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Introduction

Computational methods for the analysis of the genomic and proteomic structures of
viruses have the potential to provide major insights into biology, medicine and pharmacy.
These methods can be used for the analysis of the genotypic, phenotypic, evolutionary
and treatment profiles of viral infections and diseases, to accelerate the discovery of
potent therapuetic agents, to improve knowledge of the biology of these microbes, to
advance the management of infectious diseases, and, ultimately, to enhance health care,
saving lives, time and costs, and improving the quality of life. Many computational
methods, including algorithms and models, have been used in the development of
repositories of gene and protein molecular sequences (e.g. [12, 13]), and of computerbased genotyping applications (e.g. [8]).
Despite the increasing availability of diagnostic tests and antiviral agents,
eradicating most infections and diseases remains an ambitious and elusive goal. Examples
of often-deadly infections and diseases include cancer, hepatitis, tuberculosis (TB), severe
acute respiratory syndrome (SARS), human immunodeficiency virus (HIV) and the
associated acquired immune deficiency syndrome (AIDS).
This study has at its core the development of computational methods for the
analysis of HIV viral dynamics, particularly drug resistance associated with antiretroviral
(ARV) agents [3]. The study considers the genetic polymorphisms (known as mutations)
that emerge at the sites of protease (PR) and reverse transcriptase (RT) genes; these
mutations been reported to be associated with variable rates of progression of HIV
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infection to AIDS [14, 15]. Understanding the emergence and evolution of the mutations
that cause drug resistance is made difficult by the complexity of the interactions between
the infection and the immune system [2, 3], and the uneven efficacy of ARV agents
approved by the US Food and Drug Administration (FDA) [16]; the latest list of these
agents can be found at (http://www.fda.gov/oashi/aids/virals.html). This enables the
development of the guidelines for antiretroviral therapy that are important for clinicians
worldwide, given the complexity of HIV infection and the varied clinical situations in
which these agents are used [6, 16, 17].

1.1 The key issue: HIV drug resistance dynamics
Worldwide, HIV infection and its consequential AIDS are ranked at the top of the list of
most disastrous health problems. There have been substantial efforts over the past two
decades to address the threats posed by HIV infection and AIDS; these include the
development of potent ARVs, effective clinical tests, genotypic databases and using these
programs for the effective treatment and prevention of HIV/AIDS. However, the numbers
of people living with HIV and deaths due to AIDS continue to grow. An estimated 39.5
million people worldwide were living with HIV in 2006, of whom 4.3 million were newly
infected and an estimated 2.9 million lost their lives to AIDS [18].
The capacity of HIV to mutate and produce genetic variations, so-called viral
quasispecies, remains the most critical factor behind the failure of the approved
Combination Antiretroviral Therapy (CART), formerly Highly Active Antiretroviral
Therapy (HAART). The existence of these variations has enabled HIV to acquire
resistance to the available ARVs; this can significantly reduce the benefits of the
therapies. Understanding the ways in which these genetic variations emerge and evolve
may enable the determination of which drugs are most effective for each infected
individual [3, 8, 14, 15, 17, 19, 20].
HIV targets a type of the white blood cell known as a CD4 T-cell, a fundamental
component of the immune system. Because CD4 T-cells enable the body to fight off
certain

types

of

infectious

attack,

an

individual

becomes

more

vulnerable

immunologically with the depletion of these cells. In a variable period of time—from one
to twenty years or more—HIV-infection exhausts the CD4 T-cells, resulting in AIDS and,
typically, death then follows within several years of AIDS onset [21, 22].
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ARV agents are designed to inhibit HIV replication. The start of an effective
treatment regimen enables the continuity of CD4 T-cell production. However,
complicating factors usually emerge, limiting the production of these cells [6, 20]. The
rapid development of genetic variations that confer drug resistance associated with one or
more ARV agents is ranked at the top of these factors.
Genotypic testing has been introduced to identify the mutations associated with
drug resistance. These tests determine the new mutations within the PR and RT
nucleotide sequences. A genotypic assay compares PR and RT sequences with the
analogous data from previous tests of the same individual, and/or with a wild-type
reference sequence, to identify the precise mutations associated with resistance to
individual ARVs and classes of ARVs [3, 8, 14-16]. The HIV viral load (VL) and
leukocyte subset analysis assays are used to determine the number of HIV copies and the
counts of CD4 T-cell in a blood sample, respectively. These assays together give
information related to the impact of resistance mutations on viral replication and on
immunological damage, respectively. Despite the ability to monitor these parameters, the
earliest pathways in the development of resistance-associated mutations and the impact of
these on the vulnerability of the immunological and virological responses are not yet
clearly defined. Analysis of HIV variability alone, even when determined directly by
sequence analysis is problematic, because of the complex interdependencies between the
high genetic variability of HIV mutations and mutational patterns, individual ARV
agent(s) and classes of ARVs and the responses of the immune system and the capacity of
the virus to mutate to also escape immunological attack.

1.2 Research objectives
The aim of this study is to develop computational methods for the analysis of the complex
interdependencies involved in HIV drug-resistance dynamics. The goal is to use these
methods to support the development of new potent anti-HIV agents, the improvement of
HIV therapeutic strategies, the selection of optimal ARV combinations, and the prediction
of treatment outcomes in the context of resistance emergence (RE) and evolution of
resistance (EoR) associated mutations. There are three focal objectives:


the longitudinal analysis of resistance profiles inferred from genotype to describe the
changes over time in an individual, in terms of EoR and to correlate the mutational
profile with individual’s virological and immunological responses;
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the detection and classification of mutations and mutational patterns associated with
individual drug resistance and resistance to classes of ARV agents; the classification
scheme aimed to analyse patterns in terms of three classes of evolutionary patterns:
positive selection, negative selection and neutral evolution; and



the understanding of the complex and multifactorial interactions between HIV drugresistance dynamics—RE, EoR, VL, CD4 T-cells, ARV agents, and other key clinical
parameters.

To achieve these objectives, existing classification systems were examined and it was
evident that robust classification systems for EoR, immunological and virological
responses would need development. We thus used statistical and normalisation methods
to investigate the associations between different categories of the classification systems.
We developed a novel algorithm for the classification and detection of the evolutionary
classes of the mutational patterns associated with resistance to classes of ARV agents. We
developed a graphical model to enable understanding of the interdependent dynamics of
HIV drug resistance. The study of the validity of genotypic-interpretation algorithms was
beyond the scope of this research.

1.3 Significance of the study
The development of computational methods for the analysis of HIV drug resistance
dynamics is, at its core, biomedical informatics (BMI) research [23]. This type of research
provides critical insights into the causes, effects and treatment efficacy of the various
manifestations of HIV/AIDS, using novel computational methods; these methods are
applied at the intersection between the HIV/AIDS biology and medicine. These methods
will contribute to the development of critical BMI applications–the synergy between the
disciplines of bioinformatics and medical informatics–for advancing HIV/AIDS–BMI
knowledge. The HIV/AIDS–BMI involves the dissection of the genetic variations
associated with drug resistance and the evolutionary behaviours of the virus to make a
significant contribution to HIV biology, medicine and pharmaceutical knowledge.
The results of this study on the drug resistance, genotypic, phenotypic, evolution
and pharmaceutical profiles of HIV/AIDS should assist the development of more
effective strategies for use of potent ARV agents and assist in optimising
recommendations for the timing of introduction of ARV therapy.
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1.4 Structure of the dissertation
Chapter 2 provides a comprehensive overview of HIV biology, therapy, drug resistance
and modelling. It describes the pathogenesis, epidemiology and biological aspects of
HIV. The emergence and evolution of drug resistance, tests and genotypic testing and
interpretation, treatment strategies and approaches are also described in this chapter. The
types, foundations, approaches and methods of HIV/AIDS models are discussed.
Chapter 3 describes HIV drug-resistance databases in terms of their use and
analytic design. It presents the existing international genotypic databases, and describes
the HIV-1 Genotype Database at the Molecular Biology Laboratory at Sydney’s RPAH.
Chapters 4, 5 and 6 involve the use of part of this database to conduct the experimental
analysis on selected datasets.
Chapter 4 presents the classification systems of the primary and secondary EoR
associated with the three main classes of ARVs, the immunological responses and the
virological responses. It analyses the dynamic relationship between changes and
differences in CD4 T-cell count, VL, and EoR, describes the experimental materials and
the methods that we used to conduct the analysis, and discusses the results.
Chapters 5 and 6 are the innovative core of the study. Chapter 5 presents a novel
algorithm for the detection and classification of the adaptive and neutral evolutionary
patterns associated with HIV drug resistance. This chapter explains the use of Bayes’
Theorem to predict the prevalence of an evolutionary pattern in a population, and the way
in which the algorithm determines the class of its behaviour via neutral evolution, positive
selection or negative selection. The chapter describes the experimental materials that are
used to apply the algorithmic procedure, and discusses the results and further likely
applications of the algorithm.
Chapter 6 reviews the related mathematical and graphical HIV models. Critically,
it presents the novel Bayesian-based graphical model of the dynamics of HIV drug
resistance, and describes the learning and inferential processes in this new model. The
chapter explains the selection of model parameters, the construction of the model’s
topology, and the use of the Message-Passing Algorithm to conduct inference.
Chapter 7 summarises the objectives and results of the study. It discusses the
limitations of the research, and sets out future research directions.
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Appendix A is a list of web resources for HIV Drug Resistance Testing in Clinical
and Research Settings. Appendix B is a list of the HIV-1 Protease and RT Sequencing
Kits and their requirements. Appendix C provides samples of clinical Reports 1–5
generated by the Molecular Biology Laboratory at RPAH.
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2
HIV biology, therapy,
drug resistance and
modelling
This chapter presents an introduction to the molecular biology of the structure of HIV,
therapeutic strategies for its treatment, drug resistance associated with genetic variations,
and modelling of HIV/AIDS dynamics. Specifically, the chapter deals with: the
pathological and epidemiological understanding of the virus and knowledge of its
molecular and genetic structure; the emergence and evolution of drug-resistant mutations
associated with individual or combinations of antiretroviral drug agents (ARVs); drug
resistance tests and algorithms for the interpretation of the genotypic data; anti-HIV drug
agents, regimens and therapeutic strategies; and the mathematical and graphical
modelling of HIV viral infection, immune system responses, AIDS progression and drug
resistance phenomena.
Section 2.1 is an introduction to the molecular biology, genetic structure,
replication process, pathogenesis and epidemiology of HIV. Section 2.2 discusses the
phenomenon of drug resistance, explains the emergence and evolution of mutational
patterns associated resistance to ARV agents, and reviews the interpretation algorithms
for genotypic data. Section 2.3 discusses the current HIV treatment strategies and
approaches. Section 2.4 explains the existing methods for modelling HIV/AIDS, classifies
the current modelling approaches, and discusses the significance and limitations of
HIV/AIDS models.
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2.1 Molecular biology of HIV/AIDS
2.1.1 HIV as a retrovirus
HIV is a member of the genus lentivirus, a family of retroviruses. Retroviruses transfer
their genomic sequence information via the process of reverse transcription (i.e., RNA →
DNA); this is different from other living cells, in which the genomic sequence
information flows as a result of replication (i.e., DNA → DNA), transcription (i.e., DNA
→ mRNA) or translation (i.e., RNA → protein) (Figure 2.1) [24-26].

Figure 2.1: Flow of biological sequence information in living organisms
(Source: http://en.wikipedia.org/wiki/Image:CDMB2.png, accessed on January
06, 2007)

Examples of retroviruses include feline immunodeficiency virus, the visna virus that
infects sheep, simian immunodeficiency virus, and HIV; these viruses have very specific
species and cell requirements for reproduction. HIV is an RNA virus that primarily
infects the cells of the immune system by reverse transcribing the viral genomic RNA
into a DNA copy that eventually integrates into the host cell genome [24, 27]. In addition
to the main three genes in retroviruses (env, gag and pol), HIV contains complex
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regularity genes (tat, rev, nef) and auxiliary genes (vif, vpr and vpu) [26]. The effect of
these regulatory and auxiliary genes makes HIV significantly different from the other
retroviruses and impacts on the species restriction and infectivity parameters.

2.1.2 Target cells of HIV
HIV primarily infects varieties of immune cells such as macrophages (hence M-tropic),
microglial cells (type of brain glial cell that acts as the immune cells), and lymphocyte Tcells which make up a quarter of the white blood cell count. T-cells can be further divided
into CD8 and CD4 T-cells. CD4 T-cells are the main target of HIV infection (by Ttrophic strains). The extracellular domain of CD4 T-cells is composed of 370 amino acids
(aa) (1110 nucleotide acids (na)); the amino acids at positions 40–55 are used by HIV for
the binding process in the first stage of infection [28-30].
HIV infection has three main pathogenic mechanisms: direct viral killing of CD4
T-cells, increasing of the rates of apoptosis in the infected cells, and killing of the infected
CD4 T-cells by CD8 cytotoxic lymphocytes (the cells that recognise the infected cells). In
addition to attacking CD4 T-cells, HIV may directly attack organs such as the kidney,
heart and brain, leading to acute renal failure, cardiomyopathy, dementia and
encephalopathy.
The reverse transcription process changes the functions and genomic structure of
CD4 T-cells. These changes damage the immune system and lead to low CD4 T-cell
counts. When the CD4 T-cell count declines below a critical level (i.e., with the loss of
cell-mediated immunity), the overall immune system fails to hinder the growth of HIV
and the body becomes progressively more susceptible to opportunistic illnesses. ARVs
reduce viral replication and are used to contain the damage on the immune system and
enable reconstitution and ultimately an improved capacity to fight the virus. However,
these agents are highly problematic in terms of efficacy and side-effects [30-33].

2.1.3 Genetic structure of HIV
HIV consists of a proteomic envelope and a genomic core. The genomic structure is two
9.7 kilobase strands of Ribonucleic Acid (RNA); this is different from the
Deoxyribonucleic Acid (DNA) genomic structure in humans [31, 32, 34]. HIV-RNA is
surrounded by a layered proteomic structure. Each layer consists of a specific protein that
performs a critical function in HIV replication and growth. Figure 2.2 illustrates the
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structure of HIV [29, 31, 32, 35]. Table 2.1 categorises the four groups of HIV genes:
structural, catalytic, regulatory and accessory [29, 34, 35].
The essential structural components of the retroviral particle of HIV are the
products of the gag, pol, and env genes. The tat and rev genes modulate transcriptional
and posttranscriptional steps of the virus expression and are essential for virus
propagation. The vif, vpr, vpu, and nef genes are accessory proteins and not necessary for
viral propagation. However, the experimental observations suggest that their role in vivo
is very important; their functional importance remains to be fully elucidated.
HIV genomic changes occur readily at the sites of the RT and PR genes [36, 37].
RT and PR proteins are encoded between the 2258 base in the gag gene and the 3872 base
in the polymerase (pol) gene. The length of PR-RT sequence is about 1614 nucleotide
acids (bases). HIV mutations typically occur at the bases between 2266 to 3872 [38].
Figures 2.13, 2.14 and 2.15 illustrate the structural models of HIV-1 PR and RT genes
labelled with mutations associated with IPs, NRTIs and NNRTIs, respectively (see
Section 3).
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Figure 2.2: HIV genomic structure

(Source: http://en.wikipedia.org/wiki/Image:800px-HIV_Viron.png, accessed
on January 06, 2007)
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Table 2.1: HIV genes and proteins and their functions [29, 34, 35]
Gene type

Name

Associated

Function

proteins
Structural

gag

-p17 (matrix (MA))

-membrane anchoring; env
interaction; nuclear transport of
viral core

-p24 (capsid (CA))
-p7

(nuclecapsid -nucleocapsid, binds RNA, binds

(NC))
envelope

Vpr
-external viral glycoproteins bind

-gp120 and gp41
Catalytic

-core capsid

polymerase -protease (PR)

to CD4 and secondary receptors
-Gag/Pol cleavage and maturation

-reverse

-reverse transcription, RNase H

transcriptase (RT)

activity

-integrase (IN)

-DNA provirus integration

Regulatory tat

-tat

-viral transcriptional transactivator

rev

-rev

-RNA transport, stability and
usage factor (phosphoprotein)

Accessory

vpu

-vpu

-promotes extracellular release of
viral particles; degrades CD4 in
the ER

vif

-vif

-promotes virion maturation and
infectivity

vpr

-vpr

-promotes nuclear localization of
pre-integration complex, inhibits
cell division, arrests infected cells
at G2/M

nef

-nef

-CD4 and class I down regulation
(myristylated protein)
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2.1.4 Life cycle
HIV efficiently replicates only in living cells; the virus has no independent existence
without infecting and replicating within human cells [35]. Although HIV uses the
polymerase replication enzymes of the infected cell, the virus needs to encode its own
enzymes. The replication cycle of HIV involves three main stages: entry to the cell,
replication and transcription of the viral RNA to the DNA, and finally assembly and
release [27, 35, 39-41]. Figure 2.3 illustrates this cycle in terms of the sequence of events
occur in each stage. The cycle is now explained in detail.


Entry to the cell: The virus binds itself to the target monocyte/macrophages and CD4
T-cells by adsorbing its glycoproteins (the envelop gp120 protein on the surface of
HIV) to two host-cell receptors (proteins): the CD4 molecule receptor and CCR5 or
CXCR4 co-receptors (also known as CC chemokine receptor 5 and CXC chemokine
receptor 4) (Figure 2.3, Step 1). The gp41 protein facilitates the fusion of the viral
envelope and the host-cell membranes. This fusion allows the release of the capsid (i.e.,
p24) of HIV into the target cell; the fusion mechanism influenced by the gp41 protein is
still unclear (Step 2). Once HIV has attached to the host cell, the HIV-RNA and
enzymes such as reverse transcriptase (RT), integrase (IN), protease (PR), are able to
enter into the host cell cytoplasmic compartment (Step 3).



Replication and transcription: The RT converts the single-stranded RNA genome of
the virus into double-stranded DNA, which is used to make doubled-stranded viral
DNA intermediate (vDNA) (Step 5) in a process known as reverse transcription; this is
prone to errors. The new vDNA is transported to the cell nucleus to be integrated into
the host chromosome (Steps 6 and 7). At this stage, the virus is known as a provirus.
The integration process requires the IN enzyme. Thereafter, the virus can enter a latent
stage of HIV infection, because the proviral DNA remains permanently within the target
cell in either a productive or latent state [42]. The factors that may affect this stage are
the HIV variant, the cell type, and the expression capacity of the host cell [40].
Eventually, the transcription of the HIV genomic materials and viral proteins (mRNA)
forms the HIV messenger (mRNA) and proteins required for the assembly of the virus
(Step 8). This production is exported from the cell nucleus into the cell cytoplasm (Step
9). This process remains poorly understood because it involves many viral proteins.
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Assembly and release: The new mRNA codes for the new viral proteins that will
contribute to the reconstruction of the HIV-RNA. The viral proteins help the mRNA and
the reconstruction proteins to transport into the cell membrane side (Step 10). The
structural components of the virus accumulate at the membrane of the infected cell to
construct the HIV virion (Step 11). Leftover proteins (cleaved by the protease)
associated with the inner surface of the host-cell membrane, along with the HIV RNA,
are released to form a bud from the host cell, and can proceed to infect other healthy
cells (Step 12).
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Figure 2.3: HIV life cycle

(Source: http://upload.wikimedia.org/wikipedia/en/f/f3/Hiv_gross.png,
accessed on January 06, 2007)
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2.1.5 Associated diseases
AIDS is a late consequence of HIV infection [43]. Progression to AIDS is associated with
damage to CD4-T cells, the central cell type of the adaptive immune system. Because the
immune response to HIV infection varies between individuals and depends on many
factors, the timing of progression to AIDS is highly variable and may range from one to
more than 20 years (known as the clinical latency period) [3, 21, 22], with a small
percentage of infected people being extremely slow to progress and are called long-term
non progressors. During this period, HIV viral quasispecies and the immune system
interact dramatically. Without ARV, the battle usually terminates with progressive
irreversible damage to the immune system (i.e., the final stage of the disease) and
profound immunodeficiency.
This stage (i.e., when the CD4 T-cell counts decline below a critical level) leaves
individuals prone to opportunistic infections (OIs). The emergence of these illnesses can
occur prior to and after the initiation of potent CARTs [44]. OIs can be caused by variety
of agents: viral, bacterial, fungusal and parasitic. The common OIs are Tuberculosis (TB),
Pneumocystis Jiroveci (PCP), Candidiasis, Herpes zoster and HHV6 causing Kaposis
sarcoma. HIV dementia and AIDS-related cancers may also have relationship with other
infections. The risk factors for progression to AIDS during CART are not well defined.

2.1.6 Diagnosis and stages
Progression to AIDS and the fine pathogenesis of HIV infection vary among individuals.
The extent of damage to the immune system and the viral load circulating and whole body
levels differ between individuals. Difference in age, viral strains and co-infection with
OIs are also contributory factors to the rate of progression of the immunodeficiency [39].
There are four distinct stages of progression of HIV infection to AIDS: primary infection,
chronic asymptomatic infection, symptomatic chronic infection and progression to AIDS.
In the primary infection stage, a large number of HIV virions are produced and the
immune system starts developing the antibodies and cytotoxic lymphocytes against the
virus. This stage lasts for only a few weeks, during which the individual is highly
infectious. In the chronic asymptomatic stage, the immune system responds by expanding
anti-HIV specificity in the immune cells to keep the infection under control. Despite this,
HIV replication continues and produces large numbers of HIV virions that impede the
production of competent CD4 T-cells. The counts of these cells then gradually decline.
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This stage lasts a median of about 10 years. When the CD4 T-cell counts fall below a
critical level (< 200 cell/mm3) and serious OIs appear, HIV infection enters the
symptomatic stage. During this stage, microbes that cause no illness in healthy
individuals can lead to fatal infections and further impair the immune system. The
immune system then fails to reproduce sufficient CD4 T-cells to defend the individual. As
more OIs emerge and the immune system is further damaged, the infection leads to AIDS.
According to the USA National Institutes of Health (NIH) classification, HIV infection
has three patterns of progression to AIDS: rapid, intermediate and late. Figure 2.4
illustrates these patterns [4].
The first classification system of AIDS using a surveillance case definition was
developed by the World Health Organisation (WHO) in 1985 in Bangui, Central African
Republic, the ‘Bangui definition’. In this definition, AIDS diagnosis was based on the
inclusion criteria of certain parameters (i.e., important and frequent signs) with
corresponding numerical score functions; AIDS was established when the score was 12 or
more. This was essentially a surveillance definition in its function.
In 1990, the ‘WHO disease staging system for HIV infection and disease’
classification system was developed by WHO; updated in September 2005 and still in use
[45]. The system is particularly appropriate for resource-limited settings, specifically in
the developing countries in Africa and Asia. In developed countries, the current ‘CDC
classification system for HIV infection’ is typically used [46], it was developed in 1993
by the Centres for Disease Control and Prevention (CDC), in Atlanta, Georgia, an agency
of the US Department of Health and Human Services. The WHO classification system
defines four clinical stages of HIV/AIDS; the CDC classification defines three clinical
categories (Table 2.2) [45, 46].
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Figure 2.4: Generalized time course of HIV infection and disease
Three patterns of disease progression: rapid (top), intermediate (middle) and
late (bottom) progressor.
(source: [4])
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Table 2.2: HIV/AIDS classification systems provided by WHO and CDC [45, 46]
WHO classification system (2005)
Stage

Definition

I

HIV is asymptomatic (i.e., not categorised as AIDS)

II

The infection includes minor mucocutaneous manifestations and
recurrent upper respiratory tract infections

III

The infection includes minor unexplained chronic diarrhea for longer
than a month, severe bacterial infections and pulmonary tuberculosis

IV

The infection includes toxoplasmosis of the brain, candidiasis of the
esophagus, trachea, bronchi or lungs and Kaposi’s sarcoma; these are
used as indicators of AIDS

CDC classification system (1993)
Category

Definition

A

One or more of the conditions: asymptomatic HIV infection,
persistent generalized lymphadenopathy and acute (primary) HIV
infection with accompanying illness or history of acute HIV
infection

B

This is a symptomatic conditions in an HIV-infected not included in
category C and meets at least one of the following criteria: (a) the
conditions are attributed to HIV infection or are indicative of a
defect in cell-mediated immunity; or (b) the conditions are
considered by physicians to have a clinical course or to require
management that is complicated by HIV infection

C

This includes the clinical conditions listed in the AIDS surveillance
case definition; once an individual is categorized in C, s/he will
remain in category C
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2.1.7 Genetic variability of HIV
The virus is subdivided into HIV-1 (the more common, broadly distributed, and
pathogenic) and HIV-2 (the less broadly distributed and pathogenic) [35]. Researchers
mainly focus on drug discovery for HIV-1 subtypes mindful of the observation that most
drugs also act against HIV-2. Among the HIV-1 subtypes, HIV HXB2 is the most cited
prototypic members of subtype B (clade B), and is the reference strain used in this study
[29, 47]. Figure 2.5 illustrates the phylogenetic tree of HIV.
HIV has very high genetic variability because of its high rate of reverse
transcriptase mediated errors, estimated to be up to five mutations per genome, and
because of the high rates of the virion production (estimated to be a billion (109) new
virions a day) [3, 15]. The ability of the virus to recombine during the replication cycle in
vivo increases the complexity of HIV genetic diversity. Therefore, an individual infected
with genetically different HIV strains may have viruses with genomic recombinations.
The diversity of HIV has allowed the division of the viral strains into groups, subtypes
and sub-subtypes. Thus, HIV-1 is subdivided into three groups (‘M’, ‘O’ and ‘N’,
respectively, ‘Major’, ‘Outlier’ and ‘Not-M, Not-O’), and HIV-2 subdivided into two
subtypes (‘A’ and ‘B’). The ‘M’ group is the major group in the worldwide pandemic; the
other two groups are limited to Cameroon and neighbouring regions. The ‘M’ group
involves nine subtypes (A–D, F–H, J and K) (K is a replacement for subtype F3) [48].
The most prevalent, in order, are B (North America and Europe), A and D (Africa), and C
(Africa and Asia).
Although co-infections with different clades of HIV-1, or with a mixture clades of
HIV-1 and HIV-2 subtypes have been reported [49-51], it is unknown whether the
infection resulted from exposure to different viruses at the same time, or serially [52].
HIV-1 superinfection is documented and is a mechanism whereby drug resistant and
multi-drug resistant strains of HIV-1 may become more prevalent in time [53].
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Figure 2.5: Phylogenetic tree of the SIV and HIV

Group ‘M’ is the most responsible for the pandemic. Group ‘O’ is mostly
found in West Africa, as is group ‘N’, but with lower prevalence.

(Source: Theoretical Biology and Biophysics Group, Los Alamos National
Laboratory,

cited

at:

http://en.wikipedia.org/wiki/Image:HIV-SIV-

phylogenetic-tree.png, accessed on January 06, 2007)
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2.1.8 Epidemiology
HIV/AIDS is a disastrous health problem. An estimated 39.5 million people worldwide
were living with HIV in 2006, of whom 4.3 million were newly infected and an estimated
2.9 million lost their lives to AIDS that year. Worldwide, new HIV infections are heavily
concentrated among people aged 15 to 24 years; those people accounted for about 40% of
the new infections in 2006. Figures 2.6–2.8 illustrate the global distribution of people
living with HIV, newly infected with HIV in 2006, and who died from AIDS in 2006,
respectively [1]. The ranges around the estimates define the boundaries within which the
actual numbers lie, based on the best available information. Sub-Saharan Africa remains
the worst-affected region with 21.8–27.7 million people living with HIV at the end of
2006.

Figure 2.6: Adults and children estimated to be living with HIV in
2006 – Total of 39.5 (34.1–47.1) million

(Source: [1])
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Figure 2.7: Adults and children estimated to be newly infected with HIV in
2006 – Total of 4.3 (3.6–6.6) million
(Source: [1])

Figure 2.8: Estimated adults and child deaths from AIDS in 2006 – Total of
2.9 (2.5–3.5) million
(Source: [1])
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2.1.9 Clinical laboratory tests
The clinical laboratory assessment of HIV infection and its impact on the individual
involve five main tests: HIV antibody, HIV viral antigen (known as the p24 test), nucleic
acid-based HIV viral load (known as the VL test), the host immune system T-cell subset
analysis (known as the CD4 T-cell test), and ARV resistance assays (known as drug
resistance tests). The HIV antibody test enables the diagnosis of the infection even when
asymptomatic; it is the most reachable test for identifying the infection [54, 55]. The viral
antigen is used to detect very early infection and to screen for HIV-infected blood (i.e., as
an alternative test for identifying HIV infection) [56]. Both of these tests contribute to an
accurate diagnosis of the infection, and other tests are then used to monitor the response
to therapeutic regimens and predict and diagnose disease progression.
The analysis undertaken in this study uses the results from the monitoring tests:
VL, CD4 T-cell and drug resistance assays. These tests help in determining the best
course of action with respond to timing introduction of treatment regimens, the need for
variation to them and identifying risk factors an individual may have for other diseases.
2.1.9.1 CD4 T-Cell count test
the CD4 T-cell count serves as a surrogate for T-cell mediated immune response assays in
monitoring the progression of HIV’s response to therapy [57]. The test determines the
counts of CD4 T-cell per cubic millimetre of a blood sample. An average normal CD4 Tcell count is 1000 mm3, with a range of 400–1200 mm3 in the RPAH laboratory. This
count falls during primary infection and then usually returns to near normal levels. Then,
untreated, the CD4 T-cell count falls gradually to about 200 mm3, or even less, and at this
level the incidence of OIs arises and then it is known as the AIDS incident stage. This
reduction is associated with the hyper-activation of CD8 T-cells, which may kill HIVinfected cells [58]. The CD8 T-cell response is thought to be important in controlling the
infection; however, the CD8 T-cell counts decline similarly to those of CD4 T-cells over
prolonged periods.
2.1.9.2 Viral load test
The nucleic acid-based HIV VL test is used to decide when to start an HIV therapy
regimen [59]. The test determines the number of HIV copies in a blood sample. VL is a
strong predictor of the likelihood of disease progression and provides strong prognostic

Chapter 2: HIV biology, therapy, drug resistance and modelling
value [60], when paired with CD4 T-cell counts. Therefore, the current guidelines of US
NIH and WHO for monitoring the HIV infection in developed countries advocate the use
of VL assays for determining initiation of treatment regimens, monitoring the responses
to these therapies, and switching drug regimens [6, 45]. Many assays methods have been
developed and shown to be robust and their use attests to the diagnostic power of VL.
2.1.9.3 Drug resistance tests
Genotypic assays for ARV resistance produce nucleotide sequence data that may be used
to determine the HIV-RNA strains and structure [8]. Recommendations of the
International AIDS Society indicate that despite limitations, resistance testing should be
incorporated into patient management. These tests are recommended to guide the choice
of new regimens after treatment failure. The recommendations indicate that resistance
testing should be considered in treatment-naive patients with established infection and
before initiating therapy in patients with acute HIV infection, although therapy should not
be delayed pending the results. Given the complexity of results and genotypic assay
limitations, an expert interpretation is also recommended. Testing for drug resistance can
be conducted via one or more of the three tests: genotypic, phenotypic and virtual
phenotypic assays [8, 36, 61-66]. Section 2.2.4 presents these tests in greater detail. Other
tests routinely performed in managing HIV include the complete blood count, liver and
kidney function and the blood-glucose levels.

2.1.10 Course of HIV and CD4 interaction
Within a few weeks after HIV infection, the multiple viral quasispecies accumulate to
reach a high level in the blood of an infected individual. As a result of the response of the
immune system and in those cases where there is commencement of ART, this level falls
to the point where the infection remains stable in the long terms—up to and beyond 20
years, whereas without ARV progression is almost universal [3, 21, 22].
Untreated, CD4 T-cell counts fluctuate gradually from about 600 to 800 cell/mm3
and then over many years decline towards an undetectable level. The virus takes
advantage of this period to evolve during killing and infecting progeny of the initially
infected CD4 cells. The plasma virus increases from high early levels and peaks at very
high level, and then increases forward as it reaches the symptomatic AIDS phase [21].
Further complexities occur during this period because of the immunological and
virological interdependencies. Thus, the infected CD4 cells are impeded in their
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containment of HIV and the virus gains an advantage by infecting other healthy CD4 cells
[67]. The result of this dynamic is frequently severe immunodeficiency as the immune
system becomes “exhausted” and unable to generate a replacement quantity of CD4 cells
daily.
In the few very slow or non-progressor the mechanisms of the containment
infection and protection against progressive disease after initial infection are not yet
entirely understood, illustrating the complexity of the dynamic interactions between HIV
populations and immune system cells, and the genetic variations that evolve at the sites of
the PR and RT genes. In progressors these variations enable the evolution of new virions
with immune system evasion mechanisms evident. CD4 T-cell counts and ranges of VL
continue to fluctuate according to this evolution. Figure 2.9 illustrates a generalised
relationship between the HIV copies and CD4 T-cell counts during the typical course of
the disease in untreated individuals.
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Figure 2.9: Generalised relationship between HIV copies and CD4 T-cell counts
during the typical course of the disease in untreated individuals

The relationship is described within the periods HIV/AIDS stages: primary infection,
acute syndrome, clinical latency, opportunistic diseases and death. Blue represents
the CD4 T-cell count (cells per mm3), Red represents the viral load measurements
(copies per mL).
(Source:

http://en.wikipedia.org/wiki/Image:Hiv-timecourse.png,

January 06, 2007)

accessed

on

Chapter 2: HIV biology, therapy, drug resistance and modelling

2.2 Drug resistance
2.2.1 Conceptual basis
HIV drug resistance is best defined as a reduction in the susceptibility of the virus to a
single, combination or class of ARV therapeutic agents. Commonly this emerges as a
result of the genetic variations (mutations) occurring at the sites of RT and PR genes; as
these two classes of drugs have been in wide use for over a decade. These mutations alter
the structure of the viral enzymes so that their function is no longer inhibited by the drug.
The development of drug-resistant mutants results from the interplay of three factors:
replication, diversity generation and selection pressure [27]. Both prevalence and severity
of resistance may differ as the site, type and number of mutations change, and selective
pressure favouring drug resistance depends on blood levels during ARV exposure [3, 17,
22].
In clinical practice, HIV resistance to CART is suspected when the virus no longer
responds to therapeutic blood levels of ARV therapy, implying evolution of genetic
variations [3, 17, 22]. This assumption is based on the knowledge that HIV replicates at
high rate utilising its virally encoded reverse transcriptase to form from the viral RNA
complementary DNA which is integrated into the host; typically, 10 billion copies a day
are generated in an untreated individual [68]. This process is extremely error-prone and
contributes to the production of viral mutants (viral quasispecies) through processes such
as substitution, duplication, insertion and recombination, with about one mutation on
average at each paired site of PR and RT genes per day [69].
A high rate of infection with frequent mutations ensures the production of
complex and heterogeneous viral quasispecies, differing from each other by one or more
mutations. These viral quasispecies adapt to environmental changes, which are mainly
host immune system responses and ART pressures [3, 8]. Although some of these
mutations do not impact on viral dynamics and are an advantageous outcome of this
evolutionary behaviour, for the virus mutations that enable HIV to replicate more readily
in the face of ARVs become dominant and reproduce rapidly [69]. At this point, the HIVinfected individual shows rising HIV viral load and a subsequent reduced CD4 T-cell
count usually ensues.
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2.2.2 Drug resistance levels
Even though some of the new dominant substitutions consist of only a single change in
the nucleotides coding for one amino-acid, this may be sufficient to produce a high or
complete level of resistance (primary mutations); other substitutions in the same genomic
site may confer either a lower or incomplete level of resistance (secondary mutations) [3,
70, 71]. For instance, the M184V mutation at the RT gene results in high level resistance
to Lamivudine [72], while the Q151M mutation results in inconsequential resistance to
that drug [73]. Some mutations may contribute to resistance to specific drugs of an ARV
class, while other mutations affect multiple drugs of the same class. For example, the
G48V mutation at the PR gene contributes a high level of resistance to Saquinavir, while
the L24I mutation is associated with resistance to Lopinavir, both PIs. In addition, a
change of amino acid to one particular AA causes high level resistance and become a
primary mutation such as the T69N mutation is associated with high level resistance to
ddI and ZDV, while another change to the same AA has no such dramatic effect and
becomes a secondary mutation such as the T69G mutation is associated with low level
resistance to ABV, 3TC and d4T [3].
At an individual level, a high level of resistance in circulating virus is almost
always the consequence of new mutations in exisiting virus or development of a set of
mutations via selection, reflecting the evolution of resistance and inducing higher levels
of resistance [3, 74-76], rather than superinfection with resistant virus from a new sexual
exposure. The selection of dominant mutations may continue over years [77]. The
capacity of HIV to readily mutate and acquire these mutations remains the most important
factor behind the failure of CARTs [3, 8, 17, 19, 20, 27]. The interdependencies between
these mutations, immunological and virological markers and treatment are critical in
choosing subsequent CART regimens because of cross-resistance effects of a single or a
set of mutations. Chapter 4 presents analysis of relationships between these parameters

2.2.3 Resistance emergence and evolution of resistance
The current concept is that as viral mutations are transmitted during acquisition of
infection individuals recently infected display a set of viruses which vary from having
few to multiple differences in fine nucleotide structure (i.e., sequence). This flows from
investigations of the origin of drug-resistant mutants which have shown that an individual
may acquire infection with both wild-type virus and mutated drug resistant virus
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determined by pre-existing mutations [17, 22, 78]. Following infection if resistance is not
carefully accounted for in therapy selection the evolution of further mutations at the sites
of the RT and PR genes drives the emergence of multi-drug resistance associated with
subsequent CART [3, 22].
RE occurring in the context of continuing selection pressure thus leads to the
production of further mutations (EoR). Mutations that enable HIV to replicate and survive
become dominant and reproduce rapidly [79]. This evolutionary behaviour leads to higher
levels of drug resistance. Acquiring very high levels of resistance mutations occur in
specific patterns [80-82]. The virus continues this behaviour to gain selective advantage
under the pressure of CART and to reduce the susceptibility of new generations to the
drugs. The progeny generations can attain complete resistance by reproducing these
specific genetic patterns [82, 83]. Chapter 5 will present an analysis of these mutations.

2.2.4 Drug resistance assays
The main goal of HIV resistance testing is to determine the precise basis of HIV’s
reduced susceptibility to CARTs by identifying the mutations at the sites of PR and RT
genes which contribute to drug resistance in the individual [84-86]. These tests provide
insights into the cause of drug failure and help to identify potentially more effective drug
options [87, 88]. Drug resistance testing is a fundamental tool in clinical practice in HIV
management; it helps in the determination of alternative effective drug combinations
when the complex relationship between the available drugs and their likely impact in the
face of the documented resistance levels is well understood [35, 84-86, 89-91].
Genotypic (GTA), phenotypic (PTA) and virtual phenotypic (VPA) assays are the
most validated tests for HIV drug resistance. GTA detects the genomic mutations that
cause drug resistance. PTA detects the behaviour of the patient’s HIV in the presence of
ARV [63, 86, 92], however its cost is prohibitive. VPT examines the association between
the GTA and PTA results [93]. While these tests are increasingly important in HIV
management, they are becoming more challenging for clinicians to interpret because of
the complexity of HIV genetic mutations described as causing resistance and the
interpretation their complex relationship with ARV agents [63, 94, 95].
2.2.4.1 Genotypic assays
The genotyping of human populations is a major part of current genomic and proteomic
research [96-98]. Genotyping is used in HIV research to determine the detectable
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mutations in an HIV RNA nucleotide sequences. GTA protocols have been designed to
detect the locations and points of mutations at the sites of PR and RT sequences that are
known to be associated with drug resistance [8, 61, 97, 98]. The test requires a blood
sample from an infected individual with a VL higher than 1000 copies/mL. The HIV
RNA is isolated from the plasma and is further processed till it is able to undergo a
sequencing technique after amplification by the reverse transcriptase-polymerase chain
reaction (RT-PCR) [36, 47]. These specific patient linked viral sequences are compared
with the HIV wild-type standard reference to locate mutations from the prototypic
sequence. The results are reported using genotypic interpretation systems and algorithms
[99-101].
There are three main genotypic interpretation systems: rule-based algorithms [99,
102-104], machine-learning algorithms [105], and inter-algorithm comparisons and
algorithm validation [100, 106-108]. Using these algorithms is problematic, largely due to
the complex association between PR and RT mutations and the ARV agents, the
incomplete coverage of the potential mutations, the emergence of different primary and
secondary mutations, and the cross-resistance phenomenon [94].
2.2.4.2 Phenotypic assays
A phenotypic assay of HIV determines the physical and biological properties of the virus,
including a description of the growth rate [109-111]. Unlike GTA, a PTA does not require
the genomic sequencing of RT or PR. The PTA typically reports the fold-increase in drug
concentration needed to inhibit 50% of the viral replication (known as IC50). The results
of this test then can be represented through a relationship that describes the association
between the drug concentration in an individual’s blood and the virus replication rate.
This association then is compared with the standard IC50 of the reference strain (i.e.,
50%). The rate of IC50 of the tested sample to that of the reference strain is known as the
resistance factor [27]. The threshold defining the susceptibility of the virus to an ARV
agent is drug-specific [112].
A PTA measures HIV drug resistance by examining the sensitivity of the virus to
a particular ARV agent [87, 111, 113]. This result provides information about the
concentration of ARV agent(s) needed to effectively inhibit HIV replication [61].
However, the PTA test is more expensive than the GTA test. Therefore, methods have
been developed derive an implied phenotype using a GTA test and environmental factors
data [8, 114].
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Examples of the available systems to perform a PTA test include the Antivirogram
[115], Phenoscript [113], and PhenoSense [115]. These tests are expensive, complex,
unavailable in many places, and depend on using different algorithms that may result in
conflicting outcomes with regard to treatment recommendations of HIV resistance [8, 36].
Therefore, many GTA systems, despite limitations, are used in lieu of PTA in clinical
centres of excellence to guide therapy. The use of these systems accelerates the delivery
of clinically useful results, thus critical data become more readily available [88, 98].
2.2.4.3 Virtual phenotypic assays
A VPA is used to report the physical features of HIV without performing a PTA; this can
be accomplished through the mapping of GTA results onto the physical properties of the
virus [94, 116]. The test requires a genotypic sample that contains the RT and PR
sequences and a database of mapped genotype and phenotype reports. The pattern of the
new genotypic sequences is compared with the patterns of the previous genotypic
sequences, and the matching sequences then mapped onto the phenotypic samples.
The limitations of this test are the need for a database of about 100,000 genotypic
and phenotypic corresponding results [92], and the complexity of interpreting the assay.
These limitations are related to the limited number of mapped GTA and PTA patterns, the
complexity of assay interpretation algorithms, and the difficulty of reading the results [91,
92].
Despite the limited availability of data, a VPA provides useful information for
improving the quality of treatment decisions, and helps doctors to select optimal
treatments; this is based on huge amount of corresponding GTA and PTA data [93]. In
addition, a VPA test is a quantitative system that performs genotypic-to-phenotypic
analysis in relational databases; this enables the easy classification of HIV mutations [92,
94]. For example, the Geno2Pheno system provides GTA interpretations for reporting the
PTA results [116].
The cost, availability, complexity and laboratory turnaround time required to
perform the test, and the VL limit needed to perform the test, have impacted on the use of
these tests with clinical guidelines and treatment practices [8, 101]. Table 2.3 shows some
of these variations.
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Table 2.3: Comparison of the GTA, PTA and VPA
GTA

PTA

VPA

Cost/sample

Low (US$300–400) High ($500–600)

High ($500–700)

Availability

Wide

Limited

Very limited

Complexity

Moderate

High

High

Testing Time

Short

Long

Long

Threshold of

> 1,000 copies

> 500 copies

> 1,000 copies HIV/mL

HIV/mL

HIV/mL

VL for test

2.2.5 Genotypic sequence interpretation systems
Algorithms for interpreting HIV sequence data have been developed to facilitate the
utilisation of the genotypic sequence data derived from individual patients; these
algorithms have become the most influential technology available to extract meaningful
knowledge from genomic data on HIV at both individual and population level [117].
They are used to investigate and interpret the complex associations between GTA and
PTA [103, 118]. The application of a variety of algorithms to large clinical databases is
the best method for systematically interpreting GTA [104]. The GTA interpretation
systems are classified according to their mechanisms for interpreting PR and RT
mutations: (i) rule-based, (ii) machine-learning and (iii) inter-algorithm comparisons and
algorithm validation systems.
2.2.5.1 Rule-based interpretation systems
These systems depend on agreed rules for designation of resistance status developed from
large amounts of published clinical and genotypic data on HIV [99, 102-104]. Examples
of these algorithms include the resistance collaborative group (RCG) [119], HIV-RT and
protease sequence database [120], the French National Agency for AIDS research
(ANRS)[121], the Riga Institute [122], Retrogram [123], GuideLines [124], Bayer
Diagnostics (Trugene) [125], Celera Diagnostics (ViroSeq) [126], the Stanford HIVdb,
and the CREST algorithms [8]. CREST, developed from consensus conferencing for a
clinical trial, is the common algorithm for interpreting GTA in Australia [19].
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2.2.5.2 Machine-learning interpretation systems
These systems depend on rules for analysing correlations between HIV clinical outcomes,
genotypic data and phenotypic data [105]. Examples include decision trees [127],
categorical analysis and regression trees [128], neural networks [129], and the
VirtualPhenotype algorithms used in genotype–phynotype interpretations [130]. These
algorithms require frequent modification to reflect the findings from data inputs.
2.2.5.3 Inter-algorithm comparisons and algorithm validation systems
These systems depend on either comparing the performance and the quality of one or
more of the other interpretation algorithms, or studying the similarities and variations
between the results given by the other interpretation systems [100, 106-108]. Table 2.5
shows some of the algorithms in practice in HIV research [5, 8].

2.2.6 CREST Trial algorithm
The “Can Resistance Enhance Selection of Therapy” (CREST) algorithm [19, 131], is a
rule-based algorithm developed by a panel of Australian experts for the interpretation of
ARV susceptibility from genotypic data. In Australia and New Zealand, CREST is the
standard interpretation algorithm, according to guidelines recommended by the National
Serology Reference Laboratory of Australia (NRL), for interpreting HIV-GTA results.
The algorithm classifies HIV resistance into three levels: ‘resistant’, ‘possibly resistant’
and ‘sensitive’. The algorithm is updated twice a year as new mutations in the HIV
genome become recognised to be associated with resistance to ARV agents and as new
treatments become available. The CREST algorithm is available gratis for public use.
According to CREST, single or composite mutations at the RT site are defined as
‘primary’ on the basis of conferring clinically significant “resistance” to any of the NRTIs
or NNRTIs; mutations are defined as ‘secondary’ if they conferred ‘possibly resistant’
status, depending on the presence of other mutations. Similarly, “resistance” to PIs is
defined as primary or if the algorithm infers ‘possible resistance’ as secondary. On the
other hand, if a mutation is not recorded as one of these types, resistance status is
recorded as “sensitive”. Table 2.4 shows the primary and secondary mutations associated
with ARV agents, as reported by CREST study. The algorithm is available at
http://www.nrl.gov.au/dir185/nrl-pub.nsf/structure/ResourcesandGuidelinesLinks-NRLA5EVUPJ.

Chapter 2: HIV biology, therapy, drug resistance and modelling

Table 2.4: Primary and secondary resistance mutations associated with PRIs, NRTIs
and NNRTI as reported by CREST study [19]
Class
PRIs

Drug
Amprenavir
Indinavir
Lopinavir
Nelfinavir
Ritonavir
Aaquinavir
All PIs

NNRTI Delavirdine
Efavirenz
Nevirapine

NRTIs

Abacavir

Didanosine
Lamivudine
Stavudine

Zalcitabine
Zidovudine

Primary mutations
I50V or I84V
No single mutation identified,
M46I and V82A/F/T predisposes
to resistance to indinavir
I84V
D30N or L90M
V82A/F or I84V
G48V or L90M
At least two of D30N, M46I,
I50V, V82A/F/T, I84V, or L90M
K103N and/or Y181C and/or
P236L
K103N and/or Y188L and/or
G190S
K103N and/or V106A and/or
V108I and/or Y181C/I and/or
Y188C and/or G190A
M184V with K65R or L74V or
Y115F
K65R or L74V
M184V, E44A/D and/or V118I
with T215Y and/or M41L
V75T

K65R or T69D or L74V or V75T
M41L and/or D67N and/or K70R
and/or T215F/Y and/or K219Q
NRTIs
68SS69 with T215Y
Enfuvirtide (T- G36V, I37V, V38A/E/M,
FIs
20)
N42D/T, N43D, L44M or L45M
T69S plus SS or SA or SG with
MDR NRTIs
or without T215F/Y
DDI/DDC/ZDV Q151M with A62V and/or V75I
and/or F77L and/or F116Y
MDR (mutations conferring multi-drug resistance to NRTIs)

Secondary
mutations

K103T
L100I or V108I or
Y181C or P225H
A98G or L100I
K65R or L74V or
M184V or M41L or
D67N or K70R or
T215F/Y or K219Q
M184V
M184V
M41L and/or D67N
and/or K70R and/or
T215F/Y and/or
K219Q
M184V
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Table 2.5: Algorithms for interpreting HIV-1 PR and RT sequences
(Information provided here is based on the source: [8])
Algorithm
CREST

Availability

Description

Public

Table of rules listing mutations conferring
genotypic resistance or possible genotypic
resistance to ARV agents.

Resistance

Public

Table of rules developed for a standardized

collaborative

reanalysis of eight published studies linking drug

group

resistance mutations and clinical outcome. This
algorithm is primarily of historical interest
because it is no longer being updated.

HIV RT and

Public

Mutations are assigned drug penalty score. Drug

Protease Sequence

penalties are added and drugs are assigned an

Database

inferred level of resistance. Drug penalties are
hyperlinked to primary data linking mutation and
drug.

Program

can

be

found

at

http://hivdb.stanford.edu.
French national

Public

Table of rules listing mutations conferring

agency for AIDS

genotypic resistance or possible genotypic

research

resistance to anti-HIV drugs.

Retrogram

Proprietary

Comprehensive set of drug-based rules. Updated

(virology

regularly by an expert panel. This interpretation

networks)

system was used in the Havana clinical trial.

GuideLines

Public

(Visible Genetics)
VirtualPhenotype

Drug-based rules. Updated regularly by an
expert panel.

Proprietary

Pattern matching algorithm that uses a large

(Virco,

genotype-phenotype correlative database to infer

Belgium)

phenotypic properties based on sequence data.
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2.2.7 Drug resistance databases
Drug resistance tests generate large quantities of biological and medical data. The use of
databases is important to collect, analyse, manage and distribute subsets of these data.
Several public databases have been developed to store HIV-related data. These databases
are used to investigate aspects of HIV infection and treatment effectiveness. Examples of
these databases include the Stanford University’s online HIV Drug Resistance Database
(HIVdb) [12], the Arevir Database, which provides secure access for designing ARV
therapies[27], the UK Drug Resistance Database [132], the Los Alamos HIV Database,
which contains four HIV databases on HIV genetic sequences, immunological epitopes,
drug resistance-associated mutations, and vaccine trials, respectively [13].
The datasets manipulated in this study are stored in a genotypic database at RPAH
in the Departments of Immunology and Biochemistry, Molecular Biology Laboratory.
Chapter 3 presents the database of HIV genotypic data used in this study.

2.2.8 Database analysis methods
HIV data repositories are designed to provide researchers with their data needs in a
flexible format that enables the use of a number of different analytical methods. Datasets
in these databases can be analysed on the basis of ARV agents, drug-resistance mutations,
and immunological and virological parameters.
The analysis of datasets on the basis of ARV agents allows researchers to consider
single drugs and drug combinations, and to investigate mutations and mutational patterns
associated with direct resistance and cross-resistance. Analysis on the basis of drug
resistance mutations involves specific mutations and complex mutational patterns. This
can provide insights into the emergence and evolution of HIV drug-resistance mutations
and mutational patterns. Analysis of immunological and the virological parameters focus
on change in CD4 T-cell counts and VL in association with other parameters, such as the
emergence and evolution of the resistcance-associated mutations, or the ARV agents in
use. These data can provide significant insights into the impact of treatment on HIV
infection and progression to AIDS. Chapters 4 and 5 focus on the use of these analytical
techniques to investigate the predictive factors for HIV resistance.
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2.3 Antiretroviral therapy and associated resistance
mutations and mechanisms
2.3.1 Antiretroviral agents and combinations
The term antiretroviral (ARV) agents encompass those therapeutic agents developed to
treat HIV the first retrovirus for which specific drugs have been developed. Although
these drugs do not kill viruses, they interfere with the replication cycle of the virus to
decelerate its reproduction. Four drug classes covering more than 20 ARV agents are
approved by the US Food and Drug Administration (FDA) for the treatment of HIV/AIDS
and opportunistic infections. These are classified on the basis of the phase of the HIV
replication cycle that they target and their mechanisms, these ARV agents are grouped
into four classes: nucleoside and nucleotide reverse transcriptase inhibitors, (NRTIs),
non-nucleoside reverse transcriptase inhibitors (NNRTIs), protease inhibitors (PRIs) and
fusion inhibitors (FIs) [17]. Only the latter does not target the HIV’s enzymes.
Single-agent regimens are effective for only a short time, a consequence of the
rapid replication process of HIV and resistance emergence. Therefore, current HIV
treatment strategies recommend combinations of drugs from the main three ARV classes,
so-called Combination Antiretroviral Therapy (CART), formerly known as Highly Active
Antiretroviral Therapy (HAART) [17, 133, 134].
CART impacts on HIV infection by inhibiting the life cycle of viral replication at
multiple stages. The primary goals of CART are to reduce HIV-related morbidity and
mortality, improve the quality of life, restore and preserve immunologic function, and
maximally and durably suppress viral load. Therefore, diverse treatment strategies based
on therapeutic guidelines are used to identify the components of a CART regimen to
achieve one or more of these goals for each individual.
The US Department of Health and Human Services (DHHS) Panel on
Antiretroviral Guidelines for Adults and Adolescents (a working group of the Office of
AIDS Research Advisory Council) has developed guidelines which have served as the
major reference for country-specific guidelines. They outline the current understanding of
how clinicians should best use ARVs to treat HIV-infected individuals. CART with at
least two classes of drugs is the standard of care at present [6]. Section 2.3.1.5 provides
more details about these combinations.
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2.3.1.1 Protease inhibitors (PIs)
PIs interfere with the replication processes forming new generations of the virus,
disabling the production of fit virions (i.e., infectious virions). The mechanism of PIs
prevention of viral replication is inhibition of the protease enzyme of HIV. Protease
cleaves nascent proteins in the final assembly of the new virions. Table 2.6 lists the
individual and combinations of PIs currently approved for HIV treatment (Source: [6]).
The range of drug concentrations required for Protease Inhibition of HIV varies.
For example, susceptibility to indinavir, ritonavir, saquinavir, nelfinavir, and lopinavir
varies over a 100–fold range in most drug susceptibility assays, while for amprenavir, the
range is about 10 to 20-fold. In patients receiving PI combinations, and in patients
maintaining high PI levels, virologic rebound requires the development of multiple
mutations producing high levels of phenotypic resistance. The virological response is
strongly correlated with the ratio of the IC50 in a standardised assay (i.e., the ratio of the
trough drug concentration divided by the inhibitory concentration of the drug).
Pharmacological factors influence the clinical efficacy of PIs more than for the other two
classes of HIV drugs [8, 11].
2.3.1.2 Nucleoside/nucleotide reverse transcriptase inhibitors (NRTIs)
NRTIs were the first class developed and have been shown to be effective against HIV
infection. The currently approved NRTIs are divided into two subclasses: the nucleosideARTIs (NARTIs or NRTIs) and the nucleotide-ARTIs (NtARTIs or NtRTIs). The US
FDA has approved only one NtRTI for use: tenofovir disoproxil fumarate (Table 2.6)
(Source: [6]). Although both subclasses act similarly against HIV, the NRTIs are
converted into NtRTIs in the body, in which form that can inhibit the virus. Therefore, the
direct use of NtRTIs skips the conversion step and may reduce drug toxicity [8]. In this
study, the term NRTIs is used for both subclasses. Table 2.6 lists the individual NRTIs
and combinations of NRTIs currently approved for HIV treatment.
The mechanism of NRTIs is dual– both RT inhibition and chain termination. The
effect is centred on the reverse transcription step and thus indirectly on the integration of
the viral code into target cells to prevent further HIV replication. The NRTIs agents are
pro-drugs, which need to be converted into their active form after absorption. They must
be phosphorylated by the enzymes of a host cell. The resulting phosphorylated NRTIs
compete with the natural deoxynucleoside triphosphate (dNTP) for incorporation into the

Chapter 2: HIV biology, therapy, drug resistance and modelling
newly synthesised DNA chains to terminate the replication process. This mechanism
prevents the completion of the synthesis of the double-stranded viral DNA (vDNA), thus
preventing viral replication [8, 10].
The range of the dynamic susceptibility for zidovudine and lamivudine is higher
than 100–fold, while the range for didanosine, stavudine, zalcitibine, abacavir, and
tenofovir is 15– to 20–fold. The levels of phenotypic drug resistance in patients failing
therapy with zidovudine, lamivudine and abacavir are usually higher than the levels of
resistance in patients failing therapy with stavudine or didanosine [8, 10].
2.3.1.3 Non-nucleoside reverse transcriptase inhibitors (NNRTIs)
Similarly to the NRTIs, agents in the NNRTI class target the reverse transcription step in
the replication cycle of HIV. However, the hydrophobic binding pocket used by the
NNRTIs is not as well conserved as the dNTP binding site that is used by the NRTIs.
NNRTIs act by interaction at the p51 region; binding to this region distorts the active site
of the viral enzyme. However, this region has no enzymic activity when the platform for
the p66 region is enzymically active. The p66 subunit has five subdomains: finger, palm
and thumb subdomains for participation in polymerisation, plus the connection and
RNase H subdomains.
The NNRTIs approved by the FDA are registered on the basis of their capacity to
inhibit RT of the ‘M’ and ‘O’ groups of HIV-1 and HIV-2. The range of the dynamic
susceptibility for each of the NNRTIs is greater than 100-fold. Table 2.6 lists the NNRTIs
currently approved for HIV treatment and the mechanisms of action [6].
2.3.1.4 Fusion inhibitors (FIs)
The most recently developed class of HIV agents is the fusion inhibitor class (FI), also
known as entry inhibitors. There is only one registered agent in this class: enfuvirtide (T20) (Table 2.6)[6]. This agent can prevent the virus from fusing with the target cell
membrane. This functionality disables viral entry and infection of the target cell. The FI
functions by binding to the gp41 viral protein to prevent the creation of a structure that
can fuse via the entry pore in the cell membrane, an intermediate structure formed by the
virus capsid to transmit the viral contents into the cell.
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Table 2.6^: ARV agents used in the treatment of HIV infection
Class

Brand

Generic name

Combivir Lamivudine + zidovudine*
Emtriva

Emtricitabine (FTC)

Epivir

Lamivudine (3TC)

Kivexa

Abacavir + Lamivudine*

Hivid

Zalcitabine or Dideoxycytidine

Mechanisms of action


nucleosides


Retrovir

Zidovudine or Azidothymidine



Incorporated into nascent
viral DNA



Prematurely terminate
HIV DNA synth

(AZT or ZDV)
Trizivir

Active as triphosphate
derivatives

(ddC)
NRTIs

Analogues of normal

Abacavir + Zidovudine +
Lamivudine*

Truvada

Emtricitabine + Tenofovir DF*

Videx

Didanosine or dideoxyinosine
(ddI)

Viread

Tenofovir disoproxil fumarate
(TDF)

Zerit

Stavudine (d4T)

Ziagen

Abacavir sulfate (ABC)

NNRTIs Rescriptor Delavirdine (DLV)
Stocrin



Bind a hydrophobic
pocket of HIV Type 1

Efavirenz (EFV)

reverse transcriptase

Viramune Nevirapine (NVP)


Block polymerisation of
viral DNA



Some are inactive against
HIV Type 2

^Continued on the next page.
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Table 2.6 (cont.): ARVs used in HIV treatment
Class

PIs

FIs

Brand

Generic name

Mechanisms of action

Agenerase

Amprenavir (APV)

Aptivus

Tipranavir (TPV)

natural peptidic

Crixivan

Indinavir (IDV)

substrates of the HIV

Invirase

Saquinavir mesylate (SQV)

Type 1 protease

Kaletra

Lopinavir + Ritonavir*

Lexiva

Fosamprenavir Calcium (FPV)

Norvir

Ritonavir (RTV)

Prezista

Darunavir (TMC114)

Reyataz

Atazanavir sulfate (ATV)

Viracept

Nelfinavir mesylate (NFV)

Fuzeon

Enfuvirtide (T-20)





Structure derived from

Bind the active site of
the protease



36-Amino-acid
peptide derived from
the HR2 domain of
glycoprotein 41



Interferes with
glycoprotein 41–
dependent membrane
fusion

Multi

Atripla (US Efavirenz + Emtricitabine +
name)

Tenofovir DF*

* indicates that ARVs are used in combination
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2.3.1.5 Combination antiretroviral therapy
The primary goal of HIV treatment is the suppression of the viral replication cycle.
Therapeutic strategies for the treatment of HIV infection began changing with the
recognition of the ongoing viral replication that was occurring in the years preceding the
development of AIDS. Following infection and preceding progression to AIDS, CD4 Tcell counts decline and viral levels, initially stable in chronic phase, ultimately increase.
Figures 2.10A and 2.10B illustrate the results of CD4 and VL in patients with
HAART (currently known as CART) and patients without HAART; these Figures are as
provided in the sources [6, 7]. The Figures display evidence from cohort studies that
indicates the use of potent ARVs given as CART translates to a better prognosis even
when viral suppression to undetectable levels has not been achieved. To optimise ARV
potency in the second treatment, CART regimens should be selected on the basis of
treatment history, virological and immunological responses and drug-resistance testing.
For example, the current recommendations for initiating ARV treatment suggest that
therapy should be initiated in patients with CD4 T-cell counts lower than 200 cells per
cubic millimetre, and should be considered with counts of between 200 and 349 [45].
This is particularly important in selecting NRTIs for an NNRTI-based regimen where
drug resistance may occur rapidly to the NNRTI if the NRTIs are not sufficiently potent
[6, 134, 135].
Most current treatment guidelines are based on Antiretroviral Guidelines for
Adults and Adolescents guidelines approved by the DHHS, Table 2.7 shows the
recommended CARTs and available options for HIV treatment following virological
failure; the Table shows the range of initial regimens and the recommended regimen
changes. The available options are known as: NNRTI, PI and triple-NRTI. In particular,
the NNRTIs should not be used following the development of NNRTI-resistance, because
of the risk that the virus will select additional NNRTI-associated mutations [6]. In
addition to the problematic side-effects of CART regimens, the emergence of drug
resistance and the low penetration in some parts of the body compartments may occur
[39]. Therefore, the optimisation of CART agents is problematic.
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Table 2.7: CART options following virological failure [6]
Regimen class
NNRTI

Initial regimen
2 NRTIs +

Recommended change


NNRTI

2 NRTIs (based on resistance testing)
+ PI (with or without low-dose
ritonavir) (AII*)

PI

2 NRTIs + PI



+ NNRTI (AII*)

(with or without
low-dose

2 NRTIs (based on resistance testing)



ritonavir)

2 NRTIs (based on resistance testing)
+ alternative PI (with low-dose
ritonavir; based on resistance testing)
(AII*)



NRTI(s) (based on resistance testing)
+ NNRTI + alternative PI (with lowdose ritonavir; based on resistance
testing) (AII*)

triple-NRTI

3 nucleosides



2 NRTIs (based on resistance testing)
+ NNRTI or PI (with or without lowdose ritonavir) (AIII*)



NNRTI + PI (with or without lowdose ritonavir) (CIII*)



NRTI(s) (based on resistance testing)
+ NNRTI + PI (with or low-dose
ritonavir) (CII*)

*

A, B, C, … are strength of the recommendation

I, II, III, … are the quality of evidence supporting the recommendation

Chapter 2: HIV biology, therapy, drug resistance and modelling

Figure 2.10A: Prognosis according to CD4 cell count and viral load in the
pre-HAART eras (i.e., pre-CART)

Figure 2.10B: Prognosis According to CD4 Cell Count and Viral Load in the
HAART Eras (i.e., CART)
Patients who started HIV therapy had lower rates of progression to AIDS at all
times up to three years after starting; their CD4 T-cell counts have increased and
their VL have decreased.
(source: [6, 7])
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2.3.2 Mechanisms of resistance to ARV agents
2.3.2.1 Mechanisms of resistance to PIs
The HIV-PR cleaves the polypeptide precursor into the structural proteins and enzymes
needed for the assembly of infectious virions. The absence of functional protease leads to
the production of immature and less infectious virions. In the presence of a functional
protease, resistance to PIs is the consequence of amino acid changes that emerge either
inside the active site of the functional enzyme or at distant sites. These changes in amino
acids, either directly or indirectly, modify the number and nature of the contact-points
between the inhibitors and the PR, thus reducing their affinity for the enzyme [3]. For
example, the resistance mutation V82A reduces the size of an amino acid at position 82
thereby allowing preferential binding by the natural viral protein rather than the inhibitors
[136].
Resistance to PIs can also be promoted by mutations in some of the natural viral
substrates of the PR. For example, some mutations near the cleavage sites of the gag
polyprotein have been identified as increasing the level of resistance to PI and thus
increasing the capacity of the virus to replicate. These mutations either facilitate the
cleaving process under conditions in which the amount of active enzyme is suboptimal, or
improve the ability of proteases containing resistance mutations to interact with the
substrate (i.e., the membrane surface) [3].
2.3.2.2 Mechanisms of resistance to NRTIs
HIV resistance to NRTIs emerge through two distinct mechanisms: the impairment of the
incorporation of the analogue into DNA and the removal of the analog from the
prematurely terminated DNA chain [3]. Several mutations evolving at the RT site
promote resistance through the first mechanisms by impairing the ability of RT to
incorporate the NRTIs into the host DNA. These mutations include the M184V, Q151M
and K65R mutations. Figure 2.11A illustrates the resistance mechanism through
interference with the incorporation of NRTIs agent.
The second resistance mechanism is associated with mutations commonly known
as “thymidine analogue mutations” (TAMs). This group of mutations includes M41L,
D67N, K70R, L210W, T215F/Y, K219E/Q and M184V [19]. These mutations are most
frequently selected for virus immune-escape after the failure of CARTs that include
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thymidine analogs such as zidovudine (azidothymidine) and stavudine (d4-thymidine).
However, these mutations can promote resistance to all NRTIs. TAMs promote resistance
through the development of ATP- or pyrophosphate-mediated removal of NRTIs from the
terminated DNA strand. The ATP and pyrophosphate do not participate in the DNApolymerisation reaction. However, the structure of a reverse transcriptase expressing
TAMs facilitates their entry into a site adjacent to the incorporated analogue. Figure
2.11B illustrates the resistance mechanism through the removal of the NRTIs from the
terminated DNA chain [3]; the figure provided here is based on this source.
2.3.2.3 Mechanisms of resistance to NNRTIs
NNRTIs have a strong affinity for a hydrophobic pocket located close to the catalytic
domain of HIV-RT. These inhibitors affect the flexibility of the RT enzyme and can
thereby block RNA to DNA production. However, mutations that emerge at the RT site
are all located in the pocket targeted by the NNRTIs. These mutations are drug-specific
and contribute to reductions in the affinity of the agents [3]. This group of mutations
includes Y181C (associated with nevirapine), and Y188C, K103N, G190A, and V106A
(associated with several NNRTIs agents) [19]. Figure 2.12 illustrates the mechanism of
resistance associated with NNRTIs [3]; the figure provided here is based on this source.
2.3.2.4 Mechanisms of resistance to FIs
The process of HIV entry to the target cell involves complex sequential interactions
between one of its envelope proteins (i.e., gp120) and the receptors and coreceptors of the
target cell. The purpose of this interaction is to bring the virus closer to the cell target to
foster the fusion process by using the other envelope protein (i.e., gp41). The fusion
process leads to the folding of the gp41 from a hydrophobic region (known as HR2) onto
a more proximal hydrophobic region (known as HR1).
The FDA-approved FI is a peptide with 36 amino acids and is derived from HR2.
This inhibitor aims to destabilise the process of association between HRI and HR2 by
binding to HR1 con-covalently. Mutations associated with resistance to FIs have been
noted to occur at the HR1 site in any of 10 amino acids. These changes in gp41, as well as
changes in gp120 (mechanism less well understood), are significantly associated with the
susceptibility of the virus to the FIs [3].
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Figure 2.11A: Resistance by interference with the incorporation of NRTIs

Figure 2.11B: Resistance by the ATP-mediated excision of NRTIs
In A, the incorporation of NRTIs into drug-sensitive virions results in the
termination of the viral DNA chain, while mutation(s) disable this incorporation in
drug-resistant virions. In B, the ATP in drug-sensitive virus has no access to RT,
which has formed a complex with an NRTI. Mutations associated with NRTIs (i.e.,
TAMs) allow ATP to bind to RT near the end of viral DNA (vDNA) terminated by
the incorporation of NRTIs. ATP then reduces or completely removes the NRTIs
from the vDNA, allowing reverse transcription to proceed normally.
(Source: [3])
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Figure 2.12: Mechanism of resistance associated with NNRTIs

In drug-sensitive virions, NNRTIs bind the pocket next to the active RT and block
the polymerisation of DNA by reverse transcriptase. In drug-resistant virions,
mutations prevent and block the binding of NNRTIs, allowing DNA
polymerisation to proceed normally.
(Source: [3])
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2.3.3 Mutations associated with antiretroviral agents
The emergence and evolution of genetic mutations within PR and/or RT genes are
associated with, and lead to, fluctuating CD4 T-cell counts and VLs [137]. Changing
CART regimen is currently recommended in patients with virologic failure when plasma
VL rises and also when CD4 T-cell counts fall below a critical level despite viral control.
However, the selection of new treatment regimens should not be based on simple
assumptions, and requires consideration of critical parameters; of the data available drugresistance assays findings are urguably the most critical in managing treatment failure [6].
A genotypic assay (GTA) is the most commonly used of the available drugresistance tests. GTAs detect the presence of resistance mutations in the form of
nucleotide sequence changes at the sites of the PR and RT genes and those nucleotide
mutations which result in amino acid changes may enable the virus uses to overcome drug
suppression. Existing databases allow recognession of mutations causing cross-resistance
between the ARVs; knowledge of these mutations helps to identify optimal alternative
regimens [8]. A standardised numbering system for resistance mutations has been
developed to compare the PR and RT genetic variations with the wild-type subtype B
reference consensus sequence both at hene (nucleotide) level and protein (amino acid)
level. Subtype B consensus sequence was originally derived from the alignments in the
HIV Sequence Database at Los Alamos [13].
According to the standardised numbering system and the reference wild-type
sequence, a mutation is described by a letter indicating the consensus wild-type amino
acid, followed by the amino acid residue number and a letter indicating the mutation[8].
For example, the mutation at the RT site reported as M184V indicates that the consensus
amino acid methionine has been replaced by the amino acid valine at the position 184 of
the gene. Many mutations have been reported within PR and RT genes. Mutations are
reported individually or in a pattern format; they may consist of two, three, four and more
mutations such as M184V + M41L (2–mutations), M184V + M41L + T215Y (3–mutations)
and M184V + M41L + L210W + T215N/S/Y (4–mutations).
Mutations are classified on the basis of the resistance level they confer (primary is
high, and secondary is low), and according to the individual ARV or class of ARV they
confer resistance to (mutations associated with PIs vs NRTIs vs NNRTIs vs FIs, as well
as with each individual agent).
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2.3.3.1 Mutations associated with protease inhibitors
PR mutations associated with PIs usually develop from the accumulation of multiple
primary mutations and secondary mutations. Most of the primary mutations each cause a
two- to five-fold reduction in susceptibility to one or more PIs. However, this level is
insufficient in practice to interfere with the antiviral activity of these drugs. The PR
mutations reduce the affinity of the PIs with the viral enzyme. Figure 2.13 is a structural
model of HIV-1-PR labelled with mutations associated with resistance to PIs [5, 8, 11];
the figure provided here is based on these sources. The most common mutations
associated with resistance to PIs are as follows, as provided by the source [3]:


L90M: frequent resistance mutation, observed during the failure of therapy with most
PIs. This mutation is most frequently selected for by saquinavir therapy.



V82A/T/F: common resistance mutations and can emerge early during failure of PIs
therapy; they are most frequently selected for by ritonavir and indinavir therapy.



D30N and N88D/S: most frequently selected for by nelfinavir therapy. The D30N
always occurs first.



L10I/F, K20R/M, M36I, M46I/L, I54V/L, A71V/T, G73S, V77I and M93L: can
accumulate during the failure of therapy with most PIs, causing gradual increases in
level of resistance.



I84V: frequently found after prolonged ineffective therapy with PIs. It is associated
with high-level resistance to most PIs.



G48V: exclusively selected for by saquinavir therapy. This mutation is associated with
high-level resistance to saquinavir.



L24I: emerges occasionally during failure of indinavir therapy. It also found with
lopinavir therapy.



I47V and I50V: most often selected for by amprenavir therapy. They are also found
with lopinavir therapy.



V32I and F53L: rare mutations that confer high-level resistance to most PIs.

A431V: occurs in gag, the main viral substrate of the protease.
L449F: increases resistance and partially compensates for the resistance-associated loss
of viral capacity for replication.
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Figure 2.13: Structural model of HIV-1-PR, labelled with PI-associated
resistance mutations

The polypeptide backbone of both protease subunits (positions 1–99) is shown.
The active site, comprising positions 25–27 from both subunits, is displayed in
ball-and-stick mode. The PI-resistance mutations are shown for the subunit on
the left, but not for the subunit on the right. The protease was co-crystallised
with indinavir, which is displayed in space-filled mode.

(Source: [5, 8, 11])
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2.3.3.2 Mutations associated with NRTIs
NRTIs resistance develops from single amino acid changes or the accumulation of
multiple primary and secondary mutations. These mutations occur in the polymerase
coding regions: the finger and palm subdomains (Figure 2.14). The two common groups
of these mutations are the mutations that allow the RT enzyme to discriminate against
NRTIs during DNA synthesis, thus preventing their addition to the growing DNA chain,
and the mutations that increase the rate of hydrolytic removal of the chain-terminating
NRTI and enable continued DNA synthesis. The second group is known as nucleotide
excision mutations (NEMs) [8]. The RT mutations generally occur by the alteration of the
consensus amino acid, however, resistance may also occur with critical area insertion or
deletion. Figure 2.14 is a structural model of HIV-1-RT, labelled with mutations
associated with resistance to NRTIs [5, 8, 10]; the figure provided here is based on these
sources. The most common mutations associated with resistance to NRTIs are as follows
[3]:


M41L, D67N, K70R, L210W, T215Y, T215F, K219Q and K219E: members of a
family of mutations known thymidine analogue mutations (TAMs). They are associated
with resistance to most NRTIs except lamivudine. In vitro, they cause high-level
resistance to zidovudine and low-level resistance to stavudine, didanosine, and abacavir.



M184V: observed in most viruses resistant to treatment with lamivudine. The M184V
mutation confers high-level resistance to lamivudine in vitro and can interfere with
resistance to zidovudine and stavudine when the number of TAMs is small. This
mutation increases the level of resistance to didanosine and abacavir owing to TAMs.



Q151M, F116Y, F77L, V75I and A62V: a rare pathway for resistance to NRTIs. In
vitro, they cause high-level resistance to most NRTIs except lamivudine and tenofovir.



69 Insertion mutations: an insertion of two or more amino acids (usually serines) next
to codon 69. This insertion emerges only in viruses that already have several TAMs; it
causes high-level resistance to all NRTIs.



K65R: selected for by zalcitabine, abacavir and tenofovir therapy.



Y115F: selected for by abacavir therapy.



L74V: selected for by didanosine therapy, usually when didanosine is the only
nucleoside analogue.
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A

B

Figure 2.14: Structural model of HIV-1-RT, labelled with NRTIassociated resistance mutations

A structural model of HIV-1-RT, labelled with NRTI resistance mutations.
The polypeptide backbone of the fingers and palm domain (positions 1–235)
and DNA primer and template strands are shown. The active-site positions
(110, 185 and 186) are displayed in ball-and-stick mode. The incoming
nucleotide is displayed in space-fill mode. The figure is shown from (A) the
front and (B) the back.
(Source: [5, 8, 10])
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2.3.3.3 Mutations associated with NNRTIs
RT mutations associated with NNRTIs resistance develop in the hydrophobic pocket
which bind the inhibitors. A single mutation in this region may result in high-level
resistance to one or more NNRTIs. Figure 2.15 illustrates a structural model of HIV-1-RT
labelled with mutations associated with resistance to NNRTIs [5, 8, 9]; the figure
provided here is based on these source. The most common mutations associated with
resistance to NNRTIs are as follows [3].


K103N: most frequently selected for by efavirenz therapy. It is occasionally selected for
by nevirapine therapy and confers high-level resistance to all available NNRTIs.



Y181C: most frequently selected by nevirapine.



Y188C: confers high-level resistance to nevirapine but lower-level resistance to
efavirenz



Y188L: unlike Y188C; it has been mostly observed in association with efavirenz
therapy.



L100I, V106A, G190A and G190S: accumulate during prolonged ineffective therapy
with most NNRTIs.
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Figure 2.15: Structural model of HIV-1-RT, labelled with NNRTIassociated resistance mutations

A structural model of HIV-1-RT, labelled with NNRTI resistance mutations.
The polypeptide backbone of the complete p66 subunit (positions 1–560) and
DNA primer and template strands are shown. The structure of RT is cocrystallised with nevirapine, displayed in space-fill mode. The positions
associated with NNRTI resistance are shown surrounding the hydrophobic
pocket to which nevirapine and other NNRTIs bind.

(Source: [5, 8, 9])
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2.3.4 Treatment considerations
2.3.4.1 Cross-resistance
Mutations arising during the CART regimen can contribute to resistance to other ARVs
within the same class despite no prior exposure to that specific drug. All ARV classes are
affected by cross-resistance [3]. For example, most of the PR resistance mutations confer
resistance to multiple PIs; therefore, they should be considered class-specific mutations
rather than drug-specific mutations. At the RT gene site, the NEMs mutations (i.e.,
nucleotide excision mutations) confer a considerable degree of clinically significant
resistance to all NRTIs except lamivudine, while the M184V mutation (a lamivudineresistance mutation) confers variable levels of cross-resistance to all NRTIs except
zidovudine [8]. The genotypic assay results analysed with database algorithms readily
identify cross-resistance mutations, and clinicians usually consider these mutations and
cross-resistance associated with therapeutic combinations before the selection of a
treatment regimen.
2.3.4.2 Adherence
The efficacy and conversely, failure, of CART combinations depend on the properties and
prevalence of HIV genetic variations, an individual’s adherence to the therapeutic
instructions, and key clinical side-effects necessitating cessation [20]. Poor adherence is a
critical factor CART failure. How closely an infected individual follows treatment
instructions is strongly correlated with virological outcome and the rates of emergence of
drug resistance. Poor adherence ultimately results in additional and huge medical costs to
the infected individuals and their societies [138]. Therefore, considering the level of
adherence to the therapeutic instructions and quantifying its relationship with drug
response is an important factor in managing HIV infection and progression to AIDS. Few
clinical databases incorporate objective measures of adherence such as pill count results.
2.3.4.3 Toxicity
Toxicity from CART regimens is well recognised. Side-effects may limit the repertoire of
useful therapeutic combinations. The toxicity of treatment regimens is commonly a result
of the pharmacodynamic interactions among the ARV agents that comprise a regimen.
Many ARV agents have synergistic toxicity. For example, the use of stavudine with
didanosine causes considerable levels of toxicity, and thus is generally avoided. Toxicity
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risk may prevent initiation of specific treatment regimens or may limit their viable
duration for an individual [138]. The full extent of ARV toxicities is still undefined. Thus,
drug toxicity remains a major factor for consideration in designing strategies for the
management of drug resistance, the development of new ARV agents, and the design of
new combinations regimens of agents [6].
2.3.4.4 Initiation
Optimising the timing of initiation of ART is critical in the long-term success of HIV
therapy in an individual. In certain circumstances patients may be able to safely the start
of ARV treatment by months or years after diagnosis. Before initiating a treatment
regimen, a doctor may need to determine the agents the patient needs to take, the
quantities and dosing intervals of these agents, the alternative treatment regimens, the
negative side-effects of the recommended and alternative regimens, and which clinical
tests that should be conducted, and when these should be taken. These factors determine
various initiating treatment timing strategies among infected individuals. For example, a
strategy known as “hit hard and early” has been recommended for newly infected
individuals, but has not had wide spread use because of cumulative toxicity [139].
2.3.4.5 Spporting Treatment strategies
Many treatment support strategies have been developed to assist the management of HIV
therapy. Packages include treatment instructions for new and therapy experienced
patients, detailed education about initiation and timing of the specific treatment regimen,
and the selection of an alternative treatment option. These strategies explain in detail the
time to change regimens and which ARVs the new regimen should comprise. These
strategies deal with concerns about the side-effects of treatment combinations, such as
toxicity. For example, two novel treatment strategies are as follows.


Strategy for those failing on existing regimen: this is a strategy to consider and
identify the available active treatment options for patients who have been on drug (i.e.,
not new patients). This strategy recommends most clinical practices that can be
followed to treat patients failing therapy [6]. These practices include:
o Pharmacokinetic enhancement with ritonavir that may increase drug
concentrations of most PIs (except nelfinavir) and may overcome a degree
of drug resistance;
o Therapeutic drug monitoring;
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o Resistance testing;
o Returning to previous medications; only if no other options are available.
o The use of empirical multi-drug regimens—including up to three PIs
and/or two NNRTIs—that have been recently advocated; however, this
may be limited ultimately by complexity, poor tolerability, and
unfavourable drug–drug interactions.
o New ARVs may be used, including those available on expanded access
through clinical trials. These choices avoid the problem of cross-resistance
associated with the exisiting ARVs.


Structured treatment interruption (STI)

In the early 21st century, there has been a vogue for STI. The STI strategy recommends
the interruption of HIV therapy in a planned protocol according to virological and
immunological analysis, also taking into account drug-related factors such as toxicity and
side-effects. For example, the use of CART is often impaired by the long-term toxicity of
the agents; therefore, STI recommends the interruption of CART in this scenario for a
limited period only followed by re-initiation. However, interruptions may be followed by
negative virological and immunological responses; this is a result of the rapid viral
rebound and loss of CD4 T-cells. Thus, the STI strategy recommends recommencing the
CART therapy with different combinations and based on conducting key clinical tests
[140].
Despite STI recommendations of programmed interruptions to therapy in the
presence of reduced drug susceptibility, a study has shown that the continuation of CART
can provide better immunological and virological benefits [141]. This is because
continued therapy maintains the viral population with reduced capacity for replication.
The benefits of STI remain controversial; there are no apparent specific virological
benefits, which are typically limited to patients starting treatment during primary HIV
infection. Given the seriousness of these risks and the unproven benefits of STI, the
strategy cannot be recommended [6]. Particularly, in the light of the SMART study
‘Strategies for the Management of Antiretroviral Therapy’, a trial which was terminated
on safety grounds due to higher rates of progression in those having treatment interruption
[142].
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2.4 Modelling of HIV/AIDS
2.4.1 HIV/AIDS modelling
HIV/AIDS models provide crucial insights into understanding the biological and medical
parameters which change HIV infection, AIDS, during the immune response and during
ARV treatment [143]. The two major broad research domains that existing models inform
are HIV/AIDS epidemiology and HIV pathogenesis (including treatment). There are two
approaches in both of these areas: deterministic and stochastic. Furthermore, the models
can be classified as mathematical, graphical and pharmacokinetic; these groups are based
on the class of the analytical methods used in developing these models. The parameters
dominant in pathogenesis/treatment HIV/AIDS models include immunological and
virological responses and their interactions, the dynamics of HIV drug resistance, and
effect of treatment regimens and practices.

2.4.2 The basic model of HIV
Many HIV/AIDS models are derived from the first model of viral dynamics (i.e., the
basic model of HIV). Many researches have explained this model in great detail [2, 27,
144, 145]. Here, we provide a brief description of this model (Figure 2.16) [2]. This
model encompasses three variables: the population size of uninfected cells, infected cells,
and free virions, termed as X, Y and V, respectively. These values can indicate either the
total load in a host, or the load in a given volume of blood or tissue.
According to this model, the free virus population ‘V’ infects the uninfected cells
at a rate proportional to the product of their loads (i.e., βXV, where β is the rate constant).
The infected cells ‘Y’ start producing free virions at a rate proportional to their load (i.e.,
kY, where k is the rate constant), and die at a rate ‘aY’, while the free virions ‘V’ are
removed from the system at rate ‘uV’. These rates determine the life-time of an infected
cell by ‘1/a’ and the average life-time of a free virion by ‘1/u’. The total number of
virions from one infected cell is ‘k/a’ (known as the burst size). The uninfected cells are
produced at a constant rate ‘λ’ and die at the rate ‘dX’. The average life-time of an
uninfected cell is thus ‘1/d’. In the absence of HIV infection, the population dynamics of
the host cells is given by the linear differential equation (1). Without the virus, the load of
uninfected cells converges to the equilibrium value ‘l/d’. Combining the dynamics of the
virus infection and the host cells produces the basic model (equation (2)).
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•

Χ = λ − dΧ

(1)

•

Χ = λ − dΧ − βΧV
•

Υ = β ΧV − a Υ

(2)

•

V = kΥ − uV
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Figure 2.16: The basic model of HIV viral dynamics

(Source: [2])
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2.4.3 Modelling

HIV/AIDS

from

an

epidemiological

and

pathological perspective
2.4.3.1 Epidemiology models
Models of HIV/AIDS epidemiology encompass consideration of the distribution, history,
types and social implications of the infection and disease. Many models have been
developed to understand the HIV/AIDS epidemic and spread [143, 146-150], and to
examine the effect of the endemic disease on a population [151]. A number of
epidemiological models examine the relationship between social interaction and HIV
infection [152, 153], the population effects of HIV-infection preventive methods [154],
the health and economic outcomes of intervention [155], and the rates of incidence of the
infection [156]. Studies utilising historical and current demographic data of HIV/AIDS
cases to derive predictions about the future cases and the epidemic have been published
[157, 158].
2.4.3.2 Pathogenetic models
HIV pathogenetic models generally provide accurate simplification of the complex
interactions between the viral population and host immune system cells. Many
pathogenetic models have been developed to understand the role of the immune system in
limiting the abundance of the virus and preventing escape mutations of the virus [159,
160], in HIV pathogenesis [161], and in explaining the stages of progression to AIDS in
the context of changing VL [144, 162, 163]. Other models have aimed to study the viral
life-cycle and decay during the intracellular phase [164], and to investigate vaccine-based
methods of therapeutic vaccination to forestall progression to AIDS [165]. These models
provide valuable insights into understanding the virus–immune system interactions.

2.4.4 Modelling HIV/AIDS dynamics
2.4.4.1 Virology and immunology models
The interactions between the virus and the immune system are complex and incompletely
defined. Several models have been developed to study the parameters of these
interactions, including the dynamics of HIV infection, and the evolutionary and clinical
latency that affect the timing of progression to AIDS [144, 166, 167]. Other models have
aimed to examine the role of the immune system with respect to the emergence of
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resistance mutations [159, 160], viral decay during the intracellular phase [164], and longterm HIV infection dynamics [168].
2.4.4.2 Drug resistance models
These models examine drug resistance mutations and mutational patterns, and the
resistance dynamics associated with ARV agents [169-171]. Some of these models
investigate the origins of the multi-drug mutants and determine whether they arose before
or after commencing a CART regimen [78]; some attempt to understand the epidemic and
EoR in a population [172]. The limitations of existing models include considering a
limited numbers of HIV/AIDS dynamics, particularly in studying drug resistance, and in
most cases ignoring the use of historical genotypic data.
2.4.4.3 Treatment models
Models of HIV treatment focus on the impact and efficacy of ARV agents in different
circumstances, and in association with HIV variables. Some of these models examine
changes in CD4 T-cell counts after commencing a CART regimen [173-175], the impact
of ART on HIV recombination or transmission [176-180], the impact of HIV therapy in
developing countries [181], and the impact of ART patterns on drug resistance and HIV
incidence [182, 183]. Others attempt to predict whether CART regimens can eradicate the
virus or decrease VL [184, 185]. Models for studying chemotherapy to treat AIDS have
been developed [186-188]. Drug exposure and drug susceptibility [189], and the
consequences of HAART with consideration of different HIV/AIDS epidemiological
scenarios [190], have been modelled.

2.4.5 Modelling based on analytical methods
2.4.5.1 Mathematical modelling
HIV/AIDS mathematical models use equations and mathematical methods to provide
quantitative information on the infection and disease variables. Many methods are used to
develop HIV/AIDS mathematical models; these methods include differential equations,
polynomial functions, numerical analysis, probability and decision theories, and
algorithms. Many mathematical models—either deterministic or stochastic—have been
developed or proposed to investigate the epidemiology and pathogenesis of HIV/AIDS,
the immunological and virological dynamics, the replication cycle of HIV, the dynamics
of drug resistance, and the outcomes of HIV therapies [2, 42, 133, 145, 191-197].
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Comprehensive details and comparisons of these models are well described in the
literature [41, 144, 145, 192, 198-203].
Whereas many mathematical models analyse the dynamics of HIV replication
rates in vivo, and determine viral intergenerational intervals [41, 154, 159, 164, 204-206],
others include models to measure the diversity of viral populations in relation to disease
progression [207], to understand the history, prevalence and future of HIV/AIDS [156,
157], to determine the optimal time for commencing HIV therapy [139], and to
investigate the relationship between drug resistance and viral suppression [208]. More
mathematical models than graphical and pharmacokinetic models have been developed
for HIV/AIDS.
Although mathematical models provide considerable insights into understanding
HIV/AIDS, they suffer from many limitations (explained in greater detail in Section
2.4.6). Therefore, this study chose to use graphical modelling to develop a drug resistance
model.
2.4.5.2 Graphical modelling
HIV/AIDS graphical models combine the use of analytical and graphical theories based
on the rules and functions of graphs, probability, causality, decision-making and statistics;
the use of these functions provides both quantitative and qualitative knowledge of
HIV/AIDS [209]. These models are best-to-fit for solving problems with high uncertainty
and complexity, such as the many problems surrounding this disease [210-213].
HIV/AIDS graphical models have been developed to describe the evolutionary
processes of the genetic variations [214], illustrate the phenotypic drug resistance [215],
investigate the accumulation of genetic alterations [216], and analyse the risk of viral
resistance to treatment with PIs [217]. Models have been developed to detect genetic
recombinations in aligned genetic sequences [218], predict HIV drug resistance
mutations[219], and estimate the success rate of an individual ART agent [220].
The construction process of a graphical model consists of main four cyclic phases:
representation, inference, learning and decision [210]. The representation phase concerns
the selection and description of graphs representing joint probability distributions.
According to the circumstances of a given problem, two types of graph can be selected in
this phase: directed, such as Bayesian Belief Networks (BNs), and undirected, such as
Markov Random Fields (RMFs). The inference phase concerns the way in which the
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hidden states of problem variables in a system are inferred, given partial and possibly
noisy observations. Many algorithms are available to enable inference functions. The
learning phase concerns the estimation of the parameters of a problem, sometimes called
systems identification. Another concern of this phase is the structure of the model, also
known as network topology. Similar to the process of inferring, many algorithms for
learning a network topology and parameters are available [221]. The decision phase of
constructing a graphical model concerns the use of decision theory, consisting of
probability and utility theories [222]. Chapter 6 presents the development of a new
graphical model of drug resistance dynamics.
2.4.5.3 Pharmacokinetic modelling
HIV/AIDS pharmacokinetic models combine the use of pharmacological, biological and
clinical data to study the drug performance, side-effects and concentration of ARVs in
infected patients. These models provide insights into toxicity of ARV. These models
investigate the complexity and drug–drug interactions, and the association between the
drug concentration and the progression of the disease. These models are mostly limited to
a pharmacokinetic-pharmacodynamic model of the chemotherapy of HIV, which
examines the association between drug resistance and treatment intensity [223], and a
model that studies the viral dynamics to evaluate the relationship between
pharmacokinetic variation and antiviral response [224].

2.4.6 Modelling approaches
2.4.6.1 Stochastic modelling
Stochastic models attempt to estimate the probability distributions of results, with the use
of time-based random variations in one or more of the inputs. HIV/AIDS data fluctuate
over time; the historical data for two targeted periods may vary. Stochastic models
provide the standard time-series techniques required for analysing this fluctuation; these
techniques generate potential outcomes that reflect the random variations in the inputs or
in the analysed data.
Many stochastic models have been developed to understand early events in the
disease [145], when there are few infected cells and a small number of virions, or in
situations where the variability among individuals is of interest [225, 226]. For example,
several stochastic models have looked at the effects of increasing variability among viral
strains as a means of escaping control by the immune system in the progression to AIDS
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[227, 228]. However, these models have been criticised; they have been developed on the
basis of late 1980s knowledge where limited data was available [229].
2.4.6.2 Deterministic modelling
Deterministic models attempt to find the best estimates of the results, without considering
the possibility that there is a level of uncertainty. These models are more applicable to
later stages of the infection and disease, where population sizes are large [145]. Many
deterministic models have been developed to examine the changes in mean CD4 T-cell
counts [42, 186, 194, 230, 231]; these models typically consider the dynamics of the CD4
T-cell and virus populations, and the effects of drug therapy. In some of these models,
other immune system populations such as macrophages and CD8 T-cells have been
included, while other models have tended to focus on explaining the kinetics of CD4 Tcell decline [145].

2.4.7 Significance and limitations of model types
Models describing virological and immunological responses, the mutations associated
with drug resistance, and the impact of CART are ranked as optimal when they describe
the biological and clinical data, and the dynamics of viral and host populations [201].
Without these attributes, most of a mathematical model may be ineffective. Therefore,
this study chose to concentrate on the use of graphical models.
2.4.7.1 Significance of graphical models
The significance of graphical models lies in the ease of their construction and use. They
represent

equations and

associations

in

clear

graphical

representations.

The

implementation of these models requires limited computational skills, because
considerable parts of the model can be manually constructed. Graphical models have the
ability to effectively adapt, respond and manage the changes and consequences of
disease-related events. This ensures the validity of using the model in future, and is an
important function when dealing with the highly changeable problems of HIV [211, 212,
232, 233].
Many algorithms have been developed to support the construction, use and
updating of graphical models. For example, algorithms are available to support learning
and inference using graphical models [210-212]. Graphical models enable different types
of reasoning and learning at the same time and without need to change model parameters;
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examples of these types include abdicative, inductive, and deductive learning and
reasoning. These models accept combinations of variable-types, such as discrete and nondiscrete.
2.4.7.2 Limitations of mathematical models
Mathematical models suffer from many limitations, including the use of complex
equations, mathematical analysis, and large numbers of inputs that produce small
numbers of outputs. One study, for example, showed that some mathematical models use
many variables and may include several complex compartments to capture single or
minimal results [199]. For example, in using these complex models, an investigator may
wish to identify several dynamics that can be successfully estimated with minimal
datasets. Obtaining these parameters based on repetitive clinical measurements of
genotypic samples, immunological and virological responses or other data, can be
considered problematic. The complexity of a model may also necessitate extracting the
essential information just to demonstrate the robustness of the model [202].
Mathematical models use a range of mathematical and statistical variables that
require further interpretations—such as Beta, Gamma, Phi and others—for the
representation of the results [146]. The use of these variables reduces the visibility of the
intended results, mainly when they are computationally implemented or read by medical
and biological experts. The lack of availability of many datasets of different HIV
variables is a chronic problem (this is a natural characteristic of medical, clinical and
biological data). The inconsistency and partiality of HIV data restrict the implementation
of some mathematical models. The application of other mathematical models is driven by
taking into account the many assumptions that may be impossible to verify in medical
settings. For example, a model for the evolutionary dynamics of HIV quasispecies and the
development of immunodeficiency disease is based simultaneously on five assumptions
[166].
Independently, mathematical models are unable to answer questions beyond their
function [202]. We attribute this limitation to the unavailability of supporting algorithms
for further functionalities. A number of models are applicable to the later stages of the
infection as the population size becomes large, while other models deal with
investigations over relatively short periods—days, weeks or months [145]. Some models
are designed to study patients as individuals rather than groups. These limitations explain
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why there has been little progress in developing non-closed-form mathematical solutions
for complicated dynamic models [199].
Other models consider stand-alone assumptions, without taking into account
interdependencies with other variables. For example, models for describing the dynamics
of HIV-1 replication in vivo assume the full or constant inhibition of viral replication by
ARVs [204, 234]. However, a study showed that the inter-individual variability in
exposure to ARVs is significant [235], resulting in different degrees of the inhibition of
viral replication between patients treated with the same drug regimen [236]. This
illustrates the importance of inventing a modelling method that accounts for these
considerations, an in that regard graphical modelling has advantages.
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3
HIV Genotyping
Databases

This chapter describes the HIV-1 Genotyping Database at the Molecular Biology
Laboratory—part of the Clinical Immunology and Biochemistry Departments of
Sydney’s Royal Prince Alfred Hospital (RPAH). The chapter identifies the sources of
significant data on HIV drug resistance and the principal clinical parameters, and
explains the analytical functions needed for the analysis and interpretation of
associations between these parameters. Details are given of the open-access worldwide
HIV drug resistance databases: HIVdb, Arevir, UK drug resistance database and the Los
Alamos HIV databases. The chapter describes the available tests at the RPAH and the
HIV-1 Genotyping Database model, dictionary and schema.
Section 3.1 is an introduction to the HIV-1 Genotyping Database. Section 3.2
concerns the sources and analysis of data of HIV drug resistance. Section 3.3 presents
the worldwide drug resistance databases related to this area. Section 3.4 describes the
HIV-1 Genotyping Database that contains datasets analysed in this study.
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3.1 Introduction
The emergence of antimicrobial drug resistance in individuals and population is
associated with failure of antimicrobial therapeutic agents. This was initially
demonstrated for bacterial infections such as tuberculosis but more recently international
attention has focused on staphylococci, malaria and HIV. The development of mutations
in the HIV genes at the sites of protease (PR) and reverse transcriptase (RT) is the basis of
resistance emergence (RE) to drug targeting these enzymes; this is typically followed by
the evolution of resistance (EoR) where by further changes occur in these genes in a nonrandom fashion. The behaviours of the RE and EoR patterns are used to monitor the level
of resistance associated with ARVs [5, 6, 27]. The quantitative analysis of the CD4bearing subpopulation of T-cells (i.e., the counts of CD4 T-cell), and the levels of HIVRNA in plasma known as viral load (VL), are the two laboratory parameters used to
monitor the progression toward AIDS and the response to drug therapy [6, 45].
Many clinical and biological questions can be answered on the basis of the
analysis of drug resistance mutations, CD4 T-cell counts, VL, and key clinical parameters
of an individual (and at the population level). For example, the level of resistance
increases as the number of mutations increases [237]. High VL and low CD4 T-cell
counts are associated with faster progression to AIDS [238, 239]. These measures are
fundamental to routine clinical management and clinicians rely on HIV-related databases
which aggregate and display the data. These databases are used for the collection,
analysis, dissemination and protection of repetitive measurements of these parameters.
HIV-related databases can be used to inform the design of optimal CART
regimens (i.e., combinations of antiretroviral therapy), the understanding of HIV biology
and the management of individualised clinical profiles, and to aid the pursuit of basic
fundamental research. The use of these databases enables the identification of the
polymorphisms of PR and RT genes as well as those mutations occurring in association
with an individual ARV or an ARV class, guides the selection of new optimal drug
combinations when needed, and allows the rapid comparison of new genetic sequences to
those stored from the past, or to the wild-type reference sequence. These repositories
support the creation of technical queries about key clinical parameters, including ARVs,
CART regimens, viral mutations, and immunological and virological responses. The
dissection of the genotypic, phenotypic, virologic and immunologic measurements
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enables optimal recommendations on the timing of treatment changes and the mode of
treatment.
A number of worldwide HIV-related databases have been developed. Here, we
particularly focus on HIV drug resistance databases, including Stanford University’s
online HIV Drug Resistance Database (HIVdb) [12], the Arevir Database [27], the UK
Drug Resistance Database [225], the Los Alamos HIV Databases, and the HIV-1
Genotyping Database. These databases between them maintain genotypic, phenotypic,
virologic, immunologic, and key clinical and research datasets. A number of web
resources for HIV drug-resistance testing in clinical and research settings are listed in
Appendix A [5].
This study concerns the manipulation of datasets stored in the RPAH HIV-1
Genotyping Database, which is under the supervision of immunopathologists and
HIV/AIDS specialists from the Clinical Immunology Department at RPAH.

3.2 Data sources and analysis
3.2.1 Data on drug resistance mutations
Genotypic tests are used to detect resistance mutations (i.e., viral gene sequence that have
been shown previously to cause drug resistance. They cannot confirm the phenotypic
effect of these mutations and patterns. The traditional output of these tests is a report
listing the primary mutations (conferring resistance to one or more drugs by themselves—
known as major mutations) and the secondary mutations (conferring resistance via the
accumulation with other mutations—also known as minor or accessory mutations). The
genotypes are determined by polymerase chain reaction (PCR) based methods of
sequencing the predominant species of viral RNA in the circulation or archived DNA
when plasma RNA cannot be amplified. The PCR is the common amplification technique
used to detect the HIV RNA or proviral-DNA in infected individuals. The method in use
at RPAH encompasses the complete PR gene and the 41–236 nucleotide positions of the
RT gene. Several HIV PR and RT sequencing techniques and commercial kits can also be
used; Appendix B shows these techniques. Figure 3.1 is a graphical representation of a
sample of results of a genotypic test using PCR [5].
A genotypic database enables the collection, management, analysis and reporting
of the PR- and RT-associated mutations, and by inference the prevalence of emerging
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resistance in the population sampled emerges. In the literature, the four main sources of
data on HIV drug resistance mutations are genotype–phenotype correlations on laboratory
HIV-1 isolates, genotype–phenotype correlations on clinical HIV-1 isolates, genotype–
treatment history correlations, and genotype–clinical outcome correlations [5, 15]; the
information and figure provided below are based on these sources. The examination of
these associations is a basis for understanding drug resistance


Genotypic–phenotypic correlations on laboratory isolates: The preclinical evaluation
of a new drug typically involves the culturing of a wild-type laboratory HIV-1 isolate in
the presence of increasing drug concentrations, and the identification of mutations that
allow the virus to continue to replicate. Site-directed mutagenesis experiments are
performed to confirm that the mutations arising during viral passage in the presence of
the drug confer drug resistance when introduced into a wild-type virus. Drug resistance
mutations thus identified acquire widespread acceptance, are referred to as “canonical”
resistance mutations, and are often considered the crucial mutations causing specific
resistance.



Genotypic–phenotypic correlations on the basis of clinical HIV isolates: Laboratory
isolates often contain only one or two drug-resistance mutations and rarely reflect the
more complicated patterns of mutations observed in clinical isolates from patients on
CART. The complexity of sequences obtained on clinical isolates often precludes sitedirected mutagenesis. Instead, statistical associations between drug-resistance mutations
and in vitro resistance are required to explain the role of specific mutations in RE.



Genotype–treatment history correlation: Correlations between drug treatments and
the corresponding mutations in HIV strains provide critical information about drug
resistance. For example, these correlations show which mutations and mutation patterns
occur in patients, rather than just in vitro. These correlations are essential for explaining
the genetic mechanisms of drug resistance that are difficult to test in vitro. This is the
case for the RT inhibitors ddI, ddC, and d4T. For example, the canonical d4T-associated
resistance mutation is V75T. However, this mutation is clinically extremely rare. By
contrast, patients receiving d4T commonly show the classical Zidovudine (AZT)associated resistance mutations. This has provided an insight into the mechanism of d4T
resistance, even though phenotypic assays for that drug are poor at detecting drug
resistance.

Chapter 3: HIV Genotyping Databases


Genotype–clinical outcome correlation: Data correlating genotype and clinical
response to subsequent CART are the most clinically relevant and useful for clinicians
who are selecting CARTs for their patients. However, such data typically lags several
years behind that from the first and third correlations.

Figure 3.1: Schematic of showing the distribution of drug-resistance
mutations within the PR and RT genes

The nucleotide numbers relative to the prototypic reference HXB2 genome are
shown (2258–3872). The protease is shown green and the RT is blue. Tall lines
indicate the positions of mutations that confer resistance in the absence of other
mutations. Short lines indicate the positions of accessory mutations that confer
resistance only when present with other drug-resistance mutations. PI-associated
resistance mutations are shown in green; NRTI-associated resistance mutations are
blue; NNRTI-associated resistance mutations are yellow.
(Source: [5])
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3.2.2 The systematic analysis of genotypic databases
Interpretation of the genotypic datasets, in association with information about drug
regimen, VL, CD4 T-cell counts and key clinical parameters, is an additional process to
genotyping the mutations, and should be conducted using an interpretation system more
sophisticated than those used only for sequence analysis purposes. Computer-based
systems can be used to perform the interpretation of genotypic datasets through four
functions: data input, knowledge-base creation, algorithmic procedures, and data output
[5, 8].


Data input: the first task of this function is to collect the nucleotide acid sequences. The
nucleotide sequence data provides the basis for determining amino acid sequence which
ultimately is the sequence necessary for resistance analyses. It is also needed for quality
control purposes to exclude PCR contamination and sample mix-up. The second task is
to create a list of the amino acid differences from a consensus reference sequence
(generally HXB2 reference sequence). Silent mutations (i.e., those which do not alter the
amino acid because of redundancy in the triplet nucleotide codes), have not been shown
to affect drug susceptibility. A single amino acid sequence alone may be inadequate,
because it is impossible to represent mixtures in a “one-dimensional” string of amino
acids.



Knowledge-base creation: this function also involves two tasks. The first is to
understand the genotype–phenotype correlations based on the laboratory and clinical
isolates. Machine-learning algorithms can be used, because they deal with homogeneous
and quantitative data. However, these algorithms cannot consider other forms of data,
such as associations between mutations and treatment history or clinical outcome. The
second task is to understand the genotype–clinical data correlations based on the
treatment history and clinical outcome. However, there is insufficient clinical outcome
data for most mutations. Therefore, machine-learning algorithms have not yet been
developed for data heterogeneity and diversity.



The application of algorithmic interpretation procedures: three types of algorithmic
rules can be used to perform this function: drug-based, mutation-based and patternbased. Drug-based rules examine resistance to a specific drug if the resulting mutations
or combinations of mutations are present. The advantage of this is that mutation
interactions can be taken into account. However, many rules that are based on different
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mutation patterns must be encoded to represent multiple patterns of mutations and
multiple levels of drug resistance. The mutation-based rules consider each mutation to
contribute to some degree of resistance to one or more drugs or a class of drugs. Thus,
drug resistance interpretations are derived by combining the contributions of individual
mutations. Although this approach is easy to develop and update, the interactions among
specific mutations may require the addition of drug-based rules. The machine-learning
rules include pattern matching, neural network and decision trees. This approach is
beneficial when the knowledge base consists of homogeneous data.


Data output: the tasks in this function consist of listing the levels of drug resistance and
the basis for those ascertainments and providing further comments and considerations.
Algorithmic rules may report different levels of resistance. For example, the CREST
algorithm reports three levels of drug resistance: resistant, possibly resistant and
sensitive. Comments may relate to the presence of atypical or abnormal findings,
including mutational interactions, and the degree of confidence of the interpretation.

3.3 Related drug-resistance databases
3.3.1 Stanford University HIV Drug Resistance Database (HIVdb)
The HIVdb is a public web-based interpreting system at Stanford University that stores
sequences of the PR and RT genes (http://hivdb.stanford.edu/). The web-based system
interprets the user-entered mutations to infer levels of resistance to the available drug
classes: NRTIs, NNRTIs and PIs. The database is designed to represent, store and analyse
the divergent forms of data underlying conclusions about HIV drug resistance. A data
model is used to extract valuable information and knowledge about drug resistance.
Remote users can retrieve sequence sets based on criteria such as previous drug treatment
and presence of specific mutations, and can retrieve in vitro drug susceptibility results on
isolates containing specific mutations [8, 12, 15].
As of November 2006, the database contained 26116 RT sequences and 26129 PR
sequences from about 18603 individuals. The HIVdb also contained about 650 references,
847870 mutations and 32155 phenotype results (13131 NRTI-, 6004 NNRTI- and 13020
PI-associated phenotype results). The web-based system involves two sequence analysis
programs: HIV-SEQ and the drug resistance interpretation program. The HIV-SEQ
program accepts user-submitted PR and RT sequences, compares them with a reference
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sequence, and uses the differences (mutations) as query parameters for interrogating the
sequence database. This program allows remote users to examine new sequences in the
context of previously published sequence data.
The drug-resistance interpretation program accepts user-submitted PR and RT
sequences and returns inferred levels of resistance to the US FDA-approved anti-HIV
drugs. Each drug resistance mutation is assigned a drug penalty score; the total score for a
drug is derived by adding the scores of each mutation associated with resistance to that
drug. Based on these scores, the program reports one of five levels of inferred drug
resistance: susceptible, potential low-level resistance, low-level resistance, intermediate
resistance, high-level resistance [8, 12, 15].

3.3.2 Arevir Database
This is a relational HIV database implemented in MySQL and Perl to provide a secure
platform to address the challenges of HIV data management and integration. The database
provides services for the analysis of the relationship between mutations in the HIV
genome and phenotypic drug resistance for anti-HIV therapy optimisation. The database
schema is grouped into different modules, each consisting of tables corresponding to
information on patients, therapies, sequences, isolates and specific predicted or measured
isolate properties. Machine-learning methods are applied to identify the determinants of
therapeutic failure and to predict effective drug combinations [27].
Registered remote users can perform queries or enter data directly through a web
interface to execute several scripts, including programs for sequence alignment. The
connection between remote clients and the server is established via an SSH-tunnelled
Virtual Network Computing (VNC). These functions allow treating physicians and
laboratory personnel access to an integrated view on data for an individual patient. Thus,
they can evaluate a genotypic resistance test result in the context of the patient’s medical
history and current immunologic status. As of 2005, the Arevir database comprised 5720
patients, 9685 therapies, 5065 DNA sequences, and 146 539 laboratory test results from
seven different institutions.

3.3.3 UK Drug Resistance Database
This database has been developed to support collaboration between laboratories
performing resistance testing in the UK, major clinical sites that perform tests, and
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academics with an interest in the area. The database is located at the Clinical Trials Unit
of the Medical Research Council (MRC); the UK Collaborative HIV Cohort (CHIC) study
provides

the

majority

of

the

clinical

data

on

HIV

within

the

database

(www.ctu.mrc.ac.uk/hivrdb/Database.asp).
Although drug resistance assays are genotypic in the UK, interpretation of the
genotypic sequences is conducted through Stanford University’ HIVdb. The functions of
the UK Drug Resistance Database are to describe the characteristics of individuals
currently under care in the UK, to describe changes in the spectrum of HIV disease and
survival over time, and to describe virological, immunological and clinical response to
treatment [225].

3.3.4 Los Alamos HIV Databases
The Los Alamos HIV Database contains four databases: HIV genetic sequences,
immunological epitopes, drug resistance-associated mutations, and vaccine trials database
[13]. These databases are accessible via online interface that provides a large number of
tools for data analysis (http://www.hiv.lanl.gov). The main project is funded by the
Division of AIDS of the National Institute of Allergy and Infectious Diseases (NIAID),
part of the US National Institutes of Health (NIH).
The HIV genetic sequences database provides complete and subtype reference
alignments for the nucleotide and amino acids of all HIV genes. The database provides the
alignment for the consensus and ancestral sequences for HIV-M group and subtypes. The
database involves a search interface program and tools for the analysis of sequences. The
search interface program enables the user to retrieve the HIV and SIV sequences on the
basis of many search criteria. These sequences can be aligned, clipped, or used to build
trees. This database provides access to the annual HIV Sequence Compendia [38].
The immunological epitopes database (known also as HIV Molecular Immunology
Database) is an annotated, searchable collection of HIV-1 cytotoxic and helper T-cell
epitopes and antibody binding sites. It is a companion volume to the Human Retroviruses
and AIDS Genetic Sequence Compendium [38]. The web interface for this relational
database has many search options and interactive tools to help immunologists design
reagents and interpret their results. The data included in this database is extracted from the
HIV immunology literature. HIV-specific B-cell and T-cell responses are summarised and
annotated. Immunological responses are divided into three sections: CTL (CD8+), T
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helper (CD4+), and antibody. The database includes human responses to natural HIV
infections and vaccine studies in a range of animal models and human trials.
The drug-resistance-associated mutations database is a compilation of mutations in
HIV genes that confer resistance to anti-HIV drugs. A user can perform a search by
completing a form that produces list of records of mutations matching the search
parameters. Alternatively, a user can browse the records in the database sorted by gene in
genomic order, and within each gene by amino acid position. This database includes a
program known as Antiviral Drug Resistance Analysis (ADRA), which enables a user to
analyse sequences for mutations known to confer drug resistance, and links them to the
database records.
The vaccine trials database is the fourth Los Alamos HIV Database and has been
developed as a tool for the compilation, search and comparison of published studies on
SIV, HIV and SHIV vaccine trials in nonhuman primates. The collection is based on using
a set of criteria to scan the “Pubmed database” for relevant studies.

3.4 HIV-1 Genotyping Database
3.4.1 Tests
Phenotypic and genotypic resistance assays are used in clinical practices to support the
selection of optimal ARV agents [8]. Assays for determining virological and
immunological responses are used to monitor the infection and disease progression [6,
45]. The main HIV related tests performed at the RPAH in the Clinical Immunology and
Molecular Biology Laboratory includes: HIV PCR, VL and leukocyte phenotype assays
where the CD4 T-cell counts are derived.



HIV PCR assay: Viral RNA in the plasma can be readily detected in HIV-positive
people using Polymerase Chain Reaction (PCR) amplification. PCR technology is
valuable for diagnosing HIV infection in the neonate, as the maternal antibody that has
crossed the placenta prevents accurate serological diagnosis in the months after birth.
This test is known as the “Antiretroviral Susceptibility HIV Genotype Test–plasma
RNA”
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HIV VL: Commercially produced assays using reverse transcription steps and
hybridisation of HIV-RNA are currently being used widely in Australia. Assays for VL
are currently used to support clinical trials of ARV agents and immunomodulatory
therapy. The commercial test used at RPAH to determine VL is known as the “HIV
Branched Chain DNA assay” and utilises the Bayer branched chain HIV viral load
assay.



Leukocyte Phenotype Assays: The laboratory conducts the T-cell phenotype requests
for the monitoring of the course of HIV infection. The principal analysis is the CD4 Tcell level, which is the most reliable prognostic indicator in HIV infection and AIDS.
Leukocyte phenotype assays are performed on state-of-the-art flow cytometry
equipment, supported by recently upgraded innovative software. This test is known as
the “CD4 T-cell assay”.

The results of these tests enabled the development of the HIV-1 Genotype Database,
which provides a basis for monitoring patients and making key treatment decisions,
enabling further HIV research and studies, managing genotypic and phenotypic data, and
performing computational analysis. The database design combines aspects of the clinical
and medical data of patients, biological and genomic data of the virus, and data on
therapeutic regimens. Manipulating these datasets improves the quality of the clinical
management of HIV/AIDS. A range of SQL statements (known as queries) was coded for
the manipulation of the database to extract certain subsets of data that are based on key
data fields and records.

3.4.2 Database model
The associations between results of the HIV genotypes, VL and CD4 T-cell count assays
are highly complex and require management and interpretation tools to support the
selection of CARTs and the control of the disease. The HIV-1 Genotyping Database
captures these datasets at multiple testing points and stores the data in appropriate tables.
Hospital scientists monitor and allocate data within these tables, perform analysis tasks
using Stanford University’s online system, and generate reports that can be used in
clinical decisions. Figure 3.2 illustrates the database model and data flow. The model
describes the data flow steps 1–10.
1. A patient attends an HIV clinic, either internal or external, for medical consultation.
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2. A clinician requests one or more of the three tests and sends a sample to the genotype
sequencing service provider (i.e., a virology lab).
3. A virologist at the laboratory uses a sequencing system, and flow cytometry and
quantitative VL kits to determine the nucleic acid sequence showing the genetic
changes, CD4 T-cell counts and VL.
4. The laboratory provides the hospital scientists with the Reports 1, 2 and 3—the raw
nucleic acid sequence data, the CD4 T-cell counts and the VL, respectively. In Report
1, the nucleic acid sequence is described in a format that enables the hospital scientists
to easily submit the sequence to an online interpretation system. For example, the
sequences can be sent as a text file that is readable by the Stanford University’s HIVdb
interpretation system. The CD4 and CD8 T-cell counts are mainly included in Report
2. The VL and the type of the specimen are included in Report 3.
5. The hospital scientists enter these raw datasets into the HIV-1 Genotyping Database.
The VL and CD4 values are stored in a “Patient” table and the raw sequences are
stored in files within folders—one folder for each sample.
6. The hospital scientists submit the raw nucleic acid sequence to the HIVdb at the
Stanford University via an online web interface.
7. The HIVdb system compares the amino acid sequence with a reference consensus or
wild-type sequence to derive a list of mutations associated with HIV drug resistance,
and uses an algorithm for interpretation.
8. The HIVdb system sends Report 4 to the hospital scientists. The report classifies drug
resistance into five levels: susceptible, potential low-level resistance, low-level
resistance, intermediate resistance, and high-level resistance. This report describes the
major and minor mutations associated with individual or classes of PIs, NRTIs and/or
NNRTIs. The report also describes the other mutations that have unknown impact on
drug resistance to these drug or drug classes. Comments on the PR and RT associated
mutations and on the related literature are included in this report. The report shows
what is known as “mutation scoring”, which describes the expected level of resistance
a mutation may confer.
9. To meet the Australian guidelines for genotypic data interpretation, the hospital
scientists reclassify the resistance levels given to the mutations into three levels, using
the CREST algorithm: resistant, possibly resistant and sensitive (described in Sections
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2.2 and 2.3). They store these mutations and the new resistance levels in the database
in a “CREST-Format” table, which is linked with the “Patient” table using the
patient’s identifier. The database enables the coding of SQL queries for the selection
of datasets of interest, using data fields and records.
10. The hospital scientists generate Report 5, known as the “Antiretroviral Susceptibility
HIV Genotype Test” and send it to the clinician. These reports are critical, because
clinicians use them for research purposes and therapeutic decision-making. Appendix
C illustrates an example these reports.

The HIV-1 Genotype Database is not yet integrated with any of the available HIV-related
databases. Therefore, the interpretation of drug susceptibility can only be conducted with
a manual intermediate step (i.e., through the manual submission of a sequence to an online
database such as Stanford). The reclassification of resistance levels (i.e., from HIVdb
format to CREST format) is also a manual process. However, an advantage of the data
model is its ability to report the mutations together with their biological and clinical
significance.
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Figure 3.2: HIV-1 Genotyping Database Model

Reports 1–5 are, respectively, nucleotide sequences, CD4 T-cell counts, VL,
mutations and drug susceptibility using HIVdb and mutations and drug
susceptibility according to the CREST algorithm. Appendix C shows real
samples of these reports.
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3.4.3 Database Dictionary
The HIV-1 Genotyping Database dictionary explains the tables, contents and variables of
the database. The dictionary contains an index and definitions of the database parameters,
and lists the fields that store the records attributes. Table 3.1 summarises the dictionary.
(Irrelevant variables, such as “printed” and “address”, have been omitted. The field names
are listed in the order they appear in the database tables.)

Table 3.1: HIV-1 Genotyping Database Dictionary
Field name
ID

Table name

Field description

Patient/CREST-

The unique laboratory identification

Format
MRN

Patient/ CREST-

for local and external patients
The clinic-based identification for

Format

local patients

RNA/DNA

Patient

Test type: proviral DNA/viral RNA

CD4 Count

Patient

The counts of CD4 T-cell per
microliter of a blood sample (i.e.,
counts/mm3)

Viral Load

Patient

The number of HIV plasma copies
per millilitre in a blood sample (i.e.,
copies/mL)

Other drugs
Any of (Abacavir,

Patient
CREST-Format

The ARV agents used by the patient
The primary mutation(s) and

Didanosine ddI, Lamivudine

mutational pattern(s) at the RT site

3TC, Stavudine d4T,

associated with resistance to the

Zalcitabine ddC, Zidovudine

individual NRTI agent

AZT, Tfvr) 1ary
Any of (Abacavir,

CREST-Format

The secondary mutation(s) and

Didanosine ddI, Lamivudine

mutational pattern(s) at the RT site

3TC, Stavudine d4T,

associated with resistance to the

Zalcitabine ddC, Zidovudine

individual NRTI agent
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AZT, Tfvr) 2ary
Any of (Abacavir,

CREST-Format

The status of resistance associated

Didanosine ddI, Lamivudine

with the individual NRTI that is

3TC, Stavudine d4T,

caused by the mutation listed in the

Zalcitabine ddC, Zidovudine

earlier fields

AZT, Tfvr) R or S
Any of (Delavirdine Del,

CREST-Format

The primary mutation(s) and

Efavirenz, Nevirapine Nev)

mutational pattern(s) at the RT site

1ary

associated with resistance to the
individual NNRTI agent

Any of (Delavirdine Del,

CREST-Format

The secondary mutation(s) and

Efavirenz, Nevirapine Nev)

mutational pattern(s) at the RT site

2ary

associated with resistance to the
individual NNRTI agent

Any of (Delavirdine Del,

CREST-Format

The status of resistance associated

Efavirenz, Nevirapine Nev)

with the individual NNRTI that is

R or S

caused by the mutation listed in the
earlier fields

Any of (Atanazavir,

CREST-Format

The primary mutation(s) and

Amprenavir, Indinavir Ind,

mutational pattern(s) at the PR site

Loprinavir, Nelfinavir Nel,

associated with resistance to the

Ritonavir Rit, Saquinavir

individual PI agent

Saq) 1ary
Any of (Atanazavir,

CREST-Format

The secondary mutation(s) and

Amprenavir, Indinavir Ind,

mutational pattern(s) at the PR site

Loprinavir, Nelfinavir Nel,

associated with resistance to the

Ritonavir Rit, Saquinavir

individual PI agent

Saq) 2ary
Any of (Atanazavir,

CREST-Format

The status of resistance associated

Amprenavir, Indinavir Ind,

with the individual PI that is caused

Loprinavir, Nelfinavir Nel,

by the mutation listed in the earlier
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Ritonavir Rit, Saquinavir

fields

Saq) R or S
T20 ‘GIV’

CREST-Format

The mutation(s) and mutational
pattern(s) associated with resistance
to the FI agent

T20 R or S

CREST-Format

The status of resistance associated
with the FI

Known PT

CREST-Format

The previously known mutations at
the site of PR gene (i.e., PR = PT)

Ins PT

CREST-Format

The additional insertion mutations at
the site of PR gene

Other PT

CREST-Format

The unknown previously mutations
at the site of PR gene

Other Ins PT

CREST-Format

The unknown additional insertion
mutations at the site of PR gene

Known RT

CREST-Format

The previously known mutations at
the site of RT gene

Ins RT

CREST-Format

The additional insertion mutations at
the site of RT gene

Other RT

CREST-Format

The unknown previously mutations
at the site of RT gene

Other Ins RT

CREST-Format

The unknown additional insertion
mutations at the site of RT gene

Known Env

CREST-Format

The previously known mutations at
the site of the envelope

Other Env

CREST-Format

The unknown previously mutations
at the site of the envelope
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3.4.4 Database Schema
The HIV-1 Genotyping Database Schema explains the outline and layout of the data. The
schema involves four tables from three different resources: Hospita_Patient_Profile,
External_Patient_Profile, and Patient_Profile and Results_CREST_Format tables from,
respectively, the hospital database, external clinic database and the Molecular Biology
Lab database. Figure 3.3 describes the schema. (Only a sample of the variables is included
in the Figure. An identifier “ID” has been used in each table and another identifier
“MRN” has been used for local patients only.)

HIV Clinic

Hospital Database
Int_Patient_Tabl
e
ID (PK )
Xxx xxx
Xxx xxx

Ex_Patient_Tabl
e
ID (PK)
Yyy yyy
Yyy yyy

HIV-1 Genotype Database
CREST_Format_Table
ID (PK 1)
MRN (PK 2)
ABC_1ary
ddI_1ary
3TC_1ary
Zzz zzz
Zzz zzz

Patient_Table
ID (PK 1)
MRN (PK 2)
CD4_count
Viral_Load
Drug
Zzz zzz
Zzz zzz

Figure 3.3: HIV-1 Genotyping Database Schema
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4
Immunological and
virological responses
in the evolution of
resistance
This chapter encompasses aspects of the analysis of the relationship between changes in
CD4 T-cell count, HIV viral load and the evolutionary patterns of antiretroviral
resistance mutations of circulating HIV in patients with persistent viraemia despite
treatment. I have examined the dynamic changes in the immunological and virological
responses to evolutionary resistance mutations to determine the predictors of evolution in
the circulating virus over a prolonged period. The study analysed blood samples from 29
HIV-infected Australian patients at RPAH who had at least four longitudinal blood
samples analysed for the presence of genotypically resistant HIV virus. A variety of
statistical methods were used for the analysis of changes in CD4 T-cell counts and viral
load, and for the analysis of changes in frequencies of mutations at varying sample points
and during different time intervals within 88 months of the study period.
Section 4.1 is an introduction to the immunological and virological responses to
the evolution of resistance. Section 4.2 concerns the classification of evolutionary
resistance and of immunological and virological responses. Section 4.3 presents details
of the experimental materials and methods of data analysis. Section 4.4 describes the
results. Section 4.5 discusses the results.
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4.1 Introduction
The cornerstone of current therapeutic strategies for HIV management is the initiation of
antiretroviral (ARV) agents to limit the replication rate of HIV in patients with
significant

immunosuppression

Recommendations

advise

(CD4

considering

T-cell

counts

treatment

of
in

<

350

patients

cells/mm³).
with

mild

immunosuppression (350–499 cells/mm³) [45, 240, 241]. However, the use of
combination antiretroviral therapy (CART) may have undesirable consequences; this
includes the development of resisant mutations [242-246], serious toxicity [247],
inflammation at sites of pre-existing HIV-related opportunistic infections [248, 249], and
complex pharmacokinetic interactions [250]. The most serious of these consequences is
potentially the development of a drug-resistant phenotype resulting from the occurrence
of isolated primary or secondary mutations at the sites of protease (PR) and/or reverse
transcriptase (RT) genes.
The appearance of single primary or secondary mutations at the PR or RT sites is
insufficient to confer a maximal resistance phenotype; therefore, patterns of multiple
mutations develop and change, reflecting the evolution of resistance (EoR), inducing
higher levels of resistance [251-254]. Resistance emergence (RE) is typically followed by
EoR associated with one or more ARV agents [19, 238, 255, 256]. While HIV undergoes
this evolutionary process, the virological and immunological markers (i.e, CD4 T-cell
count and viral load (VL)) enter a prolonged and clinically asymptomatic period, with a
range of one to about twenty years [3, 21, 22]. The associations between these three
elements (evolution and immunological and virological responses) are complex and
seemingly erratic. Therefore, there is a need to track the changes and determine the basis
of differences in immunological and virological responses, taking into account the
absence and occurrence of mutations leading to EoR.
Previous studies examined the immunological and virological responses associated
with ARV regimens in evaluating the clinical outcomes of combined antiretroviral therapy
(CART) and the prediction of HIV progression [257-263]. A number of studies have
investigated the immunological or virological responses associated with the EoR in
patients undergoing antiretroviral regimens that include a number of drug classes [242,
245, 264-268]. A view is emerging that assessing the dynamics of changes in frequencies
of mutations, and the immunological and virological responses in association with EoR,
has the potential to improve HIV treatment strategies [82, 269, 270].

Chapter 4: Immunological and virological responses in the evolution of resistance
Here, we analyse the changes in CD4 T-cell counts and VL in association with the
EoR mutations that are altering the level of resistance to ARV agents in circulating strains
in a patient cohort in Sydney. These changes may predict the EoR of HIV drug-resistance
strains. Before the analysis, a system for classification of EoR types and immunological
and virological responses is presented. There is no currently accepted consensus view
regarding either classification of incomplete virological responses or for classifying
immunological responses.

4.2 Classification of resistance and immunological and
virological responses
4.2.1 Resistance classification
Mutations with the potential to result in clinically significant drug resistance may occur
prior to exposure to the relevant drug, however, they become more important when drug
exposure provides an environment of selective pressure favouring their preservation and
favouring evolution of further mutations. A patient’s immune system and the treatment
regimen limit the level of resistance, irrespective of the infection type (i.e., wild-/nonwildtype). In response to these pressures, HIV mutants constantly replicate and produce new
viral populations. This process is prone to genetic errors and mutations through processes
such as substitution, duplication, insertion and recombination [3, 69, 271, 272].
In this evolutionary context, there are two common expectations. First, the CD4 Tcell counts in individuals with new mutational patterns differ from the counts in those
without mutational changes. Second, CD4 T-cell counts at the early stages of the infection
in individuals with or without new mutational alterations differ from the counts in the
same individuals at later stages. Thus, the classification of a population into two groups is
important in this analysis. Figure 4.1 shows the classes of EoR that this analysis taken into
account. Factors used to classify these evolutionary mutations were the type and site of the
mutation, and the drug class associated with the resistance conferred by the mutation.
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Figure 4.1: The classes of EoR associated with either NRTIs, NNRTIs or PIs.
Two types of resistance occur at both sites: evolutionary resistance and nonevolutionary resistance. Three classes of EoR are associated with three drug
classes. Two types of EoR are associated with each drug class. When applicable,
the immunological and virological parameters in subgroups of patients are
analysed for the occurrence of each type of these EoR classes. Of these classes,
we detected the primary-EoR-NRTIs, secondary-EoR-NRTIs and primary-EoRPIs, while the secondary-EoR-PIs, primary-EoR-NNRTIs and secondary-EoRNNRTIs were absent.
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Here, the population is initially classified into two subgroups, irrespective of their
genotypes: with and without EoR. Genotyping RT and PR genes involves the reporting of
the numbers, types and patterns of mutations associated with resistance levels [8].
Comparing the results obtained by sequential genotypic tests helps to classify an
individual into either “with EoR” (when there is a difference in the values of subsequent
genotypic samples) or “without EoR”. The site of a mutation and its association with
resistance to a drug or drug class determines the type of EoR; here, there are three relevant
drug classes: nucleoside reverse transcriptase inhibitors (NRTIs), non-nucleoside reverse
transcriptase inhibitors (NNRTIs), and protease inhibitor (PIs). A primary mutation is
associated with primary EoR, and a secondary mutation is associated with secondary EoR.

4.2.2 Immunological and virological responses classification
During the evolutionary process of HIV, the viral quasispecies accumulate to reach a high
level in the blood of the infected individual. As a result of the response of the immune
system, and possibly of CART, this level falls to a point where the infection stabilises for
a prolonged, clinically asymptomatic period from one to about 20 years. For example, the
level of CD4 T-cells—a key element of the immune system, fluctuates gradually from
about 600 or above to 800/mm3, and then declines to very low levels, typically below 50
cell/mm3, while VL increases from its post infection nadir to later rise sharply with
progression to AIDS [3, 21, 22].
The classification of clinical stages and AIDS-defining criteria of the World
Health Organization (WHO) provides a clinical and immunological framework for
classifying infected individuals based on the degree of immunocompromise and
prognosis.

CD4
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counts

are

useful

for

determining

the

degree

of

immunocompromise. Therefore, they are typically used to guide, support and reinforce
clinical decision-making, particularly during the later stages of the infection. Table 4.1
presents CD4 T-cell counts in relation to the severity of immunosuppression [45].
Having at hand the results of CD4 T-cell counts, a clinician may decide to start,
switch or stop a treatment regimen, although clinicians vary in their perceptions of the
significance of change in this measure [45]. CD4 T-cell counts fluctuate over time in the
same patient; thus, regular measurements are recommended. In contrast with these
measures, VL has no agreed clinical staging or classification system. A number of studies
have considered VL as a predictive parameter for infection progression when more than
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1000 copies/mL [273], 7000 copies/mL [274], or 20000 copies/mL [251]. The largest
study is the basis for our classification here with thresholds set at 7000 copies/mL [274].

Table 4.1: CD4 T-cell counts and severity of immunosuppression
Immunosuppression

Stage

CD4 levels

Not significant immunosuppression

A

> 500/mm³

Mild immunosuppression

B

350− 499/mm³

Advanced immunosuppression

C

200−349/mm³

Severe immunosuppression

D

< 200/mm³

4.2.3 Tracking trends of CD4 T-cell counts and VL associated
with EoR
To track trends of the immunological and virological markers during infection
progression, changes in CD4 T-cell counts and VL in patients with and without EoR
should be compared during different time intervals during the course of infection. In
addition, the counts of CD4 T-cell and levels of VL in patients with EoR should be
compared at certain time points with the corresponding values in patients without EoR.
This can be applied to different types of EoR associated with ARV agents. Figure 4.2
shows the process of tracking these trends associated with NRTIs and PIs drug classes. A
normalisation technique is generally recommended to minimise statistical errors in
untimed and uneven measurements, and that approach has been adopted in assessing
immunological and virological parameters in this study.
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Figure 4.2A: Tracking the trends of CD4 T-cell counts in patients with and
without EoR associated with the NRTI class of drugs.
Ni(CD4) and N″i(CD4) are, respectively, the normalised CD4 T-cell counts of
patients with and without EoR at series of time points Ti. ∆Ti is the time interval
between the time points Ti and Ti+1. A statistical test can be used to calculate the Pvalue of the significance of these changes in Ni(CD4) and N″i(CD4) over time
intervals ∆Ti, and the significance of these differences at time points Ti. This
illustration applies to the primary and secondary EoRs associated with NRTIs. The
illustration also applies to the normalised VL for the tracking of changes and
differences in virological response. Here, the following values can be calculated:


∆iCD4 (EoR-NRTIs) = Ni(CD4) – Ni+1(CD4), the change in CD4 T-cell

counts during ∆Ti in patients with EoR associated with NRTIs.


∆iCD4 (~EoR-NRTIs) = N″i(CD4) – N″i+1(CD4), the change in CD4 T-cell

counts during ∆Ti in patients without EoR associated with NRTIs.


∆iCD4 (~EoRvEoR-NRTIs) = Ni(CD4) – N″i(CD4), the difference between

CD4 T-cell counts in patients with and without EoR associated with NRTIs at
T i.
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Figure 4.2B: Tracking the trends of VL in patients with and without EoR
associated with the PI class of drugs. Ni(VL) and N″i(VL) are, respectively, the
normalised VLs of patients with and without EoR at Ti. A statistical test can be
used to calculate the P-value of significance of changes in Ni(VL) and N″i(VL)
over ∆Ti and the significance of these differences between Ni(VL) and N″i(VL) at
Ti. This illustration applies to the primary and secondary EoRs associated with
PIs. The illustration also applies to the normalised CD4 T-cell counts, for the
tracking of changes and differences in immunological response. Here, the
following values can be calculated:


∆iVL (EoR-PIs) = Ni(VL) – Ni+1(VL), the change in VL during time

interval ∆Ti in patients with EoR associated with PIs.


∆iVL (~EoR-PIs) = N″i(VL) – N″i+1(VL), the change in VL during time

interval ∆Ti in patients without EoR associated with PIs.


∆iVL (~EoRvEoR-PIs) = Ni(VL) – N″i(VL), the difference between VL

in patients with and without EoR associated with PIs at Ti.
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4.3 Experimental materials and methods
4.3.1 Study population: sampling and baseline
The study was conducted using data from 29 patients registered at Royal Prince Alfred
Hospital (RPAH) in Sydney, Australia. From the database of 1585 subjects, I selected
those with three or more gene sequences within a designated period between February
1998 and June 2005 (88 months) and for whom there were CD4 T-cell counts, VL, a
history of antiretroviral treatment, and amino acid sequences of HIV PR and RT genes at
recognised mutation sites. Of the 29 patients, 23 had four or five sequential samples in the
88 months, while the remaining six patients had six samples each during the same period.
Patients with five or six samples were censored at the first four samples. Serial HIV
resistance genotyping sampling episodes were thus identified as samples 1–4 for each
patient for whom RT and PR genes were sequenced and CD4 T-cell counts and VL data
were acquired.
Antiretroviral drugs being taken at study entry (sample #1) were defined as the
Baseline Treatment (BT) regimen and included NRTIs, PIs, but no fusion inhibitors or
unlicensed agents. During the study period, none of the 29 patients received NNRTIs,
although they had been extensively pretreated with these agents. Frequencies of
mutations, CD4 T-cell counts and VL at sampling points were calculated and all data
stored in a Microsoft Access 2003 Database in a patient identity-delinked format that
allowed linkage to clinical data fields recording age, antiviral regimen history and
treatment duration.

4.3.2 Mutation genotyping and interpretation
PR and RT sequences were genotyped using the reverse transcription-polymerase chain
reaction (RT-PCR) technique [275]. Subsequently, PR and RT sequences were analysed
using SeqScape Version 2.1.1 (Applied Biosystems) sequencing application for the
identification of primary and secondary mutations. Mutation interpretation was conducted
using Stanford University’s online HIV Database (HIVdb) and rule-based algorithmic
interpretation system that classifies resistance into five levels (susceptible, potential lowlevel, low-level, intermediate and high-level) [8].
To satisfy the guidelines for interpreting HIV testing results issued by the National
Serology Reference Laboratory, Australia (NRL), these interpretations are reclassified
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into three levels (resistant, possibly resistant and sensitive) using the freely available
algorithm for interpretation of antiretroviral susceptibility developed for an Australian
research study “Can resistance enhance selection of herapy”

(CREST)

[19, 131].

According to CREST, single or composite mutations at the RT site were defined as
primary on the basis of conferring clinically significant “resistance” to any of the NRTIs
or NNRTIs; otherwise, mutations were defined as secondary if they conferred “possible
resistance” status dependent on the presence of other mutations. Similarly, “resistance” to
any of PIs was defined as secondary if they confer “possible resistance”. On the other
hand, if a mutation was not recorded as one of these types, resistance status was recorded
as “sensitive”.
Analysing for all resistance-associated mutations allowed EoR at any sample timepoint to be designated when the amino acid sequence revealed lability in resistance
mutation site sequence compared with the patterns appearing in the previous sample. Viral
sequences with more than six resistance-site mutations in a gene were censored at six
mutations.

4.3.3 Immunological and virological parameters
The immunosuppression level of each patient was categorised into four levels (A, B, C
and D) according to the WHO 2005 classification system (Table 4.1) [45]. HIV viraemia
was categorised according to plasma HIV-VL, measured in viral RNA copies/ml using a
threshold of 7000 RNA copies/ml for categorical analysis (Section 4.2.2).
Positive immunological response (PIR) was defined by an increase of more than
50 CD4 T-cells/mm³ during any period of 12 months or more. Patients who did not show
a PIR were designated as having a non-responding immunological response (NIR).
Similarly, positive virological response (PVR) was defined by a decrease of more than 1
log10 copies/ml in VL during a period of 12 months or more, with those not showing such
a decrease being categorised as having a non-responding virological response (NVR)
[240, 243, 276]. For the data analysis and consistency, CD4 T-cell counts of > 2000
cells/mm³ were assigned the value 2000 cells/mm³, CD4 T-cell counts of < 40 cells/mm³
were assigned the value 40 cells/mm³, and undetectable VL (< 50 copies/ml) results were
assigned the value 50 copies/ml and VL > 5 × 105 copies/ml were assigned a value of 5 ×
105 copies/ml.
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4.3.4 Data analysis and computations
Genetic mutations conferring resistance associated with PIs, NRTIs or NNRTIs were
listed according to the codon nomenclature based on clade B virus for PR and RT genes.
Frequencies of drug resistance mutations and evolutionary patterns of primary and
secondary mutations were stored in a Microsoft Office Access 2003 database.
A parametric t-test was used to measure the differences between the mean values
of CD4 T-cell counts for the patients grouped according to the presence or absence of EoR
for the RT and PR genes at 0, 36 and 88 months. A nonparametric Fisher’s Exact Test was
used to measure the changes in the frequencies of mutations at different time-points. The
Pearson product moment correlation coefficient (PMCC) was used to estimate the level of
association relating the parameters according to the presence or absence of EoR.
Frequencies of mutations at PR and RT sites associated with antiretroviral drug classes at
the first, second, third and fourth time-points were illustrated using stacked column
diagrams (Figure 4.3). SPSS 12.0.0 for Windows (SPPS Inc., Chicago) was used to
perform all calculations, curve fitting and the prepartion of figures.

4.3.5 LOESS Normalisation curves
Normalisation techniques were used to minimise statistical errors in repeated measured
data. Data quality and analysis of data trends was optimised using smoothing scatter plots
with the “LOcally wEighted Scatter-plot Smoothing” (LOESS) probability density
function, a standard nonparametric and nonlinear normalisation technique. The probability
density function is a stochastic kernel function that works well for most stochastic data,
such as the datasets of this study.
LOESS smoothing curves fitting 99% of the data points were used to determine
changes in CD4 T-cell counts and VL in the EoR subgroups, and in the non-EoR
subgroups over 88 months [277, 278]. These data points also were used to determine the
differences between CD4 T-cell counts and VL in theose patients with EoR and in those
without EoR. The curves represent the best fit of data trends over the time interval
displayed. We identified a time-point at which there was considerable change in the trend
of immunological and/or virological parameters. This point, which we empirically found
to be 36 months after the initial samples, served to define time intervals for our
subsequent analyses.
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4.4 Experimental results
4.4.1 Population and treatment baselines
In the first sample, the mean value of whole-blood CD4 T-cell counts was 275 cells/mm³
(range 40–670 cells/mm³), and of plasma HIV-VL was 4.85 log10 copies/ml (range 1.69–
5.65 log10 copies/ml). Of the study population, only one patient was in stage A, with a
mean CD4 count of 670 cells/mm³ and VL of < 50 copies/ml (scored with 1.7 log10
copies/ml), nine patients were in stage B, with CD4 count of 422 cells/mm³ (range 360–
490 cells/mm³) and VL of 4.12 log10 copies/ml (range 1.69-5.53 log10 copies/ml), 10
patients were in stage C, with CD4 count of 252 cells/mm³ (range 200–310 cells/mm³) and
mean VL of 4.91 log10 copies/ml (range 2.69–5.31 log10 copies/ml), while the remaining
nine patients were in stage D, with CD4 counts of 110 cells/mm³ (range 40–160
cells/mm³) and VL of 5.1 log10 copies/ml (range 2.61–5.65 log10 copies/ml). The mean
age of patients was 49 years (range 34–67 years).
The mean duration of interval between samples was 12 months (range 4–24
months) for the first stage (the time between the first and second samples), 12 months
(range 3–24 months) for the second stage (between the second and third samples), and 15
months (range 3–26 months) for the final stage (between the third and fourth samples).
ARVs were taken by patients only during the first stage. Of the 29 patients, all 12 (41.5%)
patients who received only PI received just one of the PIs, two (7.0%) patients received
only one of the NRTIs, three (10.0%) received one of the PIs combined with one or two of
the NRTIs, and the remaining 12 (41.5%) received none of the ARVs during the study
period. The most commonly used PIs were Indinavir (Ind); Zidovudine (AZT) was the
most commonly used from the NRTI drug class.

4.4.2 Evolutionary mutational patterns associated with ARV
Among the 29 patients, 3, 7 and 15 patients were classified as “with primary-EoR-NRTIs”
because they either lost or gained primary mutations associated with NRTIs at samples 2,
3 and 4, respectively. Two, seven and 14 patients were classified as “with secondary-EoRNRTIs” because they either lost or gained secondary mutations associated with NRTIs at
samples 2, 3 and 4, respectively. Similarly, 0, 5 and 8 patients were classified as “With
EoR-PIs” because of either they lost or gained primary mutations associated with PIs at
the samples 2, 3 and 4, respectively. However, only 0, 0 and 1 patients had either one or
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two secondary mutations associated with PIs at these sample points. These frequencies
showed a significant association between numbers of patients with EoR caused by
primary mutations associated with NRTIs, and numbers of patients with EoR caused by
secondary mutations associated with NRTIs at samples 1, 2, 3 and 4 (Pearson’s
Correlation, r = 0.997). However, this association was weaker for patients with EoR
caused by primary mutations associated with PIs and for patients with EoR caused by
secondary mutations associated with PIs at the samples 1, 2, 3 and 4 (r = 0.802).
The most frequent mutations associated with NRTIs were at positions (i.e., codon)
41, 44, 67, 70, 118, 184, 210 and 215, while mutations at positions 98, 103, 108, 181 and
190 were the most frequent mutations associated with NNRTIs. At the PR site, mutations
at positions 46, 82, 84 and 90 were the most frequent mutations associated with PIs. Table
4.2 lists all mutations at the PR and RT codons and the prevalence distribution of patients
who displayed these mutations at any sample point. In particular, patients who received
PIs during the monitoring period displayed only one evolutionary mutation, patients who
took one NRTIs showed no mutations, those having one PI combined with one or two
NRTIs gained up to six mutations at the RT site only, while patients who received no
ARVs during the study period displayed from one to nine evolutionary mutation changes
spread broadly across the target gene RT and PR sequences.
The mean numbers of primary mutations in patients with EoR associated with
NRTIs were 1, 3.6 and 4.3 mutations at the samples 2, 3 and 4, respectively; the mean
numbers of secondary mutations in patients with EoR associated with the same drug class
were 1.5, 3.7 and 2.9 mutations at the corresponding time points. For the PIs, the mean
numbers of primary mutations in patients with EoR associated with PIs were 0, 2 and 3.75
mutations at the samples 2, 3 and 4, respectively, while none of the secondary mutations
at the PR site was associated with EoR for any of PIs drug class in any of the patients.
These data showed a significant association between frequencies of evolutionary primary
mutations and frequencies of evolutionary secondary mutations at the RT gene at the
samples 2, 3 and 4 (r = 0.8418). However, there was no association between frequencies
of evolutionary primary mutations and frequencies of evolutionary secondary mutations at
the PR gene at the samples 2, 3 and 4. Figure 4.3 illustrates the frequencies of these
mutations at samples 1, 2, 3 and 4.
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Table 4.2: Frequencies of mutations associated with PIs, NRTIs and NNRTIs
Range of frequency
Drug class

PIs

NRTIs

NNRTIs

Consensus Codon

Mutation

(samples 1–4)

M

46

I

0–28%

V

82

F/A

3–17%

I

84

V

0–14%

L

90

M

3–31%

M

41

L

3–52%

E

44

D/A

0–17%

D

67

N/D

0–35%

T

69

A/D/G

0–7%

K

70

R

3–21%

V

75

M

0–3%

V

118

I

0–24%

M

184

V/L/I

3–31%

L

210

W

0–21%

T

215

Y/F/N/S/I/C

7–52%

K

219

Q

0–10%

A

98

G

0–7%

K

103

I/N/S

7–20%

V

108

I

0–3%

Y

181

C

0–34%

G

190

A/S

0–17%
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4.3A
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Mutations Conferring Resistance to NRTI at the
RT Domain
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Figure 4.3A: The prevalence of drug resistance dominant mutations associated with
conferring EoR to NRTIs at the testing endpoints: sample 1 (black), sample 2 (white),
sample 3 (spheres) and sample 4 (solid diamonds); Table 4.2 shows more details for
patterns of these mutations. Mutations at the 41 and 215 codons display the highest
prevalence of occurrence, and mutations at the 69 and 75 codons display the lowest
prevalence of occurrence. The prevalence of mutations increases moving through
sample 1, 2, 3 to sample 4.
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4.3B
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Figure 4.3B: The prevalence of drug resistance dominant mutations associated with
conferring EoR to NNRTIs at the testing endpoints: sample 1 (black), sample 2
(white), sample 3 (spheres) and sample 4 (solid diamonds); Table 4.2 shows more
details for patterns of these mutations.
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Figure 4.3C: The prevalence of drug-resistance dominant mutations associated with
conferring EoR to PIs at the testing endpoints: sample 1 (black), sample 2 (white),
sample 3 (spheres) and sample 4 (solid diamonds); Table 4.2 shows more details for
patterns of these mutations.
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4.4.3 Immunological changes associated with EoR
Over the whole study population, there was no significant change in mean CD4 T-cell
count during the first 36 months (P = 0.7377, t-Test with CI = 95%) or the last 52 months
of the study (P = 0.6310, t-test with CI = 95%). However, when subjects were
subgrouped, both those with and without EoR showed clear trends (Figure 4.4). Table 4.3
demonstrates that in those who ultimately went on to develop EoR associated with NRTIs
and PIs, there was a significant difference in the mean CD4 T-cell count at the first
sample, as well as at 36 and 88 month time-points. It also shows the pattern of changes
over the time periods 0–36 and 36–88 months.
The analysis reveals that in patients with primary or secondary EoR associated
with NRTIs, there was a significant decrease in mean value of CD4 T-cell counts during
the first 36 months (–194 cells/mm³, P = 0.0466, t-test), whereas there was no significant
change in mean value of CD4 T-cell counts during the last 52 months (–10 cells/mm³, P =
0.8464, t-test). On the other hand, in patients without primary or secondary EoR
associated with NRTIs, there was no significant change in mean value of CD4 T-cell
counts during the first 36 months (–12 cells/mm³, P = 0.8371, t-test), however there was a
highly significant increase in mean value of CD4 T-cell counts during the last 52 months
of the study (+242 cells/mm³, P = 0.0077) (Figures 4.4A and B).
In patients with primary EoR associated with PIs, there was no significant
decrease in mean value of CD4 T-cell counts during the first 36 months (–30 cells/mm³, P
= 0.6187, t-test), while there was a significant decrease in mean value of CD4 T-cell
counts during the last 52 months of the study (–155 cells/mm³, P = 0.0348, t-test). Of
note, in the patients without primary EoR associated with PIs, there was no significant
decrease in mean value of CD4 T-cell counts during the first 36 months (–19 cells/mm³, P
= 0.6647, t-test), and indeed there was a significant increase in mean value of CD4 T-cell
counts during the last 52 months (+145 cells/mm³, P = 0.0493, t-test) Figure 4.4C.
The levels of CD4 T-cells in those with EoR-NRTI compared to patients without
EoR-NRTI differed significantly at the first treatment, 36 months and 88 months (P =
0.0497, 0.0009 and 0.0001, respectively). Notably, these differences increased with time
during the 88 months of the study period (106, 188 and 440 cells/mm³, respectively). On
the other hand, the mean CD4 T-cell counts for the patients with and without EoR-PIs
were not significantly different at the first sample or 36 months (P = 0.5839, 0.4801
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respectively, t-test), and were only significantly different at 88 months (P = 0.0026) with
differences of 31, 40 and 340 cells/mm³ at the first treatment, 36 months and 88 months,
respectively (Figure 4.4).

CD4 Correlated with the Evolution of Primary
Resistance to the NRTIs
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Figure 4.4A: LOESS curves of the immunological responses correlated with
EoR associated with primary-NRTIs mutations. In patients with primary
mutations conferring EoR at the RT site there was a significant decrease in
mean CD4 cell count during the first 36 months (-194 cells/mm3, P =
0.0466) but no significant change in CD4 count in the last 52 months (-10
cells/mm³, P = 0.8464). Of the patients without primary-EoR at the RT site,
there was no significant change in mean CD4 count during the first 36
months (-12 cells/mm3, P = 0.8371), however, a significant increase in mean
CD4 cell count occurred in the last 52 months (+242 cells/mm³, P =
0.0077).
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Figure 4.4B: LOESS curves of the immunological responses correlated with
EoR associated with secondary-NRTIs mutations. The associations between
the changes in the mean CD4 T-cell counts of the patients with secondary
mutations and the secondary-EoR at the RT site are similar to those
associations between the changes in the CD4 T-cell counts of patients with
primary mutations and the primary-EoR at the RT site. This is also applied in
case of patients without secondary mutations and in patients without primary
mutations (Figure 4.4A).
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CD4 Correlated with the Evolution of Primary
Resistance to the PRIs
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Figure 4.4C: LOESS curves of the immunological responses correlated
with EoR associated with primary-PIs mutations. In patients with EoR at
the PR site, there was no significant change in mean CD4 cell count
during the first 36 months (-30 cells/mm3, P = 0.6187) but a significant
decrease (-155 cells/mm³, P = 0.0348) in the last 52 months. In patients
without EoR at the PR site there was no significant change in mean CD4
count during the first 36 months (-19 cells/mm3, P = 0.6647) and there was
a significant increase in the last 52 months (+145 cells/mm³, P = 0.0348).
These results are unlike those in patients with secondary mutations in the
PR gene site.
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Table 4.3: The mean values of CD4 T-cell counts
CD4 (cells/mm³) means at

P-values for the

time points 0, 36 and 88

significance of

months

changes in mean
values of CD4
during two time
periods

0

36

88

0–36

36–88

months

months

months

months

months

whole subject group

277

224

340

–

–

without EoR-NRTIs

330

318

560

0.8371

0.0077

with EoR-NRTIs

224

130

120

0.0466

0.8464

0.0497

0.0009

0.0001

Whole subject group

276

250

245

–

–

without EoR-PIs

291

270

415

0.6647

0.0493

with EoR-PIs

260

230

75

0.6187

0.0348

0.5839

0.4801

0.0026

Significance of differences
in mean values of CD4 at
time points (with vs.
without EoR)

P-values for the
significance of differences
in mean values of CD4 at
time points (with vs.
without EoR)
These changes are identified by comparing the normalised values of CD4 T-cell counts
during time intervals in the same group of patients, while these differences are identified
by comparing the normalised values of CD4 T-cell counts at time points in the patients
with EoR versus the counts in the patients without EoR. The mean values of CD4 T-cell
counts were inferred from the LOESS curve best fit the values for 0, 36 and 88 months.
This applies to the mean values of VL.
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4.4.4 Virological changes associated with EoR
In the whole-study population analysis, there was no significant change in mean VL
levels, either during the first 36 months (P = 0.9735, t-test with CI = 95%), or during the
last 52 months of the study (P = 0.8259). However, there was a distinct change of VL in
patients without EoR-NRTIs during the last 52 months of the study (Figure 4.5). Table
4.4 shows the mean values of VL in patients with/without EoR associated with NRTIs
and PIs at the first sample, 36 and 88 months. The Table 4.4 also shows the P-values,
using the t-test for the significance of differences between the mean values of VL for the
patients with and without EoR at the three time points, and for the significance of changes
over the two time periods 0–36 and 36–88 months. From this, it can be seen that during
the first 36 months, there were no significant changes in VL levels in patients with EoRNRTIs (+0.15 log10 copies/ml), without EoR-NRTIs (+0.10 log10 copies/ml), with EoRPIs (+0.15 log10 copies/ml), or without EoR-PIs (+0.08 log10 copies/ml) (P = 0.7104,
0.7958, 0.6375 and 0.7302).
Similarly, during the last 52 months, there was no significant change in mean
value of VL levels in patients with EoR-NRTIs (–0.33 log10 copies/ml), with EoR-PIs
(+0.10 log10 copies/ml), or without EoR-PIs (–0.65 log10 copies/ml) (P = 0.4386, 0.7142
and 0.1855). On the other hand, there was a significant decrease in mean value of VL
levels in the patients without EoR-NRTIs during the last 52 months of the study (–1.33
log10 copies/ml, P = 0.0477).
Comparing mean values of VL levels for the patients with EoR and patients
without EoR associated with NRTIs, the differences were not significant at the first
treatment and at 36 months (P = 0.0525 and 0.0696), while this difference was significant
at 88 months (0.0093) (Figure 4.5A). In particular, these differences were not increasing
with time during the first 36 months (0.75 and 0.80 log10 copies/ml at the first treatment
and 36 months), but did increase with time during the last 52 months of the study period
(VL difference 0.80 and 1.80 log10 copies/ml at the 36 months and 88 months). Similarly,
the mean values of VL levels for patients with EoR-PIs and patients without EoR-PIs
were not significantly different at the first treatment and 36 months (P = 0.0572 and
0.0601), but differed significantly at 88 months (P = 0. 0120) (Figure 4.5B). Whereas the
differences in the means did not increase with time during the first 36 months, 0.78 to
0.85 log10 copies/ml at the first treatment and 36 months, they did increase during the last
52 months rising to 1.60 log10 copies/ml at 88 months.
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Figure 4.5A: LOESS curves of the virological responses correlated with EoR
associated with NRTIs associated mutations. There were no significant changes
in mean value of VL levels in patients with EoR or in patients without EoR for
the RT gene associated with any antiretroviral drugs during the first 36 months
time intervals (+0.10 to + 0.15 log10 copies/ml, P = 0.7104 to 0.7958). While
there were no significant changes in mean value of VL in patients without EoR
for the RT gene associated with NRTIs drugs during the last 52 months time
interval, there was a significant change in the mean value of VL levels in
patients without EoR for the RT gene during the same period of time (-0.33 v. 1.33 log10 copies/ml, P = 0.4386 v. 0.0.0477). During the first 36 months of the
study period, the mean values of VL in patients with EoR at the RT site are
insignificantly higher than those values in patients without EoR (+0.75 and
+0.80 log10 copies/ml, P = 0.0525 to 0.0696), while at the end of the study,
there was a significant difference in these values (1.80 log10 copies/ml, P =
0.0093)
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Figure 4.5B: LOESS curves of the virological responses correlated with
EoR associated with PIs associated mutations. There were no significant
changes in mean value of VL levels in patients with EoR for PR genes
associated with any antiretroviral drugs or in patients without EoR during
any time interval (-0.65 to + 0.15 log10 copies/ml, P = 0.1855 to 0.6375).
During the first 36 months of the study period, the mean values of VL in
patients with EoR at the PR site were insignificantly higher than those
values in patients without EoR (+78 and 0.85 log10 copies/ml, P = 0.0572 to
0.0601), while at the end of the study, there was a significant difference in
these values (1.60 log10 copies/ml, P = 0.0120).
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Table 4.4: The mean values of VL
VL (log10 copies/ml) means

P-values for the

at time points 0, 36 and 88

significance of changes

months

in mean values of VL
during two time
periods

0

36

88

0–36 months

36–88

months

months

months

whole population

4.23

4.35

3.52

–

–

without EoR-NRTIs

3.85

3.95

2.62

0.7958

0.0477

with EoR-NRTIs

4.60

4.75

4.42

0.7104

0.4386

0.0525

0.0696

0.0093

whole population

4.21

4.33

4.05

–

–

without EoR-PIs

3.82

3.90

3.25

0.7302

0.1855

with EoR-PIs

4.60

4.75

4.85

0.6375

0.7142

0.0572

0.0601

0.0120

months

Significance of
differences in mean
values of VL at time
points (with vs. without
EoR)

P-values for the
significance of
differences in mean
values of VL at time
points (with vs. without
EoR)

These changes are identified by comparing the normalised values of VL during
time intervals in the same group of patients, while these differences are identified by
comparing the normalised values of VL at time points in the patients with EoR versus the
counts in the patients without EoR.
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4.5 Discussion
4.5.1 Patterns of EoR
This chapter demonstrates the evolution of EoR patterns in an Australian HIV-infected
patient cohort who had incomplete viral suppression despite ready access to antiretroviral
treatment, and who had further treatment for periods ranging from 4 to 24 months.
According to these observations, EoR patterns can be divided into evolutionary changes
driven by primary NRTIs, secondary NRTIs, or primary PIs associated mutations. There
were no patterns of further evolutionary changes in the resistance mutation associated
with primary NNRTIs, secondary NNRTIs or secondary PIs in this setting.
In more than 50% of the patients, there was a significant increase in the number of
drug-resistance evolutionary mutations that became detectable over the period of
observation. The frequencies of mutational patterns at the first sample and during the
subsequent study period suggest that ongoing exposure to the selective pressure of
antiretroviral agents is a contributory factor to ongoing evolutionary changes at the PR
and RT sites. This result agrees with the conclusions of other studies [243-246].
Therefore, several mutations conferring EoR at the PR site, such as M46, V82 and L90,
transformed with high rates, increasing from 0, 1, and 1 incidents at the beginning of the
study to 8, 5, and 9 incidents at the end of the study, respectively. These evolutionary
changes were also reported by other studies as progressing mutations [76]. In addition,
several mutations conferring EoR at RT sites such as M41, D67, M184 and T215
transformed with high rates, increasing from 1, 0, 1 and 2 incidents at the beginning of the
study to 15, 10, 9 and 15 incidents at the end of the study, respectively.
Frequencies of evolutionary changes at PR sites for patients who were using one
of the PIs (41.5%) were lower than for those who received no ARVs (41.5%), such that at
the end of study there were 0–1 mutations versus 1–9 mutations, respectively. The
analysis reveals that the frequency of resistance mutation events in patients with EoR
caused by primary mutations associated with NRTIs was similar to the frequency of
resistance mutations in patients with EoR caused by secondary mutations associated with
NRTI; this applies to the groups with high and low frequencies of mutations associated
with NRTIs. Another study has suggested that clinical progression rates consequent to
EoR are mostly similar, whether NRTI resistance level is low (secondary mutations) or
high (primary mutations) [279]. Our data show that EoR develops at the same rates in
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patients with primary or secondary NRTI induced mutations at the RT site [280]. By
contrast, in the analysis of EoR associated with the PIs, the evolution rates at resistance
sites involving primary mutations associated with PIs is higher than the rates of EoR
conferred by secondary mutations associated with PIs. However, another cohort has
shown no differences between progression rates of EoR in cases of primary or secondary
mutation sites occurring in the PR gene [281].
Overall, treating infected patients using antiretroviral therapy containing NRTIs,
NNRTIs or PIs apparently has influence on EoR at the PR or RT sites; thus, there may be
good reason in many cases to continue specific antiretroviral agents despite evidence of
resistance emerging [282].

4.5.2 Predictors of EoR
Assessing changes and subgroup-associated differences in immunological and virological
responses in viraemic HIV-infected patients is a principal objective of this study.
Somewhat surprisingly, despite finding that the frequencies of some mutational patterns
at PR or RT sites over the whole study population increased over the 88 months, there
were quite limited changes in CD4 T-cell counts and VL for the total group of patients
during the first 36 months (P = 0.7377 and 0.9735, CI = 95%), as well as during the last
52 months of the study period (P = 0.6310 and 0.8259, CI = 95%). It was only when
patients were grouped according to the presence or otherwise of EoR that trends in CD4
T-cell counts and VL emerged, and the relationship linking the clinically relevant
parameters and both EoR-NRTIs and EoR-PIs became apparent.
During the first 36 months there were no significant changes in VL or CD4 T-cell
count in patients without EoR associated with any of the NRTIs or PIs, (changes in CD4
T-cell counts were from –12 to –19 cells/mm³ and changes in VL were from +0.08 to
+0.10 log10 copies/ml). However, during the last 52 months, there was a PIR in the
patients who had neither EoR-NRTIs nor EoR-PIs (changes in CD4 T-cell counts ranged
from +145 to +242 cells/mm³). There was PVR in the patients who had no EoR-NRTIs
(mean change in VL was –1.33 log10 copies/ml) however, there were no major VL level
changes in the patients who lacked PI-EoR (–0.65 log10 copies/ml).
In this study population, stability in CD4 T-cell counts was achieved in patients
who did not display ARV-associated EoR during the first 36 months; thus, a stable CD4
count may serve as a predictive factor for the absence of EoR and may be associated with
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a better long-term prognosis. In addition, stable VLs were associated with lack of
development of EoR-NRTIs during the first 36 months; thus, stable viral dynamics
emerge as a potential predictive factor for the absence of EoR-NRTIs. For patients who
had no EoR associated with PIs during the first 36 months, stable viral load during that
period was not a predictive factor for PVR or NVR during the last 52 months.
The relationship between the immunological responses during the first 36 months
and the EoR during the last 52 months was unclear in the patients who had EoR-NRTIs or
primary EoR-PIs. In the patients who had primary or secondary EoR-NRTIs, there was a
NIR during the first 36 months followed by stability with neither a PIR nor a NIR during
the last 52 months (changes in CD4 T-cell counts were –94 and –10 cells/mm³,
respectively). On the other hand, in patients who had primary EoR-PIs, there was stability
of CD4 level and neither a PIR nor a NIR during the first 36 months followed by a NIR
during the last 52 months (changes of –30 and –155 cells/mm³, respectively). Therefore,
the immunological responses in patients who had EoR associated with ARVs during the
first 36 months cannot routinely be used to predict the absence or occurrence of EoR.
We detected no relationship between the virological responses during the first 36
months and EoR during the last 52 months in patients who had primary or secondary
EoR-NRTIs; nor was one evident in patients who had primary EoR-PIs or who showed no
significant PVR or NVR during the first 36 months (changes in VL were +0.15 and +0.15
log10 copies/ml, respectively), nor during the last 52 months of the study period (–0.33
and –0.10 log10 copies/ml, respectively). This suggests that the stability of VL during the
first 36 months is associated with stability of viral control during the last 52 months,
regardless of EoR status at 36 months. Therefore, changes in VL levels during the first 36
months do not reliably predict EoR thereafter. While this result differs from those of one
study [265], it is consistent with the findings from a number of others [283, 284].

4.6 Conclusion
In the analyses presented in this chapter there is evidence in support of the view that
lability of HIV in its RT and PR enzyme coding genes is accompanied by CD4 T-cell
decline and high rates of VL indicative of replication. With fine analysis of the timing of
changes in these parameters a complex picture emerges. The chapter has illustrated that
for the cohort studied significant reductions in mean value of CD4 T-cell counts during
the first 36 months after ARV regimens have failed were associated with enhanced risk of
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the development of EoR associated with NRTIs and PIs in the subsequent 52 months. On
the other hand, the stability of CD4 T-cell count in the first 36 months after the failure of
viral control may flag a low risk of future EoR associated with NRTI and PIs, as shown in
the last 52 months of this study.
The chapter has shown that failure to achieve a rise in CD4 T-cell counts after
persistent viraemia has emerged and failed to respond to treatment is significant with
respect to the likelihood of EoR associated with NRTI and EoR associated with PIs.
However, a significant increase in mean CD4 T-cell count during the last 52 months of
the study correlated with the absence of EoR associated with NRTI and PTIs at that stage.
Therefore, changes in CD4 T-cell counts in the first 36 months after viral failure, and
subsequently, should be given particular weight in planning the monitoring of HIV for
EoR in individual patients.
Stable VL levels in the first 36 months did not predict the occurrence of EoR
associated with NRTI or PIs thereafter, the reduction in VL levels during the first 36
months of this study suggests that this is a predictive factor for the absence of NRTIlinked EoR in subsequent monitoring. Frequencies of mutational patterns at post-failure
sampling appear to be associated with the future EoR to NRTIs and PIs.
Prior to translating the findings from these analyses into clinical practice,
validation in other cohorts will be required, preferably within randomised trials of
therapy. If these findings are proven to be generalisable, those individuals displaying
lability of viral sequence should be considered as patients at risk for rapid loss of
immunological competence and for high level viral replication, and they warrant the use
of agents from classes they are naïve to, such as fusion inhibitors (FIs) or integrase
inhibitors (IIs).
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5
Adaptive and neutral
evolutionary patterns
associated with HIV drug
resistance
This chapter presents a description of the development and application of a novel
algorithm for the detection and classification of adaptive and neutral (random)
evolutionary patterns in mutations of HIV genes associated with antiretroviral drug
resistance. Herein, the Bayes’ Theorem is used to predict the prevalence of an
evolutionary pattern over a population to determine the class of its behaviour, and to infer
whether it arose predominantly from random mutational events with no selective
advantage or disadvantage (i.e., neutral evolution), positive selection or negative
selection. As an illustration, an application of the algorithmic procedure using real data,
focusing on two- and three-mutation patterns that confer resistance to an ARV is
presented.
Section 5.1 is an introduction to adaptive and neutral evolutionary patterns
associated with HIV drug resistance. Section 5.2 presents the concept and classification of
the evolutionary patterns of mutations, and discusses current evolutionary models.
Section 5.3 presents the algorithmic procedure for the classification of HIV evolutionary
patterns. Sections 5.4 and 5.5 concern the experimental data and methods, and discuss the
results. Section 5.6 presents further applications of the algorithm.
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5.1 Introduction
HIV is a highly polymorphic virus, however by virtue of the essential role that HIV
encoded enzymes play in replication, the genes encoding them are less variable than
envelope genes of the virus [285, 286]. Genetic variations (mutations) are the basis of
altered fine structure of the virus and may impact on responses to combination
antiretroviral therapy (CART) [287]. Detecting these mutations and correctly classifying
them as either adaptive or neutral play a significant role in determining the development
priority of new HIV drugs and therapeutic strategies, and provide fundamental
information for the understanding of HIV’s molecular evolution and behaviour [288-290].
Many algorithms exist which can detect adaptive or neutral evolutionary
variations at the molecular level of many organisms, including HIV [291-301]. These
algorithms have been typically developed based on the concept of either classical
Darwinian theory [302] or the Neutral Theory of Molecular Evolution [303]. Therefore,
the application of these algorithms to classify HIV’s evolutionary genetic variations will
aim to reveal positive and negative selections as well as neutral evolutionary activities. In
addition, the procedures of these algorithms detect the HIV-selective pressures through
computing the ratio w—the rate of the non-synonymous changes which alter the amino
acid to the synonymous which do not alter the amino acid (i.e., silent substitutions)—of
the nucleotide sequential bases at an individual level [292, 293, 304]. These procedures
are unable to detect, classify or predict the prevalence of amino acid changes that cause
mixtures of mutational patterns among groups of individuals. Analysis of mutational
patterns associated with HIV drug resistance reveals the limitations of current algorithms
[305, 306].
Even though some algorithms detect and classify genetic variations based on the
concepts of both adaptive and neutral evolution, the application of these algorithms is
limited to examining the genetic variations occurring within adjacent or neighbouring
regions on particular genes [307]. Indeed, many of the HIV genetic variations associated
with drug resistance accumulate as combinations or mixtures of genetic variations that are
distant from each other, within the protease (PR) or reverse transcriptase (RT) genetic
sequences [308].
We have developed a novel algorithm to determine in data-replete datasets
whether any mutational pattern associated with HIV drug resistance evolved as a result of
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positive selection, negative selection and/or neutral evolution. The algorithm calculates
the prevalence of these three classes, and identifies subgroups of patients even when
sufficient data for the overall analysis is lacking and even when not all patterns are
present in the dataset. We used Bayes’ Theorem to calculate the posterior probability of
the appearance of a pattern in the latest genotypic sample, given the circumstance of its
appearance in the earlier genotype analysis. The algorithm uses a cross-sectional
approach that considers genotypic data from sequential data capturing episodes obtained
at various time-points.

5.2 Evolutionary patterns associated with HIV drug
resistance
5.2.1 Emergence and evolution of drug resistance
The mutations that emerge at the sites of the HIV-relevant genes PR and RT—before and
during ARV regimens—limit the success of CART in hindering the evolution of the virus
in an infected person [122, 309, 310]. HIV has a great capacity to mutate and produce
genetic variations (accumulating mutations at the rate of some 3 × 10-5 mutations per
target nucleotide site per cyclic generation) [311]. Treatment strategies targeting HIV
genetic mutations recommend combinations of drugs from the three main antiretroviral
drug classes: generally two nucleoside reverse transcriptase inhibitors (NRTIs) combined
with

either

a

non-nucleoside

reverse

transcriptase

inhibitor

(NNRTI)

or

a

pharmacodynamically boosted protease inhibitor (PI) [312]. Although dramatic
reductions in VL are achieved with CARTs, there is no definitive evidence that any of the
CARTs are effective in preventing the emergence of those new genetic variations which
confer resistance [82, 313]. Furthermore, there is a growing body of evidence that the
emergence of HIV drug resistance remains a primary cause of treatment failure.
Resistance emergence (RE) is typically followed by ongoing evolutionary
processes which leads to the production of further mutations—so-called evolution of
resistance (EoR). Although some of these mutations are inconsequencial, mutations that
enable HIV to replicate and evade immune attack become dominant and reproduce
rapidly [79]. This evolutionary behaviour leads to the failure of CARTs, causing higher
levels of drug resistance. Mutations that are reproduced in the progeny virus eventually
become a discrete subpopulation of viruses and eventually if they have selective
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advantage become dominant, obscuring the original viral sequence. Techniques such as
genotypic tests for detecting genetic mutations in an individual’s circulation identify
mutations that have become sufficiently abundant to cause significant change in the viral
population [8]. En route to this point mixed populations of viruses may be detected.
Acquiring maximal levels of resistance demands the development of mutations in
specific patterns [80-82]. HIV undergoes this process to gain selective advantage under
the pressure of CART and to reduce the susceptibility of new generations to the drugs.
Sequential generations go towards attaining clinically complete resistance to attainable
drug concentrations by reproducing these specific genetic patterns [82, 83]. The rapidity
of change and patterns of mutations vary among patients; they depend on many factors,
particularly the prevalence of archived resistance mutations and mutational patterns, the
success rate of selection processes, and the responses of the immune system of the
targeted host to these genetic changes [80, 314].
Preventing the effects of HIV RE through choosing new CARTs is still a
challenging problem, because the escaping mutational patterns confer a range of
resistance levels, and because drugs that have yet to be used in an individual’s CART
regimen may have cross-resistance, with reduced efficacy. The analysis of these patterns
should provide insight into the management of HIV resistance, the primary cause of the
failure of CART [82, 287, 315]. Studying the emergence and evolution of these patterns
has produced significant challenges for medical researchers in HIV and clinicians.

5.2.2 Classes of the evolutionary patterns associated with drug
resistance
HIV mutations may appear individually or accumulate in patterns that confer a range of
levels of drug resistance [82, 315]. Some of these mutations reflect attempts by the virus
to evolve to escape the immune responses that target the immunologically dominant viral
proteins and glycoproteins. Other mutations affect the enzymes and surface structures that
ARVs target [37]. HIV is unlike most viruses which do not have the capacity to archive
the viral sequences that occur in the evolutionary process. By virtue of HIV’s capacity to
integrate into the host chromosomes of long-lived lymphoid and other cells, the resistant
virus can leave a template for later re-emergence of resistant virus. In the absence of
selective pressure resistant virus may dwindle in the circulation and seemingly revert
towards wild-type [285, 286].
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While Darwinian theory supports the idea that an organism’s genetic variations
appear as a result of natural selection, the Neutral Theory regards these changes as neither
subject to nor understandable in terms of natural selection [302, 303, 316, 317]. Both
theories have been accepted as explaining aspects of the diversity of biological organisms
[318]. In this context, genetic mutations occurring in an HIV-infected individual may
appear as “neutral”, or they may have a selective advantage for the virus, giving it
“fitness” for its task of reproduction irrespective of its advantage in the presence of
CART, and thereby result in virus with high reproductive potential and specific ARV
resistance [287, 319-321]. Consequently, a mutational pattern in an infected individual or
population may be persistent, disappear completely, reappear episodically to replace the
original ancestor, or fluctuate unpredictably over serial generations [322-324].
Genotyping using polymerase chain reactions (PCRs), i.e., amplifying the
population-dominant sequences of RT and PR genes, is the current dominant technology
for detecting mutational patterns associated with drug resistance [312, 325, 326]. A
genotypic sample for an HIV-infected patient records those mutations that confer drug
resistance to one or more ARVs [8]. Figure 5.1 illustrates the expected patterns “♠”, “♣”,
“●”, “♥”, “◘” and “■” of genetic variation that may appear in genotypic analyses of viral
samples from different infected individuals.
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Patients

G1

G2

G3

G4

G5

G6

N1

♠♣◘

♠◘●

♠◘■

♠■◘●

♠■◘

NA

N2

◘

■

♣◘

♠

♣◘

NA

N3

NA

♠

◘

♠♣

◘♣

♠♣

N4

♠◘♣

♠◘

♠◘

♠◘

♠◘

♠◘

N5

♠

♣

♠

♣

♠

●♣

N6

NA

◘●

◘

◘●

◘

NA

Figure 5.1: Evolutionary patterns associated with HIV drug resistance.
Gi is the ith genotypic sample. There are different evolutionary paths and
viral behaviours for each mutational pattern in different subgroups of
individuals. An individual patient may have unique patterns that behave
unlike other viruses. “NA” indicates that the genotypic sample is unavailable.

HIV evolves behaviours to ensure its survival [82, 322-324]. In a population, a number of
mutually exclusive classes of evolutionary patterns can be detected and described. For
example, the patterns “♠”, “♣”, “●”, “♥”, “◘” and “■” in Figure 5.1 may have the
following behaviours.


They replicate and continue to confer a high level of resistance through
positive selection. The evolutionary process of a mutational pattern based on
this behaviour eliminates the future genetic variations that change this pattern.
This selection increases the fitness of the virus in comparison with other
members of its population. Examples of positively selected mutational
patterns are “♠” and “◘” in patients N1 and N4 starting from the first genotype
(G1), “■” in patient N1 starting from G3, “◘”in patient N6 starting from G2,
and “♣” in patient N3 starting from G4, Figure 5.1.



They disappear completely, due to negative selection. The evolutionary
process of a mutational pattern experiencing this behaviour eliminates the
genetic variations that formed this pattern, as illustrated in the earlier
genotypic sample. Examples of negatively selected mutational patterns are
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“■” in patient N2 appearing at G2, “♣” in patients N1 and N4 appearing at G1,
and “◘” in patient N3 appearing at G3 (Figure 5.1).


They fluctuate over time in another group of patients. The evolutionary
process of mutational patterns experiencing this behaviour gains or loses the
genetic variations that randomly form this pattern. Therefore, these patterns
can be defined as those patterns having no positive or negative selection or
impact on viral fitness. Examples of neutral mutational patterns are “●” in
patients N1 and N6 starting at G2, “♠” in patients N3 and N5, starting
respectively at G2 and G1, “♣” in patient N2, starting at G3, and “◘” in patients
N2 and N3, starting respectively at G1 and G3 (Figure 5.1).

5.2.3 Current evolutionary models and their limitations
Many codon-based models were developed for the identification and estimation rates of
genetic variations from molecular sequences, using techniques, such as the Markov
process [297, 304, 327, 328], the Maximum Likelihood approach [298, 300, 304, 308,
329-334], Neighbour-joining method [301], Bayes Empirical approach [335], Branch-site
mode [336], Pair-wise analysis [308], linear regression models [337], coalescence theory
[334, 338, 339], and other simpler techniques [296]. As explained earlier, the algorithms
underlying these methods carry a critical limitation: they are based on either the classical
Darwinian theory [302] or the Neutral Theory of evolution [303], but do not
accommodate both [294-299, 301, 340].
A further limitation of the codon-based models is that they identify genetic
variations to detect selective pressures by finding the ratio w of the rate of nonsynonymous (Ka) to synonymous (Ks) (i.e., silent) substitutions of the nucleotide
sequences [292, 293, 304]. This method evaluates nucleotide variations to detect positive
selection (w > 1), negative/purifying selection (w < 1), or neutral evolution (w ~ 1) in
viral molecular sequence, rather than detecting the prevalence of amino acid changes that
cause mixtures of mutational patterns among a group of individuals [305, 306]. The use
of the ratio w is a traditional tool particularly useful when dealing with the negative
selection which may tend to dominate in an advanced stage of a molecular evolution
[341].
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A number of conventional methods describe pattern detection through assessing
site-specific genetic variations or those changes occurring within adjacent regions of a
site-specific gene of interest [307, 342]. These methods are used to evaluate the
evolutionary changes of nucleotides that alter a particular amino acid. These methods
cannot be applied to study the mutational patterns associated with HIV drug resistance.
This is because HIV mutational patterns appear as a mixture of amino acid changes that
are distant from each other over a molecular sequence of an infected individual. Examples
of mixtures of amino acid changes are mutational patterns that consist of two, three or
more mutations occurring simultaneously or in rapid succession to contribute to drug
resistance. Table 5.2 lists some of these patterns; three are listed here to exemplify their
combinatorial structure.


Two mutations: M184V+D67N, M184V+L74V, or T215F/Y+D67N



Three mutations: M41L+D67N+T215Y or E44D+M41L+T215Y



Four mutations: M184V+K70R+T215F/I/S+K219Q or
M184V+T215Y+M41L+D67N

The algorithmic procedure we developed can be used on data consisitng of molecular
sequences from samples collected over several or multiple irregularly spaced time points;
it can be applied over a time span that depends on the rate of mutations of the organism.
This makes the algorithm particularly suitable for the study of HIV, due to its relatively
rapid evolution, which is driven by many factors [343-345]. Thus, using the algorithm can
be applied to the evolution of organisms over a large range of replication cycles. The
algorithm provides insights into the mechanisms of HIV evolution and is a means of
categorising mutations or mutational patterns in the context of selective pressures at both
drug treatment and immune response levels [287].

5.3 An algorithm for HIV evolutionary patterns
5.3.1 The formalism of Bayes’ Theorem
This approach taken was to use Bayes’ Theorem [221, 346] to compute the conditional
probabilities of the evolutionary mutational patterns in the most recent samples, given that
these patterns appeared in earlier samples. Bayes’ Theorem is described by the
conditional probability P(C = ci|E = ej) of an event C in state ci, given event E in state ej.
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The probability P(C) of event C, before taking into account event E, is known as the prior
probability of C, while the probability P(C|E) assigned to event C, given event E, is
known as the posterior probability of C. According to Bayes’ Theorem, the posterior
probability of an event C, given the evidence or event E, is given by Equation 1.

P (C | E ) =

P (C ) P ( E | C )
P (C ) P ( E | C )
=
P(E )
P ( C ) P ( E | C ) + P (~ C ) P ( E |~ C )

(1)

where ~ C is the complementary event of C (“not C ”).

To assess drug-resistance mutational patterns that appear in molecular sequences of the
HIV-infected population, the algorithm applies the extension of Bayes’ Theorem, the
Chain Rule of probability, in a cross-sectional layout. This rule finds the posterior
probabilities of a given pattern according to its likelihood and prior probability. That is,
when examining the probability of event En, the “appearance of a given mutational
pattern in the recent genotypic sample”, given the circumstance events E1, E2, E3, … , En-1
“the pattern has appeared in the earlier genotypic samples”, Bayes’ Theorem finds the
posterior probability of En given E1, E2, E3, … , En-1 (Equation 2) (Figure 5.2).

P(En | En−1,En−2,...,E1)=P(En )P(En | En−1)P(En−1 | En−2)...P(E2 | E1)

(2)

Figure 5.2: Multiple sequential evidence

In comparison with Bayesian-based analysis, most of the other methods can be considered
as classical, because they rely on statistical probabilities. In contrast, Bayesian analysis
uses historical and current data, and the likelihood of an event, to obtain the posterior
probability. The posterior probability is proportional to the likelihood and the prior
probability at the same time [221, 346].
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5.3.2 Data parameters
Consider that N is a population of n individuals or subjects who have more than three
genotypic samples taken at different time points. Let the element g(i,j) in the matrix G =
(g(i,j)), 1 ≤ i ≤ n and 1 ≤ j ≤ max|ki| represent the genotypic sample j of subject Ni, where
Ni œ N, with ki genotypic samples. For mutational patterns associated with HIV drug
resistance, there will be the set P = {p1, p2, p3, …, py} of different y mutational patterns
that may appear in subsequent genotypic samples g(i,j) from different subjects. The
elements of the set P may consist of one or more accumulated mutations from the set M =
{m1, m2, m3, …, mz} of the known z mutations that contribute to resistance associated with
ARVs. This indicates that for any mutation ma œ M, there will be a mutational pattern pb œ
P for which there will be a genotypic sample g(c,d) œ G, such that ma œ pb œ g(c,d).
Representing the genotypic data in this format provides more flexibility for
accepting mutational patterns with different frequencies and several accumulated
mutations. These patterns can be examined for both an individual and a whole drug class.

5.3.3 Algorithm and procedure
The algorithm classifies given mutational patterns associated with HIV drug resistance,
and predicts their prevalence in a population. Thus, for a given mutational pattern px that
consist of one or more accumulated mutations, the algorithm uses the given matrix of
genotypic samples G = (g(i,j)) of a population N = (Ni) of n subjects, 1 ≤ i ≤ n and 1 ≤ j ≤
max|ki| to report and predict the prevalence of the following seven subgroups of subjects:


Np۫x: subjects who gain px at least once (present pattern)



N~px: subjects who never gain px (absent pattern)



Npx~: subjects who gain px for whom there is insufficient data (undetectable pattern)



Npx: subjects who gain px for whom there is sufficient data (detectable pattern)



Nps: subjects who gain px as a result of positive selection (consecutive pattern)



Nng: subjects who gain px as a result of negative selection (purified pattern)



Nne: subjects who gain px as a result of neutral evolution (erratic pattern)

The steps to obtain the prevalence of these subgroups are as follows:
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STEP 1: For a given mutational pattern px, x = 1, 2, 3, …, y, we first find the subgroups
of subjects N~px, Np۫x and Npx~, and the matrices of their genotypic samples G~px =
(g~px(u,v)), Gp۫x = (gp۫x(u,v)) and Gpx~ = (gpx~(u,v)), respectively, for 1 ≤ i,u ≤ n and 1 ≤ j,v ≤
max|ki|. Thus, it will find the subgroup Np۫x where gp۫x(u,1) = g(i,j), such that g(i,j) is the
genotypic sample j of the subject Ni where the pattern px appears for the first time, for 1 ≤
i,u ≤ n and 1 ≤ j ≤ max|ki|. The genotypic sample gp۫x(u,1) will be considered as the lower or
left reference L genotypic sample of the pattern px in the subject u, i.e., gp۫x(u,l) = gpx(u,1).
The matrix Gp۫x = (gp۫x(u,v)) contains all genotypic samples for only those subjects who gain
px at least once. The first column of this matrix is the set of genotypic samples, where the
pattern px is displayed for the first time for all subjects (i.e., px œ gp۫x(u,1),1 ≤ u ≤ |Np۫x|). We
disregard the earlier genotypic samples up to the reference sample, because the history of
the pattern px during or before that stage was unknown and cannot be categorised or
described. As a result, the algorithm finds the other subgroup N~px and the matrix of their
genotypic samples G~px:
Np۫x=(Nu): px œ gp۫x(u,1),1 ≤ u ≤ n, and
Gp۫x = (gp۫x(u,v)), pxœgp۫x(u,1), 1≤u≤|Np۫x|, 1≤v≤max|ki|

ï N~px=N-Np۫x, and
G~px=G-Gp۫x
= (g~px(u,v), px–g~px(u,v), 1≤u≤|N-Np۫x|, 1≤v≤ max|ki|

However, we will need to exclude those subjects in Np۫x who have fewer than three
samples as this will not be sufficient for categorising pattern px. Thus, we find ku the
number of genotypic samples in the Gp۫x of subject u, 1≤u≤|Np۫x|, and exclude subjects for
whom ku≤2. The algorithm then finds the Npx~ and Npx with the matrices of their genotypic
samples Gpx~ and Gpx such that:

Npx~=(Np۫xu): ku≤2, 1≤u≤|Np۫x|)

ï Npx=Np۫x-Npx~, and
Gpx=(gp۫x(u,v)), pxœgp۫x(u,1), 3≤ku, 1≤u≤|Np۫x|, 1≤v≤max|ku|
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STEP 2: To examine the pattern px acquired by the subjects in Npx with ku>2, we initialise
the subgroups Nps, Nng and Nne with the matrices of their genotypic samples by assuming
that all subjects in Npx have gained the pattern px as a result of positive selection, (i.e., px
is a consecutive pattern), while Nng and Nne are empty; we then test the state of this
assumption in Step 3. Before testing this assumption, we will include only those matching
genotypic samples to obtain an equivalent number of genotypic samples for all subjects—
an important requirement for applying Bayes’ Theorem. This means that the genotypic
sample gpx(u,min{ku}), 1≤u≤|Npx| is the upper or right reference R genotypic sample of the
pattern px in subject u, to be included in the analysis (i.e., gpx(u,r)=gpx(u, min{ku}), ku>2). The
algorithm can be modified or extended to include the excluded samples (i.e.,
gpx(u,r)=gpx(u,v>min{ku}), ku>2). Next, we generate the subgroups of subjects Nps, Nng and Nne
with the matrices of their genotypic samples Gng, Gng, and Gne, respectively:

Nps=Npx, and
Gps=(gpx(u,v)): ku>2, px œgpx(u,1),1≤u≤|Npx|,1≤v≤min{ku}

ï Gps=(gps(ú,v)),1≤ ú≤|Npx|, 1≤v≤r, k ú>2
Nng , Nne, Gng and Gne are empty matrices

The first assumption implies that pattern px has appeared in most recent genotypes gps(ú,r)
as well as in the earlier samples gps(ú,r-1), gps(ú,r-2), gps(ú,r-3),

…,

gps(ú,1). Otherwise, the

assumption is untrue, and further analysis will be needed (in Step 3).

STEP 3: With the use of the extension of Bayes’ Theorem, we find the conditional
probability that the most recent genotypic samples of subjects in Nps displayed the pattern
px (i.e., pxœgps(ú,r), 1≤ ú≤|Nps|), given that px has appeared in their earlier genotypic
samples (i.e., pxœgps(ú,r-1), gps(ú,r-2), gps(ú,r-3), …, gps(ú,1)). According to the first assumption, this
conditional probability is to be “1.0” or approaching that value; a significantly lower
value indicates that some of the subjects in Nps gained the pattern px as a result of events
other than positive selection. Consequently, a falsification of the first assumption entails
updating the subgroup Nps and the matrix of their genotypic samples by excluding
subjects who have no pattern px in some of their later genotypic samples (i.e., px is not an
element of gps(ú,l+1), gps(ú,l+2) or gps(ú,r-1)). We will update the subgroup Nng and the matrix
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of their genotypic samples by assuming that subjects excluded from Nps have acquired
pattern px as a result of negative selection (in Step 4):

If P(pxœgps(ú,r)| pxœgps(ú,r-1), pxœ gps(ú,r-2), pxœ gps(ú,r-2), pxœgps(ú,r-3), …, pxœgps(ú,1))≈1

Then,
If |Nps|=|Npx|
Then
Go to Step 5 to report the results.
Else
L=1
Go to Step 4 to examine the appearance of px as a result of other
evolutionary events (i.e., testing whether px is a purified or erratic
pattern)
Else,
Update the values of Nng and Nps along with the matrices of their genotypic
samples Gng and Gps:

Nngu˝ = Npsú: px–gps(ú,l+1)), and,
Gng=(gng(u˝,v˝)), 1≤ u˝≤|Nng|, 1≤ v˝≤r

ï Nps=Nps-Nng, and
Gps=Gps-Gng
=(gps(ú,v)): pxœgps(ú,2), 1≤ú≤|Nps|, 1≤v≤r
L=L+1

When |Nps|=0 or l=r, we go to Step 4; otherwise, we iterate Step 3 to examine and update
Nps with the matrix of their genotypic samples Gps.
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STEP 4: Similar to Step 3, we find the conditional probability of the most recent
genotypic samples of those subjects in Nng who have no appearance of the pattern px (i.e.,
px – gng(u˝,r), 1≤ u˝≤|Nng|), given that px has not appeared in any of their earlier genotypic
samples up to the second reference genotypic sample (i.e., px – gng(u˝,r-1), gng(u˝,r-2), gng(u˝,r-3),
…, AND gng(u˝,2)). According to the second assumption, as in Step 3, this conditional
probability approaches or is “1.0”; otherwise, some of the subjects in Nng have acquired
pattern px as a result of neutral evolution, the last option. Consequently, a falsification of
the second assumption entails updating the subgroup Nng and the matrix of their genotypic
samples by excluding subjects who have pattern px appearing in some of their later
genotypic samples (i.e., pxœgps(ú,l+2), gps(ú,l+3) or gps(ú,r-1)). We will also update the
subgroup Nne and the matrix of their genotypic samples, to be reported in Step 5:

If P(px–gng(u˝,r)| px–gng(u˝,r-1), px–gng(u˝,r-2), px–gng(u˝,r-3) …, px–gng(u˝,2))≈1

Then
Go to Step 5 to report the results.
Else
Update the values of Nne and Nng and their genotypic samples Gne and Gng:

Nneu=Nngu˝: pxœ gng(u˝,l+2)), and,
Gne=(gne(u,v)), 1≤ u ≤|Nne|, 1≤ v ≤r

ï Nng=Nng-Nne, and
Gng=Gng–Gne
= (gng(ú,v)): px–gng(u˝,2), 1≤ u˝≤|Nng|, 1≤v˝≤r
l=l+1

When |Nng|=0 or l=r, we go to Step5 to report the final results; otherwise, we iterate Step
4 to examine and update Nng with the matrix of their genotypic samples Gng.
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STEP 5: To report the categories of the evolutionary pattern px, the types of evolutionary
event, and their prevalence, we determine the number of subjects in each subgroup. Table
5.1 shows these results in seven subgroups. Figure 5.3 summarises the algorithmic
procedure for coding purposes.

Table 5.1: Categories and prevalence of the evolutionary pattern px
Category

Evolutionary event*

No. of subjects

Prevalence

Present

ps, ng, ne or unknown

|Np۫x|

| Np۫x|/n

Absent

no evolution

|N~px|

|N~px|/n

Undetectable

unknown

|Npx~|

|Npx~|/n

Detectable

ps, ng or ne

|Npx|

| Npx|/n

Consecutive

ps

|Nps|

|Nps|/n

Purified

ng

|Nng|

|Nng|/n

Erratic

ne

|Nne|

|Nne|/n

*: ps = positive selection; ng = negative selection; ne = neutral evolution

As an illustration, we studied the known (i.e., according to CREST algorithm [19])
mutations in the site of HIV-RT gene that confer drug resistance associated with NRTIs.
The algorithm was applied to examine mutational patterns consisting of two or three
mutations at the site of the RT gene. The next two sections present the data and methods,
and discuss the results. It is also possible to apply this algorithm to the patterns of
mutations at the RT site associated with resistance to NNRTIs, as well as to patterns of
mutations at the PR site associated with PIs.

5.4 Experimental data and methods
5.4.1 Study population
We analysed blood samples from a cohort of 70 HIV-infected patients at Royal Prince
Alfred Hospital (RPAH) for the presence of genotypically resistant HIV virus. From the
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HIV genotypes database of 1585 subjects, we selected subjects who had more than three
sequential blood samples between 1999 and 2006 inclusive. Subjects with more than six
samples were censored at the first six samples. HIV-RT gene sequences were already
genotyped using the reverse transcription-PCR (RT-PCR) technique [275], and analysed
using SeqScape Version 2.1.1 (Applied Biosystems) sequencing application for the
determination of mutational patterns.
To identify the known mutational patterns—those that confer some level of
resistance compared with other patterns that have no impact on drug resistance—we
conducted mutation interpretation using the recently updated CREST “Can Resistance
Enhance Selection of Therapy” algorithm [19, 343].

5.4.2 Mutational patterns associated with antiretroviral agents
The NRTI drug class includes six nucleoside analogues (zidovudine, didanosine,
zalcitibine, stavudine, lamivudine, and abacavir) and one nucleotide analog (tenofovir)
drugs that have been approved by the US Food and Drug Administration (FDA) [347,
348]. Both subclasses act by similar mechanisms, and thus, the abbreviation “NRTI” in
this study here stands for all individual drugs in this class [8].
According to the CREST algorithm, known individual or composite mutations at
the RT site are defined as primary on the basis of conferring clinically significant
“resistance” to any of the NRTIs, as secondary if they confer minor or “possible
resistance” to any of the NRTIs, or as “unknown” mutations. However, the differentiation
between the first two types in the context of CART has been removed by the International
AIDS Society USA Resistance Testing Consensus Panel [237]. Therefore, the primary
and secondary mutational patterns are treated equally. For data consistency, mutational
patterns appearing in two or one of our patients were excluded.
Mutational patterns conferring high susceptibility may include one or more of the
thymidine analogue mutations (TAMs) such as M41L, D67N, K70R, L210W, T215F/Y,
K219E/Q and M184V, while the other mutational patterns conferring reduced
susceptibility may include one or more of the mutations such as A62V, E44A/D, F77L,
F116Y, K65R, D67 deletion, T69/N/G/S, L74V, V75T/I, V118I, Q151M, M184V/I,
M41L, T215Y and Y115F [19]. Table 5.2 lists the mutational patterns according to the
number of mutations that the pattern consists of, appearing among several molecular
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sequences genotyped from the target population at different time-points. However, the
algorithm was applied to patterns according to the CREST algorithm.

5.4.3 Application of the algorithm
The justification of the algorithms can be seen from the following calculations. Initially,
the algorithm was applied with two arbitrary patterns to explain the algorithmic procedure
and to compare the results (i.e., the prevalence of the two patterns): a pattern that consists
of two composite mutations occurring concurrently at the 118 and 215 codons (i.e.,
px=V118I+T215C/D/F/G/H/I/N/P/S/V/Y) (symbolised as V118I+T215x) of the RT gene,
and a pattern that consists of one mutation occurring at the 184 codon (i.e., px=
M184G/I/L/V) (symbolised as M184x) of the RT gene. I then applied the algorithm to the
most frequently occurring mutational patterns consisting of two or three mutations
(Sections 5.4.4 and 5.4.5). Figure 5.3 shows the steps of the algorithm for detecting the
distribution of the pattern px=V118I+T215x among the target subgroups. Figure 5.4
shows the prevalence of M184x and V118I+T215x.
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Table 5.2: Evolving mutational patterns in the HIV-RT gene
No. of

Mutational patterns

mutations
M41I/L/Y, E44A/D, A62V, K65N/R, D67G/H/I/N/S,

1

T69A/D/G/I/K/N/S, Y69N, K70E/G/N/R, L74I/V, M74V,
V75A/I/M/S/T, F77L, Y115F/N/S/T, F116Y, V118I, Q151K/L/M,
M184G/I/L/V, L210R/S/W, K219E/H/N/Q/R/W,
M215F/H/I/P/S/T/Y, T215C/D/F/G/H/I/N/P/S/V/Y
E44D+M41L, V118I+M41L, E44D+T215Y, V118I+T215Y,
M184I/V+M41L, M184I/V+L210W, M184I/V+T215F/N/S/Y,
M184V+Y115F, M184V+D67N, M184V+L74V, T215F/Y+D67N,

2

T215F/Y+K70R, T215F/Y+K219Q, T215F+T69D/N,
T215Y+M41L, T215Y+L210W
D67N+K70R+K219Q, D67H/N+L210W+T215F,
K70R+T215F+K219Q, M184V+V118I+T215Y,
M184V+L74V+M41L, M184V+L74V+L210W,

3

M184V+L74V+T215Y, M184V+T215F/Y+D67N,
M184V+T215F/Y+K70R, M184V+T215F/Y+K219Q,
M184V+T215Y+M41L, M41L+D67N+T215Y,
E44D+M41L+T215Y, M41L+L210W+D67N,
M41L+L210W+K70R, M41L+L210W+T215Y,
T215Y+D67N+K70R
D67N+K70R+T215F+K219Q, D67N+K70R+T215F+K219Q,
M41L+D67N+K70R+K219Q, L210W+D67N+K70R+K219Q,
M184V+M41L+D67N+T215Y, M184V+M41L+K70R+T215Y,
M41L+K70R+L210W+T215Y,

4

M184V+M41L+L210W+T215N/S/Y,
M184V+K70R+T215F/I/S+K219Q,
M184V+T215Y+M41L+D67N, M41L+D67N+T215Y+K219Q,
L210W+D67N+T215Y+K219Q, T215F+D67N+K70R+K219E/Q
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M41L/M+D67D/N+K70K/R+T215F/I/S/T+K219K/Q
M184M/V+T215F/I/S/T+M41L/M+D67D/N+K70K/R+K219K/Q
M184V+M41L+D67N+L210W+T215Y
M184V+T215Y+M41L+K70R+L210W

≥5

M41L+D67N+K70R+T215F+K219Q
M41L+D67N+K70R+L210W+T215Y
T215D/Y+M41L+D67N+K70K/R+L210W+K219Q
T215F/Y+M41L+D67N+K70R+L74V+L210W+K219Q
D67N+T69D/N+K70R+T215F+K219E/Q
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STEP1
STEP1, Cont.
STEP1, Cont.
Input G: up to six genotypes Find Gp۫x: px is attending in Find v where pxœgp۫x(u,v) for
from n = 70
at least one genotype of
the first time; set L=1.
each subject in Np۫x۫
Exclude the genotypes
earlier to genotype v
Find ku, number of
genotypes of subject u.
Update Gp۫x: ku>2, pxœgp۫x(u,1)

Find G~px = G–Gp۫x, px is
absent all genotype of all
subjects in Np۫x
Find Gpx~=Gp۫x: ku<3 and
pxœgp۫x(u,1); to be exclude
them from the analysis

Notation
px=V118I+T215x
G: genotypes matrix
Gp۫x: px is present
G~px: px is absent
Gpx~: px is undetectable
Gpx: px is detectable
Gps: px is positive
Gng: px is negative
Gne: px is neutral
: px is not a part of g
: px is a part of g
: no genetic variations in g
▬: g is not available
Continued on the next page.

Figure 5.3: The distribution of V118I+T215x and other patterns
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STEP2
Find R=min{ku}=4
Find Gpx=Gp۫x: L§v§R

STEP3
For positive selected pattern,
find the posterior probability
as follows:
P(pxœgps(ú,4)| pxœgps(ú,3), pxœ
gps(ú,2), pxœ gps(ú,1))
This posterior probability is ≠
1, thus,
Update Gng:
gng(u˝,v˝)=gps(ú,v): px–gps(ú,2),
1≤v˝≤4, 1≤u˝≤|Nps|

Exclude the genotypes
later than genotype R

STEP4
For negative selected pattern,
find the posterior probability
as follows:
P(px–gng(u˝,4)| px– gng(u˝,3), px–
gng(u˝,2))
Note we do not include the
first sample. This posterior
probability is ≠ 1, thus,
Update Gne:
gne(u,v)=gng(u˝,v˝): pxœ gng(u˝,3),
1≤v≤4, 1≤ u≤R

Update Gng
ï Gng= Gng-Gne
Update Gps
ï Gps=Gps-Gng
Iterate STEP4 until the
posterior probability
P(px–gng(u˝,4)| px– gng(u˝,3), px–
gng(u˝,2)) ≈1, th, go to next step

STEP 5
Report the results as follows:
n=70, n~px=45, np۫x=25,
npx~=3, npx=22, nps=13, nng=4,
nne=5

Prevalence

Set L=2 to iterate STEP3
from the second genotype
Assume that Gps=Gpx,
Find P(pxœgps(ú,4)|pxœgps(ú,3),
ï gps=gpx(u,v): 1≤ ú
Prevalence of the evolutionary
p œg
p œg
)
≤|Npx|, 1≤v≤4, kú>2, x ps(ú,2), x ps(ú,2)
categories of V118I+T215x
This posterior probability is
pxœgps(ú,1)
80.0% 64.3%
≈1, thus, go to next step.
Assume that Gng and Gne
60.0%
I assumed that the pattern
35.7%
31.4%
40.0%
are empty.
18.6%
was gained by the subjects in
20.0%
5.7% 7.1%
(i.e. we assume that all
4.3%
Gng as a result of the negative
0.0%
subjects gain the pattern
Abs Pre Und Det Pos Neg Neu
selection, then, we test this
px as a result of the
Evolutionary category of Px
assumption in next step).
positive selection, then, I
Abs: absent, Pos: positive,
test this assumption in
Pre: present, Neu: neutral,
next step)
Und: undetectable, Neg:
negative, and Det: detectable

Figure 5.3 (cont.): The distribution of V118I+T215x and other patterns
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5.5 Results and discussion
5.5.1 Prevalence of neutral, positively and negatively selected
patterns
The mutational patterns V118I+T215x and M184x were present in 35.7% and 81.4% of
the population, respectively, however, characterising the patterns was not possible in
4.3% and 10.0% of the population, respectively, due to the limited number of genotypic
samples. Among the remaining 31.4% with detectable V118I+T215x whose viral
evolution could be characterised, the pattern appeared as a result of positive selection,
negative selection and neutral evolution in 18.6%, 5.7% and 7.1% of the population,
respectively (Figure 5.3). Similarly, among the remaining analysable 71.4% with
detectable M184x, the pattern appeared as a result of positive selection, negative selection
and neutral evolution in 35.7%, 8.6% and 27.1% of the population, respectively (Figure
5.4).
In particular, V118I+T215x appeared as a result of positive selection in 13 subjects (of 22
subjects with detectable V118I+T215x), while M184x appeared as a result of positive
selection in 25 subjects (of 50 with detectable M184x). This suggests that about 54.5%
(59.1% and 50.0% for the V118I+T215x and M184x, respectively) of subjects with
detectable mutational patterns acquired the pattern through positive selection.
Furthermore, about 38.0% of the subjects with detectable M184x have acquired this
pattern through neutral evolution, while only 22.7% of the subjects with detectable
V118I+T215x acquired this pattern through neutral evolution.
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Prevalence of V118I+T215x and M184x

90.0%

V118+T215x

81.4%

80.0%

Prevalence

70.0%

M184x

71.4%
64.3%

60.0%
50.0%
35.7%

40.0%

31.4%

35.7%
27.1%

30.0%
20.0%

18.6%

18.6%
10.0%
4.3%

10.0%

8.6%
5.7%

7.1%

0.0%
Absent

Present

Undetectable
Detectable
Positive
Evolutionary category of Px

Negative

Neutral

Figure 5.4: The prevalence of two mutational patterns.
The evolutionary behaviours are: absent, present, undetectable, detectable, positive,
negative and neutral. The dark columns represent M184x, and the light columns
V118I+T215x.
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5.5.2 Evolutionary patterns consisting of two mutations
Figure 5.6 illustrates the prevalence of frequent patterns consisting of two mutations
associated with resistance to NRTIs, as a result of positive and negative selection and
neutral evolution.
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Figure 5.6: Prevalence of the patterns that consist of two mutations.
Over the whole study population, each pattern occurred as a result of the three
possible evolutionary behaviours: positive selection, negative selection and
neutral evolution. The rate of positive selection of each of the patterns was
significantly greater than that of negative selection and neutral evolution. Table
5.2 shows further details of these patterns.
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5.5.3 Evolutionary patterns consisting of three mutations
Figure 5.7 illustrates the prevalence of frequent patterns consisting of three mutations
associated with HIV resistance to NRTIs.
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Figure 5.7: The prevalence of the patterns consisting of three mutations.
For all patterns but two, the patterns occurred through the three evolutionary
events. D67x+K70x+K219x and K70x+T215x+K219x occurred through positive
or negative selection only. The rate of positive selection of most of the patterns
consisting of three mutations was greater than the rate of negative selection or
neutral evolution; for only M184x+L74x+M41x was the prevalence of negative
selection higher. Table 5.2 shows further details of mutations within these
patterns.
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5.5.4 Significance of the algorithm
In medical studies, it is very difficult to obtain samples at consistent time points.
Therefore, our algorithm does not require that all subjects have the same starting point for
producing genotypic samples, because the referencing sample (i.e., gpx(u,1)) deals with this
challenge. The algorithm works at the amino acid level rather than the nucleotide level.
Therefore, the algorithm can be applied for the study of known mutations that confer
resistance, as well as unknown mutations, which cannot be studied using conventional
methods (i.e., those that are based on w). In addition, the algorithm detects and predicts
the prevalence of all types of mutational patterns (whether neutral, positively selected or
negatively selected) at the same time. This may help in the investigation of the causes of
these evolutionary behaviours. The algorithm can be extended to include those patients
with a limited number of samples in the analysis, because Bayes’ Theorem deals with
missing data samples.

5.5.5 Limitations
The temporal interval between samples should be long enough for the occurrence of
genetic changes in the HIV molecular sequences. These intervals depend on the mean rate
of genetic change in a population; otherwise, the changes may be invisible. The time
difference between these samples may vary from one subject to another among the
population. This may lead to unreliable predictions.

5.6 Further applications and conclusions
5.6.1 Applications based on mutation types
Combinations of primary mutations confer greater levels of resistance than combinations
of secondary mutations. The algorithm can be applied to examine mutational patterns
consisting of single or multiple primary or secondary mutations, as well as patterns of
specific set of mutations, such as the thymidine analogue mutations (i.e., TAMs) that
confer high level of resistance. Revealing the prevalence of a pattern of primary (or
secondary) mutations provides insights about the HIV primary resistance, as well as about
the secondary resistance, and explains the ability of the virus to reproduce the patterns
that cause a level of resistance based on whether the combinations are primary, secondary
or combinations of these mutations.
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5.6.2 Applications based on the site of mutations
Resistance levels associated with mutations at the site of the PR gene differ from those
levels associated with mutations at the site of the RT gene. The algorithm can be applied
to detect the evolutionary behaviours at both sites, and provides insights into the
biological activities of HIV genes. For example, the algorithm can report the evolutionary
activity of the mutations at the PR or RT sites by detecting whether they occur as a result
of positive selection, negative selection or neutral evolution.

5.6.3 Applications based on the number and combination of
mutations
Multi-mutational patterns can be examined on the basis of the number and combination of
their mutations. For example, a pattern might consist of either two or three known
mutations (e.g., E44D+M41L or M41L+L210W+D67N); similarly, a pattern might
consist of different combinations of the same number of mutations (e.g., M184V which
appears in M184V+V118I+T215Y, M184V+L74V+M41L and M184V+L74V+L210W).
This underlines the advantages of the algorithm in the study of EoR driven by different
mutational sites and combinations.

5.6.4 Applications in relation to other HIV variables
The emergence and evolution of mutational patterns are strongly associated with
fluctuations in immunological and virological responses. The algorithmic application can
be extended to analyse the classes of evolutionary behaviour (positive, negative and
neutral) in relation to CD4 T-cell counts, VL, the progress of the infection, and other
variables of research interest. For example, a doctor might need to:

• determine the trends of the immunological and virological response in the three
subgroups of patients;

• monitor whether these responses act similarly or differently, irrespective of the class
of the evolutionary pattern;

• determine whether the rate of progression to AIDS in a patient with positively selected
patterns is likely to be less than for patients with negatively selected patterns.
Further research into such scenarios may lead to significant improvements in the
management of the disease.
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5.6.5 Conclusion
This chapter demonstrates the use of a novel algorithm for detecting neutral and adaptive
genetic variations that evolve and are expressed in a pattern in the context of HIV drug
resistance. The algorithm predicts the prevalence of particular patterns in a population by
calculating the posterior probabilities of their occurrence in the most recent samples,
given that this pattern has appeared in the earlier samples. An experimental example
using successive genotypic samples from HIV-infected patients illustrated the utility of
the algorithmic procedure. The results showed that the algorithm can detect a mutational
pattern through positive selection, negative selection and neutral evolution.
Determining the class of an evolutionary pattern (i.e., neutral, positive or negative)
explains the biological activities and behaviours of the virus. This explanation may
provide insights into understanding the complex interactions between the immune system,
virus and therapy combinations.
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6
A multivariate Bayesian
model of HIV drug
resistance dynamics

This chapter presents a multivariate model based on the Bayesian approach, to learn and
predict associations between the most important factors in the dynamics of HIV drug
resistance. Here, the Message-Passing Algorithm, among other methods, is used to
determine the interdependencies between these dynamics. This chapter will explain the
learning and inference of the dynamics of resistance from datasets to assess the
interactions between the emergence of genetic variations, the evolution of resistance,
antiretroviral regimens, the parameters of immunological and virological responses, and
other key clinical parameters.
Section 6.1 is an introduction to the multivariate Bayesian model of HIV drug
resistance dynamics. Section 6.2 presents the conceptual framework of HIV drug
resistance. Section 6.3 presents details about modelling in various branches of the
HIV/AIDS care and treatment environment. Section 6.4 concerns the use of BNs as a
modelling technique in the life sciences. Section 6.5 presents details of the learning and
inference processes for the construction of the described model and the prediction of its
key parameters. Section 6.6 discusses the significance and limitations of the model.
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6.1 Introduction
The capacity of HIV to mutate and produce huge numbers of genetic variations—socalled viral quasispecies—remains the most important factor behind the failure of
approved combination antiretroviral therapies (CARTs), formerly highly active
antiretroviral therapies (HAARTs) [3, 17, 19, 20, 255]. Evolving these genetic variations
at the sites of reverse transcriptase (RT) or protease (PR) genes influences the emergence
of drug resistance associated with antiretroviral (ARV) agents [3, 22]. Resistance
emergence (RE) is typically followed by the evolution of resistance (EoR), which
advances the failure of approved CARTs [268, 349].
In this evolutionary process, HIV gains selective advantage under drug pressure,
reducing the susceptibility of the new generations to the ARV agents and enabling these
generations to reach higher levels of resistance through the duplication and/or production
of new mutational patterns [264, 267]. HIV infection, followed by continuous rising and
falling of CD4 T-cell counts and viral load (VL) or fuzzy RE and EoR, ultimately
diminishes the capacity of the components of the immune system to control and eliminate
and fight the virus. The infected person’s health journey terminates after a variable time
interval with AIDS or other opportunistic diseases that contribute to death [3, 44].
Despite the extent of the vast knowledge held worldwide about the molecular
biology and genomic structure of HIV and drug resistance associated with ARV
combination therapy regimens, the properties of these interdependent dynamics are still
unclear and incompletely described. There is limited understanding of the factors
operating during the long and inconsistent period starting from the early stages of HIV
infection to the progression to AIDS. Throughout this period lengthened by CART, there
is little quantitative information on the associations between RE, EoR, the sites and
numbers of genetic mutations, and the immunological and virological dynamics in the
context of HIV-infection and AIDS progression.
AIDS is primarily a consequence of the continuous high-rate replication and
genetic mutation of HIV [350]. The rapidity of the replication process, shaping processes
of mutations, responses to ARV, and progression to AIDS are specific to individual
patients and depends on many factors [74, 351]. The key dynamics associated with these
processes include wild/non-wild HIV, RE, the prevalence of archived resistance
mutations, EoR, primary/secondary mutations, mutation sites, the number of mutations at
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each site, the success rate of viral selection processes, ARV agents, and immunological
and virological responses [3]. These parameters are likely to be the main inputs into the
dynamics of the drug resistance that increase the complexity of managing HIV infection
and AIDS progression and confound simple algorithms for predicting future prognosis.
Understanding these dynamics will be critical to providing useful insights into monitoring
the effectiveness of long-term ARV agents with a view to developing optimal future
strategies for treatment and secondary prevention of HIV associated morbidity.
Modelling the dynamics of drug resistance associated with ARV agents is an
advanced technique for providing valuable insights into understanding the associated
complexities. Specifically, it simplifies the multifactorial interaction between the viral
population and the immune system [144, 159, 189, 198, 201, 234, 350]. Many models
have been developed over the past two decades to examine the relationships and
associations between the dynamics of HIV, AIDS, and drug resistance [145, 199-201].
However, some of these models consider incomplete sets of HIV- and AIDS-relevant
variables, assess only a small number of interdependencies of HIV’s genetic variations, or
focus on recent data without considering historical information; other models encounter
significant levels of theoretical, mathematical and computational complexity, and are
unable to accommodate noisy or incomplete medical data.
We present here a multivariate Bayesian graphical model for the simplification
and prediction of HIV drug resistance dynamic parameters and interdependencies. The
model enables the use of historical and current genotypic and other clinical data. It uses a
number of inference and learning algorithms, and enables deductive and inductive
reasoning. In the next two sections briefly describe the dynamics of HIV drug resistance
associated with ARV agents, and examine existing HIV/AIDS modelling. The subsequent
section describes the building of the Bayesian graphical model.

6.2 HIV drug resistance
Resistance of HIV to treatment regimens occurs when the virus no longer responds to the
ART combinations, usually a consequence of evolving new genetic variations—so-called
mutations [3, 17, 22]. Similarly to many other RNA viruses, HIV replicates at high rate,
however HIV as a retrovirus uses reverse transcription of the viral RNA into the DNA of
the host as an intermediate stage in its progression; typically, 10 billion or more viral
genome copies a day are generated in an untreated individual [68]. The reverse
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transcription stage is extremely error-prone and contributes to the production of new viral
mutants—so-called viral quasispecies, with about one mutation on average at each paired
site of PR and RT genes per day [69]. Formation for viral strands with more than one
mutation are unusual events, and specific combinations of mutations on a single RNA
strand, associated with drug resistance of the virus, are consequently infrequent in the
absence of selective pressures.
A high rate of target cell infection and the capacity of the virus to develop and
tolerate frequent mutations ensure the production of complex and heterogeneous viral
quasispecies, differing from each other by one or more mutations in the nucleotide
sequence. Those viral quasispecies adapt to environmental changes, which are mainly
host immune system responses and ART pressures [3, 8]. Although some of these
mutations are silent synonymous mutations which do not alter the amino acid sequence of
the viral gene products and are thus seemingly harmless, many are intermediates to more
significant changes in viral structure and have the potential to offer an advantageous
outcome for the virus from this evolutionary behaviour. Mutations that enable HIV to
replicate and survive more successfully become dominant and reproduce rapidly [77]. At
this point, the HIV-infected individual has an increasing body burden of HIV (i.e., more
copies of the virus), contributing to a high VL and a reduced CD4 T-cell count.
Even though some of the new dominant substitutions consist of a single change in
the nucleotide sequence and cause a change in the encoded amino-acid and thus a single
genomic site mutation may produce a high or complete level of resistance (so-called
primary mutations), other substitutions in the same genomic site may confer only a lower
or incomplete level of resistance (so-called secondary mutations) [3, 70, 71, 352]. For
example, the Y181C mutation at the RT gene results in a clinically high level of
resistance to Nevirapine and inconsequential resistance to Efavirenz. Another example,
the M184V mutation at the RT gene results in a clinically complete or high level of
resistance to Lamivudine [72], while the Q151M mutation results in inconsequential
resistance to that drug [73]. Some mutations may contribute to resistance to specific drugs
of an ARV class, while other mutations affect other drugs of the same class. For example,
the G48V mutation at the PR gene contributes a high level of resistance to Saquinavir,
while the L24I mutation is associated with resistance to Lopinavir, both protease
inhibitors (PIs) [3]. The K103N mutation in the RT gene product confers resistance to all
licensed NNRT inhibitors and effectively is a class specific resistance mutation.
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A high level of resistance requires the gradual accumulation of new mutations or
mutational patterns via selection, reflecting the evolution of resistance and inducing
higher levels of resistance [3, 74, 75]. The selection of dominant mutations may continue
for months or years [77]. These interdependencies are important for the selection of
CART regimens, taking into account the cross-resistance of a single or a pattern of
mutations.

6.3 HIV/AIDS modelling
6.3.1 The need for modelling
Modelling in the HIV research environment provides crucial insights into understanding
the biological and medical parameters underlying HIV infection, AIDS, the immune
system and antiretroviral treatment. Understanding these parameters enables the
prediction and determination of the circumstances of the infection and disease
progression, viral evolution, the reactions of the immune system and treatment outcomes
[143].
Mathematicians, statisticians, clinicians, biologists and other scientists have
developed many models to extract as much information as possible from clinical data, to
usefully represent medical and biological knowledge, and to accurately represent
uncertainty. Practices used in developing these models include differential equations,
polynomial functions, numerical analysis, probability and decision theories, and
algorithms.
There are two approaches underlying HIV/AIDS modelling: AIDS epidemiology
and HIV pathogenesis/immunology [42]. Models of AIDS epidemiology provide and
acknowledge of the distribution, history, types and social implications of HIV/AIDS. HIV
pathogenetic models provide accurate simplification of the complex interactions between
the virus population and host immune system cells. HIV/AIDS models are also of two
types: mathematical and graphical. Mathematical models use equations to provide
quantitative knowledge of problem variables. Graphical models use theories such as those
of graphing, probability, and statistics to provide both quantitative and qualitative
knowledge of HIV/AIDS.
Existing modelling methods, despite their contribution to understanding the
different dynamics of untreated and treated HIV, have so far not enabled the development
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of ARV agents that eradicate HIV. Thus, the development of more sophisticated
modelling is critical. We now briefly review current mathematical models for the course
of HIV infection and discuss the limitations of these models and propose graphical
modelling to overcome some of these limitations.

6.3.2 Mathematical modelling of HIV/AIDS
Over the past 20 years, a number of different mathematical models have been developed
or proposed to understand the dynamic parameters of HIV/AIDS. Several of these
described the inconsistent interaction between the viral population and immune system
cells [2, 42, 192-194]. Others described the dynamics and mechanisms regulating the
production of HIV and CD4 T-cells for drug optimisation in different circumstances [133,
191, 195-197].
Models have aimed to perform many tasks in relation to HIV/AIDS:

• to analyse HIV dynamics and growth in vivo, including virion clearance rates, the
lifespans of infected cells, and viral intergenerational intervals [41, 154, 159, 164,
204-206];

• to predict whether ART regimens can eradicate HIV-1 or maintain low viral loads
[184, 185];

• to evaluate how time-varying drug exposure and drug susceptibility affect antiviral
response [189];

• to measure the diversity of viral populations as the disease progresses in untreated
patients [207];

• to advance understanding of HIV pathogenesis [353];
• to identify contributory processes to the optimisation of disease and drug resistance
[170];

• to assess the effects of HIV-infection preventive methods [154];
• to estimate HIV incidence rates in epidemic situations [156], provide more details
about HIV history and future [157];

• to determine the intervention’s health and economic outcomes [155];
• to formulate a general age of infection with HIV [158];
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• to explain variations in viral loads and in the rate of disease progression [162, 163];
• to investigate the origin of multi-drug resistance before and after treatment [78];
• to understand the evolution of the epidemic of drug-resistant HIV in a population [2];
• to determine the optimal time for initiating CART [139]; and
• to determine the association between drug resistance and the duration of viral
suppression [208].
Providing comprehensive details of this extensive collection of mathematical and other
models is beyond the scope of this dissertation; this information is in evaluative surveys
and review articles on HIV/AIDS models [41, 144, 145, 192, 198-203], and papers on
other models [146, 159, 164, 184, 189, 192, 200, 204, 207, 354]. Section 2.4 provides
information on mathematical models of HIV/AIDS.

6.3.3 Limitations of mathematical modelling of HIV
Models describing such factors as the trajectory and stages of viral dynamics, immune
system responses, drug resistance mutations, are regarded as optimal when they
successfully describe experimental data and the dynamics of viral and host populations
[201]. The properties of a good model include a close fit to the observed data, plausible
biological interpretation, conceptual and computational simplicity, ready applicability to
low-quality and irregularly timed or intermittent clinical data, convenience for statistical
inference and interpretation, and lower economic and computational costs [206]. Without
these attributes, a mathematical model may not be effective.
Although the mathematical modelling of HIV/AIDS has provided quantitative
insights into the dynamics of the infection and the disease, this work has proved to be
limited in its computational and mathematical complexity, by inclusion of only small
numbers of HIV parameters and the models demonstrate difficulty of interpreting results,
unreliable compensation for missing data, unsuitability for adaptation to expansion and
contraction, unavailability of supporting algorithms, and temporal, experimental,
theoretical and computational limitations. These limitations are likely to restrict the future
contribution of many of these models and to inhibit the execution of their functions. Thus,
conclusions generated by these models have tended to be either overly narrow or
incomplete. Section 2.4 provides further details of these limitations.
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While properties and interdependencies of HIV and AIDS are important, many of
the existing models omit important dynamics and properties of the virus, drug resistance,
host cells and immune response [41]. Current biomedical views of the relative
contribution of these properties are unstable; this is why it is critical for mathematical
models to include the hooks and mechanisms that allow for future expansion or
contraction without having to make major changes to the model parameters. Section 2.4
discusses additional limitations of mathematical models in the HIV/AIDS research
community. The rest of Chapter 6 describes a graphical modelling for HIV dynamics that
has the desirable features outlined above.

6.3.4 Graphical modelling of HIV/AIDS
To further simplify and define the complex associations between problem variables, the
non-graphical information contained within these associations can be defined in graphical
models. An example of this is the complex interactions between the activities of HIV
mutations (i.e., genetic variations) and immune system responses; these interactions may
have number of properties, such as the number, site and type of the mutations, positive or
negative immunological responses, and type, date and adherence levels of treatment
regimens. These characteristics are difficult to recover from non-graphical models. By
contrast, this information can be comprehensively recovered and interpreted using a
model employing effective probabilistic, mathematical, statistical, computational,
graphical, causation, and decision-making techniques.
Graphical modelling has the potential to combine theories of probability, graph
theory, causation and decision-making. There is strong evidence that problems of
uncertainty and complexity are better explained and solved through graphical models
[210, 213, 232, 233]. Probability theory involves interdependencies between model
parameters and problem variables. The strategic application of graph theory can yield data
structures that are highly visible and enable easy inference of problem variables.
Causation theory describes direct/indirect reasoning between model parameters through
the consideration of the weight and strength of probability theory circumstances. Decision
theory supports the use of available knowledge and expertise in addition to conclusions
generated by the model for optimising decisions. Using these theories to model
HIV/AIDS enables the easier and more precise identification of the deficiencies of
mathematical models. Section 2.2 discusses the value of graphical models in more detail.
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Limited work has been conducted on developing directed and undirected graphical
models in HIV research. To the best of our knowledge, these models are limited to a
mixture model of mutagenetic trees for describing evolutionary processes that are
characterised by the accumulation of permanent genetic changes [214], a decision tree
model for describing phenotypic drug resistance in terms of the amino acid composition
of the enzyme targeted by a drug [215], and a conjunctive BN model for describing the
accumulation of genetic alterations [216].
Other graphical models include one that is based on a distributive lattice, which
analyses the risk of viral resistance to treatment with PIs [217]; a phylogenetic-tree
method that detects genetic recombinations in aligned HIV sequences [218]; a
probabilistic graphical model for the prediction of HIV drug resistance mutations using
historical observations of ART [219]; and a Bayesian graphical model for predicting the
success of individual ART drugs [220].
Most of these models have considered part of the dynamics of HIV drug resistance
for the assessment of treatment regimens, critically, without considering the
immunological and virological responses. A number of these models have concerned
mutational pathways and evolutionary behaviours, in a bid to understand the effects of
treatment regimens consisting of a specific drug class irrespective of other components of
CART. These limitations indicate the need to develop graphical models that will lead to
an understanding of the dynamics of HIV drug resistance, taking into account factors that
may provide crucial guidance in the management of the disease.
This chapter extends our earlir work [355], by introducing a graphical model of
drug resistance dynamics that do account for immunological and virological parameters,
the emergence and evolution of genetic variations, treatment with antiretroviral drug
agents, and other variables.

6.4 BNs and modelling
6.4.1 Bayesian belief networks
A Bayesian belief network (BN; also known as BBN) [211, 212, 232, 233], B = (G, P) is
a graphical model of a multivariate or joint Conditional Probability Distribution (CPD) P
over a set of random variables of graph G. The graphical structure, G = (V(G), E(G)) of a
BN, so-called topology, is a Directed acyclic graph (DAG), a set of random variables, so-
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called nodes, V(G) = {V1, V2, V3, … , Vn}, n>0, and edges or arcs between these
variables E(G) Œ V(G) × V(G). A node Vi in V(G) represents one of the modelled
problem variables and takes continuous values for nondiscrete variables, or one of a finite
set of values for discrete variables, so-called states. An edge Eij: Vi ö Vj in E(G)
represents direct probabilistic influences between the associated variables Vi and Vj; the
absence of Eij between Vi and Vj indicates that the two variables do not influence each
other directly. Many researchers represent the concept of a BN as a triplet (V; E; P),
where V is the set of nodes, E Œ V x V the set of edges, and P is the set of probabilities.
This dissertation uses the first notation.
The direct influence of node Vi on node Vj is defined by the Conditional
probability table (CPT) for both nodes. Node Vi is then the parent or ancestor node of Vj,
and Node Vj is the child or descendant node of Vi; otherwise, Vj is the non-descendant
node of Vi. For causality analysis, the parent node Vi is a cause, while the child node Vj is
an effect. A node without parents is root node, while a node without children is a leaf
node. For any node V in V(G), PAv defines the parent set of V (becomes empty when V is
a root node), and NDv defines the nondescendant nodes of V.
Figure 6.1 illustrates a simple BN with eight nodes. The node EoR is a root parent
of three children: CD4 and VL as two parents, and the immunological response as a leaf
child. The number and type of a node’s states may differ from the number and type of the
states of the other nodes. For example, there are two states of the node EoR, Yes and No
(the appearance and absence of EoR, respectively); and there are four states of the node
CD4: A, B, C and D (representing the four standard ranges of CD4 T-cell counts [45].
As an illustration, the CPTs of three nodes are shown in Fig. 1: EoR, CD4 T-cell
count, and the occurrence of AIDS in a target population. The CPTs list the conditional
probabilities of the states of each of the eight nodes, given the states of their parents. For
example, the conditional probability that a CD4 T-cell count is in category ‘A’ is 0.35,
given that the EoR is absent with state ‘No’. We may also apply this conditional
probability to the availability of many pieces of evidence, such as the node representing
opportunistic diseases or illnesses.
For example, the conditional probability that an opportunistic disease is ‘viral’ is
0.25, given that the CD4 is in category C and that AIDS is present—i.e., with state
‘Yes’—while this probability is 0.30 when AIDS is absent—i.e., with state ‘No’. Using
notation, these conditional probabilities are as follows, respectively:

Chapter 6: A multivariate Bayesian model of HIV drug resistance dynamics

P (CD4 = ‘A’ | EoR = ‘No’) = 0.35
P (opportunistic disease = ‘viral’ | CD4 = ‘C’, AIDS = ‘Yes’) = 0.25

The other calculations in Fig. 1 represent the belief of this network about the network
nodes. The beliefs about a node are calculated using the historical observations of that
node and the other interdependent nodes. They will change as new observation (evidence)
arrives similarly to the arising of a human’s belief when judging a situation; these beliefs
are sometimes called second-order probabilities. For example, the simple network in Fig.
1 believes that the ratio of individuals with high viral loads is about 64.0%, and with low
viral is about 36.0%.
Here, Bayes’ Rule is used to calculate the posterior probability of an event Vj,
given the prior probability of the event Vi (i.e., the posterior probability of an effect,
given its cause):

P(Vj | Vi ) =

P(Vi | Vj )*P(Vj )
P(Vi )

=

P(Vi | Vj )*P(Vj )
P(Vi | Vj )* P(Vj ) + P(Vi | ¬Vj )* P(¬Vj )

(1)

where ¬V j is a complementary event of V j , so-called “not V j ”
According to the Markov Condition, each variable Vi in the set V(G) of the
network B = (G, P), {V} is conditionally independent of the set of its nondescendants,
given the set of its parents:

I P ({V }, NDV | PAV )

(2)

This condition reduces the amount of probabilistic information that has to be specified to
uniquely describe the joint distribution. It allows for design-proficient algorithms for
computing any probability of interest over the variables of a network [356].
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CPT of CD4 with states A, B, C and D
EoR
P(CD4 = A)
B
C
D
Yes
0.10
0.20 0.20 0.5
No
0.35
0.25 0.25 0.15

CPT of opportunistic diseases
Fungal Bacterial Viral Parasitic CD4
0.30
0.20
0.10
0.40
A
0.30
0.20
0.15
0.35
A
0.40
0.20
0.25
0.15
B
0.30
0.30
0.3
0.10
B
0.40
0.30
0.25
0.05
C
0.15
0.15
0.3
0.40
C
0.50
0.15
0.15
0.20
D
0.20
0.30
0.40
0.10
D

CPT of EoR
P(EoR = Yes)
No
0.70
0.30

AIDS
Yes
No
Yes
No
Yes
No
Yes
No

Figure 6.1: A Simple Bayesian Network.
One interpretation is that EoR causes a change in CD4 T-cell counts as well as in
levels of Viral Loads. The changes in both CD4 T-cell counts and Viral Load
levels indicate states of the immunological and virological responses, respectively.
Another interpretation also is the use of CDD4 T-cell count category to determine
the status of AIDS event being occurred or not yet. Many other conclusions also
can be driven or predicted from this graph. Data distribution and values here are
only meant to be schematic and are not data from any particular patients. Netica
software package for Windows version 1.12 (Norsys Software Corp., Vancouver,
BC, Canada) was used to generate this figure.
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The CPT specifies the conditional probability distributions P(Vi | PAv) of each variable
Vi, given its parents PAv. Each of these distributions describes the joint effect of a
specific combination of the parent PAv values on the probability distribution over the
values of the child V. The sets of all conditional probabilities define a unique Joint
Probability Distribution (JPD) of a network:
n

Ρ(V1 , V2 , V3 , L, Vn ) = ∏ P(Vi | PA VI )

(3)

i =1

6.4.2 BN modelling
BN modelling has been a powerful tool in medical, biomedicine, healthcare and scientific
research because it is reliable, informative, and easy to construct and implement for
problems that have uncertain solutions—in particular, where there is incomplete input
data and knowledge. BN techniques have been used in these disciplines for more than a
decade for modelling infections and diseases, and interpreting epidemiological and
pathogenetic data. BNs can articulate independencies of causes, effects and likelihoods
via realistic and rational graphical representation (e.g., [356, 357]).
The topology of a BN highlights the important parameters and dynamics of a
medical problem, and readily enables the interpretation of scenarios of conditional
relationships to resolve the high levels of uncertainty in clinical decisions, and to locate
probabilistic associations between dependencies, independencies and interdependencies
of problem variables, in simple and comprehensive graphical expressions [356]. These
properties make BNs significantly more potent than other rule-based and mathematical
modelling techniques for such problems.
Several Bayesian-based applications and systems are in use for decision-making
in complex medical problems, including optimal diagnostic and prognostic reasoning
[358-364], the design of pharmacotherapeutic regimes [361, 364], the discovery of
functional interactions between problematic biological and medical variables [365, 366],
the monitoring of healthcare outcomes [367], and the performance of emergency medical
services [368]. Other applications of BN extend to predicting protein–protein interactions
from genomic data [369], inferring cellular networks from molecular assays [370],
analysing complex genes and genetic networks from micro-array data [371-373], and
classifying ovarian tumours from clinical data [374].
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Each discipline is supported by a sizeable literature; the editorial opening of an
academic workshop on Bayesian models in medicine provides a useful summary [356].
The remainder of this chapter concerns the construction of a Bayesian graphical model of
HIV drug resistance, describing problem representation, making inference, learning
parameters and structures, and supporting decision making [210].

6.5 The model of HIV drug resistance dynamics
6.5.1 Methods of model construction
The process of constructing a Bayesian graphical model is accomplished either manually,
with the help of an expert, or algorithmically, through the use of supporting software
techniques and ontologies. The manual process consists of five phases: selecting the
variables of the problem, identifying the relationships between the variables and the
qualitative probabilistic and logical constraints, assessing the conditional probabilities for
each variable, and performing a sensitivity analysis and evaluation. This is a creative
process in which each phase refines the network [356].
Algorithmic techniques to derive the graphical structure of BNs range from
engineering requirements, ontologies, design patterns, and refactoring to object-oriented
and component-based methodologies. These techniques have been recently introduced
and are not widely used. They are proposed as techniques to assist in constructing
topologies of BNs by analogy, rather than by direct integration [375-377]. This study uses
the manual construction methodology in addition to using a graphical software package,
Netica.
In both manual and algorithmic scenarios, the construction of a BN involves two
major tasks: learning and inference. Learning involves two main subtasks: learning the
graphical structure and learning the network (i.e., model) parameters. Learning network
parameters comprises identifying the network parameters, their states, and the entries of
the CPTs. Learning the graphical structure comprises building the best and optimal
topology for the network, illustrating the associations between the smallest number of
variables of the given problem as possible. The purpose of inference lies in estimating and
predicting values of both hidden and known network variables, in the light of fresh
observations as they occur.
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6.5.2 Learning model parameters and structure
Over the past two decades, studies of HIV drug resistance have shown that several factors
and interdependencies affect the level of drug resistance associated with antiretroviral
drug agents. From these studies, 19 of the most important parameters for resistance have
been selected for this study. The selection was made according to whether each parameter
was believed or reported to be a direct or indirect cause or effect of drug resistance, from
wild-type infection to progression to AIDS.
1. Type of infecting virus (VT): Investigations of the origin of drug-resistant mutants
have illustrated that individuals acquire infection with either a wild-type (WT) or
non-wild-type (NWT) virus. A NWT mutated virus is one with pre-existing
mutations, i.e., genetic variations. Treatment failure is most likely to result from
infection with pre-existing drug-resistant mutants, rather than by new mutated
virions [78].
2. Resistance emergence (RE): The risk of emerging drug resistance depends mainly
on the size and heterogeneity of an HIV population, the acquisition of a particular
mutation or set of mutations (referred to as a pattern), and the effect of mutations
on drug susceptibility [378]. Even with pre-existing mutations, the process of HIV
replication is extremely error-prone and contributes to the production of more
patterns conferring resistance before and after the start of antiretroviral treatment.
In the model, RE has two possible states: ‘yes’ and ‘no’.
3. Site of mutations (SM): The role of mutations in the site of the protease (PR) gene
differs from that of mutations in the site of the reverse transcriptase (RT) gene.
HIV’s PR enzyme of HIV is responsible for the post-translational processing of
the viral polyproteins, which yields and produces the structural proteins and
enzymes of the virus; HIV’s RT enzyme is responsible for RNA-dependent DNA
polymerisation and DNA-dependent DNA polymerisation [5]. In the model, SM
has two possible states: ‘PR’ and ‘RT’.
4. Number of mutations (NM): Drug resistance occurs on a range of values, rather
than being a binary phenomenon. A high level of resistance requires the ongoing
accumulation of further mutations or mutational patterns. In the model, the NM
has six states, each based on the number of mutations, from one to six or more: 1,
2, 3, 4, 5 and 6 + mutations.
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5. Type of mutations (TM): Although some mutations result in a high level of
resistance, other mutations rarely produce complete resistance and may need an
association with other mutations to confer resistance [3, 70, 71, 352]. Thus,
mutations fall into one of two types (Table 6.1). In the model, TM has two
possible states: ‘primary’ and ‘secondary’.
6. Category of mutational pattern (CMP): Although a proportion of new mutational
patterns are typically harmless, and occur through either negative selection or
neutral evolutionary behaviour, patterns that enable HIV to survive become more
dominant and reproduce rapidly through positive selection [379]. In the model,
CMP has three possible states: ‘Positive Selection (PS)’, ‘Negative Selection (NS)’
and ‘Neutral Evolution (NE)’.
7. Codon of mutations (CM): Genotypic testing for HIV drug resistance describes
resistance mutations according to alterations in amino acid in the sequence. The
CREST study, which concerns guidelines for the interpretation of HIV testing
results in Australia, regularly reports mutations associated with all drug agents
evolving at various codons on the gene sequence [19]. In the model, CM has
numerous states, as listed in Table 6.1.
8. Evolution of resistance (EoR): Because a higher level of resistance requires the
accumulation of new or dominant mutations, the genetic structure of future HIV
generations may alter into a new format [3, 77]. In the model, EoR has two
possible states: ‘yes’ and ‘no’.
9. Antiretroviral agents (ARV): Many antiretroviral drug agents are produced,
because several mutations evolve at various codons of gene sequence of HIV and
different stages of the HIV life cycle. The Food and Drug Administration (FDA)
has approved more than 15 drugs in four classes [17, 133]. In the model, ARV has
numerous states, as listed in Table 6.1.
10. Antiretroviral Therapy (ART): Treatment strategies for HIV recommend CART
drawing on drugs from the three main classes: one or two Nucleotide Reverse
Transcriptase Inhibitors (NRTIs) with either a Non-Nucleoside Reverse
Transcriptase Inhibitor (NNRTI) or Protease Inhibitor (PI) [17, 133]. A Fusion
Inhibitor (FI) is also available. In the model, ART has numerous states, as listed in
Table 6.1.
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11. Adherence (AD): Poor adherence by patients to the prescribed treatment regimen
may cause the failure of CART, because of the tendency for resistance to evolve
when drug levels are frequently allowed to fall to minimal levels [380]. In the
model, AD has numerous states:: ‘poor’ and ‘good’.
12. Toxicity of CART (TA): The toxicity of many ARV drugs is associated with a
range of side-effects [140]. These may limit the available therapeutic options. In
the model, TA has two possible states: ‘yes and ‘no’.
13. CD4 T-cell counts (CD4): CD4 T-cells are a fundamental component of the
immune system. The count of these cells is a key indication of how well the
immune system is responding to the infection, and of the optimal treatment
strategy. In the model, CD4 has four possible states as according to the World
Health Organization’s classification system [45]: ‘A’, ‘B’, ‘C’ and ‘D’ (Table 6.2).
14. Viral Load levels (VL): Measuring the amount of HIV in a blood sample indicates
the progress of the infection and the efficiency of the treatment. The VL is another
key indicator for ART strategy. Unlike CD4 T-cell counts, there are no standard
classifications based on VL ranges. Based on a comparison of studies of VL [137],
in this model, VL has two possible states: Low (< 20,000, i.e., < log4.3 copies/mL),
and High (≥ 20,000, i.e., ≥ log4.3 copies/mL).
15. Immunological responses (IR): Monitoring the changes in CD4 T-cell counts
indicates how well the immune system is responding to the infection. My
coworkers and I have shown that a significant change in CD4 T-cell count may
occur as a result of the appearance or absence of EoR [137]. In the model, IR has
two possible states: ‘positive’ and ‘negative’.
16. Virological responses (VR): Monitoring the changes in VL indicates how well the
virus replicates in an infected individual. In another aspect of our studies, we
showed that as a result of the appearance or absence of EoR, a significant change
in VL may occur [137]. In the model, VR has two possible states: ‘positive’ and
‘negative’.
17. AIDS event (AE): AIDS is the consequence of HIV infection. Progression to
AIDS is associated with extremely low counts of CD4-T cells. According to the
WHO classification system, AIDS is identified when the CD4 T-cell count falls
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below 200/mm³ in combination with an AIDS-defining illnesses. In the model, AE
has two possible states: ‘yes’ and ‘no’.
18. Opportunistic infection (OI): OIs are associated with a low CD4 T-cell count and
a high VL [44]. In the model, OI has four possible states according to their
categories: ‘Fungal’, ‘Bacterial’, ‘Viral’ and ‘Parasitic’.
19. Death incidence (DI): Progression to AIDS almost always results in death [3, 44].
In the model, DI has two possible states: ‘yes’ and ‘no’.

Table 6.3 summarises the dynamics of HIV drug resistance and their potential states as
described above. Yet, our knowledge concerning these dynamics and other factors in HIV
viral infection, AIDS progression, drug resistance, immune response, and antiretroviral
therapy is incomplete.
The integration of new knowledge, including new dynamic factors into the model
structure and functions is readily achievable; this is due to the nature of BNs in
performing prediction, evaluation and clarification. An example of such prediction is the
process of updating CPTs using new observations. Pearl’s algorithm [232], the Message
Passing Algorithm, is used in this scenario. An example of using this algorithm with real
data is given in Section 6.5.4 to explain these predictive processes.
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Table 6.1: Primary and secondary resistance mutations associated with PRIs, NRTIs
and NNRTI [19]
Class
PRIs

Drug

Primary mutations

Amprenavir

I50V or I84V

Indinavir

No single mutation identified,

Secondary mutations

M46I and V82A/F/T predisposes
to resistance to indinavir
Lopinavir

I84V

Nelfinavir

D30N or L90M

Ritonavir

V82A/F or I84V

Aaquinavir

G48V or L90M

All PIs

At least two of D30N, M46I,
I50V, V82A/F/T, I84V, or L90M

NNRTI

Delavirdine

K103N and/or Y181C and/or

K103T

P236L
Efavirenz
Nevirapine

K103N and/or Y188L and/or

L100I or V108I or Y181C or

G190S

P225H

K103N and/or V106A and/or

A98G or L100I

V108I and/or Y181C/I and/or
Y188C and/or G190A

NRTIs

Abacavir

M184V with K65R or L74V or

K65R or L74V or M184V or

Y115F

M41L or D67N or K70R or
T215F/Y or K219Q

Didanosine

K65R or L74V

M184V

Lamivudine

M184V, E44A/D and/or V118I

M184V

with T215Y and/or M41L
Stavudine

V75T

M41L and/or D67N and/or
K70R and/or T215F/Y
and/or K219Q

Zalcitabine

K65R or T69D or L74V or V75T

Zidovudine

M41L and/or D67N and/or K70R
and/or T215F/Y and/or K219Q

M184V
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FIs

MDR

NRTIs

68SS69 with T215Y

Enfuvirtide (T-

G36V, I37V, V38A/E/M,

20)

N42D/T, N43D, L44M or L45M

NRTIs

T69S plus SS or SA or SG with or
without T215F/Y

DDI/DDC/ZDV Q151M with A62V and/or V75I
and/or F77L and/or F116Y

MDR (mutations conferring multi-drug resistance to NRTIs)

Table 6.2: CD4 levels and the severity of immunosuppression
Immunosuppression

Stage

CD4 levels

Not significant

A

≥ 500/mm³

Mild

B

350−499/mm³

Advanced

C

200−349/mm³

Severe

D

< 200/mm³
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Table 6.3: Variables and states of HIV drug resistance dynamics model
Variables

Abbreviation

Type of infecting virus

VT

Wild- (WT)/non-wild- (NWT) type

Resistance emergence

RE

yes/no

Site of mutation

SM

PR/RT

Number of mutations

NM

1, 2, 3, 4, 5 and 6 more mutations

Type of mutation

TM

primary/secondary

Category of mutational

CMP

pattern

Possible states

positive selection (PS), negative selection
(NS) and neutral evolution (NE)

Codon of mutations

CM

Many states (Table 6.1)

Evolution of resistance

EoR

yes/no

Antiretroviral agents

ARV

Many states (Table 6.1)

Antiretroviral therapy

ART

Many states (Table 6.1)

Adherence

AD

poor/good

Toxicity of ART

TA

yes/no

CD4 T-cell count

CD4

A, B, C and D (see Table 6.2)

Viral load

VL

low/high

Immunological

IR

positive/negative

Virological response

VR

positive/negative

AIDS event

AE

yes/no

Opportunistic

OI

Fungal, Bacterial, Viral and Parasitic

DI

yes/no

response

infections
Death incidence
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Having defined the model parameters, constructing a BN can be accomplished. A
learning network aims to build the network topology—the graphical structure (i.e., the
DAG) that describes associations between variables. The topology illustrates the potential
states of a given network variable. In this context, various types of model variable should
be considered: binary, binomial or multi-nomial, each of which are either multinomial or
continuous. The DAG of a BN is primarily manually constructed by consultations with an
expert and investigators after a comprehensive review of the literature [232, 381]. We
used a graphical software application for drawing the topology of our model. Figure 6.2
illustrates the topology of a Bayesian model of HIV drug resistance dynamics.
Another approach to learning a BN topology or a DAG is through data-based
construction. The suitability of data for learning purposes in applying this methodology is
critical. For example, a complete set of data is typically difficult to obtain and should
follow a specific strategy to enable the reliable identification of probabilistic relationships
among the network variables. The values of defined variables and their associated states
should also match the values of the target variables and their associated states using
relatively easy translation [356]. For most real-life data sets of problem variables, these
properties are difficult to obtain.
Despite these drawbacks, algorithms for learning a DAG from datasets have been
developed. For example, the K2 Algorithm [382], performs greedy heuristic searches for
a DAG that best describes the data at hand, using maximum-likelihood estimations.
Another algorithm is the Information-Theoretical Algorithm [383], with three subsequent
phases: drafting, thickening and thinning. The drafting phase concerns the construction of
a draft diagraph from the available data; the thickening phase adds arcs between pairs of
nodes based on their associations; and the thinning phase concludes each arc of the
diagraph and removes arcs between conditionally independent variables. The two-step
expectation maximisation (EM) algorithm is used to estimate probability distributions
from the data. Further discussion of these algorithms and methods is beyond the scope of
this dissertation; they are treated in detail in other publications [211, 212, 232, 356, 368,
384, 385].
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Figure 6.2: A Bayesian model of HIV drug resistance dynamics; asterisked
parameters are multiple states
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6.5.3 Making inferences
The main goal of inference is to estimate or predict values of a research interest, given
new evidence or observations. Having built and accepted an optimal network topology, or
DAG, an expert may employ different algorithms and procedures for computing the
network’s numerical components (i.e., its CPTs and beliefs). A powerful property of a BN
is that an investigator may make two types of inference (i.e., reasoning): inductive and
deductive.
Inductive reasoning aims to infer the values of causes (‘roots’), given the values of
an effect (a ‘leaf’). This type of inference, so-called Diagnosis—Bottom-Up reasoning—
infers the values of hidden causes, given the values of known effect; in other words, the
user will be given the effect or conclusion with which to diagnose a cause or fact. Figure
6.3A illustrates the procedure of inductive reasoning. For example, I revealed that in
patients with primary or secondary EoR associated with NRTI, there was a significant
decrease in mean CD4 T-cell counts [137]. On the other hand, other studies have
demonstrated that a substantial reduction in CD4 cell counts is possible among patients
who are highly nonadherent to prescribed ART drug regimens [386, 387]. The beauty and
benefits of using a BN are that it enables the diagnosis of the cause (i.e., whether through
poor adherence or other aspect of EoR) of the reduction in the CD4 T-cell counts.
Deductive reasoning, conversely, aims to predict the values of effects, given the
value of a cause. This type of inference, so-called Prediction—Top-Down reasoning—
predicts the values of hidden effects, given the values of known causes (i.e., the user will
be given the cause or fact to predict the effect or conclusion) [210, 357]. Figure 6.3B
illustrates the procedure of deductive reasoning. For example, we found that in patients
with primary or secondary EoR associated with NRTI, there is a significant decrease in
mean CD4 T-cell counts. The knowledge of these results enables the prediction of the
effect “a significant decrease in mean CD4 T-cell counts”, given the cause “primary or
secondary EoR associated with NRTI”. This conclusion is true in one direction and for
diagnosing the cause, given that the effect is not reversible, because “a significant
decrease in mean value of CD4 cell counts” may not result from “primary or secondary
EoR associated with NRTI”.
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Figure 6.3: inductive and deductive reasoning.
In A, a practitioner is given an effect ‘Presence of an Opportunistic Disease’, while
not being able to identify the particular cause. Performing inductive inference
enables a practitioner to decide whether the first cause ‘Occurrence of AIDS’ or the
second cause ‘Change in CD4 T-cell counts’ is behind this effect, i.e., disease. In B,
a practitioner is given a cause ‘Occurrence of EoR’, while s/he cannot identify the
causal effects. Performing deductive inference enables the practitioner to determine
the quantitative and qualitative causal effects ‘Change in CD4 T-cell counts’ and
‘Change in VL levels’, and whether they could be same or different.
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Many algorithms are developed for using BNs to make both types of inference. Our
model captures the uncertain and probabilistic values using Pearl’s Message-Passing
Algorithm, a forward- and backward-passing algorithm. The next section describes, the
message-passing algorithm, and exemplifies its operation with real data. For more details
about the other algorithms for making inference see three publications [211, 232, 388].

6.5.4 Message-Passing Algorithm
Pearl’s Algorithm [232, 388], consists of two steps: initiating the network probability
values and updating these values as new evidence or observation arises. The algorithm
demonstrates the steps of inferring in three types of network: Tree, Singly Connected and
Multiply Connected networks.
A Tree is a network with a DAG in which (i) there is a unique node called the
root, (ii) every other node has precisely one parent, and (iii) every node is a descendent of
the root. A Singly Connected network has a DAG in which there is, at most, one chain
between any two nodes. A Multiply Connected network has a DAG in which there is
more one chain between at least two nodes [232]. Examples of these networks are in
Figures 6.4A, B and C.
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(B)

(A)

(C)

Figure 6.4: Different types of network topologies: the Tree (A), the Singly
Connected (B); and the Multiply Connected (C) Networks
Inference in (A) and (B) is accomplished directly using the two forms of the
Message-Passing Algorithm, while in (C), a partition is executed as in Figure 5.

Part I
VT = Wild

Part II
VT = Non-Wild

Figure 6.5: A Multiply Connected network partitioned into two networks
Depending on whether the resulting networks are Tree or Singly Connected, the
matching algorithm is applied to both parts, assuming the infection type is wildinfection (Part I) and non-wild-infection (Part II).
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Irrespective of the type of network, the initiation process is based on defining two
probability vectors with the existing observations, to pass messages between the network
nodes. Such passing, from the root parent to the children, will improve one’s belief in the
states of the network nodes. The updating process is based on repeatedly resending the
new values of the probability vectors as new observations arrive. These updating vectors,
or messages, are resent up from the child to the parents, and down from the parent to the
child, until all network nodes are visited and their belief values are revised.
The messages are labelled λ and π. The message λ is used to send the updates
from a child node to its neighbouring parents, who will transmit the message to other
parents until reaching network root is reached. Conversely, the message π is used to send
the updates from a parent node to its neighbouring children, who will transmit the
message to other children until the network leaves are reached.
Although optimally constructing BNs with these functions is known to be NP-hard
(i.e., No-Deterministic Polynomial-time hard with high computational complexity), many
developers have implemented the algorithm as an object-oriented application in which
each node is treated as an object communicating with the other objects, that is, passing λ
and π messages to them [212, 232, 233, 388]. Instead, we focus here on setting out the
steps of the algorithm for inference in a Tree network. Henceforth, ‘network’ refers to a
Tree network.
Figure 6.6 illustrates an untrained BN—a network with no beliefs—with four
nodes: Evolution_of_Resistance (E), CD4_T-cell_Count (C), Viral_Load_Level (V) and
Virological_Response (R). The Figure shows the CPTs of the network nodes. The
algorithm is run in two phases: Initiate the network to find the initial beliefs of the
network about the states of the network nodes; and Update the network to revise these
beliefs as new observations arrive. These processes are illustrated in Figures 6.7 and 6.8,
respectively.
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CPT of EoR (E)
P(EoR = yes)
no
0.70
0.30

EoR
yes
no

CPT of CD4 T-cell Counts (C)
P(CD4 = A)
B
C
D
0.10
0.20 0.20
0.5
0.35
0.25 0.25 0.15

CPT of VL (V)
EoR P(VL = high) low
yes
0.70
0.30
no
0.50
0.50

VL
high
low

CPT of VR (R)
P(VR = positive)
0.20
0.40

neg.
0.80
0.60

Figure 6.6: A four-node BN with the four corresponding CPTs.
Beliefs about the states of each node are not yet calculated in this untrained BN.
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In the network initiation stage, the Initiate procedure trains the network and calculates the
network beliefs about the different states of network nodes. The assumption in this case is
that the set of variables with new observations is Ø; thus, the values of these observations
are Ø. Figure 6.7 illustrates the application of the Initiate procedure to calculate the
following values and messages:


The λ values of every state of each variable. In case of Initiate, these values are set
to 1 (i.e., λ(e1) = 1, λ(e2), λ(c1) = 1, λ(c2) = 1, λ(c3) = 1,… , λ(r1) = 1 and λ(r2) = 1).
The notation λ(e1) is the value of the belief stored at Node E in the state e1.



The λ messages, beliefs sent from a child to its parents. This also is set to 1 in case
of the initiation procedure (i.e., λC(e1)=1, λC(e2), λV(e1)=1, λV(e2)=1, λR(V1)=1 and

λR(v2)=1). The notation λC(e1) is the message from e1 sent to Parent C from Child E.
The procedure in this case calculates three λ messages: C ö E, V ö E and R ö V.


The π values of the root node states. These values are the beliefs calculated from the
conditional probabilities of the state of a node, given the new observation of that node
(in this case, Ø).



The π messages, beliefs sent from a parent to its children. These values are the π
values of a node multiplied by the λ messages received from the other children of that
node. For example, the message πC(e1) equals the π value of Node E in State e1 (i.e.,

π(e1)) multiplied by the λ message received from the child V to Node E in State e1
(i.e., λV(e1)). The procedure, in this case, calculates three π messages: E ö C, E ö
V and V ö R.
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λ(e1) = 1, λ(e2) = 1
π(e1) = 0.7, π(e2) = 0.3
P(e1|Ø) = 0.7, P(e2|Ø) = 0.3

↑λV(e) = (1, 1)
↑λC(e) = (1, 1)

↓πV(e) = (0.7, 0.3)

λ(v1) = 1,
λ(v2) = 1,

↓πC(e) = (0.7, 0.3)

π(v1) = 0.64,
π(v2) = 0.36
↑λR(v) = (1, 1)
↓πR(v) = (0.64, 0.36)

P(v1|Ø) = 0.64,
P(v2|Ø) = 0.36

λ(c1) = 1, π(c1) = 0.175
λ(c2) = 1, π(c2) = 0.215
λ(c3) = 1, π(c3) = 0.215
λ(c4) = 1, π(c4) = 0.395
P(c1|Ø) = 0.175, P(c2|Ø) = 0.215
P(c3|Ø) = 0.215, P(c4|Ø) = 0.395

λ(r1) = 1, λ(r2) = 1
π(r1) = 0.272,
π(r2) = 0.728
P(r1|Ø) = 0.272,
P(r2|Ø) = 0.728

Figure 6.7: Initialised version BN (i.e., for the BN in Figure 6.6)
The values and messages of π and λ probability vectors are illustrated. The sum of π
values or beliefs of all states of a node is 1. πR(v) = (0.64, 0.36) is used instead of

πR(v1) = 0.64 and πR(v2) = 0.36; λR(v) = (1, 1) is used instead of λR(v1) = 1 and
λR(v2) = 1.

Chapter 6: A multivariate Bayesian model of HIV drug resistance dynamics

A

B

Figure 6.8: An updated version of the BN.
The updated version of Figure 6.7, with revised beliefs, as a new observation of a
patient’s VL arrives (A), and then a new observation of a patient’s CD4 T-cell
Count (B) arrives. In (A), the beliefs are updated once as a result of finding that
the patient has “high” VL. This observation increases our belief in that the patient
gains EoR from 70% to 76%, as well as other beliefs in regard to CD4 T-cell
count. In (B), the beliefs are updated for a second time as a result of finding that
the patient has category B of his CD T-cell count. This observation decreases our
belief that the patient will suffer EoR, from 76% to 72%. The beliefs of this BN
change in response to ongoing observations of an individual. The values of the
conditional probability in the CPTs for each network parameter also change as
more data about a population becomes available; changing these CPTs also
changes the network beliefs.
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6.6 Discussion
6.6.1 Significance of BNs
The use of a BN to solve problems with uncertain solutions is more appropriate than other
classical statistical and mathematical methods that focus on the physical and statistical
probabilities. In contrast, Bayesian analysis accommodates multiple interdependent
factors to determine the future status and posterior probability of variables of research
interest. This task can be accomplished by using historical and current data along with the
likelihood of a state. The makes the future status and posterior probability of such a
variable is proportional to the likelihood and the prior status of the interdependent
variables at the same time [232, 233]. Bayesian analysis can be tailored and customised to
an individual’s specific circumstances, as well as to several population-based
investigation scenarios. These flexible attributes make the use of Bayesian approach more
powerful than traditional methods.
Modelling HIV drug resistance requires accounting for the biological and medical
dynamics underlying the progress of resistance, particularly the detailed persistence of
genetic mutations in association with the immunological and virological responses and
recommended antiretroviral agents. Considering these factors enables the creation of
optimal hypotheses that assess multiple explanations of drug resistance, rather than the
investigation of a single causation. Bayesian modelling enables these practices using a
larger range of data sources.

6.6.2 Limitations of BNs
Learning a BN is NP-hard because of the high computational complexity required.
However, with advent of Object-Oriented techniques, many applications have been
developed for learning BNs. Making Bayesian inference demands that the appropriate
data be available, which naturally delineates the functionality of our model.

6.7 Conclusion
Genetic mutations of HIV frustrate treatment regimens. Patients’ ability to fight their
infection decreases as these mutations accumulate and produce resistance associated with
CART. Understanding the dynamics of drug resistance is a major step towards improving
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the design of CART, which demands quantitative and qualitative knowledge of HIV
genetic mutations.
The long-term goal of treatment strategies and antiretroviral regimens is to enable
the immune system to manage the virus and, ultimately, to provide the means to eliminate
it. Modelling HIV/AIDS provides crucial insights into understanding the dynamics of
viral infection, the immune system, disease progression and drug resistance. Modelling
the dynamics of drug resistance will lead to critical understanding of the
interdependencies and associations between the key variables of HIV/AIDS, including the
emergence of the genetic mutations that cause drug resistance, the evolution of resistance,
immunological and virological responses, and therapeutic effectiveness.
BNs are practical, informative and readily constructed and implemented
techniques for modelling the dynamics of HIV drug resistance. The quantitative and
qualitative functions of BNs include graphical topology and conditional probability
distributions; these enable the examination of different hypothesis and uncertain clinical
decisions. The ability to answer quantitative and qualitative questions about HIV
infection, AIDS progression and drug resistance dynamics using stand-alone
mathematical models is limited. Modelling complex systems requires accurate
descriptions of the underlying problem dynamics. This goal can only be achieved when
descriptions of conclusions given by mathematical modelling are analogous or parallel
with explanations of clinical or experimental data provided by graphical models.
The chapter has explained what data and parameters are required to allow
quantitative and qualitative predictions of drug resistance. It has shown how a new
observation of just a small change in one parameter of the model can lead to substantive
changes in other parameters.
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7
Conclusion
This chapter is a summary of the study (7.1 and 7.2), describes the limitations of the
research, and points to future research directions (7.3 and 7.4).

7.1 Summary of the dissertation
The work undertaken and described in this dissertation has presented novel computational
methods for the analysis of HIV drug resistance genotypic data to advance the
understanding of the emergence and evolution of HIV resistance, the associated
immunological and virological responses, the evolutionary behaviours of HIV genetic
variations, and the interdependencies among the dynamics of drug resistance.
Chapter 1 provided an introduction to the challenging problem of HIV drug
resistance, and set out the objectives and structure of this dissertation. Chapter 2 presented
a literature review of HIV biology, therapy, drug resistance and modelling. It discussed in
detail the biological structure of HIV, current treatment strategies, drug resistance
mutations and mutational patterns, and the methods, approaches and types of HIV
models.
Chapter 3 described the importance of HIV drug-resistance databases and outlined
the features of the HIV-1 Genotyping Database at the Molecular Biology Laboratory at
the Biochemistry Department, RPAH, Sydney, which stores the datasets manipulated in
Chapters 4–6. These chapters explained the sources and analysitical methods for
manipulating the data relating to HIV drug resistance.
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Chapter 4 presented a classification approach to the evolutionary resistance
mutations and to the immunological and virological responses. The chapter analysed the
dynamic changes in the immunological and virological responses in the context of HIV
mutations, to identify the predictors and factors of EoR and to demonstrate the changes in
immunological and virological parameters in patients with/without evolution of
primary/secondary resistance associated with PIs, NRTIs and NNRTIs drug classes.
Chapter 5 presented a novel algorithm for the detection and classification of the
adaptive and neutral evolutionary patterns associated with HIV drug resistance. It
explained the development and application of the algorithm using real data to address the
evolutionary behaviours of HIV mutational patterns in the context of treatment regimens,
and to advance the biological understanding of HIV structure.
Chapter 6 presented an innovative graphical model of HIV drug resistance. It
explained (i) the learning of the model’s parameters and topology, (ii) the making of
inferences using algorithmic procedures, and (iii) the dynamic interactions between the
emergence and evolution of HIV drug resistance mutations, the treatment regimens
components, and the parameters of the immunological and virological responses. These
are key parts of understanding the course of HIV infection and progression to AIDS.

7.2 Summary of results
This study has generated significant results through the use of the novel algorithm and the
model for analysing the problem of HIV drug resistance. These results have the potential
to influence the understanding of HIV/AIDS, the design of therapeutic strategies, and the
selection of optimal treatment regimens.
Chapter 4 demonstrated that the lability of the amino acid sequence at the primary
resistance mutation sites for NRTI is associated with an early decline in CD4 T-cells,
whereas the stability or absence of resistance-inducing mutations at those sites was
associated with immune reconstitution and a significant rise in CD4 T-cells, despite
ongoing viraemia. The chapter showed that low CD4 cell counts and high VL in the early
stages of HIV infection, a significant drop in CD4 cell counts in the early stages of the
infection, and high frequencies of mutations during the early stages of an ARV regimen,
emerge as potential predictive factors of EoR associated with NRTI and PI agents during
the mature stages of the infection. This chapter explained that a significant reduction in
VL during the later stages is correlated with NRTI-EoR, while a minor decrease in VL
during the same period is correlated with PI-EoR. The early stability of VL is correlated
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with a lack of lability of resistance mutations in the later stages. These conclusions
support the value of using the CD4 T-cell counts and VL in guiding the CART regimens.
Chapter 5 explained that the novel Bayesian algorithm for analysing HIV
evolutionary patterns can classify and predict the prevalence of a given evolutionary
pattern over a population. Determining the class of the evolutionary patterns, whether
they arose predominantly from neutral evolution, positive selection or negative selection,
explains their biological structure and behaviours, and provides insights into
understanding their interaction with the immune system and treatment regimens.
Chapter 6 showed that the main dynamics to consider during the design of an
HIV/AIDS model, either graphical or mathematical, include, but are not limited to, the
type of infecting virus, resistance emergence, site, codon, the number and type of
emerging mutations, the category of mutational pattern, EoR, ARV agents and therapy
combinations, adherence, the toxicity of ARVs, CD4 T-cell count, VL, immunological
and virological responses, an AIDS-defining event, opportunistic infections and the
incidence of death. This chapter demonstrated that the use of BNs can increase and update
our belief about drug resistance dynamics in response to ongoing observations of an
individual or individuals.

7.3 Research limitations
Investigations concerning HIV infection, drug resistance, the immune system, ARV
agents, and AIDS are as yet considered immature. This is due to many factors and
challenges, including the limited capabilities of drug-resistance testing, the medical
considerations which influence treatment regimens, the discordances of genotypic data
interpretation algorithms, the size of ever-accumulating HIV genetic and clinical trail
data, and the limited availability of some of the critical data.

Drug-resistance testing: Several factors limit the utility of both genotypic and
phenotypic testing. For example, there is a complex relationship between drug resistance
and clinical failure, often making it difficult to clarify the contribution of drug resistance
to virological failure. These tests fail when the HIV population in an infected individual is
small; this occurs because the HIV population consists of innumerable variants and minor
variants that go undetected. The results of resistance testing often leave clinicians with
few options for treatment; this is due to the extensive cross-resistance within each drug
class.
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Medical considerations influencing treatment regimens: Toxicity, side-effects and
adherence are major factors contributing to HIV therapy failure. Long-term toxicity limits
the number of the alternative treatment options. In addition, ARV individual agents and
classes may act differently against the HIV infection; this makes predicting treatment
outcomes difficult. For example, NRTIs lack activity in some cell types, and therefore
their efficacy varies from one cell type to another.

Discordances of genotypic–phenotypic interpretation algorithms: The use of the
genotypic and phenotypic assays is a critical part of HIV clinical management and AIDS
prevention. However, the interpretation algorithms are becoming more complex because
of the increasing number of HIV mutations, individually and in pattern format. The
clinical and medical values of these applications depend on their data interpretation rules;
these rules have not yet been standardised as a single interpretation system. The results
produced using several interpretation systems may cause doubt or confusion among
clinicians in their critical decision-making.

The size of the accumulating HIV data: The genomic structure of HIV consists of two
9717 bases strands of RNA that include sites of the PR and RT genes. The rate of viral
replication is very rapid, producing about 10 billion copies a day, with the rate of
1:100,000 genetic errors. This explains the possibility of producing about 100,000 virions
with different biological structure. Taking this into account, the number of mutations that
should be considered in managing HIV is huge; the number of reported mutations by the
research community is increasing. In addition, although fewer than 30 combinations of
ARVs are used, 3000–10000 reasonable therapeutic combinations are possible using the
approved ARVs. The algorithmic interpretation systems generate huge amounts of data as
a result of the analysis of the complex associations between the genetic mutations and
ARV agents. Therefore, the analysis of these datasets may exceed the capabilities of
current databases and applications.

7.4 Future directions
The discovery of preventive, curative and medicinal antiretroviral regimens remains the
optimal goal of HIV research communities. The current computational, biological,
pharmaceutical and medical technologies and competences are incapable of eradicating
HIV and guaranteeing non-progression to AIDS. Achieving these goals demands the
development of more sophisticated computational methods, medical strategies, clinical
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practices, ARV agents and biological knowledge. This study points the way towards the
following research opportunities.



The analysis of immunological and virological responses in association with
resistance mutations was set out in Chapter 4, which investigated the potential
prediction factors of EoR. The analytical approach was based on monitoring the
changes and differences in the immunological and virological parameters in patients
with/without EoR. This approach broadens the scope of future investigations that
monitor EoR in the context of positive/negative immunological and/or virological
responses. It is important to investigate the evolutionary changes and behaviours in
patients who have different responses. This may provide critical insights into
understanding the complex interactions between virus and immune system.



The classification of HIV mutational patterns and the prediction of their prevalence
over a population were demonstrated in Chapter 3. The algorithm provides insights
into understanding the biological structure of HIV and determines the class of the
evolutionary behaviour of the mutational pattern, whether it arose predominantly from
neutral evolution, positive selection or negative selection. Future studies may
investigate the factors behind these behaviours, including drug pressure, immune
system and biological factors. It important to identify the circumstances of the
treatment at the subgroups level of patients with these evolutionary classes. Taking
into account ARV regimens in this context, there will be three possible evolutionary
behaviours.

1. If the virus acts according to positive selection, the ARV is ineffective for blocking
the replication process (i.e., allowing the pattern production).
2. If the virus acts according to the negative selection, the ARV is effective for blocking
the replication process (i.e., eliminating the pattern).
3. Otherwise, the impact of the ARV on viral activity/replication is unknown and further
investigation may be needed.
A doctor may have to clarify the class of a mutational pattern acquired by a patient. S/he
may have to react according to why a patient gains a pattern as a result of positive
selection, negative selection or neutral evolution.

Chapter 7: Conclusion


The knowledge of the evolutionary class (i.e., positive, negative or neutral) of a given
mutational pattern with respect to an ARV regimen may provide an estimation of the
treatment significance and outcome. Presuming that the pressure of the ARV agents is
one of the forces behind the evolutionary behaviours of the virus, the determination of
immunological and virological responses in the subgroups of patients with different
evolutionary classes may provide significant understanding of the tripartite
relationship between HIV, the immune system and the ARV agents.

A doctor may need to monitor the changes and differences in CD4 T-cell counts and VL
in patients who gain a pattern as a result of positive selection, negative selection or
neutral evolution.



The development of Bayesian graphical models of HIV drug resistance dynamics has
been accomplished in Chapter 6. Modelling HIV/AIDS provides insights into
understanding the infection and disease. Many HIV/AIDS mathematical models suffer
from limitations. Further studies aiming the creation and implementation of graphical
models of HIV/AIDS dynamics may contribute significantly to the design of new
ARV agents and treatment strategies. The development of new graphical models may
help to avoid the limitations faced by mathematical models.
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Appendices
The appendices section provides additional information on the web resources and their
features for HIV drug resistance testing in clinical settings, the HIV-1 PR and RT
sequencing kits and the reports used for clinical decision-making at Royal Prince Alfred
Hospital: CD4 T-cell counts, VL, mutations and drug susceptibility using HIVdb, and
mutations and drug susceptibility according to the CREST algorithm.
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Appendix A
Web resources for HIV drug resistance testing in clinical and research Settings
(Information provided here is based on the source: [5])

Drug resistance data
Source

Web address

Los Alamos

http://hiv-web.lanl.gov

Features
Searchable HIV-related data

National

bases including a database of

Laboratory HIV

drug-resistance mutations

Sequence
Database.
Stanford HIV RT

http://hivdb.stanford.edu/

A comprehensive database of

and Protease

hiv

HIV RT and

Sequence

protease sequences linked to

Database

treatment data and phenotypic
drug susceptibility data

International

http://hivinsite.ucsf.edu/

Contains the most recently

AIDS Society-

published guideline along with

USA

simplified diagrams of key drug
resistance mutations.

Suppliers of systems for HIV sequence analysis
Applied

http://www.appliedbiosy-

ViroSeqTM HIV-1 Genotyping

Biosystems

stems.com

System, reagents and
equipment for home-brew
assays

Visible Genetics

http://www.visgen.com

TRUGENE TM HIV-1
Genotyping Kit, TRUPREPTM
RNA isolation kit

Innogenetics
Affymetrix

http://www.innogenetics.co

INNO-LiPA® HIV-1 line

m

probe assays

http://www.affymetrix.com

Affymetrix GeneChip®
Systems

Appendices

Sequence analysis programs
PHYLIP

http://evolution.genetics.wa

PHYLIP is a free,

shington.edu/phylip.html

comprehensive package of
programs for phylogenetic
analysis of sequence data. This
site also a comprehensive set
of links to other sequence
analysis tools.

IUBIO archive
Los Alamos

http://iubio.bio.indiana.edu/

A comprehensive set of links

soft/molbio/

to sequence analysis programs.

http://hiv-web.lanl.gov

Programs for making

National

alignments and phylogenetic

Laboratory HIV

trees, estimating

Sequence

synonymous/nonsynonymous

Database

substitutions, detecting
signature mutations and intersubtype recombination.

Stanford HIV RT

http://hivdb.stanford.edu/hi

Two programs including HIV-

and Protease

v (link to http://hiv-

SEQ and a drug resistance

Sequence

4.stanford.edu/cgi-

interpretation program.

Database

bin/hivseq-web.pl and

The release notes for HIV-

http://hiv-

SEQ contain the consensus B

4.stanford.edu/cgi-

protease and RT sequences.

test/hivtest-web.pl)
BLAST

http://ncbi.nlm.nih.gov

Nucleotide and amino acid
sequence similarity search.

TreeView

http://taxonomy.zoology.gla Viewing and manipulating tree
.ac.uk/rod/treeview.html

files
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Companies that provide phenotypic assays
Virco, Inc.

http://www.vircolab.com

Services include the
AntivirogramTM
phenotyping assay,
VirtualPhenotypeTM, and
GENChecTM genotyping
assay.

ViroLogic

http://www.virologic.com

Services include the
PhenoSenseTM phenotyping
assay.
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Appendix B
HIV-1 PR and RT Sequencing Kits
(The information provided below is based on the source: [5])
Applied Biosystems

Visible Genetics TRUGENETM

ViroSeqTM HIV-1

HIV-1 Genotyping Kit

Genotyping System

Sample requirements
Plasma volume

500 ul

Depends on method used for
extraction

Viral load

>2,000 RNA copies/ml is

>1,000 RNA copies/ml is

recommended

recommended

Lysis and centrifugation

Separate kits can be purchased

using a modification of the

for RNA extraction.

RNA isolation

MONITOR Ultrasensitive
Method (Roche
Diagnostics).

RT/PCR
RT
PCR

Controls

Single primer, MMuLV RT,

Single primer, MMuLV RT,

RNase inhibitor

RNase inhibitor

Non-nested, 40 cycles with

Non-nested, 27 cycles with

Ampli-Taq Gold DNA

proprietary DNA polymerase.

polymerase. 1.8 kb product

1.3 kb product

Positive and negative

Positive and negative controls

controls included beginning

included beginning with the

with the RT/PCR step.

RT/PCR step.

dUTP/UNG Amperase
Sample clean up

Microcon columns

None

Analysis

Agarose gel

None

Equipment eeded

9600 or 9700 thermal cycler

Laboratory’s preferred thermal
cycler

Sequencing

Appendices
Method

BigDyeÔ

CLIP bi-directional

dideoxyterminators
Number of

6-7 primers, one per rea

primers
Equipment
Throughput

6 reactions, each containing a
primer mix

9600 or 9700 thermal

Customized equipment for gel

cycler, ABI 310, 377, 3100

preparation and electrophoresis

16 samples per 7 hour run

1 sample per 50 minute run.

on ABI 377 (96-well). 32

With 4 Long Read Towers, 28

samples per run over 24

samples in 8 hours

hours on ABI 3100

Data analysis system
Region analysed

Protease 1-99, RT 1-320

Protease 1-99, RT 40-247

Computer

MacIntosh for ABI 377/ABI PC

platform

310, PC or MacIntosh for
ABI3100

Software features

Primer assembly, auto

Primer assembly, auto trimming,

trimming, full view of

full view of electropherograms,

electropherograms,

translation and alignment to

translation and alignment to

reference sequence, quicktab to

reference sequence, quick

positions of interest for editing.

tab to positions of interest

Includes “fingerprinting”

for editing.

comparison to prior runs.

Mutations

Resistance mutations, novel

Resistance mutations, known

reported

variants, insertions/deletions polymorphisms, novel variants,
insertions/deletions

Sequence format

FASTA

FASTA (Ns may need to be
deleted for data analysis)

Other reported

Information about sequence

information

quality and editing

Drug resistance interpretation
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Appendix C
Sample reports used for clinical decision-making at RPAH

CD4 T-cell counts testing report

HIV plasma viral load report

Appendices

Mutations and drug susceptibility report according to the Stanford University’s
HIVdb interpretation system

Appendices

Appendices

Appendices

Mutations and drug susceptibility report according to the CREST algorithm. The
report known as the “Antiretroviral Susceptibility HIV Genotype Test”
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Appendices
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