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Abstract

Background

Human Immunodeficiency Virus (HIV) remains a significant problem in sub-Saharan
Africa which has the highest number (25.6 million) of people living with HIV (PLHIV).
South Africa is amongst the top rank of sub-Saharan Africa countries with the highest
HIV prevalence. Many studies have been done to have an in-depth understanding of
HIV and AIDS disease resulting in various interventions being implemented to improve
the lives of people infected by the disease. These studies are usually done using lon-
gitudinal designs which have the advantage of enabling researchers to observe patient
changes (outcomes) over time; however, they are prone to missingness due to unob-
served data as patients may miss scheduled visits.

This study aims to determine transition probabilities between WHO stages |, Il, Il and
IV over time and compare Rubin’s and Bayesian methods in determine factors asso-
ciated with WHO stage ailments and symptomatic conditions amongst HIV infected
patients on patient level data from the Adult Wellness study.

Methods

The researcher conducted a secondary data analysis of the Adult Wellness study
which was conducted from 2002 to 2010, to be able to quantify changes in ailments
and symptomatic conditions over time, the researcher fitted the general multi-state
Markov model which assumes that patients may develop more severe ailments and
symptomatic conditions. The states were defined based on WHO stages, that is, stage
[, Il Il and IV. The researcher also fitted three random effects ordered logistic regres-
sion models to determine factors associated with these WHO stage outcomes. The
researcher employed the maximum likelihood estimation (MLE) on the first model fit-
ted on raw data and second model after multiple imputation (MI) to account for missing
data. The last model adopted Bayesian estimation (BE) to the raw data. Finally, the

researcher performed a sensitivity analysis using simulated data and fitted all the three



models described earlier.

Results

A total of 2,609 patients accounted for 12,102 observations were analysed. Majority
of the patients were females (77.4%) antiretroviral therapy ART naive (61.5%) having
attained Grade 0-12 (77.9%). The Markov multi-state model showed that patients in
WHO stage Il were 1.33 times more likely to move to WHO stage Il than WHO stage
| whilst patients in WHO stage Il were 2.26 times (0.16118/0.07124) more likely to
move to WHO stage Il than progressing to WHO stage IV. The probability of remain-
ing in WHO stage | was 59% after eight year follow up period. Relative to patients
with no ailments and symptomatic conditions, patients with one HIV ailments or symp-
tomatic condition has an INCREASED RISK of progressing to advanced WHO stages,
(model with raw data OR 2.07, 95%Cl: 1.23-3.30). There were some unexpected re-
sults were patients on ART and cotrimoxazole (CTX) drugs showed to have increased
odds of becoming worse than their counterparts. This was evident in all the three
models: raw data MLE model OR 1.5828 (95% CIl 1.1948,2.0969) and OR 2.0670
(1.5619,2.7355); Ml MLE model OR 1.2252 (95% CI 1.0884,1.3793) and OR 1.5438
(95% CIl 1.3186,1.8074); and raw data BE model OR 1.6096 (95% CI 1.2055,2.0952)
and OR 2.0758 (1.5507,2.7270) for ART and CTX respectively. Both MLE and BE for
the raw data gave similar estimates; however, these estimates were different from the
MI MLE model which were more precise (smaller standard errors).

Conclusions

The results showed that patients had an increased chance of remaining in the same
state than either advancing in WHO stages of ailments and symptomatic conditions or
recovering. If the level of missing data is reasonable, it is recommended to apply the
MI techniques. Multiple imputations and Bayesian missing data methods should be
used together and determine which one produce better results per each situation. Fi-
nally simulated results showed that multiple imputation and Bayesian models become

different as the percentage of missing data increases.
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Chapter 1

Introduction and Background

Introduction

The chapter begins with an overview of the burden of Human Immunodeficiency Virus
(HIV) in sub-Saharan Africa, with more emphasis on South Africa. The effects of miss-
ing data in longitudinal studies in HIV care treatment programs are explored. The
researcher will also look at the movement of HIV patient’s ailments and symptomatic
conditions from one World Health Organization (WHO) stage to another. The litera-
ture on missing data and transition of individuals from one WHO stage to another are
reviewed, and the chapter ends with a description of the aims and objectives of the

study.

1.1 Background

Globally, the number of people living with Human immuno-deficiency virus (PLHIV)
remains high. In 2017 there were more than 36.7 million people who are HIV infected
with the majority of them being adults (15-49 years) and 160,000 are children below
the age of 15. HIV-related deaths are still high with an estimated 940 000 died in 2017.

The majority of these HIV patients are found in Sub-saharan Africa hence there are
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more died in this region. In 2016 sub-Saharan had the highest number of people living
with HIV (PLHIV) (25.6 million)[1]. By 2016, 68 percent of PLHIV in the world were

from this region [2].

South Africa which is within sub-Sahara Africa, ranks amongst the highest in HIV
prevalence (12.6 percent as of July 2017) and approximately 7 million PLHIV [1]. The
most substantial absolute number of HIV patients on antiretroviral treatment (ART)
globally is found in South Africa with 3.1 million people on ART [3]. As of 2016, South
Africa was spending R23 billion every year on HIV and AIDS programs [4].

PLHIV are at high risk of developing comorbid conditions such as tuberculosis (TB)
and symptomatic manifestations weight loss, due to an immuno-compromised system
[5]. These ailments and symptomatic conditions do not remain the same over time.
They can range from mild such as skin rash to severe ones such as pneumocystis
pneumonia. World Health Organization (WHO) classify them into groups based on the
severity of illness known as WHO stages [6]. These ailments and symptomatic condi-

tions can cause death if medical care is not adhered to.

The functionality of patients with multiple ailments is decreased. Ailments and symp-
tomatic conditions also affect the manner in which patients attend scheduled health
care services such as the provision of ART, leading to missing data from unattended
visits. Disadvantages of missing data in reseach include loss of information, a low
statistical power to detect differences and wider confidence intervals (due to increased
standard errors) [7]. Missing data affects decisions drawn from such inferences due
to biased point and interval estimates. Previous studies also confirm that statistical

inferences from missing data may lead to wrong conclusions [8].

This study will estimate the transition of people with ailments and symptomatic con-
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ditions based on WHO staging and determine factors associated with these ailments

and also use missing data techniques.

1.2 Problem Statement

1.2.1 Epidemiological problem statement

Having HIV infection is not an illness but it gives rise to several ailments due to im-
munosuppression if a patient does not adhere to treatment [9]. Hence it is paramount
to find factors associated with these ailments and symptomatic conditions and how
they change overtime. This may help in the reduction the these ailments and symp-

tomatic conditions so that HIV patients can live a health life.

1.2.2 Statistical problem statement

Several HIV related longitudinal epidemiological studies have been undertaken to un-
derstand the effects of HIV on disease progression [10]. Longitudinal studies are often
affected by missing data, as a result, complete case analysis is normally used [11, 12].
In addition, most of these studies control for missing data using complete case anal-
ysis [12, 13]. This suggest that statistical inferences from such analysis may lead to

incorrect conclusions and mislead decision making.

1.3 Justification

1.3.1 Epidemiological justification

The classification of HIV ailments and symptomatic conditions using WHO stages have
been done [14]. However, to our knowledge, none has been done in South Africa

where factors associated with these WHO stage ailments and systematic conditions
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including changes occurring over time using the general Markov chain models.

1.3.2 Statistical justification

In clinical research, modelling of longitudinal data using random effects ordered logis-
tic regression models or general estimating equation (GEE) can be fitted to determine
factors associated with ailments and symptomatic conditions of HIV patients. How-
ever, these models do not give information on transition probability from one state to
the other for patients on treatment overtime, hence general Markov multi-state model

is preferred instead.

The data being used is longitudinal and is generally affected by missing data. The
most commonly used missing data technique is multiple imputations, but also imple-
menting Bayesian missing data technique will give us more room for choosing prior

distributions and perhaps obtain better results [15, 16].

1.4 Literature Review

1.4.1 Ailments and symptomatic conditions in HIV infected

patients

HIV ailments and symptomatic conditions are known to be complicated since AIDS
was defined in 1981 [17]. The initial clinical presentation may look like symptoms of
any other endemic diseases [18]. However, the extent of the manifestation of ailments
and symptomatic conditions depends on the infected individual’s health status and or-
gans affected [18]. The most common ailments and symptomatic conditions among
HIV infected patients in Africa are diarrhoea, tuberculosis, fever, weight loss and a va-

riety of opportunistic infections and dermatological symptoms [18].
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Majority of these HIV-related ailments and symptomatic conditions are in sub-Saharan
Africa where there is a high burden of HIV [19]. South Africa having the highest abso-
lute number of HIV infections has an influence on the burden of HIV related ailments

and symptomatic conditions in their population [1, 20].

1.4.2 Points to note when modelling data with general Markov

multi-state

e The next event depend on the present not the past (this is the Markov property)

[21].

e If a Markov multi state model (MSM) is fitted without taking into consideration

data sampling times then the results maybe biased[21].

¢ To fit an MSM model to longitudinal data the researcher must consider why ob-
servations were made at those times. This is analogous to missing data problem
where the researcher need to know why a particular observation missing may

give you information about the observed [21].

¢ If an MSM is fitted ignoring the information about sampling times then the results
may be biased. This is so because sampling times are usually random and they

should be modelled together with observed process[21].

1.4.3 Review of studies modelling disease progression with gen-

eral Markov multi-state models

Kendra Brown Mhoon et al. fitted a continuous time general Markov multi-state model
to show the stages of the construct from a health intervention. This study looked at
whether a person was willing to change their behaviour after an intervention (Healthy

Outlook on the Mammography Experience), a population-based randomised group
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intervention [22]. M. J Sweeting et al. also used general Markov multi-state model to

model the progression of hepatitis C from none or mild to severe cirrhosis [23].

1.4.4 Missing data in HIV health research

HIV is a chronic condition that affects human health resulting in weight loss and be-
ing vulnerable to opportunistic infections like Tuberculosis(TB). These chronic condi-
tions are usually studied using longitudinal studies, of which most of the data will have
missing information. Missing data in general, gives rise to biased estimates, hence
compromising results [24]. An example of such study was conducted in Zambia and
South Africa from 2006 to 2010 on TB and AIDS reduction whereby laboratory data
from HIV testing was used to confirm HIV status of the participants. Those participants
with missing laboratory HIV results were asked to verbally confirm their status. In the
event that there were no results from both the laboratory and self reporting,the miss-
ing values were imputed using Rubin’s techniques assuming the data were missing
at random (MAR) [25]. The second example comes from a Medical Outcome study.
This study looked at how missing health related quantities of life could impact conclu-
sions in HIV clinical trials. Patients were followed up after every 8 weeks for 48 weeks,
however some were lost to follow-up during the study [26]. Imputation was done using
last observation carried forward(LOCF)(this is were a researcher uses the previously
observed value to impute the present missing one) [26]. Kennedy Otwombe et al also
used Ml in their study looking at, "factors associated with mortality in HIV-infected peo-
ple in rural and urban South Africa". They assumed MAR mechanism for patients who

had dropped out or missed visits [12].

1.4.5 Categories of missing data

Let R;; be 1 if the i'* patient has an observation at time t and 0 if the observation is

missing at time t. Therefore R is a binary variable of whether the patient has been
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observed or not. The researcher can now consider classifying variables that have
missing data by their relationship to the probability that R;; = 1. If factors are uncorre-

lated to this probability then they can not be related to the missing data process.

In 1976 Donald B. Rubin classified missing data into three mechanisms according
to how they became missing [27]. The researcher consider missing data to be missing
completely at random (MCAR) if and only if probability that P(R; = 1) does not de-
pend on any of the observed variables. This can occur when HIV status data point is
missing because of a random error in data entry [28]. When data are MCAR, estimates
that are estimated are unbiased. However, missing completely at random assumption
is not usually a reasonable assumption. For example, in longitudinal studies if there
are missing data, there almost certain that there will be more missing data in the study.
So, the predictor time or visit would usually be associated with the chance that an ob-

servation is missing.

There is minor, but essential, variation of the definition when missingness depends
on covariates it is termed "covariate dependent missing completely at random" (CD-
MCAR), which is primarily applicable to missing outcome data. In this scenario, the
probability of the outcome’s missingness can depend on the covariates which are in-

cluded in the statistical model only.

Let X representing all the observed data for covariates which will be used in our

model, can formally write this scenario mathematically as

P(R;; = 1|Y, X) = P(Ry = 1|X°%) (1.1)
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If by chance that an observation is missing is dependent on information which was
not observed, like the the observation itself, missing data are said to be missing not
at random (MNAR) [29]. For example, if the HIV status from a prevention trial is more

likely to be missing in patients that are HIV [28].

Mostly, missing data are not MNAR or MCAR. Instead, the chance that observation
is mainly missing depends on information of the data that is not missing [30]. This is a
more flexible assumption because this assumption handles different plausible scenar-
ios. Under MAR mechanism the chance of missing data may depend on covariates as
well as observed outcome(s) [30]. Mathematically, with Y°** as all the observation this

can be represented formally as

P(Ry = 1Y, X) = P(Rit = 1|y, X°) (1.2)

1.4.6 Points to note when analysing data with missingness

e When non observed data are MCAR, any method you use to analyse data will

give unbiased estimates [31].

e When the outcome depends on covariates, and those covariates are used to fit a
regression model. Any method you use for analysis will give credible estimates

[32].

e When the outcome variable data are missing at random, maximum likelihood
analysis like linear mixed models will give credible estimates but other methods

like generalised estimating equations may give biased estimates.

e When the observed data are MNAR, any standard methods of analysis may give

biased estimates [31].

e Going from MCAR to CD-MCAR allows the usual situation in were missing data
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depends on observed covariates. Moving from CD-MCAR to MAR accommo-
dates even more dependence of the missing data on observed covariates and
outcomes and will, therefore, include missing data mechanisms that have a
higher probability of being utilised in practice. This makes likelihood methods
attractive because they continue to give reliable estimates even if the data are
MAR. To reflect this fact, data which are MAR, MCAR or CD-MCAR are some-

times said to have ignorable missingness [33, 31].

1.4.7 Modelling missing data with random effects ordered logistic

regression

Random effects ordered logistic regression models are widely used in modelling data
with missingness. The main reason for this is that they use the data in its raw form
instead of summaries unlike generalized estimating equations(GEE). Also if an obser-
vation is missing it has no effect on other observations that are not from that same
patient [34, 35]. It also an advantage of random effects ordered logistic regression
models is that the researcher does not have to be consistent with time, which means

unobserved time values does not affect observed ones in analysis [36, 35].

Another advantage of these models is that the researcher do not have to assume
compound symmetry or sphericity in our model. The researcher can assume com-
pound symmetry or sphericity , but he/she can allow the model to choose a set of
explanatory variables or use explanatory patterns that are supplied [36, 37, 38].

They also use missing at random assumption that is more applicable compared to
missing completely at random used by GEE which is difficult to attain in Adult Well-

ness data [39].



1.5. Research Question

1.4.8 Review of studies Bayesian and Rubin’s missing data

methods

Some studies have been done comparing Bayesian and Rubin’s method. A study
done by G. Frank Li et al. (2016) was analysing data from Schizophrenia clinical trial
showed that the two methods gave similar estimates [11]. A simulated study done by
Kaifeng Lu et al. (2010) demonstrated the Bayesian approach to be conservative on
parameters when analysing dichotomised data while Rubin’s usually overestimate the
true variance [40]. Another simulated studies done by lbrahim J.G et al and another
by J.G Qingxia Chen and Joseph G on linear regressions showed that the results from

the Bayesian and Rubin’s methods were similar [41, 42].

1.5 Research Question

1.5.1 Epidemiological Research Question

What are the factors associated with ailments and symptomatic conditions amongst

adult HIV infected patients and how these ailments change over time?

1.5.2 Statistical Research Question

Can (Multiple Imputation) MI technique give better precise estimation compared to
(Bayesian Estimation) BE when evaluating factors associated with ailments and symp-

tomatic conditions?

10
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1.6 Aim and Objectives

1.6.1 Epidemiological Aim

This study aims to determine factors associated with WHO stage ailments and symp-

tomatic conditions of HIV infected patient overtime on ART treatment.

1.6.2 Statistical Aim

This study also aims to determine whether there is an improvement offered by Bayesian

missing data method compared to the most commonly used of Rubin’s method.

1.6.3 Specific objectives

1. To determine transition intensities between WHO stages of ailments and symp-
tomatic conditions amongst adult HIV infected patients enrolled in the Adult Well-

ness study, 2002 to 2010

2. To ascertain factors associated with WHO stage ailments and symptomatic con-
ditions amongst adult HIV infected patients using raw data with BE and MI data

with MLE (a complete case analysis).

3. To compare parameters estimates produced by Rubin’s and Bayesian missing

data methods using Adult Wellness data.

4. To compare parameter estimates produced by Rubin’s and Bayesian missing

data methods using simulated data

11



Chapter 2

Methodology

Introduction

In this chapter, the Adult Wellness study, study design, data management and pro-
cessing, data quality, inclusion and exclusion criteria, data source and variables and
exploratory analysis are described. The exploratory analysis described the baseline
characteristics, and also continuous variables are summarised with between, within
and overall standard deviations of the panel data. Categorical variables are sum-
marised as counts and percentages of overall, between and within components of the
panel data. On inferential statistics, the researcher fitted general Markov multi-state
model which constitutes transition rates, probabilities of moving from one state to the
other. The researcher also fitted random effects ordered logistic regression models
with raw data, multiple imputations and Bayesian missing data methods. Finally, Ml

method and Bayesian missing data were compared methods using simulated data.

2.1 The Overview of the Adult Wellness Study

Study design and study site
The Adult Wellness study was a follow-up study conducted from 2002 to 2010. It was

12



2.1. The Overview of the Adult Wellness Study

a nurse-based wellness programme set up to provide pre and post-treatment care for
HIV positive adults. The participant enrolment times were different, hence this study
was an open cohort. The patients were follow-up at every 6 months from time of indi-
vidual enrolment for 8 years. The study was carried out at two study sites which were
Perinatal HIV Research Unit (PHRU) clinic in Johannesburg and Tintswalo Hospital

also known as Acornhoek Hospital in Mpumalanga.

Study population
The study enrolled adult HIV patients aged 18 years and above who were receiving
voluntary counselling and testing from centres surrounding the PHRU and Tintswalo

hospital.

Study sampling and inclusion criteria

The participants were sampled using convenience sampling. Patients who tested HIV
positive and had a CD4 cell count less than 200 cells/mm3 were initiated on ART treat-
ment [12]. The study included only those patients aged 18 years or older who tested
HIV positive by either Elisa or Polymerase Chain Reaction(PCR), receiving basic clin-
ical care at PHRU clinic or Tintswalo Hospital and lastly those who had provided a

written informed consent to participant in the study [12].

Data collection and management

Questionnaires were completed at baseline and on every subsequent visit that oc-
curred after every six months for eight years. The patients’ information collected in-
clude CD4 cell counts (cell/uL), weight (kg), creatinine and haemoglobin levels mea-
sured after every 6 months. Patients were treated for any other ailments and symp-
tomatic conditions they would present with during the course of the study period [12].
During the study, loss-to-follow-up (LTFU) was minimised actively by ways of letters,

telephone calls and home visits [12]. The project data were double entered by indepen-

13



2.2. Current study design

dent data clerks into an MS ACCESS database, and any discrepancies were corrected

by the data manager and queries were resolved by the principal investigator.

2.2 Current study design

This current study is a secondary data analysis of a retrospective cohort study Adult

Wellness Study conducted between 2002 to 2010.

2.3 Current data management and processing

Data was received in Statistical Analysis System (SAS) database format and converted
to Stata 15 format which is the software used for data management and some of the
analysis in this study. Additionally analyses were done using R program [36]. The
data management process includes merging the received dataset files into one master
file, labelling of the variables and generating new categorical variables from existing
variables using Stata statistical software (Release 15, College Station, TX: StataCorp

LLC).

2.4 Current study inclusion/exclusion criteria

The merged dataset had a total of 44 461 observations. Many of these had repeated
visit dates, and some had missing WHO states (the researcher did not want to impute
the outcome variable hence the researcher decided to remove missing values of the
outcome). The researcher also removed observations of dead patients because there
were only interested in WHO states without the absorbing state. Finally, the researcher
removed observations that had one observation since they had no transitions that
occurred on them. Figure 2.1 quantifies the number of observations that were dropped

and why they were dropped.

14
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44 461

observations at the

begining of analysis [ 17 530

deleted because of

missing visit date

or WHO states

26 931

observations left

1586 records of deadl

patients deleted J

25 345

observations left

( 12 353

L duplicates

in visit date

12 992

observations left

890 observations thatl

has one observation

12 102 observations

of clean data

Figure 2.1: The flow diagram of selection of the HIV infected patients for analysis from
the Adult Wellness study, 2002-2010
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2.5 Missing data frequencies and percentages in Adult

Wellness data

Table 2.1: The missingness patterns of each covariate used for analysis from the raw

data.

Variable Observations Missings Percentage Missings Non Missing Non Missing percentage
Age in years 12102 12097 99.96 5 0.0413
Patient on ART 12102 1920 15.87 10182 84.13
Patient on cotrimoxazole 12102 1436 11.87 10666 88.13
Education level 12102 6431 53.14 5671 46.86
Smoking status 12102 1453 12.01 10649 87.99
Patient receiving salary 12102 6031 49.83 6071 50.17
Marital status 12102 4853 40.1 7249 59.9
self employed 12102 6192 51.17 5910 48.83
Sex Age 12102 11047 91.28 1055 8.718
Alcohol 12102 1481 12.24 10621 87.76
Height 12102 5658 46.75 6444 53.25
Weight 12102 5701 47.11 6401 52.89
condom 12102 0 0 12102 100
sex partners 12102 8722 72.07 3380 27.93
BPSys 12102 4430 36.61 7672 63.39
BPDia 12102 4430 36.61 7672 63.39
STI 12102 2475 20.45 9627 79.55
CD4 count 12102 11603 95.88 499 4123

2.6 Outcome and exposure variables

2.6.1 Exposure Variable

The exposure variables used were measured either at baseline or during follow-up
visits. Variables like site were patient were treated were measured only at baseline
while variables like body mass index(BMI) were measured at each visit. See Appendix

B.1 of the exposure variables.

2.6.2 Outcome variables

The outcome variable was WHO staged ailments and symptomatic conditions. It's
an ordinal variable. There were grouped in four categories which are WHO stage |

(showing no symptoms), mild disease (mild disease) WHO stage Il, (WHO stage IlI
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2.7. Data analysis procedures

(moderate disease) and WHO stage IV (severe diseases). See Appendix B.2 shows

ailments and symptomatic conditions staging.

2.7 Data analysis procedures

The data analysis conceptual framework is shown in Figure 2.6 from exploratory anal-

ysis to fitting the models.
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.
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Figure 2.2: Schematic presentation diagram of the analysis stages employed in this

study.



2.7. Data analysis procedures

2.7.1 Exploratory analysis of Adult Wellness data

The researcher first found the reasons for missingness and then performed an ex-
ploratory data analysis whereby the data was summarised appropriately either as cat-
egorical variable or continuous variable. Categorical variables were summarised as
counts (frequencies) and percentages of overall, between and within components of
the panel data. The overall part summarises results in terms of person-years observed
individuals had or did not have a condition of interest, between summarises the num-
ber of individuals that had or did not have a condition during follow up and within gives
us a fraction of time an individual spent with a particular condition. Continuous vari-
ables were as means and standard deviation. The researcher estimated the between,
within and overall standard deviations of the panel data and the global mean. The

within and overall are calculated over person-years of data.

2.7.2 Multi-state Markov models

For objective one the researcher fitted the multi state model assuming a Markov pro-
cess in a continuous time homogeneous approach. The researcher estimated the
number of transitions patients made between the defined WHO states, i to j, which

can be illustrated as:

N1 M2 M3 Nig
N21 Mo N2z Nog

Nng1 M3z N33 N34

Ng1 N4 M43 Naa

where n;; fori =1,2,3,4and j = 1,2, 3,4 is the ;' patient that have moved from state

i to state j.

Multiple state models

Multiple state models were outlined by Sverdrup and Waters in 1965 and 1984 respec-
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2.7. Data analysis procedures

tively, and others. In this section the researcher show a basic two state model, which
include birth and death known as the survival model [43]. This can be represented in

a diagram

alive WJ et 2 0) { Death

The chance that a living individual dies at any given age dependent on the transition

intensity which is given by p,.(t > 0)

Assumptions of Markov model

e The probabilities that an individual will die at any age is dependent on the state

it is currently in. This is called the Markov assumption.
® dtquit = Haro(dt)
e 1, for0<t<1isaconstant y

Modelling time to death

This section describes the simple time to death model because it is the basic model of
multistate models. The assumption of the model is that time to death can be modelled
as with a random variable T taking values in a range (0 , w) where w can be taken as
limiting age:

Let

F(t) = P[T < {] (2.1)

be the distribution of T, and define

S(t)=1— F(t) = P|T > ] (2.2)
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2.7. Data analysis procedures

to be the survivor function of T and define the force of mortality to be
1
Lt C%r:% dtP[t<T_ t+dt)T >t (2.3)

assuming that the limit exist.

Now define a set of random variables {Tx}xz

;U where T, is defined as the life time after

age x. Tp = T. The distribution and survival function of 7, denoted F,(¢) and S, (¢)
respectively and satisfy F,(t) = P[T' <z +t/T > z]and S,(t) = P[T >z +t|T > z]. It
can be shown that the force of mortality based on 7., given by

dt—0 dt

F,(t) can be represented as g, and S, (¢) \px. The force of mortality can be described

through the approximate relationship valid for small change in t (dt):
dtQx = [l dl (2.5)

a function g(t) is defined to be O(t) (little-oh-of-t) if: lim, .o @ = 0. This is true since

g(t) tends to zero faster than t. The researcher can show from the definition p,, that:
aix = fodt + g(dt) (2.6)
where g(t) is a certain function o(t) the researcher can write it as follows

adx = Hadt + o(dt) (2.7)
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2.7. Data analysis procedures

since the precision of g(t) is ignorable. The integrated hazard often arise in survival

analysis it is defined by:

t
A, = /0 11,ds (2.8)

The probability density function (pdf) of 7., denoted by f.(¢) is give in terms of the

force of mortality

£(t) = S Ro()
. Fo(t+dt) — F.(t)
= 4 dt
S(z +1) Fu(t+ dt) — Fu(t)

= TSy X% it

=t DxHa+t
Since F,(t) = 1 — py the researcher can write this as

0
e 2.1
o7 Px = Hast (2.10)

If the researcher integrate equation 2.10 with boundary condition (p, = 1 gives the

formula

t
pe=cap( = [ ) 2.11)

[43].

The two state model - probabilities

The researcher have specified the two state model in Figure 2.3 in terms of a transi-
tions, the researcher can show how to calculate it’s probabilities.

Let g« + (dt), be the survival probability, conditioned on the state occupied at age x

+ t [43]. By the Markov assumption, nothing can affect the chance of survival or death
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2.7. Data analysis procedures

after age = + ¢:

dut@t + (dt) =y p x P[ Alive at x + t + dt/Alive atx + {]
+igx x P[ Alive at  + t + dt/Dead atx + t]
=at Px Xat Pt X 0

=t Px(l - Mx+tdt)

Therefore
g _ hm x+tpx _tpx
attpx dt—0+ dt
. Dx
— - 1 x 2.12
Pxba+ + N (2.12)
= —tDxllz+t

In the Markov models, equation (2.12) is part of a family of Kolmogorov forward equa-
tions. Now consider observing N individuals during a given time, for example between
x and z + 1 and that the data are analysed retrospectively hence N is not a random
variable [43]. The researcher also does not assume that individuals are observed until
death and that all lives are independent [43].

Now assume type 1 censoring (defined in definitions section) fori=1,...,N let z + a; to
be the time an i*" individual begins to be observed, and let = + b; be the age at which
observation of the i*" individual stop given that he/she has survived to this age x + 7, is
the age of an individual or the age at which the observations end of the i** individual in
a study[43]. For this model to work the researcher need to know a; and b, in advance.

Now define

1 =if an i*" individual dies
Di —

0 = if an " individual’s death in not observed.

This indicates the occurrence of death and define a random variable 7, as follows:
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2.7. Data analysis procedures

x + T; = the age at which observation of the i life ends. Notice that D, and 7, are not

independent, since:

Di=0<=T, =b,D;=1<=q; <T, <b (2.13)

It is usual when analysing this type of data to use time spent under observation, so
define V; = T;—a; V; is called the waiting time. It contain a mixed probability distribution,
with a mass function at b, — a;.

The pair (D;,V;) consists of a statistic, which means that the observed outcome of
observation is a sample (d;, v;) sampled from the probability distribution f;(d;, v;), the

joint distribution of (D;, V;). It is usually given in terms of D; =0and D; =1

bl-—aiPX—i-ai (dZZO)
fildi, vi) =
ulPx + aipx + a; + v; (di =1)
exp(— [P e + a; + tdt) (d; =0)

= 69:p(—/0 Z fhe + a; + tdt) pd + a; + v; (2.14)

Now lets assume that constant ., does not vary u for 0<t<1 and f;(d;, v;) takes on

the simple form
fz(dz, Ui) == e‘w,udi (21 5)

The joint probability distribution function of (D;,V;) is given by (consider the indepen-

dent assumption): [43]
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=N
H el“)z di __ e“ vi+.. +UN)ludl+ +dN€NUMd

— 6,u,vlud

Define a random variable D to be all deaths and V to be the waiting in time and the

joint probability density function of D; and V; can be written in terms of D and V

Maximum Likelihood Estimator

The maximum likelihood estimator(MLE) for p is give by
L(p; d,v) = e"p (2.16)

which yield the MLE for p:

(2.17)

=
I
\

Since estimator /i is an estimator of d and v and the moments of 2.17 are given by

E[D; = pVi] =0 (2.18)

Var|D; — nVi] = E[D;] (2.19)

Note equation 2.19 can be expressed as E[D;] = u[V;]. Since a; and b; are then if

integrate (D;,V;) over all possible events to obtain

b;—a;
/ e;wiludvi + e#(br‘r@i) =1 (220)
0
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Note if the researcher differentiate equation 2.19 with respect to x equation 2.20 is
obtained differentiate again equation 2.21 is obtained. Now under type 1 censoring

equation 2.22 can be replaced with equation 2.23

/01 (/1 @HcieiMfC/E(Cz’/ei)dci) fE(el)del =0 (221)

€4

To find the distribution of /i
s (D —pV) = e §Nj D; — Vi (2.22)
N # N5 i AN '

It is sensible to assume that when N — oo then the frequencies of {a;} and {b;} con-
verges to a certain distribution.

Then note that

lim (fp—p) = lim —| = —— :
ngéo(u ) NgnwV(V N) (2.23)

Now considering the law of large numbers X — E[V;] by the central limit theorem and

in probability:

1 E(D)
N (D — uV) ~ Normal (0, e ) (2.24)
so asymptotically
fi ~ Normal | u; S (2.25)
E[V]

Simulated studies have shown that the asymptotic distribution provide reliable results

if E[D]>10

General Markov multi-state transition model
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The two state Markov model can be expressed in general to more arbitrary states.
Let g and h represents any two states [43]. If state g and h are recognised differently,
let uﬁt be transition of moving from g to h at age x+t:

Now let

In statetp] B P[In state h at age x +t
. N In state g at age x

Pl

] (2.26)

where there is no need for g and h to be distinct. if g = h, there is no need for an

individual to remain in state g. So for any state

In state g from age x to x+t
in state g to age x

W’ = P| ] (2.27)

Suppose returning to state g is impossible p%? =, p? ,now by the Markov property
for any two states g and h gp..dt = pf,dt + 0(dt)(t > 0) and the chance that a life
makes more than one transition at time dt is o(dt) [43]. If the researcher still consider
that the transition from g to h is impossible then the researcher can derive the forward

Kolmogorov equation

ot Pfh Z :U’x-‘,-t tpfh/i]aﬁt (2.28)
J#h
9 g9 99
8ttP = —¢P] Z ,ux—i-t (2.29)
J#h

solving equation 2.31 the following is obtained

gttpgg exp(/ Zuiﬂrsds> (2.30)

J#9

Now consider the three state model that include alive, ill and death.
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Oz

health

N
)

Ha Vg

Death

Figure 2.3: The diagrammatic presentation of the three state lliness-death Markov
model.

If the transition intensities are not varying, equation (2.31) shows that each length t in
the health state contributes a factor of e(#*t?)t or e~ (#+9)t respectively, to the maximum

likelihood, so it is enough to record time spent waiting in each state.

V; = Is time spent in the i** health state
W; = Is time spent in the '/ ill state
S; = Total number of individuals moving from health — ill by the " life
R; = Total number of transitions from ill — health by the " life
D, = Total number of transitions from health — death

Uth = Total number of transitions from ill — dead

and define totals V = > V; (and so on), it can be shown that the likelihood esti-

mators of our four parameters p, o,v, p when data is provided, is:

L(p,v,0,p) = elttove=tutow dyugg o (2.31)
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43]. This can be factorised into the form e*u¢, so the MLEs are: i = 2; 0 = U;
14 W

The asymptotic properties of these four estimators follows from equations (2.20) and
(2.21), and the fact that (D; — uV;) (U; — vW;), (S; — aV;,), (R — pV;) are uncorrelated
therefore E[(D; — uV;)(U; — vW;)] = 0 and also the estimators are not independent U;
and D; are both 0 or 1 but D;U; # 1 but there are asymptotically independent hence
they have an asymptotically multivariate Normal probability distribution.

This three state Markov model can be extended to more states without death as done

in this research report in section.

General Markov multi-state transition model (Application to our study)

The general Markov multi-state model is commonly used to describe disease progres-
sion over time in continuous time [44]. A widely used model is in matrix form named
the transition matrix. This represents a series of more advanced stages of the disease
and an ’absorbing’ state if it is available and this is usually death [45]. The patient
condition may get worse or recover from different stages of the disease or die at any
stage of the disease [45]. Observations of staging are made for patients that will be

followed over time [45].

More generally, Markov models of this nature can be fitted and allow the inclusion
of many states these may include periods of treatment, competing causes of death
or hospital stay [45]. The primary assumption for general Markov multi-state model
is that the future of the transition process depends only on the current state, and not
on the previous states [45]. This is the model used to track changes in ailments and
symptomatic conditions of HIV patients in Adult Wellness study. The diagram in Figure

2.4 shows the transition rates of patients from one state to the other.
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H12

WHO stage | i WHO stage |l

WHO stage Il WHO stage IV

43

Figure 2.4: The schematic of the proposed four state multi-state Markov model with
the corresponding transition intensities

where p;; fori =1,2,3,4 and j = 1,2, 3, 4 transition rates of moving from state ¢ to
state j, i # j. Using Figure 2.4, the likelihood of the transition process and find the
transition rates and transition probabilities. The likelihood of the process is given by

the following formulae:

) — ni2 ,—pi2t1, m13 ,—p13tt , nia ,—p14ts na1 ,—M21t2 , 23 ,—p23ta  Noa ,—H24t2
L(psj) = <M12 e Hi3°€ Hig€ X\ M1 € Ho3™€ Haog™ €

n31 ,—K31t3 , ,n32 ,—32t3 , N34 ,—134t3 n41 ,—pa1ta , naz ,—paots , a3 ,—Ha3ts
<M31 € H33™€ H3i € X\ g€ Haz™€ Hy3™€

(2.32)
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where y;; fori = 1,2,3,4 and j = 1,2, 3,4 is the ij'" rate of a patient i to state j and
t; and t,, t3, t4 are the time spent in state |, state Il, state Ill and state IV respectively.

applying natural logarithms the following is obtained

= ln(ugmeﬁulzh) + ln(u??e’“”’tl) + ln(uﬂ”@i‘u“‘tl) + ln(ugfle*“””)—i-
In(uhzde #2312) 4 In(phzte™24%2) 4 In(ug e %) 4 In(ugs?e 15213)+ (2.33)

In((53te ) + In((ft e~ #01) + In((igre 1) + In((gre %)

Now simplify 2.33

= nialn(piz) — oty + nagln(ps) — pasts + naaln(pna) — paats + norln(par) — poate+
Nagln(fiag) — posts + naaln(fios) — poats + narln(us) — psits + ngaln(pse) — peats+

ngaln(psa) — paats + narln(pgr) — parts + naoln(pae) — pasts + nasin(pus) — pasts
(2.34)

Differentiating equation 2.34 with respect to y;; and equating to zero for maximum for

each rate the following is obtained

_ OL(pij)  OL(pij)  OL(piz)
Api2 Opis Opaa
OL(pij)  _ OL(pij) OL(piz)
aL(,uij) _ a1 Opas Opoa
auij OL(pij)  OL(pij) . OL(pij)
Ops1 Op32 Opza
OL(pij)  OL(pij)  OL(pij) .
| Opar Opaz Opas J
_ niz2 __ niz __ nia
Hi12 1 K13 tl H14 tl
n2i1 __ _ n23 __ n24 __
— 21 t2 23 t2 H24 t2
n3i __ n3z2 __ _ n34 __
31 t?’ 132 t3 K34 t3
n41 _ n42 _ n43 __ _
| K41 b4 H42 ta Ha3 ta ]

now equating to zero for for maximum and making 1;; subject of formula i.e
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Rk Ve P | (2.35)

the following is obtained

Mij =

where u;; i = 1,2,3,4 and j = 1,2, 3,4 is the ij' is the rate of moving from state i to
state j for i # j.
Note the diagonal is empty because the patients that are in the same state will not be

considered to have moved.

The following matrix represents how transition probabilities will be represented from
R program. )
Pll P12 P13 P14
P21 P22 P23 P24
P31 P32 P33 P34

P41 P42 P43 P44

where P, fori =1,2,3,4and j = 1,2, 3,4 is the (ij)"" probability of moving from state i
to state j and ¢; are durations of staying in the same state. These probabilities can be
derived from Figure (2.4) using occupancy probabilities. They give the next probability
matrix of moving from one state to other (where i # j) or staying in the same state

(where i = j).
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e—(H12+p13+p14)ts % (1 — e—(u12+u13+ﬂ14)t1) K13 (1 — e—(u12+u13+u14)t1) 14 (1 — e—(u12+u13+u14)t1)

A
K23 (1 _ e*(u21+u23+;ﬂ24)t2) K23 (1 — e*(u21+u23+u24)t2)

sa1 (1 — e~ (21 +u23+u24)t2) e—(H21+p23+p24)ts s

K31 (1 — e~ (k31 +M32+#34)ts) a2 (1 — 6*(#31+#32+H34)t3) 1 — e~ (m31+u32+n34)t3 K34 (1 — e~ (B31 +M32+u34)t3)

1 (1 — e-(u41+#42+#43)i4) l‘% (1 — e—(#41+u42+#43)t4) /‘# (1 — e—(u41+#42+#43)t4) 1 — e~ (Ha1+paz+pa3)ts

where A = o + pt13 + a3 B = o1 + piog + o4 5 C = gy + p3o + pisa 5 D = pug + g + puas

2.7.3 Maximum likelihood random effects ordered logistic

regression

In pertaining to objective two and three fitted random effects ordered logistic regression
model to find factors associated with WHO stage ailments and symptomatic conditions.
A stepwise forward selection method was done for choosing covariates to include in
the final models fitted setting a liberal p-value at 0.1 [46]. Random effects ordered
regression models were compared using standard errors and confidence intervals. In

general random effects ordered logistic regression model is defined as;
Pr(yit > k’|]{f, Z’it,’Ui) = H(XU +v; — k’k) (236)

for i=1,...,n panels, t = 1,...,n; and v; are independent and identically distributed(iid)
N(0,0%), and k is a set of cutpoints ki, ks, ..., k,_1. K is the count of observed out-
comes; and H(.) is the logistic cumulative distribution function.

From equation 2.37 the researcher can find the probability of getting outcome (k) for

response y;; as

Pitk = Pr(yij = k, ’l{, xit,vi) = P?“(k‘k,1 < .I'ijﬁ “+ v; + €ij+ < kk) (237)
rearranging equation 2.39 the following is obtained
= PT’(kk,1 — injﬁ — U < €5 < ky — xijﬁ — Ui) (238)
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Now splitting the equation 2.39 after recognising that the contents of 2.41 is an in-

equality the following is obtained.
= H(ky — T3 — v;) — H(kp—1 — T — ;) (2.39)

Substituting into the probability distributions the solution is

1 1
14+ exp(—ky + x5 + v;) 14+ exp(—ki—1 + ;8 + v;)

(2.40)

where k& is considered to be —oco and K, is considered to be +oo. from 2.41.Now writ-
ing the model in terms of a latent linear outcome, where our ordinal outcome of WHO

stage ailments and symptomatic conditions y;; are derived from the latent responses,

such that

Y = i + v + € (2.41)
and

2 if k< y;‘j < ko

koif ki1 < y;‘j

The error terms ¢;; are distributed as a binary (logistic) distribution with mean 0 and

standard deviation % and are independent of v;. Given a set of random effects v;, the
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conditional distribution is given by

k
Fyi, ky w4 v;) = [ Pie (2.43)

k=1

for response y;;

Evaluating the product on the right side of equation 2.44 the following equation is

obtained
K
= exp > (Iu(yilog(pir))) (2.44)
k=1
where

Li(yij) =
0 otherwise

For panel i where i=1,...,M the conditional distribution of y; = (v, ..., yin,)" i
I f(yie, by wie B + ;)
t=1

and the panel-level likelihood is given by

+oo Vi 2/202 n;
LB k,00) = [ AL i g ) (2.45)
+o00
:/_ 9(WYits ks Tig, vi)dv; (2.46)

This integral equation can be estimated with M points Gauss Hermite quadrature

+oo M

/ e h(w)de ~ 3w h(ar) (2.47)

o m=1
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This is equivalent to

[ S 3 eanl(@ ), (2.48)

where the w}, represents the weights of the quadrature and «}, represents the ab-
scissas of the quadrature. The log-likelihood, L, is the summation of all the logs of the
longitudinal level likelihood L; The estimation for the log-likelihood is by mean-variance

adaptive Gauss-Hermite quadrature, which estimates the panel-level likelihood using
M

L; ~ V26 Z wierp{(ay,)*}g(Yir, k, Tit, \/5@'@; + /i) (2.49)
m=1

where /i (mean) and g; (standard deviation) are estimates for panel i [47, 48]. Iterations

are used to estimate these parameters. The researcher use the following equation to

do so
Lij = % V26, jwi,exp{(an)* Y9 (Wi, by 2io, V265 -1, + 1) (2.50)
m=1
Letting
Timj—1 = \/§Ui,}_1afn + fi -1 (2.51)
fij = f: (Ti,mg—l)\/ﬁai’;1w;e$p{(a;ll)42'}g(yit’ kamitaTi,m,jfl) (2.52)
m=1 2¥)
and

M

Oij = Z (ri,m,j —1)

=l g

9 \/ﬁaijflw:lexp{(a:ny}g(yita k, 2, Tz’)

— (fu4)? (2.53)

This is repeated until i; ; and &, ; converges and applied on every iteration. The log

likelihood can be calculated by a non adaptive Gauss-Hermite quadrature with the
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2
Ty

3 .
o5+

option, where p =

L =Y wilog{P(yi, .., Yin,

i=1

~ Y wilog
i=1

k,xin

..... wing )} (2.54)

1 ni 2 1/2
{ﬁ;lwmgf(yit’k’$itﬁ+am<w) }] (2.55)

These two quadrature formulas need the integrated function to be well estimated by a

polynomial of equal degree to quadrature points. Panel size has an effect on

g

Hf(yit,k,xitﬁ—i—vj) (256)

t=1

how it is approximated by a polynomial. As p and panel size increase, the quadra-
ture approximation can be less accurate. As p increases, the random effects ordered
logistic regression models can also become to small to be identified. Adaptive quadra-
ture give more accurate results for correlated data and large panels compared to non

adaptive quadrature [47, 48].

2.7.4 Rubin’s method of missing longitudinal data

Theoretical background of Rubin’s method

The first method which will be used in increasing completeness is Rubin’s Method
developed by Donald B Rubin in 1987 [27]. This method is a maximum likelihood
technique which means it estimates the parameters of a statistical model using given
data [29, 27]. The first stage of Rubin’s method is to impute missing data say m times.
These data will be drawn from a particular probability distribution, for example, nor-
mal distribution or binomial. Then the researcher estimate the parameters from these
datasets to get m sets of estimated parameters [49]. The final stage is to produce a
single set of estimated parameters by pooling (combining estimated parameters using
a certain scale) [15]. The strength of this method is that it is capable of modelling both

the outcome and covariates of data that is missing [40].
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Usually three to five imputations yield the same results [50, 51]. For example, if five

imputations are done to the dataset it can be shown in the following diagram:

Estimates 1
Imputed data 2 ———{ Estimates 2

Imputed data 1

Combined

Incomplete dataset Imputed data 3 Estimates 3

estimates

Imputed data 4 ——| Estimates 4
Imputed data 5 Estimates 5

Figure 2.5: Schematic presentation of the multiple imputation chained equations
(MICE) adopting Rubin’s method

Application of Rubin’s method in our study

The first imputation method used is called Rubin’s method or multiple imputations. It
has the following algorithm. With m = 5 imputations, computed 5 different sets of the
point and variance estimates for a parameter g. Then our point estimate for q obtained
from multiple imputations is the mean of the 5 complete data estimates [52, 53]. The

m ZZ

the variance-covariance estimate (VCE) of ¢, (total variance) is T = U + (1 + %)5

Where [ — 2izi(6=n)@=n) o 4he between-imputation variance-covariance matrix

m—1

[54, 55, 56].

The formula 2.58 for multiple imputations is not used on a single variable but rather
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as a regression model. This is where the variable which is being attributed is consid-
ered as an outcome, and others variables that are awaiting imputation are regarded
as independent variables. Then the researcher imputed the dependent variable using
formulae 2.58 [32, 57]. This process is called multiple imputations chained equations
(MICE) [58, 59, 60]. At each stage of the algorithm, an imputation was produced for
the missing variable, and then this imputed value was used to generate imputation of
the following variable [61]. This process was repeated using Gibbs sampling proce-
dure until the process reaches convergence [61]. Different chains are used to generate
multiple imputations from each variable [61].

For continuous variables, the researcher used linear regression model and other vari-
ables as predictors [61]. For categorical variables, logistic regression, ordinal or multi-

nomial was fitted using polytomous models [61].

2.7.5 Bayesian method for missing longitudinal data

The second method used in this study is called the Bayesian imputation method. This
method involves specifying probability distributions for all parameters as well as as-
signing statistical distributions for the missing data based on the observed [62]. These
distributions are called prior distributions. The missing data are then imputed from
these distributions [62]. The Bayesian method is perhaps more flexible (since it allows

us to specify priors) and robust for modelling data which are not complete [62].

Full Bayesian missing data model
The Bayesian missing data model used to fill in missing data was defined as follows:
Posterior[p(parameters/data)] = Likelihood x Priors. The prior distributions of param-

eters are normal i.e

L B-w220r (2.58)
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Where 1. and o are the mean and variance of the prior distribution respectively. 5 is a

vector of coefficients and the likelihood is the same as the one in section 2.74

1/2
L<Y|X7B> Zw%ZOQ{{\/—Z Hf yztasztﬁ'f'a (12pp> }] (259)

, hence our full Bayesian model is defined as follows:

Posterior[p(parameters/data)] =

9(B) x L(Y|X, 8,0%) = iwilog[{\}% zn: w;ﬁf(%t, k,zuf +ay, (12_pp> }] (2.60)

1
X
V2o

o(B=1)?/20”

[63, 64] This equation can not be solved analytically hence Metropolis hustling algo-

rithm was used to find the value of posterior parameters.

Bayesian random effects ordered logistic regression model

In the Bayesian model instead of imputing the dataset, assigned normal prior distribu-
tions to the random effects ordered logistic regression model covariates parameters in
section (2.8.11). Metropolis hustling algorithm was used to estimate the covariates. A
total of 7500 Markov multi-state Monte Carlo (MCMC) sample were done with a thining
of 7 to reduce autocorrelation between adjacent samples. To increase efficiency and
convergence used blocking with a default size of 50.

The normal distribution used for prior distribution is given by the following formulae

[65].

1
B; ~ N(p,0°%) = ———ele=1)?/27° (2.61)

2mo

were 4 is the variance of the normal distribution and o, is the variance of the normal

distribution, where 1 = 0 and o, = 10000.
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2.7.6 Simulation data models

For objective four the researcher performed a sensitivity analysis comparing Bayesian
and Rubin’s missing data methods on a simulated dataset. The simulated data con-
stitute 15000 observations and 999 unique individuals. The variables are as follows
d-is a continuous variable, W-is a binary variable and m is a multinomial variable and
the outcome is ordinal. The random effects ordered logistic regression model similar
to those fitted in the Adult Wellness data where fitted again using the simulated data.
The models were adjusted for continuous, nominal and binary variables as well. Two
different datasets were simulated with different level of missingness, one with 25%
of missing values and the other with 50% of missing values. Comparison of there

simulated data models estimates were done.

2.7.7 Goodness of fit techniques

For random effects ordered regression models (Adult Wellness data models) in using
Rubin’s method used the Wald test to check the significance of each variable and
on Bayesian approach used Bayesian information criterion to choose the best model

among nested ones [15, 66].

2.8 Ethical considerations

To protect the identities of HIV infected participants, the datasets used unique study
identifications instead of patient names. The dataset were stored in student’s personal
laptop which has a password to restrict access. Ethical approval was sought and was
granted by the University of Witwatersrand ethics committee. The clearance certifi-
cate M180335, approved on the 6th of April 2018, See attached copy of certificate in
Appendix F.1.
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Chapter 3

Results

Introduction

This chapter show results which are baseline characteristics and summaries of data
over time were presented. Results for the general Markov multi-state model as well as
those from the random effects ordinal logistic regression models adjusting for individual

random effects for raw data MLE, raw data BE and MI data MLE are presented.

3.1 Exploratory Analysis

3.1.1 Reasons for missingness

The loss to follow-up patterns in the study were relatively pronounced. The study re-
cruited a total of 2609 participants who were entering at different time points over the 8
year period. The maximum time patients were followed was 5 years. Of these recruits,
80.61% (n=2103) completed one year, 57% (n=1507) completed two years, 39.13%
(n=1021) completed three years, 22.27% (n=581) completed four years and 6.32%
(n=165) completed five years with reference to the total number recuited in the study.
A total of 662 participants were lost to follow up (LTFU), these accounted for 25.37% of

the total study participants recruited. Majority of the patients who became LTFU could
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3.1. Exploratory Analysis

not be traced. Of the recruited 2609, 1414 (54.2%) were missing. Missing data was
observed as a result of the LTFU participants and those who were missing the sched-
uled visits which were set in the study. The other reasons for missing documented

were dropped-out, opted out and withdrawals.

3.1.2 Baseline characteristics

The descriptive baseline characteristics of the participants are shown in table 3.1. The
overall mean age of HIV patients in the study was 33.5 (C.l 29.1-39.5) whilst the mean
age by gender was 36.81 (C.l 35.5-43.6) and 32.4 (C.l1 28.1-38.3) for male and female
respectively. Majority of the patients were drinking 8 and above bottles of alcohol per
week (73.7%) of which most of them were females. Majority of the participants in the
study had not used condom with any of their last four sexual partners (60.1%, n=1372),
had between 4-6 sexual partners (94.8%, n=2166), did not know HIV status of their
partners (58.6%, n=255) and had attained school grade 0-12 (77.9%) . The majority
of HIV patients in the study were non-smokers (78.5%, n=1140), unemployed (95.6%)
aged above 25 years (93.4%) and single (69.1%).
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Table 3.1: Descriptive baseline demographic characteristics of HIV infected patients in
the Adult Wellness study, 2002-2010

Variable

Male(n = 517, 22.6) Female(n = 1767, 77.4) overall(2284)

mean age (C.l) in years

Alcohol Drinks/week
None

1107

>=8

Condom

No

Yes

Sexual Partners
1to3

4106

>=7

HIV partner status
No

Yes

Unknown
Education level
None

Grade 0 — 12
Tertiary
Smoking status
No

Yes

Patient receiving salary

No

Yes

Self employed

No

Yes

Sex age Category
<16

16—20

20-25

>25

Marital Status
Single
Livingtogether/Maried
Divorced

Widowed

36.81(32.5-43.6)

1(0.2)
250(48.4)
266(51.5)

300(58)
217(42)

5(1.0)
505(97.7)
7(1.3)

31(50.8)
6(9.8)
24(39.3)

39(13.3)
227(77.2)
28(9.5)

189(37.7)
312(62.3)

267(71.8)
105(28.2)

341(93.9)
22(6.1)

4(0.8)
14(2.7)
3(0.6)
496(95.9)

279(53.9)
189(36.6)
25(4.8)
24(4.6)

32.4(28.1-38.3)

2(0.1)
348(19.7%)
1,417(83%)

1072(60.7)
695(39.3)

47(2.7)
1661(94)
59(3.3)

96(25.7)
47(12.6)
231(61.7)

87(9.0)
756(78.0)
126(13)

1512(87.2)
222(12.8)

873(80.8)
208(19.2)

1020(96.2)
40(3.8)

11(0.6)
102(5.8)
16(0.9)
1638(92.7)

1298(73.5)
293(16.5)
72(4.1)
104(5.9)

33.5(29.1-39.5)

3(0.1)
598(26.2)
1683(73.7)

1372(60.1)
912(39.9)

52(2.3)
2166(94.8)
66(2.9)

127(29.2)
53(12.2)
255(58.6)

126(9.9)
983(77.9)
154(12.2)

1701(76.1)
534(23.9)

1140(78.5)
313(21.5)

1361(95.6)
62(4.4)

15(0.7)
116(5.1)
19(0.8)
2134(93.4)

1577(69.1)
482(21.1)
97(4.3)
128(5.6)
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Table 3.2 shows the baseline clinical characteristics of the patients. Generally, one
third of the patients had at least one ailment and symptomatic condition. Few were on
ART (n=744, 38.55%) at baseline and taking CXT treatment (46.6%). Majority of the
patients were in good clinical state with CD4 cell count of above 500 cell/uL of blood.
The proportion with sexually transmitted infections was 21.1% (n=390) and more than

half of the patients were obese.

Table 3.2: Descriptive baseline clinical characteristics of HIV infected patients in the
Adult Wellness study, 2002-2010
Variable Male(n = 517, 22.6) Female(n = 1767, 77.4) overall(n = 2284)

Number of Ailments and
symptomatic conditions

0 341(65.9) 1142(64.6) 1483(64.9)
1 79(15.3) 306(17.3) 385(16.9

2 50(9.7) 170(9.62) 220(9.6)
>=3 47(9.1) 149(8.4) 196(8.6)
Patient on ART

No 241(55.1) 945 1186(61.5)
Yes 197(44.9) 547 744(38.55)
Patient on cotrimoxazole

No 179(40.6) 861(57.2) 1040(53.4)
Yes 262(59.4) 645(42.8) 907(46.6)
CD4 category

<=200 3(0.6) 8(0.5) 11(0.5)
201 to 350 2(0.4) 17(1) 19(0.8)
351 to 500 3(0.6) 14(0.8) 17(0.7)
>500 509(98.4) 1728(97.8) 2237(98)
Blood pressure systolic

Normal 8(1.6) 17(1) 25(1.1)
High 509(98.4) 1750(99) 2259(98.1)
Blood pressure diastolic

Low 300(58) 1056(59.8) 1356(59.4)
Normal 16(3.1) 44(2.4) 60(2.6)
High 201(38.9) 667(37.8) 868(38)
Sexual transmitted infections

No 338(80.1) 1119(78.5) 1457(78.9)
Yes 84(19.9) 306(21.5) 390(21.1)
Body Mass Index

Underweight 187(36.2) 450(25.5) 637(27.9)
Healthy weight 69(13.4) 305(17.3) 374(16.4)
Overweight 13(2.5) 51(2.9) 64(2.8)
Obese 248(47.9) 961(54.4) 1209(52.9)
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3.1.3 Time varying patient characteristics

The person-years, estimated using the age showed that the between (which is the
average age a person was observed in years during follow-up) ranges from 18.79 to
61.63 years with a standard deviation of 7.8 years. The within number ranges from
12.20 to 61.3 years. The overall part in the table summarises results in terms of
person-years. Between repeats the results but this time in terms of patients and within
gives us a fraction a patient that had a specific condition of the variable of interest.
During follow-up, 2044 (80.7%) patients spent more time (7207 person-years) without
using condoms and 2571 patients spent 11288 person-years with 4 to 6 sexual part-
ners. A total of 389 patients (96.9%) never new the status of their sexual partners, 233
patients ((59.9%) who had attained high school level accounted for 4573 person-years
of follow-up. The majority of patients were non-smokers (n= 2044,(80.7%) and ac-
counted for 8221 person years of follow-up. Only 557(26.6%) had salaries accounted
for 285 person-years of follow-up. The majority of patients who had sex debut of after
25 years accounted for 11063 person-years of follow-up while 2225(85.3%) patients

who were not married accounted for 8967 follow-up years.
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Table 3.3: The number of times a certain demographic characteristic occurred during
the follow up period amongst HIV infected patients in the Adult Wellness study
N(Total) Overall Between Within
Person-years(Percentage) Person-years(Percentage) Fraction of the time

Estimated Age

mean(SD) 12102 36.5(8.2) 36.5(7.8) 36.5(2.8)
Min-Max 16.0- 62.0 18.8-61.6 12.2-61.3
Alcohol Drinks/week

None 12102 17(0.1) 14(0.5) 20.6
1t07 2911(24.1) 838(32.1) 79.2
>=8 9174(78.8) 2109(80.8) 92.1
Condom

No 12102 7207(59.6) 2044(78.3) 75
Yes 4895(4) 1660(63.6) 64.9
Sexual Partners

1-3 12102 405(3.4) 209(8) 43.1
4-6 11288(93.3) 2571(98.5) 94.5
>=7 409(3.38) 222(8.51) 39.7
Partner status

No 3377 959(28.4) 202(31.1) 96.3
Yes 449(13.3) 85(13.1) 92.2
Unknown 1969(58.3) 389(59.9) 96.9
Education level

None 5671 590(10.4) 226(12.2) 78.1
Grade 0-12 4573(80.6) 1505(81.5) 96.8
Tertiary 508(9) 233(12.6) 91.6
Smoking

No 10649  8221(77.2) 2044(80.7) 94.6
Yes 2428(22.8) 705(27.8) 85.1
Patient receiving salary

No 6071 4715(77.7) 1724(82.3) 94.7
Yes 1356(22.3) 557(26.6) 83.6
Self employed

No 5910 5625(95.2) 2004(97.1 98.8
Yes 285(4.8) 104(5.0) 82.1
Sex age Category

<16 12102 157(1.3) 82(3.1) 43.6
16-20 707(5.8) 362(13.9) 42.7
20-25 175(1.5) 96(3.7) 36.8
>25 11063(91.4) 2564(98.3) 92.9
Marital Status

Single 12102  8967(74.1) 2225(85.3) 85.1
Livingtogether/Maried 1990(16.4) 783(30) 60.5
Divorced 502(4.2) 171(6.6) 62.7
Widowed 643(5.3) 235(9) 57.5

Table 3.4 displays the number of times a certain ailments and symptomatic conditions
occurred during the follow-up period amongst HIV infected patients in the Adult Well-
ness study. Non-development of ailments or symptomatic conditions was observed
2559 times (98.1%) of the total visits made. These patients accounted for 10526
person-years of follow-up. Patients not receiving ART treatment were observed 1953
times accounting for 6203 person-years of follow-up in the study while patients not tak-

ing cotrimoxazole contributed 1795 person-years and were observed in 76.4% of total
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times. Patients with CD4 count greater than 500 were observed for 2568(98.4%) times
and accounted for 11717 person-years. Patients who had never had sexually transmit-
ted infections were observed 2317 times and accounted for 7595 person-years whilst
patients who were obese were observed 2413 (79.1%) times and accounted for 8784

person-years of follow-up.

Table 3.4: The number of times a certain ailments and symptomatic conditions oc-
curred during the follow up period amongst HIV infected patients in the Adult Wellness
study

Variable N(Total) Overall Between Within
Freq(Percentage) Freq(Percentage) Percentage

Number of ailments and
symptomatic conditions

0 12102 10526(88.9) 2559(98.1) 87.93
1 806(6.7) 651(24.9) 27.96
2 449(3.7) 414(15.9) 24.82
>=3 321(2.6) 307(11.8) 24.13
Patient on ART

No 10182 6203(60.9) 1953(79.1) 80.7
Yes 3979(39.1) 1250(50.6) 71.5
Patient on cotrimoxazole

No 10666 5853(54.9) 1795(71.9) 76.4
Yes 4813(45.1) 1557(62.4) 72.2
CD4 category

<=200 12102 74(0.6) 37(1.4) 36.6
201 to 350 181(1.5) 66(2.5) 45.7
351 to 500 130(1.1) 46(1.8) 50
>500 11717(96.8) 2568(98.4) 99
Blood pressure systolic

Low 12102 16(0.2) 5(0.2) 36.4
Normal 116(0.9) 70(2.7) 33.9
High 11970(98.9) 2602(99.8) 99.3
Blood pressure diastolic

Low 12102 7407(61.2) 2146(82.3) 74.69
Normal 261(2.2) 132(5.1) 42.61
High 4434(36.6) 1583(60.7) 60.01
STI

No 9627 7595(78.9) 2317(91.0) 84.7
Yes 2032(21.1) 1111(43.6) 52.5
Body Mass Index

Underweight 12102 1951(16.1) 934(35.8) 44.7
Healthy weight 1165(9.6) 663(25.4) 35.9
Overweight 202(1.7) 137(5.3) 33.6
Obese 8784(72.6) 2413(92.5) 79.1
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3.2 General Markov multi-state model of Adult

Wellness data

Table 3.5 shows the number of the observed transitions between the defined WHO
states from state i (row) to state j (column), where i = j shows the transitions of staying
in the same state. Generally patients were becoming worse in this cohorts as evident
by the bigger number of transitions made in the forward direction, that is, (454 + 356+
116=926) compared to backward (recovery) transitions made (401+ 254+70=716) dur-
ing the follow-up period. There were more transitions observed for staying in the same
state over time, that is staying in WHO stage 1 a total of 230 transitions were ob-
served. Similarly for the other states, WHO Il (n=1021), WHO Ill (n=3124) and WHO
IV (n=281).

Table 3.5: Frequency of the observed transitions between the four defined WHO

staged ailments and symptomatic conditions among the HIV patients in Adult Well-
ness study.

To
From WHOI WHOIl WHOIII WHOIV
WHOI 2390 454 511 54

WHO Il 401 1021 356 28
WHO Il 382 245 3124 116
WHO IV 29 24 70 281

3.2.1 Transition rates

The results for the transition intensities are presented in table 3.6. Patients in WHO
stage Il were 1.33 times (0.66329/0.49619) more likely to recover than getting worse
whilst patients in WHO stage Il were 2.26 times (0.16118/0.07124) more likely to
transition to state Il than getting worse. Patients in WHO stage |V were 3.51 times
(0.42440/0.12095) more likely to recover to WHO stage Ill than getting to WHO stage
[l directly.
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Table 3.6: Estimates of the transition intensities and their 95% confidence intervals for
the General multi-state Markov Model

Transitions Rates(95%C.I)

WHO | — WHO | -0.66488(-0.71195,-0.62092)
WHO | — WHO I 0.35696 ( 0.32067, 0.39735)
WHO I — WHO Il 0.28352 ( 0.25454, 0.31580)
WHO | — WHO IV 0.02440 ( 0.01653, 0.03604)
WHO Il - WHO | 0.66329 ( 0.59209, 0.74304)
WHO Il - WHO I -1.19150(-1.28825,-1.10201)
WHO Il — WHO Il 0.49619 ( 0.43888, 0.56099)
WHO Il - WHO IV 0.03202 ( 0.01892, 0.05419)
WHO Ill - WHO | 0.21416 ( 0.19018, 0.24117)
WHO Ill -+ WHO I 0.16118 ( 0.13898, 0.18692)
WHO Il - WHO Il -0.44658(-0.48180,-0.41393)
WHO Illl - WHO IV 0.07124 ( 0.05860, 0.08661)
WHO IV — WHO | 0.15675 ( 0.10040, 0.24472)
WHO IV — WHO II 0.12095 ( 0.07046, 0.20761)
WHO IV — WHO Il 0.42440 ( 0.32961, 0.54646)
WHO IV — WHO IV -0.70210(-0.83827,-0.58805)

3.2.2 Transition probabilities

The estimated transition probabilities between the four WHO states at the end of eight
year period are presented in table 3.7. The researcher found that the probability of
staying in the same state were higher than either making a forward or backward transi-
tion for any of the states, that is WHO stage | (0.59), WHO stage Il (0.37), WHO stage
[ll (0.70) and WHO stage IV (0.51). At the end of the 8 year period, patients in WHO
stage | had a 22% chance of moving to WHO stage Il whist patients in WHO stage Il
had a 37% chance of moving to WHO stage Il. The probability of moving from WHO
stage Il to WHO stage | was 16% at the end of 8 years while patients in WHO stage

IV had a 27% chance of making a reversal transition to WHO stage IIl.
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models

Table 3.7: The estimated transition probabilities between the four WHO states at the
end of eight years of HIV infected patients

To
From WHO | WHO II WHO Il WHO IV

WHO 1 0.5924047 0.16513873 0.2200398 0.02241678
WHO Il 0.3120109 0.37141245 0.2898056 0.02677106
WHO Il 0.1607609 0.099038 0.6955664 0.04463473
WHO IV 0.1319091 0.08263893 0.2783528 0.50709915

3.3 Random effects ordered logistic regression

models

The comparative results between the different models of the random effects adjusting
for the individual heterogeneity using the MLE and BE are presented in table 3.8 for
both raw data and imputed data from the Adult Wellness study. The three fitted models

gave varying patterns of the variable estimates.

The complete case analysis model (raw data MLE) showed that the variable number
of ailments and symptomatic conditions, health facility site, ART and CXT statuses,
level of education, smoking status and having a salary were significantly associated
with developing ailments and symptomatic conditions. Patients who experience only
one ailment and symptomatic condition were 2.14 times (OR 2.14; 95%Cl: 1.35-3.37)
more likely to advance in WHO staging compared to those who never had an ailment
or symptomatic condition. Patients enrolled at Tintswalo Hospitals (reference: PHRU
Hospital), receiving ART (reference: not on ART) ,CTX (reference: not on CTX) drugs
and smokers (reference: non-smokers) had an INCREASED RISK of advancing in
WHO stages, (OR 4.22; (95%Cl: 2.70-6.62), (OR 1.58; (95%CI: 1.19-2.10), (OR 2.07;
(95%Cl: 1.56-2.74) and (OR 1.78; (95%Cl: 1.05-3.05) respectively. HIV patients who
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had attained tertiary education (reference: no education) and having a salaried job
(reference: Patient receiving salary) had a protective effect of advancing in WHO stag-

ing, (OR 0.43; (95%CI: 0.19-0.99) and (OR 0.52; (95%CI: 0.33-0.82) respectively.

The multiple imputed model (Ml MLE) detected that the significant risk factors were
number of ailments and symptomatic conditions, health facility site, ART and CXT sta-
tuses. Patients who experience only one, two and three or more ailments and symp-
tomatic conditions were more likely to advance in WHO staging compared to those
who never had an ailment or symptomatic condition, (OR 1.78; (95%CI: 1.48-2.13),
(OR 1.98; (95%CI: 1.58-2.48) and (OR 2.36; (95%CI: 1.78-3.11) respectively. Patients
enrolled at Tintswalo Hospitals (reference: PHRU Hospital), receiving ART (reference:
not on ART) ,CTX (reference: not on CTX) drugs had an increased risk of advancing
in WHO stages, (OR 1.84; (95%Cl: 1.59-2.15), (OR 1.23; (95%Cl: 1.09-1.38) and (OR
1.54; (95%CI: 1.32-1.81) respectively.

The Bayesian estimation complete case analysis model (raw data BE) indicated that
the variable number of ailments and symptomatic conditions, gender, health facil-
ity site, ART and CXT statuses, level of education, smoking status and having a
salary were significantly associated with developing ailments and symptomatic con-
ditions. Patients who experience only one ailment and symptomatic condition were
2.21 times (OR 2.21; 95%Cl: 1.36-3.43) more likely to advance in WHO staging com-
pared to those who never had an ailment or symptomatic condition. Patients enrolled
at Tintswalo Hospitals (reference: PHRU Hospital), receiving ART (reference: not on
ART) ,CTX (reference: not on CTX) drugs and smokers (reference: non-smokers) had
an increased risk of advancing in WHO stages, (OR 4.46; (95%ClI: 2.78-6.60), (OR
1.61; (95%Cl: 1.21-2.10), (OR 2.08; (95%Cl: 1.55-2.73) and (OR 1.88; (95%Cl: 1.07-
3.04) respectively. HIV patients who had a attained tertiary education (reference: no

education), females (reference: males) and having a salaried job (reference: no salary)
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had a protective effect of advancing in WHO staging, (OR 0.48; (95%ClI: 0.20-0.97),
(OR 0.61; (95%CI: 0.37-0.95) and (OR 0.53; (95%CI: 0.32-0.82)respectively.

Table 3.8: The three random effects ordered logistic regression models for raw data
with maximum likelihood, maximum likelihood on multiple imputed data, and raw data
with Bayesian estimation

Complete case MI MLE model Raw data BE Model

Odds Ratio (95% Conf.l) Odds Ratio (95% Contf.l) Odds Ratio (95% Contf.l)

Number of ailments and
symptomatic conditions

0 (base) (base) (base)

1 2.1359 (1.3531,3.3717) 1.777 (1.4832,2.1290) 2.2064 (1.3573,3.430)
2 1.5545 (0.9486,2.5472) 1.9801 (1.5795,2.4825) 1.6113 (0.9406,2.5444)
>=3 1.6592 (0.8641,3.1859) 2.3554 (1.7814,3.1143) 1.7446 (0.8535,3.201)
Gender

Male (base) (base) (base)

Female 0.6004 (0.3566,1.0108) 0.9749 (0.8114,1.171)  0.6100 (0.3679,0.9545)
Study site

PHRU (base) (base) (base)

Tintswalo 4.2285 (2.7024,6.6162) 1.844 (1.5854,2.1455) 4.4576 (2.7821,6.601)
Patient on ART

No (base) (base) (base)

Yes 1.5828 (1.1948,2.0969) 1.2252 (1.0884,1.3793) 1.6096 (1.2055,2.0952)
Patient on Cotrimoxazole

No (base) (base) (base)

Yes 2.067 (1.5619,2.7355) 1.543753 (1.3186,1.8074) 2.0758 (1.5507,2.7270)
Education level

None (base) (base) (base)

Grade 0 - 12 1.296 (0.7152,2.3481) 0.9847 (0.7938,1.2215) 1.416577 (0.7340,2.2592)
Tertiary 0.4317 (0.1875,0.9938) 0.8371 (0.5965,1.1747) 0.483 (0.2006,0.9697)
Smoking status

No (base) (base) (base)

Yes 1.7847 (1.0458,3.0456) 1.1374 (0.9326,1.3881) 1.8802 (1.0663,3.0378)
Patient receiving a salary

No (base) (base) (base)

Yes 0.5165 (0.3261,0.8180) 0.8908 (0.6937,1.1439) 0.5303 (0.3194,0.8207)

Bold entries represent significant values

3.4 Simulated data results

The sensitivity analysis using simulated data are shown in table 3.9. Comparing model
estimates in the 25% missing data models, the parameter estimates from M| data and
BE are very similar and slightly smaller than those from the complete case analysis.

However, the Ml model had smaller standard errors hence narrower confidence inter-
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vals compared to the BE. When the level of missing data was increased to 50%, the
MI MLE model and BE followed a similar patterns but with increased standard errors

hence larger confidence intervals.

Table 3.9: The three random effects ordered logistic regression models for simulated
data with maximum likelihood, maximum likelihood on multiple imputed simulated data,
and simulated data with Bayesian estimation.

Variables True Parameters MI MLE models Raw data BE Models

y Odds Ratio Odds Ratio Std. Err.[Con.Inter] Odds Ratio Std. Dev[95%Cred.Inter]
Models with about 25 percent missingness

d 1.0014 1.0018 0.0046(0.9927,1.0109) 0.9958 0.0058(0.9848,1.0070)

w

0 1.0000 1.0000 (base) (base)

1 0.9531 0.9553 0.0335(0.8901,1.0254) 0.9507 0.0428(0.8692,1.0373)

m

1 1.0000 1.0000 (base) (base)

2 1.0057 0.9668 0.0434(0.8848,1.0565) 0.9308 0.0564(0.8264,1.0468)

3 0.9938 0.9577 0.0444(0.8735,1.0499) 0.9876 0.0627(0.8687,1.1155)

4 1.0082 0.9742 0.0504(0.8766,1.0826) 0.9884 0.0622(0.8717,1.1149)

Models with about 50 percent missingness

d 1.0014 1.0072 0.0060(0.9946,1.0201) 1.0312 0.0127(1.0065, 1.0570)
w

0 1.0000 1.0000 (base) (base)

1 0.9531 0.9807 0.0418(0.8951,1.0745) 0.9830 0.0831(0.8310, 1.1566)
m

1 1.0000 1.0000 (base) (base)

2 1.0057 0.9967 0.0701(0.8506,1.1678) 1.1010 0.1320(0.8644, 1.3839)
3 0.9938 1.0699 0.0618(0.9471,1.2086) 1.1349 0.1375(0.8897,1.4372)
4 1.0082 1.0130 0.0556(0.9039,1.1353) 1.0972 0.1357(0.8552, 1.3882)

The table shows missingness in the simulated dataset

3.5 Model diagnostics

After running the displayed model results in table 3.8, post estimation test were con-
ducted for each model to assess model validity and fitness so as to get a parsimonious
model. For the raw data MLE model, maximum likelihood ratio test was used to com-
pare MLE raw data model with random effects and without random effects. A p-value
of <0.001, which showed that the model with random effects was better. The random
effects variance was 9.52 (95%ClI: 7.841- 11.56) with standard error of 0.94. From this

reported likelihood, it suggested that there was enough variability between patients
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3.5. Model diagnostics

to favour a random effect ordered logistic model versus a standard ordered logistic
model. In addition, the quadrature approximation was assessed for after running the
random effects model since a good random effects model fit depends on a combina-
tion of the quality of the quadrature approximation and the goodness of the data. The
fitted quadrature approximation coefficients (Appendix E) which did not change by a

relative difference of 0.01%, hence the reported findings can be confidently reported.

The Bayesian model gave an acceptance rate of 36.1% which is greater than 10%
which shows no problem in convergence of the model. The average efficiency of the
model was 9.9% which is greater than 1% hence the mixing of the model was good.
Trace plots, autocorrelation plots, histogram plots and density plots are shown in Ap-
pendix D.1 for all the three Bayesian models fitted. The trace plots rapidly traverse
which was a good sign of mixing of the model while the autocorrelation dies off rapidly
with few lags. The histogram plots were approximately normally distributed and the

first and second half curves were roughly superimposed on the main curve.

Overally the the multiple imputation model and the Bayesian model provided a good fit
to the data. This is evident by the assumptions of our models that were not violated.
The main assumption of the quadrature on the random effects ordinal logistic regres-
sion model was not violated as well as the convergence of all the models were good.
The multiple imputation model was used as our final model for interpretation because

of it's superior smaller confidence intervals.
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Chapter 4

Discussion and Conclusion

Introduction

This chapter discusses the results from our analysis by comparing them with other
studies, for some of the key results. The researcher also address the strength and

limitations of the study.

4.1 Discussions

The aim of this study was to determine the possible risk factors associated with devel-
oping severe ailments and symptomatic condition and determine the transitions of of
these ailments and symptomatic conditions among HIV patients enrolled in the Adult
Wellness study between 2002 to 2010. From the MI MLE model used the researcher
found significant association of advancing in WHO staging with number of ailments
and symptomatic conditions experienced during the follow up period, the health facil-

ity a patient was enrolled at, whether a patient is taking ART treatment and CTX drugs.

The risk factors identified in this study are not different to other studies conducted

earlier [67]. The studies observed that the more the person experienced the HIV re-
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lated opportunistic infections, the more likely they were to progress to advanced WHO
stages. This is supported by the fact that, once a person is HIV infected, they are

vulnerable to catch any infections since they would be immunocompromised.

This study identified that, patients enrolled at Tinswalo Hospital had an increased risk
of developing more severe ailments and symptomatic conditions. This could be ex-
plained by the fact that the catchment area for Tinswalo is mainly rural, hence patients
may present late at the hospital , challenges with hospital accessibility linked to trans-
port costs and poor adherence to treatment [68]. Patients enrolled at PHRU through
Baragwanath Hospital being in urban and at a big health facility were more likely to
received better health care and resources were readily available with much more mod-

ern patient care equipment [69].

There was an increased risk of developing ailments and symptomatic conditions amongst
patients who were receiving ART and CTX drugs. This was surprising since one would
expect a person on ART or CTX to become better and not show any symptoms of dete-
rioration. The study finding contrast what was reported in a study by Daria Podlekareva
et al which detected a protective effect of ART combination therapy in relation to hospi-
tal admissions. The current study findings could be explained by adherence. Patients
who have poor adherence to ART treatment are likelier to become worse than recover.
Poor adherence is linked to ART drug toxicity which has medical side effect like stavu-

dine (D4T) which was eventually banned [70].

This study could not detect any significant association between developing severe
ailments and symptomatic conditions and gender, however being a female was pro-
tective. This finding can be explained by the fact that women usually seek treatment
for every ailment compared to men who typically seek health care when their health

condition has much deteriorated [71, 72].

57



4 1. Discussions

The backward transitions (recovery) were much more likely than the forward transi-
tions (getting worse). This is also evident by a relatively high probability of staying in
the same state compared to those of moving from one state to another and also by
the transitions rates that are small. This could be explained by medical attentions the
patients could be getting after admissions into the study at Tinswalo and PHRU hence
their health state remained under monitoring or improvement in adherence once they

have suffered an ailment.

This study two three different types of modelling approaches. First, a complete case
model (raw data MLE) was fitted to estimate the possible risk factors of developing
ailments and symptoms. This model utilised only those observations which have com-
plete information and exclude all missing observations. As a result, the precision of
the estimates was compromised due to a reduced sample size of observation. The
estimates produced had wide confidence interval which is an issue in inferential statis-
tics and can overestimate the association as evident in this study. If such an approach
is conducted, invalid conclusions and incorrect decisions are made which have impli-

cations to patient survival [31].

In order to correct this problem of missing data, a Ml MLE model was fitted. This
model had increased power due to an increase in the observation used in the mod-
elling. The estimates from this model were found to be precise since the confidence
interval were much narrower than those from the case limited model. The model with
MI produced fewer significant covariates that is (number of ailments and symtomatic
conditions, study site, patient on ART, Patients on cotrimoxazole) and produced rela-
tively lower odds ratios. This means if one had used a complete case analysis model,
some risk factors would have been detected of which they would not be correct for this

setting. Also, there would have been either overestimation or underestimation of the
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association existing.

According to this research in modelling, one can either choose to use MLE and BE
techniques. MLE technique is mainly data driven, that is, it estimates directly from
the data available. As a result, this method is sensitive to sample size. If the sample
size is small, statistical inference can be compromised due to large standard errors as

evident in this study’s findings (table 3.8).

A sensitivity analysis performed using simulated data showed that BE and MI models
showed similar estimates of the predictor variables for the 25% and 50% level of miss-
ingness. However, Bayesian models gave results that had larger standard errors and
wider confidence intervals compared to Ml model. This can be explained by the fact
that BE model used complete case analysis hence estimation was based on 50% of
the data whilst Ml used the complete data which is 100%. Basing on this, the addition
of prior information does not necessarily undo the evidence from the complete dataset.

This is similar to what is reported in the literature [7, 16].

4.2 Study strengths and limitations

This study’s main strength was to model the possible risk factors of developing severe
ailments and symptomatic condition adjusting for other confounding factors using mul-
tiple variable regression on baseline characteristics. However, the researcher did not
use time varying covariates and this may have some implications on the findings. The
modelling approach used was robust in a way that is accounted for individual hetero-
geneity. This is important in HIV studies since the HIV progression varies by individual
genetics and behavior [73]. This kind of approach gives more precise estimates com-

pared to models with no randon effect. This is similar to what was found in a study by
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Musenge at al [74] when they found better estimates after using a model with spatial
household random effect compared to the standard model. The multiple imputation
method used produced better results compared to complete case models. This was
done to account for missingness which was observed to be an issue in this study.
Lastly, a sensitivity analysis was done on the three models fitted by use of simulated

data. This showed similar pattern of results from the Adult Wellness data.

4.3 Conclusion

When analysing data from longitudinal observation studies, it is important to explore
the data by performing various types of disposable modelling approaches to see which
one estimates better. Ml model gave better precise estimates with narrower confidence
intervals hence it should be used compared to BE model. Patients with ailments and
symptomatic conditions can move from one state to the other at different rates and

probability.
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Appendix B

Variables used in the study

B.1 Exposure and Outcome variables

Exposure variables

Table B.1: A list of the selected exposure variables from the Adult Wellness study

Number of ailments and symptomatic conditions — These are are combined counts of these
conditions a patient is diagnosed with during follow-up

Patient on ART — This is an indicator variable which shows if a patient is on ART or not

Patient on cotrimoxazole — This is an indicator variable which shows if a patient is on
cotrimoxazole or not

BPSys — Is the pressure in your blood vessels when your heart beats.

Blood pressure diastolic — Is the pressure in your blood vessels when your heart rests between beats.

Sexually transmitted infections — This is a binary variable which shows whether a patient have been treated for STI’s in the
year before your first visit or since last study visit

CD4 count — This is a measure of how many CD4 cells a patient had in their blood

Estimated age in years — This is a continuous variable which shows the age of a patient at each visit

Education level — This is the education a patient has attained by the time he/she make a visit

Smoking status — This is a binary variable which shows whether a patient have ever smoked, either in the
past or now?

Patient receiving salary — This is a binary variable which shows whether a patient is on salary or not

Marital status — This is a nominal random variable which indicates whether a patient is single , married, divorced or widowed
or not

self employed This is an indicator variable which shows whether a patient is self employed or not

Sex Age — Age at which a patient first had sex

Alcohol — This is a binary variable which shows whether a patient have ever taken alcohol or not.

Height — This is a variable which gives the height of a patient without shoes

Weight — Weight of a patient at each visit

condom — This is a a binary variable which indicates whether a patient has used condom with
any of his/her last four sexual partners

sex partners — This is a count variable which gives the number of sexual partners an HIV patient had in his/her life.
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B.1. Exposure and Outcome variables

Table B.2: Ailments and asymptotic conditions outcomes that were grouped and used

for analysis in this study

\ Ailments and symptomatic conditions

| WHO Stage | | |
Persistent Generalized
| No Symptoms
Lymphadenopathy
I | Skin Rash, Patches Or Plaques | Prurigo (Chronic ltchy Skin) |
| | Herpes Zoster within last 5 years | |
Recurrent upper respiratory Weight Loss <10% Body Weight
tract infections
m | Weight Loss >10% Body Weight | Unexplained Fever >1 month |
e Bedridden <50% Of Day
Oral Candidiasis Most Days In Previous Month
| | Pulmonary TB Within The Past Year | |
| | Vulvo-Vaginal Candidiasis >1 month | Oral Hairy Leucoplakia |
Pneumonia Or Other Serious
Diarrhea >1 month
Bacterial Infection
v | Extra pulmonary TB | Esophageal Candida

\ Pneumocystis Pneumonia

| Kaposi's Sarcoma

Herpes Simplex >1 month

(Skin/mouth/nose/eye)

HIV Wasting Syndrome

Bedridden >50 % Of
Day In Previous Month

Cryptococcosis extra pulmonary

HIV Encelopathy /Dementia

Cryptosporidiosis with
diarrhea >1 month

Atypical mycobacteriosis
(non tuberculosis)

Non - typhoid Salmonella

septicaemia

Progressive multifocal leucoencephalopathy

Cytomegalovirus other
than liver/lymphnode

| | Toxoplasmosis of the brain

| Lymphoma

| | Any disseminated endemic mycosis
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Appendix C

Missingness in the simulated data

C.1 Missing data frequencies and percentages in
simulated data(with 25 % missingness in each vari-

able)

Table C.1: The missingness patterns of each covariate used for analysis from the
simulated data(with 25 % missingness in each variable).

with 25 percent missing in each variable

Variable Obs Missings NonMiss Freq.Missings Freq.NonMiss

w 15000 3712 24.75 11288 75.25
m 15000 3798 25.32 11202 74.68
d 15000 3740 24.93 11260 75.07
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C.2. Missing data frequencies and percentages in
simulated data(with 50 percent missingness in each variable)

Variable Obs Missings Feq.Missings NonMiss Feq.NonMiss
ARVTreatment 2720 453 16.65 2267 83.35
CPTTreat 2720 360 13.24 2360 86.76
edulev 2720 1457 53.57 1263 46.43
Smoked 2720 233 8.566 2487 91.43
salaried 2720 1249 45.92 1471 54.08
Mstatus 2720 990 36.4 1730 63.6
selfemployed 2720 1279 47.02 1441 52.98
SexAge 2720 2494 91.69 226 8.309
Alcohol 2720 237 8.713 2483 91.29
Height 2720 1181 43.42 1539 56.58
Weight 2720 687 25.26 2033 74.74
condom 2720 0 0 2720 100
sexpartyear 2720 2052 75.44 668 24.56
BPSys 2720 1000 36.76 1720 63.24
BPDia 2720 1000 36.76 1720 63.24
STlyn 2720 506 18.6 2214 81.4
CD4 2720 2627 96.58 93 3.419

C.2 Missing data frequencies and percentages in
simulated data(with 50 percent missingness in each

variable)

Table C.2: The missingness patterns of each covariate used for analysis from the
simulated data(with 50 percent missingness in each variable).

50 percent missing in each variable

Variable Obs Missings Freq.Missings NonMiss Freq.NonMiss

w 15000 7513 50.09 7487 49.91
m 15000 7611 50.74 7389 49.26
d 15000 7481 49.87 7519 50.13

C.3 Missing data frequencies and percentages in base-

line characteristics
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D.1. Bayesian convergence plots for Adult Wellness data

Appendix D

Diagnostic plots

D.1 Bayesian convergence plots for Adult Wellness data
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D.1.

Bayesian convergence plots for Adult Wellness data
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D.2. Bayesian convergence plots for simulated data (25 percent
missingness in each variable)

D.2 Bayesian convergence plots for simulated data (25

percent missingness in each variable)
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D.3. Bayesian convergence plots for simulated data (50 percent

missingness in each variable)

D.3 Bayesian convergence plots for simulated data (50

percent missingness in each variable)
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Appendix E

Quadrature for random effects models

Model with raw dat

8 quadrature points

16 quadrature points

Coef (95% Contf.l) Coef (95% Cont.l) Coef (95% Cont.l)
Number of Ailments and
symptomatic conditions
0 (base) (base) (base)
1 0.7589  (0.3024,1.2154) 0.7574 (0.3011,1.2138) 0.7587 (0.3022,1.2153)
2 0.4411  (-0.0528,0.9350) 0.4399 (-0.0538,0.9337) 0.441 (-0.0530,0.9349)
>=3 0.5064 (-0.1460,1.5873) 0.5044 (-0.1481,1.1569) 0.5061 (-0.1463,1.185)
Gender
Male (base) (base) (base)
Female -0.5102 (-1.0312,0.0107) -0.5089 (-1.0309,0.0130) -0.5099 (-1.0301,0.0103)
Study site
PHRU (base) (base) (base)
Tintswalo 1.4418 (0.9942,1.8895) 1.4319 (0.9849,1.8790) 1.4418 (0.9944,1.8893)
Patient on ART
No (base) (base) (base)
Yes 0.4592  (0.1779,0.7404) 0.4573 (0.1759,0.7387) 0.4591 (0.1779,0.7403)
Patient on Cotrimoxazole
No (base) (base) (base)
Yes 0.7261  (0.4459,1.0063) 0.723 (0.4426,1.0034) 0.7256 (0.4455,1.0057)
Education level
None (base) (base) (base)
Grade 0 - 12 0.2593  (-0.3351,0.8536) 0.258 (-0.33660.8525)  0.2594 (-0.3350,0.8538)
Tertiary -0.84 (-1.6738,-0.0062) -0.83 (-1.6702,0.0101) -0.8369 (-1.6695,-0.0043)
Smoking status
No (base) (base) (base)
Yes 0.57923 (0.0448,1.1137) 0.5768 (0.0414,1.11203) 0.5794 (0.0458,1.1131)
Patient receiving salary
No (base) (base) (base)
Yes -0.6607 (-1.1206,-0.009) -0.6586 (-1.1215,-0.1958) -0.66 (-1.1193,-0.2009)
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F.1.

Ethics clearance certificate

Appendix F

Ethics clearance
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Appendix G

Codes used in data analysis

G.1 R codes for Markov multi-state model

setwd("C:/Users/amen/Desktop/MSc Project for manipulations TO ETHICS/Adult Well-
ness Study") # Importing data from CSV

# The easiest way to install the msm package on a computer connected to the
Internet is to run the R
# loading all necessary packages

# install.packages("msm")

# install.packages("forecast")

(

(

# install.packages("markovchain")
# install.packages("dplyr")
# install.packages("tidyverse")
# install.packages("XLConnect") library(msm)

library(forecast)

library(markovchain)

library(dplyr)

# Transion rates Q <- rbind( ¢(0.25, 0.25, 0.5, 0.25), ¢(0.25, 0.25,

0.166, 0.25),¢(0.25, 0.25, 0.25, 0.25), ¢(0.25 , 0.25,
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G.1. R codes for Markov multi-state model

0.5, 0.25))

# destring site
# View(adultwellness$site1)
adultwellness$site2[adultwellness$site1=="PHRU"] <- 0

adultwellness$site2[adultwellness$site1=="Tintswalo"] <- 1

Q.crude <- crudeinits.msm(whostates cumulativetime, studyid, data=adultwellness,
gmatrix=Q)

summary(Q.crude)

adultwellness.msm <- msm( whostates cumulativetime, subject=studyid, data =
adultwellness, gmatrix = Q,method = "BFGS", control = list(fnscale = 4000, maxit =
10000))

summary(adultwellness.msm)
# summarising WHO stage data of individuals (the number of times an individuals
moved from one state to the other)

statetable.msm(whostates, studyid, data = adultwellness)

# modell for transitions

adultwellness.msm1 <- msm( whostates cumulativetime, subject=studyid, data
adultwellness, gmatrix = Q,method = "BFGS", control = list(fnscale = 4000, maxit

10000))

adultwellness.msm1

# Transition probability matrices

pmatrix.msm(adultwellness.msm)
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G.2. Stata codes for Adult Wellness data

# projection(if the patients where followed for 2002 to 2010 as was proposed in the
study)

pmatrix.msm(adultwellness.msm, t= 8)

G.2 Stata codes for Adult Wellness data

use medelsdata, clear

*****Variables selection stepwise, pr(.1) lockterm1: ologit whostates (clinicaltotal
Gender site1) ARVTreatment CPTTreat edulev Smoked EstAge1 salaried MaritalSta-
tus , or

***overal model for both sites

xtset studyid VVDDate

***Multilevel fixed effects ordered logistic regression
xtologit whostates i.clinicaltotal i.Gender i.site1 i.ARVTreatment i.CPTTreat i.edulev
i.Smoked i.salaried
quadchk
xtologit whostates i.clinicaltotal i.Gender i.site1 i.ARVTreatment i.CPTTreat i.edulev

i.Smoked i.salaried , or

khkkkkkhkkkhkkkhkhkkhkhkhkkhkhkkhhkkhhkhkhhkhkkhkhkkhhkkhhkkhhkhkhkkhkkhhkkhkkkkkk

*kkk

using variables the researcher selected from above fit a bayesian model

bayes, or saving(/*bayesimputeddata*/) mcmcsize(7500) burnin(2500) thinning(7) rseed(1976444)
block(whostates: i.clinicaltotal) block(whostates: i.Gender ) block(whostates: i.site1)
block(whostates: i.ARVTreatment) block(whostates: i.CPTTreat) block(whostates: i.edulev)

block(whostates: i.Smoked) block(whostates: i.salaried) blocksummary: meologit whostates
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G.3. Stata Codes for simulated data

i.clinicaltotal i.Gender i.site1 i.ARVTreatment i.CPTTreat i.edulev i.Smoked i.salaried ||
studyid: bayesgraph diagnostics all

bayesstats ess

KRR R R R SRR R R M g dataset
mi set mlong

mi register imputed Gender ARV Treatment CPTTreat edulev Smoked salaried

mi impute chained (logit) Smoked CPTTreat ARVTreatment Gender salaried (ologit)
edulev , add(5) rseed(1976444)

eerrsaving imputed dataset
*save imputeddatasetTNTPHRU, replace
use imputeddatasetTNTPHRU,clear

***running imputed regression model for 5 imputations
mi xtset studyid VVDDate
mi estimate, or cmdok: xtologit whostates i.clinicaltotal i.Gender i.site1 i.ARVTreatment

i.CPTTreat i.edulev i.Smoked i.salaried

G.3 Stata Codes for simulated data

set obs 15000
gen studyid=int(1+(1000-1)*runiform())
sort studyid

gen y=int(1+(5-1)*runiform())

gen w=int(1+(3-1)*runiform())
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G.3. Stata Codes for simulated data

replace w = 0 if w == 1

replace w =1 if w ==

/*Create body mass index*/
gen d=float(18+(30-18)*runiform())
gen m=int(1+(5-1)*runiform())

simulated models complete case

xtset studyid

save completedatasimu

use completedatasimu, clear

***Multilevel fixed effects ordered logistic regression with complete data
xtologity d i.w i.m, or
KRR KRR KKK RRREEERRRRRR KR KRR RO R RS eeeeessss ganarating values | will use
to create missing data
gen v=int(1+(5-1)*runiform())
gen f=int(1+(5-1)*runiform())

gen r=int(1+(5-1)*runiform())

*label drop all
*****generating missing values
replace w =. if v ==
replace m =. if f == 1

replace d =. if r ==

save missingdatasimu
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G.3. Stata Codes for simulated data

use missingdatasimu?25, clear

tabmisswmd

***Multilevel fixed effects ordered logistic regression with missing data
KRRRERRRRRRRRR RO R RRRRRRR R R KRR S 0o eing variables the researcher selected from
above a bayesian model bayes, or saving(bayesimputeddatasetsimulated) mcmcsize(7500)
burnin(2500) thinning(7) rseed(19764442) block(y: i.w) block(y: i.m) block(y: d)blocksummary:
meologit y i.w i.m d || studyid: bayesgraph diagnostics all
***imputing dataset mi set mlong mi register imputed w m d

mi impute chained (regress) d (logit) w (mlogit) m, add(5) rseed(19764442)

rerrsaving imputed dataset save simulatimputeddataset, replace

use simulatimputeddataset,clear

***running imputed regression model for 5 imputations
mi xtset studyid
mi estimate, or cmdok: xtologit y i.w i.m d, or
KRR AR KRR AR KRR KRR E RO RR KRR KRR RRRRER RO R SRR R KRR % Craating dataset
with a missingness of about 50 percent use completedatasimu, clear
gen v=int(1+(3-1)*runiform())
gen f=int(1+(3-1)*runiform())

gen r=int(1+(3-1)*runiform())

*label drop all
*kkkk

generating missing values

replace w =. if v ==
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G.3. Stata Codes for simulated data

replace m =. if f == 2

replace d =. if r ==

*save missingdatasimu50
use missingdatasimu50, clear

tabmisswmd

bayes, or saving(bayesimputeddatasetsimulated1)
mcmcsize(7000) burnin(2500) thinning(7) rseed(19764442)
block(y: d) block(y: i.w) block(y: i.m) blocksummary:

meologit y d i.w i.m || studyid: bayesgraph diagnostics all

kkkkkkkkkkhkkkkkkhkkkkhkkkhkkkkhkkkkkkkkkkkhkkkkhkkkkkkkkkkkkkk *kk*k; H
imputing dataset

mi set mlong

mi register imputed w m d

mi impute chained (regress) d (logit) w (mlogit) m, add(5) rseed(19764442)

eerrsaving imputed dataset
*save simulatimputeddataset, replace
use simulatimputeddataset,clear

***running imputed regression model for 5 imputations
mi xtset studyid

mi estimate, or cmdok: xtologity d i.w i.m, or
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