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Abstract 

Human Immunodeficiency Virus (HIV) rapidly escapes cytotoxic T-cell lymphocyte 

(CTL) immune responses exerted by the host. Mutation patterns and HLA associated 

footprints linked to viral escape have been identified, making it possible to use viral 

sequence data, combined with the host HLA allele information, to predict escape. 

Next-Generation Sequencing (NGS) approaches enable the generation of large 

sequence datasets, and the detection of viral populations present at very low 

frequencies in an infected individual at any given time. These datasets allow for the 

study of changes in viral populations within a host over time and provide a means to 

understand the kinetics and pathway(s) of escape. While tools exist that allow the 

prediction of escape in sequence data with small sequence numbers per sampling 

timepoint, these tools often have limitations in analysing large NGS data sets. 

 

In this project, we developed a workflow for identifying the kinetics of CTL escape in 

longitudinal HIV-1 next-generation datasets of gag sequences generated using an 

Illumina Miseq platform over the duration of drug-naïve infection. This acquired data 

set was generated from 15 women over a period of one to seven years and comprised 

of 4583 short read gag sequences (544 bp). We identified tools for identifying CTL 

escape in deep sequencing datasets and used pre-defined criteria to screen these 

tools. The outputs were validated using a test dataset from a previous study that 

identified escape. We selected the Epitope Matcher tool as having the most potential 

to identify CTL epitopes and escape mutations. To further support evidence of escape 

and identify additional putative escape mutations, we identified sites with high 

Shannon entropy (>=0.25) and sites evolving under positive selection using Hyphy-

FUBAR. The sites were verified using the HLA association and CTL epitope variants 

and escape mutations lists, or data generated by Epitope Matcher. 

 

Using the Epitope Matcher tool, we identified seven HLA-B restricted gag epitopes in 

six individuals of which putative escape was identified in seven epitopes, commonly 

occurring in the late chronic phase of infection. The most common epitope in the 

population was YL9 (found in 60% of the participants) (Gag HXB2 coordinates 296 to 

304) restricted by HLA B*15:03, B*15:10 and B*42:01. Toggling of amino acids within 
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epitopes as a result of potential fitness cost associated with a specific change, was 

observed in five of seven epitopes. We further identified 35 high Shannon entropy 

sites, where nine of these sites were found within epitopes identified by Epitope 

Matcher. Additionally, nine of the high Shannon entropy sites were evolving under 

positive selection. With supporting evidence, we can predict that the mutation T310S 

(found in the AW11 epitope, restricted by allele B*58:01), is likely to be associated with 

escape. This study is important in that it provides a pipeline that will enable semi-

automated analysis of NGS data. Using this approach, we have provided a better 

understanding of the kinetics and frequency of CTL escape over the course of HIV 

infection. Additionally, we have identified frequently targeted sites across the Gag p24 

region and across individuals. This study is relevant to inform CTL-based vaccine 

prevention and treatment strategies. 
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Chapter 1: Literature review 

1.1 Introduction 

Human Immunodeficiency Virus Type 1 (HIV-1) was declared a global pandemic more 

than forty years ago. In 2021, nearly 40 million people globally were living with HIV-1 

(1) (Figure 1.1), with more than half of these infected individuals residing in the 

southern African region. South Africa is the most affected country in the world with 

approximately 8.2 million people currently living with HIV-1 (2). 

 

Figure 1.1: Estimated number of people living with HIV-1 in 2021. Image obtained 

from World Health Organization (3). 

 

Antiretroviral therapy (ART) is an effective treatment for people living with HIV (PLWH) 

and has also been approved for use in pre- or post-exposure prophylaxis (PreP or 

PEP) to prevent people from getting infected (4). The development of long-acting ART 

as PreP, that does not require daily dosing, provides a significant step forward in 

prevention. The only long-acting PreP approved in South Africa is the dapivirine 



2 

 

vaginal ring which is given monthly (5). However, a demonstration project to evaluate 

cabotegravir administered intramuscularly to adolescent women every two months 

was recently approved (6, 7). Although these methods limit the risk of infection, they 

require adherence (8, 9), and there remains a need for other interventions, such as 

vaccines, that would provide lasting protection for a broad range of population groups. 

Despite multiple large vaccine trials, an effective preventative vaccine is yet to be 

discovered. To date, only one HIV-1 vaccine has provided some evidence of 

protection. This vaccine, tested in the RV144 clinical trial conducted in Thailand, 

comprised a combination of a canarypox viral vector carrying HIV-1 genes (gag, pol, 

and env) for stimulating cytotoxic T-lymphocyte (CTL) responses, with a viral envelope 

(Env) protein immunogen for stimulating antibody (Ab) responses (10, 11). Although 

this trial demonstrated 30% efficacy, the regimen failed to provide any demonstrable 

efficacy in a follow-up HVTN702 South African trial (12). While the immune responses 

that vaccines must elicit to protect against infection are not well defined, it is widely 

accepted that broadly neutralizing antibody responses will be needed (12). The 

importance of such responses was demonstrated in the recent antibody mediated 

protection (AMP) trial which evaluated the role of passive infusion of a broadly 

neutralizing antibody, VRC01, to prevent infection (13). AMP was the first study in 

humans to show that HIV-1 infection can be prevented by neutralizing antibodies (14). 

 

CTL responses were shown to be important in protection against infection in non-

human primate models (15, 16). However, the role of CTL responses in preventing 

infections in humans is less well defined with the halting of both the Imbokodo and 

Mosaico efficacy trials, which evaluated a rAd26 and protein boost vaccination regime 

(17). Other large vaccine trials that will evaluate the role of CTLs include the PrEPVacc 

trial, which is investigating a combination of rDNA, gp120 boost and MVA (18). CTL-

eliciting vaccines may also be useful in cure strategies where CTL responses have 

been associated with delay to viral load rebound (19). 

 

A major obstacle that an effective vaccine must overcome is the very high diversity of 

HIV-1. The global diversity of the virus has been largely driven by rapid evolution and 

host immune selection (20), including evasion from CTL responses resulting in loss of 

viral control (21). This has resulted in the emergence of different HIV-1 subtypes 

circulating in different human populations throughout the world. It is likely that vaccine 
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efficacy will be impacted by this diversity such that a vaccine that works for one 

subtype may not work for others. Furthermore, CTL epitope evolution is molded by 

host genetics: specifically, the major histocompatibility complex (MHC) alleles. MHC 

Class I proteins present virus epitopes on the surface of infected cells for recognition 

by CTLs, and certain escape mutations have become fixed in circulating viruses 

affecting immune control and disease progression in certain populations (22). 

Characterizing these immune escape variants provides insight into host immune 

responses associated with viral control, which informs vaccine strategies for 

prevention or cure. Next-generation sequencing methods provide a unique platform to 

investigate these escape mutations and their kinetics, as these mutations can arise at 

very low frequencies and fluctuate throughout infection (23). The aim of this review is 

to summarize current knowledge relevant to CTL escape, and to identify and highlight 

bioinformatics approaches used for the characterization of CTL immune escape. 

 

1.2 Diversity of HIV-1 

HIV-1 is characterized by extensive genetic diversity. HIV-1 strains are divided into 

four groups (M, N, O, and P), originating from four separate cross-species 

transmissions from chimpanzees and/or gorillas to humans (24). While HIV-1 groups 

O, N, and P are mainly restricted to Central Africa, group M has caused the HIV-1 

pandemic (25-27). HIV-1 group M has been further classified into 10 distinct subtypes 

(A, B, C, D, F, G, H, J, K and L), sub-subtypes (A1 and A2 for subtype A, F1, and F2 

for subtype F), and inter-subtype circulating recombinant forms (CRFs) (Figure 1.2). 

Subtypes and sub-subtypes arose from founder effects at different timepoints in the 

past, and inter-subtype recombinants can arise in individuals co-infected with two 

different subtypes. If these newly recombined strains have a significant degree of 

epidemic spread, they are called Circulating Recombinant Forms (CRFs) (28, 29). 

Geographically, subtype C is predominant in Southern Africa, Ethiopia, and India (30, 

31). Subtype A is distributed across Eastern Europe, Central Asia, and extending from 

Western to Eastern Africa. Subtype B is predominant in the Americas, Western 

Europe, and East Asia. Subtype D is most prevalent in North Africa and the Middle 

East but is also common throughout East and Central Africa. Subtype G is commonly 
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found in Central Africa and West Africa (32). The genetic diversity of HIV-1 found 

among different populations is a major challenge for vaccine development. 

 

Figure 1.2: World map illustrating the geographical distribution of HIV-1 group M 

subtypes within each region. Pie graphs show the percentage of each subtype that 

circulates within a region and the size of each pie represents the total number of 

infections in that region. Each region is colour coded. This map was adapted from 

subtype prevalence data from Hemelaar et al., 2019 and infection prevalence data 

from UNAIDS Data 2019 (33). 

 

Within an infected host, high genetic variability is a major facilitator of immune evasion. 

The virus population at a particular timepoint within an infected person consists of a 

complex mixture, or swarm, of genetically distinct variants, known as “quasispecies” 

(34, 35). The extensive genetic diversity is due to the high replication rate and the 

error-prone reverse transcriptase which lacks proofreading and results in high 

mutation rates per replication cycle. In addition to point mutations, HIV-1 evolves 

through recombination which occurs when there is strand switching between co-

packaged viral RNA molecules during reverse transcription (36, 37). 
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 1.3 The HIV-1 genome and proteins  

The HIV-1 genome is approximately 9.8 kb long and encodes nine proteins including 

three major structural proteins, Gag, Pol, and Env, the regulatory proteins Tat and 

Rev, and the accessory proteins Vif, Vpu, Vpr and Nef (38) (Figure 1.3). The genome 

exists as two viral RNA molecules encapsulated in the virion, or as double-stranded 

DNA integrated into the human genome, referred to as the provirus. When in its DNA 

form the genome is flanked at both ends by LTR (long terminal repeat) sequences. 

The 5′ LTR region codes for the promoter of viral gene transcription. In the direction 5′ 

to 3′, the reading frame of the gag gene encodes the proteins of the outer core 

membrane, matrix protein (MA, p17), the capsid protein (CA, p24), the nucleocapsid 

(NC, p7), and the nucleic acid-stabilizing protein, p6. Following the gag reading frame, 

there is a pol reading frame which codes for the enzymes protease (PR, p12), reverse 

transcriptase (RT, p51) and Ribonuclease H (p15) or RT plus Ribonuclease H 

(together p66) and integrase (IN, p32). Adjacent to the pol gene, the env reading frame 

follows from which the two envelope glycoproteins, gp120 (surface protein, SU) and 

gp41 (transmembrane protein, TM), are derived. In addition to the structural proteins, 

the HIV-1 genome codes for several regulatory and accessory proteins: Tat 

(transactivator protein), Rev (RNA splicing-regulator), Nef (negative regulating factor), 

Vif (viral infectivity factor), Vpr (virus protein r), and Vpu (virus protein unique) (38, 39). 

Table 1.1 details the functions of the different proteins found in the HIV-1 genome. 
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Figure 1.3: The HIV-1 genome organization, and virion structure. The illustration 

was obtained from Van Heuvel et al., 2022 (40). 

 

Table 1.1: HIV-1 proteins and their functions (41). 

Gene Size Protein Function 

 

gag  Pr55Gag precursor of the inner structural proteins 

 p24 capsid protein (CA) formation of conical capsid 

 p17 matrix protein (MA) myristoylated protein, forming the inner membrane layer 

 p7 nucleoprotein (NC) formation of the nucleoprotein/RNA complex 

 p6  involved in virus particle release 

 

pol  Pr160GagPol precursor of the viral enzymes 

 p10 protease (PR) proteolytic cleavage of Gag (Pr55) and Gag-Pol 

(Pr160GagPol) precursor protein; release of structural 

proteins and viral enzymes 

 p51 reverse transcriptase (RT) transcription of HIV-1 RNA to cDNA 

 p15 (66) RNase H degradation of viral RNA in the viral RNA/DNA replication 

complex 

 p32 integrase (IN) integration of proviral DNA into the host genome 
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env gp160 PrGp160 precursor of the envelope proteins SU and TM, cleavage by 

cellular protease 

 gp120 surface glycoprotein (SU) attachment of virus to the target cell 

 gp41 transmembrane protein 

(TM) 

anchorage of gp120, fusion of viral and cell membrane 

 

tat p14 transactivator protein activator of transcription of viral genes 

 

rev p19 RNA splicing regulator regulates the export of non-spliced and partially spliced viral 

mRNA 

 

nef p27 negative regulating factor myristilated protein, influence on HIV-1 replication, 

enhancement of infectivity of viral particles, downregulation 

of CD4 on target cells and HLA cells on target 

 

vif p23 viral infectivity protein critical for infectious virus production in vivo 

 

vpr p15 virus protein r component of virus particles, interaction with p6, facilitates 

virus infectivity, effect on the cell cycle 

 

vpu p16 virus protein unique efficient virus particle release, control of CD4 degradation, 

modulates intracellular trafficking 

 

  

1.4 The natural history of HIV-1 in an individual  

HIV-1 infections can be categorized into three phases. The first is the acute or primary 

infection phase and is characterized by rapidly rising viral loads which then decline to 

a steady state, lasting three to six months (42). At this phase, HIV-1-specific CD8+ T-

cell lymphocyte (CTL) responses appear and expand to ~10% of all circulating CD8+ 

T cells as viremia peaks. This early T cell response is probably responsible for much 

of the reduction in virus load (43, 44). The viral load steady state attained following 

acute infection, is a predictor of disease progression (43). 

 

The second phase is the chronic or asymptomatic phase. During this phase, the viral 

load remains relatively stable due to the equilibrium that is reached between virus 

production and clearance under the action of CTL and neutralizing antibody responses 

(45). The ongoing emergence of CTL escape variants implies the virus is continuously 

under selective pressures to evade at least partially effective CTL responses. The CTL 
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response evolves over time, often with different patterns of immunodominance during 

the chronic phase compared with the acute infection phase, which may in part reflect 

the selection of virus escape mutants and consequent new CTL responses (46). 

 

The final phase, AIDS (acquired immunodeficiency syndrome) is characterized by a 

decline in CD4+ T cells and a sharp increase in viral loads (47). Understanding the 

natural history of infection is a significant step for researchers in designing cure and 

vaccine strategies. In the CAPRISA (Centre for the AIDS Programme of Research in 

South Africa) 002 cohort investigated in this thesis, predictors of disease progression 

in subtype C infected South African women were classified according to CD4 counts 

and viral load estimates within a particular time range (48). This cohort was set-up in 

2004 and recruited women within 3 months of infection and followed them over time. 

Women accessed treatment according to prevailing treatment guidelines of South 

Africa. In this study individuals were classified as rapidly progressing to disease when 

they had CD4 counts less than 350 cells/µL between six months to two years following 

infection. Individuals with viral loads consistently below 2000 copies/mL or CD4 counts 

greater than 500 for more than 8 years were classified as slow progressors. An 

intermediate progressor was classified as anyone who did not fit in the slow or rapid 

categories or had CD4 counts greater than 350 cells/µL beyond two years (49, 50). 

 

1.5 Cytotoxic T Lymphocyte (CTL) escape 

HIV-1 rapidly escapes immune responses exerted by an infected host (37). After cell 

entry, reverse transcription, and integration of proviral DNA into the infected cell 

genome, viral proteins are produced and processed into peptide epitopes by the 

cellular machinery. Epitopes, which typically range from 9 to 14 amino acids in length, 

are loaded onto HLA class I molecules for presentation at the cell surface. CTLs are 

CD8-positive T cells that are specialized in the direct killing of infected cells 

(particularly those infected with viruses), cancerous cells, or cells that are damaged in 

other ways (51). Recognition of the epitope–HLA complex by a T cell receptor (TCR) 

expressed by a CTL results in CTL-mediated elimination of the 

infected/cancerous/damaged cell (22). Immediately following the initiation of an HIV-1 

infection, the virus begins to adaptively evolve and, in so doing, viral genomes begin 

accumulating mutations that enable escape from immune responses (52, 53). CTL 



9 

 

escape takes place when virus-infected cells are no longer recognized by CTLs. The 

mutations mediating this escape, called escape mutations, can fall into three 

categories based on different mechanisms of evasion. Firstly, escape mutations 

upstream of the epitope can impact intracellular epitope processing. Secondly, escape 

mutations can directly impact epitope-HLA binding, such as those that occur at sites 

within epitopes, called anchor residues, that are crucial for the strength and specificity 

of epitope binding to HLA molecules (usually at sites 2 or 9 of the epitope). Thirdly, 

some escape mutations reduce or abrogate recognition of epitope-HLA complexes by 

T cell receptors TCRs (54). 

 

Genes encoding HLA class I are among the most polymorphic in the human genome 

with everyone expressing up to six different class I alleles (two at each of the A, B, 

and C clusters) out of a pool of thousands of known human HLA allelic variants (55). 

This extensive host genetic diversity serves as a mechanism whereby the human 

immune system, on the scale of both the individual and the population, is equipped to 

recognize a vast array of epitopes from a broad range of pathogens. Some HLA 

alleles, (for example, HLA-B*57, HLA-B*27, and HLA-B*51) are more likely than others 

(for example B*35) to mediate successful control of infection and slower disease 

progression (54, 56). Also, the correlation between a host’s HLA alleles and their ability 

to control HIV-1 is mediated by the ability of the alleles to target specific viral epitopes. 

This is supported by studies suggesting that the targeting of epitopes in the HIV-1 Gag 

protein is correlated with control while the targeting of epitopes in Env and Nef is 

correlated with disease progression (57, 58). After viral entry, Gag has been shown to 

have a high abundance relative to other viral proteins, and it contains protective 

epitopes. For these reasons it has been hypothesized that, the targeting of Gag leads 

to better disease control (59). 

 

On a population level, the value of characterizing CTL escape patterns or targeted 

epitopes would be to identify correlates of protective immunity. Specifically, HLA-

associated polymorphisms in the genomes of circulating viral variants can serve as 

markers of viral sites evolving under HLA-allele-mediated immune pressures that are 

sufficiently strong in vivo to promote the selection of virus escape mutations (60). 

Protective HLA alleles exert strong selection pressures on functionally constrained 
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sites and preferentially select escape mutations at HLA anchor residues more than 

non-protective HLA alleles. For example, B*27 restricted KK10 epitope escape 

proceeds via selection of the R264K mutation, which results in a significant defect in 

viral replication (61). Information on the accumulation of such escape mutations can 

be incorporated into HIV-1 vaccine strategies (62-64). 

 

Immunodominant epitopes are known to provoke strong immune responses, because 

these epitopes are most easily recognized by the immune system and have the most 

influence on the specificity of the induced CTL responses. A study by Liu et al., 2013 

shows that CTL escape occurs more rapidly in high entropy epitopes and that, 

although CTL responses to conserved epitopes arise later, they are more effective in 

viral control. Additionally, the study observed shifts in T cell immunodominance 

hierarchies early in HIV-1 infection (65). The dominant T cell response was mostly 

focused on the Nef, Env, and Gag proteins while Pol was targeted infrequently. 

Examples of immunodominant epitopes include KK10 (Gag131-140), GL9 (Nef94-

102), RM9 (Nef71-79), and TL9 (Gag180-188) (66, 67). It is advantageous to identify 

epitopes containing mutations that reduce viral fitness as these make good vaccine 

targets (68). 

 

1.6 The identification of CTL escape epitopes and mutations  

The prediction of CTL escape using HIV-1 sequences is not straightforward. It requires 

(i) knowing how to analyze sequences for changes (polymorphisms) associated with 

CTL pressure, (ii) distinguishing these changes from those occurring due to random 

mutation processes or other selective factors and (iii) whether over time the mutation 

becomes dominant and fixed in the population. CTL escape can initially be detected 

within the first weeks of infection and is identifiable as: (i) changes in known HLA-

targeted epitope sequences where single amino acid polymorphisms arise and 

gradually increase in frequency; (ii) different amino acid residues within a 9-11 epitopic 

region toggling back-and-forth over time with/without one of the alternatives eventually 

becoming fixed and (iii) clusters of amino acid polymorphisms occurring within 9 to 11 

amino acid stretches (69-71). These polymorphic amino acid sites will frequently be 

detectably evolving under positive selection such that standard positive selection 

analyses can be used to support the identification of predicted escape mutations. 
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Many studies have attempted to identify evidence of escape using participant HLA 

information and these studies have applied a variety of tools including: 

● ELF (Epitope Location Finder): a tool that is used to search a submitted protein 

sequence for both known epitopes from an immunology database, and epitopes 

predicted based on consensus binding motifs (72). ELF does this by initially 

screening the given epitope against the LANL database (an annotated, 

searchable inventory of more than 17,000 entries of HIV-1 cytotoxic and helper 

T-cell epitopes and antibody binding sites, integrated with sequence variability 

data from the LANL HIV-1 Sequence Database) which consists mostly of 

epitopes identified in HIV-1 subtype B studies. ELF Identifies anchor residues 

within a query sequence, highlights differences between the predicted query 

epitopes and the database epitopes, and estimates binding affinity scores 

between predicted epitopes and HLA molecules. 

https://www.hiv.lanl.gov/content/sequence/ELF/epitope_analyzer.html  

● MotifScan: a web-based tool for finding HLA anchor residues in proteins or 

peptides (73) that works similarly to ELF. https://www.hiv.lanl.gov 

/content/immunology/motif_scan/motif_scan 

● NetMHCpan: a tool that predicts the binding of any potential epitope peptide 

irrespective of sequence to a wide range of known MHC molecules using 

artificial neural networks (ANNs) (74, 75). This tool is not restricted by HIV-1 

subtypes (i.e., it has not been exclusively trained using the known binding 

affinities of HIV-1 derived peptides) and it considers a broader range of HLA 

alleles than other tools. It is more likely to yield epitope binding predictions than 

ELF. If an identified HLA type or genotype is not found in the database of known 

MHC molecules, the closest relative of that HLA genotype will be used for 

epitope prediction. https://services.healthtech.dtu.dk/service.php?NetMHC 

pan-4.1  

● Phylogenetic dependency networks: measure the strength of selection exerted 

by an HLA allele on a given polymorphism (76). 

https://journals.plos.org/ploscompbiol/article?id=10.1371/journal.pcbi.1000225  

● CTL epitope databases: repositories of curated data relevant to immune 

reactions and specific pathogens. These are used as a reference for validating 

https://www.hiv.lanl.gov/content/sequence/ELF/epitope_analyzer.html
https://www.hiv.lanl.gov/content/immunology/motif_scan/motif_scan
https://www.hiv.lanl.gov/content/immunology/motif_scan/motif_scan
https://services.healthtech.dtu.dk/service.php?NetMHCpan-4.1
https://services.healthtech.dtu.dk/service.php?NetMHCpan-4.1
https://journals.plos.org/ploscompbiol/article?id=10.1371/journal.pcbi.1000225
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found/predicted epitopes and/or escape mutations (77). 

https://www.hiv.lanl.gov/content/immunology/index.html  

● Manual identification of polymorphisms in known epitopes in amino acid 

sequence alignments.  

As outlined previously (see section 1.5), CTL escape mutations can be of three main 

types, two of which are expected to cause amino acid polymorphisms either within 

epitopes (such as at an anchor residue that impacts binding to HLA molecules or 

changes in residues recognized by TCR) or in sequences flanking epitopes (such as 

at a site which inhibits processing of epitopes for presentation on HLA molecules). The 

impacts of escape mutations within epitopes on HLA binding can be either verified 

experimentally using IFN-γ ELISPOT assays, or they can be computationally inferred 

based on the predicted impacts of potential escape mutations on HLA binding (78, 79). 

 

Table 5.1 (appendix) provides a list of studies, mostly from southern African 

populations, that screened for CTL escape mutations in sequence data, with a focus 

on the tools and methods used to identify/predict CTL escape mutations. This table 

provides a summary of the sequencing methods, analysis tools/methods and 

cohorts/datasets that were used for identifying targeted epitopes for CTL escape 

previously. From this selection of studies, only five used the known tools in 

combination while the rest mostly used different models as well as manual 

identification. Despite the variety of tools that are available there remains no 

straightforward, robust, flexible, and widely applicable analysis pipeline for the 

identification of CTL escape mutations in deep sequencing data. Furthermore, deep 

sequencing provides the advantage of enabling a more detailed insight into CTL 

escape kinetics. 

 

1.7 Next-generation sequencing as a tool for characterizing CTL escape 

Deep sequencing is a high-throughput method that allows the sequencing of billions 

of nucleotides in a single run with the aim of sampling the viral genome extensively. 

The critical difference between Sanger sequencing and deep sequencing approaches 

is the sequencing volume. While the Sanger method only sequences a single DNA 

fragment at a time, deep sequencing is massively parallel, sequencing millions of 

fragments simultaneously per run. This process translates into sequencing hundreds 

https://www.hiv.lanl.gov/content/immunology/index.html
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to thousands of genes at one time. Deep sequencing allows the detection of low-

frequency variants with high sensitivity. It has a faster turnaround time for high sample 

volumes, provides comprehensive genomic coverage, lower limits of detection, higher 

capacity with sample multiplexing and the capacity to sequence hundreds to 

thousands of genes or gene regions simultaneously (80-82). 

 

1.8 Rationale 

There are a limited number of studies that have investigated HIV-1 CTL escape 

dynamics in deep sequencing data. Because of this there is also a lack of pipelines, 

software, and more automated workflows to handle the large volumes of data that are 

needed to reliably detect CTL escape mutations. The importance of this study is to 

yield a better understanding of immune responses, prevalence, and the kinetics of 

CTL immune escape with the use of next-generation sequencing datasets and a 

combination of predictive tools. 

 

1.9 Research Aim and Objectives 

The aim of the study was to develop a workflow for identifying the kinetics of CTL 

escape in longitudinal HIV-1 next-generation datasets of gag sequences generated 

using an Illumina Miseq platform. 

The objectives of this study were: 

1. To explore   existing tools used for identifying CTL escape and their applicability 

to deep sequencing datasets.  

2. To develop a workflow to identify CTL escape patterns in deep sequencing 

data. 

3. To describe CTL escape dynamics in a longitudinal deep sequencing dataset 

from 15 women from the CAPRISA 002 cohort. 
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Chapter 2: Methods and Materials 
 

2.1 Study population 

This study was approved by the Human Research Ethics Committee (HREC), Faculty 

of Health Sciences at the University of Cape Town (UCT), South Africa (HREC 

797/2020). This study is a sub-study of an NIH-funded R01 study (HREC 588/2015) 

and utilized Illumina Miseq generated sequences of a partial p24 region of Gag (HXB2 

nucleotide position 1255 to 1798; amino acid position 156 to 337). These data were 

generated for 15 women living with HIV, who were part of the Centre for the AIDS 

Program of Research in South Africa (CAPRISA) 002 acute infection cohort. This 

cohort recruited recently HIV-infected women from KwaZulu-Natal and followed them 

from infection to the time of ART initiation (according to the WHO / South African 

guidelines at the time) and for up to five years thereafter (83). Sequences were 

generated by Lynn Tyers and Deelan Doolabh (Division of Medical Virology, UCT) 

from samples taken at 6-month intervals from infection until ART initiation.  

 

2.2 NGS sequence alignment processing 

The sequencing method used to generate and process the sequences has been 

published in Abrahams et al., 2019 (84). The HXB2 gag nucleic acid reference 

sequence (position 1255 to 1798) was added to the longitudinal Illumina Miseq 

generated p24 Gag sequences using an in-house script written by Dr Anna Yssel, 

Division of Medical Virology, UCT (Appendix 5.2). The sequences were codon-aligned 

using the MACSE tool (v2) (85), and the AliView tool (version 1.1) (86) was used for 

manual inspection and editing of misaligned regions. The nucleotide sequences were 

then translated to amino acid sequences. Following these steps, the sequences were 

de-gapped using the web tool, GapStreeze 

(https://www.hiv.lanl.gov/content/sequence/GAPSTREEZE/gap.html) (87) with default 

settings and a gap tolerance of 50%. Sequences of epitopes known to bind to a 

participant’s HLA were extracted from the aligned sequences using the AliView tool 

for further analysis. Epitopes with missing amino acids were removed. 

 

https://www.hiv.lanl.gov/content/sequence/GAPSTREEZE/gap.html
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2.3 Epitope analysis 

EpitopeMatcher was run under Rstudio using the shiny package, 

run_EpitopeMatcher_app() (https://github.com/philliplab/EpitopeMatcher.git) (88). 

The user interface required (i) a patient HLA genotype csv file which lists all the 

participant’s HLA alleles, (ii) a list of experimentally-verified HIV CTL/CD8+ epitopes 

also in a csv file (https://www.hiv.lanl.gov/content/immunology/tables/ctl_summary 

.html) which is regularly updated with experimentally verified epitopes, and (iii) a fasta 

format amino acid sequence file of the query alignment (89). An amino acid and 

nucleotide sequence alignment from which identical sequences within a timepoint 

were collapsed into a single sequence, was used for this analysis. A summary of input 

and output files are recorded in Table 2.1. As output, the tool provides a match and 

mismatch score between the query and reference sequence and the location of 

mismatches within the epitope, providing a csv file of all CTL epitopes reported as 

restricted by the participant’s HLA alleles. Once CTL epitopes were identified, these 

were trimmed from the p24 Gag alignment (prior to de-duplication) and used to 

generate logograms using the web tool, AnalyzeAlign 

(https://www.hiv.lanl.gov/content/sequence/ANALYZEALIGN/analyze_align.html) 

(90). Default program settings were used throughout, and sequences were grouped 

by timepoint or by phase of infection, where information per phase was provided in a 

text file. NetMHCpan (version 4.1) was used for the validation experiment. As input, 

we used a Sanger sequence test dataset where immune selection was previously 

mapped to full-genome sequences (69). Settings were left on default, and the peptide 

length was set between 8 and 14-mer for this analysis. A summary of input and output 

files for NetMHCpan can be found in Table 2.1). 

 

2.4 Positive selection analyses 

The Hypothesis Testing using phylogenies - Fast, Unconstrained Bayesian 

AppRoximation (HyPhy–FUBAR), a Bayesian statistic orientated approach to inferring 

nonsynonymous (dN) and synonymous (dS) substitution rates on per-site basis for a 

given coding alignment and corresponding phylogeny (91), was used to identify codon 

sites that were potentially evolving under positive selection. The tool was run via the 

command line and as input the tool accepts HXB2 codon aligned sequences in fasta 

https://github.com/philliplab/EpitopeMatcher.git
https://www.hiv.lanl.gov/content/immunology/tables/ctl_summary.html
https://www.hiv.lanl.gov/content/immunology/tables/ctl_summary.html
https://www.hiv.lanl.gov/content/sequence/ANALYZEALIGN/analyze_align.html
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format (without stop codons) and a phylogenetic tree describing the evolutionary 

relationships of the sequences in .nwk file format. The phylogenetic tree was 

generated using Hyphy. FUBAR outputs a Json file containing information of the codon 

sites evolving under both positive (probability[alpha<beta]) and negative (probability 

[alpha>beta]) selection. The Json file was converted to a csv file and the sites were 

mapped to Gag HXB2 positions corresponding to amino acid positions in sequence 

files (HXB2 GAG coordinates 156 to 336). The Entropy (Shannon Entropy-one) tool, 

(https://www.hiv.lanl.gov/content/sequence/ENTROPY/entropy_one.html) which 

measures variation in sequence alignments was used to calculate the entropy score 

as well as the amino acid frequency at each site in all the 15 sequence alignments. As 

input the tool accepts fasta format query amino acid alignments and outputs entropy 

plots indicating the entropy score at each site of the amino acid alignment. Additionally, 

the tool outputs tables with entropy scores and amino acid frequency at each position 

(92) (Table 2.1). 

  

https://www.hiv.lanl.gov/content/sequence/ENTROPY/entropy_one.html
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Table 2.1: Input and output options for Epitope Matcher, NetMHCpan, Hyphy-

FUBAR and Entropy tools. 

Tool Input and settings Output 

Epitope macher ● Csv format  
participant HLA  
genotype file. 

● Csv format LANL 
CTL epitope 
database. 

● Fasta file query 
amino acid   
sequences. 

● Csv format list of HLA-
restricted epitopes 
and identified 
mismatches to the 
HXB2 reference 
sequence 

NetMHCpan ● Fasta format file of 
query amino acid 
sequences. 

Options on tool: 
● Peptide length 

(desired k-mers) 
● HLA alleles 

(participant HLA) 
● Additional 

configuration: 
o Threshold for strong 

binder (%rank): 0.5 
o Threshold for weak 

binder (%rank): 2 
o Include BA 

predictions: tick 
o Sort by prediction 

score: tick 
o Save prediction on 

XLS file: tick 

● Web server output 
● Csv format output of 

potential restricted 
epitopes and binding 
scores 
(downloadable). 

HyPhy FUBAR ● Fasta format query 
coding sequence file 

● .nwk format tree file 
corresponding to 
query coding 
sequence file. 

Options on Hyphy tool: 
● 1: Natural selection 

 
● 4:FUBAR 

 
● Path to coding 

sequence and tree 
files 

● JSON format 
probabilities of sites 
evolving under natural 
selection (positive and 
negative selection) 

Entropy (Shannon Entropy-
one) 

● Fasta format query 
amino acid sequence 
file. 

● .png format entropy 
plot 

● Table format entropy 
scores 

● Amino acid frequency 
per site. 
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Chapter 3: Results 
 

3.1 Review of tools for identifying CTL epitopes and putative escape mutations 

in deep sequencing datasets 

In order to explore the ability of various available software tools and published 

methods to identify CTL epitopes and putative escape mutations in next-generation 

sequence datasets, a list of tools was identified through online searches and scientific 

journal articles. Four tools were identified: (i) Epitope Location Finder (72); (ii) 

MotifScan (73); (iii) NetMHCpan (75); and (iv) Epitope Matcher (88). Another two 

reported methods identified involved the use of phylogenetic models (76) and manual 

mapping of CTL epitopes using online CTL epitope databases. The abilities of these 

different approaches to identify CTL epitopes and putative escape mutations were 

evaluated based on the following criteria: 

1. Function: Can the tool/method detect potential HLA-epitope interactions and 

possible escape mutations in our subtype C dataset? 

2. Processivity: Is the tool/method capable of analyzing NGS datasets? 

3. Source database: Does the tool/method screen the given sequence against a 

database of known CTL epitopes? 

4. Accessibility: Is the tool/method current and operational? 

5. Reliability: Has the tool/method been published and verified for accuracy? 

6. Output: Does the tool/method output HLA-associated CTL epitopes and 

polymorphisms? 

7. Design: What kind of algorithm was utilized in designing the tool? 

A summary of the comparison of these tools/methods is provided in Table 3.1. 

Two of four tools did not meet the selection criteria: 

(i) Epitope Location Finder (ELF) (https://www.hiv.lanl.gov/content/sequence/ELF/ 

epitope_analyzer.html) is limited as the input it accepts is protein sequences of less 

than 50 amino acids long. (ii) MotifScan (https://www.hiv.lanl. 

gov/content/immunology/motif_scan/ motif_scan) searches for HLA anchor residue 

motifs, but does not automatically compare this output with an experimentally verified 

epitope list, thus requiring manual evaluation. Due to the vastness of deep sequencing 

https://www.hiv.lanl.gov/content/sequence/ELF/epitope_analyzer.html
https://www.hiv.lanl.gov/content/sequence/ELF/epitope_analyzer.html
https://www.hiv.lanl.gov/content/immunology/motif_scan/%20motif_scan
https://www.hiv.lanl.gov/content/immunology/motif_scan/%20motif_scan
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datasets, manually screening databases is time consuming. Phylogenetic methods, 

as previously reported by Carlson et al., 2012 have been used to identify HLA 

associated polymorphisms in HIV sequences and can be used to support findings, 

however the dataset in this thesis is not large enough to apply this method. 

 

Two methods met the criteria and were explored further in this thesis: (i) Epitope 

Matcher, which uses a participant’s HLA to find how well that HLA characterises 

experimentally verified epitopes, and (ii) NetMHCpan, which predicts binding of 

epitopes to any known HLA types, showed potential for identifying CTL epitopes and 

putative escape mutations using deep sequencing datasets. These tools are described 

in greater detail below. 

Table 3.1: List of tools to predict CTL epitopes and escape mutations. 

Tool Epitope Location 
Finder 

 

Motif Scan 

 

NetMHCpan 

 

Epitope 
Matcher 

Function Uses HLA anchor 
motifs to predict 
epitopes. 

 

Searches any single 
protein for all known 
HLA anchor residue 
motifs, allows viewing 
of motif libraries. 

 

Predicts peptides 
binding to an MHC 
molecule of known 
sequence using 
artificial neural 
networks. 

An R package 
that finds how 
well the 
epitopes in a 
participant's 
virus will be 
recognized by 
the patient’s 
HLA. 

Input Protein sequence 
< 50 aa. 

Protein sequence. At most 5000 
sequences; not 
6<AA>20000. Select 
HLA/MHC to be 
predicted. 

Sequence 
fasta file 

Participant 
HLA type 

LANL CTL 
epitope 
database. 
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Output Potential targeted 
epitopes ordered 
by HLA. 

 

A table of anchor 
residues recognized by 
a given HLA type. A 
motif score p-value 
measuring the binding 
affinity for each region 
sequence and motif 
target site. 

Table of predicted 
epitopes based on 
anchor residue 
binding affinity. 

 

List of all 
epitopes 
restricted by 
participant’s 
HLA alleles 
with 
mismatches 
indicated, in a 
csv format file. 

Reference 
HIV CTL 
epitope 
source 

Experimentally 
verified epitopes 
(LANL) 

Marsh2000, 
SYFPEITHI database 

Binding affinity and 
eluted ligands 
peptides 

Experimentally 
verified HIV 
CTL epitopes-
LANL 

HLA allele 
required? 

Yes Yes Yes Yes 

 

3.1.1 Epitope Matcher 

Epitope Matcher is a tool that predicts how well the epitopes in a participant's viral 

population will be recognized by user specified HLAs based on amino acid sequence 

similarity to a reference. The algorithm calculates a match and mismatch score when 

comparing the epitopes from the query sequence(s) and reference sequences of 

experimentally verified HLA-targeted epitopes. An epitope is seen as not found, if the 

query epitope and the reference do not contain the same number of bases (88). 

The tool is provided as an R package that can either be run with a browser-based GUI 

or from the command-line. The input requires the HLA genotype of the participant, the 

CTL escape epitope list, which is a list of curated and verified CTL epitope information 

(https://www.hiv.lanl.gov/content/ 

immunology/tables/ctl_summary.html) and the HIV sequence fasta file. As output, it 

generates a csv file with all searches from the query alignment, which are of all the 

epitopes that are picked up in the individual fasta file. 

For a given epitope associated with the individual’s HLA genotype, it provides a 

hamming distance between the query sequences and reference for that epitope 

location. It therefore allows one to identify sites that are changing over time when 

examining longitudinal data. 

https://www.hiv.lanl.gov/content/immunology/tables/ctl_summary.html
https://www.hiv.lanl.gov/content/immunology/tables/ctl_summary.html
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3.1.2 NetMHCpan 

NetMHCpan is an online tool that predicts binding of any potential epitope peptide, 

irrespective of sequence length, to a wide range of known MHC molecules using 

artificial neural networks (ANNs) (74, 75). This tool has not been exclusively trained 

using the known binding affinities of HIV derived peptides, and therefore considers a 

broader range of HLA alleles than other tools. It comprises a large database of known 

peptide-HLA-Class I interactions and is trained on a combination of more than 850,000 

quantitative Binding Affinity (BA) and Mass-Spectrometry Eluted Ligands (EL) 

peptides). If the HLA type or genotype is found to be unknown, the closest relative of 

that HLA genotype will be used for epitope prediction. The tool considers the protein 

sequence and the HLA information and generates quantitative predictions of the 

affinity of any peptide-HLA-I interactions. NetMHCpan returns as default the likelihood 

of a peptide being a natural ligand of the selected MHC(s) and provides information 

on the binding affinity. The peptide is identified as a strong binder if the % rank is below 

the specified threshold for strong binders (which usually is 0.5 %), while a weak binder 

will be between 0.5 and 2 %. Therefore, when examining longitudinal data, it is 

possible to identify changes in HLA-targeted epitopes that result in a change in MHC 

binding affinity and therefore add support to predicting CTL escape. Thus, results 

generated from Epitope Matcher and NetMHCPan could potentially complement each 

other. 

 

3.2 Validation of selected tools 

To validate whether the two tools selected could predict targeted epitopes and identify 

putative escape mutations, we analyzed their ability to identify previously reported 

epitope targets and immune selection from a published study. This study generated a 

longitudinal full-genome HIV-1 dataset from five CAPRISA 002 participants sampled 

in acute and early HIV-1 infection using Sanger sequencing (69). Tables with detailed 

information (demographic and sequencing information for five CAPRISA002 

participants, putative CTL escape epitopes and polymorphisms) are found in the 

Appendix Tables 5.3.1 and 5.3.2. This dataset consisted of 112 near full-length viral 

genomes generated from, on average, three timepoints, including, on average nine 

sequences at screening/enrolment (2-5 weeks post-infection), six at three months (11-



22 

 

13 weeks post-infection), and nine at six months post-infection (22-29 weeks post-

infection). Additional sequences (half-genome, SGA and clonal) were generated from 

various timepoints ranging from 2 to 117 weeks post-infection. The study identified 21 

epitopes with evidence of CTL escape in 8 regions of the genome (Vif, Tat, Rev, Nef, 

Pol, Vpr, Gp41, Gag) (Table 5.3.1). For CTL epitope prediction, the study used the 

tools Epitope Location Finder and NetMHCpan 2.2 as well as manual identification 

through CTL escape databases. Furthermore, predictions of 13 of the 21 epitopes 

were supported by IFN-γ ELISPOT screening (Liu et al., 2013) (65). We investigated 

whether Epitope Matcher and NetMHCpan would detect these epitopes and the sites 

undergoing change. 

 

Epitope Matcher identified 81% of the epitopes previously reported for the test dataset 

with evidence of CTL escape (Figure 3.1A). Epitope Matcher further identified 93% of 

the sites undergoing change (Figure 3.1B). NetMHCpan predicted only 10% of 

epitopes previously reported with evidence of CTL escape. In both approaches, the 

epitopes with long amino acid length (i.e. >15 amino acids) were not analyzed by the 

tools. There were therefore size restrictions that were identified in these tools, as each 

tool was provided with a full alignment to identify or predict possible epitopes, and 

Epitope Matcher only identified known epitopes from the B list that were between 8 to 

14 amino acids long. In addition, NetMHCpan only provides outputs for epitopes in the 

range of 8 to 14 amino acids as per tool settings. Two epitopes with lengths 18 amino 

acids each were therefore missed. Two epitopes that were predicted by NetMHCpan, 

described in Abrahams et al., 2013 (69), were not detected by Epitope Matcher. 

Epitope Matcher further identified a total 46 epitopes which were not reported by 

Abrahams et al., 2013 (69). This may be due to the regular updating of the epitope 

database on LANL. 
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Figure 3.1 Analysis of the ability of the Epitope Matcher tool to detect previously identified epitopes and/or mutations in a near full-

length genome dataset. A, Number of epitopes detected by Epitope Matcher. Colour codes: Blue represents detected epitopes, red 

represents epitopes not detected, yellow represents epitopes that were not detected by Epitope Matcher because they were predicted 

by NetMHCpan in the original study, green represents epitopes not detected because of the size of epitope (>14 amino acids long). 

B, Amino acid sites undergoing change as identified by Abrahams et al., 2013 compared to those identified by Epitope Matcher. 

Changing sites detected by Epitope Matcher (Blue) and changing sites not detected by Epitope Matcher (Red) are indicated. 
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3.3 Workflow optimization 

Based on the validation test explored in section 3.2, Epitope Matcher identified HLA-

restricted, experimentally verified CTL epitopes and polymorphisms within these 

epitopes. In contrast, NetMHCpan did not perform well, in terms of independently 

identifying all epitopes/polymorphisms described in Abrahams et al., 2013. For 90% 

of the investigated epitopes that were known to bind a participant’s HLA, NetMHCpan 

incorrectly predicted that the epitopes were non-binders, even prior to the introduction 

of mutations associated with escape (data not shown). NetMHCpan was therefore not 

utilized for the analysis of CTL epitopes and escape mutations in this study. 

 

A workflow for identifying CTL epitopes and mutations putatively associated with 

escape and describing the kinetics of escape in next-generation sequencing datasets 

that incorporated the Epitope Matcher tool was therefore developed and is detailed in 

Figure 3.2. The workflow begins with applying quality control and processing of 

sequence alignments followed by running the sequences through tools to identify CTL 

epitopes and escape mutations. For specific tools, sequences were trimmed to 

specified lengths of epitopes. AnalyzeAlign was used for generating logograms and 

frequency tables showing percentage frequencies of mutations per timepoint and per 

infection phase, over time. Entropy-one was used to identify high entropy (>=0.25) 

sites. Hyphy-FUBAR was used to identify sites evolving under positive selection. 

GapStreeze was used to remove gaps from the sequences with 50% tolerance. 
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Figure 3.2 Workflow for identifying putative CTL escape in deep sequencing datasets. 
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3.4 CTL escape dynamics in a longitudinal deep sequencing data set from 15 

CAPRISA 002 women 

We evaluated immune escape in 15 participants from the CAPRISA 002 acute 

infection cohort (Table 3.2) using the designed workflow described (Figure 3.2). 

Disease progression was classified according to CD4 count and viral load within a 

particular time range prior to the initiation of antiretroviral therapy, as described by 

Mlisana et al., 2014. Rapid disease progression was classified as that individual 

having CD4 counts less than 350 cell/µL between six months to two years after 

infection. Slow progression was classified as that individual having viral loads 

consistently below 2000 copies/mL (or CD4 count greater than 500 cell/µL for more 

than eight years). Individuals experiencing intermediate disease progression were 

classified as those that did not fit in the rapid or slow progressor categories, or who 

had CD4 counts greater than 350 but below 500 cell/µL between two to eight years 

following infection (49, 50). Of the 15 women, seven were defined as rapid 

progressors, seven as intermediate progressors and one as a slow progressor. 

Thirteen individuals harboured protective HLA-B alleles (B*44:03, B*15:03, B*58:01, 

B*81:01, B*58:02, B*57:03, B*08:01), which included the slow progressor (Table 3.2) 

 

The sequence data was provided by M.R Abrahams (Medical Virology, University of 

Cape Town). Sequences were generated using the Illumina MiSeq approach, and 

comprised sequence reads from the gag p24 genome region that were 544 bp in length 

(HXB2 genome coordinates 1255 to 1798 nucleotide positions). The median number 

of sequences generated per participant was 281 (range: 41 to 566) and per timepoint 

was 126 (range: 3 to 429). The median number of timepoints sequenced was seven 

(range: 2 to 11) ranging from enrolment to 380 months post-infection. We only 

analysed epitopes restricted by the MHC class I HLA-B allele, as these are most 

frequently associated with impact on HIV disease outcome (93). 

 

Putative escape was classified as changes found in amino acid sites of wildtype 

epitopes which persisted or increased to a frequency of over 5% over the sampling 

period (Table 3.3). In total, 73 epitopes were identified for the 15 women as targeted 

by their HLA-B allele, and putative escape mutations and/or introduction of 

polymorphisms over the infection period were identified in seven (9.5%) of these 
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epitopes (from six women), with a total of nine mutations. Eight out of nine of the 

mutations are found in epitopes that are known to be restricted by HLA alleles that are 

associated with HIV control: including B*15:03 (AEQATQEVKNW, AEQATQDVKNW, 

VKVIEEKAF), B*44:03 (AEQATQEVKNW), B*08:01 (GDIYKRWI), and B15:10 

(YVDRFFKAL). Sixty-six of the 73 epitopes had low (<5%) frequency mutations and 

were not investigated further for escape. 

 

Table 3.2: CAPRISA 002 participant demographic data 

CAPID HLA profile Duration of 
follow-up 
(weeks) 

No. sampling 
timepoints 

Sampling 
timepoints (weeks 

post-infection) 

Disease 
progression 

188 B*15:03, 
B*15:16 

247 7 4, 30, 69, 132, 158, 
185, 237 

Intermediate 

206 B*07:02, 
B*44:03 

274 6 8, 26, 81, 133, 159, 
254 

Rapid 

217 B*15:03, 
B*58:01 

360 11 10, 31, 60, 138, 165, 
190, 218, 242, 282, 

321, 358 

Intermediate 

222 B*53:01, 
B*81:01 

318 2 122, 148 Slow 

244 B*44:03, 
B*58:02 

380 11 9, 33, 56, 150, 191, 
230, 255, 282, 307, 

332, 359 

Rapid 

256 B*15:03, 
B*58:02 

327 5 6, 106, 159, 206, 
429 

Rapid 

257 B*42:02, 
B*44:03 

249 7 7, 54, 80, 107, 161, 
191, 240 

Intermediate 

280 B*15:03, 
B*15:10 

300 9 13, 36, 63, 117, 156, 
209, 222, 256, 296 

Rapid 

286 B*15:10, 
B*49:01 

255 9 16, 36, 66, 93, 118, 
147, 162, 175, 225 

Rapid 

287 B*15:10, 
B*42:01 

260 11 9, 28, 61, 99, 112, 
137, 152, 192, 216, 

229, 225 

Intermediate 

288 B*07:02, 
B*15:01 

210 8 6, 24, 54, 82, 107, 
134, 174, 210 

Intermediate 

316 B*08:01, 
B*15:01 

215 4 12, 36, 53, 90 Intermediate 

336 B*08:01, 
B*58:02 

142 4 22, 51, 73, 126 Rapid 

337 B*15:10, 
B*57:03 

166 5 9, 59, 87, 111, 163 Rapid 

372 B*15:10, 
B*45:01 

182 8 3, 27, 53, 106, 132, 
161, 172, 182 

Intermediate 

*green illustrate HLAs that have been associated with control of viral replication (56, 

93, 94). 

*red illustrates HLA’s that have been associated with rapid disease progression (56, 

95, 96). 
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Table 3.3: Known HLA-associated CTL epitopes in all the participants identified by 

Epitope Matcher. 

CAPID Duration 
of follow-

up 
(weeks) 

# Of 
timepoints 
sequenced 

# of 
longitu
dinal 
seqs  

Known epitopes 
identified by 

Epitope 
Matcher* 

Epitope 
name 

Associa
ted HLA 
allele/s 

Gag 
HxB2 

position 

188 247 7 351 VKVIEEKAF VF9 B*15:03 156-164 

    VIPMFTAL VL8 B*15:16 168-175 

    YVDRFFKTL YL9 B*15:03 296-304 

    AEQATQEVKNW AW11 B*15:03 306-316 

206 274 6 499 TPQDLNTML TL9 B*07:02 180-181 

    TVGGHQAAM TM9 B*07:02 190-198 

    HPVPAGPPA HA9 B*07:02 216-224 

    GPPAPGQLR GR9 B*07:02 221-229 

    VRMYSPVSI VI9 B*07:02 274-282 

    YVDRFFKTL YL9 B*07:02 296-304 

    LSEGATPQDL LL10 B*44:03 175-184 

    AEQATQEVKNW AW11 B*44:03 306-316 

217 360 11 566 VKVIEEKAF VF9 B*15:03 156-164 

    KAFSPEVIPMF KF11 B*58:01 161-172 

    NPQDLNTML NL9 B*58:01 180-188 

    DTINEEAAEW DW10 B*58:01 203-212 
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    YVDRFFKTL YL9 B*15:03 296-304 

    AEQATQEVKNW AW11 B*15:03 306-316 

222 318 2 49 SDGATPSDL SL9 B*53:01 176-184 

    TPSDLNSML TL9 B*53:01 180-188 

    GHQAAMQML GL9 B*53:01 193-201 

    KDTINEEAA KA9 B*53:01 202-210 

    AEWDRLHPV AV9 B*53:01 210-218 

    HPVHAGPVA HA9 B*53:01 216-224  

    PPIPVGDIY PY9 B*53:01 254-262 

    DIYKRWII DI8 B*53:01 260-267 

    GLNKIVRMY GY9 B*53:01 269-277 

    RAEQATQDV RV9 B*53:01 305-313 

    QATQDVKNW QW9 B*81:01 308-316 

244 380 11 555 ATPQDLNTMLNT AT12 B*58:02 179-190 

    AEQATQEVKNW AW11 B*44:03 306-316 

256 327 5 120 VKVIEEKAF VF9 B*15:03 156-164 

    ATPQDLNTMLNT AT12 B*58:02 179-190 

    YVDRFFKTL YL9 B*15:03 296-304 

    AEQATQDVKNW AW11 B*15:03 306-316 
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257 249 7 281 LSEGATPQDL LL10 B*44:03 175-184 

    TPQDLNTML TL9 B*42:02 180-188 

    FRDYVDRFF FF9 B*42:02 293-301 

    AEQATQEVKNW AW11 B*44:03 306-316 

280 300 9 516 VKVIEEKAF VF9 B*15:03 156-164 

    GHQAAMQML GL9 B*15:10 193-201 

    YVDRFFKTL YL9 B*15:03 296-304 

    AEQATQEVKNW AW11 B*15:03 306-316 

286 255 9 222 GHQAAMLML GL9 B*15:10 193-201 

    YVDRFFKTL YL9 B*15:10 296-304 

287 260 11 364 EEKAFSPEV EV9 B*42:01 160-168 

    TPQDLNTML TL9 B*42:01 180-188 

    GHQAAMQML GL9 B*15:10, 
B*42:01 

193-201 

    EIYKRWII EI8 B*42:01 260-267 

    YVDRFFKTL YL9 B*15:10 296-304 

288 210 8 192 TPQDLNTML TL9 B*07:02 180-188 

    TVGGHQAAM TM9 B*07:02 190-198 

    HPVHAGPIA HA9 B*07:02 216-224 

    GPIAPGQMR GR9 B*07:02 221-224 
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    VRMYSPVSI VI9 B*07:02 274-282 

    YVDRFFKTL YL9 B*07:02 296-304 

    VKVIEEKAF VF9 B*15:10 156-164 

    GLNKIVRMY GY9 B*15:10 269-277 

316 215 4 196 VKVIEEKAF VF9 B*15:01 156-164 

    DIYKRWIIL DL9 B*08:01 260-268 

    GLNKIVRMY GY9 B*15:01 269-277 

    NPDCKTIL NL8 B*08:01 327-334 

336 142 4 41 ATPQDLNTMLNT AT12 B*58:02 179-190 

    GDIYKRWI GI8 B*08:01 259-266 

    NPDCKTIL NL8 B*08:01 327-334 

337 166 5 188 VKVVEEKNF VF9 B*15:01 156-164 

    GLNKIVRMY GY9 B*15:01 269-277 

    VEEKNFSPEVI VI11 B*57:03 159-169 

    KNFSPEVIPMF KF11 B*57:03 161-172 

    QATQDVKNW QW9 B*57:03 308-316 

372 182 8 458 GHQAAMQML GL9 B*15:01 193-201 

    YVDRFFKAL YL9 B*15:10 296-304 

    EEKAFSPEV EV9 B*45:01 160-168 

*Amino acids in red and bolded indicate a change that was present at > 5% frequency. 
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*Underlined amino acids are sites with dN/dS > 1 (sites evolving under positive 

selection). 

 

3.4.1 Kinetics of CTL escape in known epitopes 

To characterize CTL escape, we plotted the kinetics and timing of putative escape 

identified in the six out of fifteen women, as illustrated in Figures 3.3-3.9, in the 

acute/early (0 to 26 weeks), early chronic (27 to 52 weeks) and late chronic (> 52 

weeks) phases of infection. The wildtype (WT) virus was taken as the 

majority/consensus variant from the earliest sampled timepoint for this analyses. 

 

To investigate if escape impacted the viral load trajectories of these women, we 

compared the occurrence of escape mutations to the participant’s viral load over the 

duration when the escape mutation increased in frequency. To determine if there was 

an effect on viral load setpoint, we measured the median viral load one year before 

and after the occurrence of a mutation (Figure 3.3-3.9 D).  

 

Toggling between the escape form and reversion of amino acids within an epitope has 

been reported to be associated with sites where escape may have a deleterious effect 

on virus fitness (97). Toggling was observed in five epitopes: AW11 (CAP217, 

CAP244, CAP256), VF9 (CAP256), and YL9 (CAP372). All of the mutations potentially 

associated with escape were observed in the late chronic phase of infection. 

 

Kinetics of putative escape are described for each of the six women below. 
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Participant CAP217 

CAP217 was an intermediate progressor, her CD4 counts remained above 350 and 

below 500 cell/µL during infection. Escape was identified in the AW11 epitope (Gag 

HXB2 coordinates 306 to 316) restricted by the HLA B*15:03, an allele associated with 

control of viral replication (98). We observed changes at multiple amino acid positions 

during the chronic phase of infection. These changes include low frequency mutations 

at positions 4, 8, and 9 of the epitope (A309T (0.65%), K314E (0.08%), K314R 

(0.08%), N315D (0.08%)) (Figure 3.3A, B). The T310S mutation was initially detected 

at 190 wpi and became dominant by 350 wpi. The increase in frequency of the T310S 

mutation was slow, taking nearly 52 weeks to reach 50% frequency and a further 116 

weeks to reach 80% frequency (Figure 3.3C). We observed a spike in viral loads at 

203 wpi of 269 000 copies/mL, 13 weeks after the T310S mutation was first detected. 

Thereafter, at 218 wpi, the viral loads decreased to 53800 copies/mL suggesting there 

was a temporary loss of control of viral replication associated with the occurrence and 

rise in frequency of this mutation (Figure 3.3C, D). The T310S mutation has previously 

been reported as an escape mutation as per the CTL epitope variants and escape 

mutations database (https://www.hiv.lanl.gov 

/content/immunology/variants/ctl_variant.html) and reported as adapted, that is, it is 

enriched in the presence of B*58:01, by Carlson et al., 2012. 

https://www.hiv.lanl.gov/content/immunology/variants/ctl_variant.html
https://www.hiv.lanl.gov/content/immunology/variants/ctl_variant.html
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Figure 3.3: CAP217. The kinetics of escape in the HLA-B*15:03 restricted AW11 epitope (306 to 316). A, Amino acid logogram at 

Acute/Early (0 to 26 weeks), Early-chronic (27 to 52 weeks), and Late-chronic infection (> 52 weeks). Colour codes for amino acid 

charges are as follows: Black is hydrophobic, red is negatively charged, and blue is positively charged. B, Frequency table containing 

amino acid alignment of epitope variants over time showing the location of changes (variant), number of each variant (count), 

percentage of each variant (pct), and number of mutations. C, A stacked plot showing the change in frequency of AW11 epitope 

variants over six years. WT is the wildtype sequence. D, Viral load plot showing the viral load trajectory over the course of infection  



36 

 

Participant CAP244 

CAP244 has a protective HLA allele (HLA-B*44:03), and an allele associated with 

rapid disease progression (HLA-B*58:02) (99, 100). Despite having a protective allele, 

she was a rapid progressor with her CD4 counts reaching 350 cell/µL within six months 

of infection and remaining below 350 cell/µL for the two-year duration of follow-up. A 

putative escape mutation was identified in the AW11 epitope (Gag HXB2 coordinates 

306 to 316), which is restricted by the HLA-B*44:03 allele. Position 312 encoded 

aspartic acid (D) in 100 % of sequences sampled in both the acute/early and early 

chronic phases of infection, and the epitope remained highly conserved (Figure 3.4 A 

and B). However, in the late chronic phase of infection, diversity was observed, with 

low frequency mutations detected at positions 3, 5, 7 and 10 of the epitope (Q308H 

(0.14%), T310S (0.14%), T310A (0.14%), K314E (0.14%), N315H (1.29%)). 

Furthermore, the AW11 wildtype epitope was present at 9.44% frequency in this 

phase, while the putative escape variant D312E and N315G emerged and reached a 

peak frequency of 61.37% and 27.61%, respectively. 

 

The D312E mutation in AW11 increased to become the dominant amino acid at this 

site with 60.34% frequency at 150 wpi and reached 70% by 359 wpi. The N315G 

mutation fluctuated between 150 wpi at 18.97%, 191 wpi at 40%, 282 wpi at 76.47% 

and reached 29.36% frequency by 359 wpi (the last sampled timepoint) (Figure 3.4C). 

Viral loads in CAP244 remained constant before and after the appearance of the 

D312E and N315G mutations with a difference of 1480 copies/mL, suggesting that 

there was no effect on viral replication associated with the appearance of these 

mutations (Figure 3.4D). The N315G mutation has been reported as 

nonadapted/depleted in the presence of B*44:03, while the D312E mutation is 

enriched and reported as a known escape mutation as per the CTL epitope variants 

and escape mutations database (100, 101). 
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Figure 3.4: CAP244. The kinetics of escape in the HLA-B*44:03 restricted AW11 epitope (HXB2 Gag coordinates 306 to 316). A, 

Amino acid logogram at Acute/Early (0 to 26 weeks), Early-chronic (27 to 52 weeks), and Late-chronic Infection (> 52 weeks). Colour 

codes for amino acid charges are as follows: Black is hydrophobic, red is negatively charged, and blue is positively charged. B, 

Frequency table containing amino acid alignment of epitope variants over time showing the location of changes (variant), number of 

each variant (count), percentage of each variant (pct), and number of mutations. The master sequence is taken as the consensus of 

the full longitudinal alignment, which does not always correspond to the transmitted virus sequence. C, A stacked plot showing the 

change in frequency of AW11 epitope variants over seven years. D, Viral load plot showing the viral load trajectory during the 7 years 

of infection. 
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Participant CAP222 

CAP222 was a slow progressor with viral loads below 500 copies/mL at most 

timepoints. As a result of these low viral loads, deep sequencing data were available 

from only two timepoints, both in late chronic infection (122 and 148 wpi). However, 

13 gag p24 Sanger sequences were publicly available from this participant (LANL). 

These were obtained from eleven different timepoints (6, 13, 26, 52, 56, 70, 83, 95, 

108, 122, and 174 wpi), with two sequences obtained from 6- and 13-weeks post-

infection each, and one at each of the remaining timepoints (Figure 3.5.1). We were 

therefore able to identify the transmitted virus Gag sequence for this individual using 

this supplementary sequence data. We identified one epitope undergoing change in 

this individual, HA9 (Gag HXB2 coordinates 216 to 224), restricted by HLA B*53:01, 

an allele associated with an increased risk of progression in HIV-1 infection (102). A 

change from amino acid A to V was observed at position 223 of this epitope. At the 

earliest sampled timepoints generated by Sanger sequencing, only the A was present 

at this site. Whereas, in the deep sequenced dataset, there were both amino acids A 

and V at site 223 of the HA9 epitope. At 122 wpi, 223A was at 18.9% frequency and 

223V was at 79.4%, whilst at 148 wpi, 223A was at 5% frequency and 223V was at 

95%. At 122 wpi, at 1.35% frequency the H219Q mutation was also identified in the 

HA9 epitope (Figure 3.5.2). In the chronic phase, there was a change from 80% to 

95% frequency of the variant A223V (Figure 3.5.2). 

 

Figure 3.5.1: Identity plot of the HA9 epitope restricted by HLA-B*53:01 from 13 Gag 

p24 Sanger sequences. Timepoints: 6,13,26, 52, 56, 70, 83, 95, 108, 122, 174 wpi. 
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Figure 3.5.2: CAP222. The kinetics of escape in the HLA-B*53:01 restricted HA9 epitope (Gag HXB2 coordinates 216 to 224). A, 

Amino acid logogram of sequences at Late-chronic Infection (> 52 weeks). Colour codes for amino acid charges are as follows: Black 

is hydrophobic, and blue is positively charged. B, Frequency table containing amino acid alignment of epitope variants over time 

showing the location of changes (variant), number of each variant (count), percentage of each variant (pct), and number of mutations. 

C, A stacked plot showing the change in frequency of HA9 epitope variants between 122 and 148 weeks post-infection. D, Viral load 

plot showing the viral load trajectory over the course of infection. 
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Participant CAP256 

CAP256 was a rapid progressor, her CD4 counts over the two years of follow-up 

remained below 350 cell/µL. This individual was superinfected at 13 wpi with a second 

strain of HIV (103). CAP256 had five timepoints sampled, one in the acute/early phase 

(6 wpi) and four in the late chronic phase (at 106, 159, 206, and 429 wpi). Putative 

escape mutations were identified in the VF9 (Gag HXB2 coordinates 156 to 164), and 

AW11 (Gag HXB2 coordinates 306 to 316) epitopes. 

 

The VF9 (156 to 164) epitope, is restricted by HLA-B*15:03, an allele associated with 

control of viral replication. In the late chronic phase, the I159V mutant was observed 

at a frequency of 67.26%. Low frequency mutations were also observed at this time at 

positions 4, 6 and 9 of the epitope (E162K (0.88%), I159V&A163T (0.88%)) (Figure 

3.6A, B). While the only variants detected at 6 wpi had an I at position 159 of Gag, 

over a period of two years, the frequency of sequences with I at this position decreased 

until they dropped below the detection limits of our sequencing protocol at 106 wpi. 

Thereafter, the frequency of sequences with an I at position 159 increased, reaching 

a frequency of 70% by 206 wpi. 

 

Between 106 wpi and 159 wpi the I159V mutation went from 0% to 85% frequency 

and thereafter it fluctuated between 85% at 159 wpi, 27% at 206 wpi, and 64% at 429 

wpi (Figure 3.6C). There was no significant increase or decrease in viral loads 

associated with the appearance of the I159V mutation. Thus, no loss of control of 

replication was associated with this escape mutation (Figure 3.6D). 
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Figure 3.6: CAP256. The kinetics of escape in the HLA-B*15:03 restricted VF9 epitope (HXB2 Gag coordinates 156 to 164). A, 

Amino acid logogram at Acute/early (0 to 26 weeks) and Late-chronic Infection (> 52 weeks). Colour codes for amino acid charges 

are as follows: Black is hydrophobic, red is negatively charged, and blue is positively charged. B, Frequency table containing amino 

acid alignment of epitope variants over time showing the location of changes (variant), number of each variant (count), percentage 

of each variant (pct), and number of mutations. C, A stacked plot showing the change in frequency of VF9 epitope variants over eight 

years. D, Viral load plot showing the viral load trajectory over eight years of infection. 
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Also in this participant, 99.40% of sequences carried the WT AW11 epitope (Gag 

HXB2 coordinates 306 to 316) – which is restricted by HLA-B*15:03 - at 6 wpi (during 

the acute/early phase of infection). Low frequency mutations at this timepoint were 

observed at positions 3, 7, 8 and 10 of the epitope (Q308H (0.13%), Q311R (0.13%), 

D312N (0.13%), and N315K (0.13%)). By the late chronic phase, A309S and D312E 

mutations were present in 100% of the sequences sampled at 106 wpi and remained 

at 100% frequency until 429 wpi (Figure 3.7 A, B, C). We found a small increase in 

viral loads before and after the emergence of mutants A309S and D312E, suggesting 

no loss of control of replication was associated with these mutations (Figure 3.7D). 
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Figure 3.7: CAP256. The kinetics of escape in the HLA-B*15:03 restricted AW11 epitope (306 to 316). A, Amino acid logogram at 

Acute/early (0 to 26 weeks) and Late-chronic Infection (> 52 weeks). Colour codes for amino acid charges are as follows: Black is 

hydrophobic, red is negatively charged, and blue is positively charged. B, Frequency table containing amino acid alignment of epitope 

variants over time showing the location of changes (variant), number of each variant (count), percentage of each variant (pct), and 

number of mutations. C, a Stacked plot showing the change in frequency of AW11 epitope variants over eight years. D, a viral load 

plot showing the viral load trajectory over the eight years of disease progression. 



46 

 

Participant CAP336 

CAP336 was a rapid progressor, her CD4 counts over two years of follow-up remained 

below 350 cell/µL. The GI8 wildtype epitope (Gag HXB2 coordinates 259 to 266), 

which is restricted by HLA-B*08:01, was present at a frequency >= 97.62% at all three 

phases of infection, except for at 126 wpi when the R264K mutation was observed at 

a frequency of 6% (Figure 3.8A, B, C) (98). There was no significant increase in viral 

load (Figure 3.8D) associated specifically with the occurrence of the R264K mutation 

in the GI8 epitope. This mutation was previously reported as a known escape mutation 

as per the CTL epitope variants and escape mutations database (101). 
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Figure 3.8: CAP336. The kinetics of escape in the HLA-B*08:01 restricted GI8 epitope (259 to 266). A, Amino acid logogram at 

Acute/early (0 to 26 weeks), Early-chronic (27 to 52 weeks), and Late-chronic Infection (> 52 weeks). Colour codes for amino acid 

charges are as follows: Black is hydrophobic, red is negatively charged, and blue is positively charged. B, Frequency table containing 

amino acid alignment of epitope variants over time showing the location of changes (variant), number of each variant (count), 

percentage of each variant (pct), and number of mutations. C, a Stacked plot showing the change in frequency of GI8 epitope variants 

over two years. D, A viral load plot showing the viral load trajectory over two years. 
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Participant CAP372 

CAP372 was an intermediate progressor, maintaining her viral loads over the three 

years of follow-up and taking three years for CD4 counts to decline to 350 cell/µL. She 

has the HLA-B*15:01 allele, which is associated with better control of HIV (104). The 

wild-type YL9 (Gag HXB2 coordinates 296 to 304) epitope, which is restricted by HLA 

B*15:10 carried by this individual, was at 100 % frequency at 3 wpi, the earliest 

sampled timepoint. The T303A mutant was detectable at a frequency of 14% at 106 

wpi, rising to a peak of 86% at 161 wpi. At 106 wpi, the T303V mutation was observed 

at 36% frequency, fluctuating between 10% frequency at 161 wpi and 22 % at 182 

wpi. Low frequency mutation D298G was observed at position 3 of the epitope at 

0.09% at 161 wpi (Figure 3.9 A, B, C). The T303V/A mutations appeared at 106 wpi 

where viral loads increased by 47344 copies/mL (Figure 3.9D). The T303V mutation 

was reported by Carlson et al., 2012 to be depleted in the presence of C*03 (this 

participant is restricted by C*03:04). 
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Figure 3.9: CAP372. The kinetics of escape in the HLA-B*15:10 restricted YL9 epitope (296 to 304). A, Amino acid logogram at 

acute/early (0 - 26 weeks), and late chronic Infection (> 52 weeks). Colour codes for amino acid charges. Black is hydrophobic, red 

is negatively charged; blue is positively charged. B, Frequency table containing amino acid alignment of epitope variants over time 

showing the location of changes (variant), number of each variant (count), percentage of each variant (pct), and number of mutations. 

The master sequence is taken as the consensus of the full longitudinal alignment, which does not always correspond to the 

transmitted virus sequence C, a Stacked plot showing the change in frequency of YL9 epitope variants over three years. D, Viral load 

plot showing the viral load trajectory over three years. 
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3.5 Identification of sites under positive selection and high entropy sites 

As Epitope Matcher only identified known epitopes reported in the CTL epitope 

database (https://www.hiv.lanl.gov/content/immunology/tables/ctl_summary.html), 

escape in lesser known or novel CTL epitopes would have been missed. Positive 

selection analysis, identifies sites, like immune escape mutations, that confer an 

advantage to the virus. Here we used positive selection analysis to support predicted 

CTL escape, but also to identify new sites undergoing immune selection that may have 

been missed by Epitope Matcher. The Hyphy-FUBAR analysis tool was used to 

identify dN/dS ratios of >1 in p24 gag sequences for all participants (91). We also used 

Entropy tool (https://www.hiv.lanl.gov/content/sequence/ENTROPY/ 

entropy_one.html), to identify sites undergoing change over the course of infection 

that increased in frequency or diversity. High entropy was taken as a value greater or 

equal to 0.25 (s-unit) over the full sampled infection period (105) (Table 3.4). These 

sites under positive section and/or high entropy site, were inspected for either 

corresponding to epitopes within the LANL database CTL epitope variants and escape 

mutations list (101), and/or to HLA adapted sites identified by Carlson et al., 2012 

(Table 3.4). 

 

A total of 35 amino acid sites in Gag across the 15 participants were identified as high 

entropy over the infection period (Table 3.4), of which nine (out of 35) mutations/sites 

were within known epitopes: T310S(AW11), V223A(HA9), D312E(AW11), 

N315G(AW11), V159I(VF9), A306S(AW11), D309E(AW11), E316D(AW11), and 

T303V/A(YL9). Furthermore, there were six high entropy sites that corresponded to 

HLA associated sites reported by Carlson et al., 2012 as either “adapted” or 

“nonadapted” forms, where adapted mutations were defined as those that are 

significantly enriched in the presence of the HLA allele in question (referred to as either 

escape mutants or resistant forms) while nonadapted mutations are those that are 

significantly depleted in the presence of the HLA allele in question (susceptible, wild-

type and/or reversion forms) (100). This included the high entropy site where mutation 

G226N was identified in both participants CAP244 and CAP256, which has previously 

been reported as nonadapted, that is amino acid ‘N’ was depleted in the presence of 

C*04. CAP244 further harboured the D312E mutation where, the ‘E’ amino acid was 

reported as adapted in the presence of B*44. In addition, participant CAP372 

https://www.hiv.lanl.gov/content/immunology/tables/ctl_summary.html
https://www.hiv.lanl.gov/content/sequence/ENTROPY/entropy_one.html
https://www.hiv.lanl.gov/content/sequence/ENTROPY/entropy_one.html
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harboured the K335R mutation at a high entropy site, where the amino acid ‘R’ was 

reported to be adapted in the presence of C*03:04. Additionally, CAP372 harboured 

the T303V/A mutation at a high entropy site, which is found in the known epitope YL9 

and the ‘A’ amino acid at this site was reported as non-adapted with the presence of 

the C*03 allele. CAP217 harboured the T310S mutation where the amino acid ‘S’ was 

reported as adapted in the presence of B*58:01. 

 

In terms of the positive selection analyses, positive selection was identified in 10 

participants, with one site evolving under positive selection in each participant (Table 

3.4). Only one (position 310 seen in CAP217) of the 10 sites fell within epitopes 

identified by Epitope Matcher and another one site (position 335 seen in CAP372) was 

previously reported by Carlson et al., 2012 as a HLA adapted site. In total, nine sites 

that were detectably evolving under positive selection were also high entropy sites. 

The remaining 23 high entropy sites, along with eight sites evolving under positive 

selection (all of which overlapped), were not found either in the CTL epitope variants 

and escape mutation list 

(https://www.hiv.lanl.gov/content/immunology/variants/ctl_variant.html) or HLA- 

adapted sites (100). 

 

The AW11 epitope (Gag HXB2 coordinates 306 to 316) undergoing change in CAP217 

and restricted by alleles B*15:03 and B*58:01 harboured a T310S mutation. As 

described in 3.4.1 (Figure 3.3), this mutation had reached a frequency of 80% by 358 

wpi in this individual (the end of the pre-ART infection phase). In these additional 

analyses, position 310 was further identified as a high entropy site and to be evolving 

under positive selection. T310S has also been proven to be an escape mutation by 

Carlson et al., 2012 (100), and described as adapted to HLA allele B*58:01, which 

means, the amino acid ‘S’ is significantly enriched in the presence of B*58:01. This 

data provided supporting evidence that the T310S mutation in the AW11 CTL epitope 

was likely to be associated with escape. 

 

https://www.hiv.lanl.gov/content/immunology/variants/ctl_variant.html
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Table 3.4: High Shannon entropy sites and sites evolving under positive selection. 

CAPID HLA 
profile 

Mutation* 
(dN/dS>1 

ratio) 

Entropy 
score 

Mutation in 
known 

epitopes? Y/N 

Mutation associated with 
escape/adaptation to HLA 

(source/reference) + 

188 A*02:02, 
A*74:01 
B*15:03, 
B*15:16 
C*02:10, 
C*14:02 

P225A/S* 
(0.995) 

0.333 No None 

206 A*03:01, 
A*32:01 
B*07:02, 
B*44:03 
C*02:10, 
C*07:02 

E207D 0.693 No None 

  
D230E 0.327 No None 

217 A*02:02, 
A*29:01 
B*15:03, 
B*58:01 
C*02:10, 
C*06:02 

T310S* 
(0.996) 

0.697 Yes, 
AW11 (HXB2 
306 to 316) 

EpitopeMatcher (B*58:01), 
S Adapted by B*58:01, 

Carlson2012 (100) 

222 A*30:01, 
A*33:03 
B*53:01, 
B*81:01 
C*04:01, 
C*04:01 

V223A 0.650 Yes, 
HA9 (HXB2 216 

to 224) 

EpitopeMatcher (B53:01) 

244 A*23:01, 
A*30:04 
B*44:03, 
B*58:02 
C*04:01, 
C*06:02 

H219Q* 
(0.998) 

0.382 No None 

  
G226N 0.452 No N NonAdapted by C*04 

  
D312E 0.485 Yes, 

AW11 (HXB2 
306 to 316) 

EpitopeMatcher (B*44:03), 
E Adapted by B*44, 

Geels2015 (103) 

  
N315G 0.642 Yes, 

AW11 (HXB2 
306 to 316) 

EpitopeMatcher (B44:03) 
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256 A*29:01, 
A*66:01 
B*15:03, 
B*58:02 
C*04:01, 
C*06:02 

V159I 0.692 Yes, 
VF9 (HXB2 156 

to 164) 

EpitopeMatcher (B*15:03), 
Frahm2006 (98) 

  
G226N 0.637 No N NonAdapted by C*04 

  
I228M 0.631 No None 

  
T215L 0.675 No None 

  
N249S 0.637 No None 

  
R283K 0.631 No None 

  
A306S 0.637 Yes, AW11 

(HXB2 306 to 
316) 

EpitopeMatcher (B*15:03) 

  
D309E 0.669 Yes, AW11 

(HXB2 306 to 
316) 

EpitopeMatcher (B*15:03) 

  
E316D 0.637 Yes, AW11 

(HXB2 306 to 
316) 

EpitopeMatcher (B*15:03) 

257 A*23:01, 
A*29:02 
B*42:02, 
B*44:03 
C*17:01, 
C*17:01 

A223V/I* 
(0.967) 

0.972 No None 

  
E245D 0.650 No None 

  
D255E 0.542 No None 

280 A*29:02, 
A*74:01 
B*15:03, 
B*15:10 
C*02:10, 
C*08:04 

V215T 0.527 No None 

  
K286R 0.634 No None 

  
A332T 0.445 No None 

286 A*03:01, 
A*29:02 
B*15:10, 
B*49:01 
C*16:01, 
C*16:01 

S242T* 
(0.923) 

0.436 No None 
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287 A*24:02, 
A*43:01 
B*15:10, 
B*42:01 
C*04:01, 
C*17:01 

V256I 0.276 No None 

288 A*24:02, 
A*43:01 
B*07:02, 
B*15:01 
C*04:01, 
C*07:02 

E230D* 
(0.904) 

0.579 No None 

336 A*23:01, 
A*68:01 
B*08:01, 
B*58:02 
C*06:02, 
C*07:01 

I223N 0.669 No None 

  
A224P 0.494 No None 

  
N242T 0.582 No None 

  
S281N* 
(0.980) 

0.669 No None 

337 A*23:01, 
A*30:02 
B*15:10, 
B*57:03 
C*16:01, 
C*18:01 

N253T* 
(0.952) 

0.638 No None 

372 A*03:01, 
A*34:02 
B*15:10, 
B*45:01 
C*03:04, 
C*06:02 

T303V/A 0.975 Yes, YL9 (HXB2 
296 to 304) 

EpitopeMatcher (B*15:10), 
A Adapted by C*03, 

Honeyborne2010 (106), 
Holzermer2015 (107), 
Leitman2017 (108), 

VanTeijlingen2014 (109) 

  
T332S 0.705 No None 

  
R335K* 
(0.962) 

0.617 No K Adapted by C*03:04 

*High Shannon entropy sites (ratio of sites evolving under positive selection, dN/dS 

>1, in brackets ) 

+Adapted- amino acid enriched by HLA, non-adapted- amino acid depleted by HLA 

(100) 
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3.6 Population level analysis of CTL escape epitopes and mutations 

The most abundant HLA-B allele in our participants was B*15:03 (found in 4 out of 15 

women), a protective allele, associated with control of viral replication. Of the 73 known 

epitopes identified by Epitope Matcher in this study, the most commonly HLA-B 

targeted epitope identified was YL9, found in 9 out of 15 participants (60%) and 

restricted by the B*15:03, B*15:10 and B*42:01 alleles. The AW11 (Gag HXB2 

coordinates 306 to 316) epitope was the second most targeted epitope and was found 

in 7 out of the 15 participants (47%). This epitope acquired changes at multiple amino 

acid positions with high frequencies, specifically at positions 312, 314 and 315. 

Individuals with alleles B*15:03, B*44:02 or B*44:03 commonly target the AW11 

epitope. Other commonly targeted epitopes included TL9, VF9, and GL9 identified in 

five of the participants each, and GY9, identified in four of the participants. Other 

remaining epitopes, identified by Epitope Matcher, in this population were less 

common or unique to individuals and were restricted by a diverse set of HLA-B alleles, 

while other common HLA-B alleles amongst participants, in no order of commonality, 

included B*07:02, B*53:01, B*15:01 and B*15:10.  

 

On average, Epitope Matcher identified five epitopes per participant, with a range of 

two to eleven. At the last point of follow-up, 62.5% of the putative escape mutations 

were found in at least 50% of the sampled sequences. Overall in the seven participants 

where escape was quantified, most escape (8/9) mutations were observed in the late 

chronic phase of infection (> 52 weeks). On average, putative escape mutations took 

52 weeks to reach 50% and/or 113 weeks to reach 80% and mutations arose at any 

position within an epitope. Viral loads were not obviously impacted by the presence or 

absence of the potential escape mutations. 

 

In addition, 9/9 CTL escape mutations identified by Epitope Matcher were supported 

by entropy analyses and 1/9 supported by positive selection analysis. While HLA-C 

associated CTL escape mutations were identified by these additional analyses, there 

appear to be no HLA-B associated epitopes/escape mutations missed by the Epitope 

Matcher analyses. 
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Chapter 4: Discussion 

HIV rapidly escapes immune responses exerted by the host including escape from 

CTLs. These escape mutations arise over the course of infection and may be more 

frequent in certain regions of the viral genome than others. Deep sequencing 

approaches enable the study of changes in viral quasispecies and provide a means to 

understand the kinetics and pathway(s) of escape. The aim of the study was to 

evaluate HIV-1 CTL escape kinetics in longitudinal NGS datasets of gag generated 

using the Illumina MiSeq platform. In this thesis we have identified tools for identifying 

CTL escape in deep sequencing datasets and developed a workflow to facilitate this. 

Lastly, we applied these tools to describe CTL escape dynamics in a longitudinal deep 

sequencing dataset from 15 women in the CAPRISA 002 cohort. 

 

We defined a list of criteria for screening HIV sequences for CTL escape. These 

criteria included the functionality of the tool, it’s processivity, accessibility, reliability, 

source of database and output provided. Four tools were assessed with only two 

meeting the criteria. Only one of these tools, Epitope Matcher, was ultimately selected 

based on a validation test using a test dataset from a previous study that identified 

epitopes with evidence of CTL escape (69). This tool identified epitopes targeted by 

the participants HLA and identified mismatches to a reference of experimentally 

verified epitopes. Other tools/methods were excluded due to limitations on sequence 

length, lack of use of a CTL epitope database as a reference/training set for predicting 

CTL epitopes and escape mutations, or a requirement that CTL epitopes be manually 

mapped. 

 

In a p24 gag NGS dataset of 4583 total sequences from 15 HIV-1 subtype C infected 

women from the CAPRISA 002 cohort, KwaZulu Natal, we identified 73 HLA-B 

targeted CTL epitopes using the Epitope Matcher tool. Of the 73 epitopes, seven 

acquired putative escape mutations that increased in frequency over time (frequency 

of > 5% at a timepoint). In total, there were nine mutations identified within the seven 

epitopes. Five of nine of these mutations corresponded to known, reported CTL 

escape mutations in the CTL epitope variants and escape mutations database (101) 

and/or by Carlson et al., 2012 (100). All nine mutations corresponded to high entropy 
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sites, however only one of these mutations (T310S) was identified as a site evolving 

under positive selection. An additional 23 amino acid sites within Gag (not in epitopes 

detected by Epitope Matcher) were identified as high entropy and/or evolving under 

positive selection, of which two were associated with HLA-C alleles expressed by the 

corresponding participants. These 23 sites may be potential novel HLA-targeted sites 

or escape from other immune responses or mutations impacting viral fitness. The 

trajectory of frequency of the putative escape mutations was different in each epitope, 

where in some epitopes (55%), the frequency either constantly or decreased overtime 

while in others (44%), the frequency fluctuated between frequencies (low and/or high). 

 

Historically, the identification of CTL epitopes and escape mutations typically required 

the use of different tools/resources in combination, at times including manual 

inspection of multiple sequence alignments. In this thesis we developed a streamlined 

pipeline to perform all steps required for predicting escape. Using this approach, we 

could take a multiple sequence alignment from an individual and identify mutations 

associated with CTL pressure. We assessed tools reported in the literature and/or 

available online that were previously used in some way in the prediction of CTL 

escape. 

 

CTL escape has been detected within the first weeks of HIV infection using standard 

Sanger sequencing methods (69, 110). Furthermore, clusters of amino acid 

polymorphisms may occur within epitopes (9 to 14 amino acid stretches). Such 

clusters of polymorphisms have been reported to include those toggling back-and-

forth between two residues or between different amino acid sites over time, in some 

cases eventually becoming either fixed or dominant within the population, potentially 

to optimise the cost of virus fitness (70). Additionally, the rate of escape differs 

between epitopes and HLAs, with some epitopes escaping rapidly in acute infection 

while others take long to escape, typically in the chronic phase of infection (63, 65, 

111, 112). The use of deep sequencing to generate datasets provides an advantage 

for identifying the kinetics of CTL escape due to its sensitivity providing accuracy and 

an improved way of detecting low frequency mutations (113). In this study, putative 

escape was evaluated longitudinally up to 380 weeks post-infection in seven (out of 

15) CAPRISA 002 women. Over this time, most of the escape mutations (8/9) were 

observed in the late chronic phase of infection (> 52 weeks). Escape in these 
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mutations was slow taking 52 weeks to reach 50% frequency and/or 113 weeks to 

reach 80% frequency, such as the T310S (AW11) and T303A (YL9) mutations. The 

mutations arose at different positions within the 9 to 14-mer epitope stretches. 

Previously, studies have suggested that escape mutations preferably occur at HLA-

binding sites (anchor residues) of CTL epitopes (79). In our results, all seven epitopes 

did not have mutations at HLA-binding sites. Sampling was done every six months, 

thus there is a probability that the actual time a mutation first arose may have been 

missed due to the big sampling window and this may have affected the ability to 

completely characterize the kinetics of escape. 

 

Protective HLA alleles have previously been reported to better control HIV-1. The 

correlation between a host’s HLA alleles and its ability to control HIV-1 is mediated by 

the ability of the alleles to target specific viral epitopes (114). In this study, 5/9 of 

mutations were found in epitopes restricted by participants with protective alleles, 

however, we did not observe any obvious evidence of the impact of protective alleles 

on the outcome of clinical progression overtime. Additionally, only 3/9 of the putative 

escape mutations were associated with temporary increases in viral replication. 

 

A study by Liu et at., 2013 previously reported that CTL escape occurs more rapidly 

in high entropy epitopes. These high entropy sites in epitopes are more variable and 

thus can escape faster compared to conserved (low entropy) sites which mutate slowly 

due to functional reasons (65). In this study, there were nine out of 35 high entropy 

sites that were found in epitopes known to bind to the participant’s HLA (as identified 

by Epitope Matcher). From these epitopes, the YL9 and HA9 epitopes, which have 

previously been reported as immunodominant epitopes, were identified. Within YL9 

and HA9 the T303V/A and V223A mutations were selected for, respectively (115, 116). 

Our current findings support the immunodominance of the YL9 and HA9 epitopes. 

 

For future work, Epitope Matcher could be improved by (I) incorporating a Graphical 

User Interface (GUI) utilizing the R Shiny app or a similar platform, this would facilitate 

user interaction through visual icons and controls. (II) Automatically searching for and 

using the latest versions of LANL CTL epitope databases, (III) broadening the focus 

of the tool, in addition to searching for CTL epitopes, to also include other motifs such 

as N-linked glycosylation sites associated with neutralizing antibody targeting in 
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Envelope. Additional work can be done to automate the entire workflow of identifying 

CTL epitopes and escape mutations. The potentially novel sites with high entropy that 

were not identified or found in known epitopes would need to be validated using IFN-

γ ELISPOT assays. To broaden our understanding in characterizing the kinetics of 

CTL escape in HIV, the analysis performed in this study can be applied to the entire 

genome. Furthermore, the Gag p24 region analyzed here was amplified using an 

Illumina MiSeq method that generates non-overlapping forward and reverse sequence 

reads due to an amplicon size greater than the limits of the technology (>600bp). 

Therefore, the region is missing amino acids where the reads should overlap. This 

region spans the well-known TW10 epitope targeted by individuals with the B*58:01 

allele, therefore escape in this immunodominant site may have been missed resulting 

in under-estimation of putative escape mutation frequency. 

 

The characterization of CTL escape kinetics in next-generation sequencing datasets 

has been described in a limited number of studies (Table 5.1 Appendix). A challenge 

remains the lack of automated workflows or tools needed to confidently detect CTL 

epitopes and putative escape mutations. Given that NGS is now commonly used to 

study HIV evolution, these tools will need to handle the volumes of data provided by 

sequencing. In this study, we show that Epitope Matcher is a promising tool when used 

in combination with supporting resources into a pipeline to identify and characterize 

dynamics of CTL epitopes and putative escape mutations. 
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Chapter 5: Appendices 

Table 5.1: Summary table for studies that screened for CTL escape mutations. 

Paper Participants 
# 

Cohort description (period/freq of 
sequencing)  

Method of identifying CTL 
escape from sequence data  

Gene regions 
sequenced  

Proven or predicted?  

Carlson et 
al.,2012 

2126  
treatment 

naïve  

Durban (n=1218);  
Bloemfontein (261);  

Kimberly (n=31);  
Gaborone, Botswana (n=514);  

SA subjects in UK clinics (n=102)  

HLA-associated polymorphisms gag,  
pol,  
nef  

Proven. IFN-γ ELISPOT  

Chopera et 
al., 2017 

78 treatment 
naïve  

Durban HLA associated polymorphisms gag Predicted 

Radebe et 
al.,2015 

18 treatment 
naïve  

Blood samples collected at weeks 
2,4,6,8,12,18,26 and 52 post-infection. 
   

Pearson’s and Spearman’s 
correlation test (sanger sequence) 

gag  Proven;  
Cultured IFNγ ELISPOT 

assay  

Carlson et 
al., 2008  

1089  HOMER cohort: British Columbia, 
Canada(n=567);  

Clade B gag seqs. 
Durban cohort SA (n=522); 
Clade C p17/p24 gag seqs  

Phylogenetic  
Dependency  

networks   

gag  Predicted  
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Brumme et 
al., 2008  

98 untreated 
HIV subtype 

B  

Berlin, Germany (n=38);  
Massachusetts General Hospital,  

Boston (n =25);  
Aaron Diamond AIDS Research  
Center, New York, NY (n= 24);  

National Centre in HIV Epidemiology and 
Clinical Research, University of New South 

Wales, Sydney, Australia (n=11).  
In general, patients were monitored at 

baseline, 1 month, and every 2 or 3 months 
thereafter, 

HLA associated polymorphisms gag  
pol  
nef 

Proven  
IFNγ ELISPOT  

Goulder et 
al.,  

2015  
  
   

22 treatment 
naïve  

Durban, SA;  
Blood collection: at enrollment, 2 weeks, 

and 2,3 and 6 months post infection 
and  then every  6 months thereafter.  

SNAP  
and Highlighter  

Tool;  
  
   

Manually;  
https://www.hiv.lanl.gov/content/i
mmunology/variants/ctl_variant.ht

ml  

gag  Predicted  

Tumiotto 
2017 et al.,  

47  
art treated 

(successfully)  
for at least  
6 months  

Bordeaux Uni Hospital  
,France(n=35)  

Primary infection cohort,  
Montreal, Canada(n=6)  

IMPACTA, Lima, Peru (n=6)  

HLA-associated polymorphisms; 
Tutu Genetics     

gag  
pol  

Predicted  

Rousseau 
et al., 2008  

375 -sampled prior to ART;  Phylogenetic  
analysis  

gag, env,  
nef, pol  

Proven  
IFNγ ELISPOT  

Boutwell et 
al., 2013  

(gag  
ctl escape  
mutations)  

pNL4-3 HIV-1 subtype B  correction  
for multiple comparisons  

gag p17, p24  
pol  

proven  

Abrahams 
et al., 2013   

5  CAPRISA 002  
Acute infection cohort,  

Durban SA  

-SGA  
-ELF  

-NetHMCpan  
-Positive  
selection  
analyses  

Full genome  Proven;  
IFNγ ELISPOT assays  

https://www.hiv.lanl.gov/content/immunology/variants/ctl_variant.html
https://www.hiv.lanl.gov/content/immunology/variants/ctl_variant.html
https://www.hiv.lanl.gov/content/immunology/variants/ctl_variant.html
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Kløvepris et 
al., 2013   

C clade  
Cohort  
n=1010  

(143  
Expressed 

HLA-A  
*62:02)  

Durban and UK cohort  HLA associated polymorphisms gag  
pol  
vpr  

proven; Elispot assays  

Goonetilleke 
et al., 2009  

3  CHAVI 001 cohort.  SGA; 
positive selection analyses 

Full genome  Proven;  
IFNγ ELISPOT assays.  

Treurnicht 
et al.,  
2010  

14 treatment 
naive  

CAPRISA002 cohort;  
  

been infected for a median of 39  
Days  

(range 22 to 62 days)  
at enrolment 

  

CTL 
epitope database 

(https://www.hiv.lanl.gov/content/i
mmunology/variants/ctl_variant.ht

ml);  
NetMHCpan tool;  

ELF  
Motif Scan 

env  Predicted  

Wood et al., 
2009  

102 subtype 
B  

81 - single virion infection  
21 - multiply infected  

Evolution model to identify 
diversifying selection in 

experimentally confirmed CTL 
epitopes.    

(Los Alamos  
HIV Immunology  
Database, ELF)  

env  Proven;  
Ex-vivo IFNγ ELISPOT  

https://www.hiv.lanl.gov/content/immunology/variants/ctl_variant.html
https://www.hiv.lanl.gov/content/immunology/variants/ctl_variant.html
https://www.hiv.lanl.gov/content/immunology/variants/ctl_variant.html
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5.2A Python code written by Dr Anna Yssel for adding HXB2 reference sequence (position 1255 to 1798) to p24 sequences: 

#!/bin/bash 

#set -euo pipefail 

TASK="add reference" 

WD=$(pwd) 

NOW=$(date +"%Y%m%d%H%M") 

mkdir -p ${TASK}_runinfo/{log,tmp} 

declare -a array=( $(ls *.fasta) ) 

arraylength=${#array[@]} 

for ((i=1; i<${arraylength}+1; i++)); 

do 

echo  ${array[$i-1]} 

x=${array[$i-1]} 

y=${x%.fasta}_HXB2.fasta 

cat 1255to1798.fasta ${x} > ${y} 

done 
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5.2B MACSE program 

MACSE was accessed via the virtual machine “srvubugal004.uct.ac.za” and the following code was run to codon align the participant’s 
virus sequence with the HxB2 reference: 

java -jar -Xmx600m /opt/software/macse/macse_v1.2.jar -prog alignSequences -seq *HXB2.fasta file path -out_NT output file 
path/macse_out_NT.fasta -out_AA output file path/macse_out_AA.fasta 

 

5.2C Epitope matcher 

Steps for installation and running of the epitope matcher tool can be found on Github, link: 
https://github.com/philliplab/EpitopeMatcher.git 

 

5.2D NetMHCpan 

Additional configuration for the netMHCpan tool can be found on the website: 

https://services.healthtech.dtu.dk/service.php?NetMHCpan-4.1  

https://github.com/philliplab/EpitopeMatcher.git
https://github.com/philliplab/EpitopeMatcher.git
https://services.healthtech.dtu.dk/service.php?NetMHCpan-4.1
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5.3 

Table 5.3.1 Demographic and sequencing information for five CAPRISA002 participants (69). 

Participant 

ID 
Gender Age Risk factor Subtype 

Disease 

Progression 

Fiebig 

Stage1 at 

first 

sequenced 

timepoint 

BEAST 

mean # days 

since MRCA 

(95% CI) 2 

HLA 

Type 
Sample date 

Weeks 

post 

infection 

Whole (half) 

genome 

sequences 

Sub-genomic 

clone/SGA 

sequences 

CAP45 Female 41 Heterosexual C Slow I/II 18 (4–35) A*23:01, 

29:02 

B*15:10, 

45:01 

Cw*06:02, 

16:01 

20-Apr-05 

11-May-05 

07-June-05 

28-June-05 

27-Jul-05 

04-Apr-06 

04-Jul-06 

2 

5 

9 

12 

16 

52 

65 

3 

6 

3 

1 

3 

16 

1 

8 

7 

CAP63 Female 32 Heterosexual C Rapid III 30 (10–53) A*02:01, 

23:01 

B*45:01 

Cw*04:01, 

16:01 

06-Jan-05 

09-Mar-05 

13-Jul-05 

07-Sep-05 

2 

11 

29 

37 

11 

7 

10 

5 

19 

26 

CAP85 Female 24 Heterosexual C Intermediate V 53 (20–101) A*30:02 

B*08:01, 

45:01 

Cw*07:01, 

16:01 

22-Jun-05 

18-Aug-13 

07-Dec-05 

16-Feb-06 

10-May-06 

07_Jun-06 

5 

13 

29 

39 

51 

55 

8 

9 

7 

2 

21 

11 

1 

9 

9 



67 

 

Participant 

ID 
Gender Age Risk factor Subtype 

Disease 

Progression 

Fiebig 

Stage1 at 

first 

sequenced 

timepoint 

BEAST 

mean # days 

since MRCA 

(95% CI) 2 

HLA 

Type 
Sample date 

Weeks 

post 

infection 

Whole (half) 

genome 

sequences 

Sub-genomic 

clone/SGA 

sequences 

07-Dec-06 

06-Jun-07 

81 

107 

1 

7 

CAP210 Female 43 Heterosexual C Rapid I/II 11 (3–25) A*68:02 

B*15:10 

Cw*03:04 

03-May-05 

13-Jun-05 

21-Sep-05 

19-Oct-05 

23-Nov-05 

2 

12 

22 

26 

31 

9 

7 

11 

21 

8 

3 

3 

CAP239 Female 44 Heterosexual C Intermediate V* 34 (11–58) * A*01:23, 

29:02 

B*42:01, 

58:01 

Cw*06:02, 

17:01 

19-Jul-05 

10-Aug-05 

17-Aug-05 

21-Sep-05 

07-Dec-05 

14-Jun-06 

11-Jan-07 

04-Oct-07 

2 

5 

6 

11 

22 

49 

79 

117 

2 (3) 

8 

2 

9 

0 (4) 

3 

21 

75 

19 

9 

9 

1Fiebig stages (Fiebig et al., 2003) are (I/II) HIV RNA positive but antibody negative; (III) ELISA positive but non-reactive Western blot; 
(V) reactive Western blot without p31 band. 
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Table 5.3.2: Putative Cytotoxic T lymphocyte escape epitopes and polymorphisms (Abrahams et al., 2013) (69) 

Participant 
ID 

ORF 
Epitope/genome region 
sequence* 

HXB2 
psn. 

Participant 
HLA 
association/s** 

Reference 

Time of first 
AA 
change 
(range)(wks) 

High entropy 
epitope/pepti
de (LANL 
subtype C 
database) 

Shuffling/Toggling 
of AA mutations 

CAP45 Vif DWHLGHGVSI- 78–87 B*15:10 LANL 
database# 

12–65 No No 

Rev IHSISERIL 52–60 B*15:10 LANL 
database 

5–12 Yes Yes 

Tat NCYCKHCSY 24–32 A*29:02 LANL 
database 

5–12 Yes Yes 

Nef EEVGFPVRPQV 64–74 B*45:01 Matthews 
et al., 2008 

5–9 No Yes 

CAP63 Pol ALTEICEEM 188–
196 

A*02:01 LANL 
database 

5–11 Yes Yes 

Pol QLTEAVHKI 522–
530 

Predicted 
A*02:01 

 
11–29 No Yes 



69 

 

Participant 
ID 

ORF 
Epitope/genome region 
sequence* 

HXB2 
psn. 

Participant 
HLA 
association/s** 

Reference 

Time of first 
AA 
change 
(range)(wks) 

High entropy 
epitope/pepti
de (LANL 
subtype C 
database) 

Shuffling/Toggling 
of AA mutations 

Vpr ALIRILQQL 59–67 A*02:01 LANL 
database 

5–11 Yes Yes 

Gp41 SWSNKSEEDIWGNMTWM
Q 

102–
119 

A*23:01/Cw*04:
01 

LANL 
database 

11–29 Yes Yes 

Gp41 LLDSIAITV 303–
311 

A*02:01 LANL 
database 

2–4 Yes Yes 

Nef ALTSSNTAA 42–50 A*02:01 LANL 
database 

5–11 Yes Yes 

Nef EEVGFPVRPQV 64–74 B*45:01 Matthews 
et al., 2008 

0–2 No Yes 

CAP85 Pol KAGYVTDRGRQKVVSLTE 609–
626 

B*08:01 Matthews 
et al., 2008 

0–5 Yes Yes 
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Participant 
ID 

ORF 
Epitope/genome region 
sequence* 

HXB2 
psn. 

Participant 
HLA 
association/s** 

Reference 

Time of first 
AA 
change 
(range)(wks) 

High entropy 
epitope/pepti
de (LANL 
subtype C 
database) 

Shuffling/Toggling 
of AA mutations 

Gp41 RYLGSLVQY 283–
291 

A*30:02 LANL 
database 

0–5 Yes Yes 

Nef KEVGFPVRPQV 64–74 B*45:01 Matthews 
et al., 2008 

0–5 No Yes 

Nef YFPDWQNY 120–
127 

A*30:02 LANL 
database 

13–29 No No 

CAP210 Gag VHQAISPRTL 143–
152 

B*15:10 Matthews 
et al., 2008 

12–16 No No 

Vif DWHLGHGVSI 78–87 B*15:10 LANL 
database 

12–16 No Yes 

Gp41 EATDRILEL 313–
321 

Predicted 
A*68:02 

 
2–5 Yes Yes 
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Participant 
ID 

ORF 
Epitope/genome region 
sequence* 

HXB2 
psn. 

Participant 
HLA 
association/s** 

Reference 

Time of first 
AA 
change 
(range)(wks) 

High entropy 
epitope/pepti
de (LANL 
subtype C 
database) 

Shuffling/Toggling 
of AA mutations 

CAP239 Gag TSTLQEQVAW 240–
249 

B*58:01 Matthews 
et al., 2008 

0–2 No Yes 

Pol IVLPEKESW 399–
407 

B*58:01 Matthews 
et al., 2008 

2–5 Yes Yes 

Nef KAAVDLSFF 82–90 B*58:01 Matthews 
et al., 2008 

11–22 Yes No 

*Bold amino acids indicate sites undergoing mutation; underlined amino acids indicate sites evolving under positive selection 
**Predicted epitopes obtained using Net MHCPan2.0 (www.cbs.dtu.dk/services/NetMHCPan) 
#Los Alamos National Laboratory (LANL) database (www.hiv.lanl.gov) HIV Molecular Immunology 2008 compendium used

http://www.cbs.dtu.dk/services/NetMHCPan
http://www.hiv.lanl.gov/
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