3: Peptide delivery strategies. A) Peptide cocktail, B) string-of-beads construct,
C) string-of-beads construct with spacer sequences, D) polypeptide from overlapping epitopes.

Lipopeptide vaccines. In a lipopeptide vaccine a single peptide or a longer polypeptide
is conjugated to a lipid. This vaccination strategy is inspired by bacterial lipoproteins, in
which the lipid mediates attachment to the cell membrane as well as internalization into
the host cell. Furthermore, it induces cytokine secretion of cells of the innate immune
system [43]. Lipopeptides have been reported to induce potent immunity without adjuvant.

Immunostimulating complexes. An immunostimulating complex (ISCOM) is a small
spherical particle with built-in adjuvant, mimicking a virus [44]. Acting as carrier struc-
tures, ISCOMs deliver the contained antigen or antigenic peptides into the cytosol.

Cell-based delivery. In cell-based peptide delivery the respective peptide is directly
loaded onto cultured APCs ex vivo. Subsequently, the loaded APCs are administered. A
major advantage of this strategy is the bypassing of the antigen processing [41].

Recombinant-vector vaccines. Recombinant-vector vaccines employ attenuated vi-
ruses to deliver the vaccine polypeptide into the host cell. A gene encoding a longer
polypeptide containing the respective epitopes is introduced into the virus, which serves
as a vector. Inside the host it replicates and the host cells express the polypeptide [26].
The choice of organism to be used as vector has a substantial influence on the safety and
potency of the vaccine.

DNA vaccines. In DNA vaccines plasmid DNA encoding the vaccine polypeptide is
injected directly into the muscle. Muscle cells and nearby APCs take up the DNA and
express the polypeptide [26].



Chapter 3

Algorithmic Background

In the following, we will introduce the algorithmic background of this work. Section 3.1
deals with combinatorial optimization, which forms the basis for the vaccine design algo-
rithms proposed in this thesis. In Section 3.2 the focus is on machine learning, a technique
we employ for epitope discovery. For a more thorough introduction please refer to [45] for
combinatorial optimization and to [46, 47] for the machine learning techniques employed
in this thesis.

3.1 Combinatorial Optimization

3.1.1 Introduction

Optimization in general is concerned with making the best possible choice from a set of
available alternatives. A constrained optimization problem has the form

maximize f0(x)

subject to fi(x) ≤ bi, for i = 1 . . .m.
(3.1)

The elements x1, . . . , xn of the vector x are the optimization variables of the problem, the
function f0 : Rn → R is the objective or objective function, the functions fi : Rn → R, i =
1, . . . ,m, are the constraint functions, and the constants b1, . . . , bm are the bounds of the
constraints. The set S = {x ∈ Rn|fi(x) ≤ bi, i = 1, . . . ,m} is called the feasible region
or search space. Each x ∈ S is a feasible solution. If S is non-empty, the corresponding
problem is said to be feasible. A solution x∗ ∈ S is an optimal solution to the optimization
problem in (3.1), if for all x ∈ S:

f0(x∗) ≥ f0(x).

Depending on the form of the objective and of the constraint functions, an optimization
problem is assigned to a particular class. Problems with linear objective and linear con-
straints, for example, belong to the linear programs (LPs). LPs represent a special type of
convex optimization problems, which comprise optimization problems with convex objec-
tive and a convex feasible set. The following optimization problem, for example, is an LP:
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Figure 3.1: Linear optimization problems. The linear program given in (3.2) (A) and the
corresponding integer linear program given in (3.4) (B) are shown. The constraint functions define
a polytope (yellow area in A), which represents the feasible region or search space of the LP. The
search space of the ILP comprises the integral solutions within the polytope (yellow dots in B).
Different values of the objective function are displayed as dashed lines.

maximize x1 + x2

subject to 2.5x1 + x2 ≤ 10,
−0.5x1 + x2 ≤ 2,

x1 ≤ 3.5,
x1, x2 ∈ R+

0 .

(3.2)

Figure 3.1A shows the geometrical interpretation of this problem.
Combinatorial optimization seeks an optimal object in a finite set of objects. Typically,

this set has a concise representation (e.g., a graph) and grows exponentially in the size
of the representation [48]. In contrast to general optimization problems, all optimization
variables in a combinatorial optimization problem are integral [45]. Optimization problems
with integral as well as continuous optimization variables are called mixed integer programs.

3.1.2 Integer Linear Programs

In this thesis we are concerned with problems with linear objective, linear constraints and
only integral optimization variables. These problems are called integer linear programs
(ILPs). An ILP corresponds to an LP with integral unknowns. We write

maximize cTx

subject to Ax ≤ b

x ∈ Zn.
(3.3)
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where c ∈ Rn, A ∈ Rm,n and b ∈ Rm. Typically, the optimization variables are binary,
i.e., xi ∈ {0, 1}. While the exact solution to convex optimization problems and thus LPs
can be found efficiently, ILPs are NP-complete. An example for an ILP is given in the
following:

maximize x1 + x2

subject to 2.5x1 + x2 ≤ 10,
−0.5x1 + x2 ≤ 2,

x1 ≤ 3.5,
x1, x2 ∈ Z+

0 .

(3.4)

It corresponds to the LP in (3.2) with integrality constraints on all optimization variables.
The geometric interpretation of this problem is shown in Figure 3.1B.

3.1.3 Methods

A well-known problem in combinatorial optimization is the Travelling Salesman Problem
(TSP) [49]: Starting from and returning to his home town, a travelling salesman has to
visit a given set of cities. The task is to find a shortest possible tour that visits each
city exactly once. While there are only 12 feasible solutions for five cities, the number of
solutions grows rapidly to 181,440 for 10 cities and to 6 × 1016 for 20 cities. Assuming
that a computer requires 0.5µs to evaluate one tour, an exhaustive search for 20 cities
would take 964 years. This combinatorial explosion, which is typical for combinatorial
optimization problems, calls for efficient optimization methods.

Optimization methods can be divided into two classes: heuristic methods and exact
methods. The former find one or more good but not necessarily optimal solutions in
reasonable time. If an optimal solution exists, the latter guarantee to find it at the cost of
potentially longer run times.

In the following, we will briefly introduce a small selection of algorithms for solving
ILPs: branch-and-bound algorithms [50], cutting plane algorithms [51], and branch-and-cut
algorithms [52]. Approaches to optimally solving an ILP are generally based on solving the
LP relaxation, i.e., the ILP without integrality constraints. This can be done efficiently.
The corresponding objective value is called dual bound of the ILP. If the dual bound is
integral, it corresponds to the solution of the ILP. Otherwise, further steps are required to
solve the ILP.

Branch-and-bound algorithms. If the solution x′ of the LP relaxation is not integral,
branch-and-bound algorithms split the optimization problem into two subproblems. This
step is called branching. Different branching strategies have been proposed. Often, an
optimization variable that is not integral in the current solution is used: if x′1 = 1.8, then
the constraint x1 ≤ 1 is added to one subproblem and the constraint x1 ≥ 2 to the other.
In a bounding step upper and lower bounds of the current subproblem are determined.
Every subproblem will continuously be solved and subdivided resulting in a search tree
until either the global optimal solution is found or the bounding step reveals that the
current branch can be pruned since it does not contain the optimal solution.
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Cutting plane algorithms. If the solution x′ of the LP relaxation is not integral,
cutting plane algorithms will add a constraint to the relaxation which is satisfied by all
feasible solutions to the ILP, but not by x′. The constraint represents a cutting plane
removing the current optimal solution from the feasible region. The modified LP relaxation
yields a new dual bound. Solving of the LP relaxation and subsequently adding a cutting
plane is performed until an integral solution is found.

Branch-and-cut algorithms. Branch-and-cut algorithms combine a cutting plane with
a branch-and-bound approach.

State-of-the-art ILP solvers (e.g., CPLEX [53], MOSEK [54], GLPK [55]) typically
employ branch-and-cut algorithms. Despite the NP-completeness, these tools find optimal
solutions for ILPs quite efficiently up to a certain problem size. Factors influencing the
effectiveness of these tools are, amongst others, size and sparsity of the problem, i.e., of
the constraint matrix A [56].

3.2 Machine Learning

Machine learning is a popular and very powerful tool for prediction problems in compu-
tational biology. Given a sufficiently large set of examples (e.g., MHC binders and MHC
non-binders) a machine learning algorithm detects patterns within the examples. Based
on these patterns, the machine learning algorithm learns to make intelligent predictions
regarding unseen data. A key advantage of machine learning is its capability to explain
data for which no explicit model is available.

Prediction problems make up a large fraction of the problems dealt with in computa-
tional biology. A predictor maps objects or instances from the problem domain X to a
label from the output domain Y. Typical prediction problems to be solved using machine
learning are classification and regression problems. In classification, an object is assigned to
one of a given number of classes. Depending on the number of classes we are talking about
binary classification or multi-class classification. Regression, on the other hand, deals with
a continuous output domain. An MHC binding classifier, for example, is concerned with
classifying a peptide as binder or non-binder while an MHC binding regressor predicts the
binding affinity of a peptide to a given MHC molecule.

Within this thesis we employ a learning approach called support vector machines, which
we will introduce in the following. Subsequently, we will describe techniques and measures
for performance evaluation of prediction methods.

3.2.1 Support Vector Machines

Support vector machines (SVMs) are a fairly young approach to machine learning, which
was introduced by Vapnik et al. [57] in 1995. They have been successfully applied to
various problems from computational biology, for example gene identification [58], protein
subcellular localization [59], and protein classification [60]. SVMs use the dot product to
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Figure 3.2: Linear classifiers. A) An infinite number of lines perfectly separate the two classes
of points (plusses and minusses) in two dimensions. B) Maximum-margin hyperplane (solid line):
The dashed lines mark the margin area. The data points highlighted with a circle are the support
vectors. C) Maximum-margin hyperplane (solid line) with a soft margin: Misclassified data points
are highlighted with a dotted circle. Misclassifications are penalized via the slack variables ξi.
Based on [47].

measure the similarity between two instances. Hence, they require the instances from the
problem domain to be represented as vectors in a dot product space H. If the problem
domain X is not a dot product space, a mapping or encoding Φ : X → H has to be
employed. Common encodings for AA sequences, for example, range from binary bit
strings representing the AA sequence, that is, sparse encoding, to real-valued numbers
corresponding to physicochemical properties of the respective AAs (e.g., size, charge, and
hydrophobicity).

In the following, we will introduce SVM basics, beginning with binary support vector
classification for linearly separable data, followed by linear support vector regression and
kernel functions, which allow non-linear classification and regression.

Support Vector Classification

Given a set of data points D =
{

(xi, yi)
}m
i=1

, where xi ∈ H and yi ∈ {±1}, support vector
classification (SVC) aims at finding a linear function defining a hyperplane that perfectly
separates the two classes {±1} (Figure 3.2A). This function is called discriminant function.
It has the form

f(x) = 〈w,x〉+ b (3.5)

with weight vector w ∈ H and bias b ∈ R. The hyperplane is represented by points
satisfying the equation f(x) = 0. It divides the input space H into two half spaces, one
half space per class. This yields the following decision function:

g(x) = sgn(f(x))

= sgn(〈w,x〉+ b).
(3.6)
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It assigns an instance x ∈ Rn to one of the classes in {±1}. Please note that in the case
of f(x) = 0, no class can be assigned unambiguously since sgn(0) = 0.

If it is possible for a linear function to correctly classify each instance, i.e., if the data
is linearly separable, there exists an infinite number of separating hyperplanes. According
to statistical learning theory, the hyperplane separating the two classes with the largest
margin, i.e., the hyperplane with the greatest distance to any of the data points in D,
is a good choice (Figure 3.2B). A hyperplane with w and b rescaled such that the points
closest to the hyperplane satisfy | 〈w,xi〉+b | = 1 is called canonical hyperplane. Its margin
is 1
||w|| . Thus, the margin-maximizing canonical hyperplane can be found by minimizing

||w||, i.e., by solving the optimization problem:

min
w∈H, b∈R

1
2
||w||2

subject to yi
(
〈w,xi〉+ b

)
≥ 1 for all i = 1, . . . ,m.

(3.7)

Such an optimization problem is typically solved via the Lagrangian dual [46]. The
Lagrangian dual of the problem in (3.7) is

max
α∈Rm

m∑
i=1

αi −
1
2

m∑
i,j=1

αiαjyiyj 〈xi,xj〉

subject to αi ≥ 0 for all i = 1, . . . ,m
m∑
i=1

αiyi = 0.

(3.8)

The solution of this dual problem also solves the original problem in (3.7), the so-called
primal problem. It can be shown [47], that the weight vector w in equation 3.7 can be
written as

w =
m∑
i=1

yiαixi. (3.9)

Incorporation into the decision function (3.6) yields

g(x) = sgn

(
m∑
i=1

yiαi 〈x,xi〉+ b

)
. (3.10)

In this formulation, the classification of an instance x only depends on those training
examples xi with a Lagrange multiplier αi > 0. These are the examples that lie on the
margin of the canonical hyperplane, i.e., yi

(
〈w,xi〉+ b

)
= 1 (Figure 3.2B). They are called

support vectors.
The optimization problem in (3.7) is feasible only if the data is linearly separable.

However, in practice this is usually not the case. Deriving a classifier from non-separable
data requires some misclassifications to be allowed. This can be achieved by introducing
slack variables ξi ≥ 0 for all i = 1, . . . ,m to relax the constraints in (3.7) [61]:

yi
(
〈w,xi〉+ b

)
≥ 1− ξi for all i = 1, . . . ,m. (3.11)
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Figure 3.3: ε-SVR. The dashed lines mark the ε-tube around the regression line. Deviations
within this area are not considered as errors. All others are penalized: data points above the tube
via ξ, data points below the tube via ξ∗.

The hard margin is turned into a soft margin (Figure 3.2C). In order to prevent the margin
from becoming too soft, i.e., ξi becoming too large, slack variables have to be penalized in
the objective function. The objective function of the soft-margin SVC is as follows:

min
w∈H, b∈R, ξ∈Rm

1
2
||w||2 + C

m∑
i=1

ξi , (3.12)

where C ≥ 0. The trade-off between margin maximization and error minimization is
determined by the constant C. The corresponding dual problem is

max
α∈Rm

m∑
i=1

αi −
1
2

m∑
i,j=1

αiαjyiyj 〈xi,xj〉

subject to 0 ≤ αi ≤ C for all i = 1, . . . ,m

and
m∑
i=1

αiyi = 0.

(3.13)

The decision function of the soft-margin SVC is identical to the decision function of the
hard-margin SVC given in (3.10).

Support Vector Regression

Support vector regression (SVR) aims at learning a real-valued function f(x) from the
training examples D =

{
(xi, yi)

}m
i=1

with instances xi as before and target values yi ∈
R [62]. One formulation of this problem is ε-SVR. ε-SVR learns a function f(x) = 〈w,x〉+b
yielding a deviation of at most ε from the target values (Figure 3.3). Slack variables allow
for errors, i.e., deviation larger than ε. Two types of errors can occur: f(xi)− yi > ε and
f(xi)− yi < ε. Each type is covered by one type of slack variable: ξ and ξ∗, respectively
(Figure 3.3).



24 CHAPTER 3. ALGORITHMIC BACKGROUND

The optimization problem for an ε-SVR is:

min
w∈H, b∈R, ξ,ξ∗∈Rm

1
2
||w||2 + C

m∑
i=1

(ξi + ξ∗i )

subject to yi − 〈w,xi〉 − b ≤ ε+ ξi

〈w,xi〉+ b− yi ≤ ε+ ξ∗i

ξi, ξ
∗
i ≥ 0 for all i = 1, . . . ,m.

(3.14)

This yields the following dual problem:

max
α,α∗∈Rm

− ε
m∑
i=1

(α∗i + αi) +
m∑
i=1

(α∗i − αi)yi

− 1
2

m∑
i,j=1

(α∗i − αi)(α∗j − αj) 〈xi,xj〉

subject to 0 ≤ αi, α∗i ≤ C for all i = 1, . . . ,m

and
m∑
i=1

(αi − α∗i ) = 0 .

(3.15)

The corresponding prediction function is:

f(x) = 〈w,x〉+ b

with w =
m∑
i=1

(αi − α∗i ) xi .
(3.16)

Non-linear SVMs

So far we have only considered linear SVMs. However, depending on the problem at hand,
a non-linear function might perform better. The data in Figure 3.4A, for example, cannot
be classified properly by a linear function. In SVMs non-linearity is achieved by mapping
the instances into another, commonly higher dimensional, dot product space, typically
referred to as feature space, in which they can be separated linearly. For instance, applying
the feature map φ : R2 → R3 with

φ
(
(x1, x2)

)
= (x2

1, x
2
2,
√

2x1x2) (3.17)

to the data points in Figure 3.4A yields a distribution of the two classes in 3D that
can be separated linearly (Figure 3.4B). Thus, mapping the input data into a suitable
feature space prior to the application of the SVC algorithm permits non-linear separation.
However, there is major drawback to this approach: For realistically sized problems the
feature space can be very high-dimensional. Working in such a high-dimensional space is
expensive with respect to computation time and memory usage. A solution to this problem
was proposed by Boser et al. [63]. Consider the feature map in (3.17). The dot product
can be computed as〈

φ(x), φ(x′)
〉

=
〈

(x2
1, x

2
2,
√

2x1x2), (x′21, x
′2
2,
√

2x′1x
′
2)
〉

=
〈
x,x′

〉2
. (3.18)
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Figure 3.4: Input space vs. feature space. A) Input space: The data points cannot be
separated properly by a linear function. B) Feature space: Mapping the two-dimensional in-
put data given in A to a three-dimensional feature space using the feature map φ

(
(x1, x2)

)
=

(x2
1, x

2
2,
√

2x1x2) enables linear separation. Based on [46].

Note that the dot product in the feature space corresponding to φ can be determined
without explicitly mapping into it (cf. right hand side of equation 3.18). This observation
is useful since SV algorithms via their duals only depend on dot products between instances
xi. Hence, it is sufficient to know the function K(x,x′) = 〈φ(x), φ(x′)〉 to perform non-
linear classifications. Knowledge of the corresponding feature map φ is not essential. The
soft margin SVC (3.13) can be restated as follows:

max
α∈Rm

m∑
i=1

αi −
1
2

m∑
i,j=1

αiαjyiyjK(xi,xj)

subject to 0 ≤ αi ≤ C for all i = 1, . . . ,m

and
m∑
i=1

αiyi = 0

(3.19)

and accordingly

f(x) =
m∑
i=1

yiαiK(x,xi) + b (3.20)

with K(x,x′) corresponding to the dot product in some feature space. If the underlying
feature map is non-linear, then so is the SVC. Non-linearity in SVR is achieved analogously.

Kernel Functions

The question remains how to determine whether a function corresponds to the dot product
in some feature space. According to Mercer’s Theorem [64] this is the case if the function
is symmetric and if its Gram matrix is positive semi-definite. Such a function is called
kernel function or kernel. Kernels represent similarity measures.
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Numerous kernel functions defining meaningful similarity measures have been proposed.
Two popular kernels for real-valued data are the polynomial kernel and the Gaussian RBF
kernel. The polynomial kernel of degree d with d ∈ N is defined as

K(x,x′) =
〈
x,x′

〉d
. (3.21)

The higher the degree the more flexible is the resulting classifier [47]. A degree of one
yields the dot product in input space, i.e., a linear kernel.

The Gaussian RBF kernel is defined as

K(x,x′) = exp
(
−||x− x′||2

2σ2

)
(3.22)

where σ > 0 determines the width of the Gaussian. Like the degree of the polynomial
kernel, σ controls the flexibility of the resulting classifier [47].

A kernel type commonly used in computational biology are string kernels, i.e., kernels
for sequence data. The basic idea of string kernels is to compare two input sequences based
on the substrings they are composed of. String kernels can be divided into two classes: (i)
kernels describing the k-mer content of sequences of varying lengths [65] and (ii) kernels
for identifying localized signals within sequences of fixed length [66, 67]. The first class
is typically used for classifying whole protein or mRNA sequences, while the second class
is typically used to recognize a specific site in a window of fixed length sliding over a
sequence. Of particular interest to this thesis is the second class. A representative of this
class of string kernels is the weighted degree (WD) kernel [67]. The WD kernel of degree k
is defined as

Kwd
k (x,x′) =

k∑
d=1

βd

L−d+1∑
i=1

I
(
x[i:i+d] = x′[i:i+d]

)
(3.23)

where x[i:i+d] is the substring of length d of x at position i. The weighting of the substring
lengths βd with βd = 2k−d+1

k2+k
assigns a lower weight to higher order matches.

3.2.2 Model Performance

Training an SVM on a given set of examples D = {(xi, yi)}mi=1 involves several parame-
ters. An SVC with Gaussian RBF kernel, for example, has two parameters: σ and C.
The configuration of these parameters strongly affects the performance of the resulting
prediction model. The process of choosing a set of parameters is called model selection.
Model selection is performed on the training data set. After a model has been selected, it
is evaluated on the test data set with respect to a suitable performance measure. Training
data and test data are disjoint subsets of D.

Model Selection and Evaluation

Model selection is often performed as a grid search: Given a fixed number of possible values
per parameter, all parameter combinations are evaluated. The combination yielding the
best prediction model is selected.
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Figure 3.5: Two-fold nested five-fold cross validation. The training data D is partitioned
into five disjoint subsets. In each of the outer cross validation rounds i = 1, . . . , 5, model selection
and training are performed on Ei and testing on Ci. Model selection comprises an inner cross
validation. In each of the inner cross validation rounds j = 1, . . . , 5 models for different parameter
combinations are trained on Eij and evaluated on Cij . The parameter combination yielding the
best performance in the inner cross validation is used for training on Ei in the respective outer
cross validation round. Based on [68].

The de facto standard to thoroughly assess how a predictor will perform in practice, is
k-fold cross validation. k-fold cross validation comprises k rounds of model selection and
subsequent model evaluation. The data set D is adequately partitioned into k partitions of
equal size: D = D1∪. . .∪Dk with Di∩Dj = ∅ for all i 6= j. In each round one of the subsets
serves as test set Ci, while the remaining k − 1 subsets are combined to form the training
set Ei. Model selection and training are performed on the training set, model evaluation
on the test set. Each of the k subsets is used as test set once. The overall performance
of the predictor with respect to k-fold cross validation corresponds to the average over the
performances from the k model evaluations.

In two-times nested k-fold cross validation the model selection phase of the k-fold cross
validation comprises a cross validation-based grid search (Figure 3.5): The training data,
Ei = D\Ci, is partitioned into n parts. For each parameter combination a model is trained
on all combinations of n − 1 inner subsets and evaluated on the remaining inner subset
Cij . The parameter combination with the best average performance over all n inner cross
validation rounds is used to train a model on Ei. The resulting model is evaluated on the
outer test set Ci.

Since on small data sets the initial partitioning may affect the resulting performance,
the performance assessment is more precise if it is based on several rounds of k-fold cross
validation, each employing a different partitioning.
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Performance Measures

For model evaluation, predictions are performed on instances with known labels. Given
the known labels Y and the model’s predicted labels Z, several measures can be employed
to assess the performance of the respective model [69]. When choosing a performance
measure one has to distinguish between measures for classification and for regression.

Using binary SVC, the known labels Y are binary. The values in Z can either be binary,
i.e., the output of the decision function (3.6), or real-valued, i.e., the output of the discrimi-
nant function (3.5). When dealing with binary predicted labels all performance information
is contained in four numbers: the number of correctly predicted positive examples (true
positives, TP), the number of wrongly predicted positive examples (false negatives, FN ),
the number of correctly predicted negative examples (true negatives, TN ), and the number
of wrongly predicted negative examples (false positives, FP) [69]. Based on these numbers
several performance measures are defined. Commonly used measures are accuracy (ACC)
with

ACC(Y,Z) =
TP + TN

TP + FN + TN + FP
, (3.24)

sensitivity (SE) with

SE(Y,Z) =
TP

TP + FN
, (3.25)

and specificity (SP) with

SP (Y,Z) =
TN

TN + FP
. (3.26)

In order to use these measures on real-valued predicted labels, a threshold separating pos-
itive from negative predictions has to be chosen. Since the selected threshold determines
whether a prediction is considered positive or negative, different thresholds will yield differ-
ent performance values. Setting the threshold to 0 corresponds to employing the decision
function. The area under the receiver operating characteristics curve (auROC) measures
the performance without requiring the selection of a specific threshold. The ROC curve
plots SE(Y,Z) on the y-axis vs. 1− SP (Y,Z) on the x-axis as a function of the thresh-
old. The auROC takes values between 0 and 1. A perfect predictor has an auROC of
1, a random predictor has an auROC of 0.5. Generally, when comparing different clas-
sifiers, the threshold-independent auROC is to be preferred over the threshold-dependent
measures [70].

In regression, a commonly used performance measure is the Pearson correlation coeffi-
cient. It is defined as

PCC(Y,Z) =
∑
i

(yi − ȳ)(zi − z̄)
σYσZ

(3.27)

where ȳ and z̄ are the mean values of Y and Z, respectively, σY and σZ are the corre-
sponding standard deviations. The Pearson correlation coefficient assumes values between
−1 and +1, with +1 indicating perfect correlation, 0 indicating random predictions, and
−1 indicating total disagreement.



Chapter 4

Epitope Discovery

After having introduced the basic biological and algorithmic background of this thesis,
we will now turn to the in silico design of EVs. The first step of designing an EV with
respect to a given set of target antigens is epitope discovery (Figure 4.1). In the following,
the methods and techniques we developed for this step of the EV design pipeline will be
described and evaluated. Parts of this chapter have previously been published [8, 71, 72].

4.1 Introduction

Given one or more target antigens, a set of candidate epitopes needs to be determined
and validated experimentally (Figure 4.1). The incorporation of in silico methods for
epitope discovery can help to drastically reduce the number of experiments that have to
be performed.

Due to the complex host dependencies that account for the T-cell recognition of a pMHC
complex and the incomplete biological knowledge of the underlying processes, the predic-
tion of T-cell epitopes is a rather challenging problem. However, Sette et al. [9] demon-
strated a correlation between immunogenicity and MHC binding affinity of a peptide. Since
the processes governing pMHC binding are well understood, the epitope discovery problem
is typically reduced to the problem of MHC binding prediction. Only few approaches to
predict T-cell epitopes directly have been published [21, 22].

Figure 4.1: EV design: epitope discovery step. Given one or more target antigens, a suitable
set of candidate epitopes needs to be determined. Figure based on [8].

29
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Classical MHC binding prediction methods are allele-specific models and rely on the
availability of a certain amount of experimental binding data for the respective allele.
The most popular approaches are position-specific scoring matrices (e.g., SYFPEITHI [12],
HLA BIND/Bimas [11]) and machine learning (e.g., SVMHC [73, 74], NetMHC [14, 75]).
Sufficient training data is available only for the gene products of a small percentage of
the 4,946 different MHC-I alleles (IMGT/HLA database [76], release 3.4.0). However, to
address the challenges of vaccine design, the binding specificities of all allelic variants need
to be known. In order to develop methods capable of binding prediction for alleles with
few or no known binding peptides, a way to overcome the lack of data has to be found.

Structure-based approaches offer independence from experimental binding data by using
known structures of pMHC-I complexes. Approaches range from docking [77] to binding
matrices based on pairwise potentials [78]. Given an adequate template structure, these
approaches allow for binding prediction for alleles with little or no available binding data.
Structure-based approaches generalize well. However, most approaches require large com-
putation times and prediction accuracies are not yet on par with sequence-based methods.

A popular sequence-based approach to address the problem of scarce data for a spe-
cific MHC allele is the incorporation of additional biological knowledge. MHC molecules
bind peptides in an extended conformation. Within the complex the peptide’s side chains
interact with surrounding side chains of the MHC and also with each other. Each of the
peptide’s side chains contributes to the binding affinity. The respective contributions are
influenced by the side chain’s physicochemical properties (e.g., hydrophobicity, charge,
size), by its position within the peptide sequence as well as by the physicochemical prop-
erties of its neighboring side chains. Several groups have successfully used knowledge on
AA properties to improve MHC binding prediction [17, 18, 75]. However, the sequential
information has not explicitly been taken into account. String kernels are perfectly suited
to exploit the elongated formation of putative MHC binding peptides but they do not allow
an easy incorporation of AA properties. In order to improve the predictive power of SVMs
for alleles with little available data, we developed kernel functions that combine the bene-
fits of string kernels with the ones of physicochemical descriptors for AAs. The proposed
incorporation of AA properties in string kernels yields improved performances on MHC-I
binding prediction compared to standard string kernels and to other previously proposed
kernels without affecting the computational complexity. This improvement is particularly
pronounced when data is less abundant. The improved kernels for MHC binding prediction
are presented in Section 4.2.

Another approach to overcome the lack of experimental data employs sequence and
structural information. It is based on the idea that structural similarities between different
MHC molecules allow to use binding information of one allele for the binding prediction
of another. Among the first to pursue such a pan-specific approach for MHC-II were
Sturniolo et al. [19]. They consider the MHC-binding groove to be composed of individual
pockets. For each of the pockets a variety of sequence compositions, the pocket variants,
exists (Figure 4.2). These variants have been shown to be shared among different MHC
molecules. Using a modular matrix approach, Sturniolo et al. determined the binding
specificity of an MHC molecule by combining the binding affinities of the individual pocket
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Figure 4.2: Schematic representation of the modular structure of an MHC binding
groove. A number of sequence compositions exist for each pocket. These pocket variants, repre-
sented by different shapes, are shared across different allelic variants of MHC molecules.

variants constituting the binding groove. In 2007, DeLuca et al. [79] generalized this
approach and applied it to MHC-I. Using the pocket definition of Chelvanayagam [80] in
combination with a modular matrix approach, DeLuca et al. were able to increase the
number of predictable MHC-I alleles by a factor of five. Nevertheless, for the vast majority
of known MHC-I alleles the modular matrices were incomplete. These alleles could not be
covered by this approach. Also inspired by the work of Sturniolo et al., in Section 4.3 we
propose a more general approach, which for the first time allows predictions for all known
MHC-I alleles, independent of the availability of experimental binding data. Our approach
performs better than existing allele-specific methods on alleles included in the training
set. On alleles not included in the training set it achieves remarkable results, which are
comparable to those of allele-specific methods. However, NetMHCpan, a related approach
developed independently by Nielsen et al. [20], yields even better results.

As discussed above, MHC binding is only a necessary prerequisite for T-cell reactivity.
The ability of a peptide to trigger a T-cell response, i.e., the peptide’s immunogenicity,
depends on the host immune system, more specifically on the MHC alleles expressed and
the T-cell repertoire. Given a suitable MHC molecule that presents the peptide of interest
on the cell surface, induction of an immune response requires recognition of the pMHC
complex by a host T cell. The mechanisms governing T-cell recognition of pMHC com-
plexes are not yet fully understood and therefore difficult to model. Furthermore, the
availability of a suitable TCR is determined by positive and negative selection of T cells
and thus by the host’s proteome. These complex dependencies and the incomplete biolog-
ical knowledge make the prediction of T-cell epitopes a very challenging problem. Only
few classification approaches have been published. They range from early methods based
on the amphipathic helix model of T-cell epitopes [81] to sequence-based machine learning
methods [21, 22]. Bhasin and Raghava [21] proposed a consensus approach using artificial
neural networks and SVMs on sparse-encoded peptides. Tung et al. [22] skillfully selected
23 physicochemical AA properties from the Amino Acid Index database (AAIndex) [82].
Based on this 23-dimensional AA encoding, the authors trained an SVC with Gaussian
RBF kernel. Recently, Tung et al. have proposed a string-kernel-based SVM approach to
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predict T-cell epitopes with respect to HLA-A2 (unpublished work). All of the approaches
above yield only limited prediction accuracies. They suffer from an improper choice of
data basis as well as from a limited view on this systemic property. None of the methods
is based on a data set that has been analyzed with respect to a bias in MHC binding
affinity. If the examples of one of the classes, immunogenic or non-immunogenic, display
higher MHC binding affinities than those of the other class, it cannot be ruled out that
the respective classifiers are trained to predict MHC binding instead of T-cell reactivity.
Furthermore, the methods proposed in [21, 22] disregard the relevance of the MHC context
for T-cell reactivity. The authors employ T-cell epitope data independent of the respective
MHC allele for training. Since a particular peptide can be immunogenic with respect to
one allelic variant of MHC molecules and non-immunogenic with respect to another, non-
allele-specific T-cell epitope predictors cannot be expected to yield useful results. Apart
from the choice of the data basis, all of the approaches above are purely sequence-based
and do not consider the complex dependencies involved in peptide immunogenicity. In Sec-
tion 4.4 we present a novel approach to T-cell epitope prediction incorporating knowledge
on the T-cell selection process. Demonstrating a proof-of-concept, we can show that our
model performs considerably better than purely sequence-based approaches.

4.2 Improved Kernels for MHC Binding Prediction

4.2.1 Introduction

MHC molecules bind peptides in an extended conformation. Each of the peptide’s side
chains contributes to the binding affinity. The respective contribution is influenced by
the position of a side chain within the peptide sequence as well as by its neighboring
side chains. While standard kernels like the polynomial or the RBF kernel are capable of
capturing the interactions between different peptide side chains, they do not fully consider
the order of the side chains within the sequence. In contrast, localized string kernels are
capable of taking the side chain order into account. A localized string kernel very well
suited to handle MHC binding data is the WD kernel (3.23).

When using string kernels on protein sequences, one key disadvantage is that prior
knowledge about the properties of individual AAs, for example their size, hydrophobicity,
secondary structure preference, cannot be easily incorporated. Given a sufficient amount
of training data, these properties can be learned implicitly by machine learning methods.
However, especially when dealing with small training data sets as common in MHC binding
prediction, inclusion of this information in the sequence representation would be beneficial.

Previous approaches to utilizing prior knowledge on AA properties and, hence, on re-
lations between AAs in SVMs have either taken advantage of Blast or PSI-Blast profiles
for improving kernels describing k-mer content [60, 83, 84] or focused on using prop-
erties for single AAs with standard kernels, i.e., ignoring the AA order within the se-
quences [17, 18, 75].

We propose a complementary approach of employing physicochemical or other infor-
mation on AA properties. In the following, we present new kernel functions that combine
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the benefits of physicochemical descriptors for AAs with the ones of string kernels. The
main idea is to replace the comparison of substrings, which is computed during kernel
computation, with a term that takes the AA properties into account. While this seems
quite simple at first sight, it is less so, when considering k-mers instead of single AAs. The
key insight is how to compute the kernels such that the beneficial properties of sequence
kernels do not get lost. In particular, we would like that either the use of uninformative
descriptors (e.g., sparse encoding) or the choice of distinct kernel parameters reduces the
new kernel to the original string kernel.

Since string kernels describing k-mer content are not suited for epitope discovery, within
this thesis we will focus on localized string kernels, in particular on the WD kernel. The
proposed modifications can also be applied similarly to string kernels describing k-mer
content as presented in [71]. Since we are interested in AA sequences, for the remainder of
this section we generally assume the alphabet Σ to be the AA alphabet.

4.2.2 Methods

Idea

The WD kernel (3.23), as most other string kernels, compares substrings of length k be-
tween the two input sequences x and x′ of length L. The involved term I(x = x′) with
x,x′ ∈ Σk can equivalently be written as:

I(x = x′) =
〈
Φk(x),Φk(x′)

〉
,

where Φk(x) ∈ R|Σk|. Φk(x) can be indexed by a substring s ∈ Σk and it is Φk(x)s = 1,
if s = x, and 0 otherwise. For the sake of the derivation, let us consider Φ1 : Σ 7→ {0, 1},
generating a simple encoding of the letters into |Σ|-dimensional unit vectors, i.e., a sparse
encoding. It can easily be seen that the substring comparison can be rewritten as

I(x = x′) =
k∏
i=1

〈
Φ1(xi),Φ1(x′i)

〉
.

When using Φ1 as the basis of substring comparisons, relations between AAs are ig-
nored: all mixed pairs of AAs are equally dissimilar. Only homogeneous pairs of AAs are
considered. Replacing Φ1 with a feature map Ψ that considers AA properties yields the
following kernel on AA substrings (AA substring kernel, AASK ):

KΨ
k (x,x′) =

k∏
i=1

〈
Ψ(xi),Ψ(x′i)

〉
. (4.1)

The corresponding feature space is then not spanned by |Σ|k different combinations of
letters, but by Dk

Ψ, where DΨ is the number of properties used to describe a single AA.
We can now recognize sequences of AAs that have certain properties (e.g., first AA: hy-
drophobic, second AA: large, third AA: positively charged, etc.): For every combination
of products of features involving exactly one AA property per substring position, there is
one feature induced in the kernel. A richer feature space including combinations of several
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properties from every position can be obtained using the following two formulations. The
first is based on the polynomial kernel (3.21):

KΨ
k,d(x,x

′) =

(
k∑
i=1

〈
Ψ(xi),Ψ(x′i)

〉)d
, (4.2)

and the second on the Gaussian RBF kernel (3.22):

KΨ
k,σ(x,x′) = exp

(
−
∑k

i=1 ‖Ψ(xi)−Ψ(x′i)‖2

2σ2

)
. (4.3)

Depending on the problem at hand, such a considerably richer feature space can be bene-
ficial.

Modified WD Kernel

Replacing the substring comparison I(x = x′) with one of the more general formulations in
(4.1), (4.2), or (4.3) together with an AA encoding Ψ, directly implies a generalized form
of the WD and other string kernels. For the WD kernel we can write:

Kwd,Ψ
k (x,x′) =

k∑
d=1

βd

L−d+1∑
i=1

KΨ
d (x[i:i+d],x′[i:i+d]). (4.4)

Kwd,Ψ
k is a linear combination of kernels and therefore a valid kernel [85]. Independent of

the choice of AASK, the modified WD kernel can be computed efficiently, with a complexity
comparable to that of the original.

Of particular interest is the WD-RBF kernel, i.e., the combination of the WD kernel
and the RBF-AASK (4.3):

Kwd,Ψ
k,σ (x,x′) =

k∑
d=1

βd

L−d+1∑
i=1

exp

(
−
∑d

j=1 ‖Ψ(xj)−Ψ(x′j)‖2

2σ2

)
. (4.5)

For σ → 0 and an encoding Ψ with Ψ(a) = Ψ(b) if and only if a = b, the WD-RBF
kernel corresponds to the WD kernel: the RBF-AASK will be one only if the substrings
are identical, otherwise it will be zero. Hence, as in the WD kernel only identical substrings
will be considered.

4.2.3 Experimental Results

We evaluate the classification and the regression performance of the proposed kernels on
a benchmark data set for MHC binding prediction: The IEDB benchmark data set from
Peters et al. [86], which is part of the Immune Epitope Database (IEDB) [87], contains
quantitative binding data (IC50 values) for various MHC alleles. Splits for a five-fold cross
validation are given. We employ a subset of this data (hereafter IEDBh9): binding data
of nonameric peptides with respect to human MHC, yielding 35 allele-specific data sets.
(The number of examples per allele in IEDBh9 can be found in Table B.1 in the appendix.)
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For the classification, peptides with IC50 values greater than 500 nM were considered non-
binders, all others binders.

We use three sets of physicochemical descriptors for AAs: (1) five descriptors derived
from a principal component analysis of 237 physicochemical properties (pca), (2) three
descriptors representing hydrophobicity, size, and electronic properties taken from the
AAIndex (zscale), and (3) 20 descriptors corresponding to the respective entries of the
BLOSUM50 substitution matrix [88] (blosum50).

The main goal of the work presented in this section is the methodological improvement
of existing string kernels by incorporation of prior knowledge on AA properties. In order to
analyze the benefits of the proposed modifications we conducted performance comparisons
between the original and the modified string kernels as well as standard kernels.

Preliminary Performance Analysis

Preliminary classification experiments on three human MHC alleles (HLA-A*23:01, HLA-
B*58:01, HLA-A*02:01) were carried out to analyze the performance of the different ker-
nels: WD (3.23), RBF (3.22), poly (3.21), WD-RBF (4.5), WD-poly (as WD-RBF, but
with polynomial-AASK) combined with different encodings (pca, zscale, blosum50). The
alleles were chosen to comprise a small data set (HLA-A*23:01, 104 examples) as well as
a medium (HLA-B*58:01, 988 examples) and a large (HLA-A*02:01, 3089 examples) data
set. The respective cross validation results are given in Table 4.1. For each of the alleles
a different kernel type performs best: poly (pca) for HLA-A*23:01, RBF (blosum50) for
HLA-B*58:01 and WD-RBF (blosum50) for HLA-A*02:01. The latter performs second-
best on HLA-A*23:01 and HLA-B*58:01. As for the benefits of the modification of the
WD kernel, the WD-poly and WD-RBF kernels outperform the WD kernel in 17 out of 18
cases.

Learning Curve Analysis

From Table 4.1 the trend can be observed that the kernels that use AA properties benefit
more for smaller datasets. In order to validate this hypothesis, we performed learning curve
analyses for WD and WD-RBF (blosum50) in a classification and a regression setting on
the largest data set, i.e., HLA-A*02:01. Performance is measured by averaging the auROC
and the PCC, respectively. To average over different data splits in order to reduce random
fluctuations of the performance, we performed 100 runs of two-times nested five-fold cross
validation. In each run, thirty percent of the available data was used for testing. From the
remaining data training sets of different sizes (20, 31, 50, 80, 128, 204, 324, 516, 822, 1308)
were selected randomly. Figure 4.3 shows the mean performances with standard errors.
Both for classification and regression, it can clearly be seen that the fewer examples are
available for learning, the stronger is the improvement of the WD-RBF kernel over the
WD kernel. Intuitively this makes sense, as the more data is available, the easier it will be
to infer the relation of the AAs from the sequences in the training data alone.
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Table 4.1: Performances of kernels employing sequential structure and/or AA prop-
erties on three MHC alleles. auROCs and standard deviation were determined in two-times
nested five-fold cross validation. Best (bold) and second-best (underlined) performances per MHC
allele are highlighted. An asterisk marks performance improvement due to the proposed modifica-
tions.

Kernel HLA-A*23:01 HLA-B*58:01 HLA-A*02:01
auROC (std) auROC (std) auROC (std)

WD 0.7307 (0.0900) 0.9314 (0.0279) 0.9485 (0.0076)
Poly (pca) 0.8363 (0.0808) 0.9428 (0.0336) 0.9354 (0.0111)
Poly (zscale) 0.7964 (0.0727) 0.8778 (0.0637) 0.9052 (0.0070)
Poly (blosum50) 0.8220 (0.0442) 0.4948 (0.0560) 0.4729 (0.0246)
RBF (pca) 0.8277 (0.0904) 0.9396 (0.0303) 0.9345 (0.0114)
RBF (zscale) 0.7847 (0.0787) 0.9235 (0.0347) 0.9157 (0.0072)
RBF (blosum50) 0.8204 (0.0864) 0.9509 (0.0317) 0.9520 (0.0072)
WD-Poly (pca) 0.7879∗ (0.0858) 0.9406∗ (0.0319) 0.9495∗ (0.0084)
WD-Poly (zscale) 0.7983∗ (0.0902) 0.9499∗ (0.0348) 0.9483 (0.0073)
WD-Poly (blosum50) 0.8307∗ (0.1077) 0.9491∗ (0.0224) 0.9490∗ (0.0070)
WD-RBF (pca) 0.8133∗ (0.0806) 0.9510∗ (0.0265) 0.9486∗ (0.0051)
WD-RBF (zscale) 0.7782∗ (0.1222) 0.9487∗ (0.0434) 0.9500∗ (0.0074)
WD-RBF (blosum50) 0.8312∗ (0.0993) 0.9571∗ (0.0265) 0.9503∗ (0.0067)

Performance on the IEDBh9 Data Set

The preliminary analysis showed the WD-RBF kernel with blosum50 encoding to perform
best. For a more comprehensive comparison, classification and regression performance of
WD and WD-RBF (blosum50) kernels were assessed on the IEDBh9 data set. We used
two-times nested five-fold cross validation to (1) perform model selection over the kernel
and regularization parameters, (2) estimate the prediction performance. Performance is
measured by averaging the auROC and the PCC, respectively. In classification, WD-RBF
outperforms WD on 23 alleles (Figure 4.4A). (Allele-specific performances are listed in
Table B.2 in the appendix.) This is significant with respect to the binomial distribution:
Assuming equal performance of WD and WD-RBF, the probability of WD-RBF outper-
forming WD 23 out of 35 times is approximately 0.02.

In regression, WD-RBF outperforms WD on 27 alleles (Figure 4.4B). (Allele-specific
performances are listed in Table B.3 in the appendix.) Again assuming equal performance
of both kernels, the probability of WD-RBF outperforming WD 27 out of 35 times is
approximately 0.002.

SVM Computations

All SVM computations were performed using the Matlab interface of the freely available
large-scale machine learning toolbox Shogun [89]. All used kernels are implemented as part
of the toolbox.



4.2. IMPROVED KERNELS FOR MHC BINDING PREDICTION 37

Figure 4.3: Learning curve analyses on HLA-A*02:01. Shown are performances of WD-
RBF (blosum50) and WD kernel averaged over 100 different test splits (30%) and for increasing
numbers of training examples (up to 70%). The training examples were used for training and model
selection using five-fold cross validation. A) Classification performance (auROC). B) Regression
performance (PCC).

4.2.4 Discussion

We have proposed new kernels that combine the benefits of physicochemical descriptors
for AAs with the ones of string kernels. String kernels are powerful and expressive, yet
one needs sufficiently many examples during training to learn relationships between AAs
in the very high-dimensional and sparsely populated space induced by the string kernel.
Standard kernels based on physicochemical descriptors of AAs, on the other hand, cannot
exploit the sequential structure of the input sequences. They implicitly generate many
more features, numerous of which will be biologically implausible. Here, one also needs
more examples to learn which subset of features is needed for accurate discrimination,
especially for longer protein sequences.

We could show that the proposed modifications of the WD kernel yield significant
improvements in the prediction of MHC binding peptides. As expected, the improvement
is particularly strong when data is less abundant. The experiments demonstrate that
the proposed kernels indeed perform better than string kernels and non-substring kernels.
These improvements are not major, but consistent. It has to be noted that a big difference
between the previously proposed kernels and the proposed kernels cannot be expected: The
proposed kernels essentially work on subsets of the features of previously proposed kernels
and the improvements that we observe mainly come from the SVM’s degraded performance
when including uninformative features (which typically is not very pronounced).

In summary, the proposed modifications, in particular the combination with the RBF-
AASK, consistently yield improvements without seriously affecting the computing time.
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Figure 4.4: Performances of WD and WD-RBF (blosum50) kernels on the IEDBh9 data
set. The pie charts display the number of alleles for which the WD (red) and the WD-RBF (blue)
performed best, respectively, and the number of alleles for which they performed equally (green).
A) Classification performances. B) Regression performances.

Utilization of the RBF-AASK allows for recovery of the original string kernel formulation
by appropriately choosing σ. Hence, when σ is included in model selection, the proposed
kernels should perform at least as good as the original string kernels.

4.3 MHC Binding Prediction for All MHC-I Alleles

4.3.1 Introduction

The approach discussed above aims at overcoming the lack of data in MHC binding pre-
diction by skillfully exploiting the available allele-specific data. In contrast, our second
approach employs similarities between the different allelic variants of MHC molecules. In-
spired by the work of Sturniolo et al. [19], we propose a general method to the prediction
of MHC-I binding peptides. This method, UniTope, for the first time allows predictions
for all known MHC-I alleles, independent of the availability of experimental binding data.
Based on an analysis of crystal structures of pMHC-I complexes, we determined, which
MHC residues contribute to the individual pockets of the MHC binding groove. This in-
formation was used to determine pocket variants of the gene products of all known MHC-I
alleles. Since the majority of known MHC-I binders are of length nine, we focused on non-
americ peptides only and, accordingly, on a decomposition of the binding groove into nine
individual pockets. A single SVM model was trained for all alleles. The input vectors for
the SVM contain a physicochemical encoding of a peptide and of the nine pocket variants
of the respective MHC molecule. A related approach, NetMHCpan, was developed indepen-
dently by Nielsen et al. [20]. NetMHCpan is an artificial-neural-network-based consensus
approach that also employs input vectors comprising peptide and MHC allele encoding.
However, instead of representing the MHC-I binding groove by individual pockets, Nielsen
et al. represent each allele by a pseudo sequence. The pseudo sequence comprises all non-
conserved MHC residues found within 4Å of the ligand. The authors train a set of neural
networks based on three different peptide-MHC encodings and the predicted affinity is
determined by averaging over the individual predictions.
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Performance tests with our approach yield promising figures: UniTope performs better
than existing allele-specific methods on alleles included in the training set. On alleles not
included in the training set, which correspond to alleles without experimental binding data,
it achieves remarkable results, comparable to those of allele-specific methods.

4.3.2 Methods

Pocket Definition

A pocket of the MHC-I binding groove is composed of all residues in contact with the
corresponding residue of a bound ninemer: MHC residues in contact with the first residue
of the peptide belong to the first pocket, those in contact with the second residue belong to
the second and so forth. The MHC-I sequence indices of residues found to contribute to a
specific pocket are recorded in the pocket profile. In order to determine the pocket profiles,
3D structures of nonameric peptides bound to MHC-I molecules had to be analyzed. 75
crystal structures of such pMHC-I complexes were retrieved from the Protein Data Bank
(PDB) [90] and analyzed using the BALL framework [91]. A list of these 75 structures is
given in Table B.4 in the appendix. We applied the SS contact criterion [78] to determine
contacts between MHC and peptide residues: An MHC residue and a peptide residue are
defined to be in contact if they are at most 4Å apart. Interactions with the MHC back-
bone as well as with the peptide backbone are omitted. To ensure consistent indexing,
MHC-I position indices were determined as follows: We retrieved AA sequences derived
from all known human MHC-I alleles from the IMGT/HLA database [92] (release 2.16).
Sequences derived from alleles which have been shown not to be expressed were discarded.
Furthermore, all sequences with an incomplete binding groove were removed. A multi-
ple sequence alignment (MSA) of the remaining sequences using ClustalW [93] showed
a conserved sequence (GSHSMRYF) at the beginning of the α-chain. All MHC sequences
were truncated to begin with this conserved sequence. The resulting pocket profiles are
displayed in Figure 4.5.

Prediction Model

Our aim is to develop a single prediction model for all known allelic variants of MHC-I
molecules. Hence, our instances are MHC-peptide pairs and the feature vectors comprise
an encoding of the peptide and an encoding of the MHC allele, more precisely, of the
corresponding gene product. We use the five-dimensional pca encoding [94], which was
described in Section 4.2, to encode individual AAs. The nonameric peptides are encoded
AA-wise, yielding 45 features. The MHC alleles are encoded pocket-wise. In order to
model the physicochemical environment within the pockets, a pocket P = {p1, p2, . . . , pn}
is encoded by averaging over the pca encodings of the pocket’s residues, i.e.,

ΦP
pca(P ) =

1
n

n∑
i=1

ΦAA
pca(pi) (4.6)

where ΦAA
pca(p) is the pca encoding of AA p. This yields feature vectors of length 90: five

features per peptide AA and five features per pocket. Based on these feature vectors and
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Figure 4.5: Pocket profiles. The columns give the MHC residue numbering. The rows cor-
respond to the peptide positions. Gray squares mark interactions of the respective MHC residue
with the respective peptide residue. MHC residues interacting with peptide position 1 are assigned
to pocket 1 and so on.

the corresponding pMHC binding affinities an SVR model with a Gaussian RBF kernel is
trained.

4.3.3 Experimental Results

UniTope is designed to allow predictions for all known MHC-I alleles whether they were
included in the training set or not. MHC alleles which were included in the training set
are termed seen, those not included are termed unseen alleles.

In order to assess the performance of UniTope a comparison to other prediction methods
is expedient. Here we are faced with a common problem in comparing prediction meth-
ods: a fair comparison between two methods is only given if both methods employed the
same data for training and, if considering cross validation results, the same data splits. To
facilitate the evaluation of MHC-I binding prediction methods, Peters et al. published the
IEDB benchmark data set comprising quantitative pMHC-I affinity measurements (IC50

values) relating to various human, mouse, macaque, and chimpanzee MHC-I alleles [86].
Along with this data set, the authors established a set of benchmark predictions with
three prediction methods: a neural network and two matrix-based approaches. All meth-
ods yield quantitative predictions based on allele-specific binding data only. The neural
network approach (hereafter ANN) [75] outperforms the matrix-based approaches. Thus,
in the following, we will compare the performance of UniTope on seen and unseen alleles
to the performance of ANN. Subsequently, other pan-specific prediction methods will be
considered.

We employ the IEDB benchmark derived IEDBh9 data set, which was introduced in
Section 4.2. The IC50 values are log-transformed into the range [0, 1] according to [75]:
1 − log(IC50)

log(50,000) , yielding high scores for low IC50 values, i.e., high binding affinities, and
low scores for high IC50 values, i.e., low binding affinities. As performance measure the
Pearson correlation coefficient (PCC, see equation 3.27) is employed.
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Figure 4.6: Correlation between UniTope performance and distance to nearest neigh-
bor. The PCC achieved by UniTope on unseen alleles on a specific MHC allele is plotted against
the allele’s distance to its nearest neighbor. The PCC between UniTope performance and distance
to nearest neighbor is −0.59. The regression line is plotted as solid red line. One and two standard
deviations are plotted as gray dashed and dashed-dotted line, respectively. MHC alleles discussed
in the text are shown in blue.

The average PCC yielded by ANN on the IEDBh9 data set is 0.54 with a minimum of
0.19 (HLA-B*40:01) and a maximum of 0.83 (HLA-B*18:01). The individual performances
are listed in Table B.5 in the appendix.

Performance on Unseen Alleles

Performance on unseen alleles is measured via a leave-one-out validation. In leave-one-out
validation the data for one allele, the unseen allele, is omitted from training. A model
selection is performed on the remaining data and the final model is used for predictions on
the unseen allele. In this setting, the performance of UniTope on unknownMHC specificities
is simulated.

Leave-one-out validation is performed for each allele represented in the IEDBh9 data set.
We determine the best parameter combination via five-fold cross validation on the training
set. On average, UniTope yields a PCC of 0.55 with a minimum of 0.01 (HLA-B*27:05) and
a maximum of 0.82 (HLA-A*02:06). While this definitely leaves room for improvement, it
is on par with the performance of the allele-specific ANN. The individual performances of
UniTope are listed in Table B.6 in the appendix.

UniTope performs particularly well on HLA-A*02:06 and produces merely random pre-
dictions for HLA-B*27:05. What determines whether UniTope will perform well on an
allele? In order to analyze this, we consider each allele’s distance to its nearest neighbor in
the IEDBh9 data set. The distance between two alleles a and b is defined as the Euclidean
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distance between their pocket encodings:

d(a, b) =
∥∥∥[ΦP

pca(P 1
a ), . . . ,ΦP

pca(P 9
a )
]
−
[
ΦP

pca(P 1
b ), . . . ,ΦP

pca(P 9
b )
]∥∥∥

where P ix is the i-th pocket of allele x. Figure 4.6 plots these distances against the respective
UniTope performance. The PCC between the distance to the nearest neighbor and the
performance of UniTope is −0.59. In the following we will examine some of the alleles
that deviate strongly from the regression line in Figure 4.6. HLA-B*27:05 (PCC = 0.01)
belongs to the B27 supertype [28]. Its binding motif differs from those of the other alleles
in the N-terminal anchor position, where it prefers basic residues [28]. Hence, in the
leave-one-out validation none of the alleles in the training set is suited as a representative.
The same is true for HLA-B*08:01 (PCC = 0.04), which is the only B08 allele in the
data set. According to [28], B08 alleles display a unique mode of peptide binding. The
remaining alleles’ binding information is thus of no avail to predicting HLA-B*08:01 binding
affinities. A typical phenomenon of pan-specific predictions is displayed by HLA-B*58:01
(PCC = 0.22) and its nearest neighbor HLA-B*57:01 (PCC = 0.58), both from the same
supertype: while the sparsely populated HLA-B*57:01 (59 data points) benefits from the
highly populated HLA-B*58:01 (988 data points), the few HLA-B*57:01 data points do
not suffice to adequately represent HLA-B*58:01 in the leave-one-out validation. HLA-
A*24:03 (PCC = 0.23) is located very close to the related HLA-A*24:02 (PCC = 0.51) in
feature space. Both alleles have only few data points in the IEDBh9 data set, 254 and 197,
respectively. This suggests a similar UniTope performance for both alleles in the leave-one-
out validation. However, this is not the case: we observe a deviation of more than two
standard deviations from the regression line for HLA-A*24:03 and of about one standard
deviation for HLA-A*24:02. This discrepancy can be explained by the presence of another
allele from the same supertype: HLA-A*23:01 (PCC = 0.67), which is also located nearby.
Analysis of the three allele-specific data sets reveals a strong overlap in the data sets of
HLA-A*23:01 and HLA-A*24:02: 78 peptides are contained in both data sets. The binding
affinities of these peptides with respect to HLA-A*23:01 and HLA-A*24:02 correlate very
well (PCC = 0.71). In contrast, the HLA-A*24:03 data set does not overlap with the other
data sets.

Performance on Seen Alleles

The performance on seen alleles is measured via a two-times nested five-fold cross valida-
tion using the splits specified in the IEDB benchmark data set. UniTope clearly outper-
forms the allele-specific ANN. It yields an average PCC of 0.67 with a minimum of 0.39
(HLA-B*08:01) and a maximum of 0.84 (HLA-A*02:06, HLA-A*11:01). The individual
performances are listed in Table B.5 in the appendix. In this setting, the performance
on the special cases HLA-B*27:05 and HLA-B*08:01 is significantly better than in the
leave-one-out validation: 0.47 vs 0.01 and 0.39 vs. 0.04, respectively.
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Comparison to Pan-Specific Methods

A thorough leave-one-out comparison to the pan-specific approach proposed by DeLuca
et al. [79] is unfortunately not possible. This approach allows leave-one-out validation
only for two of the 35 alleles contained in the IEDBh9 data set. All others cannot be fully
represented by pocket variants of the remaining alleles. Since a comparison on two alleles
would not be significant, we refrained from reimplementing DeLuca’s approach to obtain
performances on IEDBh9.

In order to perform a comparison with NetMHCpan [20], we obtained predictions for
the seen-allele and the unseen-allele setting from the authors (personal communication
with M. Nielsen). On unseen alleles, NetMHCpan yields an average PCC of 0.64 with
a minimum of −0.06 (HLA-B*27:05) and a maximum of 0.86 (HLA-A*02:01). In this
setting, it outperforms UniTope in 30 out of 35 alleles. On seen alleles, NetMHCpan yields
an average PCC of 0.79 with a minimum of 0.60 (HLA-B*08:01) and a maximum of 0.89
(HLA-A*02:01). It outperforms UniTope on all 35 alleles. The individual NetMHCpan
performances are listed in Tables B.6 and B.5, respectively.

SVM Computations

All SVM computations were performed using the Python interface of the machine learning
toolbox Shogun [89].

4.3.4 Discussion

A key problem in MHC-I binding prediction is the highly polymorphic nature of the MHC-I
loci accompanied by a lack of data for the majority of known allelic variants. To address
the challenges of vaccine design, predictors for MHC alleles with little or no experimental
binding data are needed. We have proposed a pan-specific approach to the prediction of
pMHC-I binding affinities. Our approach, UniTope, for the first time allows predictions for
all known MHC-I alleles, independent of the availability of experimental binding data. This
is in contrast to allele-specific approaches which can only perform predictions for alleles
with a sufficient amount of binding data to build a model on. While UniTope outperforms
existing allele-specific predictors on alleles included in the training set, it performs on par
with these predictors on alleles not included the training set, demonstrating the validity of
our approach. Nevertheless, NetMHCpan achieves better performances with a very similar
approach.

Pan-specific approaches can also be applied across species. This allows the binding
prediction for non-human MHC alleles, where binding data is even scarcer. However, in
agreement with [20], our results clearly show that in order for the pan-specific approach
to yield satisfying results for a particular allele binding data of a related allele has to be
included in the training. It comes as no surprise that the amount of available related data
also influences the performance of the pan-specific predictor. The correlation between
the allele-specific performance of UniTope and the respective MHC allele’s distance to
its nearest neighbor renders this distance an adequate measure of confidence for UniTope
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predictions. Incorporation of related data set sizes promises to improve the confidence
measure.

NetMHCpan yields impressive performances for the majority of the IEDBh9 alleles, seen
and unseen. It is the best pan-specific MHC-I binding predictor available. What is the
secret to the success of NetMHCpan? According to the authors it is the way the data is
represented. However, an attempt to measure up to its performance by reimplementing
the NetMHCpan approach using SVMs was not successful. Assuming that Nielsen et al.
thoroughly described their approach and that we correctly reimplemented it, two possible
explanations remain: (a) we either chose unfavorable parameter ranges for the grid search
and the secret lies in the data representation after all or (b) artificial neural networks are
simply better suited for the pan-specific modelling of pMHC-I binding. A more detailed
analysis would be required to come to a well-founded conclusion regarding the secret to
the success of NetMHCpan. From a problem-oriented point of view, however, it is far more
expedient to focus on optimally exploiting the superior performances of NetMHCpan and
its allele-specific counterpart NetMHC [75] for EV design.

4.4 T-Cell Epitope Prediction

4.4.1 Introduction

So far, we have only considered pMHC binding. However, induction of an immune response
requires recognition of a pMHC complex by a host T cell. Complex dependencies and an
incomplete biological knowledge make the prediction of T-cell epitopes a very challenging
problem. The more recent machine-learning based approaches employ a sparse encod-
ing [21], a physicochemical encoding (POPI by Tung et al. [22]) or a WD kernel (POPISK
by Tung et al., unpublished work) to train SVMs on peptide sequences. Common to all of
the approaches is their limited prediction accuracy. Reasons for this can be found in the
choice of training data and in the methods’ limited view on the problem.

Taking a wider view on T-cell reactivity, we propose to incorporate knowledge on the
immune system’s self-tolerance into the prediction: Selection processes in the thymus and
in the periphery eliminate T cells capable of reacting against self-peptides. Thus, antigenic
peptides that are very similar to self-peptides are highly unlikely to induce a T-cell response.
We present an approach to T-cell epitope prediction that combines sequence information
and information on self-tolerance. Based on a carefully designed data set comprising T-cell
reactivity data in the context of HLA-B*35:01, we can show that our predictor outperforms
purely sequence-based predictors, demonstrating the validity of our approach.

4.4.2 Modelling Self-Tolerance

Self-tolerance describes the capability of the immune system to distinguish self from non-
self. A key mechanism for ensuring self-tolerance is negative T-cell selection. Negative
T-cell selection eliminates or inactivates self-reactive T cells, rendering antigenic peptides
that are very similar to self-peptides highly unlikely to induce a T-cell response. Thus, in
order to model self-tolerance, we require a representative set of self-peptides presented to
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T cells during negative selection. Since only MHC binding peptides are presented, MHC
binding affinity should be taken into account. Furthermore, an adequate similarity measure
for peptides is needed. For the sake of convenience, we will use a distance measure instead
of a similarity measure.

Reference Proteome

Since negative T-cell selection takes place in the thymus, the thymus proteome represents
a reasonable reference set for central tolerance. However, this set is too small to also model
peripheral tolerance: in this case the complete host proteome has to be considered.

We generate peptide reference sets based on the thymus proteome, modelling central
tolerance, as well as on the human proteome, modelling both central and peripheral toler-
ance. Only peptides binding to the MHC molecule under consideration can be employed
for T-cell selection. Hence, only peptides predicted to be MHC binders (IC50 ≤ 500) by
the state-of-the-art MHC-I binding predictor NetMHC [14, 75] (version 3.0) are included
in the peptide reference sets. Since the majority of all known MHC-I ligands are of length
nine, we will only consider ninemers in the following.

Human proteome. The general human proteome was retrieved from the International
Protein Index (hereafter IPI) [95] (version 3.47).

Thymus proteome. We used gene expression data to define the thymus proteome.
Whole genome microarray data was downloaded from the NCBI Gene Expression Om-
nibus [96] and from the EBI ArrayExpress database [97]. The employed microarrays only
cover about 43% of all proteins present in the IPI human proteome. Thus, we cannot make
a statement regarding the expression in the thymus of the remaining 57%. Due to conflict-
ing measurements regarding the presence of proteins in the thymus, we employ a majority
voting to unambiguously assign each protein to one of the three classes: present, marginally
expressed, and absent. For details on the employed data sets as well as on the majority
voting, please refer to Tables B.7 and B.8 and to Algorithm B.1 in the appendix. Accord-
ing to the majority voting, approximately 45% of the covered proteins are present in the
thymus, 26% are marginally expressed, and 28% are absent from the thymus. Given these
three groups of proteins, we define a minimum thymus proteome (hereafter thymus-min)
consisting of all proteins in the present group and a maximum thymus proteome (hereafter
thymus-max) comprising present and marginally expressed proteins.

Binding Affinities

Not every self-peptide contributes to self-tolerance. Crucial features are pMHC binding
as well as, according to the affinity model, pMHC:TCR affinity. We account for the
aspect of pMHC binding by including only self-peptides predicted to bind to the respective
MHC molecule in the reference peptide set. Regarding the pMHC:TCR affinity, there is
no accurate prediction method available. However, the stability of the ternary complex
pMHC:TCR is affected by pMHC affinity, which can be predicted accurately. Thus, we
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regard pMHC binding as an estimate of pMHC:TCR affinity and incorporate it explicitly
into our model of self-tolerance. The reported correlation between pMHC affinity and
peptide immunogenicity [9] additionally justifies this approach.

Measuring Distance to Self

We define the distance of a peptide to a set of peptides to correspond to the smallest pair-
wise distance to one of the peptides in the set. The distance between two peptides of equal
length can be calculated in various ways, ranging from a simple Hamming distance-based
approach to substitution matrix-based distance measures. Within this work, we employ a
distance measure that has been derived from the BLOSUM45 substitution matrix [88]. It
corresponds to a sum of AA distances and can thus be represented by a symmetric 20×20-
matrix. The matrix is generated as follows: The substitution matrix A is turned into a
symmetric matrix A′ by replacing each entry aij by aij+aji

2 . The entries are shifted by
adding the absolute value of the smallest entry, such that the resulting matrix A′′ contains
no negative entries: a′′ij = a′ij + |min(A′)|. Subsequently, the matrix entries are normalized

via division by the maximum entry in A′′ yielding the matrix A′′′: a′′′ij =
a′′ij

max(A′′) . In
a last step, the distance matrix M is obtained by subtracting the entries of A′′′ from 1:
mij = 1− a′′′ij .

Given this distance matrix, the distance of a target peptide to the reference set can
be determined. However, linearly comparing a peptide to a set of several hundreds of
thousands of peptides is computationally expensive. We therefore use a memory-efficient
trie-based approach [98]. Each self-peptide is represented by a leaf of the trie. Peptides
descending from the same node within a trie have a common prefix. This representation
of the reference peptide set allows us to prune branches containing peptides that are too
distant to be of interest. Determining the self-peptide in the IPI-based peptide reference
set (861,352 HLA-B*35:01-binding ninemers) that is closest to a given target peptide takes
less than a second.

Feature Encoding

Each peptide is encoded based on a set of the k >> 0 most similar self-peptides from the
respective reference proteome. The rationale behind considering several similar peptides
instead of the single most similar peptide is that it allows to consider (a) high-affinity
self-peptides that are sufficiently similar but not the most similar, and (b) similarity dis-
tributions among the closest self-peptides.

For each target peptide p∗, the distances to the k nearest self-peptides p1, . . . , pk are
determined. Distances are in the range [0, 1] with 0 meaning that the target peptide is
identical to a self-peptide and 1 being the maximum possible distance with respect to the
distance measure. Additionally, we determine the binding affinities of the target and the k
self-peptides using NetMHC. Binding affinities are also in the range [0, 1] with 0 meaning
low affinity, i.e., non-binder, and 1 meaning very high affinity, i.e., strong binder. Let d(p)
be the distance of peptide p to p∗ and b(p) the binding affinity of peptide p to the MHC
molecule corresponding to the allele under consideration. The self-tolerance feature vector
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is generated by concatenating the binding affinity of the target peptide, the distances to
the k nearest self-peptides as well as the respective binding affinities, yielding the following
feature vector:

Φ(p∗) =
[
b(p∗), d(p1), . . . , d(pk), b(p1), . . . , b(pk)

]
.

We choose k to be 100 resulting in a 201-dimensional feature vector.

4.4.3 Data

Due to the complexity of the problem at hand we impose strong restrictions on the data
set used in this study: we require all data points to be generated in one laboratory and
with the same experimental approach. Furthermore, the data set has to contain a sufficient
amount of positive and negative examples. Such data sets are very difficult to obtain from
publicly available sources like the IEDB [87]. Thus, we base this study on a single small,
non-public data set.

The group of Stefan Stevanović (Department of Immunology, University of Tübingen)
kindly provided us with experimental T-cell reactivity data. A set of peptides derived from
Epstein-Barr virus (EBV) antigens that were either predicted to bind to HLA-B*35:01 by
SYFPEITHI [12] or selected by an expert were analyzed for T-cell reactivity using ELISPOT
assays. The data set (hereafter D) comprises 151 nonameric peptides: 49 immunogenic
(positive examples, D+), 102 non-immunogenic (negative examples, D−).

In order to preclude the learning of MHC binding instead of T-cell reactivity, a subset
of D has to be selected for training, such that the distribution of HLA-B*35:01 binding
affinities in the positive examples is equivalent to that in the negative examples. Since
experimental MHC binding data is not available, we employ NetMHC scores as binding
affinities. The scores range from 0.07 to 0.85 with an average of 0.56 and 0.39 for peptides
in D+ and D−, respectively. On the basis of these scores, we divide the peptides into eight
bins of equal width (Figure 4.7A). Our aim is to adapt the binding affinity distributions,
i.e., adjust the numbers of immunogenic and non-immunogenic peptides per bin, while
keeping as many of the scarce positive examples as possible. From all bins containing more
negative than positive examples, we select all positives and the same number of negative
examples, preferably high-affinity. From all bins containing more positive than negative
examples, we select all negatives and the same number of positive examples, preferably
low-affinity. If there are left-over negatives from the previous bin, we keep one more
low-affinity positive example and add an additional high-affinity negative example to the
previous bin. The resulting set D̃ contains 45 immunogenic (D̃+) and 45 non-immunogenic
(D̃−) examples (Figure 4.7B). The average NetMHC score of peptides in D̃+ and D̃− is
0.54 and 0.55, respectively. A two-sample t-test could not identify a significant difference
between the NetMHC scores of these two sets (p = 0.862).

4.4.4 Experimental Results

Our aim is to assess the benefit of incorporating self-tolerance information into T-cell
epitope prediction. In order to do so, we need to train a sequence-based predictor on D̃
and subsequently extend this predictor to include our model of self-tolerance. All auROCs
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Figure 4.7: Data set composition. The distribution of NetMHC scores in the immunogenic
and non-immunogenic examples of (A) the original set of EBV ninemers, D, and (B) the subset
selected for training, D̃, is displayed.

reported within this subsection are averaged over 100 runs of two-times nested five-fold
cross validation to reduce random fluctuations of the performance.

Sequence-Based Predictions

For the prediction of T-cell epitopes based on sequence information only, we use SVC
with a Gaussian RBF kernel on blosum50-encoded peptide sequences. The mean auROC
is 0.72. As a comparison, an approach based on POPI, i.e., SVC with a Gaussian RBF
kernel on physicochemically encoded peptide sequences, achieves a mean auROC of 0.69.
Employment of a WD kernel as in POPISK yields a mean auROC of 0.70.

Incorporation of Self-Tolerance

Incorporation of self-tolerance is achieved by adding sequence-based and self-tolerance-
based kernels. The self-tolerance-based kernel is a Gaussian RBF kernel on the 201-
dimensional feature vectors encoding self-tolerance information with respect to one of
the three reference proteomes: thymus-min, thymus-max or IPI. While incorporation of
the thymus-max-based self-tolerance information resulted in a considerable improvement
(auROC= 0.78), this was not the case for the IPI- and thymus-min-based self-tolerance in-
formation (auROCs of 0.70 and 0.71, respectively). This is consistent with the performance
of purely self-tolerance-based predictors: the thymus-max-based predictor (auROC = 0.58)
clearly outperforms the IPI- (auROC=0.48) and thymus-min-based (auROC=0.44) pre-
dictors.
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Figure 4.8: Performances of sequence-based and combined T-cell epitope prediction
models. The mean ROC curve over 100 runs of two-times nested five-fold cross validation is
displayed for three sequence-based predictors and for a predictor combining sequence and self-
tolerance information. The sequence-based predictors are (a) blosum50: a Gaussian RBF kernel
with blosum50 encoding, (b) POPI-based: a Gaussian RBF kernel with the physicochemical en-
coding proposed in [22], and (c) POPISK-based: a WD kernel. The combined predictor is based
on a blosum50-encoding of the peptide sequences and a thymus-max-based self-tolerance model.
Additionally, the average performance of POPI [22, 99] is given (+).

Comparison to Previously Proposed Approaches

We compare our combined model to the non-allele-specific predictor POPI as well as to
HLA-B*35:01-specific reimplementations of the POPI and POPISK approaches. A compar-
ison to the prediction method proposed in [21] is omitted due to the user-unfriendly web
server. Since this method also disregards MHC allele information, it can safely be assumed
not to perform significantly better than POPI. The performances of the individual methods
are displayed in Figure 4.8.

We retrieved POPI predictions for the peptides in our data set from the POPI web
server [99]. POPI assigns a peptide to one of four immunogenicity classes: none, little,
moderate and high. In order to compare the performance of POPI to our prediction models,
the four classes need to be mapped to the two classes immunogenic and non-immunogenic.
We consider all classes except for none as immunogenic. Using this mapping and the
same splits as above, we determine the mean sensitivity and specificity of POPI. From
Figure 4.8 it can clearly be seen that our allele-specific T-cell epitope predictors significantly
outperform the non-specific POPI. The negative effect of disregarding allele information
when training immunogenicity predictors becomes obvious, especially when considering
the performance of our allele-specific reimplementation of POPI.

Since POPISK is a predictor for T-cell epitopes in the context of the HLA-A2 supertype,
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a direct comparison is not possible. However, the performance of the WD-kernel-based
predictor should provide a reasonable estimate. It yields a mean auROC of 0.70, which is
well below the performance of our combined model.

4.4.5 Discussion

The potency of an EV strongly depends on the capability of the included peptides to in-
duce an immune response. The development of prediction methods capable of accurately
predicting T-cell epitopes is thus of major interest to immunologists and the pharmaceu-
tical industry. Whether a particular peptide is a T-cell epitope or not depends on the
availability of an MHC molecule that presents the peptide on the cell surface and on the
availability of a suitable TCR for the specific pMHC complex. The latter is determined
by the host’s proteome. These complex dependencies and the incomplete biological knowl-
edge, render the prediction of T-cell epitopes particularly challenging. The accuracy of
current prediction methods is too low to permit their use in most biomedical applications.
Reasons for this can be found in the choice of training data and in the methods’ limited
view on T-cell reactivity.

Previously proposed methods employ peptide sequence information only. We propose to
move from simple sequence-based predictors to predictors that take relevant system-wide
properties like the self-tolerance of the immune system into account. Using a carefully
designed set of EBV peptides provided by the group of Stefan Stevanović (Department of
Immunology, University of Tübingen) we could show that the incorporation of a model of
self-tolerance considerably improves T-cell epitope prediction.

Our model of self-tolerance is based on the similarity of the target peptides to a set of
self-peptides derived from a representative reference proteome. Three different reference
proteomes were considered: thymus-min and thymus-max for modelling central tolerance
and IPI for modelling central as well as peripheral tolerance. Employment of the IPI-
based model for T-cell epitope prediction does not yield an improvement over sequence-
based predictions. However, employment of a model of central tolerance via the non-
conservatively defined thymus proteome, thymus-max, does. This indicates that our model
of self-tolerance represents central tolerance more accurately than peripheral tolerance,
despite the fact that we use a probably incomplete thymus proteome. Mechanisms of
peripheral tolerance are responsible for preventing self-reactive T cells in the periphery from
inducing an immune response. Such T cells have escaped negative selection in the thymus
either because (a) they display a low avidity for self-antigens presented in the thymus [100]
or because (b) their cognate self-antigen is not expressed in the thymus [32]. The first
case applies to proteins from the thymus proteome. This aspect of peripheral tolerance
could thus be covered by our model of central tolerance: peptides similar to self-peptides
expressed in the thymus are unlikely to be immunogenic. The second case applies to tissue-
specific proteins not presented in the thymus. Naive T cells circulate between blood and
secondary lymphoid organs. Thus, the encounter of a naive T cell with an APC presenting
peptides derived from tissue-specific proteins is highly unlikely [101]. Consequently, naive
T cells reactive to tissue-specific proteins are not necessarily deactivated by peripheral
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tolerance mechanisms. The assumption that peptides similar to self-peptides in general
are not likely to be immunogenic does not apply, rendering our model of self-tolerance
inappropriate to represent peripheral tolerance.

It has to be noted that this study is based on a single small data set comprising immuno-
genicity data with respect to one virus and one MHC allele. Performing multiple runs of
two-times nested five-fold cross validation ensures the generation of statistically significant
results. However, more – and preferably larger – data sets for other alleles are needed to
evaluate the general validity of our approach, including the model of self-tolerance, the
feature encoding and the choice of distance measure. The amount of immunogenicity data
available from the IEDB [87] is continuously increasing. However, due to the variance
caused by the use of various experimental approaches in various laboratories, the vast ma-
jority of this data does not fulfill the strict requirements we impose. Thus, as of now, a
thorough, statistically correct study on the small but consistent EBV data set is the best
we can do.

To the best of our knowledge this is the first study predicting T-cell epitopes incor-
porating system-wide properties. Despite the small sample size, the work presented here
demonstrates a proof-of-concept for the incorporation of a model of self-tolerance for T-cell
epitope prediction.
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Chapter 5

Epitope Selection

The previous chapter was concerned with the discovery of candidate epitopes from a given
set of target antigens. In the following, we will concentrate on the subsequent step in the
EV design pipeline: epitope selection (Figure 5.1). Given a set of candidate epitopes, the
task is to select the set of epitopes which yields the best immune response in the target
population. Parts of this chapter have previously been published [8, 102, 103].

5.1 Introduction

Epitope selection is a critical step in the design of an EV. Regulatory and economic issues
impose a strong limitation on the number of epitopes that can be included in an EV. From
a set of target antigens, candidate epitopes can be determined either experimentally or, as
proposed in the previous chapter, computationally. The crucial task is to select a set of
epitopes from these candidate epitopes that yields the best immune response in the target
population while at the same time keeping the number of epitopes low. The selection is
usually made on a case-by-case basis considering properties such as overall immunogenicity,
mutation tolerance, population coverage, coverage of antigens, antigen processing as well
as properties of the source antigen. The selection methods used by the pharmaceutical
industry are manifold.

Figure 5.1: EV design: epitope selection step. Out of the set of candidate epitopes deter-
mined via epitope discovery, the most suitable subset for use in the EV has to be selected. Figure
based on [8].

53
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Given the set of candidate peptides, the relevant attributes of each candidate can be de-
termined in silico. However, the final choice of the set of epitopes to be used in the vaccine
is typically performed manually. Several groups have addressed this problem computation-
ally. In 2005, De Groot et al. [23] published an approach to designing highly immunogenic
and conserved epitopes to be used in EVs. The authors use EpiMatrix [104] to estimate the
MHC-II binding affinity of highly conserved ninemers from HIV-1 proteins. Peptides with
high binding affinities are then used for the construction of extended peptides containing
multiple overlapping ninemers. In vitro evaluation of the immunogenicity of a selected set
of these extended peptides yielded promising results.

In 2007, Vider-Shalit et al. [24] proposed using a genetic algorithm to design an ordered
sequence of epitopes to be used in an EV. Information on peptide conservation and identity
to self-peptides is used to pre-filter the set of candidates, while information on MHC-I
allele probabilities in the target population is used to select alleles of interest. The scoring
function employed for the heuristic takes into account the number of covered MHC-I alleles,
the number of covered antigens, the number of covered MHC/antigen combinations, and
the probability of each epitope to be properly cleaved in the sequence.

Common to manual selection and the computational approaches above is the fact that
the solutions are not necessarily optimal. None of the approaches can guarantee that there
is not a better vaccine possible from the given set of epitopes.

We propose an ILP-based mathematical framework to efficiently determine an optimal
set of vaccine epitopes. Our algorithm outperforms previously proposed strategies and has
runtimes on the order of seconds for typical problem sizes. Moreover, it is highly flexible
and can be easily adapted to various requirements.

5.2 Approach

In order to find an optimal set of epitopes, we first have to define what characterizes a good
vaccine or, correspondingly, a good set of epitopes. This issue is highly controversial in
the literature and only large-scale data from vaccination trials will provide sufficient data
to validate the different approaches retrospectively. With this in mind, we do not suggest
one optimal epitope selection strategy, but instead suggest a mathematical framework that
allows working with various definitions of the term ’good vaccine’. For a chosen definition,
however, the algorithm will yield a combination of epitopes that is provably optimal.

In the following, a ’reasonable’ definition of a good vaccine will be introduced. This
will allow us to present the mathematical formulation and to illustrate how immunological
requirements can be translated into mathematical constraints. For specific applications,
the requirements and constraints may of course deviate from those given. For example,
sequence variation in an antigen would be much more important for an HIV vaccine than for
a cancer vaccine. The framework is flexible enough to allow for such different requirements,
as will be illustrated in a vaccine design study in Chapter 7.

A good vaccine displays a high overall immunogenicity, which means it is capable of
inducing potent immunity in a large fraction of the target population. This simple defi-
nition forms the basis of our mathematical formulation, which aims at maximizing overall
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immunogenicity of the selected epitopes. We extend this definition by additionally requir-
ing a high mutation tolerance as well as a certain degree of allele and antigen coverage.
Furthermore, the selected epitopes should display a high probability of being produced by
the antigen processing pathway. We thus obtain a brief list of basic requirements:

Mutation tolerance. It has been shown that the change of a single residue can turn an
MHC binding peptide into a non-binding and an immunogenic into a non-immuno-
genic peptide [105]. Hence, mutations within the targeted antigen regions can lead to
an escape from immune response and thereby impair the effectiveness of the vaccine.
High genetic variability as observed in, e.g., the HIV, the hepatitis C virus (HCV),
and the influenza virus (IV) can thus affect protection by a vaccine. Selection of
highly conserved epitopes reduces the chance of viral immune escape. Additionally,
the effect of a single mutation on an EV can be limited by preferentially selecting
non-overlapping epitopes.

Allele coverage. An MHC allele is said to be covered by a set of epitopes if at least one of
the epitopes is capable of inducing a T-cell response when bound to the corresponding
MHC molecule. Within a population MHC alleles occur with different frequencies.
Hence, requiring a certain number of alleles to be covered is equivalent to requiring
a certain degree of population coverage.

Antigen coverage. Depending on the developmental stage, the expression frequencies of
viral proteins differ. Selecting epitopes from a wide variety of antigens, i.e., providing
high antigen coverage, increases the chance of detecting a virus at any developmental
stage.

Antigen processing. Before a peptide is presented by an MHC-I molecule on the cell
surface, it passes through an antigen processing pathway, which includes proteasomal
cleavage and TAP transport. Knowledge of these steps’ specificities allows exclusion
of peptides which are unlikely to ever be presented to a T cell.

From all possible epitope combinations of a given size satisfying these requirements, the
ones with a maximum overall immunogenicity will be called ’optimal’. The search for an
optimal epitope set for an EV can be interpreted as an optimization problem: out of a
given set of epitopes, choose a subset which, out of all subsets meeting the above-named
requirements, displays maximum overall immunogenicity. Due to regulatory, economic,
and practical concerns the size of such a subset is usually kept rather small.

5.3 Mathematical Abstraction

The overall immunogenicity of an EV depends on the immunogenicity of the vaccine epi-
topes in the target population, i.e., the immunogenicity of the epitopes with respect to
the corresponding MHC alleles. Given a set of epitopes and a set of MHC alleles we make
the following assumption: the immunogenicity of all epitopes with respect to all alleles
corresponds to the sum of the immunogenicities of every single epitope with respect to
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each of the alleles. Furthermore, the contribution of an allele directly depends on its prob-
ability of occurring within the target population. More common alleles are weighted more
than uncommon ones. Thus, overall immunogenicity I can be derived mathematically
as a weighted sum over immunogenicities of epitopes E with respect to the given MHC
alleles A:

I(E,A) =
∑
e∈E

∑
a∈A

pmhc(a) · i(e, a) (5.1)

where pmhc(a) corresponds to the probability of allele a in the target population and i(e, a)
to a measure of the immunogenicity of epitope e when bound to the gene product of allele a.

5.3.1 ILP Formulation

Our goal is to maximize overall immunogenicity while constraining the possible solutions to
sets of peptides which satisfy the above-mentioned requirements for a good vaccine. This
problem can be conveniently formulated as an ILP. Solving the ILP will yield an optimal
solution according to our definition of an optimal epitope set. For the sake of clarity, we
start out with the very basic definition of an optimal epitope set. In the next step the
resulting ILP will be extended to represent the more refined definition.

The set of candidate epitopes is E. Each epitope e ∈ E is associated with a binary
decision variable xe, where xe = 1, if the respective epitope belongs to the optimal set, and
xe = 0 otherwise. This ILP maximizes overall immunogenicity (see ILP 5.1). The only
constraint is the number of epitopes to select.

ILP 5.1: ILP corresponding to the basic definition of an optimal epitope set.

maximize
∑

e∈E xe
∑

a∈A pmhc(a) i(e, a)

subject to
∑

e∈E xe = k (5.1a)

Definitions
A Set of observed MHC alleles
E Set of candidate epitopes

Parameters
i(e, a) Immunogenicity of epitope e with respect to allele a
k Number of epitopes to select
pmhc(a) Probability of MHC allele a occurring in the target population

Variables
xe = 1 if epitope e belongs to the optimal set, otherwise xe = 0

We will now extend this basic ILP to represent a more refined definition of a good epitope
set. In order to implement the additional requirements we introduce another set of binary
decision variables: each MHC allele a is associated with a variable ya. If allele a is covered,
meaning that an epitope which is sufficiently immunogenic with respect to the gene product
of allele a belongs to the optimal set, ya = 1, otherwise ya = 0. The extended ILP accounts
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for mutation tolerance, as well as for allele and antigen coverage (see ILP 5.2). Mutation
tolerance is obtained by constraints 5.2b and 5.2c: (5.2b) guarantees that only epitopes
with a certain degree of conservation are selected, (5.2c) prevents selection of overlapping
epitopes. (5.2d) and (5.2e) ensure a minimum allele coverage: (5.2d) guarantees that only
covered alleles will be considered as covered, i.e., ya = 1, while (5.2e) enforces the allele
coverage threshold τmhc. Coverage of every antigen by at least τa epitopes is ensured by
(5.2f). Additionally, (5.2g) prevents the selection of peptides which are unlikely to result
from antigen processing.

ILP 5.2: ILP corresponding to the extended definition of an optimal epitope set.

maximize
∑

e∈E xe
∑

a∈A p(a) i(e, a)

subject to
∑

e∈E xe = k (5.2a)

∀e ∈ E : xe τC ≤ c(e) (5.2b)

∀(p, r) ∈ O : xp + xr ≤ 1 (5.2c)

∀a ∈ A :
∑

e∈Ia xe ≥ ya (5.2d)∑
a∈A ya ≥ τmhc (5.2e)

∀i ∈ {1, . . . , n} :
∑

e∈Ei∩I xe ≥ τa (5.2f)

∀e ∈ E : xe τap ≤ pap(e) (5.2g)

Definitions
A Set of observed MHC alleles
Ei Set of epitopes from the i-th antigen
E Set of all candidate epitopes (E = E1 ∪ . . . ∪ En)
Ia Set of epitopes which, when bound to the gene product of an MHC allele a,

display an immunogenicity greater than or equal to a given threshold
I Set of all sufficiently immunogenic epitopes (I =

⋃
a∈A Ia)

O Set of overlapping pairs of epitopes

Parameters
c(e) Conservation of epitope e
i(e, a) Immunogenicity of epitope e with respect to allele a
k Number of epitopes to select
p(a) Probability of MHC allele a occurring in the target population
pap(e) Probability that epitope e will be produced during antigen processing
τa Minimum number of epitopes from each antigen to be included
τap Antigen processing threshold
τc Conservation threshold
τmhc Minimum number of MHC alleles to be covered

Variables
xe = 1 if epitope e belongs to the optimal set, otherwise xe = 0
ya = 1 if allele a is covered by the optimal set, otherwise ya = 0
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It might be desirable to obtain several optimal or nearly optimal epitope sets. As
proposed in [106], suboptimal solutions can be obtained by adding the constraints given in
(5.2), where Sj represents the optimal set of epitopes found in iteration j and s represents
the desired number of epitope sets.∑

u∈Sj

xu ≤ k − q for j = 1 . . . s− 1 (5.2)

The ILP has to be solved iteratively s times. After each iteration, the ILP for the next
iteration, j+1, is created by adding the corresponding constraint to the ILP of iteration j.
Every resulting epitope set differs from all other solutions in at least q peptides, 1 ≤ q ≤ k.

5.3.2 Non-Linear Requirements

In order to incorporate a requirement into the ILP framework it must be formulated as
a linear constraint. There are, however, reasonable requirements for good vaccines which
are non-linear. Two examples of such requirements will be discussed below.

Example 1: Population coverage. A major interest in vaccine design is population
coverage: For what fraction of a target population will the resulting EV be effective? In
theory this corresponds to the probability of an individual in the population carrying at
least one MHC allele covered by the epitopes in the EV. Given a set of MHC alleles A as
before and their distribution within a population, the population coverage of a particular
set of epitopes can be computed. For this computation the polygeny of the MHC has
to be taken into account. It is A = A1 ∪ . . . ∪ Am with Ai being the set of alleles at
locus i. Let p`(a) be the probability of an allele a occurring at the corresponding MHC
locus. Then, disregarding linkage disequilibrium, the probability of an individual in the
population carrying an allele from the set Ai at locus i corresponds to

p̃`(Ai) = 1− (1−
∑
a∈Ai

p`(a))2. (5.3)

Let ya be as described above. It follows that the probability of an individual carrying at
least one MHC allele covered by the epitopes in E, and thus the population coverage of E
given A, is

κ(E,A) = 1−
m∏
i=1

(1−
∑
a∈Ai

yap`(a))2. (5.4)

Example 2: Average number of active epitopes per individual. Population cover-
age of an epitope set states what fraction of a population carries an MHC allele associated
with one of the epitopes. It does not give any information on the number of active epitopes
per individual. The number of epitopes within a set which are active for a specific individ-
ual depends on the individual’s MHC genotype. Given the haploidic probabilities of MHC
alleles within a population the probability of an MHC genotype can be calculated. Alleles
not included in the set A are accounted for by adding a representative allele x to each
locus. The frequency of the representative at locus i results from p`(xi) = 1−

∑
a∈Ai

p`(a).
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Let G be the set of genotypes within the population of interest and p(g) the probability
of genotype g. Furthermore, let η(E, g) be the number of epitopes in an epitope set E
which are immunogenic with respect to an MHC allele in g. The average number of active
epitopes per individual in the population results from

ψ(E) =
∑
g∈G

p(g) η(E, g). (5.5)

These non-linear requirements cannot be incorporated into the ILP directly. It is,
however, possible to search a sufficiently large set of optimal and suboptimal solutions for
the best set of epitopes that displays the required properties. Furthermore, for some non-
linear requirements, linear substitute requirements may be found: e.g., requiring a certain
degree of population coverage is equivalent to requiring a certain degree of allele coverage.

It has to be noted that, while ILPs require constraints to be linear, the non-linearity of a
constraint does not necessarily imply that the corresponding optimization problem cannot
be solved efficiently. The solver CPLEX [53], for example, can handle integer programs
with quadratic constraints. Furthermore, heuristics can be employed to determine near-
optimal solutions to such problems. For more information on optimally solving integer
non-linear programs please refer to [107, 108].

5.4 Experimental Results

In order to show the effectiveness of the proposed approach, we compare our optimal
strategy (best overall immunogenicity, BOI) with two simple approaches:

• randomly select k peptides out of a pool of good epitopes (random set of epitopes,
RSE) and

• a simple greedy approach: pick the k best epitopes from the set (best epitope-wise
immunogenicity, BEI).

As performance measures the theoretical gain in overall immunogenicity as well as the
number of epitopes required to achieve a similar overall immunogenicity are employed.

The three epitope selection strategies were used to select different-sized sets of peptides
from a set of 4,461 HCV ninemers. (The data set is described in more detail in Section 7.2.)
For BOI, the basic ILP 5.1 was used to maximize overall immunogenicity. BEI selects the
epitopes with the highest sum of immunogenicities irrespective of the probabilities of the
corresponding MHC alleles.

The overall immunogenicity of each epitope set was determined and is displayed in
Figure 5.2. For RSE, mean and standard deviation of 100 random selections of different-
sized epitope sets from the 100 most immunogenic peptides are shown. The BEI curve
shows sudden increases in overall immunogenicity from 0 to 1, 10 to 13, and from 20
to 21 epitopes. This is caused by the selection of epitopes that are highly immunogenic
with respect to HLA-A*02:01, which is the most common among the considered alleles
(p` = 0.145). All other selected epitopes are highly immunogenic with respect to less
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Best overall immunogenicity (BOI)
Best epitopewise immunogenicity (BEI)
Random set of epitopes (RSE)

Number of epitopes in set

Figure 5.2: Comparison of different epitope selection strategies. Best overall immuno-
genicity (BOI), best epitope-wise immunogenicity (BEI) and random selection (RSE) are compared
with respect to overall immunogenicity. A) Overall immunogenicity of different-sized epitope sets.
B) Overall immunogenicity of a set of 10 epitopes. C) Number of epitopes required to achieve an
overall immunogenicity of at least 2,699.

common alleles like HLA-B*27:05 (p` = 0.015) or HLA-B*51:02 (p` = 0.003). Thus, the
former contribute more extensively to the overall immunogenicity than the latter.

The average overall immunogenicity of the randomly chosen epitope sets is rather low:
scores range from about 308 for five epitopes, to 1,763 for 25 epitopes, to 2,699 for 40
epitopes. The other two approaches start from a minimum overall immunogenicity of
more than 900 and reach immunogenicities of 4,502 (BEI) and 6,142 (BOI), respectively.
To achieve an immunogenicity of at least 2,699, BOI requires five and BEI 12 epitopes
(Figure 5.2). For sets with more than one epitope, the scores yielded by the BOI strategy
are between about 20% (13 epitopes) and 120% (6 epitopes) higher than those of the BEI
strategy.

A thorough comparison to the heuristic approach proposed by Vider-Shalit et al. [24]
follows in Section 7.2.

5.5 Problem Size

Reasonable indicators for an ILP’s level of difficulty are the size of the constraint matrix as
well as the fraction of non-zero elements in the matrix. The basic ILP 5.1 has one variable
per candidate epitope and exactly one constraint. Hence, the problem size grows linearly
with the number of candidate epitopes. All elements in the constraint matrix are non-zero.

The extended ILP 5.2 has one variable per candidate epitope and one per allele. Since
there are several constraints per epitope, one constraint per allele and one constraint per
antigen, the corresponding constraint matrix grows quadratically with the number of can-
didate epitopes and target alleles and linearly with the number of antigens. However, the
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number of non-zero elements in the matrix grows only linearly, yielding an extremely sparse
and thus a presumably simple optimization problem. Furthermore, the problem size can
be reduced considerably by employing the conservation threshold τC as well as the antigen
processing threshold τap as filter instead of using them as constraints. In addition to the
negligible elimination of two constraints per epitope, removal of all insufficiently conserved
epitopes as well as of those unlikely to result from antigen processing reduces the number
of candidate epitopes and, hence, the number of variables and constraints.

To assess the computational costs of our approach, we performed an analysis compris-
ing three realistic EV design problems. Epitope selection was performed on three sets of
conserved epitopes derived from target antigens of different viruses: 3,062 candidate epi-
topes from nine HIV antigens, 4,370 candidate epitopes from ten IV antigens, and 9,384
candidate epitopes from 40 HCV antigens, four strains with ten antigens each. (For more
details on the data sets refer to Chapter 7.) The ILP takes antigen processing, overlapping
epitopes, allele coverage and antigen coverage into account. The task was to select ten
epitopes covering 20 of 27 target MHC alleles. Required antigen coverage and antigen
processing threshold were adapted for each problem to ensure feasibility. The commercial
solver CPLEX [109] solved each of these problems in a split second. Table 5.1 lists run-
time, number of variables and constraints as well as sparsity of each of the problems. It
becomes clear, that the structure of the epitope selection problem allows to efficiently solve
realistically-sized problems, including problems bigger than those examined here. The level
of difficulty of a particular selection problem depends largely on the composition of the set
of candidate epitopes under consideration.

Table 5.1: Properties of the epitope selection ILP for different EV design problems.
Number of candidate epitopes, number of antigens, number of variables and number of constraints
of each ILP are listed. The column sparsity contains the percentage of constraint matrix elements
that are zero. Runtime corresponds to the time CPLEX needed to solve the ILP.

Problem Epitopes Antigens Variables Constraints Sparsity Runtime

HIV 3,062 9 3,089 24,210 99.8% 0.15 s
IV 4,370 10 4,397 34,662 99.9% 0.26 s
HCV 9,384 40 9,411 80,463 99.9% 0.71 s

5.6 Implementation
We used the commercial ILP solver IBM ILOG CPLEX 9.1 [109] with its C++ interface
ILOG Concert Technology 2.1 to implement and solve the epitope selection ILP. (For more
details on the implementation refer to Section 7.2.)

5.7 Discussion
The selection of an epitope set with very high overall immunogenicity is crucial for the
efficacy of an EV. Depending on the number of candidate epitopes to choose from, the
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number of alleles to be considered, as well as on the additional requirements, this problem
can become very complex. We propose a mathematical framework that can be used to
solve this problem quickly for practical problem sizes. For several characteristic examples,
we show that immunological requirements can be conveniently formulated as an ILP. The
solution of this ILP yields an optimal set of epitopes: the set of epitopes that displays
the highest overall immunogenicity of all sets which meet the pre-defined requirements.
To our knowledge, this is the only approach that yields provably optimal solutions to the
vaccine design problem for EVs. In contrast to previous heuristics, the optimal solution
yields either significantly better overall immunogenicity for the same number of epitopes
or a smaller number of required epitopes to reach the same level of immunogenicity. The
flexibility of the framework allows selecting other objective functions, too, for example,
maximizing antigen or allele coverage. This will be demonstrated in the vaccine design
studies in Chapter 7.

The optimal selection of epitopes yields – in theory – significantly higher overall im-
munogenicities than other strategies (e.g., selection of the best epitopes or evolutionary
algorithms). However, one should keep in mind that the selection of the epitopes is still a
difficult and controversial issue since the underlying processes are not yet fully understood.
In particular, the interplay of different epitopes poses a difficult problem. Competition be-
tween epitopes will probably result in reduced immunogenicity of peptide cocktails, an
effect that has been observed in various studies. On the one hand, this represents a
problem, because the assumption of independence between epitopes is one of the key as-
sumptions made in this work (and in all related approaches). Lacking an accurate model
of these competition effects, however, it seems like the best assumption one can make. On
the other hand, the effects of competition are a compelling reason to employ this type of
selection approach. Competition effects will be less severe for fewer peptides, therefore a
selection procedure that yields the same overall immunogenicity with fewer peptides can in
fact mitigate this problem. Assuming that competition primarily arises between epitopes
binding to the same allelic variant of MHC molecules, one can also introduce additional
constraints to reduce competition (e.g., find the best combination that contains at most two
epitopes per allele). In the long run, a thorough quantitative analysis of larger vaccination
studies might shed some light on these effects and their importance.

Also, the notion of immunogenicity alone, or the ability to evoke an immune response
in a certain fraction of patients, is not necessarily a true measure of quality for a vaccine.
In their recent review on the quality of the T-cell response [35], Seder et al. argue that
protective T-cell responses are too complex to be sufficiently described by a measure of
magnitude alone. An adequate metric would thus not only account for the magnitude
but also for the multifunctional quality of the response. The flexibility of our framework
allows for the incorporation of a different quality measure for immunogenicity and a careful
comparison of the peptide cocktails suggested by different objective functions would be very
interesting.



Chapter 6

Epitope Assembly

The mathematical framework presented in the previous chapter yields an optimal set of
epitopes with respect to a given definition of a good vaccine. String-of-beads type vaccines
require these epitopes to be combined into one long polypeptide. In the following, we will
focus on this epitope assembly step, the last step of the EV design pipeline (Figure 6.1).

6.1 Introduction

In their review of EVs, Purcell et al. [41] point out that, to date, there are no EVs for
humans on the market. This is mainly attributed to the difficulties associated with peptide
stability and delivery. Various delivery strategies are being explored in clinical studies [25].
A popular approach is the assembly of the vaccine epitopes into a single polypeptide
(Figure 2.3). Here, presentation of the vaccine epitopes to T cells relies on the accurate
processing of the polypeptide. An unfavorable epitope order can result in the degradation
of the vaccine epitopes. Furthermore, the generation of unintended junctional epitopes
may elicit undesired immune responses [110]. The epitope order is thus crucial for the
success of the vaccine. It should be optimized with respect to the specificities of the
antigen processing pathway. Combinatorial explosion aggravates the identification of the
epitope order yielding the best epitope recovery: While five epitopes can be assembled into

Figure 6.1: EV design: epitope assembly step. For string-of-beads type vaccines the epitopes
provided by the epitope selection step have to be skillfully assembled into a longer polypeptide.
Figure based on [8].

63



64 CHAPTER 6. EPITOPE ASSEMBLY

a string-of-beads construct in 120 ways, there are 3.6× 106 different ways for 10 epitopes
and 2.6× 1032 for 30 epitopes. Since manual determination of an optimal epitope order is
obviously infeasible, computational approaches are called for.

All previously proposed computational approaches to epitope assembly have been pub-
lished in combination with an epitope selection strategy. They have, thus, already been
mentioned in the previous chapter. DeGroot et al. [23] created fixed-length polypeptides
by overlapping as many epitopes as possible. From a ranked list of MHC-II binding nine-
mers, a top-ranking ninemer is selected. This core epitope is extended by seven AAs in
both directions with as many high-ranking overlapping epitopes as possible. The approach
proposed by Vider-Shalit et al. [24] employs a genetic algorithm to design a string-of-beads
construct. Epitope selection and assembly are performed simultaneously. In addition to
requirements on the contained epitopes, the scoring function considers the probability of
each epitope to be properly cleaved in the sequence. Although not actually EVs, the in
silico methods proposed by Fischer et al. [111] and Nickle et al. [112] to compress the
variation found in naturally occurring antigens into a small number of composite antigens
can also be considered as related to epitope assembly.

None of the algorithms above yields the optimal order of a given set of epitopes with
respect to epitope recovery. In this chapter, we show that this problem is related to the
well-studied TSP. Employing an ILP formulation of the TSP and a sophisticated ILP
solver, an optimal epitope order can be found within seconds for typical problem sizes.
Furthermore, we demonstrate that an efficient implementation of a TSP heuristic finds
optimal solutions to the problem even faster.

6.2 Approach

We formulate the epitope-ordering problem in graph-theoretic terms. Let G = (V,E,w)
be a complete directed and weighted graph with nodes V , edges E, and weights w. Each
node represents an epitope and each edge a possible concatenation of the respective pair
of epitopes: edge (a, b) represents the concatenation a− b, i.e., epitope a is the N-terminal
neighbor of b. Each edge (a, b) is assigned a weight wab corresponding to the logarithm
of the probability that epitopes a and b will be cleaved properly if a is the N-terminal
neighbor of b. Given this graph, the optimal epitope ordering corresponds to the maximum
Hamiltonian path, i.e., the path that visits each node exactly once and has maximum
weight (Figure 6.2A). The problem of finding a Hamiltonian path in G is equivalent to
finding a Hamiltonian cycle in a slightly modified graph G′. G′ is obtained by adding
a node ε to G as well as equally weighted edges from ε to all other nodes and from all
other nodes to ε (Figure 6.2B). The maximum Hamiltonian path in G can be obtained
by removing ε from the maximum Hamiltonian cycle in G′. Equivalent to finding the
maximum Hamiltonian path is the problem of finding the minimum Hamiltonian path.
The latter is more commonly known as TSP and has been studied extensively. In order
to benefit from this, we interpret the epitope-ordering problem as TSP. Each epitope
corresponds to a city. Since the TSP aims at finding the shortest tour, we use the negative
of the logarithms of the cleavage probabilities as road lengths, i.e., the higher the probability
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Figure 6.2: Graph representation of the epitope-ordering problem. Nodes represent
epitopes, edges represent concatenations and edge weights correspond to logarithms of cleavage
probabilities. A) Graph G: a Hamiltonian path corresponds to a particular epitope ordering. B)
Extended graph G′: a Hamiltonian cycle corresponds to a particular epitope ordering. Example:
The Hamiltonian path P 3−P 1−P 2 in G corresponds to the Hamiltonian cycle ε−P 3−P 1−P 2−ε
in G′.

the shorter the road. A dummy epitope ε corresponding to the salesman’s home town or
rather to both the N- and C-terminal end of the polypeptide is introduced. Removal of
this dummy epitope from the shortest path through all epitopes yields the epitope order
with the highest overall epitope cleavage probability (Figure 6.2).

The TSP has been shown to be NP-complete. Nevertheless, several algorithms exist
that can efficiently solve the problem for small numbers of cities. We employ a previously
proposed ILP formulation of the TSP [113] in combination with a sophisticated ILP solver
to solve the epitope ordering problem. Furthermore, we employ an efficient implementation
of a TSP heuristic [114].

6.2.1 ILP Formulation

The ILP formulation that we employ (ILP 6.1) is based on the Miller-Tucker-Zemlin for-
mulation of the TSP [115]. The first two sets of constraints guarantee that the resulting
path contains all epitopes and that every epitope has exactly one N- and one C-terminal
neighbor. However, these constraints do not ensure the optimal solution to be a Hamil-
tonian cycle. Given these constraints and the graph G′ in Figure 6.2B, for example, the
solution P 3−P 1−P 3, P 2−ε−P 2, which corresponds to two subcycles, would be feasible.
However, in order to optimally assemble all epitopes into one polypeptide we require the
solution to correspond to a single cycle. This is ensured by the remaining three constraints.
These constraints exclude all solutions that contain more than one cycle from the search
space. The variable ua represents the ordinal number of epitope a in the cycle, starting
from the dummy epitope, which is assigned the ordinal number 1 by (6.1c). All other
nodes are assigned an ordinal number between 2 and the number of epitopes including the
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dummy epitope by (6.1d). (6.1e) requires all epitopes except for the dummy epitope to
have a higher ordinal number than their N-terminal neighbor. If the edge between two
nodes a, b ∈ E is included in the solution, i.e., xab = 1, (6.1e) becomes ub ≥ ua + 1: the
ordinal number of b is required to be greater than the ordinal number of a. Otherwise,
(6.1e) becomes ua − ub ≤ |E′| − 2, which is always true due to the (6.1d). This way the
only possibility to form a cycle and thus to fulfill the first two constraints is by inclusion of
the dummy epitope. Given these constraints and the graph G′ in Figure 6.2B the solution
P 3−P 1−P 3, P 2− ε−P 2 is not feasible: In the cycle P 3−P 1−P 3, P 3 is the N-terminal
neighbor of P 1 and P 1 is the N-terminal neighbor of P 3. According to the fifth set of
constraints, the ordinal number of P 1 has to be greater than the ordinal number of P 3 and
vice versa, which is a contradiction. However, the solution ε − P 3 − P 1 − P 2 − ε, which
corresponds to a Hamiltonian cycle, is feasible: assigning the ordinal numbers 2, 3, and
4 to P 3, P 1, and P 2, respectively, every node except for the dummy node has a higher
ordinal number than its N-terminal neighbor. Since (6.1e) does not apply to the dummy
node, the solution is a feasible solution for the ILP.

ILP 6.1: ILP formulation of the epitope ordering problem.

minimize
∑

a,b∈E′ wab xab

subject to ∀a ∈ E′:
∑

b∈E′ xab = 1 (6.1a)

∀a ∈ E′:
∑

b∈E′ xba = 1 (6.1b)

uε = 1 (6.1c)

∀a ∈ E: 2 ≤ ua ≤ |E′| (6.1d)

∀a, b ∈ E, a 6= b: ua − ub + 1 ≤ (|E′| − 1)(1− xab) (6.1e)
Definitions
E Set of epitopes
ε Dummy epitope
E′ Set of epitopes including dummy epitope (E′ = E ∪ {ε})

Parameters

wab Negative of the logarithm of the probability that epitopes a and b will be
processed properly when a is the N-terminal neighbor of b in the polypeptide

Variables

xab = 1 if epitope a is the N-terminal neighbor of epitope b; otherwise xab = 0
ua Position of epitope a in the optimal polypeptide (1 ≤ ua ≤ |E′|)

6.2.2 Heuristic

We use a TSP heuristic proposed by Lin & Kernighan [116]. The Lin-Kernighan heuristic
(LKH) is based on the λ-opt algorithm, which again is based on the λ-opt concept : A tour
is λ-optimal if no shorter tour can be obtained by replacing λ links. The larger the value
of λ the more likely it is for a λ-optimal tour to be optimal. Starting from a randomly
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generated tour, the λ-opt algorithm tries to find two sets of λ links A and B, such that
replacing A with B in the current tour results in a better tour. Since the number of
operations required to find such a pair of sets grows exponentially with λ, typically the
values λ = 2 and λ = 3 are chosen. The LKH is a variable λ-opt algorithm. Instead
of specifying λ in advance, in each iteration the LKH examines for increasing values of λ
whether the current tour can be converted into a better tour by exchanging λ links.

We employ Helsgaun’s implementation of this heuristic [114]. According to the author,
the implementation found optimal solutions for all problem instances with known optimum
he was able to obtain, including a 13,509-city problem. Runtime of the algorithm is
approximately O(n2.2).

6.3 Incorporation of Proteasomal Cleavage Predictions

Several algorithms for the prediction of the probability of a peptide to result from antigen
processing exist. They either focus on proteasomal cleavage, TAP transport or both. As
noted in several places, the influence of TAP transport is often rather limited [24, 73]. Thus,
in this study, TAP transport is not considered. Existing proteasomal cleavage predictors
either predict cleavage sites [73, 117] or cleaved fragments [118, 119].

6.3.1 Cleavage Site Predictions

The incorporation of cleavage site predictions into our approach is straightforward as long
as the predictor does not require more flanking residues than available when concatenat-
ing two epitopes. Given two peptides a and b, the negative of the scores predicted for
the peptide bond between the C-terminus of a and the N-terminus of b can be used as
weight for the corresponding edge (a, b). If cleavage of this peptide bond is highly unlikely,
the respective edge can be excluded from the solution by setting edge costs to infinity.
Obviously, exclusion of edges has to be employed moderately to keep the problem feasible.

Depending on the number of flanking residues required by the cleavage site predictor
it might be possible and beneficial to penalize or, to a certain degree, explicitly exclude
cleavage within vaccine epitopes. Penalization can be achieved by adding a fraction of the
respective scores to the corresponding edges.

6.3.2 Cleaved Fragment Predictions

Cleaved fragment predictors require as input the respective peptide along with a cer-
tain number of its N- and C-terminally flanking residues, i.e., in our setting, the N- and
C-terminally neighboring peptides. This consideration of epitope triples would interfere
with the TSP interpretation, which only allows for the consideration of epitope tuples.
Whether cleaved fragment predictions can be incorporated into our approach thus de-
pends on the predictor’s scoring function. The cleaved fragment predictor proposed by
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Ginodi et al. [119], for example, is based on a linear scoring function S with

S(P ) = S1(fN ) + S2(p1) +
n−1∑
i=2

S3(pi) + S4(pn) + S5(fC) (6.1)

where P = p1 . . . pn is a peptide fragment with N-terminally flanking residue fN and
C-terminally flanking residue fC . The function’s linearity allows for a simple rearrange-
ment, S′, such that considering epitope tuples is sufficient to determine the summed cleav-
age scores for a set of peptides in a string-of-beads construct. For nonameric peptides
P 1, P 2, . . . , P k arranged in a polypeptide P 1 − P 2 − . . .− P k it is

k∑
i=1

S(P i) =
k+1∑
i=1

S′(P i−1 − P i) (6.2)

with

S′(P i−1 − P i) = Ssuf(P i−1) + Spre(P i) (6.3)

and

Spre(P ) = S1(fN ) + S2(p1) +
5∑
i=2

S3(pi) (6.4)

Ssuf(P ) =
8∑
i=6

S3(pi) + S4(p9) + S5(fC) (6.5)

where P 0 and P k+1 correspond to the dummy epitope ε = ε1ε2 . . . ε9 and Si(εj) = 0 for
i = 1, . . . , 5 and j = 1, . . . , 9. Incorporation of the cleaved fragment predictor proposed
by Ginodi et al. can thus be achieved by assigning the negative of the score S′ to the
respective edges. A drawback of employing S′ instead of S is that it does not provide us
with cleavage probabilities for the individual vaccine epitopes: Epitope orders that would
render a vaccine epitope unlikely to be cleaved cannot be detected during construction
of the graph. Hence, specific exclusion of such orders is not possible. Penalization of
epitope orders yielding good cleavage scores for unintended junctional peptides, however,
is possible to a certain extent. This can be achieved by incorporating (a fraction of) the
cleavage scores of junctional peptides into the corresponding edge weight.

6.4 Experimental Results

6.4.1 Efficiency

The complexity of the TSP and thus of the epitope ordering problem raises the question of
whether an optimal epitope order can be found in reasonable time for real world problems.
We employ the ILP solver CPLEX [53] as well as a highly effective implementation of the
LKH (LKH, version 2.0.5) [114] to solve the epitope ordering problem for different-sized
epitope sets.
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Figure 6.3: Runtimes of the epitope ordering algorithms. Runtimes of a heuristic (LKH)
and an exact algorithm (CPLEX) to solve the epitope ordering ILP for different-sized epitope sets
are displayed. In all cases, the heuristic found the optimal solution.

Figure 6.3 shows the runtimes of CPLEX and LKH on epitope sets ranging from size 10
to 150. LKH finds the optimal solution for each problem within seconds. On 150 epitopes
CPLEX is more than 400 times slower than the heuristic: 4,800 s vs. 12 s. However,
although still considerably slower, for solving problems in the practically relevant single-
to double-digit range CPLEX also requires only seconds.

6.4.2 Effectiveness

Favorable epitope orders are characterized by a high recovery of the vaccine epitopes by
antigen processing and by a higher probability of vaccine epitopes to result from antigen
processing compared to unwanted junctional epitopes. In order to assess the effectiveness of
our approach in generating favorable epitope orders, we apply the approach to 36 different-
sized HCV epitope sets (5 to 40 epitopes) selected by our epitope selection framework
in Section 5.4. From each set we designed a string-of-beads construct optimized for C-
terminal cleavage of the vaccine epitopes using the cleavage site predictor NetChop [30]
(version 3.1). Additionally, we designed 100 randomly ordered polypeptides from each
set. Epitope recovery was evaluated based on an in silico cleavage of all polypeptides
(Figure 6.4). While the optimized orderings yield perfect recovery for all epitope sets, the
random orderings achieve an average recovery of 85% ± 4% (Figure 6.4A,C). The mean
NetChop scores of the C-termini of the vaccine epitopes in the optimized orderings are
between 12.1% and 17.4% (average: 15.2%) higher than those in the random orderings
(Figure 6.4B,C).

Both random and optimized string-of-beads constructs yield above-average NetChop
scores for the vaccine epitopes: 0.77 vs. 0.42 (factor 1.8) and 0.89 vs. 0.43 (factor 2.1),
respectively. This preference for cleaving C-termini of epitopes may be attributed to the
fact that NetChop was trained on naturally processed MHC-I binding peptides and is thus
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A CB

Figure 6.4: Cleavage patterns of the designed string-of-beads constructs. The fraction
of C-termini of the vaccine epitopes predicted to be cleaved (A) and the mean cleavage score of
the C-termini of the vaccine epitopes (B) are shown as red diamonds for the optimized and as blue
circles with error bars for the randomly generated string-of-beads constructs. C) Mean fractions
(Panel A) and mean cleavage scores (Panel B) of the C-termini of vaccine epitopes predicted to be
cleaved over all different-sized string-of-beads constructs.

biased towards cleavage after AAs common in C-terminal positions of MHC-I binders.
However, the difference between cleavage scores for vaccine and junctional epitopes is
more pronounced in the optimized string-of-beads constructs compared to the random
constructs.

A combination of the IBM ILOG CPLEX [53], the GNU Linear Programming Kit
GLPK [55] and the GNU MathProg modeling language GMPL was used to formulate
and solve the epitope ordering ILPs. (For more details on the implementation refer to
Section 7.3.)

6.5 Discussion

A crucial step in the construction of a string-of-beads vaccine is the epitope assembly. An
unfavorable epitope order can result in the degradation of the vaccine epitopes and in the
generation of unintended junctional epitopes. Since manual determination of an optimal
epitope order is infeasible, we propose a graph-based approach that optimally assembles a
set of epitopes into a string-of-beads construct. We could show that our algorithm finds
favorable epitope orderings efficiently. This problem had not been addressed computation-
ally before.

Formulating the epitope ordering problem in graph-theoretic terms and relating it to
the TSP allowed us to benefit from the wealth of research that has been done on solv-
ing the TSP. We employed two previously published approaches to solving the TSP: an
exact ILP approach and the highly effective LKH. Although the heuristic is considerably
faster than the ILP solver CPLEX, both find the optimal solution for realistically-sized
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epitope sets within seconds. The freely available ILP solver GNU Linear Programming Kit
GLPK [55], which easily solved the epitope selection problem described in the previous
chapter, is significantly slower (130 s for 30 epitopes, more than a day for 40 epitopes) but
still reasonably for typical problem sizes.

Our experiments show that the optimal epitope ordering displays more favorable in silico
cleavage patterns than random orderings. However, the actual extent of the advantage
of optimized string-of-beads constructs over random constructs stands or falls with the
accuracy of the employed proteasomal cleavage predictor. State-of-the-art proteasomal
cleavage predictors yield good accuracies but leave room for improvement. Nevertheless,
even based on a poor predictor the resulting cleavage pattern can be expected not to be
worse than one obtained without an epitope ordering algorithm.

Several experimental groups [110, 120, 121] have suggested to introduce spacer sequences
between the epitopes to improve epitope recovery and prevent the cleavage of junctional
epitopes. While we focused on the construction of string-of-beads constructs without
spacers, our assembly approach can easily be adapted to include spacers: Given a spacer
s, the edge (a, b) is weighted by the sum of the log-probabilities that a and b will be
cleaved properly from the sequence a − s − b, respectively. However, depending on the
length of the chosen spacer and the number of flanking residues required by the chosen
proteasomal cleavage predictor, the predicted cleavage probabilities of the vaccine epitopes
might depend solely on the spacer sequence. The cleaved fragment predictor proposed
by Ginodi et al. [119], for example, requires only one flanking residue to determine the
cleavage score of an epitope. Hence, a spacer length of one AA or more will result in
the same cleavage scores for the vaccine epitopes independent of their order within the
polypeptide. In this setting, it would be expedient to employ the number of unwanted
epitopes expected to be generated from the sequence a− s− b or the probabilities of these
unwanted epitopes to weigh the edge (a, b).
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Chapter 7

Applications

In the previous chapters we have proposed new approaches to the in silico design of EVs.
This chapter focuses on applications of some of these methods. We begin with introduc-
ing OptiTope, a publicly available and easy-to-use web server that we developed to make
our mathematical framework for epitope selection (Chapter 5) available to immunologists.
Subsequently, we will present two vaccine design studies. The first study focuses on the
design of a peptide cocktail vaccine against HCV. In the second study we employed our
algorithms to analyze the feasibility of designing string-of-beads vaccines against highly
variable viruses like HIV, HCV and IV yielding broad coverage of the targeted popula-
tion as well as of the various viral strains. Parts of this chapter have previously been
published [102, 103].

7.1 OptiTope – A Web Server for Epitope Selection

Based on a specific application of our epitope selection framework, OptiTope aims at assist-
ing immunologists in the critical task of epitope selection. It is an easy-to-use web-based
tool to efficiently determine an optimal set of epitopes in a specific individual or a target
population.

7.1.1 Web Interface

OptiTope requires the following input data: (1) sequences of known antigens, (2) a target
population, i.e., MHC alleles and corresponding probabilities and (3) the user’s require-
ments on the epitope set to be selected. The information given by the user is transformed
into an optimization problem. If this problem is feasible, OptiTope will return an optimal
set of epitopes along with additional information on their respective contribution to the
overall immunogenicity. Otherwise, OptiTope will propose changes to the user’s require-
ments that might yield a feasible optimization problem. The structure of the web interface
is depicted in Figure 7.1.

An introductory tutorial is provided on the OptiTope home page to assist new users in
learning how to use the web server.

73
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Figure 7.1: Structure of the OptiTope web interface. OptiTope is divided into four parts:
target antigens, target population, constraints and results. (1) Target antigens: three different
formats of antigenic sequences can be entered: (i) a list of multiple sequence alignments of target-
specific antigens, (ii) a list of epitopes and (iii) a table of epitopes with (experimentally determined)
immunogenicities with respect to specific alleles. (2) Target population: the information required
to specify the target population (MHC alleles and corresponding probabilities) depends on the
chosen input format. (3) Constraints: OptiTope offers a set of constraints, which can be modified
or excluded by the user. (4) Results: if feasible, OptiTope presents an optimal set of epitopes.

Conceptual design

For ease of use, the web interface is divided into four steps: three input steps and one output
step. Step-by-step, the user is asked to enter the required data. Navigation through the
individual steps is guided by a navigation bar at the top of each site. The navigation
bar indicates the current step and contains corresponding instructions. Furthermore, it
provides access to a more detailed help page. In order to keep the page layout clear,
settings and options are hidden from the user by default. They can be accessed via the
advanced options button underneath the navigation bar.

Step 1: Target sequences

In the first step, the sequences of known target-specific antigens are entered. They can
either be pasted directly or uploaded as a file. Three different formats are accepted:
(1) a list of MSAs in FASTA format, (2) a list of epitopes of equal length, one epitope
per line, and (3) a table of epitopes and their predicted or experimentally determined
immunogenicities with respect to specific MHC alleles. Higher immunogenicity values
ought to indicate stronger immunogenicities. Antigenic sequences entered as MSAs will be
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converted into consensus sequences. From these sequences, all peptides of a given length
will be derived and will be considered as candidate epitopes. The user can adjust the
peptide length to be applied via the advanced options.

Step 2: Target population

In the second step, information on the target population has to be entered. This step is
subdivided into two queries. The user is queried (1) for the MHC alleles to consider (if
they have not already been entered in the previous step) and (2) for their probabilities in
the target population.

1. MHC alleles can be selected by population or geographic area based on data [122]
retrieved from the NCBI dbMHC database [123]. The corresponding probabilities
will be employed for the next query. Alternatively, the MHC alleles can be selected
manually from an expandable allele tree [124] or by pasting a list of alleles.

2. In this step, a list of the selected MHC alleles along with probabilities (default values
or values retrieved from the NCBI dbMHC database, respectively) is given. These
probabilities can either be modified manually or they can be replaced by population-
or geographic-area-specific probabilities from the NCBI dbMHC database via the
advanced options. Individual MHC alleles can be excluded from further processing.
Furthermore, low probability MHC alleles can be excluded from the epitope selection
process via a filter in the advanced options.

If the user has not entered the immunogenicities of the candidate epitopes together with
the target sequences, OptiTope will employ a prediction method to determine the respective
immunogenicities. The prediction method to be employed can be selected via the advanced
options.

Step 3: Constraints

In the third step, the user is queried for the requirements on the epitope set to be selected.
Depending on the data that have been entered in the previous steps – a summary of these
data is given – a list of suitable constraints is displayed. The user can (de)select and modify
these constraints. Potential constraints are:

• Maximum number of epitopes to select. This constraint defines the maximum number
of epitopes OptiTope should select. It is the only mandatory constraint.

• Minimum epitope conservation. This constraint ensures that only epitopes that fulfill
a user-defined conservation requirement will be considered.

• Minimum number of alleles to cover. If this constraint is selected, the optimal set of
epitopes will be immunogenic with respect to the specified number of MHC alleles
or more.

• Minimum number of antigens to cover. This constraint guarantees that the optimal
epitope set will include epitopes from a specified number of antigens or more.
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The advanced options offer the possibility to set an immunogenicity threshold, i.e., a
minimum immunogenicity score required for a peptide to be considered immunogenic with
respect to a specific allele. Only peptides which score above this threshold for at least one
MHC allele will be considered during epitope selection.

Step 4: Results

The results page gives a summary of the input data and the selected constraints as well as
the results of the optimization. If the optimization problem is feasible, a table containing
the optimal set of epitopes will be displayed (Figure 7.2). For every epitope in the set the
following information is given: its fraction of the overall immunogenicity, a list of the MHC
alleles it covers and, if antigen information was given, the corresponding antigens. The
user can switch to a more detailed results table, which contains additional information
on epitope conservation and immunogenicities. Information on the size of the selected
set, the number of covered alleles and on the number of covered antigens, if applicable,
is displayed above the table. Furthermore, the coverage of each of the given MHC loci
and the corresponding population coverage are given. (If locus A has a coverage of 75%,
the probability of an individual from the target population carrying a covered allele at
locus A is 75%. A population coverage of 80% corresponds to a probability of 80% for
an individual from the target population to carry at least one of the covered alleles.) The
results can be downloaded. A choice of two file formats is given: XLS (MS Excel) and
CSV (comma separated values). For typical problem sizes, OptiTope finds an optimal set of
peptides within seconds. Nevertheless, the user can choose to be notified of the completion
of the request via e-mail. If the optimization problem is infeasible, meaning that no set of
epitopes from the given antigenic sequences fulfills all requirements, a basic analysis of the
problem is performed. Based on this analysis, OptiTope suggests constraint modifications
that might result in a feasible problem. If the basic analysis does not yield a possible
explanation for the infeasibility, OptiTope will suggest to deselect individual constraints or
to increase the number of epitopes to be selected.

7.1.2 Implementation

OptiTope is incorporated into the website EpiToolKit [124], which is based on the Zope
application server [125], and the content management system Plone [126]. For the user
interface, we employ dynamic HTML with CSS and JavaScript. Python scripts are used
for data validation and processing. OptiTope was thoroughly tested for compatibility with
the popular web browsers Mozilla Firefox (version 3.0.5) and Microsoft Internet Explorer
(version 7).

OptiTope uses the GNU Linear Programming Kit GLPK [55] and the GNU MathProg
modeling language GMPL to formulate and solve the optimization problems.

7.1.3 Discussion

With OptiTope, we provide an easy-to-use tool that assists immunologists in designing EVs.
Given a set of antigenic sequences of interest, a target population and special requirements
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Figure 7.2: A screenshot from the results page of OptiTope.

of the user, OptiTope efficiently determines an optimal set of epitopes. To our knowledge,
OptiTope is the first web-based approach for optimal vaccine design.

Currently, OptiTope only offers immunogenicity predictions for MHC-I, i.e., the only
way to include MHC-II in the selection process is via a table of epitopes and their im-
munogenicities with respect to specific MHC alleles. An inclusion of MHC-II prediction
methods along with further MHC-I prediction methods would be desirable. Furthermore,
the results page could be enhanced by linking selected epitopes that can be found in the
IEDB [87] to the corresponding IEDB site.

7.2 Design of a Peptide Cocktail Vaccine

The focus of the first vaccine design study is on evaluating the performance of the epitope
selection framework presented in Chapter 5 in comparison to the heuristic approach pro-
posed by Vider-Shalit et al. [24]. Vider-Shalit et al. use a genetic algorithm to design a
string-of-beads EV against HCV, comprising 25 epitopes. Employing our epitope selection
framework and two different definitions of good vaccine, we design HCV peptide cocktail
vaccines. The resulting vaccines outperform the peptide cocktail corresponding to the EV
proposed in [24] with respect to various quality criteria including overall immunogenicity
and population coverage.

7.2.1 Materials & Methods

Protein sequences. HCV protein sequences (AA frame 1) for ten different proteins (C,
E1, E2, p7, NS2, NS3, NS4A, NS4B, NS5A, NS5B) and four different subtypes (1a, 1b,
2a, 3a) were retrieved from the Los Alamos hepatitis C sequence database [127]. (Unfor-
tunately, Vider-Shalit et al. could not provide us with the protein sequences they used.)
For each protein of each subtype an MSA was created using MUSCLE [128], resulting in
40 MSAs. From each MSA a consensus sequence was created. All ninemers from these
consensus sequences were regarded as potential epitopes.
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MHC alleles & binding. MHC alleles, their probability of occurring in the human
population, and binding affinity score thresholds were directly taken from Vider-Shalit et
al. In silico predicted MHC binding affinities using BIMAS matrices [11] are employed as
a measure of immunogenicity.

Peptide conservation. To allow a comparison of our results with those of Vider-Shalit
et al., we adopt their definition of peptide conservation: A peptide is considered to be at
least x% conserved if all of its AAs display a conservation of at least x%. All insufficiently
conserved peptides are disregarded.

Antigen processing. To score the probability of a peptide being a result of antigen
processing, we used the proteasomal cleavage matrix from the supplementary material
of [24]. As noted in several places, the influence of TAP transport is often rather limited [24,
73]. Consideration of TAP transport is thus omitted in this study.

7.2.2 Experimental Results

For the comparison of our epitope selection framework with the work of Vider-Shalit et
al. [24] we applied ILP 5.2 to the HCV data and 27 of the 29 alleles from [24]. The
alleles HLA-B*07:02 and HLA-B*35:01 were omitted, since none of the candidate peptides
binds to them. Probably due to an error in sequence processing (personal communication
with Y. Louzoun, corresponding author of [24]), a peptide (AALENLVTL) which does not
belong to any of the proteins under consideration was included in the 25 epitopes selected
by Vider-Shalit et al. We exclude this peptide and base our comparison on sets of 24
epitopes.

For the 24 epitopes to be selected, we require a minimum conservation of 90%, an allele
coverage of 27, and an antigen coverage of at least one epitope per antigen. Furthermore,
only epitopes with antigen processing scores within the top 30% of all sufficiently conserved
candidate peptides were allowed to be selected. The selected epitopes (hereafter EILP)
are listed in Table 7.1. Four epitopes are known HCV epitopes and can be found in
the IEDB (release 2008_4_1_3_28) [87]. Another 11 epitopes are contained in known
longer epitopes. The overall immunogenicity of the selected set is 2,549. It includes
binders for all 27 allelic variants with all 40 antigens being represented and covers 22.7%
of all MHC/antigen combinations: A combination of MHC and antigen is covered by an

Table 7.1: Epitopes selected using the extended epitope selection ILP 5.2. Known HCV
epitopes are marked with an asterisk. Epitopes contained in known longer epitopes are marked
with a plus.

SFSIFLLAL∗ GHRMAWDMM+ VYEADDVIL CFTPSPVVV+ FLLLADARV∗ GPADGMVSK+

YLYDHLAPM GLRDLAVAV+ GPTPLLYRL+ TWVLVGGVL+ IELGGKPAL+ LAGGVLAAV

QYLAGLSTL+ NFVSGIQYL VLSDFKTWL∗ ARPDYNPPL+ KLLPRLPGV RHTPVNSWL+

GLYLFNWAV ALYDVVSTL∗ RRCRASGVL+ WPLLLLLLA VTYSLTGLW YFVIFFVAA
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epitope set if the latter includes an epitope from the respective antigen that binds the gene
product of the respective allele. The average number of active epitopes per individual of
the population is 13.3. The corresponding values of the epitope set selected by Vider-Shalit
et al. (hereafter EV S) are listed in Table 7.2.

Table 7.2: Overview over properties of HCV epitope sets selected using different
strategies. Number of epitopes per set: 24. EILP: set selected by our ILP, EVS: set selected
by Vider-Shalit et al. without peptide AALENLVTL, EComb: set selected by our ILP extended by
aspects of the scoring function of Vider-Shalit et al.

EILP EVS EComb

Overall immunogenicity 2,549 125 2,177
Allele coverage 100% 96.3% 100%
Antigen coverage 100% 87.5% 100%
MHC/antigen coverage 22.7% 19.2% 30.5%
Population coverage 96.0% 95.6% 96.0%
Avg. number of epitopes per individual 13.3 11.4 17.3
Number of epitopes in IEDB 4 1 1

In order to prove the flexibility of our epitope selection approach we incorporate aspects
of the scoring function of Vider-Shalit et al. in the objective function of ILP 5.2, yielding
ILP 7.1. Their scoring function scores a polypeptide x taking into account the number of
covered MHC alleles, M(x), the number of covered antigens, A(x), the number of covered
MHC/antigen combinations, C(x), and a score for the probability of each epitope in the
ordered sequence being properly cleaved, p(x):

S(x) = p(x) ·
(

2.6 ·A(x) + 0.77 ·M(x) + C(x)
)
.

Since we aim at designing peptide cocktail vaccines, we omit the factor p(x). Two sets of
binary variables have to be introduced in order to count the number of covered antigens
and the number of covered MHC/antigen combinations: zi = 1 if an epitope from the i-th
antigen belongs to the optimal set and zi = 0 otherwise. wai = 1 if an epitope from the
i-th antigen, which is sufficiently immunogenic with respect to MHC allele a, belongs to
the optimal set and wai = 0 otherwise. Since immunogenicity scores tend to be higher than
the weighted sums of the coverage scores and would therefore outweigh them, we scale the
immunogenicity by a (purely empirical) factor of 0.1. We require two sets of additional
constraints: (7.1a) and (7.1b). (7.1a) ensures that only covered antigens contribute to the
objective function: zi can only be one if at least one sufficiently immunogenic epitope from
antigen i is included in the selected epitope set, otherwise it is zero. (7.1b) is responsible for
the correct setting of the MHC/antigen coverage variables wai. This combined ILP still aims
at high overall immunogenicity while at the same time extending the coverage of antigens,
MHC alleles, and MHC/antigen combinations. The optimal epitope set selected using this
combined ILP (hereafter EComb) is only 15% less immunogenic than the original epitope set
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EILP and more than 17 times more immunogenic than EVS. As for MHC/antigen coverage,
it outperforms both (Table 7.2). EComb includes one epitope which is already known and
14 epitopes which are contained in longer epitopes listed in the IEDB. Figure 7.3 shows
that when using the combined objective function, 18 epitopes suffice to cover all alleles
and antigens and furthermore to outperform EVS in terms of immunogenicity (371 vs. 125)
and MHC/antigen coverage (22.8% vs. 19.2%).

ILP 7.1: ILP corresponding to the combined epitope selection problem.

maximize 0.1 ·
∑

e∈E xe
∑

a∈A p(a) i(e, a) +

2.6 ·
∑n

j=1 zj + 0.77 ·
∑

a∈A ya +
∑

a∈A
∑n

j=1 waj

subject to all constraints from the extended ILP 5.2

∀i ∈ {1, . . . , n} :
∑

e∈Ei∩I xe ≥ zi (7.1a)

∀i ∈ {1, . . . , n}, a ∈ A :
∑

e∈Ei∩Ia xe ≥ wai (7.1b)

Definitions
A Set of observed MHC alleles
Ei Set of epitopes from the i-th antigen
E Set of all candidate epitopes (E = E1 ∪ . . . ∪ En)
Ia Set of epitopes which, when bound to the gene product of an MHC allele a,

display an immunogenicity greater than or equal to a given threshold τI
I Set of all sufficiently immunogenic epitopes (I =

⋃
a∈A Ia)

Parameters
i(e, a) Immunogenicity of epitope e with respect to allele a
p(a) Probability of MHC allele a occurring in the target population

Variables
wai = 1 if allele a is covered by an epitope from the i-th antigen, otherwise wai = 0
xe = 1 if epitope e belongs to the optimal set, otherwise xe = 0
ya = 1 if allele a is covered by the optimal set, otherwise ya = 0
zi = 1 if an epitope from the i-th antigen belongs to the optimal set, otherwise zi = 0

7.2.3 Implementation

We used Python for data preparation and the commercial ILP solver IBM ILOG CPLEX
9.1 [109] with its C++ interface ILOG Concert Technology 2.1 to implement and solve
the epitope selection ILPs. Runtimes are on the order of a few seconds on standard PC
hardware for each ILP employed in this study.

Data preparation. Given an MSA of the respective antigen sequences, the correspond-
ing consensus sequence as well as information on the AA conservation within this sequence
has to be determined. We implemented a Python script to create consensus sequences with
conservation information from MSAs. If an AA is less than 100% conserved, the conserva-
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Figure 7.3: Comparison of properties of HCV epitope sets selected using different
strategies. A) Overall immunogenicity. B) Coverage of MHC/antigen pairs.

tion is included in the resulting sequence. An example for such a consensus sequence with
conservation information is given in the following:

MST[N:0.8846]PKPQR[K:0.9615]T-[K:0.9615]RNT[N:0.9231]RRP.

Optimization. In order to solve the epitope selection ILPs we implemented a C++
program that accesses CPLEX. The program requires as input the target sequences with
conservation information as well as the list of alleles of interest, along with their frequencies
in the target population and binding affinity score thresholds, the number of epitopes to
select, the conservation and antigen processing thresholds, as well as the required antigen
and allele coverages. Given this information, the C++ program extracts all sufficiently
conserved ninemers and determines their BIMAS scores with respect to the MHC alleles of
interest. Furthermore, it determines proteasomal cleavage scores [119] for the candidate
epitopes. From this information, the ILP is generated. The CPLEX C++ interface pro-
vides classes for (binary) variables, objective functions and constraints. A CPLEX class
representing optimization problems allows the combination of variable, objective function
and constraint objects and the solution of the corresponding problem. After defining the
required sets of binary variables, a CPLEX maximization objective function object as well
as CPLEX objects for the constraints are created employing the binary variables. Subse-
quently, variables, objective function and constraints are added to a CPLEX optimization
problem object. Subsequently, CPLEX solves the problem, yielding the optimal epitope
set and the overall immunogenicity.
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7.2.4 Discussion

In 2007, Vider-Shalit et al. proposed to use a genetic algorithm to simultaneously se-
lect and order epitopes for a string-of-beads EV focusing primarily on allele, antigen and
MHC/antigen coverage [24]. The authors applied their algorithm to a set of HCV anti-
gens. We employed the peptide cocktail corresponding to the resulting EV to evaluate the
epitope selection framework presented in Chapter 5. In addition, we demonstrated the
flexibility of our approach.

Two peptide cocktail vaccines were designed using the framework: one based on our
refined definition of good vaccine, and one based on a combination of our refined definition
and the one proposed in [24]. Both peptide cocktail vaccines outperform the vaccine
proposed in [24] with respect to various quality criteria including MHC/antigen coverage,
a property that was not incorporated in the design of our first vaccine. Furthermore, we
could show that 18 epitopes suffice to provide the same coverage Vider-Shalit et al. provide
with 24 epitopes.

The results of this study are consistent with the results presented in Chapter 5, demon-
strating the utility of our epitope selection framework also for realistic EV design problems.

7.3 Design of String-of-Beads Vaccines

The focus of the second vaccine design study is on highly variable viruses. Traditional
anti-viral vaccines are based on killed or attenuated viruses. These whole-organism vac-
cines rely primarily on the induction of a B-cell response and of neutralizing antibodies.
Many widespread viruses, such as HCV, HIV, and IV have highly variable and rapidly
mutating surface proteins, making the development of a potent whole-organism vaccine
challenging. Vaccine trials against such viruses have either demonstrated the induction of
time-limited protection (e.g., IV), failed or induced protection spanning a small part of the
population [129–131]. In this study we aim to design universal string-of-beads vaccines,
i.e., string-of-beads vaccines yielding broad population coverage as well as broad coverage
of viral strains. In addition to taking population coverage, antigen coverage and epitope
conservation into account, we also consider the choice of target antigens.

An important mechanism used by viruses in order to evade immune pressure is to reduce
the number of epitopes in their proteins via mutations [132]. Such mutations typically have
a fitness cost [133–135]. The presence of a high number of escape mutations in a protein
indicates that the evolutionary advantage for the virus of removing epitopes in this protein
outweighs the corresponding fitness cost. This is the case if a T cell-mediated immune
response against the protein reduces the viral survival probability. Hence, proteins with a
low epitope density may be promising, albeit difficult, targets for an EV. A caveat of this
rationale is that the mutation costs may vary among proteins, and a low number of epitopes
may indicate a low fitness cost for mutations instead of a particular importance of the
protein. However, the group of Yoram Louzoun has previously shown for multiple viruses
that a high epitope density correlates well with late expression of a protein or low protein
copy numbers, while low epitope densities are typically observed in early expressed proteins
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or in proteins with a high copy number [136–138]. Thus, at least in the viruses analyzed
up to now, the relation between low epitope density and the importance of the immune
response against the respective protein has been established. It is therefore reasonable, to
employ low epitope density as an indicator for promising EV targets.

In the first part of this study, we address the question whether the design of a potent
EV against highly variable viruses is feasible at all: Do these viruses exhibit a sufficient
number of conserved epitopes to allow the design of an EV inducing broad and potent
immunity in the target population? To what extend is it possible to focus the EV on
proteins that are critical for the virus? The second part focuses on the optimal assembly
of a string-of-beads construct from the selected epitopes.

Our results show that, with the exception of some highly variable and often short
proteins, it is indeed possible to find optimal conserved epitopes from proteins with low
epitope densities. The efficient assembly of these epitopes into string-of-beads constructs
with favorable proteasomal cleavage patterns is demonstrated.

7.3.1 Materials & Methods

Protein sequences. Protein sequences of HCV, HIV and IV were retrieved as follows:
HCV sequences for ten different proteins (Core, E1, E2, p7, NS2, NS3, NS4A, NS4B,
NS5A, NS5B) and four different subtypes (1a, 1b, 2a, 3a) were taken from the first vaccine
design study (Section 7.2). HIV-1 subtype B sequences for nine genomic regions (ENV,
GAG, NEF, POL, REV, TAT, VIF, VPR, VPU) were obtained from the Los Alamos HIV
sequence database [139]. Non-AA letters occurring in the HIV sequences were replaced by
gap symbols. IV sequences of ten different proteins (HA, M1, M2, NA, NP, NS1, NS2,
PA, PB1, PB2) were retrieved from the NCBI website [140]. For each viral protein an
MSA was created using MUSCLE [128] (Version 3.7 with default parameters). The MSAs’
consensus sequences were used for all following computations: specifically, ten sequences
for HCV, nine sequences for HIV and ten sequences for IV. Gaps were removed from the
consensus sequences. Each nonamer from the gap-free consensus sequences was considered
as a potential epitope.

MHC alleles. In the current study, we used 28 MHC alleles: eight HLA-A alleles,
17 HLA-B alleles and three HLA-C alleles. The MHC alleles and their probabilities in
the world population [122] are listed in Table C.1 in the appendix. The corresponding
population coverage is approximately 91.7%.

MHC binding. The binding affinity of every potential pMHC complex was predicted
using the BIMAS matrices [11]. Allele-specific thresholds maximizing the accuracy of the
BIMAS predictions were taken from [137]. BIMAS scores were normalized by division
by the corresponding threshold. We considered peptides predicted to bind to an MHC
molecule with a normalized BIMAS score greater or equal to one as binders. All others
were considered non-binders.
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Proteasomal cleavage. The probability of a nonamer to result from proteasomal cleav-
age was scored using the matrix-based approach proposed by Ginodi et al. [119]. Nonamers
with a negative cleavage score were not considered suitable candidates for inclusion in the
EV.

Peptide immunogenicity. The impact of antigen processing on the presentation and,
thus, on the immunogenicity of a peptide shall be accounted for in this study. Hence,
instead of using solely MHC binding affinity as a measure of immunogenicity, the product
of normalized BIMAS score and proteasomal cleavage score is employed:

i(e, a) = pcl(e) · b(e, a) (7.1)

with pcl(e) the probability that epitope e will result from antigen processing and b(e, a)
the binding affinity of epitope e to the gene product of MHC allele a.

Peptide conservation. The MSAs were used to determine the conservation of pep-
tides derived from the respective consensus sequence. Since the N- and C-terminally
flanking residues contribute to the probability of an epitope to result from proteasomal
cleavage [119], the conservation of these residues is incorporated in the conservation of
a nonameric peptide: The conservation of a ninemer corresponds to the minimum con-
servation displayed by any of its nine residues and its up to two flanking residues. The
conservation of a single residue depends on the composition of the MSA. It is defined as
the fraction of sequences in the MSA that carry the consensus residue at the respective
position.

Size of immune repertoire score. Viruses attempt to evade an immune response
through the evolutionary accumulation of escape mutations [132]. Such escape mutations
are only positively selected in a given protein, if the gain of the increase in survival proba-
bility outweighs the fitness costs of the mutations. For multiple viruses it has been shown
that only proteins expressed at critical time periods or at a high copy number have low
epitope densities. Such proteins promise to be good targets for an EV. In order to identify
low-epitope-density proteins, the size of immune repertoire (SIR) score was defined [137].
The SIR score of a specific protein corresponds to the ratio of predicted epitopes to the
number of expected epitopes, i.e., the normalized epitope density. A low SIR score indicates
that the virus tries to hide the respective protein. We used the Peptibase web server [141]
to determine the SIR scores of the viral proteins’ consensus sequences with respect to the
MHC alleles under consideration.

Epitope selection. In [137], it has been proposed that the detection of proteins a virus
tries to hide, i.e., proteins with a low SIR score (low-SIR proteins), would maximize the
impact of a vaccine. Therefore, we would like our epitope selection to be biased towards
peptides from low-SIR antigens. Furthermore, we would like a stronger emphasis on epitope
conservation. For the epitope selection ILP of this study (ILP 7.2) we adapted the objective
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function of the extended epitope selection ILP 5.2 as follows:

Maximize
∑
q∈Q

1
SIR(q)2

∑
e∈Eq∩Ba

xe c(e)
∑
a∈A

pmhc(a) i(e, a) (7.2)

where Q is the set of antigens, Eq is the set of epitopes from antigen q, Ba is the set of
epitopes binding to the gene product of MHC allele a, c(e) is the conservation of epitope e,
A is the set of MHC alleles under consideration, pmhc(a) is the probability of MHC allele
a occurring in the target population, and i(e, a) is the immunogenicity of epitope e with
respect to allele a as defined in equation 7.1. The factor c(e) provides for a bias towards
highly conserved epitopes: highly conserved epitopes are weighted stronger than variable
epitopes. The factor 1

SIR(q)2
provides for the desired bias towards low-SIR antigens: it grows

with decreasing SIR score resulting in a higher weight for epitopes from low-SIR antigens.
Requirements on the epitope set are maximal possible allele and antigen coverage, a certain
degree of epitope conservation and the obligatory fixed number of epitopes to select. The
constraints are a subset of the constraints of ILP 5.2.

Epitope ordering and spacers. Given the selected epitopes, we employed the scoring
function S′ (6.3) and the epitope ordering ILP 6.1 to design a string-of-beads construct for
each of the three viruses. Subsequently, the constructs were cleaved in silico. If a vaccine
epitope was not likely to be cleaved properly from the optimized polypeptide we introduced
spacers between the epitope and its neighbors to increase the respective epitope’s cleavage
probability. As spacer we used the sequence AAY, which has been shown to be beneficial
in EV design [121].

7.3.2 Implementation

A combination of the commercial ILP solver IBM ILOG CPLEX [53], the GNU Linear
Programming Kit GLPK [55] and the GNU MathProg modeling language GMPL was
used to formulate and solve the ILPs. Runtimes are on the order of a few seconds on
standard PC hardware for each ILP employed in this study.

Epitope selection. We used GMPL, a high-level modeling language for mathematical
programs, to formulate ILP 7.2. Given a set of target antigen MSAs as well as the set of
MHC alleles of interest and their probabilities in the target population, we used a modified
version of the Python script described in Section 7.2 to generate consensus sequences
with conservation information from a given set of MSAs. The MHC binding affinities,
proteasomal cleavage scores, and SIR scores of the consensus sequences were determined
using the Peptibase web server [141]. A Python script was implemented to assemble this
data along with the required user defined thresholds and the number of epitopes to select
into a GMPL data file. The ILP solver GLPK, which takes as input a GMPL model of an
ILP and a corresponding GMPL data file, was used to solve the epitope selection ILP.

Epitope ordering. The epitope ordering ILP 6.1 was also formulated as a GMPL model.
We used Python to extract the optimal set of epitopes from the GLPK output of the
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ILP 7.2: Epitope selection ILP employed for the design of string-of-beads vaccines.

maximize
∑

q∈Q
1

SIR(q)2
∑

e∈Eq∩Ba
xe c(e)

∑
a∈A pmhc(a) i(e, a)

subject to
∑

e∈E xe = k (7.2a)

∀e ∈ E: xe τc ≤ c(e) (7.2b)

∀a ∈ A:
∑

e∈Ba
xe ≥ ya (7.2c)∑

a∈A ya ≥ τmhc (7.2d)

∀q ∈ Q :
∑

e∈Eq
xe ≥ τQ (7.2e)

Definitions
A Set of observed MHC alleles
Q Set of target antigens
Eq Set of epitopes from antigen q
E Set of all candidate epitopes (

⋃
q∈QEq)

Ba Set of epitopes binding to the gene product of MHC allele a (Ba ⊆ E)

Parameters
c(e) Conservation of epitope e
i(e, a) Immunogenicity of epitope e with respect to allele a
k Number of epitopes to select
pmhc(a) Probability of MHC allele a occurring in the target population
SIR(q) SIR score of antigen q
τmhc Minimum number of MHC alleles to be covered
τc Conservation threshold
τQ Minimum number of epitopes from each antigen to be included

Variables
xe = 1 if epitope e belongs to the optimal set; otherwise xe = 0
ya = 1 if allele a is covered by the optimal set; otherwise ya = 0

previous step, to determine the edge weights of the epitope ordering graph, and to create
a GMPL data file. Since the commercial solver CPLEX is significantly faster in solving
the epitope ordering problem than the publicly available GLPK, we employed the former
to solve the ILP. However, GLPK was required to convert the high-level ILP model and
its input data into a CPLEX readable file format. Subsequently, we used the CPLEX
command-line interface to solve the optimization problem. Analyses of the results were
performed using Python.

7.3.3 Analyses

We first address the question of whether it is feasible to design potent universal string-
of-beads vaccines for highly variable viruses. Such vaccines should be applicable to a
large fraction of the target population and aim at highly conserved epitopes from various
antigens. Focusing on HCV, HIV and IV, our first analysis examines the availability of
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Figure 7.4: Allele and antigen coverage for HCV, HIV and IV considered as a function
of the required epitope conservation. Dashed lines show allele coverage, solid lines show
antigen coverage for HCV (black), HIV (blue) and IV (red), respectively.

conserved epitopes in the viral proteins. Given the presence of such epitopes, we inves-
tigate the possibility of including primarily epitopes from low-epitope-density antigens.
Subsequently, having selected an optimal set of epitopes, we address the question whether
a string-of-beads construct with favorable cleavage pattern can be produced from these
epitopes.

The high variability of the viruses under consideration raises the question to what ex-
tent a strong conservation requirement as well as high antigen and allele coverage can be
maintained simultaneously. Even in highly variable viruses, some proteins display con-
served regions. By limiting the vaccine to epitopes from these regions, its antigen coverage
as well as its allele coverage – and therefore its population coverage – may be very limited.

Given all candidate epitopes of each virus, we analyzed the influence of the conservation
threshold on the allele and antigen coverage of the selected epitope set. We used the
epitope selection ILP 7.2 to select 100 epitope sets of size 30 with increasing conservation
threshold from 1% to 100% (Figure 7.4). Coverage of all alleles under consideration, i.e.,
approximately 91.7% population coverage, is feasible up to a conservation threshold of 83%
(HCV), 92% (HIV), and 96% (IV). Full antigen coverage is feasible up to a conservation
threshold of 69% (HCV), 78% (HIV), and 61% (IV). Epitope sets covering all alleles under
consideration and all but one (two) antigen(s) are feasible up to a conservation threshold
of 75% (83%) for HCV, of 85% (87%) for HIV, and of 80% (86%) for IV.

The first MHC alleles to lose coverage are HLA-B*38:01 (> 83%), HLA-B*44:03 (> 88%),
HLA-B*51:02 and HLA-B*58:01 (> 89%) as well as HLA-B*40:01 (> 91%) for HCV. For
HIV, HLA-B*51:02 and HLA-B*27:02 lose coverage at 93% and B*38:01 at 97%. In IV,
coverage for HLA-B*38:01 is also lost at 97%, for B*40:01 it is lost at 99%. Noticeably,
this list includes only HLA-B alleles. HLA-B alleles have been reported to have less diverse
peptide repertoires than HLA-A alleles [142] and to impose greater selection pressure on
viral evolution than HLA-A alleles [143, 144].



88 CHAPTER 7. APPLICATIONS

The first antigens to escape coverage are IV HA (>62%), HCV E1 (>69%), HCV NS2
(>75%), HIV TAT (>78%), IV NA (>80%) and HIV VPU (>85%). HCV E1 as well as IV
HA and NA are surface proteins. Surface proteins are exposed to humoral immune pressure
and are often reported to be highly variable [133, 145, 146]. HIV TAT and VPU, on the
other hand, are early expressed proteins: their exposure to T-cell response is more critical
for the virus. It has previously been shown that such proteins have very few epitopes and
are subject to a stringent selection [138]. HCV NS2 derives from the NS2/NS3 protease.
This protease is the first non-structural (NS) protein translated [147] and, therefore, its
exposure is critical. In summary, two groups of proteins lose coverage early: those under B
cell-mediated immune selection and those under T cell-mediated immune selection. Losing
coverage of the latter group is more problematic since those are probably good targets for
a T cell-based vaccine.

As expected, a high conservation threshold interferes with the optimal coverage of target
MHCs and antigens. This emphasizes that skillful EV design requires a precise balancing
of maintaining a high epitope conservation level and smart targeting at the protein and
MHC level.

In addition to high conservation as well as high allele and antigen coverage, it is beneficial
for a vaccine to particularly target proteins whose detection would maximize the impact
on the virus. Such proteins are probably the ones that the virus has evolved to minimize
exposure. We designed our objective function to favor epitopes from proteins with low
epitope density by penalizing the selection of epitopes from proteins with high epitope
density, i.e., high SIR scores. Requiring full allele coverage, best possible antigen coverage
as well as a minimum conservation of 85% (HIV, IV) and 83% (HCV), respectively, 30
epitopes were selected from the candidate epitopes of each virus. For every antigen of the
three viruses, Figure 7.5 shows the SIR score, the fraction of epitopes in the selected epitope
set derived from the respective antigen, and the fraction of overall immunogenicity (based
on equation 7.1) attributed to these epitopes. In the case of HCV (Figure 7.5A) and IV
(Figure 7.5C), 50% of the antigens (5/10) have a normalized epitope density below one,
i.e., display an unexpectedly low number of epitopes. The majority of the selected epitopes
along with the bigger part of immunogenicity is derived from these low-SIR antigens. In
the case of HIV (Figure 7.5B), all antigens have a SIR score below one, ranging from 0.23
for TAT to 0.94 for NEF. Therefore, all selected epitopes are derived from proteins with
low epitope density. Among these, however, the vast majority (23/30) are derived from
POL, which displays a comparatively high epitope density. Each of the remaining seven
epitopes comes from one of the other antigens except for TAT. TAT, the HIV antigen with
the lowest epitope density, does not display sufficient conservation to contribute epitopes
to the selected set. Further analysis revealed that POL contributes 75% (122/162) of the
candidate epitopes for HIV. Among these are several highly immunogenic ones, resulting in
the predominance of POL epitopes in the set of selected HIV epitopes. This high density
of highly conserved epitopes may be explained by the late expression and low copy number
of POL [148, 149]. It has been argued that T-cell exposure of proteins translated at a later
stage of the infection may not critically impair HIV, as some virions may have the time to
bud before the cell is destroyed [136]. Furthermore, the low copy number of POL will result
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Figure 7.5: Antigen coverage of selected epitope sets. For each virus, a set of 30 epitopes,
given a minimum conservation, was selected. For HIV, an additional set excluding POL was
selected. SIR score, the fraction of epitopes from antigens in the set and the fraction of contribution
to overall immunogenicity are displayed for each viral protein individually. Viral proteins are
ordered by decreasing SIR score. A) HCV, conservation threshold: 83%, full allele coverage, no
coverage of E1 and NS2. B) HIV, conservation threshold: 85%, full allele coverage, no coverage of
TAT. C) IV, conservation threshold: 85%, full allele coverage, no coverage of HA and NA. D) HIV,
conservation threshold: 85%, limited allele coverage (25 of 28), no coverage of TAT and POL.

in a comparatively low total number of epitopes expressed. Therefore, the selection against
high-affinity epitopes in POL is less stringent than in other HIV proteins. Obviously, late
expression and low copy number also make POL a poor EV target. It may thus be beneficial
to limit the fraction of POL epitopes in the vaccine. We repeated the epitope selection
for HIV excluding epitopes from POL. In order to do so, the requirement of full allele
coverage had to be omitted. Without POL, only 25 out of the 28 HLA alleles can be
covered, yielding a population coverage of approximately 90.6%. Figure 7.5D shows that
the exclusion of POL epitopes results in a considerably more balanced antigen coverage.
The fraction of epitopes from low-SIR antigens (REV, VIF, VPU, VPR) has increased
from about 13% to 37% (11/30).

Given an optimal epitope set for each virus, we designed string-of-beads constructs opti-
mized for proteasomal cleavage of the respective epitopes. Epitope recovery was evaluated
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based on an in silico cleavage of every polypeptide. In the optimal configuration, all HCV
epitopes included in the vaccine were contained in the resulting list of cleaved nonameric
peptides while two epitopes from HIV and one from IV were missing. We introduced
spacers next to these epitopes in the HIV and IV polypeptides resulting in full epitope
recovery. Besides full recovery, vaccine epitopes should be more likely to result from pro-
teasomal cleavage than other unwanted MHC binding peptides. In order to evaluate the
polypeptides in this regard, we considered the ratio between the average cleavage scores
of vaccine epitopes and of unwanted epitopes. If vaccine epitopes are more likely to be
cleaved than other epitopes the ratio is greater than 1.0. The higher the ratio, the more
favorable the cleavage pattern. The cleavage score ratios range from 1.4 for HIV to 2.0
for IV and 2.2 for HCV. Although the ratio of the HIV polypeptide is comparably low, all
string-of-beads constructs yield favorable cleavage patterns.

7.3.4 Discussion

Traditional approaches to vaccine design had limited success in protecting against chronic
infection with viruses such as HIV and HCV. While the resulting vaccines have been shown
to be effective against IV, their efficacy is usually limited to a certain strain as defined by
the hemagglutinin (HA) and neuraminidase (NA) groups. Furthermore, the time needed
to manufacture such an IV vaccine is an issue: in a best case scenario, it takes five to six
months for a vaccine against a new IV strain to become available [150]. EVs represent a
promising alternative.

The main goal of this work is to analyze whether it is feasible to simultaneously optimize
the protein targeting and the epitope quality in EVs against highly variable viruses. Such
vaccines should be applicable to a large fraction of the target population and aim at
highly conserved epitopes from various antigens. As has been shown for several viruses,
proteins with low epitope density are probably good targets. Another important factor
when designing an EV targeted at a particular geographic area is strain prevalence. Since
our focus is on viruses in the world population, we do not consider it here. However, strain
prevalence can easily be incorporated into the proposed epitope selection approach.

Our first analysis examined the availability of conserved epitopes in the viral proteins.
In the second analysis, we investigated the possibility of including primarily epitopes from
low-SIR antigens. Subsequently, having selected an optimal set of epitopes, we addressed
the question whether a polypeptide with a favorable cleavage pattern can be produced
from these epitopes. For three highly variable viruses, we have shown that it is indeed
possible to select epitope sets that will yield potent vaccines. However, in general, such
sets cannot cover all viral antigens. Specifically, this concerns highly mutable antigens,
such as the envelope proteins of HCV and IV, or proteins subject to high evolutionary
pressure, such as the HIV regulatory proteins. In the case of HIV, the majority of the
optimal epitopes are derived from POL. However, since POL is expressed late and at low
copy numbers, it may be a very poor target. In order to obtain better targets, it may
therefore be advantageous to limit the number of POL-derived epitopes at the cost of a
decrease in predicted immunogenicity.
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Once an optimal set of epitopes is chosen, they have to be properly ordered for the
string-of-beads construct. The optimal epitope order meets two important complementary
criteria: (1) it ensures the cleavage of the selected epitopes by the proteasome and (2)
it minimizes the probability of a cleavage of junctional epitopes, which could induce an
immune response that would be useless against the targeted virus. We employed the ILP
proposed in Chapter 6 (ILP 6.1) for epitope assembly. For the vast majority of vaccine
epitopes, the optimal ordering does not require the use of spacers to ensure proper cleavage.
However, using the epitope ordering ILP to directly design an optimal string-of-beads
construct with spacers between all vaccine epitopes promises to yield even better results.

This study combines a large number of elements, which have not been considered in con-
junction before: proper treatment of the epitope preprocessing by the proteasome [24, 102],
optimal choice of antigenic targets and the optimal positioning of the selected epitopes [24].
The combination of these elements significantly raises the probability of producing clini-
cally relevant vaccines.



92 CHAPTER 7. APPLICATIONS



Chapter 8

Discussion & Conclusion

Parts of this chapter have previously been published [8].
Traditional trial-and-error based approaches to vaccine design have been remarkably

successful. One of the major successes was the eradication of smallpox in the 1970s.
However, there are still many diseases for which no viable vaccine could be found, HIV
infection and cancer being among the most prominent examples. Here, new, rationally
designed types of vaccines, as, e.g., EVs, are promising alternatives.

The process of designing an EV can roughly be divided into three steps: epitope discov-
ery, epitope selection and epitope assembly. In silico epitope discovery has the potential
to drastically reduce the number of biological experiments that have to be performed. A
key step in in silico approaches to epitope discovery is the prediction of MHC-binding pep-
tides. This problem has been tackled with the full range of possible mathematical methods.
Mostly machine learning methods have proven useful. However, the prediction of binders
for MHC alleles with little or no experimental data is problematic. In Sections 4.2 and 4.3
we present two approaches to overcome the problem of scarcity of data. Our first approach
improves the predictive power of SVMs for alleles with little experimental binding data by
combining the benefits of string kernels with the ones of physicochemical descriptors for
AAs. Our second approach, UniTope, for the first time allowed predictions for all MHC-I
alleles. This was achieved by employing all available MHC-I binding data for the predic-
tion of an individual allele’s binding specificity. The kernels developed in our first approach
are particularly useful when data is scarce. Next to allele-specific MHC binding prediction
they promise to be beneficial in, e.g., the prediction of substrate specificities within enzyme
families [151]. Use of these kernels in UniTope (Section 4.3), however, will not yield further
improvements: Due to the pooling of all available binding data, training data is far from
being scarce in this setting.

Pan-specific approaches like UniTope have contributed significantly to the advancement
of in silico epitope discovery. Nevertheless, it has to be noted that there is a drawback
to current approaches: for a considerable fraction of alleles pan-specific models perform
worse than allele-specific models, i.e., inclusion of knowledge on other alleles’ binding
specificities is disadvantageous. Here, models trained for a specific allele incorporating a
limited number of examples from highly related other alleles [152] show promise. However,
this approach brings about another drawback: when confronted with a new MHC allele a
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new model has to be trained, which can be very time consuming. Making such a method
publicly available, e.g., via a web server, to offer predictions for all known MHC alleles
is hence inapplicable. Alternative approaches are required and can be expected to come
from the field of transfer learning. Transfer learning deals with transferring knowledge
from one task to another task. It is a hot topic in the machine learning community [153–
155]. Increasingly sophisticated transfer learning methods can be expected to improve
pan-specific MHC binding prediction while at the same time being able to handle the
increasing amounts of MHC binding data.

Today, despite minor shortcomings, the problem of predicting whether or how strongly
a peptide binds to the product of a given MHC allele can be considered as solved. However,
this is not the case for epitope discovery in general. The actual prediction of T-cell epitopes,
i.e., to distinguish immunogenic from non-immunogenic MHC binders, is still in its infancy.
It will be one of the key issues for immunoinformatics to address in the near future.
Due to the complex host dependencies accounting for the T-cell recognition of a pMHC
complex, the problem is particularly challenging. Previous methods do not consider these
dependencies but utilize peptide sequence information only yielding limited prediction
accuracies. In Section 4.4 we present a novel approach to T-cell epitope prediction that
takes a systemic view on the problem. Evaluation on a small unbiased and allele-specific
data set showed promising results. While the small sample allows demonstration of a proof-
of-concept, a more thorough analysis of the individual aspects of our approach requires
more data.

Reliable immunogenicity prediction is a prerequisite for fully rational EV design. The
move from simple sequence-based predictors to predictors including system-wide properties
promises to be a step in the right direction. However, in order for T-cell epitope prediction
to eventually come of age, sufficiently large and consistent data sets for various alleles
need to become publicly available. Here, the development of high-throughput methods to
experimentally identify T-cell epitopes [156] will play an important role.

In this thesis, we only consider naturally occurring peptides. There have also been stud-
ies successfully using epitope analogs, namely fixed anchor and heteroclitic epitopes [25].
While fixed anchor approaches aim at increasing pMHC binding affinity by modification of
MHC anchor residues, the heteroclitic epitopes approach aims at increasing pMHC:TCR
affinity by modification of TCR interaction sites. The capability of such epitope analogs to
induce more potent immune responses than the corresponding wild-type epitopes as well
as to break T-cell tolerance has been shown in several studies [157, 158]. For the design of
epitope analogs, it would be desirable to have accurate prediction methods that comple-
ment their prediction with information, for example, on what AA properties are important
for a specific position. Such information cannot be easily retrieved from state-of-the-art
prediction methods. It has to be noted that the use of modified epitopes is controversial.
Induction of T-cell populations with low recognition efficiencies [159] and the appearance
of cryptic epitopes with dominant immunogenicity [160] have been reported.

In EV design, epitope discovery is followed by epitope selection. Out of a given set of
candidate epitopes, the vaccine epitopes have to be selected. Depending on the require-
ments on the desired epitope set, this task can become highly complex, rendering manual
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selection of an optimal epitope set virtually impossible. Hence, efficient computational
approaches to optimal epitope selection are called for. In Chapter 5, we present the first
framework for epitope selection that is capable of finding the optimal epitope set with re-
spect to a wide variety of different requirements. The method performs better than existing
solutions and has runtimes of a few seconds. With OptiTope (Section 7.1) we provide an
easy-to-use web-interface to this framework making it available to immunologists. While
the flexibility of our framework allows for the incorporation of different requirements on
the desired vaccine, more data is needed to actually reveal a suitable quality measure and
the properties of a good vaccine. To allow for advances in this area, it is essential to make
the data of previous, current and future clinical trials of EVs publicly available.

Depending on the chosen delivery strategy, the epitope selection step is followed by
epitope assembly. While there is no commonly agreed on delivery strategy, many delivery
strategies employed in (pre-)clinical trials are based on a concatenation of the individual
epitopes, either with or without spacer, as DNA, RNA or as AA sequence. Here, the chosen
epitope order strongly influences the success of the vaccine. Computational methods for
epitope assembly can help to determine a favorable order efficiently. In Chapter 6, we
propose the first in silico approach to optimally assemble epitopes into a string-of-beads
vaccine. Based on a predictor for proteasomal cleavage, the resulting vaccine constructs
are guaranteed to be optimal with respect to epitope recovery. The more accurate the
proteasomal cleavage predictor, the better the resulting construct. In this thesis, we focus
on CD8+ T cells and their epitopes. The epitope ordering algorithm can in principal also
be used to assemble CD4+ T-cell epitopes. However, to the best of our knowledge there is
no predictor for the extracellular antigen processing pathway available. Given the lack of a
suitable predictor, the assembly approach taken by De Groot et al. [23], i.e., constructing
extended peptides by overlapping epitope is expedient when dealing with CD4+ T-cell
epitopes.

The EV design heuristic proposed by Vider-Shalit et al. [24] combines epitope selection
and assembly. While we have only considered an iterative approach – epitope selection
followed by epitope assembly – it is also possible to simultaneously optimize these two EV
design aspects via ILP. In contrast to the iterative procedure, which clearly focuses on the
optimal epitope selection, the combined optimization would allow for a stronger emphasis
on antigen processing. The relative importance of each aspect could be controlled via the
objective function.

In Sections 7.2 and 7.3, we applied our epitope selection and assembly approaches to
realistic vaccine design problems. The resulting vaccines are optimal with respect to the
definition of good vaccine and yield perfect epitope recovery. In our study on string-of-
beads vaccines against highly variable viruses (Section 7.3) we briefly touch on the topic of
target antigen detection. It is generally agreed upon that some antigens are more suitable
targets than others. Hence, a ranking of antigens should be incorporated when selecting
epitopes for anti-virus EVs. So far, the only published approach to in silico ranking of
viral antigens is the SIR score [137]. The authors have shown for multiple viruses that – at
least in theory – only proteins expressed at critical time periods or at a high copy number,
i.e., suitable vaccine targets, have a low SIR score. However, the actual explanatory power
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of the score is controversial. For in silico EV design it would be desirable to have a widely
accepted score. The constantly increasing number of sequenced viruses provides a sound
basis for further statistical analyses in this regard. While based on real data, the results
of the vaccine design studies are theoretical in nature. To complement them, it would
be interesting to experimentally evaluate the vaccines and thus the performance of the
proposed algorithms. Here, the development of a mouse model to efficiently test vaccine
constructs and delivery strategies in a high-throughput manner would be of great help.

Ever decreasing sequencing costs and improving analysis methods will contribute greatly
to advances in vaccine design. HLA typing will become considerably cheaper allowing
for high-resolution clinical data. Furthermore, inexpensive and rapid sequencing of, e.g.,
cancer genomes is an important step towards an era of personalized medicine.

In the long term the use of in silico epitope discovery, selection and assembly, e.g.,
as part of a vaccine design pipeline from sequencing data to the EV components, will
significantly change the way vaccines are developed. The use of standardized approaches
for EVs will solve some of the issues of classical vaccines based on attenuated pathogens.
In particular, it promises shorter development times, which can be essential for emerging
infectious diseases. At the same time, it is indispensable for fully personalized vaccines,
particularly for cancer immunotherapy.
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Abbreviations

AA Amino acid
AASK Amino acid substring kernel
APC Antigen-presenting cell
auROC Area under the receiver operating characteristics curve
CTL Cytotoxic T lymphocyte
EBV Epstein-Barr virus
EV Epitope-based vaccine
HCV Hepatitis C virus
HIV Human immunodeficiency virus
HLA Human leukocyte antigen
IC50 50% inhibitory concentration
ILP Integer linear program
IV Influenza virus
LKH Lin-Kernighan heuristic
LP Linear program
MHC Major histocompatibility complex
MHC-I Major histocompatibility complex class I
MHC-II Major histocompatibility complex class II
MSA Multiple sequence alignment
PCC Pearson correlation coefficient
pMHC Peptide:MHC complex
SIR Size of immune repertoire
SVC Support vector classification
SVM Support vector machine
SVR Support vector regression
TAP Transporter associated with antigen processing
TCR T-cell receptor
TSP Travelling salesman problem
WD Weighted degree
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Appendix B

Epitope Discovery

Table B.1: IEDBh9 data set. The IEDBh9 data set is a subset of the IEDB benchmark data
set [86]. It comprises the binding data of nonameric peptides with respect to human MHC-I alleles.
The table lists the number of examples per allele.

Allele Examples Allele Examples

HLA-A*01:01 1157 HLA-B*07:02 1262
HLA-A*02:01 3089 HLA-B*08:01 708
HLA-A*02:02 1447 HLA-B*15:01 978
HLA-A*02:03 1443 HLA-B*18:01 118
HLA-A*02:06 1437 HLA-B*27:05 969
HLA-A*03:01 2094 HLA-B*35:01 736
HLA-A*11:01 1985 HLA-B*40:01 1078
HLA-A*23:01 104 HLA-B*40:02 118
HLA-A*24:02 197 HLA-B*44:02 119
HLA-A*24:03 254 HLA-B*44:03 119
HLA-A*26:01 672 HLA-B*45:01 114
HLA-A*29:02 160 HLA-B*51:01 244
HLA-A*30:01 669 HLA-B*53:01 254
HLA-A*30:02 92 HLA-B*54:01 255
HLA-A*31:01 1869 HLA-B*57:01 59
HLA-A*33:01 1140 HLA-B*58:01 988
HLA-A*68:01 1141
HLA-A*68:02 1434
HLA-A*69:01 833
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Table B.2: Classification performances of WD-RBF and WD kernel. The table lists the
mean auROCs obtained by a two-times nested five-fold cross validation of a WD-RBF (blosum50)
and a WD kernel on the IEDBh9 allele subsets. The best performance per allele is highlighted
(bold).

Allele WD-RBF WD

HLA-A*01:01 0.967 0.966
HLA-A*02:01 0.949 0.949
HLA-A*02:02 0.881 0.879
HLA-A*02:03 0.903 0.896
HLA-A*02:06 0.913 0.908
HLA-A*03:01 0.923 0.924
HLA-A*11:01 0.938 0.940
HLA-A*23:01 0.813 0.744
HLA-A*24:02 0.733 0.748
HLA-A*24:03 0.840 0.844
HLA-A*26:01 0.926 0.902
HLA-A*29:02 0.906 0.906
HLA-A*30:01 0.931 0.908
HLA-A*30:02 0.802 0.780
HLA-A*31:01 0.921 0.916
HLA-A*33:01 0.905 0.898
HLA-A*68:01 0.856 0.846
HLA-A*68:02 0.877 0.879
HLA-A*69:01 0.869 0.816
HLA-B*07:02 0.947 0.946
HLA-B*08:01 0.917 0.867
HLA-B*15:01 0.913 0.909
HLA-B*18:01 0.895 0.905
HLA-B*27:05 0.931 0.927
HLA-B*35:01 0.863 0.850
HLA-B*40:01 0.937 0.931
HLA-B*40:02 0.781 0.721
HLA-B*44:02 0.710 0.749
HLA-B*44:03 0.783 0.806
HLA-B*45:01 0.871 0.836
HLA-B*51:01 0.869 0.846
HLA-B*53:01 0.870 0.870
HLA-B*54:01 0.884 0.842
HLA-B*57:01 0.934 0.934
HLA-B*58:01 0.949 0.936
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Table B.3: Regression performances of WD-RBF and WD kernel. The table lists the
mean PCCs obtained by a two-times nested five-fold cross validation of a WD-RBF (blosum50) and
a WD kernel on the IEDBh9 allele subsets. The best performance per allele is highlighted (bold).

Allele WD-RBF WD

HLA-A*01:01 0.706 0.705
HLA-A*02:01 0.815 0.810
HLA-A*02:02 0.770 0.765
HLA-A*02:03 0.793 0.770
HLA-A*02:06 0.770 0.753
HLA-A*03:01 0.742 0.733
HLA-A*11:01 0.802 0.793
HLA-A*23:01 0.686 0.609
HLA-A*24:02 0.620 0.617
HLA-A*24:03 0.587 0.599
HLA-A*26:01 0.578 0.561
HLA-A*29:02 0.840 0.799
HLA-A*30:01 0.672 0.668
HLA-A*30:02 0.574 0.581
HLA-A*31:01 0.757 0.753
HLA-A*33:01 0.672 0.671
HLA-A*68:01 0.739 0.736
HLA-A*68:02 0.756 0.749
HLA-A*69:01 0.533 0.518
HLA-B*07:02 0.796 0.786
HLA-B*08:01 0.533 0.512
HLA-B*15:01 0.709 0.713
HLA-B*18:01 0.761 0.752
HLA-B*27:05 0.714 0.684
HLA-B*35:01 0.668 0.658
HLA-B*40:01 0.557 0.561
HLA-B*40:02 0.748 0.734
HLA-B*44:02 0.614 0.653
HLA-B*44:03 0.792 0.799
HLA-B*45:01 0.742 0.706
HLA-B*51:01 0.708 0.725
HLA-B*53:01 0.737 0.743
HLA-B*54:01 0.744 0.727
HLA-B*57:01 0.742 0.698
HLA-B*58:01 0.742 0.709
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Table B.4: Crystal structures employed to generate the pocket profiles for UniTope.
PDB-IDs of the nonameric pMHC-I structures employed to generate the pocket profiles are listed
per allele.

Allele PDB-IDs

HLA-A*02:01 1AKJ, 1AO7, 1B0G, 1BD2, 1DUZ, 1EEY, 1EEZ, 1HHG, 1HHI,

1HHJ, 1HHK, 1I1F, 1I1Y, 1I7R, 1I7T, 1I7U, 1IM3, 1JHT,

1LP9, 1OGA, 1P7Q, 1QEW, 1QR1, 1QRN, 1QSE, 1S8D, 1S9W,

1S9X, 1S9Y, 1T1W, 1T1X, 1T1Y, 1T1Z, 1T20, 1T21, 1T22,

1TVB, 1TVH, 2BNQ, 2BNR, 2BSU, 2BSV, 2C7U, 2F53, 2F54,

2GIT

HLA-A*11:01 1Q94, 1X7Q

HLA-A*24:02 2BCK

HLA-B*08:01 1M05

HLA-B*15:01 1XR8, 1XR9

HLA-B*27:05 1HSA, 1JGE, 1W0V, 2A83, 2BSR, 2BST

HLA-B*27:09 1K5N, 1W0W

HLA-B*35:01 1A9B, 1A9E, 1CG9, 2CIK, 2H6P

HLA-B*44:02 1M6O

HLA-B*44:03 1N2R, 1SYS

HLA-B*44:05 1SYV

HLA-B*51:01 1E27

HLA-B*53:01 1A1M, 1A1O

HLA-B*57:03 2BVP

HLA-Cw*04:01 1IM9, 1QQD
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Table B.5: Overall performance of MHC-I binding predictors on seen alleles. The table
lists the allele-wise PCCs of the pan-specific predictors NetMHCpan and UniTope as well as of the
allele-specific predictor ANN. Performance is measured in a five-fold cross validation on the IEDBh9

data and the given folds.

Allele NetMHCpan UniTope ANN

HLA-A*01:01 0.840 0.602 0.450
HLA-A*02:01 0.893 0.842 0.536
HLA-A*02:02 0.856 0.842 0.557
HLA-A*02:03 0.862 0.838 0.616
HLA-A*02:06 0.859 0.843 0.702
HLA-A*03:01 0.845 0.788 0.426
HLA-A*11:01 0.878 0.843 0.537
HLA-A*23:01 0.855 0.780 0.494
HLA-A*24:02 0.735 0.566 0.304
HLA-A*24:03 0.732 0.433 0.420
HLA-A*26:01 0.716 0.506 0.358
HLA-A*29:02 0.871 0.811 0.636
HLA-A*30:01 0.784 0.675 0.330
HLA-A*30:02 0.725 0.615 0.393
HLA-A*31:01 0.835 0.773 0.415
HLA-A*33:01 0.769 0.655 0.553
HLA-A*68:01 0.822 0.725 0.634
HLA-A*68:02 0.811 0.703 0.656
HLA-A*69:01 0.726 0.565 0.491
HLA-B*07:02 0.850 0.707 0.410
HLA-B*08:01 0.602 0.386 0.346
HLA-B*15:01 0.800 0.543 0.613
HLA-B*18:01 0.813 0.666 0.832
HLA-B*27:05 0.700 0.467 0.546
HLA-B*35:01 0.763 0.649 0.398
HLA-B*40:01 0.667 0.389 0.187
HLA-B*40:02 0.840 0.818 0.805
HLA-B*44:02 0.745 0.647 0.735
HLA-B*44:03 0.797 0.720 0.718
HLA-B*45:01 0.683 0.659 0.767
HLA-B*51:01 0.785 0.630 0.636
HLA-B*53:01 0.825 0.809 0.746
HLA-B*54:01 0.817 0.740 0.642
HLA-B*57:01 0.783 0.645 0.524
HLA-B*58:01 0.842 0.663 0.590

Average 0.792 0.673 0.543
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Table B.6: Leave-one-out validation performance of pan-specific MHC-I binding pre-
dictors. The table lists the allele-wise PCCs of the pan-specific predictors NetMHCpan and Uni-
Tope in a leave-one-out validation. Performance is measured in a five-fold cross validation on the
IEDBh9 data and the given folds.

Allele NetMHCpan UniTope

HLA-A*01:01 0.378 0.215
HLA-A*02:01 0.857 0.798
HLA-A*02:02 0.805 0.782
HLA-A*02:03 0.795 0.809
HLA-A*02:06 0.803 0.817
HLA-A*03:01 0.760 0.734
HLA-A*11:01 0.835 0.736
HLA-A*23:01 0.811 0.672
HLA-A*24:02 0.647 0.507
HLA-A*24:03 0.729 0.228
HLA-A*26:01 0.535 0.408
HLA-A*29:02 0.692 0.553
HLA-A*30:01 0.633 0.628
HLA-A*30:02 0.559 0.478
HLA-A*31:01 0.695 0.661
HLA-A*33:01 0.638 0.636
HLA-A*68:01 0.688 0.513
HLA-A*68:02 0.721 0.592
HLA-A*69:01 0.711 0.546
HLA-B*07:02 0.516 0.292
HLA-B*08:01 0.385 0.043
HLA-B*15:01 0.443 0.357
HLA-B*18:01 0.624 0.474
HLA-B*27:05 -0.057 0.010
HLA-B*35:01 0.656 0.618
HLA-B*40:01 0.426 0.278
HLA-B*40:02 0.769 0.815
HLA-B*44:02 0.802 0.753
HLA-B*44:03 0.731 0.797
HLA-B*45:01 0.556 0.570
HLA-B*51:01 0.668 0.635
HLA-B*53:01 0.753 0.801
HLA-B*54:01 0.614 0.513
HLA-B*57:01 0.740 0.575
HLA-B*58:01 0.453 0.224

Average 0.639 0.545
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Table B.7: Gene expression omnibus data sets used to define the thymus proteome.

Series Sample Microarray

GSE96 GSM2825 Affymetrix HG-U95A
GSM2826 Affymetrix HG-U95A

GSE803 GSM12683 Affymetrix HG-U95A
GSM12684 Affymetrix HG-U95B
GSM12685 Affymetrix HG-U95C
GSM12686 Affymetrix HG-U95D
GSM12687 Affymetrix HG-U95E

GSE803 GSM12713 Affymetrix HG-U95A
GSM12714 Affymetrix HG-U95B
GSM12715 Affymetrix HG-U95C
GSM12716 Affymetrix HG-U95D
GSM12717 Affymetrix HG-U95E

GSE2361 GSM44672 Affymetrix HG-U133A

Table B.8: ArrayExpress data sets used to define the thymus proteome.

Series Sample Microarray

E-AFMX-5 3AJZ02022758 thymus Affymetrix HG-U133A
3AJZ02031411 thymus Affymetrix HG-U133A
1BJZ02022642 thymus Affymetrix gnGNF1Ba
1BJZ02022757 thymus Affymetrix gnGNF1Ba

E-CBIL-1 thymus 1 HG-U95B-AG23-biotin-G2500A Affymetrix HG-U95B
thymus 2 HG-U95B-AG42-biotin-G2500A Affymetrix HG-U95B
thymus 1 HG-U95C-AG23-biotin-G2500A Affymetrix HG-U95C
thymus 2 HG-U95C-AG42-biotin-G2500A Affymetrix HG-U95C
thymus 1 HG-U95D-AG23-biotin-G2500A Affymetrix HG-U95D
thymus 2 HG-U95D-AG42-biotin-G2500A Affymetrix HG-U95D
thymus 1 HG-U95E-AG23-biotin-G2500A Affymetrix HG-U95E
thymus 2 HG-U95E-AG42-biotin-G2500A Affymetrix HG-U95E

E-MTAB-24 3AJZ02022758 thymus.CHP Affymetrix HG-U133A
3AJZ02031411 thymus.CHP Affymetrix HG-U133A
1BJZ02022642 thymus.CHP Affymetrix gnGNF1Ba
1BJZ02022757 thymus.CHP Affymetrix gnGNF1Ba

E-MTAB-25 1BJZ02022757 thymus.CHP Affymetrix gnGNF1Ba
1BJZ02022757 thymus.CHP Affymetrix gnGNF1Ba
1BJZ02022757 thymus.CHP Affymetrix gnGNF1Ba
1BJZ02022757 thymus.CHP Affymetrix gnGNF1Ba

E-TABM-145 1BJZ02022757 thymus.CHP Affymetrix HG-U133A
1BJZ02022757 thymus.CHPAffymetrix HG-U133A
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Algorithm B.1: Weighted majority voting. This voting is applied to resolve conflicts in
results of microarray experiments. Based on the number of absent, marginal and present assignments
a protein is unambiguously assigned to exactly one class. The marginal classifications were weighted
only 2/3 to achieve a better separation in absent and present, reducing the number of marginal
assignments.

a⇐ number of absent calls
m⇐ number of marginal calls
p⇐ number of present calls
sum⇐ a+ 2

3m+ p

label⇐ unassigned

if a/sum > 2
3 then

label⇐ absent

else
if p/sum > 2

3 then
label⇐ present

else
label⇐ marginal

endif
endif
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Applications

Table C.1: List of all MHC alleles used in the study on designing string-of-beads
vaccines. The employed probabilities and BIMAS score thresholds are given.

MHC allele Threshold Probability (in %)

HLA-A*01:01 0.087 4.50
HLA-A*02:01 1.257 10.69
HLA-A*02:05 0.418 0.88
HLA-A*03:01 0.055 3.69
HLA-A*11:01 0.044 7.52
HLA-A*24:02 1.158 12.91
HLA-A*31:01 0.0964 2.43
HLA-A*68:01 2.399 1.77
HLA-B*04:01 5.224 1.55
HLA-B*07:02 1.623 3.61
HLA-B*08:01 0.072 2.95
HLA-B*15:01 0.217 2.06
HLA-B*27:02 50.043 0.15
HLA-B*27:05 163.868 1.11
HLA-B*35:01 3.202 3.24
HLA-B*37:01 1.424 0.44
HLA-B*38:01 7.929 0.66
HLA-B*39:01 4.734 1.77
HLA-B*40:01 21.178 5.31
HLA-B*40:06 1.044 0.52
HLA-B*44:03 6.209 2.21
HLA-B*51:01 39.207 3.24
HLA-B*51:02 155.050 0.22
HLA-B*52:01 8.589 0.88
HLA-B*58:01 13.356 2.65
HLA-Cw*04:01 4.061 8.26
HLA-Cw*06:02 2.169 5.09
HLA-Cw*07:02 62.183 9.66
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Appendix D

Contributions

Chapter 4 — Epitope Discovery

Section 4.2 — Improved Kernels for MHC Binding Prediction

This work is part of a manuscript that has previously been published in BMC Bioinformat-
ics [71]. It is joint work with Gunnar Rätsch (GR) and Oliver Kohlbacher (OK). NCT and
GR conceived and designed the project. NCT prepared the data, implemented the kernels
and performed experiments. GR supervised the project. OK contributed to the discussion.
The contributions of Christian Widmer to the publication as well as GR’s implementations
and experiments have not been incorporated in this thesis.

Section 4.3 — MHC Binding Prediction for All MHC-I Alleles

In addition to myself, Magdalena Feldhahn (MF), Oliver Kohlbacher (OK) and Matthias
Ziehm (MZ) contributed to this work. OK conceived the project. NCT designed and
performed the experiments. MZ retrieved the 3D structures and determined the pocket
profiles. MF and OK contributed to the discussion.

Section 4.4 — T-Cell Epitope Prediction

In addition to myself, Magdalena Feldhahn (MF), Sebastian Briesemeister (SB), Matthias
Ziehm (MZ), Gunnar Rätsch (GR), Stefan Stevanovic (SS) and Oliver Kohlbacher (OK)
contributed to this project. NCT and OK designed the experiments. NCT performed
the experiments and retrieved and preprocessed the data. SS provided experimental data.
MZ retrieved the microarray data and determined the thymus proteomes. OK and MF
implemented the distance tries. MF performed the distance-to-self calculations and the
MHC binding predictions. MF, SB, GR and OK contributed to the discussion. Parts of this
section were presented at the Second Immunoinformatics and Computational Immunology
Workshop (ICIW 2011) and are included in the workshop proceedings [161].
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Chapter 5 — Epitope Selection

This work is part of a manuscript that has previously been published in PLoS Compu-
tational Biology [102]. It is joint work with Pierre Dönnes (PD) and Oliver Kohlbacher
(OK). NCT, PD and OK conceived and designed the experiments. NCT performed the
experiments. NCT and OK analyzed the data.

Chapter 6 — Epitope Assembly

This work is part of a manuscript that has previously been published in Vaccine [162].
It is joint work with Yaakov Maman (YM), Oliver Kohlbacher (OK) and Yoram Louzoun
(YL). The contributions of YM have not been incorporated in this chapter. NCT and YL
conceived and designed the experiments. NCT conceived the algorithm and performed the
experiments. OK contributed to the discussion.

Chapter 7 — Applications

Section 7.1 — OptiTope – A Web Server for Epitope Selection

This work has previously been published in the web server issue of Nucleic Acids Re-
search [103]. It is joint work with Oliver Kohlbacher (OK). NCT and OK designed the
structure of the web server. NCT implemented the web server.

Section 7.2 — Design of a Peptide Cocktail Vaccine

This work is part of a manuscript that has previously been published in PLoS Compu-
tational Biology [102]. It is joint work with Pierre Dönnes (PD) and Oliver Kohlbacher
(OK). NCT, PD and OK conceived and designed the experiments. NCT performed the
experiments. NCT and OK analyzed the data.

Section 7.3 — Design of String-of-Beads Vaccines

This work is part of a manuscript that has previously been published in Vaccine [162]. It is
joint work with Yaakov Maman (YM), Oliver Kohlbacher (OK) and Yoram Louzoun (YL).
NCT and YL conceived and designed the experiments. NCT performed the experiments.
OK contributed to the discussion. YM retrieved the influenza sequences. YL and YM
performed the biological analysis.
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Publications

Published Manuscripts

• N. C. Toussaint, P. Dönnes, and O. Kohlbacher. A mathematical framework for
the selection of an optimal set of peptides for epitope-based vaccines. PLoS Compu-
tational Biology, 4(12):e1000246, 2008.

– Text and figures from this manuscript appear in Chapters 1 & 5 and in Sec-
tion 7.2 of this thesis.

• N. C. Toussaint and O. Kohlbacher. Towards in silico design of epitope-based
vaccines. Expert Opinion on Drug Discovery, 4(10):1047-1060, 2009.

– Text and figures from this manuscript appear throughout this thesis.

• N. C. Toussaint and O. Kohlbacher. OptiTope – a web server for the selection
of an optimal set of peptides for epitope-based vaccines. Nucleic Acids Research,
37:W617-22, 2009.

– Text and figures from this manuscript appear in Section 7.1 of this thesis.

• N. C. Toussaint, C. Widmer, O. Kohlbacher, and G. Rätsch. Exploiting physico-
chemical properties in string kernels. BMC Bioinformatics, 11(Suppl 8):S7, 2010.

– Text and figures from this manuscript appear in Chapters 1 & 3 and in Sec-
tion 4.2 of this thesis.

• C. Widmer*, N. C. Toussaint*, Y. Altun, O. Kohlbacher, and G. Rätsch. Novel
machine learning methods for MHC class I binding prediction. In: Proceedings of
PRIB 2010, Lecture Notes in Computer Sciences, 2010.
*) Joint first author.

• C. Widmer, Y. Altun, N. C. Toussaint, and G. Rätsch. Inferring latent task
structure for multi-task learning via multiple kernel learning. BMC Bioinformatics,
11(Suppl 8):S5, 2010.
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• A. Hildebrandt, A. K. Dehof, A. Rurainski, A. Bertsch, M. Schumann, N. C. Tous-
saint, A. Moll, D. Stöckel, S. Nickels, S. C. Mueller, H.-P. Lenhof, and O. Kohlbacher.
BALL - Biochemical algorithms library 1.3. BMC Bioinformatics, 11:531, 2010.

• S. Canzar, N. C. Toussaint, and G. W. Klau. An exact algorithm for side-chain
placement in protein design. Optimization Letters, 1-14, 2011.

• N. C. Toussaint, M. Feldhahn, M. Ziehm, S. Stevanović, and O. Kohlbacher. T-cell
epitope prediction based on self-tolerance. In: Proceedings of the Second Immunoin-
formatics and Computational Immunology Workshop, 2011.

– Text and figures from this manuscript appear in Chapter 1 and in Section 4.4
of this thesis.

• N. C. Toussaint, Y. Maman, O. Kohlbacher, and Y. Louzoun. Universal pep-
tide vaccines – optimal peptide vaccine design based on viral sequence conservation.
Vaccine, 2011 Aug 27 [Epub ahead of print].

– Text and figures from this manuscript appear in Chapters 1 & 6 and in Sec-
tion 7.3 of this thesis.
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