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0.3 Abstract

Human Immunodeficiency Virus (HIV) has a high mutation rate which allows it
to evolve rapidly in response to selective pressures. We explore how transmission
may naturally select HIV virulence. Set-point viral load (SPVL), the level of
stable viraemia in early asymptomatic infection, is linked with the severity of
infection, and is used as a proxy for virulence.

The first part investigates the virulence-transmission trade-off, which has been
identified in several host-pathogen systems. Previous work hypothesised that
this trade-off favours HIV-1 viruses of intermediate SPVL which are optimal
for transmission. We analysed a deterministic model incorporating host and
viral contributions to SPVL, transmission rates and duration of infection. We
estimate key parameters governing SPVL evolution and examine the rate of evo-
lution towards intermediate virulence. This model was extended to incorporate
stochasticity to investigate how the founding virulence affected the probabil-
ity of emergence into a new population. Strains of intermediate virulence were
found to be more likely to emerge.

The second part explored heritability of virulence. Several recent studies have
estimated heritability of SPVL, mostly by comparing between individuals iden-
tified as transmission pairs, but one used phylogenetic comparative analysis
instead, which is applicable to more datasets. Many methods are available for
this approach, and we evaluate these using simulated and previously analysed
data, and develop new methods. None were able to identify heritability below
a substantial threshold, which was higher than many of the results in previous
studies. The two most successful methods were applied to a new dataset from
the Netherlands, with an ambiguous result suggesting borderline detectable her-
itability.

This work explores the estimation of heritability using phylogenies and provides
some further evidence for genuine heritability of SPVL. The models provide
strong support for a previous hypothesis and a framework for investigating how
HIV virulence evolves in populations.
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0.6 Introduction

The virulence of human infectious agents ranges from the barely detectable
(e.g. GB virus C [23]) to the highly pathogenic and frequently fatal (e.g. Ebola
[119]). Appropriately, the level of virulence is normally considered in terms of
its impact on the host, but the virulence also has a large effect on the fitness of
the pathogen.

The fitness of an organism is defined as the ability to survive and produce
offspring carrying ones genes into the next generation [167]. Much work examines
pathogen fitness during the infection of a single host, in which context fitness
may be considered its ability to productively infect host cells or tissues with
a high replication rate. At the level of the population, however, the ability
to transmit to new hosts is a crucial aspect of fitness. All else being equal, a
pathogen maximises its fitness by keeping its host alive and preventing clearance
by the immune system for as long as there are opportunities to transmit itself.
This led to the widespread belief that all pathogens will evolve towards a state
of low virulence [151]. However, if virulence is linked to the ability to transmit,
then the pathogen is faced with a trade-off between the two. A more virulent
strain pays a cost in terms of duration of infection, which is cut short due to host
death or immune clearance, but it trades this off against the benefit of higher
transmissibility during this shorter infection, and it may therefore outcompete
a less virulent strain (reviewed in [5]). This work explores the evolution of
virulence in the context of HIV.

0.6.1 Why study HIV?

An estimated 34 million people were living with HIV in 2010, of whom 68%
were in Sub-Saharan Africa. There were 2.7 million new cases in that year and
1.8 million deaths from Acquired Immune Deficiency Syndrome (AIDS). The
prevalence is still increasing but the annual incidence has been decreasing since
its peak in the late 90s. The rate of AIDS-related mortality has started to
decline in many areas including Sub-Saharan Africa, but is still high [221]. The
severity of infection varies widely, with some individuals progressing rapidly to
AIDS and death, and some surviving for decades [162], so any variation in HIV
virulence has a very large human impact.

In addition to the public health benefit, studying the evolution of HIV is relevant
in evolutionary biology to the study of the virulence-transmission trade-off [73],
and to the study of the conflict between selection pressures at the host and the
population level [4]. The trade-off hypothesis for the evolution of virulence has
become well-established both in theory, and more recently with empirical data
(reviewed in [5]). However the authors of that review discuss the limitations
of the trade-off hypothesis, in particular the simplicity of the model which is
both a benefit and a hindrance. Every host-pathogen system is complex, and
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virulence may not respond to selection pressure in a predictable way [60].

The high mutation rate of HIV equips it well to adapt to a change in environment
by rapidly producing new genotypes. Unlike DNA polymerase [85], which copies
the genome in cellular organisms and DNA viruses, the two enzymes involved
in replicating the HIV genome, RNA polymerase II and reverse transcriptase,
have no proofreading function and they introduce a high rate of error (reviewed
in [116]). Frequent coinfection of cells with multiple provirus [113] allows a high
rate of recombination [139], which further increases the genomic diversity and
allows a greater rate of adaptation to selective pressure [117, 166].

In such a long-lasting and rapidly diverging pathogen, the within-host evolu-
tionary dynamics occur on a comparable timescale with transmission dynamics,
whereas most epidemiological studies assume that the within-host dynamics
occur instantaneously [3]. HIV as a rapidly evolving and data rich organism
provides opportunities to explore the complexities of evolving host parasite sys-
tems.

0.6.2 Measuring HIV virulence

Virulence is defined verbally as the tendency of an infectious agent to reduce
the fitness of the host. More specifically it is often defined as the rate at which
the pathogen induces host mortality, in excess of the background mortality rate
[8]. Since the mortality rate from HIV may be dependent on external factors
such as the availability of treatment, the rate of progression to AIDS is a more
appropriate measure of virulence. Progression to AIDS is currently defined clin-
ically by the CD4 count or by one or more AIDS defining illnesses [32]. I use the
set-point viral load (SPVL) as a proxy for the rate of progression, and there-
fore the virulence, of HIV. In brief, SPVL refers to the relatively stable density
of virions in the blood which characterises asymptomatic infection. There is
considerable population level variation in SPVL, in spite of its relative stability
within the individual [95]. SPVL is widely used as a prognostic indicator for
AIDS, as individuals with a higher SPVL have a higher rate of CD4 cell decline,
and they tend to progress more rapidly to AIDS [230, 124] and die sooner as a
consequence [152]. As a result of its relative constancy during asymptomatic in-
fection, SPVL can be measured at a wide range of time points in an individuals
infection [82].

However, other proxies are available. A study comparing various different mea-
sures as proxies for virulence (recent viral load, peak viral load, set-point viral
load and copy years viraemia) found that the set-point did not perform as well
as the other measures in predicting the hazard of AIDS or death [41]. Another
study developed a single measure using principal component analysis which in-
corporated the trajectory of viral load, and had the advantage that it relaxed
the specific timing needed to measure the prognostic marker for an individual.
However, it requires that the single measure for an individual must be calcu-
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lated in the context of an entire cohort, leaving questions as to which cohort
should be used [105]. SPVL must be measured in a specific time window, and
although this causes problems in measuring prognosis when time to seroconver-
sion is unknown, it is also as a result a more stringent measure, and perhaps
most importantly it is widely used. SPVL is also a good proxy with respect
to the virulence-transmission trade-off because it correlates positively with the
rate of transmission. Studies of heterosexual couples with discordant serostatus
demonstrated that individuals with higher SPVL were more likely to infect their
partners [69, 187].

Both rate of progression and rate of transmission determine the number of new
infections an individual will generate from the time of infection to death. The
transmission potential is the product of the rate of transmission and the life
expectancy. Low SPVL results in a long life expectancy with many opportunities
to transmit, but at a low rate of transmission, while high SPVL is associated
with a high rate of transmission but for a shorter infectious period. A higher
SPVL gives a higher rate of transmission, but with limiting returns, and as
a result the transmission potential is maximised at intermediate SPVL [73].
Fraser et al. observed that the mean of the current distribution of SPVL is
relatively similar to the value which optimises the transmission potential, and
they proposed that the between-host environment has naturally selected for
virus which produces infections with intermediate SPVL.

0.6.3 Natural selection

It is a fundamental principle that a trait must have heritable variation which
conveys differences in reproductive success for evolution by natural selection
to occur [47]. For the purposes of this work, the infection of a single host is
considered the unit of reproduction, rather than an individual virus or provirus.
In this thesis I explore how virulence is inherited and selected in the population,
to investigate the hypothesis that the distribution of SPVL evolves towards
intermediate values, and that the current distribution of SPVL in the population
is a result of this mechanism [73].

Understanding the source of variation in SPVL is important in determining how
the viral population will respond to selection. Host factors which influence SPVL
have been identified [31, 53, 64], while less work has been done in identifying
its viral correlates. However, virulence has been shown to differ between HIV
subtypes [58] which suggests that viral control is important. This is further
supported by longitudinal studies which show changes in SPVL or the rate
of CD4 decline over time [96]. Several studies have attempted to quantify the
heritability of SPVL in HIV infection, under various routes of transmission and
different settings [4, 12, 94, 104, 215, 130, 223] and collectively they suggest
that the viral genotype exerts substantial control over SPVL variation [158].
The level of heritability determines whether or not the viral population will
evolve on an observable timescale.
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0.6.4 Is HIV virulence evolving?

A recent meta-analysis examined changing virulence of HIV between 1984 and
2010 in 12 studies, 8 of which measured SPVL [96]. The study found a signifi-
cant decrease in baseline CD4 count over time (p<0.0001), which is an indicator
of increasing virulence. Most studies found a significantly increasing SPVL over
time, but the overall trend was not significant (p=0.07). One study [160] found
that the trends were risk-group specific. Changing virulence over time implies
population level evolution of virulence which suggests directional selection. If
the evolutionary dynamics are indeed risk group specific this may be because
these groups have been founded by separate strains which differ in their vir-
ulence, or the different routes of transmission may result in different optimal
levels of virulence, or may cause evolution to occur at different rates. A growing
epidemic may also favour strains with high virulence which reproduce rapidly,
even if they produce fewer lifetime transmissions than a strain with virulence
which is optimal for an endemic situation [73, 25]. A rise in virulence may there-
fore be a consequence of entry into a new population.

It is likely that there is considerable random variation in the evolution as well
as the measurement of virulence markers, making it hard to identify trends
where they exist. Systematic bias may also be introduced by an artefact if the
sensitivity of assays used to measure SPVL decrease over time, or if the samples
themselves show lower viral load as they age. However, a CASCADE study, in
Europe, Australia and Canada, which found an increase in SPVL, noted that
controlling for the type of assay did not change the results [55].

A genuine trend in virulence may result either from evolution of virulence within
a comparatively isolated epidemic, or by the replacement of the viral population
by another which differs in virulence. A phylogeographic analysis demonstrated
that the epidemics in various European countries and Israel were generally inter-
spersed [175], suggesting that strains from abroad could readily be introduced.
There is also evidence for changes in subtype proportions over time in two Sub-
Saharan African epidemics [42, 188] which may be explained by differences in
their virulence. However, a recent study in the Netherlands found an increase
in SPVL over time within transmission clusters, which suggests that this is
due to internal evolution of virulence rather than introduction of more virulent
genotypes from elsewhere [21].

Evolution of virulence is also important in the context of artificial changes in
transmission parameters. Several new methods for preventing infection are un-
der development (reviewed in [168], see Table 0.1). It is hoped that they will
reduce incidence as widely as possible, but they are unlikely to have a per-
fectly uniform effect across the range of viral virulence. Therefore there is the
potential for a widespread intervention to change the optimal virulence and
drive selection in the population. For example, antiretroviral treatment could
preferentially target individuals with higher SPVL as they present with clini-
cal AIDS earlier, and therefore select for lower virulence in the population, as
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transmission from individuals on treatment is minimal [40]. Alternatively, an in-
tervention which preferentially reduced transmission potential among lower viral
loads could select for higher virulence. A vaccination which reduces pathogen
toxicity, and therefore virulence, directly may result in an overall decrease in
virulence because the benefit of producing toxins is decreased while the cost re-
mains, as in the case of diphtheria and pertussis [212]. However, modelling work
suggests that a vaccine which reduces the within-host growth rate, or reduces
transmission from an infected, vaccinated individual may select in the popu-
lation for more virulent strains, which will display more virulence when they
infect non-vaccinated individuals [78]. Whether or not such selection provides
opportunities for positive virulence management or causes perverse outcomes
deserves further scrutiny when data on transmission in the context of hetero-
geneity of virulence becomes available. The extent to which such outcomes can
be predicted in advance is unknown, and this indicates the need for surveillance
to detect such an effect.

0.6.5 Conflicting within- and between-host selection

The mechanism proposed by Fraser et al. [73] for the population evolution of
SPVL requires that viruses are selected for their potential to transmit. For
this to be possible requires that virulence is heritable from one infection to the
next, and the level of heritability determines how fast this trait will evolve. Sub-
types exhibit differences in disease severity which imply viral control of virulence
[58]. Several studies have quantified the heritability in SPVL [4, 94, 104, 215,
130]. This heritability may be mediated by qualitative differences between viral
genomes in the population. For example, some viruses carry deletions in the nef
gene which result in low viral loads and long term non-progression of disease
[48]. However, in this work I am concerned with quantitative and unspecified
traits which vary across all scales of the viral population. I use the term viral
virulence genotype (VVG) to refer to all aspects of the viral genotype which
contribute to variation in SPVL.

Such quantitative factors may experience conflicting levels of selection from the
within-host and between-host environments. Viral mutations which increase the
replication rate within one host may reduce its replication rate in the next, or
may decrease the transmissibility between the two. Such conflict was suggested
by Levin and Bull [138] who hypothesised that a rapidly evolving organism like
HIV undergoes short-sighted evolution which increases the replication rate and
therefore the virulence within the host at the expense of transmissibility. This
hypothesis is supported by competition assays which demonstrate that replica-
tive fitness is greater in virus isolated later in infection [219], suggesting that
there are grounds for the existence of such a conflict between the levels of selec-
tion. Caution is required when assuming that viruses which evolve to be more
productive in vitro will result in higher SPVL, since there is evidence that the
set-point is established during primary infection [214], but this does not rule out
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Table 0.1: Methods for prevention of HIV.

Treatment as prevention
Treatment with anti-retroviral drugs reduces an individuals viral load, which
improves the prognosis in the later stages of disease, but it can also prevent
transmission at any stage. In the HPTN study 052, early treatment reduced
96% of infections between HIV-serodiscordant couples, compared with a control
group who were treated when their CD4 count dropped below 250 cells/mm3

[40].

Voluntary medical male circumcision
Removal of the foreskin reduced the female-to-male transmission in three stud-
ies, and the meta-analysis risk ratio was 0.44 (95% confidence interval 0.330.60)
[153]. A reduction in male-to-female transmission may occur but the effect was
non-significant in one study [17] and viral-load dependent in the other [91].

Vaginal microbicide
In the CAPRISA 004 study, use of 1% tenofovir gel within 12 hours both before
and after vaginal intercourse significantly reduced the risk of infection by 39%,
or higher (54%) in women with greater than 80% adherence [115].

Oral pre-exposure prophylaxis
The iPrEx study found that daily doses of oral tenofovir combined with emtric-
itabine reduced HIV acquisition by 44% in men who have sex with men, and
as with the vaginal microbicide, this was higher in individuals with evidence
of greater adherence [89]. However a separate trial found that there was no
corresponding effect in women, which may reflect a lack of drug efficacy, or
poor adherence in the study [106].

Prevention of mother-to-child transmission
Anti-retroviral drugs can effectively reduce transmission of HIV from mother
to child during pregnancy, birth and breast-feeding to very low levels [208].

Vaccination
The recent RV144 study in Thailand of the combined ALVAC-AIDSVAX vac-
cine showed a 31% reduction in HIV acquisition, although there was no reduc-
tion in viral load in those who became infected [192]. A vaccination leading
to protective antibodies in the genital tract, passive immunisation by direct
administration of neutralising antibodies, or gene transfer technology are all
potential technologies under development (reviewed in [168]).

Cure?
A potential approach to cure is to purge the latent viral reservoir from which
the virus is normally able to make a rebound if treatment is interrupted. It
is hoped that inducing these latent proviruses to replicate, under combination
therapy, will cause them to be recognised by the immune system and destroyed,
and this method is under clinical trial [148].
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that these viruses with higher replication capacity may be transmitted.

Fraser et al. proposed intermediate virulence is favoured in HIV because of
diminishing returns on higher virulence [73]. These diminishing returns may
also occur at the within-host level, and various studies have modelled these
dynamics. Depending on the function between cell mortality rate and replica-
tion rate, viruses with intermediate replication rates may maximise their burst
size and outcompete those which are more virulent [43, 84]. Spatial structure
may also produce a reduction in optimal virulence [190]. These studies suggest
that within-host selection will not cause virulence to spiral upwards, but it is
likely that within- and between-host selection pressures act in conflict, since
the optimum replication rate is unlikely to be identical for these two levels of
selection.

0.6.6 Maintaining virulence at the population level

Since transmission is a comparatively rare event compared with within-host
replication, the within-host selective pressures act more consistently on the viral
genome. In spite of this, how does the virus maintain a level of virulence which is
sufficient for transmission to continue? For HIV to remain a successful pathogen
requires that sufficient fidelity in the phenotype is maintained in spite of rapid
diversification. The limit at which fidelity is too low for the identity to be
maintained is known as the error threshold [62]. Whether or not HIV would
be subject to an error catastrophe if more highly diverged viruses were always
transmitted is unclear, but there is phylogenetic evidence that divergence at
the population level is much slower than expected by the rate of within-host
divergence [135].

Several mechanisms have been proposed for the isolation of the within-host
selection pressure from the population level evolution, which results in this
rate mismatch (reviewed in [144]). This review argues that the most plausible
mechanism is one in which ancestral virus continues to circulate in spite of
general diversification, and is preferentially transmitted.

There is phylogenetic evidence that ancestral genotypes are favoured for trans-
mission over the current major strains in a donor [200]. HIV normally experi-
ences a genetic bottleneck during transmission [93], which suggests either that
only a few virions are transmitted, or that the virus is immediately subject to
strong selection. Such selective pressure may favour ancestral virus, which has
not adapted to the different environment of the previous host.

An example of a conflicting adaptation is coreceptor usage. Transmitted strains
tend to favour the CCR5 coreceptor for entry into CD4 cells, while the CXCR4
receptor tropism tends to emerge, if at all, later in infection. However recent
work has suggested that transmission of CXCR4-tropic virus is more common
than previously concieved, depending on the route of transmission and the sub-
type [34]. Nevertheless, transmitted strains often have a different cell tropism to
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major strains in the infector individual [201], which suggests that host-specific
or late-stage adaptations may detract from transmissibility.

Adaptation to the host immune response may reduce its fitness in the next
host. Virus isolated from recently infected individuals is much more susceptible
in vitro to neutralising antibody than virus from a chronic stage infector [49],
suggesting that the latter virus may have adapted to the immune pressure in the
within-host environment, while transmission selected for a strain without these
adaptations, either at the point of transmission or by selecting for reversion.
The same may be true in perinatal transmission: env sequences isolated from
infected infants conferred greater in vitro replicative capacity to standardised
viruses than env from their mothers in chronic infection [123].

A putatively unadapted and therefore more transmissible strain may be present
in low numbers in the same compartments as other strains, as minor strains in
the donor are frequently transmitted [237], in a mechanism described as store
and retrieve [144].

Alternatively, it may be that the transmissible strain remains in the mucosa,
where it is specifically adapted for that environment and is therefore capable of
being transmitted during sexual contact. There is frequent compartmentalisa-
tion between the mucosal and systemic virus [9, 180]. Langerhans cells, which
are found in the mucosa, frequently migrate to the lymph nodes, are compara-
tively long-lived, and are therefore candidates for this mucosal reservoir of the
infection (reviewed in [112]).

It is possible that correlation in SPVL from one infection to the next is due to
factors other than viral genetics. Heritability implies that similarity in SPVL
between an infectee and infector is determined by their shared viral genotype.
It is possible that higher SPVL in the donor induces higher SPVL in the recip-
ient by inoculation with a larger dose of virus. In rabbit haemorrhagic disease
virus there is evidence for two modes of transmission, an avirulent and a viru-
lent form, which are indistinguishable genetically and therefore may result from
differences in infecting dose [228]. However, this is highly unlikely in HIV since
most infections can normally be traced back to a single infecting virus, and it
is rare that the inoculum is larger [93].

In this work I will evaluate and apply methods for measuring heritability in
order to gain insight into the mechanisms which maintain viral characteristics
between infections.

0.6.7 Mechanics of SPVL

After the initial infection which results in a peak in viraemia, viral load de-
creases to the relatively constant set-point, and remains at this point for some
time before viral load increases again with the onset of AIDS. I will discuss the
characteristics of the primary and disease stages before discussing what causes
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the level of the SPVL.

Stage 1: primary infection.

This is characterised by influenza-like illness and a very high viral load in both
plasma and peripheral blood mononuclear cells [46]. The viraemia reaches as
high as 10 million virions/mm3 of blood [181] but this peaks within days of
the onset of symptoms, falling away again rapidly [38]. The virus preferen-
tially infects cells in the gastrointestinal tract or other lymphoid tissue, where
the greatest concentration of target cells are found [29]. The spike in viraemia
is attributable to the rapid exploitation of this resource, a dense network of
CD4+CCR5+ target cells, and the rapid and largely irreversible depletion of
gut-associated lymphatic tissue may be partly responsible for the reduction in
viraemia at the end of primary infection (reviewed in [33] and [68]).

However, this fall has been largely attributed to the cellular immune response,
for which various evidence is available. There is a temporal link between the fall
in viraemia and the rise of the cellular immunity, while a neutralising antibody
response does not appear until much later [125]; there is a link between the effi-
ciency of the cellular response and the fall in viraemia [28]; the cellular response
has an inhibitory effect in vitro [234]; and strong selection on the HIV genotype
occurs in epitopes recognised by the cellular response [27]. Furthermore, a study
which fitted models to viral and immune dynamics in Simian Immunodeficiency
Virus (SIV)-infected macaques found that a model with only viruses and target
cells explained the observed data poorly compared to one which also included
cellular immunity [191].

The infectivity of an individual is strongly correlated with his/her viral load
[187] and the rate of transmission during primary infection is therefore very
high, and in fact higher than would be expected purely on the basis of higher
viral load [103, 145], suggesting that there is more to the infectivity than simply
quantity of virus in the body.

Stage 3: disease.

Aside from a brief and often undiagnosed period in primary infection, HIV-
infected individuals first show symptoms following a gradual decline in immune
system function. Both the absolute density of CD4 cells and the proportion
they form of the total lymphocyte count fall over the course of infection, and
AIDS is characterised by CD4 count less than 200 cells/µl, less than 14% of total
lymphocytes, or the presence of an AIDS defining illness [32]. Without treat-
ment, the immune damage continues, with the subsequent risk of opportunistic
infections.

Immune damage begins in primary infection with depletion of gut lymphocytes,
but continues with chronic immune activation associated with massive produc-
tion of cytokines (reviewed in [68]). The reduction in CD4 cells is associated
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with high viraemia and has two potential causes: directly by cytolysis caused by
infection with the virus [150], and indirectly by the action of cytolytic immune
cells [35]. There is recent evidence that the lymphocyte depletion in the gut
increases intestinal permeability [185], allowing highly immunogenic material to
cross the membrane and stimulate the immune system to produce the damaging
chronic activation observed in HIV infection [30].

Many immunodeficiency viruses do not cause mortality in their hosts. SIV de-
rived from the Sooty Managabey monkey (SIVsmm) is broadly non-pathogenic
in its natural host, which has coexisted with SIV, but results in progression to
AIDS in the rhesus macaque, an unnatural host from Asia where SIV has not
been found in wild primates [122]. Rhesus macaques given the same virus showed
lower viral load but a sustained depletion of CD4 cells and most progressed to
AIDS within a few years [211]. This difference has been partly attributed to
less immune activation in the natural host and reduced expression of the CCR5
co-receptor which is crucial for viral entry to CD4 cells [170]. The significantly
reduced expression of this co-receptor in 5 natural hosts of SIV in comparison
with 5 species of more recent hosts suggests that lower pathogenicity in natural
hosts is a consequence of attenuation by host evolution [171]. Humans show the
same pattern of disease progression as the other unnatural hosts, as infection
is not cleared, and immune damage occurs over time, which results in immuno-
suppression.

What causes the level of SPVL?

The asymptomatic stage of infection is characterised by relatively constant vi-
raemia. Although the viral load fluctuates around this point during this stage
of infection, there is much greater variation between individuals than within an
individuals infection [95].

There are a number of factors which contribute to this variation which are gen-
erally identified with host control. The sex of an individual has an effect on
the viral load which interacts with their CD4 count [53, 199], and the age at
seroconversion also affects viral load, the latter also substantially affecting the
risk of disease progression (reviewed in [132]). Opportunistic infections and
vaccination may cause transient increases in viraemia, known as blips, through
immune activation [111]. Host genetic factors also play a major role. Human
Leukocyte Antigen (HLA) type B alleles have been shown to have strong ef-
fects on SPVL, infectivity and risk of disease progression [79]. A genome wide
association study found host genetic factors (not including sex) which account
for 13% of the variation in SPVL [64]. An additional 9% of variation was ex-
plained by sex, age and population structure, although some of the latter could
be based on unidentified host genetics. The study could only detect loci which
explained greater than 1.3% of the variation in SPVL. Interestingly, however, a
genome wide association study failed to find human genetic factors associated
with HIV-1 acquisition [142]. Human genetic factors which correlate with low
SPVL have been shown to have a reduced impact over time, which suggests that
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viral evolution may be counteracting human protective genes, and suggests a
mechanism by which viral virulence may increase over time [146].

A substantial body of experimental and observational work has examined the
mechanisms which govern the balance between the virus and the immune sys-
tem. Experiments with macaques showed that the rate of viral replication early
in infection correlated with the subsequent stable viraemia, but this variation
was attributed to host factors since the outcomes in four animals were very
different despite their infection with identical virus [140]. The cellular immune
response also plays a substantial role. In humans, SPVL correlates with qual-
itative aspects of the cellular immune response during primary infection, and
interestingly these immune factors show greater correlation with subsequent
SPVL than they do with the viral load at the time they are expressed [172].
During asymptomatic infection the magnitude and breadth of cellular immune
response to Gag proteins correlated with low SPVL [61]. The functionality of
Natural Killer cells has also been implicated as a determinant of SPVL [128].
Modelling studies have suggested that the balance between viral replication and
immune response may have multiple steady states, so the initial conditions of
the infection may be important [6, 229].

Fitting within-host models to clinical data has suggested that large variations
in SPVL could result from small variations in multiple parameters contributing
to processes such as target cell production, CD8 competition and infection rate
[159]. An alternative modelling study proposed that the three parameters which
determine SPVL are the death rate of infected cells, the fraction of infected cells
which go on to produce virus, and the net rate of target cell production. Using
clinical data, they suggested that the former two parameters do not vary enough
to explain the variation in SPVL over several orders of magnitude, leaving only
the net rate of target cell production as the potential cause of the large variation
[26].

Viral characteristics have also been identified which influence the viral load,
such as the number of N-linked glycosylation sites [37], and whether or not
the nef gene is defective [86]. Mutations which prevent viral recognition by
the cellular immune system occur in many viral genes and are associated with
lower viral loads due to the fitness cost of escape [198]. Kouyos et al. [126]
combine data from in vitro experimental fitness assays with viral load data
using a machine learning tool [98], and identify 4.4% of variation in SPVL as
determined by replicative fitness in the protease and reverse transcriptase genes.
The replicative capacity was also found to be increasing over time.

While experimental and theoretical correlates of SPVL appear to be in the do-
main of either the host or the virus, it is difficult to use these data to quantify
the relative effect of the host and the virus on variation in SPVL. For example,
a viral characteristic may be correlated with high SPVL, but the underlying
cause of variance in SPVL may be host characteristics which favour infection
with virus carrying that characteristic.
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What does SPVL mean in a time of treatment?

The widespread availability of anti-retroviral drugs which extend lifespans and
reduce infectivity alters the relevance of SPVL. A study in Uganda found that
twenty year olds on combination anti-retroviral therapy (cART) were expected
to live an additional 26.7 years [154]. For an individual in Europe or North
America, where cART has been more widely available and for longer, twenty
year olds are expected to live an additional 40-50 years on cART. This depends
on their sex, their risk group (injecting drug users have lower life expectancy)
and their starting CD4 count [102], but is a very large improvement on the 1-2
years which were expected before such treatment was available [143].

This drastically changes the relationship between initial SPVL and duration of
infection. Treatment also changes the relationship between initial SPVL and
transmission rate. In the HPTN 052 trial which tested treatment for preven-
tion, as discussed previously, infected individuals in serodiscordant partnerships
began treatment earlier than normal. There were significantly fewer transmis-
sions in the early treatment group compared with the control group, who began
treatment, as normal, when their CD4 count dropped below 250 cells/?l, or at
their first AIDS-defining illness [40].

Currently the data is not available to be able to predict how the virulence-
transmission trade-off would respond to a population in which treatment was
available, and so in this work I have focused on the evolution of virulence in the
pre-treatment era.
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0.7 Brief overview of thesis

The broad aim of this thesis is to investigate the evolution of virulence in human
populations. It is divided into two parts, the first (chapters one and two) con-
cerned with the natural selection of virulence in HIV, and the second (chapters
three and four) concerned with the heritability of that virulence. Chapter one
describes a deterministic model which simulates the transmission and evolution
of virus in a large population. This is fit to data to estimate key parameters
which govern evolution of SPVL, and we examine the rate of its evolution over
time. In chapter two this is extended to include stochastic effects to examine
how virulence affects whether a virus will emerge in the population or go extinct.
Chapter three explores different methods for measuring the heritability of vir-
ulence between infections using only a phylogeny to establish relatedness, and
evaluates their ability to measure heritability in simulated and real previously
analysed data. In chapter four the two most successful methods are applied to
a dataset from the Netherlands which has not been previously analysed.

Plots were produced using R [217], and the text, equations and tables were cre-
ated in LaTeX [131, 155] with accompanying bibliography in BibTeX [177].
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Chapter 1

Transmission selects for
HIV-1 strains of
intermediate virulence: a
modelling approach
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1.1 Abstract

Background
Recent data shows that HIV-1 is characterised by variation in viral virulence
factors that is heritable between infections, which suggests that viral virulence
can be naturally selected at the population level. A trade-off between trans-
missibility and duration of infection appears to favour viruses of intermediate
virulence.
Methods
We developed a mathematical model to simulate the dynamics of putative viral
genotypes that differ in their virulence. As a proxy for virulence, we use set-point
viral load (SPVL), which is the steady density of viral particles in blood during
asymptomatic infection. Mutation, the dependency of survival and transmissi-
bility on SPVL, and host effects were incorporated into the model.
Results
The model was fitted to data to estimate unknown parameters, and was found
to fit existing data well. The maximum likelihood estimates of the parameters
produced a model in which SPVL converged from any initial conditions to ob-
served values within 100-150 years of first emergence of HIV-1. We estimated
1) the host effect and 2) the extent to which the viral virulence genotype mu-
tates from one infection to the next, and found a trade-off between these two
parameters in explaining the variation in SPVL.
Conclusion
The model confirms that evolution of virulence towards intermediate levels is
sufficiently rapid for it to have happened in the early stages of the HIV epidemic,
and confirms that existing viral loads are nearly optimal given the assumed con-
straints on evolution. The model provides a useful framework under which to
examine the future evolution of HIV-1 virulence.

1.2 Introduction

The median time between HIV-1 seroconversion and progression to symptomatic
AIDS is approximately 10 years [15]. However, there is considerable variation in
this rate of progression, with substantial proportions of patients progressing to
AIDS in less than 5 years, or remaining AIDS-free after 20 years. Explaining this
variability is an important goal of HIV pathogenesis research. Many cofactors
which influence time to AIDS have been identified e.g. host genetics [79], host
age [15], and recently viral factors have been implicated [4, 94, 215, 130, 16,
104, 120, 163].

This chapter explores the extent to which the VVG, changing from one infected
individual to the next, may have evolved under natural selection in the early
phase of HIV-1s history. Between-host selection, leading to changes in the vir-
ulence of HIV-1, has potential major implications for the number of human life
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years affected. SPVL is used as a measure of virulence, partly for its appropri-
ateness as a proxy which was discussed earlier, and partly because this work
arises from a study which also used SPVL [73].

A simple conceptual model of how SPVL may evolve by between-host natural
selection (i.e. selection for the more transmissible genotypes) requires consid-
eration of the transmission potential of individual hosts of different SPVL. The
transmission potential, defined as the product of duration of infection and trans-
mission rate, increases with either component of this product. A positive corre-
lation between SPVL and transmission rate has been convincingly demonstrated
within heterosexual couples with initially discordant serostatus [69, 187, 141].
Since there is also a negative correlation between SPVL and duration of asymp-
tomatic infection [230], there is therefore a trade-off between duration of and
transmission rate during asymptomatic infection. Previous work has quantified
this trade-off to suggest that SPVL most commonly observed in infections are
optimal for transmission, suggesting that the distribution of SPVL was shaped
by natural selection [73].

Natural selection requires that a trait has heritability from one generation to the
next, in addition to variation and differential reproductive success. A number of
recent studies have identified and quantified this heritable component of SPVL
variation which is maintained from one infection to the next [4, 94, 215, 130,
104].

Recent studies from the Netherlands [90] and Italy [160] have found that the
mean log10 SPVL has increased over the recorded history of an HIV-infected
cohort, and the rate of CD4 cell decline has increased. However different trans-
mission groups have demonstrated different patterns of evolution of SPVL. In
the initial stages of the epidemic (mid 1980s) injecting drug users showed slower
CD4 declines than heterosexuals or men having sex with men, but this difference
decreased over the subsequent decade [160]. A study with similar methodology
in Switzerland found stable virulence over the same time period [161]. This
suggests that such trends may be area- and risk-group specific. In two studies
showing an increase, the levels of SPVL in the earlier time points are lower [90,
160] than those which are optimal for transmission [73]. Various studies of the
rate of CD4 decline also suggest an increasing virulence [44, 54]. A study of the
in vitro replicative fitness of viruses sampled at different time points reported
a decrease in replicative fitness over the course of the epidemic in Amsterdam
[11] although a subsequent study of the same city which controlled for time
of seroconversion found an increase [76]. A meta-analysis of several studies of
evolving virulence markers over time found a significant decrease in baseline
CD4 count over time, and a general but not significant increase in SPVL [96].
Overall, observational results on changing virulence are inconclusive, though
they suggest either an equilibrium or a slow increase in that direction. If a
genuine trend is indeed absent, this suggests that a) the global distribution of
SPVL has stabilised at an equilibrium level; b) the rate of evolution is very slow
or c) the distribution of SPVL is determined by factors which do not evolve.
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However, c) is unlikely, first because of the observations on the heritability of
SPVL described above, and second because there is evidence for evolution of
SPVL occurring in individual areas or risk groups [96, 160, 90].

To address the expected dynamics of SPVL evolution, we developed and anal-
ysed a deterministic mathematical model of between-host transmission and evo-
lution of the VVG incorporating known parameters linking SPVL to the dura-
tion of infection and the rate of transmission. The broad aim was to investigate
the hypothesis that viral genotypes of intermediate virulence are naturally se-
lected by transmission [73].

The primary of aim of this study was to use the observed distribution of SPVL
to estimate the quantities of unknown host and viral factors which affect the
process of between-host evolution. Comparing the model to data allowed the
likelihood of the unknown parameters to be calculated.

The secondary aim was to assess whether the model, under these parameter
estimates, allows convergence of the SPVL distribution towards an intermediate
level, or at least to slowly changing levels consistent with observational studies,
regardless of the VVG of the founding strain, and whether this can occur within
a plausible timescale. The estimated time of origin of HIV-1 is before the most
recent common ancestor, which has been dated to 1908 with 95% confidence
interval 1884-1924 [233]. If evolution has occurred between the founding strain
and current infections then it has occurred over a period of 100 years.

1.3 Methods

1.3.1 Overview

The model described in this chapter simulated the dynamics of putative VVGs
of HIV-1 which differ from one another in their mean log10 SPVL. SPVL was
assumed to vary as a result of both host and virus factors. These genotypes
differ in their reproductive success as a result of the dependency of duration
of asymptomatic infection and transmission rate on SPVL. Their prevalences
change over time through competition for susceptible individuals in a constant
population.

The model is formulated as a standard HIV epidemic model in which different
VVGs compete. Virulence is considered as a one-dimensional trait, with each
genotype represented by a point on a one-dimensional spectrum of increasing
virulence. When a person is infected by a virus of a given VVG, the infection is
characterised by a SPVL which reflects the virulence, but also other non-viral
factors. When transmitted, the viral genotype can also mutate to higher or
lower levels of virulence.
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The model encodes the natural history of infection. After infection, individu-
als experience a brief period of highly infectious acute stage, after which they
progress to chronic asymptomatic infection. Their SPVL determines both the
duration and infectiousness of this asymptomatic stage, after which their viral
load and infectiousness increases again as they progress to AIDS and death. In-
dividuals are assumed to engage in serially monogamous partnerships; a realistic
description of the sexual network was not an aim of this study.

For the sake of parsimony, relatively simple mathematical models with minimal
sets of parameters were used, and thus left some important questions open
for further study. In particular, the effect of population structure, differences
between subtypes, and superinfection were ignored, although analysis of a model
with more realistic sexual mixing and stochastic fluctuations is described in
chapter two. Only natural, untreated infection has been considered, which is
appropriate to describing the evolution of the virus prior to the widespread
adoption of antiretroviral therapy. We also did not address the question of
conflicting directions of selection at the within and between host level which
may be a fruitful area for future work. Intead within-host changes in virulence
are modelled as random drift.

1.3.2 Variance decomposition

A useful practical and conceptual approach to interpreting various influences
acting on SPVL is to decompose the total observed variance, σP

2, into its com-
ponents, genotypic, mutational and environmental variance (σG

2, σM
2, and

σE
2, equation 1.1) [158].

σ2
P = σ2

G + σ2
M + σ2

E (1.1)

The variance in the VVG is described by the genotypic variance σG
2. This refers

to differences in SPVL between infected individuals caused by viral factors which
are preserved from one infection to the next. Environmental variance, σE

2,
refers to any source of SPVL variance external to the virus. Host factors e.g.
age [196], sex [53] and other aspects of host genotype [64], in particular HLA
type [79] contribute significantly to variation in SPVL between individuals, and
there may be other human and non-human covariates of SPVL e.g. antigenic
stimulation [72]. All of these factors, extrinsic to the virus, contribute to σE

2 in
our terminology.

Mutational variance, σM
2, accounts for changes in the viral virulence genotype

which result from mutation of the virus between one generation and the next
(i.e. one infected host and the next) as a result of within-host replication and
selection of the virus. Since the viral determinants of SPVL are not currently
known, this cannot be related to the nucleotide substitution rate.The mutational
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standard deviation, σM , is simply the expected difference in the viral component
of SPVL between an index and a secondary infection.

Heritability, h2, which has been quantified in previous studies, was defined as
the fraction of variance explained by shared viral factors within a transmitting
couple [104, 71]. We define h2 as the proportion of variance in SPVL explained
by heritable viral genetic factors (equation 1.2).

h2 =
σ2
G

σ2
P

(1.2)

1.3.3 Model

Viral genotypes and SPVL phenotypes

In order to simplify simulations, we modelled a discrete finite set of viral strains
(genotype), each capable of producing a finite range of possible SPVL (pheno-
type).

Each infected host in the model carries a viral genotype, i, and has a phenotype,
j. Hosts were not explicitly described in the model, rather the model specified
the dynamics of relative prevalences of hosts infected with a virus of genotype
i and phenotype j. In other words, a compartmental multi-strain epidemic
model.

Each genotype is defined by a predisposition to give rise to higher or lower
SPVL. Following the decomposition given by equation 1.1, viral loads can be
given by equation 1.3, where ej is the environmental component (with mean
zero and variance σE

2) and µi is the component attributed to viral factors.
For a population of individuals infected with viral genotype i, the mean log10
SPVL will be given by µi, which is therefore a natural measure of the virulence
of genotype i. For two viral genotypes i and k such that i is more virulent
than k, i.e. µi > µk, not all individuals infected with genotype i will have
higher SPVL than individuals infected with genotype k, but on average they
will.

Vj = µi + ej (1.3)

The means log10 SPVL for the viral genotypes, µi, are in the range 2.0-7.0, and
SPVL phenotypes, Vj , are in the range 0.0-9.0, discretised with step 0.05 and
0.025 respectively. An individual carrying genotype i, will have a phenotype j
with a probability denoted by fij which is taken from a normal distribution with
mean µi and variance σE

2 (equation 1.4), discretised over the interval 0.025 and
normalised to sum to one for each genotype i.

fij = Φ(Vj |µi, σE2) (1.4)
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Prevalence

Theprevalenceofinfectionswithviralgenotypei,SPVLphenotypej,andage
ofinfectionaisrepresentedbyYij,a(t)attimepointt.Theageofinfectionisthe
timesincetheindividualwasinfected. Duringthecourseofaninfectioneach
hostpassesthroughthreestages,primary,asymptomaticanddisease(AIDS)
(P,AandD)astheageofinfectionaincreases.

Durationofinfection

Primaryanddiseasestageshaveequalduration(DP andDD)andrateoftrans-
mission(βP andβD),regardlessofSPVL.Durationofandrateoftransmission
duringasymptomaticinfectionaredependentonSPVLandtherelationships
were modelledasHillfunctionsasfittedinFraseretal.[73],fromwhichthe
parametervaluesrelatingtothesefunctionswerealsotaken(Table1.1. The
meandurationoftheasymptomaticstageofinfectionforagivenSPVL jis
givenbyDA(Vj)(equation1.5).

DA(Vj)=
DmaxD50

Dk

(10Vj)Dk +D50
Dk

(1.5)

Theprogressionfromasymptomatictodiseasestageisgovernedbyasurvival
functioninequation1.6,inwhichSPj,aistheprobabilityofanindividualwith
SPVLVjremainingAIDSfreeatageofinfectiona.

SPj,a=






1 0≤x<DP

e
−

(a DP)Γ(1+1
ρ)

D(Vj)

ρ

DP ≤a

(1.6)

Rateoftransmission

Theunadjustedrateoftransmissionduringthisstageisgivenby β̂A(Vj)in
equation1.7.

β̂A(Vj)=
βmax(10Vj)βk

(10Vj)βk +β50
βk

(1.7)

Eachoftheratesoftransmissioninallthreestages,S,areadjustedinequa-
tion1.8toapproximateaserial monogamy modelwithapartnerchangeratec
andthedurationofthestage,DS,accordingtothemethodinHollingsworthet
al.[103].

βSj =
β̂Sjc

β̂Sj+c+ 1
DSj

(1.8)
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Figure 1.1: Possible disease progression outcomes for an infection with log10
SPVL of 6.0. All individuals have the same length of primary and disease
stage infection, regardless of SPVL. The survival function is the border between
asymptomatic and disease stage infection (survival here refers to survival from
progression to AIDS, not death). A similar pattern is seen at other SPVL, but
with a different survival function.

The rate of transmission for a given viral load j and age of infection a, βj , a, is
given in 1.9 which incorporates the different stages of infection and the curve for
survival during asymptomatic infection. It is equivalent to βP for the duration
of primary infection DP but thereafter a proportion of individuals of SPVL
category j is in asymptomatic infection according to the survival probability
SPj,a. The proportion that enter the disease stage remain in it for a fixed
period of time (DD) before death, and the rate of transmission at that age of
infection reflects the proportions of individuals in asymptomatic stage, disease
stage, and death.

βj,a =

{
βP 0 ≤ a < DP

βA(Vj)SPj,a + βD(SPj,a−DD − SPj,a) DP ≤ a
(1.9)

This is illustrated for an example SPVL category j in Figure 1.1.
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Mutation

Between generations a between-host mutation step occurs, so the force of in-
fection for genotype k seeds a distribution of genotypes. The probability mik
of an infection with genotype mean µk mutating so as to seed a new infection
with genotype mean µi is taken from a normal distribution with mean µk and
variance σM

2 (equation 1.10), discretised over intervals of 0.05, and normalised
to sum to one for each genotype k.

mik = Φ(µi|µk, σM 2) (1.10)

Note that although this mutation refers to changes in the viral genotype, it
does not relate directly to any particular mutation, but is rather a measure of
the change in the distribution of viral genotypes that occurs over the course of
infection within the host.

This model for the change that occurs from one infection to the next, defined
by equation 1.10, represents the simplest possible model of the effect of within-
host evolution on the distribution of transmitted viruses. More complex models,
with directional and host-dependent selection, could feasibly be encoded in more
complex mutational matrices.

Numbers of susceptibles

The change in the numbers of infected individuals cannot be described by dif-
ferential equations. Although the rate of entering the infected class is governed
by a constant rate, the rate of death is determined by a non-constant survival
function from equation 1.6, so the net change is not at a constant rate, so it is
better described in next generation equations, as follows.

The number of susceptibles, X, changes in each time step according to equa-
tion 1.11, where Yij,a is the number of infected individuals of genotype i, viral
load j and age of infection a.

The total number of infections, Y , for a given genotype in the next time step is
calculated in equation 1.12 by the sum of the elementwise product of each SPVL
j and age of infection a for a given genotype k, which is then multiplied by the
probability that it will mutate into genotype i, mik. This is scaled according
to X(t), the proportion of susceptibles in the population at time t, meaning
that the genotypes are competing for the available pool of susceptibles. To give
the prevalence for each genotype and its SPVL category in the next set of new
infections (where a = 0), this value is multiplied by the probability of genotype
i producing SPVL category j, fij .

The prevalent infections are updated as in equation 1.13. The term SPj,a is
the function of survival from progression to AIDS, given in equation 1.6. Since
AIDS is a stage of determined length, DD, the function of survival from death at
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Table 1.1: Parameter values. Where possible these values have been taken
from the literature, and a broad range of plausible values are applied to unknown
parameters.

Symbol Description Value Reference

βP Unadjusted rate of transmission
during primary infection.

2.76 per year [103]

βD Unadjusted rate of transmission
during high transmission disease
stage.

0.76 per year [103]

DP Duration of primary infection 0.25 years [103]
DD Duration of high transmission

disease stage
0.75 years [103]

βmax Maximum rate of transmission
during asymptomatic stage

0.317 per year [73]

β50 SPVL at which infectiousness is
half maximum

13,938 copies
per ml

[73]

βk Hill coefficient: steepness of in-
crease in infectiousness as a func-
tion of SPVL

1.02 [73]

Dmax Maximum duration of asymp-
tomatic stage

25.4 years [73]

D50 SPVL at which duration of
asymptomatic infection is half
maximum

3,058 copies per
ml

[73]

Dk Hill coefficient: steepness of de-
crease in duration as a function
of SPVL

0.41 [73]

ρ Shape coefficient for the Weibull
survival distribution

3.46 [73]

c Partner change rate 1.25 [226]
σE Environmental standard devia-

tion of log10 SPVL
0-1.2 Unknown

σM Mutational standard deviation of
log10 SPVL

0-1.0 Unknown

µ0 Mean log10 SPVL of founding
genotype

2.0-7.0 Unknown

Y0 Proportion infected with found-
ing genotype

0.001 Unknown

age of infection a is given by SPj,a−DD , the probability of surviving progression
to AIDS at a time DD years previously.
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X(t+ ∆t)

= X(t) +
∑
ij,a

(1− SPj,a−DD )Yij,a(t)−X(t)
∑
ij

fij
∑
a

βj,aYij,a(t) (1.11)

Yij,0(t+ ∆t) = X(t)fij
∑
k

mik

∑
j,a

Ykj,a(t)βja∆t (1.12)

Yij,a+∆t(t+ ∆t) = Yij,a(t)SPj,a−DD (1.13)

Solution to equilibrium using next-generation formalism

The basic reproductive rate, R0, can be calculated for each genotype, and this
can be combined with the pattern of mutation to calculate the genotype dis-
tribution at equilibrium using the next-generation formalism. The R0 of each
genotype is calculated in two steps. Firstly the transmission potential, TPj is
calculated for an infection with SPVL category j by multiplying the rate of
transmission in each of the three stages of infection by the length of that stage
(equation 1.14). The duration of asymptomatic infection DA(Vj) is the mean
of the survival curve.

Secondly, the basic reproductive rate, R0i, for each genotype i, is then calcu-
lated by taking the weighted average transmission potential, TPj , weighted by
the probability that infection with genotype i results in infection with SPVL
category j (equation 1.15).

TPj = βPDP + βA(Vj)DA(Vj) + βDDD (1.14)

R0i =
∑
j

TPjfij (1.15)

The R0 for each genotype k and the probability that genotype k mutates into
genotype i (equations 1.10 and 1.15 respectively) can be used to calculate the
next-generation matrix, K, of which the individual elements are labelled Kik

(equation 1.16).

Kik = mikR0k (1.16)

The distribution of genotypes at equilibrium is the eigenvector ε corresponding
to the dominant eigenvalue, λ, of K (equation 1.17).
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Kε = λε (1.17)

The prevalence of SPVL category j, p(Vj), at equilibrium in the population is
then calculated according the host effect (equation 1.18).

p(Vj) =
∑
i

εfij (1.18)

This value can then be directly compared with the observed distribution of
SPVL in the recipient partner in each transmission pair. By contrast, the prob-
ability of observing a given SPVL in an index case is conditional on the index
partners having transmitted, so the probability is weighted according to the in-
dex partners rate of transmission during asymptomatic infection, wherein most
infections occur (equation 1.19).

p(Vd|T ) =
β(Vd)p(Vd)∑
j

β(Vj)p(Vj)
(1.19)

The likelihood at equilibrium of each run of the model is calculated by compar-
ison with data from a previous study reporting the SPVL of phylogenetically
confirmed transmission pairs [104] selected from a cohort in Rakai, Uganda [224,
225]. Putative transmission pairs were originally identified as cohabiting sexual
partners by self-report. Phylogenetic analysis was performed on their env and
gag genes and if sequences from each of the pair clustered together on the tree
with greater than 80% bootstrap support they were considered to be a strongly
linked couple, of which there were 29. In 23 of these pairs the direction of trans-
mission was known due to the order of seroconversion. These individuals are
assumed to be representative of the entire population.

The likelihood of observing the data is given by the probability of observing the
index SPVL, Vd, and the recipients SPVL, Vr, (rounded to the nearest discrete
viral load interval of 0.025), given in equation 1.20. This is calculated using
conditional probabilities and is given as follows. The mean log10 SPVL of the
genotypes infecting the recipient and index case are given by µx and µy. As
these are unknown, all possible combinations of genotypes are considered. The
value T represents the total number of transmissions expected to occur from a
distribution of viral loads for a given genotype y (equation 1.21).

p(Vr ∩ Vd) =
∑
x

p(Vr|µx)
∑
y

p(µx|µy)
β(Vd)p(Vd|µy)p(µy)

Ty
(1.20)

Ty =
∑
j

β(Vj)p(Vj |µy)p(µy) (1.21)
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In equations 1.20 and 1.21 as well as in 1.19, the probability of the index case
being a transmitter is proportional to βj , which is the rate of transmission
during the asymptomatic stage for viral load category j. This is used instead
of the overall transmission potential since most transmissions occurred during
the asymptomatic stage of infection [104].

The following constituents (equations 1.22, 1.23, and 1.24, in the latter of which
εi refers to an individual element of the eigenvector ε) have been previously
defined respectively in equations 1.4, 1.10 and 1.17.

p(Vr|µx) = fxr (1.22)

p(µx|µy) = mxy (1.23)

p(µi) = εi (1.24)

Equation 1.25 indicates the method for calculating the total log-likelihood of the
data. The first term calculates and sums the total log-likelihood for each couple,
z, for whom the direction of transmission is known, and this is done according
to equation 1.20 according to the SPVL values of the recipient (Vr(z)) and the
infector (Vd(z)). In the second term this is calculated for each couple, ẑ, for
whom the direction of transmission is unknown. In each such couple the log-
likelihood is calculated for each direction (male-to-female and female-to-male)
and the mean is taken (in this case, Vm(ẑ) and Vf (ẑ) refer to the SPVL of males
and females, respectively), assuming that either direction of transmission within
a male-female couple is equally likely.

The confidence intervals in the likelihood plot were identified using a likelihood
ratio test 1.26. Here is the point on the chi-square distribution with δ degrees
of freedom which encompasses a proportion (1−α) of the area under the curve
(1.39, 5.99 and 13.82 when α=0.50, 0.05 and 0.001 respectively). `max is the
maximum log likelihood value, and `σMσE is the log likelihood for combination
of parameters σM and σE . If the inequality is satisfied, then the values σM
and σE produce a log likelihood not significantly different from the maximum
likelihood at a 100(1− α)% confidence.

` =
∑
z

log(p(Vr(z) ∩ Vd(z)))

+
∑
ẑ

1

2

[
log(p(Vm(ẑ) ∩ Vf (ẑ)|male donor))

+ log(p(Vf (ẑ) ∩ Vm(ẑ)|female donor))
]

(1.25)
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− 2(`σMσE − `max) ≤ χ2
2(α) (1.26)

The likelihood was calculated for each combination of values of σE (range 0-
1.2, step 0.005) and σM (range 0-1.0, step 0.005). Outside of these ranges the
likelihood of observing the data is very low, as the variance of the equilibrium
distribution becomes vastly higher than is observed. These values were used
instead of their squares, σE

2 and σM
2, because they are on the same scale as

log10 SPVL and are therefore directly related to the size of the host effect and of
between-host mutation. Furthermore, using σE and σM gives greater resolution
at lower values in the range of interest.

The values of Y0 and µî (the virulence of the founding value), were not included
in the analysis of the equilibrium since they serve only as starting points in the
model. All other parameter values were taken from the literature (Table 1.1).

Discretisation

The mean log10 SPVL of the viral genotypes and the categories of SPVL they
produce were discretised in steps of 0.1 log10. Furthermore time was discretised
into steps of one month. These step sizes were chosen for their convenience
and were believed to give an appropriate level of resolution while keeping the
computation time manageable. Reducing the discretisation step size had a neg-
ligible effect on the results (data not shown).

Starting prevalence

Finally, we also explored the effect of the proportion infected at the start, Y0,
and found that this had a negligible effect on the rate of mean convergence
when the founding virulence was high, and an insubstantial effect when found-
ing virulence was low (data not shown). The effect of discretisation was tested
by reducing the SPVL phenotype and viral genotype step size to 0.01, and the
time-step was reduced to 0.01 years. Upon repeating the analysis, there was a
negligible difference in the results (data not shown).

Calculate heritability

Heritability is the proportion of total variation which is determined by genetic
variation in the viral population. It was measured previously by calculating
the proportion of the total variance (σP

2) which was explained by carrying
genetically similar virus (equation 1.2). This can be measured for the mod-
elled distribution in a similar fashion. The total variance is calculated from
the distribution of SPVL Vj (equation 1.27), and the heritability h2 is the pro-
portion of this variance which does not derive from non-heritable components,
the environmental and mutational variance (σE

2 and σM
2), and is calculated in

equation 1.28.
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σP
2 =

∑
r

(Vr)
2p(Vr)−

(∑
r

Vrp(Vr)

)2

(1.27)

h2 = 1− σE
2 + σM

2

σP 2
(1.28)

Bootstrap

The bootstrap was performed to refit the relationship between the data and the
parameters, as reported in Fraser et al. [73]. The data had its source in papers
published on studies from Netherlands [230] and Zambia [69]. The relationship
between SPVL and duration of infection, and between SPVL and rate of trans-
mission, were each fitted to a Hill function as this is sufficiently general and
biologically relevant.

To measure the fit of the model for the duration of infection, the likelihood was
calculated for each individual, s, and summed as in equation 1.29. Weibull(x, α, β)
is the probability density function at x for the Weibull distribution with parame-
ters α and β. Γ(x) is the gamma function at x, and Γc(x, α, β) is the cumulative
at x of the gamma distribution with parameters α and β. The value Ds is the
time that the individual is followed up, regardless of outcome, and D(Vs) is the
expected time to progression given the individuals SPVL Vs which is calculated
from equation 1.5.

`progression =
∑
s


ln
(

Weibull(Ds, 1, D(Vs))

+ (ρ− 1) ln
(
ρ Ds
D(Vs)

)
− log(Γ(ρ))

) if s progresses

ln
(

1− Γc

(
Ds, ρ,

D(Vs)
ρ )

))
if s does not progress

(1.29)

The likelihood for the transmission data was calculated similarly from the prob-
ability of an individual transmitting over the length of the observed period
(equation 1.30). The rate of transmission β(Vs) was calculated for each indi-
vidual, s, from their SPVL as in asymptomatic infection (equation 1.7). The
probability of transmission was given as follows, where F=1.833, the length of
the study period.

`transmission =
∑
s

{
ln(1− e−β(Vs)F ) if s transmits
ln(e−β(Vs)F ) if s does not transmit

(1.30)

The bootstrap was performed by sampling with replacement the relevant dataset,
and then fitting the parameters to this data using the optim command in R [217]
which adjusts the parameters to maximise the likelihood. The starting point
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Table 1.2: The range of values used to construct the latin hypercube sam-
ple. The values for each point in the hypercube were sampled from a uniform
distribution within that range.

Parameter Minimum Maximum

Dmax 1 50
D50 1000 10,000
Dk 0.01 1
ρ 1 5
βmax 0.0001 2
β50 1 100,000
βk 0.0001 2

Table 1.3: The maximum likelihood estimates of σM and σE in 1000 boot-
straps. The figures are the proportion of each combination of values of σM
and σE which were the maximum likelihood estimate when a low resolution
likelihood surface was calculated with 1000 sets of bootstrapped parameters.
These exclude 19 bootstraps in which the optimised parameter values gave a
next-generation matrix with mixed signs, rendering the result incalculable.

σE

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1 1.1 1.2

σM

1 0 0.005 0.052 0.034 0.01 0.004 0.001 0 0 0 0 0 0
0.9 0 0 0 0 0 0 0 0 0 0 0 0 0
0.8 0 0 0 0 0 0 0 0 0 0 0 0 0
0.7 0 0 0 0 0 0 0 0 0 0 0 0 0
0.6 0 0 0 0 0 0 0 0 0 0 0 0 0
0.5 0 0 0 0 0 0 0.007 0.003 0 0 0 0 0
0.4 0 0 0 0 0 0 0.02 0.047 0 0 0 0 0
0.3 0 0 0 0 0 0 0 0.282 0.007 0 0 0 0
0.2 0 0 0 0 0 0 0 0.462 0 0 0 0 0
0.1 0 0 0 0 0 0 0 0.065 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0 0 0 0 0

for the fit was chosen by Latin Hypercube Sampling in the tgp package [87, 88]
to cover the available parameter space. Initial values were selected at random
uniformly between the values in Table 1.2.

The bootstrap was repeated 1000 times for each relationship, and then a set of
duration parameters was randomly assigned to a set of transmission parameters.
These were then used as the parameters in the model. For each of these sets of
parameters the maximum likelihood estimates for σM and σE were calculated
(Table 1.3). The step size of σM and σE was 0.1 instead of 0.005 to reduce
computation time. The point with the highest value of σM which was still of
significant likelihood was also identified (Table 1.4).
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Table 1.4: The combination of parameters with the highest value of σM in 1000
bootstraps. The figures are the proportion of each combination of values of σM
and σE which formed the highest value of σM which was still consistent with
the 95% confidence region of the maximum likelihood estimate. Where several
values of σE were available, the one with the highest likelihood was chosen.

σE

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1 1.1 1.2

σM

1 0 0.2 0.244 0.06 0.01 0.004 0.001 0 0 0 0 0 0
0.9 0 0 0 0.036 0 0 0 0 0 0 0 0 0
0.8 0 0 0 0 0.053 0 0 0 0 0 0 0 0
0.7 0 0 0 0 0 0.112 0 0 0 0 0 0 0
0.6 0 0 0 0 0 0.162 0 0 0 0 0 0 0
0.5 0 0 0 0 0 0 0.082 0 0 0 0 0 0
0.4 0 0 0 0 0 0 0.035 0 0 0 0 0 0
0.3 0 0 0 0 0 0 0.002 0 0 0 0 0 0
0.2 0 0 0 0 0 0 0 0 0 0 0 0 0
0.1 0 0 0 0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0 0 0 0 0

Convergence of SPVL distribution

The next-generation formalism solution described above is sufficient for analysing
the equilibrium distribution of SPVL as the end results are identical. However,
the model must be run in full to determine the rate at which SPVL evolves in
real time.

To run the model in continuous time, the infection is initialised at time t = 0 for
the starting genotype î with mean muî and a proportion Y0 of the population
are infected (equation 1.31). The total number of infected individuals at the
start of the epidemic all enter genotype category î, and are divided up between
all the SPVL categories according to fîj . All other genotype categories begin at
zero (equation 1.32) as do all ages of infection greater than zero (1.5.3) (equa-
tion 1.33). The model was run for 500 years in discrete time-steps corresponding
to one month for each set of the parameter values.

∀k Yîj,0(0) = Y0fîj (1.31)

∀k 6=î∀j Ykj,0(0) = 0 (1.32)

∀i∀j∀a>0 Yij,a(0) = 0 (1.33)
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1.4 Results

1.4.1 Model fitting and parameter estimation

The primary aim of the analysis was to quantify separately the effects of host
and virus on variation in SPVL by estimating σM

2 and σE
2 simultaneously, to

gain a better estimate of the extent of viral factors in individual infections, and
the parameters needed to predict evolution. The values of the environmental
and mutational standard deviations (σM and σE) were estimated using a max-
imum likelihood approach. Since the model predicts not just the distribution
of SPVL, but how they change from one infection to the next, the model could
predict the observed SPVL in both index and recipient partners in transmitting
couples.

Figure 1.2 shows the likelihood surface for the environmental and mutational
standard deviations (σM and σE), and the bivariate confidence bounds. The
maximum likelihood estimates are σM=0.12 (95% confidence interval 0.00 to
0.39) and σE=0.66 (95% confidence interval 0.47-0.94). The estimates with
highest mutational standard deviation within the 95% confidence bounds are
σM= 0.39 and σE = 0.55 referred to later as the most mutable plausible scenario.
Figure 1.3 shows the likelihood surface in more detail, and the diagonal nature
of the region of high likelihood indicates a trade-off between the two parameters
in terms of the quality of model fit.

The top row of Figure 1.4 shows the raw data consisting of the SPVL values
of 29 couples, for whom 23 the direction of transmission is known and for 6 it
is unknown (a and b, respectively). The bottom row shows the quality of fit
of the model to the distribution of SPVL in index partners and recipients in
transmitting couples (c and d). The model appears to describe the data well,
capturing the higher peak in donors of intermediate virulence to some extent,
although with so few datapoints it is difficult to assess the fit visually. The
estimated heritability was 26%, which is very close to the value of 27% which
emerged from a previous statistical analysis of these couples [104].

1.4.2 Convergence of SPVL distribution

Having derived maximum likelihood estimates of parameters from an equilib-
rium solution to the model, the dynamics of genotype competition were then
simulated numerically in order to assess whether or not convergence would oc-
cur under those parameter values, and on what timescale the convergence would
occur.

The evolution of the SPVL distribution is shown in Figure 1.5. Regardless of
whether the virulence of the founding genotype was high or low, the SPVL
evolved towards an intermediate level with a mean log10 SPVL of 4.5. This can
also be seen in Figure 1.6a.
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Figure 1.2: Likelihood surface for the environmental and mutational standard
deviation (σE and σM ). The maximum likelihood estimate is represented by
the red point, and the regions of 50%, 95% and 99.9% confidence in orange,
yellow and green respectively. The method for calculating confidence intervals
is given in 1.26.
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Figure 1.3: Details of the likelihood surface. (a) For each value of σM , the value
of σE which gives the highest likelihood is marked in orange on the figure, while
the yellow region gives the 95% confidence bounds. Similarly, for each value of
σE , the optimum σM value is marked in dark blue, with 95% confidence bounds
in light blue. Where the maximum likelihood regions for the two parameters
overlap this is marked in green, and the point of maximum likelihood is white.
(b) Likelihood at the optimum value of σE for each value of σM i.e. it tracks
the likelihood of the orange line. (c) Likelihood at the optimum value of σM for
each value of σE i.e. it tracks the likelihood of the dark blue line.
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Figure 1.4: The log10 SPVL values of the strongly linked couples data, for
those with a) known and b) unknown direction of transmission. The dotted line
indicates where the couple would have equal values. Fit of the model (red line)
to data (black line) in c) the index partner, and d) the recipient. The data in the
histogram have been discretised to their nearest 0.5 log10 SPVL for purposes of
display (where in the analysis they are discretised by 0.025 log10 SPVL). Where
the role in transmission is unknown, each individual in the pair represents half
a recipient and half an index case. The modelled distributions were calculated
from equations 1.18 and 1.19 for the recipient and index partner, respectively.
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This convergence on intermediate SPVL values also occurred when other com-
binations of parameter values in the region of high likelihood (Figure 1.2) were
used instead. The rate of convergence was positively related to σM , as shown in
Figure 1.6a, where the maximum likelihood prediction is compared to the most
mutable plausible scenario. Convergence towards intermediate virulence oc-
curred in approximately 150 years under the maximum likelihood values. There
was still change in the mean after this time but runs beginning with high or low
virulence converge around this time point. The same point was reached in 50
years under the most mutable plausible scenario.

The heritability was also calculated over time (Figure 1.6c) and under maxi-
mum likelihood values of σE and σM this reached equilibrium at 26%, which
is consistent with previous studies [4, 94, 215, 130, 104]. Further details of the
heritability and variance at equilibrium are given in Figure 1.7 and 1.8.

In order to examine how changes in virulence are related to the stage of the epi-
demic, the proportion infected was compared with mean log10 SPVL. The effect
was most evident when the founding virulence closely matched the equilibrium
virulence (Figure 1.9). During the epidemic growth phase the mean virulence
increased to levels above the optimum, and then returned to the optimum as
the proportion infected reached equilibrium.

We varied the founding virulence to investigate its effect on rate of conver-
gence (Figure 1.10). This had a marked effect on how quickly the mean log10
SPVL reached equilibrium (4.52 log10 SPVL). When the founding genotype
had mean 4.5 log10 SPVL, equilibrium with regard to the mean was reached
very quickly, and the more different the SPVL of the founding genotype, the
longer the time to convergence. A similarly rapid convergence is seen if all
genotypes had equal prevalence at the start of the run. The mean underwent
little change (Figure 1.10a, red line) but the variance rapidly decreased as the
most successful genotype, already present in the population, began to dominate
(Figure 1.10b).

Finally, bootstrapping techniques were used to investigate the sensitivity of
these findings to the choice of parameter values determining the dependencies
of infectiousness and duration of asymptomatic infection on SPVL. These pa-
rameters were previously estimated from datasets from Amsterdam and Zambia
[73]. The original datasets were resampled with replacement to match the orig-
inal sample size, and for each of 1000 resamples the corresponding maximum
likelihood estimates of σE and σM were calculated. The resulting maximum
likelihood estimates (Figure 1.3) are similar to those from the principal analysis
(Figure 1.2).

45



Figure 1.5: The evolving distribution of SPVL. The SPVL distribution evolves
in the population over the years since introduction of the founding genotype.
Maximum likelihood values from Figure 1.2 were used (σM=0.12, σE=0.66).
The mean log10 SPVL of the founding genotype was a) 3.5 and b) 5.5.

46



Figure 1.6: Mean log10 SPVL, proportion infected and heritability over time.
a) Mean log10 SPVL, b) proportion infected, and c) heritability. The epidemic
was run under maximum likelihood parameter (σM=0.12 and σE=0.66, black),
or the combination of parameters with maximum σM , consistent with high
likelihood (σM=0.39 and σE=0.55, red). The solid lines show runs in which
the founding genotype had µ=5.5, while the dashed lines show runs with a
founding genotype with µ=3.5.
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Figure 1.7: Heritability of SPVL measured at equilibrium for each combination
of parameters σM and σE . The black line represents the border of the 95%
confidence interval on the maximum likelihood plot, Figure 1.2.

1.5 Discussion

In this chapter, we analysed a multi-strain evolutionary epidemiological model
of HIV-1 virulence, and showed that it could adequately reproduce observations
on the distribution of viral load and its heritability in transmitting couples
(Figure 1.4. This enabled estimation of the proportion of variance in SPVL
explained by viral genetic factors (26%, from Equation 1.28), and separately how
much these factors change (mutate) from one infection to the next. The best
estimate is that virulence changes slowly towards an evolutionary optimum over
decades, but faster changes cannot be ruled out (Figures 1.6 and 1.10).

The aim was to develop a simple, parsimonious broad-brush model to under-
stand the principles of HIV-1 virulence evolution in a generalised epidemic using
data currently available. Most of the parameters were derived from Sub-Saharan
African studies (Table 1.1), suggesting that the model has most direct relevance
for this context. This was intended, as this is where most of the adaptation of
HIV-1 to the human population has occurred. The parameters determining the
curve of survival from disease progression were derived from European data, and
since these data predate antiretroviral therapy they are not expected to differ
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Figure 1.8: Population variance of SPVL measured at equilibrium for each
combination of parameters σM and σE . The black line represents the border of
the 95% confidence interval on the maximum likelihood plot, Figure 1.2.

substantially from parameters derived from Sub-Saharan Africa.

There is evidence for evolution of SPVL, but the trend differs between popula-
tions [96]. Further work is required to apply the model rigorously to the Euro-
pean context with a view to explaining these trends. More realistic predictions
will require more detailed models, and by necessity more data.

Describing the differences between subtypes of HIV-1 is one of the biggest chal-
lenges to the model presented here. In this work the VVG is considered on only a
single dimension of low-to-high, with single functions describing the relationship
between SPVL, infectiousness and duration of asymptomatic infection. HIV-1
subtypes in fact differ in their transmission parameters independently of their
differences in SPVL [16, 120, 163]. Subtype A shows a slower disease progression
when compared to other subtypes [114]. More specifically, data from the Rakai
study showed that subtype A infection results in slower disease progression than
subtype D even though the distribution of SPVL is the same [16, 120]. From
the same cohort it was shown that subtype A is also more transmissible than
subtype D even when viral load and other confounding variables are controlled
for in a regression [121]. Subtype A is therefore fitter than D in both duration
and transmissibility, and the evolutionary hypothesis would predict the gradual

49



Figure 1.9: The evolution of the mean and the epidemic growth pattern. The
founding genotype has µ=4.5, very close to the equilibrium mean, to illustrate
changes in the mean in response to growth or shrinkage of the epidemic. a) The
evolution of the mean log10 SPVL during b) epidemic growth.
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Figure 1.10: Evolution of SPVL from various scenarios of founding genotype.
a) Mean log10 SPVL over time for different founding virulences. These range
from µ= 2.5 to 6.5 log10 SPVL, All (red) begins with all genotypes from µi = 2.0
to 7.0 at equal prevalence, and Equilibrium (dashed black) is the SPVL value to
which all scenarios in this figure are evolving. b) Evolution of SPVL distribution
from high diversity scenario where all genotypes are equally represented at the
start, corresponding to “All” in panel (a). The parameter values for both are
maximum likelihood values, σM=0.12 and σE=0.66.
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replacement of subtype D by subtype A, which has been observed in Uganda [42]
and Greece [174]. Other noteworthy trends include the dominance of subtype C
in southern Africa [218], which may be a result of an extended period of high
viraemia in primary infection [164]. Taken together, these findings strongly sug-
gest that HIV-1 virulence can change in ways not fully reflected by SPVL, and
thus that more data are needed to identify other appropriate surrogate measures
(or determinants) of virulence. More generally, the theoretical challenge is then
to explain in terms of these other determinants of infectiousness and survival,
how differences in virulence are maintained in different viral subtypes.

There are a number of other directions in which our model could be developed.
In this study the mutational variance, the extent to which the viral genotype
changed from one infection to the next, was considered independent of the age
of infection (AOI). At first, this may seem a paradoxical choice, since mutation
which occurs between hosts must be the result of mutations and selection oc-
curring within the infected host. It would reasonable to suggest that the size of
between-host mutation is positively related to the AOI, since nucleotide diver-
gence from the founding strain has been shown to occur at a constant rate during
infection [207]. If this were the case, the between-host mutation rate would be
the same regardless of the generation time and consequently of the virulence of
the virus. However, a study of within-host evolution over time found that the
rate of divergence from the founding genotype was positively correlated with
viral load [19], suggesting that higher virulence infections diverge more rapidly.
A model with a mutational variance independent of the AOI allows for this,
as a higher virulence virus will have faster transmissions and therefore more
between-host mutation events per unit time.

An accurate functional representation of mutational variance as a function of
AOI thus requires more detailed understanding than seems currently possible.
To resolve this, and for the sake of parsimony, the two effects described above
were assumed to cancel each other out, and thus the mutational variance is
independent of AOI. To test the sensitivity to this assumption, the model was
adapted to include AOI-dependent mutational variance (linearly increasing as a
function of time), and the results were qualitatively and quantitatively similar
(data not shown).

An additional problem with this model is that the data to which the model is
fitted consists of transmission pairs, for most of whom the age of infection at
which transmission occurs is unknown. Assuming an AOI-independent muta-
tional variance considerably reduces the complexity of the analysis. There is
however little doubt that extending the model to include a more detailed de-
scription of within-host processes and also resolving the effects of conflicting
selection at the within and between host levels would be enlightening.

The pattern of mutation was modelled as a normal distribution. It may be rea-
sonable to assume that the distribution is negatively skewed because deleterious
mutations are much more frequent than beneficial ones, for example in the case
of protease gene [176]. However, it is misleading to compare the between-host
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mutation process to the mutation of individual viral genomes because deleterious
mutations may be counterbalanced by within-host selection for viable viruses
and there is no evidence for asymmetry in the net effect.

The host effect in this study was also modelled by a normal distribution which
is justified if there are a large number of host effects and they are assumed to
each have a multiplicative effect on SPVL. Host effects are known to account for
a certain quantity of SPVL variation [196, 53, 111, 64, 79] and a very low esti-
mate of the environmental variance would not be consistent with these studies.
The maximum likelihood estimate of σE was encouragingly high (σE=0.66, Fig-
ure 1.2, contributing 71% of the total variance in SPVL. As more is understood
about how the host contributes to variation in SPVL, this source of variance
may be further decomposed [64].

While the normal distribution modeled for the host effect and mutation pat-
tern may drive the final distribution of SPVL towards normality, this is not
prescriptive since the distribution of genotypes can deviate from normal. The
methods for model fitting also explored a very wide range of possible variance in
the final distribution. The mean of the distribution was more rigidly imposed,
but by bootstrapping the original data which was used to fit the dependencies
of transmission rate and duration of infection on SPVL, we were able to show
that the conclusions were similar even when those data were varied.

The epidemiological component of this model could be made more realistic. The
model could for example be structured by age, sex, location, and HLA type, as
well as sexual activity and include stochastic effects which are addressed in the
next chapter. It is not clear what effect on virulence these heterogeneities would
have, but they might help for example explain the persistence of diversity be-
tween subtypes and help provide reasonable initial conditions, since a stochastic
model could elucidate which viruses are more likely to have started the epidemic.
The analysis could be further developed by relaxing the assumption that the
SPVL is at an evolutionary optimal equilibrium, though this assumption is con-
sistent with data (Figure 1.4. The mean log10 SPVL and its heritability do not
change substantially in the later stages of the epidemic (Figure 1.6a-c), and the
mean log10 SPVL of the Ugandan data (4.51) is close to the predicted equilib-
rium value (4.52), suggesting that even if the observed data do not represent
an equilibrium, they represent something close enough to render the maximum
likelihood parameter estimations reasonable.

Despite being simple and parsimonious rather than detailed, this model provides
a general framework that makes use of the most recent data on the heritability
of SPVL, and that can be used to interpret past and predict future trends in
virulence. One interesting trend is that the mean log10 SPVL can be observed
to increase above the equilibrium value for a short while during the early stages
of the epidemic. Epidemic growth is expected to favour a higher virulence than
at equilibrium as a result of the cumulative advantage of rapid transmission
when hosts are abundant [73, 25]. This is better demonstrated in Figure 1.9c,
which shows the evolution of the mean log10 SPVL from a founding virulence
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very close to the equilibrium mean. At this level of resolution the temporary
spike in virulence can be seen, and this corresponds to the period of epidemic
growth. As the number of susceptible individuals grows and the epidemic begins
to slow, the virulence decreases in response towards equilibrium as longer-lived
genotypes are favoured.

This suggests that if SPVL can evolve at the between-host level then a growing
epidemic could select for higher virulence viruses. Bolker et al. [25] model this
phenomenon and suggest that the peak of this transient virulence is likely to
occur late within the first exponential growth phase of the epidemic, so if this
were observable the virulence is likely still to be in this transient state above the
equilibrium. Whether this phenomenon has contributed to the recent increase
in virulence is difficult to ascertain [96]. A future slight decrease in virulence
as an epidemic saturates would provide evidence for this hypothesis, if it could
be identified [25]. The optimum virulence could also be shifted by a widespread
intervention which affects the nature of transmission such as circumcision, vac-
cination, or antiretroviral therapy. This model may be used to predict such
effects on virulence.

Recently published studies reporting the development of a reasonably effective
vaccine [192] and many other potential preventive strategies (see Table 0.1)
are promising in the fight against HIV transmission. Hypothetically, a vaccine
may offer more protection against lower virulence genotypes and select for more
virulent ones, or vice versa.

Antiretroviral therapy during asymptomatic infection reduces transmission rate
[14, 40], presumably by reducing viral load [52, 194]. Antiretroviral therapy
would therefore modify the relationship between SPVL, transmission and du-
ration of asymptomatic infection, and it is possible to construct hypothetical
scenarios that could select for either increased or decreased SPVL. In summary,
this model could be used to predict (in general terms) the effects different inter-
ventions would have on virulence. These changes are expected to be relatively
modest compared to gains obtained by curtailing transmission, but nonetheless
some consideration should be given to the possibility of increased virulence and
whether it could be mitigated.

1.6 Conclusion

These results support the hypothesis that the distribution of SPVL, and by
implication of HIV-1 virulence, can plausibly be explained by selection for in-
creased transmission in populations, though differences between viral subtypes
needs to be elucidated in future work. This method disaggregates the effects
of viral factors acting to determine SPVL, the effect of mutation (and thus in-
directly within-host evolution), and other environmental and host factors. The
best estimates indicate a relatively high proportion of SPVL explained by viral
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factors (26%), as well as a modest rate of evolution of putative viral virulence
factors. Reconciling these findings with data on within-host viral evolution may
yet shed further light on the role of viral factors in HIV-1 pathogenesis.
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Chapter 2

How virulent was the first
strain of HIV?
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2.1 Abstract

Background
There are many viral traits which affect the probability that a virus will emerge
into an epidemic. Virulence is such a trait, and from its effect on the probability
of emergence it may be possible to infer the likely virulence of the strain which
made the transfer to humans, given that it has successfully emerged, and the
timing of the transfer.
Methods
We explored the effect of unspecified viral genetic factors which influence viru-
lence on the probability that a strain will emerge. An individual-based stochastic
simulation with a high risk and a low risk group was used to model transmission
within long-term partnerships and transmission by sex external to partnerships.
The severity of infection was partly determined by the host and partly by the
viral genotype which was heritable between infections and also subject to mu-
tation of virulence factors.
Results
Viruses with intermediate virulence were much more likely to initiate epidemics.
We also tested the effect of the various parameters in the model on the prob-
ability of emergence and persistence, and how these interacted with virulence.
While several other parameters had a large effect, they did not modify the ef-
fect of virulence on the epidemic potential of viral strains. The viral virulence
evolved towards intermediate values over time.
Conclusion
The preferential emergence of genotypes conveying intermediate virulence sup-
ports previous work that these genotypes will also dominate at evolutionary
equilibrium, since they are optimised for transmission. This work suggests that,
all else being equal, the epidemic is likely to have been founded by a strain of
intermediate virulence.

2.2 Introduction

The virulence of a pathogen is important to its fitness. Fitness can be defined
by its ability to spread within the host, or by its ability to transmit between
hosts, and in this work the concern is with the latter definition. Qualities of a
pathogen which determine its transmission fitness, as explored in the previous
chapter, may be the same qualities which determine how likely it is to emerge
in a new population, but there may also be differences. The term emergence
refers to an organism becoming a successful pathogen of humans by infecting a
substantial proportion of the population, and by persisting in that population
over time. In this paper we explore how qualities of HIV, in relation to virulence,
affect the probability of emergence following a single introduction into a human
population.
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There have been multiple introductions of HIV into the human population from
different primate reservoirs. Most infections of HIV globally are HIV-1 group M,
but HIV-1 has had two other introductions from SIVcpz in chimpanzees to form
groups N and O. There have been eight introductions of HIV-2 from SIVsmm in
sooty mangabey monkeys [97]. The seropositivity to another retrovirus, simian
foamy virus, in individuals who are in contact with wild non-human primates
suggests that zoonotic transmission of retroviruses is frequent enough to support
multiple introductions of HIV, especially since the viruses involved had their
origins in three different reservoir species [231]. Prevalence of SIVcpz [202] and
SIVsmm [36] in wild chimps is variable across populations and ages but it is
high enough to create opportunities for introduction.

Humans hunting primates and monkeys are exposed to many HIV-like viruses
[231, 51], and it is likely that, as for many zoonoses [179], emergence as an
epidemic is a rare event compared to the spillover of the virus. The majority
of infections globally are HIV-1 group M, while HIV-1 groups N and O are
rare, and similarly in HIV-2, only groups A and B have taken hold, while C-H
are very rare in comparison [97]. Why have certain strains in particular been
established in the human populations, while others have remained rare?

Many reasons external to the virus may contribute to epidemic success. Stochas-
tic effects may play a large role which depends, for example, on the sexual
connectedness of the first infected human. That individual may be part of a
highly connected network, enabling the infection to spread from the point of
origin, or may be comparatively isolated, so the infection dies out in spite of its
epidemic potential. Other factors such as human population density [110], or
high malaria prevalence [2] may also increase the probability of successful HIV
emergence.

There are several viral characteristics which determine the epidemic potential.
Many of these are qualitative and highly specific to the species of primate host.
All HIV-1 viruses carry a specific Gag mutation which enables better repli-
cation in human CD4 cells [222]. Successful viruses also carry mechanisms to
counteract the array of host anti-viral factors, such as APOBEC3G, TRIM5α
and tetherin [209]. For example, HIV-1 group M uses the viral Vpu protein to
degrade tetherin, which would otherwise prevent new virus from escaping the
cell membrane. The Vpu protein in other HIV-1 groups show much less (group
N) or no (groups O and P) tetherin degrading activity [203], which may explain
their relatively low prevalence. This change in function of Vpu was required
for a successful switch to humans: the viral Nef protein in most SIVs is able to
degrade tetherins in the corresponding host species, while human tetherin has a
deletion which prevents this [108]. HIV-2 group A achieved tetherin degradation
through a different route involving gp41 [133].

In this chapter we investigated the effect of viral virulence on epidemic potential.
The life history of HIV-1 infections is highly variable, as some progress much
more rapidly to AIDS than others, and there is order-of-magnitude variation
in viral load between individuals [152]. We propose that a key determinant of
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the success of a new virus entering humans is the ability to generate substantial
viral replication and be transmitted between hosts, and more directly that the
SPVL generated by the first few infections is strongly related to the probability
of epidemic emergence of a new virus.

In the previous chapter, a model was analysed which showed that natural se-
lection for lifetime transmissibility can explain the distribution of SPVL we ob-
serve today [210]. The rate at which the evolution of the distribution of SPVL
occurs is fast enough to have plausibly converged on current values starting
from a wide range of virulence, within the available timescale of approximately
100 years since the proposed date of origin of HIV-1. HIV-1 group M, the vi-
ral lineage responsible for the current pandemic, is estimated from phylogenetic
analysis to have emerged in humans in 1908 (95% confidence interval 1884-1924)
[233].

However, the time taken for the distribution of SPVL to evolve to current levels
is dependent on the within-host processes that govern the evolution of SPVL
over time, and on the virulence of the founding strain, which initiated the whole
epidemic. The parameter values that quantify the effect of within-host processes
that change viral virulence factors from one infection to the next, and that
quantify the influence of non-viral factors in generating variance in SPVL, were
separately estimated in chapter 1. Here, we extend this to determine the prob-
ability of a virus causing an epidemic as a function of the virulence genotype,
and hence to characterise the extent and nature of selection on the virulene
characteristics of the founder virus of the HIV-1 epidemic.

The deterministic model in chapter one was extended to include stochastic ef-
fects, as these allowed examination of the circumstances in which an introduced
viral strain will emerge and persist, or go extinct. Including stochasticity implies
that birth, sexual behaviour, transmission and death are governed by random
processes. We also aimed to determine whether findings from chapter one on
the evolutionary dynamics of HIV virulence were robust to the consideration of
stochastic effects, and to heterogeneity in host sexual mixing.

2.3 Methods

The model in the previous chapter was adapted to an individual-based frame-
work, which implies that each individual host is modelled separately rather
than considering populations of individuals subject to average effects. This al-
lowed characteristics of individuals to be tracked more easily, in terms of their
stage of infection, their sexual relationships and the strain they were infected
with.

In the model, HIV-1 infection spreads within a dynamic contact network. In-
dividuals are dichotomously classified into a core group of individuals with a
large rate of casual sexual contact, and a non-core group of individuals with a
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lower rate of casual contact and who also form long-lasting partnerships. Upon
sexual maturation, the probability of entering into the core group is given by pc,
and individuals remain in their group for life. The two sexes behave in exactly
the same way and are not differentiated in the model. Transmission can occur
within discordant long-lasting partnerships in the non-core group, and also due
to casual contacts. Casual contacts occur at a higher per-capita rate in the core
group, but also occur in the non-core group, and the latter also form long term
partnerships.

The number of susceptible individuals, X, begins at X0, and is made up of
core group (Xc) and non-core group individuals (Xn), the latter of which can
be either single (Xns) or in a partnership (Xnr), although at the beginning
of the simulation all non-core individuals are single. The numbers of infected
individuals, Y , can be similarly divided with the same subscript notation (Yc,
Yn = Yns + Ynr).

Partnerships

The non-core group form partnerships at a fixed per-capita rate. The number
of new partnerships in a given time step is picked from a binomial distribution
2.1 where Ds is the average time between partnerships, and ∆t is the length of
the time-step.

Number of new partnerships ∼ Binomial
(
Xns + Yns

2
,

1

Ds
∆t

)
(2.1)

When this number has been selected, the pairs to join the couple are picked
randomly from the single population, Xns + Yns. A breakup time 2.2 is then
assigned to this partnership picked from an exponential distribution according
to the average duration of partnership, Dr.

Breakup time ∼ Exponential (Dr) (2.2)

Partnerships will also break up if one of the individuals dies before the allot-
ted breakup time. Partnerships can either be serodiscordant or seroconcordant,
and in the latter case either both positive or negative. Individuals do not form
multiple concurrent partnerships.

Virulence and set-point viral load

When any transmission occurs there is an infector and a recipient of the virus.
Upon transmission, the recipient acquires a virus with virulence genotype, µx
on which their SPVL is based. This is related to the virulence genotype of the
infectors virus.

60



As in chapter one, it is assumed that the SPVL is influenced by the genotype
of the virus that initially infects the host, but is not substantially affected by
subsequent evolution of the viral quasispecies within the host. For example,
humans carrying the HLA-B57 tend to have lower viral loads [7], but viral
mutants which escape this response pay a fitness cost [156] and these mutations
are not associated with increased viral load [57].

Thus, the log10 SPVL, Vx, is constant for the infected individuals lifespan, and
is drawn from a normal distribution with mean µx, and variance σE

2 (distribu-
tion 2.3), which is a measure of the amount of variation in SPVL determined
by factors external to the virus, principally host factors.

Vx ∼ Normal
(
µx, σE

2
)

(2.3)

Evolution in the viral genotype can occur during the course of infection, even-
tually resulting in change in the VVG from one infection to the next. The new
log10 viral genotype, µy, is picked from a normal distribution (2.4) centred on
the infectors log10 virulence genotype, µx, with variance σM

2 which is measure
of the per generation mutation rate of the virulence genotype.

µy ∼ Normal
(
µx, σE

2
)

(2.4)

This approach to modelling viral evolution matches that used in chapter one,
which has the advantage that it allows evolution of SPVL in both directions,
with a specified rate of mutation per generation. As it is normally distributed,
the probability of an increase or decrease in virulence is equal. This seems like a
reasonable if crude first approximation to the outcome of the complex interplay
between selection for increased intrinsic replicative capacity and escape from a
diverse immune response that shapes the viral quasispecies in the infected host.

Stages of infection

Once infected, the individual progresses through three stages of infection: pri-
mary (including acute and early infection), asymptomatic (chronic or latent
infection), and disease (late-stage pre-AIDS/AIDS), before death occurs. Since
the model is primarily intended to describe evolution in the pre-treatment era,
the effects of diagnosis or treatment were ignored. The model for the duration
of infection and rate of transmission and how these depend on SPVL was based
on previous work, from which many of the parameter values were also taken
[73], as in chapter one.

The rate of transmission for the primary and disease stages of infection are βP
and βD, respectively, and are the same for all individuals. The mean duration of
these stages are also the same for all individuals, and are D̄P and D̄D for primary
and disease stage respectively, but for each individual the actual durations are
picked from exponential distributions (2.5 and 2.6).
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DP (y) ∼ Exponential
(
D̄P

)
(2.5)

DD(y) ∼ Exponential
(
D̄D

)
(2.6)

The rate of transmission during asymptomatic infection for an individual y is
determined by the individuals SPVL value Vy according to a Hill function 2.7
with parameters βmax, β50, and βk that represent, respectively, the maximum
rate of transmission during asymptomatic infection, the SPVL value at which
infection rate is half the maximum, and a shape parameter. This gives a sig-
moidal function of rate of transmission on log10 SPVL.

βA(Vy) =
βmax(10Vy )βk

(10Vy )βk + ββk50

(2.7)

The expected duration of asymptomatic infection for the individual with SPVL
Vy is also determined by a Hill function 2.8 with parameters Dmax, D50 and Dk.
This gives a reverse sigmoidal function of duration of asymptomatic infection
on log10 SPVL.

D̄A(Vy) =
DmaxD50

Dk

(10Vy )Dk +DDk
50

(2.8)

For a given individual, the length of their asymptomatic infection is based on
his/her expected duration, but is picked from a survival curve with that aver-
age duration. This is done by choosing the point on the survival curve (equa-
tion 2.9=) which corresponds to the random variable U which is picked from
a uniform distribution between 0 and 1. The shape parameter for the survival
function is given by ρ, and Γ is the standard gamma function.

DA(y) = D̄A(Vy)
(− ln(U))

1
ρ

Γ(1 + 1
ρ )

(2.9)

At the point of infection, the time at which an individual will progress through
each of the stages is determined at the start according to DP (y), DA(y) and
DD(y) and these progression events occur in continuous time.

Transmission within partnerships

Heterogeneity in sexual behavioural with a highly active core group and a less
active group, and a degree of assortativity between them, is a model structure
that has a long tradition [80]. Modelling work has emphasised the additional
importance of multiple concurrent partnerships on the spread of HIV [157],
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particularly when enhanced infectivity during primary infection is taken into
account [59]. However, a casual transmission process occurs simulateneously
with the partnership transmissions (such as in [184]. A wide range of parameter
values which determine the partnership dynamics, the contact rates for casual
transmission, as well as the assortativity and size of the core group, are con-
sidered. This is judged to create a sufficiently flexible range of sexual mixing
scenarios that the inclusion of explicit concurrent partnerships is not required
to address the questions in this analysis.

When a partnership forms, it is concordant if both individuals are uninfected,
or both infected. It is discordant if it consists of an infected and an uninfected
partner. A partnership may also become discordant if both partners were ini-
tially uninfected and one is subsequently infected by casual transmission from
an infector outside the partnership. Upon initiation of a discordant partner-
ship, or the progression to the next disease stage of the infected individual in a
discordant partnership, a time for future transmission is scheduled. The time
to transmission from infected partner y to susceptible partner x, txy, is picked
from an exponential distribution (2.10) according to the rate of transmission,
βy, of partner y, at that time.

txy ∼ t+ Exponential

(
1

βy

)
(2.10)

This transmission will occur only if it occurs before the next disease progression,
breakup or death of the infected partner, or the uninfected partner acquires in-
fection casually.

Casual transmission

In order to incorporate the effect of high risk individuals and the possibility of
infection occurring by casual contacts with individuals also involved in long-term
partnerships (e.g. extra-marital contacts), casual transmission is incorporated
which can occur between any pair of individuals in the population. The core
group have a contact rate for casual transmission, λ, while the lower contact rate
for the non-core group is given by λκ, where 0 < κ < 1. An assortativity factor,
ε, determines the extent to which individuals preferentially contact members
of their own sexual behaviour group rather than at random between the two
groups.

The probabilities, pfg, of an individual in the group f being infected by a
member of group g, is determined by equation 2.11.

pfg = ∆t · contact ratef · contact rateg

· total transmission rateg · p(possible contacts−1
f |g) (2.11)
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The contact rates are fixed (equation 2.12). The total transmission rate is the
sum of all the infectivity values of individuals in group g (equation 2.13).

(
contact raten
contact ratec

)
=

(
λκ
λ

)
(2.12)

total transmission rateg =
∑
yg

βyg (2.13)

The reciprocal of the number of possible contacts for group f is the reciprocal of
the number of all contacts made in the population, multiplied by the probability
of random mixing (1 − ε) (equation 2.14), and if f = g this is added to the
reciprocal of the number of possible contacts in group f , multiplied by the
probability of assortative mixing, ε (equation 2.15).

p(possible contacts−1
f |f 6= g) =

1− ε
λκ(Yn +Xn) + λ(Yc +Xc)

(2.14)

p(possible contacts−1
f |f = g) =

1− ε
λκ(Yn +Xn) + λ(Yc +Xc)

+
ε

contact ratef (Yf +Xf )
(2.15)

For each susceptible individual in group f there are then three possibilities:
he/she is infected by the non-core group (with probability pfn), by the core
group (with probability pfc), or he/she is uninfected (with probability 1−pfn−
pfn).

When the infection status of a given individual has been selected as well as the
which group he/she has been infected from, the individual is then assigned an
infector from the appropriate group, with a probability proportional to the rate
of transmission of all individuals in the transmitting group.

Deaths and births

New individuals are recruited into the sexually active population at a constant
rate, α in each time step ∆t according to a Poisson distribution (2.16).

New individuals ∼ Poisson (α∆t) (2.16)

Individuals leave the sexually active population either at the end of the disease
stage of infection, or because of background mortality which occurs in each time
step at per capita rate ω. We refer to this as death, but this encompasses other
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reasons for leaving the sexually active group. This background death is also a
Poisson distribution ( 2.17).

Background deaths ∼ Poisson ((Yc +Xc + Yn +Xn)ω∆t) (2.17)

In order to maintain the initially susceptible population at size X0, the value of
α is calculated according to equation 2.18.

α =
X0

α
(2.18)

Initial infection

The epidemic is initiated after a burn-in period during which time the non-core
individuals form partnerships. This was set at ten years after it was established
that this time period is sufficient for the numbers of partnerships to stabilise.
At the maximum duration between partnerships, 2 years, more than 99% of in-
dividuals, on average, would have formed at least their first partnership within
this time. Following this burn-in, a number of individuals, Y0, are infected at
random. This value is normally set at one as all epidemics from a single in-
troduction will begin with a single infection. The founding individual(s) is/are
infected with a strain of virulence genotype µ0, which is specified and is the
principal variable under study. The founders belong either entirely to the core
group or entirely to the non-core group, and the founding group is chosen by
probability Pc.

Reporting

An epidemic is considered to have emerged successfully if more than 2% of the
population are infected at any point in the 100 years since the infection was
introduced, and we refer to this as a threshold epidemic. The value was chosen
as it was the minimum prevalence which was not already reached by the first
infection in the smallest modelled population of 100 individuals. It is consid-
ered to have persisted if there are still more than one infected individual at the
end of the period of 100 years, and we refer to this as a survival epidemic. The
100 year period was chosen as the approximate time elapsed since the origin of
HIV-1 group M [233]. Each set of variables is run for an appropriate number of
repeats, R, which is normally 10,000. For a given variable set the probability of
starting an epidemic is calculated by how many were successful, RE , divided by
the number of trials R (equation 2.19). The confidence intervals were calculated
according to the Clopper-Pearson method [39] to allow for more accurate limits
at low or high probabilities of success. This is shown in equation 2.20, where
Beta−1 refers to the inverse of the beta cumulative density distribution, with
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the probability and two shape parameters given subsequently in the parenthe-
ses.

Proportion successful =
RE
R

(2.19)

lower bound =

{
0 ifRE = 0

1−Beta−1(0.975, R−RE + 1, RE) ifRE > 0

upper bound =

{
1−Beta−1(0.025, R−RE , RE + 1) ifRE < R

1 ifRE = R

(2.20)

Parameter Sampling

Parameter values that determine the duration and rate of transmission, and
the evolution of SPVL, were taken directly from the literature (Table 2.1), as
this study should be viewed in the context of those data and parametric in-
ferences. The other parameter values that determine sexual mixing behaviour,
demographics and the founding virulence were under investigation in this study
(Table 2.2).

To find appropriate input parameters, a systematic search in parameter space
was performed. With the exception of Y0, which was assumed to be 1, values
for each input parameter were drawn using Latin Hypercube Sampling using
the tgp package in R [87, 88, 217] according to their plausible ranges as shown
in Table 2.2.

A single simulation was performed for each of 100,000 combinations of parameter
values. Combinations which yielded prevalence values between 15 and 30%
were selected, since this was considered to be congruent with a generalised HIV
epidemic, and we examined the distribution of parameter values within this
successful subset.

A univariate analysis was then performed to test the effect of each parameter on
the probability of emergence. Each parameter was tested for a range of values
at regular intervals across its range. For each value 10,000 simulations were
performed, and the other parameter values in each simulation were sampled
randomly from the sets of values which were successful in the parameter esti-
mation step. This enabled the effect of each parameter to be examined against
a varied background of suitable parameters.

We investigated how the effect of virulence on probability of emergence is mod-
ified by the other parameters. For each of the parameters excluding µ0, three
values were selected which spanned their range, and for each value we tested the
effect of the range of µ0 values (1.5, 2.0, 2.57.5). For each value of the parameter
under study and each value of µ0, 1000 simulations were performed, with the
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Table 2.1: Parameter values taken from the literature.

Symbol Description Value Reference

βP Unadjusted rate of transmission
during primary infection.

2.76 per year [103]

βD Unadjusted rate of transmission
during high transmission disease
stage.

0.76 per year [103]

D̄P Average duration of primary in-
fection

0.25 years [103]

D̄D Average duration of high trans-
mission disease stage

0.75 years [103]

βmax Average rate of transmission
during asymptomatic stage for
highest SPVL

0.317 per year [73]

β50 SPVL at which infectiousness is
half maximum

13,938 copies
per ml

[73]

βk Hill coefficient: steepness of in-
crease in infectiousness as a func-
tion of SPVL

1.02 [73]

Dmax Average duration of asymp-
tomatic stage for lowest SPVL

25.4 years [73]

D50 SPVL at which duration of
asymptomatic infection is half
maximum

3,058 copies per
ml

[73]

Dk Hill coefficient: steepness of de-
crease in duration as a function
of SPVL

0.41 [73]

ρ Shape coefficient for the Weibull
survival distribution

3.46 [73]

other parameters taken at random from sets of values which were successful in
the parameter estimation step.

We attempted to reproduce the results from chapter one and previous work
[210] in which we investigated the evolution of SPVL over time under different
mutation rates. In this chapter we simulated epidemics over 500 years with
the mutational and environmental standard deviation (σM and σE) set at 0.12
and 0.66 respectively, in accordance with their maximum likelihood estimates in
chapter one 1.2. We also tested an alternative scenario representing the highest
mutation rate, σM=0.39, which still fell within the 95% confidence boundary as
estimated in the previous chapter, with σE=0.55 as the corresponding environ-
mental standard deviation.
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Table 2.2: Parameters under investigation.

Symbol Description Range

Y0 Number of original infections. 1-10 people
X0 Initial population size. 102− 105 people
ω Background rate of leaving sexually active popu-

lation
0.001-0.1
person−1 year−1

D̄r Average duration of partnership 0-5 years
D̄s Average time between partnerships 0-2 years
Pc Probability of entering core group upon sexual

debut.
0-1

λ Core group contact rate. 0-1
κ Ratio in contact rate between non-core and core

group.
0-1

ε Assortativity factor: probability that an indi-
vidual prefers contacts within their own group,
rather than at random.

0-1

σE Environmental standard deviation of log10
SPVL.

0-1 log10 SPVL

σM Mutational standard deviation of log10 SPVL. 0-1 log10 SPVL
µ0 Mean log10 SPVL of founding genotype. 1.5-7.5 log10

SPVL

2.3.1 Basic reproduction number, R0

The most common and useful measure of epidemic potential is the basic re-
production number R0, defined as the average number of individuals infected
by a typical index case during the exponentially growing phase of an epidemic
and when the population is fully susceptible, measured over the whole course
of their infectiousness [50]. It is a crucial measure in determining the epidemic
potential of a pathogen because if R0 > 1 the incidence is expected to increase,
or decrease if R0 < 1.

Due to the complexity which accompanies the inclusion of both long term part-
nerships and casual mixing in our model, deriving R0 analytically for a given
strain in this model is, to the best of our ability, an intractable problem. We
have therefore taken a different approach and attempted to approximate it nu-
merically. This can be done relatively intuitively in an individual-based model
by measuring the number of secondary infections which a typical infected in-
dividual produces when the population is effectively susceptible, and averaging
over multiple simulations.

To avoid any saturation of the susceptible population with infected individuals,
the ideal individual in whom to measure R0 would be one who was infected
as early as possible, especially since the population of interest is small. One
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approach would be to measure the number infected directly by the first case in
the population.

However, this individual deviates from being a typical representative of infected
individuals in the outbreak for two reasons. The first reason is that a typical
infected individual in the non-core group may have been infected by his/her
partner, and therefore necessarily spends some time between transmission and
break-up in a relationship with an infected person, to whom he/she cannot
transmit. The first case is not able to be in a relationship with an infected
person, so estimating R0 from that individual will be an overestimate.

The second reason is that a typical infected individual should be in the core
group according to the probability that a core group individual becomes infected,
whereas the first individual is in the core group according to their proportion
in the population. Since the core group have a higher contact rate, a typical
infected individual is more likely to be in the core group than their proportion
in the population suggests. The lack of population structure in this model may
exacerbate this problem.

We address this problem by using the second case, or the first infectee, as a
typical case, and measuring the number of his/her transmissions which we refer
to as R1. This avoids the first problem, since he/she is an infectee. It also
mediates the second problem, because by virtue of having become infected,
he/she is selected on the basis of the likelihood of becoming a case.

It is likely that individuals infected later in the epidemic, for example in the
third or fourth generation, are more likely to be in the core group and therefore
more typical, so R1 may be an underestimate. However, this would depend
on the assortativity, the relative contact rates and the partnership dynamics,
so it would be difficult to say in advance which generation would be best in
which to measure the reproductive number. Furthermore, measuring in later
generations is conditional on the epidemic reaching that many generations, so a
large proportion of important simulations would have to be ignored. For these
reasons, as well as for parsimony and computational ease, I use the R1 measure
as a proxy for R0, but with these caveats as discussed.

When mixing between the core and non-core groups is not too assortative, it is
approximately, but not exactly equal to R0; in all cases it is a similar cumulative
measure of transmissibility, and a monotonic function of R0. It is expected to
be an underestimate of R0, since the first infectee is less likely to be in the
core-group than a typical infectee, but the extent of the discrepancy is hard to
predict.
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2.4 Results

The principal aim was to investigate how the viral genetic determinants of vir-
ulence affect the probability of emergence in a finite population, and how the
other characteristics of the population interact with this relationship. We did
not consider specific virulence determinants in the viral genotype, but rather
the viral contribution to virulence as a numerical quantity. The secondary aim
was to show that the evolution of SPVL towards intermediate values as shown in
chapter one was robust to consideration of stochastic effects and heterogeneity
in sexual mixing patterns.

We found that the probability that an HIV-1 virus, entering the human popula-
tion, can emerge and launch an epidemic, is strongly dependent on the virulence
of the founder virus, with intermediate virulence genotypes being much more
likely to produce an epidemic. Combinations of parameters were selected if
they ended in an epidemic of between 15 and 30% prevalence after 100 years
after infection was introduced, and 2.8% of the sets of parameter values ful-
filled these criteria. The successful combinations were plotted in a bivariate
fashion to examine whether or not there were correlations between these values
(Figure 2.1).

The initial virulence, µ0, had a large impact on the success of a parameter
combination, as the points in this figure are not evenly distributed. This was
also true of the core group contact rate, λ, and the ratio between the non- core
and core group contact rate, κ. The distributions of these three parameters are
shown in 2.2. The middle row represents the approximate posterior distribution
of the parameter in question, as produced by the ABC method. The two other
rows are included in order to differentiate between values which are excluded
because they produce epidemics which are too small (top row) or too large
(bottom row).

A univariate analysis was performed to show the effect of individual parameters
on the probability of an epidemic (Figure 2.3). The three parameters shown
in Figure 2.2 had a marked effect, but several other parameters also affected
the probability of emergence, while some had an almost negligible effect (Fig-
ure 2.3), i, j and k). The effect of each parameter in most cases was very similar
whether the epidemic was measured by survival of the infection at 100 years
(Figure 2.3) or by a prevalence of >2% occurring at any time within 100 years
(Figure 2.4). We hypothesized that the increase in probability of an epidemic as
Y0 increased could be explained by a simple probability model of the probability
of an whereby the probability of emergence when Y0 > 1 could be explained by
a function of the probability at Y0 = 1 (Figure 2.5)

We also examined in detail the relationship between the initial virulence, µ0 and
the probability of emergence, in the context of each of the other parameters.
For each parameter three values were tested and the effect of virulence on the
probability of the epidemic surviving at 100 years was plotted for each value
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(Figure 2.6). The same is also shown but for the probability of the epidemic
crossing the 2% prevalence threshold (Figure 2.7). For many of the plots the
coloured lines are superimposed suggesting that this parameter has very little
effect on the probability of emergence. Some parameters affected all values of µ0

in a uniformly multiplicative (e.g. Figure 2.6), g) or additive (e.g. Figure 2.6,
h) fashion, but interestingly some affected different values of µ0 differently (e.g.
Figure 2.6, d).

Since the probability of emergence is associated with the basic reproductive
number, we examined the relationship between probability of emergence and
the reproduction number of the first infectee, R1. From the initial combinations
selected by Latin Hypercube Sampling, 1000 combinations of parameters were
selected, and for each 100 simulations were performed to give, for each com-
bination, an average R1 and a probability of emergence, in order to examine
the relationship between the two. They exhibit a strong correlation, but not an
apparent threshold at R1=1 (Figure 2.8, a and c), as a result of its being an ap-
proximation of the true basic reproductive number. We investigated the effect
of different mutation rates on the relationship between R1 and the probability
of emergence, in order to compare this work with that of Antia et al. [10], who
modeled the emergence of mutating pathogens under stochastic effects in the
context of R0, and we found that under our model the mutation rate had little
effect (Figure 2.8, b and d).

Finally, Figure 2.9 is a reproduction of the result from the deterministic model
in the previous chapter (Figure 1.10a). This was done to show that the virulence
will evolve over time towards intermediate values even when stochastic effects
and complex sexual mixing patterns are included. Figure 2.9 shows the evolution
of the virulence over time, averaged over 10,000 simulations, and for different
values of σM and σE . The figures show a clear trend of evolution towards
intermediate SPVL regardless of the initial value of µ0, and this occurs faster
at higher values of σM .
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Figure 2.1: Parameter estimation. The 100,000 initial sets of values were
selected by Latin Hypercube sampling from the ranges in Table 2.2), excluding
Y0 which was set at one. Each combination was simulated, and 2789 of these
produced an epidemic with a final prevalence between 15 and 30%. These points
are plotted in this figure, with each panel showing the same set of simulations. In
a particular row, the same parameter is on the y-axis, while in each column the
same parameter is on the x-axis. The parameters signify: X0, initial population
size; ω, the death rate; Ds, the average time between infections; Dr, the average
duration of relationships; Pc, the proportion entering the core group; λ, the
core group contact rate; κ, the ratio between non-core and core group contact
rates; ε, the assortativity; σE , the environmental standard deviation; σM , the
mutational standard deviation; µ0, the virulence of the founding strain.
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Figure 2.2: Distribution of key parameters. The distribution of the parameters
within simulations with a final prevalence of <15% (a, b and c), 15-30% (d, e
and f) and >30% (g, h and i). The parameters are the initial virulence, µ0 (a,
d and g), the core group contact rate, λ (b, e and h), and the ratio of non-core
to core group contact rate, κ (c, f and i).
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Figure 2.5: The increase in the probability of an epidemic by a) survival at 100
years or b) crossing the 2% threshold, as the number of founders increases. The
probability observed in the model (black lines), is compared with the increase
in epidemic probability based on Y0 independent trials. The probability of
emergence with trials. The probability of emergence with Y0 founders, pY0

, is
given by 1− (1− p1)Y0 where p1 is the probability of an epidemic when Y0 = 1.
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2.5 Discussion

In this work we explored the effect of founder selection on HIV-1 viral virulence.
Specifically, we have studied the effect of viral virulence on the per-introduction
probability of emergence of HIV infection, and how other parameters governing
population and sexual behaviour interact with that relationship. We also studied
the effect of between-host selection on the evolution of virulence over time under
stochastic fluctuations.

The principal result is that a virus with intermediate virulence (µ0) is more
likely to found an epidemic than one with a high or low virulence genotype
(Figure 2.3 and 2.4, l), and this trend occurs regardless of large changes in the
other parameters (Figure 2.6 and 2.7). This confirms previous work which sug-
gested that these intermediate viruses are fitter and will therefore be naturally
selected in the population due to their higher basic reproductive number (R0)
[73].

The apparent strength of founder selection at the origin of HIV-1 also applies to
any further epidemiological bottlenecks that HIV underwent as it spread glob-
ally. The practical implication is that, subject to the functional dependencies
on viral load used to quantify this model, there should not be order of mag-
nitude differences in virulence between different HIV strains and subtypes, nor
between recent or ancient human isolates. Conversely, where major differences
in virulence do exist, such as between HIV-1 group M and HIV-2, it is likely
that the functional relationships linking SPVL, infectiousness and survival are
different. We have also explored the extent to which host mixing characteristics
affect founder selection.

In this work two different definitions of an epidemic are used, defined as sur-
vival of at least two infected individuals after 100 years, and a prevalence of
greater than 2% at any point within 100 years. Both were explored with a
view that both outcomes were important. An epidemic which lasted 100 years
with prevalence <2% would be important, as would one which explosively in-
fected many and then died out. In most cases reported here, the outcomes are
identical or very highly related. Very low population sizes are an exception: a
lower population size increases the probability that the infection will cross the
2% threshold (Figure 2.4, b), because a single founding infection represents a
greater percentage of the population. However, a low population is also subject
to more stochastic effects and this increases the probability that the infection
will die out before 100 years (Figure 2.3, b).

The relatively small effect of the parameters governing length of (Dr) and time
between (Ds) relationships suggests that this part of the sexual mixing be-
haviour is of less importance for the questions asked in this work (Figure 2.3
and 2.4, d and e). However, increasing the length of time involved in the part-
nership transmission also increases the impact of virulence on the probability of
emergence (Figure 2.6 and 2.7, d and e).
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Figure 2.8: The relationship between the number of transmissions arising
from the first infectee, R1, and the probability of emergence. For each of 1000
sets of parameter values selected in the initial parameter selection step, 100
repeats were performed in order to measure the average R1 and the probability
of emergence as measured by survival after 100 years (a and b) and by infection
of greater than 2% (c and d). Black points represent all 1000 simulations (a
and c), while the blue and red points represent simulations with the lowest and
highest quartiles of the mutational standard deviation σM (b and d).
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Figure 2.9: The evolution of SPVL over time from a range of different values
of µ0, averaged over 10,000 simulations. Parameter combinations were chosen
from the initial parameter selection for all three panels, but in panel b the
values of σE and σM were replaced with 0.66 and 0.12 respectively, and in panel
c the values were 0.55 and 0.39 respectively. These values were chosen to be in
accordance with values examined in chapter one.
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Higher values of the core group contact rate, λ, are much more likely to pro-
duce an epidemic, and the same is also true of the contact rate ratio in the
non-core group, κ, which is also positively related to the probability of emer-
gence (Figure 2.3 and 2.4, f and g). This suggests that transmission dynamics
are dominated by infection through casual rather than long-term partnerships.
This is also supported by the greater probability of emergence when the core
group makes up a greater proportion of the population (Figure 2.3 and 2.4,
h). Interestingly the assortativity, ε, has little effect on emergence, except for
a slight decrease in emergence probability when assortativity is extremely high
(Figure 2.3 and 2.4, i), which may indicate that until the population is almost
entirely assortative there is sufficient mixing to spread the infection from one
group to the next. The parameters governing casual transmission do not appear
to interact greatly with the effect of virulence, µ0, on emergence, although high
values of λ and κ may flatten the relationship between µ0 and probability of
emergence (Figure 2.3 and 2.4, f and g).

The relationship between R1 and the probability of an epidemic shows a strong
link (Figure 2.8, a and c). In spite of this, there does not appear to be a thresh-
old of the reproductive number at R1 = 1, suggesting that R1 underestimates
true R0 by a non-trivial amount. This is most likely to be the result of the
inadequacy of the value R1 as a proxy for the true basic reproductive number
R0. The first infectee is more likely to be in the core group than an individ-
ual picked at random, but is less likely to be than a typical infectee, for whom
initial conditions are no object. The value of R1 is therefore expected to be an
underestimate of R0, and the results shown here support that, since there is a
threshold effect, but not at R1 = 1.

We also attempted to reproduce a result from work by Antia et al. (Antia,
Regoes et al. 2003), who explored the relationship between mutation, R0 and
emergence in a stochastic model. They modelled a mutating pathogen popula-
tion with a fitness close to the epidemic threshold, R0 = 1, but in which the R0

is slightly less than one. In a deterministic model this infection would die out,
but under stochastic effects it is able to spread sufficiently that a fitter mutant
is produced before extinction that then results in an epidemic. Figure 2.8 (b
and d) shows that the relationship between R1 and virulence is not modified by
differences in mutation rate. The relationship does not appear to be different
between the lowest (blue points) or highest quartile (red points) of mutation
rates. This suggests that mutation rate plays less of a role in the epidemic
potential of a strain than in the work by Antia et al. [10].

The model described in this paper supports the result from chapter one (Fig-
ure 1.10a) in which it was shown under a deterministic model that the mean
log10 SPVL evolves towards intermediate values over time Figure 2.9.

A higher number of founders increases the probability of an epidemic by either
measure (Figures 2.3 and 2.3), which is expected, as is the saturating relation-
ship between number of founders and epidemic probability since there will be
limiting returns as additional founders are added. A very simple probabilistic
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model assuming each founder represents an individual trial exhibits the same
qualitative pattern (Figure 2.5) although the fit is much better when an epi-
demic is defined by threshold prevalence (Figure 2.5b). While the epidemic of
each major strain (HIV-1M, N & P, and HIV-2) was likely started by a single
founder, considering a higher number of founders is particularly relevant when
examining founder selection in epidemic bottlenecks, for example associated
with the spread of subtype B virus into the USA [83]. Our results show if there
are multiple founders, this relaxes selection on the virulence genotype to produce
an epidemic (Figures 2.6 and 2.7, a), particularly when defining an epidemic as
crossing the 2% prevalence boundary at any time. These results suggest that
multiple introductions may result in a greater diversity of HIV virulence in the
new population, but understanding how contemporary these introductions must
be for such a phenomenon to occur, and how long this higher diversity would
last before balancing selection removed these extreme genotypes, would require
further work.

A major question of interest with regard to the origin of HIV is why it has
emerged so recently in human history. Changes in hunting practices, such as
the introduction of guns, deforestation, and urbanisation of the tropics may
have contributed to increased contact with non-human primate bodily fluids,
and increased the opportunities for SIV to cross the species barrier. A higher
number of founders has been shown in this study to increase the probability of
emergence (Figures 2.3 and Figure 2.4, a), and even if extra founders increase
the probability of emergence in a limiting fashion, the increase might be even
further enhanced if the two individuals are infected with different candidate
strains.

2.6 Conclusion

Founder selection has likely have played an important role in shaping the viru-
lence on HIV-1 infection right from the start of the epidemic, and selects for very
similar viruses as selection for optimal spread later on in the epidemic. Our find-
ings reiterate, in the specific context of HIV, the general prediction that major
zoonotic epidemics are most likely to be caused by pathogens that are already
quite transmissible [10], or which are introduced into a risk population where
contact rates are such that transmission is highly amplified.
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Chapter 3

How effectively can
phylogenies be used to
measure heritability?

3.1 Abstract

Introduction
For any infectious disease, the heritability (or similarity) of prognostic markers,
measured from one infection to the next, is a measure of how much control the
pathogen genotype has over disease severity. The severity of HIV-1 infection, as
measured for example by SPVL, is highly variable between infected individuals.
While many studies have addressed the human covariates of severity, compara-
tively few have examined its viral covariates. Heritability in viral load can be
used to quantify the net impact of as yet unknown viral factors on HIV-1 viral
load. To date, heritability estimates have been found to vary widely between
studies, and within subpopulations within studies.
Methods
In this study we set out to systematically compare methods for measuring her-
itability in HIV-1 SPVL, with particular emphasis on methods that use viral
phylogenies to estimate heritability. We present mathematical and computa-
tional results that allow different methods to produce directly comparable es-
timates. We also present two new phylogenetic comparative methods, which
either cluster individuals into pairs (“Phylogenetic Pairs”) or into clusters of
various sizes (“Hierarchical Clustering”).
Results
Using a wide range of existing and new methods, we re-analysed patient data
from two studies, the Rakai community cohort from Uganda, and the Swiss
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HIV Seroconverters Cohort. The methods differed in their ability to detect her-
itability, and this is dependent on which data are included in the analysis. We
also simulated evolution on the phylogeny for a range of heritability values to
examine how well a given method detects and quantifies true heritability. In
this study we used the correlation coefficient between the SPVL of an index
and a secondary case as the measure of heritability, labelled ρ. This is a lower
bound on the proportion of SPVL caused by viral factors. We also estimated
confidence intervals of heritability using a method that is robust but computa-
tionally intensive. Depending on the phylogeny, several of the methods could
consistently detect ρ above 0.4, and none below. Of the methods we tested, we
found that Pagel’s λ and Phylogenetic Pairs were the most robust and sensitive.
These methods produced variable estimates of heritability, which were generally
consistent with results from previous studies.
Conclusion
Our results suggest that in some populations, more than half of variation in
SPVL is controlled by viral factors, but that in others, this proportion may
be considerably lower. We also show that existing phylogenetic methods are
ill-suited for detecting levels of heritability below 0.4, which may nonetheless be
biologically important.
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3.2 Introduction

HIV has a high mutation rate [107, 5] and daily turnover [100, 227] and there-
fore adapts rapidly under selective pressure. Adaptation to the host environ-
ment has been extensively studied in the context of immune escape [232, 27],
pathogenesis [165] and drug resistance [197, 205]. Increasingly there is interest in
viral adaptation to the population, for example through transmission of escape
[136] or drug resistance mutations [236]. The impact of HIV on mortality and
morbidity and its heterogeneity in severity of infection make it an important
topic for study. Understanding the effect of public health interventions which
affect transmission on virulence evolution is important when evaluating such
programmes [77].

The heritability of a trait determines the rate at which it will evolve under
directional selection. The phenotype of any organism is controlled partly by
its genome, and partly by its environment. The heritability, h2, is defined
in equation 3.1 as the proportion of total phenotypic variance (σP

2) which is
ascribed to genetic variance (σG

2) [70].

h2 =
σ2
G

σ2
P

(3.1)

SPVL is partly determined by host factors, both genetic such as HLA type
(reviewed in [31]), sex [53], and non-genetic factors such as age [196], and co-
infections [2, 111]. Specific human genetic factors have been identified to which
13% of SPVL variation can be attributed, with a further 9% explained by age,
sex and population structure [64], but the total environmental component of
variance (σE

2, which in this context includes all host effects) may still be much
greater than this. The remaining variation in SPVL is the result of variation in
the VVG. Subtype-specific differences in virulence (reviewed in [81]) provided
the first evidence for its control by the viral genotype. Subsequently a number of
studies have measured heritability directly by comparing the variance in SPVL
between individuals with closely related virus, and with the variance between
those with distantly related virus. The wide range of heritability estimates
(Table 3.1, adapted from [158]) may result from the diversity in the datasets, or
from chance, but may result from differences in the methods. Wide confidence
intervals also suggest large uncertainty in the estimates.
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Most of the studies examined SPVL correlation between pairs of individuals
where one had infected the other (transmission pairs). These studies required
the identification and study of couples where transmission was epidemiologically
suspected and confirmed by phylogenetic analysis, and so the sample sizes are
as a result relatively small. The phylogenetic comparative study by Alizon
et al. [4] had the advantage that any sample of well characterised patients
could be analysed, as the study used only the phylogenetic relationship between
HIV sequences to infer genetic similarity, allowing a larger sample size, and
potentially the application of the method to a much wider range of data sources.
However, detection and measurement of heritability in the phylogenetic study
was found to be strongly dependent on the inclusion criteria used. Contrary to
expectations, the most exclusive criteria and therefore the smallest sample size
exhibited the greatest level of inferred heritability. The authors did not take into
account the effect of cofactors such as age and co-infections which may influence
the SPVL and which may also cluster together on the phylogenetic tree. It is also
uncertain exactly how the quantity measured by the two methods used (Pagels λ
and BlombergsK) should be interpreted in the context of heritability. We herein
propose a new approach which, as in [4], uses only the phylogenetic distances
to determine genetic proximity of viruses, but allows inclusion of cofactors and
also links the results to true heritability.

The aim of this study was to test this new approach, and compare it with other
available methods for measuring trait heritability on a phylogenetic tree.

3.3 Methods

We tested the effectiveness of methods which measure heritability by using the
phylogeny to reconstruct the transmission network. Each method produces a
single statistic which is a measure of phylogenetic signal. We examined how
well each statistic could be used to identify and quantify heritability.

We developed two methods, the Phylogenetic Pairs (PP) method and the Hier-
archical Clustering (HC) method. They use the phylogeny to identify transmis-
sion clusters on the tree and then test for similarity of SPVL within the clusters
using analysis of variance (ANOVA). We also describe and test several other
statistics developed elsewhere to measure phylogenetic signal (the Mantel test
[147]; Blomberg’s independent contrasts [24]; Pagel’s λ transformation [75]; and
the Abouheif-Moran tests [178]).

Phylogenetic Pairs (PP)

The PP method analyses putative transmission pairs on the phylogenetic tree,
without requiring behavioural data. These pairs are identified as two tips on
the phylogenetic tree that are each others closest neighbour. They are located
by testing each tip i in turn. For each i its nearest neighbour j is located. If
i is also the nearest neighbour of j, then they are defined as a pair. There
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Table 3.2: Characteristics of the individuals from the Rakai cohort which are
included in this study.

Factor Category Number

Sex
Male 164 (44.4%)

Female 205 (55.6%)

Age

15-24 53 (14.4%)

25-29 65 (17.6%)

30-39 93 (25.2%)

40+ 39 (10.6%)

Missing data 119 (32.2%)

Genito-urinary discharge (GUD)

Yes 64 (17.3%)

No 40 (10.8%)

Missing data 265 (71.8%)

Subtype

A 55 (15.9%)

D 240 (65.0%)

Other/missing 74 (20.1%)

is no maximum distance between them, nor must they form a monophyletic
group.

The ANOVA is then performed as in equations 3.2 and 3.3 where Pair indicates
the pair number and in each case the adjusted R2 is used as a measure of the
variance explained. The additional variance explained by the model which takes
into account the pairs becomes the test statistic PP (equation 3.4). Individuals
not included in a pair are excluded. The cofactors shown here are those available
in the Rakai dataset (Table 3.2) where GUD is Genito-Urinary Discharge. In
the Swiss data sex, age and risk group are used (Table 3.3).

SPVL: Sex+Age+GUD+Pair → adjRc
2 (3.2)

SPVL: Sex+Age+GUD → adjR2 (3.3)

PP = adjRc
2 − adjR2 (3.4)

Cofactors are only included for the randomisation test, and not in the sim-
ulations, because although they affect SPVL, it is not clear how to incorpo-
rate these effects in simulations. One possible method would be to calculate
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Table 3.3: Characteristics of the individuals from the Swiss cohort which are
included in this study.

Factor Category Number

Sex
Male 554 (83.8%)

Female 107 (16.2)

Age

15-24 53 (8.0%)

25-29 110 (16.6%)

30-39 280 (42.4%)

40-49 151 (22.8%)

50+ 49 (7.4%)

Missing data 18 (2.7%)

Genito-urinary discharge (GUD)

Yes 64 (17.3%)

No 40 (10.8%)

Missing data 265 (71.8%)

Risk group

Blood 2 (0.3%)

Heterosexual 142 (21.4%)

Injecting drug use 97 (14.7%)

MSM 404 (61.1%)

Other 4 (0.6%)

Missing 12 (1.8%)

Viral load variability
Liberal only 431 (65.2%)

Strict 230 (34.8%)

the fixed effects of the cofactors using a linear regression, simulate the resid-
uals, and subsequently add the fixed effects, but this requires using residuals
as data, which is problematic [74]. We therefore ignore the cofactors for the
purposes of simulation, and they are not included in analyses which used sim-
ulated data. In this case the ANOVA is performed by regression of SPVL on
Pair alone (equation 3.5), and the test statistic PPs was the resulting adjRs

2

(equation 3.6).

SPVL: Pair→ adjRs
2 (3.5)

PPs = adjRs
2 (3.6)
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Hierarchical Clustering (HC)

The HC method is similar to the PP method but it combines individuals into
clusters of two or more according to a threshold distance. Short distances give
small clusters and many individuals are not included in a cluster, while larger
distances give larger clusters and more inclusion. There is no obvious cluster
size, proportion included or number of clusters to use, so the method integrates
over the range of clustering distances. There are also 4 possible clustering
algorithms, implemented using the hclust method in R [217], although the ’ward’
method has been used as the default for this analysis.

1. The complete method joins an individual to a cluster if it is linked to
(within the threshold distance of) every other member of the cluster.

2. The single method joins an individual to a cluster if it is linked to any
other member of the cluster.

3. The average method joins an individual to a cluster if the average distance
to every other member of the cluster is lower than the threshold.

4. The ward method calculates the least squares cost of each cluster, based
on the distances between its members. If the cost of joining two clusters
is less than the threshold then they will be combined.

Once individuals are assigned clusters at a given distance d, a pair of ANOVAs
is performed, as in equations 3.7 and 3.8. The value of adjR2 is also dependent
on d since only individuals who are in clusters at that distance are included.
The value of adjRc

2(d) adjR2(d) is calculated for the range of distance, and the
sum over all d, multiplied by its increment, ∆d=0.01, is the test statistic, HC
3.9. This method therefore measures the degree of clustering at all depths of
the tree. While a nested ANOVA would have been a desirable way to approach
this problem, there was insufficient data and too many parameters to estimate
for such a complex nesting model.

SPVL: Sex+Age+GUD+Cluster(d)→ adjRc
2(d) (3.7)

SPVL: Sex+Age+GUD → adjR2(d) (3.8)

HC = ∆d
∑
d

(
adjRc

2(d)− adjR2(d)
)

(3.9)

As with the PP method, cofactors are only included in the randomisation test,
so when simulations are involved a single ANOVA is done for each clustering
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distance 3.10 and the test statistic, HC, is the sum over each value of adjRs
2(d)

3.11.

SPVL: Cluster(d)→ adjR2(d) (3.10)

HCs = ∆d
∑
d

adjRs
2(d) (3.11)

Mantel test

The Mantel test measures correlation between two distance matrices [147], in
this case the phylogenetic distance matrix, and the SPVL trait difference ma-
trix. The statistic is the sum of the product of each cell and the corresponding
cell in the other matrix (excluding the diagonal). The method was implemented
in R [217] using the ade4 package [56].

Blombergs’ K

In this method pairs of sister tips are contrasted independently by dividing their
difference in trait value by the square root of the branch length separating them
[66, 4]. These tips are then removed, and their parent node ascribed a new
trait value from an average of the value at each daughter tip, weighted by the
reciprocal of the branch length from the parent node to each tip. This new tip
can then be compared with its sister tip, and this continues until every pair has
been contrasted. The variance of these values, the Phylogenetic Independent
Contrasts (PICv) is high (low) when phylogenetic signal is low (high).

The PICv can be converted to the K statistic by dividing it by its expected value
under a Brownian motion model of evolution, which depends on the shape and
size of the phylogeny. If K=0, this indicates no phylogenetic signal, while K=1
implies evolution according to Brownian motion. K can also exceed one, for
example if the trait is selected in different directions on different branches of
the tree. This statistic was measured in R [217] using the phylosignal function
from the package picante [118].

Pagel’s λ

The shared evolutionary history of the tips on a phylogeny can be expressed as
a variance-covariance matrix of size nxn where n is the number of tips. The
values along the diagonal represent the distance between each tip and the root,
and the off-diagonal values give the distance between the root and the most
recent common ancestor of the two tips. This value therefore captures the
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shared evolutionary history between these two tips, with higher values repre-
senting a greater amount of shared history, and a consequent similarity in trait
values.

These covariances can be used to simulate these trait values, which can be fit to
the true data. The λ statistic is a multiplier which transforms the covariances
to maximise the fit between the simulated and the real tip data. If λ=0, the
phylogeny has no effect . If λ=1, trait evolution can be best described by a
Brownian motion model, and λ > 1 is also possible [75]. It was implemented
using the phylosig function [169, 193].

Abouheif Moran test

The Abouheif Moran statistic is the sum of the differences between the trait
values for each pair of tips, weighted by the reciprocal of the distance between
them. There are five different methods for measuring the distance between tips,
although number two, ’Abouheif’, has been used as the default for this analysis.
These tests were conducted in the adephylo package [109] in R [217].

1. ’oriAbouheif’: derived from the test for serial independence [1], this mea-
sure is the inverse of the product of the number of branches descending
from each node in the path connecting the two tips [178].

2. ’Abouheif’: as above but the diagonals in the proximity matrix are set to
zero [178].

3. ’sumDD’: as in the “Abouheif” method, but it measures the inverse of the
sum of the number of descending branches, rather than the inverse of the
product.

4. ’nNodes’: The inverse of the number of nodes on the path connecting the
two tips.

5. ’patristic’: The inverse of the branch length on the path separating two
tips.

3.3.1 Significance tests

For each statistic a randomisation test is performed in which the patient data
associated with the tips are randomly permuted on the tree 1000 times, and the
statistic is recalculated each time. Randomisation scrambles phylogenetic signal,
giving an expected distribution of the statistic under no heritability, which is
the null hypothesis. The proportion of randomisations which give a statistic
higher than the true value is the one-tailed p-value. When the randomisation
test is performed for the PP and HC statistics the cofactors remain with their
corresponding tips.
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3.3.2 Quantifying heritability

In order to examine the relationship between true heritability and each of the
available statistics, we simulated evolution of SPVL on phylogenetic trees with
a specific input value ρ as a measure of heritability, in a manner derived from
previous work [4]. This was done to test the sensitivity of each statistic to
different levels of heritability, and also to estimate the true heritability.

The simulation begins at the root node, and each daughter node is given a
SPVL value based on that of its parent node, and on the SPVL distribution in
the whole population. The higher the heritability, the more the value depends
on the parent. The log10 SPVL at the root node, µR, is given by the mean of
the true SPVL data (equation 3.12.

µR = µ̄ (3.12)

Let M be a random variable normally distributed with the mean and variance
given by that of the true log10 SPVL data (equation 3.13.The SPVL at each
subsequent daughter node, VD, is derived from the parent node, VP , the random
variable M , and the value ρ (equation 3.14). This method is derived from
previous work [4] and is a variation on the Ornstein-Uhlenbeck process [220, 65]
which allows Brownian motion to occur while constraining the distribution of
the population.

M ∼ N(µ̄, σP
2) (3.13)

VD = ρVP +M
√

1− ρ2 (3.14)

The result is a set of simulated data at the tips of the tree which is used for
analysis. The value ρ is the correlation coefficient between an index (P ) and
a secondary case (D), since equation 3.14 can also be described as in equa-
tion 3.15.

VD|VP ∼ N
(
VP , (1− ρ2)σP

2
)

(3.15)

3.3.3 Alternative method of simulation

The simulation method described above assumes that a branch length between
two nodes on the phylogeny represents a single transmission, and the expected
evolution of virulence is the same along any branch, regardless of its length. In
an alternative method, a branch between two nodes could represent multiple
generations, with longer branches allowing more transmissions.
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The number of generations between each parent and daughter node (P and D
respectively) is represented by gPD (equation 3.16). At least one generation is
assumed, but the number in excess of this is taken from a Poisson distribution
where lPD is the distance between the two nodes in mean substitutions per site,
r is the rate of evolution on the phylogeny in substitutions per site per year,
and Tg is the mean generation time of HIV-1.

gPD = 1 + Poisson

(
lPD
rTg

)
(3.16)

The rate of evolution in the Rakai dataset was measured at 6.8× 10−3 per site
per year using Path-O-Gen [189]. The mean generation time in this dataset was
measured as 4.3 years [103].The SPVL at each daughter node is then given as
in equation 3.14 but allowing for more than one generation. The random vari-
able, Mb, is picked from a normal distribution, but represents the sum of gPD
normal distributions, and is therefore distributed with lower variance (equa-
tion 3.18.

VD = ρgPDVP +Mb

(
gPD−1∑
i=0

)√
1− ρ2 (3.17)

Mb ∼ N(µ̄,
σP

2

gPD
) (3.18)

In this study we will describe heritability in terms of the correlation coefficient, ρ,
and discuss how this term can be interpreted in terms of traditional heritability
(h2, equation 3.1) to which it is strongly related.

Although in theory the range of a correlation coefficient is from -1 to +1, in
reality it is problematic to talk of negative correlation between a series of in-
dividuals, since negative correlation with ones nearest neighbour may entail
positive correlation with their next neighbour. Thus when we use ρ as a sum-
mary measure of an entire population, we consider only the range from 0 to
+1.

3.3.4 Estimating true heritability

In order to estimate the value of true heritability in the data, and the confi-
dence intervals surrounding it, we used data simulated with given heritability
to identify the relationship between the input values of ρ and the output values
of a given statistic. The true value of the statistic could then be examined in
light of this relationship to establish true heritability.

We used an Approximate Bayesian Computation approach [45] to identify the
true heritability distribution. Values of ρ were drawn from a prior distribution,
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the data were simulated and a test statistic Z was calculated and compared
with the test statistic from the true data Ẑ with a tolerance parameter ε If the
inequality 3.19 is satisfied, that value of ρ is accepted and forms part of the
approximate posterior distribution of true ρ. In this study ε for a given statistic
was set at 10% of the standard deviation of values for that statistic resulting
from a set of preliminary simulations with ρ drawn from a uniform between 0
and 1 (data not shown).

Ẑ − ε < Z|ρ < Ẑ + ε (3.19)

The prior distribution of ρ had a large effect on the distribution of the posterior
value. It is important to identify whether or not heritability was significantly
different from 0, but if all values of ρ were drawn from a uniform distribution
(3.20) then the lower boundary of the confidence interval would always exceed
0.

ρ ∼ U(0, 1) (3.20)

In order to allow the boundary of the confidence interval to include 0, we in-
cluded values of 0 in the prior of ρ. We defined a further parameter, π, which
represented the probability that a simulation had ρ=0 (3.21). Rather than draw-
ing ρ from a uniform prior, instead π was drawn from U(0,1), which implied
that 50% of values of ρ in the prior were drawn from a uniform distribution and
50% were set at ρ=0.

ρ ∼
{

0 with probability π
U(0, 1) with probability 1− π (3.21)

Values of ρ were drawn from this prior until 1000 were successful, and these val-
ues could then be plotted as representing the distribution of heritability values,
and their confidence intervals could be calculated by looking for the 2.5 and
97.5 percentiles.

3.3.5 Sensitivity testing

To test the sensitivity of each statistic we simulated 100 datasets with a range
(0-1) of ρ values. For each dataset we performed a test with 100 randomisations,
to measure how well each statistic detected significant heritability at different
values of ρ. The method was computationally intensive, so 100 simulations
and 100 randomisations for each were considered to be the minimum number
adequate.
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3.3.6 Data

Rakai

The study population was enrolled in the Rakai Community Cohort Study in the
rural Rakai District of south-western Uganda. The study methods for this cohort
have been outlined elsewhere [224, 225], but the specific selection of the cohort
under study in this work has been described in further detail in more recent
work [104], which also provided the phylogeny constructed from all sequences
3.1, inferred using env and gag sequences. Characteristics of the cohort are
shown in 3.2. The phylogenetic inference was performed using the concatenated
env and gag genes. The analysis was conducted using the GTR+Γ+I method
in RAxML [213]. The outgroup was from an SIV sequence (Accession number:
AB177846.1).

We also separated the subtype A and subtype D sequences, performed individual
phylogenetic inference on each using the method specified for the entire dataset,
and then used the subtype A and subtype D datasets as alternative subdivisions
of the data (n=55 and n=240, respectively).

We also analysed subdivisions used in previous work [104]. The dataset con-
tained several pairs who were identified as cohabiting couples, initially with one
infected and one uninfected, in which the uninfected partner subsequently se-
roconverted. There were 16 couples for whom both gag and env were available,
whose HIV sequences formed a monophyletic group on the phylogeny with>80%
bootstrap support, and these individuals are referred to as the strongly linked
couples (n=32). A third selection contained the strongly linked individuals and
an additional 15 couples who were weakly linked, since they were monophyletic
but with <80% bootstrap support (n=62).

Swiss

The Swiss data was taken from the Swiss HIV Cohort Study which has been
described elsewhere [134, 204] and the specific selection has been analysed in
previous work [4], from which we also took the phylogeny based on the pol gene
3.3. This was inferred using PhyML [92] from subtype B infected individuals
for whom at least three viral load measurements were available after primary
infection and before anti-retroviral therapy. Characteristics of the cohort are
shown in Table 3.3.

The entire dataset (All Liberal, n=661) fit the liberal definition for viral load
variability, meaning that three consecutive viral load measurements were avail-
able which remained within a one-log band during the period of asymptomatic
infection. We also analysed three smaller more subdivisions of the data as in
previous work [4]. The MSM Liberal subdivision (n=404) includes only individ-
uals who are men who have sex with men. The All Strict subdivision (n=230)
includes only individuals who fit the strict definition of viral load variability,
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meaning that in addition to having three consecutive viral load measurements
within a one-log band, they do not have any measurements within the time
period (180 days after infection to 3 years after the first positive viral RNA)
which are outside this band. The MSM Strict subdivision includes individuals
who fit both criteria (n=134).

Trees for simulations were read and manipulated using the ape package [173] in
R [217], which was also used to plot the trees.

3.4 Results

3.4.1 Testing significance in the true data.

The significance of each of the statistics when applied to each of the three sub-
divisions in the Rakai data was tested by randomisation (Table 3.4). There
was more evident heritability in the Swiss data (Table 3.5). In the Swiss data
the smaller subdivisions exhibited more significant heritability than larger ones.
While this was assumed to be a result of the shared characteristics of the smaller
subdivisions, but it is possible that this is the effect of sample size itself. We
artificially created a smaller dataset which did not share characteristics by ran-
domly sampling without replacement from the larger dataset. We thus produced
a smaller dataset which was the same size as the MSM Strict dataset. Signif-
icance tests were then performed on these resampled datasets and the results
compared with those from the targeted subdivisions which do share the char-
acteristics 3.6. In almost every case the level of significance detected was much
higher in the targeted than the random subdivision.
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Figure 3.1: Maximum likelihood phylogenetic tree for the entire Rakai cohort
used in this work, showing branch lengths and the strongly-linked couples are
in red.
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Figure 3.2: Phylogenetic tree for the two dominant subtypes, A and D, in the
Rakai cohort, showing branch lengths.
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Figure 3.3: Phylogenetic tree for the Swiss cohort, showing branch lengths
and the MSM Strict group are in red.
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3.4.2 Estimates of heritability

True heritability was estimated by using the simulated heritability results to
interpret the value of the statistic from the true data. Simulation of evolu-
tion on the tree under study was combined with an ABC method to measure
the approximate posterior distribution of the true value of ρ in the data. The
distributions of heritability values are plotted, for the entire Rakai dataset (Fig-
ure 3.4) as well as the analysis on the individual subtypes A and D (Figures 3.5
and 3.6), and on the entire Swiss data (Figure 3.7). The result from analysis
of the MSM Strict subdivision was also plotted (Figure 3.8), as the subdivision
with the most unambiguous heritability as demonstrated by the randomisation
test (Table 3.5).

Tables 3.7 and 3.8 show the estimates of ρ. The distributions of heritability
values were used to estimate the best estimate of ρ, which was taken to be
the median because the distributions were asymmetric. The distribution was
also used to calculate two-tailed 95% confidence intervals for the value of ρ.
In none of the combinations of test statistics and data subdivision were any
of the confidence bounds above zero. The tables also show the proportion of
the posterior distribution of ρ which is zero. As expected, the data subdivision
exhibiting the lowest proportion of zeros is the MSM Strict group from the Swiss
data.
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Figure 3.4: Estimated heritability in the entire Rakai dataset. Each plot
represents a different statistic, written above the plot. The plot displays the
distribution of 1000 values of ρ which result in a simulation and a subsequent
test statistic which was sufficiently close to the value of the true statistic. The
trial values of ρ were taken from a prior distribution in which 50% of the values
were 0 and 50% were drawn from a uniform distribution between 0 and 1.
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Figure 3.5: Estimated heritability in the subtype A infected individuals in the
Rakai dataset. Each plot represents a different statistic, written above the plot.
The plot displays the distribution of 1000 values of ρ which result in a simulation
and a subsequent test statistic which was sufficiently close to the value of the true
statistic. The trial values of ρ were taken from a prior distribution in which 50%
of the values were 0 and 50% were drawn from a uniform distribution between
0 and 1.
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Figure 3.6: Estimated heritability in the subtype D infected individuals in the
Rakai dataset. Each plot represents a different statistic, written above the plot.
The plot displays the distribution of 1000 values of ρ which result in a simulation
and a subsequent test statistic which was sufficiently close to the value of the true
statistic. The trial values of ρ were taken from a prior distribution in which 50%
of the values were 0 and 50% were drawn from a uniform distribution between
0 and 1.
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Figure 3.7: Estimated heritability in the entire Swiss dataset. Each plot
represents a different statistic, written above the plot. The plot displays the
distribution of 1000 values of ρ which result in a simulation and a subsequent
test statistic which was sufficiently close to the value of the true statistic. The
trial values of ρ were taken from a prior distribution in which 50% of the values
were 0 and 50% were drawn from a uniform distribution between 0 and 1.
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Figure 3.8: Estimated heritability in the MSM individuals with the Strict
definition of viral load in the Swiss dataset. Each plot represents a different
statistic, written above the plot. The plot displays the distribution of 1000
values of ρ which result in a simulation and a subsequent test statistic which
was sufficiently close to the value of the true statistic. The trial values of ρ were
taken from a prior distribution in which 50% of the values were 0 and 50% were
drawn from a uniform distribution between 0 and 1.
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3.4.3 Testing the sensitivity of each statistic

The sensitivity for each statistic on a given tree was measured by simulating
evolution along the tree with a particular input heritability, and then performing
a randomisation test to establish whether the statistic could detect that level
of heritability. Results from simulations on the entire Rakai and Swiss phylo-
genies are shown in Figures 3.9 and 3.10 respectively. The Mantel test appears
to be insensitive to even maximum heritability, on either dataset. The PP, HC
ward, AM Abouheif and Pagel’s λ all perform similarly, requiring ρ > 0.6 to
consistently detect an effect in the Rakai dataset, while in the Swiss dataset
a consistent effect is detected when ρ > 0.4. Blomberg’s K is less sensitive
in either dataset, and the Mantel statistic is insensitive even for values of ρ
close to 1. Interestingly, however, when the methods are applied to the tree
derived from the Swiss MSM Strict individuals, the K statistic performs com-
parably with the other methods (Figure 3.11), and this is also the case when
applied to the subtype A and subtype D trees from the Rakai data (Figures 3.12
and 3.13).

We also tested an alternative method of simulation which accounted for differ-
ences in branch length and allowed multiple generations between two adjacent
nodes. This was applied to the Rakai data 3.14 using a clock rate of 1.094*10−2

substitutions per site per year, estimated from this data using Path-O-Gen [189]
which calculates this rate from the phylogeny and tip dates. The generation time
of 4.3 years was estimated from the Rakai dataset [103]. The sensitivity appears
to be generally poorer than for the simpler method (Figure 3.9).

There were several available variations of both the HC and Abouheif-Moran
tests, and throughout this work we refer to the default algorithms (’ward’ in
the HC method, and ’Abouheif’ in the Abouheif-Moran method). We tested
the sensitivy of the variations of these methods, which were the ’complete’, ’sin-
gle’ and ’average’ algorithms in HC (Figure 3.15), and ’oriAbouheif’, ’sumDD’,
’nNodes’ and ’patristic’ algorithms, (Figure 3.16). We found that the default
methods performed equally well or better than any of the variations.

3.5 Discussion

In this study we developed and evaluated methods for detecting and measur-
ing heritability of SPVL using phylogenetic relationships. We developed two
new methods for performing this analysis, the Phylogenetic Pairs (PP) method
and the Hierarchical Clustering (HC) method, and tested them, along with
other previously used methods on two cohorts from Rakai [104], and Switzer-
land [4].

Simulations of SPVL evolution on the true phylogenies suggest that none of
the methods can detect heritability lower than approximately ρ=0.4, and this
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Figure 3.9: Six different statistics under comparison and p-values for each of
100 simulations on the entire Rakai phylogenetic tree. Each simulation was con-
ducted with a given input heritability (ρ), and each dot represents a simulation.
The left column gives the value of the statistic derived from each simulation,
and the right column shows the p-value of that simulated data when the data
are randomly permuted. The dotted line is at the p-value of 0.05 to indicate
the boundary of formal significance.
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Figure 3.10: Six different statistics under comparison and p-values for each of
100 simulations on the entire Swiss phylogenetic tree. Each simulation was con-
ducted with a given input heritability (ρ), and each dot represents a simulation.
The left column gives the value of the statistic derived from each simulation,
and the right column shows the p-value of that simulated data when the data
are randomly permuted. The dotted line is at the p-value of 0.05 to indicate
the boundary of formal significance.
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Figure 3.11: Six different statistics under comparison and p-values for each
of 100 simulations on the tree derived from only the MSM Strict individuals in
the Swiss cohort. Each simulation was conducted with a given input heritability
(ρ), and each dot represents a simulation. The left column gives the value of the
statistic derived from each simulation, and the right column shows the p-value
of that simulated data when the data are randomly permuted. The dotted line
is at the p-value of 0.05 to indicate the boundary of formal significance.
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Figure 3.12: Six different statistics under comparison and p-values for each of
100 simulations on the tree constructed from the subtype A sequences in Rakai
cohort. Each simulation was conducted with a given input heritability (ρ), and
each dot represents a simulation. The left column gives the value of the statistic
derived from each simulation, and the right column shows the p-value of that
simulated data when the data are randomly permuted. The dotted line is at
the p-value of 0.05 to indicate the boundary of formal significance.
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Figure 3.13: Six different statistics under comparison and p-values for each of
100 simulations on the tree constructed from the subtype D sequences in Rakai
cohort. Each simulation was conducted with a given input heritability (ρ), and
each dot represents a simulation. The left column gives the value of the statistic
derived from each simulation, and the right column shows the p-value of that
simulated data when the data are randomly permuted. The dotted line is at
the p-value of 0.05 to indicate the boundary of formal significance.

117



Figure 3.14: Six different statistics under comparison and p-values for each of
100 simulations on the entire Rakai phylogenetic tree. Each simulation is con-
ducted with a given input heritability (ρ), and each dot represents a simulation.
The left column gives the value of the statistic derived from each simulation,
and the right column shows the p-value of that simulated data when the data
are randomly permuted. The dotted line is at the p-value of 0.05 to indicate
the boundary of formal significance.
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Figure 3.15: Statistics and p-values for each of four different variations of the
Hierarchical Clustering method (’complete’, ’single’, ’average’, ’ward’) when
100 simulations were conducted on the entire Rakai phylogeny. Each simulation
was conducted with a given input heritability (ρ), and each dot represents a
simulation. The left column gives the value of the statistic derived from each
simulation, and the right column shows the p-value of that simulated data when
the data are randomly permuted. The dotted line is at the p-value of 0.05 to
indicate the boundary of formal significance.
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Figure 3.16: Statistics and p-values for each of five different variations of the
Abouheif-Moran method (’oriAbouheif’, ’Abouheif’, ’sumDD’, ’nNodes’, ’pa-
tristic’) when 100 simulations were conducted on the entire Rakai phylogeny.
Each simulation was conducted with a given input heritability (ρ), and each dot
represents a simulation. The left column gives the value of the statistic derived
from each simulation, and the right column shows the p-value of that simulated
data when the data are randomly permuted. The dotted line is at the p-value
of 0.05 to indicate the boundary of formal significance.
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threshold is higher in some phylogenies. Since most previous studies which
measured heritability have produced estimates lower than this (Table 3.1), it
suggests that phylogenetic methods are not adequate to detect heritability in
HIV virulence. Modelling work in chapter one has suggested that heritability
lower than this is enough to produce a substantial rate of evolution.

3.5.1 Results from the data

Heritability was detected consistently in the MSM Strict subdivision of the
Swiss cohort (Table 3.5), supporting the previous study of this data which
found significant and high heritability in that subdivision [4]. We also found
that several statistics uncovered significant heritability in the Strict and MSM
Liberal subdivisions. In contrast, aside from the strong and weakly linked cou-
ples subdivision, we did not observe significant heritability in the Rakai data
(Table 3.4). Previous work found borderline significance in both [104]. However
the small effect in strongly linked couples may be attributed to the very small
sample size, approximately half that of the earlier study which also included
pairs which shared only one of the two HIV sequence loci, env and gag. The PP
statistic, which selects putative transmission pairs from a larger phylogeny, was
the only one to detect an effect in the larger dataset and subtype D. It appears
that the level of detectable heritability was similar in subtype D in comparison
to the entire Rakai dataset, which it dominates.

The heritability estimates in the MSM Strict subdivision, although variable
(Table 3.8), were higher than in any other subdivision in the Swiss cohort, or
in the Rakai data (Table 3.7). None of the subdivisions exhibited heritability
significantly different from zero by the ABC method. This suggests that the
level of heritability in the data is relatively low, but this may also be ascribed
to the strength of the hypothesis. The use of the prior on ρ in which 50% of the
randomly selected values were ρ = 0 requires a substantial amount of heritability
to differentiate the data from a zero heritability. This can be observed visually
in figures 3.4 to 3.8, in which even though plots where the apparent signal for
ρ is positive, there are still a large proportion of zeros in the posterior. This
proportion of zeros is also explicitly reported in tables 3.7 and 3.8.

3.5.2 Comparison of statistics

The ability of the different statistics to detect and measure heritability was
variable, and dependent on the choice of dataset and subdivision. Simulat-
ing data and performing randomization tests allowed us to test their ability to
identify known heritability, and also to identify the effect of the phylogeny on
the power of a statistic. In the simulations, the PP, HC complete, Pagel’s λ
and AM Abouheif statistics were comparably sensitive, detecting an effect at
greater than approximately 0.4 heritability in the Swiss data, with AM Abouheif
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slightly more sensitive (Figures 3.9 to 3.14). While sensitivity simulations pro-
vide insight, they are based on simplifying assumptions about evolution along
phylogenies, so testing these methods on real data is essential.

Pagel’s λ detected heritability in every subdivision of the Swiss data (Table 3.5),
but in none of the Rakai subdivisions, where the PP method most effectively
detected heritability by the randomisation test (Table 3.4). Although significant
heritability was more in evidence in smaller subdivisions of the Swiss data, we
did not find any apparent relationship between the power of the methods and
the sample sizes studied (Table 3.6), although we did not explore wide ranges
of the sample size. Our analysis suggests that the limitations of the phylogenic
comparative methods when it comes to detecting low heritability values, are
more due to the shape of the phylogeny than the size.

Apart from the PP statistic, all the statistics described here use the entire phy-
logeny, including topology and branch lengths (although some of the alternative
Abouheif Moran statistics ignore the latter). These statistics use all of the avail-
able relationship data, and are representative of all levels of relatedness in the
transmission network. However, the PP method performed well and arguably
better than other methods, especially given its greater computational efficiency
(it runs an order of magnitude faster than other methods, data not shown),
which strongly recommends its use.

A further advantage of the PP and also the HC methods is the inclusion of
cofactors of SPVL: ignoring these may lead to overestimates or underestimates
of heritability if they associate or dissociate on the tree, respectively. However,
in the absence of a method to include the effect of cofactors in simulations, this
aspect of the PP or HC methods cannot be harnessed to measure ρ.

The relative success of the PP method suggest that most of the signal of her-
itability effectively lies in the tips of the tree, and that very little information
lies deeper in the tree, since the PP method ignores this. The other phyloge-
netic methods which examine deeper relationships in the phylogeny, may thus
be more successful for phylogenies that are less star-like than HIV. This contra-
dicts recent unpublished work by Hodcroft et al. [101] who identified heritability
in subtype B infections from the UK using pedigree analysis. They found that
collapsing poorly supported nodes to polytomies did not greatly affect the esti-
mate, suggesting that the external structure of the phylogeny is less important
than the internal. Rigorously identifying which clades or levels of the phylogeny
are responsible for heritability would be an interesting direction for future re-
search.

3.5.3 Interpreting heritability

Traditional heritability is defined as h2, the proportion of variance explained
by the viral genotype 3.1. Both Blomberg’s K and Pagel’s λ have been linked
directly with h2, but they can both exceed one [75, 24] which h2 can not. In
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theory the result from the PP method also represents the amount of variation in
SPVL which can be explained by that of another individual carrying genetically
similar virus, and may therefore be linked directly to h2, but this may not be
true in practice. The other methods (HC, Mantel and Abouheif-Moran) also
provide statistics which are not on the scale of h2.

We have used the correlation coefficient, ρ, as the measure of heritability in
this study as it is a simple and intuitive single measure of heritability and a
nearly identical value has been used previously in this context [4]. It has also
been used as the measure of heritability in most transmission pair studies [215,
94, 130] and a closely related measure used in the fourth such study [104]. The
method of calibration we have used has allowed us to link the value ρ to each
of the test statistics and interpret results from the true data in terms of ρ.
Simulations in previous work have shown that an input variable closely related
to ρ is strongly correlated with Blomberg’s K and Pagel’s λ [4] but in neither
case is the relationship linear.

The correlation coefficient ρ is a simplified and practical measure of heritability.
It is the proportion of variance in SPVL which does not change between two
generations of infection and is therefore relatively easy to estimate. This differs
from the traditional description of heritability, h2, because the latter describes
the proportion of variance in SPVL which is attributable to variance in the
VVG at a given point in time. The relationship between these two values can
be derived as follows.

Let the SPVLs of an index and a secondary case (VI and VS) be defined by the
relationships in equations 3.22 and 3.23. The value G0 represents the quantity
of shared virulence genes between the two individuals, GI and GS represent
their respective and differing genetic components, and EI and ES are the dif-
ferent environmental factors, or host effects, influencing the SPVL in each host.
The value φ is thus defined as the proportion of the genetic variation which is
inherited, in that it doesn’t mutate between one infection and the next, and is
therefore written as in equation 3.24. The individuals’ genetic components are
independently and identically distributed (distribution 3.25).

VI = φG0 +
√

1− φ2GI + EI (3.22)

VS = φG0 +
√

1− φ2GS + ES (3.23)

φ =
σG

2

σG2 + σM 2
(3.24)

The genetic components are independently and identically distributed (distribu-
tion 3.25) with a variance given by that of the genotypes of the population. G0 is
also independently distributed according to the genotypic variance, but centered
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on the mean SPVL of the population, µ̂ (distribution 3.26). The environmen-
tal components, EI and ES are also independently and identically distributed
according to σE which quantifies the host effect (distribution 3.27).

GI , GS ∼ N(0, σG
2) (3.25)

G0 ∼ N(µ̄, σG
2) (3.26)

EI , ES ∼ N(0, σE
2) (3.27)

By definition, the viral loads are distributed according to the population mean
and variance (distribution 3.28), but they are not independent as they share
genetic history in G0. This shared genetic component is proportional to the
covariance between the two values (equation 3.29).

VI , VS ∼ N(µ̄, σP
2) (3.28)

Cov(VI , VS) = φ2V ar(G0) = φ2σG
2 (3.29)

The correlation coefficient ρ can then be written as a function of the covariance
and variance of VI and VS , as in equation 3.30. This leaves the values of ρ
and h2 related by equation 3.31. Given that 0 < φ < 1 this implies that the
correlation coefficient may underestimate, but never overestimate, the classical
definition of heritability.

ρ =
Cov(VI , VS)√
V ar(VI)V ar(VS)

=
φ2σG

2

σP 2
(3.30)

h2 =
ρ

φ2
(3.31)

Intuitively, h2 will be higher than ρ because it is a measure of the genotypic
variance at an instant in time, so it does not account for ongoing mutation,
whereas the correlation coefficient is lower as a result of incorporating this mu-
tational variance. The discrepancy could be ignored in most organisms, where
mutation occurs on a much longer timescale than transmission. However HIV
can undergo substantial genetic change in a single generation, in spite of the rate
of population level evolution being slower than the within-host rate [186].

In chapter one we estimated these two variables separately by fitting to data
from the Rakai cohort, but this was done using identified transmission pairs. The
maximum likelihood parameter estimates from that study (σE

2=0.43, σM
2=0.01,
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σP
2=0.61) suggest that the h2 is 19% higher than ρ. This suggests that the

estimates of ρ are considerable underestimates of h2, and also that the methods
tested in this study are insensitive to h2 <0.47. Unfortunately the same pa-
rameter estimates were not available for the Swiss data, but it is safe to assume
that the value of ρ underestimates h2 in all cases.

The value ρ is also directly comparable [71] with the coefficient of determination,
R2, estimated in previous work which used an ANOVA to study transmission
pairs [104]. It is also comparable with the analyses of simple linear regressions
which report the correlation coefficient between index and secondary infected
patients in couples (Table 3.1 [215, 94, 130]).

The simulation method we used is based on a simplistic model of evolution.
Most results were based on the assumption that a single branch segment on
the tree represents a single transmission, and that mutation of the VVG is the
same, regardless of the branch length. This almost certainly underestimates
the number of generations separating two tips, so the heritability estimates
we achieve are underestimates, which must be born in mind when comparing
studies. We address this problem with an alternative method of simulation
which allows more generations to occur on longer branches 3.14, but this requires
estimates for the generation time and the tree clock rate, both of which are
uncertain (the tip dates explained only 4% of the genetic divergence), and to
which the heritability estimates are highly sensitive (data not shown).

We also ignore selection in trait evolution. Previous work has identified a rela-
tionship between transmission fitness and SPVL [73], which suggests transmit-
ting nodes on the tree are likely to have SPVL values closer to the optimum for
transmission fitness. However, it is unclear how to extend this to the mechanism
for onward transmission and evolution. Our model of evolution is based on an
Ornstein-Uhlenbeck process [220, 65] which artificially maintains the population
mean while allowing Brownian motion to take place, so it mimicks balancing
rather than directional selection.

We also made the assumption that the infection at the root node was of mean
SPVL, whereas an analysis of several studies has identified a general upward
trend in the evolution of virulence [96]. However, this is not a significant trend,
and without clearer evidence for the dating of the root node it would be mis-
leading to begin simulating with a root node of lower virulence.

3.6 Conclusion

In this study we explored the ability of several statistics to represent heritability
in order that it can be detected in simulated and real data and estimated with
confidence intervals. The simulations suggested that heritability above 0.4 is
consistently detectable. Several of the methods detected heritability in subdivi-
sions of the two datasets where heritability has been previously found. However,
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the estimates of heritability and the confidence intervals are variable depend-
ing on the statistic chosen. We recommend the Phylogenetic Pair method and
Pagel’s λ for use in detecting and estimating heritability.

We also demonstrated methods for measuring heritability in a standardised
form for comparison between studies. This method gives a distribution for the
estimate of the correlation coefficient between an index and a secondary case, ρ,
using a method we have called numerical inversion. This value is strongly related
to, and provides a lower bound for, traditional heritability, h2. Confidence
intervals were produced, but they exhibited significant differences from zero in
no cases.
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Chapter 4

Detection and measurement
of heritability in HIV-1
virulence in Amsterdam.

4.1 Abstract

Introduction
Heritability of virulence in a pathogen refers to the amount of variation in the
severity of infection which can be explained by viral factors, and which is car-
ried by the virus from one infection to the next. Several studies have estimated
heritability in SPVL, most by studying transmission pairs as they carry geneti-
cally similar virus, but more recently by using phylogenetic information to find
related viruses.
Methods
We estimated heritability in a cohort from the Netherlands, for which details
of the transmission network were unavailable. We used HIV sequence data
to reconstruct the phylogeny and then applied two methods for identifying and
measuring heritability, the Phylogenetic Pairs (PP) method and Pagel’s λ trans-
formation. Both methods have been previously evaluated as the most suitable
for the task of measuring heritability of SPVL using only an HIV phylogeny to
reconstruct the transmission network. However, previous work had suggested
that neither these nor any other available method can detect heritability of
ρ <0.4, where ρ is the correlation coefficient between an index and a secondary
case in a transmission pair. We looked for significant heritability in a one-tailed
test by randomising the data on the tips. We estimated the value of the her-
itability by simulating with a range of values of ρ and then observing which
output statistics matched that from the true data.
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Results
The PP method did not find significant heritability in any subdivision of the
dataset, but Pagel’s λ found significant heritability when only men who have sex
with men (MSM), originating from the Netherlands, with the strict definition
of viral load variation, were included (p=0.038). Heritability was estimated at
ρ = 0.34 (95% confidence interval 0.00 to 0.60).
Conclusion
This suggests that there is heritability of HIV virulence in this cohort, but it is
close to the borderline of detectability with these methods.
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4.2 Introduction

The virulence of HIV infection is highly variable between individuals. While
much of that is due to host factors [64] there is growing evidence that the viral
genotype is a source of this variance which is heritable from one infection to
the next [215, 4, 94, 104, 130]. Several studies have also explored the evolution
of HIV virulence over time. A meta-analysis of 12 such studies identified a
significant increase in one virulence marker, baseline CD4 cell count, between
1985 and 2007, and an apparent but insignificant, upward trend in another,
SPVL [96].

Quantifying the heritability of virulence is important in understanding HIV
pathogenesis, as well as predicting whether and how rapidly the virus may evolve
in response to changes in its life history. Such widespread changes may come
about with public health interventions, changes in behaviour, or emergence into
new populations. A general understanding of the heritability of this trait will
shed light on the processes governing this population level evolution.

A number of studies have measured heritability of SPVL, and have produced
variable estimates from around 20% to above 50% (reviewed in [158]). It is
unclear whether these differences arise from the methods or from the populations
themselves. In one study, applying the same method to different subsets of the
data has found very different levels of heritability [4]. However, the uncertainty
regarding the effect of the choice of method must be addressed.

Heritability is measured by comparing trait similarities between related organ-
isms with trait similarities between unrelated organisms. One of the major
challenges in measuring heritability in characteristics of HIV is in determin-
ing relatedness. The majority of previous studies [215, 94, 104, 130] have used
transmission pairs, where one individual is known to have infected another, to
compare viral characteristics. However, in order to identify a transmission pair,
all of these studies have required personal information about sexual partner-
ships, as well as confirming that the transmission occurred within the couple
by phylogenetic analysis. These studies have all been relatively small due to
the difficulties in acquiring the behavioural data, which is both expensive and
intrusive, leading to various sources of bias [67].

Another study successfully adopted a different approach, and used only the phy-
logeny to reconstruct the transmission network in a Swiss cohort [4]. This ap-
proach provides an opportunity to study heritability in more and larger datasets,
since phylogenetic data is routinely collected [20] and it is expected that its
availability will only increase.

In chapter three we evaluated several statistics which measure phylogenetic sig-
nal in SPVL. Phylogenetic signal refers to the extent to which the phylogeny
is related to the trait values. This is a measure of heritability which can be
estimated using only the phylogeny to reconstruct the relationships between
the viruses carried by different infected individuals. These statistics were tested
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on previously analysed cohorts from Rakai, Uganda [104] and Switzerland [4].
The results of the reanalysis of Swiss cohort were directly comparable with the
original study and reproduced those results. The sensitivities of each statistic
were also tested by simulation. We also developed a method for identifying,
by simulation, the quantity of true heritability to which these statistics corre-
spond.

Two methods, Pagel’s λ [75] and the Phylogenetic Pairs (PP) method (devel-
oped in work described in the previous chapter) were identified as the most
effective in detecting significant heritability. However, the simulations in that
evaluation also implied that a heritability less than 0.4 is undetectable by any
of the statistics tested.

In this study these two methods are applied to detecting heritability in a cohort
from the Netherlands. Through simulation we also attempt to estimate the
quantity of this heritability.

4.3 Methods

4.3.1 Netherlands data

In this study we analysed seroconverters in the Netherlands, for whom appro-
priate viral load measurements to calculate SPVL were available. All were
infected with subtype B virus between 1985 and 2008. These individuals were
among 906 whose SPVL was analysed previously and described elsewhere, with
those individuals who seroconverted in or after 1996 provided by the ATHENA
national observational cohort and those seroconverting before 1996 by the Am-
sterdam Cohort Studies (ACS) [90]. We have included only those 416 for whom
appropriate genetic data were available.

We define SPVL as the mean of all log10 viral load measurements taken be-
tween 6 and 24 months after seroconversion, which is the date between the last
negative and first positive diagnosis. We used a slightly earlier time window
for calculating SPVL than 9 to 27 months as used in the earlier study by Gras
et al. [90] on the basis that primary infection has finished by 6 months in a
sufficiently high number of cases [103]. Following the definition from a previ-
ous analysis [4], we also categorised individuals according to their viral load
variability. Individuals fulfilled the Strict criterion if the maximum difference
between any pair of viral load measurements within 6-24 months was less than
one log. Other characteristics of these individuals which were also used in this
analysis are displayed in Table 4.1. The following categories of region of origin
were combined for the ANOVA: Netherlands & Western Europe; Latin America
& Caribbean; Eastern & Central Europe; South East Asia & Oceania. Missing
values for each variable were included as a separate category.
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Table 4.1: Characteristics of the Netherlands dataset.

Factor Category Number

Sex
Male 394 (95%)
Female 22 (5%)

Region of origin

Netherlands 332 (80%)
Western Europe 30 (7%)
Latin America 12 (3%)
Central Europe 7 (2%)
Caribbean 7 (2%)
South East Asia 5 (1%)
Sub-Saharan Africa 5 (1%)
Eastern Europe 4 (1%)
Oceania 1 (0.2%)
Unknown 13 (3%)

Risk category

MSM 348 (84%)
IDU 11 (3%)
HET 33 (8%)
Blood transfusion 1 (0.2%)
Unknown 23 (6%)

Age at seroconversion

15-24 34 (8%)
25-29 85 (20%)
30-39 170 (41%)
40-49 96 (23%)
50+ 31 (7%)

Strict
Yes 246 (59%)
No 170 (41%)

The phylogeny was reconstructed using a concatenate of the protease and reverse
transcriptase components of the pol gene, resulting in a sequence of length 2064
nucleotides. We excluded codons strongly associated with drug resistance mu-
tations since most samples were collected in the post-HAART era (after 1997).
These were taken from the Stanford drug resistance database [195, 206] in 2009
as follows: in protease, amino acid positions 23, 24, 30, 32, 33, 46, 47, 48, 50,
53, 54, 76, 82, 84, 88, and 90; in reverse transcriptase, amino acid positions 41,
65, 67, 69, 70, 74, 75, 100, 101, 103, 106, 115, 151, 179, 181, 184, 188, 190, 210,
215, 230, and 236.

Four subtype C individuals from the same cohort were used as the outgroup.
An additional 4 individuals from the cohort were used to construct the tree,
but these were excluded after this point since data on their SPVL was lacking.
The phylogenetic relationship was reconstructed using RAxML to search for
the tree with the best likelihood score [213]. The substitution model used was
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GTR+Γ+I i.e. the General Time Reversible model [216] with the Γ model of rate
heterogeneity with 4 distinct rate categories, and a proportion of invariant sites
[235]. This model gave the best Akaike Information Criterion score when the
sequence data was tested with ModelTest [183]. All tree manipulation thereafter
and production of the tree figure was done using the ape package [173] in R
[217].

4.3.2 Methods for measuring heritability

We used two different methods for measuring heritability following their success
in the previous chapter which evaluated several methods, each of which gave
a single statistic as a measure of the phylogenetic signal. Details of the two
methods, Pagel’s λ and the Phylogenetic Pairs (PP) method are described in
the previous chapter.

The same method is also used to measure the significance of each of these statis-
tics: the data are randomly permuted 1000 times and the statistics recalculated
to give a null distribution of the statistics. The data are also simulated under
a range of values of the heritability, ρ, in order to match the true value of the
statistic with known input values.

The data are simulated using a method in which the extent of trait evolution
between any two nodes on the tree is drawn from the same distribution. An
alternative method is also used, as in the previous chapter, in which the rate of
trait evolution is proportional to the branch length, and is calculated according
to the clock rate of the tree, as calculated using Path-O-Gen [189], and the
generation time for MSM, which was taken from previous work on this dataset
[22].

4.4 Results

Two tests, Pagel’s λ and Phylogenetic Pairs (PP), were applied to detect and
measure heritability in each subdivision of the data. In the PP method, de-
veloped in chapter three, transmission pairs were identified on the phylogeny
(Figure 4.1).

The presence of significant heritability was tested using randomisation (Ta-
ble 4.2), which found significance only in one subdivision (MSM from the Nether-
lands with Strict viral loads) and using one statistic (Pagel’s λ). No effect was
found when the PP method was used. The relationship between the heritability
(ρ) and each output statistic was estimate by simulating evolution on the phy-
logeny, calculating the relevant statistic, and then linking this to the true value
using Approximate Bayesian Computation in order to discover the approximate
posterior distribution of the true heritability. The likely distributions of ρ in
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the true data are shown in histograms (Figures 4.2 and 4.3). These distribu-
tions were also used to identify the median value of ρ, as a best estimate of the
true heritability (Table 4.2). Confidence intervals on this value could also be
identified from this distribution.

An alternative method of simulation which accounted for the different lengths of
branches on the phylogeny was also used to estimate values of ρ (Table 4.3). Fig-
ure 4.4 shows the comparison between the original and the alternative method.
The substitution rate per year (3.62× 10−3) was calculated using Path-O-Gen
[189] and divided by the number of years per generation (Tg = 2.1 years, [22]) to
give generations per unit branch length on the tree. The Path-O-Gen package
uses the tip dates and the phylogeny to estimate the clock rate on the tree,
and in this case the tip dates explained 25% of the genetic divergence in the
MSM subdivision. Since the generation time estimate was estimated in a co-
hort of MSM in the Netherlands, this method could only be applied to the MSM
group.
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Figure 4.1: The best tree inferred from the entire Netherlands pol sequence
dataset. Branch lengths separating the phylogenetic pairs are marked in red,
with a single pair separated by a large vertical distance marked with red tildas
instead.
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Figure 4.2: Estimating heritability using the Phylogenetic Pairs method. Each
plot represents a different subdivision of the dataset, written above the plot. The
plot displays the distribution of 1000 values of ρ which result in a simulation
and a subsequent test statistic (PPs) which was sufficiently close to the value of
the true statistic. The trial values of ρ were taken from a prior distribution in
which 50% of the values were 0 and 50% were drawn from a uniform distribution
between 0 and 1.
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Figure 4.3: Estimating heritability using the Pagel’s λ method. Each plot
represents a different subdivision of the dataset, written above the plot. The
plot displays the distribution of 1000 values of ρ which result in a simulation
and a subsequent test statistic (λ) which was sufficiently close to the value of
the true statistic. The trial values of ρ were taken from a prior distribution in
which 50% of the values were 0 and 50% were drawn from a uniform distribution
between 0 and 1.
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Figure 4.4: Estimating heritability, using an alternative method of simulation
which accounts for branch lengths on the phylogeny, in the MSM using Pagel’s λ
and the PP method. In this plot we compare the distributions resulting from the
two models, Original and Alternative. Each plot represents a different subdivi-
sion of the dataset, written above the plot. The plot displays the distribution
of 1000 values of ρ which result in a simulation and a subsequent test statistic
which was sufficiently close to the value of the true statistic. The trial values
of ρ were taken from a prior distribution in which 50% of the values were 0 and
50% were drawn from a uniform distribution between 0 and 1.
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Table 4.3: Heritability estimates derived from the approximate Bayesian pos-
terior distribution for the MSM subdivision of the data, using both the Original
and Alternative method of SPVL simulation. The median (ρ̂) is the best es-
timate of ρ, with 95% confidence intervals provided. The proportion of values
of ρ in the posterior distribution which are equal to zero are given in column
“p(0)”.

Original Alternative
P

ag
el

’s
λ ρ̂ 0 0

95% CI (0.00,0.41) (0.00,0.68)

p(0) 0.017 0.02

P
P

ρ̂ 0 0

95% CI (0.00,0.41) (0.00,0.61)

p(0) 0.018 0.019

4.5 Discussion

Results from the previous chapter suggested that phylogenetic comparative
methods are sensitive enough only to detect a fairly large heritability (ρ >0.4).
In this chapter, two different statistics were used independently to detect her-
itability, and only a single positive result was found with one of the statistics
(Pagel’s λ) in one out of six subdivisions of the data. This suggests that heri-
tability in this dataset is close to this detection borderline. Indeed the best esti-
mate of heritability which corresponded to the one significant test, was ρ=0.34
which is slightly below the range at which detection would be expected. This
level was also within the range of previous estimates [158].

Our exclusion criteria in choosing subdivisions were supported by previous work
[63, 4]. We included a further exclusion criterion by also running analyses exclud-
ing individuals not originally from the Netherlands, in order to further remove
confounding factors associated with nationality.

Unlike in the previous chapter and in previous work [4, 104] there was no general
decrease in p-value between the larger and more disparate datasets moving
towards the smaller and tighter ones. However, the subdivisions which excluded
non-strict individuals showed much lower p-values than those which included
these individuals with variable viral loads. This trend can also be observed in
the histograms of the heritability distribution derived from Pagel’s λ, which are
also apparently higher with this exclusion (Figure 4.3), although the same is
not true when the PP method is used (Figure 4.2).

Understanding why the strict population seems to exhibit higher heritability
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than the population in general may be an important step in both estimating and
understanding the mechanisms which cause virulence heritability. There may
be reasons for longitudinal viral load variability in certain individuals which are
irrelevant to viral biology and therefore the study of the traits heritability, such
as unbiased measurement error. However, it is also possible variability implies
relevant viral or human characteristics. Simple models fitted to longitudinal
viral load data within patients suggests that fluctuations cannot be explained
by random fluctuation around a fixed or an exponentially growing level [149].
Fluctuating viral load has been associated with untreated sexually transmitted
co-infections [13] and this effect may mask the effect of the viral genotype.
Similarly, if the fluctuations are the result of human characteristics, then while
these are of interest, their exclusion from certain analyses is justified.

It would also be of interest to investigate why there is more apparent heritability
in the Swiss HIV Seroconverters Cohort than in this cohort which has a similar
risk group distribution. In the Swiss dataset, the mean SPVL of the strict group
is significantly higher than that of the rest (p=0.0004), and the same is true
of the MSM over non-MSM (p=0.003) [4]. The same is not true of these two
categories in the Netherlands cohort (data not shown). Intuition would suggest
that a group exhibiting significantly more virulence than the rest would be more
homogeneous and therefore heritability would be harder to identify within that
group, but the comparison of these two cohorts suggests otherwise.

The differences in results between the two measures of phylogenetic signal imply
that the choice of method is important. The λ statistic has the advantage
that it can incorporate all of the phylogenetic information and analyses the
entire sample. The PP method analyses only pairs of tips, and most individuals
( 60%) are excluded from the analysis as they do not form pairs. However,
the PP method has the advantage that it is able to include cofactors of SPVL.
If cofactors of SPVL cluster together on the phylogeny then the heritability
value is likely to be an overestimate if these are not accounted for. Similarly,
dissociative clustering may have the reverse effect and lead to underestimates of
heritability. The latter effect was observed in the analysis of transmission pairs
in the Rakai cohort [104].

4.6 Conclusion

Heritability has generally not been found in these data, although the tests may
be insufficiently sensitive. Borderline heritability was found in the most homo-
geneous subdivision, MSM who originate in the Netherlands with strict viral
loads, which supports a previous result on Swiss data. Subdivisions with strict
viral loads appear to exhibit higher heritability.
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Chapter 5

Final Discussion

In this work I have addressed how the need for transmission between hosts
selects for virulence in a pathogen, either by selection of viral genotypes which
are most capable of founding an epidemic, or by selection of those which are
most capable of transmission during an ongoing epidemic or endemic situation.
I have also attempted to quantify the heritability of virulence between infections
and to evaluate different methods for achieving this using phylogenies.

In the first half of this thesis I describe the analysis of a model which simulated
between-host evolution of SPVL in a transmitting population. Initially a de-
terministic model was used, as described in chapter one, incorporating previous
work relating the SPVL to transmission and prognosis. The model supported
this earlier work which hypothesised that viral genotypes which produce in-
termediate virulence would eventually dominate [73]. The hypothesis was also
supported by the model described in chapter two which incorporated stochastic
effects and more realistic sexual mixing behaviour.

A deterministic model was used to model the evolution of HIV throughout its
history, and it is reasonable to assume that the host population size was large
enough that a deterministic model is appropriate. However it could also be
argued that a complex population structure such as has been documented in
a European phylogeographic study [175] renders a deterministic approximation
invalid. Nevertheless it was encouraging that the heritability in SPVL as esti-
mated by this model was very similar to the estimate of heritability by direct
analysis of the same dataset [104]. The apparent fit of the modelled SPVL to that
of true index and secondary cases supports the models validity and subsequently
the assumptions, such as the trade-off hypothesis, on which it is based.

The deterministic model was also based on the assumption that transmission oc-
curred universally through serially monogamous partnerships, and transmission
rates were adjusted accordingly with a fixed partner change rate. The stochas-
tic model was therefore a timely improvement as it incorporated not only small
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sample sizes, but also heterogeneous sexual behaviour, including long term part-
nerships but also a high-risk core group and casual transmission, which proved
to be very important in determining epidemic outcomes.

The approach to parameter estimation in chapter two also considered a much
wider range of scenarios. Although the parameters governing the relationship
between SPVL, transmission rate and duration of infection were taken from
literature in both models (Fraser, Hollingsworth et al. 2007; Hollingsworth,
Anderson et al. 2008), there were numerous other parameters in the stochastic
model which governed population dynamics and sexual behaviour. These were
allowed to vary over a wide range and the conclusions of the model are robust
to this variety. Since the stochastic model was essentially simulating the first
emergence of HIV into a population about which we know little, this approach
was considered more appropriate than rigorous model fitting. Instead, the model
was fit by selecting parameter values which produced a recognisable outcome in
terms of prevalence after 100 years.

Uncertainty in the parameters governing the dependencies of transmission rate
and duration of infection on SPVL was addressed by bootstrapping in chap-
ter 1, and this demonstrated that the hypothesis is broadly supported over a
range of these parameters. The principle model fitting in chapter one, however,
did not incorporate this uncertainty, in favour of rigorous fitting to recently
collected data with respect to just two parameters, the environmental and mu-
tational variance. These are important values governing between-host selection
on virulence, and they provide a link between the within-host dynamics and the
outcome of these in terms of transmission. While these sources of variance are a
simplification, since they assume that within-host processes introduce only non-
directional variance, the model provides an appropriate framework for exploring
greater complexity.

In the first part of this thesis I considered a model of evolution in which the
host and the environment both play an explicit role, and the viral genotype
evolves independently of the host effect, provided it is transmitted. This may
be an oversimplification as within-host selection on virulence may be different
in different hosts, and this may have an impact on the transmitted viral geno-
type.

In the second part I considered a different evolutionary model which did not
incorporate the host and viral effects separately. This is also a simplification
because it is highly plausible that severity may vary according to host factors
without this affecting the viral genotype when it is transmitted to the next gen-
eration. A model which incorporated within-host selection and dynamics would
be able to reconcile these two scenarios and produce a more comprehensive
picture of HIV virulence evolution. Further understanding of the within-host
processes through experimental and theoretical work is an exciting area of po-
tential study.

Throughout this work it has been assumed that individuals become infected
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once. However, superinfection is relatively common (reviewed in [129]), and
arguably individuals should not be removed from the susceptible pool once they
are infected. However, more complicated and nested models would be required
to incorporate phenomena related to superinfection such as increased virulence,
susceptibility to superinfection and the possibility of recombination (reviewed
in [127]).

Both transmission models also provide a framework for understanding how viru-
lence may adapt to changes in transmission dynamics. This was briefly touched
upon in chapter one where the effect of epidemic growth on virulence was illus-
trated, as it has been elsewhere [18, 73, 25]. Interventions for prevention may
affect the average transmission parameters and drive selection in viral viru-
lence. Both models provide a framework for predicting whether such an effect
might occur, although the individual-based model from chapter two would allow
greater versatility in incorporating targeted, risk-group specific interventions,
and would also allow an exploration of whether such an effect could be seen
above stochastic fluctuations.

These models may also be used to understand trends in SPVL evolution in re-
cent times. The similarity between the two models suggests that the virulence
which is selected by ongoing transmission (chapter one) is very similar to that
selected by a founder event (chapter two). The fact that evolution of virulence
has been identified in some areas [96] implies that either the founder virus in
an evolving population was suboptimal by chance, or it was previously subject
to different selective pressures with different optimal virulence. The different
trends in SPVL evolution between nations and risk groups provides an opportu-
nity to understand where differences in selective pressure may be responsible for
evolutionary patterns. The models also provide a framework for understanding
subtype replacement, which may play a major role in virulence evolution, as
discussed in chapter one.

A more direct approach to measuring the influence of the viral genotype on
SPVL was taken in the second half of this thesis, chapters three and four. As
mentioned, several studies have attempted to quantify the extent to which vir-
ulence is heritable between infections by comparing SPVL within transmission
pairs [215, 94, 104, 130]. The application of phylogenetic comparative analysis
to this task [4] has the potential for estimating heritability in a wide range of
scenarios where sexual behaviour or contact tracing data are unavailable. This
may also be usefully applied to other traits such as drug resistance or immune
escape.

Since drug resistance testing is recommended for all HIV infections [99], a large
amount of HIV genetic data is and will become available. Techniques such
as those discussed in chapters three and four which harness this to identify
viral correlates of infection such as virulence may become increasingly useful.
However, the results from chapter three suggested that these techniques are not
sensitive to low levels of heritability.
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The limitations of the techniques for measuring heritability are evident from the
study on data from the Netherlands. These results, presented in chapter four,
are ambiguous since one of two methods used to estimate heritability found a
significant result. There may be substantial heritability in this cohort, sufficient
for natural selection by transmission to play a major role in shaping the virulence
landscape. A study of virulence markers in the Netherlands found that virulence
has increased over time in a dataset [90] containing a large proportion of the
individuals from whom we measured heritability. Although there are other
possible explanations for this trend, it does provide support for a substantial
degree of heritability which has enabled the virulence in this population to
evolve.

Further work is required to develop new methods which are more sensitive to
lower levels of heritability, and to identify in which populations this type of
analysis is appropriate. This and earlier work [4] suggests that it is easier
to measure heritability on more homogeneous but not on smaller phylogenies.
There are many interesting questions as to how the size, balance, and other
measures of the shape of a phylogeny affect the ability to measure heritability.
In this study we chose to simulate evolution on phylogenies inferred from real
data, but simulating on artificial trees would provide an explicit link between
phylogenetic shape and heritability measures. Recent work has attempted to
understand how the contact structure of an infection contributes to the shape
of the phylogeny [137], and as genetic data and resources for simulation increase
this becomes a more fruitful area for study.

This thesis (chapters three and four) and previous work [4] have reported that
populations with unvarying viral loads exhibit more heritability, and there may
be other such attributes of a population which increase the heritability. Work
on the within-host mechanisms which govern the heritability of virulence in
HIV (e.g. [144]) may benefit and benefit from these between-host analyses of
heritability.

A recent unpublished study by Hodcroft et al. [101] found heritability in SPVL
in subtype B-infected individuals from the UK. This study found that the her-
itability measure was largely unaffected when some of the external structure of
the tree was ignored. Our evaluation work (chapter three) found instead that a
method which ignored the internal structure of the tree performed equally well
as those which use all levels of the tree. Whether this difference results from
differences in the dataset or whether this is an artefact of either method re-
quires further investigation. This avenue may deepen understanding of the link
between genotypic and phenotypic evolution in HIV and other pathogens.

Several recent studies have addressed population level adaptations in HIV. For
example, van Manen et al. identified that human correlates of resistance to HIV
have decreased over time, suggesting viral adaptation to immune responses [146].
Pingen et al. review evidence for population level drug resistance evolution [182].
The fixation of adaptations at the population level may reflect a tolerance of the
population for within-host adaptations, or alternatively arise from directional
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selection by the population against a background of neutral or contrary selection
within the host. Studying virulence evolution in HIV provides an opportunity
to study these different levels of selection in a trait which is relevant in all
pathogens.

This work has not considered the details of the viral genotype which contribute
to virulence, but the availability of deep sequencing data, better studies of
animal models, and mechanistic understanding of HIV virulence will enable the
viral genetic causes of virulence and the evolutionary outcomes of between-host
selection to be predicted with finer precision. Kouyos et al. have developed
techniques for quantifying the effects of individual alleles and epistatic effects
on fitness in HIV-1 [126], and the rising availability of data will increase the
possibilities for this approach.

5.1 Conclusion

The interaction between host populations and pathogens produces very complex
dynamics which are important and interesting for epidemiologists and evolu-
tionary biologists. The rapid evolution of HIV on the timescale of transmission
creates unusual problems and questions which require new techniques to answer
them. In this work I have explored the evolution and emergence of HIV in
human populations with respect to virulence. I have also tested and applied
techniques for measuring viral control of virulence and explored their capacity
for analysing viral traits and a growing collection of phylogenetic data.
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