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Massively parallel sequencing technologies have been extensively applied in HIV-1 research to
study the presence of minority variants. Insight gained through these technologies includes
identification of minor drug resistant variants and immune escape variants. However, given the
massive amounts of data generated, processing the sequences and discerning true minor variants
from sequencing artifacts is important. Additionally, errors introduced during viral template
amplification and incorrect quantification of templates prior to the sequencing process can
further obfuscate resolving mismatch errors within the sequences. I address these issues in this
dissertation. We developed a computational algorithm, CorQ, to correct specific patterns of
sequencing errors and call Single Nucleotide Polymorphisms (SNPs). When coupled with
additional error correction steps, we observed a 97% reduction in insertion, and deletion
sequencing errors. In addition, we observed over 98% specificity in SNP detection compared to
other available error correction methods. We observed reduced SNP calling specificity when
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error correction programs were tested on sequences with simulated PCR amplification mismatch
errors, with the highest specificity of 70% observed with a combination CorQ algorithm,
highlighting the difficulty in resolving errors generated during PCR amplification. We observed
over 99% concordance in consensus variants observed in multiple HIV-1 infected subjects
sequenced with traditional Sanger sequencing and pyrosequencing. The majority of SNPs that
were specific to subjects’ pyrosequences were present at less than 2% of the subjects viral
sequence population. We observed higher accuracy in variant frequencies in positions where
read coverage exceeded the number of input templates.
We have applied the developed error correction algorithm and observations from SNP
variant comparisons to identifying major and minor variants observed within predicted T-cell
epitope regions in HIV-1 infected study subjects enrolled in the MRKAd5 STEP vaccine trial.
We observed genetic signatures of immune responses primed by the vaccine on breakthrough
HIV-1 sequences. We observed greater genetic distances to the vaccine sequence in
breakthrough sequences from vaccine recipients than placebo recipients and this difference was
most significant within T-cell epitope regions. Additionally over time, the vaccine-primed
immune responses resulted in reduced epitope diversity and decreased rates of epitope evolution
over time. Combined, these results strongly support the hypothesis that the MRKAd5 vaccine
resulted in T-cell mediated selection occurring post-infection. The results from our study are the
first evidence of vaccine-induced anamnestic pressure influencing CTL epitope evolution and
epitope diversity over time during HIV-1 infection.
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Chapter 1. Challenges in the development of a global HIV-1 vaccine
Introduction
Human Immunodeficiency virus (HIV) is a member of the family Retroviridae and the
genus Lentiviridae [1]. HIV is the causative agent of Acquired Immunodeficiency Syndrome
(AIDS). The HIV genome is composed of 9.8Kb positive sense, single stranded RNA that is
reverse transcribed to viral DNA by the enzyme reverse transcriptase [1]. Between the two types
of HIV, HIV-1 and HIV-2, HIV-1 is more virulent and responsible for most of the HIV infection
globally, whereas HIV-2 infections are rare outside of Africa [2].
The HIV-1 RNA genome encodes the essential retrovirus genes: gag, pol and env as well
as the additional accessory and regulatory genes vif, vpr, vpu, rev, tat and nef (Figure 1).
5’LTR#
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Figure 1. HIV-1 genome organization. pol, gag and env genes encode enzymatic and structural
proteins. Regulatory gene products are encoded by tat and rev genes. The vif, vpu, vpr and nef
genes encode auxiliary proteins. Long terminal repeats (LTRs) are the sites for initiation of viral
RNA synthesis and necessary for proviral integration into host cell chromosomes.

Origin of diversity in HIV
HIV has several intrinsic mechanisms that ensure rapid evolution. The high number of
replication cycles, error-prone reverse transcription as a result of lack of proofreading activity by
reverse transcriptase, and high recombination rates between variants in an infected individual all
contribute to the generation of a large population of HIV-1 variants within an individual [3-8].
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The lack of proofreading activity results in a mutation rate in the range of 5.9x10-4 to 5.3x10-5
mutations per base pair in one replication cycle [9]. The HIV genome is 104 base pairs in length
and approximately 1010 virions are produced per day [9], which amounts to millions of viral
variants produced within an infected person in a single day. This heterogeneous population of
viruses generated during replication is known as a viral quasispecies [10]. Adding to this
complexity is the immune pressure from the infected individual’s cellular (involving mostly Tcells) and humoral responses (antibody mediated responses) forcing selection of viral variants
leading to the generation of additional viral diversity within the viral quasispecies [11-20]. The
variability of HIV-1 within a host has been compared to the global variation observed with
influenza A [21].
In addition to the viral quasispecies within an infected individual, there is genetic
variation between the subtypes in the major group of circulating HIV-1 variants (Group M).
There are thirteen distinct subtypes or clades in addition to dozens of circulating recombinant
forms (CRFs), reviewed in [22]. Figure 2 below shows the geographical distribution of the HIV1 subtypes along with the circulating recombinant forms (CRFs). Within a subtype, amino acid
variation in the HIV-1 Env protein ranges between 15-20%, and between subtypes variation at
the amino acid level can range up to 42% [2,22,23]. Given this diversity reflected by presence of
multiple HIV-1 subtypes, circulating recombinant forms and constant viral evolution within
infected individuals, it is a daunting challenge to develop a global HIV-1 vaccine that can
provide protection against a diverse collection of HIV-1 sequences in multiple demographic
populations. Globally, an estimated 35.3 million people are living with HIV, as recorded by the
2013 UNAIDS update [24]. The number of new HIV infections every year globally still remains
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high at 2.3 million [24]. A safe and effective vaccine continues to be the best hope to combat the
global HIV pandemic.

The

n e w e ng l a n d j o u r na l

of

m e dic i n e

Figure 2. Current Global Distribution of HIV-1 Subtypes and Recombinant Forms.

Figure 2. Global distribution of HIV-1 Subtypes and recombinant forms. This figure has
been reproduced with permission from [22], Copyright Massachusetts Medical
Society.
54,55
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These trials were not effective in generating nAbs against a diverse array of circulating HIV-1
strains and failed to prevent HIV-1 acquisition [29,30].
The Merck Ad5 (MRKAd5) STEP vaccine trial employed a different strategy by focusing
on eliciting HIV-1 specific cytotoxic T lymphocytes (CTLs). There is evidence that within
infected individuals HIV-1 specific CTLs are able to control viral replication [12]. Studies in
individuals that are able to naturally contain HIV-1 infection and maintain a low plasma viral
load have shown the importance of cellular immunity in controlling viremia. Certain human
leukocyte antigen (HLA) alleles, in particular HLA-B*57 and HLA-B*27 have been correlated
with the ability to control viral replication, which is consistent with the importance of T cells in
HIV-1 infection control [31]. There is more evidence within nonhuman primates where it has
been shown that CD8+ lymphocyte depletion correlated with an increase in viral load, and nonhuman primate vaccine induced CTLs have been shown to control viral replication and disease
progression [32-36]. These lines of evidence led to testing a T-cell based vaccine with
recombinant Gag, Pol and Nef proteins within the Adenovirus5 (Ad5) viral vector (STEP,
MRKAd5). The STEP (HVTN502) and HVTN 503/Phambili trials were the first efficacy trials
that evaluated an HIV vaccine designated to stimulate T-cell responses. These vaccine trials were
halted before the trial completion as the first interim analysis showed the vaccine failed to
prevent HIV-1 acquisition and did not reduce the viral load within infected trial subjects [37-39].
While the Ad5 vaccine in STEP induced CD8+ T-cell responses in the majority of vaccinees, the
responses were weak and only directed against a small number of epitopes [38].
The RV144 vaccine comprised of a canarypox viral vector prime expressing Env, Gag
and Pol (ALVAC) followed by an AIDSVAX B/E boost, which had the same protein subunit
vaccine used in VAX003 [40]. The vaccine efficacy against HIV-1 infection acquisition was
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31.2%, but the vaccine did not have an observable effect on CD4+T-cell counts or viral load
after infection. Furthermore, the vaccine efficacy was highest, approaching 60%, within the first
six months following immunization [41]. In an analysis for immune correlates, binding of
immunoglobulin G (IgG) to V1/V2 (the first two variable loops regions within gp120 subunit of
Env), was associated with a reduced risk of infection, and plasma levels of IgA against Env
abolished the IgG protective effect [42]. Despite the inclusion of the gp120 subunit, this vaccine
did not elicit broad neutralizing Abs and failed to generate measurable CD8+ T-cell responses.
The most recently conducted HIV vaccine efficacy trial, HVTN505, evaluated a vaccine
containing DNA prime expressing HIV-1 subtype B Gag, Pol and Nef, in addition to Env
proteins from three HIV-1 subtypes A, B, and C. The rAd5 vaccine boost consisted of four rAd5
vectors expressing HIV-1 subtype B Gag-Pol fusion protein and Env glycoprotein from subtypes
A, B and C. The trial was halted early in 2013 before completion when interim analysis showed
no reduction in HIV-1 acquisition or reduction in viral load within infected study subjects [43].
HIV vaccine
efficacy trial
VAX 004, VAX 003

Trial dates

Vaccine strategy

Main results from vaccine trial

1998-2004

STEP study, HVTN
502, Merck Ad5
(Primarily North
America)
HVTN503/Phambili
(South Africa)
RV144

2004-2009

Recombinant HIV
Envelope protein
rAd5 vector, Clade B
gag/pol/nef

No vaccine efficacy, no generation
of neutralizing Abs
No effect on HIV-1 acquisition or
reduction in viral load

31.2% overall vaccine efficacy. No
effect in post infection viral load
or CD4+ counts

HVTN505

2005-2013

ALVAC Canarypox vector
prime (gag, pol, env) +
recombinant gp120 protein
boost (AIDSVAX B/E)
Prime: DNA Vaccine
expressing Gag, Pol, Nef
and Env + Boost: rAd5
vector expressing Gag, Pol
and Env

2003-2010

Trial was halted in April 2013 as
interim analysis showed no
vaccine efficacy. The vaccine had
no effect on HIV-1 acquisition or
reduction in viral load

Table 1. HIV-1 vaccine efficacy trials in humans. The table summarizes the important results
from major HIV-1 vaccine human efficacy trials.
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Immune responses elicited with vaccination
As we see from the efficacy trials described above, HIV-1 vaccines are designed to elicit
either the humoral immune response or the cellular immune responses or ideally a combination
of both (Figure 3). The enormous diversity observed in Env amino acid sequences within and
between infected individuals makes the design and development of nAbs a daunting task. Several
lines of evidence have recently demonstrated the importance of antibodies in controlling HIV-1
and SIV infections. In an analysis for immune correlates, binding of immunoglobulin G (IgG) to
V1/V2 (the first two variable loops regions within gp120 subunit of Env), was associated with a
reduced risk of infection, and plasma levels of IgA against Env abolished the IgG protective
effect [42]. The RV144 vaccine was shown to have increased efficacy against viruses that
matched the Env immunogen in the V2 region [44]. Studies in nonhuman primates have also
shown that Env-specific Abs are associated with decreased SIV infection risk when challenged
with SIVmac251 and SIVsmE660 viruses [45-47]. Similarly in other non-human primate studies,
neutralizing Env-specific Abs have been shown to have protect against HIV and Simian Human
Immunodeficiency Virus (SHIV) challenges [48-57].
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Figure 3. Immune responses targeted by a global HIV-1 vaccine. There are two broad
approaches to HIV-1 vaccine design: blocking HIV-1 acquisition through generation of
neutralizing Abs (NAbs) through vaccination and controlling HIV infection through nonneutralizing Abs (nNAbs) and vaccine induced HIV-1 specific T-cells (CD8+ and CD4+ cells).
Figure reproduced from [58] under the terms of Creative Commons Attribution Non-Commercial
No Derivatives License.
Lessons learned from immune correlates in vaccine efficacy trials highlight the
importance of eliciting cellular immune responses capable of controlling viral replication (Figure
3) in addition to activating humoral immune responses to block HIV-1 acquisition [59]. A large
body of literature has shown that cellular immune responses can control viral replication in HIV1 infected humans and SIV infected rhesus monkeys through CD8+ T lymphocytes [36,60-68],
through Natural Killer (NK) cells [69] and also viral control through CD4+ T lymphocytes [7072]. Gag specific cellular immune responses in particular seem to be important for virologic
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control. In non-human primates it was recently demonstrated that Gag specific CD8+ T cells are
correlated with both in vivo and in vitro virologic control following SIV challenge in vaccinated
monkeys [73]. Gag specific cellular immune responses have also been shown to be associated
with virologic control in HIV-1 infected individuals [74-79]. Another important factor to
consider is the location and phenotype of cellular immune responses elicited by vaccination. In a
recent finding, Fukazawa et. al. demonstrated that the degree of protection from a live attenuated
SIV vaccine strongly correlated with the magnitude of SIV specific effector T cells in lymph
nodes, and the maintenance of these protective T cells was associated with the replication of the
vaccine virus in the follicular helper T cells [80]. Notwithstanding the vast number of studies on
non-human primates depicting efficacy of T cell responses in controlling SIV infections, T-cell
based vaccines, such as the one tested in the STEP trial, designed to control HIV-1 replication
through HIV-1 specific CD8+ T lymphocytes, have proven to be ineffective in preventing HIV-1
acquisition and HIV-1 viral replication in efficacy trials conducted to date. However, despite the
lack of efficacy with T cells based vaccines, there has been evidence of immune selection
pressure on founder strains infecting vaccinated subjects in the STEP trial, demonstrating for the
first time that vaccine-induced immune responses can have an imprint on infecting strains [81].

HIV-1 vaccine immunogen design strategies
In the HIV-1 efficacy trials conducted so far, four vaccine design strategies have been
evaluated, and the results from these trials have provided significant information for future
vaccine development. The RV144 trial demonstrated that a safe and effective HIV-1 vaccine is
possible [40,41] but many questions still remain about the number and types immunogens to be
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included as part of the vaccine. HIV-1 immunogen selection and design strategies for use in
vaccines can be divided into four broad categories.
1) Subtype-specific antigens: These vaccines include antigens to match local circulating HIV-1
strains. The idea behind these is that subtype-specific immune responses will have a higher
likelihood of recognizing local strains. Such a strategy was adopted in the RV144 trial that used
antigens matching the local Thai circulating subtype B strains and the circulating recombinant
form CRF01_AE [40,41]. Since certain subtype-specific vaccines may be geographically limited
in efficacy, these vaccines would have to be redesigned to be effective in other regions of the
world.

2) Vaccine antigens that elicit broadly neutralizing antibodies: One of the important objective
when designing a HIV-1 vaccine immunogen has been to elicit Abs that can neutralize a wide
variety of HIV-1 strains and subtypes [20,26,82]. Many of the critical epitopes that are targeted
by nAbs are located within the CD4+ binding site and even within sites in the V1/V2 variable
loops in gp120 (HIV-1 subtype C nAbs). These epitopes are conformational and depend on the
three dimensional structure of the Envelope (Env) trimer [83-87]. One of the challenges in
developing an Env based HIV-1 immunogen, is the stability of recombinant Env trimers when
synthesized on a large scale. Some of the techniques used to stabilize these trimers have centered
around modifying the antigenicity, biochemistry and biophysics of the recombinant trimers [88].
Nevertheless, immunogenicity testing shows that recombinant trimers are only marginally better
than monomers [89]. Recent studies have shown that a stable recombinant Envelope trimer can
be generated with antigenic properties and glycosylation patterns closely resembling the native
Envelope glycoprotein, and these recombinants have been shown to elicit improved neutralizing
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Ab responses compared to monomeric gp120 in guinea pigs [90]. This trimer design strategy is
proposed for phase I clinical trials in the next few years [90].
Detection of nAbs to HIV-1 in recent studies [91-93] has important implications in
vaccine design. These nAbs have on average a viral neutralization breadth of around 80% and
they recognize one of four sites on the viral envelope spike: a) the CD4 binding site on gp120, b)
the V1/V2 loops on gp120, c) glycoproteins on the V3 loop of gp120 or d) the membraneproximal external region of gp41 [91-93]. Notwithstanding these important discoveries, one has
to keep in mind that broadly nAbs only arise in 10-30% of infected individuals after a period of
2-4 years [86,94,95]. Based on characterizing the IgGs from sera of HIV-1 individuals, the antiHIV-1 antibodies are highly somatically mutated when compared to other IgGs cloned from the
same subjects [96]. Potent broadly nAbs from HIV-1 infected individuals have undergone 2-10
times more somatic mutations than most human Abs [97]. Additionally, the accumulation of
extensive somatic mutations over time within infected individuals necessitate the need to alter
traditional vaccine strategies to effectively stimulate broadly nAbs via immunization.

3) Vaccine antigens that elicit highly conserved HIV-1 specific cellular immune responses:
To address the challenge of HIV-1 diversity, one approach has been to use conserved HIV-1
regions as immunogens and elicit cellular immune responses to these conserved regions. These
are usually sections within the HIV-1 genome that are highly conserved across multiple strains
and subtypes, and hence the rationale is that immune responses targeted towards these regions
will recognize multiple HIV-1 subtypes, and most likely, these immune responses will impose a
high fitness cost for escape mutations to arise within the viral population [98,99]. One approach
that has been tried is to select natural HIV-1 sequence antigens that are most conserved among

	
  

10	
  

circulating HIV-1 strains. This was tested with the Merck Ad5 STEP vaccine that used an Ad5
vector expressing natural sequence antigens that were most likely to be conserved amongst
circulating HIV-1 strains. Gag, Pol and Nef vaccine sequences for the STEP vaccine were
selected based on phylogenetic similarity to a consensus of all HIV-1 subtype B sequences
[37,100]. While there is evidence that the STEP vaccine exerted pressure on founder HIV-1
variants that established productive infection within infected trial subjects, immune responses
against CTL epitopes was limited and not sufficient to prevent infection or lower viral load setpoint [81].
One approach to address HIV-1 diversity in vaccine design is to omit variable segments
of the HIV-1 genome and focus on only the conserved elements of the HIV-1 genome [101-104].
The HIVCONSV immunogen [102] includes long fragments of conserved regions within the HIV-1
genome and when expressed by DNA and viral vector vaccines, this strategy has been shown to
be immunogenic in Phase I trials [105,106]. A variation to this approach has been to design
immunogens that are strictly based on conserved HIV-1 segments with mutable regions excluded
completely [103]. Immune responses generated with DNA vectors expressing these highly
conserved elements (CE) were compared with immunization with p55gag DNA. Immunization
with p55gag DNA induced poor CD4+ mediated cellular responses whereas responses to the CE
vectors were reactive across subtypes and comprised of both CD4+ and CD8+ T cells [107].
Further, DNA vaccination in macaques with the conserved elements vaccine shows increased Tcell breadth of response [108].

4) Vaccine antigens to elicit highly diverse HIV-1 specific immune responses: A contrasting
strategy to eliciting immune responses to highly conserved HIV-1 regions is to generate diverse
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immune responses against a broad array of HIV-1 sequences. The rationale for this immunogen
strategy is that by generating a diverse array of immune responses against multiple regions of the
HIV-1 genome (immunogen breadth) and simultaneously generating immune responses against
multiple variants within epitopes (immunogen depth), we can maximize the likelihood that there
will be a match to the infecting founder strain within the infected individual. The immunogens
are so designed to elicit diverse immune responses including HIV-1 specific CTLs and humoral
immune responses. There are two primary approaches to elicit broad HIV-1 immune responses
via vaccination. One approach is to design a multivalent vaccine immunogen that represents
antigens from different HIV-1 clades. A recent example of such an approach is the phase II
clinical trial sponsored by the HIV Vaccine Trials Network (HVTN), HVTN 505, which tested
the DNA prime/Ad5 boost vaccine expressing Env proteins from subtypes A, B and C.
Unfortunately this trial was halted when preliminary analysis showed no vaccine efficacy and no
reduction in HIV-1 acquisition rates [41]. The second approach to eliciting broad immune
responses is the design “mosaic” immunogens [109,110]. These mosaic immunogens have been
designed based on an in silico analysis of global HIV-1 sequences to provide maximum coverage
of viral sequence diversity information [110]. Multiple studies have reported that mosaic
immunogens have elicited greater breadth and depth of HIV-1 specific immune response
compared to consensus or natural HIV-1 sequences in non-human primates including improved
Env specific binding and neutralizing Ab responses [111,112]. A recent study in rhesus monkeys
has shown that mosaic HIV-1 immunogens have elicited immune responses of greater magnitude
compared to a vaccine that was constructed by excising and concatenating six highly conserved
regions (including Gag, Pol and Env) from the full length mosaic antigens [113].

	
  

12	
  

The overarching goal of all HIV-1 vaccine design strategies is to overcome the
challenges posed by HIV-1 sequence diversity and the only way to determine which of these
strategies used alone or in combination will result in protection against HIV-1 infection in
humans is through large scale clinical efficacy trials.

Sequence analyses in HIV-1 vaccine efficacy trials
Sieve analysis
Understanding the characteristics of the viruses that evade a vaccine-induced host
immune response to establish a productive HIV-1 infection (breakthrough virus) can provide 1)
valuable insights into vaccine efficacy, 2) evidence of genetic signatures of vaccine-induced host
immune responses and 3) useful information for subsequent immunogen design [114]. In the
course of a HIV-1 efficacy trial, due to randomization at study entry and blinding of both
investigators and study subjects to treatment arms, it is expected that vaccine and placebo
recipients would be exposed to similar circulating HIV-1 strains during the duration of the
efficacy trial. It can be then be assumed that if the trial was conducted with no bias in treatment
assignment, that the differences between the HIV-1 sequences characterized from the two
treatment groups can be attributed to vaccination [115]. Genetic imprints of vaccine-induced
immune pressure on infecting HIV-1 strains in vaccine recipients can be compared against the
genetic makeup of HIV-1 sequences infecting a control placebo population. Associating specific
viral variants with vaccine efficacy will provide important insights to effects of vaccine-induced
immune pressure on viral selection and evolution [115,116]. This approach is termed as ‘sieve
analysis’ [115,116].
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Sieve analysis can be used for both generating hypotheses regarding which immune
characteristics are important in terms of protection offered by the vaccine, and also for
confirmatory analysis in which HIV-1 genetic comparisons between vaccine and placebo groups
can validate whether a particular immunological response is a correlate of protection against
HIV-1 infection [114]. Sieve analysis differs from comparing correlates of risk analysis since the
former includes both vaccine and placebo groups whereas in the latter analysis the vaccine
subjects who subsequently became HIV-1 infected are compared with other vaccine subjects
who remained uninfected during the trial period. Hence, when immune correlates are identified
in a risk analysis, they do not necessarily predict vaccine efficacy [114,115]. In contrast, the
advantage of sieve analysis is that any differences observed in breakthrough HIV-1 sequences
between vaccine and placebo groups can be described by the vaccine status since we assume that
the vaccine treatment was assigned randomly at the start of the trial [114-116].
Acquisition and post-infection sieve effects
Acquisition sieve effect describes the scenario where vaccine-induced immune responses
block infection of certain HIV-1 variants that are most genetically similar to the vaccine insert
(Figure 4) [115,117]. In this case, when breakthrough sequences are compared to the vaccine
insert sequences, one would expect to find the sequences from the vaccine recipient more
divergent from the vaccine than the placebo breakthrough sequences.
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Figure 4. Schematic description of sieve acquisition and post-infection effects. There are
three possible scenarios in a vaccine trial. This figure is reproduced from [114] with permission
(License number: 3393210853176).
There are three possible scenarios of vaccine-induced immune responses influencing the
population of breakthrough HIV-1 variants. If the vaccine is 100% effective in blocking
productive HIV-1 infection (Figure 4, red box), there are no breakthrough sequences in the
vaccinated group. In the second scenario, vaccine-induced immune responses can exclude certain
HIV-1 variants from establishing infection. This is defined as an acquisition sieve effect (Figure
4, green box). The third scenario of post-infection sieve effect implies that HIV-1 breakthrough
variants are driven by vaccine-induced immune pressure to accumulate more mutations or
	
  

15	
  

accumulate them at a faster rate, when compared to rate of mutations driven by non-vaccine
induced immune pressure [114].
Sieve analysis of breakthrough sequences from the STEP/HVTN502 trial
The STEP/HVTN502 trial, which tested an Ad5 vector with gag/pol/nef HIV-1 subtype B
vaccine insert, was not effective in preventing HIV-1 acquisition and did not reduce viral loads
in infected trial participants [37,38]. The hypothesis of whether the vaccine-induced immune
responses impacted breakthrough HIV-1 sequences was tested by sieve analysis [81]. Divergence
from the vaccine insert was estimated in peptide regions from Gag, Nef and Pol that were
predicted, in silico, to be CD8+ T-cell epitopes (as these peptides would most likely bear genetic
signatures of vaccine-induced immune pressure) and these distances were compared across
vaccine and placebo treatment groups. Sieve analysis of 465 genomes from 65 trial subjects
showed that the epitopic distances between breakthrough sequences and vaccine insert sequences
were higher in subjects in the vaccine group than subjects in the placebo group [81]. This was the
first time evidence of selective pressure from vaccine-induced immune responses elicited by a Tcell based HIV-1 vaccine was described.
These observed results could be explained by acquisition sieve effect where certain
variants are excluded from establishing productive infection within subjects in the vaccine group.
Additionally, the observed results could also be the result of post-infection sieve effects where
vaccine-induced immune pressure is the driving force behind breakthrough variants
accumulating more mutations, ultimately resulting in immune escape and leading to selective
outgrowth of escaped variants. These scenarios are not mutually exclusive and it is important to
explore these observed effects in greater detail. Doing so will help us identify key genetic
signatures that are linked to vaccine-induced immune responses generated within an infected
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individual. Additionally, quantifying the effect of these immune responses on HIV-1
breakthrough sequences will help in the future design of T-cell based vaccines.
In this dissertation, I will present results from a study of the breakthrough HIV-1
sequences from the HVTN502/STEP vaccine trial. As part of my dissertation I will address the
following questions: 1) Can we find evidence of blocking of infection by variants similar to the
vaccine insert (acquisition sieve effect)? 2) Can we find evidence for vaccine-induced immune
pressure driving CTL epitope evolution? and 3) Do breakthrough sequences from study subjects
followed over time show evidence for vaccine-induced anamnestic responses?
I will begin my dissertation by describing a new algorithm (CorQ, Correction by
Quality), that I developed to analyze sequences from high throughput sequencing technologies
used to sequence virus in subjects from the STEP vaccine trial (Chapter 2). In the chapter
describing the error correction algorithm, I will also present results comparing the performance
of the program CorQ to other high throughput sequence analysis programs. Following this, in
Chapter 3, I will present a comprehensive comparison of Single Nucleotide Polymorphisms
(SNPs) within a subset of the vaccine trial subjects that were included in both the initial study of
breakthrough sequences [81] (subjects sequenced with traditional Sanger sequencing technology)
and the current study (subjects sequenced high throughput sequencing technology). The purpose
of this comparison is to estimate the HIV-1 variant concordance between these two vastly
different sequencing technologies and highlight the differences between the two methods.
Following this, I will then present evidence for vaccine-induced anamnestic pressure influencing
CTL epitope diversity and evolution (Chapter 4).
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CHAPTER 2. Quality score based identification and correction of pyrosequencing errors
The text in this chapter has been modified slightly from PlosOne, 2013, doi:
10.1371/journal.pone.0073015
Summary
Massively parallel DNA sequencing using the Roche 454/pyrosequencing platform allows indepth probing of diverse sequence populations such as within an HIV-1 infected individual.
Nonetheless, analysis of this sequence data remains challenging due to the shorter read lengths
relative to that obtained by Sanger sequencing as well as errors introduced during DNA template
amplification and during pyrosequencing. The ability to distinguish real variation from
pyrosequencing errors with high sensitivity and specificity is crucial to interpreting sequence
data. In this chapter I will present a new algorithm, CorQ (Correction through Quality), which
utilizes the inherent base quality in a sequence-specific context to correct for homopolymer and
non-homopolymer insertion and deletion (indel) errors. CorQ also takes uneven read mapping
into account for correcting pyrosequencing miscall errors and it identifies and corrects carry
forward errors. We tested the ability of CorQ to correctly call SNPs on a set of pyrosequences
derived from ten viral genomes from an HIV-1 infected individual, as well as on six simulated
pyrosequencing datasets generated using non-zero error rates to emulate errors introduced by
PCR. We tested sensitivity and specificity of CorQ in combination with other error correction
algorithms and we attained a 97% reduction in indel errors, a 98% reduction in carry forward
errors, >97% specificity of SNP detection and >98% sensitivity of SNP detection. This combined
procedure will permit examination of complex genetic populations with improved accuracy.
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Introduction
DNA sequencing has dramatically altered the nature of biomedical research and
medicine. Over the past decades there has been a dramatic reduction in cost, complexity and time
required to sequence large amounts of DNA. Until the last few years, the majority of DNA
sequences overwhelmingly relied on some version of the Sanger sequencing chemistry [118].
Over the past decade there has been a massive push to develop new strategies for DNA
sequencing. Massively parallel sequencing (MPS) or next generation (“next-gen”) sequencing
technologies [119] allow for the generation of millions of sequence fragments (“sequence reads”)
from a single specimen. These technologies have already begun to replace Sanger sequencing for
many applications, including de novo sequencing, re-sequencing and metagenomics [120,121].
Pyrosequencing chemistry
One of the earlier high throughput sequencing technologies, 454/Roche pyrosequencing,
has been used extensively to study the inherent diversity of viral pathogens such as HIV-1 and
HCV [122-135]. The pyrosequencing chemistry is shown in Figures 5 and 6 below. Template
DNA to be sequenced is first denatured and strands are annealed to the beads conjugated with
oligonucleotides complementary to the linker sequences (Figure 5). This step is carried out with
very low DNA concentrations so that on average only one strand binds to each bead. Bead-bound
DNA is then PCR amplified in an oil water emulsion, where each water droplet in the emulsion
contains on average, a single bead [119]. Amplified DNA strands anneal to the beads resulting in
beads with many copies of a homogenous PCR product. The beads are mixed with DNA bead
incubation mix containing DNA polymerases and layered with enzyme beads on a Picotiter plate
which contains approximately 1.6 million wells [136].
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million wells , is loaded with beads and mounted in a flow chamber
designed to create a 300-mm high channel, above the well openings,
through which the sequencing reagents flow (Fig. 2a, b). The
unetched base of the slide is in optical contact with a second fibreoptic imaging bundle bonded to a charge-coupled device (CCD)

order of 0.02–1.5 s (Supplementary Methods). The current reaction
is dominated by mass transport effects, and improvements based on
faster delivery of reagents are possible. Well depth was selected on the
basis of a number of competing requirements: (1) wells need to be
deep enough for the DNA-carrying beads to remain in the wells in the
presence of convective transport past the wells; (2) they must be
sufficiently deep to provide adequate isolation against diffusion of
by-products from a well in which incorporation is taking place to a
well where no incorporation is occurring; and (3) they must be
shallow enough to allow rapid diffusion of nucleotides into the wells
and rapid washing out of remaining nucleotides at the end of each
flow cycle to enable high sequencing throughput and reduced reagent
use. After the flow of each nucleotide, a wash containing apyrase is
used to ensure that nucleotides do not remain in any well before the
next nucleotide being introduced.
Base calling of individual reads
Nucleotide incorporation is detected by the associated release of
inorganic pyrophosphate and the generation of photons5,12. Wells
containing template-carrying beads are identified by detecting a
known four-nucleotide ‘key’ sequence at the beginning of the read

Figure 5. Pyrosequencing sample preparation. Genomic DNA is isolated, fragmented, ligated
to adapters and separated into single strands. The fragments are then bound to beads and
captured in droplets containing PCR-reaction mix and emulsion PCR is carried out within the
droplets. The figure is adapted from [119] with permission (License number 3397230961032).
The picotiter plate is placed into the Genome Sequencer FLX Instrument (Figure 6). The
Figure 1 | Sample preparation. a, Genomic DNA is isolated, fragmented,
ligated to adapters and separated into single strands (top left). Fragments are
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This correspondence is linear only up to eight consecutive nucleotides, following which signal
strength deteriorates rapidly [119]. Signal strengths are stored in standard flowgram format
(SFF) files for downstream analysis. A schematic of a flowgram is shown in Figure 7.
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Figure 7. Graphical representation of flowgram intensities. The four colored bars represent
the nucleotides during each flow (in the order TAGC). Seven consecutive flow cycles are shown
in the x-axis. Signal intensities during nucleotide flow are shown in the y-axis. For certain
signals, the intensities recorded by the CCD camera are such that it is difficult to determine the
exact number of bases at that position. This inherent property of pyrosequencing leads to
homopolymer region associated errors (over and undercalls).
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The promise of MPS has to be balanced with its caveats. Each MPS platform has a much
higher rate of error compared to Sanger sequencing [119,137,138]. If the sample must be PCRamplified prior to sequencing, the errors occurring during PCR are also present in the MP
sequences and can be impossible to distinguish from real variation, except in cases when using
random sequence tags coupled with oversequencing to generate consensus sequences from each
amplicon [139,140]. The 454/pyrosequencing platform results in uniquely high rates of overcalls
and undercalls (resulting in erroneous insertions and deletions in the sequence reads) [119,138].
Carry forward errors are also unique to pyrosequencing and are caused by leftover nucleotides in
a sequencing well and incomplete extension during a prior flow cycle [119].
Error rates for the GS-FLX Titanium pyrosequencing technology have been estimated on
an extensive dataset of Roche Corp. Quality control DNA fragments and the sequences generated
were found to have a mean error rate of 1.07%. This study found that errors were non-randomly
distributed with some positions in homopolymer regions with error rates as high as 50% [138].
Additionally, 89% of the reads had some form of error with insertion errors comprising of
majority, followed by deletions, mismatches and ambiguous base calls. This result suggests that
instead of removing erroneous reads from downstream analysis, error correction algorithms have
to be applied to the entire dataset to improve overall accuracy of the pyrosequences.
Pyrosequencing errors can be corrected at two stages: 1) at the level of light intensities
(flowgrams) [141-143] and 2) at the level of correcting the machine called sequences [144-151].
Error correction algorithms in the first category include the program such as AmpliconNoise,
which correct errors generated by clustering flowgrams and calculating the likelihood that each
of the reads from these flowgrams was generated from a mixture of correct and incorrect
sequences [142,143]. Subsequently an expectation-maximization algorithm is applied to the
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clusters to determine a true sequence from each cluster. Methods from the second error
correction category using a Poisson or binomial probability have traditionally assumed,
incorrectly [119,138,141], that all base qualities are equal [123,144,146,149]. The latter category
also includes error correction methods that rely on comparing variants to an empirical control
dataset, mapping read segments to a consensus template and refining alignments locally [145].
Other approaches include taking sequences sharing common k-mers and forming multiple
alignments with these reads and correcting the reads bases on a consensus sequence generated
from these alignments [148]. Co-variation or phase information has also been used to distinguish
between real variation and systematic error [150]. These algorithms mentioned above do not alter
the flowgram intensities instead they correct pyrosequencing errors on the translated bases.

Materials and Methods
HIV-1 pyrosequences for comparing performance of error correction algorithms
Ten HIV-1 genome (from one infected individual) sequences were PCR amplified,
cloned and sequenced using the Sanger sequencing method [152]. These sequences have been
deposited in GenBank with accession numbers: JN024165-JN024168, JN024170-JN024173,
JN024495 and JN024537. The plasmid clones were mixed in equal proportion, linearized with a
restriction enzyme and used for pyrosequencing using standard protocols provided in the GSFLX Titanium Rapid Library preparation kit (454.com/products/gs-flx-system/index.asp).
Generation of simulated pyrosequences
We generated a total of six additional simulated pyrosequencing datasets using the
software program Flowsim [153]. We used two starting configurations (Table 2). The first three
datasets (Set 1a-c, Table 2) were generated using a single 1500 nucleotide HIV-1 sequence as the
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starting template. Three simulation runs were conducted: The first had no additional mismatch
errors. The second and third had added mismatch error rates (with an equal mix of transitions
and transversions) of 0.005 and 0.01 respectively, set to approximate error rates generated during
template PCR amplification, and these values were selected based on previously determined
DNA polymerase error rates [154]. The templates for the fourth through sixth simulated
pyrosequencing datasets (Set 2a-c, Table 2) were generated from a multiple sequence alignment
of 28 previously published HIV-1 sequences [152]. A 1500nt region was selected (alignment
positions: 1-1522 within gag region) and used as input for Flowsim. Again, three simulation runs
were conducted: with no additional SNP errors, and with SNP error rates of 0.005 or 0.01.
Simulated pyrosequencing set

Reads
generated

Average read length
(nt)

Set 1a (No additional SNP errors)

36,000

494

Set 1b (SNP error rate: 0.005)

33,000

427

Set 1c (SNP error rate: 0.01)

48,000

428

Set 2a (No additional SNP errors)

98,800

423

Set 2b (SNP error rate: 0.005)

98,880

422

Set 2c (SNP error rate: 0.01)

98,000

423

Table 2. Average number of reads and average read length for simulated pyrosequences.
Two sets of simulated pyrosequences generated using Flowsim [153] is shown here. The first set
(Set 1a, b and c) is comprised of simulated reads generated using a single 1500 nt HIV-1
sequence as the starting template. The second set (Set 2a, b and c) is comprised of simulated
reads generated using a 1500nt region located within 28 HIV-1 sequences as starting templates.
Simulations were done without additional SNP errors (1a, 2a) and with two different SNP error
rates, 0.005 and 0.01 (1b,c and 2b,c). This table is reproduced from [155] with permission under
the terms of Creative Commons Attribution License.
Error correction with AmpliconNoise
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AmpliconNoise [142,143] (version 1.24) was run on flowgrams using default settings. Error
correction with the AmpliconNoise suite of programs consists of two components, clustering and
correcting the flowgrams with AmpliconNoise, followed by correcting PCR based errors with
SeqNoise. In our preliminary evaluation we found that SeqNoise was computationally intensive,
often failed on datasets larger than 20,000 reads and lacked important user definable parameters.
Hence, we did not use the SeqNoise component for our subsequent analyses. The sequence and
associated quality files obtained after AmpliconNoise flowgram correction were aligned with
MOSAIK [156] using a sample-specific consensus sequence as reference. We adjusted the
reference to query sequence mismatch parameter in MOSAIK to vary between 20 – 30%. These
mismatches included both SNP and indels and allowed mapping a greater number of reads to the
reference sequence, subsequently resulting in smaller loss of data.
Read filtering and chimera check
Sequences with ambiguous base calls (N) or less than 100 bases in length were removed,
and we implemented an optional check to test for chimeric sequences. Chimeras are generated
when sequences are amplified from a multi-template population [157] as well as naturally during
HIV infection. The majority of in-vitro-generated chimeras arise due to incomplete primer
extension during PCR [157]. To detect chimeras, we counted the number of SNP mismatches in
a given read relative to the consensus sequence. In the CorQ analyses presented here we set this
parameter to require between 20-40% SNP mismatches between the consensus sequence and a
given read to assign a sequence as a chimera, since this mismatch rate was optimal for chimera
detection amongst several methods [158]. For analyzing sequences with inherently greater
diversity, we recommend varying this parameter to better distinguish a sequence variant from an
artificially generated chimeric sequence.

	
  

25	
  

CorQ implementation: Correcting poor quality indel and miscall errors
CorQ uses the filtered sequence alignment file to correct indel and miscall errors. First,
quality values are mapped to the bases in a multiple sequence alignment, and positions with
insertions and deletions in homopolymer and non-homopolymer regions are flagged (Equation
1). Two or more consecutive bases of the same kind are considered part of a homopolymer. In
the flagged positions, the average base quality, Qi, of indel bases is estimated by summing up the
individual quality of all non-gap bases (A, G, T or C) at that position from all reads divided by
the number of reads with non-gap bases. Similarly, the average base qualities of all non-gap
bases in a non-indel position, Qi-1 and Qi+1, adjacent to the flagged position are also estimated.
For each indel occurring after a homopolymeric or non-homopolymeric sequence, the average
base quality difference, Qreduction,i, is calculated by first estimating the difference between average
scores of flagged and adjacent positions: Qi-1, Qi and Qi+1, Qi followed by estimating an average
of the score difference (Equation 1). This value is compared against a distribution of quality
reductions across all flagged positions in the entire alignment. Flagged positions with a reduction
in base quality higher than the distribution mean are flagged for correction. Both single and
multi-base indels are handled in a similar manner. Additionally, indels present only in a single
read are also flagged for correction. Sequences containing flagged insertions are corrected by
removing the incorrectly inserted base and sequences with flagged deletions are corrected by
adding the consensus base. CorQ also creates an annotation file that tracks changes made to each
corrected read.

Qreduction,i
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Equation 1. Calculation of reduction in base quality in flagged indel positions. Qi-1, Qi and
Qi+1 represent the quality of non-gap bases within the flagged position (i) and adjacent positions
(i-1, i+1). nindel,i, ni-1 and ni+1 are the number of reads with non-gap bases at positions i, i-1 and
i+1 respectively.
To identify and flag potential sequencing miscalls, the difference between the average
base quality of consensus bases at the flagged position i, Qi,consensus, and average base quality of
SNP variant at position i, Qi,SNP , are calculated for all positions in the alignment in which SNPs
are observed relative to the consensus (Equation 2). The difference in average quality between
the consensus and SNP bases is compared against a distribution of quality reductions for all
flagged positions with identified SNPs and the SNP is flagged for correction if the quality
difference is higher than the distribution mean. The consensus character at that position then
replaces a flagged SNP. Positions with a SNP present only within a single read in the dataset are
also flagged for correction.
nconsensus ,i

Qreduction,i =

∑

nSNPi

Qi,consensus

1

nconsensus,i

−

∑Q

i,SNP

1

nSNPi

(2)

Equation 2. Calculation of reduction in base quality in flagged SNP positions. Qi,consensus, and
Qi,SNP represent the base quality of consensus and SNP bases respectively in the flagged position
(i). nconsensus,i, and nSNP,i are the number of reads with consensus and SNP bases at flagged position
i, respectively.
To accommodate uneven read coverage (number of reads mapping to each base) from the
two different sequencing orientations, we implemented additional checks when correcting
potential sequencing miscalls. We have made read coverage difference as one of the input
parameters in CorQ to allow users to set a coverage difference threshold that best captures the
observed read coverage differences. SNPs that fall within regions of the designated coverage
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difference are marked but not corrected, as we cannot rule out the possibility that a detected SNP
is not “true” simply due to lack of adequate reads mapping to that position.
We also implemented a method within CorQ to identify and correct carry forward errors.
Carry forward errors occur when insufficient flushing between the flows results in leftover
nucleotides in a well, resulting in signal peaks at the wrong position during the next base
incorporation [119]. The presence of homopolymers increases the likelihood of this type of error
[119,137]. Carry forward events cause single base insertions usually near, but not adjacent to
homopolymer regions [137]. CorQ detects this specific pattern of single base insertions
occurring after runs of homopolymeric nucleotides and flags them as carry forward errors if the
inserted base is not the consensus at that position, and if it is the same base type as the preceding
homopolymeric stretch. The flagged inserted bases are removed from reads.
Comparison to other error correction methods
We tested the sensitivity and specificity of CorQ to identify true SNPs within a dataset
created by pyrosequencing ten HIV-1 genomes that had previously been sequenced, after cloning
into plasmids, by the Sanger method, as well as the set of six simulated datasets. CorQ was tested
against four other pyrosequencing error correction programs: CORAL [148], Segminator II
[145], QuRe [151] and V-Phaser [150] and the flowgram correction method AmpliconNoise
[143] using reads mapping to the three HIV genes gag, env and nef. All programs were run
according to the default parameters recommended by the authors. All the tested programs used
Fasta and associated base quality files as their input. Reads less than 100 bases in length or reads
with ambiguous bases (N) were removed prior to testing the error correction programs. We
implemented CorQ on the following set of data files: a) uncorrected fasta and quality files, b)
Flowgram corrected fasta and quality files (from AmpliconNoise) and c) files generated from the
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quality recalibration program Pyrobayes [159]. Pyrobayes uses data likelihoods and prior
distributions to determine the Bayesian posterior probability of the correct number of bases given
a measured incorporation signal [159] and results in a recalibrated base quality for each called
base. We used the consensus of the Sanger sequences from the 10 viral genomes as the reference
for generating multiple sequence alignments in all the above comparisons. We also compared the
performance of each error correction program on indel attrition. The exact count of insertions
and deletions are not obtained from the output from QuRe and SegminatorII, hence these
programs were not included in this comparison.
Results
Pyrosequencing of 10 HIV-1 genomes resulted in 26,620 reads mapping to gag, 48,927
reads mapping to env and 21,963 reads mapping to the nef genes (Figure 8). Read coverage for
both sequencing orientations is shown in Figure 8 below. The uneven coverage map shown
below is the result of uneven template shearing. While these coverage maps are more uneven
than typical pyrosequencing runs performed by us, they highlight an important concern for
algorithms calling SNPs in regions of poor read coverage and for determining the actual depth of
population sampling across a genome – coverage and depth vary across the target sequences, and
thus are poorly summarized by a single measure.
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Figure 8. 454 read coverage across the HIV-1 genome. Locations of the gag, env and nef
genes evaluated in this study are shown. A total of 26,620 reads mapped to gag, 48,927 to env
and 21,963 to the nef gene. Reads were aligned to a sample-specific consensus using MOSAIK
[156]. This figure has been adapted from [155] under the terms of Creative Commons
Attribution License.

An overview of the CorQ algorithm is shown in Figure 9. Following AmpliconNoise, a
reference-guided multiple sequence alignment is generated with MOSAIK. Reads less than 100
bases and reads with ambiguous bases are removed as part of the preprocessing step. Short reads
are generally a result of premature stops in strand synthesis or out-of-phase strand synthesis.
These out-of-phase strands show early deterioration in signal quality, leading to shorter read
lengths [119,138]. Regions within the multiple sequence alignment with insertions and deletions
are classified as occurring in homopolymer (a region with two or more consecutive nucleotides
of the same type) or non-homopolymer regions.
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Figure 9. Overview of the CorQ 454 error correction methodology. The starting point for the
CorQ algorithm is a set of sequence and base quality files. MOSAIK [156] is used for referencebased alignment. Positions with out-of-frame insertions and deletions (indels) are identified
within the alignment and average base qualities are calculated for these regions (See Equation 1).
SNPs are similarly identified and called (See Equation 2). This figure is adapted from [155]
under the terms of Creative Commons Attribution License.

The average difference in base quality between an indel position and adjacent positions
are then calculated. The rationale for this step is that in the event a base corresponds to a
sequencing overcall or undercall, the quality of that base should be lower than the neighboring
bases – CorQ measures this drop in base quality relative to the adjacent bases. A distribution of
average base quality reductions across indel positions within the alignment is used to make error
correction calls. We observed similar patterns of quality reductions across the three gene regions
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(Figure 10). This bolsters our hypothesis that erroneous bases have poorer quality in the reads
that contain them, and that the base quality adjacent to an erroneous base should be higher in the
majority of reads. This allows CorQ to identify regions with a drop in average base quality
across an alignment.

Figure 10. Average reduction in base quality for indels found in homopolymer and nonhompolymer regions. Reduction in base quality was measured as the average difference in
quality between flagged positions with indels and the adjacent columns (See Equation 1). Base
qualities from uncorrected sequences (raw 454), and sequences corrected with AmpliconNoise
and Pyrobayes are shown for indels found in non-homopolymer regions (length of 1) and varying
homopolymer lengths. Reduction in base quality is shown for indels within gag (A), env (B), nef
(C) and the three genes combined (D). This figure is adapted from [155] under the terms of
Creative Common Attribution License.
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Next, we compared the ability of CorQ and previously described algorithms for their
ability to flag and correct sequencing overcalls and undercalls, using true indels observed within
the Sanger sequences as an indicator of effectiveness. QuRe and SegminatorII programs did not
output indel counts per position and hence we omitted these programs from this comparison.
Vphaser run alone or the combination of AmpliconNoise flowgram correction followed by the
CorQ algorithm on Fasta and quality files reduced indel counts most effectively (95.4/96.7%
reduction in gag, 95.3/94.7% in nef and 93/97% in env, respectively). CORAL, and Pyrobayes
followed by CorQ did not result in a substantial reduction in erroneous indels (10 – 70%).
Combinations of error correction methods performed better than applying a single correction
method. The combination of AmpliconNoise + CorQ and AmpliconNoise + CORAL performed
better than other tested methods, achieving between 95 - 97% reduction in indels. Among the
individual correction methods, VPhaser performed best, reducing indels by 92 – 96%.
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Figure 11. Attrition in indel counts after application of error correction methods. The
percent reduction in number of indels within the HIV-1 ten-plasmid dataset compared to
uncorrected sequences is presented. While Pyrobayes is not an error correction algorithm, but
rather recalibrates quality values, the accuracy of recalibrated bases are meant to reflect
overcalled and undercalled bases accurately. The % reduction in indels compared to uncorrected
sequences is shown for gag (A), env (B) and nef (C), and all three genes combined (D). This
figure is adapted from [155] under the terms of Creative Common Attribution License.
Carry forward error correction
The CorQ algorithm also corrects carry forward errors [119] near homopolymeric
regions. The percent carry forward errors retained within reads after application of error
correction methods is shown in Figure 12. Carry forward errors present in raw uncorrected reads
are shown for comparison. In the uncorrected reads, carry forward insertion errors make up about
10-30% of the total insertions errors observed. Flowgram error correction (AmpliconNoise)
corrects homopolymeric overcall insertion errors to a greater extent than carry forward insertion
errors, hence, 20-30% of the insertion errors are of carry forward type after flowgram correction.
Vphaser and CORAL corrected carry forward errors better than AmpliconNoise, but still
retained about 10-15% of these errors. The combination of AmpliconNoise + CORAL performed
only slightly better than using CORAL alone, retaining ~10% of carry forward errors. The
combination of Vphaser correction followed by the carry forward correction segment of the
CorQ program resulted in a further, substantial reduction in the number of carry forward errors
compared to correction with Vphaser alone, retaining between 2-5% of these errors. The
combination of AmpliconNoise + CorQ removed the most carry forward insertion errors,
retaining only ~2%.
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Figure 12. Carry forward errors retained after error correction. Raw uncorrected values and
the percentage of carry forward errors retained after error correction with each of the algorithms
listed is plotted for each of the three gene regions gag, env, nef and all the three genes combined.
This figure is adapted from [155] under the terms of Creative Common Attribution License.
Sensitivity and specificity of pyrosequencing error correction programs
The sensitivity and specificity of SNP identification was then compared for four
pyrosequencing error correcting and variant calling algorithms within the gag, env and nef gene
regions from the 10 HIV-1 genome dataset. Since the mixture was derived from ten whole
genome plasmids mixed in equal proportion, the lowest observable valid SNP would be 10%,
with SNPs calls in pyrosequences validated by comparison to variants identified in Sanger
sequences [152]. A total of 28 SNPs in gag (1500nt positions), 61 in env (2550nt) and 21 in nef
(681nt) were compared. As shown in Table 3, the sensitivity of detection of variants was usually
97% or higher for most error methods, with the exception of the QuRe algorithm, which filters
out regions with lower levels of coverage, and VPhaser when applied to the nef gene sequences.
QuRe filtered out 3% of bases from correction for gag and nef but 33% of bases from correction
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in env. These filtered regions fell within areas of poor coverage, usually at the start of the gene.
V-phaser had reduced sensitivity on the nef dataset (61%) due to a change of valid SNPs to
consensus in a region with an in-frame 18nt deletion present in 30% of the Sanger sequences.
Changes to the gapwindow size parameter (to match the gap size observed within the sequences)
as part of the Vphaser correction program did not improve nef sensitivity. A combination of
AmpliconNoise + CORAL also showed reduced sensitivity, with values falling lower than each
of these correction methods used individually. CORAL corrects errors by forming a multiple
sequence alignment and generating a consensus sequence from these alignments. It is possible
that the low frequency of “real” SNPs that are seen after flowgram correction are removed in
CORAL when consensus sequences are generated, thus leading to a higher incidence of false
negatives and reduced sensitivity. Similarly, we observed a reduced sensitivity when we
combined AmpliconNoise with Vphaser, with sensitivity values falling lower than each of these
correction methods used individually. The combination of AmpliconNoise + CorQ consistently
resulted in higher sensitivity than the other tested error correction methods used individually or
in combination.
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Method

Sensitivity

Specificity

gag

nef

env

combined

gag

nef

env

combined

Uncorrected 454
reads
CorQ

1

1

0.98

0.99

0.37

0.34

0.5

0.44

1

1

0.98

0.99

0.79

0.86

0.94

0.88

AmpliconNoise

0.99

0.98

0.98

0.98

0.88

0.71

0.69

0.76

AmpliconNoise +
CorQ
Pyrobayes + CorQ

0.99

0.98

0.98

0.98

0.99

0.97

0.99

0.98

0.97

1

0.98

0.98

0.78

0.7

0.78

0.77

1

1

0.96

0.98

0.92

0.88

0.94

0.91

0.5

0.93

0.27

0.53

0.98

0.86

0.95

0.95

0.96
(0.41)*
1

0.97
(0.61)*
0.97

0.98
(0.04)*
0.98

0.97
(0.11)*
0.98

0.97

0.92

0.99

0.96

0.2

0.24

0.47

0.35

1

0.61

0.95

0.86

0.98

0.98

0.99

0.98

0.54

0.25

0.41

0.38

1

0.99

1

0.99

CORAL
AmpliconNoise +
CORAL
QuRe
SegminatorII
VPhaser
AmpliconNoise +
VPhaser

Table 3. Comparison of CorQ against other pyrosequence error correction and SNP calling
algorithms. gag, env and nef gene regions were used to compare the sensitivity and specificity
of various algorithms. Sensitivity measures the proportion of true SNPs present in the ten HIV-1
genomes, and correctly identified by the various SNP calling programs. Specificity measures the
proportion of true negatives (positions in the gene regions that are invariant) that are correctly
identified by the compared programs. * Shown in parenthesis are values from QuRe when the
poor coverage regions excluded from sensitivity analysis are included as false negatives. This
table is adapted from [155] under the terms of Creative Common Attribution License.

With regard to specificity, the uncorrected reads had a high false positive rate (low
specificity), and with the exception of SegminatorII each of the correction pipelines resulted in
an increase in specificity. Repeated analyses with SegminatorII produced a high number of false
positives, despite using a sample-specific consensus sequence as reference for the alignment and
optimal settings recommended by the program authors. VPhaser alone, or flowgram correction
(AmpliconNoise) in combination with CorQ, consistently produced the highest specificity for
variant detection. Overall, combinations of error correction methods (AmpliconNoise + CORAL,
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AmpliconNoise + Vphaser and AmpliconNoise + CorQ) consistently exhibited between 86 –
100% specificity.
We also performed a test to assess the effects of read coverage differences across
sequencing orientations on the sensitivity and specificity of CorQ to detect and correct SNPs. We
used pyrosequences mapping to the ~2500nt env region from the ten HIV-1 plasmid clones for
this comparison and ran the combination of AmpliconNoise + CorQ with 2-fold, 5-fold, 10-fold
and 20-fold coverage differences as thresholds for SNP correction (Table 4).
Coverage	
  difference	
  threshold

Sensitivity

Specificity

2	
  fold	
  coverage

0.98

0.95

5	
  fold	
  coverage

0.98

0.96

10	
  fold	
  coverage

0.98

0.99

20	
  fold	
  coverage

0.95

0.99

Table 4. Effect of varying coverage fold on sensitivity and specificity of SNP variant calling.
AmpliconNoise + CorQ error correction was used on pyrosequences mapping to the env region
(~2500nt) from the ten HIV-1 genome control dataset. Different fold coverage values were used
as input parameters in CorQ. Sensitivity and specificity of SNP variant detection within this
region is calculated for each fold coverage value. This table is adapted from [155] under the
terms of Creative Common Attribution License.
As expected with a lower read coverage difference threshold (2- or 5-fold), more
positions were marked to be poor coverage regions – SNPs falling within these regions are not
corrected, resulting in higher false positives (reducing specificity to 95%). With higher coverage
difference thresholds (20-fold), more regions with SNPs are corrected, resulting in correction of
real variation present within the sequences and giving more false negatives (reduced sensitivity
to 95%). We therefore used a 10-fold coverage difference (98% sensitivity and 99% specificity)
with CorQ to achieve a balance between sensitivity and specificity.
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Simulated pyrosequences
We tested the ability of error correction algorithms to reduce indel and substitution error
rates in both homopolymeric and non-homopolymeric regions (Tables 5 and 6, respectively) on
simulated pyrosequences generated with a single starting template (Sets 1a-c, Table 2). QuRe
was not included in this analysis since it generates indel-removed haplotypes as the final result.
SegminatorII was also excluded since it does not give indel information in the final results. The
combination of AmpliconNoise + CORAL gives the highest reduction in substitution error rates
for these simulated datasets. This mostly likely is a result of CORAL error correction whereby a
regional consensus sequence is used to correct for low frequency variants. In the case where
multiple sequencing templates are present, this correction method runs a risk of removing “true”
low frequency variants (as we have shown with our sensitivity analyses), whereas in this case
only a single template was used for simulation, and correction of low frequency variants was
more efficient. Similar trends for indel and SNP error rate reduction was observed in
homopolymeric and non-homopolymeric regions (compare Tables 5 and 6).

No simulated SNP errors
Uncorrected
AmpliconNoise
CorQ
Pyrobayes + CorQ
AmpliconNoise + CorQ
CORAL
AmpliconNoise + CORAL
SNP error rate: 0.005
Uncorrected
AmpliconNoise
CorQ
Pyrobayes + CorQ

	
  

Insertion
0.004
0.003
0.0035
0.003
0.0018
0.0008
0.0003

Deletion
0.003
0.002
0.002
0.0028
0.001
0.0009
0.0004

Substitution
0.00032
0.00013
0.00015
0.00026
0.00003
0
0

0.006
0.004
0.005
0.0056

0.005
0.0045
0.0042
0.0048

0.0025
0.0023
0.0018
0.0019
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AmpliconNoise + CorQ
CORAL
AmpliconNoise + CORAL

0.002
0.0008
0.0006

0.0014
0.0004
0.0002

0.0002
0.0002
0.00001

SNP error rate: 0.01
Uncorrected
AmpliconNoise
CorQ
Pyrobayes + CorQ
AmpliconNoise + CorQ
CORAL
AmpliconNoise + CORAL

0.006
0.004
0.0051
0.0055
0.002
0.0007
0.0003

0.005
0.0044
0.0044
0.0047
0.0018
0.0009
0.0004

0.0045
0.0042
0.0031
0.0038
0.00042
0.0002
0.00002

Table 5. Comparison of insertion, deletion and substitution error rates in homopolymeric
regions after error correction on simulated pyrosequences. Simulated reads were generated
using Flowsim using a single 1500nt HIV-1 sequence as the starting template (Simulated
datasets 1a-c). Average insertion, deletion and substitution error rates within homopolymeric
regions are shown after correction with no additional SNP errors, and SNP error rates of 0.005
and 0.01. Table adapted from [155] under the terms of Creative Common Attribution License.

	
  

No simulated SNP errors
Uncorrected
AmpliconNoise
CorQ
Pyrobayes + CorQ
AmpliconNoise + CorQ
CORAL
AmpliconNoise + CORAL

Insertion
0.0008
0
0
0.00001
0
0
0

Deletion
0.0006
0.0001
0.0001
0.0004
0.00005
0.00002
0

Substitution
0.0001
0.0001
0.00001
0.00009
0.00004
0
0

SNP error rate: 0.005
Uncorrected
AmpliconNoise
CorQ
Pyrobayes + CorQ
AmpliconNoise + CorQ
CORAL
AmpliconNoise + CORAL

0.0023
0.0021
0.00098
0.0011
0.0001
0.00007
0

0.0027
0.0022
0.001
0.0019
0.0009
0.0001
0

0.002
0.0018
0.0009
0.0017
0.0006
0.00002
0

SNP error rate: 0.01
Uncorrected
AmpliconNoise
CorQ

0.0023
0.0021
0.001

0.0027
0.0022
0.0015

0.0038
0.0036
0.001
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Pyrobayes + CorQ
AmpliconNoise + CorQ
CORAL
AmpliconNoise + CORAL

0.0018
0.0008
0.00007
0.00004

0.002
0.0009
0.0002
0

0.0026
0.0009
0.0002
0.00003

Table 6. Comparison of insertion, deletion and substitution error rates in nonhomopolymeric regions after error correction on simulated pyrosequences. The simulated
reads were generated in Flowsim using a single 1500nt HIV-1 sequence as the starting template
(Simulated datasets 1a-c). Average insertion, deletion and substitution error rates within nonhomopolymeric regions are shown after correction with no additional SNP errors, and SNP error
rates of 0.005 and 0.01. Table adapted from [155] under the terms of Creative Common
Attribution License.
Lastly we also evaluated the sensitivity and specificity of SNP identification on simulated
pyrosequencing datasets. We used the three simulated datasets (Sets 2a-c, Table 2) with multiple
starting templates (28 templates) for this analysis. Prior Sanger sequencing had shown a total of
145 positions with SNPs within these 28 templates [152]. We did not include SegminatorII in
this comparison since our previous analysis with this program had shown that it led to lower
specificity than raw uncorrected reads. Vphaser was also excluded as errors in the program led to
consistently failed runs. When we compared the simulated sequences that lacked introduced SNP
errors (Table 7), we observed very similar trends as observed with previous comparisons with
the ten HIV-1 genome dataset (Table 3). As shown in Table 7, the sensitivity of detection was
usually 95% or higher except in the combination of AmpliconNoise + CORAL that again
showed a trend towards reduced sensitivity when combined. QuRe also showed reduced
sensitivity when we included the poor coverage regions excluded by QuRe into our sensitivity
calculations. When considering a balance between sensitivity and specificity, AmpliconNoise +
CorQ performed the best amongst all the methods tested. As highlighted previously, PCR errors
are harder for error correction algorithms to remove since these mutations are present within the
sequencing templates. All error correction methods we tested on simulated pyrosequences with
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additional SNP errors added to emulate PCR errors fared poorly for the removal of false
positives with the best being AmpliconNoise + CorQ, with a specificity of 40%.
Method	
  

Uncorrected	
  454	
  reads	
  
CorQ	
  
AmpliconNoise	
  
AmpliconNoise	
  +	
  CorQ	
  
Pyrobayes	
  +	
  CorQ	
  
CORAL	
  
AmpliconNoise	
  +	
  CORAL	
  
QuRe	
  

Simulated	
  pyrosequences	
  
Sensitivity	
  

Specificity	
  

0.99	
  
0.99	
  
0.99	
  
0.99	
  
0.98	
  
0.95	
  
0.20	
  
0.99	
  (0.44)*	
  

0.15	
  
0.70	
  
0.89	
  
0.95	
  
0.71	
  
0.88	
  
0.99	
  
0.98	
  

Table 7. Comparison of CorQ algorithm against other pyrosequence error correction and
SNP calling algorithms. Simulated pyrosequences generated from 28 HIV-1 sequences as the
starting template were used to compare the sensitivity and specificity of error correction
algorithms. Sensitivity measures the proportion of true SNPs present within the HIV-1 templates
used for simulation, and correctly identified as such by the various SNP calling programs.
Specificity measures the proportion of true negatives (positions in the gene regions that are
invariant) that are correctly identified as such by the compared programs. * Values from QuRe
are shown when the poor coverage regions excluded from sensitivity analysis are included as
false negatives (shown in parenthesis). Table adapted from [155] under the terms of Creative
Common Attribution License.

Discussion
In this chapter we described a new pyrosequence error correction algorithm, CorQ that
can identify and correct homopolymer and non-homopolymer indel errors, sequencing misincorporation errors and carry forward errors associated with homopolymeric regions. When
applied to a control set of ten HIV-1 genomes (without PCR amplification), the combination of
AmpliconNoise + CorQ reduced indel errors in the gene regions gag, env and nef by 94 to 97%.
In addition to testing CorQ in combination with flowgram correction (AmpliconNoise) and base
quality recalibration (Pyrobayes) programs, we also compared it to four recently published
pyrosequencing variant callers, CORAL, QuRe, SegminatorII and V-Phaser. We found that
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when CorQ error correction is used on flowgram-corrected fasta and quality files produced by
AmpliconNoise, we get consistently higher sensitivity and specificity of SNP detection. To tease
apart the contribution of CorQ and AmpliconNoise, we ran the programs separately, and found
that CorQ by itself improved SNP detection specificity to a range of 79% to 94%, whereas
AmpliconNoise by itself improved specificity to a range of 69% to 88%, whereas uncorrected
reads had a SNP detection specificity ranging from 34% to 50%. Combining AmpliconNoise and
CorQ consistently resulted in the highest combined SNP detection sensitivity and specificity
amongst the error correction methods tested, with the specificity of VPhaser nearly equaling that
of AmpliconNoise + CorQ. The combinations of AmpliconNoise + Vphaser and AmpliconNoise
+ CORAL while resulting in > 86% specificity, had poor sensitivity ranging from 25% - 93%.
The advantage of using AmpliconNoise + CorQ was most pronounced for the reduction
carry forward errors. We also observed reductions in carry forward errors when we combined
corrected files from Vphaser with CorQ, indicating that CorQ can be used in combination with
other error correction programs to maximize the number of error free pyrosequences. We
observed similar trends in sensitivity and specificity when we compared error correction methods
on simulated pyrosequencing datasets. One caveat we observed in using AmpliconNoise is that
it is computationally intensive, with computing time increasing exponentially on datasets over
20,000 reads, making this algorithm impractical for large datasets without extensive
computational resources. Furthermore, since AmpliconNoise relies on iterative clustering, we
observed that the frequencies of low-level SNPs did not correlate well with the frequencies found
within uncorrected reads for sequences generated through amplicon sequencing on the Roche
454 platform (unpublished results). We therefore recommend use of AmpliconNoise for library
pyrosequencing only, as described here.
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CorQ takes read coverage into account when making SNP calls, particularly in regions in
which there is a large discrepancy between the number of reads obtained in one sequencing
orientation compared to the other. Other pyrosequencing error correction methods we tested here
do not explicitly address read coverage variation across the target sequence or in different
sequencing orientations. We addressed this by requiring a SNP to be present in both orientations.
We also made read coverage difference threshold an input parameter for CorQ so that users can
use the fold coverage that appropriately represents the data they are analyzing. We settled on a
default setting of 10-fold coverage difference after initial tests showed this to achieve a good
balance between SNP detection sensitivity and specificity. Thus, in regions with over a 10-fold
difference in read coverage across sequencing orientations, SNPs are not corrected (by CorQ)
due solely to inadequate information. While this criterion does not address all possible scenarios
of read coverage across sequenced positions, we have observed that most regions with coverage
discrepancies also tend to have inadequate or lack of reads in one of the sequencing orientations
(unpublished observations).
While we were able to alter parameters within the CorQ program to handle both
generated pyrosequences and simulated pyrosequences, altering multiple parameters
simultaneously within other error correction algorithms was not always feasible. In order to
ensure we were comparing the program performance with the most optimal parameters, we used
multiple rounds of parameter optimization with all error correction programs. We also compared
CorQ performance with other error correction programs in identifying and correcting SNP errors
within simulated pyrosequences generated with varying mismatch error rates set to simulate PCR
mismatch errors. As expected, none of programs evaluated were able to correct SNPs present in
sequences as a result of misincorporation events occurring during PCR of the template
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preparation, unless, in the case of CorQ, these SNPs also had reduced base quality. This makes
identification of SNP errors as a result of PCR amplification challenging by any method as
shown by our error correction tests run on simulated pyrosequences with typical PCR error rates
applied.
We selected HIV-1 sequences as templates for generating additional simulated
pyrosequences as this technology has become widespread in studying HIV-1 genomes. The
genetic diversity of HIV-1 found within an infected individual in chronic infection is comparable
to the global genetic variation seen in the influenza virus [21]. The most prominent source of
HIV-1 mutation is error prone nucleic acid synthesis during replication, with rates estimated in
the range of 1.4x10-5 errors per base pair, per replication cycle [160]. Viral diversity also differs
in different genes and with the length of infection. The diversity of a viral population within an
infected individual starts low immediately after infection but increases during the course of
infection at a rate of 1% (within the env region) reaching up to 15% or more in long term
infected individuals [161]. This extent of diversity makes pyrosequencing both a useful and
challenging tool to study HIV-1. The information gleaned from pyrosequences thus has to be
judged carefully for errors from both the sequencing methodology and PCR amplification.
CorQ lists frequencies of SNPs and outputs a multiple sequence alignment that can be
used for downstream analysis of a variety of datasets, including microbial communities. Other
error correction methods such as QuRe and V-Phaser that were tested here also generate
reconstructed haplotypes that can be useful in studying microbial communities. Researchers
interested in studying diverse microbial communities can use the information provided here to
make decisions on selecting the right set of error correction tools. While we have tested CorQ on
data derived from pyrosequencing, this algorithm is general enough to be applied to sequences
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generated from other high throughput platforms that generate both sequence and associated
quality files, making it a method with widespread applications in variant detection.
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CHAPTER 3. Comparison of Major and Minor Viral SNPs Identified in Sanger and
Pyrosequences in Early HIV-1 Infection
	
  
Summary
	
  
Massively parallel sequencing technologies, such as 454-pyrosequencing, allow for the
identification of variants in sequence populations at lower levels than consensus sequencing and
most single-template Sanger sequencing experiments, but there is little data that
comprehensively compares each of these methods. In this chapter I will present results from a
study comparing the single nucleotide polymorphisms (SNPs) in genetic variants observed
during acute HIV-1 infection from 32 subjects that were assessed using both Sanger and 454pyrosequencing. Pyrosequences derived from a median of 2400 viral templates per subject, and
encompassing 50% of the viral genome, were compared to a median of five individually
amplified full-length viral genomes sequenced using Sanger technology. There was no difference
in the consensus nucleotide sequences in 27 of the subjects: among the remaining 5 subjects,
disagreements were found in less than 1% of the sites evaluated (of a total of nearly 117,000 sites
across all subjects). The majority of the SNPs observed only in pyrosequences were present at
less than 2% of the subject’s viral sequence population. Over 89% of all minor SNPs observed
only in pyrosequences were found at a frequency below the detection threshold of Sanger
sequencing for that subject. When only genomic positions with at least the same number of reads
as the mean number of HIV templates sequenced were considered, the number of minor SNPs
found only in pyrosequences was reduced by 50%, and the number of SNPs observed by both
technologies was reduced by 15%. These results provide guidance regarding the design, utility
and limitations of population sequencing variable template sources, and emphasize parameters
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for improving the interpretation of massively parallel sequencing data to address important
questions regarding target sequence evolution.
Introduction
Sanger sequencing has been widely used to study evolution of variable pathogens such as
HIV, the emergence of drug resistance, and the rise of escape variants as a result of host immune
pressure. Nonetheless, there are drawbacks associated with this technology. Individual template
or cloned-derived sequencing is time-consuming, labor intensive, and is usually limited to tens of
sequences per subject in consideration of cost. Consensus Sanger sequencing of virus
populations can detect minority variants only above 10% - 25% of a heterogeneous sequence
population [162] and with five individual Sanger sequences, the probability of observing a
variant that represents at least 10% of the viral population is only 40% [163]. This resolution
threshold is restrictive, especially when investigating minor HIV-1 variants. Massively parallel
sequencing (MPS) technologies such as pyrosequencing, which involve individually amplifying
and sequencing large numbers of DNA template molecules, have been applied extensively in
HIV-1 research in an attempt to identify the presence of minority variants, particularly those
relating to the emergence of clinically relevant HIV-1 drug resistance [122,123,125,130,131] and
immune escape variants [124,126-129,132].
Four factors determine the level of minor variant resolution in MPS technologies such as
454-pyrosequencing, the related Ion Torrent system, and the Illumina platforms: a) error rate
associated with the initial PCR amplification steps prior to sequencing; b) accurate quantitation
of the number of amplifiable input template molecules; c) number of pyrosequences (reads) that
map to the genomic position with the observed polymorphism; and d) resolution of errors that
are inherent to the sequencing process.
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PCR amplification can introduce errors within DNA products that can be
indistinguishable from real variation after sequencing [155]. Thus, when looking for rare genetic
variants, it is critical to use an enzyme with high fidelity and optimized conditions to ensure that
the genetic variation found within the sequence population is representative of the virus and not
an artifact of the amplification process [154].
While the term “coverage” is most often used to refer to the number of reads mapped to a
genomic position, this quantity alone cannot be used to gauge the number of actual viral
templates sequenced. Indeed, careful estimation of the number of amplifiable templates is rarely
performed, but is essential to accurately measure population diversity [164-166]. The metric
“sequencing depth”, defined as the number of reads mapped to a genomic position divided by the
number of estimated genome templates in the sequencing reaction was used in this study to
represent template coverage. The read coverage obtained through library sequencing is often
uneven [154,167], as is amplicon sequencing near the ends of the amplicons [154], hence,
sequencing depth can vary greatly by nucleotide site across a sequenced region.
Errors within pyrosequences also follow distinct patterns compared to traditional Sanger
sequencing. Consecutive runs of the same nucleotide (homopolymers) are particularly errorprone, resulting in inclusion of more or less bases in the read than is actually present in the DNA
template. In pyrosequences generated by the GS-FLX Titanium technology, the mean
homopolymer-associated error has been estimated at 1.1%, with errors showing a non-random
distribution such as certain positions showing error rates as high as 50% [138]. Sanger
sequencing has an estimated per-base error rate of <0.1% [168,169]. The relatively higher error
rate in pyrosequences further complicates distinguishing real variants from sequencing artifacts
[170-173].
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Over the past few years, several error correction algorithms for identifying and correcting
pyrosequencing artifacts have been described [142,143,145-151,155,174]. Despite the
widespread use of pyrosequencing and associated error correction algorithms to identify minor
HIV-1 variants, one should proceed with caution when asserting the biological significance of
these minor variations as they approach the level of error rates. No comprehensive studies have
been reported that compared the major and minor SNPs observed in pyrosequences and Sanger
sequences obtained from the same source material. The studies that did compare variant
populations focused heavily on the minor variants that were uniquely observed through
pyrosequencing [175-177] without taking into consideration the impact of sequencing depth.
Most authors reporting minor HIV-1 variants at a frequency range of 0.1% - 5% in
pyrosequences do not factor in the actual number of viral templates sequenced [128,132,145],
and thus have not estimated the true population frequency of those variants. Indeed, some studies
have sought to have the number of templates in excess of the number of sequence reads
[139,178], a protocol that further obscures the validity of individual sequences. One study that
compared major and minor HIV-1 SNPs in a population of chronically HIV- infected individuals
reported multiple instances of major HIV-1 variants (found in >50% of sequences) from
pyrosequences that were not observed in Sanger sequences [175]. The probability of this, even
with a limited number of Sanger sequences (e.g., five), is less than 20% [163]. However, as no
quantitation of templates was done in that study, it is unclear whether pyrosequencing was
performed on the same number of templates as were used in Sanger, or many times more, which
could explain the discrepancy in the variants observed.
In this study we comprehensively compare the minor and major SNP variations observed
in Sanger sequences and pyrosequences across three HIV-1 genomic regions, gag, gp120 and
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nef, in 32 subjects who became infected with HIV-1 during the HVTN-502 STEP vaccine trial
[81]. The concordance between SNP frequencies in both sequencing technologies, and the effect
of pyrosequencing error-correction algorithms on minor variant frequencies was assessed. We
also investigated whether minor SNP variants specifically observed in pyrosequences were more
frequently adjacent to error-prone regions, namely homopolymers [138,179]. Finally, we
assessed also the impact of sequencing depth and the number of Sanger sequences on
concordance

and

resolution

of

minor

variants.

Materials and Methods
Study subjects. All 32 subjects were in acute HIV-1 infection (within 1.5 months of the first PCRpositive visit) and enrolled in the STEP HIV-1 vaccine trial (Clinical Trial Identifier:
NCT00095576), a double-blind phase IIb test-of-concept study of the Merck Adenovirus-5 (MRK
Ad5) HIV-1 clade B vaccine with gag, pol and nef inserts [37,38,81]. Institutional human subjects
review committees at each of the clinical sites approved the vaccine protocol prior to trial
initiation, and all study participants provided written, informed consent. The trial subjects that
were examined in this study included 13 placebo and 19 vaccine recipients.
Sanger sequence polymorphism analysis. The Sanger sequences used in this study were derived
from single amplifiable near-full-length viral genome (NFLG) templates, and have been deposited
in GenBank under accession numbers JF320002-JF320643 [81]. Sequences from each subject were
quality-checked and used to generate a multiple-sequence alignment using the HIV-1 strain HXB2
as the reference sequence. A consensus sequence was then generated for each subject and used as
reference to realign the sequences. The web tool InSites
(http://indra.mullins.microbiol.washington.edu/DIVEIN/insites.html) was used to identify the
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positions of SNPs in the aligned Sanger sequences [180]. For the comparison to pyrosequences,
InSites was used to distinguish positions with SNPs present in a single Sanger sequence (private
sites) and those shared by more than one sequence (phylogenetically informative sites).
Identification of founder variants. The number of variants establishing productive infection
(henceforth referred as founders) for each subject was identified from Sanger sequences [81]
based on phylogenetic and genetic distance analyses. Probable multiple founders were identified
based on shared polymorphisms (ranging in this set between 1-4), occurring in groups of at least
two sequences, that were not shared with the remaining sequences [81]. A total of six of the 32
subjects were identified as having been infected with multiple founders.
Nucleic acid extraction for pyrosequencing. Using only the blood plasma samples with the
same visit date as the previously derived Sanger sequences, RNA was extracted using the Qiagen
Viral RNA Mini Kit (Qiagen, Valencia, CA). cDNA was synthesized using Superscript III
Reverse Transcriptase (Invitrogen, Grand Island, NY) over three 1.5kb regions corresponding to
gag, gp120, and gp41-nef, using the first-round reverse PCR primer. The list of primers used is
provided in Supplementary Table 1.
PCR amplification. PCR amplification prior to pyrosequencing was done using Advantage LA
or Advantage 2 DNA Polymerase (Clontech, Mountain View, CA). The viral template input was
estimated using clinical viral load measures. First round PCR was a multiplex reaction, using
primers to simultaneously amplify all three non-overlapping genomic regions, gag, gp120, and
gp41-nef. The second round of PCR was done separately for each gene using nested primers
(Table 8). Amplified products were visualized in agarose gels or using the QiaXcel capillary
electrophoresis system (Qiagen). Endpoint dilution was performed to approximate the number of
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amplifiable viral copies per gene using the Quality template-estimating program [165]
(http://indra.mullins.microbiol.washington.edu/quality/). Once amplifiable template numbers
were determined, additional PCR reactions were performed to amplify a target of up to 5000
templates for all the subjects in this study. PCR reactions were subsequently cleaned using
Agencourt AMPure XP beads (Beckman Coulter, Brea, CA) and DNA concentrations were
determined spectrophotometrically. Products from all three genes from individual study
participants were pooled for 454-pyrosequencing.
Library preparation and pyrosequencing. Pooled and purified PCR amplified products were
quantified using the Quan-it PicoGreen dsDNA assay (Invitrogen). GS-FLX Titanium kits were
used for Rapid Library Preparation and Rapid Library MID Adaptor addition (Roche, Branford,
CT). 500ng of each sample was nebulized, end repaired, and ligated with 454 library adaptors
and MIDs. Fragments between 600-900bp were selected for and purified using AMPure beads.
Library quality was assessed using the Agilent High Sensitivity DNA Bioanalyzer kit and chip
(Santa Clara, CA), and the quantity of DNA was measured using the Quan-It PicoGreen dsDNA
assay. Library concentrations were calculated using the online Roche Rapid Library Quantitation
calculator. Each DNA library was diluted to a working stock of 1x107 molecules/µl in TE buffer.
Libraries generated from multiple samples (each with distinct sequence tags) were mixed at
equimolar ratios. Emulsion PCR (Roche) was performed on the combined libraries using a ratio
of 2-3 DNA molecules per bead. PCR-positive beads (~10-20% of emulsion PCR products) were
then selectively enriched. Four million enriched beads were loaded onto a 454 picotiter plate and
pyrosequences were generated using the 454 GS FLX system.
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Primer Name
StepGF_1.0_578
StepGF_1.1_710
StepGF_1.2_571
StepGF_2.0_792
StepGF_2.1_806
StepGR_1.0_2511
StepGR_1.1_2605
StepGR_1.2_2597
StepGR_1.3_2607
StepGR_1.4_2836
StepGR_2.0_2403
StepGR_2.1_2336
StepEF_1.0_5977
StepEF_1.1_5983
StepEF_2.0_6233
StepEF_2.1_6228
StepER_1.0_7943
StepER_2.0_7885
StepER_2.1_7819
StepNF_1.0_7971
StepNF_2.0_8001
StepNR_1.0_9643
StepNR_1.1_9635
StepNR_2.0_9554
StepNR_2.1_9613

Gene
Tm (°C) Length (bp)
Gag
59.7-61.3
27
Gag
65.4
24
Gag
65
31
Gag
60.3
24
Gag
62.8
24
Gag
58.4
28
Gag
59.2
18
Gag
57.3
30
Gag
61.7
22
Gag
54.8
25
Gag
56.6
27
Gag
53.4
24
Gp120
60.8
24
Gp120
57.3
23
Gp120
59.9-62.9
28
Gp120
58.5
23
Gp120
59.2
21
Gp120
58.1
27
Gp120
60.4
22
Gp41-Nef
61
23
Gp41-Nef
58
27
Gp41-Nef
60
26
Gp41-Nef
57
25
Gp41-Nef
57.6
24
Gp41-Nef
61.3
24

Sequence
AGTAGTGTGTGCCCGTCTGTTRTGTGA
CGACGCAGGACTCGGCTTGCTGAA
TGAGTGCTTCAAGTAGTGTGTGCCCGTCTGT
GCGGAGGCTAGAAGGAGAGAGATG
GAGAGAGATGGGTGCGAGAGCGTC
TTCCAATTATGTTGACAGGTGTAGGTCC
GGGCCATCCATTCCTGGC
CATTCCTGGCTTTAATTTTACTGGTACAGT
TTGGGCCATCCATTCCTGGCTT
TGTGGTATTCCTAATTGAACTTCCC
CAATTCCCCCTATCATTTTTGGTTTCC
TGCTCCTGTATCTAATAGAGCTTC
GSCTTAGGCATCTCCTATGGCAGG
GCATCTCCTATGGCAGGAAGAAG
AGAGCAGAAGACAGTGGCAATGARAGYG
AGAGCAGAAGACAGTGGCAATGA
GATGCCCCAGACYGTGAGTTG
TTRTTYTGCTGYTGCACTATACCAGAC
GCGCCCATAGTGCTTCCTGCTG
GCTCCAGGCAAGARTCYTRGCTG
AAAGATACCTAMRGGATCAACAGCTCC
CACTACTTGAAGCACTCAAGGCAAGC
GAWGCACTCAAGGCAAGCTTTATTG
CTARCYAGAGAGACCCAGTACAGG
TTGAGGCTTAAGCAGTGGGTTCCC

HXB2 5' HXB2 3'
552
578
687
710
541
571
769
792
783
806
2484
2511
2588
2605
2568
2597
2586
2607
2812
2836
2377
2403
2313
2336
5954
5977
5961
5983
6206
6233
6206
6228
7923
7943
7859
7885
7798
7819
7949
7971
7975
8001
9618
9643
9611
9635
9531
9554
9590
9613

Table 8. PCR primers used in this study. gag, gp120 and nef primers begin with the letters G,
E and N, respectively. Forward and reverse primers are indicated with an F or R, and first and
second round primers are denoted with 1 and 2, respectively. A suffix of 0, 1 or 2 is used to
denote whether that primer was the initial or alternate primer. Positions relative to the HXB2
reference sequence at the 5’ (R primers) or 3’ (F primers) ends are listed in the primer name.

Pyrosequence data cleaning. Pyrosequences and their associated signal intensities were
processed using the error correction program CorQ [155]. Briefly, signal intensities were
clustered and corrected with AmpliconNoise [142,143] for an initial improvement of insertion
and deletion (indel) and SNP errors. A reference-based multiple-sequence alignment with the
corrected sequences was generated for each gene using the subject consensus from the Sanger
sequences [81]. Due to poor primer homology within the gp41 region that led to reduced read
coverage and sequence quality after pyrosequencing, this region was excluded in subsequent
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variant analyses. Following the construction of multiple-sequence alignments, a collection of
Perl programs [155] were run on the aligned sequences and associated base-quality files to
identify and correct regions with poor quality in a sequence-context dependent manner. Indel
errors that resulted in frameshifts were corrected. Additionally, SNPs observed in only a single
read were corrected to match the consensus at that position. No further mismatch error correction
was applied.
Mismatch frequency threshold. The sensitivity of minor variant detection in pyrosequencing
experiments is determined in part by the PCR conditions used to generate the templates for
pyrosequencing, and the number of amplifiable templates in the reaction. Subsequent to the PCR
amplifications done for this study, a number of DNA polymerases and varying PCR conditions
were assessed to identify differences in sensitivity and mismatch error-rates [154]. Based on
initial sensitivity estimates, the DNA polymerase enzymes used in this project, Advantage LA
and Advantage 2 (Clontech), were found to have high sensitivity, but mismatch error-rates as
high as 1% [154]. As currently available pyrosequencing error-correction programs are not
equipped to filter out mismatch errors generated during PCR amplification [155], a conservative
threshold of 1% was used as the limit of detection for all SNP analyses.
Terminology. Minor SNP variants were those observed at a frequency between 1-50% in the
sequences of a given subject (major variants, >50%.) A major variant difference was defined as a
polymorphism at a position in which the consensus base varied between the two sequencing
methods. In most cases, the differences in major variants were due to “frequency reversal” of
two relatively abundant variants. SNPs observed only in pyrosequences or Sanger sequences
were classified as pyrosequencing-specific (PS-SNPs) or Sanger-specific (SS-SNPs) SNPs,
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respectively. Shared SNPs are nucleotide differences from the consensus that occur at the same
genomic location in both the Sanger and pyrosequences in a given study subject.
Sequencing depth. The metric sequencing depth is defined as the number of reads mapped to a
genomic position (read coverage) divided by the number of estimated amplifiable genomic
templates in the sequencing reaction. Following PCR amplification, end point dilution is
performed to estimate the number of amplifiable viral copies per gene using the quality templateestimating program [165] (http://indra.mullins.microbiol.washington.edu/quality/). Sequencing
depth is used as a measure of template coverage. The read coverage is as the number of reads
that map to a genomic position and is determined after a reference based multiple sequence
alignment of pyrosequencing reads. Mean number of amplifiable templates and mean sequencing
depth for each subject is given in Tables 9-11.
Statistical methods. Spearman’s rank correlation coefficient, or Spearman’s rho (ρ) was used to
estimate correlation between SNP frequencies. Kruskal-Wallis test was performed to compare
the correlation among multiple groups with Dunn’s error correction for multiple comparisons.
The non-parametric Mann-Whitney test was used to compare two distributions.
Results
Study subject characteristics including number of Sanger and pyrosequences generated
across the three sequenced regions: gag, gp120 and nef is given in Tables 9-11. Overall, a strong
correlation in SNP frequencies was found between Sanger and pyrosequencing data sets (Figure
13). Figure 14 illustrates SNP frequencies in the 26 subjects with a single founder variant. As
expected for subjects within 1.5 months post HIV-1 infection, the majority of the positions
(>97%) along the three genes had no observable polymorphisms. Subjects designated as having
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multiple founders had a slightly lower number of non-polymorphic sites (92 – 97%), Figure 14.
Only one subject with a single founder (502-2622) had an informative SS-SNP detected within
one of the gene regions (gp120). As expected, private SS-SNPs and PS-SNPs were more
prevalent across all gene regions in the individuals with replicating multiple founders.
Additionally, we observed informative SS-SNPs in subjects with multiple founders (purple
regions in Figure 14).

	
  

Single founders
502-0053
502-0388
502-0525
502-0572
502-0717
502-0923

Median reads
27564%
1551%
3540%
24005%
4998%
9011%

Mean%
templates%
4461%
517%
771%
3513%
1315%
3939%

Mean%sequencing% Sanger%sequences% Samples%collected%
depth%
(SGA%clones)% (months%post%infec:on)%
6%
10%
0%
3%
5%
0%
4%
5%
0%
7%
5%
0%
3%
6%
0%
2%
8%
0%

502-1047
502-1478
502-1799
502-2622
502-2667
502-2794
502-0524
502-0648
502-0841
502-0897
502-1046
502-1191
502-1400
502-1500
502-1897
502-1926
502-2241
502-2254
502-2349
502-2437

20943%
2139%
8809%
2007%
11562%
14644%
47151%
4149%
30581%
12540%
35486%
19236%
7882%
9417%
21123%
26533%
5427%
6003%
3388%
23138%

2684%
527%
4557%
1971%
1171%
176%
3639%
1635%
3182%
3323%
55452%
3324%
3905%
1808%
152%
1275%
2158%
3372%
3315%
3547%

7%
4%
2%
1%
10%
83%
13%
2%
9%
3%
1%
6%
2%
5%
138%
21%
2%
2%
1%
6%

5%
5%
5%
5%
5%
5%
10%
4%
4%
10%
5%
5%
5%
3%
5%
9%
11%
6%
4%
12%

0%
1.3%
0%
0%
0%
0%
0%
0%
0%
0%
0%
0%
0%
0%
0%
0%
0%
0%
0%
0%

Multiple founders
502-2008
502-0227
502-1174
502-1399
502-1619
502-2649

36090
26812
31843
7155
6129
5918

2349
3513
3168
2206
919
1275

15
7
10
3
7
5

10
11
10
5
10
9

0
0
0
0
0
0

57	
  

Table 9. The gag median reads, gag mean amplifiable templates, gag mean sequencing depth,
gag SGA clones and plasma sample collection time is shown for each subject in this study. The
average gene length for gag is 1500 bases. The first available plasma sample was sequenced.

Mean
Median reads templates

Mean
sequencing
depth

Sanger
Samples collected
sequences
(months post
(SGA clones)
infection)

Single founders

Treatment
assignment

502-0053

Placebo

11687

1601

7

10

0"

502-0388

Placebo

15920

3225

5

9

0"

502-0525

Placebo

4616

616

7

5

0"

502-0572

Placebo

31337

3449

9

5

0"

502-0717

Placebo

4503

1487

3

2

0"

502-0923

Placebo

3995

3714

1

8

0"

502-1047

Placebo

19506

3834

5

5

0"

502-1478

Placebo

7498

1387

5

5

1.3"

502-1799

Placebo

12614

4419

3

5

0"

502-2622

Placebo

2509

2375

1

5

0"

502-2667

Placebo

10486

3346

3

5

0"

502-2794

Placebo

12254

169

72

5

0"

502-0524

Vaccine

37310

3276

11

10

0"

502-0648

Vaccine

400

638

0.4

4

0"

502-0841

Vaccine

39475

3162

12

4

0"

502-0897

Vaccine

7593

5110

1

10

0"

502-1046

Vaccine

16794

56838

0.2

5

0"

502-1191

Vaccine

17074

3285

5

5

0"

502-1400

Vaccine

10690

2846

4

5

0"

502-1500

Vaccine

1039

854

1

4

0"

502-1897

Vaccine

10298

59

173

5

0"

502-1926

Vaccine

12743

638

20

8

0"

502-2241

Vaccine

4451

1776

2

11

0"

502-2254

Vaccine

2229

2125

1

6

0"

502-2349

Vaccine

12660

1972

6

4

0"

502-2437

Vaccine

2689

800

3

12

0"

502-2008

Placebo

13520

2425

5

10

0

502-0227

Vaccine

22137

3837

6

11

0

502-1174

Vaccine

13378

2336

6

10

0

502-1399

Vaccine

18771

2894

6

5

0

502-1619

Vaccine

4512

788

6

10

0

502-2649

Vaccine

6794

1559

4

9

0

Multiple founders
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Table 10. The gp120 median reads, gp120 mean amplifiable templates, gp120 mean sequencing
depth, gp120 SGA clones and plasma sample collection time is shown for each subject in this
study. The average gene length for gp120 is 1530 bases. The first available plasma sample was
sequenced.

Median reads

Mean
templates

Mean
sequencing
depth

Sanger
sequences
(SGA clones)

Samples collected
(months post
infection)

30449

4138

7

10

0"

Placebo

8464

1567

5

9

0"

502-0525

Placebo

10925

981

8

5

0"

502-0572

Placebo

35670

3849

9

5

0"

502-0717

Placebo

4736

1626

3

2

0"

502-0923

Placebo

6926

4202

1

8

0"

502-1047

Placebo

14260

2758

5

5

0"

502-1478

Placebo

2673

525

5

5

1.3"

502-1799

Placebo

9901

3728

3

5

0"

502-2622

Placebo

3226

2769

1

5

0"

502-2667

Placebo

15908

3161

5

5

0"

502-2794

Placebo

19959

270

72

5

0"

502-0524

Vaccine

32456

3252

10

10

0"

502-0648

Vaccine

788

458

0.4

4

0"

502-0841

Vaccine

49899

4135

12

4

0"

502-0897

Vaccine

3987

3837

1

10

0"

502-1046

Vaccine

17529

14159

0.2

5

0"

502-1191

Vaccine

20441

3832

5

5

0"

502-1400

Vaccine

16571

4025

4

5

0"

502-1500

Vaccine

2671

1689

1

4

0"

502-1897

Vaccine

39230

225

173

5

0"

502-1926

Vaccine

10264

458

20

8

0"

502-2241

Vaccine

5461

1906

2

11

0"

502-2254

Vaccine

5281

3358

1

6

0"

502-2349

Vaccine

22510

3345

6

4

0"

502-2437

Vaccine

2255

661

3

12

0"

502-2008

Placebo

11620

2275

5

10

0

502-0227

Vaccine

24478

4083

6

11

0

502-1174

Vaccine

23995

3679

6

10

0

502-1399

Vaccine

22216

3492

6

5

0

502-1619

Vaccine

7090

1056

6

10

0

502-2649

Vaccine

5632

1364

4

9

0

Single founders

Treatment
assignment

502-0053

Placebo

502-0388

Multiple founders
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Table 11. The nef median reads, nef mean amplifiable templates, nef mean sequencing depth, nef
SGA clones and plasma sample collection time is shown for each subject in this study. The
average gene length for nef is 610 bases. The first available plasma sample was sequenced.
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A

1.0

ρ=0.74

Sanger frequency

0.8

0.6

0.4

0.2

0.0
0.0

B

1.0

0.2

0.4
0.6
Pyrosequence frequency

0.8

1.0

0.2

0.4
0.6
Pyrosequence frequency

0.8

1.0

0.2

0.4
0.6
Pyrosequence frequency

0.8

1.0

ρ=0.69

Sanger frequency

0.8

0.6

0.4

0.2

0.0
0.0

C

1.0

ρ=0.74

Sanger frequency

0.8

0.6

0.4

0.2

0.0
0.0

Figure 13. Correlation between SNPs observed in Sanger and pyrosequencing datasets.
SNP frequencies are shown for gag (A), gp120 (B), and nef (C). All types of SNPs evaluated
(shared, Sanger-specific, and pyrosequencing-specific) from all 32 subjects are shown.
Spearman’s correlation coefficients are noted for each comparison.
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No SNPs

Pyrosequencing-specific SNPs Private Sanger-specific SNPs
Pyrosequencing-specific SNPs Private Sanger-specific SNPs
Shared SNPs
Sanger-specific SNPs
SN
Shared SNPs
Pyrosequencing-specific
SNPsInformative
Private Sanger-specific
Informative
Sanger-specific SN
No SNPs
No SNPs
Shared SNPs
Informative Sanger-specific SN
No SNPs

Private Sanger-specific SNPs
Informative Sanger-specific SNPs

Pyrosequencing-specific SNPs

Shared SNPs
1.0

D

0.5

0.25
0.20
0.20

Proportion of all positions
Proportion
Proportionofofallallpositions
positions

0.20
0.15
0.15

0.10

0.15
0.10
0.10

0.5

2649
2649
2649

1619
1619
1619

0.15
0.10
0.10

0.05

1399
1399
1399

1619
1619
1619

2649
2649
2649

1619
1619
1619

2649
2649
2649

Proportion of all positions
Proportion
Proportionofofallallpositions
positions

1.0
1.0
0.5
0.5
1.0
0.25
0.25
0.5
0.25
0.20
0.20

1399
1399
1399

0.5

1174
1174
1174

F

1.0

1174
1174
1174

0.00

227
227

0.05
0.00
0.00

2437

2349

2254

2241

1926

1897

1500

1400

1191

1046

897

841

648

524

2794

2667

2622

1799

1478

1047

923

717

572

53

525

0.10
0.05
0.05

0.15

Proportion of all positions

1399
1399
1399

0.20
0.15
0.15

0.10

0.00

C

Proportion of all positions
Proportion
Proportionofofallallpositions
positions

0.25
0.20
0.20

388

Proportion of all positions

0.15

1174
1174
1174

1.0
1.0
0.5
0.5
1.0
0.25
0.25
0.5

E

1.0

227

2437

2349

2254

2241

1926

1897

1500

1400

1191
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1046

841

648

524

2794

2667

2622

1799

1478
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1047

717
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53

0.00

227

B
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0.00

388
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0.00
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0.05

0.05
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0.10

0.05
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Figure 14. Proportion of positions with and without SNPs in subjects with single (A-C) and
multiple (D-F) founders. The Y-axis shows the proportion of nucleotide positions in gag (A, D;
1500 nt), gp120 (B, E; 1530 nt), and nef (C, F; 610 nt) that correspond to each category, with a
linear scale and a split at 0.15 or 0.25. The X-axis indicated each subject ID (502-XXXX). The
key shows the type of SNP observed.
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Major variant comparisons
A consensus nucleotide sequence was generated from both pyrosequences and Sanger
sequences for each subject over the 1500, 1530, and 610 nucleotide regions in gag, gp120, and
nef, respectively. Among subjects infected with a single founder, the pyrosequence- and Sangerderived consensus sequences were identical for 21 of the 26 subjects (80%) in gag, 23 (88%) in
gp120, and 22 (84%) in nef, with the number of positions with consensus mismatches ranging
from 1-3 (median = 1). In subjects with one or more consensus mismatches, there was an overall
nucleotide identity of >99% in the consensus sequences. There were only two subjects (7%) in
which a consensus base from pyrosequencing was absent in the Sanger sequences, however, both
subjects had five or fewer Sanger sequences. All other instances of consensus mismatches were
due to frequency reversals between shared major and relatively abundant minor variants. Among
subjects infected with a single founder, there were no cases of the consensus Sanger variant
being absent from the pyrosequencing dataset, and we found no evidence of consensus base
discrepancies resulting from incomplete indel error correction of pyrosequences. Not
surprisingly, for subjects with multiple founders, the consensus sequence concordance was
lower, with all consensus base mismatches resulting from frequency reversals between the two
most common variants. In addition, no relationship was found between the frequency of a variant
in the pyrosequences and PCR primer sequence homology to that variant.
Minor SNP variant comparison
Figure 15A-C shows the frequency distribution of minor SNP variants in subjects with
single founders. Most minor PS-SNPs (63%, 56%, 42% in gag, gp120 and nef, respectively)
represented <2% of the sequence population in subjects with single founders. Similar
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distributions were found in subjects with multiple founders, although as expected, a higher
fraction made up between 20-50% of the sequence population (Figure 15D-F).
To ensure that the observed PS-SNPs were not the result of artifactual mismatch errors
adjacent to homopolymer regions [138,174], the sequence context of SNPs were assessed and no
difference was found in the distribution of mismatches between homopolymer and nonhomopolymer regions (p=0.23). Minor variant resolution within pyrosequences is also dependent
on correctly estimating the number of amplifiable templates, as well as the number of reads
mapping to each genomic position [154]. When only positions at which the sequencing depth
was at least one (the number of reads was equal to, or greater than, the number of amplifiable
templates used to derive products for the sequencing reaction) were considered, the number of
positions with minor PS-SNPs was reduced by an average of 51%. We also quantified the
number of PS-SNPs observed at a frequency below the expected Sanger sequencing threshold
across all subjects and found that on average 89% of all PS-SNPs in all three gene regions were
present below the detection threshold for Sanger sequencing. Of those, 81% in gag, 80% in
gp120, and 60% in nef were present in <5% of pyrosequences.
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Figure 15. Frequencies of minor SNPs. Minor SNPs (frequencies between 1-50%) were
compared in the 32 subjects with single and multiple founders across gag (A, D), gp120 (B, E)
and nef (C, F). The upper panels indicate for each subject the proportion of minor SNP variants
in each category. The categories included shared (found in both Sanger and pyrosequences),
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pyrosequencing depth (o, left y-axis), defined as number of reads mapped to a position divided
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by mean number of amplifiable viral templates, and the number of Sanger sequences (+, right yaxis). The X-axis lists the subject publication ID (502-XXXX)[81].
Within pyrosequences, we found phylogenetically informative Sanger SNPs well
represented, with only one informative SNP missing within the pyrosequences. In this particular
case there were inadequate pyrosequencing reads covering that site (sequencing depth <0.1).
Among those infected with multiple founders, only one subject had informative SS-SNPs (Figure
15 (D-F). However, only one of 42 SS-SNP positions had a pyrosequencing depth of <1. Thus,
their absence from the pyrosequencing data was not due to low coverage.

As estimated

previously for these subjects [81] a median of 2, 3 and 1 private SS-SNPs were present in gag,
gp120 and nef. Of the private SS-SNPs we observed 70% within pyrosequences, below the 1%
threshold, and the remaining 30% were not observed within the pyrosequences at any frequency.
To understand the effect of sequencing depth on the resolution of minor frequency
sequencing artifacts, we investigated the correlation between frequencies of PS-SNPs observed
in positions as a function of sequencing depths ranging from <1 to >10 and observed no
significant association in gag and nef. In gp120 there was a significant (p < 0.05) increase in
mean PS-SNPs frequencies comparing those with depth of < 1 to depth > 5.
Shared SNPs Distribution and Frequency Concordance
Individuals with multiple founders, as expected, had a higher fraction of positions with
shared SNPs found in both sequencing platforms (gag: p=0.0003, gp120: p=0.0009, nef:
p<0.0001). There was also high concordance between the frequencies of both shared major and
minor variants in individuals with single (Spearman’s Rho ρ=0.91 for gag, ρ=0.81 for gp120,
ρ=0.90 for nef, p<0.0001 for all three regions, Figure 16A-C) and multiple founders (ρ=0.93 for
gag, ρ=0.91 for gp120 and ρ=0.44 for nef, p<0.0001 for all three regions, Figure 16 D-F).
	
  

66	
  

Pyrose
0.01
0.01

A

1

D

Pyrosequence frequency
0.1
Sanger frequency

E

1

Gp120

0.1
0.1

0.01
0.01
0.01

0.01

F
1

1
ρ = 0.93

0.1
Sanger 0.1
frequency

1
1

Sanger frequency

ρ = 0.44

Pyrosequence frequency

ρ=0.91

0.1

0.01
0.01

ρ = 0.90

ρ = 0.81

0.01
1
0.01

0.1
Sanger frequency

1

C ρ=0.91

0.1

0.01
0.01

Pyrosequence frequency

1

ρ = 0.91

0.1

1

B
1

0.1
Sanger frequency

1

Pyrosequence frequency

Pyrosequence frequency

1

0.1
Sanger frequency

Gag
0.1

0.01
0.01

0.1
Sanger frequency

Nef

0.1

0.01
1 0.01

0.1
Sanger frequency

1

1
ρ=0.91

Pyrosequence frequency

Figure 16. Comparison of frequencies of SNPs shared between Sanger and pyrosequences.
Single founders: (A) gag (n = 54 SNPs), (B) gp120 (n = 64), and (C) nef (n = 24). Multiple
founders: (D) gag (n = 103 SNPs),
(E) gp120 (n = 250), and (F) nef (n = 169). Major (+) and
Gp120
0.1
minor (o) variant frequencies are plotted for subjects with a single founder, including positions at
which the major and minor SNP frequencies were reversed in the two sequencing sets. Spearman
correlation coefficients are shown for each comparison.
0.01
0.01

Higher sequencing depth would be expected to afford better agreement in variant
0.1
Sanger frequency

1

frequencies between the two sequencing datasets. Among subjects with single founders, we
1

ρ = 0.44

Pyrosequence frequency

observed no significant trend between frequency concordance and sequencing depth in gag and
nef (ρ=0.07, ρ=-0.18, p=0.23). In subject gp120 sequences, we observed reduced frequency
Nef
difference with increasing sequencing
depth (ρ=-0.28, p=0.01). In those with multiple founders,
0.1

no trends were observed in nef or gp120 (ρ=0.21 and ρ=0.08, p=0.42), however, there was a
lower
0.01 absolute frequency difference with increasing pyrosequencing depth in gag (ρ=-0.32,
0.01

	
  

0.1
Sanger frequency

1

67	
  

p=0.0008). When sequencing depth was applied as a filter for shared SNPs below a depth of 1,
the number shared SNPs was reduced by 12-19%, highlighting the issues of low read coverage
affecting SNP resolution.
We also studied the effect of the number of Sanger sequences generated for a subject
with the corresponding absolute difference in shared SNP frequency, for both consensus and
minor variants. In subjects with a single founder variant, a significantly increased frequency
concordance was observed between subjects with >10 Sanger sequences compared to those with
<5 Sanger sequences in gag (p<0.0001) and for those with <6 vs. >10 Sanger sequences in
gp120 (p<0.05). A similar but non-significant trend was observed in nef. Among subjects with
multiple founders, the results were similar, except that in nef there was a trend towards less
concordance with more Sanger sequences (≤5 vs. 11, p = 0.01). However, a single subject with
11 Sanger sequences largely drove this result as this subject had a large proportion of positions
with frequency reversals.
Discussion
Single-nucleotide polymorphisms observed in pyrosequencing data were compared to
those observed in Sanger sequences in order to determine the concordance between the two
technologies, and to assess the quality and utility of the information provided by the greater
depth of massively parallel sequencing. Greater than 99% concordance was found between
consensus bases from the two sequencing sets. Consensus differences were infrequent and
generally associated with decreased numbers of Sanger sequences or frequency reversals
between major and frequently observed minor variants. There was no evidence that primer
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mismatches led to preferential amplification of one variant over another in subjects with multiple
founders that would explain the rare consensus base differences observed.
As one strength of massively parallel sequencing technologies derives from the detection
of minor variants, the distribution of minor SNPs was assessed - a majority (>53%) of the PSSNPs observed were rare in the viral sequence population (<2%), whereas only 9% of the PSSNPs observed in pyrosequences were found in more than 25% of the sequences. That the
majority of SNPs fell below 2% of the sequence population is not surprising given the large
number of reads generated through pyrosequencing. However, one has to be cautious about
overstating the biological significance of these minor variants as other factors such as PCR
amplification conditions, polymerase error rates, pyrosequence error correction and numbers of
quantifiable viral templates all influence the threshold applied to resolve minor variants.
Only one informative SS-SNP (from an individual with a single founder) was observed at
a high level (~40%) in Sanger sequences that was absent in pyrosequences. However, the
pyrosequencing depth at this position was less than 0.1, which likely explains its absence in
pyrosequences. Among subjects with multiple founders, one had phylogenetically informative
SS-SNPs, despite the majority of positions having a pyrosequencing depth of at least one. This
subject also showed the highest number of consensus base mismatches of all subjects. These
differences could be the result of using different plasma vials and cDNA preparations, or an
indication of the stochastic nature of quantitation of multiple viral variants. All other
phylogenetically informative SNPs observed within the Sanger sequences were observed in the
pyrosequencing dataset above the 1% threshold. This result lends confidence that all the
consensus viral templates observed within the Sanger sequence population were also adequately
sequenced by pyrosequencing. Private-site SNPs within Sanger sequences were found at a
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frequency of 0.22% per nucleotide sequenced. Surprisingly, 70% of these were observed below
the 1% threshold and the remainder not observed within pyrosequences at all. This suggests the
possibility that private-site SNPs observed within Sanger sequences correspond to sequencing
errors rather than simply reflecting low sampling depth. This result was unexpected since each
Sanger-derived viral genome sequence corresponds to the consensus of reads derived from a
single viral template and thus should not include PCR errors.
An average of 43 PS-SNPs per subject across all the three genes (89% of all PS-SNPs
detected) were observed at frequencies below their respective Sanger sequencing thresholds.
However, as the majority of these SNPs were present at a frequency of <5%, diligence must be
applied to minimize external sources of error to improve the accuracy of the observed
polymorphisms.
Pyrosequencing error patterns can skew minor variant distribution and frequencies
[138,155,174]. However, following correction [155] the distribution of PS-SNPs adjacent to
homopolymer and non-homopolymer regions showed no significant differences. Variant bias can
also be introduced by PCR during viral template amplification [139,181,182]. Nonetheless,
shared SNPs showed a high degree of correlation (average Spearman’s ρ of 0.87) between the
two sequencing methods, suggesting that the impact of PCR bias in this study was minimal,
although, it remains an important consideration in the design and implementation of a PCR
protocol for discerning true rare variation from sequencing artifacts.
Sequencing depths of 1 or below are not adequate to resolve low frequency sequencing
artifacts from genuine low frequency variants present within viral templates. An excess of reads
compared to input viral templates will help fine-tune minor frequency SNP calls. Unfortunately,
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due to the uneven sequencing coverage observed with library sequencing [154,167], more than
50% of the positions with PS-SNPs observed within the current dataset were located in regions
with a sequencing depth < 2 (0.71% of all sites in the current dataset). Additionally, while the
number of PS-SNPs were reduced in positions with higher sequencing depth due to limited
number of positions with depth >5 (0.23% of all sequenced sites in the current dataset), we did
not observe significant changes in mean frequencies between PS-SNPs from positions with <5 or
>5 depth in two of the three genome regions sequenced. An ideal comparison might be
accomplished by analysis of pyrosequences from a genomic region with known viral templates
and varying the sequencing depth to quantitate the advantage of higher sequencing depth in
resolving low frequency sequencing artifacts.
The concern over higher error rates, especially from the 454 pyrosequencing and Ion
Torrent platforms [183,184], necessitates the application of a conservative frequency threshold
and additional filters in order to reduce or eliminate sequencing artifacts. The metric “sequencing
depth” used here illustrates that increased read coverage with respect to number of amplifiable
templates is associated with increased accuracy in the SNP frequencies at that position. As
sequencing depth relies on read coverage and amplifiable templates, regions with poor read
coverage or samples with large numbers of viral templates can decrease sequencing depth and
subsequent confidence in the validity of observations of minor variants.
The results presented here provide guidance about each sequencing method’s applications
and limitations for assessing sequencing populations variability, and emphasize parameters
critical for interpretation of massively parallel sequencing data.
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CHAPTER 4. MRKAd5 HIV-1 Vaccine-Induced Immune Selection leads to reduced T-cell
Epitope Diversity and reduced rates of Epitope Evolution

Summary
In this chapter I will present results from a study that analyzed HIV-1 gag, gp120 and gp41-nef
genes from 64 volunteers enrolled in the STEP HIV-1 vaccine trial who became infected in the
course of the trial. To identify genetic signatures of vaccine-induced anamnestic1 pressure on
breakthrough viruses we compared epitope distances from vaccine insert and average pairwise
distances within epitope variants. We found significantly greater distances (p=0.0002) to the
vaccine insert within CTL epitopes in Gag among the vaccine recipients. Amino acid residues
flanking CTL epitopes within Gag sequences in vaccine recipients also had significantly greater
distances (p=0.0003) to the vaccine insert. Vaccine-induced anamnestic responses could lead to
increased accumulation of CTL-mediated mutations within the breakthrough founder variants. We
observed a trend towards higher diversity within Gag epitope sequences in vaccine recipients
infected with a single founder. Influence of vaccine-induced immune pressure on CTL epitope
evolution and divergence from breakthrough founder virus was estimated in 30 subjects followed
up to 20 months post infection. Gag epitope diversity, as estimated by average pairwise distances,
within vaccine recipients decreased over time. Similarly, CTL epitopes within Gag in vaccine
recipients had decreased rates of divergence from founder variants. No evidence for genetic
signatures2 of vaccine-induced immune selection was observed in protein regions not overlapping
with CTL epitopes. The fact that we observed evidence for vaccine-induced immune selection only
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Renewed and rapid response by T lymphocytes and Abs on the second (or subsequent)
encounter with the same Antigen
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  Influence of host immune responses on viral sequences through selection
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within predicted epitopes, and only within a protein that was a component of the vaccine strongly
supports the idea that the MRKAd5 vaccine resulted in T-cell mediated selection occurring postinfection. This study provides the first evidence of vaccine-induced anamnestic pressure
influencing CTL epitope evolution and epitope diversity during HIV-1 infection.
Introduction
Intrinsic viral diversity among circulating HIV-1 strains presents a major challenge for
global vaccine development. The rationale for a T-cell-based vaccine, as used in the
STEP/HVTN502 Phase II trial, involving the Merck Adenovirus 5 (MRKAd5) Subtype B gag-polnef vaccine [37-39], was the generation of T-cell responses that could control viral replication and
attenuate HIV-1 pathogenesis. This vaccine was based on results from several studies that
demonstrated a role for HIV-1 and SIV specific cytotoxic T lymphocytes (CTLs) in controlling
infection [12,33,61,63,65-68,73,185]. However, translating these results into a successful T-cell
based HIV-1 vaccine has proven to be difficult, partly because there remains a lack of clear
understanding about the immune correlates of protection in humans [59,186-188]. This was made
evident by the failure of the MRKAd5 STEP vaccine to prevent HIV-1 acquisition or reduce the
viral load set point [37,38]. The MRKAd5 vaccine did induce HIV-1 specific CD8+ T-cell
responses in the majority of vaccinees, but the responses were relatively weak and were only
directed against a small number of epitopes [37,38].
Our group previously conducted a study on the genetic impact of vaccination on founder
(breakthrough) HIV-1 sequences from STEP trial participants [81]. This work was the first to
demonstrate evidence of selective pressure from vaccine-induced T-cell responses on breakthrough
viruses. Viruses from vaccine recipients showed greater genetic distances to the vaccine insert
sequence compared to the viruses infecting the placebo group, particularly in predicted T cell
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epitope regions in Gag (p < 0.0001). These effects could have been due to an acquisition sieve
effect, wherein vaccine-induced immune pressure excluded certain variants from establishing a
productive infection. Alternatively, anamnestic pressure could result in the accumulation of more
or faster acquisition of mutations (post-infection sieve effects) [81,114]. This study addresses both
of these hypotheses in an attempt to better understand the extent of the genetic impact of
vaccination observed in the STEP study.
In this work we analyze three potential scenarios for vaccine-induced immune responses
and its impact on the infecting HIV-1 strain(s): a) Acquisition sieve analysis, evaluating whether
vaccine-induced immune responses blocked certain variants genetically similar to the vaccine
insert from replicating and establishing infection in the subject; b) Post-infection sieve analysis,
evaluating whether vaccine-induced immune pressure lead to selection of escape mutations within
CTL epitopes immediately after infection, and; c) Post-infection sieve analysis within study
subjects followed up to a maximum of 20 months post-infection, to evaluate whether vaccineinduced anamnestic responses contributed to differing rates of CTL epitope evolution and escape.
We amplified gag, gp120 and gp41-nef genes from 64 STEP study participants who became
infected during the course of the trial. T-cell epitope regions within Gag and Nef were observed to
have the most significant results from the previous study [81]. Gp41 and Gp120 were not included
as part of the vaccine insert and therefore used in this study as control regions. We used 454-Roche
pyrosequencing to sequence the viral populations from subjects in acute infection as well as
subjects followed longitudinally for up to 20 months post infection. The computational pipeline
used to analyze the generated pyrosequences was previously published by our group [155] and
described here in Chapter 2. Our analyses were focused on predicted T-cell epitope regions
(9mers) as well as an extended epitope region (19mer) that included the five amino acids flanking
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the predicted epitopes. Flanking regions can be critical for effective antigen processing and
maintenance of epitope integrity, and escape mutations within these regions can lead to inefficient
antigen processing and presentation [189,190]. As in our previous study [81], we calculated the
genetic distance of founder epitope variants to the vaccine insert sequence for evidence of both an
acquisition effect as well as evidence for vaccine-induced anamnestic responses. To address the
post-infection sieve effects we calculated changes in pairwise diversity within predicted CTL
epitope regions and estimated the fraction of epitope variants identical to the vaccine that were
present in a low frequency within the subject’s virus population. Additionally, we estimated the
rate of genetic divergence from the founder epitope variants in infected subjects followed for up to
20 months post infection.
Results from the current analyses confirm our previously observed results [81]. As
previously observed, immune pressure, recognized by genetic imprinting on the virus, was
localized to predicted CTL epitope regions in Gag. We also found evidence for selective pressure
within the five amino acid regions flanking predicted epitopes in Gag. Our post-infection sieve
analysis showed a trend towards higher diversity within predicted CTL epitopes in vaccine
recipients sequenced at the first time point post-infection, suggesting increased immune pressure
within T-cell epitopes leading to accumulation of more mutations. Additionally, we found
evidence for vaccine-induced anamnestic responses resulting in decreased epitope diversity and
reduced rates of epitope evolution in vaccine recipients. Our results strongly support the idea that
the MRKAd5 vaccine resulted in T-cell mediated selection occurring post-infection. This study is
the first evidence of vaccine-induced anamnestic pressure influencing CTL epitope evolution and
epitope diversity during HIV-1 infection.
Materials and Methods
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The STEP/HVTN502 vaccine trial (Clinical Trial Identifier: NCT00095576) was a
double blind phase-IIb test-of-concept study of the Merck Adenovirus-5 (MRKAd5) HIV-1
Subtype B vaccine with Gag, Pol and Nef inserts. Institutional human subjects review committee
at each of the clinical sites approved the protocol prior to study initiation and all study
participants provided written, informed consent. All subjects used in this study were enrolled in
the STEP trial, and became infected with HIV-1 Subtype B virus: one subject was infected with
HIV-1 Subtype C and was not included in our analyses.
Subject samples were classified as deriving from acute infection (first time point
samples) if either PBMC or plasma was obtained within one month of the date of confirmed
infection. Additionally, samples that were within 1.5 months of the date of confirmed infection
were also designated first time point samples if these were from the first HIV-1 positive date
available. PBMC and plasma samples were also sequenced from subjects that were followed for
up to 20 months post-infection (longitudinal samples). Table 9 indicates the number of subjects
in both the vaccine and placebo groups, as well as the number of first time point and longitudinal
samples.
Vaccine

Placebo

First	
  timepoint	
  (<1.5	
  mpi)

32

23

Study	
  volunteers	
  common	
  with	
  Rolland	
  et.	
  al	
  	
  [81]

19

16

Subject	
  samples	
  collected	
  up	
  to	
  20	
  m.p.i

27

18

Unique	
  subjects	
  with	
  longitudinal	
  sample	
  data

19

11

Plasma

32

23

PBMC

31

22

Subjects	
  with	
  samples	
  collected	
  up	
  to	
  1.5	
  m.p.i

Subjects	
  with	
  samples	
  collected	
  up	
  to	
  20	
  m.p.i

Plasma	
  and	
  PBMC	
  samples
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Table 12. Classification of study samples. A total of 55 subjects (32 vaccine and 23 placebo)
were sampled within 1.5 months post infection (m.p.i). Number of subjects in each treatment
group that were in common with the Rolland et. al [81] study were collected at various visits up
to a maximum of 20 m.p.i. Samples that were classified as PBMC or plasma are also listed. A
total of 108 subject samples were sequenced in this study (Pyrosequencing samples: 99, Sanger
sequencing samples: 9)
Identification of founder variants
The number of viruses that established productive infection after multiple rounds of
replication (founder variants) in each subject was identified based on phylogenetic analyses of
near-full-length genomic sequences acquired by prior Sanger sequencing [81]. Subjects in which
more than one founder virus established productive infection (multiple founders) were identified
based on shared polymorphisms (ranging in this set between 1-4) occurring in at least two
sequences that were not shared with the remaining sequences [81]. Of the 55 subjects sequenced
in acute infection as part of this study, a total of nine (16%) subjects were identified as being
infected with multiple founders. Additionally, subject pyrosequences were also examined for
evidence of establishment of productive infection by more than viral variant.
RNA extractions
RNA from plasma was extracted using the Qiagen Viral RNA Mini Kit (Qiagen,
Valenica, CA). cDNA synthesis was conducted using SuperscriptIII Reverse Transcriptase
(Invitrogen, Grand Island, NY) for gag, gp120, and gp41-nef using gene-specific primers (gag:
StepGR_1.0 5’-TTCCAATTATGTTGACAGGTGTAGGTCC-3’, gp120: StepER_1.0 5’GATGCCCCAGACYGTGAGTTG-3’,

gp41-nef:

StepNR_1.0

5’-

GATGCCCCAGACYGTGAGTTG-3’). A detailed list of primers used in this study is provided
in Table 8 (page 57). DNA extractions from PBMC were done using the standard protocols
supplied with the QIAamp DNA Blood Mini Kit and QIAcube extraction robot (Qiagen).
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PCR Amplification
PCR amplification prior to pyrosequencing was done using Advantage LA or Advantage
2 DNA Polymerase (Clontech, Mountain View, CA). Template input was calculated using
clinical viral load measures. The first round of PCR was a multiplex reaction, using primers to
amplify all three genomic regions, gag, gp120, and gp41-nef. The second round of PCR was
done separately for each gene using nested primers (Table 8, page 57). Amplified products were
visualized by agarose gel electrophoresis or the QiaXcel system (Qiagen). Endpoint dilution was
performed to approximate the number of amplifiable viral copies per gene using a templateestimating program, Quality [165]. Once template number was determined, additional PCR was
done to amplify a target of 5,000 templates for first time points and a target of 1,000 templates
for longitudinal time points. PCR reactions were subsequently cleaned using Agencourt AMPure
XP Beads (Beckman Coulter, Brea, CA) and DNA concentrations were quantified. All three
genes were pooled so that a total of 2µg of each sample was submitted for Roche 454
pyrosequencing. Samples that were quantified to contain less than 50 copies were sequenced
using the Sanger method (Figure 17).

Figure 17. Overview of the experimental protocol. Samples with <50 copies were sequenced
by Sanger sequencing. Samples with >50 amplifiable copies were sequenced by pyrosequencing.
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For first time point samples (<1.5 months post-infection), the target number of templates for
pyrosequencing was 5,000 per subject. For longitudinal samples (1.5-20 months post-infection)
the target was 1,000 templates per subject.
Pyrosequencing
Pooled and purified PCR-amplified products from each study participant were quantified
using Quan-it PicoGreen dsDNA assay (Invitrogen). GS-FLX Titanium kits were used for Rapid
Library Preparation and Rapid Library MID Adaptor addition (Roche, Branford, CT). 500ng of
each sample was nebulized to fragment the DNA, end repaired, and ligated with 454 library
adaptors and sequence identifiers. Fragments between 500-900bp were selected for (based on
bead concentration) and purified using AmPure beads. Library quality was assessed using the
Agilent High Sensitivity DNA Bioanalyzer kit and chip (Santa Clara, CA), and the quantity of
DNA was measured using a Quan-It PicoGreen dsDNA assay. The library concentration was
calculated using the online Roche Rapid Library Quantitation calculator. Each DNA library (one
per sample) was diluted to a working stock of 1x107 molecules. Emulsion PCR (Roche) was
performed on the combined libraries using a ratio of two or three DNA molecules per bead.
PCR-positive beads (~10-20% of emulsion PCR products) were selectively enriched. Four
million enriched beads were loaded onto the 454-picotiter plate and pyrosequences were
generated using the 454 GS FLX system.
Pyrosequence data cleaning
Pyrosequences and the associated signal intensities generated were processed using the
error-correction program CorQ [155] (Chapter 2). Briefly, signal intensities were clustered and
corrected with AmpliconNoise [143] for an initial correction of insertion and deletion (Indel) and
SNP errors. A reference-based multiple-sequence alignment was generated for each gene with
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the corrected sequences using the subject consensus from prior Sanger sequencing [81].
Subsequent to multiple sequence alignments, the CorQ program outlined in in Chapter 2, [155]
were run on the aligned sequences and the associated base-quality files to identify and correct
regions with poor quality in a sequence-context dependent manner. Indel errors resulting in
frame shifts from both homopolymer (defined as a run of two or more identical bases) and nonhomopolymer regions were corrected. Additionally, SNPs observed in one read were corrected to
match the consensus base at that position. No further mismatch error correction was applied. The
corrected nucleotide alignment were then translated into a codon alignment. Regions within the
alignment corresponding to predicted and known CTL epitopes were extracted for distance,
average pairwise diversity and divergence estimates. Due to poor primer homology and read
quality in gp41, the region was not included in any sieve analyses: the gag, gp120 and nef genes
were extracted from each alignment and processed according to our protocol.
Mismatch frequency threshold
The sensitivity of minor variant detection in pyrosequencing experiments is determined
by PCR conditions, and the number of amplifiable templates input into the reaction [154,155].
Subsequent to the PCR amplification done for this study, we amplified and analyzed HIV-1
regions using a number of DNA polymerases and varying PCR conditions to identify differences
in sensitivity and mismatch error-rates [154]. Based on initial sensitivity estimates, the DNA
polymerase enzymes used in this project, Advantage LA and Advantage 2 (Clontech), were
found to have mismatch error-rates as high as 1% [154]. As currently available pyrosequencing
error-correction programs are not equipped to filter out mismatch errors generated during PCR
amplification [155], we conservatively applied a threshold for the limit of detection at 1% for all
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epitope and sieve analyses, as real polymorphisms or variant occurrences observed less
frequently would be indistinguishable from enzyme-related errors.
Epitope Analyses
We included both known HIV-1 epitopes and potential CD8+ CTL HIV-1 epitopes
predicted using NetMHC [191] for each study participant. Epitopes were identified in the
MRKAd5 vaccine insert for Gag and Nef genes, and in the ConsensusB (2004) sequence for the
control protein Gp120. NetMHC predicts peptide binding to 4-digit HLA alleles, and we
included both the predicted strong and weak binders. Known epitopes listed at the Los Alamos
National Laboratory HIV database were also included within the list of CTL epitopes. We
performed sieve analyses on both epitope regions and non-epitopic regions within a subject. The
non-epitopic regions within a subject are defined as the non-overlapping regions that lie outside
of all predicted epitopes for that particular gene. We analyzed extended epitope regions that
included up to 5 AA residues flanking the predicted epitopes.
Genetic distance of founder strain to vaccine insert
We calculated the genetic distance of the founder HIV-1 strain from the MRKAd5
vaccine insert proteins (Gag and Nef) or the ConsensusB sequence (Gp120) using an HIV-1specific AA substitution model in the following regions [192]: 1) predicted CTL epitope regions
(9mers), 2) extended CTL epitope regions that include the 5 amino acids flanking the epitope on
either side (19mer), 3) only the flanking AA residues (10mers) and 4) non-epitopic regions. For
each subject, the genetic distance of each individual epitope was summed up and averaged over
the number of epitopes for that subject to give a single value per subject. Average subject
distances are compared between treatment groups and comparisons with p values <0.05 are
considered statistically significant. For trial subjects that were followed over time, a subject
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average within predicted epitope regions and non-epitopic regions was estimated for all time
points. The slope of genetic distance was calculated for each of these subjects by dividing the
change in the genetic distance by time elapsed between sampling. Subject distances between
vaccine and placebo treatment groups were compared for sieve analyses. Slope comparisons with
p values < 0.05 are considered statistically significant.
Genetic distance of the most prevalent minor variant to vaccine insert
We also estimated the distance of the most prevalent minor variant to the MRKAd5
vaccine insert (Gag, Nef) and to Consensus B sequence (Gp120) for all subjects sampled within
1.5 months post infection. Variants observed between 1-50% of the population were categorized
as minor variants. The distance of the most frequent minor variant in all the predicted CTL
epitopes was calculated and averaged for each subject. Similarly, the average distance over nonepitopic regions was also estimated and compared between treatment groups. Treatment
comparisons with p values <0.05 are considered statistically significant.
Average pairwise genetic distance
Pairwise distance is the average within subject per-epitope genetic distance (Hamming
distance). We estimated pairwise distances between all reads observed above the threshold
frequency of 1% in predicted CTL epitope regions, and calculated the average pairwise distance
across epitopes for each subject. Similarly, average pairwise distances were also estimated for
non-epitopic regions. Treatment comparisons with p values <0.05 are considered statistically
significant. For subjects followed over time, a subject average within epitope specific regions
and non-epitopic regions was estimated for all time points. A pairwise distance slope was
calculated by dividing the change in pairwise distances with the time elapsed between sampling
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and compared between treatment groups. Slope comparisons with p values <0.05 are considered
statistically significant.
Frequency and number of vaccine-like variants
Across all regions in Gag and Nef with predicted or known CTL epitopes, we estimated
the fraction of epitope regions with minor variants that were identical to the MRKAd5 insert
(termed vaccine-like). In the case of Gp120, the fraction of epitope regions with sequences
identical to ConsensusB was estimated. The fraction of identical non-epitopic regions was
similarly estimated and compared between treatment groups.
Divergence
Among subjects that were followed up to 20 months post-infection, we estimated the
genetic distance of epitope variants to the consensus founder epitope. A subject average for all
epitope distances was calculated at each subsequent time point. A subject average was estimated
for each time point across epitope or non-epitope regions. A slope of divergence was calculated
for these subjects by dividing the change in genetic distance from the founder by time elapsed
between sampling. Slopes were compared between treatment groups and results are considered
statistically significant for p values <0.05.
Regression models for analysis of epitope evolution over time
We used two approaches to quantify changes within epitope regions over time. In the first
approach, we estimated slopes of distance to insert, average pairwise distance and compared
slopes between treatment groups. In the second approach, we used regression modeling to model
epitope distances to the vaccine insert, average pairwise distances, and divergence from founder
variants over time within epitope regions. These values were initially modeled with individual
epitope curves using linear mixed models to allow for subject- and epitope- specific variation
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around treatment-group curves. For all analyses, we conducted model checks of the residuals
using histograms, quantile-quantile (qq) plots, scatterplots versus time, and formal tests of
homoscedasticity, and we removed unsupported terms. When random effects models were not
supported by the analysis, we applied fixed-effects linear regression. For the analysis of genetic
distance, we found success in modeling the consensus epitopes, rather than individual variants.
Epitope consensus and pairwise distances measured at time points greater than 10 months postinfection were considered influential and analyses were repeated after removal of these
influential points and other data points considered outliers; both p-values are reported. When
checks of the final model rejected homoschedasticity 3 , we applied the White-Huber
(“sandwich”)-correction procedure to the results. For comparison of Gag and Nef, their genetic
distance values were pooled for additional analysis, with terms included in the model to allow for
gene-specific intercepts and slopes. For the measurements of genetic distances of consensus
epitopes to the vaccine insert, linear mixed-effects regression models were used to predict an
overall slope and intercept for the placebo-recipient subjects’ epitope distances to the vaccine
insert and to predict treatment effects on both the slope and intercept. This mixed-effects model
combines a fixed-effect model of the per-treatment-group slope with a random-effects model for
the intercept: individual per-epitope-and-subject intercepts are modeled as normally distributed
around the treatment group intercept.
Measurements of divergence were computed for every observed epitope variant relative
to the corresponding epitope in the estimated founder sequence, which is here taken to be the
epitope’s subject-specific consensus computed at the first time available point. In our selected
analysis we used fixed-effects linear models with fixed (at zero) intercepts to evaluate the
	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  
3	
  This describes a situation in which the error term (the noise or random disturbance between
independent variables and dependent variables) is the same across all values.
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treatment effect on the rate of the per-epitope average divergence from the founder. We also
evaluated the subset of the data consisting only of subjects whose infections are established by a
single variant (rather than multiple viral variants). Measurements of pairwise diversity were
computed for each (subject, epitope) pair as the mean pairwise genetic distance (Hamming
distance) among epitope variants, properly weighted by the number of reads per epitope region.
For the final analysis we used fixed-effects linear regression models, allowing a non-zero
intercept term. 	
  
Results
Study Subjects and Characteristics
We sequenced gag, gp41-nef and gp120 regions from 23 and 32 unique placebo and
vaccine recipients, respectively, using the Roche 454 GS FLX Titanium platform. In addition,
proviral DNA and plasma from four subjects (three placebo- and one vaccine-recipient) with less
than 50 amplifiable templates were sequenced using the Sanger method. A breakdown of
subjects with first time point and longitudinal time point sequences, as well as the number of
plasma and PBMC samples, is shown in Table 9. We obtained a median number of 153,000 and
114,000 pyrosequences respectively for first time point and longitudinal samples (Table 10).

First	
  time	
  points

P-‐value

153,000

0.47

Median	
  
Mean	
  amplifiable	
  viral	
  
P-‐value Sequencing	
   P-‐value
templates
depth

gag

2,780

0.55

6.3x

0.42

gp41-‐nef

2,130

0.43

6.6x

0.84

gp120

2,820

0.68

5.7x

0.36

gag

650

0.40

7.9x

0.87

gp41-‐nef

740

0.98

8.2x

0.83

gp120

790

0.96

6.0x

0.39

Longitudinal	
  time-‐points	
  

	
  

Median	
  
number	
  of	
  
reads

114,000

0.53
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Table 13. Number of viral templates, pyrosequences, and depth of sequencing. The median
number of unfiltered pyrosequencing reads obtained for all three genes in first time-point and
longitudinal samples for all study subjects is listed. The mean amplifiable viral templates
submitted for sequencing as calculated by PCR endpoint dilution is listed for all three sequenced
regions. The sequencing depth was calculated by dividing the median number of reads obtained
for each subject by the number of templates sequenced. Differences in median number of reads
were compared between treatment groups for subjects sequenced as part of first time point and
longitudinal time points, p values in column 3. Similarly, mean amplifiable templates and median
sequencing depths for each of the gene regions sequenced were compared between treatment
groups, p values in columns 5 and 7. P-values were calculated by Mann-Whitney t-test.
We sequenced a mean of 2780, 2130 and 2820 viral templates for gag, gp41-nef and gp120,
respectively, for first time point samples. For longitudinal samples, we sequenced a mean of 650,
740 and 790 viral templates for gag, gp41-nef and gp120, respectively. There was no significant
difference in the number of templates sequenced per subject across treatment groups for first
time points or longitudinal time points, Table 10. We obtained a median sequencing depth
(number of reads mapping to a position divided by the number of sequenced templates, of 6.3x,
6.6x and 5.7x in gag, gp41-nef and gp120, respectively, for first time points. The median
sequencing depth for longitudinal time points was 7.9x, 8.2x and 6.0x for gag, gp41-nef and
gp120, respectively. There was no significant difference between the sequencing depth across
treatment groups for the first or longitudinal time point samples (Table 10).
We predicted a total of 873, 339 and 2499 potential CTL epitopes using NetMHC [191]in
Gag, Nef, and Gp120 respectively (Table 11). The number of predicted unique CTL epitopes
was lower, 192, 65 and 551 in Gag, Nef and Gp120, respectively. There was no significant
difference in the distribution of predicted epitopes per subject across the treatment groups (Table
11).
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Unique predicted
Mean number of
epitopes
predicted epitopes per
(NetMHC)
subject
Gag
Vaccine
576
102
13
Placebo
297
90
15
Nef
Vaccine
216
36
6
Placebo
123
29
6
Gp120 Vaccine
1602
281
39
Placebo
897
270
42
Table 14. NetMHC predicted CTL epitopes. The number of total and unique CTL epitopes
predicted by netMHC is listed for vaccine and placebo treatment groups. Distributions of number
of predicted epitopes per subject were compared by Mann-Whitney test (Gag, p=0.23; Nef,
p=0.78; Gp120, p=0.80).
Treatment

Total predicted
epitopes (NetMHC)

We also compared post-infection viral loads for all subjects and found no difference between
vaccine and placebo treatment groups (p=0.32). No differences in post-infection viral loads were
found between vaccine and placebo groups for subjects that were followed over time (p=0.38).
Distances of consensus epitope to vaccine insert in subjects sampled at the first time point
post infection
We calculated the genetic distance of the consensus peptide sequence within predicted
CTL epitope regions to the MRKAd5 HIV-1 vaccine insert and found significantly greater
distances among vaccinees in Gag (p=0.0002, Figure 18A), as previously observed [81]. In both
studies this effect was confined to Gag, with no significant difference in distance to vaccine
insert observed within predicted epitope regions in Nef and Gp120 (p=0.49 and p=0.63
respectively, Figure 18B, C). When we measured consensus distances to the vaccine insert in
non-epitopic regions, we found no significant difference between treatment groups in any of the
three genes (Gag, p=0.59; Nef, p=0.22; Gp120 p=0.76) (Figure 18 D-F).

	
  

88	
  

Gag_454_FTP_PredEpGD
Gag_454_FTP_PredEpGD

454_FTP_nef_epitope_dist_to_insert
454_FTP_nef_epitope_dist_to_insert

0.0

0.1

0.074 0.074
0.044 0.044

0.2

0.1

0.3

0.2

0.1

0.093 0.093

0.3 0.3
p = 0.629 p = 0.629
p = 0.629

0.2

0.1

0.079 0.079

Average genetic distance of consensus toreference

0.2

0.3
p = 0.492
p = 0.492

Average genetic distance of consensus to reference

0.1

Average genetic distance of consensus to reference

0.2

0.3

Figure1C-FTP_gp120_epitope_dist_to_ConB
Figure1C-FTP_gp120_epitope_dist_to_ConB
Figure1C-FTP_gp120_epitope_dist_to_ConB

C

Average genetic distance of consensus toreference

0.3
p = 0.0002
p = 0.0002

Average genetic distance of consensus to reference

Average genetic distance of consensus to reference

0.3

B

Average genetic distance of consensus toreference

A

0.2

0.1

0.2

0.125

0.125 0.125 0.127

0.127 0.127

0.1

0.0

0.0 0.0
0.0
0.0
0.0
PlaceboVaccine Vaccine
Vaccine
Placebo Placebo
Placebo
Placebo
Vaccine
Vaccine
Placebo
Placebo
Vaccine
Vaccine
n
=
21 n = 21 n = 21 n = 32 n = 32 n = 32
n = 22 n = 22
n = 31 n = 31
n = 30 n = 30
n = 22n = 22
Supplementary
Supplementary
Figure4A-FTP_gag_nonepitope_dist_to_insert
Supplementary
Figure4A-FTP_gag_nonepitope_dist_to_insert
Figure4A-FTP_gag_nonepitope_dist_to_insert
Supplementary
Supplementary
Figure4B-FTP_nef_nonepitope_dist_to_insert
Supplementary
Figure4B-FTP_nef_nonepitope_dist_to_insert
Figure4B-FTP_nef_nonepitope_dist_to_insert
Supplementary
Supplementary
Figure4C-FTP_gp120_nonepitope_dist_to_ConB
Supplementary
Figure4C-FTP_gp120_nonepitope_dist_to_ConB
Figure4C-FTP_gp120_nonepitope_dist_to_ConB

0.0

0.0820.085

0.085

0.085

0.0
0.0
0.0
Placebo PlaceboPlacebo
Vaccine Vaccine Vaccine
n = 22
n = 22 n = 22n = 31
n = 31 n = 31

0.2

0.4

0.2
0.161

0.161

0.161
0.128

0.128

0.4

0.2

0.6
0.6
p = 0.764 p = 0.764p = 0.764

0.128

0.0
0.0
0.0
Placebo PlaceboPlacebo
Vaccine Vaccine Vaccine
n = 22
n = 22 n = 22n = 30
n = 30 n = 30

0.4

0.2

Average genetic distance of consensus to reference

0.082

0.6

Average genetic distance of consensus to reference

0.082

0.2

0.4

Average genetic distance of consensus to reference

0.2

0.4

F

0.6
0.6
p = 0.218 p = 0.218p = 0.218

Average genetic distance of consensus to reference

0.2

0.4

Average genetic distance of consensus to reference

0.2

0.4

Average genetic distance of consensus to reference

0.4

0.6

0.6
0.6
p = 0.596 p = 0.596p = 0.596

Average genetic distance of consensus to reference

Average genetic distance of consensus to reference

0.6

E

Average genetic distance of consensus to reference

D

0.4

0.284

0.284

0.284

0.274

0.2

0.0
0.0
Placebo PlaceboPlacebo
Vaccine Vaccine Vaccine
n = 21
n = 21 n = 21n = 32
n = 32 n = 32

Figure 18. Genetic distances of consensus epitopes to reference sequences in predicted CTL
epitopic (A-C) and non-epitopic (D-F) 9mers at first time point post-infection. Genetic
distance was estimated using PhyML to the MRKAd5 vaccine insert within predicted CTL
epitopes for Gag (A, D) and Nef (B, E). For the control protein Gp120, distance was estimated to
HIV-1 CON_B04 (C, F). A subject-specific average across predicted epitopes was calculated and
compared between the vaccine and placebo group. Subjects with multiple replicating founder
variants are marked with asterisks*. CTL epitopes were predicted using NetMHC and only
subjects with predicted or known CTL epitopes are shown. A Mann-Whitney t-test is used to
calculate p-values.
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Distance of the most prevalent minor variant (at 1% - 50%) to the MRKAd5 vaccine
insert within predicted CTL epitopes was estimated and no differences were observed across
treatment groups in Gag, Nef and Gp120 (p=0.57, p=1.0, p=0.09 respectively, Figure 19 A-C). A
trend of higher mean distances from the vaccine insert within the vaccine group compared to the
placebo group (0.25 vs. 0.19) within Gp120 was observed. No significant difference between
treatment groups was observed within non-epitopic regions (Gag, p=0.74; Nef, p=0.31; Gp120
p=0.81, Figure 19 D-F). In subjects with multiple replicating founder variants, with the
sequences obtained from library pyrosequencing, it is often not possible within CTL epitope
regions to assign minor variants to corresponding founder variants, especially when the
differences between founder variants is only confined to small number of base differences. We
estimated distances after removing the multiple founder subjects and observed similar results,
with no difference in distances to vaccine insert observed across treatment groups in either
epitopic or non-epitopic regions (predicted epitopes: Gag, p=0.21; Nef, p=0.76; Gp120 p=0.08,
Non-epitopic regions: Gag, p=0.96; Nef, p=0.11; Gp120 p=0.50).
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Figure 19. Genetic distance of second-most-frequent variant to reference sequence in
predicted CTL epitope and non-epitopic 9mers at first time point post-infection. Genetic
distance (estimated with PhyML) of the second-most-frequent variant to the vaccine insert was
calculated within predicted CTL epitopes for Gag (A) and Nef (B). For the control protein
Gp120, distance to HIV-1 ConsensusB was calculated (C). A subject-specific average across all
predicted epitopes was calculated and compared between the vaccine and placebo group. In some
cases, predicted epitopes did not have a secondary variant present above the 1% cutoff: these
epitopes were not included. Subjects with multiple founder variants are marked with asterisks*.
CTL epitopes were predicted using NetMHC. A Mann-Whitney t-test is used to estimate the pvalues.
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Distances to vaccine insert within epitope flanking regions were estimated and similar
results were observed, with vaccine recipients having significantly greater divergence in Gag
CTL epitopes (p=0.0003, Figure 20A). No significant differences between treatment groups were
observed in Nef and Gp120 (p=0.88 and p=0.43 respectively, Figure 20B, C). No significant
differences within 19mer non-epitopic regions were observed in Gag, Nef and Gp120 (Figure 20
D-F) (Gag, p = 0.49; Nef, p = 0.07; Gp120 p = 0.40). Consensus distances to vaccine insert were
also estimated for the flanking 5 amino acid regions only (excluding the predicted epitope in the
center) and the distances within the vaccine group remained higher in Gag (p=0.006) (Figure
21A) with no significant difference in Nef and Gp120 (p=0.35, p=0.69 respectively, Figure 21B,
C).
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Figure 20. Genetic distance of extended CTL epitopes (19mers) to reference sequence in
epitopic (A-C) and non-epitopic regions (D-F) at first time point post-infection. Genetic
distance (estimated with PhyML) to the MRKAd5 vaccine insert was calculated in the 19mer
regions surrounding predicted CTL epitopes (9mer epitope + 5AA flanks) in Gag (A) and Nef
(B). For the control protein Gp120, distance to HIV-1 ConsensusB was calculated (C). A subjectspecific average was calculated across all predicted epitopes and compared between the vaccine
and placebo groups. Subjects with multiple founder variants are marked with asterisks*. CTL
epitope 9mers were predicted using NetMHC. Only subjects with predicted epitopes are shown.
A Mann-Whitney t-test is used to estimate the p-values.
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Figure 21. Average genetic distance of predicted epitope flanking regions to reference
sequences. Hamming genetic distance to the MRKAd5 vaccine insert in the two 5mer regions
flanking predicted CTL epitopes for Gag (A) and Nef (B). For the control protein Gp120,
distance was estimated to HIV-1 CON_B04 (C). A subject-specific average across all flanking
regions was calculated and compared between the vaccine and placebo group. Subjects with
multiple replicating founder variants are marked with asterisks*. A Mann-Whitney t-test is used
to calculate p-values.
Average pairwise distances in subjects sampled at the first time point post-infection
One of the hypotheses we tested, as part of the post-infection sieve analysis was whether
vaccine-induced anamnestic responses led to increased mutations within CTL epitopes soon after
infection. We estimated average pairwise hamming distances of all epitope variants (between 1%
- 50% frequency) across predicted CTL epitope regions. We found no significant difference in
average pairwise distances within predicted CTL epitope regions (Gag (p=0.37), Nef (p=0.80) or
Gp120 (p=0.76)) (Figure 22 A, B, C respectively) or non-epitopic regions (Gag (p=0.2), Nef
(p=0.28), Gp120 (p=0.55)).
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Figure 22. Average pairwise distances within predicted CTL epitope 9mers at the first time
point post-infection. The pairwise distance was calculated based on hamming distances for all
peptides found >1% frequency in predicted epitopes. A subject-specific average across all
predicted epitopes was calculated and compared between the vaccine and placebo groups in Gag
(A), Nef (B) and Gp120 (C). Subjects with multiple founder variants are marked with asterisks*.
CTL epitopes were predicted using NetMHC. Only subjects with predicted or known CTL
epitopes are shown. A Mann-Whitney t-test is used to estimate the p-values.
Average pairwise distances were estimated within extended epitope regions and no
differences between treatment groups were observed in Gag, Nef and Gp120 (Gag, p=0.56; Nef,
p=0.82; Gp120 p=0.89). Average pairwise distance estimates can be skewed by multiple founder
variants, and to accommodate this, we repeated these analyses by removing subjects infected
with multiple replicating founders. Again, we found similar results, with no significant
difference in pairwise distances across treatment groups in Nef or the control protein Gp120
within predicted CTL epitope regions (Nef: p=0.91, Gp120: p=0.55), but observed a trend
towards higher epitope diversity within Gag CTL in the vaccine group (p=0.07), Figure23. In
contrast, no significant differences between treatment groups were found in non-epitopic regions
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(Gag: p=0.31, Nef: p=0.19, Gp120: p=0.58) when only single founders were included to estimate
average pairwise distances.
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Figure 23. Average pairwise distances within predicted CTL epitope 9mers at the first time
point post-infection for subjects infected with single founder variants. The pairwise distance
was calculated based on hamming distances for all peptides found >1% frequency in predicted
epitopes. A subject-specific average across all predicted epitopes was calculated and compared
between the vaccine and placebo groups in Gag (A), Nef (B) and Gp120 (C). Subjects with
multiple founder variants are not included in this distance estimates. CTL epitopes were
predicted using NetMHC. Only subjects with predicted or known CTL epitopes are shown. A
Mann-Whitney t-test is used to estimate the p-values.
Differences in the fraction of minority peptide variants similar to the vaccine insert
Another possible consequence of vaccine-induced immune pressure is rapid selection for
variants divergent from the vaccine insert. In this case, we would expect to observe differences
in the minor variant populations across treatment groups, particularly, differences in variants
genetically similar to the vaccine insert. We found no differences in numbers and frequency of
minority variants across all overlapping peptides (9mer AA) in Gag and Nef between vaccine
and placebo groups in both predicted CTL epitope regions (Figure 24 A-B) and non-epitopic
regions (Figure 24, C-D). Similarly, we found no differences when subjects infected with
multiple founders were excluded: predicted epitope regions (Gag: p=0.81, Nef: p=0.43), nonepitopic regions (Gag: p=0.44, Nef p=0.94).
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Figure 24. Fraction of CTL predicted epitopes (A,B) and non-epitopic 9mers (C,D) within
minority (<50%) variants that match the vaccine insert peptide. Differences in number of
minor variants identical to the vaccine insert are shown for Gag (A), and Nef (B). Subjects with
multiple founder variants are marked with asterisks*. Epitopes were predicted using NetMHC.
Only subjects with known or predicted epitopes were included in analysis. A Mann-Whitney test
is used to estimate the p-values.
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Impact of vaccine-induced anamnestic responses on distance to vaccine insert, genetic
diversity and divergence from founder variant in subjects followed over time
Vaccine-induced anamnestic responses can impact epitope evolution rates, and
differences in evolution rates across treatment groups were measured by estimating changes in
founder distance to vaccine insert over time (distance slopes) Distance slopes within CTL
epitopes and non-epitopic regions were compared across treatment groups (Figure 25 A, B). In
the control protein Gp120, founder distances to ConsensusB sequences were compared (Figure
25 C). While the y-intercepts of genetic distances in Gag are higher within the vaccine group, the
distance to vaccine insert do not significantly differ between treatment groups over time.
Similarly, we observed no significant difference in distance to vaccine inserts over time in nonepitopic regions (Gag: p=0.42, Nef: p=0.34, Gp120: p=0.77). We also modeled genetic distance
to vaccine insert using mixed-effects linear regression models to estimate an overall slope and
intercept for the epitopes and treatment differences across vaccine and placebo groups. We found
a significant treatment effect on the initial genetic distance (y-intercept) of Gag and Nef epitopes
combined to the vaccine insert (p=0.0404), with vaccine recipients having greater initial genetic
distance. The models also showed a non-significant trend towards treatment effect on the rate at
which genetic distance to vaccine insert changes over time (p=0.054), with vaccine recipients
trending to faster rates of increase of Genetic distance over time. These treatment effects did not
significantly differ between Gag and Nef (p=0.46 intercept, p=0.23 slope). This analysis found
no evidence of a treatment effect on the intercept (p=0.4244) or on the slope (p=0.5820) of
genetic distance to ConsensusB in Gp120.
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Figure 25. Genetic distance of consensus to reference sequence in predicted CTL 9mer
epitopes across longitudinal samples. Genetic distance (estimated by PhyML) to the MRKAd5
vaccine insert was calculated in predicted CTL epitope 9mers for Gag (A) and Nef (B).
Distances to HIV-1 ConsensusB were estimated for Gp120 (C). A subject-specific average
distance across all predicted epitopes was calculated for each time point. Subjects with multiple
founder variants are marked with asterisks*. CTL epitopes were predicted using NetMHC.
Vaccine = red triangles; placebo = blue circles. Solid lines indicate the linear regression
calculated for a particular patient. The slopes of the linear regressions were compared between
the vaccine and placebo groups using a simple comparison, and a Mann-Whitney t-test was used
to estimate p-values.
As described earlier, vaccine-induced anamnestic responses pressure did not result in
significant differences in viral diversity across treatment groups in subjects classified to be in
acute infection. To investigate whether the anamnestic responses influence viral diversity of the
founder variants over time, we compared changes in epitope diversity over time (diversity slope)
across treatment groups. CTL epitope diversity in Gag within the vaccine groups showed a trend
towards reduced diversity over time within epitope variants in the vaccine subjects (p=0.05)
(Figure 26A). The change in epitope diversity was not the result of changes in estimated viral
loads; no correlation was observed between changes viral load and pairwise distance estimates
	
  

99	
  

20

20

(Spearman’s rho: -0.18). No significant differences in pairwise genetic distances over time were
observed across treatment groups within predicted epitope regions in Nef and the control protein
Gp120 (Figure 26 B-C) and within non-epitopic regions (Gag: p=0.45, Nef: p=0.76, Gp120:
p=0.89). Changes in epitope diversity were also modeled with linear regression models. In Gag,
overall, an effect of the vaccine treatment assignment on the slope but not the intercept was
observed. Vaccine recipients showed less rapid increases in average pairwise distance (p=0.01).
There was no difference in the pairwise distance intercept between vaccine and placebo groups
(p=0.23). Similar results were observed when outliers and influential points (subjects sampled
10 months post infection) were removed from the analysis, with a slower increase in pairwise
distances observed in the vaccine group within the Gag region (p=0.04) and no intercept
difference observed between treatment groups (p=0.35). In Nef, we observed no significant
vaccine treatment effect (intercept p=0.77, slope p=0.27). The models showed no evidence of a
treatment effect on the slope (p=0.48) and intercept (p=0.42) in Gp120 between vaccine and
placebo recipients.
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Figure 26. Average pairwise distance in predicted CTL 9mer epitopes across longitudinal
samples. The pairwise distances were calculated based on hamming distances for all peptides
found >1% frequency in predicted epitopes for Gag (A), Nef (B) and Gp120 (C). A subjectspecific average across all predicted epitopes was calculated for each time point. Subjects with
multiple founder variants are marked with asterisks*. CTL epitopes were predicted using
NetMHC. Vaccine = red triangles; placebo = blue circles. Solid lines indicate the linear
regression calculated for a particular patient. The slopes of the linear regressions were compared
between the vaccine and placebo groups, and a Mann-Whitney t-test was used to estimate the pvalues.
Vaccine induced anamnestic responses could also result in emergence and rapid selection
of epitope escape variants that would replace the founder as the major variant. Distance of the
consensus variant over time to the founder was estimated as a measure of epitope divergence.
Distances to the founder within CTL epitope and non-epitope regions were compared across
treatment groups and we observed a trend of lower divergence within CTL epitope regions in
Gag in vaccine group (p=0.08), but no significant difference within Nef and Gp120 (Figure 27
B-C). No significant differences across treatment groups were observed within non-epitopic
regions (Gag: p=0.34, Nef: p=0.88, Gp120: p=0.24). We also conducted regression analysis to
evaluate the change in epitope divergence over time. In the combined Gag and Nef epitope
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analysis, the model showed only a trend towards reduced divergence rates among vaccine
recipients (p=0.07 when considering only single-founder subjects). When removing influential
data points (data collected 10 months post infection) and outliers, the analysis showed significant
evidence for lower divergence rates among vaccine recipients (p=0.002 when considering only
single-founder subjects). There was no significant treatment effect on the slope in Gp120
(p=0.22).
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Figure 27. Consensus peptide divergence from founder variants in predicted CTL epitope
9mers over time. Genetic distance (estimated by PhyML) to the founder variant in predicted
CTL epitope 9mers was estimated for Gag (A), Nef (B), and Gp120 (C). A subject-specific
average distance across all predicted epitopes was calculated for each timepoint. Subjects with
multiple founder variants are marked with asterisks*. CTL epitopes were predicted using
NetMHC. Vaccine = red triangles; placebo = blue circles. Solid lines indicate the linear
regression calculated for a particular patient. The slopes of the linear regressions were compared
between the vaccine and placebo groups, and a Mann-Whitney t-test was used to estimate the pvalues.
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Prior circumcision status and prior Ad5 seropositivity status do not correlate with distance
to vaccine insert
Assessments of correlates of HIV-1 infection risk in the STEP trial identified a
statistically increased risk of HIV-1 infection in vaccine recipients who were uncircumcised and
with Ad5 seropositivity at baseline, relative to controls in the first 18 months of infection [193],
with the increased risk waning with time from vaccination. To investigate whether prior Ad5
seropositivity or circumcision status influenced the founder variant, we compared genetic
distance of predicted CTL epitopes to vaccine insert within vaccine recipients sampled during
acute infection. We found no difference in the distance to vaccine insert between Ad5
seropositive (Ad5 Ab titers >18, the lower limit of detection assay) and Ad5 seronegative (<18
Ad5 Ab titers) vaccine recipients in Gag (Ad5 >=18 mean distance: 0.08, Ad5 <18 mean
distance: 0.06, p=0.10) and Nef (Ad5 >=18 mean distance: 0.07, Ad5 <18 mean distance: 0.09,
p=0.28). Similarly, we found no significant difference in distances to vaccine insert between
circumcised and uncircumcised vaccine recipients in Gag (circumcised mean distance: 0.08,
uncircumcised mean distance: 0.07, p=0.08) and Nef (circumcised mean distance: 0.08,
uncircumcised mean distance: 0.1, p=0.51). A summary schematic outlining the results is shown
below.
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A
Subjects)sampled)at)the)
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infec2on)

)
Gag)(included)in)the)
MRKAd5)insert))

)
Nef)(included)in)the)
MRKAd5)insert))

)
Gp120)(Not)included)in)
vaccine)))

Distance!to!vaccine!insert!
(or!ConsensusB)!within!
breakthrough!HIV91!variants!
in!CTL!epitopes!

Higher'distance'in'
epitope'and'ﬂanking'
regions'

No!diﬀerence!
between!vaccine!and!
placebo!

No!diﬀerence!between!
vaccine!and!placebo!

Average-pairwise-distancesin!CTL!epitope!variants!

No!diﬀerence!
between!vaccine!and!
placebo!

No!diﬀerence!
between!vaccine!and!
placebo!

No!diﬀerence!between!
vaccine!and!placebo!

B
Subjects)sampled)up)to)
20)months)post)infec6on)

)
Gag)(included)in)the)
MRKAd5)insert))

)
Nef)(included)in)the)
MRKAd5)insert))

)
Gp120)(Not)included)in)
vaccine)))

Change'in'distance'to'
vaccine'insert'(or'
ConsensusB)'within'
breakthrough'HIV91'
variants'in'CTL'epitopes'
over'>me'

No'diﬀerences'in'
between'vaccine'and'
placebo'groups'

No'diﬀerences'between'
vaccine'and'placebo'
groups'

No'diﬀerences'between'
vaccine'and'placebo'
groups'

Change'in'average'
Signiﬁcantly+slower+
pairwise'distances'in'CTL'
increase+in+gene1c+
epitope'variants'over'>me' diversity+over+1me+in+the+
(diversity)'
vaccine+group+

No'diﬀerence'between'
vaccine'and'placebo'
groups'

No'diﬀerence'between'
vaccine'and'placebo'
groups'

Change'in'epitope'variant'
distance'to'founder'HIV91'
variant'(divergence)'over'
>me'
'

No'diﬀerence'between'
vaccine'and'placebo'
groups'

Signiﬁcantly+reduced+
divergence+from+founder+
in+the+vaccine+group+

'
No'diﬀerence'between'
vaccine'and'placebo'
groups'
'

Table 15. Summary of vaccine-induced differences in genetic distance, diversity and
divergence within breakthrough HIV-1 variants in CTL epitope regions. A. Differences
observed within subjects sampled at the first time point post infection. B. Differences observed
within subjects sampled up to a maximum of 20 months post infection.
Discussion
The goal was to study the impact of vaccine induced immune responses on breakthrough
HIV-1 sequences from subjects sampled at the earliest time point post-infection and also discern
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the effects of vaccine-induced immune responses on breakthrough HIV-1 variants in a subset of
subjects that were followed up to a maximum of 20 months post infection. This is a follow-up to
our previous study demonstrating the impact of MRKAd5 vaccine on breakthrough viral
populations: viruses infecting vaccinees had greater genetic distance to vaccine insert compared
to the viruses infecting placebo recipients [81]. This difference was significant within the CTL
epitope regions in Gag, which was part of the vaccine insert. One hypothesis to explain this
involves the exclusion of certain HIV-1 variants from establishing infection within vaccine
recipients. Our earlier study [81] found no direct evidence of selective exclusion: vaccinees were
more likely to be infected but single and multiple founders were equally likely to be found within
both vaccine and placebo treatment groups. Additionally, earlier phylogenetic analyses showed
no clustering of founder viruses according to vaccine and placebo status [81].
Sieve analysis from our current study with independently generated pyrosequences
confirms previous findings: genetic distances to vaccine insert within consensus CTL epitopes in
Gag are significantly higher among vaccinees. We extended the previous results by comparing
vaccine impact on epitope flanking regions. Distances to vaccine insert were significantly higher
in Gag within the vaccine group when flanking residues were included. Similarly, higher
distances to vaccine insert were observed in Gag in the vaccine recipients when only the CTL
epitope flanking residue distances were compared, thus highlighting the importance of these
residues in antigen processing and presentation [189,190]. No differences between treatment
groups were observed when distances to vaccine insert within regions not overlapping with CTL
epitopes were compared. These results suggest the possibility of selective pressure from vaccine
induced anamnestic responses contributing to early epitope escape. Anamnestic responses could
also result in rapid emergence of multiple divergent variants within vaccinees. We compared
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average pairwise distances within CTL epitope regions in Gag and Nef across vaccine and
placebo groups and found no differences. Interestingly, when we removed subjects with multiple
founder variants and compared average pairwise distances within CTL epitopes, we found a
trend (not significant at p <0.05) towards higher diversity in Gag CTL epitopes in the vaccine
group. This could signify that the immune responses primed by the vaccine select for
accelerated CTL escape within breakthrough founder variants. CTL epitope regions in the
control protein Gp120 showed no difference in pairwise distances across treatment groups.
Higher CTL epitope diversity and rapid CTL escape as a result of anamnestic responses within
the vaccine group could also result in difference in the fraction of minor epitope variants that
match the vaccine insert, nonetheless, we found no differences between vaccine and placebo
groups in the fraction of minor epitope variants matching the vaccine insert in Gag or Nef.
Early HIV-1 specific CD8+ T cell responses are critical for initial control of viral
replication [12,36,194] and there is a strong association between the rate of disease progression
and different human leukocyte antigens (HLA) class I alleles [195,196]. During natural course of
HIV-1 infection, CTLs control but do not eliminate viremia [197]. While HIV-1 specific CD8+ T
cell responses were generated with the MRKAd5 vaccine [37,38,198], the immune responses did
not have any effect on viral load within infected study subjects. Furthermore, the vaccineinduced T cell immune responses did not adequately predict distance of breakthrough HIV-1
sequences to vaccine insert within reactive CTL epitopes [199] and the pre-infection vaccineinduced immune responses wane over time [200]. Ideally, to map genetic signatures of vaccineinduced anamnestic responses, we would have used autologous immune responses from HIV-1
infected subjects followed over time, but due to limiting number of subjects from this study with
mapped immune responses (7 with Gag and 8 with Nef responses, with a median of 1 immune
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response per subject), we used HIV-1 sequences from both vaccine and placebo subjects that
were followed over time to identify genetic signatures of vaccine-induced anamnestic responses.
We found no difference in epitope distance to vaccine insert as a function of how long the
subject was infected across treatment groups in both the simple analysis comparing the slopes
between treatment groups and also from results based on regression modeling. While a simple
comparison of diversity slopes between treatment groups did not show significant differences
between treatment groups, results based on regression modeling showed a significantly slower
rate of diversity within Gag epitopes in vaccine recipients. This observation of reduction in
diversity was unexpected and the opposite of our initial hypothesis of vaccine-induced
anamnestic pressure influencing increased epitope variation within the vaccine group. A scenario
in which prior vaccination resulting in the generation of HIV-1 specific CTLs capable of
targeting a fraction of epitope variants would result in limited variation within the epitope
regions following HIV-1 infection. A similar reduction in mean pairwise variability was
observed with a therapeutic vaccine study in which HIV-1 Nef was delivered by a recombinant
vaccinia Ankara vector to chronically infected HIV-1 subjects, and differences in HIV-1
sequences were assessed before and after vaccination [201]. In the current study, epitope variants
within Gag in the vaccinees also showed a non-significant trend toward decreased divergence
from founder HIV-1 variants over time when slopes were compared between treatment groups.
Results from regression modeling showed a significantly reduced rate of divergence in the
combined Gag and Nef epitopes within vaccine subjects. Decreased divergence from founder
was found to be significant only when outlying subject epitope values and subject samples
beyond 10 months post infection were omitted from the regression models. Again, these results
were the opposite of what was expected: vaccine-induced anamnestic responses influencing
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rapid selection of escape variants. Limited epitope diversity as a result of vaccine-induced CTL
responses against a subset of epitope variants could potentially limit the number of escape
variants thus limiting divergence from founder variant. Differences between results from a
simple comparison of regression slopes and mixed effects regression models could be due to the
following 1) inclusion of all epitope values in the regression models compared to a subject
average for slope comparisons between treatment groups, 2) combination of Gag and Nef
epitopes in regression models compared to individual gene comparisons for the regression slopes
and 3) exclusion of outlying epitopes and subject samples 10 months post infection in the
regression models compared to inclusion of all values when comparing regression slopes
between treatment groups. A comparison of regression slopes across all non-epitopic regions
showed no difference between vaccine and placebo groups in distance to insert, variant diversity
and divergence from founder over time within Gag, Nef and Gp120 epitopes.
The mechanisms by which vaccine-induced CTL pressure would reduce epitope diversity
and divergence over time is not clear from these data. This reduction is epitope diversity
however, did not correspond to reduction in subject viral load in the vaccine group and thus the
reasons for lack of clinical efficacy of the MRKAd5 vaccine still remains to be elucidated.
Recent success with a CMV-based vaccine that elicited broad and even T-cell responses with a
mean of 34 epitopes in Gag [202] in the SIV model, highlights the potential importance of
breadth in vaccine-induced immune responses, making viral escape more unlikely. In contrast,
the MRKAd5 HIV-1 vaccine only elicited a narrow range of CTL responses, most likely leading
to rapid generation of escape mutations. A difference of a single amino acid in an epitope (~10%
variance) has been shown to eliminate between 30-50% of T-cell recognition [203]. Boosting
immune function in early stages of infection, thereby slowing disease progression, is critical to
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the success of T-cell based vaccines. However, results from the MRKAd5 vaccine trial and the
modestly effective RV144 trial, which was based on a canarypox vector in a prime-boost
combination with AIDSVAX B/E, showed no reduction in set-point viral load [37,38,42].
Hansen et al. have described promising results in rhesus macaques where the vaccine induced a
rapid expansion of effector memory T cells which limited the early stages of SIV replication
[68,202,204] and restricted viral loads to undetectable levels in 54% of the animals in the study.
Results from sieve analyses presented in this work is based on CTL epitopes predicted by
NetMHC [191], nevertheless it is important to keep in mind that epitope predictors do not
capture all the possible peptides that would be presented by the immune system. There has been
limited comparison of different epitope prediction methods [205,206], especially studies
comparing the overlap between immune responses measured with INF-γ-ELISpot assays with
predicted epitopes.
We used short peptide sequences between 9 -19 amino acids in the sieve analysis instead
of full-length sequences, as this would have limited the number of full-length sequences
available for subsequent sieve analyses. Due to the random shearing of the template DNA during
library preparation in the pyrosequencing protocol, the reads generated are staggered across the
sequenced region, necessitating the use of shorter peptide fragments for sieve analysis. Multiple
rounds of PCR amplification were necessary to increase viral template numbers prior to
pyrosequencing, and this can lead to accumulation of mismatch errors within viral templates that
would be indistinguishable from real viral sequence variation after pyrosequencing [154,155].
Sequencing errors accumulated during pyrosequencing also influence the total mismatch error
rate within viral sequences. As these mismatch errors can affect minor variant resolution, we
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used a frequency threshold of 1%, based on a comparison study of multiple fidelity and
sensitivity of multiple DNA polymerases [154], prior to sieve analyses.
The results presented in this study are the first to describe evidence for vaccine-induced
anamnestic responses impacting genetic diversity and rates of epitope divergence over time
within CTL epitope regions in the vaccine group. Although the vaccine-induced selection
pressure did not affect post-infection viral load, it is crucial to explore alternate immunogen
design strategies in future trials that lead to the generation of immunodominant CD8+ T cell
epitope responses and generation of immune responses towards highly conserved regions in the
acute phase of infection as these early responses are the most likely to impact viral load set point
and subsequent disease progression.
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CHAPTER 5. Concluding Remarks

As part of my thesis, I developed a pyrosequencing error correction algorithm, CorQ, which
automates the various steps involved in processing large numbers of sequences. The CorQ suite
of programs was tested and compared against nine pyrosequencing error-correction programs
(Table 3, Chapter 2) on sequenced HIV-1 genomes and simulated HIV-1 pyrosequences. CorQ
used in combination with other error correction programs reduced pyrosequencing-specific errors
by 97%. The performance of CorQ was maximized when combined with the pyrosequencing
signal intensity error correction program AmpliconNoise [142,143]. Signal intensity clustering
and correction by AmpliconNoise is computationally intensive and has been tested extensively
only on data from 454-pyrosequencing, limiting its applicability to correct sequence data
generated from Illumina [207] sequencing. While AmpliconNoise error correction algorithms
can be used with data from the IonTorrent [208,209] sequencer, testing and optimization have to
be performed before the error correction algorithms specific for correcting 454-pyrosequences
can be applied to other technologies. The performance of CorQ can be improved by
incorporating sequence clustering algorithms in the CorQ analysis pipeline. Sequence clustering
algorithms have been widely applied to improve resolution of Operational Taxonomical Units
within microbial communities [210-214] and improve the sensitivity of minor variant resolution
within viral genomes [145,148,150]. Additionally, incorporating base quality information during
sequence clustering might improve the sensitivity and specificity of minor SNPs observed within
the sequences.
Performance comparison between multiple pyrosequence error correction programs also
highlighted the challenges in identifying and correcting base misincorporation events occurring
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during PCR amplification of viral templates. This is an important consideration to keep in mind
when the study goal is to identify rare genetic variants, in which case it becomes critical to use
enzymes with high fidelity and optimize the amplification conditions to ensure that the genetic
variation found within the sequence population is representative of the virus and minimize
artifacts derived from the amplification process. Another important feature to consider when
designing high-throughput sequencing experiments includes considering not only the number of
reads mapping to a genomic location, but also considering the number of viral templates that are
input into the sequencing reaction. As highlighted earlier, estimating the amplifiable templates in
a sequencing reaction is often not considered when setting frequency thresholds for minor
variant detection [128,132,145]. In the study comparing concordance of minor SNP variants
between two sequencing technologies (Chapter 3), we used the metric sequencing depth to filter
positions with insufficient template coverage, and found that over 50% of the positions with
minor SNPs observed within pyrosequences fell in regions with fewer reads than input viral
templates. Given that several studies have reported immune escape HIV-1 variants at a level of
0.1% without factoring the number of viral templates in the sequencing reaction [128,132,145],
including studies where the number of templates is several fold in excess of the number of
sequence reads [139,178], one should proceed with caution when asserting the significance and
true population frequencies of these minor HIV-1 variants.
In our study comparing SNPs observed through Sanger and Pyrosequencing, we did not
find a clear relationship between increasing sequencing depth with reduction in frequency of
minor SNP variants observed within pyrosequences. An ideal comparison to test the effects of
increasing sequence reads with respect to viral templates would be to sequence a genomic region
with known numbers of viral templates at varying sequencing depths to quantify the advantage
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of higher template coverage or sequencing depth in resolving low frequency sequencing artifacts
from real minor variants present within the sequence population.
Identifying minor HIV-1 variants has important implications in sieve analyses of viral
sequences from infected subjects participating in the MRKAd5 STEP vaccine efficacy trial.
Sieve analysis from our study confirmed and expanded previous findings: vaccine recipients
showed higher divergence from the vaccine insert within CTL epitopes predicted in Gag. Sieve
effects were not observed in peptide regions not overlapping with predicted CTL epitopes and
within proteins not included in the vaccine insert. Importantly, we observed evidence for
vaccine-induced anamnestic pressure within CTL epitope regions when breakthrough HIV-1
sequences were followed over time. Unexpectedly, pressure from immune responses primed by
the vaccine within CTL epitope regions resulted in reduced epitope diversity and rate of epitope
evolution. The mechanisms by which vaccine-induced CTL pressure would result in reduced
diversity is not entirely clear from these data.
Nonetheless, the reasons for lack of clinical efficacy of the MRKAd5 are still not clear.
One of the concerns has to do with the use of the Adenovirus vaccine vector (Ad5) containing
HIV-1 clade B gag, pol and nef gene inserts. While this vaccine vector elicited frequent INF-γ
ELISpot immune responses (in 77% vaccinees overall), it only generated a limited breadth of
antigen-specific responses [38]. While an initial analysis found a vaccine-related enhancement of
infection among a subgroup of Ad5 seropositive and uncircumcised subjects [215,216], extended
follow-up analyses [193] demonstrated that this risk of acquisition decreased over time.
However, the relationship between preexisting Ad5 seropositivity and lack of efficacy of the
MRKAd5 vaccine is still unclear. A test-of-concept study using a DNA-rAd5 prime-boost
regimen among circumcised subjects lacking preexisting anti-vector neutralizing Abs was halted

	
  

113	
  

when an interim analysis showed that the vaccine regimen did not prevent HIV-1 infection or
reduce viral load among vaccine recipients [43]. Recent success with a Cytomegalovirus (CMV)
derived vector encoding SIV genes demonstrating the suppression of viral load to undetectable
levels after repeated challenges with SIV highlights the importance of broad effector memory T
cell responses in clearing SIV reservoirs within latently infected cells [202,204]. Further, this
vaccine vector elicited broad and even T-cell responses with higher number of epitopes than that
induced by the MRKAd5 HIV-1 vaccine. Adapting this success of a CMV vaccine vector to
eradicating HIV-1 infections from latently infected reservoirs has been the recent focus of
efforts.
The other area of focus has been to design better immunogens to elicit strong CTL
responses against conserved HIV-1 segments. One such strategy, HIVCONSV immunogen includes
long fragments of conserved regions within the HIV-1 genome [102]. HIVCONSV refocuses T-cell
responses to subdominant epitopes that can provide better viral control. In preclinical studies
with non-human primates, this immunogen has been shown to induce polyfunctional T-cells with
increased epitope breadth [105,106]. Another strategy is to only include conserved regions in the
immunogen [103]. Immune responses generated with DNA vectors expressing these highly
conserved elements (CE) were compared with immunization with p55gag DNA. Immunization
with p55gag DNA induced poor CD4+ mediated cellular responses whereas responses to the CE
vectors were reactive across multiple HIV-1 subtypes and comprised of both CD4+ and CD8+ T
cells [107]. Further, DNA vaccination in macaques with the conserved elements vaccine shows
increased T-cell breadth of response [108].
Ultimately, for a successful T-cell based vaccine, the correlates of protection, which
would define the specificity, breadth, and functional activity of T-cells have to be well defined.
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The success of a CMV vector vaccine in clearance of SIV will be an important step toward
identifying correlates of protection that can be then applied towards designing a potent T-cell
based HIV vaccine that can stimulate CTL responses that are a) both broad and specific for
conserved epitopes, b) able to suppress HIV-1 replication in vitro and c) sustained for several
months following vaccination.
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