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Abstract

South Africa is experiencing an explosive epidemic of Human Immunodeficiency
Virus (HIV) and of Sexually Transmitted Infections (STI)s. Furthermore, South
Africa has extraordinarily high rates of migration. The predominant type of migra-
tion is the circular migration in which young men migrate to work in urban areas
leaving their sexual partners behind, to whom they return periodically. Conditions
of migration bring men into sexual contact with prostitutes and other women at high
risk of HIV/STIs. In this way, migrant men form sexual networks, which become a

critical bridge for transmitting HIV/STIs between rural and urban areas.

The thesis investigates the determinants of HIV and those of STIs, taking into
account the migration status and sexual network clustering effect in the data. The
data investigated is from cohorts of migrant men from Hlabisa district working in ur-
ban areas, non-migrant partner(s) of migrant men residing in Hlabisa district, non-
migrant men and their non-migrant partner(s) residing in Hlabisa district in north-
ern KwaZulu-Natal, South Africa. Initially, the expectation-maximization (EM)
algorithm is used to estimate parameters of the logistic-mixed model investigating
risk factors of STIs. The interval-censored time until HIV infection is investigated
using the Cox proportional hazards model which includes sexual network random
effects in addition to the fixed effect. The parameters of this model were initially
estimated using the EM algorithm. The main parameter estimation was carried out
using the Gibbs sampler, a Bayesian Markov chain Monte Carlo (MCMC) method.

The results show that migration is a risk factor of HIV/STI. The results further
show that age, marital status, age at first sexual intercourse, sexual contact part-
ners, lifetime partners and other biomedical factors are important determinants of
HIV/STIs. The study shows that ignoring sexual network random effects in the
analysis of HIV/STIs biases the results. The Gibbs sampler is shown to be a plau-
sible alternative to the EM algorithm in the analysis of correlated interval-censored
data. It allows full Bayesian inference, which provides a natural framework with
which to integrate the uncertainty about parameters and incorporate heterogeneity

between sub-groups, without the need to evaluate high-dimensional integrals.
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Chapter 1

Introduction

1.1 Overview

In the last decade, South Africa has experienced an unprecedented rise in the preva-
lence of Human Immunodeficiency Virus (HIV) and of Sexually Transmitted Infec-
tions (STI)s (Gouws and Williams, 2000; Department of Health, 2002). The rise
in the prevalence of HIV and STIs presents an extremely serious threat to public
health in South Africa. In developing countries, HIV and STIs are among the lead-
ing causes of substantial morbidity, and collectively rank among the most important
causes of years of healthy productive life lost (Over and Piot, 1993; Gerbase, et al
1998). Long before Acquired Immunodeficiency Syndrome (AIDS) was discovered
as a consequent disease of HIV, STIs such as gonorrhoea, chlamydia, syphilis and
genital ulcers ranked among top diseases for which sexually active individuals from
developing countries sought health care (Buve, et al 1993). However, epidemiologi-
cal factors determining the geographical spread of HIV/STIs are still not completely

understood.

The geographical spread of HIV/STIs is determined by an interaction of fac-
tors related to demography, socioeconomic and sexual behaviour. The predominant

socioeconomic factor is the rural-urban labour migration of young sexually active



men leaving their sexual partners behind (Pison, et al 1993; Decosas, et al 1995).
Conditions of migration bring men into heterosexual contact with commercial sex
workers and other women at high risk of HIV/STIs (Jochelson, et al 1991). The con-
sequent sexual networking between urban and rural areas determines the diffusion
rate of HIV/STIs into local societies (Fleming and Wasserheit, 1999). Furthermore,
the women left behind sometimes have to exchange sex for favours as a survival
strategy (Evian, 1993). The stark reality of the impact of HIV/STIs on the society
requires deeper understanding of factors determining the spread of HIV/STIs and

further understanding of the relationship between HIV and STIs.

The literature on the epidemiology and relationships between HIV and STIs
is presented in Sections 1.1.1 to 1.1.3. Section 1.2 describes how the spread of
HIV/STIs is influenced by the pattern of migration. Section 1.2.3 describes other
important determinants of HIV/STIs. The clustered data set which is the main
focus of this thesis is presented in Section 1.3. Models commonly used to analyse
clustered data are reviewed in Sections 1.4. The model proposed in this thesis is
formulated in Section 1.5. Section 1.6 presents the thesis objectives. Finally, in

Section 1.7, the organization of subsequent chapters of the thesis is presented.

1.1.1 The epidemic and impact of STIs

Africa and other developing countries bear a heavy burden of STIs. Gonorrhoea,
syphilis and chanchroid are the most common STIs (Mann, et al 1992). In 1995,
Gerbase, et al (1998) estimated over 300 million new cases of syphilis, gonorrhoea,
chlamydia and trichomoniasis in adults aged between 15 and 49 years worldwide.
Gonorrhoea alone accounted for 18.8% of these new cases. The highest number of

new cases of these STIs occurred in developing countries with 19.7% in sub-Saharan

Africa.

STIs can cause acute symptoms such as genital ulcers and genital discharges.



The health repercussions of STIs affect women disproportionately. For example,
STIs increase a woman'’s risk of ectopic pregnancy, which causes 1 to 15% of ma-
ternal deaths in developing countries (Population Reports, 1993). In women, STI
pathogens can migrate from the lower reproductive tract causing pelvic inflamma-
tory infection, which accounts for up to 40% of admissions to gynaecological wards
in many African hospitals. Without prompt and appropriate treatment, 55 to 85%
of women with pelvic inflammatory infection may become infertile (Piot and Tezzo,
1990). Pelvic inflammatory infection can further increase the risk of ectopic preg-
nancy (Meheus, 1992). In sub-Saharan Africa, 50% of infertility cases are attributed
to pelvic inflammatory infection, which are usually caused by gonorrhoea or chlamy-
dia (Adler, et al 1998). In men, infertility can follow a venereal infection that spreads
from the urethra to the epididymis. The most common cause of epididymitis in men

under 35 years is gonorrhoea or chlamydia infection (Piot and Tezzo, 1990).

1.1.2 Epidemiology and burden of HIV

AIDS was first recognized as a new disease in the early 1980s. However, it existed
at least since the late 1970s. AIDS was first recognized among homosexual and
bisexual men in the United States, and then in heterosexual men and women in
Central and East Africa. The HIV virus was identified as the cause of AIDS two
years after the identification of AIDS as a disease. Today, HIV affects all countries
of the globe, making it and its disease consequences the most significant emerging

infection of the late 20th century (Nicoll and Gill, 1999).

In South Africa, the first two cases of AIDS were reported in 1983 (Ras, et al
1983). Between 1983 and 1989 the population prevalence of HIV was estimated be-
low 0.5%. HIV infection relentlessly spread out within urban areas and then to the
rural areas in the early 1990s. The trend in HIV prevalence continued its unprece-
dented rise between 1995 and 2000. For a thorough review of literature on HIV

epidemiology in South Africa, see for example Gouws and Williams (2000). The



national prevalence of HIV amongst women attending, for the first time, ante-natal
clinics reached 23% in 1998 (Department of Health, 1999). KwaZulu-Natal province
had the highest prevalence (32%) and Western Cape province had the lowest (5.2%)
prevalence. Macro-simulation models predicted that the AIDS epidemic could reach
30% prevalence in sexually active population by 2000 to 2005 (Schall, 1990). The
estimate is close to the current national antenatal HIV prevalence of 24.5% (De-
partment of Health, 2001). However, there are some indications that the national

prevalence has reached a plateau.

1.1.3 Relationship between HIV and STIs

The relationship between HIV and STIs is complicated. This is because HIV is also
sexually transmitted and therefore shares the same behavioural risk factors and
common human reservoirs as STIs. Thus, acquisition of an STI could merely be
a marker of exposure to a sexual partner at higher risk of HIV infection (Mertens,
et al 1990) rather than due to causal relationships. However, the epidemiological
importance of STIs has acquired greater significance as it became apparent that
they promote transmission of HIV and are important co-factors driving the HIV
epidemic. The first evidence of possible relationships between STIs and HIV came
from epidemiological studies that showed high prevalence of HIV among individ-
uals with history of STIs (Wasserheit, 1992; Grosskurth, et al 1995; Fleming and
Wasserheit, 1999).

Biological mechanisms facilitating interrelationship between HIV and STIs are
well established (Cohen, et al 1997; Cohen, 1998). The studies show high shedding
of HIV virus into genital fluids in the presence of genital ulcers and other inflam-
matory infections associated with non-ulcerative STIs. The implications are that
people who are infected with HIV and have an STI are more infectious to their sexual
partners than those infected with HIV but without an STI. Empirical data indicate

that women infected with chlamydia or gonorrhoea are more susceptible to HIV



infection due to disproportionate increase in CD4 cell count in the endocervix and
HIV virus targets this cell (Levine, et al 1994). Ulcerative STIs disrupt epithelial
barriers in the genital tract. Disruption of epithelial barriers permits penetration of
viral infections (Laga, et al 1993). Current evidence points to the conclusion that
correct management of STIs should influence transmission of HIV. The community
based randomised trial conducted in Tanzania demonstrated that improved treat-
ment of STIs reduces the incidence of HIV (Grosskurth, et al 1995). Furthermore,
immunosuppression associated with HIV can reduce resistance to STIs (Wasserheit,

1992).

1.2 Circular migration and HIV /STIs

1.2.1 Circular migration

Southern Africa has extraordinarily high rates of population movement both within
and between countries. It is difficult to accurately quantify the extent and nature
of population movements. However, Crush (1995) estimated that approximately 2.5
million legal migrants have come to South Africa from neighbouring countries along
with an unknown number of illegal migrants. In addition, millions of men migrate
within South Africa from rural to urban areas in search of work. In rural Hlabisa
district of KwaZulu-Natal province (Figure 0.1) where this study was carried out,

62% of adult men spend most nights away from their homes (Lurie, et al 1997).

The roots of migration in South Africa can be traced back to the discovery of
gold in the 1880s and the associated labour demands. Various types of migration
currently exist in southern Africa. However, the predominant type is the circular
labour migration in which young men migrate to work in urban areas leaving their
rural sexual partners behind, to whom they return periodically. Furthermore, the
system of circular labour migration was a cornerstone for apartheid policy, in which

movements of South Africa’s black population was strictly controlled. However,



patterns of migration have changed dramatically in the last decade. The rapid
development of an informal but efficient transport infrastructure means people can

now move freely between urban and rural areas.

1.2.2 Migration and spread of HIV /STIs

HIV, like other infectious diseases that spread from person to person, follows the
movement of people (Quinn, 1994; Decosas, et al 1995; Decosas and Adrien, 1997;
Mabey and Mayaud, 1997). Mobile people are at higher risk of HIV/STIs than
those in stable living arrangements (Pison, et al 1993; Legarde, et al 1996). In
Uganda, people who had changed residence within the last five years were three
times more likely to be infected with HIV than those who had lived in the same
place for more than ten years (Nunn, et al 1995). In South Africa, similar results
were found among people who had recently changed their residence compared to

those who had not changed their residence over time (Abdool Karim, et al 1992).

The role of migration in the spread of HIV has been described primarily as a
result of migrant men becoming infected while away from home and infecting their
partners when they return. In a study of seasonal migration in Senegal, Pison et
al (1993) argued that the virus was mainly transmitted in two steps: first to adult
single or married men through sexual contacts with infected women met during their
seasonal migration, and second to their female partners when they return. Since
this study focuses on seasonal migration, where men spend on average six months
a year away from their rural homes, implications for South Africa may be impor-
tant as migration patterns in the two countries appear to be similar. Kane, et al
(1993) found higher prevalence of HIV among Senegalese men who had travelled and
worked in another African country and among their rural sexual partners compared

to men and women who had never travelled to another African country.

Decosas et al (1995) argue that it is not so much the movement itself rather



the conditions and structure of migration that put people at risk of HIV/STIs. So-
cial and cultural data reveal that in many African countries where men migrate to
cities, they engage in high risk sexual behaviour (Jochelson, et al 1991; Mbizvo,
et al 1996; Mabey and Mayaud, 1997). In extreme cases, migrant men establish
parallel families in urban areas and rural homes (Lurie, et al 1997). In this way,
migrant men form sexual networks, which become a critical bridge for transmitting

HIV/STIs between rural and urban areas.

Recently, the concept of sexual network core groups has become the integral
part in understanding the epidemiology of HIV/STIs within human populations
and identification of key populations for intervention programs (Wylie and Jolly,
2001; Koumans, et al 2001; Johnson, et al 2003). Sexual networks are often derived
from contact tracing or asking participants to report on their partner’s behaviour
(Johnson, et al 2003). The leading studies in infectious diseases and sexual networks
have demonstrated higher likelihood of HIV infection within core group sexual net-
works (Friedman, et al 1997). Results based on partner-reporting provide valuable
information about sexual network sizes but fail, however, to provide sufficient infor-

mation necessary to estimate the degree of heterogeneity between sexual networks.

1.2.3 Other determinants of HIV /STIs

Various other demographic and behavioural factors are associated with HIV (Ce-
lentano, et al 1996; Brewer, et al 1998; Auvert, et al 2001; Gibney, et al 2003 and
references therein). A large age difference between sexual partners is an important
risk factor for women (Gregson, et al 2002). Most women form partnership with men
5 to 10 years older than themselves. Understanding the effects of number of lifetime
partners, age at first sexual intercourse, recent sexual contact partners, condom use
and type of sexual relationship is much more problematic and often confounded by
several factors including respondent’s age and duration of relationship. Alcohol use

has also been considered as a possible risk factor of HIV/STIs. In this discussion,



documented effects of these factors, as well as their interrelationships are highlighted.

Simulation models of sexual network partnerships and HIV/STI transmission
identify measures of risk behaviour accumulated over the period parallel to HIV
epidemic, such as age at first sexual intercourse and number of lifetime partners
as important risk factors (Ghani and Garnett, 2000). An increase in the number
of lifetime partners is associated with an exponential increase in the risk of HIV
(Eisenberg, 1989; Auvert, et al 2001). However, the number of lifetime partners is
related to the respondent’s age since young people who recently started having sex-

ual intercourse will most likely have fewer lifetime partners than older respondents.

The study of sexual networks of pregnant women found that recent sexual con-
tacts accounted for most of HIV infections in women (Johnson, et al 2003). In this
study, women reported fewer lifetime partners and the conclusion was that their in-
creased risk was due to their male partners who had sexual contacts with commercial
sex workers. Predominant risky sexual practices include having casual sexual rela-
tionships, increased frequency and type of sexual contacts. Empirical evidence shows
less coital frequency in casual relationships than in marital relationships (Gregson,
et al 2002). However, the risk of HIV is much higher in sexual contacts with casual
partners than with wives or reqular partners (Celentano, et al 1996; Auvert, et al
2001). Unmarried men engage in much more high risk sexual behaviour than mar-
ried men (Gibney, et al 2003) and this increases the risk of infection among these

men.

The use of alcohol is not itself a risk factor but sexual behaviour associated
with drinking alcohol is. Gibney, et al (2003) reported that drinking alcohol was
a significant factor associated with having sexual contact with a commercial sex
worker. In most societies, very few women ever acknowledge drinking alcohol and

thus data becomes less variable for any valid statistical analysis. Consistent condom



use during sexual intercourse is an effective measures of preventing heterosexual
transmission of HIV/STIs (Conant, et al 1984). However, the frequency of condom
use is relatively low and varies with the type of relationship. Occasional use of
condoms is reported in casual relationships and, an even lower rate, in regular or
marital relationships. The most disturbing aspect of condom use is that condoms
are rarely used in casual relationships involving young women and older men because
men consider young women to be free of HIV (Gregson, et al 2002). This partly
explains higher rates of HIV infection among young women compared to men of the

same age group.

1.3 The data set

In this thesis, the HIV and STIs data from migrant and non-migrant sexual net-
works from Hlabisa rural health district in northern KwaZulu-Natal South Africa,
Figure 0.1, will be studied. South Africa is the country at the bottom of Africa. The
Indian and Atlantic oceans form the eastern and western coastlines respectively, and
they meet in the south at the Cape of Good Hope. To the north, South Africa is
bordered by Namibia, Botswana, Zimbabwe, Swaziland and Mozambique. Lesotho

is a country entirely surrounded by South Africa.

The data investigated is from cohorts of migrant men from Hlabisa district, part-
ner(s) of migrant men residing in Hlabisa district, non-migrant men from Hlabisa
district and partner(s) of non-migrant men residing in Hlabisa district. The study
was designed to test the hypothesis that migrant men and their rural partners are
at increased risk of HIV/STIs compared to non-migrant men and their partners.
The investigation was intended to determine the extent to which the rural epidemic
of HIV and that of STIs is being fuelled by circulation within the rural population
as opposed to introduction from outside the home community by returning circular

migrant men.
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In October 1998, a sample of migrant men from Hlabisa district working in
Carletonville gold mines near Johannesburg or Richard’s bay factories near Durban
(Figure 0.1) were invited from their workplaces to participate in the study. Migrant
men were eligible to participate if they had been migrants for at least six months
and had at least one regular sexual partner in Hlabisa who was not a migrant herself.
Migrant men in this sample provided details of their sexual partners from Hlabisa,
who were then located and invited to participate. In the neighbourhood of each
migrant man’s household, a non-migrant man and his partner(s) were selected and
invited to participate. A non-migrant was defined as someone who spends most of
the nights at home and has not been a migrant for more than a total of six months

in the last five years.

Recruitment and logistical support for migrant men in Carletonville was em-
bedded within a community based study carried out in Carletonville district. This
community survey collected data from men and women aged between 13 and 60
years. The main objective of the survey was to investigate the extent of HIV infec-
tion in the community. The subsidiary goals were to determine the extent of female
migration and investigate the risk factors of HIV among women who self-identified
themselves as migrants compared to women who self-identified themselves as non-

migrants in the area.

In the period between October 1998 and October 2001, the study participants
were visited approximately every four months. During each visit, a detailed sur-
vey questionnaire was administered. The survey questionnaire elicited information
related to demographic and socioeconomic characteristics, and to sexual behaviour
and biomedical factors. In particular, the survey questionnaire collected information
on each individual’s accumulated sexual behaviour and partnership characteristics

such as age and other concurrent partners within the last four months.
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Two millilitres of venous blood were collected from those who consented to par-
ticipate. The blood was screened for HIV using the Determine Rapid Test (Ab-
bott Diagnostics). Samples that tested positive were re-tested using two additional
ELISA tests (HIV 1.2.0 - Abbott/Murieux and Vironosticka HIV uniform 240,
Omnimed). A random sample of 10% of the specimens that were negative on the
Determine Rapid Test was also subjected to the ELISA confirmation to validate the

specificity of the testing method. These tests remained negative on ELISA test.

All participants were offered extensive pre- and post-test counselling, condoms at
each visit, and free treatment for symptomatic and laboratory-diagnosed STIs. The
medical professional physically examined participants for presence of sympfomatic
STIs. Symptomatic ulcers and genital discharge were treated on enrolment accord-
ing to the KwaZulu-Natal Province syndromic management guidelines (Department

of Health, 1995), and laboratory-diagnosed STIs were treated ten days later.

The study group consists of 631 men and women aged between 18 and 69 years
who were interviewed during the first clinical visit. There are 287(45.4%) women
and 344(55.6%) men in the group. Of the men, circular migrants from Carletonville
and Richard’s bay accounted for 27.3% and 37.2% respectively and the rest of the
men were non-migrants (35.5%). About 49.8% of women were partners of migrant
men whilst 51.0% were partners of non-migrant men. The number of female part-
ners interviewed for each man ranged from 0 to 4 women. Composition of sexual
network partnerships consisted of 187 dyads, 40 triads, 4 quadriads and 1 pentad.
The study planned to get data on each individual for the initial visit and on six
follow-up visits at four monthly intervals. However, many participants dropped out
of the study after each visit so the data on most participants covers only a few

follow-up visits.
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1.4 Clustered data

Traditional statistical methods of data analysis assume that an individual response
is the unit of analysis. The fundamental assumption of these statistical methods
is that observational units are independent. Often data is collected using designs
that gather data in dependent sub-groups or clusters. Familiar examples of clusters
are families, schools or communities. In simple terms, a cluster is a collection of
subunits on which observations are made. Another, common type of cluster is
when observations are collected repeatedly on the same unit over time. The feature
of clustered data is that observations within the same cluster tend to be more
similar than observations in different clusters. The observations within a cluster
are correlated. In standard settings, there is only one source of variation between
observational units. Heterogeneity between clusters introduces an additional source
of variation, which complicates the analysis. Classical methods that do not explicitly
correct for clustering are inappropriate. Correlated data often arise in scientific
disciplines such as health and social sciences, and require sophisticated statistical
methods. In the next section, current statistical approaches to clustered data are

described.

1.4.1 Models for correlated data

Scientific interest in clustered data is either in the pattern of change over time
when measurements are taken repeatedly within the same unit, or simply the de-

pendence of the outcome variable on the ezplanatory variable(s). The methods for



13

an approximately Gaussian outcome variable are well developed (Laird and Ware,
1982, Verbeke and Molenberghs, 1997; 2000). The linear mixed model has played
a prominent role in extending the general linear model to handle correlated con-
tinuous data. The model relies on the elegant properties of a multivariate normal
distribution. If the outcome variable is discrete, complete specification of the joint
distribution of the response vector becomes problematic and likelihood methods get
tedious. Three broad classes of models for clustered data have been proposed and

are briefly described.

The first class of models often used to model clustered data is the class of condi-
tional models. In conditional models, an outcome is modelled conditional on other
outcomes rather than integrating them out. Parameter estimates from conditional
models describe a feature of a set of outcomes conditionally on other outcomes.
Conditional models are related to the family of transition models such as Markov
models (Diggle, Liang and Zeger, 1994). Molenberghs and Ryan (1999) gave an
example of such models in the case of binary response data. The main criticism of
conditional models is their conditional interpretation of parameters on other out-
comes and on cluster size. The conditional interpretation of the parameters renders

these models less useful for regression analysis.

The second approach is marginal models. Marginal models directly model the
marginal distribution of the response as a function of explanatory variables (Pren-
tice, 1988; Liang, Zeger and Qagish, 1992). In marginal models, the regression
model is of scientific interest and correlation between observations within the same
cluster is considered a nuisance parameter. However, we often do not know the
precise details of the probabilistic function from which the data is generated. Liang
and Zeger (1986) proposed a method of generalized estimating equations (GEE) that
does not require assumptions about the complete joint distribution of the response

vector. Zeger and Liang (1986) generalized the GEE approach. The GEE approach
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provides a natural extension of quasi-likelihood (Wedderburn, 1974) to account for
correlation within clusters. The GEE approach only requires correct specification of
the univariate marginal probabilities with an adoption of some working assumption
about the correlation structure. GEE has received much attention for some time,
perhaps due to their relative computational ease and availability of good software
(e.g. SAS procedure GENMOD). Prentice (1988) proposed an extension to GEE
which allows for modelling of pairwise association using correlation or odds ratio
(OR) as the measure of association. The main criticism of the GEE approach is
that it does not generally correspond directly to a likelihood which could be used
to calculate deviances (Hardin and Hilbe, 2003). Some approximations to the like-

lihood ratio statistic have been proposed (Rotnitzky and Jewell, 1990).

The model that mimics a linear mixed model for continuous data assumes the
existence of an underlying unobserved continuous (latent) variable that represents
various features shared by elements of a cluster and hence introduces correlation
among observations. The latent variable is often called a random effect. Random
effect models were introduced to account for extra-binomial variation due to larger
variability among clustered binary responses than what would have been expected
due to binomial variability alone. The families of linear mixed models and general-
ized linear models (GLM)s (Nelder and Wedderburn, 1972; McCullagh and Nelder,
1989) are combined and form a class of generalized linear mixed models (GLMM)s
if random effects are assumed normally distributed. These models have been ex-
tensively studied (see for example Stiratelli, Laird and Ware, 1984; Anderson and
Aitken, 1985; Im and Gianola, 1988; Zeger, Liang and Albert, 1988; Breslow and
Clayton, 1993; Wolfinger and O’Connell, 1993).

There are some critical distinctions between marginal models and random effects
models. In marginal models, parameters are interpreted with respect to the marginal

or population-averaged distribution. Such models are referred to as the population-
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5.3.1 Sexual network random effects

The sexual network random effects conditional distribution is calculated as

a szlzl 6ij+a—le——bi |:a+z;il 6ijA(tijIX,-J-)+{1—6ij}A(v,-j,k|X,~j)]
T(a)™

Ji .
2518 ta-l b [Q+Z;‘=1 6,,~A(tijlx,-,-)+{1—6ij}A(vi,«,k|Xij)]
i

f(bi|data, B, Ao, tij, @)

x b

which we recognize as the kernel of a gamma distribution with shape a + Z;-];I dij
and inverse scale a + Y71, [6;;A(t:j| Xi;) + (1 — 6;)A(vij.] Xi;)]. Hence this can be
sampled directly.

5.3.2 Infection time

The conditional distribution of the HIV infection time is

f(tijldata'vﬁ7/\07bi)
ij|Vij tij < vijk+1,data, 8, Ao, bi, = T
f(tilvig e < tij < vijeer, data, B, Ao, bi, @) JUuket f(t|data, B, Ao, by, or)dt

3.k

e_H(tijlbi’Xij) X h(tijlbi,Xij)
e—H(ijklbi, Xi5) _ o—H(vijk+11bi,Xi5)
exp(—bi/\otijeﬁlxii) X bi/\O exp(,@’Xij)

S(vijnlbi, Xi5) — S(vijka1lbi, Xij)
o exp(—tibiroe® Xi1)

which we recognize as the kernel of a gamma distribution with shape 1 and inverse
scale b;Aoe? Xii. Such a gamma distribution is equivalent to an exponential distri-
bution with parameter b; \oe® Xis. Hence this node can also be sampled directly on

condition that the sampled value t;; € (vijk, Vije+1)-

5.3.3 Random effects inverse variance

The conditional distribution of the sexual network random effects inverse variance

is
K,Vo aa
aldata, B, Ao, b)) x =20 lem 0 x pa—legmabi
f( | 18 0 ) F(I/()) lzl—ll F(a) i

a I I a—1 E
x a7 lx (Fc(ya)> (H bi) e~alro+ i b
i=1
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The full conditional does not simplify to any standard distribution that can be sam-
pled directly. Thus, we require methods for sampling from an arbitrary conditional
distribution. It turns out that the full conditional distribution is a simple log-
concave distribution in a and can be sampled efficiently using the adaptive-rejection

sampling scheme (Gilks and Wild, 1992).

5.3.4 Baseline hazard

The baseline hazards conditional distribution is computed as

f(Xol|data, B3, ti;, bi, )

50
x /\Eo 1 e~ oko
(Eo)
< 21 12 bij _/\0[21 121 1845 bi twe Xij4(1- Jll)blvlilkeﬁ ”]
I . . !y /X .
X )\Eo_l+zi=1 Zjl=l 8is e—)‘o [C°+Zi=1 21;1 8ij b tiy € X3 +(1-6i5) bi vij k€ xu]
0

which we recognize as the kernel of a gamma density with the shape parame-
ter & + Z{=1 Zj;l d;; and scale parameter (o + Z,Ll Z;’;l[éﬁ bt eP'Xii 4 (1 -

8i7) bi vij €7 %i5]. Hence this node can also be sampled directly.

5.3.5 Fixed effects

The full conditional distribution of the fixed effects is

f(/glda'ta‘v ’\07 tij7 bia a)
o« (2m) (%0 T exp{~5(6 — do)’ T5" (6 — do))

L —bi Ao(tij|Xi5) ' X;]% —bi Ao(vij k1 Xi;) |1 70
HH[ iX5) hi dge? M| x e ikl Xis

which does not simplify to any standard distribution. A Taylor series expansion of

f(B|data, Ao, tij, b;, @) centered at the posterior mode 8 leads to
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lOg f(ﬂldataa /\07 tij7 bi? a)
la log f(ﬁ'da‘tav /\07 tija bi) Cl/)

= log f(B|data, Ao, tij, bi,a) + (8 — B)
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(5.2)

The linear term in (5.2) is zero because the log posterior density has zero derivative
at its mode. The remainder terms of higher order in the Taylor series expansion fade
in importance relative to the quadratic term when £ is close to 3 and the sample
size is large. If we consider (5.2) as a function of 3, the first term is a constant
whilst the second term is proportional to the logarithm of a normal density. This

yields the following approximation:

f(Bldata, Ao, tij, bs, @) = N(B, [I(6)] 1)

where | (B)] is the observed information

82 lOg f(B'data‘a AO) tija bi) CY)
- 032 |ﬁ=l§‘

1(8) =

Asymptotically, f(S3|data, Ao, tij, b;, @) can be approximated by a normal distribu-
tion with mean being the posterior mode and covariance matrix equal to minus
the inverse of the second derivative of the log posterior evaluated at the posterior
mode J3. If a flat prior is assumed for 3, the posterior mode can be replaced by the
ML estimate 3 and log posterior density by log likelihood function. The observed
information I(3) becomes I (B), the Fisher information matrix evaluated at the ML
estimator. Therefore, samples from f(G|data, Ao, tij, b;, @) can be easily generated
by calculating 3 and (I (B)]'1 using the likelihood methods shown in Chapter 3.
These values are used for the multivariate normal proposal distribution. To ensure
that the samples obtained come from the specified conditional posterior distribu-

tion, we inserted a Metropolis step where candidates from the multivariate normal



102

proposal distribution are either accepted or rejected. The acceptance rate for can-
didates was about 54%, which was well within 30% and 70%, the recommended
acceptance rate (Raftery and Lewis, 1996). The high acceptance rate indicates that
the multivariate normal proposal distribution is a good initial approximation to the

actual conditional posterior.

The computer code implementing the MCMC simulations was written and im-
plemented in Microsoft Visual C++ Version 6.0. Microsoft Visual C++ Version
6.0 does not, however, have subroutines for generating random samples from the
standard distributions. The software only has a Uniform(0,1) generator. Various
functions were written to sample from these distributions building from a Uni-
form(0,1) generator. For example, to sample 8 from MVN,(3, [I(8)]"") we wrote a
function that generates random variables z from a standard normal distribution. We
performed a Cholesky decomposition of covariance matrix [[(5)]' = LL/, where L
is the lower triangular matrix. Samples from MVN, (8, [I(3)]™!) were generated as

3 + Lz (Ripley, 1987).

5.4 Application to the data

The Markov chain Monte Carlo (MCMC) analysis described in the previous section
was implemented for the model with and without sexual network frailties, the same
as was done in Chapter 3 using the EM algorithm. The frailty model required es-
timation of a total of 526 parameters: 9 fixed effects, 1 baseline hazard, 339 sexual
network specific random effects, 176 infection times and the inverse scale for sexual

network frailty distribution.

Five parallel chains were run from independent starting points. When we iterated
through the MCMC sampling scheme at an equal rate for all parameters we found

that successive values for b;, ¢;;, @ and Ag were highly correlated. The successive fixed
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effects values were much less correlated. However, the fixed effect sampling scheme
involved an EM estimation of ML estimates and calculation of Fisher information
for the proposal density for the M-H step. This was computationally intensive. Be-
cause of this we modified the iteration scheme to iterate through b;, ¢;;,  and A five

times for each draw of 3, which greatly improved efficiency.

Monitoring of all parameters was impractical. We monitored all the fixed effects,
the baseline hazard, the sexual network inverse scale, some of the sexual network
random effects and some individual infection times from all five chains. We found
no evidence from the multiple chains suggesting that the monitored nodes were not
converging to the same node. The median and the 97.5% percentile of Gelman and
Rubin’s (1992) scale reduction factor (GR) for each monitored variable were calcu-
lated. GR compares the between chain variation to the within chain variation and
should be close to one if the burn-in time has been sufficiently long for the Gibbs
sampler to be nearly convergent to the target posterior distribution. From the first
chain, we calculated the Z-test of equality based on the arguments of Geweke (1992).
In this test Geweke proposed a simple method based on time series ideas stating
that if the chains were in equilibrium, the means of the first 10% and the last 50% of
the iterates should be nearly equal. Therefore, the diagnostic computes the Z-test
of the hypothesis of equality between two means. We first ran five parallel chains
from independent starting points for 2n = 2000. The GR statistics for all other pa-
rameters except baseline hazards were reasonably close to one, Figures 5.2 and 5.3.
The first-order autocorrelations AR(1) for all parameters were quite substantial.
The autocorrelation plots showed high degree of autocorrelation even after lag 30
for some parameters. We increased the number of iterations to 2n = 4000. Output
analysis of 2n = 4000 simulated observations resulted in GR statistics extremely
close to 1 for all variables indicating substantial improvement in the convergence
of the estimates (Kass, et al 1998). Thus, we took 2 000 iterations as satisfactory

burn-in time. We simulated a further 38 000 values from each chain and took every
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Table 5.1: Geweke convergence diagnostics

The Z-scores for each chain and parameter

Parameter Chain1l Chain 2 Chain3 Chain4 Chain 5
Baseline hazard -1.280 -0.333 1.490 -0.054 -1.760
Migrant men 1.020 -0.542 0.659 -0.971 0.317

Part. of migrant men  1.260 -0.614 0.196 0.472 1.300

Non-migrant men 1.560 -1.404 1.530 1.250 -0.180
Age:18 to 24 -0.128 1.130 -1.280  -0.806 1.130
Age:25 to 34 0.875 0.510 -1.050  -0.924  -1.130
Current partners -0.978 0.560 -1.170 0.556 2.600
Lifetime partners 0.914 -0.163 -2.140 0.670 0.217
Syphilis -0.840  -2.860  -0.877  -1.950 1.950
Other STIs -0.967  -0.192 2.290 2.280 0.853
Frailty variance 1.140 -0.228  -0.011 0.267 -0.861

100th value after burn-in time. Therefore, the result was 2 000 nearly independent
simulated observations from the posterior distribution. The autocorrelation esti-
mates for the final simulated values were near zero. The Z-scores from all chains
showed reasonable convergence, Table 5.1. Figures 5.2 and 5.3 are the trace plots
for simulated parameters from the posterior density developed in Section 5.2. The

trace plots show consistent random fluctuations around the convergent value.

The histograms for fixed effects parameters with an overlaid normal curve are
presented in Figure 5.4. The histograms are fairly symmetric as would be expected.
Figure 5.5(a) shows the marginal posterior distribution for the baseline hazard.
Table 5.2 presents the results of the baseline hazards, fixed effects and frailty variance
from the Gibbs sampler. The estimates of the fixed effects and baseline hazards are
similar for all practical purposes to the respective modes obtained from the EM

algorithm. However, the estimates from the Gibbs sampler are more variable than
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Figure 5.2: Convergence monitoring trace plots for selected fired effects. In each

panel, all five independent chains are plotted. Included is the mean and 97.5%
Also included is the

first-order autocorrelation AR(1) estimated from the first chain.

percentile of GR statistic from the first 1000 observations.
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Figure 5.3: Convergence monitoring trace plots for some fized effects, baseline haz-

ards and frailty variance. In each panel, all five independent chains are plotted.
Included is the mean and 97.5% percentile of GR statistics for the first 1000 obser-

vations. Also included is the first-order autocorrelation AR(1) estimated from the

first chain.

those from the EM algorithm. The estimate of sexual network frailty variance from

the Gibbs sampler is quite large compared to the estimate obtained from the EM

algorithm. The posterior median and mean is 0.788 and 0.812 respectively. The

95% credible interval for sexual network frailty variance is (0.614, 1.120). The

distribution for the frailty variance is shown in Figure 5.5(b). In the EM algorithm,

the mode of the sexual network frailty variance was estimated to be 0.462.
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Figure 5.4: Histograms of the fized effects parameters.

5.5 Conclusion

We have successfully implemented the Gibbs sampler to investigate the risk factors
associated with HIV infection among people in networks of sexual partnerships in-
volving migrant and non-migrant men and their non-migrant partners from a rural
health district of South Africa. The approach focussed on reducing the complex pos-
terior likelihood for correlated interval-censored data, whose direct sampling is not
very straight forward (Sinha and Dey, 1997), to a simpler correlated right-censored
data problem. Fitting Bayesian frailty models to interval-censored data likelihoods,
(for example Finkelstein, 1986; Huang and Wellner, 1997) presents analytical chal-
lenges for computing the posterior distribution. The Gibbs sampler implemented
here provides full Bayesian inference without requiring evaluation of complex inte-

grals as was the case with the EM algorithm.

The Gibbs sampler yields a sample of parameters and hyperparameter obtained
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Figure 5.5: The marginal posterior distributions

from a well-defined Markov process such that the values are thought of as realisa-
tions from the corresponding marginal posterior distribution and can be explored

over a range of values. The Gibbs conditionals simplify to two iterative steps in-

b

volving imputation step which draws and tg-) from the conditional predictive

distribution f(bildata’ ’6’ )\0’ tl(;'_l)’ a) and f(tijlvijk < tij < vijk-i-l,da't'a) :6: )‘07 bz(r)) Ol)

respectively, and a posterior step which draws (") = {B('),/\(()T),a(’)} from con-
ditional posterior distribution f(6(")|data, bﬁ”, tg)) The two iterative steps can be

viewed as the stochastic counterparts to the E-step and M-step of the EM algorithm.

()

Under broad regularity conditions, the sequence (bl(r), tij s

the joint posterior f (bgr), t,(»;-)|data) and the sequences of their components converge

r=1,2,---) converges to

to their marginal posteriors (Gilks, et al 1996).

Compared to the traditional ML estimation, Bayesian analysis is capable of not
only incorporating information about frailties and infection time, but also uncer-
tainties about available information. For example, the uncertainty about the true
values of variance components is formally incorporated into the analysis through
the choice of a plausible prior distribution. The fixed effects results from the Gibbs
sampler are in good agreement with the corresponding posterior modes from the EM
algorithm. The agreement between the modes of marginal posteriors and ML esti-

mates is generally expected due to the specified proper prior for fixed effects which
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is nearly flat in the region near zero (Harville, 1974). However, estimated standard
deviations from the ML approach are severely biased downwards. The bias reflects
the incapability of ML approach to correct for variability of unobserved frailties and
infection time. Downward bias in standard deviations is highly undesirable because
it provides false sense of security for the estimates. The frailty variance estimate
from the EM algorithm also shows similar downward bias compared to the estimate
from the Gibbs sampler. However, inference and conclusions from the Gibbs sam-
pler were not markedly different from inference based on the EM algorithm. These

comparative results have been published elsewhere (Zuma and Lurie, 2005).
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Table 5.2: Frailty model estimates and credible intervals (CI)s from the Gibbs sam-
pler

Frailty model 95% CI

Parameter Mean SD 25% 97.5%
Baseline hazard

Constant 0.013 0.004 0.007 0.022
Migration status

Migrant men 0.391 0.276 -0.156 0.911

Partners of migrant men 0.354 0.276 -0.204 0.886

Non-migrant men -0.103 0.276 -0.616  0.440

Partners of non-migrant men®
Age in years

18 to 24 1.590 0.383 0.861 2.360

25 to 34 0.709 0.201 0.330 1.110

35 and above®
Recent sexual contact partners

Only one®

More than one 0.609 0.216 0.174 1.020
Number of lifetime partners

Only one®

More than one 0.521 0.215 0.113 0.944
Syphilis

0=Negative, 1=Positive 0.501 0.179 0.147 0.849
Status of other STIs

0=Negative, 1=Positive 0.588 0.218 0.167 1.020
Fraslty variance

Sexual network 0.812 0.120 0.614 1.120

%Reference category



Chapter 6

Conclusion

6.1 Thesis theme

The thesis has introduced the concept of incorporating sub-groups of correlated
sexual networks as random effects in the investigation of the effects of circular mi-
gration in the spread of HIV and other curable STIs in the rural Hlabisa district
from northern KwaZulu-Natal, South Africa. The sexual network random effects
formed part of unobserved data as has been done in various other applications in-
volving correlated data. Another development of this thesis is the treatment of
interval-censored HIV infection time as unobserved data. Then, the complete-data
likelihood functions were developed which are compatible with estimation via the
EM algorithm (Dempster, Laird and Rubin, 1977) and the Gibbs sampler (Geman
and Geman, 1984). Finally, the thesis compares the frailty model results from the

EM algorithm to those obtained from the Gibbs sampler.

The introductory chapter reviewed literature on epidemiology and reciprocal
impact of HIV infection and STIs. The introductory chapter discusses migration
and other factors as risk determinants of HIV/STIs. The chapter further outlined
current statistical methods for analysing correlated data. Chapter 2 presented the

theory behind the EM algorithm. The EM algorithm was implemented in the anal-
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ysis of curable STIs. In Chapter 3 the EM algorithm, outlined in Chapter 2, was
further used to analyse correlated interval-censored data where both sexual network
frailties and interval-censored infection time formed the missing data used to facil-
itate the EM algorithm. This is in contrast to Chapter 2 where only the sexual
network random effects constituted missing data. In both preceding chapters, the

results of a standard and random effects models were compared.

In Chapter 4 we outlined the basics of Bayesian parameter estimation and of
Markov chain Monte Carlo (MCMC) simulation techniques. Full Bayesian analysis
of the proportional hazards frailty model with interval-censored HIV infection time
was carried out in Chapter 5. The Gibbs sampler, an MCMC simulation technique,
was used to attain full Bayesian inference of the model. Some Gibbs condition-
als were intractable and required methods of sampling from a non-standard Gibbs

conditional distribution.

6.2 Thesis conclusions

6.2.1 Substantive

The logistic mixed model suggests that migration of men is a risk factor of acquir-
ing at least one STI (p-value=0.049). Migrant men and their rural female sexual
partners are at marginally increased risk of STIs compared to non-migrant men
and their rural female sexual partners. Being never married or having first sexual
intercourse before the seventeenth birthday are associated with increased risk of be-
ing infected with at least one curable STIs, p-values=0.039 and 0.023 respectively.
Recent sexual contact with more than one sexual partner increases the risk of ST1Is.
Infection with HIV further increases the risk of contracting STTs, p-value=0.012.
Provision of syndromic management and sexual behavioural education reduces the

risk of subsequent transmission of curable STIs and hence HIV.
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In the cross-sectional baseline investigation of the effects of migration on the risk
of HIV among couples only, migration was identified as an important risk factor of
HIV (Lurie, Williams, Zuma, et al 2003b). Migration is a risk factor not simply
because returning migrant men infect their partners, but also because their rural
female partners -including those who are partners of non-migrant men - are likely
to become infected from outside their primary relationships. However, in the main
analysis which included all sexual network sizes and corrected for correlation in-
duced by clustering of sexual networks, migration did not appear to be a significant
risk factor, Table 5.2. At this late stage of the epidemic, migration might be be-
coming less important due to the existing high rates of HIV infection in rural areas
and ongoing spread of HIV within the rural areas. The risk of HIV is considerably
high in ages between 18 and 24 years and decreases slightly in ages 25 and 34 years,
Table 5.2. Recent sexual contact with more than one partner or having more than
one lifetime sexual partners are associated with increased risk of HIV. Infection with
syphilis or other curable STIs greatly increase the risk of HIV infection. The risk

of HIV/STIs varies considerably across sexual networks.

The results of this thesis have important policy implications. Interventions aimed
at combating the spread of HIV/STIs should extend further from focussing on in-
dividuals as social units to treating sexual networks as social units. Interventions
have often been aimed at individual-level behavioural changes promoting condom
use, fewer concurrent sexual partners and sexual abstinence. However, these ap-
proaches are of less benefit to women who are in weaker positions to negotiate
safe sex or discourage their partners from having extra marital relationships. The
urgently required changes in the policy include formulating specialized educational
programs targeting HIV discordant partnerships. Interventions should enforce coun-
selling, educational messages and treatment of STIs within sexual networks rather
than only the infected individual members. Health care providers should enforce

contact partner tracing to reduce further transmission of an infection within a sex-
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ual network.

South Africa should reconsider the system of labour migration and conditions of
migration in this post-apartheid era. The mining sector and other industrial areas
attracting migrant men should improve social conditions and provide family friendly
accommodation to curb family separation. Currently, a very small proportion of mi-
grant men live with their families at their workplaces. The majority of migrant men
still live in single sex hostels. Rates of circular migration can possibly be reduced

by encouraging industrial decentralization and promotion of regional development.

6.2.2 Methodological

The study of migrant and non-migrant sexual networks has shown that ignoring sex-
ual network random effects in the analysis of HIV/STIs biases the results. Inclusion
of sexual network random effects leads to slightly magnified fixed effects estimates
and standard errors are consistently larger in the random effects models. However,
the effect of HIV infection was reduced in the logistic mixed model albeit the effects
of all other factors inflated. Similar results were seen in the frailty model where the
effects of recent sexual partners and of syphilis infection were slightly reduced. In
the standard logistic model, HIV infection was acting as a proxy for sexual network
effects probably due to high likelihood of HIV transmission if at least one partner is
infected. Furthermore, HIV infection is a potential indicator of high risk behaviour.
Similar arguments hold for recent sexual partners and syphilis infection in the frailty
model. However, the importance of these variables was not completely removed from

their respective models and the substantive inference remained unchanged.

The EM analysis shows that inclusion of sexual network random effects has simi-
lar effects in both logistic mixed model and frailty model. Fixed effects and baseline
hazard estimates from a full Bayesian analysis of the frailty model do not markedly

differ from ML estimates, Table 6.1. Since the priors for fixed effects were nearly
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flat, the Gibbs sampler should give approximately the EM estimates at the mode
of the joint posterior distribution (Harville, 1974). However, the standard errors
and variance component estimates from the EM algorithm are biased downwards.
This is particularly the feature of ML estimates for variance components as degrees

of freedom lost due to estimation of fixed effects are not accounted for. The size

Table 6.1: Frailty model estimates from the EM algorithm and Gibbs sampler

EM algorithm Gibbs sampler

Parameter Mean SE Mean SD

Baseline hazard

Constant 0.007 0.001 0.013  0.004
Magration status

Migrant men 0.460 0.216 0.391 0.276

Partners of migrant men 0.299 0.210 0.354 0.276

Non-migrant men -0.219 0.259 -0.103 0.276
Age in years

18 to 24 2.455 0.296 1.590 0.383

25 to 34 1.072 0.163 0.709 0.201
Recent sexual contact partners

More than one 0.558 0.189 0.609 0.216
Number of lifetime partners

More than one 0.328 0.172 0.521 0.215
Syphilis

0=Negative, 1=Positive 0.284 0.158 0.501 0.179
Status of other STIs

0=Negative, 1=Positive 0.503 0.181 0.588 0.218
Frailty variance

Sexual network 0.459 0.069 0.812 0.120

and sparseness of the data can also have an effect. A considerable number of sexual
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networks with only one partner included had an infection. The ML estimates from
such data are biased towards zero. The sparseness of the data is less problematic in

Bayesian analysis.

The Bayesian inference provides a natural framework with which to integrate the
uncertainty about parameters and incorporate heterogeneity between sub-groups.
The models incorporating this heterogeneity and estimated via ML approach be-
come complex and require numerical integrations. Often the stability of numeri-
cal integration has to be carefully checked, involving additional computations. In
situations where the sample size is small, the asymptotic normality of parameter
estimates based on ML estimation is questionable, a problem which does not arise
when using MCMC methods. The Gibbs sampler provides a useful and advanta-
geous alternative to the EM algorithm when working with incomplete-data through
‘data augmentation’ techniques. The idea is to sample the missing data in addition
to parameters, as was done in the frailty model. Superiority of Bayesian analysis

has also been shown in GLMMs (Tu, Kowalski and Jia, 1999).

6.3 Further research

In this work, we have touched on aspects through which migration influences the
spread of HIV/STIs. The focal point was on migrant men and their female partners
from rural areas. Future studies and implementation of prevention strategies should
also include female partners of migrant men at work places. Recently, there has
been an increase of women who become migrants and are at risk of HIV infection
(Brewer, et al 1998; Zuma, et al 2003). Sexual contacts between migrant men and
these women not only connects HIV infection between urban and particular rural
areas but has a potential of introducing HIV to the other rural areas where these
women come from. The conditions and circumstances under which women migrate,

and their role in transmitting HIV to other rural areas require further research.
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It could be of interest to investigate the efficacy of providing antiretroviral ther-
apies for HIV-positive partnef(s) in a sexual network. However, in South Africa this
kind of treatment is unlikely to be implemented on a large scale in the immediate
future. Presently, antiretroviral treatment is not even routinely provided to HIV-
positive pregnant women. Further research on understanding the factors which put
women in weaker positions to negotiate safe sex and how they can be empowered to
do so is required. Kavinya (2002) investigated factors related to women’s empow-
erment in the context of reproductive decision making processes. Similar, research

can be extended to sexual behavioural related issues.

Numerous numerical approximations have been used to accomplish estimation in
the logistic mixed model. This has led to a range of statistical methods being used
to fit these models. Many of these methods underestimate variance components and
fixed effects. A number of corrections for this bias have been suggested, but thus far
none of them has proven completely satisfactory. More work is needed to improve
estimation in GLMMs. In frailty model estimation we used the gamma frailty dis-
tribution. The gamma distribution was chosen on the basis of its conjugacy status.
It is worth investigating the performance of other forms of frailty distributions in
similar context. However, fitting Bayesian models with this complexity does present
analytical challenges for computing the joint posterior distribution. The main chal-
lenge is the Gibbs conditionals that are intractable. Intractable univariate Gibbs
conditionals are handled by direct sampling methods. However, their multivariate

generalizations are often inefficient and difficult to implement.
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Abstracts of papers from the thesis

Risk factors for HIV infection among women in Carletonville, South

Africa: migration, demography and sexually transmitted diseases

Abstract

We investigate the prevalence of, and risk factors for, HIV infection among women in
an urban South African setting. A random sample of 834 women was recruited into
a community-based cross-sectional study. HIV prevalence was 37.1% with higher
prevalence among migrant women (46.0%) than non migrant women (34.7%), (odds
ratio (OR)=1.61, 95%CI:1.11 2.31). The highest HIV prevalence (50.9%) was be-
tween ages 26 and 35 years. Having two or more lifetime partners increased the risk
of HIV infection (OR=4.88, 95%CI:3.01-7.89). Migration, age, marital status, alco-
hol use, syphilis and gonorrhoea were independently associated with HIV infection.
Migration increases the risk of HIV infection. Provision of services to treat sexually
transmitted diseases (STDs) and educational empowerment programmes that will

promote safer sex among migrant women are urgently needed.
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Who Infects Whom? HIV-1 Concordance and Discordance Among

Migrant and Non-Migrant Couples in South Africa

Abstract

Objectives: To measure HIV-1 discordance among migrant and non-migrant men
and their rural partners, and to estimate the relative risk of infection from inside
versus outside primary relationships.

Design: A cross-sectional behavioural and HIV-1 seroprevalence survey among 98
couples in which the male partner was a migrant and 70 couples in which the male
was not a migrant. Methods: Following informed consent, a detailed questionnaire
was administered and blood was collected for laboratory analysis. A mathematical
model was developed to estimate the relative risk of infection for men and women
from inside versus from outside the regular relationship.

Results: 70% (117/168) of couples were negatively concordant for HIV, 9% (16/168)
were positively concordant and 21% (35/168) were discordant. Migrant couples
were more likely than non-migrant couples to have one or both partners infected
(35% versus 19%; p=0.026; OR=2.28) and to be HIV-1 discordant (27% versus 15%;
p=0.066; OR=2.06). In 71.4% of discordant couples, the male was the infected part-
ner; this did not differ by migration status. In the mathematical model, migrant
men were 26 times more likely to be infected from outside their regular relation-
ships than from inside (RR=26.3; p=0.000); non-migrant men were 10 times more
likely to be infected from outside their regular relationships than inside (RR=10.5;
pi0.0001).

Conclusions: Migration continues to play an important role in the spread of HIV-1
in South Africa. The direction of spread of the epidemic is not only from returning
migrant men to their rural partners, but also from women to their migrant partners.
Prevention efforts will need to target both migrant men and women who remain at

home.
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The Impact of Migration on HIV-1 Transmission in South Africa A

Study of Migrant and Nonmigrant Men and Their Partners

Abstract

Background: To investigate the association between migration and HIV infection
among migrant and nonmigrant men and their rural partners. Goal: The goal was
to determine risk factors for HIV-1 infection in South Africa.

Study Design: This was a cross-sectional study of 196 migrant men and 130 of
their rural partners, as well as 64 nonmigrant men and 98 rural women whose part-
ners are nonmigrant. Male migrants were recruited at work in two urban centers,
100 km and 700 km from their rural homes. Rural partners were traced and in-
vited to participate. Nonmigrant couples were recruited for comparison. The study
involved administration of a detailed questionnaire and blood collection for HIV
testing.

Results: Testing showed that 25.9% of migrant men and 12.7% of nonmigrant men
were infected with HIV (P=0.029; odds ratio (OR)=2.4; 95%CI:1.1-5.3). In multi-
variate analysis, main risk factors for male HIV infection were being a migrant, ever
having used a condom, and having lived in four or more places during a lifetime.
Being the partner of a migrant was not a significant risk factor for HIV infection
among women; significant risk factors were reporting more than one current regular
partner, being younger than 35 years, and having STD symptoms during the previ-
ous 4 months.

Conclusion: Migration is an independent risk factor for HIV infection among men.
Workplace interventions are urgently needed to prevent further infections. High
rates of HIV were found among rural women, and the migration status of the regular
partner was not a major risk factor for HIV. Rural women lack access to appropriate

prevention interventions, regardless of their partners’ migration status.
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The risk factors of sexually transmitted infections among migrant and

non-migrant sexual networks from rural South Africa

Abstract

Objectives: To identify important risk factors of sexually transmitted infections
(STI)s among migrant and non-migrant sexual networks. To estimate the degree of
variability across sexual networks, and identify the effects of ignoring correlation on
the risk factors of STIs.

Method: Cohorts of circular migrant men and their non-migrant sexual partners;
and non-migrant men and their non-migrant sexual partners from rural South Africa
were recruited between October 1998 and October 2001. Recruited female partners
ranged from 0 to 4 per man, forming a sexual network. About 631 individuals aged
between 18 and 69 years were recruited and followed-up every four months for inter-
views and examination. The main outcome is the presence of at least one curable
STI in an individual at each visit.

Results: Prevalence of STI at each follow-up visit was 27.4%, 15.9%, 11.6% and
13.6%, respectively. Migration status, age, marital status, age at first sexual inter-
course, recent sexual partners, HIV status were found to be important risk factors
of STI. Syndromic management reduced the risk of STIs, odds ratio (OR)=0.75,
p-value<0.0001. The risk of STI varies (1.46) considerably across sexual networks,
and implies substantial correlation (0.59) between members of the same sexual net-
work. Ignoring correlation underestimates standard errors by at most 11%.
Conclusion: Migration influences the spread of STIs. Different sexual networks
are at different risks of STIs. Community interventions of HIV/STIs should target
high-risk and co-transmitter sexual networks rather than high-risk individuals. This

is more imperative for women who are in weak positions to negotiate safe sex.
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Analysis of interval-censored data from circular migrant and non-

migrant sexual partnerships using the EM algorithm

Abstract

In epidemiological studies where subjects are seen periodically on follow-up visits,
interval-censored data occur naturally. The exact time the change of state (such as
HIV seroconversion) occurs is not known exactly, only that it occurred sometime
within a specific time interval. Methods of estimation for interval-censored data
are readily available when data are independent. However, methods for correlated
interval-censored data are not well developed. This paper considers the problem
of finding maximum likelihood estimates when survival times are interval-censored
and correlated within sexual partnerships. We consider the exact failure times for
interval-censored observations as unobserved data, only known to be between two
time points. Dependency induced by sexual partnerships is modelled as unobserved
frailties assuming a parametric distribution. In this context, both the unobserved
failure times and frailties form the missing data for the application of the EM algo-
rithm. Maximization process maximises the standard survival frailty model. Results
show high degree of heterogeneity between sexual partnerships. Intervention strate-
gies aimed at combating the spread of HIV/STIs should treat sexual partnerships

as social units and fully incorporate the effects of circular migration.
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Application and comparison of methods for analysing correlated interval-

censored data from sexual partnerships

Summary

In epidemiological studies where subjects are seen periodically on follow-up visits,
interval-censored data occur naturally. The exact time the change of state (such
as HIV seroconversion) occurs is not known exactly, only that it occurred some-
time within a specific time interval. This paper considers estimation of parameters
when HIV infection times are interval-censored and correlated. It is assumed that
each sexual partnership has a specific unobservable random effect that induces as-
sociation between infection times. Parameters are estimated using the expectation-
maximization algorithm and the Gibbs sampler. The results from the two methods
are compared. Both methods yield fixed effects and baseline hazard estimates that
are comparable. However, standard errors and frailty variance estimates are un-
derestimated in the expectation-maximization algorithm compared to those from
the Gibbs sampler. The Gibbs sampler is considered a plausible alternative to the

expectation-maximization algorithm.
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