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Abstract

Nevirapine (NVP) is a cheap anti-retroviral drug used in poor countries 

worldwide, administered to pregnant women at the onset of labour to inhibit HIV 

enzyme reverse transcriptase. Viruses which may get transmitted to newborns are 

deficient in this enzyme, and HIV-1 infection cannot be established, thereby 

preventing mother to child transmission (MTCT).  In some cases, babies get 

infected and positive selection for viruses resistant to nevirapine may be inferred. 

Positive selection can be inferred from sequence data, when the rate of 

nonsynonymous substitutions is significantly greater than the rate of synonymous 

substitutions. 

Unfortunately, it is found that available positive selection methods should not be 

used to analyse before- and after- NVP treatment sequence pairs associated with 

MTCT.  Methods which use phylogenetic trees to infer positive selection trace 

synonymous and nonsynonymous substitutions further back in time than the short 

time duration during which selection for NVP occurred. The other group of 

methods for inferring positive selection, the pairwise methods, do not have 

appreciable power, because they average susbtituion rates over all codons in a 

sequence pair and not just at single codons. We introduce a simple counting 

method which we call the Pairwise Homologous Codons (PHoCs) method with 

which we have inferred positive selection resulting from NVP treatment in 

longitudinal HIV-1 reverse transcriptase sequences. The PHoCs method estimates 

rates of substitutions between before- and after- NVP treatment codons, using a 

simple pairwise method. 
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We used two datasets. In a sample of 46 pairs of MTCT NVP treatment 

sequences, 3 codon positions of reverse transcriptase were inferred to be under 

positive selection using PHoCs. Mutations at all 3 codons (181, 103 and 106 as 

referenced to HXB2) are associated with the ability of HIV to be strongly resist 

NVP treatment.  In a similar but larger dataset of 134 sequence pairs, ten sites, 3

of which are documented NVP resistance codons, were inferred to be under 

positive selection.  238 pairs of longitudinal sequences from patients with multiple 

drug treatments were also analysed. In this dataset, before-NVP and after-NVP 

sequences were paired, as in the two previous datasets. 10 codons, including 5 

codon positions associated with NVP resistance, were found to be under positive 

selection. The codons inferred to be under positive selection are significantly 

enriched for documented NVP resistance codons in all datasets analysed. Codons

173 and 174 in reverse transcriptase inferred to be under positive selection might 

be interesting codon positions to study. Simulations performed to determine the 

power also support that PHoCs may be used to detect positive selection in 

longitudinal sequences.

PHoCs is a novel method for inferring positive selection, complementary to 

existing methods which are not appropriate for analysing longitudinal sequences

for inferring codons under positive selection. We used PHoCs to infer positive 

selection associated with NVP treatment of HIV. PHoCs may be used to infer 

codons which are involved in the evolution of drug resistance, or which are 

important at specific stages of infection. In addition to 3 codons associated with 

NVP resistance, codons not previously associated with drug resistance were

detected as being under positive selection using PHoCs. These are candidate 

codons for further study. 
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Thesis Overview

Chapter 1 (Introduction and Literature Review) gives some background 

information on the causes and consequences of HIV-1 evolution in the host 

population and within infected individuals. Stress is laid on the importance of 

intra-host HIV evolution for immune escape and resistance to drug therapy 

(section 1: Background and literature review). Algorithms used to detect positive 

selection in coding sequences are described and arguments against using these in 

longitudinal HIV sequences are given. A novel method to infer positive selection 

resulting from nevirapine (NVP) treatment in longitudinal HIV reverse 

transcriptase sequences is briefly described (section 2: Detecting positive selection 

in longitudinal HIV sequences).

Chapter 2 (Data and Methods) describes the datasets used and the methods 

applied in this research. The dataset consists of HIV-1 isolates from many 

patients, with each patient contributing one sequence before and one sequence 

after NVP treatment. A sample dataset of 46 MTCT HIV-1 sequences (called 

NICD-MTCT), and a larger dataset of 134 sequence pairs also associated with 

MTCT (called NICD-MTCT2) were analysed. Both datasets were provided by the 

National Institute for Communicable Diseases (NICD). A larger dataset of was 

sequence pairs was also curated from public databases (HIVdb dataset).  A novel 

method called Pairwise Homologous Codons method (PHoCs) for inferring 

positively selected sites in longitudinal sequences is then presented. 
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Chapter 3 (Results) contains results of the PHoCS method, i.e. identification of 

codon positions evolving under positive selection from longitudinal data. Codon 

positions with the highest nonsynonymous rates of substitutions in the datasets are 

also reported.  The ability of PHoCs to identify positive selection is assessed using 

simulated sequences with differences in sequence divergence, number of patients 

and selection strengths.  

Chapter 4 (Discussion) provides strong evidence that amino acid positions known 

to be involved in the evolution of NVP resistance are enriched in codons 

identified as being under positive selection by the PHoCs method. This chapter 

includes a discussion of a possible novel drug-resistance codon in reverse 

transcriptase for the PHoCs method. The power of PHoCs is discussed. The 

chapter also places the results obtained in this research in the context of previous 

reports of positive selection in the HIV-1 reverse transcriptase gene. Specific 

implementation issues that may have had an effect on the analysis are also 

discussed (including treatment of ambiguity symbols and the models of evolution 

used). The effect of comparing nonsynonymous rate to the mean over sites of the 

synonymous rate is considered. 

Chapter 5 (Conclusions) concludes with a summary of PHoCs and the sites found 

to be evolving under positive selection in the NVP treated datasets.
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Chapter 1 Introduction and Literature Review

Section 1: Background and Literature Review

1.1. HIV pandemic

Almost 30 years after the discovery of the Human Immunodeficiency Virus (HIV) 

[1], the search for a vaccine or cure is still ongoing [9]. HIV is a problem of 

pandemic proportions. An estimated 42 million people are HIV positive. Further, 

about 16,000 people worldwide, but especially located in sub-Saharan Africa, and 

aged mainly between 15 to 40 years old become infected daily [2]. There are four 

documented modes of HIV transmission: through contaminated blood 

transfusions, through sharing of needles, but more commonly nowadays sexual 

and mother to child transmissions [3]. 

The immune system generally protects individuals from colonization by parasites 

and other foreign bodies but it fails to get rid of HIV infection and it is 

progressively destroyed (Section 1.1.1.). Without the help of antiretroviral therapy 

(ARV), the case fatality rate of HIV is almost 100 %, mortality being preceded by 

AIDS or Acquired Immune Deficiency Syndrome ([7] and [8]).  AIDS is 

recognized by a depletion of CD4+ T lymphocytes (<200 cells per l ) associated 

with any of 25 AIDS defining illnesses these being opportunistic infections, brain 

and nerve damage, cancers and wasting syndrome ([4], [5] and [6]). Globally 

4.2% of deaths can be attributed to AIDS, 19% of deaths in Africa are associated 

with HIV infection [2]. The HIV/AIDS epidemic has equally vast social 

proportions with some 8.2 million children under 15 being orphaned, especially in 

sub-Saharan Africa.
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The epidemic has also highlighted the difference between developed and 

developing countries. Anti-HIV drugs, or antiretroviral drugs (ARVs) (section 

1.1.2.), are usually too expensive for people in the latter countries. HIV being 

never completely removed from the body for a number of reasons, ARV treatment 

may be a lifelong process. Also, resistance of viruses to the drugs often arises. The 

whole clinical setting required for effective administration of ARVs is quite 

complex and resource intensive [12]. All of this contributes to making effective 

treatment costly. 
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1.1.1. HIV infection 

1.1.1.1. The immune system

HIV is a virus which infects cells of the immune system while the latter functions 

to eliminate foreign particles from the body by a complex interplay of many cells 

and soluble signalling molecules. Distinguishing that a particle is not self but 

foreign i.e. an antigen is essential step in immune responses.  The cells involved in 

this step are grouped into antigen presenting cells, which ‘present’ portions of 

antigens bound to MHC proteins on their surfaces, and lymphocytes, to which the 

antigens are presented. Lymphocytes are B cells and T cells. B cells produce 

antibodies (soluble complementary copies of the receptor). The T cells are called 

CD4+ and CD8+, and present surface proteins CD4 and CD8 respectively. CD4+ 

cells are helper cells because they increase efficiency of immune responses 

following recognition of the antigen. These are the cells which are actively 

infected by HIV. When a CD4+ cell receptor complements the presented antigen, 

the cell releases soluble growth and differentiation inducers called cytokines 

which acts on CD8+ cells and B cells, and enable these to multiply greatly and 

differentiate into active immune cells more efficiently. Differentiation only 

proceeds in the CD8+ and B cells if their receptors are antigen-bound [15]. CD8+ 

cells destroy foreign cells by inserting porins (membrane proteins with holes) into 

infected/infective cell membranes, or by releasing apoptotic (cell death) 

chemicals.  An immune response to an antigen is usually remembered, i.e. a larger 

number of long lived copies of the cells with the antigen specific receptors remain 

in the body. 

The ability of the lymphocytes to recognize antigens is because they have, as a 

group, an extraordinarily diverse array of receptors on their surfaces. These 

receptors complement most, if not all, antigens presented. The variation arises 

from cell to cell, single lymphocytes bearing only one type of receptor. The single 

receptor is highly specific, i.e. only highly complementary particle will fit into it. 

Subtle differences in the particle may alter its complementarity to the receptor and 

the cell bearing the receptor will no longer respond to the particle. In addition, 



4

particles presented to the receptors should be bounded by MHC proteins if the 

particles are to be recognized by the receptors effectively. The immune response 

is therefore highly specific and highly dependent on interplay of antigen 

presenting cells and lymphocytes. 

1.1.1.2. Cellular infection with HIV

HIV viruses actively infect cells which present the CD4+ receptor. This receptor 

binds to viral surface glycoprotein gp120 which initiates further interaction of 

viral gp41 to cellular co-receptors CCR5 and CXCR5. This is followed by fusion 

of the viral membrane with the cell. Once in the cytoplasm, many DNA copies of 

the viral RNA genome are made by reverse transcriptase.  At least one of the 

copies needs to integrate the host cell genome for the cell to synthesize new 

virions. In addition, the cell needs to be activated for cell division for new viruses 

to be synthesized. 

If this happens, transcription complexes of enzymes and cellular and viral 

transcription factors transcribe the integrated genome, resulting in copies of the 

entire viral genome or in shorter segments encoding viral proteins. Translation of 

viral mRNA produces polyproteins and viral surface glycoproteins gp120 and 

gp41 which are inserted in the host cell membrane. 

At the cell surface, viral protein Vpr aids the assembly of new virions. These 

contain polyproteins gag and pol (see Figure 1.5) and 2 copies of RNA genome, 

enclosed by the host cell membrane with camouflaged viral proteins. Virions then 

bud off from the infected cells and mature outside cells. Polyproteins gag and pol 

are cleaved into individual polypeptides when maturation occurs ([80] and [39].  

The mature HIV virus has a structure described by Figure 1.1 [89]. 

Infected CD4+ cells activated to undergo cell division keep producing virions for 

at least 2.2 days [39] before undergoing cell lysis. 
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Figure 1.1 Major structural elements of mature HIV virions.  gp120 SU (surface 

glycoprotein), gp41 TM (transmembrane protein), p17 MA (matrix protein), p24 CA (capsid 

protein) complexed with 2 copies of viral genome stabilize these, p7 NC  (nucleocapsid 

protein), PR (protease), RT (reverse transcriptase), IN (integrase), accessory proteins, Nef, 

Vif and Vpr (not shown). Three additional accessory proteins that function in the host cell, 

Rev, Tat and Vpu, do not appear to be packaged. From Turner et al. [89]
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1.1.1.3. Immune reactions to HIV infection

HIV infects cells of the immune system, and the immune system functions to 

eliminate it. The infection is symptomatic at the start and the end of infection, 

HIV positive individuals are asymptomatic in between. In a newly infected 

individual the number of viruses (viral load) first increases dramatically, as 

viruses replicate unchecked and may result in mild symptoms (called the acute 

infection phase). Then, an immune response is effected, with CD8+ cells and B 

cells of the immune system responding to HIV infection. This results in the initial 

containment of viral load, which is brought down to a more or less constant level, 

called the viral set point. This level remains more or less constant over time. The 

immune system eventually stops functioning effectively, resulting in symptoms 

associated with immune deficiency (collectively known as AIDS). AIDS can often 

be warded off with an appropriate cocktail of anti-HIV drugs, but if these drugs 

are not administered, AIDS sets in more often than not. 

The immune system cannot recognise and destroy HIV as it does to most other 

infective agents primarily due to camouflage the virus uses, and the way the virus 

effectively uses immune responses to replicate.  

Camouflage makes immune recognition ineffective. Viruses which float in the 

blood stream or cells which actively produce viruses present viral surface antigens 

gp120 and gp41. These are covered with a variable number of sugar moieties 

[224], which increases the variability of HIV protein surfaces. This means that a 

broad set of immune cells are required to effectively recognise the population and 

contain the infection. A cell may have integrated viral genomes, yet not actively 

show signs of being infected and act as latent reservoirs [225]. Camouflage also 

occurs because of the high genetic diversity of HIV, whereby HIV proteins get 

modified slightly in themselves and escape immune recognition by a set of anti-

HIV specific immune cells. Camouflage is also seen due to the long ‘incubation’ 

period of infected cells which possess an integrated viral genome, do not present 

any signs of infection.
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HIV uses the immune responses to enhance replication and infection of the host 

cells. For instance, CD8 cells produce chemokines, which are chemotactic 

cytokines, to attract other lymphocytes to the site of viral infections, causing a 

concentration of the lymphocytes and antigen presenting cells such as 

macrophages. Other cytokines such as interleukine2 (IL-2) secreted by CD4 cells 

enhance cell division of immune cells. IL-2 enhances viral transcription and 

production of virions. CD4+ cells may get infected when they cluster around the 

infected cells. [222]

Macrophages engulf viruses, partially digest these, and present MHC-bound 

antigens on their surfaces. Macrophages may migrate to the lymph nodes, where 

there is a high concentration of immune cells. Sometimes macrophages may get 

productively infected with HIV. These bud viruses but usually do not lyse like 

CD4+ infected cells, and therefore be a low level constant source of infection 

[223].

CD4+ cells which complement the antigens are activated and function to enhance 

other immune responses. The destruction of CD4+ cells is equivalent to an 

ineffective immune response to other pathogens. Over time, new CD4+ cells get 

exhausted due to persistent infection/lysis resulting in immune failure and AIDS 

[82-84]. CD8+ cells responses are associated with most effective containment of 

viral load [204] as described in section 1.1.1.1, but require activation and help of 

CD4+ cells. 

The asymptomatic period before AIDS is variable (2-3 years to AIDS 

progression-10% of infected adults, up to 10 years- 40% of infected adults, more 

than 20 years - 10-17% of infected adults) [226].  Strongly correlated to the rate of 

progression to AIDS are various host immunological and genetic factors. These 

include the strength of HIV-specific CD8+ responses throughout the infection, the 

retention and proliferation of HIV-specific CD4+ lymphocyte response following 

acute infection ([198]-[201]), CCR5, RANTES (human proteins which 

complement the CCR5 receptors), and SDF-1 promoter regions polymorphisms 
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[205], altered expression of cytokines [202], and HLA class I (MHC) alleles 

present [209].

HIV viral load usually increases and CD4+ counts declines (Figure 1.3). The 

delicate interplay of cells required to effect an immune response is disrupted as a 

result of extensive destruction of CD4+ cells associated with HIV replication 

[207].
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1.1.2. Drug therapy of HIV

Antiretroviral drugs (ARVs) inhibit viral replication, by binding to HIV proteins 

and making them unavailable to participate in the viral life cycle at crucial stages, 

and they thereby allow CD4+ cell counts to increase. ARVs do not affect the 

latent viral reservoirs. 

At present, 15 ARVs for HIV treatment are approved by the FDA [16]. There are 

4 distinct drug classes, 3 of these interfere with viral enzymes (RT and PR) and 

the last is a group of entry inhibitors that block HIV infection ([94] and [95]). The 

3 classes of enzyme inhibitors affect enzymes reverse transcriptase, protease and 

integrase.  All the enzyme inhibitors, except a class of reverse transcriptase 

inhibitors called NNRTIs, target the active sites of enzymes. NNRTIs stand for 

Non Nucleotide Reverse Transcriptase Inhibitors and allosterically inhibit reverse 

transcriptase enzymes.  

Resistance to ARVs often arises [96].  HIV drug resistance is a decrease in 

susceptibility to a drug previously shown to negatively affect the reproductive 

ability of HIV [227], usually brought about by a structural change in the target

enzyme, which makes the binding of the ARVs less effective. HIV-positive 

patients undergoing treatment experience a rebound in previously declining viral 

loads and a decrease in previously increasing CD4+ cell counts when ARV-

resistance arises in the intrahost viral populations. Sequencing of HIV isolated 

from such patients reveals the presence of key mutations associated with 

resistance.

To most effectively impinge on the viral replication rate, highly active anti-

retroviral therapy (HAART) is used [228]. HAART comprises a cocktail of drugs 

which belong to different classes of ARVs.  Some drugs combinations have been 

worked out which are ‘synergistic’: resistance to one ARV confers increased 

susceptibility of the enzyme to another ARV. 
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Reverse transcriptase inhibitors are attractive options for drug treatment of HIV. 

Reverse transcriptase homologues are absent in humans and toxicity due to cross 

reaction is therefore less common. The enzyme reverse transcriptase consists of 

two monomers: p66 and p51. p66 has an RNaseH domain but p51 does not. The 

p66 domain is a 66kDa monomer with identifiable 'finger', 'palm', and 'thumb' 

components [218]. The p66 contains a reverse transcription active site and a 

domain target of NNRTIs, enclosed between the thumb and the finger 

components. In addition, these inhibitors tend to be cheaper than inhibitors 

belonging to other drug classes. This is because the reverse transcriptase drugs 

have been produced for longer, and are more likely to be generic (i.e. a cheaper 

non-branded imitation produced after brand name patent expires)[172]. 

Single substitutions might confer resistance to a drug. Most resistance arises by 

substitution at specific sites. 34 known drug resistance sites in HIV-1 reverse 

transcriptase are known.  

16 NNRTI associated resistance sites in HIV reverse transcriptase referenced to 

HXB2 are 98, 100, 101, 103, 106, 108, 179, 181, 188, 190, 225, 227, 230, 236, 

238 and 318. 

18 nucleoside reverse transcriptase inhibitor (NRTI), or  reverse transcriptase 

active site inhibitors, associated resistance sites are 41, 44, 62, 65, 67, 69, 70, 74, 

75, 77, 115, 116, 118, 151, 184, 210, 215, 219 (see [16]). 

The amino positions cited above are referenced to HXB2 [Genbank Accession 

Number K03455] reverse transcriptase enzyme, which has been proposed for 

HIV-1 to overcome inconsistency in numbering and reports of HIV sequences 

[166]. 

HIV drug resistance mutations are first identified by in vitro culturing of viruses 

in the presence of sub-lethal concentrations of a drug (Figure 1.2). Clinical 

isolates are not used to infer drug resistance mutations because they display many 

polymorphisms, while in vitro sequences are cleaner and there fore easier to work

with. 
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Resistant viral sequences resulting from in-vitro cultures are compared to 

consensus HIV-1 subtype B virus. Potential drug resistance mutations require 

further site directed mutagenesis and clinical confirmation before accepting that 

the site is a drug resistance site. 

The convention for naming mutation is for example V35K, where V is consensus 

reference amino acid, 35 is the position in the protein sequence, and K is the new 

amino acid.

T0      T1         T2         T3            T4

Figure 1.2 Determining drug resistance mutations in vitro. HeLa cells infected with HIV-1 virus 
are cultured with sub-lethal concentrations of drugs. At timepoint T0, virus replication occurs at 
a very low rate because of drug inhibition. At T1, some HeLa cell lysis is seen, indicating that 
some viruses have a higher rate of replication vs others in the culture. The virus with the higher 
replication rate spreads more rapidly to HeLa cells and lyses other cells, seen by a growth of the 
‘blob’ across the petri dish (T2, T3, T4). T0 and T1 may be separated by a longer period of time 
than T1 to T2. Similarly, the times between T1 and T2 may vary depending on the drug 
concentration and the resistance confered by the substitution in the new virus.  (where did you get 

Time
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1.1.3. Mother to child transmission of HIV

Mother to child transmission of HIV is the cause of the majority (90%) of HIV-

infections in children, who acquire the virus before (in-utero), during birth (intra-

partum) or via breast-feeding (see [165]). In countries with the longest-lived 

AIDS epidemics e.g. Botswana, children ill from HIV occupy three-quarters of 

paediatric hospital beds, and children’s life expectancy has been shortened 

dramatically.  In Namibia, the infant mortality rate is now at an expected 63

deaths per 1000 compared to a previous rate of 45 deaths per 1000 children prior 

to the pandemic [2]. 

Mother to child transmission (MTCT) is when an HIV positive woman passes the 

virus to her baby. This can occur during pregnancy, labor and delivery, or 

breastfeeding. Without treatment, around 15-30% of babies born to HIV positive 

women will become infected with HIV during pregnancy and delivery ([21], [230] 

and [231]). Chances of MTCT increase with increased maternal viral load, low 

CD4+ cell count, and an impaired cellular immunity (see [181]). Prolonged 

exposure to ruptured membranes is also associated with increased MTCT [181]. A 

further 5-20% will become infected through breastfeeding. In some resource-

constrained countries, breast-feeding is often the safest or only option a mother 

has to feed her child, despite the attendant risks of HIV transmission and 

increased maternal mortality.

Unequivocally, one of the most successful uses of antiretroviral medications has 

been the prevention of vertical transmission. Numerous studies show that brief 

courses of antiretroviral treatment given to mother and infant can dramatically 

reduce the risk vertical transmission, with little or no significant long-term sequel

to the infant. ARVs may help to reduce the chances of MTCT. The reverse 

transcriptase drug, AZT, an NRTI, helps to reduce MTCT but it costs 

approximately $1000 per pregnancy (drug cost only, no counselling costs or 

testing) [87]. Nevirapine is the alternative resource for poor countries, a single 

dose of nevirapine to mothers prior to birth reducing MTCT cases by half. 

Additional administration of NVP to the child when it is born further decreases 
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risk of infection [208].  In addition, short treatments of AZT used in combination 

with NVP have been used to lower MTCT [229]. The NVP + AZT is a more 

effective combination than NVP only because the hydrophobic NNRTI binding 

pocket is less well conserved than the NRTI- binding, which increases the number 

of viruses targeted. 

In the prevention of HIV MTCT, pregnant women are administered NVP as soon 

as they go into labour. NVP is rapidly absorbed, possibly reaching blood 

concentration of >IC50 after a single oral dose of 200mg, 8h after administration. 

It also easily permeates to different compartments of the body, of special 

relevance in this case: the genital tract and remains in the body with a half life of 

25-30h [207].  NVP allosterically inhibits reverse transcriptase, if it is able to bind 

to the enzyme [209]. If an inoculum of HIV infects her baby during labour, RT 

bound to the inhibitor cannot initiate an infection. Once the baby is born, it is 

administered a second dose of NVP, which boosts chances of targeting all 

susceptible RT which might be present in its body. Sometimes, however, viruses 

not susceptible to the drug are present, and if these infect the newborn, an 

infection gets established despite NVP treatment. The incidence of MTCT despite 

NVP treatment is 15-30% [230]. 

To determine whether infection occurred during labour or during gestation, PCR 

test for HIV may be performed using blood samples from the baby 72h after birth. 

If positive, transmission is concluded to have occurred during gestation. 

Otherwise intrapartum transmission is concluded.  The estimated rate of intra-

partum MTCT cases is 62-75 percent and the mechanisms of transmission are not 

well understood. The test to time transmission is not usually performed when 

longitudinal sequences are sampled

1.2. Diversity of HIV

HIV escapes immune responses and drug inhibition due to natural variation which 

is the result of errors during reverse transcription. Recombination causes more 

variation by causing new combinations of alleles and is also associated with the 
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enzyme reverse transcriptase. A population of slightly different HIV viruses 

called a quasispecies therefore exist within HIV positive individuals [97]. 

Reverse transcriptase (RT) enzyme is the cause of most mutations in the viral 

genes (reviewed in [17]). RT does not have an exonuclease activity that would 

permit bases which are wrongly incorporated in the DNA chain to be removed, 

although the potential rudimentary proofreading mechanisms have been found 

[18, 19]. Point mutations or substitutions arise at an estimated in vivo rate of 

3.4105 in HIV ([20] and [21]). Thus, on average, for every 10 rounds of 

transcription, 3-4 daughter genomes will incorporate a new point mutation.  The 

HIV life cycle can be completed in a minimum of 2.5 days, with 1010 - 1012

viruses being produced daily [39].  This highlights the enormous potential for HIV 

diversity in an infected individual. In addition, mutations in VPR [22], nucleotide 

pool imbalance [23] and RT inhibitors AZT and 3TC ([24], [25]) increase the rate 

of mutation. Frameshift mutations which are insertions and deletions occur less 

frequently than substitutions [26]. During one round of replication, 1/10 genomes 

suffer from significant internal deletion, deletions being likely when direct repeats 

are present ([27], [28]). 

RT point mutations are not completely random. In substitutions in general, 

transitions are more likely to occur than transversions, given by the Greek 

character kappa ( ) in models of nucleotide or codon substitutions. Also 

observed is bias in codon usage/or nucleotide bias, given by pi ( ). In HIV, G to 

A mutations arises more commonly than G to any other nucleotides [23]. 

Recombination within an infected individual provides another source of 

variability (see also section 1.5). Template switching of reverse transcriptase 

during this phase generally produces daughter strands which have a bit of the two 

strands of the RNA genome. It generally takes place between related viral 

variants, though intra-clade recombination also occurs (section 1.2.2, [36]). 
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1.2.1. Diversity in the pandemic

HIV is a human variant of African primate lentiviruses called the simian 

immunodeficiency viruses (SIV). These primates live in the forests of Western 

Africa, where the first cases of transmission to humans are believed to have 

occurred [98, 100].  A number of transmissions are thought to have occurred as a 

result of random events, and these resulted in the different groups of HIV 

recognized in the pandemic: HIV-2, and HIV-1 groups M, N and O.  HIV-2 is 

thought to be a human variant of the SIV species infecting Sooty mangabeys

[102], while HIV-1 is believed to have originated from commerce of chimpanzee 

meat ([101]). The first HIV sequence isolates tend to indicate that the transmission 

event giving rise to group M, HIV group with the most public health significance, 

occurred between 1915 and 1941 [99].

Group M viruses are further subdivided into 9 subtypes labelled A-K. Strains 

belonging to the same subtype can differ by up to 20% in their envelope proteins, 

and between-subtype distances can be as great as 35% ([103]).  16 recombinant 

forms are also recognized.  While recombination between subtypes is common, a 

circulating recombinant form (CRFs) is only recognized if it originates significant 

epidemics as a stable form in people without superinfection (infection with a 

number of different HIV subtypes at the same time). For instance AE is 

responsible for 10% of HIV-1 infections [104].  

One major difference between subtypes is the above mentioned genetic 

composition. Whether they differ in their pathogenicity is not very conclusive. 

There is some indication that different subtypes associate with different rates of 

disease progression has been found ([105], [106]).  It has also been suggested that 

certain subtypes may be predominantly associated with specific modes of 

transmission: for example, subtype B with homosexual contact and intravenous 

drug use (essentially via blood) and subtypes E and C, with heterosexual 

transmission (via a mucosal route) [107]. Some recent studies have suggested that 

subtype C spreads more easily than subtype B. For instance, HIV-1 subtype C 

now accounts for more than half of new infections worldwide and is now the most 
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prevalent subtype (see [109] on co-receptor usage of subtype C]. Also subtype F 

is no longer in circulation, even though recombinants with parts of the genome F 

are [2]. However, subtype B, more specifically a reference sequence called HXB2, 

is usually used as a representative subtype in drug resistance (and other) studies 

[108]. 

1.2.2. Diversity in infected individuals

A number of slightly different variants are present due to the high mutation rate, 

short generation time and selective events. The diversity in an intra-host viral 

population is also linked to its size (more mutations occur in a large replicating 

population than in a small replicating one), time since infection ([57], [58], Figure 

1.3), and the number of selective events (for instance, significant reductions due to 

drug therapy). 

In Figure 1.3, the acute infection phase start off with a relatively small inoculum. 

Sexual and vertical transmission generally involves smaller amounts of virus and 

infected cells than direct blood-to-blood contact, e.g. contaminated needles or 

blood transfusions ([114] – [116]). Following infection, a relatively homogeneous 

population is found within a host, despite the fact the inoculum may have some 

diversity [35]. The viral population increases in size and accumulates diversity as 

time progresses.  However, selective events may constrict the replicating viral 

population with only variants able to resist the selective pressure replicating, and 

the diversity may be reduced substantially. AIDS is also thought to be associated 

with loss of diversity in the viral population ([57], [58]). This may be again 

associated with selective events associated with SI variants (described below). 
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Figure 1.3 Progression of viral load (1) and diversity (2) in an infected individual. Arrows 
denote selection events. 

Viral sub-populations that develop in different compartments of the body show 

different viral quasispecies. The special compartments are the brain, blood, genital 

tract, oral cavity, and lymphoid tissue (see reviews [36], [41]. Several ideas have 

been presented to explain the compartmentalization phenomenon, such as physical 

isolation of a tissue compartment, selective migration of infected cells, distinct 

types of target cells, and localized selective pressures ([40], [99]). 

The slower replicating, CXCR5 co-receptor utilizing HIV generally predominate 

during asymptomatic stages, but are sometimes outgrown by faster replicating 

syncitium inducing (SI)  variants which use the CXCR4 (X4) human co-receptors 

in preference to the CXCR5 co-receptor HIV-1 are generally isolated during 

AIDS or in late HIV disease [118].  Appearance of SI/X4 isolates coincides with 

rapid decline in CD4 cells, a burst in viral load, and the onset of AIDS. However, 

SI/X4 isolates are inconsistently isolated in late stages of disease and are not a 

prerequisite for progression or AIDS ([120]-[122]).
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1.3. Evolutionary forces shaping diversity

Different parts of the 9kb HIV genome (Figure 1.4 [196]) appear to accumulate 

diversity at different rates [65]. Open reading frames encode the 3 polyproteins: 

gag, gap-pol, and env, each polyprotein comprises more than one polypeptide 

(gag: capsid proteins, pol: integrase, reverse transcriptase and protease, env: 

gp120, gp41). Some codon positions are invariant across an alignment of different 

HIV from a quasispecies and subtypes, other positions may show limited or 

extensive variation.  The envelope proteins (env in genome) appear to accumulate 

the most diversity over time (reviewed in [112]. Reverse transcriptase and other 

proteins of HIV may accumulate mutations at the sites of least functional and 

structural constraints, while critical codons remain unchanged [111]. 
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Figure 1.4 Organization of HIV genome and summary of Gene Product Functions [196]

Fitness is a parameter indicating the ability of an organism to survive and 

reproduce in a given environment (reviewed in [29], [30]).  A number of in vivo 

and in vitro assays have been performed to assess the effect of HIV genotype on 

HIV-1 replication (reviewed in [31]).  Environmental changes can change the 

relative fitness of mutants.  For instance, drug resistant variants arise randomly in 

the viral quasispecies but they are not usually present in large frequencies when 

there is no drug selection, because they have reduced fitness [32]. Selection 

pressure resulting from drug therapy can positively enhance fitness of mutants 

with decreased sensitivity to the drugs and their frequency in the viral population 

increases ([32], [27]).  
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1.3.1. Drift

The expected population dynamics of neutral alleles (those not having increased 

or decreased fitness) is described by genetic drift.  A neutral allele is equally 

likely to increase or to decrease in frequency. The effective number of adults 

contributing gametes to the next generation size [197] is called effective 

population size and affects drift the most. Drift is observed strongly in small 

populations. Events which contract population size are greatly affected by drift 

[37]. A sharp constriction in the breeding size of a population is called a 

bottleneck, and the establishment of a new colony by a constricted portion of the 

larger population is called Founder Effect.

1.3.2. Darwinian selection

The tendency of beneficial alleles to increase over time and deleterious alleles to 

decrease over time is described by Darwinian selection. Positive selection 

describes the tendency of favourable alleles to increase over time, while purifying 

selection describes the tendency of deleterious alleles to decrease in frequency 

under Darwinian selection. Positive selection has enormous potential for affecting 

the fate of HIV-1 populations [63]. It is also transient; a period of positive 

selection might be followed by a period of purifying selection, once a novel 

property has been established in the population [64].  A change in environment 

can cause previously neutral alleles to have selective values: evolution can run on 

‘stored’ variation and thus be independent of the mutation rate, particularly for 

highly diverse populations. 

Positive selection for a given protein or an amino acid site can be inferred in 

coding nucleotide sequences by comparing the rate of non-synonymous 

substitutions ( dN ) to the rate of synonymous substitutions ( dS ). These rates are 

compared by calculating the number of synonymous and nonsynonymous 

substitutions as a fraction of the potential number of synonymous or 

nonsynonymous sites (these ratios are given the symbols Nd ˆ  and Sd ˆ

respectively). The ratio of dN / dS  is called omega ( ). Simplistically, omega of 

0 to less than 1 indicates purifying selection. If omega is 1, the site or protein is 
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inferred to be evolving neutrally. On the other hand, omega significantly greater 

than 1 is thought to be indicative of positive selection. dN is on average much 

smaller than dS  ( <1) because nonsynonymous substitutions are more likely to 

disrupt function than to be beneficial for the protein. 

In addition to these methods of inferring positive selection using coding sequences 

a number of tests for testing deviations in observed allele frequencies from 

neutrality are available. A few are Tajima's D statistic and Fay and Wu's H

statistic as well as the McDonald Kreitman test ([126]-[128]).

1.3.3. Studying diversity and evolution

A number of studies have assessed the diversity of HIV populations using 

phylogenetic trees, multiple sequence alignments, distance and regression 

methods ([35], [57] – [61], [65]). Divergence, a measure of diversity relative to 

other sequences, has also been assessed. In some cases, different studies drew 

conflicting conclusions ([48] – [51] for drug resistance evolution, [45] – [47] for 

conflicting reports on evolution of variants called syncitium inducing variants

within individuals). Some of these have been due to sequencing errors (see [35], 

[55], [56] for conflicting and resolution of reports on homogenisation of viral 

populations upon transmission). 

Many attempts have been made to estimate the rate of HIV evolution, using Nd ˆ

and Sd ˆ .  The number of substitution events varies between genomic regions 

(section 1.3), among different sub-lineages of virus within a host, during different 

stages of infection and between hosts (section 1.2.2).  Estimates of substitution 

rates are also complicated by the existence of many alternative models of 

evolution. In addition, phylogenetic techniques typically do not take 

recombination into account

Many studies have attempted to pinpoint codons are under positive selection, 

several of which have made use of phylogenetic trees and likelihood based models 
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of evolution in PAML [69] (section 1.4.2) to infer which codons under positive 

selection. However, these analyses did not take the limitations of using 

phylogenetic trees and recombination for making such inferences (e.g. [42], [43], 

[44], [54] for conflicting reports on positive selection in Nef). 

1.4. Positive selection algorithms

1.4.1. Current algorithms for inferring positive selection

Two categories of methods are used to infer positive selection in coding 

sequences. They are generally grouped into counting and probabilistic methods. 

These methods can also broadly be called pairwise and phylogenetic methods, 

respectively, based on the use of a phylogenetic tree for modelling and calculating 

substitution rates. 

Counting methods estimate numbers of synonymous and non-synonymous 

substitutions between each codon in pair of sequences using parsimonious 

reconstruction (see reference [124] for different ways of estimating evolutionary 

pathways by counting methods). They may weighing of substitutions using a 

model of nucleotide substitutions and correct for multiple substitutions [123]. 

Ratios of non/synonymous differences over total number of possible changes of 

non/synonymous are then calculated. These are estimates of Nd ˆ  and Sd ˆ .  

Inferences of positive selection are made by comparing these two rates (section 

1.3.3). Rate estimates have also been made using smaller sections or windows 

paired sequence, including sliding windows approach [44], and using a 

phylogenetic tree [125] where Nd ˆ / Sd ˆ  ratios at each site were independently 

compared against the neutral expectation of 1. This method is implemented in the 

program Adaptsite and has been found to have a low false positive rate, and that 

the power increases with the strength of positive selection and the number of 

branches (i.e. sequences) [125]. 

Evolution is a mixture of random events (neutral drift) and directed events 

(affected by natural selection and fitness). Probabilistic models therefore also 

account for stochasticity in nucleotide substitutions using a Markov model. These 
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are intrinsic biases in the chemistry of DNA which affect substitution rate such 

as (the transition transversion rate bias),   (the amino acid frequencies) as well 

as omega (the ratio of nonsynonymous- : synonymous- substitution rates). 

For estimating whether a site is under positive selection, different hypotheses

(models) on the way omega varies over sites (M0-M8 in PAML [69]) or over 

lineages (branch model and branch site models PAML [70]) are tested. These 

models describe different scenarios of the way omega varies across different sites 

and/or lineages in the sequences. The simplest models imply that all sites in the 

sequences have the same value of omega (M0, M1a, M2a, Model A (branch site)) 

the more complicated models allow omega values to vary according to a gamma 

distribution with 10 categories of omega values (M7, M8, Model B (branch site)). 

The magnitude of the average omega value for all codons in the sequence is 

constrained to be either in the range 0-1 or 1 in models which do not allow 

positive selection (M0, M1a, M7), while an omega class which is greater than one 

is allowed in models which do (M2a, M8). 

The first step in fitting a probabilistic model to some sequences is to determine if 

nested models allowing positive selection fit the data significantly better than 

models which do not. Nested models fit exactly the same evolutionary scenario, 

except that one of the two allows positive selection and the other does not. The 

likelihood ratio test (LRT) using likelihoods estimated under the two models is 

used. Given better fit by an evolutionary model allowing positive selection and 

given estimates of substitution parameters, an empirical Bayesian method is used 

to infer sites evolving under positive selection. Anisimova et al (2001 and 2002) 

found the accuracy and power of the LRT and Bayes identification of sites under 

selection depend on the data. They also found that both accuracy and power are 

low when the data consists of a few highly similar sequences or if the strength of 

selection is weak. 
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1.4.2. Documented criticisms of current methods

The methods for estimating positive selection are critically reviewed in 64 and 72. 

The counting methods of estimating selective pressures have had notoriously poor 

power in detecting adaptive evolution. An often cited example is that using 

pairwise methods to determine adaptive evolution in 3595 gene sequences 

identified only 17 to be evolving under adaptive selection [130]. They also assume 

an average dN/dS ratio over all sites to be accurate, though this is more likely to 

yield values much less than one, even under strong positive selective pressure at 

some sites. Most sites have functional constraints, and are under purifying 

selection. Moreover, if a gene evolved under purifying selection for most of that 

time, with only brief episodes of adaptive evolution, averaging over the history of 

two distantly related sequences would be unlikely to produce a dN/dS ratio greater 

than one when they are compared even with the help of a phylogenetic tree [64]. 

On the other hand, probabilistic methods have detected positive selection in 

sequences which had not previously been inferred to be under selection (HIV-1 

envelope proteins and Nef genes ([54], [42], and [129]). Inferences about the 

directed events (positive selection events) can be made more confidently when 

events randomly affecting mutations are accounted using sophisticated models of 

nucleotide substitution. In fact the probabilistic methods seem to have taken over 

from the counting methods as a method of choice, because they are more powerful 

and because they have a more sophisticated statistical framework. Counting 

methods on the other hand simplistically assume a certain model of evolution and 

estimate substitution rates using intuitive methods (parsimonious reconstruction of 

evolutionary pathways to count differences). 

In addition, probabilistic models also incorporate phylogenetic trees as guide in 

inferring substitution rates using multiple sequences. The incorporation of 

phylogenetic trees may partition the evolutionary history separating a pair of 

sequences, using ancestral states estimated between pairs of terminal nodes (i.e. 

actual sequences used to build the tree). Rates are estimated with greater 
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reliability as ancestral nodes are also considered, and these break the evolutionary 

history into smaller steps. The phylogenetic tree also gives an estimate of how 

unexpected a substitution is. For instance, it is more surprising to find an amino 

acid substitution between closely related sequences than it is to find it between 

distantly related sequences.

Highly complex models require many parameters, which need to be estimated 

from the data, if there are not enough data to estimate the parameters the problem 

of overfitting. In general, models with more parameters fit the data better, and 

provide, when sample sizes are big enough for overfitting not to occur, more 

accurate (close to reality) estimates of parameters.

There is a plethora of models to choose from.. In theory, the most complex model 

of evolution might be chosen. This is because we know that models, by definition, 

are simplifications of biological reality and we thereby hope that the most 

complex model might come closest to a true underlying model. 

LRT has been criticized. This is because the parameters of evolution can be fixed 

at the boundary of parameter space such that the distribution of differences is not 

approximated by the chi distribution. 

Of course, if the actual substitution process does not comply with the assumptions 

of the model, the method based on that model gives biased estimates. The more 

simple a model is the greater the number of assumptions it makes regarding the 

nature of substitutions. In particular, some very widely used models do not 

account for the base/codon composition of the nucleotide sequences. 
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Section 2: 

Detecting positive selection in longitudinal HIV sequences

In the analysis of evolution of HIV-1 within a single patient, multiple samples are 

often taken from a single patient. This is a longitudinal dataset of HIV sequences. 

Single viral sequence isolates are thought to represent the viral population at time 

of isolation.

A longitudinal NVP treatment HIV dataset consists of HIV sequence isolates from 

the blood stream of pregnant women before they are administered NVP and more 

HIV sequences isolated following NVP treatment. The second set of isolates may 

be sampled from both the mothers and the HIV positive babies. This is the after-

NVP sequences, while the former are before-NVP sequences.

Analysing these sequences to infer positive selection to NVP would be desirable. 

It has also been notoriously difficult to find a vaccine or to find an effective cure 

or treatment strategy to effectively reduce morbidity and mortality associated with 

HIV infection. The study of selection phenomenon in HIV will help in designing 

better drug treatment strategies, better vaccine concoctions, and a better 

understanding of the dynamics that form the basis of HIV infection ([52], [53]). 

However, methods available to detect positive selection are not suited for such 

paired sequences for many reasons (section 1.5).  
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1.5. Shortcomings in applying methods to longitudinal sequences

1.5.1. Paired sequences and phylogenetic trees

Methods used to detect positive selection may make use of a phylogenetic tree. 

These are not suitable to be used for determining whether positive selection has 

occurred in the paired samples described above because a phylogenetic tree links

the sequence pair from one person to all other sequence pairs.  Ancestral notes 

inside the phylogenetic tree link sequences pairs, these are considered 

informative, implicitly or less so, in a phylogenetic tree approach and they are 

used to infer rates of substitutions. The ancestor of each tree may be traced back 

into time using either maximum likelihood [69] or parsimony [73]. 

1.5.2. Recombination in Phylogenetic trees

Recombination is often detected in HIV sequences using bioinformatics tools such 

as Rega [90], where the similarity to reference subtypes is assessed in windows of 

an HIV sequence. The rate of recombination events between 2 points has been 

estimated to be at greater than or at least as great as the rate of point mutations in 

HIV viral sequences [88]. The phylogenetic tree inferred can then be different for 

different portions of a sequence. Inference of the ancestral codons and rates at all 

parts of the sequence using phylogenetic trees will be inaccurate. Inferences of 

positive selection using 10 sequences with more than 3 recombination events in 

the history are therefore often wrong. 

The likelihood ratio test (LRT) wrongly accepts models of evolution which allow 

positive selection in favour of models which don’t when there is a high level of 

recombination, mistaking recombination for adaptive evolution. The test performs 

quite well when there is a low degree of recombination. However, LRT may 

accept models which allow for positive selection at an excessively high false 

positive rate (up to 90%) if there is higher than 3 recombination events in the 

history of 10 samples [92]. This is specially seen when models of evolution which 

are unrealistic are fitted to the data. An example of an unrealistic model is 

assuming that dN: dS ratio can either be 0 or be 1 (M1 in PAML). This model is 

nested to a model where the ratio is allowed to be 0, 1 or greater than 1 (M2 in 
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PAML). The Bayesian inference of sites under positive selection appears to be 

less affected by recombination than the LRT.

Recombination in the internal branches of a phylogenetic tree is also believed to 

be more disruptive to the genealogy of the tree, than events which occur near the 

tips of the tree. Therefore the effect of the first category of recombination events 

is also thought to be more disruptive. If major recombination events can be 

identified in sequence data, removing sequences involved in such events should 

increase the performance of LRT. 

1.5.3. Branch Sites models for detecting positive selection

The branch site model of evolution [141] implemented in PAML attempts to 

determine if there are codons evolving under positive selection in specific 

lineages. Some branches of the phylogenetic tree built using the sequences which 

are suspected to be evolving under positive selection, called the foreground 

branches, are demarcated from the remaining branches called the background 

branches.  The branch site model allows 2 categories of omega values ( 0 =0, 

1 =1) in the background branches, and 3 categories ( 0 =0, 1 =1, 2 >1) in the 

foreground branches. The likelihood ratio test is again used to determine 

determines if M1, ( 0 =0, 1 =1) for all branches, or the branch site model fit the 

data better. In the case of the latter, and if   is greater than one, positive selection 

in the foreground branches is inferred. 

However, a high false positive rate (20-70%), possibly due to violations of some 

assumptions the model makes, has been found to be associated with this model 

[93]. In particular, the number of site classes allowed in the model are unrealistic 

(too few and omega is constrained to 0 or 1).  These in part are addressed by 

newer branch site models and new means of testing how the models fit the data

[221]. The new branch models allows 0< 0 <1, 1 =1, on the background 

branches, and transitions from 0< 0 <1 to 2 >1or from 1 =1 to 2 >1. Two tests 

are performed, one of which involves testing that a larger omega value associated 
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with the foreground branches is not due to purifying selection, while the other is 

specifically a test for positive selection. This brought the false positive rate of the 

branch site model much lower. However, the power of the new model is found to 

be low (< 20 %).

1.5.4. Counting methods average over all sites in a sequence 

Substitutions are not equally spread over the sequence. In this case some sites are 

‘hot’ others are ‘cold’, having only few substitutions. Most codons in sequences 

are invariant or under purifying selection to remain functional. Nonsynonymous 

substitutions are more likely to disrupt function and decrease fitness than to 

improve the fitness. The rate heterogeneity in substitutions is often modelled

using a gamma distribution. Alpha, the shape parameter of the gamma 

distribution, is inferred by maximum likelihood in models that account for site 

variation [85] but not in the counting methods. Counting methods assume all sites 

are evolving at the same rate, and that an average over all sites reflects the 

selection pressure acting on the protein.
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1.6. Proposed pairwise method for longitudinal sequences

In this report, a method of making inferences of positive selection occurring over 

short time periods is discussed. The method proposed does not rely on very 

sophisticated probabilistic models which implement statistical methods to test 

evolutionary hypotheses but on simple counting methods.

The inferences are based on parsimonious reconstruction of ancestral states and 

this method has been criticized in the past ([86], [64]). Parsimony may 

underestimate the number of events between sequences because the shortest ‘path’ 

between 2 codons might not be the truth. Parsimonious reconstruction of history 

also assigns the same history to sequences with varying degrees of divergence. 

However, in longitudinal sequences analysed here, sequences separated by short 

time points are considered, and parsimony is as good an approach as likelihood 

because previous reports have been made of the accuracy of parsimony with low 

divergence [86]. 

We consider substitutions that arise during a period of a few months. Substitutions 

which occurred prior to the period are ignored. The approach taken we undertake 

ignores pre-existing mutations (before the first sample) and focuses on differences 

which arise between viral populations at the two time points. 

The approach, described in more detail in section 2.2, uses the modified Nei and 

Gojobori method (section 1.7) to reconstruct evolutionary pathways between a 

pair of codons isolated at two time points from the same or from infected and 

infecting hosts. This is a pairwise evolutionary pathways reconstruction method 

using the Kimura 2 parameter model of nucleotide substitution. 
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1.7. The Nei and Gojobori evolutionary pathways reconstruction

The Nei and Gojobori (NG) method reconstructs evolutionary pathways between 

individual codons in a pair of sequences and rates of substitution. Nd ˆ  and Sd ˆ  are 

the estimated ratios of numbers of non/synonymous substitutions to the potential 

for such substitutions in a pair of sequences.  

The number of synonymous substitutions is the estimated number of substitutions 

per codon. In the NG method, if one difference is observed between a pair of 

codons, the count of non/synonymous substitutions is increased by one, whether 

the change is synonymous or nonsynonymous. If 2 differences are observed 

between a pair of codons, a correction is automatically implemented. Alternate 

pathways of evolution which could occur to go from the first codon to the second 

one are considered and used to increase counts of non/synonymous differences. 

An average over all pathways is performed. The number of synonymous sites is 

summed over all codon sites. This is denoted by s, and the number of 

nonsynonymous sites is denoted by n. The numbers of synonymous substitution 

are corrected for multiple substitutions using the Jukes and Cantor correction. 

Every nucleotide in a codon can substitute to 3 other nucleotides. If only one out 

of the three results in a codon encoding the same amino acid (a synonymous 

substitution), this codon position has 1/3 chance of being a potentially 

synonymous site. If this nucleotide position in the codon has no potential for 

synonymous change, the probability of it being a potential synonymous site is 0. If 

one of the three nucleotide changes in a codon results in a termination (stop codon 

= shorter, and therefore potentially non-functional, protein), and another of the 

substitutions results in a synonymous change in the codon, the site has 1/2 

probability of being a potentially synonymous site.  

Therefore, there is a fixed probability of change for each of the 61 non-

termination codons calculable from the standard genetic code. For instance 32/61, 

position 3 of the 61 codons have a probability of 1 of being synonymous site (four 

fold degenerate codons). 24/61 position 3 of the 61 codons and 8/61 position 1 of 
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the 61 codons have a probability of 0.5 of being potentially synonymous (24 two 

fold degenerate codons). 61/61 position 2 of the 61 codons and 53/61 position 1 of 

61 codons have a probability of 1 of being potentially nonsynonymous. 

For one sequence, the numbers of potentially synonymous and potentially 

nonsynonymous sites (S and N, respectively) are calculated by summing over the 

probability of each category of sites per codon for the sum of all codons present in 

the sequence. N and S of a pair of sequences are half the sum of N and S 

respectively for each sequence in the pair. 

The original Nei and Gojobori method was modified to take into account 

transition transversion bias [86]. The rate of transitions and transversions are 

given by   and  respectively, and R the transition transversion ratio 

equals 


2 .  The expected number of synonymous sites per codon can be 

expressed in terms of R for all codons [110]. The example in Figure 2.2 makes use 

of codon TTT. 

The number of potentially synonymous substitution in this codon will contribute 

to S. One can see that as R gets larger, S decreases. If dS = Sd/S, a larger S means 

a lower dS. A lower dS means a lower estimate of dN/dS.

Figure 1.5 Modified Nei and Gojobori method
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Chapter 2 Data and methods

Two longitudinal datasets consisting of pairs of samples (before and after NVP) 

from a number of patients were analysed.  A sample dataset of 46 MTCT HIV-1 

sequences (called NICD-MTCT), and a larger dataset of 134 sequence pairs also 

associated with MTCT (called NICD-MTCT2) were analysed. Both datasets were 

provided by the National Institute for Communicable Diseases (NICD).  The 

second dataset was curated from public databases, consisting of longitudinal 

before- and after- nevirapine sequences, the patients however typically had 

treatment to more than one class of ARV. 

A method which implements a parsimonious counting method (the modified Nei 

and Gojobori method) was used to infer rates of synonymous and nonsynonymous 

substitutions between the pairs of sequences belonging to individual patients. Both 

datasets were analysed.

The power of this approach with different numbers of patients, omega and 

sequence divergence was determined by simulating 100 sequence pairs for each 

set of conditions of the data and reanalysing the simulated data. Omega ( ), the 

ratio of Nd ˆ  and Sd ˆ , is especially important because  significantly > 1 indicates

positive selection.  A range of omega values was used in simulations including 

values less than one. Omega values were re-estimated by PHoCs and the 

frequency of positive selection in the 100 simulated pairs was plotted with varying 

number of patients and sequence divergence. 
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2.1. Datasets

2.1.1. MTCT datasets

The NICD-MTCT dataset consists of HIV reverse transcriptase sequences isolated 

from 30 pregnant HIV+ women before administration of NVP, 6 weeks after 

administration of NVP, and from 16 babies to whom they transmitted the virus. 

Samples were collected and sequenced by the AIDS Virus Research Unit, 

National Institute for Communicable Diseases (NICD), Johannesburg, South 

Africa. The fasta format sequence headers were used to pair sequences as per 

patient and per time point. T0 sequences were enrolment sequences isolated from 

mothers before NVP treatment. Sequences were also isolated 6wks after NVP 

treatment (T1). Baby sequences, sharing similar accession as their mothers, were 

isolated at 6-14 weeks after birth (T1).  In summary, the NICD-MTCT dataset 

consists of 46 HIV-1 reverse transcriptase sequence pairs from mothers and babies 

(30 isolates at study enrolment (mothers) and at 6 weeks post NVP treatment

(mothers) and 16 pairs of sequences for mothers at enrolment and babies 14 weeks 

after NVP treatment).

The NICD-MTCT2 dataset consists of 134 HIV sequence pairs isolated from 

women before NVP treatment (T0) and 6 weeks following NVP treatment 

associated with prevention of Mother to Child Transmission of HIV. 

2.1.2. HIVdb dataset

HIV sequences may be obtained freely from public databases such as Genbank 

[193], the HIV sequence database maintained at the Los Alamos laboratories 

[194] and the Stanford Drug Resistance database [195]. The latter two databases 

specifically focus on storing and analysing of HIV sequences.

The maintainers of the Stanford Drug Resistance database, or HIVdb, closely 

collaborate with scientists involved in large scale sequencing projects and drug 

resistance studies [131-135] and are therefore able to thoroughly annotate

sequences. HIVdb annotations include drug treatment, patient, and time of 

isolation. Stanford Drug Resistance database was queried for longitudinal pairs of 
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sequences (before- and after- NVP) from single patients. To ensure a maximum 

number of hits, HIV reverse transcriptase sequences from patients with up to 8 

NRTIs treatments were added to the HIVdb dataset if they had isolates of a

before- and after- NVP pair of sequences. 

2.2. Phylogenetic trees 

Sequences were multiply aligned using ClustalW [138] under default alignment 

parameters, and manually checked. The most likely phylogenetic trees were 

determined using PAUP [37]. The model of evolution used was HKY85, where 

transition transversion rates were allowed to differ. The rates of substitutions were 

also allowed to vary across sites. 

2.3. Sequence alignments and numbering

Sequence alignments were made with the help of ClustalW [138], with default 

alignment parameters. To ensure that homologous positions are in the same 

column of the alignment, manual editing of the alignment using BioEdit [139] was 

made. To ensure that the positions in the sequences were comparable to other 

HIV, the HIV/SIV Sequence Locator Tool at Los Alamos Laboratories was used 

[140].   
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2.4. Pairwise Homologous Codons method

A novel approach, which we call the Pairwise Homologous Codons (PHoCs) 

method (Figure 2.1), was used to estimate rates of synonymous and

nonsynonymous substitutions ( Nd ˆ  and Sd ˆ ) at single codons making use of 

longitudinal data. PHoCs also determines whether single amino acid positions are

evolving under positive selection in the space of time separating the pair of 

longitudinal sequences.

A program implementing PHoCs is available as Supplementary Material.

PHoCs relies on a very simple idea. The number of synonymous and 

nonsynonymous substitutions which occur between a codon at T0 (pre-drug) and 

the homologous codon at T1 (post-drug) within one patient can be estimated using 

pairwise counting methods. However, the counting methods have low power, 

because they average over all codons in the sequence pairs (section 1.5.4). PHoCs 

generates sequence pairs solely made up of homologous codons at T0 and T1. 

Then, PHoCs estimates Nd ˆ  and Sd ˆ using an evolutionary pathways 

reconstruction counting method, called the modified Nei and Gojobori (NG-New) 

([142], [143]) method.

Ambiguous characters are sometimes used to represent additional data on 

population polymorphisms in nucleotide sequences. One ambiguity character in a 

sequence can mean that there is indecision to accept one nucleotide out of 2, 3 or 

4 alternative nucleotides. In PHoCs, one analysis eliminates codons which possess 

ambiguous characters. A second analysis assumes that they represent 

polymorphisms, i.e. that they are informative and are translated into component 

nucleotides if they satisfy certain conditions. 

These are:

1. Only two fold ambiguous character (representing 2 alternate nucleotides) are 

considered, 
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2. If an ambiguous codon is atT0, both the codon and its T1 counterpart are 

eliminated, 

3. If a two fold ambiguous codon is at T1, and T0 is an unambiguous codon, the 

codon is considered informative for PHoCs, 

4. One of the two codons encoded by the ambiguous character has to be identical 

to the one at T0 such that the second codon thought of as the ‘evolved’ codon is 

used in the analysis.

In addition, two categories of comparisons were made: site Nd ˆ  to site Sd ˆ  & site 

Nd ˆ  to mean Sd ˆ .  Site Nd ˆ  and site Sd ˆ  refer to rates of estimated substitutions at 

one codon position. Mean Sd ˆ  is the average value calculated from Sd ˆ at all 

codon positions. The rate of synonymous substitutions is thought to represent the 

background rate of evolution. Because the mean Sd ˆ  value represents an estimate 

over a number of sites, it represents background rate of substitution better than an 

estimate made using one codon position only. PHoCs outputs both rate 

comparisons, and if inference of positive selection at a codon is supported by both 

rate comparisons there is greater confidence in the inference.

An R value of 2.7 was given to NG-NEW as the transition transversion rate ratio. 

This value is the MLE obtained by fitting 46 HIV RT sequences 1032 bases to M0 

in CODEML (PAML) using a guide phylogenetic tree. Similar values of kappa (K 

  4.5 - 5.5) were obtained when kappa was estimated using other models of 

evolution in CODEML.
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2.5. Implementation of PHoCs

PHoCs takes a sequence alignment comprising of sequence pairs belonging to 

single patients. One patient contributed only one pair of sequences, with sequence 

before NVP (T0) positioned before sequence after NVP (T1) as outlined in Figure 

2.1. The algorithms analyses the alignment one column at a time. Codons 

belonging to time T0 in a column are concatenated into a derived sequence, and a 

sequence consisting of codons at T1 is also built. In the derived sequence pair, 

codon T0 from one patient aligns with codon T1 from the same patient. The 

numbers of nonsynonymous and synonymous substitutions (n, s) between codon 

pairs are estimated as are the potential number of these substitutions (N, S). These 

values are in calculation of Nd ˆ  and Sd ˆ .
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Figure 2.1 PHoCs. An in-frame multiple sequence alignment (MSA) of nucleotide sequences 
consisting of pairs of sequences from one single patient is made. Each pair consists of time 
point 0 (T0) sequence followed by time point 1 (T1) sequence. Each column of MSA 
comprises of alternating T0 codon and T1 codon. For each column, a sequence of 
concatenated T0 codons and a sequence of concatenated T1 codons are built. The sequence 
pair is then analysed using the modified Nei and Gojobori method.

Differences in Nd ˆ  and Sd ˆ can be simply due to sampling and method used to 

estimate the differences. Two tests are recommended to minimise type 1 error rate 

in inferring positive selection (false positives) ([141], [177]).  The null hypothesis

states that the difference between dN and dS is 0, and the alternate hypothesis is 

that the difference is greater than 0, therefore dN > dS.  The first test is the Z test

which assumes that the distribution of differences can be approximated by normal 

and that the variances of the distributions of dN and dS calculated by analytical 

formulas or the bootstrap re-sampling method reflect real variances, previously 

found to be adequate [141]. 
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The second test for differences is the Fisher’s exact test, which uses permutation 

of categorical data in a 22 matrix to calculate p, the probability of observing 

similar or more extreme categorical distributions of the data. The categories are n, 

s, N, S (estimated numbers of nonsynonymous and synonymous differences and 

numbers of potentially non/synonymous sites). The Fisher’s exact test is 

recommended because dS relies on transitions whereas dN relies on transversions 

[178], and when the values of n and s are small where the distribution of 

differences has been found to be skewed [177]. 

Both these tests are implemented in PHoCs, the output of the F test being a p 

value (probability of being a false positive), and that of the Z test being a Z value 

(see appendix III for table for converting Z into p).  The significance level or 

allowed level of false positive rate under H0 is set to 0.05 by convention. In 

analysis of several hundred codon positions, the expected false positive rate is 5 

times larger if one uses 0.05 than if one uses 0.01. The higher rejection value 

implies that fewer sites with dN significantly greater than dS are found. 
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2.6. Power of PHoCs

The power of this approach with different numbers of patients, omega and 

sequence divergence was determined by simulating 100 sequence pairs.  Omega 

( ), the ratio of Nd ˆ  and Sd ˆ , is especially important because   significantly > 1 

indicates positive selection.  A range of omega values was used in simulations 

including values less than one. Omega values were re-estimated by PHoCs and the 

frequency of positive selection in the 100 simulated pairs was plotted with varying 

number of patients and sequence divergence. The frequency of positive selection 

in the 100 simulated pairs was plotted with varying number of patients and 

sequence divergence

Simulations were performed using Evolver [69], a Monte Carlo simulation 

algorithm. This algorithm evolves codons using the M0 model of codon 

substitution. The following parameters provided to Evolver were kept constant in 

all simulations: a. an empirical codon frequency table estimated using a sample of 

72 HIV-1 reverse transcriptase sequences, and b. an R value of 2.7, also estimated 

using the same sample. Parameters such as the length of sequence pairs 

(representing number of patients), the branch length (representing sequence 

divergence), and the omega values were varied for each set of 100 sequence pair 

simulated. In the simulated pairs of sequences, one T0 and one T1 sequence 

could be recognised, T0 sequences having a branch length of 0, while T1 

sequences had variable branch length or the longitudinal distance (LD).  
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Chapter 3 Results

In this chapter, longitudinal HIV-1 NVP treated datasets, codon positions used, 

and positively selected sites found in PHoCs analysis, codons with the highest 

Nd ˆ  in the datasets under different PHoCs treatment of ambiguous characters and 

site Nd ˆ :site Sd ˆ  ( ) and site Nd ˆ :site Sd ˆ  ( 2 ) are described.  

Simulations confirmed that power of PHoCs is dependent on the number of 

codons in the sequence pairs (number of patients); the amount of divergence in the 

sequence pairs (LD), and the magnitude of omega.  Some false positives were 

detected when for omega values in the range 0.7-1. 
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3.1. Datasets and codon positions

The NICD-MTCT dataset consists of a small sample set of 46 pairs of HIV-1

reverse transcriptase sequences of subtype C.  These comprise isolates from 

mothers and babies (30 isolates at study enrolment (mothers) and 30 isolates from 

the same patients at 6 weeks post NVP treatment (mothers) as well as 16 sequence 

isolates from babies 14 weeks after NVP treatment). The NICD-MTCT2 dataset 

consists of 134 pairs of HIV-1 reverse transcriptase sequences, not including the 

NICD-MTCT dataset. The isolates are from mothers before-NVP and mothers 6 

weeks after NVP treatment. The sequences in this dataset also belong to HIV 

subtype C (phylogenetic trees not shown).

The HIVdb dataset comprises of a total of 228 pairs of HIV-1 Reverse 

transcriptase sequences, including the 46 pairs of NICD-MTCT dataset. 182 

additional longitudinal pre-NVP and post-NVP HIV-1 sequence pairs were 

obtained from public databases (Table 3.1): 154 pairs from the Stanford Drug 

resistance database and an additional 28 pairs from Gunthard et al. (1999) [132]. 

Sequence isolates from HIVdb were isolates from patients who had multiple 

antiretroviral treatment, mostly AZT, DDI, 3TC, and D4T (Table 3.2). Most 

sequences in the HIVdb dataset were of the B subtype, with 11 pairs of sequence 

of subtype A and D, and the 46 pairs from the NICD-MTCT dataset of subtype C 

(Table 3.1). 

In all three datasets, reverse transcriptase codon positions 1- 726 were analysed. 

This was because sequence lengths varied in the public databases, and the most 

useful alignment across sequences could be built with these positions. All 

sequence pairs were curated to ensure they were from the same patient before and 

after NVP administration. These sequences have also been checked for

redundancy and super infection using phylogenetic analyses (section 3.2).
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Table 3.1 HIVdb dataset. Including Gunthard et al. [132] (manually curated from Genbank)
and NICD-MTCT datasets

Number of pairs Geographic sampling Subtype References

41 USA B Gonzales 2001   [146]

23 USA B Rhee 2005   [147]

30 USA B Eshleman 2001   [148]

1 USA B Shafer 2000   [150]

2 USA B Zolopa 1999   [151]

4 USA B Lawrence 1999   [152]

3 USA B Gonzales 2003   [153]

2 USA B Winters1998   [154]

9 USA B Deeks 1999   [155]

1 USA B Parkin 2000     [156]

2 USA B Fitzgibbon 2001   [157]

7 Spain B Cabana 1999   [158]

4 Luxembourg B Servais 2001   [159]

9 Spain B Vidal 2002   [160]

2 France
CRO2_AG, 
CRO1_AE

Montes 2004   [161]

2 Romania F Apetrei 2003   [162]

12 Uganda A, C, D, CFFO1_AE Eshleman 2004   [164]

28 USA B Gunthard 1999   [132]

46 South Africa C NICD-MTCT
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The drug treatments at the two time points are summarised in Table 3.2. It is 

difficult to broadly group ARV treatments at the two time points for a more 

homogeneous analysis. ARVs AZT, DDI, DDC, D4T, 3TC, ABC and TDF belong 

to a different class to NVP, the NRTIs. These drugs bind to the enzyme reverse 

transcriptase at the active site of the enzyme, unlike NVP which binds at a groove 

other than the active site. Because documented resistance mutations to NRTIs do 

not overlap with documented resistance mutaions to NVP, sequences with NRTIs 

were included in the HIVdb dataset. 

It is to be noted that EFZ, DLV and NVP belong to the same class of reverse 

transcriptase inhibitor, the NNRTIs. The target site of these three drugs is the 

same and resistance to one of the drugs usually confers resistance to the two 

others. Drugs in this class were not administered at T0 (Table 3.2). EFZ and DLV 

were administered together with NVP. Because of the similar active site and 

documented resistance mutations of the 3 drugs in the NNRTI class, the 21 

patients who received both NVP and EFZ at T1 and the 2 patients who received 

both DLV and NVP were included in the HIVdb dataset.

Table 3.2 ARV treatments of sequences in HIVdb dataset

T0 T1

AZT 97 45

DDI 65 53

DDC 17 1

D4T 58 102

3TC 82 73

ABC 4 38

TDF 0 12

NVP 0 228

EFZ 0 21

DLV 0 2
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3.2. Phylogenetic trees

In general, pairs of sequences isolated from the same individual cluster in a 

phylogenetic tree (Figure 3.1). This indicates that they share a most recent 

common ancestor (MRCA).  Patients with multiple HIV infections do not share a 

MRCA. 

The phylogenetic analysis is suggested to allow for identification and removal of 

cases where patients got infected with HIV on multiple occasions. This is 

important because PHoCs assumes before-NVP and after-NVP sequence isolates 

represent the intra host HIV populations at different times, and that before-NVP 

sequences are therefore almost identical to the ancestor of after-NVP sequences. 

The analysis also allows for the identification of subtypes. In this analysis the 

NICD-MTCT sequences used belong to the subtype C. 
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Figure 3.1 Phylogram of a set of 16 NICD-MTCT sequences. Branch lengths represents 
estimated amount of evolution between nodes.
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3.3. Sites under positive selection in datasets

One run of PHoCs infers four sets of sites under positive selection per dataset. 

Two sets of sites are inferred when ambiguity characters in the dataset are 

considered informative or are removed.  In addition, two sets of sites are also 

inferred depending on whether site Nd ˆ  to site Sd ˆ and site Nd ˆ  to mean 

Sd ˆ comparisons are used to calculate the value of omega.

Sites are inferred to be under positive selection if the p value calculated by the Z 

test for determining if Nd ˆ  is significantly different from Sd ˆ  is less than 0.05. The 

p value calculated by Z test was generally found to be less large than the p value 

calculated by F test. The Z test is therefore found to be more liberal than the F 

test, because more sites are inferred to be under selection. 

3.3.1 NICD-MTCT datasets

No sites were found under positive selection in the NICD-MTCT or in the NICD-

MTCT2 dataset when the ambiguity characters in the sequences were completely 

removed. This is because polymorphisms in the sequences are represented by 

ambiguity characters. Much variability is therefore removed prior to PHoCs 

analysis.

When two-fold ambiguous characters in T1 codons were considered informative, 

3 and 10 sites were inferred to be evolving under positive selection using

comparisons of site Nd ˆ  to site Sd ˆ  (p<0.05) in the NICD-MTCT and NICD-

MTCT2 respectively (Tables 3.1 and 3.2 respectively). 3/3 and 3/10 of these 

PHoCs codons are documented NVP resistance codons. In both NICD-MTCT 

datasets, codons 103* and 181* were inferred to be under positive selection. 

Similarly, codons 106* (Table 3.1) and 188* (Table 3.2) also known to be NVP 

resistance codons were under positive selection in the NICD-MTCT datasets. The 

inference of positive selection is supported by the Z p value and the F p values 

less than 0.05. (NB. * superscript indicates codon is associated with known drug 

resistance.)
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In comparisons of site Nd ˆ  to mean Sd ˆ , only codons 103* (p=0.00014) and 181* 

(p=0.0192) were found to be evolving under positive selection at 5% significance 

level in the NICD-MTCT dataset (Table 3.1). The omega value calculated for the 

third codon 106* is 3.68 (p=0.0517).  In site Nd ˆ  to mean Sd ˆ  comparisons of 

codons in the larger NICD-MTCT2 dataset, no sites were inferred to be under 

positive selection. This can be explained by the fact that the magnitude mean Sd ˆ

in the NICD-MTCT2 dataset (0.0448) is about twice the magnitude of the NICD-

MTCT dataset (0.0243). This results in lower values of omega and higher p 

values. 

Table 3.1 Positive selection in NICD-MTCT dataset (ambiguous characters informative)

Site N+S Nd ˆ Sd ˆ N S n s  Z p
Fisher 

p
2

Z2  p

103 114 0.229 0.0368 86.1 27.9 17 1 6.223 0.00082 0.036 9.4 0.00014

106 138 0.0898 0 94.5 43.5 8 0 NA 0.00122 0.045 3.68 0.0571

181 135 0.1191 0 90.8 44.2 10 0 NA 0.00042 0.016 4.88 0.0192

Site: Codon position in HXB2 numbering in the enzyme reverse transcriptase
N+S: total number of codons analysed
N: number of potentially nonsynonymous sites
S: number of potentially synonymous sites
n: estimated number of nonsynonymous substitutions
s: number of estimated synonymous substitutions

Nd ˆ : n/N

Sd ˆ : s/S

 : ratio Nd ˆ / Sd ˆ

2 = Nd ˆ /0.0243

NA (for omega): No observed synonymous substitutions ( Sd ˆ  = 0)  
Z p: p value calculated using the Z test for determining if  is significantly >1 
Fisher p: p value calculated using the Fisher’s exact test

Z2  p: p calculated by the Z test to determine whether 2 significantly > 1. 
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Table 3.2 Positive selection in NICD-MTCT2 dataset, ambiguity characters informative

Site: Codon position in HXB2 numbering in the enzyme reverse transcriptase
N+S: total number of codons analysed
N: number of potentially nonsynonymous sites
S: number of potentially synonymous sites
n: estimated number of nonsynonymous substitutions
s: number of estimated synonymous substitutions

Nd ˆ : n/N

Sd ˆ : s/S

 : ratio Nd ˆ / Sd ˆ

2 = Nd ˆ / 0.0448

NA (for omega): No observed synonymous substitutions ( Sd ˆ  = 0)  
Z p: p value calculated using the Z test for determining if  is significantly >1 
Fisher p: p value calculated using the Fisher’s exact test

Z2 p: p calculated by the Z test to determine whether 2 significantly > 1. 

Codons 135, 158, 165, 173, 174, 177, and 178, also inferred to be under positive 

selection in NICD-MTCT2 dataset, are not documented NVP or ARV resistance

codons.  The p value calculated using the Fishers exact test support codons 173 

and 174 are under positive selection (p = 0.009 and 0.018) but none of the other 

codons (p>0.05).  

Site N+S Nd ˆ Sd ˆ N S n s  Z p Fisher p 2 Z P

103 372 0.1067 0.0224 281.5 90.5 28 2 4.76 <0.0014 0.011 2.38 0.09

135 384 0.0301 0 339.4 44.6 10 0 NA <0.0014 0.291 0.67 0.62

158 390 0.0234 0 260 130 6 0 NA 0.0067 0.086 0.52 0.66

165 396 0.0221 0 274.9 121 6 0 NA 0.0066 0.11 0.49 0.69

173 366 0.0496 0 249.9 116 12 0 NA <0.0014 0.009 1.1 0.46

174 360 0.0535 0 271.2 88.8 14 0 NA <0.0014 0.018 1.19 0.42

177 396 0.0342 0 298.9 97.1 10 0 NA <0.0014 0.058 0.76 0.58

178 396 0.0232 0 350.2 45.8 8 0 NA 0.0023 0.376 0.51 0.66

181 396 0.0962 0.0155 265.9 130 24 2 6.21 <0.0014 0.002 2.14 0.14

188 390 0.0556 0 261.1 129 14 0 NA 0.0014 0.003 1.24 0.84
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No drug resistance codon other than NVP resistance codons were inferred to be 

under positive selection. This is consistent with most HIV infected patients not 

receiving routine HAART in South Africa.

Codons with the highest Nd ˆ values in the NICD-MTCT datasets are shown in 

Tables 3.3 and 3.4. The 4 different NVP resistance codons (103, 106, 181 and 

188) are found in the top 15 Nd ˆ  estimates in both datasets.

Despite this observation, a high value of Nd ˆ does not mean that the codon will be 

inferred to be under selection. The value of Sd ˆ determines whether a site is under 

positive selection. For instance, codon 36 in Table 3.3 and codons 123, 39, 36, 35 

and 207 in Table 3.4 have Nd ˆ larger than some codons inferred to be under 

positive selection, but Sd ˆ  is equally large, causing a lower estimate of omega, and 

a higher p value. If omega is calculated using site Nd ˆ  to mean Sd ˆ , the sites 

mentioned above would be inferred to be under positive selection more often 

because of the higher Nd ˆ . The site Nd ˆ  to mean Sd ˆ comparisons means that sites 

with the higher Nd ˆ  values automatically have a larger estimate of omega than 

sites with lower Nd ˆ .  The site Nd ˆ  to mean Sd ˆ values should therefore be used 

with caution. In addition, only the Z test is used to calculate a p value for testing 

whether site Nd ˆ  is significantly larger than mean Sd ˆ . This is because using n, s, 

N and S in the Fisher exact test gives a p value identical to the one estimated by 

site Nd ˆ to site Sd ˆ analyses. 
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Table 3.3 Top 15 dN PHoCs values for NICD-MTCT dataset, ambiguity characters 
informative.

Site N+S Nd ˆ Sd ˆ N S n s  Z p
Fisher

p 2 + Z p

103 114 0.229 0.037 86.1 27.9 17 1 6.223 0.00082 0.036 9.4 0.00014

181 135 0.119 0 90.8 44.2 10 0 NA 0.00039 0.016 4.88 0.0192

36 117 0.112 0.014 82.6 34.4 9 1 7.839 0.0455 0.06 4.6 0.0853

106 138 0.09 0 94.5 43.5 8 0 NA 0.00135 0.045 3.68 0.0571

35 117 0.081 0.053 78.1 38.9 6 2 1.52 0.3015 0.479 3.32 0.117

34 126 0.081 0.087 65.3 60.7 5 5 0.927 0.5398 0.576 3.31 0.1539

38 126 0.058 0.058 90.3 35.7 5 2 0.986 0.5080 0.633 2.36 0.2296

188 138 0.056 0 92.8 45.2 5 0 NA 0.0107 0.132 2.29 0.2005

40 123 0.056 0.034 93.1 29.9 5 1 1.629 0.3264 0.561 2.28 0.2389

174 126 0.054 0 95.4 30.6 5 0 NA 0.0107 0.247 2.23 0.209

32 120 0.052 0.017 90.4 29.6 5 1 3.012 0.1788 0.318 2.11 0.2709

123 102 0.042 0 73.5 28.5 3 0 NA 0.0392 0.373 1.72 0.3192

134 135 0.04 0 102 32.8 4 0 NA 0.0793 0.331 1.65 0.3483

7 117 0.04 0 78 39 3 0 NA 0.0392 0.292 1.62 0.3409

207 120 0.035 0.031 87.5 32.5 3 1 1.118 0.4602 0.707 1.44 0.3821

+
2 = Nd ˆ /0.0243
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Table 3.4 Top 15 dN PHoCs values for NICD-MTCT2 dataset, ambiguity characters 
informative.

Index N+S Nd ˆ Sd ˆ N S n s  Z p
Fisher

p 2 + Z

123 372 0.113 0.102 267.9 105.1 28 10 1.11 0.03978 0.470 2.52 0.0918

103 372 0.1067 0.022 282.5 90.5 28 2 4.76 0.0014 0.010 2.38 0.0934

181 396 0.0962 0.016 266.9 130.1 24 2 6.21 0.0014 0.002 2.14 0.1357

39 378 0.0951 0.098 284.5 94.5 25 9 0.97 0.4741 0.568 2.12 0.1539

36 396 0.069 0.033 273.1 123.1 18 4 2.08 0.0598 0.130 1.53 0.2981

35 402 0.0612 0.016 272.2 129.8 16 2 3.92 0.0246 0.037 1.36 0.3669

207 342 0.0575 0.023 253.1 88.9 14 2 2.52 0.072 0.171 1.28 0.3936

188 390 0.0556 0 261.1 128.9 14 0 NA 0.0014 0.003 1.24 0.409

174 360 0.0535 0 271.2 88.8 14 0 NA 0.0014 0.017 1.19 0.117

173 366 0.0496 0 250.8 116.2 12 0 NA 0.0014 0.009 1.1 0.4602

106 378 0.0485 0.086 255.3 122.7 12 10 0.56 0.8897 0.132 1.08 0.4681

211 318 0.0435 0.106 237.8 81.2 10 8 0.41 0.9364 0.058 0.97 0.5

162 390 0.042 0.088 294.6 96.4 12 8 0.48 0.09104 0.089 0.93 0.5

177 396 0.0342 0 298.9 97.1 10 0 NA 0.0014 0.057 0.76 0.5793

135 384 0.0301 0 339.4 44.6 10 0 NA 0.0014 0.290 0.67 0.6179

+
2 = Nd ˆ / 0.0448

The codons with the highest value of Nd ˆ in the NICD-MTCT dataset are 103, 

181, 36, 106, 35, 34, 38, 188, 40, 174, 32, 123, 134, 7 and 207. The mean value of 

Sd ˆ  in this dataset is 0.0243.  In the NICD-MTCT2 dataset, the codons with the 

highest values of Nd ˆ  are 123, 103, 181, 39, 36, 35, 207, 188, 174, 173, 106, 211, 

162, 177 and 135. The mean value of Sd ˆ  in this dataset is 0.0448. Eight of the 

codon sites highlighted in bold have the highest rates of nonsynonymous 

substitutions in the datasets. 

Additional sites associated with NVP resistance are not in the set of sites with the 

highest Nd ˆ values. 



54

3.3.2. HIVdb dataset

Depending on the treatment of ambiguity characters, 9 and 7 sites are inferred to 

be evolving under positive selection in the HIVdb dataset (Tables 3.5 and 3.6). 

When ambiguity characters are included in the analyses, the data increases as seen 

by a higher N+S (681 vs 585 [codon 181] for e.g.). However, more sites (9 vs 7) 

are found to be under positive selection when ambiguity characters are removed

than when they are considered informative. This is due to ambiguity characters 

encoding more synonymous substitutions (see‘s’ values and mean Sd ˆ = 0.0111 in 

Table 3.5 vs. 0.0208 in Table 3.6), a higher Sd ˆ ambiguity characters are 

considered informative results in a lower estimation of omega.  It is also observed 

that the mean Sd ˆ  when ambiguity characters are considered informative in this 

dataset is almost identical to the mean Sd ˆ  in the NICD-MTCT dataset (0.0208 vs. 

0.0243).

Nine of the set of 10 PHoCs codons, codons 70*, 74*, 103*, 106*, 181*, 184*, 

188*, 190* and 219*, inferred to be under positive selection in the HIVdb dataset 

(all p values < 0.05) are drug resistance codons. It is previously known that the

patients from which these HIV sequences were isolated were undergoing 

HAART, and the high number of sites associated with drug resistance is not 

surprising. Only codon 173 inferred in both analyses of the HIVdb dataset is not a 

drug resistance codon (Fisher p=0.5398).  The 5 codons underlined are associated 

with documented NVP resistance, compared to the 4 codons highlighted by 

analyses of the NICD-MTCT datasets. 
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Table 3.5 Positive selection in HIVdb dataset, ambiguity characters removed.  

Site N+S Nd ˆ Sd ˆ N S n s  Z p
Fisher 

p
2 Z p

70 672 0.02 0 501.2 170.8 10 0 NA 0.00066 0.053 1.81 0.2296

74 657 0.04 0 344.9 312.1 14 0 NA 0.00008 0.000 3.73 0.0217

103 546 0.12 0.01 412.6 133.4 45 2 7.801 < 0.00002 0.000 10.5 < 0.00002

106 648 0.03 0.00 433.0 215.0 11 1 5.489 0.0096 0.053 2.31 0.1292

173 651 0.01 0 479.2 171.8 6 0 NA 0.00676 0.159 1.12 0.4522

181 585 0.15 0 394.2 190.8 52 0 NA < 0.00002 0.000 13 < 0.00002

184 666 0.09 0.02 607.9 58.1 49 1 4.902 0.00005 0.054 7.64 < 0.00002

190 615 0.06 0.02 410.8 204.2 23.5 4.5 2.656 0.0099 0.026 5.33 0.00154

219 660 0.02 0 499.1 160.9 11 0 NA 0.00042 0.046 2 0.1841

Site: Codon position in HXB2 numbering in the enzyme reverse transcriptase
N+S: total number of codons analysed
N: number of potentially nonsynonymous sites
S: number of potentially synonymous sites
n: estimated number of nonsynonymous substitutions
s: number of estimated synonymous substitutions

Nd ˆ : n/N

Sd ˆ : s/S

 : ratio Nd ˆ / Sd ˆ

2 = Nd ˆ / 0.0111

NA (for omega): No observed synonymous substitutions ( Sd ˆ  = 0)  
Z p: p value calculated using the Z test for determining if  is significantly >1 
Fisher p: p value calculated using the Fisher’s exact test

Z2  p: p calculated by the Z test to determine whether 2 significantly > 1. 
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Table 3.6 Positive selection in HIVdb dataset, ambiguity characters informative. 

Site N+S Nd ˆ Sd ˆ N S n s  Z p
Fisher 

p
2 Z p

74 681 0.055 0.009 358.2 322.8 19 3 5.851 0.00038 0.001 2.63 0.0446

103 630 0.1663 0.026 476.1 153.9 71 4 6.299
< 

0.00002
0.000 7.97

< 

0.00002

106 690 0.0537 0.009 463.5 226.5 24 2 6.034 0.00016 0.003 2.57 0.0446

173 660 0.0188 0 485.2 174.8 9 0 NA 0.00122 0.062 0.9 0.5398

181 681 0.2061 0.005 460.6 220.4 83 1 44.8
< 

0.00002
0.000 9.88

< 

0.00002

184 678 0.0911 0.017 617.9 60.1 53 1 5.423
< 

0.00002
0.036 4.36 0.00023

188 681 0.0291 0 455.0 226.0 13 0 NA 0.00135 0.005 1.39 0.3446

190 684 0.0944 0.048 456.8 227.2 41 11 1.979 0.0116 0.026 4.52 0.00034

Site: Codon position in HXB2 numbering in the enzyme reverse transcriptase
N+S: total number of codons analysed
N: number of potentially nonsynonymous sites
S: number of potentially synonymous sites
n: estimated number of nonsynonymous substitutions
s: number of estimated synonymous substitutions

Nd ˆ : n/N

Sd ˆ : s/S

 : ratio Nd ˆ / Sd ˆ

2 = Nd ˆ / 0.0208

NA (for omega): No observed synonymous substitutions ( Sd ˆ  = 0)  
Z p: p value calculated using the Z test for determining if  is significantly >1 
Fisher p: p value calculated using the Fisher’s exact test

Z2 p: p calculated by the Z test to determine whether 2 significantly > 1. 
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In the HIVdb dataset, codons having the highest rates of nonsynonymous 

substitutions have been previously documented to be drug resistance codons, 

excepting for 3 codon positions: 39, 35, and 122. Again the two rates of 

substitutions are not significantly different for these three codons and for some of 

the codons associated with drug resistance (p>0.05 in Tables 3.7 and 3.8). The 

rate of nonsynonymous substitutions at codon 173 is lower than Nd ˆ values shown 

below. 

Table 3.7Top 15 Nd ˆ  PHoCs values for HIVdb dataset, ambiguity characters removed.  

Index N+S Nd ˆ Sd ˆ N S n s  Z p
Fisher 

p 2 + Z p

181 585 0.15 0.00 394.2 190.8 52 0 NA
< 
0.00002

0.000 13
< 
0.00002

103 546 0.12 0.02 412.6 133.4 45 2 7.801
< 
0.00002

0.000 10.5
< 
0.00002

184 666 0.09 0.02 607.9 58.1 49 1 4.902 0.00005 0.054 7.64
< 
0.00002

190 615 0.06 0.02 410.8 204.2 23.5 4.5 2.656 0.0099 0.026 5.33 0.00154

74 657 0.04 0.00 344.9 312.1 14 0 NA 0.00008 0.000 3.73 0.0222

101 660 0.03 0.02 499.2 160.8 14 3 1.513 0.2389 0.376 2.56 0.0934

106 648 0.03 0.00 433.0 215.0 11 1 5.489 0.0096 0.053 2.31 0.1292

39 654 0.02 0.01 450.5 203.5 10.5 1.5 3.203 0.0495 0.097 2.12 0.1736

215 651 0.02 0.01 440.8 210.2 10 2 2.396 0.121 0.199 2.06 0.1977

219 660 0.02 0.00 499.1 160.9 11 0 NA 0.00042 0.046 2 0.1814

35 591 0.02 0.01 410.7 180.3 9 2 1.982 0.166 0.298 1.98 0.1975

70 672 0.02 0.00 501.2 170.8 10 0 NA 0.00066 0.053 1.81 0.2296

98 678 0.02 0.02 452.0 226.0 9 4 1.128 0.4168 0.552 1.81 0.2327

210 630 0.02 0.02 367.8 262.2 7 5 1.000 0.000 0.609 1.72 0.2611

69 675 0.02 0.02 459.9 215.1 8 4 0.936 0.5438 0.566 1.57 0.2981

+
2 = Nd ˆ / 0.0111
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Table 3.8 Top 15 Nd ˆ  PHoCs values for HIVdb dataset with ambiguity characters
informative.

Index N+S Nd ˆ Sd ˆ N S n s  Z
Fisher

p 2 + Z

181 681 0.21 0.00 460.6 220.4 83 1 44.8 < 0.00002 0.000 9.88 < 0.00002

103 630 0.17 0.03 476.1 153.9 71 4 6.299 < 0.00002 0.000 7.97 < 0.00002

190 684 0.09 0.05 456.8 227.2 40.5 11 1.979 0.0116 0.026 4.52 0.00032

184 678 0.09 0.02 617.9 60.1 53 1 5.423 < 0.00002 0.036 4.36 0.00022

74 681 0.06 0.02 358.2 322.8 19 3 5.851 0.00038 0.001 2.63 0.0446

106 690 0.05 0.01 463.5 226.5 24 2 6.034 0.00015 0.003 2.57 0.0418

101 678 0.04 0.03 512.8 165.2 18 5 1.165 0.3783 0.495 1.72 0.2005

210 657 0.03 0.03 385.7 271.3 13 8 1.150 0.3745 0.474 1.65 0.2296

219 681 0.03 0.01 515.0 166.0 16 2 2.620 0.0455 0.147 1.52 0.2709

215 666 0.03 0.02 451.0 215.0 13 4 1.564 0.2177 0.309 1.4 0.3228

35 603 0.03 0.02 420.8 182.2 12 3 1.753 0.1711 0.287 1.39 0.3264

188 681 0.03 0 455.0 226.0 13 0 NA 0.00135 0.005 1.39 0.33

122 654 0.03 0.02 493.9 160.1 14 3 1.521 0.2358 0.368 1.38 0.3264

67 663 0.03 0.03 501.6 161.4 13 5 0.835 0.6255 0.455 1.26 0.3745

39 657 0.03 0.01 452.5 204.5 11.5 1.5 3.500 0.0329 0.071 1.24 0.3745

+
2 = Nd ˆ / 0.0208
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3.4. Power of PHoCs

Parameters (omega, number of patients and sequence divergence) impact 

differently on the power of PHoCs (Figure 3.2). The number of patients translates 

into length of a pair of sequence in PHoCs, this being because each patient 

contributes a pair of (longitudinal) sequences and therefore adds a pair of codons 

to the PHoCs pair of sequences. 

Power is considered adequate because PHoCs returns at least 80% of true 

positives (Figure 3.2) especially when LD is high. Longitudinal Distance is very 

important for power (LD = 1: adequate power achieved with sample sizes = 50; 

LD = 0.08, adequate power achieved with samples sizes = 500 or more). The 

sample size required is therefore dependent on LD, the degree of sequence 

divergence between sequence pairs.  

Sequence divergence is usually given in terms of branch or tree length. Instead of 

using the typical metric of branch/tree length, the expected number of 

substitutions per codon between a pair of sequences is referred to as the 

Longitudinal Distance because PHoCs does not make use of a tree. If a

phylogenetic tree is used, the Longitudinal Distance is the shortest distance 

connecting 2 sequences known to be longitudinal. Longitudinal sequences are 

expected to have low Longitudinal Distances. A low Longitudinal Distance (or 

branch or tree length) is around 0.2. [86]. Longitudinal distances used in the 

figures below (Longitudinal Distance = 0.08 and 1) reflect the lower and higher 

extreme of Longitudinal Distances. A Longitudinal Distance of 1 was estimated 

using pairs of codon sequences evolving under positive selection in HIV datasets, 

and 0.08 is the mean branch length of longitudinal HIV sequences. 
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Power of approach for different values of omega and 
number of sequence pairs LD = 0.08
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Figure 3.2 Power of PHoCs for detecting positive selection. Sequence pairs were simulated 

for different values for omega (= 0-10), number of codons per pair (= 23 -1000) and 

longitudinal distances (= 0.08, 1).  Unchanging simulation parameters of evolution were 

transition transversion ratio= 2.7, and codon frequencies estimated from a subset of HIV 

sequences. If the p value calculated by the Z test is < 0.01, the rates are said to be 

significantly different, which is used to determine whether a codon is under positive 

selection.  The Z and F tests return similar numbers of positively selected sites, and the plots 

of the number of positively selected sites detected are not shown when the p values for the F 

test are used as criteria are not shown.
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The most important parameter is omega. This value is used to simulate the 

sequences and is re-estimated to determine if the site is evolving under positive 

selection. It is especially important to observe how accurate NG NEW is in 

determining positive selection when the omega value is known to be around 1

because this is the critical value for determining positive selection.  Indeed false 

positives were observed when omega is known to be in the range 0.7-1.  

The allowed false positive rate is 1%, i.e. a positive is inferred if p < 0.01. This 

value should be observed when omega is 1. However, one false positive is 

observed when omega is known to be 0.7 and up to 15 (when LD=1, 250 patients) 

are observed when omega is known to be 1. This was worrying, but could be 

explained after simulations detailed in Figure 4.1. We advise caution in inferring 

positive selection when the value of omega is calculated to be less than 2. 
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Chapter 4 Discussion

This chapter discusses the fact the PHoCs determines that longitudinal samples 

treated with NVP evolve resistance to the drug using Nd ˆ  and Sd ˆ  comparisons. 

The longitudinal distance, LD, (average number of substitutions per codon) is 

found to affect the sample size required for power. A low LD of 0.08 requires a 

large sample size, while a high LD of 1.0 does not. Omega, Nd ˆ / Sd ˆ  is over-

estimated in PHoCs, and as a measure of confidence only sites with omega 

significantly > 2 should be used to infer positive selection. Codons 173 and 174 in 

reverse transcriptase, referenced to HXB2, are inferred to potentially be associated 

with resistance, with a low degree of confidence in this inference. 

Implementation issues such as site Nd ˆ  /mean Sd ˆ  ( 2 ), treatment of ambiguity 

characters, model of nucleotide substitutions, PHoCs input, as well as data 

characteristics such as different subtypes and NRTI treatments. 
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4.1. Enrichment of PHoCs sites for NVP resistance

4 of the 11 codon sites inferred to be under positive selection in the MTCT-

NICD2 dataset have been previously associated with resistance to NVP (Table 

4.1).  

Table 4.1 Drug resistance in PHoCs codons of NICD-MTCT datasets

Site1  2
2 2 Drugs Resistance3 Comments

103 4.76 2.38 NVP High
K103N is the most common of all NNRTI 

resistance mutations [183]

106 6.034 2.57 NVP High
Rare in B, High in C

 ([184], [171])

181 6.21 2.14 NVP High [186]

188 NA 1.24 NVP High [190]

1. Codon position in alignment as referenced to reverse transcriptase of HXB2 (see [140])
2. Omega values are calculated considering ambiguity characters as informative
3. Values taken from table at HIVdb www.hivdb.stanford.edu ([190], [191])

To determine whether ‘PHoCs-codons’ were enriched for resistance codons 

associated NVP resistance a Fisher’s exact test was performed. 15 potential NVP

resistance codons lie in the RT region 1-242 analysed in the datasets. Using 

permutations FET calculates the probability of observing more extreme 

proportions in the numbers in the four categories: resistance-‘PHoCs’, non-

resistance-‘PHoCs’, resistance-not-‘PHoCs’ and non-resistance-not-‘PHoCs’, as 

detailed in Table 4.2.

Table 4.2 Fisher’s Exact Test for enrichment of NVP resistance codons in NICD-MTCT2 

PHoCs sites 

n resistance sites n non-resistance sites Total

n ‘PHoCs sites’ 3 7 10

n ‘non-PHoCs sites’ 12 220 232

Total 15 227 242

PHoCs sites was significantly enriched for NVP resistance sites (p = 0.018). 
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In the HIVdb, 5/10 ‘PHoCs codons’ are NVP-resistance codons, and 4/10 ‘PHoCs 

codons’ are NRTI-resistance codons. The high number of drugs resistance codons 

inferred using this dataset is not surprising because these sequences were also 

treated with multiple NRTIs. The resistance data available at the 10 ‘PHoCs 

codons’ inferred by the HIVdb dataset are summarised in Table 4.3.

Table 4.3 Drug resistance in PHoCs codons of HIVdb dataset

Site1  2
2 2 Drugs Resistance3 Comments

70 NA 1.81 AZT Intermediate [191]

74 5.851 2.63 DDI High [191], [183]

103 6.299 7.97 NVP High [183]

106 6.034 2.57 NVP High
Rare in B, High in C [184], 

[171]

173 NA 0.9 NA NA NA

181 44.8 9.88 NVP High [186]

184 5.423 4.36 3TC, FTC High [191], [188]

188 NA 1.39 NVP High [190]

190 1.979 4.52 NVP High [190], [185]

219 NA 2 AZT, D4T Intermediate [191]

1. Codon position in alignment as referenced to reverse transcriptase of HXB2 (see [140])
2. Omega values are calculated considering ambiguity characters as informative
3. Values taken from table at HIVdb www.hivdb.stanford.edu ([190], [191])

To determine whether PHoCs codons were enriched for resistance codons 

associated with ARVs acting on RT and also specifically with resistance to NVP 

resistance a Fisher’s Exact Test [FET] was performed. 33/34 RT resistance 

codons lie in the region 1-242 of RT analysed in the HIVdb datasets, comprising 

of 15 NNRTI (& NVP) and 18 NRTIs resistance codons, as summarised in Table 

4.4.
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Table 4.4 Fisher’s Exact Test for enrichment of resistance sites in HIVdb PHoCs sites 

n resistance sites n non-resistance sites Total

n PHoCs sites 9 1 10

n non-PHoCs sites 24 208 232

Total 33 209 242

PHoCs sites was significantly enriched for both drug resistance codons in general 

(p = 0.0001159) and more specifically for NVP resistance sites (p = 0.0007749). 

Four codons positions associated with known NVP resistance (103, 106, 181 and 

188) was found to be under positive selection in datasets of longitudinal paired 

sequences associated with preventive mother to child transmission of HIV using 

NVP. In a 228-pair longitudinal dataset where NVP formed part of the treatment 

regimen, five codon positions associated with NVP resistance (including codon 

190) were inferred to be evolving under positive selection.  In addition, PHoCs 

did not infer codons associated with other drug resistance in the NICD-MTCT 

dataset.  This is as per expectation that drug resistant codons are not under 

positive selection in this dataset. Again, as per expectation, all PHoCs-inferred 

codons in HIVdb dataset, excepting one codon (173), were drug resistance codons 

in the HIVdb dataset, which are sequences from patients undergoing HAART, to 

whom drugs are regularly administered in combinations.  The principle 

differences in the MTCT and HIVdb datasets are the subtypes (see section 4.11), 

drug combinations used in treatments (section 4.12), the duration of the treatments 

(many vs. once/twice only) and the sizes.

PHoCs therefore independently reveals that codon positions where mutations 

confer drug resistance evolve under positive selection in NVP and drug treated 

longitudinal datasets. Innumerable observations have been made regarding 

increase in frequency and persistence of drug resistant variants as a consequence 

of drug therapy ([218], [219] for e.g.). However, the use of substitution rate

comparisons to study positive selection for drug resistance using parallel 
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sequences in multiple patients has been previously deemed not to be feasible [51]. 

PHoCs is a tool which detects parallel positive selection in intra-host HIV-1 

populations from multiple patients. PHoCs could also test previous inferences that 

natural selection is a ‘potentially confounding factor’ in studying transmission of 

drug resistant HIV-1 variants [50]. 
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4.2. Positive selection for NVP in MTCT

We found positive selection resulting from NVP treatment using paired 

longitudinal sequences in what we call the NICD-MTCT datasets. 

The inference of positive selection in MTCT is a difficult one. There are a number 

of factors which affect transmission and they may mask making such an inference. 

The effective concentration of NVP is reached after 8 h in the circulation. Labour

can be shorter than this. The birth canal compartment is separate from blood, even 

though NVP has a high ability to permeate to compartments [213].  Some mothers 

may have very high concentration of the virus, and the concentration of NVP 

might not be sufficient for effective inhibition. 

A number of assumptions are made regarding HIV sequences isolated from 

babies. One of these is that the baby is not infected during gestation but during 

birth. Others are that NVP inhibits reverse transcriptase in the birth canal, and that

viruses with the ‘good genes’ resistant to NVP initiate HIV infection in the baby. 

In addition, it is known that transmission is associated with a strong element of 

chance due to genetic bottlenecks. This might mean that a sample of Mother-Baby 

sequences might not be shown to have positive selection resulting from NVP.

However, the MTCT dataset is not a dataset of Mother to Baby HIV-1 sequences 

per se. For instance, the NICD-MTCT dataset comprises 30 before- and paired 

after-NVP isolates from mothers, and 16 before-NVP isolates from mothers, and 

paired after-NVP baby isolates. It would be interesting to determine whether 

PHoCs would detect any sites to be under positive selection using a larger MTCT

dataset, with more transmission sequences.]
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4.3. Power assessments in simulations

The magnitude of omega and LD (the Longitudinal Distance) greatly impact on 

the power of PHoCs. 

LD in Figure3.6 is the expected number of substitutions per codon in a pair of 

sequences, i.e. the amount of data available when comparing a pair of sequences. 

LD of a specific set of codons might be higher than LD for the whole sequence 

[50], because substitutions at most sites are likely to be more deleterious and are 

not observed, while sites undergoing positive selection may have more acceptable 

nonsynonymous changes. Power may therefore be high for one or more single 

codon positions even when the LD for the entire sequence is low.  

Omega is the parameter used to infer positive selection. The power of PHoCs may 

reach over 80% with 250 sequences when omega values used in simulations are 

greater than 2. However, false positives are found at omega values 0.7-1.0 in 

Figure 3.6. To explain this, we attempted to determine whether the NG-NEW 

method in PHoCs re-estimates omega accurately. A plot of values of known 

omega vs. omega values estimated in sequences simulated under identical 

parameters as in Figure 3.6 was made for omega values in the range 0-5 (Figure 

4.1). 
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Mean value of omega found using NG NEW vs Evolver defined Omega, Tree 
length = 0.08, R = 2.7
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Figure 4.1 NG-new estimates of dN/dS ratios vs. value used in simulations. One hundred 
1000 codons long sequence pairs were simulated, with R=2.7, empirical amino acid 
frequencies, omega (0- 5) and LD (= 0.2, 1.2). The mean estimate of omega is plotted against 
the simulated ‘true’ value. The line y=x denotes the expected omega values and highlights 
how values of omega tend to be overestimated by NG method. The standard error of the 
means not shown is small enough to be ignored. 

Figure 4.1 reveals that omega values are generally overestimated using the PHoCs 

method with NG-New method. This explains the apparent false positives when 

omega known to be in the range 0.8 -1.0. A PHoCs estimate omega=1 should in 

reality be omega=0.7/0.8. In Figure 3.6, the allowed false positive rate or the 

significance level is 1 out of 100. The statistical tests used to infer that rates are 

indeed different perform correctly, considering that the allowed false positive rate 
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is 1/100 at values of omega known to be 0.7. Both tests appear to be equally good, 

having similar expected false positive rates at this value of omega. 

An over-estimate of omega, the ratio Nd ˆ to Sd ˆ , can be due to under-estimation of 

dN, or over-estimate of dS. Muse previously plotted Nei and Gojobori (NG) Nd ˆ

and Sd ˆ . He found Nd ˆ  was estimated correctly and Sd ˆ  was underestimated when 

dS is < 0.1. This could be because NG Sd ˆ  is inferred using parsimony which 

assumes the shortest path between 2 codons [178]. The range of Sd ˆ found in the 

analyses falls within the range at which dS is underestimated. From the plots 

made by Muse [178],  Sd ˆ  are almost always greater than a line with gradient ½. 

This means that Sd ˆ  are never underestimated by less than ½. We therefore advise 

caution when interpreting the results of PHoCs when the inferred omega is 

smaller than 2. 

Conservative interpretation of marginal cases is usual when inferring positive 

selection. For example, in 2004, Wong et al [192] used simulations to determine 

how good phylogeny based parsimonious methods (Suzuki and Gojobori method

[73]) and likelihood methods (PAML [69]) were at distinguishing sites evolving 

with omega values of 1 from sites evolving with omega of 1.5. They 

recommended not drawing strong conclusions of positive selection when omega is 

only slightly greater than one. 

In conclusion, the omega values and LD, the longitudinal distance, in biological 

samples tend to support that PHoCs is useful in terms of power. However, only

sites which have omega values greater than 2 should be confidently inferred as 

being under positive selection. 
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4.4. Previous reports on novel codon positions detected

‘PHoCs codons’ in the NICD-MTCT2 dataset not previously associated with drug 

resistance or detected as being under positive selection are codon positions 135, 

158, 165, 173, 174, 177 and 178. Polymorphisms at codons 158, 173, 174 and 177 

have been previously detected as occurring significantly more often in subtype C 

in untreated patients than in subtype B (frequency of 20, 95, 38 and 87 % 

respectively) by Kantor et al. (2005) [233]. No polymorphisms were detected at 

position 135 and 178 in the subtype C sequences but were found in other subtypes 

[233]. Mutation frequency was never significantly higher than expected at codon 

position 165 [233]. None of the sites were significantly associated with treatment. 

It is to be noted that the polymorphisms observed had at least 1% branch length, 

i.e. isolates were not from the same individuals.  In addition, these sequences were 

isolated from patients with different treatment histories. 

Because p values calculated by the Fisher’s exact test and the Z test support that 

codons 173 and 174 to be under positive selection, one may infer these codon 

positions to be under selection with more confidence than the other 5 positions, 

where only the Z test support is available.  cannot be calculated at codon sites 

173 and 174 because synonymous substitutions are not observed, but p values 

calculated by the Z test and Fisher exact test support that dN is significantly 

different from dS (p<0.0014, p=0.009; p<0.0014 and p=0.018). However, 2 , the 

ratio of dN to the mean dS, is not significantly greater than 1 (1.1/1.19, p 

=0.46/0.42).  However, 2 is impacted by the relatively high rate of synonymous 

substitution observed in the NICD-MTCT2 dataset (0.448, almost twice that 

observed in the other datasets).  

All ‘PHoCs codons’ in the HIVdb dataset are associated with known reverse 

transcriptase drug resistance excepting codon 173 which is inferred to be under 

selection in analyses where ambiguity characters are removed and are considered. 

This could be a site evolving under positive selection.  can not be calculated at 

this site because of synonymous substitutions are not observed, but p value 

calculated by the Z test (0.00676) support the inference of positive selection to be 
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within safety error margins of 5% significance levels. However, the Fisher’s p 

value does not support this site as being under positive selection, 2 is not much 

greater than 1 (1.12/0.9 when ambiguity characters are removed/considered 

informative), and the p value for 2 (0.4522, 0.5398) is also not in favour of such 

inference. On the other hand the fact is that the HIVdb dataset comprises of 

sequences which have had a number of drug treatments used in many 

combinations.  

Therefore, one may infer that codons 173 and 174 of the enzyme reverse 

transcriptase are important in intra-host evolution of HIV but not the other codons 

(135, 158, 165, 177 and 178) detected in the NICD-MTCT2 dataset. 
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4.5. Codon positions with high dN values

Codons 35, 36, 123 and 207 have the highest rates of nonsynonymous substitution 

in both NICD-MTCT datasets. These codons have previously been found to have 

significant polymorphisms in untreated subtype C sequences. On the other hand, 

the codon positions 7, 32, 34, 38, 40 and 134 which have the highest dN values 

only in the NICD-MTCT dataset are not associated with polymorphism in the 

Kantor et al study except for codon 40 at 8% of drug treated subtype C sequences. 

Codon positions 39, 162 and 211 with the highest dN values in NICD-MTCT2 

dataset are polymorphic in 100, 42, and 75 % of drug treated subtype C sequences 

examined in the Kantor et al. study. Therefore one can conclude that in general 

the NICD-MTCT2 dataset may be more representative of the drug treated subtype 

C sequences than the NICD-MTCT dataset. It is to be noted that around 1/3 of the 

sequences in the latter dataset (16 pairs) were isolated from babies which means 

that many of the sequences in this dataset have undergone selection during the 

transmission stage (see section 4.2).  The NICD-MTCT2 dataset are isolated from 

mothers treated with NVP prior to treatment and 6 weeks following treatment 

only.

The mean value of Sd ˆ  in the two datasets is also surprising (0.0243 vs. 0.0448). 

The rate of synonymous substitutions NICD-MTCT dataset is estimated to be 

almost twice that of the NICD-MTCT2 dataset. The composition of the two 

datasets varies as mentioned above, and the sizes of the two datasets are also 

different (46:134 i.e. 1:3). The size of the datasets should not influence the 

estimate of dS, as supported by the estimate of dS of 0.0208 in the 228 pairs 

HIVdb dataset. The latter dataset is heavily treated with many drugs, while many 

of the sequences in NICD-MTCT dataset have gone through transmission to new 

hosts (babies). It is hypothesised that the difference in synonymous rate estimates 

between the two NICD datasets is influence by the number and the strength of the 

selection events.
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4.6. Two interesting codon positions under positive selection

Codon 190 has a higher synonymous rate of substitutions than would be normally 

expected because this sites is only inferred as being under positive selection when 

dN to mean dS comparisons are made, but not when dN to site dS comparisons 

are made. This codon has been associated with hyper-susceptibility to NNRTI 

DLV and simultaneous high level resistance to NVP, which is another NNRTI.

However, DLV treatment was present in 2 treatments (Table 3.2). 

Codon 184 is also associated with hyper-susceptibility to 3 NRTIs and high level 

resistance to 3TC and FTC. This codon is also inferred quite consistently to be 

under positive selection. FTC treatments were not given to patients in the HIVdb 

dataset. However, another cytosine analogue reverse transcriptase inhibitor DDC 

was used. 17 and 82 patients were treated with these 3TC and DDC at T0, and 1 

and 73 at T1. 
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4.7. Previous reports on positive selection in HIV-1 reverse transcriptase

Chen, Perlina and Lee in 2004 [189] scanned for positive selection in codons 

using a large number (up to 40,000) HIV-1 drug treated sequences. This analysis 

is different from previous analyses of drug treated HIV sequences because of this 

huge sample size and the analysis made. The authors did not group substitutions 

into synonymous and nonsynonymous but estimated the number of times a codon 

changed into a different codon at each site directly. Positive selection at codon 

positions was the ratio of specific (codon A to codon B) nonsynonymous 

substitutions to the observed number of synonymous substitutions divided by 

expected ratio under a random mutation model (no selective pressure). A 

confidence score for each inference was also calculated.  Almost half of the 

codons (1/2) in reverse transcriptase were found to be likely to be evolving under 

positive selection, including most (23/34) drug resistance codons.  On the other 

hand, PHoCs determined that only up to 31/242 (Figure 3.7), or 1/8, of the codons 

in RT could be evolving under positive selection. Chen et al. found that one (103) 

of the 4 PHoCs and NVP resistance codons (103, 106, 181, and 188), though we 

focused on NVP treated sequences, and they did not.  

Yang, Bielawski and Yang in 2003 [220] analysed 26 HIV-1 genomes belonging 

to different subtypes using phylogeny based probabilistic modelling. They 

detected codon positions 20, 179, 218, 229, 263, 267, 301, 342, 390, 432 and 491 

to be evolving under positive selection in HIV-1 reverse transcriptase. The small 

dataset and the fact a phylogenetic tree was used means that the sites they found to 

be evolving under positive selection are not comparable to the sites found in this 

instance. A subset of 23 sequence pairs from the NICD-MTCT dataset were also 

analysed using the same phylogeny based probabilistic model M8 in CODEML 

[69]. None of the sites found to be under selection by PHoCs were inferred as 

being under positive selection. However, de Leal et al [48] used the same model 

M8 in CODEML on 117 sequences from patients under mixed ARV treatments in 

different datasets to infer that the following drug resistance codons 41, 67, 69, 70, 

118, 151, 184, 207, 210 and 215 were evolving under positive selection (not 

within the same dataset). None of these drug resistance mutations are associated 
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with NVP treatment, although NVP resistance codons were found in sequences. It 

is to be noted that the probabilistic methods have taken over counting methods as 

the method of choice [evidenced by the frequent use and publications] partly 

because they offer a rigorous statistical framework to test inferences of positive 

selection. 
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4.8. A single value of dS compares with dN

A nonsynonymous substitution is more likely than a synonymous substitution, if 

all changes were to occur randomly and all be observed in the standard genetic 

code. All substitutions at position 2, half substitutions at position 3, and 57/61 

substitutions at position 1 of a codon are non-synonymous changes. However, the 

rates dN  and dS  are comparable because they are both normalized using the 

expected number of each type of substitution. One would expect that dN  be equal 

to dS  if all substitutions were to occur randomly and be observed.  

However, the probability of a non-synonymous substitutions increasing fitness is 

much lower than it is to enhance the functioning of the protein. The rate of 

synonymous substitutions is therefore usually higher than the observed rate of 

nonsynonymous substitutions. Synonymous substitutions do not alter the structure 

of a protein, i.e. variation in the nucleotide sequence does not result in a change in 

the amino acids. Synonymous substitutions are therefore considered to result in 

functionally and selectively equivalent variants though codon usage may select 

some variants ([217], [216]). 

dS is therefore generally thought to be constant across many sites and to be the 

rate of neutral evolution.  By contrast  dN  varies extensively from site to site, 

being generally much lower than that of synonymous substitutions for reasons 

mentioned above. The variance in dN  is expected to be greater from that of 

from dS , and the Z test used for testing differences in rates assumes that both rates 

have independent variances. 

Calculating an average value for dS  has been proposed before [60]. An average 

estimate of dS  is therefore a better estimate of the ‘neutral rate of evolution’ than 

a site estimates of dS .  Comparison of dN  to average dS  is therefore 

implemented in PHoCs. However, this value should be used with caution because 

under this treatment values with high dN values are automatically more likely to 

be under positive selection even if the site dS are larger than usual as pointed out 

in sections 3.3.1 and 3.3.2.
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4.9. Treatment of ambiguity characters in sequence data

An ambiguous character is assigned when multiple peaks in a chromatogram 

makes it unclear which nucleotide resides at a particular site.  In vitro copying 

errors amplified during the PCR process and polymorphisms at this site in the 

sample give rise to ambiguity characters.  Different labs can have varying average 

numbers of ambiguous nucleotides per sequence despite the existence of 

standards, because the chromatogram reading machines might be set to read 

differences in peaks differently.  For example, an option is to consider the highest 

peak on the chromatogram to be the ‘true’ nucleotide instead of giving the site an 

ambiguity character. 

Ambiguity characters are a therefore a means of representing information. Each 

ambiguous character in a nucleotide sequence may encode 2, 3 or 4 unambiguous 

nucleotides, and are called 2 fold, 3 fold or 4 fold ambiguity characters 

respectively. They draw attention to variation in the population. Ambiguity 

characters are particularly relevant to viral quasispecies. The method used to 

sequence HIV is the population based sequencing. Variants in the viral population 

are detected by this method. 

Collaborators who sequenced and provided the NICD-MTCT datasets highlighted 

that ambiguity characters were informative. They were interested in the relative 

proportions of wild type (wt) to mutant sequences in longitudinal sequence 

isolates and distinguished relative ratios of wt to mutant in the viral population 

sequenced. However, represent relative ratios in sequence data is non standard, 

and they assigned ambiguity characters instead. A multiple sequence alignment of 

a series of longitudinal sequences of drug treated data might highlight that 

ambiguity characters arise more often at T1 (after drug treatment) than at T0 

(prior to drug treatment). More polymorphisms are found in sequences which 

have ARV than sequences which do not [210]. This highlights that ambiguity 

characters might be biologically meaningful as a rule and it is plausible to assume 

that a population with allelic mixtures i.e. with multiple variants are more likely to 

be undergoing evolution than populations without mixtures. This argument was 
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also presented in a previous report by Gonzales et al [182].  To assess the 

contribution of an ambiguity character, they used a weighting scheme within a 

hash table, to increases dN and dS estimates. dN/dS is calculated for the entire 

sequence i.e. averaged over all codons. 

In the current implementation of analysis of ambiguity characters, ascertains that 

the ambiguity character is in fact informative, and simplifies an ambiguity 

character such that only the evolved codon at T1 is considered. Some codons 

might become apparent when ambiguity characters are considered because this 

increases the amount of information. The approach taken here is sensible and 

conservative because we ensure that minimise chances that ambiguity characters

are due to PCR errors by comparing T1 codons to T0. 
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4.10. Model of nucleotide substitutions parameters and implementation 

Conditions imposed by the model of substitution used affect Nd ˆ  and Sd ˆ .  The 

larger the number of assumptions in the model not fulfilled by real data, the more 

inaccurate the results [179]. On the other hand, models which are too simple and 

do not attempt to account for known biases in evolution are also inaccurate

because nucleotide substitutions can have patterns, which are independent of 

evolutionary constraints (see 1.4.1). Recommendations on which model of 

substitution to use have ranged from the 2 extremes: the simplest model available 

[180], or the most complex because even the most complicated models are 

simplifications of the evolutionary process.  Despite these debates regarding 

which evolutionary model to use, the model of substitution used in PHoCs is very 

simple and is believed to give relatively accurate rate estimates.  

The NG-New method included in PHoCs uses a simple model of nucleotide 

substitution, the Kimura 2 parameter model or K2P [213].  Codon/nucleotide 

frequencies in the data are assumed to be equal but transition/transversion ratio 

(R) is used in estimations of substitution rates. Muse [178] remarked that the 

behaviour of the Nei and Gojobori method underestimates dS  when the codon 

frequencies in the data are not equal, and observed overestimation of omega 

indicates that the modified Nei and Gojobori method probably does the same. In 

PHoCs, sequence pairs made up of highly similar codons separated by short 

intervals in sampling times which may decrease the importance of the nucleotide 

frequency bias [99] as well as inaccurate estimations of dS.

PHoCs requires a pre-calculated R value. This was estimated from HIV sequences 

using a likelihood approach in PAML [69]. Yang [86] suggested that the value of 

R is underestimated by likelihood approaches. However, the R value of 2.7 used 

in the analysis is better than ignoring this bias (R=0.5), especially because HIV 

evolution has been associated with a large transition-transversion rate bias [81].

PHoCs requires a multiple sequence alignment (MSA). The MSA provides the 

basis of positional homology (the assumption that each nucleotide in the same 
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column of data shares a common ancestor). Alignments in single gene regions 

specially in conserved gene regions such as reverse transcriptase are often trivial, 

but alignments may be far more difficult for whole genomes and highly variable 

regions such as the env gene of HIV-1.If the alignment is questionable in any

region, the inference of substitutions rates will be doubtful. Some assessment of 

positional homology is essential before attempting any estimation of rates using 

rates using PHoCs.  Aids to a correct multiple sequence alignment are translating 

nucleotides into amino acids, high gap opening penalty and lower gap extension

penalty, aligning HIV genes to consensus sequences [175] and manual editing of 

alignments. T-Coffee [176] is an alignment algorithm which considers the reading 

frame of aligned sequences in MSA building but is much slower than ClustalX

[138].
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4.11. Sequence subtype differences in HIVdb dataset. 

In the HIVdb dataset, the majority of sequence pairs in the HIVdb dataset belong 

to the subtype B.  The remainder of the sequence pairs are subtype C, A, 

CRO2_AG, CRO1_AE, F and D sequences. 

HIV subtypes form distinct clusters within phylogenetic trees made up of 

sequences, irrespective of the portion of the genome. While recognizing sequence 

diversity of subtypes, one consensus sequence called HXB2 [Genbank Accession 

Number K03455] was proposed for HIV-1 to overcome inconsistency in 

numbering in reports of analyses of HIV sequences [166]. This is especially 

because HXB2 had already been used extensively in the past in the developed 

countries, where HIV infections are predominantly of subtype B. 

There have been concerns that subtype identity would affect drug therapy [167]. 

However, HIV-1 belonging to different subtypes have been cultivated with ARVs 

and found to share similar susceptibility to ARVs [168].  In addition, most drug 

resistance associated codons are identical in HIV subtype sequences [169], for 

instance, HIV-1 subtype C and B exhibit similar mutations which confer NVP

resistance at the same codon positions [49].  When treatment regimen is not fully 

suppressive, selection of drug resistant mutants is thought to be facilitated under 

different pathways in different subtypes, and some resistance mutations may be 

selected more rapidly than others depending on the subtype ([170], [171]).

Different subtypes have been binned together in previous reports. One example is 

Rhee et al. [59], who analysed subtypes A-D together in one dataset consisting of 

4183 patients. Only 27 of these (39 sequences) were infected with non-B subtype. 

However, instead of discarding these sequences, they were assessed the 

polymorphisms in an alignment comprising these sequences and 6-7000 subtype 

B sequences.

However, the fact that polymorphisms at some codon positions are present 

significantly more often in some subtypes as found in the Kantor et al study [233], 
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might impact on the inference of positive selection. Codon positions associated 

with drug resistance and also having significantly more polymorphisms in 

subtypes other than B were not inferred by PHoCs.  In fact, 9/10 of the PHoCs-

inferred codons are alternative NVP (or NNRTI) and NRTI resistance codons.   

Nevertheless, it would be prudent to analyse subtype specific datasets, instead of 

binning subtypes, especially when one is scanning for novel codons associated 

with drug resistance.

Pairs of sequences isolated from one patient group together in the phylogenetic 

tree. The branch length between sequences indicates the average number of 

substitutions expected between two sequences i.e. the degree of evolution. This is 

because evolution does not depend only on natural selection but also on neutral 

evolution and accumulation of diversity with time [65].  Because only the 

evolution between pairs of sequences is considered, it is justified to group

sequences from different geographic regions of the world in the HIVdb dataset. 



84

4.12. Additional multiple NRTI treatments in HIVdb dataset.

Combinations of reverse transcriptase inhibitors from the two broad classes 

(NRTI and NNRTI) are usually in HAART. Positions associated with NRTI 

mutations are distinct to NNRTI associated resistance positions in the enzyme. 

However, in most cases, the same resistance positions are shared by all NNRTIs. 

On the other hand, while all NRTIs share the same docking site and resistance

may arise in similar positions, some mutations conferring resistance to one 

inhibitor may confer greater susceptibility to another inhibitor in the same class of 

inhibitors. One can distinguish between 4 categories of analogs which are 

incorporated in the growing nucleotide chain and stop the elongation of the new 

chain. These are thymidine, adenosine, guanosine and cytosine analogue 

inhibitors. Thymidine analogue inhibitors (TAMs) are very commonly used. 

These include AZT and D4T.

Combinations of drugs belonging to NRTIs groups with or without one or more 

NNRTIs are generally administered, because resistance to single reverse 

transcriptase inhibitors arise relatively fast. Combinations of drugs tend to favour 

multiply resistant viruses which, more commonly than not and these have less 

fitness than the wild type which results in a suppressed viral load [173]. 

The sites associated with NNRTI resistance highlighted in green in Figure 4.1 

[113] and lie mostly in the white circle which is the ‘palm’ region of the enzyme, 

while NRTI associated resistance positions are highlighted in light grey and are 

scattered in the ‘fingers’ region of reverse transcriptase. Resistance mutations are 

present in both domains of the enzyme, because they share the same polypeptides. 

However, they are relevant in p66 domain which is the active site domain, 

because the mutations are thought to decrease access of NRTIs to the docking site, 

or to promote catalytic removal of analogues from the active site [174].
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Figure 4.2 Reverse transcriptase sites associated with ARV drug resistance in 3D. 

Because NVP resistance associated sites are distinct from sites associated with 

NRTI resistance mutations, sites with different NRTI treatment at T0 and T1 can 

be included in the HIVdb dataset. 

From Tao (1997) [113]
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Chapter 5 Conclusions

Microbial drug resistance [75] and new zoonotic infections of human populations 

(e.g. recent outbreaks of avian flu [74]) highlight a need for appropriate tools to 

study microbe evolution. One aspect of interest is to analyse the intra-host 

evolution that takes place between two successive time points: this would allow, 

for instance, characterisation of the effect of particular drug treatments. Sequence 

data is now easily obtained for viral and bacterial sequences, but methods which 

infer positive selection are not especially adapted for inferences using pairs of 

samples isolated at different time points.  In this report, we described a method 

called Pairwise Homologous Codons (PHoCs). PHoCs infers positive selection at 

single codon sites. It uses a pairwise approach to estimate rates of substitutions 

between many pairs of longitudinal codons in a multiple sequence alignment.  

We applied PHoCs to infer positive selection resulting from nevirapine treatment, 

using pairs of HIV-1 reverse transcriptase sequences isolated before and after 

treatment. This method analyses sequence alignments relatively quickly and is 

powerful enough to detect positive selection associated with NVP treatment in as 

few as 46 pairs of sequences.  Out of 242 sites analysed in 134 pairs of reverse 

transcriptase sequence pairs, PHoCs detected 10 as evolving under positive 

selection, of which 3 are known to confer NVP resistance. This set is enriched for 

known NVP resistance sites and includes some codons which are candidates for 

further studies. In this same set of PHoCs codons, codons 173 and 174 were 

inferred to be under positive selection. These are novel sites which have not 

previously been pinpointed as sites under positive selection or associated with 

drug resistance.

In a dataset of 228 reverse transcriptase sequence pairs (HIVdb dataset), PHoCs

detected 10 as evolving under positive selection, of which 9 are known to confer 

drug resistance. This set is enriched for known resistance sites (both to NVP and 

to antiretroviral drugs). Codon position 173 was also highlighted as being under 

positive selection in this dataset. The main differences in this dataset as compared 
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to the NICD-MTCT dataset is that patients were subject to drug treatment to NVP, 

and that the first dataset is a therapy dataset where NVP or drugs were 

administered at multiple occasions while the second dataset is associated with the 

prevention of mother to child transmission of HIV where NVP is administered 

only once or twice. 

PHoCs is a useful tool for the detection of positive selection in paired longitudinal 

samples. It is available at http://www.cbio.uct.ac.za
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Appendix I

The PHoCs output is detailed in excel sheets in the attached CD 



Appendix II

HIVbd dataset

1 AY802678.1 1 AY800668.1

2 AF088089.1 2 AY800678.1

3 AF088100.1 3 AY802679.1

4 AY802591.1 4 AF088122.1

5 AY305949.1 5 AY800698.1

6 AY800712.1 6 AY800713.1

7 AY802587.1 7 AF088093.1

8 AY030455.1 8 AY800765.1

9 AY802594.1 9 AY802596.1

10 AY030468.1 10 AY800782.1

11 AY802598.1 11 AF088083.1

12 AY802601.1 12 AY305907.1

13 AY800864.1 13 AY305922.1

14 AY030577.1 14 AY802756.1

15 AY030624.1 15 AY800993.1

16 AY351775.1 16 AY800995.1

17 AY030689.1 17 AF514102.1

18 AY030803.1 18 AY801129.1

19 AY030858.1 19 AF514152.1

20 AY030999.1 20 AY801239.1

21 AY031067.1 21 AF514176.1

22 AY802602.1 22 AF514178.1

23 AY031141.1 23 AY801278.1

24 AY031208.1 24 AY801309.1

25 AY031240.1 25 AY801318.1

26 AY031303.1 26 AY801345.1

27 AY031337.1 27 AY801356.1

28 AF124550.3 28 AF294555.1

29 AF124555.2 29 AF294541.1

30 AF124554.2 30 AF294537.1

31 AF124553.2 31 AF294562.1

32 AF124551.2 32 AF294560.1

33 AF124552.2 33 AF294559.1

34 AF124549.2 34 AF294535.1

35 AF124548.2 35 AF294552.1

36 AF124547.2 36 AF294532.1

37 AF294515.1 37 AF294517.1

38 AY031392.1 38 AY801381.1

39 AY031456.1 39 AY801413.1

40 AY031531.1 40 AY801436.1

41 AY031539.1 41 AF514217.1

42 AY031569.1 42 AY801447.1

43 AY031618.1 43 AY801466.1

44 AY031668.1 44 AY801480.1

45 AY801508.2 45 AF514223.2

46 AY031774.1 46 AY801518.1

47 AY031865.1 47 AY801545.1

48 AF102332.1 48 AF102333.1

49 AF102336.1 49 AF102338.1

50 AF102340.1 50 AF102342.1

51 AF102346.1 51 AF102348.1

52 AF102350.1 52 AF102351.1

53 AF102353.1 53 AF102355.2

54 AF102361.1 54 AF102362.1

55 AY032413.1 55 AY801658.1

56 AY032461.1 56 AY801667.1

57 AY032547.1 57 AY801705.1

58 AY032580.1 58 AY801712.1

59 AY801713.1 59 AY801714.1

60 AY801730.1 60 AY801731.1

61 AY801784.1 61 AY801785.1

62 AY801891.1 62 AY801892.1

63 AY801944.1 63 AY801946.1

64 AY802011.1 64 AY802012.1

65 AJ401771.1 65 AJ401804.1

66 AJ401774.1 66 AJ401783.1

67 AJ401737.1 67 AJ401798.1

68 AJ401779.1 68 AJ401799.1

69 AF444175.1 69 AF444176.1

70 AF444179.1 70 AF444180.1

71 AY802113.1 71 AY802114.1

72 AY802119.1 72 AY802120.1

73 AY802174.1 73 AY802176.1

74 AY802215.1 74 AY802218.1

75 AF357647.1 75 AF357810.1

76 AF357655.1 76 AF357756.1

77 AF357668.1 77 AF357765.1

78 AF357669.1 78 AF357766.1

79 AF357698.1 79 AF357779.1

80 AF357707.1 80 AF357784.1

81 AF357738.1 81 AF357797.1

82 AY802322.1 82 AY802323.1



83 AY802357.1 83 AY802359.1

84 AY802371.1 84 AY802372.1

85 AY802426.1 85 AY802427.1

86 AF517020.1 86 AF517021.1

87 AF517027.1 87 AF517028.1

88 AF517031.1 88 AF517032.1

89 AF517039.1 89 AF517040.1

90 AF517043.1 90 AF517044.1

91 AF517047.1 91 AF517048.1

92 AF517052.1 92 AF517051.1

93 AF517059.1 93 AF517060.1

94 AF517067.1 94 AF517068.1

95 AY435398.1 95 AY425357.1

96 AJ577977.1 96 AJ577978.1

97 AJ577938.1 97 AJ577939.1

98 AY333566.1 98 AY333567.1

99 AY333531.1 99 AY333532.1

100 AY435399.1 100 AY428727.1

101 AY435397.1 101 AY428721.1

102 AY435393.1 102 AY428691.1

103 AY435391.1 103 AY428677.1

104 AY435389.1 104 AY428676.1

105 AY435400.1 105 AY428731.1

106 AY435396.1 106 AY428712.1

107 AY435395.1 107 AY428708.1

108 AY435394.1 108 AY428702.1

109 AY435392.1 109 AY428690.1

110 AY435390.1 110 AY428678.1

111 AF357708 111 AF357827

112 AF357663 112 AF357815

113 AF357724 113 AF357832

114 AF357704 114 AF357826

115 AF357709 115 AF357828

116 AF357685 116 AF357773

117 AF357644 117 AF357809

118 AF357769 118 AF357820

119 AF357629 119 AF357803

120 AF357658 120 AF357813

121 AF357616 121 AF357740

122 AF357697 122 AF357825

123 AF357710 123 AF357829

124 AF357674 124 AF357770

125 AF357625 125 AF357801

126 AF357630 126 AF357804

127 AF357659 127 AF357814

128 AF357678 128 AF357821

129 AF357728 129 AF357792

130 AF357647 130 AF357810

131 AF357682 131 AF357822

132 AF357640 132 AF357747

133 AF357727 133 AF357791

134 AY800769 134 AY800770

135 AY800888 135 AF514057

136 AY030545 136 AY800911

137 AY030636 137 AY801010

138 AY030639 138 AF514092

139 AY030741 139 AF514120

140 AY801087 140 AF514123

141 AY801140 141 AF514143

142 AY030998 142 AY801238

143 AY031095 143 AY801266

144 AY031166 144 AY801288

145 AY031304 145 AY305904

146 AY031600 146 AY801457

147 AY031706 147 AY801492

148 AY031713 148 AF514221

149 AY031510 149 AY801433

150 AF514262 150 AY801906

151 AY801923 151 AY801924

152 AY801930 152 AY801931

153 AY801884 153 AY801885

154 AY802297 154 AY802298

155 CHB4EN 155 CHB4W6

156 CHB5EN 156 CHB5W6

157 CHB11EN 157 CHB11

158 CHB17EN 158 CHB17

159 CHB42EN 159 CHB42

160 CHB64EN 160 CHB64

161 CHB83EN 161 CHB83W6

162 CHB104EN 162 CHB104

163 CHB109EN 163 CHB109

164 CHB118EN 164 CHB118

165 CHB127EN 165 CHB127

166 CHB129EN 166 CHB129

167 CHB132EN 167 CHB132

168 CHB133EN 168 CHB133

169 CHB141EN 169 CHB141

170 CHB142EN 170 CHB142

171 CHB169EN 171 CHB169

172 CHB171EN 172 CHB171

173 CHB173EN 173 CHB173

174 CHB175EN 174 CHB175

175 CHB198En 175 CHB198

176 CHB200en 176 CHB200W6



177 CHB219EN 177 CHB219W6

178 CHB226EN 178 CHB226W6

179 CHB231EN 179 CHB231W6

180 CHB253EN 180 CHB253W6

181 CHB265EN 181 CHB265W6

182 CHB282EN 182 CHB282W6

183 CHB293EN 183 CHB293W6

184 CHB398EN 184 CHB398

185 CHB4iiEN 185 CHBB4

186 CHB5iiEN 186 CHBB5

187 CHB42iiEN 187 CHBB42

188 CHB64iiEN 188 CHBB64

189 CHB83iiEN 189 CHBB83

190 CHB142iiEN 190 CHBB142

191 CHB198iiEN 191 CHBB198

192 CHB200iiEN 192 CHBB200

193 CHB219iiEN 193 CHBB219

194 CHB226iiEN 194 CHBB226

195 CHB231iiEN 195 CHBB231

196 CHB253iiEN 196 CHBB253

197 CHB265iiEN 197 CHBB265

198 CHB282iiEN 198 CHBB282

199 CHB293iiEN 199 CHBB293

200 CHB398iiEN 200 CHBB398

201 AF166028 201 AF166029

202 AF156044 202 AF166016

203 AF198047 203 AF166018

204 AF156046 204 AF166019

205 AF156048 205 AF166021

206 AF156050 206 AF166023

207 AF156052 207 AF166026

208 AF156053 208 AF166027

209 AF156076 209 AF166034

210 AF156082 210 AF166039

211 AF156083 211 AF166040

212 AF156085 212 AF166041

213 AF166045 213 AF166046

214 AF166047 214 AF166048

215 AF156061 215 AF166051

216 AF166053 216 AF166054

217 AF156063 217 AF166055

218 AF166057 218 AF166058

219 AF156078 219 AF166059

220 AF166061 220 AF166062

221 AF156065 221 AF166070

222 AF166071 222 AF198046

223 AF156069 223 AF166073

224 AF156070 224 AF166075

225 AF198050 225 AF166082

226 AF156055 226 AF198448

227 AF156081 227 AF198039

228 AF156087 228 AF198940
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