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Chapter 1. Introduction

1.1 Preface

Viral and bacterial pathogens must overcome the immune responses of the host to
replicate successfully, and be transmitted into a new host. In contrast, hosts need
efficient mechanisms to eliminate harmful pathogens to survive, and produce off-
spring. This interaction creates a never ending ‘battle’ between pathogens and
the host’s immune systems.

During this battle, pathogens and hosts evolved specific mechanisms as a result of
million years of co-evolution. In 1949, Haldane [1] described these mechanisms
as:

The microscopic and submicroscopic parasites can evolve so much
more rapidly than their hosts that the latter have little chance of
evolving complete immunity to them. . . . The most that the average
species can achieve is to dodge its minute enemies by constantly pro-
ducing new genotypes.

The human immunodeficiency virus is a very good example of a rapidly evolving
pathogen. Its very high mutation rate allows for new viral variants appearing
on a daily basis. The variants that are able to escape the immune response are
positively selected. In order for HIV to survive on the population level, it needs
to both escape the immune response within a host, and be transmitted to a new
individual.

But how can the host’s immune system cope with such rapidly evolving viruses?
One possible solution is to be “unpredictable" for the pathogens, which can be
achieved if the hosts’ immune responses differ. The following theory was again
brought by Haldane [1]:

It would be advantageous for a species if the genes for such bio-
chemical diversity were particulary mutable, provided that this could
be achieved without increasing the mutability of other genes whose
mutation would give lethal or sublethal phenotypes.

Major Histocompatibility Complex (MHC) molecules are such very mutable genes,
and are the most diverse genes of the human genome. MHC molecules present
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1.2 MHC class I molecules

small fragments of proteins (peptides) encoded by the pathogens to the immune
system to evoke an immune response. If there was only one MHC molecule in a
population, a pathogen could easily evolve to prevent presentation by that spe-
cific MHC molecule. Subsequently, none of the hosts would generate an immune
response, and the pathogen will be able to kill all infected individuals. Driven by
selection pressure, MHC molecules evolved to become highly diverse, presenting
different peptides from the pathogen proteome. Consequently, each individual
will invoke a unique immune repsonse towards the pathogen. Due to the high di-
versity of MHC molecules within the population, a pathogen is unlikely to adapt
to all immune responses, hence, the host population will survive.

1.2 MHC class I molecules

There are two classes of MHC molecules that present protein fragments to two
types of T cells: class I molecules present fragments of intracellular proteins to
cytotoxic T lymphocytes (CTLs or CD8+ T cells), and class II molecules present
fragments of extracellular proteins to T helper cells (CD4+ T cells) [2]. In this
thesis, I will focus on MHC class I molecules.

MHC class I molecules bind to peptides derived from either autologous or patho-
genic intracellular proteins through the antigen processing pathway (Figure 1.1).
In the first step of this pathway, proteins are cleaved by the proteasome into pep-
tides, which can be further trimmed by peptidases. The peptides are subsequently
transported to the endoplasmic reticulum (ER) by the transporter associated with
antigen processing (TAP). In the ER, the peptides will bind to newly synthesized
MHC class I molecules, and subsequently, the peptide-MHC (pMHC) complex is
transported to the cell surface where the peptide is presented to CTLs [2]. Those
peptides that are able to provoke an immune response are referred to as epitopes.

MHC class I molecules consist of a light chain, β2 microglobulin (β2m) and a
heavy chain spanning the cell membrane. The latter is encoded by the MHC gene
and is divided into three domains, α1, α2 and α3 (Figure 1.1). The α1 and α2
domains are very similar to each other and form a platform of β strands topped
by two α helices (α1 and α2), with a large groove separating the two helices
providing a binding site for peptides (Figure 1.2) [3].

By investigating the structure of a MHC molecule, Bjorkman et al. [3] were able

3
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Proteasome

ER

TAP

Peptidase

Cell Surface

MHC

�3 �2m

�2 �1

Figure 1.1. The antigen processing pathway. The enlargement of the pMHC com-
plex shows the names of the different domains of the MHC molecule, and the anchor
positions within the peptide (grey).

to locate the polymorphic residues on the molecule, and identify the positions
involved in the interaction with the T cell receptor and the peptide (Figure 1.2A).
While the β2m and the α3 domains are relatively conserved, the α1 and α2 do-
mains are polymorphic, and most of this polymorphism is found within the pep-
tide binding groove (Figure 1.2B), influencing the pockets that bind the amino
acid side chains of the peptide (Figure 1.2C). This structure allows for MHC mo-
lecules to be highly specific in the peptides they bind [4, 5].

There are six binding pockets in the binding groove of the MHC molecule (Table
1.1 and Figure 1.2C), named pockets A to F. Pockets B and F are the most import-
ant because they bind the ‘anchor’ residues of the peptide. Class I molecules prefer
to bind peptides of 9 amino acids long (range 8 to 11), with anchor positions at
the second and last position of the peptide (Figure 1.1). Each MHC molecule
prefers specific amino acids on these anchor positions to bind the peptide with a
high affinity.

In humans, MHC molecules are called human leukocytes antigens (HLA) and are
located on chromosome 6 [7]. HLA class I molecules can be divided into three
groups [8, 9]: (i) Classical class I genes, which are expressed on all nucleated
somatic cells, are polymorphic, and able to present peptides to CTLs: HLA-A, -B
and -C, (ii) Nonclassical class I genes, which have a limited expression, are hardly
polymorphic, and are found on a restricted set of cell types: HLA-E, -F and -G,
and (iii) Nonexpressed pseudogenes, HLA-H, -J, -K and -L.
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Figure 1.2. A schematic overview of the binding groove (adapted from [5]). The
straight lines in the center indicate the platform of β strands, the upper helix is the α1
helix and the lower one is the α2 helix. Panel A shows which residues can influence
peptide binding and recognition according to Bjorkman et al. [4]. Residues pointing
towards the peptide binding site, and can interact with the peptide, are colored in
green. Those pointing up from the peptide binding site, and can interact with the
T cell receptor, are colored in red. Residues 146, 155 and 163 are pointing both up
and into the binding site (purple). Residue 61 points away from the binding site
(orange) and residue 45 is located behind the α1 helix, pointing towards it (blue).
The remaining residues are shown in black. Panel B shows the polymorphism of every
position on the α1 and α2 domains. The number of different amino acids (in HLA
molecules reported in the National Marrow Donor Program database, n = 251) found
at a single position is indicated in the colored bar, numbers are colored accordingly.
Panel C shows pockets A-F as defined in the human MHC molecule: HLA-A2 [6]. The
positions in red in panel D are used as input for the in silico predictor NetMHCpan.

5



Chapter 1. Introduction

Pocket Position in the binding groove Peptide position accommodated
A 5,7,59,63,66,99,159,163,167,171 1
B 7,9,24,25,34,45,63,66,67,70,99 2
C 9,70,73,74,97 6
D 99,113,114,155,156,159,160 3
E 97,114,147,152,156 7
F 77,80,81,84,95,116,123,143,146,147 Carboxy terminus

Table 1.1. Binding pockets [6]

Each individual has two of the polymorphic classical molecules, i.e., two HLA-A,
two HLA-B and two HLA-C molecules. At the moment of writing, there more than
2100 HLA-A, more than 2800 HLA-B and over 1700 HLA-C alleles identified [10],
making it very unlikely for two individuals to have the exact same set of HLA class
I molecules, and each person will subsequently present a different set of peptides
to his CTLs.

The high MHC polymorphism was suggested to be maintained for at least three
reasons. First, MHC molecules that provide resistance to one pathogen might be
susceptible to another, and therefore they are under balancing selection. Second,
heterozygous individuals have an advantage over homozygous ones because they
have twice as many unique MHC molecules, and therefore recognize a larger
number of pathogen derived peptides. Last, frequency dependent selection plays
a large role in maintaining MHC polymorphism: when a pathogen has evolved
to escape the immune response mediated by common MHC molecules in a po-
pulation, it remains susceptible to responses evoked by low-frequency molecules
[11–14].

Orthologous of HLA molecules have been found in all apes and old world mon-
keys. The nomenclature used for MHC molecules of non-human primates is as
following; the first two letters are derived from the name of the genus, and the
last two letters from the name of the species; e.g. Patr defines the MHC mo-
lecules of the common chimpanzee (Pan troglodytes), and Gogo defines those of
the gorilla (Gorilla gorilla), while Mamu is used for the rhesus macaque (Macaca
mulatta) [15]. The genomic organization of human and chimpanzee class I mo-
lecules is very similar [16], and the Patr-B genes are the most polymorphic genes,
just like their counterparts in humans [7, 17].
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1.3 Human Immunodeficiency Virus

1.3 Human Immunodeficiency Virus

In 1983, a virus was isolated from a patient with signs and symptoms of acquired
immunodeficiency syndrome (AIDS). It was named the Human Immunodeficiency
Virus (HIV) in 1986 [18, 19]. HIV very rapidly grew into a world wide epidemic:
approximately 34 million people were living with AIDS in 2011, with about 3
million newly infected people in 2010. About 30 million people have died due
to AIDS, and another 1.8 million people are estimated to die every year (UN-
AIDS, world AIDS Day Report 2011). Understanding HIV, its pathogenesis, and
the immune response against it, is necessary to develop treatment for infected
individuals, and hopefully eventually find a vaccine.

More than a decade of research showed that HIV originates from Simian Immuno-
deficiency Viruses (SIV). SIV is present in more than 20 different primate species,
and fails to cause disease in its natural host [20]. Zoonotic transfers of SIV to
humans occurred on several different occasions, and is suggested to be due to ex-
posure to infected bush meat. These transfers resulted in viruses that have spread
in the human population; HIV-1 originated from SIVcpz (from chimpanzees) [21],
is highly pathogenic, and is responsible for the global AIDS pandemic. HIV-1 can
be subdivided into HIV-1M, the main cause of the pandemic [20], HIV-1O (out-
lier, mainly in West-central Africa), HIV-1N (nonM, nonO, about 10 cases found in
Cameroon) and HIV-1P (originated from SIVgor (gorilla) [22]). HIV-2 originated
from SIVsmm (from sooty mangabeys), has a lower infectivity compared with
HIV-1, and is epidemic mainly in West Africa [23].

The genetic distance from two HIV-1M samples from 1959 and 1960 demonstrate
that diversification of HIV-1 occurred long before the AIDS pandemic was recog-
nized [24]. Several attempts were made to predict the time of the zoonotic event,
and the current estimates suggest that HIV-1M originated somewhere between
1884 and 1924 [24–26]. HIV-1M can be further subdivided into eight clades and
some recombinant forms. Central Africa has the most genetic diversity of HIV-1,
of which HIV-1C (clade C) is most prevalent, while in Europe and North America,
HIV-1B causes the majority of the infections [27].

HIV-1 infection can be divided into three stages: the acute/primary infection,
the asymptomatic phase, known as the chronic infection, and the symptomatic
phase where patients develop AIDS [28]. During acute infection, HIV-1 replicates
very rapidly and reaches a peak viral load (106 − 108 RNA copies/ml) in about

7
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Figure 1.3. Schematic overview of the HIV-1 genome. Open reading frames
are shown as rectangles. The numbers on the far left indicate the different read-
ing frames. The numbers at the bottom indicate the size of the genes in basepairs.
Adapted from Korber et al. [35].

three weeks [29, 30]. The peak viral load coincides with a remarkable drop in
the number of circulating CD4+ T cells, the main targets of HIV, in the infected
host [31]. The largest number of CD4+ T cells disappears before HIV-1 specific
CTLs can be detected [28]. Subsequently, the viral load decreases and approaches
the so-called viral setpoint. This decrease is partly due to both CTLs killing and
controlling infected cells, and the limited availability of proper CD4+ T cells [32–
34].

As the viral load approaches its setpoint (103 − 105 RNA copies/ml), the patient
enters the chronic phase which can last for several years [28, 30]. During the
chronic phase the CD4+ T cell counts slowly decline while the viral setpoint
remains the same. The mechanisms underlying the rate in which the disease
progresses are still unresolved but might depend on both viral factors and the
immune response [36]. The viral factors are proteins encoded in the HIV-1 ge-
nome (Figure 1.3). The HIV-1 genome comprises nine genes coding for structural,
regulatory and accessory proteins (Table 1.2 and Figure 1.3). The accessory pro-
teins consist of Vif, Vpr, Nef and Vpu. Vif is responsible for the nuclear transport.
Vpr is responsible for the release of new viral particles. Nef downregulates MHC
molecules from the cell surface, thereby decreasing the number of HIV peptides
presented on the cell surface. Additionally, both Nef and Vpu increase the in-
fectivity of HIV-1. [35, 37].

AIDS typically develops within six to ten years after the infection [28, 30]. Some-
where between the chronic infection and the AIDS phase, patients start deve-
loping symptoms. These symptoms indicate a decreasing ability to generate an
immune response to various viral and bacterial infections. While progressing to
AIDS, patients become more and more susceptible to common infections, and will
eventually die due to the absence of an immune response, hence the term ‘immu-

8



1.4 Associations between MHC molecules and HIV disease

Genome Encoded proteins
Structural genes

gag Gag polyprotein (Pr 55gag):
Matrix (MA p17), Capsid (CA p24), Nucleocapsid (NC p7)

pol Gag-pol polyprotein (Pr 160gag-pol):
Protease (PR p10), Reverse transcriptase (RT p51/66),
RNAse-H (RH p51/66), Integrase (IN p32)

env Envelope precursor (gp160):
SU (gp120), TM (gp41)

Regulatory genes
tat Transcriptional transactivator (Tat, p14)
rev Posttranscriptional transactivator (Rev, p19)

Accessory genes
vif Viral Infectivity factor (Vif, p23)
vpr Virus protein r (Vpr, p15)
vpu Viral protein u (Vpu, p16)
nef Negative factor (Nef, p27)

Table 1.2. The genes and corresponding proteins within the HIV genome [37].

nodeficiency syndrome’ [38].

1.4 Associations between MHC molecules and HIV

disease

Because of the high polymorphism and their role in initiating an immune re-
sponse, it is not surprising that HLA molecules are associated with more disea-
ses than any other region of the genome [39–41], including autoimmune di-
seases such as Ankylosing Spondylitis (HLA-B*2705) [42], immune disorders
like Behçet’s disease (HLA-B*5101) [43], and infections such as Malaria (HLA-
B*5301) [44].

Similarly, associations have been found between HLA molecules and the rate
of progression to AIDS [14, 45–49]. For instance, HLA-B*2705, -B*5701, and
-B*5801 are considered to be protective, due to their association with a rela-
tively slow progression to AIDS [14, 45], and conversely HLA-B*3503, -B*5802,
-B*5301 and HLA-B*08 are associated with a relatively fast progression and there-
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Chapter 1. Introduction

fore considered to be detrimental [46–48].

HLA molecules are important for the control of HIV-1 due to their ability to ini-
tiate CTL responses against specific HIV peptides. Immune escapes occur when
mutations either prevent HLA molecules to present peptides, or avoid recognition
by CTLs. Because HIV-1 has a very high mutation rate of 3× 10−5 per nucleotide
base per replication cycle and makes approximately 109 new viral variants per
day [31, 50], immune escape variants are made on a daily basis. A new variant
with the best escape mutation will most likely become the most dominant virus
[51, 52].

Several explanations have been proposed to account for the differences between
protective and detrimental HLA molecules. Compared to detrimental molecules,
protective HLA molecules were shown to bind more conserved peptides, in par-
ticular from the Gag protein [47, 53]. An escape mutation in conserved peptides
is often associated with a decreased replicative capacity, i.e., with a lower viral
fitness. Such an attenuated virus will only be selected if the loss of CTL pres-
sure compensates for the lower fitness. Compensatory mutations are then often
needed to restore the viral fitness [14, 46, 51, 52, 54]. The protective effect is
likely to disappear after a successful escape and compensatory mutation, causing
the loss of CTL response while restoring the viral fitness, leading to progression
to AIDS [55, 56].

Furthermore, protective HLA molecules have been shown to generate more cross-
reactive T cell responses than detrimental molecules, which was suggested to be
due to the low level of negative selection within the thymus [46, 57]. In case
of HLA-B5701, it has been suggested that the presentation of self peptides in
the thymus is relatively low due to its strong preference of a rare amino acid as
an anchor residue. Therefore, more CTLs restricted by this molecule are able
to survive the thymic selection, resulting in a larger T cell repertoire capable of
recognizing more foreign peptides, and the ability to cross-react to viral variants
[14, 57]. In contrary, HLA-B0702 and -B3501 were predicted to bind a larger set
of self peptides [57].
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1.5 Computational methods

Experimental identification of T cell responses requires both time consuming ex-
periments and large cohorts of patients with a certain disease. Therefore, the
known CTL epitopes are often from viruses that are common or threatening,
and the most frequent HLA molecules in the population. HIV-1 is an extensi-
vely studied virus, and large amounts of viral sequences are publicly available
[58]. Through years of research, a large amount of immunodominant peptides
for HIV-1 have been documented [59]. However, there are probably many more
HIV peptides, including those for less studied HLA molecules. An alternative
approach to identify novel HIV epitopes is to use peptide-HLA binding affinity
predictors [60], which allows us to identify patient specific epitopes using the
autologous HIV-1 sequence and the patient’s HLA genotyping. Consequently, we
can study the evolution of HIV-1 within a host over a longer time period. An-
other computational approach to investigate the evolution of HIV-1 is by studying
the within host dynamics of an evolving in silico HIV strain with a mathematical
model. In this thesis we present studies involving both computational methods
together with experimental studies, all focused on the evolution of HIV-1 and the
host’s immune response.

1.5.1 NetMHCpan

HLA class I molecules present peptides that are restricted in length, often nine
amino acids long (range 8-11) [61], and will only present peptides with specific
amino acids in their anchor residues. Due to specificity of HLA molecules and
the specific peptide length, prediction methods can be developed that are trained
on experimental HLA-peptide binding data. NetMHCpan is such a method, and
is based on an artificial neural network (ANN), which is able to recognize com-
plex patterns. ANN distributes information into a network with input layers, hid-
den layers and output layer, which are all linked by weigthed connections. For
NetMHCpan, the input for the network are both peptide sequences and HLA se-
quences, while experimentally determined binding affinity data is used as output
data. The HLA input sequence contains the 34 positions of MHC molecules that
are polymorphic and within 4.0Ȧ of the peptide measured in a representative set
of HLA-A and -B structures (Figure 1.2D and 1.4) [62, 63]. The training data is
used to find the optimal connections in a network that will produce the desired
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Figure 1.4. The contact positions of the peptide with the binding groove. The
positions of the MHC molecule that are used as an input for NetMHCpan are shown
on the top, and the positions of the peptide on the left. The grey squares indicate the
peptide positions that are estimated to have contact with the corresponding residue
in the MHC allele. Adapted from Nielsen et al. [63].

output given a specific input (HLA sequence and a peptide).

The advantage of ANNs is their ability to predict nonlinear interactions. Once the
training is finished the predictions can be done rather fast, which allows for large
data sets to be analyzed. NetMHCpan is trained on a large set of HLA-peptide
binding data, as well as binding measurements made using MHC molecules from
different species (Table 1.3). Therefore, the method provides the largest range
of MHC molecules for which it is possible to predict the peptide binding affinity.
As for other methods, we can predict the binding affinity for both a small set
of peptides from rare pathogens and the whole human genome. However, the
prediction performance becomes weaker for MHC molecules from species that
are not related to species used in the training set.

The output of NetMHCpan is quantitative and represents the concentration of
peptide required to inhibit binding of a radiolabeled probe peptide (a strong MHC
binder) by 50% (IC50) [64]. Low IC50 values (smaller than 50nM) indicate
strong binding, and IC50 values between 50 and 500nM indicated intermediate
binding.

1.5.2 Mathematical models of virus dynamics

The first mathematical models about HIV-1 were applied to the HIV-1 epidemic
[65]. These models investigate the spread of HIV-1 infection within the popula-
tion. Later, these models were adjusted to simulate the spread of the infection
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MHC Species Number of
molecules

Number of peptides
per molecule

Number of binders

BoLA cow 2 91.5 (90-93) 86 (84-88)
Gogo gorilla 1 14 5
H-2 mouse 6 272 (147-1496) 112.5 (13-480)
HLA-A human 39 1181 (2-7707) 262 (0-2491)
HLA-B human 41 604 (1-3705) 93 (0-965)
HLA-C human 6 126 (7-364) 31.5 (0-141)
HLA-E human 1 96 14
Mamu-A rhesus macaque 5 355 (33-823) 188 (26-463)
Mamu-B rhesus macaque 7 237 (1-678) 72 (1-269)
Patr-A chimpanzee 6 171 (1-287) 43.5 (1-71)
Patr-B chimpanzee 5 97 (1-454) 62 (1-112)
SLA pig 2 8 (1-15) 7.5 (1-14)

Table 1.3. The data used to train NetMHCpan-2.4. The median number of peptides
used for the training is given, with the range between brackets. A peptide with a
binding affinity lower than 500nM is defined as a binder.

within a host, i.e., from cell to cell. The basics of this virus dynamics model con-
sists of uninfected cells (T ), infected cells (I) and free virus (V ) (Figure 1.5A)
[66]. The uninfected cells are produced at a constant rate σ, and are infected by
the virus with rate β. Infected cells produce new free virus with rate p. Uninfected
cells, infected cells and free viral particles die with different rates.

A B

Figure 1.5. Virus dynamics. Panel A depicts the basic model. Panel B is an extension
of the basic model, and includes host immune dynamics.

We can translate the model summarized in Figure 1.5 into a set of ordinary dif-
ferential equations (ODEs) as the following:

dT

dt
= σ − dT T − βTV ,

dI

dt
= βTV − dII ,

dV

dt
= pI − dV V ,

where dT , dI , and dV are the death rates of, respectively, uninfected cells, infected
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cells and the virus.

The basic model can be extended by including CTLs (E), and thus the dynamics
of the host’s immune response, which recognize and kill infected cells (Figure
1.5B) [66]. The CTLs are produced at a constant rate g, die with rate dE , and kill
infected cells with rate k. These extensions change the dI/dt equation from the
basic model and adds an ODE for the CTLs:

dI

dt
= βTV − dII − kIE ,

dE

dt
= g − dEE .

Extensions of the model described here, and other (stochastic) models, have been
used to investigate, for example, the effect of target cell limitation [67], the CTL
killing during different phases of HIV-1 infection [68], the evolution and spread
of escape mutations [69, 70], and the effect of vaccination against HIV-1 [71, 72].

1.6 Outline of this thesis

In this thesis, we investigated the evolutionary battle between hosts and patho-
gens by focusing on the evolution of MHC molecules and HIV-1. We used the
computational methods described in section 1.5 to get more insight on the selec-
tion pressure they impose on each other.

In Chapter 2, we investigated whether the selective sweep that is still apparent
within the chimpanzee MHC region is also apparent on a functional level, by com-
paring the peptide binding repertoires of contemporary Patr with those of HLA
molecules. In Chapter 3, we investigated the signs of HIV-1 adaptation at po-
pulation level, by studying the fixation of specific escape mutations in the HIV-1
genome after 20 years of HIV-1 epidemic. In Chapter 4, we zoomed into the
peptide binding groove of MHC molecules, and investigated whether we could
associate the observed polymorphism of the residues with their impact on the
function of MHC molecules. In Chapter 5, we extended previous mathematical
models [69, 71] to study the relationship between the breadth of the CTL re-
sponses that target HIV-1 and the dynamics of immune escapes. In Chapter 6, we
investigated the effect of a therapeutic HIV-1 vaccine on the evolution of HIV-1 by
comparing patient specific HIV-1 epitopes before and after vaccination. The last
chapter is a discussion of our findings.
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Abstract

Genetic factors such as the major histocompatibility complex (MHC) influence
the immunocompetence of an individual. MHC genes are the most polymorphic
genes in primates, which is often interpreted as an adaptation to establish good T
cell responses to a wide range of (evolving) pathogens. Chimpanzee MHC (Patr)
genes are less polymorphic than human MHC (HLA) genes, which is surprising be-
cause chimpanzee is the older species of the two and therefore expected to display
more variation. To quantify the effect of the wreduced polymorphism, we com-
pared the peptide binding repertoire of human and chimpanzee MHC molecules.
Using a peptide-MHC binding predictor and proteomes of over 900 mammalian
viruses, we show that, at population level, the total peptide binding repertoire of
Patr-A molecules is approximately 36% lower than that of their human counter-
parts, whereas the reduction of the peptide binding repertoire of the Patr-B locus
is only 15%. In line with these results, different Patr-A molecules turn out to have
largely overlapping peptide binding repertoires, while the Patr-B molecules are
more distinct from each other. This difference is somewhat less apparent at the
individual level, where we found that only 25% of the viruses are significantly
better presented by ‘simulated’ human individuals with heterozygous HLA-A and
-B loci. Taken together, our results indicate that the Patr-B molecules recovered
more since the selective sweep whereas the Patr-A locus shows most signs of the
selective sweep with regard to its peptide binding repertoire.
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2.1 Introduction

Human MHC class I molecules, also known as human leukocyte antigens (HLA)
present peptides derived from degraded proteins to cytotoxic T cells. The three
different loci of the HLA class I genes, A, B and C, originate from ancient gene
duplications [8]. Of these, the HLA-B gene is the most polymorphic gene in the
human genome, with over 1900 alleles, followed by HLA-A (> 1300) and HLA-C
(> 900) [7, 73, 74].

The high polymorphism of the HLA genes is thought to be a result of host-
pathogen co-evolution and is not specific to the human population [12]. Indeed,
orthologs of HLA genes have been identified in non-human primates. Especially,
the organization and linkage of HLA genes and chimpanzee MHC genes (Patr
genes) is similar because the Patr class I region also comprises an A, B and C
locus [9, 75, 76]. Phylogenetic analysis of primate MHC-A alleles, based on
exon sequences, suggests the existence of two ancestral lineages: the A2 line-
age includes human and gorilla alleles, whereas the A3 lineage consists of hu-
man, chimpanzee and bonobo alleles [77, 78]. Indeed, all known Patr-A alleles
are related to the HLA-A*01, -A*03 and -A*11 families that are part of the A3
lineage [9, 75, 79, 80]. Because the common ancestor of gorilla and human
predates the common ancestor of chimpanzee and human, it has been sugges-
ted that chimpanzees and bonobos lost their MHC molecules belonging to the
A2 lineage [9]. Constructing the phylogeny of the MHC-B alleles is more chal-
lenging due to the frequent recombinations occurring at this locus [81, 82]. De
Groot et al. [83] analyzed intron 2 sequences of MHC class I molecules and con-
cluded that the diversity of Patr-B alleles is even more reduced than the diversity
of Patr-A alleles, which was subsequently supported by microsatellite data [84].
The reduced variation of both Patr-A and -B molecules is thought to represent
the signature of a selective sweep, which took place 2-3 million years ago [83].
A possible candidate as selective agent was suggested to be a HIV-1/SIVcpz re-
lated retrovirus because humans and chimpanzees show differences in pathology
after HIV-1/SIVcpz infection; chimpanzees rarely develop AIDS [85–87] whereas,
in the absence of therapy, the vast majority of HIV-1 infected humans do. Sub-
sequently, the contemporary Patr molecules were found to be similar to the HLA
molecules of human Long-Term Non-Progressors [86, 88, 89].

To quantify the functional consequences of the selective sweep on chimpanzee
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Chapter 2. Comparative analysis of HLA and Patr molecules

MHC molecules, one needs to compare the peptide binding repertoires of Patr
and HLA molecules in relation to all viruses known to infect these hosts. Such
an analysis has been performed on a small scale, i.e., where the presentation of
HIV-1/SIVcpz Gag epitopes was compared within a few Patr and HLA molecules
[89]. The results of this study are in line with the hypothesis that a HIV/SIVcpz-
like virus could have been the agent causing the selective sweep. However, as
the number of peptides binding to a MHC molecule is one of the many factors
shaping an efficient T cell response, much more data is needed to determine the
extent of the selective sweep. Generating more data using biological material
from chimpanzees is difficult because of the regulation to minimize invasive bio-
medical research using great ape species [90]. Therefore, we instead employ an
in silico approach to compare the peptide binding repertoire of contemporary Patr
molecules with that of HLA molecules, using a large set of viral proteomes that is
a nearly complete representation of the viral world both species are facing.

2.2 Results

2.2.1 Characterization of ’holes’ in the peptide binding reper-
toire of Patr-A molecules

Several studies addressed the MHC repertoire reduction in chimpanzee using ge-
nomic sequence analyses [9, 75, 83]. Usually all exon sequences or intron 2
sequences of human and chimpanzee MHC molecules are used to construct a
phylogenetic tree to look for clusters of MHC molecules that contain exclusively
human sequences. Such a phylogenetic tree was reconstructed using the 37 most
common HLA-A and all (29) known Patr-A molecules (Figure 2.1A). As expected,
the A2 and A3 lineage form distinct clusters and the A2 lineage does not contain
any Patr-A molecules.

Based on their peptide binding preferences, HLA-A molecules can be assigned to
different supertypes [91–97]. The molecules in the A2 lineage belong to three
HLA-A supertypes: A01, A02 and A03. All three supertypes prefer small and
aliphatic hydrophobic residues as anchor residue at position 2, yet they differ in
their amino acid preference at the C-terminus. Specifically, the A02 supertype is
characterized by aliphatic hydrophobic residues at the C-terminus, whereas the
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A2 lineage
A

B

A01
supertype

A03 supertype

A02 supertype
A24 supertype

A3 lineage

Figure 2.1. A phylogenetic tree based on all exon sequences of MHC-A molecules
(A) and the clustering of the same molecules based on their binding specificity
(B). The A3 lineage HLA-A molecules are depicted in blue, A2 lineage HLA-A mo-
lecules in black, Patr-A molecules in red and Patr-AL in green.
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A01 supertype prefers aromatic and large hydrophobic residues and the A03 su-
pertype is the only one that binds basic residues at the C-terminus. The A02
supertype uniquely occurs in the A2 lineage, while the A01 and A03 supertypes
are present in both the A2 and A3 lineages (Figure 2.1A). The loss of the A2 li-
neage in the chimpanzee implies, first of all, the absence of the A02 supertype
binding specificity.

To determine whether this is the case, we performed functional clustering of the
human and chimpanzee MHC-A molecules based on their peptide binding spe-
cificities. To this end, the functional similarity between two MHC molecules was
defined as the correlation between the predicted binding affinities among a large
set of random natural peptides using the in silico predictor NetMHCpan [98] (see
Materials & Methods). A high correlation of the binding affinities of two MHC mo-
lecules for the same set of peptides indicates similar binding preferences and thus
a large functional similarity, whereas a low correlation indicates distinct binding
preferences. These correlations were subsequently used to construct a functional
clustering tree of the HLA-A and Patr-A molecules (Figure 2.1B). The clustering
based on peptide binding specificities is very different from the clustering based
on exon sequences. As expected, the binding specificities of HLA-A molecules
cluster into the four distinct supertypes described earlier. The peptide binding
specificities of the contemporary Patr-A molecules are distributed rather evenly
among the A01, A03, and A24 supertypes, whereas the A02 supertype binding
specificity is absent in chimpanzees. Thus, the ‘holes’ in the chimpanzee peptide
binding repertoire roughly correspond to the A02 supertype binding specificity.
Moreover, HLA-A and Patr-A molecules cluster differently within the A01, A24
and A03 supertypes: while HLA-A molecules frequently have long branches and
create separate clusters, Patr-A molecules exhibit much shorter branches and tend
to create single clusters with many molecules, indicating that Patr-A molecules
have very similar peptide binding repertoires (Figure 2.1B).

2.2.2 Quantifying the holes in the Patr-A peptide binding re-
pertoire

The clustering analysis is useful to pinpoint the MHC binding specificities that
have been lost in chimpanzees. However, this clustering does not give an estimate
of the size of the peptide binding repertoire of Patr-A molecules relative to that
of the HLA-A molecules. To quantify the effect of the absence of the A2 lineage
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on the Patr-A peptide binding repertoire, a large data set of mammalian viral
proteomes (n = 904) was generated to represent the ‘viral world’ the two species
are facing (see Materials & Methods). This data set contains over 3 million unique
peptides of nine amino acids in length. The binding affinities of these peptides to
common HLA-A molecules and all known Patr-A molecules were predicted using
NetMHCpan. Peptides that potentialy bind a particular MHC molecule are defined
as those peptides with a binding affinity amongst the top 1% highest affinities of
all peptides within the dataset, resulting in the same number of predicted peptides
for each MHC molecule.
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Figure 2.2. The comparison of the diversity of the peptide binding repertoire
between Patr and HLA molecules. The fraction of binding peptides within the viral
world are plotted against subsets of random MHC molecules, for the A locus (A) and
the B locus (B). HLA molecules are depicted with black squares, Patr molecules with
grey squares, HLA-A molecules belonging to the A3 lineage with circles and HLA-A
molecules without the A02 supertype with triangles. Every point corresponds to the
mean of 100 simulations for a specific number of MHC molecules, shown on the x-
axis, and bars denote the 95% confidence intervals. p-values are indicated by 4, 5
and �. 4 for HLA vs Patr molecules,5 for HLA-A without the A02 supertype vs Patr-A
molecules and � for HLA-A, A3 lineage only vs Patr-A molecules, where one symbol
means p < 0.05 and two symbols p < 0.005.

Together, the 37 common HLA-A molecules bind only 10.6% of all viral peptides
(Figure 2.2A). Moreover, doubling the number of HLA-A molecules in this ana-
lysis (from 37 to 79) increases the total number of binders by only 0.9% (10.6
to 11.5%, Figure 2.2A), indicating that the number of distinct peptides able to
bind to HLA-A molecules rapidly saturates. In other words, despite the large
polymorphism of MHC molecules, at most 12% of all viral peptides can bind to
contemporary HLA-A molecules, indicating that from a functional perspective,
the polymorphism seems limited. Next, the peptide binding repertoire of HLA-A
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molecules was compared to that of the Patr-A molecules (Figure 2.2A). Since
the number of HLA-A and Patr-A molecules in our analysis differ, we based our
comparison on heterogeneous subsets of different numbers of MHC molecules,
selected randomly (n = 2, 3, 5, 10, 15, 20, 25, because we cannot exceed the total
of 29 Patr-A molecules), where a large subset of MHC molecules mimics the total
peptide binding repertoire of a population. For all subsets, the fraction of binding
peptides is significantly smaller for Patr-A molecules than for HLA-A molecules
(Figure 2.2A). Specifically, upon approaching the population level (n = 25), the
peptide binding repertoire of Patr-A molecules is 36% smaller than the peptide
binding repertoire of HLA-A molecules.

Next, we quantified the ‘holes’ in the chimpanzee peptide binding repertoire as
the following. All the viral peptides in our data set that are predicted to bind to a
HLA-A and/or Patr-A molecule (about 12% of all viral peptides) were divided into
three groups: peptides that bind to HLA-A only (47%), to Patr-A only (13%), and
peptides that bind at least one HLA-A and one Patr-A molecule (40%), sugges-
ting that, HLA-A molecules have an almost 4 fold larger ‘species specific’ peptide
binding repertoire. We subsequently calculated, for each HLA-A molecule, the
fraction of binders that are not predicted to bind to any Patr-A molecule, i.e.,
that are unique to HLA-A (Table 2.1). As expected, the HLA-A molecules belong-
ing to the A02 supertype have very large percentages of peptides (80-90%) that
are predicted not to bind to any Patr-A molecule. Similarly, the human A2 line-
age molecules belonging to other supertypes than the A02 supertype, e.g., HLA-
A*2601/02, A*6601/02, A*3401, and A*2501, have a large fraction of binders
that do not bind to any Patr-A molecule (59-67%, Table 2.1). On the other hand,
some human A2 lineage molecules, e.g., HLA-A*7401, share 95% of their peptide
binding repertoire with Patr-A molecules (results not shown). Whether these bin-
ding specificities have been recovered in the chimpanzee population after the loss
of the A2 lineage, or have always been there remains unknown.

Until now, our analysis suggests that the largest difference in the peptide binding
repertoire of HLA-A and Patr-A molecules lies in the absence of the A02 supertype
binding specificities in chimpanzees. Therefore, we next looked at the coverage of
the viral world by HLA-A molecules after removing the A02 supertype. As expec-
ted, the remaining HLA-A molecules bind a smaller percentage of peptides (8.4%
for n = 25), however, they still bind significantly more viral peptides than Patr-A
molecules (Figure 2.2A, blue line). If the complete A2 lineage is instead removed
from our analysis, the size of the peptide binding repertoire of the human A3
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MHC supertype % unique to HLA-A
HLA-A*0203 A*02 90.0
HLA-A*0202 A*02 89.1
HLA-A*6802 A*02 89.0
HLA-A*6901 A*02 87.7
HLA-A*0201 A*02 86.6
HLA-A*0211 A*02 85.9
HLA-A*0207 A*02 85.2
HLA-A*0205 A*02 84.3
HLA-A*0206 A*02 81.6
HLA-A*2602 A*01 67.0
HLA-A*2601 A*01 65.4
HLA-A*6601 A*03 64.6
HLA-A*3401 unclassified 64.3
HLA-A*2501 A*01 64.3
HLA-A*6602 A*03 59.3

Table 2.1. The percentage of the peptide binding repertoire that is unique to
HLA-A molecules, i.e., not predicted to bind to any Patr-A molecule. Supertype
classification is based on the classification by Sidney et al. [97].

lineage molecules is almost the same as the size of the Patr-A peptide binding
repertoire (Figure 2.2A). Taken together, these results suggest that the loss of the
A2 lineage in Patr-A molecules affects several supertype binding specificities, the
A02 supertype being most affected.

2.2.3 Patr-B molecules recovered more than Patr-A molecules

A selective sweep could, for instance due to linkage disequilibrium, easily affect
other MHC class I loci in addition to the A locus. Detecting the loss of the A2
lineage among contemporary Patr-A molecules has been straightforward using
phylogenetic analysis [79, 83] (Figure 2.1A). This is not true for the B locus,
for which the phylogenetic tree has little substructure and different ancestral B
lineages cannot be defined [79]. However, based on intron 2 sequence analysis,
the effect of the selective sweep was posited to be most pronounced in the Patr-B
locus [83]. This hypothesis was further supported by microsatellite data analysis
and functional studies [84, 89].

To determine the effect of the selective sweep on the peptide binding repertoire
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of Patr-B molecules, we repeated our analysis for the B locus. Like HLA-A mo-
lecules, common HLA-B molecules (n = 65) bind 12% of the viral world peptides.
Increasing the number of HLA-B molecules (n = 175) increases the peptide bin-
ding repertoire by only 2%, indicating that the HLA-B peptide binding repertoire
reaches saturation rather quickly (Figure 2.2B). Surprisingly, despite their higher
polymorphism, HLA-B molecules together bind a similar fraction of viral peptides
as HLA-A molecules. As the case of Patr-A molecules, Patr-B molecules bind sig-
nificantly less diverse viral peptides than their human counterpart: the peptide
binding repertoires of random heterogeneous subsets of HLA-B molecules is 15%
larger than that of Patr-B molecules when compared at population level (n = 25).
However, the difference at the B locus is significantly smaller than the 36% diffe-
rence at the A locus (p < 0.0001, Mann-Whitney U test). This could mean either
that the selective sweep only slightly affected the Patr-B locus, or, the peptide
binding repertoire of the Patr-B locus may have recovered more than the Patr-A
peptide binding repertoire following the selective sweep. The latter is in line with
the fact that the A locus evolves by point mutation, a slower process than evolving
by recombination like the B locus [81, 82].

2.2.4 The peptide binding repertoires of Patr-A molecules
strongly overlap

Careful inspection of the binding specificity tree (Figure 2.1B) reveals that, within
the A03 supertype, the branch lengths within Patr-A molecules are shorter than
those of HLA-A molecules. This suggests that the peptide binding repertoires
among Patr-A molecules might be more similar. Indeed, within the A03 super-
type, the Patr-A molecules are significantly more related to each other than HLA-A
molecules are (p = 0.001, Mann-Whitney U test). The same tendency is observed
for the A01 supertype, though it is not significant (p = 0.08). To quantify this fur-
ther, the fraction of peptides that uniquely bind to a specific MHC molecule was
calculated. To this end, we used 1000 heterogeneous random subsets of 25 MHC
molecules and calculate for each MHC molecule the fraction of binders that do
not bind to the other 24 MHC molecules. Here, a low fraction of uniquely binding
peptides implies a large overlap with the binding repertoire of other MHC mo-
lecules. Using this measure, we found that the fraction of peptides that uniquely
binds to Patr-A molecules is lower than that binding to HLA-A, HLA-B and Patr-B
molecules (p < 0.0001, Mann-Whitney U test, Figure 2.3A), whereas the binding
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Figure 2.3. The overlap of peptide binding repertoires among MHC molecules.
For each MHC molecule, the fraction of peptides that binds only this MHC molecule
is plotted for different MHC loci in panel A, comparisons were made within the same
loci. For every peptide in the peptide binding repertoire of a MHC molecule, the
number of MHC molecules that can bind this peptide is calculated and the average
over all peptides per MHC molecule is plotted in panel B. For both plots 1000 ran-
dom subsets of 25 MHC molecules were analysed, p-values were calculated using the
Mann-Whitney U test.

motifs of Patr-B molecules were found to be about as unique as those of HLA-A
and HLA-B molecules (p > 0.15, Figure 2.3A).

As an alternative approach to quantify the overlap in peptide binding repertoires,
we estimated the degree of overlap among MHC molecules. If the peptide bin-
ding repertoires of MHC molecules have a large overlap, a peptide that binds a
specific MHC molecule could also bind to other MHC molecules. For all the pre-
dicted binders, we calculated the mean number of MHC molecules that they can
bind. The largest overlap was found for the peptide binding repertoires of Patr-A
molecules, where on average 7.3 Patr-A molecules could bind the same peptide,
followed by Patr-B (6.0), HLA-B (4.8) and HLA-A (3.9) molecules (Figure 2.3B;
p < 0.0002, Mann-Whitney U test, for all comparisons). Taken together, these
results again suggest that Patr-B molecules recovered much more rapidly after
the selective sweep via the generation of molecules with distinct binding motifs,
while the functional repertoire of Patr-A molecules still carries clear signs of the
selective sweep.
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2.2.5 The HLA and Patr peptide binding repertoires are similar
at individual level

The results presented above suggest that the signs of the selective sweep are still
visible when comparing the peptide binding repertoires of Patr with those of HLA
molecules at population level. However, infectious agents impose selection pres-
sure at the individual level because the fitness of an individual is (partially) de-
termined by how well it recovers from an infectious disease in order to survive
long enough to give rise to offspring. Therefore, to determine the effect of the re-
duced peptide binding repertoire of Patr molecules at the individual level and per
virus, we simulated MHC heterozygous individuals by randomly selecting two dis-
tinct MHC-A and two distinct MHC-B molecules. The peptide binding repertoires
of individuals were then determined for all the nonredundant viruses in our data
set (see Materials & Methods). For each virus, the number of binding peptides
of a ‘simulated’ human individual, having two HLA-A and two HLA-B molecules,
was compared to the number of binding peptides of a ‘simulated’ chimpanzee
individual, having two Patr-A and two Patr-B molecules.

Comparing 100 human and 100 chimpanzee individuals generated this way, we
found that for most of the viruses, the average number of binding peptides in ‘si-
mulated’ humans was higher (76%) than that in ‘simulated’ chimpanzees (Figure
2.S1), of which 25.2% were significant (p < 0.01, Mann-Whitney U test, correc-
ted for multiple testing using Bonferroni). Only two viruses, T cell lymphotropic
virus type 1 (Human and Simian variant) and the Human Rhinovirus (four dis-
tinct types), had significantly more binding peptides in ‘simulated’ chimpanzees
than in ‘simulated’ humans (p < 0.01, see Table 2.S1). Of all the nonredundant
viruses, we investigated the primate retroviruses in more detail because the se-
lective sweep in chimpanzees was suggested to be caused by HIV-1/SIVcpz or a
related ancestral retrovirus [88, 89](n = 20, Table 2.S1). Except for the T cell
lymphotropic virus type 1, none of the retroviruses in our data set have con-
vincingly more binding peptides in chimpanzees than in human. However, the
difference on the average number of binding peptides is rather small, e.g., Simian
T cell lymphotropic virus type 1 has 12% more binding peptides in chimpanzees,
which corresponds to an additional 9 peptides on average (74 HLA binders versus
83 Patr binders). Whether presenting a few more peptides would make a quanti-
tative difference in the generation of T cell responses is rather unclear and more
functional assays are necessary to support the claim that any of the viruses listed
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high up in Table 2.S1 could have caused the selective sweep.

A characteristic of the chimpanzee MHC region is the additional nonclassical MHC
class I gene, Patr-AL, that does not have a human counterpart [9]. Patr-AL groups
outside of both the A2 and A3 lineages based on the coding sequence. Further-
more, the expression level and functionality of this molecule are lower compared
to classical MHC molecules. Having this additional Patr-AL molecule might have a
significant contribution in generating T cell responses and could diminish the dif-
ferences shown above. Recently, Gleimer et al. [99] showed that eluted peptides
from the Patr-AL molecule are largely overlapping with those of HLA-A*02, sug-
gesting that the functionality of the A02 supertype might have been maintained
in the chimpanzee population. To test whether Patr-AL can close the “hole” in
the peptide binding repertoire of chimpanzees, Patr-AL was included in our ana-
lysis. In line with the findings of Gleimer et al. [99], predicted Patr-AL binders
are most similar to the predicted peptides of HLA molecules belonging to the A02
supertype (Figure 2.1B). Nevertheless, Patr-AL shows the highest overlap of pep-
tide binding repertoire with HLA-A*3201, a molecule not included in the study
of Gleimer et al. [99] (38% overlap with HLA-A*3201 compared to 28% with
HLA-A*0201, results not shown). To estimate the effect of Patr-AL as an extra
MHC molecule in an individual, we simulated chimpanzees having an additional
Patr-AL molecule. As the Patr-AL molecule has a lower expression level, we as-
sumed that Patr-AL can bind a lower number of peptides compared to other MHC
molecules. If the Patr-AL molecule binds as much as 40% of the peptides bound
to a MHC molecule, the average number of binding peptides in ‘simulated’ human
and chimpanzee becomes equal (Figure 2.S1). This suggests that, if the Patr-AL
molecule had a rather efficient antigen presentation, the difference between the
peptide binding repertoire of human individuals and that of chimpanzee individu-
als would disappear.

2.3 Discussion

Several previous studies applied phylogenetic analysis using genome sequences
to suggest that chimpanzees experienced an ancient selective sweep affecting the
MHC class I repertoire [9, 75, 79, 83]. The loss of the A2 lineage in chimpanzees
was straightforward to infer from genomic data, however de Groot et al. [83,
84] proposed that the selective sweep has been most pronounced in the Patr-B
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locus. To quantify the effect of such a selective sweep on the entire Patr peptide
binding repertoire requires elution of peptides from every single contemporary
Patr molecule and those of their human counterparts, which is extremely labour
intensive. As an alternative, we here used an in silico approach to compare the
peptide binding repertoire of HLA and Patr molecules derived from a large set of
mammalian viral proteomes (n = 904).

The primary outcome of this comparative approach is that on the population level
the reduction in the peptide repertoire of Patr-B molecules is much less prominent
compared to that of Patr-A molecules (Figure 2.2). The contemporary Patr-A pep-
tide binding repertoire contains clearly defined ‘holes’. For example, none of the
contemporary Patr-A molecules show a binding specificity similar to the A02 su-
pertype (Figure 2.1). Moreover, the loss of binding specificities was also observed,
though to a lesser extent, for HLA-A*6601, A*6602, A*2501, A*2601, A*2602
and A*3401, which do not belong to the A02 supertype. Consistent with this
finding, the functional diversity of Patr-A molecules is much smaller than that of
the Patr-B molecules, reflected by the larger number of MHC molecules that bind
the same peptide (Figure 2.3B). The effect of ‘holes’ in the MHC peptide binding
repertoire, created by the selective sweep, was also found at the individual level.
For most viruses, ‘simulated’ humans have more predicted binders compared to
‘simulated’ chimpanzees (for 25% the difference is significant). However, with in-
clusion of Patr-AL, at an expression level of 40%, most of the difference between
‘simulated’ humans and chimpanzees disappear. This suggests that, if Patr-AL ex-
pression and functionality is efficient, the difference in the number of binding
peptides between human and chimpanzee at the individual level can diminish.

Our results are based on a computational method that predicts the binding affi-
nities of peptides to MHC class I molecules and are as such dependent on the
performance of the prediction method used. NetMHCpan shows a very high
prediction performance for HLA-A and HLA-B molecules, while for chimpanzee
MHC class I molecules the prediction performance is lower [98]. Testing the
performance of NetMHCpan on peptide sets eluted from several Patr-molecules
[89] revealed that only in one out of four cases NetMHCpan fails to predict the
correct binding motif, while for the others the prediction accuracy is compara-
ble to the HLA-A and HLA-B molecules (results not shown). Clustering analysis
(as presented in Figure 2.1B) suggests that low performance predictions overes-
timate the overlap in the peptide binding repertoire of MHC molecules (results
not shown). This has two main implication for our results. First, we may under-
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estimate especially the size of the Patr-B peptide binding repertoire, suggesting
that the recovery of the Patr-B locus could even be larger than what we reported
here. Second, we may overestimate the ‘holes’ for both Patr-A and -B peptide
binding repertoires. Note that NetMHCpan predicts the binding affinity of pep-
tides to MHC class I molecules and does not provide information about how the
actual CTL response is triggered by the pMHC complex. Because there are at the
moment no prediction methods available for the interaction between CTLs and
pMHC complexes, our results are limited to comparison of peptides binding to
MHC molecules, but not of T cell responses between human and chimpanzee.

Previously, the selective sweep in chimpanzees was suggested to be caused by
HIV-1/SIVcpz or a related ancestral retrovirus. The evidence used to support
this hypothesis comes from the finding that both contemporary Patr molecules
and HLA molecules associated with low viral load present similar regions in HIV-
1/SIVcpz Gag [88, 89]. Using a much less specific approach, i.e., by perform-
ing a whole proteome analysis, we identified two extra viruses that have signi-
ficantly more peptides that bind to Patr molecules (Table 2.S1). However, for
these viruses much more data on the effect of immunodominant CTL responses
on disease progression and the pathogenicity in chimpanzees are needed to sug-
gest them as possible agents causing the selective sweep. In addition, the se-
lective sweep and/or subsequent selection processes were suggested to have been
more effective in West African chimpanzees than in other chimpanzee populations
[100–102]. Therefore, Patr class I repertoires could have been shaped differently
depending on the chimpanzee subpopulations studied. Subsequently, a more spe-
cific analysis zooming in on Patr molecules common in different chimpanzee po-
pulations may help to reveal the identity of the agent causing the selective sweep.

2.4 Materials & Methods

MHC-I binding predictions

NetMHCpan-2.0 [98] was used to predict binding affinities of peptides to MHC
class I molecules, because this is the only predictor that can predict binding affini-
ties of less characterized MHC molecules, such as Patr molecules. NetMHCpan is
a neural network based predictor that uses MHC-I binding groove polymorphisms
to predict peptide-MHC binding affinities. The 2.0 version is based on a training
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set including non-human binding data. In our study, peptides are defined as bin-
ders by sorting them with respect to their binding affinities and selecting those
that rank among the top 1%, where we assume that all MHC molecules bind the
same number of peptides. To simulate the low expression level of Patr-AL, we
defined the set of peptides binding to Patr-AL as the top 0.1, 0.2, 0.3, 0.4 and
0.5% of peptides with the highest binding affinities, where the top 0.4% indicates
that the number of peptides binding to Patr-AL is 40% of the peptides relative to
other MHC molecules.

Selection of MHC molecules

HLA molecules with a frequency > 0.5% were included in this study (National
Marrow Donor Program, [103], May 2010). For all of these HLA molecules, the
pseudosequence, defined as the amino acid residues in contact with the peptide
[63], is used as input for NetMHCpan [98]. This forced us to use only MHC
molecules with unique pseudosequences, resulting in 37 HLA-A and 65 HLA-B
molecules. Without taking frequency into account, there are 79 unique HLA-A
pseudosequences and 175 unique HLA-B pseudosequences. HLA-C molecules are
not included in this study, as the NetMHCpan predictions for HLA-C molecules
are of lower quality due to the absence of HLA-C molecules in the training data
(for comparison of peptide binding predictions to HLA-A, -B and -C molecules,
see Hoof et al. [98]).
All Patr molecules where a sequence was available were included in this analysis,
resulting in 29 Patr-A and 40 Patr-B molecules with unique pseudosequences.
Subsets of MHC molecules were created by randomly selecting MHC molecules
without replacement, within one locus and one species, for all different subset
sizes.

Phylogenetic analysis

The HLA and Patr sequences were downloaded from the IPC - MHC Database
([104] November 2010). The HLA-A and Patr-A sequences were aligned with
CLUSTALW [105] and a tree was generated with PHYML v2.4.5 using BIONJ. A
bootstrap of 100 replicates was used to define the confidence in tree nodes [106].
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Functional clustering of MHC class I molecules

For each MHC class I molecule, the binding affinity was predicted for a set of
100.000 random natural nonamer peptides, resulting in an affinity vector per
molecule. These affinity vectors were then used to calculate pairwise distances
d between the binding specificities of two molecules, defined as d = 1 − Pcorr,
where Pcorr is Pearson’s correlation coefficient between the corresponding affinity
vectors. Based on the resulting pairwise distance matrices, hierarchical clustering
was performed using the UPGMA (average linkage clustering) algorithm imple-
mented in the PHYLIP package (Felsenstein, J. 2005, PHYLIP, version 3.68).

Bootstrapping was performed by choosing random sets of binding affinities with
replacement. A majority consensus clustering was calculated and visualized using
the software SplitsTree4 [107].

Creating a ‘viral world’

All viral proteomes and genomes were downloaded from EBI ([108], October
2008). Because the host annotation did not always allow us to differentiate
between primates and other mammals, we included all mammalian viruses in
this study (n = 904). At least 55% of these mammalian viruses are known to
infect primates. All unique nonamers from these viruses were used to create the
‘viral world’, which resulted in ∼ 3.2×106 unique nonamers. Only nonredundant
viruses were selected for the individual analysis, i.e., the nonamers of the viruses
were compared in a pairwise manner and in case of an overlap of > 80%, one
of the viruses was randomly selected. Performing the homology reduction at the
proteome level hardly changes the set of nonredundant viruses.
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Figure 2.S1. The ratio of the average number of binding peptides in ‘simulated’
chimpanzees (2 Patr-A + 2 Patr-B molecules) versus that of ‘simulated’ humans
(2 HLA-A + 2 HLA-B molecules). The percentage of viruses, per interval of ratios,
is given on the y-axis. The black line represents the ratio of the average number of
uniquely binding peptides in chimpanzees to that in humans. Because humans bind
more viral peptides in the majority of the viruses, the mean (dotted line) is at 0.95.
Adding the Patr-AL molecule, capable of binding 40% of the peptides relative to other
MHC molecules, to each chimpanzee shifts the mean to 1 (grey, dashed).
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Table 2.S1. List of primate retroviruses where we explicitely looked at the diffe-
rence between the number of binding peptides in ‘simulated’ chimpanzees and
humans. Patr/HLA defines the ratio of the average number of binding peptides in
chimpanzees versus that of humans. p-values are calculated using the Mann-Whitney
U test with Bonferonni correction, nonsignificant p-values (p > 0.05) are indicated
with ns. The Rhinoviruses that also showed a significant difference have accession
numbers: DQ473491, DQ473512 and L24917.
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Abstract

Objective and design. HIV-1 is known to adapt to the human immune system, lea-
ding to accumulation of escape mutations during the course of infection within
an individual. Cross-sectional studies have shown an inverse correlation between
the prevalence of HLA alleles in a population and the number of CTL escape muta-
tions in epitopes restricted by those HLA alleles. Recently, it was demonstrated
that at a population level HIV-1 is adapting to the humoral immune response,
which is reflected in an increase in resistance to neutralizing antibodies over time.
Here we investigated whether adaptations to cellular immunity have also accu-
mulated during the epidemic.
Methods. We compared the number of CTL epitopes in HIV-1 strains isolated from
individuals who seroconverted at the beginning of the HIV-1 epidemic and from
individuals who seroconverted in recent calendar time.
Results. The number of CTL epitopes in HIV-1 variants restricted by the most
common HLA alleles in the population did not change significantly during the
epidemic. In contrast, we found a significant loss of CTL epitopes restricted by
HLA-B alleles associated with a low relative hazard of HIV-1 disease progression
during the epidemic. Such a loss was not observed for CTL epitopes restricted by
HLA-A alleles.
Conclusions. Despite the large degree of HLA polymorphism, HIV-1 has accumu-
lated adaptations to CTL responses within twenty years of the epidemic. The
fact that such adaptations are driven by the HLA-B molecules that provide best
protection against HIV-1 disease progression has important implications for our
understanding of HIV evolution.
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3.1 Introduction

Despite the immune pressure from cytotoxic T lymphocytes (CTL), most human
immunodeficiency virus type 1 (HIV-1) infected individuals experience high levels
of ongoing virus replication. This lack of control is widely thought to be due, at
least in part, to escape mutations in CTL epitopes that commonly develop during
infection with HIV-1 [52, 55, 109–114]. There is increasing evidence that such
adaptations can become apparent at the population level [115, 116]. In a large
association study amongst HIV-1 infected individuals in Australia, sequence poly-
morphism of HIV-1 was found to be associated with particular HLA class I alleles
[115, 117]. In a more recent study involving multiple cohorts, a significant corre-
lation was found between the prevalence of specific CTL escape mutations in cir-
culating HIV strains and the frequency of the restricting HLA allele in the cohort.
This phenomenon was not confined to individuals expressing the restricting HLA
allele [116]. This implies that the CTL escape mutations observed in viral strains
from a single individual may not only reflect the CTL pressure experienced within
the individual, but also within the population. These observations have raised the
question whether CTL escape mutations in HIV-1 are accumulating in the popula-
tion over time, making the virus less susceptible to CTL responses. Cross-sectional
analyses are unable to study the accumulation of escape mutations over time, be-
cause the escape mutations that are observed at one moment in time may later
revert. Indeed, reversion of CTL escape mutations upon transmission to an HLA
discordant recipient has been described in several studies [118, 119].

Recently Bunnik et al. reported that HIV-1 has evolved towards a more neutra-
lization resistant phenotype over calendar time and at a population level [120].
Here we hypothesized that HIV-1 may also have accumulated adaptations to CTL
pressure. We studied the change in the number of CTL epitopes in HIV-1 over
time by comparing recently transmitted HIV-1 variants that were isolated from
individuals who seroconverted at the beginning of the HIV-1 epidemic to HIV-1
strains isolated from individuals who seroconverted in more recent calendar time.
Our data provide the first direct evidence that the number of CTL epitopes in HIV-
1 has significantly decreased during twenty years of the HIV-1 epidemic. We also
investigated which HLA alleles are the main drivers of HIV-1 adaptation at the po-
pulation level, and in particular, whether HIV-1 is mostly adapting to HLA alleles
that are frequent in the population, as previously suggested [45, 121]. Remark-
ably, the accumulative adaptation was not driven by the most common HLA alleles
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in the Caucasian population, but by HLA-B alleles that are associated with a low
relative hazard of HIV-1 disease progression.

3.2 Results

3.2.1 Accumulation of CTL escape mutations during the epi-
demic

To investigate whether the number of CTL epitopes in HIV-1 has decreased over
time, we sequenced Gag, Nef, Protease and RT from clonal HIV-1 variants isolated
during the first year of HIV-1 infection from individuals who seroconverted early
during the HIV-1 epidemic (in 1985, historical seroconverters) and individuals
who seroconverted in more recent calendar time (in 2005/2006, contemporary
seroconverters, see Table 3.1 for more details). In order to compare the number of
CTL epitopes in these HIV-1 strains, we scanned all viral sequences for i) peptides
that have been described in the Los Alamos HIV epitope database [122] because
of experimentally verified binding to specific HLA molecules, and ii) peptides that
are predicted to bind certain HLA molecules based on peptide prediction methods
for proteasomal cleavage, TAP transport, and HLA binding (see Materials and
methods). The use of peptide predictions allowed us to study the evolution of
CTL epitopes beyond the somewhat limited set of known HIV-1 epitopes, and
thus avoided any possible biases in epitope databases.

Since accumulation of HIV-1 adaptations is expected to occur mainly for common
HLA alleles in the human population [116, 121], we started off analysing the
number of CTL epitopes in these sequences restricted by three common HLA-A
(A*0101, A*0201 and A*2402) and three common HLA-B (B*0702, B*0801 and
B*4403) alleles in the Caucasian population. Clonal HIV-1 variants from con-
temporary seroconverters appeared to contain a similar number of CTL epitopes
restricted by the most common HLA-A and HLA-B alleles under investigation as
compared to HIV-1 variants from historical seroconverters (Figure 3.1). Although
HIV-1 may show adaptation to the most prevalent HLA type in the population in
cross-sectional analyses [116], these adaptations apparently do not persist in the
virus over time in the epidemic. We also analysed the number of CTL epitopes
restricted by HLA-B*2705 and HLA-B*5701, since these two HLA alleles are
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3.2 Results

Patient Year of Time since serocon- HLA-A HLA-B
ID Seroconversion version (in days)

Historical Seroconverters
19831 1985 272 03, 31 35, 49
19510 1985 260 02, 02 44, 51
19254 1985 267 11, 23 35, 44
18919 1985 284 02, 03 15, 37
19792 1985 276 02, 29 07, 44
19542 1985 351 02, 26 07, 35
19505 1985 350 01, 01 15, 40
19489 1985 299 01, 03 07, 07
19431 1985 252 02, 68 44, 44
19406 1985 268 02, 02 14, 15
19334 1985 365 02, 32 15, 40
11694 1985 351 24, 68 07, 15

Contemporary seroconverters
16785 2005 315 03, 24 13, 35
16191 2005 203 01, 02 07, 40
16765 2005 293 01, 03 35, 44
17974 2005 379 02, 29 15, 49
16170 2006 113 02, 68 07, 44
16999 2006 119 01, 02 37, 40
19290 2006 2 02, 68 15, 40
16311 2005 414 02, 24 15, 51
16343 2006 383 02, 11 15, 40
16373 2006 329 03, 24 18, 35
16361 2006 357 03, 30 ndA

16216 2006 331 31, 31 07, 27
16080 2006 343 03, 03 40, 51
16434 2006 489 02, 31 49, 58
16292 2006 23 01, 26 08, 35

Table 3.1. Patient characteristics, A Not determined
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strongly associated with relatively slow progression to AIDS [123], and are there-
fore thought to evoke strong immunological pressure on the virus. Interestingly,
a significant decline in the number of CTL epitopes over time was evident for
these two HLA-B alleles associated with slow progression to AIDS. To avoid the
possibility that the observed adaptations were due to within-host evolution rather
than a reflection of accumulated evolution during the epidemic, we repeated the
analyses by excluding HIV-1 sequences from individuals who express the particu-
lar HLA allele under investigation, which did not influence the results (data not
shown). Together these data suggested that the main drivers of the accumulation
of CTL escape mutations over time may be the most protective rather than the
most frequent HLA types in the human population.

3.2.2 Adaptation is driven by protective HLA-B alleles

To investigate whether the accumulation of CTL escape mutations during the epi-
demic is indeed related to the relative hazard of HIV-1 disease progression (RH) of
the restricting HLA alleles, we extended the analyses by including all HLA-A and
B alleles for which reliable prediction programs and the relative hazard [48] are
available (n = 14 for HLA-A and n = 13 for HLA-B, see Materials and methods).
Independent of the method used, we observed a significant decrease during the
HIV-1 epidemic in the total number of CTL epitopes presented by HLA-B alleles
associated with slow HIV-1 disease progression (RH<1, Figure 3.2B, p = 0.003).
In contrast, the number of CTL epitopes restricted by HLA-B alleles with a high
relative hazard (RH>1) remained stable during the epidemic. The loss of CTL
epitopes restricted by HLA-B alleles with a low relative hazard remained signifi-
cant when restricting the analysis to only those alleles with a RH<0.9 (p = 0.015,
data not shown). No significant loss of epitopes was observed for CTL restricted
by HLA-A alleles, independent of their relative hazard (Figure 3.2A).

As some HIV-1 peptides included in these analyses have not yet been experimen-
tally verified (Figure S3.1), we studied whether the above results were also appa-
rent when including only epitopes that have been described in the Los Alamos HIV
database [122]. Indeed, these analyses yielded similar results as reported above
for the complete set of known and predicted HIV-1 epitopes (Figure 3.2C-D).
Our results were also not due to within-host adaptation, because similar results
were obtained after exclusion of the CTL epitopes restricted by the HLA alleles
expressed by the individuals (Figure S3.2A-B, RH<1, p = 0.007). Together these
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Figure 3.1. Decrease in the number of CTL epitopes for individual HLA mo-
lecules. We scanned all viral sequences from contemporary (n=14) and historical
(n=12) seroconverters for peptides that have been described in the Los Alamos HIV
epitope database or are predicted to bind to any of the 3 common HLA-A alleles
A*0101, A*0201, A*2402, or to any of the common HLA-B alleles B*0702, B0801 or
B*4403, or protective HLA-B alleles B*2705 or B*5701. Predictions were performed
using SMM predictors [124]. Cut-off values were i) 1.135 for proteasomal cleavage,
ii) -0.56 for TAP transport, and iii) a HLA binding affinity higher than or equal to
500 nM. Different peptide prediction methods and cut-off values (see Materials and
Methods) yielded similar results. For each patient the total number of epitopes known
or predicted to bind to any of the 3 HLA-A (“HLA-A”) or 5 HLA-B alleles (“HLA-B”)
was plotted, as well as the number of epitopes restricted by the 3 individual HLA-A
or 5 individual HLA-B alleles. Within each box, the median is indicated by a hori-
zontal line, the bar represents the 25-75% interval, and whiskers represent minimum
and maximum values. Dark boxes represent the number of CTL epitopes in HIV-1
strains isolated from historical seroconverters, while light boxes represent the num-
ber of CTL epitopes in HIV-1 strains obtained from contemporary seroconverters. The
significant loss of CTL epitopes restricted by HLA-B57 and the non-significant change
in the number of CTL epitopes restricted by the common HLA-A and HLA-B alleles
were independent of the method used (see Methods). The significance of the de-
crease in the number of CTL epitopes restricted by HLA-B27 was dependent on the
specific prediction method or cut-off value used (p-values ranged from p = 0.002 to
p = 0.458).
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Figure 3.2. Adaptation of HIV-1 is driven by HLA-B alleles with a low relative
hazard of disease progression. All viral sequences from contemporary (n=14) and
historical (n=12) seroconverters were scanned for peptides that have been described
in the Los Alamos HIV epitope database or are predicted to be restricted by the 14
HLA-A (A) or 13 HLA-B (B) alleles. Numbers of CTL epitopes were plotted for HLA
alleles with a low (RH<1) or high (RH>1) relative hazard of HIV-1 disease progres-
sion [48], or for all HLA alleles (Total). The same analyses were performed for all
known epitopes from the Los Alamos HIV database presented by the 14 HLA-A (C)
or 13 HLA-B (D) alleles. HLA-A alleles with a RH<1 are: A*0201, A*0301, A*1101,
A*2601, A*3101, A*3201 (not available when using NetMHC), and A*6901. HLA-A
alleles with a RH>1 are: A*0101, A*2301, A*2402, A*2902, A*3002, A*3301 and
A*6801. HLA-B alleles with a RH<1 are: B*0801, B*1801, B*2705, B*4001, B*5101,
B*5701 and B*5801. HLA-B alleles with a RH>1 are: B*0702, B*1501, B*3501,
B*4403, B*4501 and B*5301. Each dot represents one seroconverter, the median is
indicated by a horizontal line. Black circles denote historical seroconverters, open
circles denote contemporary seroconverters. The results were independent of the
prediction method or cut-off values used (p-values for the decrease in the number of
CTL epitopes presented via HLA-B alleles with a RH<1 using the different prediction
methods or cut-off values ranged from p = 0.034 to p = 0.005; all other p-values
always exceeded 0.05). A similar, significant decrease in the number of CTL epitopes
restricted by HLA-B alleles with a low RH was observed when only HLA-B alleles with
a RH<0.9 were included (p = 0.015, Figure S3.1). For HLA-A, the change in the
number of CTL epitopes remained insignificant when including only HLA molecules
with RH<0.9 (data not shown).
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3.2 Results

data show that the number of CTL epitopes restricted by protective HLA-B alleles
has significantly decreased during the HIV-1 epidemic. In contrast, with none
of the prediction methods used, nor when including only experimentally verified
epitopes, did we find any significant loss of CTL epitopes restricted by common
HLA-A or HLA-B alleles during the epidemic (Figure 3.3 and S3.2C-D).

Our study population contained two contemporary seroconverters who serocon-
verted very shortly (2 and 23 days) before inclusion. To investigate whether
these individuals influenced our conclusions, we repeated the analyses without
these two individuals. Again, the number of CTL epitopes restricted by protec-
tive HLA-B alleles significantly decreased during the HIV-1 epidemic (p <0.001),
while the number of epitopes restricted by HLA-A alleles, HLA-B alleles with a
high relative hazard, or common HLA-B alleles did not.

3.2.3 Phylogenetic correction for founder effects

Founder effects could have a large effect on viral polymorphisms associated with
HLA molecules [117]. To exclude a possible founder effect, a phylogenetic cor-
rection method [117, 125] was used to determine HIV-1 polymorphisms that are
significantly overrepresented among viral variants obtained from contemporary
seroconverters as compared to historical seroconverters. This method identified
23 HIV-1 polymorphisms that were either significantly more often or less often
present in HIV-1 sequences from contemporary versus historical seroconverters
(Table S3.1, p <0.05 for all the positions listed). All of the identified polymor-
phisms were found to lie within or flanking known CTL epitopes (LANL epitope
summary tables [126]). Thus, the above described loss of CTL epitopes during
the HIV-1 epidemic does not seem to be caused by founder effects.

3.2.4 Confirmation in an independent cohort

As an independent confirmation of our findings we repeated the analyses using
HIV-1 sequences reported in the Los Alamos HIV Database [126]. Selection of
all HIV-1 clade B sequences isolated from patients from the USA for which Gag,
Nef, Protease and RT had been sequenced yielded data from 21 historical sero-
converters (sampled before 1988) and 21 contemporary seroconverters (sampled
in 2005 or 2006). Again, the number of CTL epitopes restricted by protective
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Figure 3.3. Adaptation of HIV-1 is independent of the population frequency of
HLA alleles. Per patient we plotted the number of described or predicted CTL epi-
topes restricted by the 14 HLA-A (A) or 13 HLA-B (B) alleles in HIV-1 isolates from
historical (n=12) and contemporary (n=14) seroconverters. Numbers of CTL epi-
topes were plotted for HLA alleles with a high (>5%) or a low (<5%) frequency in the
Caucasian population [48], or for all HLA alleles (Total). The same analyses were per-
formed for only the known epitopes from the Los Alamos HIV database presented by
the 14 HLA-A (C) or 13 HLA-B (D) alleles. HLA-A alleles with a frequency >5% are:
A*0101, A*0201, A*0301, A*1101 and A*2402. HLA-A alleles with a frequency <5%
are: A*2301, A*2601, A*2902, A*3002, A*3101, A*3201 (not available when using
NetMHC), A*3301, A*6801 and A*6901. HLA-B alleles with a frequency >5% are:
B*0702, B*0801, B*1501, B*2705, B*3501, B*4001, B*4403 and B*5101. HLA-B
alleles with a frequency <5% are: B*1801, B*4501, B*5301, B*5701 and B*5801.
Each dot represents one seroconverter, the median is indicated by a horizontal line.
Black circles denote historical seroconverters, open circles denote contemporary sero-
converters. The results were neither dependent on the prediction method or cut-off
values used, nor did they change when the HLA alleles were grouped differently (in
frequencies higher or lower than 10%)
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3.3 Discussion

HLA-B alleles turned out to have significantly decreased during the HIV-1 epi-
demic (p = 0.018), while the number of epitopes restricted by HLA-A alleles,
HLA-B alleles with a high relative hazard, or common HLA-B alleles had not
(Figure S3.3). These data provide important independent confirmation of our
findings. Of note, the HIV-1 sequences selected from the Los Alamos Database
came from patients at different stages of disease progression in which the effects
of within-host evolution cannot be excluded. More specifically, most of the his-
torical samples came from patients during end-stage HIV disease whereas most
of the recent samples were isolated during early HIV infection. It is all the more
striking that a significant loss of CTL epitopes over time could nevertheless be
observed in this independent cohort.

Taken together, our data demonstrate that despite the large degree of HLA poly-
morphism, CTL escape mutations have accumulated during the HIV-1 epidemic,
leading to a significant reduction in the total number of CTL epitopes, especially
those restricted by HLA-B alleles associated with slow HIV disease progression.

3.3 Discussion

There is increasing evidence that HIV-1 is evolving, not only within the individual,
but also at a population level during the HIV-1 epidemic. Recent studies have
shown an increasing resistance of HIV-1 from neutralizing antibodies [120], and
an increase in the replication capacity of HIV-1 over time [127]. Although CTL
escape mutations can clearly become apparent at the population level, it is still
debated to what extent CTL pressure may drive the loss of CTL epitopes in HIV-1
over time [115–117, 128–132]. Our data show that, despite the large degree
of polymorphism of HLA molecules, also HIV adaptations to CTL responses are
accumulating over time.

Our finding that HLA-B alleles are the main drivers of HIV-1 adaptation during the
epidemic is in line with recent studies showing that HLA-B alleles have a stronger
impact on the HIV-1 viral load set point than HLA-A alleles [47]. We would how-
ever have expected to also find some degree of adaptation to protective HLA-A
alleles. The most likely explanation for this lack of adaptation to HLA-A alleles is
that the association between the presence of certain HLA-A alleles and protection
against progression to AIDS is not as strong as observed for HLA-B alleles. For
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example, whereas HLA-B27 and HLA-B57 are significantly associated with slow
disease progression (p = 0.001 and p = 0.04, respectively, [48]), none of the
HLA-A alleles are significantly associated with slow disease progression [48]. The
dominant role for HLA-B alleles associated with slow disease progression is, how-
ever, counterintuitive for two reasons. Firstly, although intuitively HIV-1 would
be expected to have adapted most frequently to common HLA alleles [121], the
HLA alleles for which we observed a significant loss of CTL epitopes over time are
not common in the Caucasian population. Secondly, viral mutations that success-
fully escape CTL responses restricted by HLA-B27 and B57 have been shown to
be associated with reduced viral fitness [133, 134]. Hence such escape mutations
are expected to revert to wild type upon transmission to a new host that does not
express the specific HLA molecule [119]. In line with this, we observed reversion
of the well-known HLA-B57 restricted mutation T242N in our cohort, indicative
of the fact that certainly not all CTL escape mutations become fixed at the po-
pulation level. The rate of reversion of CTL escape mutations upon transmission
to a host without the restricting HLA background has been used to estimate the
fitness cost of escape mutations [135]. Escape mutations in CTL epitopes restric-
ted by rare, protective HLA molecules would hence in fact be expected to be the
last to become fixed at the population level. It has been shown, however, that
HIV-1 variants that have been under large CTL pressure can accumulate acces-
sory mutations to compensate for the loss of viral fitness [54, 119, 136, 137].
We hypothesise that the presence of such compensatory mutations may explain
why some CTL escape mutations in epitopes restricted by protective HLA-B al-
leles do not revert upon transmission to a new host (a phenomenon also known
as compensatory fixation [138]), and are thereby accumulating over time. This
has important implications for our understanding of HIV-1 evolution. Firstly, it
implies that measuring the rate of reversion of CTL escape mutations upon trans-
mission to HLA-disparate hosts is not an accurate measure of the viral fitness cost
of a CTL escape mutation. In fact, mutations that revert slowly could be the very
ones that caused the largest fitness cost to the virus, and therefore required most
compensatory mutations. Secondly, if CTL escape mutations keep on accumu-
lating throughout the HIV-1 epidemic, the protective HLA-B molecules by which
they are restricted are expected to become less and less protective, as has been
indicated for HLA-B51 in the Japanese population [116]. In line with this, we ob-
served that the average viral load set point, which was lower in HLA-B57-positive
compared to HLA-B57-negative historical seroconverters, was no longer signifi-
cantly different in contemporary seroconverters (van Manen and Schuitemaker,
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manuscript in preparation), suggesting that HLA-B57 is indeed losing its protec-
tive effect. Moreover, Gras and colleagues recently showed in 906 HIV-1 infected
individuals that set point viral load levels have increased and CD4 T cell counts
at viral set point have decreased over the last decade of the HIV-1 epidemic in the
Netherlands [139]. The latter study included the patients of the current study.

Adaptation to the human immune system through loss of HLA-binding CTL epi-
topes is not restricted to HIV-1. It has previously been demonstrated that in
EBV infection, an HLA-A11-restricted CTL epitope, which is immunodominant
in HLA-A11 positive Caucasians, has been lost in viral strains isolated in New
Guinea, where HLA-A11 is highly prevalent [140]. Since EBV has been in the
human population already for a long time, it is however difficult to determine
if the CTL response directed against this epitope was ‘protective’. Additionally,
herpesvirus proteins have been shown to contain far fewer HLA-binding CTL epi-
topes than would be expected based on their length and amino acid distribution,
suggesting adaptation to CTL responses [141]. These data suggest that evasion
of immune detection via the loss of CTL epitopes is a widely used mechanism em-
ployed by different viruses. Our current results show that in HIV-1 infection, even
20 years of evolution were sufficient for this phenomenon to become apparent.

Collectively, these data emphasize the potential of HIV-1 to adapt to the human
immune system, even in the relatively short period of the HIV-1 epidemic in men,
and even despite the large degree of HLA polymorphism.

3.4 Materials and Methods

3.4.1 Patients

This study included 27 HIV-1 positive individuals from the Amsterdam Cohort Stu-
dies on HIV-1 infection and AIDS (ACS) with a known seroconversion date either
in 1985 or in 2005 / 2006 (12 historical seroconverters and 15 contemporary
seroconverters, respectively). Table 3.1 gives more details on the individual pa-
tient characteristics. Selection criteria for this study were i) infection with HIV-1
subtype B in 1985 or 2005/2006, ii) Caucasian male, iii) HAART naive, and iv)
absence of all known resistance mutations in protease and RT. Although it was not
a selection criterion, all subjects included in our study were MSM. Historical and
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contemporary seroconverters did not differ in age (median (range) 34.6 (25.4 -
46.7) and 32.7 (23.4 - 48.3), respectively, p > 0.05), viral load (57500 (9800 -
250000) and 19128 (6915 - 98204), respectively, p > 0.05) or CD4 counts (0.74
(0.25 - 1.00) and 0.52 (0.21 - 0.72), respectively, p > 0.05) at the moment of
inclusion in the study. 2-Digit HLA class I typing was performed for all individuals
by sequence-specific primers (SSP) PCR as described elsewhere [142]. Patients
16434 and 16999 contained highly similar viruses (see Phylogenetic analysis).
Therefore HIV-1 sequences from these two patients were not treated as independ-
ent samples. In every statistical analysis, only data from either patient 16434 or
patient 16999 (randomly chosen) was used.

3.4.2 HIV-1 RNA isolation from plasma, cDNA synthesis and
sequencing

Viral RNA was isolated from plasma using the QIAgen Viral RNA Mini Kit and
reverse transcribed into cDNA with Superscript II RnaseH Reverse Transcriptase
(Invitrogen) with outer primers specific for Gag, Nef, and PR/RT. cDNA was am-
plified using the following primer combinations:
Gag: (KVL-064) 5’-GTTGTGTTGTGACTCTGGTAACTAGAGATCCCTCAGA-3’ and (NCRev-
2) 5’-CCTTCCTTTCCACATTTCCAACAG-3’ followed by (KVL-066) 5’-TCTCTAGCAGTGG

CGCCCGAACAG-3’ and (NCRev-3) 5’-CTTTTTCCTAGGGGCCCTGCAATTT-3’; Nef: (Nef-
1fw) 5’-AGCCATAGCAGTAGCTGAGG-3’ and (Nef-1rev) 5’-GCTTATATGCAGGATCTGAGG-
3’ followed by (Nef-2fw) 5’-AGCTTGTAGAGCTATTCGCCACA-3’ and (Nef-2rev) 5’-
AGCAAGCTCGATGTCAGCAG-3’; PR/RT: (PS1) 5’-TTTTTTAGGGAAAATTTGGCCTTC-3’
and (RTA9) 5’-TAAATTTAGGAGTCTTTCCCCATA-3’ followed by (PS2) 5’-TCCCTCAAATC

ACTCTTTGGCAAC-3’ and (RTA6subB) 5’-CCATTGGCCTTGCCCCTGCTTCTG-3’. Bulk
PCR products of Gag and Nef resulting from plasma RNA were cloned in the
pGEM-Teasy Vector System (Promega) and transformed into DH5α competent
cells. PR/RT samples were sequenced directly. In these sequences, mixed bases
were detected if they were present in at least 25-30% of the total viral population
and were depicted using the IUB codes. Each RNA sample was PCR amplified
three independent times and each of the three independent PCR products was
cloned into pGEM-Teasy separately to avoid resampling artefacts. Two inserts
per PCR product were amplified using the nested primers KVL-066 and NCRev-
3 (Gag) and 5’-GFP and 3’-GFP (Nef), PCR products were subsequently purified
using EXOSAP-IT (USB, Cleveland, Ohio) and sequenced using the ABI prism Big
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Dye Terminator v1.1/3.1 Cyclesequencing Kit (Applied Biosystems) using the nes-
ted PCR primers. Per patient, one to six sequences per protein were analyzed on
an Applied Biosystems/Hitachi 3130 xl Genetic Analyzer.

3.4.3 Phylogenetic analysis

Phylogenetic trees were generated with the nucleotide sequences of recent and
historical seroconverters and reference strains (Los Alamos, reference 2007) that
are present in The Netherlands according to the HIV Database (last modified:
January 09). Gag (HXB2 Nucleotide Sequence Numbering [35] 790-1878), Pol
(2253-3554) and Nef (8797-9417) were concatenated to obtain one long se-
quence. When more than one sequence per patient was available, we used the
most ‘central’ sequence for phylogenetic analyses, i.e. the sequence with the
minimum distance to all other sequences from the same patient (measured by
dnadist in PHYLIP package [Felsenstein, J. 1993. PHYLIP (Phylogeny Inference
Package) version 3.5c., distributed by the author. Department of Genetics, Uni-
versity of Washington, Seattle]). The sequences were aligned using clustalW, and
the alignment was used to construct phylogenetic trees with PHYML [106] using
the General Reversible Model (GTR) for nucleotide substitution [117, 125]. The
phylogenetic analysis showed that patients 16434 and 16999 contained highly
similar viruses (on average 98% and 97% similarity was found for the DNA and
protein sequences, respectively). This might be due to a (recent) transmission
between the pair, or infection by a common donor, and therefore the data from
this pair were not treated as independent samples. The phylogenetic correction
method PhyloD [117, 125]. was used to determine HIV-1 polymorphisms that
are significantly overrepresented in recently isolated viral strains compared to
historical isolates. For each amino acid within Pol, Gag and Nef a p-value repre-
senting the significance of the overrepresentation of a polymorphism in the re-
cent/historical sequences was calculated. This analysis was performed using the
online implementation of PhyloD with the Discrete Conditional Escape and Dis-
crete Conditional Attraction [117] mode to identify possible escape mutations.
The input tree to the program was constructed as described above. The set of
positions identified using PhyloD was robust to i) the alternative models used to
make the phylogenetic tree and ii) the number of sequences used to generate the
phylogenetic tree.
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3.4.4 Prediction of CTL epitopes

CTL epitopes were predicted using the proteasomal cleavage/TAP transport/MHC
class I combined predictor using the Stabilized Matrix Method (SMM) [124]
available at http://tools.immuneepitope.org. As alternative methods, we used
NetChop (for prediction of epitope processing) [143, 144] and NetMHC (for the
prediction of HLA-peptide binding). For MHC binding predictions, the most abun-
dant four-digit HLA type of each HLA serotype was used. CTL epitopes were pre-
dicted for the following HLA alleles: A*0101, A*0201, A*0301, A*1101, A*2301,
A*2402, A*2601, A*2902, A*3002, A*3101, A*3201 (not available when using
NetMHC), A*3301, A*6801, A*6901, B*0702, B*0801, B*1501, B*1801, B*2705,
B*3501, B*4001, B*4403, B*4501, B*5101, B*5301, B*5701, B*5801. Cut-off
values for processing predictions using SMM predictors were i) 1.135 for pro-
teasomal cleavage, and -0.56 for TAP transport [128] or ii) 1.25 when using the
combined processing score (which corresponds to a processing rate of 30% in
an independent test composed of one million randomly chosen bacterial pep-
tides). For NetChop, a processing threshold of 0.5 was used as suggested origi-
nally [143, 144]. SMM predictors for MHC binding and NetMHC yield a predicted
IC50 value for a given peptide-HLA pair. For all HLA alleles, a predicted binding
affinity higher than or equal to 500 nM was used to distinguish binders from non-
binders. The numbers of predicted binders with this fixed threshold were in some
cases very different. However, as we compared only early and late epitopes from
the same HLA allele, instead of between alleles, the variation in the number of
predicted epitopes per allele did not cause a bias in our analysis. Per patient,
we predicted CTL epitopes in one to six different HIV-1 sequences (all isolated at
the same time point). For every patient we used the mean number of predicted
epitopes per HIV-1 sequence in further analyses. For the patients where Gag or
Nef sequences were lacking (n=5), the missing proteins were replaced by HXB2
sequences. In none of our tests did these patients differ from the other patients
for the number of predicted CTL epitopes. To be able to exclude within-host evo-
lution, we chose HXB2 as a fixed reference strain, and normalized the number of
CTL epitopes restricted by any non-self HLA allele by the corresponding number
of CTL epitopes (restricted by the same HLA alleles) in HXB2.
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3.4.5 Statistical analysis

Data were analysed using SPSS 15.0 software (SPSS, Chicago, Illinois, USA).
Differences in the number of CTL epitopes between contemporary and historical
HIV-1 isolates were analysed using the Mann-Whitney U test. A p-value < 0.05
was considered statistically significant.
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Figure S3.1. Predicted epitope locations per HIV-1 protein. To visualize how
many predicted CTL epitopes were found for each protein that was sequenced, we
constructed epitope maps where we indicated the location and the HLA restriction
element of all 9-mers predicted to be CTL epitopes. As a reference, we have used
the protein sequence of HXB2, although this sequence may not actually carry all the
predicted epitopes. Predicted epitopes can be divided in four groups: i) not described
in the Los Alamos HIV database (black), ii) experimentally verified for the same HLA
allele as predicted (red), iii) experimentally verified for one or more HLA alleles from
the same supertype as the predicted HLA allele (green) or, iv) experimentally verified
for one or more HLA alleles not belonging to the same supertype as the predicted HLA
allele (blue). To visualize the sequences properly, they are split in regions of about
120 amino acids, small lines at the end of one and the beginning of the next sequence
indicate the amino acids that are shown twice.
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Figure S3.1 continued
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Figure S3.2. Adaptation of HIV-1 is independent of within-host adaptation. To
exclude the possibility that the observed changes in the number of epitopes during
the epidemic were confounded by within-host adaptation, we normalized our data
by a fixed reference strain (HXB2). Per patient the total number of CTL epitopes
restricted by any non-self HLA allele was divided by the corresponding number of
CTL epitopes (restricted by the same HLA alleles) in HXB2. Within each box, the
median is indicated by a horizontal line, the bar represents the 25-75% interval, and
whiskers represent minimum and maximum values. HLA alleles were grouped based
on their relative hazard of HIV-1 disease progression [48]. HLA alleles with a RH< 1
and RH> 1 are listed in the legend of Figure 3.3, HLA alleles with a frequency of
more than 5% or less than 5% in the Caucasian population are listed in the legend
of Figure 3.3. The observed results were independent of the prediction method or
cut-off values used.
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Protein Position Uncorrected
p-value

Location

protease X10L 0.02 Epitope
protease L63X 0.0319 Epitope
RT Q334X 0.0098 Epitope
P17 A10X* 0.0397 Epitope
P17 E12X 0.0029 Epitope
P17 R76X* 0.033 Epitope
P17 K91X 0.0312 Epitope
P17 E93X 0.0279 Epitope
P17 V94X 0.0397 Epitope
P17 E102X* 0.0093 Flanking (-1, +1)
P24 G116X 0.0028 Epitope
P24 N120X 0.041 Epitope
Nef G11X 0.017 Epitope
Nef X39R 0.0423 Epitope
Nef T50X 0.0134 Epitope
Nef N80X 0.0475 Epitope
Nef R105X 0.0475 Epitope
Nef E174X 0.0405 Epitope
Nef T176X 0.0475 Epitope
Nef X185Q 0.0474 Epitope
Nef R188X 0.0337 Epitope
Nef M194X 0.0399 Epitope
Nef L198X 0.0197 Epitope

Table S3.1. HIV-1 polymorphisms identified by phylogenetic correction. The po-
sition numbers are relative to the HXB2CG strain [35]. Both polymorphisms away
from a particular residue (escape) and toward a specific non-consensus residue (at-
traction) are listed. The amino acid given before the position number indicates the
identity of the “escape” residue in the sequences from historical seroconverters. Simi-
larly, an amino acid after the position number indicates the identity of the “attraction”
residue in the sequences from contemporary seroconverters. Note that these residues
are specific to our sequences and do not have to correspond to the HXB2CG residue at
that position. For positions marked with an asterisk, the “attraction” was statistically
significant. Only position 102 in P17 does not lie within any epitope listed in the
LANL epitope summary tables. This position was, however, located in the flanking re-
gion (defined as 1 amino acid distance from the N-terminus of an epitope or 4 amino
acids distance from the C-terminus of an epitope [128]) of several known epitopes
[145].
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Figure S3.3. Confirmation in an independent cohort. As an independent test
of our findings we repeated the analyses using HIV-1 sequences reported in the Los
Alamos HIV Database [58]. Selection of all HIV-1 clade B sequences isolated from pa-
tients from the USA for which Gag, Nef, Protease and RT had been sequenced yielded
data from 21 historical seroconverters (sampled before 1988) and 21 contemporary
(sampled in 2005 or 2006) seroconverters. The analyses were exactly performed as
described in the legend of Figure 3.2 and 3.3.

58



Chapter 4

Zooming into the binding
groove of HLA molecules:
which positions and which
substitutions change peptide
binding most?

HANNEKE W.M. VAN DEUTEKOM, CAN KEŞMIR
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Abstract

HLA genes are the most polymorphic genes in the human genome. Almost
all polymorphic residues are located in the peptide binding groove, resulting
in different binding preferences. However, until now it has not been possible
to quantify the contribution of polymorphic residues to the actual peptide bin-
ding. To get a better understanding of this, we made use of an in silico method,
NetMHCpan, that is able to predict the binding affinity of peptides to MHC mo-
lecules. We predicted the peptide binding repertoire of a large set of HLA mo-
lecules and used the overlap of the peptide binding repertoires of every pair of
HLA molecules to measure how much single substitutions at polymorphic posi-
tions change the peptide binding.

We found that the effect a single substitution in the peptide binding groove de-
pends on the substituted position and the amino acids involved in the substitution.
Additionally, the positions that alter peptide binding most are also the most poly-
morphic ones, while the positions that are constant or hardly variable have the
lowest effect on the peptide repertoire of an HLA molecule. Thus, we report a
relationship between functional divergence and polymorphism of HLA molecules.
Finally, we show that a single substitution in HLA-B molecules has more effect on
the peptide binding repertoire compared to that in HLA-A molecules, providing an
(alternative) explanation for the larger polymorphism of HLA-B molecules com-
pared to their HLA-A counterparts.
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4.1 Introduction

HLA genes are the most polymorphic genes of the human genome [7], and most
of the polymorphism is found in the peptide binding groove. Due to this poly-
morphism, every HLA molecule has its own binding preferences, and therefore
presents a different set of peptides to T cells. Substitutions within the peptide
binding groove are expected to change the binding preference, leading to a dif-
ferent peptide binding repertoire. If the new binding preference provides fitness
advantage to its host, an HLA molecule with a (slightly) altered peptide binding
repertoire will be maintained in the population.

Because of the high polymorphism and their role in generating an immune re-
sponse, it is not surprising that HLA molecules are associated with more diseases
than any other region of the genome [39, 40]. The most intriguing associations
are those where one HLA molecule is associated with a disease, while a closely
related HLA molecule is not. For example, HLA-B*2705 is associated with An-
kylosing Spondylitis, opposite to HLA-B*2709. The difference between these two
molecules is the substitution of an Asparagine with a Histidine on position 116
[42]. HLA-B*4201 is associated with a better control of HIV, while HLA-B*4202
is not, despite the fact that these molecules differ only at position nine [146].
Similarly, HLA-B*3503 is associated with a fast progression to AIDS, while HLA-
B*3501 is not; they differ at position 116 [48]. In all these examples the HLA
molecules differ at a single position, yet this difference results in a completely
different disease outcome. As the positions mentioned in the examples are part
of the peptide binding groove, these observations suggest that different disease
assocciations might be explained by changes in the peptide binding repertoire of
an HLA molecule.

Here, we studied the effect of such single amino acid substitutions within the
binding groove on the peptide binding repertoire. To investigate the impact of a
substitution we need to compare the peptide binding repertoire of HLA molecules
that differ at a single position, which demands a large amount of peptide binding
data for a large set of HLA molecules. Experimental binding data to address this
question is limited in both the number of HLA molecules and the number of pep-
tides per HLA molecule. Therefore, we used the in silico predictor NetMHCpan to
predict the binding affinity of a large set of natural peptides to HLA molecules,
and define the top 1% highest binders as the peptide binding repertoire of the
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specific HLA molecule. Next, we calculated the overlap of the peptide binding
repertoires of two HLA molecules, and use this overlap as a measure of the func-
tional effect of the substitution.

We showed that the effect of a substitution on the peptide binding repertoire de-
pends on both the position that is substituted and the chemico-physical properties
of the amino acids involved. We found the largest effect of a single substitution
at positions 63, 67 and 116. Additionally, we showed that in general the most
polymorphic positions have the highest influence on the peptide binding reper-
toire, suggesting that only the substitutions that actually change the peptide bin-
ding repertoire, and thereby the function of HLA molecules, have been selected
through evolution. Finally, we show that the effect of a substitution on the peptide
binding repertoire is significantly larger in HLA-B molecules compared to HLA-A
molecules, suggesting that novel HLA-B molecules easily evolve through point
mutations, and therefore approach a larger diversity at the population level.

4.2 Results

4.2.1 Several HLA molecules are closely related.

In January 2013, the IMGT/HLA database contained over 6900 HLA class I alleles
[147], resulting in more than 3500 different HLA-A and -B molecules. Most of
the polymorphic positions of HLA molecules are found within the peptide binding
groove, suggesting that HLA molecules have different peptide binding preferen-
ces. A randomly chosen pair of HLA molecules can be different from each other
at several positions. Since it is not clear whether or not the effect of substitutions
are additive, we restricted ourselves to the effect of single substitutions. To this
end, we compared the 61 positions that are part of the peptide binding groove
between pairs of HLA molecules (Figure 1.2)(n = 251, see Material and Methods)
[5]. In 138 pairs of HLA molecules, the difference was only one amino acid; and
substitutions on positions 156, 97 and 116 occurred more than ten times (Figure
4.1). The positions that differ among these 138 pairs demonstrate which single
substitutions occurred in contemporary HLA molecules, and thus, have been evo-
lutionarily selected. However, it is unknown to what extend the functionality of
these HLA molecules is changed due to these single substitutions.
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4.2.2 The effect of single amino acid substitutions on the pep-
tide binding repertoire is highly diverse.

To analyse the effect of a single amino acid substitution in the peptide binding
groove, we compared the peptide binding repertoires of the corresponding HLA
molecules. We combined the peptide binding data from the IEDB [148] and SY-
FPEITHI [61] database, and found data for 26 pairs of HLA molecules, of which
ten pairs have information for more than twenty peptides (Table S4.1). For those
pairs, we calculated the percentage of peptides that bind both HLA molecules or
to neither one of them. Note that only the IEDB database provides information
on non-binders. Although very limited, these data suggest that a specific single
substitution can change the binding repertoire of an HLA molecule, and thus its
functionality. For example, there is only 57% overlap between the peptide bin-
ding repertoires of HLA-A*0201 and A*0207, which differ at position 99 only (see
Table S4.1).

To extend this analysis, we used the in silico program NetMHCpan [63, 98] that is
able to predict the binding affinity of peptides to any HLA molecule. NetMHCpan
uses 34 polymorphic residues within the binding groove to predict peptide-HLA
affinities (Figure 1.2D). As expected, the positions found to differ among the na-
turally occuring HLA pairs (Figure 4.1) are all included in these 34 positions. We
predicted the binding affinity of 100.000 natural peptides for each HLA molecule
in our data set (n = 251), and defined the top 1% best predicted binders as the
peptide binding repertoire of the HLA molecule.
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Chapter 4. Zooming into the binding groove of HLA molecules

To investigate whether netMHCpan can reliably predict the differences in the pep-
tide binding repertoires of HLA molecules that are very similar, we predicted the
peptide binding repertoire of closely related HLA molecules reported in literature,
which are not used to train the NetMHCpan method. Yague et al. [149] showed
that, although HLA-B*3901 and HLA-B*3910 differ only at position 67, HLA-
B*3910 has a more hydrophobic B pocket than its closest neighbour HLA-B*3901.
Since HLA-B3910 peptide binding data was not used to train the netMHCpan
method, we investigated whether the predicted peptide binding repertoires of
these two molecules reflect the reported difference. Indeed, our predictions sug-
gest a very dominantly preference for Proline on the second anchor residue for
HLA-B*3910, in contrast to the preference for basic residues for HLA-B*3901 (Fi-
gure S4.1). Similarly, we were able to demonstrate the difference between the
F pocket of HLA-B*1510 and HLA-B*1518 [150], which differ only at position
116, and are both not present in the training set of NetMHCpan (Figure S4.1).
These examples demonstrate that NetMHCpan accurately captures differences in
peptide binding repertoires of very closely related HLA molecules.

To see the effect of single subtitutions in the 138 HLA pairs we identified above,
we used the overlap of the predicted peptide binding repertoires as a measure
for the functional similarity of the corresponding HLA molecules. We found the
smallest median overlap, i.e., largest functional difference, for position 63 (Fi-
gure 4.2). Substitutions on positions 67, 9 and 116 also have a large impact on
the peptide binding repertoire. In contrast, changing positions 7, 24, 59, 69 or
158 hardly changed the peptide binding repertoire of the HLA molecule (overlap
> 93.5%, Figure 4.2). Interestingly, although position 156 differed most often
between pairs of HLA molecules (Figure 4.1), it does not drastically change the
functionality (median overlap 83.3%, Figure 4.2). This suggests that either other
mechanisms drove this polymorphism, or this position is neutral and the poly-
morphism arose by natural drift.

To understand how much of the variation on peptide repertoire overlap can be
explained by the differences in polymorphism of different positions (Figure 1.2B,
Table S4.2), we calculated the degree of polymorphism for each position in terms
of the Simpson Index (SI). The SI is a measurement for diversity that corrects for
substitutions that are found only rarely, i.e., in only a few HLA molecules, and
defines the probability that two randomly chosen HLA molecules have the same
amino acid at a specific position. The reciprocal SI (SRI) translates this diversity
into a number between 1 and 20 (see Material and Methods), i.e., the SRI gives

64



4.2 Results

63 9 97 152 156 74 70 80 171 45167 66 76 114 95 59 158 69 24 77711667 16399

position

20

40

60

80

100
%

 o
v
e
rl

a
p

Figure 4.2. The percentage of overlap between the peptide binding repertoires of
two HLA molecules that differ at a single position in the peptide binding groove.
The positions are ordered according to the median overlap within all pairs of HLA
molecules.

a weighted number for the amount of different amino acids observed at a specific
position (Table S4.2).

The median overlap between the peptide repertoires of two HLA molecules (Fi-
gure 4.2) correlates almost significantly with the degree of polymorphism at the
substituted position (Figure 4.3). This result suggests that positions where sub-
stitutions have a larger effect on peptide binding tend to be more polymorphic
than the positions with medium or no impact on peptide binding. To our know-
ledge this is the first time that a correlation was found between the functional
divergence and the polymorphism of MHC molecules, although this relationship
was already suggested right after the biological function of MHC molecules was
discovered [151].

Positions 9, 63, 67, 152 and 167 are clear outliers, where a substitution has a
larger effect on the peptide binding repertoire than expected by the polymorphism
at that position (Figure 4.3). Most of these positions are part of the B pocket
(positions 9, 63, and 67) or the F pocket (position 116) (Figure 1.2C). In contrast,
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positions like 59 and 158 are located outside any of the binding pockets, and
hardly change the functionality upon substitution [6]. Nevertheless, being part of
the B or F pocket does not necessarily imply that changing these positions would
change the peptide binding repertoire, because positions 24, 45, 70 and 99 of
the B pocket and 77, 80 and 95 of the F pocket hardly change the functionality
(Figure 4.4).

4.2.3 Not only the position, but also the nature of the amino
acid substitutions affects the peptide binding repertoire.

We have suggested that the specific position of the substitution has a large effect
on the peptide binding, and therefore, the function of the HLA molecules (Figure
4.2). For some positions, there seems to be a large variance within a position;
i.e., while some substitutions can change peptide binding repertoire up to 70%
(Figure 4.2), others hardly make any difference. Position 116 is a perfect example
to demonstrate this effect (Table 4.1). A few substitutions at this position lead
to hardly any change in functionality, which can be explained by the nature of
the substitutions, e.g., Phenylalanine (F) and Tyrosine (Y) are both large and
nonpolar, and Aspartate (D) and Glutamine (N) are both large and polar. The
largest difference in peptide binding repertoire is found for the substitution from
Serine (S) to Tyrosine (Y); i.e., changing from a small and polar amino acid to a
large and nonpolar one. Substituting an amino acid with one that has completely
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HLA aa HLA aa % overlap BLOSUM62
HLA-B1507 S HLA-B1545 Y 31.1 -2
HLA-B1510 Y HLA-B1518 S 45.5 -2
HLA-B3501 S HLA-B3503 F 57.2 -2
HLA-B4402 D HLA-B4405 Y 67.8 -3
HLA-B4002 Y HLA-B4027 N 72.2 -2
HLA-A6801 D HLA-A6807 H 72.3 -1
HLA-B0702 Y HLA-B0709 S 75.1 -2
HLA-B2705 D HLA-B2709 H 77.2 -1
HLA-A2601 D HLA-A2602 N 90.5 1
HLA-B3903 F HLA-B3914 Y 92.5 3
HLA-B3502 Y HLA-B3506 F 93.2 3
HLA-A0201 F HLA-A0260 Y 95.8 3

Table 4.1. The overlap of peptide binding repertoires of HLA molecules with a
substitution on position 116. Positive BLOSUM62 scores indicate the more likely
substitutions and the negative scores indicate less likely substitutions.

different physico-chemical properties has the largest effect on the peptide binding
repertoire. We tested this hypothesis by making use of the scores of a general
amino acid substitution scoring matrix BLOSUM62 [152], where positive scores
indicate the more likely substitutions and negative scores less likely substitutions.
Indeed, the percentage overlap found at position 116 (Table 4.1) correlates very
signifcantly with the BLOSUM score (p < 0.0003, Spearman’s rank correlation),
and similar results were found for positions 67 and 97 (SRI> 3, with p < 0.03
for 67 and p < 0.008 for 97, data not shown), showing that substitutions that are
less likely to occur change the peptide binding repertoire most. Interestingly, the
effect of a substitution from a Serine to a Tyrosine is variable, i.e., from 31.1% to
75.1% overlap in the peptide binding repertoire (Table 4.1), suggesting that the
background of the HLA molecule has an influence on the effect of the substitution.

In summary, we showed that the functional effect of a single substitution varies
between positions. The effect of a substitution depends on the chemico-physical
properties of the amino acids involved in the substitution, and the location of that
substitution. Evolution tends to select primarily those substitutions that have the
highest impact on the peptide binding repertoire, and thus, there is a correlation
between the polymorphism on a specific position and the impact of a substitution
at that position on the peptide binding repertoire. Substitutions on positions 9,
63, 67, 152 and 167 cause an even larger effect on the peptide binding repertoire
than expected from their polymorphism.
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Figure 4.4. The percentage of overlap between the peptide binding repertoires
of two HLA molecules that differ at only one position in the peptide binding
groove. The positions are ordered according to the pockets, and several positions are
represented in more than one pocket (Figure 1.2C). The number in between brackets
indicates the total number of positions within the pocket that are also among the
34 positions used by netMHCpan, note that, this number also includes monomorphic
positions.

4.2.4 HLA-B molecules are more sensitive to substitutions

Although all HLA loci are extremely polymorphic, the HLA-B gene is the most
polymorphic gene in the human genome [7]. To investigate whether substitutions
affect the peptide binding repertoires of HLA-A and HLA-B molecules differently,
we grouped HLA pairs by their locus, resulting in 41 pairs of HLA-A and 97 pairs
of HLA-B molecules. These pairs are not equally distributed over the positions,
for example, 3 pairs of HLA-A and 13 pairs of HLA-B molecules have a single
substitution at position 97, whereas 2 pairs of HLA-A and only 1 pair of HLA-B
molecules differ at position 66 (Figure 4.1). Moreover, all single substitutions
at position 67 were found in HLA-B molecules only, whereas those at position
70 were found in HLA-A molecules only. In total, there are only 11 positions
where substitutions were found in both HLA-A and B pairs (Figure 4.1). For
these positions, we compared the median percentage of overlap between HLA-A
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and HLA-B pairs and found a trend suggesting that single substitutions affect the
HLA-B peptide binding repertoire more than that of their HLA-A counterparts
(Figure 4.5, p = 0.067, paired Wilcoxen rank test). In other words, it might be
easier to generate a novel peptide binding motif through a single point mutation
for an HLA-B molecule than for an HLA-A molecule.
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Figure 4.5. The difference in median
overlap between HLA-A and HLA-B
pairs. The numbers indicate the dif-
ferent positions. The overlaps for both
loci separately are shown in Figure
S4.2.

To test whether HLA-B molecules are more sensitive to point mutations compared
to HLA-A molecules, we extended the analysis by generating all possible one
amino acid substitution HLA pairs in silico. To this end, we have selected the most
common HLA molecules (i.e., those that are found at least in 0.5% of an American
ethnic group, n = 102, see Material and Methods) and generated substitutions at
each of the 34 positions of the HLA molecules that are used by NetMHCpan to pre-
dict peptide binding. We limited the substitutions to those amino acids that are
present in the set of HLA molecules used to train the NetMHCpan method, hence,
we made sure that the method is trained to handle all the generated substitutions
(see Material and Methods). This procedure led to more than 3000 generated
HLA-A and over 5000 generated HLA-B molecules, and polymorphism in both
loci at 22 out of 34 positions. By using locus specific amino acids for the substi-
tutions, we kept the degree of polymorphism in the generated HLA-A and HLA-B
molecules similar to that in naturally occuring molecules. The peptide binding
repertoires for all in silico generated HLA molecules were predicted as described
before, and the overlap between the generated and the natural HLA molecule was
used as a measure for the effect of single substitutions on HLA function (Figure
4.6).

The overlaps are very similar to those of naturally occurring pairs, i.e., the order
of the positions in Figure 4.2 and Figure 4.6 is almost the same. A single amino

69



Chapter 4. Zooming into the binding groove of HLA molecules

0

20

40

60

80

100
%

 o
v
e
rl

a
p

HLA-A
HLA-B

63 9 116 67 152 66 62 95 15681 97 74 167 76 171 80 77 114 163 70 158

position

99

** ** ** ** ** ** ** ** ** ** *** * * * * * * *

Figure 4.6. The percentage of overlap caused by a single substitution at a specific
position in the peptide binding groove. The positions are ordered according to the
median overlap of the HLA-B molecules, and the p values are calculated using the
Mann Whitney U test with * p < 0.05, ** p < 0.0001. The overal median of HLA-B is
lower than that of HLA-A, paired Mann Whitney U test, p = 0.0027.

acid substitution in HLA-B resulted in a significantly lower overlap in peptide
binding repertoire compared to that in HLA-A molecules in 15 out of 22 positions
(68%), suggesting that the peptide binding groove of HLA-B molecules is more
sensitive to single substitutions. Only at positions 70, 77, 97 and 158 did the
substitutions result in a significantly more different peptide binding repertoire
in HLA-A molecules compared to that in HLA-B molecules. In positions 99, 114
and 116 where our analysis does not provide a significant difference, the median
overlap of the peptide binding repertoires in HLA-B pairs is smaller than that in
HLA-A pairs. Taken together, our results suggest that HLA-B molecules are more
sensitive to point mutations.

The difference between HLA-A and HLA-B molecules could be due to the extra
selection pressure on HLA-B molecules because they are also ligands for KIR re-
ceptors on NK cells [153]. To test this possibility, we grouped the HLA-B molecules
according to their Bw4 or Bw6 motif (positions 77-83). HLA-B molecules with a
Bw4 motif were shown to be ligands for KIR [153]. If NK cells exert selection
pressure, a single substitution in HLA-B molecules with a Bw4 motif is expected
to have a larger effect than that in one with a Bw6 motif.

Surprisingly, HLA-B molecules carrying the Bw6 motifs are more sensitive to
single substitutions compared to those with the Bw4 motif, which is also sig-
nificant for the individual positions 62, 70, 147 and 156 (Figure S4.3). These
positions, however, are at distinct places within the peptide binding groove and
do not seem to be related in any way (Figure 1.2C). Because the sensitivity of sub-
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stitutions is not related to the Bw4 or Bw6 motifs, the difference between HLA-A
and HLA-B molecules cannot be explained by the influence of NK cells.

4.3 Discussion

In this paper we investigated the impact of polymorphic positions within the pep-
tide binding groove on the function of HLA molecules. We found that the impact
of a substitution on the peptide binding repertoire depends on the position and
the chemico-physical properties of the amino acids involved. Additionally, the ef-
fect of a single substition also depends on the sequence of the HLA molecule, i.e.,
identical substitutions at identical positions can have a different effect on the pep-
tide binding preference (Table 4.1). Polymorphism in MHC molecules is typically
thought to be due to differences in functionality. To our knowledge, our results
are the first to show a positive correlation between the effect of a position in the
peptide binding repertoire of HLA molecules and the population diversity of that
position. In other words, the positions that hardly change the peptide binding
preferences are almost monomorphic. In contrast, the positions where a single
substitution changes on average 20-30% of all peptides that bind to a single HLA
molecule, are very polymorphic. Surprisingly, substitutions in HLA-B molecules
change the peptide binding motif more drastically than those in HLA-A molecules,
suggesting that the higher polymorphism of HLA-B molecules can be (partly) due
to their higher sensitivity to point mutations.

The analysis reported in this study was only possible using the state-of-the-art
in silico predictor of peptide-MHC interactions, NetMHCpan [63, 98], because
available experimental data is far from being sufficient to reliably study peptide
binding repertoires of such a broad range of HLA molecules. The performance of
peptide-MHC binding predictors in identifying T cell epitopes was demonstrated
in several studies [60, 154, 155], and in this study we presented a few case stu-
dies where netMHCpan is able to predict subtle differences between very closely
related HLA molecules (Figure S4.1).

HLA-C molecules were excluded from our analysis because the predictive per-
formance of netMHCpan was shown to be lower than that of HLA-A and HLA-B
molecules, due to the limited amount of quantitative HLA-C binding data [98].
Because HLA-C molecules play a major role as ligands for natural killer cell re-
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ceptors [156], it would be insufficient to view their evolution only in the light of
their peptide binding properties.

The best correlations with diseases were found with HLA molecules. In an attempt
to discover associations between HIV-1 and HLA molecules, a large genome wide
association study was performed in a cohort of HIV-1 controllers and progressors
[49]. Strikingly, SNPs in the HLA region were the only genetic components associ-
ated with successful control of HIV-1 infections. More specifically, three positions
in HLA-B; 67, 70 and 97, showed the strongest association, and it was suggested
that conformational differences in peptide presentation, due to different amino
acids on those positions, contribute to the protective or susceptible nature of vari-
ous HLA-B molecules [49], which is in agreement with our results. Pereyra et
al. [49] noted that position 70 is tightly coupled with positions 67 and 97. In our
results position 70 hardly changes the peptide binding repertoire (Figure 4.2 and
4.6), suggesting that position 70 is ‘hitch-hiking’ along with positions 67 and 97
in their ability to change the peptide binding repertoire. Only one independent
marker was identified in HLA-A, namely 77 [49]. Also in our results position 77
is an exception for HLA-A molecules as it changes the peptide binding repertoire
more than other positions (Figure 4.6).

Our results may have clinician applications for organ transplantation. An HLA
identical donor is prefered for transplantation to decrease the chance and extent
of transplantation related diseases. However, identical donors are not always
available, and subsequently, the best mismatched donor should be selected. This
selection is based on the mismatched locus, the number of mismatched loci, and
the presence of haplotype mismatching [157]. It is known that some specific
mismatches lead to more alloreactivity than others [158], however, it is still un-
known what the reason for these non-permissile mismatches is. Finding the best
mismatched donor is therefore challenging. Since our results identify which sub-
stitutions are important for changing the peptide binding repertoire, the overlap
in peptide binding repertoire of mismatched donor and recipient could be used
to optimize the MHC class I match. Positions 9 and 116 in HLA-A and position
116 in HLA-B have previously been shown to be associated with an increased risk
of transplantation related diseases [158, 159]. This is in agreement with our re-
sults, because we show that the effect of a substitution at positions 9 and 116 can
have a large impact on the peptide binding repertoire (Table 4.1), suggesting that
donors with a substitution at position 9 or 116 should be particularly avoided.
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Taken together, the analysis presented here strongly suggest that the ‘distance’
between HLA molecules at sequence level does not necessarily correlate with the
differences at the functional level. Some positions in the MHC binding groove
seem to be ‘master’ determinants of the peptide binding specificity, e.g., a single
substitution at position 9, 67, 63 or 116 has in general a large impact on the set
of presented peptides, while substitutions at several other positions barely change
the peptide binding repertoire. Our attempt to quantify these effects can have an
impact in understanding HLA-disease associations and have clinical applications
in transplantation immunology.

4.4 Materials and Methods

4.4.1 Selection of HLA molecules

HLA molecules from the National Marrow Donor Program database were included
in this study if a frequency is reported for at least one of the four ethnic groups
([103], HLA Haplotype Frequencies, May 2010). Because only 34 polymorphic
positions in the peptide binding groove are used for peptide binding predictions,
we discarded HLA molecules that have the exact same combination of amino acids
compared to an HLA molecule already in the selection, resulting in 80 HLA-A
and 171 HLA-B molecules. The selection was based on the numbering of the
molecules; e.g. A*02:24 was excluded because A*02:01 was already included.

4.4.2 HLA-peptide databases

All peptides that were reported to bind to HLA molecules were downloaded from
the IEDB [148] and SYFPEITHI [61] in March 2013. The IEDB database provides
the binding affinity for each peptide, and those with an intermediate or high
binding affinity were classified as binders (< 500nM).
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4.4.3 MHC-I binding predictions

NetMHCpan is a neural network-based predictor that is trained on the poly-
morphic positions of a set of MHC molecules, including 33 HLA-A and 30 HLA-B
molecules, and a large set of peptides of which the binding affinity towards a
specific MHC molecule is known, including both binders and non-binders [63].
We used NetMHCpan-2.4 [98] to predict binding affinities of 105 random natural
nonamer peptides for the selected HLA molecules. We defined the top 1% of best
binding peptides as the peptide binding repertoire of a specific HLA molecule.
The overlaps in peptide binding repertoire using the top 2% are highly correlated
to that using the top 1% (correlation: 0.99, p = 0, r2=0.98).

4.4.4 Generating in silico HLA molecules

We selected the most common HLA molecules, i.e., those with a frequency larger
than 0.05% in either ethnic groups within the National Marrow Donor Program, to
generate new HLA molecules. For all 34 positions used as an input for NetMHC-
pan, we substituted the amino acid with another amino acid occurring in that
position in any of the HLA molecules in the training set of NetMHCpan. We dis-
tinguished between HLA-A and HLA-B molecules, i.e. we only substituted for
amino acids that are found in the specific locus. Subsequently we did not allow
for changes at 10 positions in HLA-A and 7 positions in HLA-B; positions 7, 24,
45, 59, 69, 84, 118, 143, 147 and 159 for HLA-A and 7, 59, 73, 84, 118, 150
and 159 for HLA-B. With this approach we keep the degree of polymorphism on a
specific position in the generated HLA molecules the same compared to naturally
occurring ones. Using all possible substitutions we generated 3072 HLA-A and
5396 HLA-B molecules.
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4.4.5 Simpson Reciprocal Index

To calculate the degree of polymorphism for each position within the peptide
binding repertoire we calculated the Simpson Reciprocal Index (SRI):

SRI =
1∑20
1 f2

i

,

where fi is the fraction of amino acid i. The SRI is a number between 1 and 20,
and defines a weighted number for the amount of different amino acids observed
on a specific position (Table S4.2).
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Figure 4.2.
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position total binders non-binders %
HLA-A0201 HLA-A0216 163 581 60 494 95.4
HLA-A0204 HLA-A0201 97 7 4 2 -
HLA-A0205 HLA-A0202 9 96 48 40 91.7
HLA-A0206 HLA-A0201 9 3313 1110 1608 82
HLA-A0206 HLA-A0210 99 2 0 2 -
HLA-A0206 HLA-A0214 95 2 0 1 -
HLA-A0207 HLA-A0201 99 70 22 24 65.7
HLA-A0212 HLA-A0201 156 820 119 661 95.1
HLA-A0214 HLA-A0205 156 3 0 2 -
HLA-A2601 HLA-A2602 116 233 57 146 87.1
HLA-A3301 HLA-A3303 171 4 1 2 -
HLA-B1509 HLA-B1510 114 2 2 0 -
HLA-B2704 HLA-B2710 77 3 2 1 -
HLA-B2705 HLA-B2703 59 117 16 100 99.1
HLA-B2705 HLA-B2709 116 29 22 3 86.2
HLA-B2710 HLA-B2705 152 3 2 1 -
HLA-B2720 HLA-B2706 114 1 1 0 -
HLA-B3501 HLA-B3503 116 10 1 6 -
HLA-B3501 HLA-B3508 156 42 36 4 95.2
HLA-B3909 HLA-B3901 99 4 4 0 -
HLA-B4103 HLA-B4101 95 1 1 0 -
HLA-B4103 HLA-B4102 97 5 5 0 -
HLA-B4403 HLA-B4402 156 507 140 319 90.5
HLA-B4405 HLA-B4402 116 4 4 0 -
HLA-B5502 HLA-B5501 77 1 1 0 -
HLA-B5502 HLA-B5601 163 1 1 0 -

Table S4.1. The number of known binders and non-binders for the pairs of HLA
molecules that differ at one position. The total is the number of peptides for which
data is provided for both HLA molecules. The % defines the percentage of peptides
that bind to both HLA molecules or to neither one of them, which is not calculated
for cases where we have too few data.
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position nr SRI amino acids
7 2 1.014 Y, Ca

9 6 2.382 Y, Fa, Sa, Ta, Db, Hb

24 3 2.176 A, Sb, Tb

45 5 3.138 M, Eb, Gb, Kb, Tb

59 2 1.007 Y, Hb

62 5 1.832 G, R, Ea, La, Qa

63 3 2.009 N, E, Qa

66 4 2.213 N, K, Ib, Tb

67 6 4.409 M, Va, Sb, Fb, Cb, Yb

69 4 2.042 A, Ga, Tb, Rb

70 5 2.847 Q, Ha, Sb, Nb, Kb

73 3 1.081 T, Ia, Ab

74 4 2.365 D, Ha, Na, Yb

76 3 1.779 E, V, Aa

77 4 2.685 S, D, N, Gb

80 3 2.608 T, I, Nb

81 2 1.465 A, L
84 1 1.000 Y
95 4 2.789 I, L, Va, Wb

97 9 3.221 R, Ia, Ka, Ma, Nb, Sb, Tb, Vb, Wb

99 5 1.239 C, Fa, Y, Ha, Sb

114 7 4.233 H, Ea, Qa, Ra, Db, Kb, Nb

116 7 4.168 D, Fb, Ha, Na, Y, Lb, Sb

118 1 1.000 Y
143 2 1.058 T, Sb

147 2 1.051 W, Lb

150 2 1.043 A, Va

152 5 2.015 E, V, Aa, Wa, Ra

156 6 2.421 W, R, L, Aa, Qa, Db

158 4 1.214 A, Sa, Va, Tb

159 2 1.007 Y, La

163 5 3.091 T, E, Pa, Ra, Lb

167 4 1.261 Ga, W, Ra, Sb

171 3 1.218 H, Y, Ia

Table S4.2. The 34 positions used as input for the NetMHCpan method. a: amino
acid only present in HLA-A molecules, b: those only present in B molecules. The
underlined positions are present in the HLA molecules of the training set, a or b

indicates that this amino acid is only present in the HLA-A or the HLA-B trainingset.
For example, position 24; A is present in both HLA-A and -B and in both training
sets, S is present in both loci, but only in the B training set and T is only found in B
molecules and the B trainingset.
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Figure S4.3. The percentage overlap of the peptide binding repertoire of HLA-B
molecules divided according to their Bw4 and Bw6 motif. p-values are calculated
using the Mann Withney U test. The * indicates p < 0.05. The overal median of the
HLA-B molecules with a Bw6 motif is lower than that of molecules with a Bw4 motif,
paired Mann Whitney U test, p = 0.0001.
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Chapter 5. Broader CTL responses select for fewer immune escapes

5.1 Abstract

During the first months of HIV infection the virus typically evolves several im-
mune escape mutations. These mutations are found in epitopes in viral proteins
and reduce the impact of the CD8+ T cells specific for these epitopes. Recent data
show that only a subset of the epitopes escape, that most of these escapes evolve
early, and that the rate of immune escape slows down considerably. To investi-
gate why the evolution of immune escape slows down over the time of infection,
we have extended a consensus mathematical model to allow several immune re-
sponses to control the virus together. In the extended model most escapes also
occur early, the immune escape rate also becomes vanishingly small later, and ty-
pically only a minority of the epitopes escape. We show that escaping one of the
many immune responses provides little advantage after viral setpoint has been
approached because the total killing rate hardly depends on the breadth of the
immune response. If the breadth of the immune response slowly wanes during
disease progression, the model predicts an increase in the rate of immune escape
at late stages of infection. Overall, the most striking prediction of the model is
that HIV evolves a small number of immune escapes, in both relative and absolute
terms, when the CTL immune response is broad.
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5.2 Introduction

HIV replicates very rapidly during the acute infection, reaching a peak viral load
in about 3 weeks [29]. The peak viral load coincides with a remarkable drop in
the number of circulating CD4+ T cells in the infected host. Subsequently, the
HIV-1 viral load contracts and approaches the so-called viral setpoint. This de-
crease depends on CD8+ cytotoxic T lymphocytes (CTLs) killing and controlling
infected cells, and on the limited availability of CD4+ target cells [32–34]. Due
to the very high mutation rate of HIV, the viral population rapidly becomes highly
heterogeneous, i.e. a diverse quasispecies. This quasispecies contains immune
escape variants that escape from cognate CTLs, and will therefore increase in
frequency in the viral population [51, 52].

Recently developed sequencing methods have made it possible to sequence the
whole HIV quasispecies [114, 160–163]. Variants can now be detected even when
their frequency in the quasispecies is as low as 0.05% [160]. Typically HIV in-
fections start with a single founder virus, which drastically increases in diversity
around the peak in the viral load [114, 162]. The regions containing CTL epitopes
increase most prominently in diversity. Indeed, most CTL responses appear early
in infection, and are already present during the viral peak. Two recent studies
have identified most, if not all, CTL immune responses in several patients under-
going acute infection, and by deep sequencing they document how virus evolves
its immune escapes from these immune responses [162, 163]. Strikingly, most
immune escapes occur very early, and the viruses harboring these escapes then
rapidly take over, yet the virus escapes only from a subset of all CTL responses
that are present [162, 163]. It remains unclear why the virus fails to escape from
the remaining CTL responses. The major factors determining which epitopes es-
cape are the immunodominance of the corresponding immune response, and the
viral fitness cost associated with the escape mutations [163]. One major aim of
this paper is to explain why the virus escapes only a subset of all responses, and
why this tends to occur during early infection only.

Another striking feature of the evolution of immune escape mutations during HIV
infection is that the rate at which existing mutants increase their frequency in
the quasi species slows down considerably during the infection [135, 162, 164].
Several studies have documented very slow escapes and slow sequence evolution
during chronic infection [55, 135, 164–166]. The consensus interpretation of
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these slow take over rates during chronic infection is that even the dominant CTL
clonotypes impose a very minor selection pressure, and play a very minor role
in controlling the virus [135]. All in all, this was taken as evidence suggesting
that the virus is largely controlled by other mechanisms during chronic infection
[135]. However, it is known that CTL responses persist [165, 166], and that new
CTL responses develop in chronically infected patients [163]. Another major aim
of this paper is to show that the minor selection pressure was to be expected when
several CTL clonotypes together control the infection, and although each of them
has very little impact on the control of the infection, they together can play an
essential role. Thus, the observed slow take over rates fail to provide evidence
that CTLs are not important during the chronic phase of the infection.

Despite our detailed knowledge of CTL escapes during acute infection, it remains
unclear why only a minority of the epitopes escape, and why the escape rate
decreases over time. Here we show that the co-existence of several CTL responses
in a mathematical model explains these features of the within host evolution of
HIV in a very natural manner. Our major finding is that the contribution of a
single CTL clone to the overall immune response decreases over time when the
breadth of the CTL response increases, and we show that this is a generic result.
In our model the total killing rate at steady state hardly depends on the breadth
of the response. In absolute terms, we therefore observe fewer immune escapes
in hosts mounting a broad immune response.

5.3 Results

5.3.1 The data

Several recent papers describe the early CTL immune responses during HIV-1
infection, and how the virus rapidly evolves immune escapes, and how this evo-
lutionary process slows down with time [52, 135, 162–164, 167–170]. We reana-
lyzed some of the data presented by Liu et al. [163] and Henn et al. [162] to
illustrate that in most patients, HIV-1 evolves immune escapes to only a subset
of all primary CTL responses that were identified in these patients (Figure 5.1).
In none of the patients does the virus escape all responses, and the data suggest
that in patients mounting more than 6 CTL responses the virus escapes only a
handful of them in the first 200 days of the infection (Figure 5.1)). This observa-
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tion agrees with other observations that late immune escapes can be exceedingly
slow [52, 114, 135, 162, 164, 167–169]. Since it is incompletely understood why
the evolution of immune escapes slows down, and why the virus fails to escape
from the remaining CTL responses, we develop a mathematical model. Although
the virus is not accumulating fitness costs in our model, and the CTL responses
cannot become exhausted in our model, we find similar results.
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Figure 5.1. Escapes that have become
dominant before day 200. The circles
represent data from Liu et al. [163],
where an escape was scored as success-
ful when its density was higher than 50%.
The star represents the patient described
by Henn et al. [162]. The numbers at
each symbol indicate the time point at
which the number of escapes was coun-
ted.

5.3.2 The model

To model the interaction between HIV and the host immune system, we use ordi-
nary differential equations (ODEs) (see and Methods for a full description). The
model is very similar to models that have been used before [69, 71]; its main
distinguishing feature is that we allow several CTL responses to co-exist at steady
state and together control the infection. The CTL responses appear sequentially
over a period of a hundred days (Figure 5.2C and D), and they respond with
different avidities to a pre-defined set of epitopes, generating a hierarchical ver-
tical immunodominance [163, 168, 171]. HIV can mutate epitopes during the
infection of a target cell (see Methods), ablating the recognition by CTL clones.
Mutation is associated with a fitness cost [133, 172, 173]. The fitness is incor-
porated in the infection rate, i.e., a viral variant with a lower fitness has a de-
creased tendency of successfully infecting target cells. In the model, the fitness
can be completely restored by a compensatory mutation for the mutated epitope
[136, 172, 173].
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An example of a primary infection in the model is shown in Figure 5.2, depicting
the dynamics of HIV and of target and effector cells over the first 1000 days
after infection. The model accounts for an initial exponential growth of the virus
with a subsequent contraction phase leading to a viral set point [29]. In this
example, the virus elicits 12 CTL responses, and each CTL response targets one
viral epitope. Due to the high mutation rate, and the large effective population
size around the peak of the viral load, viral variants with new mutations appear
almost immediately. During the peak of the infection all of these mutants are
present in very small frequencies (< 0.05%), and each of them should expand
proportional to its relative selection pressure.

Figure 5.2. An example of the HIV and CTL dynamics in the first 1000 days
after infection. Panel A depicts the number of target cells (black solid line), the
viral load of different viral variants (grey solid lines; the viral variants that were most
abundant at a particular time point are coloured), and the total viral load (dashed
line). For clarity, only viral variants comprising of >10 virus producing cells are
shown. The CTL responses targeting the most abundant viral variant are represented
in the upper row of the ‘barcodes’, where a white box represents an immune escape of
the corresponding CTL response. The bottom row depicts the compensatory mutation
for the corresponding immune escape (coloured is wild type, white is mutated). In
this example, there are 12 CTL responses which are ordered by their appearance from
left to right. The gray scaled square on the right hand side of the bar indicates the
fitness of the viral variant (black for f = 1 to white for f = 0). The rate at which
infected cells are killed is depicted in panel B. Colours match the viral variants in
panel A. Panel C shows the CTL responses, with the total number of CTLs shown as a
dashed line. Panel D zooms in to show how the 12 CTLs emerge during the first 125
days after infection. Numbers at the base of each line indicate the avidity ε of the CTL
clone (top) and the relative fitness f (bottom) upon escaping this CTL response.
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Chapter 5. Broader CTL responses select for fewer immune escapes

In this particular example, the second immune response selects the first immune
escape (indicated by the white square in the green barcode in Figure 5.2A). As
a consequence the corresponding mutant virus expands (green line Figure 5.2A),
and the corresponding killing rate of this first successful escape is depicted by
the green line in Figure 5.2B, which is indeed much lower than the total killing
rate of the founder virus (depicted in red). The next event is the escape from the
third immune response (white box in third column of the orange barcode), which
apparently evolved from the ‘green’ variant. The next event is the compensatory
mutation for the second immune escape (lower white square in purple barcode).
Note that the ‘purple’ and the ‘orange’ variants only differ in this compensatory
mutation, and hence in their fitness, and that the ‘purple’ variant evolves very
rapidly in the context of the ‘orange’ variant. Because a compensatory mutation
does not affect the killing rate, their per capita killing rates overlap in Figure
5.2B. The fourth viral variant (light-blue line) escapes from the fourth CTL re-
sponse simultaneously evolving a compensatory mutation (two white squares in
the fourth column in the light-blue barcode). The compensatory mutation im-
mediately restored the fitness cost (f = 0.52) that was involved in escaping the
fourth CTL response. The figure continues like this for several more immune es-
capes. Note that at the end of our simulation, the virus did not evolve an escape
for the first CTL response because escaping this CTL response results in a relati-
vely low viral fitness (f = 0.27, Figure 5.2D), and the selection pressure provoked
by this CTL response is relatively small (ε = 0.23, Figure 5.2D).

In agreement with what is observed in the data (Figure 5.1), the virus has es-
caped only four of the twelve epitopes at the time that all CTL clones are present
(day 100). In the model the order in which subsequent epitopes escape depends
on the time at which the corresponding CTL clones appear, and on the balance
between the fitness cost of each mutation and the avidity of the CTL clone. At
the end of the simulation (day 1000), only six out of the twelve viral epitopes
have escaped (shown as 6 white squares in the last barcode), and all six escaped
epitopes have evolved their accompanying compensatory mutation, i.e., the virus
has completely restored its fitness. It seems strange, therefore, that the remaining
six epitopes failed to escape in this time period. Since the same strange obser-
vation was made in the data (e.g., Figure 5.1), an accumulation of fitness cost
is apparently not required to explain the same observation in the data. Because
viral fitness is completely restored by compensatory mutations in our model, the
remaining epitopes apparently fail to escape because the fitness cost of their es-
cape mutation exceeds the selection advantage of escaping the corresponding
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CTL response (the waiting time for single point mutations is short in our model).
Ultimately all epitopes will escape because each of them will undergo a double
mutation and simultaneously evolve an escape and compensatory mutation. We
indeed observe that such double mutants take over the quasi species very slowly.
Apparently, the selective advantage of escaping just one CTL response vanishes
when the immune response is at steady state and of sufficient breadth.

5.3.3 The evolution of immune escapes retards when the
breadth of the CTL responses increases

Since viruses evoking a large number of responses escape only a handful of them
(Figure 5.1), we investigate how the breadth of the CTL response impacts the
evolution of immune escape. We simulated hosts with different numbers of CTL
responses targeting wild type viral epitopes (i.e., n = 4, 8, 12, 16 epitopes). If there
are only a few CTL responses (e.g., n = 4 or 8 epitopes), the virus typically escapes
almost all CTL responses during a simulation (Figure 5.3A). Conversely, viruses
in hosts that evoke more than 8 CTL responses typically escape only a minority of
them, and the more CTL responses are mounted to the virus, the fewer epitopes
escape (Figure 5.3A). Note again that this is not due to an accumulation of fitness
costs in the virus, because in our simulations almost all escape mutations are
accompanied by a compensatory mutation that completely restores fitness (Figure
5.3A). Taken together, this indicates that evolution is slower in hosts having more
CTL responses controlling the virus. We find that viruses targeted by a large
number of CTL responses tend to escape a smaller number of responses than
viruses targeted by a small number of CTL responses, in absolute terms. This is
an interesting prediction of our model: a large breadth of the immune response
is associated with a low number of immune escapes, even though there are more
CTL responses controlling the virus.
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Figure 5.3. The number of escape mutations has a maximum at an intermediate
number of CTL responses. The grey bars indicate the total number of CTL responses
in each simulation. The boxplots represent the number of escape (esc) and compensa-
tory (comp) mutations that evolved in 1000 days, and are based on 250 simulations.
The red dashed line connects the median number of immune escapes for the different
number of CTL responses targeting the virus. Panel A shows simulations with CTLs
appearing within the first 100 days and the fitness of the founder virus is maximal
(f = 1). Panel B is similar to A, but the CTLs appeared with an average of 12.5 days
apart. Panel C and D are similar to A, but the founder virus is crippled (f = 0.6 in C
and f = 0.4 in D).
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One confounding factor is that we allowed all CTL responses to appear within
a 100 days, i.e. a virus targeted by 4 CTL responses has more time to escape
all of them than a virus targeted by 16 CTL responses. This bias is excluded in
simulations with a fixed average of 12.5 days in between the appearance of the
CTL responses, which deliver very similar results, with only somewhat more es-
cape mutations appearing in viruses targeted by 16 CTL responses (Figure 5.3B).
Thus, the virus is still not able to escape all CTL responses. These results again
suggest that when there are many CTL responses, the virus evolves less immune
escapes, even though in this model compensatory mutations completely restore
fitness, and CTL clones do not directly compete with one another. Apparently, the
selective advantage of escaping just one CTL response vanishes when the immune
response is at steady state and of a sufficient breadth.

5.3.4 Understanding why the selection pressure vanishes

Since the evolution of immune escape in our model is as incomplete, and as slow
at late time points, as it is in experimental data [163], and since none of the con-
sensus explanations for the observations (i.e., accumulation of fitness costs and
exhaustion of the CTLs) applies to the model, we investigate simplified versions
of our model.

To understand why the selective advantage of escaping just one CTL response
vanishes when the immune response is broad, we investigated the total CTL se-
lection pressure per infected cell, i.e. the per capita killing rate, and study how
this depends on the number of CTL responses targeting the infected cell. An
interesting insight is obtained by considering a steady state situation where the
virus is controlled by several identical immune responses (see Methods). Increa-
sing the breadth of the CTL response decreases the steady state viral load (Figure
5.4, dotted line). However, the size of each individual CTL response is also de-
creased, because each clone faces a lower antigen load. As a consequence, we
obtain the striking result that the killing rate per infected cell hardly increases
when the number of responses is increased (Figure 5.4, dashed line). This im-
plies that the contribution of a single CTL response declines if there are more CTL
responses present. This result can be fully understood analytically (see Methods).
By taking into consideration that the number of target cells, T̄ , hardly changes
with different numbers of CTL responses, n (Figure 5.4, solid line), we obtain
β′T̄ − dP = nkĒ from the non-trivial steady state of Eq. (5.9). Here Ē is the
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steady state of the effector cells, dP the death rate of the infected cells, and β′

the infection rate. This implies that, at steady state, the per capita killing rate,
nkĒ, has to approach the net per capita production rate of infected cells, β′T̄−dP ,
which is independent from n because the total killing rate has to balance the max-
imal production rate of infected cells. Since the total killing rate remains similar
when the number of CTL responses increases, the contribution of each individual
CTL clone is inversely related to the breadth of the response, kĒ = (β′T̄ − dP )/n.
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Figure 5.4. The steady state of the model as a function of the breadth of the
CTL response. The steady state is calculated numerically for the simplified situation
where all n responses are equal (Methods, equations (5.5–5.8)). The steady state
is depicted in terms of the target cells (solid line), CTLs (dash-dotted line) and the
viral load (dotted line). The total killing rate experienced by individual infected cells,
nkE = β′T̄ − dP , is depicted by the dashed line (per capita killing).

In the beginning of the simulated infection, there are large differences in the
per capita killing rate between viral variants, because the system has not yet
approached a steady state (Figure 5.2B), and the breadth of the CTL response is
still small. Obviously, viruses with a smaller per capita killing rate will rapidly
become the most dominant ones. This results in a fast turnover, even if the new
viral variant has a substantial fitness cost. In contrast, when all CTL clones are
present, the per capita killing rates are exceedingly similar for all viral variants
(Figure 5.2B). Because the selective advantage of a single escape mutant is so
small, it will take a long time before a new escape mutant becomes dominant,
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and moreover will only occur if the associated fitness cost is also negligible small.
This is in good agreement with the analysis of Liu et al. [163] who find that the
fitness cost is one of the major factors explaining the variability in their data.
In our model, viral variants appearing late during infection indeed have no or
a small fitness cost (Figure 5.2A, results not shown), and nevertheless take over
very slowly.

Taken together, the contribution of a single CTL response to the total killing na-
turally decreases when the breadth of the CTL response increases. Therefore,
escaping only one CTL response provides only a small advantage when the CTL
response is diverse. As a consequence, the evolution of additional immune es-
capes slows down over time initially, and only speeds up at a late stage of disease
when most immune escapes have slowly taken over.

5.3.5 The onset of AIDS

Little is known about the role of immune escapes in the transition from the clinical
latency phase to AIDS. A classical study [174] demonstrated that the AIDS phase
can be preceded by the slow escape from a critical immune response. In our
model, the escape rate depends on the breadth of the immune response, and
since the breadth is very slowly declining during the latency phase, we predict an
increase in the escape rate at late stages of disease.

We can study this by taking the subset of simulations where all immune responses
have escaped at the end of the simulation. Comparing the early, intermediate,
and late escapes in these simulations revealed that those at intermediate times
have the slowest replacement rates (Figure 5.5), and the way our analytical re-
sults explain this is by the breadth of the immune response which is highest at
intermediate times. During the chronic phase this breadth slowly declines, which
allows for more rapid escapes at late stages (Figure 5.5). Thus, the model predicts
accelerated replacement rates at late stages of disease, because the escape of the
last few responses should be as fast as the early escapes. When the virus is esca-
ping the last responses, the viral load increases because the infection is returning
to a target cell limited steady state. This is consistent with Kadolsky et al. who
showed a small increase in viral load per escape event [175]. Even though there
is little data to support these results on a late speed up of the immune escape
rate, it does provide a novel explanation for a relatively rapid onset of AIDS after
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a long chronic period during which the rate of immune escape is slow.
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Figure 5.5. The replacement time of new viral variants varies over time. An
example of a simulation in which twelve (all) epitopes escaped at the end of the
simulation (there are 12 white squares in the upper row of the last barcode). Note
that the replacement of the viral variants is fast during acute infection, slows down
during chronic infection, and speeds up again when there is only a handful of CTL
responses left. Colors are as in Figure 5.2A.

5.3.6 Infection with an attenuated virus decreases the rate of
HIV evolution

Patients infected with an attenuated virus have an increased chance to become
an elite controller [56]. This was shown in HLA-B57− patients infected with
a virus carrying mutations specific for HLA-B57, which are known to markedly
decrease viral fitness, and in patients infected with virus carrying crippling drug
resistance mutations [56]. During early infection, the viruses in these HLA-B57−

patients had a reduced replication capacity, that was associated with viral control
in the first few years after infection [56, 176]. Here, we investigate infections
with attenuated viruses by letting the founder virus start with a low fitness due
to a pre-existing escape mutation accompanied by an imperfect compensatory
mutation (Methods). This crippled virus simulates the T242N mutation of HLA-
B57, which is known to have compensatory mutations up and downstream of
the epitope, that only partially rescue the deleterious defect of T242N [54]. We
compare the evolutionary dynamics of a wild-type virus, with a fitness f = 1,
with two crippled viruses with initial fitnesses that are 40% or 60% of that of
the wild-type (Figure 5.6). To revert to the wild-type fitness the crippled virus
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in the model requires two mutations because the fitness values of the escape and
compensatory mutations on their own were set lower than the initial fitness. In
our simulations only 12.4% and 29.6% of the crippled viruses reverted to the
wild-type fitness, f = 1, during a simulation (for viruses starting with f = 0.4
and f = 0.6, respectively, results not shown).
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Figure 5.6. The viral load after infection with founder viruses having different
fitnesses. The mean of 250 simulations is shown (thick line), where the founder
virus is targeted by 12 CTL responses. The thin lines represent the standard deviation.
Panel A depicts the mean viral load in 1000 days. Panel B zooms in on the first 50
days.

Because of its slow replication rate, an attenuated virus takes long to reach its
peak value, and this peak viral load is low (Figure 5.6). In our model this results
in a larger breadth of the CTL response by the time the viral peak is reached,
and in a lower chance of escape mutations because the effective population size
remains relatively small (Figure 5.6A). Both effects should result in a reduced
rate of immune escape, giving the immune system even more chance to control
the virus with its full breadth, which in turn reduces the rate of immune escape
even more. In combination, this leads to a much better protection compared to
an infection with a wild-type virus. This is confirmed by enumerating the number
of immune escapes over 250 simulations (Figure 5.3C and D). For instance, atte-
nuated viruses targeted by 12 CTL responses evolve immune escape mutations in
only a subset of the simulations (58% for a virus with an initial fitness of f = 0.4
and 89.6% for one with a fitness of f = 0.6). The number of escape mutations in
the subset of attenuated viruses that did evolve is smaller compared to fit viruses
(compare 5.3A with C and D).
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5.4 Discussion

We devised a new mathematical model in which CTL clones appear over time and
collectively control an HIV infection to its set-point viral load. The behavior of
this model is surprising, but very similar to various recent data sets showing that
early immune escapes are rapid, late escapes are slow, and that only a fraction of
all epitopes escape [52, 114, 135, 162, 164, 167–170]. In the model the incom-
plete and slow escape are due to the fact that at steady state the contribution of
each immune response naturally becomes small, while all CTL responses together
account for a rapid killing rate of infected cells, that perfectly balances the de
novo production of infected cells.

One prediction of the model is that HIV-1 infected patients with a broader im-
mune response should have a lower viral set-point and less immune escapes. The
former is in agreement with Matthews et al. [170], showing that patients targe-
ting a larger breadth of HIV tend to control the virus better. The latter is difficult
to test because there are only a few papers documenting the number of immune
escapes in patients for which all CTL immune responses were identified by auto-
logous peptides [162, 163]. We have reanalyzed that data in Figure 5.1 to reveal
that the absolute number of escapes is indeed less than proportional to the total
number of responses, and seems to saturate at about 4 to 6 escapes in patients
with 6 to 10 CTL responses. Our model would predict that in patients with even
more early immune responses the total number escapes could be lower than this
maximum of 4 to 6 (see Figure 5.3A). Liu et al. [163] showed that the major
determinants explaining which immune response select for escape mutations was
the relative immunodominance ranking of the CTL clone and the entropy of the
epitope (which was a measure for the fitness cost of the escape mutation). In
our model we also find that when the set-point is approached we only observe
immune escapes inflicting a very low fitness cost (because the selective pressure
by the corresponding CTL clone is decreasing over time). Additionally, we find
that most escapes occur early, which is at a time when CTL responses are the
largest (see Figure 5.2C and D). In the data the breath of the immune response
was similarly related to the evolution of immune escapes, but the protective effect
of the breadth disappeared compared to that of the immunodominance ranking
and fitness [163]. In our model breadth is a strong predictor of control and im-
mune escape, but by modeling it was much easier to cover a much wider range
of breadth values. Additionally, the relative immunodominance ranking of Liu et
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al. [163] also contains information about the breadth because very low rankings
are only possible in patients with a high breadth.

Several authors have estimated the replacement rates by which HIV-1 immune
escape take over the quasi species [70, 135]. Since the estimated escape rates
are typically very low, i.e., most of them are below 0.02 per day, this data has
typically been taken as evidence for a minor role of CTL in the control of HIV-1
[135]. Indeed, if escaping from an immunodominant CTL response corresponds
to such a low selective advantage it means that particular immune response plays
hardly any role. We find similar slow replacement rates in our model, and indeed
the selection pressure imposed by an individual CTL clone is very small in our
model. At steady state this selection pressure is inversely related to the breadth
of the response. It would be wrong however to argue that the CTL in our model
play hardly any role. All responses together result in a high killing rate of infected
cells, and we observe that the target cell level approach their original level when
there are 2 or more CTL responses present. Thus, almost all of the viral control
is due to CTL responses in our model, and we nevertheless observe that each of
these CTL responses imposes a very minor selection pressure.

Ganusov et al. [164] suggested that the escape rate of HIV can be affected by the
breadth of the immune response only if there is direct competition between CTL
clones. Although in our model the CTL clones do not compete directly, we demon-
strate that the contribution of single CTL responses declines with the breadth of
the responses. The main difference between the two models is that several CTL
clones can simultaneously control the virus in the current model, whereas they
excluded each other in the Ganusov et al. model [164]. Apparently, it is not so
important whether the competition is direct [164], or occurs via the availability
of antigen like in our model. It is more important that the selection pressure
to escape one CTL response decreased drastically when there are many clones
controlling the infection simultaneously.

Because a virus is typically adapted to the previous host when it transmits to a new
recipient, the viral fitness is not maximal in the new host. Modeling attenuated
viruses by a markedly decreased viral fitness, they have a delayed and lower viral
peak compared to WT virus. This is in agreement with experimental data, as
Miura et al. were unable to observe the magnitude and timing of acute phase
peak viremia of elite controllers infected with attenuated viruses [56]. The main
effect of a late and lower viral peak in our model is that there is more time to
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develop immune responses, and we have shown that with an increasing breadth
of the CTL responses around the peak of the viral load, escaping one of those
becomes increasingly difficult. A second effect of a low viral load is the small
effective population size, reducing the chance of reverting the initial mutations
as well as escaping CTL responses. Thus our model readily explained the much
better protection to attenuated viruses. Since there remains a small chance of
reverting the crippling mutations, in some of the patients the virus recovered
a high fitness, which subsequently gave rise to a marked increase in the viral
burden [56]. This casts doubt on the capacity of a diverse immune response to
ever control HIV-1 infections because the immune system in this subset of patients
has had ample time to become primed and to expand.

Our results show that the breadth of the CTL response retards the evolution of
immune escapes in HIV, and explains the surprising recent observations [163].
In the model the contribution of individual clones naturally decreases with the
number of clones participating in viral control. This leads to an unexpected, but
testable, prediction because patients with a very broad CTL response should ex-
perience fewer immune escapes in absolute terms, even though there is a higher
number of responses targeting the virus. Other testable predictions of the model
is that replacement rates should be smaller in patients with broader immune re-
sponses, and that they should speed up at late stages of disease, by which the
model can account for the onset of AIDS. Finally, our results suggest that an early
treatment slowing down viral replication during the initial phase of the infection
should be beneficial because it gives the immune system time to develop its full
breadth. This could explain why early treatment during primary HIV infection
can result in decreased viral set points, and be very beneficial [177–180].

5.5 Methods

5.5.1 The mathematical model

We extended previous mathematical models [69, 71] by explicitly allowing dif-
ferent CTL clones to co-exist at steady state and simultaneously kill infected cells,
without having direct competition between CTL clones (Ej). We differentiate
between a cellular eclipse phase (I) and a virus production phase (P ) to al-
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low for rapid killing in the production phase in a realistic manner. The classical
downslope, δ = 1/day, of the HIV-1 viral load during effective anti-retroviral treat-
ment [31, 181] reflects the slowest time scale of the transitions between different
phases of cellular infection [68, 182]. Thus, by allowing for an eclipse phase of
approximately one day, we can allow for a rapid killing rate of infected cells in
the production phase when there is a broad and large CTL response, and remain
consistent with the generally observed downslopes of the viral load during the-
rapy, and even those observed after depletion of CD8+ cells [68, 183, 184]. The
model consists of 4 differential equations:

dT

dt
= σ − dT T − βT

m∑
i=1

fiVi , (5.1)

dIi

dt
= fiβTPi − dIIi − γIi , (5.2)

dPi

dt
= γIi − dP Pi − kPi

n∑
j=1

εijEj , (5.3)

dEj

dt
= gEj

Aj

h + Aj + Ej
− dEEj , with Aj =

m∑
i=1

εijVi , (5.4)

where Vi = Pi, and where there are at most m viral variants (i = 1, 2, . . . ,m) with
maximally n epitopes (j = 1, 2, . . . , n). Target cells, T , are produced at a rate σ

cells per day and die at a rate dT per day, they become infected with viral variant
Vi at a rate βfiVi per day. Because the kinetics of viral particles is much faster than
that of cells [185, 186], we let the number of virions, Vi, be proportional to the
number of virus producing cells, Pi, and scale the infection rate such that Vi = Pi.
The fitness, fi, of a viral variant results from the multiplication of all fitness costs
of single epitope mutations present in viral variant Vi. The number of initial viral
epitopes, n, differs between simulations and is defined in the main text. The
total number of viral variants, m, is determined by all possible combinations of
escape and compensatory mutations, and therefore has a maximum at m = 22n.
Upon infection cells enter the eclipse phase, Ii, and either die at a rate dI per
day, or proceed to the virus production phase at a rate γ per day. During the
virus production phase, cells die at a rate dP per day. Infected cells can be killed
by effector cells, Ej . For clarity, the killing obeys the law of mass action, and
is additive over the CTL clones (saturated killing terms give similar results (not
shown)). To account for different killing rates between CTL clones, we vary the
avidity, ε, of the effector cells.
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We assume that Dendritic Cells (DCs) cross-present viral epitopes to effector cells,
leading to clonal expansion of cognate effector cells, and therefore make the pro-
liferation of effector cells a saturation function of all viruses carrying the cognate
epitope, i.e., Aj =

∑m
i=1 εijVi, where the matrix εij defines the avidity of CTL

clone j for virus strain i. Immune escape sets εij = 0. The proliferation rate of
the effector cells has a maximal proliferation rate g per day, and depends on the
density of the corresponding viral epitope, Aj , presented by DCs. The prolifera-
tion rate is saturated, i.e., for small CTL clones, h is the epitope density at which
CTL proliferate at their half maximal rate. For large CTL clones, Ej > h + Aj , the
proliferate rate decreases by intra-clonal competition. This particular prolifera-
tion term has been derived mechanistically before [187, 188]. Effector cells die
with a rate dE per day.

All parameters used for the analysis of the model are given in Table 5.1. Several
parameter values have been estimated before and are set accordingly. We made
the choice to not model the entire population of CD4+ T cells, and only consider
the subpopulation of CD4+ target cells. For that reason we have chosen a relative
fast death rate of the target cells, and for reasons of simplicity we have made all
the death rates equal, i.e., dT = dI = dP = 1 per day. The production rate of
target cells was scaled to have an effective population size of about 105 cells such
that most single mutations occur frequently and double mutations are rare. At
set-point the population size of infected cells ranges between 103 and 105 cells
(Figure 5.2A, solid line), which is in agreement with experimental data [189–
191]. The infection rate β was scaled to have an initial viral replication rate of
1.5 per day [71]. The killing term obeys mass action kinetics, and its parameter
k was chosen to have a relatively fast killing rate of infected cells at steady state.
The effector cells are assumed to divide about once per day, and to disappear with
a half-life of about a week when they are no longer stimulated by antigen (i.e.,
ln[2]/dE ' 7 days). The model was written in in Wolfram Mathematica version
7.01.0 with exception of the drawing from the binomial distribution, which was
programmed in C.

The mutation rate of viral epitopes

A typical epitope that is presented to a CTL consists of nine amino acids. To
escape the binding to an HLA class I molecule, or to escape the CTL response
itself, the epitope needs to mutate at least one amino acid. Eight amino acids
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Table 5.1. Parameter values used for the mathematical model
Parameter Value Explanation

σ 106d−1 Production rate of new CD4+ target cells, σ is
scaled to allow for an infected cell population size
of maximally ≈ 105 cells, which is the approxi-
mate effective population size of HIV [189–191].

dT 1d−1 Natural death rate of CD4+ target cells.
β 8.75/T0 Infection rate per virus particle. β is scaled to have

an initial replication rate of 1.5/day [71, 192]. T0

is the initial value of T , i.e., T0 = σ/dT = 106.
dI 1d−1 Natural death rate of infected cells in the eclipse

phase.
fi 0.1 ≤ fi ≤ 1 Fitness cost of escaping an epitope, drawn from a

uniform distribution.
γ 1d−1 Defines the length of the eclipse phase, 1/γ [193].
k 4×10−5 Killing rate by the effector cells, arbitrarily

choosen.
εij 0.1 ≤ εij ≤ 1 Avidity of the CTL response, drawn from a uni-

form distribution.
dP 1d−1 Natural death rate of infected cells in the virus

production phase [194].
g 1.1d−1 Maximal CTL proliferation rate.

dE 0.1d−1 Natural death rate of effector cells, combined with
g this results in a maximal growth rate of 1d−1

[194].
h 1000 Saturation constant.

per epitope are important for escaping the immune response [195], and a non-
synonymous mutation is typically caused by substitutions on the first two po-
sitions of the codon. This results in 16 nucleotide positions that can alter
the epitope. With a mutation rate of 3 × 10−5 per nucleotide per replica-
tion cycle [50], the probability of mutation in a viral variant is described by
µ(`) =

(
n
`

)
(1 − (1 − 3 × 10−5)16)`((1 − 3 × 10−5)16)n−`, where ` is the number

of epitopes that mutate and n is the total number of epitopes. The daily number
of cells that become de novo infected per viral variant is approximately M = βTVi

cells. The number of productively infected cells with ` mutated epitopes is drawn
from the binomial distribution, Bin(M,µ(`)). Since most mutations occur du-
ring reverse transcription, the new phenotype of possible immune escape muta-
tions only becomes apparent when new viral proteins are produced, which in our
model is during the production phase. The mutants are drawn from the binomial
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distribution are therefore assigned as new cells to the Pi populations. Each time
a new mutant appears, a new ODE is added for both Pi and Ii, setting Pi = 1 and
Ii = 0.

To decrease computation time we did not consider the possibilities to have more
than 2 epitopes mutating simultaneously. Additionally, when the number of cells
producing a particular viral variant is small, i.e., Pi < 100 for ` = 1 and Pi < 1000
for ` = 2, the mutation rate is set to zero. When there are many cells infected by
the same virus (> 10.000 for l = 1, no upper limit for ` = 2), we expect at least
one mutation to happen, and we approximate the random binomial function by
its expectation µ(`), i.e., the number of mutated viral variants was set to Mµ(`),
and was not drawn stochastically. The number of infected cells will be set to zero
when the number of a viral variant, Pi or Ii, drops below one during a simulation.
Because new viral variants can start with only one infected cell, we allow them to
persist for at least 5 days.

CTL responses appear sequentially

Some CTL responses appear earlier than others [163], and since we find more
immune escapes when the breadth of the CTL response gradually increases over
time, we allow CTL responses to appear spaced over time to remain consistent
with the observation. Specifically, we draw n numbers from a uniform distri-
bution between 1 and 100. These numbers represent the days at which CTL
responses appear, i.e., the days at which we set Ej = 1, which guarantees that all
responses are present at day 100 (irrespective of the breadth n). In other simu-
lations we allow for an average of 12.5 days in between the appearance of CTL
responses, which corresponds to the situation where on average 4 CTL responses
are developing every 50 days, until the response is at full breadth.

5.5.2 Steady state analysis

To explain the puzzling observations in both the in vivo data and the model beha-
vior we resort to a simplified model where all CTL responses are identical (ε = 1),
and where we no longer allow for the evolution of the virus. The simplified model
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is described by:

dT

dt
= σ − dT T − βTV , (5.5)

dI

dt
= βTV − dII − γI , (5.6)

dP

dt
= γI − dP P − nkPE , (5.7)

dE

dt
= gE

V

h + V + E
− dEE , (5.8)

where V = P , and the per capita killing is defined as nkE. A chronic viral
infection that is controlled by several immune responses corresponds to a steady
state where T, I, P, E > 0. The model has only one such non-trivial steady state,
and we derive insightful analytical properties of this state below. In Figure 5.4 the
same steady state is studied numerically to analyze how the steady state changes
as a function of the breadth of the immune response, n (for the parameters given
in Table 5.1).

At steady state, the equation for the productively infected cells can be written as

dP

dt
= 0 = β′TP − dP P − nkPE (5.9)

where we have substituted I = βTP/(dI + γ), and where β′ = γβ/(dI + γ).
T and E continue to be defined by Eqs. (5.5 and 5.8), respectively. From the
non-trivial steady state of Eq. (5.9) one obtains that β′T̄ − dP = nkĒ, where T̄

and Ē are the steady states of the target cells and the effector cells, i.e., their
densities at viral set-point. Importantly, this implies that the per capita killing
rate, nkĒ, has to approach the net per capita production rate of infected cells,
β′T̄ − dP . Thus, at steady state the rate at which individual infected cells are
killed approaches β′T̄ − dP , which will become independent of the breadth of
the immune response, n, once the steady state target cell density, T̄ , becomes
independent of n. We will show that the latter happens for large n in Figure 5.4.
Note that the contribution of a single CTL clone should then be inversely related
to the breadth of the immune response, i.e., kĒ = (β′T̄ −dP )/n and that V is not
present in this expression. De Boer [196] obtained similar results in a model in
which the eclipse phase and the production phase were merged, demonstrating
that this unexpected result is a generic feature of models where multiple CTL
clones together control the viral load at its set-point quasi steady state.
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5.5.3 Attenuated viruses

To create an attenuated virus we added one additional pair of mutations that can
be interpreted as a previous immune escape accompanied by its compensatory
mutation. In the current host the previous immune escape has become irrelevant
because the previous epitope is no longer presented on any of its HLA molecules.
Both mutations are therefore expected to revert. The fitness of each of the two
mutations is drawn from a random distribution between 0 and some maximum
fitness fmax that is considerably smaller than one. The combined fitness of the two
mutations, i.e., the compensatory effect, is set to fmax, which is therefore always
larger than any of the two fitnesses. This reduces the reversion rate, because
reverting just one of the two leads to a lower fitness, and the virus needs a double
mutation to completely restore its fitness to f = 1.
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Abstract

Objectives:
To evaluate HIV sequence evolution in whole genes and in CD8+ T-cell epitope
regions following immunotherapy and subsequent analytical treatment interrup-
tion (ATI). A second objective of this study was to analyze associations between
vaccine-specific immune responses and epitope mutation rates.
Design:
HIV-1 infected subjects on combined antiretroviral therapy (cART) were subjec-
ted to immunotherapy by the administration of an autologous dendritic cell (DC)
based therapeutic vaccine expressing Tat, Rev and Nef and subsequent ATI.
Methods:
HIV-1 genes were amplified and sequenced from plasma RNA obtained before ini-
tiation of cART as well as during ATI. Control sequences for virus evolution in
untreated HIV-1 infected individuals were obtained from the HIV Sequence Data-
base (Los Alamos). CD8+ T-cell epitope regions were defined based on literature
data and prediction models. HIV-1 specific immune responses were evaluated to
analyze their impact on sequence evolution.
Results:
Viral sequence evolution in the tat, rev and nef genes of vaccinated subjects was
similar to that of control subjects. The number of mutations observed in- and out-
side CD8+ T-cell epitopes was comparable for vaccine targeted and non-targeted
proteins. We found no evidence for an impact of vaccine-induced or enhanced
immune responses on the number of mutations in- or outside epitopes.
Conclusion:
Therapeutic vaccination of HIV-1 infected subjects with a DC-based vaccine tar-
geting Tat, Rev and Nef did not affect virus evolution at the whole gene level nor
at the CD8+ T-cell epitope level.
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6.1 Introduction

Because host cellular immunity plays a central role in containing HIV replication,
therapeutic immunization could be a valuable method to boost or re-direct HIV-
specific immune responses in HIV-infected patients. The induction and expansion
of potent virus-specific cellular immune responses upon acute infection can con-
strain HIV replication in chronic HIV infection [197, 198]. However, these T-cell
responses are often insufficient to maintain durable control of HIV replication and
most patients eventually progress towards disease. Previous immunotherapy stu-
dies have shown varying results with respect to viral sequence evolution. They
found that despite strong T-cell immune responses that were associated with a
longer time off therapy, sequence variation was minimal in patients receiving con-
sensus sequence Gag p24 peptide, providing no evidence for immune response in-
duced viral evolution in p24 [199]. Similarly, dendritic cell (DC) immunotherapy
with autologous Gag p17 and p24 was shown not to influence sequence variabi-
lity in immunodominant epitopes whereas CD8+ T-cell responses weakened after
immunization [200]. In MVA-nef immunotherapy, a lack of CD8+ T-cell escape
mutations in immunodominant epitopes was observed, despite high Nef-specific
T-cell frequencies [201] whereas others reported a decrease in nef variability from
pre- to post immunotherapy with MVA-nef compared to both control genes and
control subjects [202]. In contrast, in a rAd5-gag immunotherapy trial, viral
diversity in gag was greater during treatment interruption than pre-treatment
[203].

We conducted a phase I/IIa immunotherapy trial in 17 HIV-1 infected patients,
stable on antiretroviral treatment (cART). The immunogens tat, rev and nef were
chosen on the basis of encouraging preclinical studies, showing that cytotoxic
T-cell (CTL) recognition of the early expressed antigens increased the chance of
target cell elimination before progeny virus was released [204, 205]. Patients
were administered 4 vaccinations of autologous DCs electroporated with mRNA
encoding Tat, Rev and Nef (DC-TRN) before being submitted to an analytical
treatment interruption (ATI). Previously we reported that this immunotherapy
resulted in induced and/or enhanced CD4+ and CD8+ T-cell responses specific
for the vaccine antigens in most of the patients, whereas plasma viral load and
time remaining off cART did not differ from historical control data [206].

Here we evaluate the effect of DC immunotherapy and subsequent ATI on HIV-1
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sequence evolution. Pre- and post-vaccination sequences of whole genes and
CD8+ T-cell epitopes were analyzed in both the vaccine and control genes in
order to (i) compare the sequence evolution in vaccine and control genes; (ii)
compare sequence evolution in vaccinated and unvaccinated subjects; (iii) assess
mutation rates within and outside epitopes; (iv) associate epitope mutations to
the immune responses measured before and after vaccination.

6.2 Results

6.2.1 HIV sequencing and phylogenetic reconstruction

The number of sequences obtained for viral evolutionary analyses per patient is
shown in Table S6.1. We included a median of 4 sequences per patient per gene
(range 1-10, Table S6.1) with a median of the latest time point during ATI of
48 weeks (range 6-110, Table S6.2). In four out of 17 patients a pre-cART viral
sequence for tat, rev or nef was not available. The phylogenetic tree reconstructed
from the concatenated ORF sequences shows distinct clusters for each patient,
except for subjects B, E and F (Figure 6.1). For subject B, the viral sequences
pre-cART and at respectively 6 and 20 weeks post ATI cluster together whereas
those obtained at later time points diverge in two different clusters. We suspected
HIV superinfection followed by recombination and therefore excluded subject B
from further analyses. The taxa of subject E and F are interspersed most likely as
a consequence of continuous virus exchange since subjects E and F are partners.
Sequences from these two patients were included in further analyses because the
repertoire of CD8+ T-cell epitopes presented by transduced autologous DCs is
patient specific.

6.2.2 Viral evolution at the gene level

Because the rate of evolution is not homogeneous across genes [216], vaccine-
targeted and non-targeted genes cannot be compared directly. Therefore a group
of control sequences was selected from the HIV Sequence Database (Table S6.3).
Using a Bayesian hierarchical phylogenetic model approach incorporating fixed-
effects (see Methods), we tested whether there is any evidence for evolutionary
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Figure 6.1. Phylogenetic tree of the whole genome. Maximum-likelihood phyloge-
netic tree of gag, pol, vif, vpr, vpu, tat, rev, nef and env sequences. The tree comprises
nucleotide sequences as available from each time point for each study subject. Se-
quences are labelled with the subject number and the number of weeks after ATI, 000
represents the pre-cART time point. The scale bar at the bottom refers to the degree of
sequence mismatch. Trees were constructed in Seaview version 4.2.6 [13], 100 boot-
straps, those larger than 40 are shown in grey. Parametersettings were as follows:
HKY, transition/transversion ratio optimized, γ with 4 rate categories (optimized),
tree searching operator NNI.
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rate differences between the vaccine-targeted sequences from DC-TRN vaccinated
subjects compared to sequences from the control group of chronically infected
individuals. This analysis resulted in low Bayes Factor suggesting the absence of
an immunotherapy effect on the viral evolutionary rate in all genes (Table 6.1).
The same holds when the control group is extended with sequences from acutely
infected patients. Although the Bayes Factor for vpu is slightly greater than the
frequently used cut-off value of 3 [214], an effect of immunotherapy on vpu is
unlikely since vpu was not included in the vaccine.

The clustering of patient E and F sequences appears to reflect multiple transmis-
sion events for this couple, as mentioned above. Despite the fact that adaption
due to the toggling between selective environments may increase substitution
rates, their inclusion does not result in a noticeable effect on the evolutionary
rate thus adding weight to the robustness of our result. In summary, DC-TRN
immunotherapy did not affect the rate of virus evolution as it was similar to
vaccination-na?ve controls.

6.2.3 Viral evolution at the epitope level

To study evolutionary patterns at the epitope level, epitopes were selected for
each subject based on their HLA-haplotype (Table S6.4) from the most extensive
list of experimentally found immunodominant epitopes [59]. These epitopes will
further be referred to as Streeck epitopes (Table S6.5) and regions not contai-
ning epitopes are referred to as non-epitopes. The percentage of mutated amino
acids was calculated for each protein for comparison of early-ATI versus pre-cART
and late-ATI versus pre-cART (Table S6.6). This percentage is slightly higher for
late-ATI than early-ATI, reflecting the ongoing viral evolution (Figure 6.2A). Im-
munotherapy can result in an increased immune pressure, which can be reflected
by larger number of mutations in epitopes of the vaccine proteins compared to
non-epitopes and non-vaccine proteins. To test this hypothesis, we compared the
percentage of positions mutated in and outside epitopes for each protein separa-
tely, because HIV-1 proteins differ in their capacity to mutate. For all proteins the
percentage of mutated positions in and outside epitopes is similar, as the differ-
ences are scattered around zero (Figure 6.3A). Moreover, there is no difference
between vaccine and non-vaccine proteins, indicating a lack of increased selection
pressure due to therapeutic immunization.

110



6.2 Results

δ Bayes Factor Conditional Effect
Size (95% HPD)

Vaccine compared with HIV Sequence Database ‘acute + chronic infection’

vif 1.73E-001 0.21 0.19 - 1.59
vpr 1.28E-002 0.01 -0.63 - 0.55
vpu 7.68E-001 3.31 0.65 - 2.50
tat 4.00E-002 0.04 -0.41 - 0.54
rev 5.42E-002 0.06 -0.20 - 1.22
rev_exon2 7.92E-003 0.01 -0.10 - 1.51
nef 4.39E-002 0.05 -0.11 - 1.42
env_gp41 1.36E-002 0.01 -0.43 - 0.62

Vaccine compared with HIV Sequence Database ‘chronic infection’

vif 1.53E-002 0.02 -0.36 - 1.03
vpr 1.50E-002 0.02 -1.15 - 0.62
vpu 2.72E-001 0.37 0.28 - 2.17
tat 1.28E-002 0.01 -0.67 - 0.94
rev 2.42E-002 0.02 -0.33 - 0.95
rev_exon2 8.89E-003 0.01 -0.38 - 0.48
nef 2.71E-002 0.03 -0.21 - 1.32
env_gp41 8.19E-003 0.01 -0.44 - 0.46

Table 6.1. Effect of immunotherapy on viral evolution. We report the 95% higest
posterior density (HPD) interval for the conditional effect size (conditional on inclu-
sion of the effect) on a log scale. In line with the absence of substantial Bayes Factor
support, almost all intervals contain 0.
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Figure 6.2. Viral evolution at the epitope level early- and late- ATI. Percentage of
mutated amino acids early-ATI and late-ATI compared to pre-cART autologous virus
sequences in both epitope and non-epitope regions for vaccine proteins (Tat, Rev and
Nef) and non-vaccine proteins (Gag, Pol, Vif, Vpr, Vpu and Env). Each symbol repre-
sents a single protein and each colour represents a single study subject. Early and
late time points are connected per patient by corresponding coloured lines. Results
for Streeck epitopes are displayed in panel A whereas results for predicted epitopes
are displayed in panel B.
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6.3 Discussion

Subjects differ in the numbers of Streeck epitopes in vaccine proteins Tat, Rev and
Nef (median per patient at pre-cART is 8, range 3-11). Moreover, Streeck epitopes
did not seem to cover the majority of T-cell responses in our patients: several im-
mune responses were found in DC-ELISpot experiments for Tat and Rev, while
only a few Streeck epitopes were listed to be present in these proteins [206]. To
overcome this limitation, potential CTL epitopes were predicted by the peptide-
HLA affinity prediction program NetMHCpan [63]. NetMHCpan predicts the bin-
ding affinity of peptides to MHC molecules, and was previously used to identify
novel HIV-1 epitopes [60]. Analysis with the predicted epitopes confirmed our
results with the Streeck epitopes, where slightly more evolution in late-ATI was
observed compared to early-ATI, which is significant for the non-epitopes (Fi-
gure 6.2B). However, we do not see any effect of therapeutic immunization on
epitope regions, because vaccine proteins carry similar amount of mutations as
non-vaccine proteins (Figure 6.3B).

6.2.4 Immune responses related to epitope mutations

The variation within and outside epitopes was studied in relation to the responses
in immune assays (Table S6.7). When immune responders were compared to non-
responders, no differences in sequence variation were found (data not shown).
These results were independent of the immune assay used (DC-based ELISpot or
CD8+-CFSE proliferation assay), the method of epitope identification (Streeck
or predicted epitopes) or the time point when the Tat-, Rev- or Nef-specific im-
mune response was detected (before or after vaccination). The only significant
difference was detected for Nef: pre-cART responders had a lower percentage
mutations in epitopes compared to non-epitopes and to pre-cART non-responders
(p = 0.03, Mann-Withney U test).

6.3 Discussion

The DC-TRN trial provided the opportunity to study a unique longitudinal data
set, comprising samples from up to 7 years before the administration of the immu-
notherapy, when cART was first initiated, and up to two years after vaccination.
We performed bulk sequencing of the longitudinal data set to monitor virus evo-
lution at different levels. Our data show that the DC-TRN therapeutic vaccination
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Figure 6.3. Viral evolution in epitopes and non-epitopes. Difference in percentage
of mutated amino acids in epitope regions and non-epitope regions for vaccine pro-
teins (Tat, Rev and Nef) and non-vaccine proteins (Gag, Pol, Vif, Vpr, Vpu and Env)
when sequences obtained early-ATI (Fig. 4A) and late-ATI (Fig. 4B) are compared
to pre-cART. Percentages > 0% reflect more mutations in epitope than non-epitope
regions early-ATI whereas percentages < 0% reflect more mutations in non-epitope
than epitope regions. Each symbol represents a single protein and each colour repre-
sents a single study subject. Results for Streeck epitopes are depicted in the left half
of the graph, results for predicted epitopes in the right half of the graph.
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6.3 Discussion

did not significantly affect virus evolution neither at the whole gene level, nor in
the genes targeted by immunotherapy or in the patients’ HLA specific CD8+ T-cell
epitopes within these genes.

The effect of immunotherapy on virus diversity may be variable, because of the
complex interplay between vaccine, host and HIV. Cellular immune responses,
present in natural infection and induced and/or enhanced following vaccination
are instrumental for suppression of viral replication capacity [197, 198]. The
virus may counteract this immune pressure by escape mutations. For the genes
tat, rev and nef included in the candidate vaccine, escape mutations have been
described in natural infection [216–218] and after vaccination [201, 219] or CTL
transfer [110, 220]. Indeed, in one DC-TRN participant we studied in detail, im-
mune escape from Rev-specific immune pressure was observed in a newly defined
CTL epitope [221]. The general picture however was that therapeutic vaccination
did not result in positive selection increasing viral diversity, similar to what others
reported [199, 203]. Although Li et al. [203] observed an increase in ambiguous
bases resulting in increased epitope diversity after therapeutic vaccination, this
was also found in placebo controls. Hoffmann et al. [202] found reduced nef
sequence diversity in HIV in relation to strong Nef-specific CD4+- and CD8+-T
cell responses following MVA-nef immunotherapy and ATI, respectively. This re-
duction in sequence diversity was not observed in gag and vif sequences, from
the same subjects. The authors did not find enhanced mutation rates in nef and
hypothesized that a sieve effect on the present quasispecies eliminated viruses
containing vaccine epitopes, this selection reduced virus divergence from pre-
vaccination.

The major limitation of the datasets we used is the small number of sequences per
patient per gene. This precludes the use of more flexible but also more parameter-
rich coalescent models such as Skyride or Skyline [222, 223] and potentially bi-
ases the rate estimates towards lower values. However, both the vaccine and
control group are parameterized with the same models, thus any bias, if present,
should be the same for both groups.

We investigated sequence variation using a list of immunodominant epitopes that
has been described in acute and chronic infection [59]. Since this list mainly
comprises epitopes targeted in natural infection, this need not be representative
of epitopes targeted by immunotherapy. The method of predicting epitopes is less
restricted towards immunodominance in natural infection, but only about 15% of
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all epitopes presented after natural processing generates T cell responses in vivo
[224].

The median percentage of different amino acids in pre-cART compared to vac-
cine sequences was 19% for Tat, 12% for Rev and 14% for Nef. This difference
between vaccine and autologous virus sequences is considerable and could bias
the read-out of the immune assays based on vaccine sequences. The smaller
genetic distance between pre-cART nef sequences from immune responders and
non-responders compared to the corresponding vaccine sequence may support
this. Thus the immune responses may have had sub-optimal efficacy against
autologous viruses [225, 226]. This may explain why HIV sequence variability
after vaccination did not differ between groups with or without vaccine-specific
immune responses.

The absence of an effect of immunotherapy on virus evolution could be the result
of the limited robustness of cellular immune responses after DC-TRN vaccination.
Immunogenicity of therapeutic vaccines is influenced by the impaired function
and number of T-cells in chronically HIV-infected patients [227]. However, DC-
TRN vaccination did change a set of parameters: in the majority of the subjects,
immune responses were induced or enhanced [206] and the PBMC transcriptome
profile was changed (de Goede et al., in preparation). In addition, the notable
exception, subject B, showed a large divergence of the HIV sequences during ATI.
This patient has not resumed cART more than six years after the vaccination trial.
Despite the limited general effects of DC-TRN immunotherapy on sequence di-
vergence, kinetics of CD4+ T-cell counts, viral load and the time remaining off
cART, the early expressed genes tat, rev and nef deserve further testing as im-
munogens [228]. To improve their efficacy in immunotherapy, the immunogens
should be better matched, i.e., autologous [226] or highly conserved epitopes
in HIV-1 [229], in combination with novel vectors and vaccination strategies
[226, 230]. For the evaluation of such immunotherapy approaches targeting
autologous and/or conserved epitopes, sequence evolution studies will be of key
interest to complement immune monitoring.
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Figure 6.4. DC-TRN Study overview. The leukapheresis procedure was scheduled
3 to 4 weeks before the administration of the first vaccine. Each vaccination cycle,
indicated by a syringe cartoon, consisted of autologous DCs electroporated either
with Tat, Rev or Nef mRNA. At week 14, all patients were submitted to ATI. cART
was resumed when considered necessary. Immunological assays were performed at
different time points during follow-up, as indicated below the timeline. Virus from
plasma obtained before initial cART and at a number of visits post ATI was sequenced
for vif, vpr and vpu, tat, rev, and nef. Virus evolution at the gene level was studied for
all sequences whereas a selection of time points was used for analyses at the epitope
level.

6.4 Methods

6.4.1 The Study

Seventeen HIV-1 subtype B infected subjects, stable on combined antiretroviral
therapy (cART), participated in the DC-TRN immunotherapy trial [206]. Insti-
tutional review boards approved the study (VUB 05-001 and METC 2005-227).
Patients provided written informed consent. The trial was conducted in full con-
formity with the principles expressed in the Declaration of Helsinki and registered
at the Netherlands Trial Register (www.trialregister.nl, NTR2198). On 4 occa-
sions with an interval of 4 weeks, study subjects were vaccinated with autolog-
ous mature DCs electroporated either with sig-Tat-DC-Lamp, sig-Rev-DC-Lamp or
sig-Nef-DC-Lamp encoding mRNA (GenBankTMAY936885, AY936884, AY936879,
synthetic constructs derived from HIV-1 subtype B) [207]. Two weeks after the
last vaccination, patients were submitted to ATI (Figure 6.4).
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6.4.2 Molecular HLA typing

Genomic DNA was extracted from PBMC obtained at the eligibility-screening visit
using the QiAamp DNA blood mini kit (Qiagen Benelux). PCR amplification and
high resolution sequencing spanning exons 1 to 5 from HLA-A and -B antigens
was performed using reagents from Applied Biosystems.

6.4.3 HIV-1 RNA isolation, cDNA synthesis, PCR amplification
and sequencing

HIV-1 genes were sequenced from plasma samples obtained before first cART initi-
ation and during plasma viral load rebound following ATI. Viral RNA was isolated
either using the extraction module of the ViroSeq genotyping system version 2.6
(Abbott) or manually using the Roche High Pure viral RNA isolation kit (Roche
Applied Science). Viral RNA was reverse transcribed using the ViroSeq genotyping
system or with AMV or Superscript III Reverse Transcriptase with outer primers
for genomic regions of gag, vif to vpu, second exon of tat and rev, and nef. Two
approaches with partially different primers for reverse transcription and amplifi-
cation of the cDNA by (semi-)nested PCR were developed (Table S6.8). Purified
bulk PCR products were sequenced directly with the Big Dye terminator sequen-
cing kit version 3.0 (Amersham Pharmacia Biotech) and the ABI Prism 3100 DNA
analyzer or the 3130 XL genetic analyzer (Applied BioSystems), following the
manufacturer’s instructions. All primers were obtained from Eurogentec (Bel-
gium). Obtained sequences are deposited in GenBank and accession numbers
will be included here as soon as available. To test for correct patient-specific
clustering, a maximum-likelihood phylogenetic tree was reconstructed from the
concatenated nucleotide sequences of the ORFs for all time points, using PhyML
[106] implemented in Seaview version 4.2.6 [208] (Figure 6.1).

6.4.4 Control sequences

To compare viral sequence evolution in vaccinated and unvaccinated subjects,
a selection of the available HIV-1 sequences was made from the HIV Sequence
Database of Los Alamos in September 2010 [126]. Subtype B sequences were
retained when the following criteria were met: (i) sequence spanning the entire
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ORF of vif, vpr, vpu, tat, rev, env or nef ; (ii) availability of at least two time
points with absolute or relative dating in the database or original publication;
(iii) virus derived from plasma or PBMC and (iv) sample identifiable by a unique
patient code. Sequences derived from the same date and patient were aligned
using Muscle [209], subsequently a consensus sequence was made with Geneious
Pro (v5.1) [210]. Sampling dates were expressed as the number of days since
the first available sample. In case of unknown sampling day, we set the date to
the 15th of the sampling month. Subjects having ≥2 sequences collected more
than 90 days after the reported seroconversion date were selected to represent
the chronic phase of HIV infection.

6.4.5 Evolution at the whole gene level

The potential effect of vaccination on viral evolution was explored using a fixed-
effects extension of Bayesian hierarchical phylogenetic models (HPM) [211, 212]
implemented in BEAST [213]. By specifying hierarchical prior distributions,
HPMs allow pooling information across different patients to improve estimate
precision of within-host viral evolutionary parameters, in this case the HIV evo-
lutionary rate, in individual patients. By incorporating fixed effects, differences
in evolutionary rates can be assessed in different patient groups, and support for
these differences can be formalized as Bayes Factors [214]. Here, vaccination
is the characteristic of interest that determines patient grouping and we tested
whether evolutionary rate differences exist among these groups. Thus, keeping
the terminology of [211], we set up the following fixed effects model for each
gene:

log Θi = β0 + δiβVaccinVaccini

where Θi is the evolutionary rate in patient i, β0 is an unknown grand mean,
and δi is a binary indicator that allows for estimating the posterior probability for
the inclusion of a vaccine effect and Vaccini, defines the presence or absence of
vaccination.

For each patient-specific viral population, we specify an HKY model of substitution
with discrete gamma rate variation among sites for all genes, and constant popu-
lation size prior on the tree. Because of its correlation with tree height, and, thus
the rate of evolution [215], we also linked the constant population size parameter
into an HPM. All Markov chain Monte Carlo (MCMC) analyses were run until con-
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vergence, as inspected with Tracer v1.5 (tree.bio.ed.ac.uk/software/tracer/). If
no proper mixing of the chain was observed within a reasonable amount of time,
the mean of the initial hierarchical prior distribution on the evolutionary rate was
informed by the independently estimated average rate for the other genes. To
allow for reasonable variation, the variance of the hierarchical prior distribution
was set to the largest observed range of values. These settings ensured proper
mixing for all MCMC runs.

For rev, viral evolution was calculated not only for the complete gene but also
for exon 2 separately to increase the number of sequences from 93 to 186 (Table
S6.1).

6.4.6 Difference between vaccine and autologous virus se-
quence

The sequence of the trial immunogens was designed based on consensus HIV-1
clade B and codon optimized to ensure high protein expression levels. Differences
between the vaccine sequences and the pre-cART autologous sequence were cal-
culated and expressed as percentage of mutated amino acids.

6.4.7 Evolution at the epitope level

Sequences from three time points were analyzed for mutations in epitopes: (i)
before cART was initiated, denoted ‘pre-cART’, (ii) when viral load first surpassed
10,000 copies/mL during ATI: ‘early-ATI’ and (iii) at the last time point for which
a sequence is available, at least 26 weeks post early-ATI: ‘late-ATI’ (Table S6.2).
Sequencing errors (three or more X’s) were discarded and insertions and dele-
tions were excluded from the analysis. In the context of HLA haplotypes, each
position in the HIV-1 genome was defined as part of an epitope if it falls within
an immunodominant epitope published by Streeck et al. [59] (Table S6.5). The
HLA binding affinities of Streeck epitopes differing from the pre-cART sequence
were predicted using the in silico predictor netMHCpan-2.4 [63]. If the difference
in IC50 values of pre-cART and Streeck epitope exceeded 1000 nM, the pre-cART
sequence was not considered as an epitope (Table S6.9). The binding affinity
of all nonamers derived from the autologous pre-cART virus sequences and from
the DC-TRN vaccine were predicted using netMHCpan-2.4 [63]. The nonamers
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with the top 1% highest binding affinity were selected as epitopes, and are fur-
ther referred to as predicted epitopes (Tabel S6.10). Epitopes with an X at anchor
position 2 or 9 were discarded.

6.4.8 Association of immune responses and mutations

We reported DC-TRN vaccine-induced T-cell responses [206] (Tabel S6.7). Study
subjects were classified as immune responder or non-responder for pre- and post-
vaccination time points, using both the DC-based ELISpot and CFSE proliferation
assays.

6.4.9 Statistical analysis

Quantitative data for each patient were compared with the paired Wilcoxon’s rank
test for variables that do not follow a normal distribution. P-values < 0.05 were
considered to be statistically significant.
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6.5 Supplemental Material

Table S6.1. The number of time points for which sequences are available. Pre-
cART defines whether or not the pre-cART sequence was present in the patient.

gene
vif vpr vpu tat rev rev nef env Total pre-cART

exon 2 gp41
patient

A 10 10 10 10 10 6 10 10 76 yes
C 4 4 4 4 4 2 4 4 30 yes
D 2 1 3 2 2 3 2 15 yes
E 7 7 7 4 4 4 7 4 44 yes
F 7 7 7 5 5 5 6 5 47 yes
G 4 4 4 4 4 4 4 4 32 yes
H 4 4 4 4 4 4 4 4 32 yes
I 3 3 3 3 3 2 5 5 27 yes
J 4 4 4 4 4 4 4 3 31 no
K 6 6 6 6 6 4 7 6 47 yes
L 4 4 4 4 4 4 6 5 35 yes
M 1 1 2 3 3 2 4 4 20 yes
N 4 4 4 4 4 1 3 3 27 yes
O 1 2 2 2 2 2 2 13 no
P 4 4 4 4 4 3 4 5 32 no
Q 4 4 5 4 4 3 3 4 31 yes

Total 69 69 73 67 67 48 76 70
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Table S6.2. Timepoints used for the evolution at epitope level. Numbers corres-
pond to the number of weeks post ATI.

patient wk post ATI Gag Pol Vif Vpr Vpu Tat Rev Nef Env Total
A pre-cART -280 -280 -280 -280 -280 -280 -280 -280 -280 9

early-ATI 8 6 6 6 6 8 8 6 8 9
late-ATI 60 71 71 71 60 60 110 110 8

C pre-cART -342 -342 -342 -342 -342 -342 -342 -342 -342 9
early-ATI 3 3 3 3 3 3 3 3 3 9
late-ATI 0

D pre-cART -570 -570 -570 -570 -570 -570 -570 -570 -570 9
early-ATI 6 6 6 6 6 5
late-ATI 49 49 49 36 36 49 36 7

E pre-cART -570 -570 -570 -570 -570 -570 -570 -570 -570 9
early-ATI 8 8 8 8 8 8 8 7
late-ATI 100 100 100 100 100 49 100 7

F pre-cART -298 -298 -298 -298 -298 -298 -298 -298 -298 9
early-ATI 8 8 8 8 8 8 8 8 8 9
late-ATI 100 100 100 100 100 83 100 7

G pre-cART -496 -496 -496 -496 -496 -496 -496 -496 -496 9
early-ATI 8 8 8 8 8 8 8 8 8 9
late-ATI 37 37 37 37 37 37 37 7

H pre-cART -401 -401 -401 -401 -401 -401 -401 -401 -401 9
early-ATI 3 3 3 3 3 3 3 3 8
late-ATI 0

I pre-cART -617 -617 -617 -617 -617 -617 -617 -617 -617 9
early-ATI 5 5 5 5 5 5 5 5 5 9
late-ATI 32 32 32 32 32 48 48 7

J pre-cART -328 -328 2
early-ATI 6 6 6 6 6 6 6 6 6 9
late-ATI 0

K pre-cART -303 -303 -303 -303 -303 -303 -303 -303 8
early-ATI 36 36 36 36 36 36 36 7
late-ATI 53 53 53 53 53 53 53 7

L pre-cART -327 -327 -327 -327 -327 -327 -327 -327 -327 9
early-ATI 5 5 5 5 5 5 5 5 5 9
late-ATI 40 40 40 40 40 48 48 7

M pre-cART -344 -344 -344 -344 4
early-ATI 6 6 6 6 6 6 6 7
late-ATI 48 48 2

N pre-cART -478 -478 -478 -478 -478 -478 -478 7
early-ATI 4 4 4 4 4 4 4 4 4 9
late-ATI 0

O pre-cART 0
early-ATI 8 8 8 8 8 8 8 8 8 9
late-ATI 0

P pre-cART 0
early-ATI 9 9 9 9 9 9 9 9 9 9
late-ATI 0

Q pre-cART -204 -204 -204 -204 -204 -204 -204 -204 -204 9
early-ATI 4 4 4 4 4 4 4 7
late-ATI 49 49 49 49 49 36 49 7

Total pre-cART 13 12 12 12 12 12 12 13 13
early-ATI 11 10 15 15 16 16 16 16 16
late-ATI 1 0 9 9 9 9 9 10 10
all timepoints 25 22 36 36 37 37 37 39 39
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Table S6.3. Control sequences, Los Alamos database.

Acute + Chronic infection Chronic infection
gene Patients

number
Sequences
number

% Patients
> 2 seq

Patients
number

Sequences
number

% Patients
> 2 seq

vif 13 42 54 9 21 33
vpr 13 43 54 10 23 30
vpu 12 40 50 9 21 33
tat 13 40 46 9 21 33
rev 13 40 46 9 21 33
rev exon2 58 186 38 55 161 11
env 55 174 38 51 148 33
env gp41 55 174 38 51 148 33
nef 26 93 65 21 64 48

Table S6.4. HLA-types of DC-TRN study subjects.

Patient HLA-A HLA-B
A A*03:01 A*29:02 B*07:02 B*44:03
B A*02:01 A*32:01 B*27:05 B*38:01
C A*02:01 A*29:02 B*40:02 B*44:02
D A*01:01 A*24:02 B*08:01 B*40:01
E A*24:02 A*32:01 B*35:01 B*44:02
F A*01:01 A*24:02 B*07:02 B*08:01
G A*02:01 A*03:01 B*07:02 B*44:02
H A*02:01 A*11:01 B*13:02 B*57:01
I A*03:01 A*29:02 B*40:01 B*57:01
J A*03:01 A*03:01 B*07:02 B*07:02
K A*01:01 A*32:01 B*14:01 B*37:01
L A*02:01 A*24:02 B*14:01 B*52:01
M A*32:01 A*68:01 B*15:01 B*35:01
N A*01:01 A*02:01 B*07:02 not determined
O A*02:01 A*02:01 B*15:01 B*51:01
P A*31:01 A*32:01 B*40:01 B*40:02
Q A*03:01 A*29:01 B*35:01 B*51:01
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Table S6.5. Streeck epitopes, and the corresponding sequences of the patient at
different timepoints.

Protein HLA Streeck epitope Patient Patient Patient DC-TRN
pre-cART early-ATI late-ATI vaccine

Patient A
Gag B44 AEQASQDVKNW AEQASQDVKNW AEQASQDVKNW AEQASQDVKNW
Gag B44 EEKAFSPEV EEKAFSPEV EEKAFSPEV EEKAFSPEV
Gag B7 GPGHKARVL GPGHKARVL GPGHKARVL GPGHKARVL
Gag B7 HPVHAGPIA HPVHAGPVA HPVHAGPVA HPVHAGPVA
Gag B44 RDYVDRFYKTL RDYVDRFYKTL RDYVDRFYKTL RDYVDRFYKTL
Gag B7 TPQDLNTML TPQDLNTML TPQDLNTML TPQDLNTML
Pol A3 AIFQSSMTK AIFQCSMTK AIFQCSMTK
Pol A3 ALVEICTEMEK ALVEICTEMEK ALVEICTEMEK
Pol B44 EEMNLPGRW EEMNLPGRW EEMNLPGRW
Pol A3 GIPHPAGLK GIPHPAGLK GIPHPAGLK
Pol A3 KLVDFRELNK KLVDFRELNK KLVDFRELNK
Pol A3 QIYPGIKVR QIYPGIKVR QIYPGIKVR
Pol B7 SPAIFQSSM SPAIFQCSM SPAIFQCSM
Vif B7 HPRVSSEVHI NPRISSEVHI NPRISSEVHI NPRISSEVHI
Vif A3 RIRTWKSLVK RIRTWHSLVK RIRTWHSLVK RIRTWHSLVK
Vpr B7 FPRIWLHGL FPRVWLHGL FPRVWLHGL FPRVWLHGL
Nef A3 AVDLSHFLK AVDLSHFLK AVDLSHFLK AVDLSHFLK AVDLSHFLK
Nef B7 FPVTPQVPL FPVKPQVPL FPVKPQVPL FPVKPQVPL FPVRPQVPL
Nef A3 QVPLRPMTYK QVPLRPMTYK QVPLRPMTYK QVPLRPMTYK QVPLRPMTYK
Nef B7 RPMTYKAAV RPMTYKGAV RPMTYKGAV RPMTYKGAV RPMTYKAAV
Nef B7 RQDILDLWIY RQDILDLWIY RQDILDLWIY RQDILDLWVY RQDILDLWVY
Nef Cw7 RRQDILDLWIY KRQDILDLWIY KRQDILDLWIY KRQDILDLWVY KRQDILDLWVY
Nef B7 TPGPGVRYPL TPGPGVRYPL TPGPGVRYPL TPGPGVRYPL TPGPGIRYPL
Nef B7 TPQVPLRPM KPQVPLRPM KPQVPLRPM KPQVPLRPM RPQVPLRPM
Nef A29 YFPDWQNYT YFPDWQNYT YFPDWQNYT YFPDWQNYT YFPDWQNYT
Env B7 IPRRIRQGL IPRRIRQGL IPRRIRQGL - - - - - - - - -
Env A3 RLRDLLLIVTR RLRDLLLIVTR RLRDLLLIVTR RLRDLLLIVTR

Patient C
Gag B44 AEQASQDVKNW AEQASQEVKNW AEQASQEVKNW
Gag Cw5 AEQASQEVKNWM AEQASQEVKNWM AEQASQEVKNWM
Gag B40 AEWDRVHPV AEWDRLHPA AEWDRLHPA
Gag B44 EEKAFSPEV EEKNFSPEV EEKNFSPEV
Gag B40 KELYPLTSL XEXYPLASL RELYPLASL
Gag B40 KETINEEAA KETINEEAA KETINEEAA
Gag B44 RDYVDRFYKTL RDYVDRFYKTL RDYVDRFYKTL
Gag B40 SEGATPQDL SEGATPQDL SEGATPQDL
Gag A2 VLAEAMSQV VLAEAMSQV VLAEAMSQV
Gag A2 YVDRFYKTL YVDRFYKTL YVDRFYKTL
Pol A2 ALVEICTEM ALVEICTEM ALVEICTEM
Pol B44 EEMNLPGRW EEMCLPGRW EXMXLPGRW
Pol B40 IEELRQHLL IEELRQHLL IEELRQHLL
Pol B40 IETVPVKL IETVPVKL IETVPVKL
Pol A2 ILKEPVHGV ILREPVHGV ILREPVHGV
Pol A2 LVGPTPVNI LIGPTPVNI LIGPTPVNI
Pol A2 VIYQYMDDL VIYQYMDDL VIYQYMDDL
Pol A2 YTAFTIPSI YTAFTIPSI YTAFTIPSI
Vpr A2 AIIRILQQL AIIRILQQL AIIRILQQL
Vpr A2 RILQQLLFI RILQQLLFI RILQQLLFI
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Table S6.5 – continued from previous page
Protein HLA Streeck epitope Patient Patient Patient DC-TRN

pre-cART early-ATI late-ATI vaccine
Rev Cw5 SAEPVPLQL SSEPVPLQL SSEPVPLQL SAEPVPLQL
Nef B40 KEKGGLEGL KEKGGLEGI KEKGGLEGI KEKGGLEGL KEKGGLEGL
Nef A2 PLTFGWCYKL PLTFGWCFKL PLTFGWCFKL PLTFGWCFKL PLTFGWCFKL
Nef A2 VLEWRFDSRL VLQWKFDSRL VLQWKFDSRL VLVWKFDSRL VLVWKFDSRL
Nef A29 YFPDWQNYT YFPDWQNYT YFPDWQNYT YFPDWQNYT YFPDWQNYT
Env A2 RIRQGLERA RIRQGLERA RIRQGLERA

Patient D
Vpr B40 REPHNEWTL REPYHXWAL REPYXEWTX
Rev A1 ISERILSTY ISERILSTY ISERILSTY ISGWILSTY ISERILSTY
Nef Cw3 AAVDLSHFL GALDLSHFL GALDLSHFL GALDLSHFL AAVDLSHFL
Nef B8 FLKEKGGL FLKEQGGL FLKEQGGL FLKEQGGL FLKEKGGL
Nef B40 KEKGGLEGL KEQGGLEGX KEQGGLEGL KEQGGLEGI KEKGGLEGL
Nef B40 LEKHGAITS LEKHGAITS LEKHGAITS LEKHGAITS LEKHGAITS
Nef Cw7 RRQDILDLWIY RRQDILDLWVY RRQDILDLWIY RRQDILDLWVY KRQDILDLWVY
Nef A24 RYPLTFGW RFPLTFGW RFPLTFGW RFPLTFGW RYPLTFGW
Nef A1 YFPDWQNYT YFPDWQNYT YFPDWQNYT YFPDWQNYT YFPDWQNYT
Env B40 QELKNSAVSL QELKNSAVNL QELKNSAVNL QELRKSAVSL
Env Cw3 RAIEAQQHL RAIEAQQHX - - - - - - - - - - - - - - - - - -
Env A1 RRGWEVLKY RRGWEXLKY RRGWEALKY RRGWEILKY
Env A24 RYLKDQQLL RYLRDQQLL - - - - - - - - - - - - - - - - - -
Env B8 YLKDQQLL YLRDQQLL - - - - - - - - - - - - - - - -

Patient E
Gag B44 AEQASQDVKNW AEQASQEVKNW
Gag Cw5 AEQASQEVKNWM AEQASQEVKNWM
Gag B44 EEKAFSPEV EEKAFSPEV
Gag B35 PPIPVGDIY PPIPVGEIY
Gag Cw4 QASQEVKNW QASQEVKNW
Gag B44 RDYVDRFYKTL RDYVDRFYKTL
Rev Cw5 SAEPVPLQL PAEPVPLQL PAEPVPLQL PAEPVPLQL SAEPVPLQL
Nef A24 RYPLTFGW RFPLTFGW RFPLTFGW RFPLTFGW RYPLTFGW
Nef B35 VPLRPMTY VPLRPMTY VPLRPMTF VPLRPMTF VPLRPMTY
Env A24 RYLKDQQLL RYLKDQQLL - - - - - - - - - - - - - - - - - -
Env B35 TAVPWNASW TAVPWNASW - - - - - - - - - - - - - - - - - -

Patient F
Gag B8 DCKTILKAL DCKTILKAL DCKTILKAL
Gag B8 EIYKRWII EIYKRWII EIYKRWII
Gag B7 GPGHKARVL GPGHKARVL GPGHKARVL
Gag B7 HPVHAGPIA HPVHAGPIA HPVHAGPIA
Gag B7 TPQDLNTML TPQDLNTML TPQDLNTML
Pol B8 GPKVKQWPL GPKVKQWPL GPKVKQWPL
Pol B7 SPAIFQSSM SPAIFQCSM SPAIFQCSM
Vif B7 HPRVSSEVHI HPRISSEVHI HPRISSEVHI HPRISSEVHI
Vpr B7 FPRIWLHGL FPRIWLQGL FPRIWLQGL FPRIWLQGL
Rev A1 ISERILSTY ISGWILNTY ISGWILNTY ISGWILNTY ISERILSTY
Nef B8 FLKEKGGL FLRKEGGL FLRKEGGL FLKEKGGL FLKEKGGL
Nef B7 FPVTPQVPL FPVKPQVPL FPVKPQVPL FPVKPQVPL FPVRPQVPL
Nef B7 RPMTYKAAV RPMTYKAAV RPMTYKAAV RPMTYKAAV RPMTYKAAV
Nef Cw7 RRQDILDLWIY RRQDILDLWVH RRQDILDLWVH RRQDILDLWXX KRQDILDLWVY
Nef A24 RYPLTFGW RFPLTFGW RFPLTFGW RFPLTFGW RYPLTFGW
Nef B7 TPGPGVRYPL TPGPGTRFPL TPGPGTRFPL TPGPGIRFPL TPGPGIRYPL
Nef B7 TPQVPLRPM KPQVPLRPM KPQVPLRPM KPQVPLRPM RPQVPLRPM
Nef B8 WPTVRERM WPAVRDRM WPAVRDRM WPAVRDRM WPTVRERM
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Table S6.5 – continued from previous page
Protein HLA Streeck epitope Patient Patient Patient DC-TRN

pre-cART early-ATI late-ATI vaccine
Nef A1 WRFDSRLAFH WKFDSSLAFH WKFDSSLAFH WKFDSSLAFH WKFDSRLAFH
Nef A1 YFPDWQNYT YFPDWQNYT YFPDWQNYT YFPDWQNYT YFPDWQNYT
Env A24 LFCASDAKAY LFCASDAKAY LFCASDAKAY - - - - - - - - - -
Env A1 RRGWEVLKY RRGWEALKY RRGWEALKY RRGWEALKY

Patient G
Gag B44 AEQASQDVKNW AEQASQEVKNW AEQASQEVKNW
Gag B44 EEKAFSPEV EEKAFSPEV EEKAFSPEV
Gag B7 GPGHKARVL GPGHKARVL GPGHKARVL
Gag B7 HPVHAGPIA HPVHAGPIA HPVHAGPIA
Gag B44 RDYVDRFYKTL RDYVDRFYKTL RDYVDRFYKTL
Gag B7 TPQDLNTML TPQDLNTML TPQDLNTML
Gag A2 VLAEAMSQV VLAEAMSQV VLAEAMSQV
Gag A2 YVDRFYKTL YVDRFYKTL YVDRFYKTL
Pol A3 AIFQSSMTK AIFQCSMTK AIFQCSMTK
Pol A2 ALVEICTEM ALVEICTEM ALVEICTEM
Pol A3 ALVEICTEMEK ALVEICTEMEK ALVEICTEMEK
Pol B44 EEMNLPGRW EEMNLPGRW EEMNLPGRW
Pol A3 GIPHPAGLK GIPHPAGLK GIPHPAGLK
Pol A2 ILKEPVHGV ILKEPVHGV ILKEPVHGV
Pol A3 KLVDFRELNK KLVDFRELNK KLVDFRELNK
Pol A2 LVGPTPVNI LVGPTPVNI LVGPTPVNI
Pol A3 QIYPGIKVR QIYPGIKVR QIYPGIKVR
Pol B7 SPAIFQSSM SPAIFQCSM SPAIFQCSM
Pol A2 VIYQYMDDL VIYQYMDDL VIYQYMDDL
Pol A2 YTAFTIPSI YTAFTIPSI YTAFTIPSI
Vif A3 HMYISKKAK HMYVSKKAR HMYASKKAR HMYXSKKAR
Vif B7 HPRVSSEVHI HPKISSEVHI HPKISSEVHI HPKISSEVHI
Vif A3 RIRTWKSLVK KIRAWNSLVK KIRAWNSLVK KIRAWNSLVK
Vpr A2 AIIRILQQL AIIRILQQM AIIRILQQM AIIRILQQM
Vpr B7 FPRIWLHGL FPREWLHNL FPRVWLHNL FPRVWLHNL
Vpr A2 RILQQLLFI RILQQMLFI RILQQMLFI RILQQMLFI
Rev A3 ERILSTYLGR ERLLSTFVGR ERLLNTFVGR ERLLSTLVGR ERILSTYLGR
Nef A3 AVDLSHFLK ALDLSHFLK ALDLSHFLK ALDLSHFLK AVDLSHFLK
Nef B7 FPVTPQVPL FPVRPQVPL FPVKPQVPL FPVKPQVPL FPVRPQVPL
Nef A2 PLTFGWCYKL PLTFGWCFKL PLTFGWCFKL PLTFGWCFKL PLTFGWCFKL
Nef A3 QVPLRPMTYK QVPLRPMTYK QVPLRPMTYK QVPLRPMTYK QVPLRPMTYK
Nef B7 RPMTYKAAV RPMTYKAAL RPMTYKAAL RPMTYKAAL RPMTYKAAV
Nef B7 RQDILDLWIY RQDILDLWVY RQDILDLWVY RQDILDLWVY RQDILDLWVY
Nef Cw7 RRQDILDLWIY QRQDILDLWVY QRQDILDLWVY QRQDILDLWVY KRQDILDLWVY
Nef B7 TPGPGVRYPL TPGPGIRYPL TPGPGIRYPL TPGPGIRYPL TPGPGIRYPL
Nef B7 TPQVPLRPM RPQVPLRPM KPQVPLRPM KPQVPLRPM RPQVPLRPM
Nef A2 VLEWRFDSRL VLMWKFDSRL VLMWKFDSRL VLMWKFDSRL VLVWKFDSRL
Env B7 IPRRIRQGL IPRRIRQGF IPRRIRQGF - - - - - - - - -
Env A2 RIRQGLERA RIRQGFERA RIRQGFERA - - - - - - - - -
Env A3 RLRDLLLIVTR RLRDLLLIVTR RLRDLLLIVTR RLRDLLLIVTR
Env A2 SLLNATAIAV SLLNATAIAV SLLNATAIAV SLLNATAIAV

Patient H
Gag A11 ACQGVGGPGHK ACQGVGGPGHK ACQGVGGPGHK
Gag A11 GVGGPGHK GVGGPGHK GVGGPGHK
Gag B57 KAFSPEVIPMF KAFSPEVIPMF KAFSPEVIPMF
Gag B57 QASQEVKNW QASQEVKNW QASQEVKNW
Gag B57 TSTLQEQIGW TSNLQEQIAW TSNLQEQIAW
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Table S6.5 – continued from previous page
Protein HLA Streeck epitope Patient Patient Patient DC-TRN

pre-cART early-ATI late-ATI vaccine
Gag A2 VLAEAMSQV VLAEAMSQV VLAEAMSQV
Gag A2 YVDRFYKTL YVDRFYKTL YVDRFYKTL
Vpr A2 AIIRILQQL AIIRILQQL AIIRILQQL
Vpr B57 AVRHFPRIW AVRHFPRIW AVRHFPRIW
Rev B57 KAVRLIKFLY KTVRLIKEIY KTVRLIKEIY KTVRLIKFLY KTVRLIKFLY
Nef A11 AVDLSHFLK ALDLSHFLK ALDLSHFLK AVDLSHFLK AVDLSHFLK
Nef B57 HTQGYFPDW NTQGYFPDW NTQGYFPDW HTQGYFPDW HTQGYFPDW
Nef B57 LTFGWCFKL LTFGWCFKL LTFGWCFKL LTFGWCFKL LTFGWCFKL
Nef A2 PLTFGWCYKL PLTFGWCFKL PLTFGWCFKL PLTFGWCFKL PLTFGWCFKL
Nef A11 QVPLRPMTYK QVPLRPMTYK QVPLRPMTYK QVPLRPMTYK QVPLRPMTYK
Nef A2 VLEWRFDSRL VLMWKFDSRL VLMWKFDSRL VLVWKFDSRL VLVWKFDSRL
Nef B57/Cw6 YFPDWQNYT YFPDWHNYT YFPDWHNYT YFPDWQNYT YFPDWQNYT
Nef B57 YTPGPGIRY YTPGPGVRY YTPGPGVRY YTPGPGIRY YTPGPGIRY
Env A2 RIRQGLERA RIRQGFERA - - - - - - - - -
Env A2 SLLNATAIAV SLLNFTAVAV SLLNFIAIAV

Patient I
Gag B40 KETINEEAA KETINEEAA KETINEEAA
Gag B57 QASQEVKNW QASQEVKNW QASQEVKNW
Gag B40 SEGATPQDL SEGATPQDL SEGATPQDL
Gag B40 TERQANFL NERQANFL NERQANFL
Gag B57 TSTLQEQIGW TSNLQEQIAW TSNLQEQIAW
Gag Cw3 YVDRFFKTL YVDRFYKTL YVDRFYKTL
Pol A3 AIFQSSMTK AIFQSSMTK AIFQSSMTK
Pol A3 ALVEICTEMEK ALVEICTEMEK ALVEICTEMEK
Pol A3 GIPHPAGLK GIPHPAGLK GIPHPAGLK
Pol B40 IEELRQHLL IEELRQHLL IEELRQHLL
Pol B40 IETVPVKL IETVPVKL IETVPVKL
Pol B57 IVLPEKDSW ILLPEKDSW ILLPEKDSW
Pol B57 KAIGTVLV KAIGTVLV KAIGTVLV
Pol A3 KLVDFRELNK KLVDFRELNK KLVDFRELNK
Pol A3 QIYPGIKVR QIYAGIKVR QIYAGIKVR
Vif A3 KTKPPLPSVKK KTKPPLPSVTK KTKPPLPSVTK KTKPPLPSVAK
Vif A3 RIRTWKSLVK RIRAWKSLVK RIRAWKSLVK RIRAWKSLVK
Vpr B57 AVRHFPRIW AVRHFPRAW AVRHFPRVW AVRHFPRIW
Vpr B40 REPHNEWTL REPYNEWAL REPYNEWAL REPYNEWAL
Rev A3 ERILSTYLGR AWILSTRLGR AWILSTRLGR AWILSTRLGR ERILSTYLGR
Rev B57 KAVRLIKFLY QTVKFIKFLY QTVKFIKFLY QTVKFIKFLY KTVRLIKFLY
Nef Cw3 AAVDLSHFL GALDLSHFL GALDLSHFL GALDLSHFL AAVDLSHFL
Nef A3 AVDLSHFLK ALDLSHFLK ALDLSHFLK ALDLSHFLK AVDLSHFLK
Nef B57 HTQGYFPDW NTQGYFPDW NTQGYFPDW NTQGYFPDW HTQGYFPDW
Nef B40 KEKGGLEGL KEKGGLDGL KEKGGLDGL KEKGGLDGL KEKGGLEGL
Nef B40 LEKHGAITS LEKHGAITS LEKHGAITS LERHGAITS LEKHGAITS
Nef B57 LTFGWCFKL LTFGWCFKL LTFGWCFKL LTFGWCFKL LTFGWCFKL
Nef A3 QVPLRPMTYK QVPLRPMTYK QVPLRPMTYK QVPLRPMTYK QVPLRPMTYK
Nef B57/Cw6 YFPDWQNYT YFPDWQNYT YFPDWQNYT YFPDWQNYT YFPDWQNYT
Nef B57 YTPGPGIRY YTPGPGVRY YTPGPGVRY YTPGPGVRY YTPGPGIRY
Env B40 QELKNSAVSL QELKNSAVSL QELKNSAVSL QELKNSAVSL
Env Cw3 RAIEAQQHL RAIDAQQHL RAIDAQQHL - - - - - - - - -
Env A3 RLRDLLLIVTR RLRDLLLIAAR RLRDLLLIAAR RLRDLLLIAAR
Env A3 TVYYGVPVWK TVYYGVPVWK TVYYGVPVWK - - - - - - - - - -

Patient J
Gag B7 GPGHKARVL GPGHKAKVL GPGHKAKVL
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Table S6.5 – continued from previous page
Protein HLA Streeck epitope Patient Patient Patient DC-TRN

pre-cART early-ATI late-ATI vaccine
Gag B7 HPVHAGPIA HPVHAGPIA HPVHAGPIA
Gag B7 TPQDLNTML TPQDLNTML TPQDLNTML
Pol A3 ALVEICTEMEK ALVEICTEMEK ALVEICTEMEK
Pol A3 GIPHPAGLK GIPHPAGLK GIPHPAGLK
Pol A3 KLVDFRELNK KLVDFRELNK KLVDFRELNK
Pol A3 QIYPGIKVR QIYPGIKVR QIYPGIKVR
Pol B7 SPAIFQSSM SPAIFQSSM SPAIFQSSM

Patient K
Rev A1 ISERILSTY LSGWILSTY LSGWILSTY LSGWILSTY ISERILSTY
Rev B14 SAEPVPLQL SPEPVPLQL SPEPVPLQL SPEPVPLQL SAEPVPLQL
Nef A1/Cw6 YFPDWQNYT YFPDWQNYT YFPDWQNYT YFPDWQNYT YFPDWQNYT
Env B14 ERYLKDQQL ERYLKDQQL - - - - - - - - - - - - - - - - - -
Env A1 RRGWEVLKY RRGWEILKY RRGWEILKY RRGWEILKY

Patient L
Gag B14 CRAPRKKGC CRAPRKRGC CRAPRKKGC
Gag B14 DRFYKTLRA DRFYKTLRA DRFYKTLRA
Gag Cw8 RAEQASQEV RAEQASQDV RAEQASQDV
Gag Cw8 TPQDLNTML TPQDLNTML TPQDLNTML
Gag A2 VLAEAMSQV VLAEAMSQV VLAEAMSQV
Gag A2 YVDRFYKTL YVDRFYKTL YVDRFYKTL
Pol A2 ALVEICTEM ALXEICTEM ALVEICTEM
Pol A2 ILKEPVHGV LLKEPVHGV LLKEPVHGV
Pol A2 LVGPTPVNI LVGPTPVNI LVGPTPVNI
Pol A2 VIYQYMDDL VIYQYMDDL VIYQYMDDL
Pol A2 YTAFTIPSI YTAFTIPSV YTAFTIPSV
Vpr A2 AIIRILQQL AIIRILQQL AIIRILQQL AIIRXLQQL
Vpr A2 RILQQLLFI RILQQLLFI RILQQLLFI RXLQQLLFI
Rev B14/Cw8 SAEPVPLQL SEEPVPLQL SEEPVPLQL SEEPVPLQL SAEPVPLQL
Nef Cw8 AAVDLSHFL AGLDLSHFL AGLDLSHFL AGLDLSHFL AAVDLSHFL
Nef A2 PLTFGWCYKL PLCFGWCFKL PLCFGWCFKL PLCFGWCFKL PLTFGWCFKL
Nef A24 RYPLTFGW RYPLCFGW RYPLCFGW RYPLCFGW RYPLTFGW
Nef A2 VLEWRFDSRL VLVWKFDSRL ILVWKFDSRL VLVWKFDSRL VLVWKFDSRL
Env A24 LFCASDAKAY LFCASDAKAY LFCASDAKAY - - - - - - - - - -
Env A2 SLLNATAIAV NLXNXXAIAV NLLNTTAIAV NLLNTTAIAV

Patient M
Nef Cw3 AAVDLSHFL GALDLSHFL GALDLSHFL GALDLSHFL AAVDLSHFL
Nef B15 TQGYFPDWQNY TQGYFPDWQNY TQGYFPDWQNY TQGYFPDWQNY TQGYFPDWQNY
Nef B35 VPLRPMTY VPLRPMTY VPLRPMTY VPLRPMTY VPLRPMTY
Nef B15 WRFDSRLAF WRFDSHLAY WRFDSHLAY WRFDSHLAY WKFDSRLAF
Env A68 IVTRIVELL IVTRIVELL IVTRIVELL IVTRIVELL

Patient N
Vif B7 HPRVSSEVHI HPRISSEVHI HPRISSEVHI
Vpr A2 AIIRILQQL AIIRILQQL AIIRILQQL
Vpr B7 FPRIWLHGL FPRMWLHGL FPRMWLHGL
Vpr A2 RILQQLLFI RILQQLLFI RILQQLLFI
Nef B7 FPVTPQVPL FPVKPQVPL FPVKPQVPL FPVRPQVPL FPVRPQVPL
Nef A2 PLTFGWCYKL PLTFGWCFKL PLTFGWCFKL PLTFGWCFKL PLTFGWCFKL
Nef B7 RPMTYKAAV RPMTYKGAL RPMTYKGAL RPMTYKAAV RPMTYKAAV
Nef B7 RQDILDLWIY RQDILDLWIY RQDILDLWIY RQDILDLWVY RQDILDLWVY
Nef Cw7 RRQDILDLWIY RRQDILDLWIY XRQDILDLWIY KRQDILDLWVY KRQDILDLWVY
Nef B7 TPGPGVRYPL TPGPGPRFPL TPGPGPRFPL TPGPGIRYPL TPGPGIRYPL
Nef B7 TPQVPLRPM KPQVPLRPM KPQVPLRPM RPQVPLRPM RPQVPLRPM

continued on next page

129



Chapter 6. HIV-1 sequence evolution after therapeutic vaccination

Table S6.5 – continued from previous page
Protein HLA Streeck epitope Patient Patient Patient DC-TRN

pre-cART early-ATI late-ATI vaccine
Nef A2 VLEWRFDSRL VLQWKFDSRL VLQWKFDSRL VLVWKFDSRL VLVWKFDSRL
Nef A1 YFPDWQNYT YFPDWQNYT YFPDWQNYT YFPDWQNYT YFPDWQNYT
Env A1 RRGWEVLKY RRGWEALKY RRGWEALKY
Env A2 SLLNATAIAV SLXNAXAIAV SLLNAIAIAV

Patient Q
Vif A3 KTKPPLPSVKK KTKPPLPSVKK KTKPPLPSIKK KTKPPLPSIKK
Vif A3 RIRTWKSLVK RISTWKSLVK RISTWKSLVK RISTWKSLVK
Rev A3 ERILSTYLGR AWLLSTHLGR AWLLSTHLGR AWLLSTHLGR ERILSTYLGR
Nef A3 AVDLSHFLK ALDLSHFLK ALDLSHFLK ALDLSHFLK AVDLSHFLK
Nef A3 QVPLRPMTYK QVPLRPMTFK QVPLRPMTFK QVPLRPMTFK QVPLRPMTYK
Nef B35 VPLRPMTY VPLRPMTF VPLRPMTF VPLRPMTF VPLRPMTY
Env B51 RAIEAQQHL RAIEAQQHL - - - - - - - - - - - - - - - - - -
Env A3 RLRDLLLIVTR RLRDLLLIVAR RLRDLLLIVAR RLRDLLLIVAR
Env A3 TVYYGVPVWK TVYYGVPVWR TVYYGVPVWR TVYYGVPVWR
Env B35 VPVWKEATTTL VPVWREATTVL VPVWREATTVL VPVWREATTVL
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Table S6.6. Percentage of mutated amino acids (AA) compared to the pre-cART
sequence. The numbers between brackets show the number of mutated amino acids
out of all amino acids.

Streeck Predictions
Protein Timepoint mutated AA in

Epitopes
mutated AA in
non-Epitopes

mutated AA in
Epitopes

mutated AA in
non-Epitopes

Patient A
Env early-ATI 0.0 (0/6) 0.6 (2/324) 1.1 (1/91) 0.4 (1/239)
Env late-ATI NA 1.5 (2/134) 2.0 (1/50) 1.2 (1/84)
Gag early-ATI 0.0 (0/58) 0.0 (0/272) 0.0 (0/99) 0.0 (0/232)
Gag late-ATI 0.0 (0/58) 0.0 (0/237) 0.0 (0/87) 0.0 (0/209)
Nef early-ATI 0.0 (0/54) 0.0 (0/153) 0.0 (0/63) 0.0 (0/144)
Nef late-ATI 1.9 (1/54) 2.6 (4/153) 3.2 (2/63) 2.1 (3/144)
Nef DC-TRN vaccine 7.4 (4/54) 13.9 (21/151) 6.5 (4/62) 14.7 (21/143)
Pol early-ATI 0.0 (0/59) 0.0 (0/361) 0.0 (0/142) 0.0 (0/278)
Rev early-ATI NA 0.0 (0/116) 0.0 (0/29) 0.0 (0/87)
Rev late-ATI NA 0.0 (0/102) 0.0 (0/26) 0.0 (0/76)
Rev DC-TRN vaccine NA 10.3 (12/116) 17.2 (5/29) 8.0 (7/87)
Tat early-ATI NA 1.0 (1/101) 0.0 (0/29) 1.4 (1/72)
Tat late-ATI NA 2.6 (2/77) 0.0 (0/15) 3.2 (2/62)
Tat DC-TRN vaccine NA 18.8 (19/101) 24.1 (7/29) 16.7 (12/72)
Vif early-ATI 0.0 (0/20) 0.0 (0/172) 0.0 (0/61) 0.0 (0/131)
Vif late-ATI 0.0 (0/20) 0.0 (0/172) 0.0 (0/61) 0.0 (0/131)
Vpr early-ATI 0.0 (0/9) 0.0 (0/85) 0.0 (0/35) 0.0 (0/59)
Vpr late-ATI 0.0 (0/9) 0.0 (0/85) 0.0 (0/35) 0.0 (0/59)
Vpu early-ATI NA 0.0 (0/81) 0.0 (0/36) 0.0 (0/45)
Vpu late-ATI NA 3.7 (3/81) 5.6 (2/36) 2.2 (1/45)

Patient C
Env early-ATI 0.0 (0/9) 1.9 (6/321) 0.0 (0/79) 2.4 (6/251)
Gag early-ATI 1.3 (1/75) 1.2 (3/246) 1.2 (1/86) 1.3 (3/235)
Nef early-ATI 0.0 (0/38) 6.5 (11/170) 5.9 (3/51) 5.1 (8/157)
Nef DC-TRN vaccine 5.3 (2/38) 16.4 (27/165) 9.8 (5/51) 15.8 (24/152)
Pol early-ATI 2.8 (2/71) 1.1 (4/376) 2.6 (3/116) 0.9 (3/331)
Rev early-ATI 0.0 (0/9) 1.9 (2/107) 5.6 (2/36) 0.0 (0/80)
Rev DC-TRN vaccine 11.1 (1/9) 15.9 (17/107) 36.1 (13/36) 6.3 (5/80)
Tat early-ATI NA 1.0 (1/101) 0.0 (0/25) 1.3 (1/76)
Tat DC-TRN vaccine NA 19.8 (20/101) 16.0 (4/25) 21.1 (16/76)
Vif early-ATI NA 2.6 (5/191) 0.0 (0/49) 3.5 (5/142)
Vpr early-ATI 0.0 (0/12) 0.0 (0/84) 0.0 (0/29) 0.0 (0/67)
Vpu early-ATI NA 3.7 (3/81) 7.1 (2/28) 1.9 (1/53)

Patient D
Env early-ATI NA 3.1 (4/131) 8.3 (1/12) 2.5 (3/119)
Env late-ATI NA 19.3 (26/135) 23.5 (4/17) 18.6 (22/118)
Nef early-ATI 3.6 (2/55) 1.4 (2/148) 1.9 (1/53) 2.0 (3/150)
Nef late-ATI 1.8 (1/55) 1.4 (2/148) 0.0 (0/53) 2.0 (3/150)
Nef DC-TRN vaccine 10.9 (6/55) 13.6 (20/147) 9.4 (5/53) 14.1 (21/149)
Rev early-ATI 0.0 (0/9) 2.8 (3/107) 4.0 (1/25) 2.2 (2/91)
Rev late-ATI 22.2 (2/9) 10.3 (11/107) 20.0 (5/25) 8.8 (8/91)
Rev DC-TRN vaccine 0.0 (0/9) 6.5 (7/107) 8.0 (2/25) 5.5 (5/91)
Tat early-ATI NA 0.0 (0/101) 0.0 (0/29) 0.0 (0/72)
Tat late-ATI NA 4.0 (4/101) 0.0 (0/29) 5.6 (4/72)
Tat DC-TRN vaccine NA 11.9 (12/101) 17.2 (5/29) 9.7 (7/72)
Vif late-ATI NA 2.6 (5/192) 1.4 (1/72) 3.3 (4/120)
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Vpr late-ATI 44.4 (4/9) 3.5 (3/86) 14.3 (4/28) 4.5 (3/67)
Vpu early-ATI NA 0.0 (0/81) 0.0 (0/29) 0.0 (0/52)
Vpu late-ATI NA 2.5 (2/81) 3.4 (1/29) 1.9 (1/52)

Patient E
Env early-ATI NA 0.7 (1/134) 0.0 (0/40) 1.1 (1/94)
Env late-ATI NA 2.3 (3/128) 4.7 (2/43) 1.2 (1/85)
Nef early-ATI 6.3 (1/16) 4.2 (8/190) 5.4 (3/56) 4.0 (6/150)
Nef late-ATI 6.3 (1/16) 4.2 (8/190) 5.4 (3/56) 4.0 (6/150)
Nef DC-TRN vaccine 6.3 (1/16) 14.3 (27/189) 12.5 (7/56) 14.1 (21/149)
Rev early-ATI 0.0 (0/9) 0.0 (0/107) 0.0 (0/36) 0.0 (0/80)
Rev late-ATI 0.0 (0/9) 0.0 (0/107) 0.0 (0/36) 0.0 (0/80)
Rev DC-TRN vaccine 11.1 (1/9) 10.3 (11/107) 13.9 (5/36) 8.8 (7/80)
Tat early-ATI NA 1.0 (1/101) 0.0 (0/22) 1.3 (1/79)
Tat late-ATI NA 4.0 (4/101) 4.5 (1/22) 3.8 (3/79)
Tat DC-TRN vaccine NA 19.8 (20/101) 22.7 (5/22) 19.0 (15/79)
Vif early-ATI NA 0.5 (1/192) 0.0 (0/67) 0.8 (1/125)
Vif late-ATI NA 2.6 (5/192) 3.0 (2/67) 2.4 (3/125)
Vpr early-ATI NA 1.0 (1/96) 0.0 (0/36) 1.7 (1/60)
Vpr late-ATI NA 2.1 (2/96) 2.8 (1/36) 1.7 (1/60)
Vpu early-ATI NA 6.2 (5/81) 5.6 (1/18) 6.3 (4/63)
Vpu late-ATI NA 8.6 (7/81) 5.6 (1/18) 9.5 (6/63)

Patient F
Env early-ATI 0.0 (0/10) 1.5 (3/198) 1.6 (1/61) 1.4 (2/147)
Env late-ATI NA 2.2 (3/135) 0.0 (0/52) 3.6 (3/83)
Gag early-ATI 0.0 (0/44) 0.0 (0/300) 0.0 (0/92) 0.4 (1/253)
Nef early-ATI 0.0 (0/77) 0.0 (0/129) 0.0 (0/50) 0.0 (0/156)
Nef late-ATI 7.8 (6/77) 4.7 (6/129) 8.0 (4/50) 5.1 (8/156)
Nef DC-TRN vaccine 14.3 (11/77) 14.1 (18/128) 12.0 (6/50) 14.8 (23/155)
Pol early-ATI 0.0 (0/18) 0.2 (1/455) 0.0 (0/146) 0.3 (1/327)
Rev early-ATI 0.0 (0/9) 0.9 (1/107) 0.0 (0/29) 1.1 (1/87)
Rev late-ATI 0.0 (0/9) 1.9 (2/107) 0.0 (0/29) 2.3 (2/87)
Rev DC-TRN vaccine 33.3 (3/9) 9.3 (10/107) 13.8 (4/29) 10.3 (9/87)
Tat early-ATI NA 0.0 (0/101) 0.0 (0/28) 0.0 (0/73)
Tat late-ATI NA 2.0 (2/101) 3.6 (1/28) 1.4 (1/73)
Tat DC-TRN vaccine NA 19.8 (20/101) 25.0 (7/28) 17.8 (13/73)
Vif early-ATI 0.0 (0/10) 0.0 (0/182) 0.0 (0/63) 0.0 (0/129)
Vif late-ATI 0.0 (0/10) 2.2 (4/182) 3.2 (2/63) 1.6 (2/129)
Vpr early-ATI 0.0 (0/9) 0.0 (0/87) 0.0 (0/26) 0.0 (0/70)
Vpr late-ATI 0.0 (0/9) 1.1 (1/87) 0.0 (0/26) 1.4 (1/70)
Vpu early-ATI NA 1.2 (1/81) 0.0 (0/24) 1.8 (1/57)
Vpu late-ATI NA 7.4 (6/81) 4.2 (1/24) 8.8 (5/57)

Patient G
Env early-ATI 0.0 (0/11) 0.9 (3/319) 0.0 (0/91) 1.3 (3/239)
Env late-ATI NA 0.7 (1/137) 0.0 (0/64) 1.4 (1/73)
Gag early-ATI 0.0 (0/65) 0.4 (1/279) 0.0 (0/94) 0.4 (1/251)
Nef early-ATI 1.6 (1/64) 0.0 (0/150) 1.6 (1/64) 0.0 (0/150)
Nef late-ATI 1.6 (1/64) 0.7 (1/150) 1.6 (1/64) 0.7 (1/150)
Nef DC-TRN vaccine 4.7 (3/64) 15.3 (21/137) 3.1 (2/64) 16.1 (22/137)
Pol early-ATI 0.0 (0/95) 0.0 (0/395) 0.0 (0/151) 0.0 (0/339)
Rev early-ATI 10.0 (1/10) 0.9 (1/106) 3.4 (1/29) 1.1 (1/87)
Rev late-ATI 10.0 (1/10) 0.9 (1/106) 3.4 (1/29) 1.1 (1/87)
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Rev DC-TRN vaccine 30.0 (3/10) 13.2 (14/106) 17.2 (5/29) 13.8 (12/87)
Tat early-ATI NA 2.0 (2/101) 0.0 (0/36) 3.1 (2/65)
Tat late-ATI NA 2.0 (2/101) 0.0 (0/36) 3.1 (2/65)
Tat DC-TRN vaccine NA 21.8 (22/101) 16.7 (6/36) 24.6 (16/65)
Vif early-ATI 3.4 (1/29) 0.6 (1/163) 1.6 (1/64) 0.8 (1/128)
Vif late-ATI 3.4 (1/29) 1.8 (3/163) 3.1 (2/64) 1.6 (2/128)
Vpr early-ATI 4.8 (1/21) 0.0 (0/75) 4.5 (1/22) 0.0 (0/74)
Vpr late-ATI 4.8 (1/21) 0.0 (0/75) 4.5 (1/22) 0.0 (0/74)
Vpu early-ATI NA 1.3 (1/78) 3.4 (1/29) 0.0 (0/49)
Vpu late-ATI NA 1.3 (1/78) 3.4 (1/29) 0.0 (0/49)

Patient H
Env early-ATI NA 4.3 (6/139) 7.1 (2/28) 3.6 (4/111)
Gag early-ATI 0.0 (0/59) 0.0 (0/243) 0.0 (0/91) 0.0 (0/215)
Nef early-ATI 0.0 (0/59) 4.8 (7/147) 0.0 (0/52) 4.5 (7/154)
Nef DC-TRN vaccine 8.5 (5/59) 19.9 (29/146) 7.7 (4/52) 19.6 (30/153)
Rev early-ATI 0.0 (0/10) 0.9 (1/109) 0.0 (0/29) 1.1 (1/90)
Rev DC-TRN vaccine 20.0 (2/10) 20.4 (22/108) 24.1 (7/29) 19.1 (17/89)
Tat early-ATI NA 2.0 (2/102) 2.8 (1/36) 1.5 (1/66)
Tat DC-TRN vaccine NA 17.8 (18/101) 8.3 (3/36) 23.1 (15/65)
Vif early-ATI NA 0.5 (1/192) 0.0 (0/62) 0.8 (1/130)
Vpr early-ATI 0.0 (0/18) 6.3 (5/79) 0.0 (0/28) 7.2 (5/69)
Vpu early-ATI NA 4.9 (4/81) 3.4 (1/29) 5.8 (3/52)

Patient I
Env early-ATI 0.0 (0/40) 2.5 (9/355) 1.5 (2/136) 2.7 (7/259)
Env late-ATI NA 2.2 (3/135) 0.0 (0/42) 3.2 (3/93)
Gag early-ATI 0.0 (0/54) 3.2 (9/281) 0.0 (0/93) 3.7 (9/242)
Nef early-ATI 0.0 (0/66) 4.3 (6/140) 3.7 (2/54) 2.6 (4/152)
Nef late-ATI 1.5 (1/66) 4.3 (6/140) 3.7 (2/54) 3.3 (5/152)
Nef DC-TRN vaccine 7.6 (5/66) 15.8 (22/139) 16.7 (9/54) 11.9 (18/151)
Pol early-ATI 0.0 (0/82) 1.6 (6/387) 0.0 (0/146) 1.9 (6/323)
Rev early-ATI 0.0 (0/20) 2.1 (2/96) 0.0 (0/20) 2.1 (2/96)
Rev late-ATI 0.0 (0/20) 4.2 (4/96) 0.0 (0/20) 4.2 (4/96)
Rev DC-TRN vaccine 30.0 (6/20) 8.3 (8/96) 25.0 (5/20) 9.4 (9/96)
Tat early-ATI NA 5.0 (5/101) 6.1 (2/33) 4.4 (3/68)
Tat late-ATI NA 5.9 (6/101) 9.1 (3/33) 4.4 (3/68)
Tat DC-TRN vaccine NA 18.8 (19/101) 21.2 (7/33) 17.6 (12/68)
Vif early-ATI 0.0 (0/21) 1.2 (2/171) 1.5 (1/65) 0.8 (1/127)
Vif late-ATI 4.8 (1/21) 4.7 (8/171) 10.8 (7/65) 1.6 (2/127)
Vpr early-ATI 5.6 (1/18) 0.0 (0/78) 2.9 (1/34) 0.0 (0/62)
Vpr late-ATI 5.6 (1/18) 0.0 (0/73) 2.9 (1/34) 0.0 (0/57)
Vpu early-ATI NA 4.9 (4/81) 3.2 (1/31) 6.0 (3/50)
Vpu late-ATI NA 1.2 (1/81) 0.0 (0/31) 2.0 (1/50)

Patient J
Gag early-ATI 0.0 (0/27) 2.3 (7/305) 5.6 (3/54) 1.8 (5/279)
Pol early-ATI 0.0 (0/48) 1.8 (8/436) 2.5 (2/80) 1.5 (6/404)

Patient K
Env early-ATI NA 3.6 (5/139) 2.2 (1/46) 4.3 (4/93)
Env late-ATI NA 0.0 (0/140) 0.0 (0/47) 0.0 (0/93)
Nef early-ATI 0.0 (0/9) 3.0 (6/197) 2.9 (2/69) 2.9 (4/137)
Nef late-ATI 0.0 (0/9) 2.0 (4/197) 0.0 (0/69) 2.9 (4/137)
Nef DC-TRN vaccine 0.0 (0/9) 13.3 (26/196) 8.7 (6/69) 14.7 (20/136)
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Rev early-ATI 0.0 (0/18) 0.0 (0/98) 0.0 (0/35) 0.0 (0/81)
Rev late-ATI 0.0 (0/18) 0.0 (0/98) 0.0 (0/35) 0.0 (0/81)
Rev DC-TRN vaccine 22.2 (4/18) 10.2 (10/98) 20.0 (7/35) 8.6 (7/81)
Tat early-ATI NA 2.4 (2/85) 0.0 (0/20) 3.1 (2/65)
Tat late-ATI NA 0.0 (0/85) 0.0 (0/20) 0.0 (0/65)
Tat DC-TRN vaccine NA 16.5 (14/85) 10.0 (2/20) 18.5 (12/65)
Vif early-ATI NA 1.6 (3/192) 0.0 (0/72) 2.5 (3/120)
Vif late-ATI NA 1.6 (3/192) 0.0 (0/72) 2.5 (3/120)
Vpr early-ATI NA 1.0 (1/96) 0.0 (0/25) 1.4 (1/71)
Vpr late-ATI NA 0.0 (0/96) 0.0 (0/25) 0.0 (0/71)
Vpu early-ATI NA 7.6 (6/79) 6.3 (2/32) 8.5 (4/47)
Vpu late-ATI NA 6.3 (5/79) 3.1 (1/32) 8.5 (4/47)

Patient L
Env early-ATI 0.0 (0/10) 5.2 (10/191) 6.1 (3/49) 4.6 (7/152)
Env late-ATI NA 4.7 (6/129) 2.9 (1/34) 5.3 (5/95)
Gag early-ATI 2.2 (1/45) 2.4 (7/297) 1.2 (1/86) 2.7 (7/256)
Nef early-ATI 3.2 (1/31) 5.7 (10/176) 6.3 (4/64) 4.9 (7/143)
Nef late-ATI 0.0 (0/31) 0.6 (1/179) 0.0 (0/64) 0.7 (1/146)
Nef DC-TRN vaccine 9.7 (3/31) 14.9 (26/174) 6.3 (4/64) 17.7 (25/141)
Pol early-ATI 2.2 (1/45) 2.2 (10/446) 2.9 (4/139) 2.0 (7/352)
Rev early-ATI 0.0 (0/9) 3.7 (4/107) 3.3 (1/30) 3.5 (3/86)
Rev late-ATI 0.0 (0/9) 2.8 (3/107) 3.3 (1/30) 2.3 (2/86)
Rev DC-TRN vaccine 11.1 (1/9) 17.8 (19/107) 16.7 (5/30) 17.4 (15/86)
Tat early-ATI NA 3.0 (3/101) 0.0 (0/24) 3.9 (3/77)
Tat late-ATI NA 3.0 (3/101) 0.0 (0/24) 3.9 (3/77)
Tat DC-TRN vaccine NA 17.8 (18/101) 20.8 (5/24) 16.9 (13/77)
Vif early-ATI NA 4.7 (9/192) 6.6 (4/61) 3.8 (5/131)
Vif late-ATI NA 2.1 (4/192) 3.3 (2/61) 1.5 (2/131)
Vpr early-ATI 0.0 (0/12) 0.0 (0/84) 0.0 (0/31) 0.0 (0/65)
Vpr late-ATI 8.3 (1/12) 0.0 (0/84) 0.0 (0/31) 1.5 (1/65)
Vpu early-ATI NA 9.9 (8/81) 12.9 (4/31) 8.0 (4/50)
Vpu late-ATI NA 7.4 (6/81) 6.5 (2/31) 8.0 (4/50)

Patient M
Env early-ATI NA 1.1 (1/87) 0.0 (0/35) 1.9 (1/52)
Env late-ATI NA 1.2 (1/83) 0.0 (0/31) 1.9 (1/52)
Nef early-ATI 0.0 (0/37) 0.6 (1/169) 0.0 (0/53) 0.7 (1/153)
Nef late-ATI 0.0 (0/37) 0.6 (1/169) 1.9 (1/53) 0.0 (0/153)
Nef DC-TRN vaccine 13.5 (5/37) 11.9 (20/168) 11.3 (6/53) 12.5 (19/152)

Patient N
Env early-ATI NA 1.6 (6/370) 1.1 (1/95) 1.8 (5/275)
Nef early-ATI 1.5 (1/65) 0.7 (1/143) 0.0 (0/52) 1.3 (2/156)
Nef DC-TRN vaccine 12.3 (8/65) 14.5 (20/138) 19.2 (10/52) 11.9 (18/151)
Rev early-ATI NA 0.0 (0/116) 0.0 (0/27) 0.0 (0/89)
Rev DC-TRN vaccine NA 12.1 (14/116) 14.8 (4/27) 11.2 (10/89)
Tat early-ATI NA 0.0 (0/101) 0.0 (0/27) 0.0 (0/74)
Tat DC-TRN vaccine NA 19.8 (20/101) 11.1 (3/27) 23.0 (17/74)
Vif early-ATI 0.0 (0/10) 0.5 (1/182) 0.0 (0/46) 0.7 (1/146)
Vpr early-ATI 0.0 (0/21) 0.0 (0/75) 0.0 (0/26) 0.0 (0/70)
Vpu early-ATI NA 0.0 (0/81) 0.0 (0/21) 0.0 (0/60)
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Patient Q
Env early-ATI 0.0 (0/16) 1.1 (2/188) 1.1 (1/87) 0.9 (1/117)
Env late-ATI 0.0 (0/16) 3.2 (6/187) 2.3 (2/87) 3.4 (4/116)
Nef early-ATI 0.0 (0/19) 1.6 (3/188) 2.1 (1/47) 1.3 (2/160)
Nef late-ATI 0.0 (0/19) 9.6 (18/188) 4.3 (2/47) 10.0 (16/160)
Nef DC-TRN vaccine 10.5 (2/19) 17.7 (33/186) 8.5 (4/47) 19.6 (31/158)
Rev early-ATI 0.0 (0/10) 1.9 (2/106) 3.7 (1/27) 1.1 (1/89)
Rev late-ATI 0.0 (0/10) 1.9 (2/106) 3.7 (1/27) 1.1 (1/89)
Rev DC-TRN vaccine 40.0 (4/10) 13.2 (14/106) 11.1 (3/27) 16.9 (15/89)
Tat early-ATI NA 1.0 (1/101) 0.0 (0/23) 1.3 (1/78)
Tat late-ATI NA 3.0 (3/101) 0.0 (0/23) 3.8 (3/78)
Tat DC-TRN vaccine NA 19.8 (20/101) 4.3 (1/23) 24.4 (19/78)
Vif early-ATI 4.8 (1/21) 0.6 (1/168) 1.9 (1/54) 0.7 (1/135)
Vif late-ATI 4.8 (1/21) 1.8 (3/168) 5.6 (3/54) 0.7 (1/135)
Vpr early-ATI NA 0.0 (0/96) 0.0 (0/12) 0.0 (0/84)
Vpr late-ATI NA 0.0 (0/96) 0.0 (0/12) 0.0 (0/84)
Vpu early-ATI NA 0.0 (0/81) 0.0 (0/27) 0.0 (0/54)
Vpu late-ATI NA 2.5 (2/81) 3.7 (1/27) 1.9 (1/54)

Table S6.8. Primers DC-TRN.

5’-Sequence-3’ fwd / HXB2 Region (experiment)
rev location

Approach A
TRAATGCATGGGTAAAAGTARTAGAA fwd 1244-1269 Gag (nested PCR, sequencing)
GGGCTATACATTCTTACTATTTT rev 1603-1625 Gag (sequencing)
GAACCCTTYAGAGAYTATGT fwd 1660-1679 Gag (sequencing)
GTGGGGCTGTTGGCTCTGGY rev 2145-2164 Gag (nested PCR, sequencing)
GAIGGGTCGYTGCCAAAGAGTG rev 2261-2272 Gag (cDNA, 1st PCR)
AGAGACAGGGCAAGAAACAGCATA fwd 4502-4525 Vif to Vpu (1st PCR)

Tat-ex2 and Rev-ex2 (1st PCR)
TGGAAAGGTGAAGGGGCAGTAGT fwd 4956-4978 Vif to Vpu (nested PCR, sequencing)
CCTACCTTGTTATGTCCTGC rev 5449-5468 Vif to Vpu (sequencing)
GGGTCTCTACAGTACTTGGCACT fwd 5467-5489 Vif to Vpu (sequencing)
CTTCTTCCTGCCATAGGAGA rev 5964-5983 Vif to Vpu (sequencing)
TCTCCTATGGCAGGAAGAAG fwd 5964-5983 Vif to Vpu (sequencing)
TTGTGGGTTGGGGTCTGTGGGT rev 6449-6470 Vif to Vpu (nested PCR, sequencing)
TTTTACACATGGCTTTAGGCTTTG rev 6564-6587 Vif to Vpu (cDNA, 1st PCR)

Tat-ex2 and Rev-ex2 (cDNA, 1st PCR)
GAGTGGTGCAGAGAGAAAAAAGAGC fwd 7735-7759 Nef (1st PCR)
TGGGAGCAGCAGGAAGCACTATG fwd 7792-7814 Tat-ex2 and Rev-ex2 (nested PCR, se-

quencing)
ATGACCTGGATGGAGTGGGA fwd 8100-8119 Tat-ex2 and Rev-ex2 (sequencing)
CTCTTTCCCACTCCATCCAGGTC rev 8102-8124 Tat-ex2 and Rev-ex2 (sequencing)
CCCGAAGGAATAGAAGAAGAAGGT fwd 8412-8435 Nef (nested PCR, sequencing)
GGTGGTAGCTGAAGAGGCACAGG rev 8510-8532 Tat-ex2 and Rev-ex2 (sequencing)
TAAGGCCAGGGGGAAAGAAAMAAT fwd 851-874 Gag (1st PCR)
CAGTAGCTGAGGGGACAGATAG fwd 8686-8707 Nef (sequencing)
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rev location
TTGACCACTTTCCACCCATCTTAT rev 8792-8815 Tat-ex2 and Rev-ex2 (nested PCR, se-

quencing)
GAACTACACACCAGGGCCAGG fwd 9171-9191 Nef (sequencing)
GACCCCTGGCCCTGGTGTGT rev 9176-9195 Nef (sequencing)
TGGAAAGTCCCCAGCGGAAAGTC rev 9437-9459 Nef (nested PCR, sequencing)

and 352-374
GGGCACACACTACTTGAAGCACTC rev 9627-9650 Nef (cDNA, 1st PCR)

and 542-565
Approach B
AGAGACAGGGCAAGAAACAGCATA fwd 4502-4525 Vif to Vpu (1st PCR)
TGGAAAGGTGAAGGGGCAGTAGT fwd 4956-4978 Vif to Vpu (semi-nested PCR, sequencing)
CCTACCTTGTTATGTCCTGC rev 5449-5468 Vif to Vpu (sequencing)
TACAGTACTTGGCACTARCAGCA fwd 5474-5496 Vif to Vpu (sequencing)
CTTCTTCCTGCCATAGGAGA rev 5964-5983 Vif to Vpu (sequencing)
TCTCCTATGGCAGGAAGAAG fwd 5964-5983 Vif to Vpu (sequencing)
TTGTGGGTTGGGGTCTGTGGGT rev 6449-6470 Vif to Vpu (semi-nested PCR, sequencing)
TTTTACACATGGCTTTAGGCTTTG rev 6564-6587 Vif to Vpu (cDNA, 1st PCR)
GAGTGGTGCAGAGAGAAAAAAGAGC fwd 7735-7759 Tat-ex2 and Rev-ex2 (1st PCR)
TATTCATAATGATAGTAGGAGG fwd 8275-8296 Tat-ex2 and Rev-ex2 (semi-nested PCR,

sequencing). Occasionally also used for
Tat-ex2 and Rev-ex2 and Nef (1st PCR)

CCCGAAGGAATAGAAGAAGAAGGT fwd 8412-8435 Tat-ex2 and Rev-ex2 (sequencing)
GGTGGTAGCTGAAGAGGCACAGG rev 8510-8532 Tat-ex2 and Rev-ex2 (sequencing)
GGAGTCAGGAACTAAAGAATAGTG fwd 8632-8655 Nef (1st PCR)
CCCTGTCTTATTCTTCTAGGTAT rev 8733-8751 Tat-ex2 and Rev-ex2 (semi-nested PCR,

sequencing)
ATACCTAGAAGAATAAGACAGRGG fwd 8751-8773 Nef (semi-nested PCR, sequencing)
GAACTACACACCAGGGCCAGG fwd 9171-9191 Nef (sequencing)
GACCCCTGGCCCTGGTGTGT rev 9176-9195 Nef (sequencing)
TGGAAAGTCCCCAGCGGAAAGTC rev 9437-9459 Tat-ex2 and Rev-ex2 (cDNA, 1st PCR)

and 352-374 Nef (cDNA, 1st PCR, semi-nested PCR,
sequencing)

Table S6.9. Discarded Streeck Epitopes

Protein HLA Streeck epitope Patient Streeck Patient pre- Pre-cART
pre-cART epitope IC50

(nM)
cART epitope
IC50 (nM)

minus Streeck
IC50 (nM)

Patient A
Gag B7 SPRTLNAWV - - - -V overlaps beginning of sequence
Vif A3 KTKPPLPSVKK RRKPPLPSVKK 216.74 13692.04 13475.3
Vif A3 HMYISKKAK HKYISGKAE 62.67 43042.61 42979.94
Rev A3 ERILSTYLGR ERILGTYLGR 29140.63 31219.43 2078.8
Env B44 AENLWVTVY - - - - - - - - - 302.64 34795.77 34493.13
Env A3 TVYYGVPVWK - - - - - - - - - - 45.03 35131.2 35086.17

Patient C
Gag A2 FLGKIWPSYK FLGKIWPSHK 8043.45 13747.39 5703.94
Gag B40 TERQANFL DERQANFL 129.2 1510 1380.8
Vpr B40 REPHNEWTL RXPYNEWAL 122.43 7874.22 7751.79
Nef B40 LEKHGAITS LXXHGAITS 1025.35 25571.21 24545.86
Env B44 AENLWVTVY - - - - - - - - - - 239.03 39176.5 38937.47
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Table S6.9 – continued from previous page
Protein HLA Streeck epitope Patient Streeck Patient pre- Pre-cART

pre-cART epitope IC50
(nM)

cART epitope
IC50 (nM)

minus Streeck
IC50 (nM)

Env A2 SLLNATAIAV - - - - - - - - - - 13.14 36333.29 36320.15
Env B40 QELKNSAVSL - - - - - - - - - - 52.68 27780.03 27727.35

Patient D
Nef B8 WPTVRERM WPTVREKM 2700.59 4541.7 1841.11
Nef A1 WRFDSRLAFH WKFDSRLAFH 34316.26 35735.07 1418.81
Env B8 RQGLERALL RQGLERLLL 14955.14 18144.72 3189.58
Env A24 LFCASDAKAY - - - - - - - - - - 27709.25 32520.08 4810.83

Patient E
Gag A24 RDYVDRFFKTL RDYVDRFYKTL 9970.26 11266.33 1296.07
Env B44 AENLWVTVY - - - - - - - - - 239.03 33995.3 33756.27
Env B35 VPVWKEATTTL - - - - - - - - - - - 131.26 23799.65 23668.39
Env A24 LFCASDAKAY - - - - - - - - - - 27709.25 32520.08 4810.83

Patient F
Gag A24 RDYVDRFFKTL RDYVDRFYKTL 9970.26 11266.33 1296.07
Gag B7 SPRTLNAWV XV overlaps beginning of sequence
Nef B7 RQDILDLWIY RQDILDLWVH 36081.27 39885.93 3804.66
Env A24 YLKDQQLL - - - - - - - - 362.32 29386.04 29023.72
Env B8 RQGLERALL - - - - - - - - - 14955.14 29386.04 14430.9
Env B7 IPRRIRQGL - - - - - - - - - 7.3 34485.16 34477.86
Env A24 RYLKDQQLL - - - - - - - - - 24.43 32520.08 32495.65

Patient G
Gag A2 FLGKIWPSYK FLGKIWPSHK 8043.45 13747.39 5703.94
Gag B7 SPRTLNAWV XV overlaps beginning of sequence
Vif A3 KTKPPLPSVKK KRKPPLPSVKK 216.74 13675.01 13458.27
Env B44 AENLWVTVY - - - - - - - - - 239.03 33995.3 33756.27
Env A3 TVYYGVPVWK - - - - - - - - - - 45.03 35131.2 35086.17

Patient H
Gag A2 FLGKIWPSYK FLGKIWPSHK 8043.45 13747.39 5703.94
Gag B57 ISPRTLNAW -NAW overlaps beginning of sequence
Vif B57 ISKKAKGWF ISRKAKXWV 1847.07 7656.54 5809.47
Vpr A2 RILQQLLFI RILQQLLFT 100.6 2200.7 2100.1

Patient I
Gag B57 KAFSPEVIPMF - - - -PEVIPMF 47.55 8673.69 8626.14
Gag B40 KELYPLTSL EX-YPLASL 9.86 21694.78 21684.92
Gag B40 AEWDRVHPV ADWDRLHPV 69.43 11554.17 11484.74
Gag B57 ISPRTLNAW - overlaps beginning of sequence
Vif A3 HMYISKKAK HIHNSKKAK 62.67 1268.73 1206.06
Vif B57 ISKKAKGWF NSKKAKGWF 1847.07 13059.78 11212.71

Patient J
Gag B7 SPRTLNAWV XV overlaps beginning of sequence
Pol A3 AIFQSSMTK AIFQSSMIX 14.88 4045.06 4030.18
Vpr B7 FPRIWLHGL deletion of 17 amino acids. No pre-cART sequence available

Patient K
Nef A1 WRFDSRLAFH WRFDSLLAYR 34316.26 38439.31 4123.05

Patient L
Gag A2 FLGKIWPSYK FLGKIWPSHK 8043.45 13747.39 5703.94
Gag A24 RDYVDRFFKTL RDYVDRFYKTL 9970.26 11266.33 1296.07
Rev B14/Cw8 SAEPVPLQL SEEPVPLQL 7355.44 13482.48 6127.04
Env B14 ERYLKDQQL - - - - - - - - - 640.78 24082.08 23441.3
Env A2 RIRQGLERA - - - - - - - - - 12162.07 36333.29 24171.22
Env A24 RYLKDQQLL - - - - - - - - - 24.43 32520.08 32495.65
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Table S6.9 – continued from previous page
Protein HLA Streeck epitope Patient Streeck Patient pre- Pre-cART

pre-cART epitope IC50
(nM)

cART epitope
IC50 (nM)

minus Streeck
IC50 (nM)

Patient M
Nef B15 RMRRAEPAA RMTRAEPAA 1306.24 4068.1 2761.86
Env B35 VPVWKEATTTL - - - - - - - - - - - 131.26 23799.65 23668.39

Patient N
Rev A1 ISERILSTY LSERILSTH 21.13 1747.25 1726.12
Nef A1 WRFDSRLAFH WKFDSRLAFH 34316.26 35735.07 1418.81

Patient O
Env A2 RIRQGLERA RIRQG overlaps beginning of sequence

Patient Q
Vif B51 IPLGDAKLII IPLGXAKLVX 111.88 4760.21 4648.33
Vif A3 HMYISKKAK HMYVSKKAQ 62.67 12711.53 12648.86
Vpr B51 EAVRHFPRI EAVRHFPRT 1415.1 21044.49 19629.39
Nef A29 YFPDWQNYT XFPDWQCYT 6135.69 10485.62 4349.93
Env B35 TAVPWNASW TTVPWNSSW 467.54 4096.77 3629.23
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Table S6.7. Immune responses previously reported by Allard et al. [206].
N = non-responder, R = responder, RE = responder, immune response enhanced
after immunotherapy, ND = not determined

DC-ELISpot CD8+ CFSE
Patient Vaccination Tat Rev Nef Tat Rev Nef
A pre R R R R R R

post R R R RE R R
B pre N N N N N R

post R R R R R RE
C pre N N R N N N

post N R RE N N R
D pre ND ND ND ND ND ND

post ND ND ND ND ND ND
E pre ND ND ND N N N

post ND ND ND R R R
F pre N N R N N R

post R R RE R R RE
G pre N R R N R R

post R RE RE R R RE
H pre N R R R R R

post N RE R RE RE RE
I pre N N N N N N

post N N R N N N
J pre N R R R R R

post R RE R RE R R
K pre N N N N N N

post N N R N N N
L pre N R R R R R

post R RE R RE RE R
M pre R N N N N R

post RE R R R R N
N pre N N R N N N

post R R RE N R N
O pre N N N R R R

post N N N R N R
P pre R N R R N R

post R N R RE R RE
Q pre N N R N R R

post R R R R RE RE
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Table S6.10. The top 1% best predicted epitopes.

Protein Peptide nM Protein Peptide nM Protein Peptide nM
Patient A, A*0301

Gag IMMQKGNFK 36,67 Pol LVDFRELNK 470,75 Rev LLKTVRLIK 135,78
Gag HQAAMQMLK 62,77 Vif ALTALITPK 77,06 Nef AVDLSHFLK 157,88
Gag ILDIRQGPK 331,9 Vif KLTEDRWNK 187,81 Nef RLAFHHKAR 397,65
Pol AIFQCSMTK 16,61 Vpr RIGITRRTR 3465,55 Env LQYWSQELK 94,97
Pol NQWTYQIFK 184,23 Vpu ILRQRKIDK 319,28 Env XLCRFSYHR 807,34
Pol KLNWASQIY 288,7 Tat GLGISYGRK 425,34 Env RAIRHIPRR 1199,5
Pol GIKVRQLCK 410,58

Patient A, A*29:02
Gag GLNKIVRMY 174,41 Pol KMIGGIGGF 438,02 Rev TVRLIKLLY 40,8

Gag FLGKIWPSH 1335,87 Vif LADQLIHLY 143,15 Nef LWIYHTQGY 32,97
Gag FRDYVDRFY 1932,47 Vif ADQLIHLYY 310,38 Nef GYFPDWQNY 209,39
Pol IYQYMDDLY 76 Vpr LGQHIYETY 840,5 Env KYWWNLLQY 18,19
Pol KLNWASQIY 92,59 Vpu VWTIVLIEY 49,96 Env LSXLCRFSY 60,78
Pol TVLDVGDAY 95,89 Tat CFHCQVCFM 2534,14 Env FNITNWLWY 116,2
Pol TQLGCTLNF 366,31

Patient A, B*0702
Gag YPLASLRSL 6,32 Pol IPLTKEAEL 177,14 Rev LPPLERLTL 103,73
Gag HPVHAGPVA 59,54 Vif TPKRRKPPL 30,05 Nef RPMTYKGAV 5,24
Gag GPGHKARVL 95,29 Vif MRIRTWHSL 1135,34 Nef FPVKPQVPL 7,69
Pol SPAIFQCSM 15,21 Vpr FPRVWLHGL 19,41 Env IPRRIRQGL 7,3
Pol YPGIKVRQL 56,83 Vpu YPLQIAAIV 263,65 Env RVRQGYSPL 9,68
Pol GPKVKQWPL 142,23 Tat APLSNQPSS 3792,32 Env SPLSLQTLL 96,2
Pol VPVKLKPGM 166,21

Patient A, B*44:03
Gag AEWDRLHPV 88,29 Pol LELAENREI 384,11 Rev FEQPVPLQL 329,1

Gag KELYPLASL 327,92 Vif MENRWQVMI 70,6 Nef QEEDEEVGF 975,81
Gag SEGATPQDL 429,19 Vif SESAIRKAI 460,27 Nef QDILDLWIY 1086,42
Pol EEMNLPGRW 47,81 Vpr NEWTLELLE 2007,05 Env QELLELDKW 79,21
Pol AEGQGTVSF 70,94 Vpu VEMGHHAPW 33,01 Env VELLGRRGW 176,27
Pol WEVQLGIPH 244,8 Tat MKKGLGISY 7275,41 Env KEINNYTRL 890,2
Pol IEICGHKAI 302,81

Patient C, A*02:01
Gag VLAEAMSQV 4,65 Pol ALTEVVPLT 55,64 Rev YLGGSSEPV 4,24
Gag RMYSPTSIL 173,09 Vif WQVMIVWQV 16,43 Nef GMDDPEXEV 21,63
Gag TLQEQIAWM 196,39 Vif LQYLALAAL 199,51 Nef LTFGWCFKL 67,03
Pol YQYMDDLYV 9,89 Vpr GLGQYIYET 24,41 Env LLQYWIQEL 14,78
Pol YMDDLYVGS 42,81 Vpu QIISIVALV 18,79 Env GLATGLLAL 20,41
Pol ALVEICTEM 50,25 Tat CQVCFTKKA 10342,74 Env MLQLTVWGI 24,86

Patient C, A*29:02
Gag GLNKIVRMY 174,41 Pol TQIGCTLNF 304,47 Rev AVRLIKSLY 343,96
Gag FLGKIWPSH 1335,87 Vif RIVNPSCEY 425,18 Nef LWVYNTQGY 131,71
Gag FRDYVDRFY 1932,47 Vif LADQLIHQY 533,67 Nef WVYNTQGYF 149,56
Pol IYQYMDDLY 76 Vpr XWLHGLGQY 18,35 Env KYCWNLLQY 37,97
Pol KLNWASQIY 92,59 Vpu VWSIVXIEY 26,32 Env IVNRVRQGY 176,01
Pol TVLDVGDAY 95,89 Tat KALGISYGR 3345,4 Env FDITKWLWY 354,7
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Protein Peptide nM Protein Peptide nM Protein Peptide nM

Patient C, B*40:02
Gag AEWDRLHPA 13,74 Pol GDAYFSVPL 129,46 Rev IQWLSDRII 153,64
Gag XEXYPLASL 24,34 Vif SESAIRNAI 31,61 Nef KEKGGLEGI 30,92
Gag GEIYKRWII 25,64 Vif LQYLALAAL 33,75 Nef RDLXXHGAI 105,25
Pol VEICGHKAI 44,85 Vpr LEELKXEAV 238,92 Env REIDNYTGL 16,35
Pol RQHLLKWGF 72,34 Vpu XQIISIVAL 79,47 Env LELDKWASL 34,62
Pol REALLDTGA 80,07 Tat LEPWKHPGS 1502,84 Env WEREIDNYT 313,5

Patient C, B*44:02
Gag AEWDRLHPA 203,2 Pol WEVQLGIPH 985,26 Rev LESPTILDS 1600,26
Gag SEGATPQDL 341,09 Vif MENRWQVMI 103,67 Nef KEKGGLEGI 984,1
Gag GEIYKRWII 781,64 Vif SESAIRNAI 413,67 Nef QDILDLWVY 1827,77
Pol EEMCLPGRW 59,19 Vpr NEWALELLE 3751,14 Env VELLGRRGW 366,53
Pol LELAENREI 552,66 Vpu VERGHLAPW 270,84 Env REIDNYTGL 601,21
Pol VEICGHKAI 785,4 Tat TKKALGISY 13494,44 Env LELDKWASL 703,33

Patient D, A*01:01
Gag CTERQANFL 527,37 Pol GSDLEIGQH 2525,05 Rev ISERILSTY 21,13
Gag MTNNPPIPV 900,65 Vif LADQLIHQH 3263,6 Nef ALDLSHFLK 2286,53
Gag VTNSATIMM 1004,69 Vif KSLVKHHMY 4658,6 Nef MTYKGALDL 3930,85
Pol PLDKDFRKY 820,57 Vpr LGQYIYETY 4185,93 Env YTSLIYTLI 601,48
Pol VLDVGDAYF 1016,6 Vpu LSALVEVGH 7788,97 Env ELDKWASLW 643,44
Pol LTEEAELEL 1400,17 Tat PQDSQTHQV 7802,81 Env EIDNYTSLI 808,31
Pol ETPGIRYQY 2036,4

Patient D, A*24:02
Gag NWMTETLLV 336,78 Pol IFQSSMTKI 194,44 Rev TYLGRPXEP 4082,17
Gag GWMTNNPPI 369,54 Vif QYLALAALI 10,81 Nef IYSQRRQDI 122,41
Gag FSPEVIPMF 585,45 Vif HYESTHPRI 172,81 Nef YTPGPGVRF 627,88
Pol LWQRPLVTI 50,21 Vpr PYHXWALEL 88,71 Env YWWNLLQYW 10,17
Pol QYDQIPIEI 144,62 Vpu IIAIVVWTI 361,6 Env KWASLWNWF 10,79
Pol LYVGSDLEI 160 Tat CFLRKGLGI 640 Env WYIKIFIMI 16,61
Pol SMTKILEPF 190,25

Patient D, B*08:01
Gag EIYKRWIII 109,18 Pol ELNKRTQDF 757,7 Rev RWRERQRQI 1267,99
Gag NFRXQRKTV 190,66 Vif EWRKKRYST 257,01 Nef RPMTYKGAL 97,02
Gag EVIPMFSAL 484,44 Vif TPKKIKPPL 366,51 Nef FPVRPQVPL 483,93
Pol GPKVKQWPL 79,14 Vpr FPRPWLHSL 17,67 Env QLQARVLAV 108,56
Pol LKKKKSVTV 254,57 Vpu VFIEYRKIL 1317,51 Env XLKYWWNLL 156,37
Pol GIRYQYNVL 397,75 Tat DSQTHQVPL 2262,43 Env GLRIIFTVL 210,84
Pol EARAGTASF 475,14

Patient D, B*40:01
Gag GEIYKRWII 38,13 Pol GDAYFSVPL 912,65 Rev SERILSTYL 237,62
Gag AEWDRLHPV 54,32 Vif SESAIRXAI 15,18 Nef EEEEVGFPV 112,62
Gag PELPPLASL 146,33 Vif MENRWQVMI 61,88 Nef LEAQEEEEV 303,63
Pol IEELRXHLL 94,05 Vpr REPYHXWAL 6,69 Env REIDNYTSL 3,84
Pol LELAENREI 114,9 Vpu EELSALVEV 74,4 Env LELDKWASL 37,31
Pol PENPYNTPV 435,55 Tat KQCCFHCQV 2161,36 Env QEKNELELL 137,18
Pol TEMEKEGKI 554,98
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Protein Peptide nM Protein Peptide nM Protein Peptide nM

Patient E, A*24:02
Gag NWMTETLLV 336,78 Pol PFLWMGYEL 194,62 Rev GWILNTYLG 2836,45
Gag GWMTHNPPI 403,59 Vif QYLALTALI 7,02 Nef VYSQRRQDI 217,66
Gag FSPEVIPMF 585,45 Vif VWQVDRMRI 289,59 Nef GWCFKLVPL 1040,7
Pol LWQRPLVTI 50,21 Vpr PYNEWTLEL 93,63 Env YWWNLLQYW 10,17
Pol YYDPTKDLI 127,44 Vpu IIAIVXWSI 850,79 Env KWANLWNWF 13,05
Pol LYVGSDLEI 160 Tat CFTTKALGI 1502,25 Env WYIKIFIMI 16,61
Pol SMTKILEPF 190,25

Patient E, A*32:01
Gag RMYSPTSIL 4,67 Pol YTAFTIPSI 42,65 Rev KTVRLIKLI 75,16
Gag KALGPGATL 44,58 Vif SLVKYHMYI 43,78 Nef LTFGWCFKL 9,5
Gag RQANFLGKI 44,9 Vif RINTWKSLV 209,42 Nef MTYKAAVDL 115,38
Pol KMIGGIGGF 12,62 Vpr RILQQLLFI 11,29 Env RIIFSXLSI 4,01
Pol RQRTVSFSF 18,52 Vpu IIAIVXWSI 39,29 Env RAFRAFLHI 15,33
Pol GQGQWTYQI 27,16 Tat KALGISYGR 141,9 Env KYWWNLLQY 22,19
Pol FSFPQITLW 41,78

Patient E, B*35:01
Gag YPLASLRSL 48,44 Pol FPQRKAREF 117,05 Rev EPVPLQLPP 948,82
Gag HPVHAGPIA 96,17 Vif DAXLVISTY 73,85 Nef FPVKPQVPL 9,63
Gag PPIPVGEIY 133,32 Vif LADRLIHLY 444,65 Nef FPLTFGWCF 10,29
Pol NPDMVIYQY 9,66 Vpr FPRIWLQGL 1385,61 Env TAVPWNASW 467,54
Pol SPAIFQCSM 21,09 Vpu MEMGHHAPW 144,14 Env SPLSFQTRL 521,04
Pol TVLDVGDAY 52,11 Tat TTKALGISY 1129,63 Env IVNRVRQGY 1540,29
Pol FPISPIETV 73,86

Patient E, B*44:02
Gag AEWDRLHPV 70,86 Pol WEVQLGIPH 985,26 Rev VESPAVLES 1601,19
Gag SEGATPQDL 341,09 Vif MENRWQVMI 103,67 Nef REKGGLEGL 2004,23
Gag EEKAFSPEV 557,47 Vif CEYQAGHSK 2180,67 Nef QDILDLWIY 2054,89
Pol EEMSLPGKW 51,81 Vpr LEELKSEAV 3725,22 Env LELLELDKW 303,68
Pol IEICGHKAI 545,97 Vpu MEMGHHAPW 22,19 Env VELLGRRGW 366,53
Pol LELAENREI 552,66 Tat RETETDTDH 7807,2 Env KEIXNYTSL 776,51
Pol KEFRKYTAF 681,91

Patient F, A*01:01
Gag CTERQANFL 527,37 Pol ETPGIRYQY 2036,4 Tat TTKALGISY 958,8
Gag FRDYVDRFY 1122,22 Pol NPDMIIYQY 2325,8 Rev ISGWILNTY 205,37
Gag MTHNPPIPV 2585,77 Vif LADQLIHLY 7,67 Nef AVDLSHFLR 2295,8
Pol LTEVVPLTA 602,32 Vif NTWKSLVKY 558,55 Nef EGGLEGLVY 3725,46
Pol PLDKEFRKY 696,39 Vpr LGQHIYETY 3661,16 Env CSAVGQLWV 472,55
Pol VLDVGDAYF 1016,6 Vpu IWSIVLIEY 6159,03 Env GTDRVIEVV 599,55

Patient F, A*24:02
Gag NWMTETLLV 336,78 Pol SMTKILEPF 190,25 Tat CFTTKALGI 1502,25
Gag GWMTHNPPI 403,59 Pol PFLWMGYEL 194,62 Rev GWILNTYLG 2836,45
Gag FSPEVIPMF 585,45 Vif QYLALTALI 7,02 Nef VYSQRRQDI 217,66
Pol LWQRPLVTI 50,21 Vif HYXSPHPRI 102,48 Nef GWCFKLVPL 1040,7
Pol YYDPTKDLI 127,44 Vpr PYNEWTLEL 93,63 Env YWWNLLQYW 10,17
Pol LYVGSDLEI 160 Vpu IVIWSIVLI 1051,49 Env KYWWNLLQY 32,3

Patient F, B*07:02
Gag YPLASLRSL 6,32 Pol VPVKLKPGM 166,21 Tat HPGSQPRTA 1660,44
Gag GPGHKARVL 95,29 Pol VPLTAEAEL 224,7 Rev LPPLERLTL 103,73
Gag HPVHAGPIA 97,77 Vif TPKQIKPPL 33,43 Nef RPMTYKAAV 5,04
Pol SPAIFQCSM 15,21 Vif RPRCEYQAG 337,98 Nef FPVKPQVPL 7,69
Pol FPQRKAREF 24,49 Vpr FPRIWLQGL 28,87 Env RVRQGYSPL 9,68
Pol GPKVKQWPL 142,23 Vpu IVALVVVAI 5617,26 Env SPLSFQTRL 61,02
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Patient F, B*08:01
Gag EIYKRWIIL 57,88 Pol ELNKRTQDF 757,7 Tat YGRKKRRQR 6490,72
Gag YPLASLRSL 142,19 Pol YAGIKVKQL 777,51 Rev RWRERQRQI 1267,99
Gag NFRNQRKTV 292,25 Vif TPKQIKPPL 553,33 Nef RPMTYKAAV 73,34
Pol GPKVKQWPL 79,14 Vif EWRKRRYRT 676,4 Nef FPVKPQVPL 605,15
Pol FPQRKAREF 184,05 Vpr FPRIWLQGL 69,43 Env ELKNSAVSL 183,6
Pol LKKKKSVTV 254,57 Vpu VLIEYRKIL 552,94 Env YHRLRDLLL 198,31

Patient G, A*02:01
Gag VLAEAMSQV 4,65 Pol YMDDLYVGS 42,81 Rev ILVESPTVL 90,73
Gag RMYSPVSIL 123,77 Vif SLVKHHMYV 10,93 Nef LTFGWCFKL 67,03
Gag KIVRMYSPV 135,81 Vif WQVMIVWQV 16,43 Nef LMWKFDSRL 80,09
Pol YQYMDDLYV 9,89 Vpr WLHNLGQYI 89,47 Env LLWDDLRSL 13,33
Pol GLGQWTYQI 13,41 Vpu ALMEMGYHA 5,87 Env NITQWLWYI 28,42
Pol HLLEWGFTT 24,87 Tat CMHCQVCFL 42,6 Env LLNATAIAV 29,04
Pol ILKEPVHGV 36,09

Patient G, A*03:01
Gag HQAAMQMLK 62,77 Pol LVDFRELNK 470,75 Rev RLLSTFVGR 335,83
Gag ILDIRQGPK 331,9 Vif ALTALITPK 77,06 Nef RLAFHHMAR 78,05
Gag TVKCFNCGK 458,67 Vif KLTEDRWNK 187,81 Nef ALDLSHFLK 101,3
Pol AIFQCSMTK 16,61 Vpr QQMLFIHFR 2348,99 Env GLRGWEILK 83,66
Pol KLNWASQIY 288,7 Vpu RLIDRIIER 205,36 Env LQYWSQELK 94,97
Pol GIKVRQLCK 410,58 Tat GLGISYGRK 425,34 Env CLFSYHRLR 144,57
Pol TIRIGGQLK 462,33

Patient G, B*07:02
Gag YPLTSLRSL 7,13 Pol FPQREAREF 177,39 Rev LPPLERLTL 103,73
Gag GPGHKARVL 95,29 Vif TPKKRKPPL 29,52 Nef RPMTYKAAL 2,44
Gag HPVHAGPIA 97,77 Vif KTKGHRGSL 649,29 Nef RPQVPLRPM 4,96
Pol SPAIFQCSM 15,21 Vpr FPREWLHNL 17,71 Env RVREGYSPL 10,28
Pol YPGIKVRQL 56,83 Vpu LVVATILAI 5289,75 Env IPRRIRQGF 20,18
Pol GPKVKQWPL 142,23 Tat GPKESKKEV 1335,65 Env SPLSFQTRL 61,02
Pol VPVKLKPGM 166,21

Patient G, B*44:02
Gag AEWDRLHPV 70,86 Pol HQKEPPFLW 1840,61 Rev SERLLSTFV 1272,99
Gag SEGATPQDL 341,09 Vif MENRWQVMI 103,67 Nef QDILDLWVY 1827,77
Gag QETTDKELY 452,97 Vif SESAIRKAI 326,97 Nef KEKGGLEGL 2002,28
Pol EEMNLPGRW 65,28 Vpr REWLHNLGQ 2539 Env QEIWNNMTW 51,79
Pol LELAENREI 552,66 Vpu MEMGYHAPW 17,79 Env REGYSPLSF 227,64
Pol VEIEGHKAI 885,92 Tat RETETDPGY 851,06 Env VELLGLRGW 228,72
Pol WEVQLGIPH 985,26

Patient H, A*02:01
Gag VLAEAMSQV 4,65 Pol ALVEICTEM 50,25 Rev YLGRPEEPV 19,89
Gag RMYSPTSIL 173,09 Vif WQVMIVWQV 16,43 Nef LTFGWCFKL 67,03
Gag MTNNPPIPV 271,81 Vif LVITTYWGL 125,86 Nef LMWKFDSRL 80,09
Pol YQYMDDLYV 9,89 Vpr GLGQYIYET 24,41 Env FVTGLLPLI 46,73
Pol GLGQWTYQI 13,41 Vpu GLMEMGHHA 14,91 Env MIVGXLIGL 48,07
Pol YMDDLYVGS 42,81 Tat KTACTNCYC 11466,99 Env LLNFTAVAV 56,13
Pol ALTEVIPLT 43,19
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Patient H, A*11:01
Gag HQAAMQMLK 11,99 Pol ASQIYAGIK 148,3 Rev RIITTYLGR 182,17
Gag IMMQRGNFK 25,12 Vif ALAALIPPK 30,75 Nef ALDLSHFLK 23,01
Gag TVKCFNCGK 75,07 Vif KLTEDRWNK 97,46 Nef RLAFHHVAR 161,97
Pol AIFQSSMTK 7,56 Vpr QQLLFTHFR 347,2 Env ITHWLWYIK 16,11
Pol VSIDICGHK 63,9 Vpu TIVYIEYRK 57,2 Env VLAVERYLK 32,59
Pol LVDFRELNK 110,74 Tat QTHQGXLSK 55,89 Env RAFLHIPRR 103,63
Pol QIYAGIKVK 116,96

Patient H, B*13:02
Gag AEWDRLHPV 2088,22 Pol LELAENREI 12735,48 Rev KEIYQSNPV 8366,62
Gag KEMYPLTSL 5138,85 Vif MENRWQVMI 1953,3 Nef LMWKFDSRL 16211,25
Gag RQANFLGKI 8384,74 Vif KDWHLGQGV 6794,99 Nef RQDILDLWV 22059,37
Pol SQIYAGIKV 9077,1 Vpr LQQLLFTHF 9483,5 Env FIMIVGXLI 11833,91
Pol YQYMDDLYV 9804,12 Vpu MEMGHHAPW 7336,52 Env QQHLLQLTV 12955,92
Pol RQGDVSFNF 11138,54 Tat KKCCFHCQV 32512,91 Env KQLQARVLA 13630,62
Pol TQLGCTLNF 11368,9

Patient H, B*57:01
Gag QANFLGKIW 141,25 Pol YTAFTIPSI 1220,88 Rev KTVRLIKEI 516,46
Gag KALGPGATL 306,4 Vif LGQGVSIEW 374,74 Nef AATNADCAW 249,8
Gag QASQEVKNW 572,43 Vif ISSEVHIPL 631,65 Nef LTFGWCFKL 378,36
Pol PTXXXXXXW 555,72 Vpr AVRHFPRIW 185,45 Env TAVPWNXSW 16,37
Pol FNFPQITLW 617,57 Vpu AAIXAIVVW 84,42 Env VTGLLPLIW 55,04
Pol FSVPLDKEF 748,08 Tat PVDPRLEPW 8568,16 Env RGWEILKYW 89,49
Pol HQKEPPFLW 1045,05

Patient I, A*03:01
Gag HQAAMQMLK 62,77 Pol LVDFRELNK 470,75 Nef ALDLSHFLK 101,3
Gag ILDIRQGPK 331,9 Vif ALAALITPK 41,3 Nef KLVPVDPEK 220,69
Gag TVKCFNCGK 458,67 Vif KLTEDRWNK 187,81 Env VLAVERYLK 93,47
Pol AIFQSSMTK 14,88 Vpr FIHFRIGCR 2442,29 Env TLFCASDAK 108,96
Pol KLNWASQIY 288,7 Vpu RLIDRIRER 558,35 Env LQYWIQELK 136,56
Pol ILIEICGHK 359,5 Tat QIHQVPLPK 182,11 Env CLFSYHRLR 144,57
Pol GIKVRQLCK 410,58 Rev TVKFIKFLY 1426,04

Patient I, A*29:02
Gag GLQKVVRMY 543,88 Pol TQIGCTLNF 304,47 Nef LWVYNTQGY 131,71
Gag FLGKIWSSH 1471,83 Vif KGWFYXHHY 82,01 Nef WVYNTQGYF 149,56
Gag FRDYVDRFY 1932,47 Vif LADQLIHLY 143,15 Env KYCWNLLQY 37,97
Pol IYQYMDDLY 76 Vpr AWLHGLGQY 34,6 Env IVNRVRQGY 176,01
Pol KLNWASQIY 92,59 Vpu AIVVWTIVY 44,26 Env ENLWVTVYY 195,62
Pol TVLDVGDAY 95,89 Tat KALGISYGR 3345,4 Env FDITKWLWY 354,7
Pol KQGQGQWTY 181,26 Rev TVKFIKFLY 19,31

Patient I, B*40:01
Gag KEXYPLASL 12,41 Pol PENPYNTPV 435,55 Nef KEKGGLDGL 26,51
Gag GEIYKRWII 38,13 Vif SESAIRNAI 29,26 Nef EEEEVGFPV 112,62
Gag SEGATPQDL 193,28 Vif MENRWQVMV 130,62 Env REIDNYTGL 4,24
Pol IEICGHKAI 13,63 Vpr REPYNEWAL 10,13 Env LELDQWASL 22
Pol IEELRQHLL 97,74 Vpu EELSTLVDM 168,88 Env REVHNVWAT 97,9
Pol LELAENREI 114,9 Tat RETETDPVD 8239,77 Env QEKNEQELL 348,65
Pol RQGXVSFSF 322,35 Rev IQSISAWIL 150,99
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Patient I, B*57:01
Gag QANFLGKIW 141,25 Pol KALTEVIPL 1231,43 Nef WSKSSXAGW 74,45
Gag KALGPAATL 261,33 Vif VTKLTEDRW 86,59 Nef XATNADCAW 259,37
Gag QASQEVKNW 572,43 Vif LGQGVSIEW 374,74 Env TAVPWNASW 13,07
Pol FSFPQITLW 13,79 Vpr AVRHFPRAW 297,09 Env RSSRLVHGF 41,15
Pol ILLPEKDSW 413,93 Vpu AAIIAIVVW 140,16 Env TVYYGVPVW 84,36
Pol HQKEPPFLW 1045,05 Tat RTXXDSQIH 7852,69 Env KNYQRLWTW 92,65
Pol YTAFTIPSI 1220,88 Rev RQIQSISAW 837,3

Patient J, A*03:01
Gag HQAAMQMLK 62,77 Pol KLNWASQIY 288,7 Pol LVDFRELNK 470,75
Gag ILDIRQGPK 331,9 Pol XMNLPGKWK 289,23 Pol ILVEICGHK 500,48
Gag TVKCFNCGK 458,67 Pol GIKVRQLCK 410,58

Patient J, B*07:02
Gag YPLAXLRSL 7,68 Pol SPAIFQSSM 8,78 Pol VPVKLKPGM 166,21
Gag HPVHAGPIA 97,77 Pol YPGIKVRQL 56,83 Pol KVRQYDQIL 384,02
Gag TPSQKQEPI 137,49 Pol GPKVKQWPL 142,23

Patient K, A*01:01
Gag MTNNPPIPV 900,65 Vpu LIDRIRERA 5665,97 Nef RQDILDLWV 5133,96
Gag ATSSTAIMM 1027,44 Tat XTKGLGISY 1323,14 Env ELDXWASLW 523,12
Vif LADQLIHLY 7,67 Rev LSGWILSTY 69,74 Env GTDRVIEVV 599,55
Vif ISSEVHIPL 5088,78 Nef YTPGPGVRY 523,17 Env EIDNYTXLI 681,62
Vpr LHDLGQHIY 457,66

Patient K, A*32:01
Gag RMYSPVSIL 6,38 Vpu IVALXVVTI 26,35 Nef HTQGYFPDW 243,89
Gag KALGPAATL 28,99 Tat KGLGISYGR 734,37 Env RIVFAVLSI 5,28
Vif ILGYRISPI 99,56 Rev KLLYQSNPL 11,2 Env RQGYSPLSF 27,43
Vif KIKPPLPSV 277,04 Nef LTFGWCFKL 9,5 Env KYWWSLLQY 36,89
Vpr RILQQLMFI 9,52

Patient K, B*14:01
Gag RMYSPVSIL 311,03 Vpu LYILTIVAL 2096,32 Nef YKAARDLSF 421,68
Gag EIYKRWIIL 404,46 Tat ERETETHPV 6748,53 Env YHRLRDLLL 137,25
Vif MRISTWKSL 87,72 Rev ERQRHIRSL 142,02 Env ERYLKDQQL 640,78
Vif WHLGQGVSI 297,86 Nef FPVRPQVPL 119,97 Env IRQGLERAL 692,79
Vpr FPRTWLHDL 1049,71

Patient K, B*37:01
Gag AEWDRLHPV 656,81 Vpu VEMGHHAPW 3162,72 Nef EEEEVGFPV 7233,19
Gag GEIYKRWII 3725,66 Tat RETETHPVA 9451,64 Env LELDXWASL 1735,66
Vif MENRWQVMI 1784,76 Rev LQLPPLERL 10723,46 Env REIDNYTXL 2288,16
Vif LQYLALAAL 4636,33 Nef LEWRFDSLL 2020,32 Env VQTAFRAIL 7142,43
Vpr LQQLMFIHF 3477,75

Patient L, A*02:01
Gag VLAEAMSQV 4,65 Pol YMDDLYVGS 42,81 Tat CLHCQVCFT 1133,46
Gag RMYSPTSIL 173,09 Pol ALXEICTEM 42,93 Rev RLIKFLYQS 494,26
Gag FLQSRPEPT 202,45 Vif XLADQLIHL 6,58 Nef ILDLWVYHT 78,06
Pol YQYMDDLYV 9,89 Vif SLVKHHMYV 10,93 Nef GMDDPEREV 239,61
Pol YTAFTIPSV 13,31 Vpr WTLELLEEL 38,38 Env LLXYWSQEI 28,85
Pol LLKEPVHGV 28,76 Vpu ALMEMGHHA 11,52 Env LLWRWGTML 38,8
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Patient L, A*24:02
Gag NWMTETLLV 336,78 Pol PFLWMGYEL 194,62 Tat CFTKKALGI 1342,87
Gag FSPEVIPMF 585,45 Pol LWQRPXVII 197,82 Rev RQIRALSEW 593,89
Gag GWMTSNPPI 609,52 Vif VWQVDRMRI 289,59 Nef IYSQKRQEI 79
Pol QYDQIPIEI 144,62 Vif DQLIHLYYF 445,39 Nef RYPLCFGWC 361,54
Pol LYVGSDLEI 160 Vpr PYNEWTLEL 93,63 Env KYLWNLLXY 60,01
Pol SMTKILEPF 190,25 Vpu IIAIIVWTI 331,48 Env LWRWGTMLL 238,72

Patient L, B*14:01
Gag YPLTSLRSL 156,89 Pol TLWQRPXVI 1746,93 Tat DSQTHQVSL 3644,84
Gag RMYSPTSIL 346,86 Pol QHRXKIEEL 2244,25 Rev KRQRQIRAL 539,76
Gag MHPVHAGPV 467,22 Vif MRIRTWKSL 67,72 Nef FPVRPQVPL 119,97
Pol GHKAIGTVL 987,04 Vif WHLGQGVSI 297,86 Nef WKFDSRLAF 167,54
Pol FRKYTAFTI 1159,66 Vpr FPRLWLHGL 841,02 Env YHRLRDLTL 53,21
Pol SPAIFQCSM 1454,68 Vpu LQIAAIXAL 891,27 Env FSYHRLRDL 984,08

Patient L, B*52:01
Gag RQANFLGKI 705,59 Pol LNFPQITLW 1118,97 Tat CQVCFTKKA 9161,16
Gag AEWDRMHPV 875,29 Pol TQLGCTLNF 1156,04 Rev LQLPPLERL 865,3
Gag RMYSPTSIL 1191,63 Vif MENKWQVMI 176,09 Nef MTYKAGLDL 1284,07
Pol FPISPIETV 539,97 Vif LQYLALVAL 882,28 Nef VGFPVRPQV 1751,38
Pol YQYMDDLYV 616,7 Vpr LQQLLFIHF 586,07 Env IAARIVELL 1161,08
Pol SQIYXGIKV 890,64 Vpu XALVVVAII 377,34 Env TMLLGMLMI 1198,85

Patient M, A*32:01
Gag RMYSPVSIL 6,38 Pol KMIGGIGGF 12,62 Nef LTFGWCFKL 9,5
Gag KALGPAATL 28,99 Pol FSFPQITLW 41,78 Nef WMYHTQGYF 60,86
Gag STLQEQIGW 114,5 Pol YTAFTIPSI 42,65 Env KYWWNLLQY 22,19
Pol RQGTVSFSF 10,61 Pol SMTXILEPF 47,13

Patient M, A*68:01
Gag ELYPLASLR 14,32 Pol ESLAFPQGK 39,95 Nef HLAYRHMAR 21,12
Gag ETTTPSQKK 57,07 Pol NTPVFAIKK 54,59 Nef PTVRDRMTR 199,33
Gag GSAXVLMQR 65,38 Pol ETPGIRYQY 89,25 Env CLFSYHRLR 42,81
Pol MTXILEPFR 10,86 Pol LAFPQGKAR 132,73

Patient M, B*15:01
Gag RMYSPVSIL 81,1 Pol KMIGGIGGF 36,12 Nef WMYHTQGYF 16,4
Gag GLNKIVRMY 408,39 Pol KLNWASQIY 76,68 Nef MARELHPEY 96,09
Gag KARVLAEAM 527 Pol TQXGCTLXF 114,7 Env AIEVLQTAF 910,33
Pol SMTXILEPF 33,6 Pol RQGTVSFSF 120,53

Patient M, B*35:01
Gag YPLASLRSL 48,44 Pol SPAIFQSSM 20,14 Nef YPLTFGWCF 10,01
Gag HPVHAGPIA 96,17 Pol TVLDVGDAY 52,11 Nef FPVRPQVPL 12,25
Gag PPIPVGEIY 133,32 Pol FPISPIETV 73,86 Env ISLLDATAI 4006,68
Pol NPDIVIYQY 9,67 Pol FPQGKAREF 76,75

Patient N, A*01:01
Vif LADQLIHLY 7,67 Tat PVDPRLEPW 11982,33 Env FSITNWLWY 16,64
Vif SIEWRKERY 2498,45 Rev DSDEELLKA 1532,34 Env YTDLIYNLI 32,75
Vpr LGQHIYETY 3661,16 Nef VTERENLSL 1670,96 Env GTDRVVEAV 428,36
Vpu LIDRIRERA 5665,97 Nef ALDLSHFLK 2286,53 Env ELDKWASLW 643,44

Patient N, A*02:01
Vif NLADQLIHL 8,72 Tat KQCCFHCQV 273,61 Env SITNWLWYI 7,31
Vif WQVMIVWQV 16,43 Rev ILLESPTVL 24,71 Env LLQYWIQEL 14,78
Vpr WTLELLEEL 38,38 Nef ILDLWIYNT 64,41 Env GLANGFLAL 20,81
Vpu QIAAIVALV 15,12 Nef LTFGWCFKL 67,03 Env MLQLTVWGI 24,86
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Patient N, B*07:02
Vif TPKKRKPPL 29,52 Tat HPGSQPRTA 1660,44 Env RVRQGYSPL 9,68
Vif HPRISSEVH 690,05 Rev LPPLERLTL 103,73 Env SPLSFQTHL 62,11
Vpr FPRMWLHGL 10,5 Nef RPMTYKGAL 2,62 Env LGRRGWEAL 320,95
Vpu IPIQIAAIV 264,7 Nef FPVKPQVPL 7,69 Env AVQRVGRAI 936,18

Patient Q, A*03:01
Gag HQAAMQMLK 62,77 Vif ALVALXTPK 80,71 Nef ALDLSHFLK 101,3
Gag IMIQRGNFR 838,28 Vif KLTEDRWNK 187,81 Nef LLAFRHMAR 174,65
Pol AIFQSSMTR 85,11 Vpr RTWLHSLGQ 2935,39 Env LMICSATXK 76,47
Pol KLNWASQIY 288,7 Vpu RILERIRER 688,96 Env VLFCASDAK 83,29
Pol GIKVRQLCK 410,58 Tat GLGICYGRK 532,31 Env LQYWSQELK 94,97
Pol LVDFRELNK 470,75 Rev LLRTVRLIK 87,16 Env CLFSYHRLR 144,57

Patient Q, A*29:01
Gag IMIQRGNFR 2004,82 Vif QGWFYXHHY 57,75 Nef WVYHTQGXF 489,32
Gag NWMTETLLV 2349,09 Vif LADQLIHLY 143,15 Nef LTFGWCFKL 537,31
Pol IYQYMDDLY 76 Vpr TWLHSLGQY 37,34 Env KYWKNLLQY 27,07
Pol KLNWASQIY 92,59 Vpu VWTIVLIEY 49,96 Env FNITNWLWY 116,2
Pol TVLDVGDAY 95,89 Tat ITKGLGICY 441,05 Env IINRVRQGY 210,13
Pol KQGLGQWTY 271,56 Rev TVRLIKLLY 40,8 Env XKLWVTVYY 345,84

Patient Q, B*35:01
Gag HPVHAGPIA 96,17 Vif LADQLIHLY 292,27 Nef YPLTFGWCF 10,01
Gag PPIPVGEIY 133,32 Vif ISSEVHIPL 624,29 Nef FPVRPQVPL 12,25
Pol NPEIIIYQY 15,44 Vpr FPRTWLHSL 130,48 Env FCASDAKAY 285,87
Pol SPAIFQSSM 20,14 Vpu QPLEILSIA 901,11 Env SPLSLQTLL 445,35
Pol TVLDVGDAY 52,11 Tat EPWKHPGSQ 3442,26 Env TVYYGVPVW 681,45
Pol YTAFTIPSM 60,56 Rev EPVPLQLPP 948,82 Env MIVGGLIGL 1112,61

Patient Q, B*51:01
Gag NPPIPVGEI 1212,9 Vif IPLGXAKLV 277,3 Nef FPVRPQVPL 253,23
Gag HPVHAGPIA 3005,19 Vif DPDLADQLI 1473,26 Nef YPLTFGWCF 1285,63
Pol FPISPIETV 59,46 Vpr FPRTWLHSL 278,53 Env SPLSLQTLL 1891,73
Pol LPEKDSWTV 565,52 Vpu QPLEILSIA 1227,42 Env RAFRALLNI 2944,04
Pol NPYNTPVFA 1844,9 Tat CFITKGLGI 17948,02 Env LSLQTLLPV 3287,67
Pol VPIRIGGQL 1919,67 Rev LPPLERLTL 1785,55 Env ISLLDATAI 3594,98
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In this thesis I addressed the ongoing evolutionary battle between hosts and their
pathogens by investigating the evolution of MHC molecules and HIV.

The evolution of HIV is much faster than that of its hosts. While new HIV vari-
ants appear on a daily basis, the establishment of new MHC molecules might take
several hundreds of years. MHC molecules are highly polymorphic, and due to
this polymorphism the immune response is different in each individual, becoming
unpredictible for the pathogens. The selection of MHC molecules during an in-
fection is highly dependent on the ability of an infected individual to produce
offspring. Subsequently, pathogens that are not able to kill the host before the
production of offspring, or do not affect the reproduction rate of the host, will
not infer severe selection pressure on the host’s MHC molecules. As a result, the
frequency of MHC molecules could either decrease when these molecules are not
able to provoke an effective immune response and thereby decreasing the fitness
of the host, or increase when the molecules are able to initiate an effective im-
mune response. For example, HLA-B53 was shown to increase in frequency in
west Africa because of its ability to protect the host from severe malaria [44].

A good example of a battle between the immune system and a virus is the se-
lective sweep in chimpanzees, which is estimated to have happened two to three
million years ago, and can still be observed in the diversity of the Patr alleles
[83]. Because humans and chimpanzees have diverged 5 million years ago, the
polymorphism within their MHC molecules is expected to be similar. However, the
variation in intron 2 sequence of the Patr-A and Patr-B molecules was significantly
lower compared to that in their human counterparts [83]. An HIV-1/SIVcpz re-
lated retrovirus was suggested to be the selective agent causing the reduction in
Patr molecules [83, 89]. In Chapter 2 we investigated the differences between
contemporary HLA and Patr molecules by comparing the viral peptides that are
predicted to bind to an in silico generated chimpanzee with those that bind to
an in silico generated human. Although the largest effect of the sweep was ob-
served in the Patr-B genes [83], we show that the functionality of Patr-B mo-
lecules is similar to that of their human counterparts, suggesting that the Patr-B
molecules have functionally recovered since the sweep, and can thus evolve faster
than Patr-A molecules. Finally, we provide a list of possible selective agents, and
show that SIV is not the only infection that could have caused the selective sweep.

To date, only one chimpanzee has been reported with AIDS-like symptoms [87],
even though large numbers of SIVcpz infected chimpanzees have been studied
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[89, 231]. We therefore wondered how chimpanzees are able to control the virus.
During the selective sweep, those Patr molecules that were unable to control the
infection decreased in frequency or have disappeared. The contemporary Patr
molecules were found to present epitopes from the conserved Gag protein [88,
89]. These epitopes cover the same regions as HLA molecules associated with a
slow progression to AIDS. The majority of chimpanzees studied have at least one
Patr molecule that is able to bind peptides from Gag [89]. Because the number of
targeted Gag epitopes was shown to negatively correlate with the viral load [47],
it seems likely that the preferential targeting of Gag by Patr molecules is one of the
possible mechanisms that protects SIVcpz infected chimpanzees from developing
AIDS.

Although HIV-1 infection in humans is a relatively recent epidemic, the human
population already shows signs of adaptation towards HIV-1. In the treatment-
naive Zulu/Xhosa population, the frequencies of the protective HLA molecules,
B*57 and B*5801 are increasing, while that of detrimental molecules such as
B*18 and B*5802 are decreasing [47]. Even though one should be careful with
the interpretation of these results because the changes in frequency were found
in HLA molecules of children and infected pregnant women, these results suggest
that changes in HLA frequencies are already visible after one generation.

At the same time, HIV-1 is adapting to the human population. This is not surpri-
sing because HIV-1 has a high mutation rate, and evolves immune escape muta-
tions within a host. These escape mutations accumulate in HIV-1 genomes if they
do not revert back to wild type after transmission to an individual lacking CTLs
targeting that region. However, even rapidly reverting mutations can accumu-
late if the selection rate exceeds the reversion rate [116]. For instance, Moore et
al. [115] found several HLA-specific polymorphisms in the HIV-1 RT gene. These
polymorphisms were located at positions within CTL epitopes or their flanking
regions. Furthermore, Kawashima et al. [116] investigated several HIV escape
mutations, and showed that the HLA associated HIV polymorphism correlates
with the prevalence of the corresponding HLA molecule in the population. These
studies show that HIV-1 is adapting to the (common) HLA molecules in the popu-
lation.

In Chapter 3, we investigated the change in the number of potential HLA class I
restricted HIV-1 epitopes over time. In a cohort of HIV-1 infected individuals from
Amsterdam, the number of epitopes predicted to bind to common HLA molecules
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did not change in 20 years of HIV infection (Figure 3.1). However, we found a
significant decrease in the number of peptides predicted to bind to the protective
HLA-B molecules; B*2705 and B*5701, showing that the adaptation of HIV-1
on population level is driven by those molecules that evoke a strong selection
pressure on the virus.

By adapting to protective HLA molecules, HIV abrogates their protective effect.
But what makes HLA molecules control HIV-1 infection? More insight is obtained
by comparing protective HLA molecules with detrimental ones [14]. Recently,
a genome wide association study showed that a single residue within the pep-
tide binding groove can distinguish between protective and detrimental HLA mo-
lecules [49]. A small difference in the peptide binding groove can indeed make a
difference, as shown by closely related HLA molecules that have been associated
with different rates of disease progression. This difference in disease progression
is most striking for the protective HLA molecule HLA-B*5801 and the detrimental
molecule HLA-B*5802 [232]. Other examples are HLA-B*3503, associated with a
fast progression to AIDS, and B*3501 with no association (see section 4.1) [48],
and B*4201, associated with a slow progression to AIDS and B*4202 with no
association [146].

In Chapter 4, we investigated the impact of a single substitution on the functiona-
lity of an HLA molecule. We showed that positions affecting the peptide binding
most have the largest polymorphism, thereby providing evidence that only new
MHC molecules with novel binding preferences are expected to be maintained
in the population. Next to the positions, we showed that the effect of a substi-
tution depends on the chemico-physical properties of the amino acids involved.
Moreover, a single substitution generates a larger impact on peptide binding of
HLA-B molecules than that of their HLA-A counterparts (Figure 4.6). Therefore, in
additon to recombination [81, 82, 233], point mutations are important contribu-
tors of the fast evolution observed in HLA-B molecules. The different associations
in progression to AIDS of two closely related HLA-B molecules can therefore be
explained by their different peptide binding preferences, indeed there is only a
57% overlap in the peptide binding repertoires of HLA-B*3501 and B*3503 (Table
4.1).

Let us go back to discussing the protective HLA molecules. Protective HLA mo-
lecules HLA-B*5701 and B*2705 target highly conserved Gag epitopes that es-
cape very slowly during infection [54]. Additionally, HLA-B associated escape
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mutations in the Gag protein have been associated with a decrease in viral fit-
ness, and this decrease was significantly lower for protective HLA-B molecules
[234]. The rapid reversion of mutations in HLA mismatched individuals indeed
suggests that escape mutations in Gag have a detrimental effect on the fitness of
the virus [235]. Therefore, these mutations often require additional mutations
to compensate for either structural changes or a decreased replication capacity
[54]. Taken together, a protective effect of HLA molecules can be observed if
these molecules target parts of the Gag protein that are difficult to mutate, and
have a drastic fitness cost upon mutation.

If HIV-1 is unable to escape Gag specific CTL responses, these responses will con-
tinue to control the virus. Conversely, when HIV-1 escapes these responses, the
virus will have a decreased viral fitness. How does any of these two scenarios in-
fluence the evolution of HIV-1? In Chapter 5, we investigated the immune escape
dynamics of HIV-1 using a mathematical model, and show that when the breadth
of the CTL response is large the evolution of HIV retards. With a very broad CTL
response, the advantage of escaping a single response is small because there are
still several other responses targeting the virus. Therefore, if Gag escapes do not
occur, the breadth of the CTL response does not decrease, and there is less benefit
in escaping other epitopes. Consequently, the CTL responses control the virus bet-
ter. When the virus escapes Gag responses this is expected to lead to a decrease
in viral fitness. Our model shows that when the breadth of the CTL response is
large, only viral variants with a high fitness can become selected. A viral variant
with a Gag escape mutation is therefore unlikely to become selected, unless this
mutation is accompanied with a compensatory mutation that restores the viral
fitness.

The main result from Chapter 5 is the retardation of the evolution of HIV-1 when
the CTL response is broad. Can we use this to explain the failure of the thera-
peutic vaccine described in Chapter 6? In the ‘best case scenario’, a therapeutic
vaccine would induce new CTL responses, and thereby increasing the breadth
of the CTL response. However, it is unlikely that the vaccine would induce new
CTL responses because, after many years of infection, all possible CTL responses
should already be present in the HIV-1 infected patient. According to the results
presented in Chapter 5, if the breadth of the CTL response is large enough, esca-
ping a single CTL response does not provide much advantage for the virus. The
escape mutation that appears therefore needs to be nearly ‘perfect’ in order to
outgrow the most abundant virus. We have shown that the number of muta-
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tions observed in HIV-1 does not differ between the proteins used for the vaccine
and the other proteins, suggesting that the extra CTL pressure provoked by the
therapeutic vaccine does not result in a preference for escape mutations in these
proteins.

Accumulation of escape mutations within CTL epitopes is just one of the mecha-
nisms used by HIV-1 to escape detection by CTL responses. Another mechanism
is the downregulation of HLA class I molecules on the cell surface to decrease
the presentation of peptides to CTLs. This downregulation is mediated through
the Nef protein, and was shown to affect HLA-A molecules more than HLA-B
molecules [236]. HLA-B restricted CTLs are thus less sensitive to MHC class I
downregulation by HIV-1, providing a possible explanation to why HLA-B mo-
lecules are more often associated with the rate of disease progression compared
to HLA-A molecules [47].

Proteasome

ER

TAP

Peptidase

Cell Surface

MHC

Figure 7.1. The antigen processing pathway (as in Figure 1.1). The red crosses
indicate possible places to block this pathway.

Like HIV, several other viruses evolved mechanisms to avoid class I presentation
of peptides (Figure 7.1). Both the herpes simplex virus (HSV) and the human
cytomegalovirus (HCMV) evolved proteins inhibiting the functionality of TAP, by
preventing peptides from binding to TAP (HSV) or translocating through TAP
(HCMV). HCMV is also able to promote degradation of the HLA class I heavy
chain, and hence inhibit HLA class I molecules to form a complex with a peptide.
The adenovirus interacts with MHC class I molecules within the ER and prevents
their transport to the plasma membrane. The Kaposi’s sarcoma-associated herpes-
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virus (KSHV) rapidly downregulates HLA class I molecules from the cell surface
[237]. These findings confirm that not only HIV-1 but several other viruses co-
evolve with the antigen presentation pathway.

To deal with viruses escaping antigen presentation, the hosts’ immune systems
evolved other mechanisms. For example, viruses disrupting the MHC class I anti-
gen presentation can be recognized by natural killer (NK) cells. NK cells are able
to detect the absence of MHC molecules on the cell surface, and subsequently
kill these cells [238]. Indeed, several associations have been found between spe-
cific NK cell receptors and the progression to AIDS [239], and ‘footprints’ of these
receptors have been found in the HIV-1 genome [240].

This thesis focussed on the battle between MHC molecules and HIV-1. How-
ever, it is clear that the selection pressure caused on HIV-1 by the host’s immune
response, and vice versa, is much more diverse than described in this thesis. On-
going studies reveal more evasion mechanisms by HIV-1, demonstrating that our
knowledge about the battle between HIV-1 and MHC molecules needs to be ex-
tended to other players of the host’s immune response.

.... and so the battle continues.
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Samenvatting

Mijn vader zei altijd: “Als je ziek bent moet je goed uitrusten, zodat je soldaatjes
hard kunnen werken”. In dit proefschrift bestudeer ik de soldaatjes die zieke
cellen kunnen uitschakelen: de cytotoxische T cellen (CTLs). De CTLs ruimen
lichaamscellen op die geïnfecteerd zijn met een virus. Het virus dat centraal
staat in dit proefschrift is het humaan immunodeficiëntievirus (HIV). Dit virus
veroorzaakt AIDS.

Het immuunsysteem

Het immuunsysteem verdedigt je lichaam tegen onder andere virussen. Daarvoor
moet het immuunsysteem het verschil kunnen zien tussen gezonde en geïnfec-
teerde cellen. Elke cel laat daarom kleine stukjes (peptiden) van eiwitten die in
de cel zitten op het celoppervlak zien aan het immuunsysteem. Deze peptiden
kunnen van eigen eiwitten gemaakt worden, maar ook van virussen of bacteriën.
Zodra het immuunsysteem deze peptiden identificeert als niet-eigen zal de cel
worden opgeruimd.

In de cel worden peptiden gemaakt doordat eiwitten in stukken worden geknipt.
Deze stukken worden op een specifieke manier kleiner gemaakt en vervolgens ge-
bonden aan speciale moleculen, de major histocompatibility moleculen (MHC).
Zodra een peptide aan een MHC molecuul bindt, worden ze samen naar het celop-
pervlak getransporteerd. De MHC moleculen van de mens worden humaan leu-
kocyten antigenen (HLA) genoemd. HLA moleculen worden verdeeld in verschil-
lende klassen (I, II en III) en groepen (A, B, C, enz.).

In dit proefschrift is onderzoek gedaan naar de HLA klasse I moleculen die pep-
tiden kunnen presenteren aan CTLs: de HLA-A en HLA-B moleculen. Wanneer
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elk HLA molecuul dezelfde peptiden aan zich bindt maakt iedereen dezelfde im-
muunreactie. Het is voor een virus makkelijk om aan deze immuunreactie te
ontsnappen door de peptiden die aan dit HLA molecuul binden te veranderen
(muteren). Wanneer dit een dodelijk virus betreft kan deze binnen korte tijd een
hele populatie uitroeien. Echter, er zijn meer dan 2100 HLA-A en meer dan 2800
HLA-B moleculen geïdentificeerd en elk HLA molecuul heeft een voorkeur voor
welke peptiden kunnen binden. Hierdoor maakt iedereen een andere immuunre-
actie tegen een infectie van een virus (virale infectie). Het is voor een virus vrijwel
onmogelijk om zich aan al deze verschillende immuunreacties aan te passen.

HIV infectie

Waarschijnlijk is HIV rond 1900 ontstaan, maar pas in 1983 werd HIV voor het
eerst geïdentificeerd bij de mens. HIV is te verdelen in twee groepen: HIV-1 en
HIV-2. Deze zijn verwant aan de simian immunodeficiëntievirussen (SIV) van
twee verschillende soorten apen: SIVcpz van de chimpansee en SIVsm van de
sooty mangabeys. Verschillende zoönotische overdrachten hebben geresulteerd
in verschillende HIV-1 en HIV-2 varianten, waarvan HIV-1M de huidige pandemie
heeft veroorzaakt.

Het ziekteproces van HIV-1 kan in drie stadia verdeeld worden: de acute fase, de
chronische fase en de symptomatische fase waarin de geïnfecteerde persoon AIDS
ontwikkeld. Tijdens de acute fase vermenigvuldigt het virus zich ontzettend snel,
waarbij het virus cellen van het immuunsysteem (de CD4+ T cellen) infecteert.
Na een paar weken zakt de virusconcentratie en stijgt het aantal CD4+ T cellen,
alhoewel het ‘gezonde’ niveau niet meer bereikt wordt. Wanneer de virusconcen-
tratie gedaald is tot een zogenaamd ‘setpoint’ komt de ziekte in de chronische
fase terecht. De chronische fase kan jaren duren. In deze fase wordt de hoe-
veelheid CD4+ T cellen langzaam minder, terwijl de virusconcentratie ongeveer
gelijk blijft. Zonder behandeling ontwikkelt AIDS zich in zes tot tien jaar na de
infectie. De diagnose AIDS wordt gesteld als de hoeveelheid CD4+ T cellen onder
een bepaald niveau is gezakt. In deze fase is de geïnfecteerde persoon erg vatbaar
voor infecties door (andere) virussen en bacteriën omdat deze persoon niet meer
in staat is een immuunreactie op te bouwen. Hij zal uiteindelijk overlijden aan
een willekeurige infectie.

HIV-1 is een virus wat heel erg snel kan muteren. Bij elke vermenigvuldiging
van het virus ontstaat er wel ergens een mutatie in het erfelijk materiaal van
dit virus. Om aan een immuunreactie te ontsnappen is een mutatie nodig in
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een van de peptiden die kunnen binden aan de HLA moleculen van de gastheer.
Wanneer het peptide niet meer kan binden aan het HLA molecuul of als het pep-
tide onherkenbaar is voor de CTLs, zal de geïnfecteerde cel niet als geïnfecteerd
herkend worden en kan het virus in de cel ontsnappen aan het immuunsysteem.
Deze virus mutant (HIV variant) heeft een voordeel ten opzichte van het originele
virus: de HIV variant wordt minder goed herkend door het immuunsysteem en
zal daardoor uitgroeien tot de meest dominante variant. Door een opeenstape-
ling van mutaties zal HIV evolueren naar een virus wat vrijwel niet meer door het
immuunsysteem te herkennen is.

In 2011 waren ongeveer 34 miljoen mensen geïnfecteerd met HIV-1, waarvan 3
miljoen in 2010 deze infectie gekregen hebben. Zeker 30 miljoen HIV-1 geïnfec-
teerde mensen zijn aan de gevolgen van deze infectie overleden. Het begrijpen
van dit virus, het bijbehorende ziektebeeld en de immuunreactie tegen dit virus
is erg belangrijk voor het vinden van een goede behandeling en hopelijk een goed
vaccin.

De rol van MHC moleculen in de ziekteprogressie na HIV in-
fectie

Er zijn verschillende associaties gevonden tussen specifieke HLA-B moleculen en
HIV. Sommige HLA-B moleculen, zoals HLA-B2705 en HLA-B5801, zijn bescher-
mend: mensen met deze moleculen hebben na jarenlange HIV-1 infectie vrijwel
geen klachten en staan bekend als langzame progressors. HLA-B3503 en HLA-
B5301 staan bekend staan als schadelijk: HIV-1 geïnfecteerde mensen met deze
moleculen zullen relatief snel AIDS ontwikkelen. Dat er associaties zijn gevonden
is niet verwonderlijk, HLA moleculen spelen een belangrijke rol in de immuun-
reactie, aangezien ze met behulp van peptiden de CTLs laten weten of de cel
geïnfecteerd is. Er zijn verschillende verklaringen voor het verschil tussen be-
schermende en schadelijke HLA moleculen. Een verklaring is dat peptiden die
binden aan beschermende HLA moleculen moeilijk te muteren zijn. Wanneer een
mutatie er voor zorgt dat de functionaliteit van HIV afneemt, kan deze HIV vari-
ant bijvoorbeeld moeilijker vermenigvuldigen.

Dit proefschrift

Om experimenteel te onderzoeken welke peptiden binden aan specifieke HLA mo-
leculen zijn grote groepen patiënten nodig. Vaak zijn deze onderzoeken gericht
op virussen die veel voorkomen of bedreigend zijn, zoals HIV-1. Daarnaast is er
voornamelijk onderzoek gedaan naar de HLA moleculen die veel voorkomen in
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de mens. Omdat HLA moleculen erg selectief zijn in welke peptiden ze binden, is
het mogelijk een computer programma te ontwikkelen dat kan voorspellen welke
peptiden aan een bepaald HLA molecuul kunnen binden. Dit programma kan in
korte tijd voor alle virussen en alle HLA moleculen voorspellen welke peptiden
aan welke HLA moleculen binden. Het voorspelprogramma dat gebruikt is in dit
onderzoek heet NetMHCpan.

Wanneer we de MHC moleculen van de mens met die van de chimpansee
vergelijken, kunnen we zien of ziekteverwekkers zoals virussen het immuunsys-
teem van de mens op een andere manier hebben beïnvloed dan het immuun-
systeem van de chimpansee. Dit is een interessant vraagstuk omdat de mens
en de chimpansee verschillend reageren op virussen, ondanks dat ze evolutio-
nair nauw verwant aan elkaar zijn. Er is bijvoorbeeld een groot verschil in het
ziektebeeld na HIV/SIV infectie; de meeste chimpansees ontwikkelen namelijk
geen AIDS. Het ziektebeeld wat geïnfecteerde chimpansees vertonen lijkt erg
op het ziektebeeld van HIV-1 geïnfecteerde mensen die bekend staan als lang-
zame progressors. Uit genetisch onderzoek is gebleken dat de chimpansees door
een natuurlijk selectieproces zijn gegaan, vermoedelijk veroorzaakt door een oud
virus, wellicht verwant aan SIV. Een natuurlijke selectie vindt plaats als een virus
alle individuen uitroeit die geen goede immuunreactie kan maken tegen dit virus,
met als gevolg dat slechts een aantal individuen overblijven die het virus over-
leven. De diversiteit van het immuunsysteem van de gehele populatie kan daar-
door sterk dalen. In Hoofdstuk 2 beschrijven we het verschil tussen de pep-
tiden die binden aan HLA moleculen (van de mens) en de peptiden die binden
aan Patr moleculen (van de chimpansee). We laten zien dat Patr-B moleculen
vrijwel dezelfde functionaliteit hebben als HLA-B moleculen en dat Patr-A mo-
leculen een lagere functionaliteit hebben dan HLA-A moleculen. Op genetisch
niveau is het grootste verschil te zien voor Patr-B. Hieruit concluderen we dat de
Patr-B moleculen zich functioneel hersteld hebben sinds de natuurlijke selectie.
Dit wijst er op dat MHC-B moleculen sneller evolueren. Verder hebben we een
lijst gemaakt van virussen die, naast SIV, mogelijk voor de negatieve selectie in
de chimpansee gezorgd hebben. Dit zijn virussen waar gemiddeld meer peptiden
herkend worden door het immuunsysteem van een chimpansee dan door het im-
muunsysteem van een mens. Vergeleken met de mens heeft de de chimpansee
een grotere immuunreactie tegen deze virussen.

De MHC moleculen die voorkomen in de huidige populatie hebben door de jaren
heen de virussen die de populatie geïnfecteerd hebben ‘overleefd’. Dit geldt ook
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andersom. In Hoofdstuk 3 hebben we beschreven hoe HIV-1 zich tijdens 20 jaar
epidemie in Amsterdam heeft aangepast aan de HLA moleculen van de mens. We
hebben ontdekt dat HIV-1 zich voornamelijk aanpast aan de beschermende HLA
moleculen, waardoor de mate van bescherming over langere tijd af gaat nemen.

Het is niet helemaal duidelijk wat een beschermend HLA molecuul onderscheidt
van een schadelijk molecuul. Zelfs twee HLA moleculen die op genetisch niveau
heel erg op elkaar lijken kunnen een hele andere invloed hebben op de ziekte
progressie. Bijvoorbeeld: HLA-B*4201 is beschermend, terwijl HLA-B*4202 geen
duidelijke invloed heeft; HLA-B*3503 is schadelijk, maar HLA-B*3501 geen ef-
fect. In beide gevallen is er slechts één enkele bouwsteen van het molecuul an-
ders. In Hoofdstuk 4 beschrijven we in welke mate een kleine verandering in
een HLA molecuul kan zorgen voor een verandering in de peptiden die aan ze
kunnen binden. Bij sommige paren van HLA moleculen die erg op elkaar lijken
zijn 96% van de peptiden die aan ze kunnen binden hetzelfde, terwijl bij andere
paren slechts 31% van de peptiden hetzelfde zijn. We hebben gevonden dat voor
specifieke plaatsen in het HLA molecuul een kleine verandering grote gevolgen
kan hebben voor de functionaliteit van het molecuul. Dit verklaart waarom HLA
moleculen die erg op elkaar lijken een groot verschil kunnen geven in het verloop
van een ziekte.

Waar we in Hoofdstuk 3 beschreven hoe HIV-1 zich aanpast aan de populatie, be-
schrijven we in Hoofdstuk 5 hoe HIV-1 zich binnen een persoon aan kan passen.
Dit doen we met behulp van een wiskundig model. Hierbij is met formules om-
schreven hoe een gewone cel geïnfecteerd kan worden door HIV-1 en hoe deze
cel herkend en opgeruimd kan worden door CTLs. Binnen een simulatie staat
het aantal HIV-1 peptiden wat herkend kan worden door de CTLs vast. HIV-1
heeft de mogelijkheid deze peptiden te muteren en dus aan de specifieke CTL die
deze herkend te ontsnappen. Hierdoor zal de geïnfecteerde cel in mindere mate
herkend worden door de CTLs. We hebben simulaties gedaan met verschillende
hoeveelheden HIV-1 peptiden. Uit onze resultaten blijkt dat, wanneer HIV-1 door
een diverse CTL immuunreactie herkend wordt, HIV-1 niet de kans krijgt om te
muteren. Hierdoor wordt de ziekte onder controle gehouden. Wanneer er dus
veel peptiden zijn die moeilijk veranderen, het geval voor de peptiden die aan
beschermende HLA moleculen binden, blijft het aantal CTLs wat het virus onder
controle houdt groot en zal het lang duren voordat men AIDS ontwikkeld.

Wanneer we zowel de HLA moleculen van de patiënt als het genetische materiaal
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van HIV-1 hebben, kunnen we patiëntspecifieke HIV-1 peptiden voorspellen en
onderzoeken hoe deze peptiden veranderen tijdens HIV-1 infectie. In Hoofdstuk
6 hebben we patiëntspecifieke HIV peptiden vergeleken van voor en na een thera-
peutische vaccinatie. Het doel van een therapeutische vaccinatie is de stimulatie
van extra CTLs om de HIV-1 geïnfecteerde cellen uit te schakelen. Hierdoor kan
het virus dusdanig onder controle gehouden worden dat patiënten kunnen stop-
pen met hun medicatie. Ons onderzoek heeft laten zien dat er geen verschil is
tussen de veranderingen in de peptiden die, dankzij het vaccin, beter herkend
worden door CTLs en de peptiden waarop het vaccin geen invloed had. Deze
resultaten laten zien dat de therapeutische vaccinatie niet het gewenste resultaat
heeft. Wel geven deze resultaten meer inzicht in vaccinatie studies en deze kennis
kan mee genomen worden bij het ontwikkelen van een nieuw vaccin.

De titel van mijn proefschrift is: ‘De voortdurende evolutionaire strijd tussen het
immuunsysteem en virussen: MHC moleculen versus HIV’. In dit proefschrift laten
we zien dat virussen invloed hebben op welke MHC moleculen in een populatie
zitten; de MHC moleculen die geen immuunreactie geven tegen het virus zul-
len verdwijnen uit de populatie. Ook laten we zien dat MHC moleculen met
een kleine verandering op genetisch niveau een nieuwe set van peptiden kunnen
herkennen. Hierdoor kan een ‘nieuw’ MHC molecuul ontstaan welke wellicht een
nieuwe vorm van bescherming tegen een virus geeft. Daarnaast is de evolutie van
HIV-1 bestudeerd: hoe verandert HIV-1 tijdens de pandemie, hoe verandert HIV-1
binnen een geïnfecteerd persoon en hoe verandert HIV-1 na een vaccinatie. We
hebben laten zien dat HIV-1 in staat is zich aan te passen aan de HLA moleculen
van een individu maar ook aan de HLA moleculen van een hele populatie. Dit
doet HIV-1 door een mutatie aan te brengen in peptiden die binden aan een van
de HLA moleculen.
Zolang HLA moleculen erg verschillend blijven in de peptiden die ze kunnen
binden, zijn er mensen die virussen overleven. Virussen blijven zich echter
muteren om zoveel mogelijk individuen te kunnen infecteren en na infectie het
virus te verspreiden. De strijd is dus nog lang niet voorbij.
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both Can and Rob for being patient, being great teachers, being able to motivate
me during tough moments, and much more.

Dear Can, THANK YOU for everything. For teaching me how to be a good scien-
tist, to think further than my results, to see through negative results, to think in
figures, and to write papers. I loved how you compared spicing up a badly writ-
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perspective, it worked. But most of all, thank you for caring about me.

Beste Rob, jou kennis en de mogelijkheid om deze kennis in een korte bondige
en mooie zin te omschrijven blijft me verbazen. Dankjewel voor al je hulp tijdens
de afgelopen vier jaar, en voor je geduld om zowel mij als Gilles tegelijkertijd de
kneepjes van de theoretische immunologie bij te brengen. Ook een dankjewel
voor het bij voorbaat al steunen van al mijn ‘buiten-werktijd’ initiatieven.

Paulien en Ben, het is geweldig om in een groep te werken met de grondleggers
van de bioinformatica. Dankjewel voor de input tijdens werkbesprekingen, en
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de interesse voor mijn onderzoek. Jan Kees, zonder jou zou TBB geen TBB zijn.
Dank voor alle hulp met de computers! Ronald, ik heb genoten van al je ver-
halen over vogels en verre vakanties. Dankjewel voor alle aapjes kennis die je
met me gedeeld hebt, je hulp bij Hoofdstuk 2, en je continue interesse in mijn
onderzoek. Berend, bedankt voor je inzet om alle Utrechtse bioinformatici bij
elkaar te krijgen. Kirsten, dankjewel voor de gezellige avondjes taarten bakken
voor onze verjaardag.

While thinking about writing my acknowledgements, I realized how much I en-
joyed the years in the TBB group. I have interacted with so many colleagues, both
as scientists and as friends.

To all the TBB members, either gone or still around, thank you for making TBB
a great place to work! A big thank you to all the immunologists for great dis-
cussions, teaching and helping each other, and of course, the immuno-dinners;
Aridaman, Boris, Bram, Chris, Gilles, Henk-Jan, Ilka, Ioana, Johannes, Joost, Jorg,
Julia, Leila, Marit, Paola, Rao, Rutger, Sai, and Tendai. Thanks to all the people
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Alessia, Aridaman, Chris, Folkert, Henk-Jan, Ilka, Ioana, Johannes, John, Jorg,
Klaartje, Lidija, Marit, Michael, Paola, Renske, Rutger, Sai, Sandro, and Thomas.
Another thank you to Klaartje, Lidija, Paola, and Renske, for joining the forces in
organizing group uitjes, and making the group presents even more beautiful.

Gilles, dank voor al je werk voor Hoofdstuk 5. Ik vond het geweldig dat je bleef
tot er daadwerkelijk leuke resultaten te zien waren. Ik heb veel geleerd van onze
samenwerking en het begeleiden van een student. Dankjewel!

José en Debbie, dankjewel voor jullie interesse in mijn onderzoek, de viro-
immuno meetings, en de samenwerking voor Hoofdstuk 3. Anna en Rob, bedankt
voor de samenwerking voor Hoofdstuk 6. Kirsten en Eric2, met U-Match IT had ik
een goede afleiding tijdens het schrijven van dit boekje, ik vind het geweldig dat
we gewonnen hebben. Maak er een groot succes van!

I enjoyed spending a lot of time outside the office with several members of TBB.
Ilka, you arrived a few months after I started, and taught me so much! Thank
you for all of that, and your contribution to Chapter 2. But also for all the great
moments we shared in Utrecht, New Orleans and Copenhagen, I hope many will
follow! Sai, thank you for sitting opposite to me (sometimes a single look says
enough), your never ending smile, and optimism. Thank you for the great in-
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dian dinners, do not forget to invite me for the next one! Michael, thank you
for being there all these years, it was great to have you as a friend around,
you made me smile so many times! Lidija, thanks for proofreading parts of
this thesis, and for organizing (and cooking) lovely dinners together with Mi-
chael and Paola. Klaartje, dankjewel voor de gezellige avondjes knutselen op de
bank met een kopje thee bij de hand. Like, dankjewel voor de gezelligheid en
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would see each other that ‘much’, it’s great to have a friend like you at the other
side of this world.
I would like to thank all lindyhoppers and bluesdancers for dancing with me, eve-
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dance, music and company. Dankjewel dansers van Swing in Utrecht voor de ge-
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een hapje en een dansje. Dankjewel Gabi, Nienke, en Antoine voor de gezellige
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mail daadwerkelijk mijn hele promotie mee, dankjewel voor al je verhalen, ad-
viezen, en steun. Toch heb ik je het liefste naast me op de bank met een kopje
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vriendschap, de goede gesprekken, en alle gezellige momenten.

Pap en mam, dankjewel dat ik de mogelijkheid heb gekregen om verschillende
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Truike en Joost, en Pieter bedanken voor jullie geduld als mijn onderzoek voor
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te begrijpen onderzoek. Dankjewel Samira en Dylano, door met jullie te spelen
vergat ik toch echt even mijn onderzoek.

En een extra woordje voor mijn twee paranimfen. Paola, we shared a brain for
such a long time, it made us both better scientists. Thank you for all the great
moments we had together, sharing our daily lives, the fun, the frustrations and
scientific achievements over coffee/thee/icecream and/or food. And as you are
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en te genieten van de buitenlucht en het tuinieren. Ook bedankt voor de avonden
dat ik laat nog aan kon schuiven voor een hapje eten, en dat ik altijd bij je terecht
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Blue Berry Muffins1

Ingredients:
1 1/2 cups all-purpose flour
3/4 cup white sugar
1/2 teaspoon salt
2 teaspoons baking powder
1/3 cup vegetable oil
1 egg
1/3 cup milk
1 cup fresh blueberries
1/2 cup white sugar
1/3 cup all-purpose flour
1/4 cup butter, cubed
1 1/2 teaspoons ground cinnamon

Directions:
Preheat oven to 200 7◦C. Grease muffin cups or line with muffin liners.
Combine 1 1/2 cups flour, 3/4 cup sugar, salt and baking powder. Place
vegetable oil into a 1 cup measuring cup; add the egg and enough milk
to fill the cup. Mix this with flour mixture. Fold in blueberries. Fill
muffin cups right to the top, and sprinkle with crumb topping mixture.
To Make Crumb Topping: Mix together 1/2 cup sugar, 1/3 cup flour,
1/4 cup butter, and 1 1/2 teaspoons cinnamon. Mix with fingers, and
sprinkle over muffins before baking.
Bake for 20 to 25 minutes in the preheated oven, or until done.

1www.allrecipes.com, printed with permission
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