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Since the discovery of AIDS among the gay men in 1981 in the United States of America,

it has become a major world pandemic with over 40 million individuals infected world

wide. According to the Joint United Nations Programme against HIV|AIDS epidermic

updates in 2012, 28.3 million individuals are living with HIV world wide, 23.5 million

among them coming from sub-saharan Africa and 4.8 million individuals residing in

Asia. The report showed that approximately 1.7 million individuals have died from

AIDS related deaths, 34 million ±50%know their HIV status, a total of 2.5 million

individuals are newly infected, 14.8 million individuals are eligible for HIV treatment

and only 8 million are on HIV treatment (Joint United Nations Programme on HIV

|AIDS and health sector progress towards universal access: progress report, 2011).

Numerous studies have been carried out to understand the pathogenesis and the dynam-

ics of this deadly disease (AIDS) but, still its pathogenesis is poorly understood. More

understanding of the disease is still needed so as to reduce the rate of its acquisition.

Researchers have come up with statistical and mathematical models which help in un-

derstanding and predicting the progression of the disease better so as to find ways in

which its acquisition can be prevented and controlled.

Previous studies on HIV|AIDS have shown that, inter-individual variability plays an

important role in susceptibility to HIV-1 infection, its transmission, progression and

even response to antiviral therapy. Certain immuno-genetic factors (human leukocyte

antigen (HLA), Interleukin-10 (IL-10) and single nucleotide polymorphisms (SNPs))

have been associated with the variability among individuals.

In this dissertation we are going to reaffirm previous studies through statistical mod-

elling and analysis that have shown that, immuno-genetic factors could play a role in

susceptibility, transmission, progression and even response to antiviral therapy. This

will be done using the Sinikithemba study data from the HIV Pathogenesis Programme

(HPP) at Nelson Mandela Medical school, University of Kwazulu-Natal consisting of

451 HIV positive and treatment naive individuals to model how the HIV Bio-markers

(viral load and CD4 count) are associated with the immuno-genetic factors using linear

mixed models.

We finalize the dissertation by dealing with drop-out which is a pervasive problem in

longitudinal studies, regardless of how well they are designed and executed. We demon-

strate the application and performance of multiple imputation (MI) in handling drop-out

using a longitudinal count data from the Sinikithemba study with log viral load as the

response. Our aim is to investigate the influence of drop-out on the evolution of HIV

Bio-markers in a model including selected genetic factors as covariates, assuming the

missing mechanism is missing at random (MAR). We later compare the results obtained

from the MI method to those obtained from the incomplete dataset. From the results,

we can clearly see that there is much difference in the findings obtained from the two
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analysis. Therefore, there is need to account for drop-out since it can lead to biased

results if not accounted for.
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Chapter 1

Introduction

This chapter gives a summary of HIV|AIDS, its discovery, how it’s acquired, when and

how it was discovered. It then illustrates some previous studies that have shown that

AIDS is associated with the immuno-genetic factors. Then, discussing briefly about

the immuno-genetic factors and the HIV Bio-markers, stating the problem and finally

outlining the objectives for the study.

1.1 Background

Acquired Immune deficiency Syndrome (AIDS) was first reported in the United States of

America in 1981 among the gay men. Since then it has become a major world pandemic

with over 40 million individuals infected (Fauci et al., 2003). According to the Joint

United Nations Programme against HIV|AIDS epidermic updates in 2012, 28.3 million

individuals are living with HIV world wide, 23.5 million among them coming from sub-

saharan Africa and 4.8 million residing in Asia. Approximately 1.7 million individuals

have died from AIDS related deaths, 34 million ±50% know their HIV status, a total

of 2.5 million individuals are newly infected, 14.8 million individuals are eligible for

HIV treatment and only 8 million are on HIV treatment. The good news was that the

number of new HIV infections globally in 2011 reduced by 700, 000 more compared to

2001 showing that Africa had cut AIDS related deaths by one third in the past six years

(Joint United Nations Programme on HIV |AIDS and health sector progress towards

universal access: progress report, 2011).

Previous studies on HIV|AIDS have shown that inter-individual variability plays an

important role in susceptibility to HIV-1 infection, its transmission, progression and

response to antiviral therapy. This is as a result of a number of factors such as: host

1
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susceptibility, genetics and immune function among others. Even though those individu-

als who get exposed to the virus develops full blown AIDS at a certain instance, different

individuals develop AIDS at different intervals and this has in part been associated with

difference in genetic make-up among individuals (Chatterjee, 2010; Kaur and Mehra,

2009).

According to the Center for Disease Control and Prevention (CDC), genes do influence

susceptibility to HIV infection and progression to AIDS. Previous studies have also

shown that, the proportion of individuals with two copies (homozygous) of Chemokine

receptor (CCR5 − 432) are rare and seem to have a strong protection against HIV

infection while those with a copy (heterozygous) with the CCR5 − 432 allele shows

delay in progression (Kaur and Mehra, 2009; Silva and Stumpf, 2004). Certain human

leukocyte antigens (HLA) genotypes have also been associated with HIV progression

i.e. HLA − B35, HLA − A ∗ 2301, HLA − A2 | 6802 are associated with fast disease

progression while HLA−B44, HLA−DRB∗01 are associated with resistance to HIV-1

infection (Trachtenberg and Erlich, 2001).

Generally the human genome sequence in most cases is identical between any two indi-

viduals and variations in it contribute to the phenotypic differences including suscepti-

bility to or protection against diseases (i.e. AIDS). The general mammalian mutation

rate is low about (2 × 10−9) on average per base pair per year and the majority of

inter-individual genetic variability is inherited (Kumar and Subramanian, 2002; Wolfe

et al., 1989). There are several types of variations in the human genome, ranging from

a single base pair to thousands of base-pairs in size: single nucleotide polymorphisms

(SNPs), repeat polymorphisms (minisatelites and microsatellites) and small insertions

or deletions are some of the forms of variations ( polymorphisms) in the human genome.

Polymorphisms occurs when two or more clearly different phenotypes exists in the same

population of species. Phenotype is the observable characteristics of an organism. Previ-

ous studies conducted by Weber and May (1989); Litt and Luty (1989) showed that these

variations can be used as genetic markers in the search for genetic factors underlying

human diseases. A genetic marker is a gene or deoxyribonucleic acid (DNA) sequence

with a known location on a chromosome that can be used to identify individuals or

species.

Based on the difference in genetic make-up among individuals, a proportion of individ-

uals do develop resistance to infection hence referred to as long term progressors (elite

controllers) while others progress to full blown AIDS very fast thus, referred to us fast

progressors. The fast progressors are those individuals who rapidly progress to AIDS

within four years after primary HIV-1 infection if they fail to take medication. Their

progression not only depends on their genetic make-up but also is influenced by the

HIV-subtype they are infected with. Those individuals exposed to HIV-1 subtypes C,D
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and G are 8 times more likely to develop AIDS than those exposed to subtype A (Kanki

et al., 1999).

Despite the numerous studies and technologies developed to study the disease, its patho-

genesis is still poorly understood. More research to understand the factors that influence

its progression is still required in order to better inform prevention, control and treat-

ment strategies against the virus. Viral load and CD4 counts are still the commonly

used HIV Bio-markers to monitor its progression and status in human beings. A better

understanding of the genetic make-up of an individual is also important as it plays a

crucial role in susceptibility to HIV|AIDS. The alarming increase in statistics for those

who are living with HIV have accelerated much research into the pathology of HIV|AIDS

so as to reduce its spread and eventually eradicate it.

1.2 Human Immuno-deficiency Virus (HIV)

Human immuno-deficiency virus (HIV) is the virus that causes this deadly disease

(AIDS). HIV is one of the virus known as retroviruses. It attacks the most vulnera-

ble part of the human body, the immune system (Al-Jabri, 2007). After getting into

the body, the virus kills or damages cells of the body’s immune system destroying the

body’s ability to fight infections thus making the body of an infected individual to be

easily attacked by other opportunistic infections. The virus is passed on from one per-

son to the next via bodily fluids i.e. semen, vaginal fluid and blood. This can occur

during sexual contact (anal, vaginal or oral ), exposure to infected body fluids or tissues,

from mother to child during delivery or breast feeding; known as vertical transmission

(Al-Jabri, 2007). An individual who contacts the virus (HIV) may live for many years

before developing AIDS depending on her|his genetic make-up.

AIDS is not a specific illness, but a collection of different symptoms or conditions that

manifest in the human body due to the weakened immune system after the virus has

destroyed so much of the body’s defences that immune cell counts fall to critical levels of

an infected person. What makes this virus (HIV) difficult to understand is, its replication

that is highly error prone resulting into a mutation rate of approximately (3 × 10−5)

per base per replication cycle. This results into a tremendous degree of HIV genetic

variability within a single human host. Implying that, each HIV infected individual

carries an entire population of viruses with each viral particle potentially comprised of

different genetic material (Foulkes, 2009).
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1.3 HIV Bio-markers

A Bio-marker is a substance, physiological characteristic or a gene that indicates, or

may indicate the presence of a disease, a physiological abnormality or a psychological

condition. The commonly used Bio-markers in predicting the progression of HIV to a

state of the HIV disease (AIDS) are cluster of differentiation 4 (CD4) count and viral

load.

1.3.1 Cluster of Differentiation 4 (CD4)

Discovered in 1970, originally known as leu 3 and T4 before referred to as CD4 in

1984. It’s a glycoprotein found on the surface of immune cells such us T helper cells,

monocytes, macrophages and dendrite cells. At times referred to us T helper cells since

they send signals to other immune cells. They send the signal to CD8 cells which in turn

destroy and kills the infection or virus. It is a co-receptor that assist T cells receptor

(TCR) to activate its T cell following an interaction with an antigen presenting cell.

Using its part that reside inside the T cell, CD4 amplifies the signal generated by the

TCR by recruiting an enzyme known as the tyosine kinase (lck) which is essential for

activating many molecules involved in the signalling cascade of an activated T cell. Its

measured in cells per mm3 and when depleted in the body, the body is left vulnerable

to a wide range of infections. For a healthy HIV negative individual, the CD4 count

should lie between (600 − 1200) and if the CD4 count lies between (350 − 600) for a

healthy HIV positive individual then it’s considered very good. The immune system is

termed weakened whenever the CD4 count lies between 200 − 350 and an individual is

referred to as having AIDS if the CD4 count is below 200 (Walker, 2004; Reddy et al.,

2011).

1.3.2 Viral Load

Viral load refers to the actual number of virus in the blood which is counted by carrying

out a blood test i.e. polymerase chain reaction (PCR) expressed in copies per ml and in

certain circumstances can be used to observe an individual’s response to antiretroviral

treatment. The viral load and the CD4 count of an individual are indirectly related.

The higher the viral load the lower the CD4 count (this is because the virus destroys the

CD4 counts) and the lower the viral load the higher the CD4 count (this is because when

the number of virus particles in the body is low then, the body is given an opportunity

to generate and maintain more CD4 counts). As indicators of the immune system

strength for an HIV infected person, high CD4 count and low viral load count implies a

strong immune system and vice-versa. However it should be noted that the correlation



Introduction 5

between the two markers is mediated by other factors in body immune system and also

depends at what stage of the disease we are referring to. These stages include the acute,

asymptomatic, symptomatic and AIDS stages.

1.4 Immuno-Genetic Factors

Immuno-genetic factors are components of the genetic make-up of an individual that

cause variability among individuals and can be used as disease markers in some instances.

In this section, we describe some of the examples of the immuno-genetic factors: human

leukocyte antigen (HLA), interleukin-10 (IL-10) and single nucleotide polymorphisms

(SNPs).

1.4.1 Human Leukocyte Antigen (HLA)

Major histocompatibility complex (MHC) is a cell surface molecule encoded by a large

gene family in all vertebrates. In humans it is also called the human leukocyte antigen

(HLA). HLA’s are just but a class of proteins on the surface membrane of cells which

can be sub-divided into three categories namely: class I (A, B, C), class II (DP, DM,

DOA, DOB, DQ and DR) and class III. The super locus contains a large number of

genes found on chromosome 6. They encode cell surface antigen presenting proteins and

has many other functions.

The roles played by different HLA’s includes: (1) class I present peptides from inside

the cell (including viral peptides if present). These peptides are produced from digested

proteins that are broken down in the proteasomes, (2) class II present antigens from

outside of the cell to T-lymphocytes and (3) class III HLA’s encode components of the

complement system. Other roles includes: disease defence, they are also the major cause

of organ transplant rejections and also may protect against or fail to protect against

cancer (Levsky and Singer, 2003).

Mutations in HLA’s at times are associated with certain diseases such as Type I diabetes

and coelic disease. The possibility of two unrelated individuals to poses identical HLA’s

molecules on all loci is very low and this is the main reason behind diversity of HLA’s

in the human population which also do promote the aspect of disease defence in HLA’s

(Brennan and Kendrick, 2006). Loci (singular locus) is the specific location of a gene or

DNA sequence on a chromosome.
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1.4.2 Interleukin-10 (IL-10)

Interleukin-10 were discovered in 1970, they are a subset of a larger group of cellu-

lar messenger cells called cytokines which modulate cellular behaviour. They are not

stored within cells like other cytokines but secreted rapidly and briefly in response to a

stimulus. Interleukin-10 (IL-10) is an important immuno-regulatory cytokine in humans

(Asadullah et al., 2001). It does play a role in regulation of inflammatory responses

and in the pathology of human auto immune disease. It suppress the T-cell immune

responses which are the defence mechanisms that fight against foreign substances. It

also inhibits major histocompatibility complex class I expression and plays an important

role in the development of infectious diseases (Asadullah et al., 2001).

1.4.3 Single Nucleotide Polymorphisms (SNPs)

This is a DNA sequence variation occurring when a single nucleotide (A, T, C or G )

in the genome differs between members of a biological species. In the human genome

they occur in average once per 300 base pair, but their density do vary upto ten fold

between different regions of the genome (Carlson et al., 2004). Though they are greater

in number, different populations in the world have specific SNPs which clearly indicates

the evolutionary history of human populations (Meier and Robinson, 2005). Due to

their bi-allelic nature they are less informative compared to microsatellites in that their

heterozygosity is limited to 50% (Ziegler et al., 2010). Therefore, to achieve high level

of heterozygosity multiple SNPs are assembled together as haplotypes.

SNPs make-up about 90% of all human genetic variations in the human genome making

them the most common markers for gene mapping because they are: (1) Abundant,

(2) Have low mutation rate of ≈ 10−8 per generation, thus very stable. (3) Some are

located in the genes, so they can be viewed as candidate variants for diseases. (4)

Their automated detection. They arise as a result of misincorporation of nucleotides

during replication or chemical and physical mutagenesis which can give rise to base

substitutions in a DNA sequence. In principle, SNPs could be bi, tri- or tetra-allelic

variations but tri- and tetra-allelic SNPs are very rare (Brookes, 1999). Most are di-

allelic in nature and occur whenever one base is substituted for another. They are

short in length and as a result of that they can be amplified using PCR (polymerise

chain reaction) or ARMS (amplification refractory mutation system) and separated using

gel electrophoresis or using time of flight (TOF) (Ziegler et al., 2010). In humans all

combinations of substitution polymorphisms are observed with A|G substitution SNPs

(including reverse complete T|C ) being the most prevalent (Wang and Moult, 2001).
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1.5 Literature Review on Immuno-Genetic Factors in Re-

lation to HIV Bio-markers

As per the World Health Organisation progress report 2012, HIV|AIDS is still a major

challenge facing the world. Previous studies have shown that there is an increasing evi-

dence that the human leukocyte antigen (HLA) molecules do influence the rate of HIV-1

progression after infection (Martin et al., 2007). There are numerous polymorphisms of

HLA molecules and as a result of this, the response to specific immuno-dominant HIV-1

epitodes among individuals differ depending on a person’s HLA background (genetic

make-up) (Borghans et al., 2007). The frequency of HLA molecules in the human pop-

ulation have also been associated with the rate of HIV-1 progression (Borghans et al.,

2007). Individuals with rare HLA molecules have a high probability of being heterozy-

gous at the HLA loci, thereby expected to induce an immune response against a larger

diversity of peptides than those who are homozygous at the HLA loci. Heterozygous in-

dividuals are associated with slow progression of HIV-1 whereas homozygous individuals

are associated with fast progression of HIV-1 (Gao et al., 2001; Carrington and O’Brien,

2003).

According to studies done by Gillespie et al. (2002) and Klein et al. (1998), HLA-B*57

molecules have been found to have immune control over HIV-1 and slow progression of

HIV-1 to AIDS. HLA-B*58 and HLA-B*63 also posses binding motifs that are similar to

HLA-B*57 therefore are also associated with good immune control of HIV-1 (Carrington

and O’Brien, 2003; Frahm et al., 2005). Therefore, HLA-B*58, HLA-B*63, HLA-B*57

and HLA-B*27 are associated with slow progression of HIV-1 (Borghans et al., 2007).

According to Barker et al. (1998) they found out that some individuals (< 5%) remain

healthy after contracting HIV even without starting treatment as the anti-retroviral

(ARVs) as a result of there genetic make-up. There findings showed that, those individ-

uals who remain healthy their status are usually not influenced by either socio-economic

or behavioural characteristics but is associated with the major histocompatibillity com-

plex (MHC) alleles. They showed that CD4 counts among the slow progressors was low

(p <0.0001) compared to the fast progressors.

Studies from the Chinese population reported in Huang et al. (2009) also showed that,

individuals who have HLA-B*5801, HLA-A*3303|haplotypes and are heterozygous for

BW4-BW6 were more likely to be resistant to HIV progression to AIDS. HLA-B*14

(p=0.001) was associated with non-progression while HLA-B*27, HLA-B*57 and HLA-

B*35 were associated with slow progression accordance to studies carried out by Roger

(1998) which reaffirmed that HLA-A*23, HLA-A*24, HLA-A*26, HLA-B*21 and HLA-

B*38 were associated with fast disease progression while HLA-B*17, HLA-B*27, HLA-

B*51 and HLA-B*57 were associated with slow disease progression.
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Looking at the previous studies on Interleukin-10, IL-10(-592) and IL-10(-1082) have

shown some relationship with the susceptibility and pathogenesis of HIV-1 which varies

depending on the infection phase (Naicker et al., 2009). The findings from Naicker et al.

(2009) were reaffirmed by studies carried out using the European Americans genetic

data which showed that, IL-10(-592) is associated with increased susceptibility to HIV-1

infection and progression to AIDS at a very high rate in the late stages of the disease.

Studies done by Naicker et al. (2009) showed that individuals who were homozygous

IL-10(-592) for the AA genotype have a higher chance of being infected with HIV-1.

According to studies done by Shin et al. (2000), they showed that those individuals with

IL-10(-592) A genotype were at a higher risk of contracting HIV compared to those

having the wild type allele (most common allele in the population of study). This was

reaffirmed by studies carried out by Naicker et al. (2012) which also showed that IL-

10(-592) AA genotype was associated with reduction of CD4 T cells (p=0.0496) while

those individuals with IL-10(-1082) GG genotype have higher levels of IL-10 compared

to those with -1082 AA|AG (p=0.0006). They concluded their study by stating that,

IL-10 promoter genetic variants might influence the rate of HIV-1 disease progression

by regulating IL-10 levels and the breath of CD8 T cell immune response. According to

Naicker (2011) they showed that individuals who were homozygous for the mutation at

the IL-10(-592) AA genotype were 2.78 times more likely to contract HIV compared to

those individuals who were homozygous wild type (CC) genotype at the same position

(p=0.023). Polymorphisms associated with decreased IL-10 production have been as-

sociated with increased likelihood of human immuno-deficiency virus type one (HIV-1)

acquisition mostly in the late stages of the disease suggesting that, high IL-10 produc-

tion may reduce susceptibility to HIV-1 infection and protect against disease progression

(Naicker et al., 2009).

Previous studies on single nucleotide polymorphisms showed that APOBEC3G tran-

scription rapidly down regulated upon HIV-1 infection thereby reducing the level of

CD4 counts and increasing the level of viral particles in the blood. In that, the level

of APOBEC3G among the HIV negative individuals was high compared to the HIV

positive individuals even though there is no any relationship between APOBEC3G and

the HIV Bio-markers (Reddy et al., 2010). This was reaffirmed by studies done by

Jin et al. (2007), they showed that there is no any association between APOBEC3G

mRNA levels with the HIV Bio-markers. Studies carried on Peptidyl Prolyl Isomerase

A (PPIA) among African American examined the effect of single nucleotide polymor-

phisms (SNPs) and the haplotypes within the PPIA gene on HIV-1 longitudinal history

cohort and they found that among the eight SNPs they tested, two promoter SNPs (

SNP3 and SNP4) were not only in perfect linkage disequilibrium with one another but

were also related with rapid CD4 T cell decrease (p=0.003) (An et al., 2007). This was

also observed among the European Americans where the same alleles were found to be
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associated with rapid progression of HIV-1 to AIDS. Studies on Transportin 3 Protein

(TNPO3 or TRN-SR2) with HIV-1 showed that, TNPO3 do assist in HIV-1 replication

in the nucleus and that it may assist preintergration complex (PIC) maturation in the

nucleus (Diaz-Griffero, 2012) .

In conclusion, the pathogenesis and progression of HIV|AIDS do not entirely depend

on the geographical location of an individual and his|her socio-economic factors but

also influenced by the genetic make-up of an individual in accordance with the major

histocompatibility complex. Previous studies have shown that certain individuals are

slow progressors while others are fast progressors and those with two copies of chemokin

receptor (CCR5∆32) remained healthy for a period of time without starting on ARV’s

(An et al., 2011). Therefore, inter-individual variability does influence susceptibility of

HIV|AIDS.

1.6 The Mixed Effects Model

These are models that contain both the fixed effects and the random effects part. The

general form of the model can be decomposed into two additive components namely; the

fixed effects part and the random effects. Fixed effects are the effects attributable to a

finite set of levels of a factor that occur in the data while random effects are attributable

to an infinite level of a factor, of which only a random sample are allowed to occur in

the data (McCulloch, 2006; Verbeke and Molenberghs, 2005). They are relevant to our

study because: (1) It is useful in settings where measurements are made on clusters of

related statistical units i.e. students within classrooms, or to repeated measurements on

each subject over time. (2) The model allows a wide variety of correlation patterns to

be explicitly modelled. (3) They take into consideration variation that is not generalised

to the independent variables (Verbeke and Molenberghs, 2005; Diggle et al., 2002).

1.7 Missing Data

Data is considered missing whenever there is no information about a variable of interest

may be as a result of the design used, chance or unforeseen circumstances. It is a very

common problem with any real study and if not dealt with properly can lead to biased

inference or at times inefficient analysis. The missing data mechanism can either be

missing completely at random (MCAR) which implies that, the missing process does

not depend on Yi at all, missing at random (MAR), if the missingness depends on the

unobserved response or missing not at random (MNAR) which allows the missing process

to depend on the unobserved responses (Little and Rubin, 1987).
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1.8 Problem Statement

In this study, our aim is to use data from the Sinikithemba cohort study collected by the

HIV Pathogenesis Programme (HPP) at Nelson Mandela Medical School, University of

KwaZulu-Natal in Durban. The data consists of 451 HIV positive and treatment naive

individuals. We use the data to model the bivariate response variable (CD4 counts and

viral load) with immuno-genetic factors to reaffirm the results of previous studies and

to also deal with missing data which is a common challenge to longitudinal studies.

1.9 Objectives of the Study

(i) To investigate statistical methods to show that HLA class I alleles do influence

HIV-1 susceptibility and progression to AIDS causing an individual to be a long

term progressor or a slow progressor depending on his|her genetic make-up.

(ii) To investigate the importance of IL-10 promoter polymorphisms (IL−10(−1082), IL−
10(−592), IL − 10(−3575)) using the Sinikithemba data consisting of 451 HIV-1

C naive individuals to see whether there is any association between IL-10(-3575),

IL-10(-1082) and IL-10(-592) genotypes with the HIV-1 Bio-markers (CD4 counts

and viral load).

(iii) To see the association between the SNPs (TNPO3, APOBEC3G, PSIPrs12339417

and PPIA1650) with the HIV Bio-markers.

(iv) To understand the use of multiple imputation method to account for missing data

in both the outcome and covariates for longitudinal data subject to drop out.

The next chapter illustrates exploratory data analysis using the Sinikithemba data con-

sisting of 451 HIV-1 C naive individuals.
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Exploratory Data Analysis

2.1 Introduction

In 2005 HIV Pathogenesis Program (HPP) initiated a Sinikithemba study (SK) at Nelson

Mandela Medical School, University of Kwazulu-Natal in Durban. The cohort enrolled

451 HIV naive individuals of which 359 (79.06 %) were females and 92 (20.399 %) were

males including some incorporated from a previous study. Among the 451 individuals,

184 remained active during the whole study period, 126 defaulted, 38 died and 103

dis-enrolled from the study at some point. Baseline characteristics such as: (1) High

resolution HLA typing was done with genomic (DNA) with single stranded conformation

polymorphism (PCR), (2) Cellular immunology, (3) CD4 counts, (4) Viral load and (5)

Demographic characteristics such as gender were collected.

This was a follow up study where for CD4 count measurements visits were scheduled af-

ter every three months and for viral load measurements visits were scheduled after every

six months. This was to help in accruing data to help in understanding the progression

and the pathogenesis of the disease (AIDS). The viral loads were measured with the

Roche Amplicor assay version 1.5 (Roche NJ) while the CD4 count was measured by

flow cytometry (Becton Dickinson, San Jose, CA). Other important information regard-

ing entry into anti-retroviral treatment (ART) was updated throughout the study and

recorded at the time of administration. As time elapsed the participants (individuals)

were monitored carefully, given clinical care throughout the study and provided with

feedback regarding CD4 counts and viral loads levels. Counselling and guidance from

expertise such as experienced doctors and nurses, among others were also provided to

the participants. They were referred to the government sector medical care centre for

ARV initiation as per the national guidance given by South African government when-

ever their CD4 counts fell below 350mm|µL cells for more conservative visits. They were

11
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advised to start highly active antiretroviral therapy (HAART) once their CD4 count fell

below 200mm|µL cells (South Africa National Department of Health, 2004).

2.2 Study Design

This study (the Sinikithemba study) can be categorised into two ways: (1) Observa-

tional cohort study; because a group of individuals are followed prospectively over time

or (2) Longitudinal study; because Bio-marker measurements of the same individual

(participant) are taken repeatedly at an intervals of 3 and 6 months for CD4 counts and

viral load respectively, over time at regular but not necessarily equal intervals as time

elapses because of mistimed visits.

Longitudinal studies posses some advantages over others. The advantages include:

(i) Allows gathering of information on intra-individual changes within individuals.

(ii) Helps in observing change or evolution of a process overtime i.e. increase of viral

load or decrease of CD4 counts with time which are in this case related to the

disease process.

(iii) It does account for individual to individual heterogeneity which is not possible in

other studies.

The main challenge with longitudinal studies is that; it may lead to incomplete data due

to drop-out or intermittent missingness at times which needs to be accounted for during

the modelling process.

2.3 HIV Bio-markers

2.3.1 CD4 counts

Figure 2.1 below shows CD4 counts over time in months (after every three months) for

all the 451 individuals in the Sinikithemba study. From Figure 2.1, we can clearly see

that CD4 counts decreases with time except for certain individuals (outliers) whose CD4

counts increases with time. Figure 2.1 clearly shows existence of variability between and

within the individuals which will be accounted for using the mixed model approach at

the modelling stage.

Figure 2.2 and Figure 2.3 shows CD4 counts for females and males respectively. From

the two figures we are able to see that, the behaviour pattern of CD4 counts with time in
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Figure 2.1: CD4 counts at different time points

both cases is similar with time except for some few outliers whose CD4 counts behaviour

is unique. Even though the number of males are few (92) compared to the females (359)

in the study.

Figure 2.4 shows the mean CD4 counts for females and males on the same graph to

show if there is any association between the two categories of individuals (males and

females). From Figure 2.4 we are able to deduce that there is a slight difference between

the two categories of individuals. The plot in Figure 2.4 indicates that, the mean CD4

counts in females is slightly high compared to that in males but the trend in both cases

remains the same. As time elapses we are able to observe the difference in CD4 counts

between the two groups. Increase in time causes no change to our initial observations for

the mean CD4 counts between the individuals. The gap between the two groups starts

widening as from time-point 15. This could be attributed to low turnout for males due

to death or drop out by some individuals from the study.

As shown in Table 2.1 we are able to see that, the number of individuals in the study

decreased with time. It was highest at the initial stages of the study but as time elapses

the individuals kept on decreasing in number maybe as a result of death or withdrawal

by some individuals from the study.

We performed a normality test on CD4 count data to see whether the data satisfies the

normal distribution assumptions. Our results showed that the CD4 count data violates

the normality rules as depicted by Figure 2.5. Thus, the need to carry out remedial

measures such as data transformation.

When we performed a log transform on the CD4 count data and carried out the normality

tests on the transformed data, there were some slight improvements on adherence to the
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Figure 2.2: CD4 counts over time after every three months in females

Figure 2.3: CD4 counts over time after every three months in males

normality assumptions compared to when the normality tests were carried out on the

original CD4 count data. Even though there were some slight improvements, the log

transform data still violated the normality rules. Therefore, the need to perform another

transformation on the CD4 count data. Figures 2.5 and 2.6 show the histogram plots

for the original and log-transformed CD4 count data.

On the other hand the square root transformed CD4 count data showed good observable

improvements on normality adherence. However both the Kolmogorov-Smirnov and the

Cramer von-mises tests showed some slight significance probably due to the test detecting

the longer than normal tails when normality test were performed on the square root CD4

count data. The kurtosis and the skewness of the square root CD4 count data illustrated
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Figure 2.4: Mean CD4 counts for all the individuals

Table 2.1: The number and percentage of participants present at a given follow up
time for CD4 count

No of par-
ticipants
observed per
time point

Time points Percentage of
participants
at a given
time point

1 451 100
2 382 84.70
3 371 82.26
4 353 78.27
5 321 71.18
6 296 64.75
7 274 60.75
8 262 58.09
9 254 56.32
10 241 53.44
11 232 51.44
12 219 48.56
13 207 45.9
14 195 43.24
15 185 41.02
16 178 39.47
17 164 36.36
18 156 34.57
19 132 29.27
20 109 24.17
21 80 17.74
22 62 13.75
23 48 10.64
24 42 9.31
25 35 7.76
26 31 6.87
27 23 5.1
28 11 2.44

on Table 2.2 showed a slight difference from that of a normal distribution. Due to its

better performance compared to the log transformation, the square root CD4 count data

will be used for our further analysis instead of the log transformed CD4 count data. The

histogram and the QQ plots on Figure 2.7 support the choice of square root CD4 count

as the most preferred form of transformation on the original CD4 counts data.
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Figure 2.5: Histogram for CD4 counts

Figure 2.6: Histogram for log CD4 counts

Figure 2.7: Histogram for square root CD4 counts and its QQ plots
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Table 2.2: Descriptive statistics for square root CD4 counts

Mean 18.88
Median 18.63
Mode 16.37
Standard deviation 4.85
variance 23.52
Range 53.75
Interquartile range 5.98
Skewness 0.3946
Kurtosis 1.7454

Table 2.3: Test statistic

Test Statistic P -Value

Lilliefors (Kolmogorov Smirnov) 0.0367 0.0029
Cramer von-mises 2.21 < 0.0001

2.3.2 Viral Load

The viral load for the individuals was collected from the 12th of August 2003 to 15th of

April 2011. Figure 2.5 shows a graph of all the individuals at different time points.

Figure 2.8: Data on log viral load for all the individuals

We also plotted the log viral loads on different graphs to observe the trend of viral load

in the two groups of individuals (males and females) to see whether there were any

observable difference basing on gender. See Figures 2.9 and 2.10.

We then present the number and percentage of participants present at a given follow up

time; see Table 2.4. From Table 2.4 we notice that, the log viral load data also follows

the same trend as for the CD4 count data. At the initial stages of the study the number
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Figure 2.9: Data on viral load for females at different time points

Figure 2.10: Data on log viral load in males at different time points

of individuals who turned up for the study were high and as time went by the number

of individuals kept on decreasing.

Just as observed with the CD4 count data, the viral load data also violates the normality

assumptions as depicted on Figure 2.11. Therefore, some remedial measures such as

variable transformation may be necessary. A log transform was performed on the viral

load data and when normality tests were performed, normality conditions were still

violated but not as severe as noted with the original viral load data. This was supported

by the Kolmogorov-Smirnov (p < 0.0001) and Crammer von-misses (p < 0.0001) tests

which showed lack of normality adherence when tested on the log viral load data. For
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Table 2.4: The number and percentage of participants present at a given follow up
time for viral load

No of par-
ticipants
observed per
time point

Time points Percentage of
participants
at a given
time point

1 427 94.68
2 361 80.04
3 319 70.73
4 276 61.2
5 252 55.88
6 227 50.33
7 207 45.9
8 177 39.25
9 152 33.70
10 112 24.83
11 70 15.52
12 40 8.87
13 29 6.43
14 14 3.10

further analysis a log transform will be more preferable than the original viral load data.

See Figure 2.11.

Figure 2.11: Histogram for viral load and the QQ plots.

The descriptive statistic illustrated in Table 2.5 for the log viral load transform shows

that, the kurtosis and the skewness for the log viral load are not any different from that

of a normal distribution. Therefore, the log transform remains the preferred choice for

further analysis.

We also carried out the Spearman correlation test to see whether there were any rela-

tionship between CD4 count and viral load at different time points for all the individuals

in the study. Looking at Figure 2.12 and Figure 2.13 we are able to deduce that, there

is a positive correlation between the different time points for CD4 counts and viral load

(p < 0.0001). Therefore, there exits an association between the different time points for

the HIV Bio-markers.



Exploratory Data Analysis 20

Table 2.5: Descriptive statistics for log transform on viral load

Mean 4.282
Median 4.420
Mode 4.33
Standard deviation 0.9872
variance 0.97463
Range 5.410
Interquartile range 1.3550
Skewness -0.56331
Kurtosis -0.1395

Figure 2.12: Diagrams illustrating the correlation of CD4 counts at different time
points

Figure 2.13: Diagrams illustrating the correlation of viral load at different time points
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2.4 Human Leukocyte Antigen (HLA) Subtypes

HLA class I alleles have been associated with relatively successful control of viral repli-

cation and slow disease progression. Its locus (HLA) which codes for HLA class I al-

leles (which present pathogenesis derived peptides on the cell surface of infected cells

for recognition by CD8 T lymphocytes) shows a significant variation among individuals

from different geographical locations which has been attached to differences in HIV|AIDS

disease progression and natural viral control (Rajapaksa et al., 2012).

Table 2.6 gives some of the most frequent HLA subtypes and their frequencies in the

Sinikithemba study.

Table 2.6: Summary for the most frequent HLA subtypes in the SK study

HLA subtype Frequency

HLA-A*02 55
HLA-A*3001 81
HLA-A*29 71
HLA-A*2301 81
HLA-A*6802 71
HLA-B*5802 79
HLA-B*1503 91
HLA-B*4201 97

HLA subtype Frequency

HLA-B*0801 45
HLA-B*4201 92
HLA-C*03 55
HLA-C*04 78
HLA-C*10701 96
HLA-C*07 158
HLA-C*0202 96
HLA-C*0602 101

We performed Kruskal wallis rank sum test to see whether there were any association or

variability between the different HLA class I subtype alleles. We compared the various

categories of HLA subtypes: (HLA-A and HLA-B), (HLA-B and HLA-C) and lastly be-

tween (HLA-A and HLA-C); (p=0.02427), (p <0.0001) and (p=0.003028) respectively.

The p−values showed some significance therefore there exists some association and vari-

ation between the different HLA’s class I subtypes. We then plotted box and whisker

plots for CD4 count and log viral load against the HLA class I alleles. Figure 2.14 and

Figure 2.15 suggests that HLA-B alleles are highly associated with high and low viral

loads and CD4 counts compared to HLA-A and HLA-C alleles.

2.5 Interleukin-10 Promoter Polymorphisms (IL-10)

Out of the 451 individuals that were present in the study, 50 had AA, 210 had CA

and 191 had the CC IL-10(-592) genotype, 221 had AA, 181 had AG and 48 had GG

IL-10(-1082) genotype and lastly 19 had AA, 168 had TA and 264 had TT IL-10(-3575)

genotype. Genotype is the genetic make-up of an individual. Table 2.7 gives a summary

of the sample distribution of IL-10 polymorphisms. IL-10 is bi-allelic implying that it

has two alleles at a specific locus. An allele is generally a group of genes, while a gene

is the molecular unit of heredity of a living organism (Feero et al., 2010).
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Figure 2.14: Trends of CD4 counts in different HLA subtypes

Figure 2.15: Trends of VL in different HLA subtypes

Table 2.7: Summary of Interleukin-10 promoter polymorphisms

IL-10(-592) IL-10(-1082) IL-10(-3575)

AA 50 AA 221 AA 19
CA 210 AG 181 TA 168
CC 191 GG 48 TT 264

Total 451 451 451
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We calculated the frequencies of all the available alleles in the study and found out

that, for IL-10(-3575) its minor allele frequency was 22.84% (A) while the major allele

frequency was 33.48 (T), for IL-10(-592) the minor allele frequency was 32.26% (C)

while the major allele frequency was 34.37% (T). Finally, for IL-10(-1082), the allele

frequencies were 54.32% (G) and 69.18% (A) for the minor and major allele frequencies

respectively. We then performed the Hardy and Weinberg test. Hardy and Weinberg

(1908) introduced an important principle based on the relationship between genotype

and allele frequencies in a population (formally known as the Hardy-Weinberg equi-

librium (HWE) test. They based their principle under the following assumptions: (1)

Random mating implying that mating does not depend on the genotype, every individ-

ual has the same opportunity of mating with any individual of the opposite sex, a state

known as panmixia. (2) No selection or migration which implies that, if the probability

to reproduce depends on the genotype at the relevant locus then a selection has taken

place which should not be the case. (3) No mutation, since mutation results in the shift

of the equilibrium, as a result of this, the allele and genotype frequency do not remain

fixed and stable from generation to generation. (4) No population stratification meaning

the population of interest should be homogeneous. (5) Infinite population size so as to

avoid the sampling errors, the population has to be large. Based on these assumptions

the equilibrium is not distorted (Ziegler et al., 2010). To see whether these alleles obeyed

Hardy and Weinberg principle, we performed HWE test and found the associated p−
values for the test as; IL-10(-3575) (p=0.2845), IL-10(-1082) (p=0.2694) and IL-10(-592)

(p=0.5322) showing that they were all in HWE.

The Kruskal-Wallis test between the median CD4 counts and IL-10(-592) (p=0.3641),

IL-10(-1082) (p=0.1453) and IL-10 (-3575) (p=0.0979) genotypes showed no significance

and when a pairwise comparison test using wilcoxon test was performed between the

various genotypes still there was no any observable significance. We also performed

Kruskal-Wallis test for median log viral load and the various Interleukin-10 promoter

polymorphisms and noted no observable significance. The p−values were 0.7204, 0.2531

and 09795 for IL-10(-592), IL-10(-1082) and IL-10(-3575) respectively. The pairwise

comparison using wilcoxon test showed no significance for IL-10(-592) and IL-10(-1082)

except for IL-10(-3575) (“AA”, “TA”) genotypes which showed some significant differ-

ence between median log viral load and IL-10(-3575) (“AA”, “TA”) genotypes.

2.6 Single Nucleotide Polymorphisms (SNPs)

To measure the expression of APOBEC3G, TNPO3, PPIA1650 and PSIPrs12339417 real

time PCR was used and in identifying the variants in the SNPs, DNA sequencing and

Tag-Man genotyping were performed. From the individuals in the study, for PPIA1650
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we found out that, 144 individuals had the AA genotype, 120 individuals had the AG

genotype and 54 individuals had the GG genotype while 154 had missing information.

The corresponding allele frequencies were 22.89% A while G had a frequency of 22.82%.

Thus the minor allele was G with a frequency of 22.82%. The minor allele frequency

refers to the frequency at which the least common allele occurs in a given population.

For APOBEC3G we found out that, 230 individuals had the CC genotype, 137 individu-

als had the CG genotype and 30 individuals had the GG genotype while 54 had missing

information. The corresponding allele frequencies were 1.82% C while G had a frequency

of 1.48%. Thus the minor allele is G with a frequency of 1.48%. For TNPO3 we found

out that, 298 individuals had the AA genotype, 82 individuals had the AG genotype and

9 individuals had the GG genotype while 62 had missing information. The correspond-

ing allele frequencies were 87.15% A while G had a frequency of 77.76%. Thus the minor

allele is G with a frequency of 77.76%. Lastly for PSIPrs12339417 we found out that, 43

individuals had the CC genotype, 175 individuals had the CT genotype and 172 individ-

uals had the TT genotype while 61 had missing information. The allele frequencies were

33.46% C while T had a frequency of 33.07%. Thus the minor allele is T with a frequency

of 33.07%. The highest number of genotypes in the population are termed homozygous

wild-type and the rare ones are termed homozygous recessive. We also performed HWE

test to see whether the alleles obeyed HWE principle. The p−values were not significant

therefore showing that the alleles were not in Hardy Weinberg equilibrium.

The next chapter illustrates the theory behind the linear mixed models.



Chapter 3

Linear Mixed Models

3.1 Introduction

In this chapter we present the theory behind linear mixed models. It is our model of

choice since the Sinikithemba study (our study) involves repeated measures over time.

Our main objective for this study is to find out the relationship between the HIV Bio-

markers (CD4 count and viral load) and selected covariates. This chapter describes the

statistical models used in the subsequent chapters. It also describes how the parameters

were estimated.

3.2 Model Description

3.2.1 Linear Mixed Model

Linear mixed model procedures extends the general linear model so that the data is

allowed to display correlation and non constant variability. It deals with continuous

longitudinal data assumed to be normally distributed and in its simplest form the model

can be written as:

Yi = Xiβ + ZiUi + εi (3.1)

for

i = 1, 2, . . . , N,

25
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where Yi is an n × 1 response vector for the ith individual, such that Yij denotes the

jth(j = 1, 2, 3, . . . , n) observation made at time tij for the individual, Xi is the model

matrix for the fixed effects for the observations in individual i, Zi is the model matrix

for the random effects for observations in individual i, Ui is the random effect coefficient

vector for individual i, β is the vector of fixed effect coefficient, N is the number of

subjects and εi is the errors for observations in individual i (Laird and Ware, 1982).

The assumptions are; Ui ∼ N(0, G), where G denotes the covariance matrix of random

effects Ui; εi = (εi1, · · · , εini)
′ ∼ N(0, Ri); U1, . . . , Un, ε1, . . . , εn are independent; and Ri

is the covariance matrix of error vector εi for observations in individual i (Verbeke and

Molenberghs, 2009). The elements in G and Ri are known as variance components.

We note that,

[
Ui

εi

]
∼ N

([
0

0

]
,

[
G 0

0 Ri

])
.

If we assume that ε1, . . . , εn are independent then, it follows that Ri = σ2I where I is

the identity matrix .

We know that missing data is one of the challenges encountered with longitudinal stud-

ies. Previous studies have shown that Gaussian theory estimation procedures for mixed

models which consists of the maximum likelihood (ML) and the restricted maximum

likelihood (REML) are some of the methods that can be used to deal with such chal-

lenges.

3.3 Estimation Methods

3.3.1 Maximum Likelihood Estimation (MLE)

Maximum likelihood estimation was introduced by R.A Fisher in 1912. The aim of this

method is to construct an estimator for an unknown parameter θ.

The mixed effects model shown in Equation 3.1 can also be expressed as a marginal

model of the form

Yi ∼ N(Xiβ, ZiGZ
′
i +Ri).

We should note that inferences based on the marginal model do not explicitly assume

the presence of random effects representing the natural heterogeneity between subjects
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Ramroop (2008). Let β denote the vector of fixed effects coefficients and α denote

the vector of all variance components in G and Ri. It then follows that the variance

covariance matrix Vi of Yi is α dependent. Thus we can let θ = (β′, α′) denote the vector

of all parameters in the marginal model (Ramroop, 2008). The marginal likelihood

function is expressed as:

LML(θ) =
N∏
i=1

{
(2π)−

ni
2 |Vi(α)|−

1
2 exp

(
− 1

2
(Yi −Xiβ

)′
V −1i (α)(Yi −Xiβ)

}
(3.2)

given the above assumptions holds. Where Vi(α) is the matrix of variance components

and if α is known, the MLE of β is given by:

β̂(α) =

(
N∑
i=1

(
X ′iWiXi

))−1( N∑
i=1

(
X ′iWiyi

))
(3.3)

where Wi = V −1i (α). The expression of β̂(α) in Equation 3.3 assumes that α is known

otherwise an estimate of α may be used. The estimates for αML and βML can be

obtained from maximizing LML(θ) with respect to θ that is with respect to α and β

respectively (Verbeke and Molenberghs, 2000).

3.3.2 Restricted Maximum Likelihood Estimation (REML)

REML was first postulated by Thompson in 1962 and introduced by Patterson and

Thompson in 1971. It was developed because maximum likelihood estimation of the

variance components does not account for the loss of degrees of freedom used in esti-

mating the fixed parameters. It finds a linear transformation on the response Y such

that the resulting vector does not contain the fixed effects (Boldman and Van, 1991).

Consider a sample of N observations Y1, Y2, . . . , YN . Suppose µ is known then the MLE

of σ2 is well known to be given by:

σ̂2 =

N∑
i=1

(Yi − µ)2

N
(3.4)

and σ̂2 is unbiased for σ2. However when µ is unknown the sample mean is replaced by

Y and MLE is written as:
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σ̂2 =
N∑
i=1

(Yi − Ȳ )2

N
(3.5)

and σ̂2 is biased for σ2 since E ˆ(σ2) = N−1
N σ2 and furthermore the estimator underesti-

mates the variance. However when µ is unknown an unbiased estimate for σ2 can still

be found which is given by:

s2 =

N∑
i=1

(Yi − Ȳ )2

N − 1
. (3.6)

To generalize the above REML expression consider the combined formulation of the data

model as:

Y =


Y1
...

YN

 ∼ N


µ
...

µ

 , σ2IN


which can also be expressed as:

Y ∼ N(µ1N , σ
2IN ),

where IN is equal to the N dimensional identity matrix and 1N is the N dimensional

vector containing only ones. Now lets transform the data vector Y such that µ vanishes

from the likelihood. Let

Ŷ =


Y1 − Y2

Y2 − Y3
... −

...

YN−1 − YN

 = A′Y ∼ N(0, σ2A′A),

where A′ is a (N−1)×N matrix with elements Ai,i = 1, Ai,i+1 = −1 and zero elsewhere

of the form:
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A′ =


1 −1 0 · · · 0 0

0 1 −1 · · · 0 0
...

...
. . .

...
...

...

0 0 0 · · · 1 −1

 = A′Y ∼ N(0, σ2A′A).

Using the above transformation the REML estimate of σ2 is given by:

s2 =
N∑
i=1

(Yi − Ȳ )2

N − 1
, (3.7)

which is the unbiased estimator for σ2 (Wener, 2009).

REML estimation can be extended to the linear mixed model as shown below.

For easy manipulation combine all models of the form Yi ∼ N(Xiβ, Vi) into one model

given by Y ∼ N(Xβ, V ), where Vi = ZiGZ
′
i +Ri and

Y =


Y1
...

YN

 , X =


X1

...

XN

 , V (α) =


V1 · · · 0
...

. . .
...

0 · · · VN

 .

Using a similar approach as in the simple case the data can be transformed to be

orthogonal to X so that

Ŷ = A′Y ∼ N(0, A′V (α)A).

The MLE of α based on Ŷ is known as the REML estimate and is denoted by ˆαREML.

The resulting estimate β̂(αREML) for β is denoted by ˆβREML.

We need to note that the estimates of ˆαREML and ˆβREML can be obtained by maximizing

LREML(θ) =

∣∣∣∣∣
N∑
i=1

X ′iVi(α)−1Xi

∣∣∣∣∣
− 1

2

LML(θ̂) (3.8)

with respect to θ = (α′, β′) (Verbeke and Molenberghs, 2000; Ramroop, 2008).
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Generally, REML estimation involves applying the maximum likelihood method to linear

functions of Y i.e. A′Y where A′ is designed such that A′Y does not have fixed effects.

The main objective of REML is to adjust the variance without being biased which cames

as a result of using ML estimation.

3.4 Parameter Estimation

3.4.1 Estimation of Fixed Effects

Let Yi = (Yi1, Yi2, Yi3, . . . , Yini) where Yij is the jth observation of the ith individual

in a longitudinal study consisting of N individuals where the ith individual has ni ob-

servations. Assume the observation Yi ∼ MVN(X ′iβ, Vi). The extended likelihood

formulation of this data is defined as:

LML(θ) =
N∏
i=1

{
(2π)−

ni
2 |Vi(α)|−

1
2 exp

(
− 1

2

(
Yi −Xiβ

)′
V −1i (α)(Yi −Xiβ)

)}

and it has two types of fixed parameters: (1) Fixed effect regression parameter β and

(2) Variance covariance parameter α not neglecting the variance covariance parameters

of Ui.

To estimate the fixed parameters we maximize L by taking its partial derivative of the

log-likelihood with respect to β and equating to 0. First we consider the log-likelihood

contribution from a single individual. Assuming α is known we have:

∂l

∂β
=
∂

∂β

(
− 1

2
(Yi −Xiβ)′V −1i (α)(Yi −Xiβ)

)
(3.9)

=
∂

∂β

(
− 1

2
(V −1i (α)Y − V −1i (α)Xiβ)′(Yi −Xiβ)

)
=
∂

∂β

(
− 1

2
(Y ′i V

−1
i (α)Y ′i V

−1
i (α)Xiβ − β′X ′iV −1i (α)Yi + β′X ′iV

−1
i (α)Xiβ)

)
=−

(
X ′iV

−1
i (α)Xiβ −X ′iV −1i (α)Yi

)
,

equating ∂l
∂β to zero we have:

X ′iV
−1
i (α)Xiβ −X ′iV −1i (α)Yi =0 (3.10)

X ′iV
−1
i (α)Xiβ =X ′iV

−1
i (α)Yi,
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Thus:

β̂(α) = (X ′iWiXi)
−1(X ′iWiYi). (3.11)

Extending it to N individuals we have:

β̂(α) =

(
N∑
i=1

(
X ′iWiXi

))−1( N∑
i=1

(
X ′iWiYi

))

where Wi = V −1i (α) (Wener, 2009; Bryan, 2011)

3.4.2 Estimation of Random Effects

Consider the model shown below for each individual i:

Yi = Xiβ + ZiUi + εi. (3.12)

If the Cov(Ui, Yi) = GZ ′ where Yi is the response vector and Ui is the vector of the

individual specific parameters, then we have

[
Y

U

]
∼ N

([
Xβ

0

]
,

[
V ZG

GZ ′ G

])
.

The prediction of the random effects given Y is given by the conditional mean

Ûi =E(Ui|Yi)

=E(Ui) + Cov(Ui|Yi)(V ar(Yi))−1(Yi − E(Yi))

=GZ ′iV
−1
i (α)(Yi −Xiβ).

It can easily be shown that E(Ûi) = 0 and
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V ar(Ûi) = GZ ′i

{
Wi −WiXi

( N∑
i=1

X ′iWiXi

)−1
X ′iWi

}
ZiG

′. (3.13)

We need to note that suppose we access the variation error using Equation 3.13 the

variation in (Û −U) will be underestimated since this expression ignores the variability

in the random effects, Ui (Laird and Ware, 1982; Verbeke and Molenberghs, 2000).

Hence,

V ar(Ûi − Ui) = G−GZ ′iWiZiG+GZ ′iWiXi

( N∑
i=1

X ′iWiXi

)−1
X ′iWiZiG (3.14)

is the most appropriate expression for variability (Bryan, 2011; Laird and Ware, 1982).

3.4.3 Estimation of Unknown Variance Components

If the covariance matrices are unknown but we know the estimate of fixed θ. Then we

can say that, the estimates of G and Ri are also known. Let Var (Yi) = ZiGZ
′
i+Ri = Vi

be estimated by:

V̂i = R̂i + ZiĜZ
′
i = Ŵi

−1
. (3.15)

From Equation 3.15 we are then able to estimate α and Ui using the weighted least

squares shown in Equation 3.11. This is done by replacing Wi with an estimate of

Ŵi. We denote these estimates by α̂(θ̂) and Ûi(θ̂) (Laird and Ware, 1982; Verbeke and

Molenberghs, 2000).

3.5 Random Intercept Model

Consider the random intercept model:

Yij = XT
ijβ + ai + εij , (3.16)
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where i = 1, 2, . . . , N , ai ∼ N(0, σ2a) is the random subject effect, εij ∼ N(0, σ2) are

within subject measurement errors. Further ai and εij are assumed to be independent of

each other. From Equation 3.16 above we can get the mean response over time for the

ith individual. The conditional mean of Yij given the subject specific effect ai is given

by E(Yij |ai) = XT
ijβ + ai and the marginal mean given by E(Yij) = XT

ijβ. Where β

represents the mean changes over time in the population of interest, ai represents the ith

individual deviation from the population mean intercept after the effects of covariates

have been accounted for. The marginal response variance for each response is given by:

V ar(Yij) =V ar(XT
ijβ + ai + εij) (3.17)

=V ar(ai + εij)

=σ2a + σ2

and the marginal covariance between any two pair of responses ( Yij and Yik) is given

by:

Cov(Yij , Yik) =Cov(XT
ijβ + ai + εij , X

T
ikβ + ai + εik) (3.18)

=Cov(ai + εij , ai + εik)

=Cov(ai, ai)

=σ2a.

Therefore:

Cov(Yij , Yik) =
Cov(Yij , Yik)√
V ar(Yij)V ar(Yik)

=
σ2a

σ2a + σ2
= ρ, (3.19)

indicating that the introduction of a random intercept ai induces correlation among the

repeated measures in longitudinal data by allowing for subject to subject variability

through σ2a.

The random effect models for longitudinally measured or observed data were first de-

scribed by Laird and Ware (1982). Implying that a model with a random intercept only

leads to exchangeable or compound symmetry correlation structure given by:
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
1 ρ · · · ρ

ρ 1 · · · ρ
...

...
...

...

ρ ρ · · · 1



3.6 Random Intercept and Slope Model

Consider the model:

Yij = β1 + β2tij + a1i + a2itij + εij (3.20)

or

Yij = X ′ijβ + Z ′ijai + εij , (3.21)

where X ′ij = (1 tij), Z
′
ij = (1 tij), a1j ∼ N(0, b11) and a2i ∼ N(0, b22) are the random

intercept and the random slope respectively. Cov(a1i, a2i) = b12 and εij ∼ N(0, σ2) are

within subject measurement errors. Note that ai = (a1i, a2i) and β = (β1, β2).

The conditional mean of Yij given the subject specific effect ai is given by:

E(Yij |ai) = β1 + β2tij + a1i + a2itij (3.22)

and the marginal mean and the variance of Yij is therefore given by:

E(Yij) = β1 + β2tij

and

V ar(Yij) = h20 + h21tij + 2tijh01 + σ2
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respectively.

The

Cov(Yij , Yik) = Cov(β1 + β2tij + a1i + a2itij + εij , β1 + β2tik + a1i + a2itik + εik),

(3.23)

which can be expanded to:

Cov(Yij , Yik) =E(YijYik)− E(Yij)E(Yik) (3.24)

=h20 + tijtikh
2
1 + h01tik + h10tij

=h20 + tijtikg
2
1 + h01(tik + tij).

Thus:

Corr(Yij , Yik) =
h20 + tijtikh

2
1 + h01(tij + tik)√

V ar(Yij)V ar(Yik)
(3.25)

3.7 Mean and Covariance Structure

3.7.1 Mean structure

For balanced data, an average can be calculated for each occasion separately and stan-

dard errors for the means calculated. Plots of such summary quantities can help in

telling whether there is a linear or non-linear average trend. Increasing standard errors

in this case can be due to drop-outs which is a common challenge in longitudinal or

repeated measures data. For unbalanced data, the time scale can be discretized and

simple averaging within intervals calculated (Ramroop, 2008).

3.7.2 Selection of Mean Structure

Suppose the null hypothesis of interest is given by: H0 : γ ∈ θγ,0, for some subspace

θγ,0 of the parameter space θγ of the variance components γ. Let LML denote the ML

likelihood function in Equation 3.8 and −2 lnλN be the likelihood ratio test which can

also be defined as:
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−2 lnλN = −2 ln

(
LML( ˆθγ,0)

LML(θ̂γ)

)
, (3.26)

where ˆθML,0 and ˆθML are the maximum likelihood estimates obtained from maximizing

LML over θγ,0 and θγ respectively. It then follows from classical likelihood theory that

under some regular conditions −2 lnλN asymptotically follows the chi-square distribu-

tion under H0 with degrees of freedom equal to the difference between the dimension of

θγ and the dimension θγ,0 (Verbeke and Molenberghs, 2009).

The LR shown in Equation 3.26 is commonly used to test the fit of the mean structures

of two models where one model is a special case of the other, or nested within the other

model (Verbeke and Molenberghs, 2009).

3.7.3 Covariance Structures

The main difference between a univariate regression for independent observations and

a multivariate model for repeated measures is that, the results for each individual are

bound to be correlated over time. There are a number of covariance structures that can

be assumed to account for such correlation. A summary of some of covariance structures

that can be used are listed in Table 3.1. For more details about covariance structures

see (Jones, 1993).

Table 3.1: Summary of covariance structures

Structure Description No of parameters (i, j)th element

CS Compound symmetry 2 σij = σ1 + σ21(i = j), where1(i = j) = 1

AR(1) Autoregressive (1) 2 σij = σ2ρ|i−j|

UN Unstructured a(a+1)
2 if i=j and 0 if i 6= j, σij = σij

TOEP Toeplitz a σij = σ|i−j|+1

VC Variance components z σij = σ2k1(i = j) and i corresponds to the kth effect
SP(POW) Power spacial 2 σ2ρdij

SP(EXP) Exponential spatial 2 σ2 exp
−dij
θ

SP(GAU) Gaussian spatial 2 σ2 exp
−dij
ρ2

(i) Independence Structure

Is the standard variance component which is the default. It assumes repeated

measures are uncorrelated and the corresponding covariance structure for four

observations per subject is given by:
σ2A 0 0 0

0 σ2B 0 0

0 0 σ2C 0

0 0 0 σ2D

 .
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However such a covariance and therefore correlation structure is highly improbable

in longitudinal data studies. Better structures should be considered.

(ii) Compound Symmetry

This structure assumes the covariances are homogeneous. The correlation between

two separate measurements is assumed to be constant no matter how far apart the

measurements are. Its written as:


σ2 + σ21 σ21 σ21 σ21

σ21 σ2 + σ21 σ21 σ21

σ21 σ21 σ2 + σ21 σ21

σ21 σ21 σ21 σ2 + σ21

 .

However such a structure may be unrealistic with longitudinal studies in that closer

observations are more correlated than observations which are far apart.

(iii) Autoregressive Order One

This covariance structure depends on two parameters q = 2 and the covariance for

two time points i.e. j and j′ equals

σjj′ = σ2ρ|j−j
′|

where ρ is the AR(1) parameter and σ2 is the error variance thus the covariance

structure is given by:

σ2


1 ρ ρ2 ρ3

ρ 1 ρ ρ2

ρ2 ρ 1 ρ

ρ3 ρ2 ρ 1

 .

(iv) Unstructured

This is the most liberal covariance structure because it allows every term to be

different. It is expressed as:


σ21 σ12 σ13 σ14

σ12 σ22 σ23 σ24

σ13 σ23 σ23 σ34

σ14 σ24 σ34 σ24

 .

(v.) Toeplitz

Toeplitz and AR(1) are similar in that all correlations at the same distance have
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the same correlation. But with Toeplitz there is no known function relating the ρ

values to the distance. The AR(1) correlation model can be estimated with a single

parameter while Toeplitz model has as many parameters as there are distances.

Toeplitz and AR(1) are both appropriate for evenly spaced observations where

there is no possibility of error structure changing with time (Littell et al., 2002).

It is given by:


σ2 σ1 σ2 σ3

σ1 σ2 σ1 σ2

σ2 σ1 σ2 σ1

σ3 σ2 σ1 σ2

 .

Note: The subsequent structures discussed below relax the assumption of requiring

that the observations within an individual be evenly spaced.

(vi.) The Power Spatial Covariance Structure

For this case, correlations decline with increasing spacing between points. It is

expressed as:

σ2


1 ρdi12 ρdi13 ρdi14

ρdi21 1 ρdi23 ρdi24

ρdi31 ρddi32 1 ρdi34

ρdi41 ρdi42 ρdi43 1

 .

The notation dijk means observations Yij and Yik are actually dijk units apart and

0 < ρ < 1.

(vii.) The Exponential Spatial Covariance Structure

The exponential spatial covariance structure is expressed as:

σ2


1 exp(−d12ρ ) exp(−d13ρ ) exp(−d14ρ )

exp(−d21ρ ) 1 exp(−d23ρ ) exp(−d24ρ )

exp(−d31ρ ) exp(−d32ρ ) 1 exp(−d34ρ )

exp(−d41ρ ) exp(−d42ρ ) exp(−d43ρ ) 1

 .

(viii.) The Gaussian Spatial Covariance Structure
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For Gaussian spatial covariance structure correlation decline with increasing dis-

tance between points. It’s given by:

σ2


1 exp(

−d212
ρ2

) exp(
−d213
ρ2

) exp(
−d214
ρ2

)

exp(
−d221
ρ2

) 1 exp(
−d223
ρ2

) exp(
−d224
ρ2

)

exp(
−d231
ρ2

) exp(
−d232
ρ2

) 1 exp(
−d234
ρ2

)

exp(
−d241
ρ2

) exp(
−d242
ρ2

) exp(
−d243
ρ2

) 1

 .

We should note that, the major advantage of the spatial type structures over the

standard AR structure ( which do assume equal spaced observations) is that, they

make use of the actual distance between observations which allows the modeller

to be in a position to deal with unequally spaced observations within and between

subjects. Toeplitz and the autoregressive order allows observations that are far

apart to be less strongly correlated and the correlation between two observations

is a function of the separation between the observations (Verbeke and Molenberghs,

2009).

3.7.4 Selection of Covariance Structure

Design and analysis of a study are very important stages to ensure validity of the final

results and conclusions. A poorly designed and analysed study can result into poor and

misleading results. As a result of this a lot of efforts is usually needed to decide on the

suitable covariance structure for the data at the beginning of a statistical analysis. The

commonly used criteria to help in guidance so as to came up with the best model of

choice includes: (1) Akaike Information Criteria (AIC), (2) The Schwarz Bayesian Infor-

mation Criteria (BIC), (3) Bozdogan Corrected Akaike Information Criterion (CAIC)

and (4) Hannan and Quinn Information Criterion among others. Studies have shown

that the performance of these (AIC, BIC, CAIC and HQIC ) in selection of the covari-

ance structure are not always successful in arriving to the true covariance structure.

Therefore, possible effects of misspecification of the covariance structure on statistical

properties of the inference needs to be considered (Ali, 2007). Ali (2007) carried simu-

lation studies and they found out that, CAIC and BIC are competitive in terms of their

ability to identify the correct covariance structure and showed outstanding performance

(Barnett et al., 2010).
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3.8 Selection of Random effects

For valid conditional and marginal distributions of the data the positivity constraint on

Ω is required. Consider the case where H0 : θi = 0 and Ω = (0,∞). The value of θi = 0

under the null hypothesis is on the boundary of the parameter space and the distribution

of the likelihood ratio test statistic λ is therefore non standard. This is a mixture of chi-

squared distributions. According to Verbeke and Molenberghs (2009) testing hypothesis

such as the need for random effects uses the likelihood ratio test statistic which has an

asymptotic mixture of chi-square distributions under the null hypothesis rather than the

classical single chi-squared distribution (Verbeke and Molenberghs, 2009).

3.9 Model Diagnostics

After fitting a model before performing inferences it is advisable to check whether all the

necessary model assumptions are valid to avoid wrong inference. Some of the areas which

can make a model to be incorrect includes: the linear predictor, the variance function,

the link function and the data since it may contain outliers or inferential observations.

After the assumptions, model diagnostic procedures which do involve both graphical

methods and formal statistical tests allows the exploration to find out whether the

assumptions are valid and to see whether we can base our argument on the subsequent

inference results. For further details about model diagnostics see Kutner et al. (2004).

The next chapter shows the application of linear mixed model to the Sinikithemba study

data.



Chapter 4

Applications to Longitudinal HIV

Bio-marker Data with Genetic

Covariate Information

4.1 Introduction

Generally to come-up with the best fitting model for the data is not an easy task. Model

selection is one of the major challenges faced in data analysis. Model building will be

done using the stepwise procedure in R version 2.15.3 using the lme4 library. Square root

CD4 count and log viral load will be used as the response variables. Modelling repeated

measurements or longitudinal data requires appropriate specification of the mean and

the covariance structure as also discussed in Verbeke and Molenberghs (2009). This is

because misspecification of the covariance structure for repeated measures in longitudinal

analysis may lead to biased estimates of the model parameters.

4.2 Random Effects

The variability in the subject-specific intercepts and slopes may not be completely ex-

plained by the covariates in the model but can be solved using random effects (Verbeke

and Molenberghs, 2009). Random effects model helps in accounting for the extra vari-

ability due to individual to individual heterogeneity.

In order to choose the best model for our analysis, the random intercept and slope

model, the random intercept model and the model with no random effects for square

root CD4 count and log viral load data were compared. As illustrated in Table 4.1 and

41



Applications to Longitudinal HIV Bio-marker Data with Genetic Covariate
Information 42

Table 4.2 the random intercept model is the best fitting model for our analysis for the

square root CD4 count and the log viral load data, (AIC=14136.08) and (AIC=7753.59)

respectively.

Table 4.1: Fit criteria for CD4 count comparing random effects

-2logLikelihood AIC BIC

Random Intercept 1737.26 14136.08 14842.37
Random Intercept and Slope 1880.3 15280.39 15986.68
No Random Effects 1971.36 16006.88 16712.08

Table 4.2: Fit criteria for log viral load comparing random effects

-2logLikelihood AIC BIC

Random Intercept 1891.37 7753.59 8402.03
Random Intercept and Slope 1881.9 7791.49 8364.13
No Random effects 1936.33 7969.29 8581.77

4.3 Square Root CD4 Count as the Response

The model (linear mixed model) uses square root CD4 count as the response. A lin-

ear mixed model is a model that contain both the fixed and the random effects term.

Fixed effects are the effects attributable to a finite set of levels of a factor that occur in

the data while random effects are attributable to an infinite level of a factor, of which

only a random sample are allowed to occur in the data (McCulloch, 2006; Verbeke and

Molenberghs, 2005). CD4 count is transformed because square root CD4 count better

approximates the normal distribution compared to the original CD4 count. The inde-

pendent variables to be included in the model are: APOBEC3G, HLA-B*0801, HLA-

B*1510, HLA-B*4201, HLA-B*5801, HLA-B*5802, PPIA1650, PSIPrs12339417, TNPO3,

IL-10(-3575, -1082, -592), gender, time and the two way interactions between the co-

variates. The single nucleotide polymporphisms (APOBEC3G, TNPO3, PPIA1650 and

PSIPrs12339417) have three categories namely: (CC, CG, GG), (AA, AG, GG), (AA, AG,

GG) and (CC, CT, TT) respectively. Interleukin-10(-3575, -592, -1082) also has three

categories each namely: (AA, TA, TT), (AA, AG, GG) and (AA,CA, CC) respectively.

Our objective in this chapter is to come-up with a model that best fits and describes

the data. The best covariance structure is chosen depending on the AICs’ (Akaike Infor-

mation Criterion) for the different models. The model with the smallest AIC is consid-

ered the best. Compound symmetry (CS), spatial exponential (sp(exp)) and Gaussian

(sp(gau)) are some of the covariance structures whose AIC will be compared. Restricted

maximum likelihood method (REML) and maximum likelihood (ML) are the estimation

methods that will be used. The difference in the value of model fit statistics between

REML and ML increases as the number of fixed effects in the model increases. The AIC
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and BIC for REML and ML are different because REML takes into account degrees of

freedom used in estimating fixed effects mean parameters while ML does not.

4.3.1 Covariance Structure

There is a high probability of ending up with a more complicated covariance structure

if the mean structure is not properly chosen. Therefore, its advisable to choose the best

covariance structure. This is because (1) If the chosen covariance structure is simple

then, there would be an increase in the rate of type I error while if it is too complex

then, there would be decrease in power and efficiency (Bentler and Bonett, 1980). To

choose the best covariance structure we fitted a linear mixed model with square root

CD4 count as the response and APOBEC3G, PPIA1650, PSIPrs12339417, TNPO3, all

the HLA-B types, IL-10(-3575), IL-10(-592), IL-10(-1082), time, gender and all the two

way interactions between the covariates as the independent variables. Higher order

interactions were not included to avoid increased model complexity already encountered

by having two way interactions and main effects.

Maximum likelihood (ML) and restricted maximum likelihood method (REML) are the

estimation methods to be used. Independence structure, autoregressive and Toeplitz co-

variance structures were inappropriate for our data because: (1) Independence structure

assumes that repeated measures are uncorrelated which is unrealistic with a longitudinal

study. (2) Toeplitz structure assumes that correlations between equally distant points is

constant which most likely not the case with our study given we had fairly long individual

sequence of observations. (3) Autoregressive structure assumes that the measurements

are equally spaced which is not the case with our study because of miss-timed visits and

missing values which exacerbated the coarseness of the data. We compared the AIC’s

of compound symmetry, spatial Gaussian and spatial exponential covariance structures.

We used AIC instead of the likelihood ratio test because the chosen structures were

unnested within each other and also the likelihood ratio test would not be valid under

REML. Table 4.3 and Table 4.4 gives a summary of logLikelihood, AIC and BIC for

the chosen structures using REML and ML as methods of estimation respectively. As

illustrated in Table 4.3 and Table 4.4, spatial exponential structure is the best covari-

ance structure for our analysis under both REML and ML methods of estimation with

AIC=13,439.24 for REML and 13670.21 for ML.

Table 4.3: Model fit by REML for CD4 count

CS SP(EXP) SP(GAU)

-2logLikelihood 3474.81 3299.81 3349.61
AIC 14138.08 13439.24 13.638.43
BIC 14850.31 14151.46 14350.66
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Table 4.4: Model fit by ML for CD4 count

CS SP(EXP) SP(GAU)

-2logLikelihood 3529.39 3357.55 3349.61
AIC 14357 13670.21 13638.43
BIC 15074.7 14387.36 14350.66

4.3.2 Mean Structure

To come-up with the mean structure, we fitted a full model with maximum likelihood

method as the method of estimation. What happens in this step is, from the Type III

effects terms are continually removed from the model in a systematic manner starting

from the least significant term. The new simple model is then compared to the original

model using likelihood ratio test. The original model is used over the new model if it’s

not significantly different from the new model (p-value>0.05) Bryan (2011). This process

continues and only stops if the remaining terms in the model are all significant. Terms

which are found to be insignificant but their interactions are significant are included back

in the final model Bryan (2011). The final analysis is then done using the best covariance

structure and mean structure. Table 4.5 shows the final model with square root CD4

count as the response, including APOBEC3G, HLA-B types, PPIA1650, PSIPrs12339417,

time, gender, TNPO3, IL-10(-3575, -592, -1082), and the two way interactions between

the covariates.

Table 4.5: Type III tests of fixed effects for the final model with square root CD4
count as the response

numDF denDF F value p-value

(Intercept) 1 2648 20.244391 <.0001
APOBEC3G 2 146 8.395758 0.0004
HLA-B*0801 1 146 0.196582 0.6582
HLA-B*1510 1 146 0.747948 0.3885
HLA-B*4201 2 146 0.378467 0.6856
HLA-B*5801 2 146 3.247277 0.0417
HLA-B*5802 2 146 0.978292 0.3784
PPIA(1650) 2 146 1.982185 0.1415
PSIP(rs12339417) 2 146 2.653502 0.0738
Time 1 2648 5.830202 0.0158
Gender 1 146 3.544032 0.0617
TNPO3 2 146 2.395751 0.0947
IL-10(-3575) 2 146 4.374254 0.0143
IL-10(-592) 2 146 1.155152 0.3179
IL-10(-1082) 2 146 2.272595 0.1067
APOBEC3G:HLA-B*0801 2 146 0.023573 0.9767
APOBEC3G:PSIP(rs12339417) 4 146 3.069618 0.0183
APOBEC3G:gender 2 146 0.720092 0.4884
APOBEC3G:IL-10(-592) 4 146 0.752768 0.5577
APOBEC3G:IL-10(-1082) 4 146 1.333309 0.2603
HLA-B*0801:HLA-B*1510 1 146 10.310074 0.0016
HLA-B*0801:PPIA(1650) 2 146 7.745759 0.0006
HLA-B*0801:PSIP(rs12339417) 2 146 2.311127 0.1028
HLA-B*0801:time 1 2648 0.634662 0.4257
HLA-B*0801:gender 1 146 11.534964 0.0009
HLA-B*0801:TNPO3 2 146 4.641411 0.0111

numDF denDF F value p-value

HLA-B*0801:IL-10(-592) 2 146 7.854490 0.0006
HLA-B*1510:PPIA(1650) 2 146 3.530057 0.0318
HLA-B*1510:PSIP(rs12339417) 2 146 2.553794 0.0813
HLA-B*1510:time 1 2648 0.934748 0.3337
HLA-B*1510:IL-10(-3575) 2 146 0.018580 0.9816
HLA-B*1510:IL-10(-592) 2 146 0.771113 0.4644
HLA-B*1510:IL-10(-1082) 2 146 0.093316 0.9110
HLA-B*5802:time 2 2648 3.802323 0.0224
PPIA(1650):PSIP(rs12339417) 4 146 0.753139 0.5575
PPIA(1650):time 2 2648 1.560449 0.2102
PPIA(1650):IL-10(-592) 4 146 4.105113 0.0035
PPIA(1650):IL-10(-1082) 4 146 1.696247 0.1540
PSIP(rs12339417):gender 2 146 1.719469 0.1828
PSIP(rs12339417):IL-10(-3575) 4 146 2.965596 0.0216
PSIP(rs12339417):IL-10(-592) 4 146 0.447877 0.7738
PSIP(rs12339417):IL-10(-1082) 4 146 2.176684 0.0745
time:TNPO3 2 2648 0.794155 0.4521
time:IL-10(-3575) 2 2648 11.125808 <.0001
time:IL-10(-592) 2 2648 2.660453 0.0701
time:IL-10(-1082) 2 2648 1.991641 0.1367
gender:TNPO3 2 146 1.645871 0.1964
gender:IL-10(-3575) 2 146 2.034496 0.1344
gender:IL-10(-592) 2 146 0.488078 0.6148
gender:IL-10(-1082) 2 146 0.615321 0.5419
TNPO3:IL-10(-3575) 4 146 2.006605 0.0966
TNP03:IL-10(-1082) 4 146 1.313501 0.2677

As indicated in Table 4.5, we see that, at 5% significant level, APOBEC3G (p=0.000),

HLA-B*5801 (p=0.042), time (p=0.016) and IL-10(-3575) (p=0.014) are significantly as-

sociated with mean square root CD4 count. The two way interactions between APOBEC3G

and PSIPrs12339417 (p=0.018), HLA-B*0801 and HLA-B*1510 (p=0.002), HLA-B*0801
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and PPIA1650 (p=0.001), HLA-B*0801 and gender (p=0.001), HLA-B*0801 and IL-

10(-592) (p=0.001), HLA-B*0801 and TNPO3 (p=0.011), PPIA1650 and IL-10(-592)

(p=0.004), PSIPrs12339417 and IL-10(-3575) (p=0.022) and lastly time and IL-10(-3575)

(p<.000) are also significantly associated with mean square root CD4 count. The sig-

nificant two way interaction involving time implies that the slope or increase in mean

square root CD4 count differs per unit time for the different levels of the categorical

factor.

As illustrated in Table 4.6, the reference categories are: gender:female, APOBEC3G:

CC genotype, PPIA1650: AA genotype, PSIPrs12339417: CC genotype, TNPO3: AA

genotype, IL-10(-3575): AA genotype, IL-10(-592): AA genotype and IL-10(-1082): AA

genotype and absent for the HLA-B alleles.

As indicated in Table 4.6 individuals with APOBEC3G (CG) genotype have a mean

square root CD4 count 11.275 units higher compared to those with the CC genotype

(p=0.002). This implies that, APOBEC3G (CG) genotype could be associated with

a slow progression of HIV. The time estimate shows that for every unit increase in

time the mean square root CD4 count decreases by 0.072 units. The two way inter-

action between APOBEC3G and PSIPrs12339417 shows that, the effect of APOBEC3G

depends on the level of PSIPrs12339417 and vice-versa. Individuals with interaction

between APOBEC3G (CG) genotype and PSIPrs12339417 CT genotype have a mean

square root CD4 count 8.227 units lower (p=0.010) compared to those with APOBEC3G

CC genotype interacting with PSIPrs12339417 CC genotype. The interaction between

APOBEC3G (CG) genotype and PSIPrs12339417 TT genotype also showed a decrease in

the mean square root CD4 count by 7.260 units (p=0.024) compared to those individuals

with APOBEC3G CC genotype interacting with PSIPrs12339417 CC genotype.

The interaction between HLA-B*0801 and HLA-B*1510 showed a decrease in the mean

square root CD4 count by 26.292 units (p=0.014) compared to those without. The in-

teraction between HLA-B*0801 and PPIA1650 shows that, the effect of HLA-B*0801

depends on the level of PPIA1650 and vice-versa. Individuals who experienced an in-

teraction between HLA-B*0801 and PPIA1650 AG genotype showed a decrease in the

mean square root CD4 count by 11.723 units (p=0.006). The interaction between HLA-

B*0801 and gender showed that, the presence of the HLA-B*0801 allele in males lead

to decrease in the mean square root CD4 count by 17.074 units (p=0.010). Therefore,

HLA-B*0801 allele in males could be associated with a fast progression of HIV. The in-

teraction between HLA-B*0801 allele and TNPO3 shows that, the effect of HLA-B*0801

depends on the level of TNPO3 and vice-versa. Interaction between HLA-B*0801 and

TNPO3 AG genotype showed a decrease in the mean square root CD4 count by 11.830

units (p=0.020). The interaction between HLA-B*0801 allele and IL-10(-592) show that
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the effect of HLA-B*0801 depends on the level of IL-10(-592) and vice-versa. The inter-

action between HLA-B*0801 allele and IL-10(-592) CA genotype showed an increase in

the mean square root CD4 count by 13.533 units (p=0.030).

Interaction between HLA-B*1510 and PPIA1650 show that the effect of HLA-B*1510

depends on the level of PPIA1650 and vice-versa. Individuals with HLA-B*1510 inter-

acting with PPIA1650 GG genotype showed an increase in the mean square root CD4

count by 6.814 units ( p=0.036). Absence of HLA-B*5802 allele with time showed a

decrease in the mean square root CD4 count by 0.233 units (p=0.001). Interaction

between PSIPrs12339417 and IL-10(-3575) shows that, the effect of PSIPrs12339417 de-

pends on the level of IL-10(-3575) and vice-versa. Individuals with interaction between

PSIPrs12339417 CT genotype and IL-10(-3575) TT genotype showed an increase in the

mean square root CD4 count by 16.133 units (p=0.048). The interaction between IL-

10(-592) CA genotype with time showed an increase in the mean square root CD4 count

by 0.044 units (p=0.031). This implies that as time elapsed individuals with IL-10(-592)

CA genotype are likely to progress to HIV at a slower rate compared to those with

IL-10(-592) AA genotype.

4.3.3 Diagnostic Analysis of the Model with Random Intercept Term

The histogram on Figure 4.1 indicates normality for the data. The quantile-quantile

plots shows some slight but systematic and symmetrical deviation from a straight line.

Suggesting that, the random intercept model is appropriate for our analysis.

Figure 4.1: Model diagnostics for square root CD4 count as the response
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4.4 Log Viral Load

The same procedure used to analyse square root CD4 count was used to analyse the log

viral load.

4.4.1 Covariance Structure

To identify the best covariance structure, we used the full model with log viral load

as the response. Gender, time, HLA-B types, SNPs (APOBEC3G, TNPO3, PPIA1650,

PSIPrs12339417, IL-10(-592, -1082, -3575) and the two way interactions as the covariates.

We compared the AIC between spatial exponential, spatial Gaussian and compound

symmetry covariance structures. Restricted maximum likelihood method (REML) and

maximum likelihood (ML) were the estimation methods used. We identified spatial expo-

nential covariance structure as the best covariance structure for our data (AIC=7297.81)

with maximum likelihood method as the method of estimation. See Table 4.9 and Table

4.10.

4.4.2 Mean Structure

The same procedure used to determine the mean structure for square root CD4 count was

applied to determine the mean structure for the log viral load. The mean structure was

chosen using the Type III tests for fixed effects. The final mean structure model includes:

APOBEC3G, all HLA-B types, PPIA1650, PSIPrs12339417, time, gender, TNPO3, IL-

10(-3575), IL-10(-592), IL-10(-1082) and the two way interactions between the covariates.

See Table 4.11.

It can be seen from Table 4.11 that, at 5% level of significance APOBEC3G (p=0.060),

time (p=< .000), gender (p=0.006) and IL-10(-592) (p=0.001) are significantly asso-

ciated with log viral load. The two way interactions between APOBEC3G and HLA-

B*0801 (p=0.037), PPIA1650 and PSIPrs12339417 (p=0.045), gender and IL-10(-3575)

(p=0.002) and lastly between gender and IL-10(-592) (p=0.006) are also significantly

associated with log viral load.

As indicated in Table 4.12 gender is observed to be associated with log viral load

(p=0.008). The estimated value (-6.476) shows that, females have a predicted log viral

load that is 6.476 units lower compared to males. This implies that, females possi-

bly progress to AIDS slightly at a lower rate compared to males. Individuals with

APOBEC3G CG genotype have a predicted log viral load which is 2.378 units lower

compared to those with the CC genotype (p=0.041). Individuals with HLA-B*5802 al-

lele have a predicted log viral load of 0.883 units higher compared to those without the
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same allele (p=0.040). Therefore, individuals with the HLA-B*5802 allele could progress

to AIDS faster compared to those without the same allele. Individuals with IL-10(-592)

CA genotype have a predicted log viral load of 5.522 units lower (p=0.000) compared

to those with IL-10(-592) AA genotype. Individuals with IL-10(-592) CC genotype also

have a predicted log viral load of 4.961 units lower (p=0.003) compared to those with

IL-10(-592) AA genotype. Male individuals with APOBEC3G CG genotype have a pre-

dicted log viral load of 2.074 units lower (p=0.021) compared to those without. Implying

that, APOBEC3G (CG) genotype could be a good controller of HIV in males.

The two way interaction between APOBEC3G CG genotype and HLA-B*0801 allele

shows that, the presence of APOBEC3G CG genotype and HLA-B*0801 allele inter-

actions lead to decrease of the predicted log viral load by 2.251 units (p=0.030). The

interaction between PPIA1650 and IL-10(-592) shows that, the effect of PPIA1650 de-

pends on the level of IL-10(-592) and vice-versa. The interaction between PPIA1650

GG genotype and IL-10(-592) CA genotype showed an increase in the predicted log

viral load by 2.543 units (p=0.030) higher compared to those with PPIA1650 AA geno-

type interacting with IL-10(-592) AA genotype. Individuals with interactions between

PSIPrs12339417 and IL-10 (-592) shows that, the effect of PSIPrs12339417 depends on

the level of IL-10(-592). Those individuals with PSIPrs12339417 CT genotype interact-

ing with IL-10(-592) CC genotype have a predicted log viral load of 3.530 units higher

(p=0.020) compared to those with PSIPrs12339417 CC genotype interacting with IL-

10(-592) AA genotype. The interaction between IL-10(-3575) TA genotype and gender

showed that, male individuals with such interactions have a predicted log viral load of

4.362 units higher (p=0.020) compared to the females. The interaction between IL-10(-

3575) TT genotype and gender showed that, male individuals with such interactions

have a predicted log viral load of 6.377 units higher (p=0.001) compared to the females.

Male individuals with IL-10(-592) CA genotype have a predicted log viral load of 3.528

units higher (p=0.007) compared to the females. The individuals who progress to AIDS

faster are referred to as fast progressors while those who progress to AIDS at a lower

rate are referred to as elite controllers.

4.4.3 Diagnostic Analysis for the model Including the Random Inter-

cept Term

The histogram and the quantile-quantile plot for the residuals of the fitted model in

Figure 4.3 shows that, the fitted model is the best for our data. This is because, the

histogram does not show much skewness and the quantile-quantile plot of the residual

only shows a slight deviation from the straight line.
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Figure 4.2: Residual plot
Figure 4.3: QQ and the his-

togram plots for residuals

In this chapter, we started by identifying the best model for our data. We went ahead

and identified the best covariance and mean structures for our data. Then, we fitted the

random intercept model with our chosen covariance and mean structure. We conclude

the chapter by carrying out model diagnostics for our chosen model. We did all these so

as to reaffirm previous studies that have shown that, immuno-genetic factors could play

a role in susceptibility, transmission, progression and even response to antiviral therapy.

Which was illustrated in these chapter from the findings we achieved.

As stated earlier a prevalent and common problem encountered with longitudinal or

repeated measurement studies is that of drop-out or missing values in general. This

problem if not handled properly can lead to biased effect estimates and inference. In

the next chapter we demonstrate the use of multiple imputation as a powerful tool to

deal with this problem.
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Table 4.6: Solution for fixed effects with square root CD4 count as the response

Value Std. Error df t-value p-value

(Intercept) 25.658745 7.611542 2648 3.371031 0.0008
APOBEC3G
CC Ref
CG 11.274612 3.635709 146 3.101077 0.0023
GG 1.404015 6.398505 146 0.219429 0.8266
HLA-B
0801(absent) Ref
0801 -2.492310 7.122443 146 -0.349923 0.7269
1510(absent) Ref
1510 -8.815121 12.724679 146 -0.692758 0.4896
4201(absent) Ref
4201 2.243414 3.304191 146 0.678960 0.4982
5801(absent) Ref
5801 -1.576985 1.431460 146 -1.101662 0.2724
5802(absent) Ref
5802 -0.288599 1.113713 146 -0.259132 0.7959
PPIA(1650)
AA Ref
AG -0.965303 3.967628 146 -0.243295 0.8081
GG 7.431028 5.190007 146 1.431795 0.1543
PSIP(rs12339417)
CC Ref
CT -15.222616 9.217205 146 -1.651544 0.1008
TT -5.223732 8.730656 146 -0.598321 0.5506
time -0.072254 0.031274 2648 -2.310370 0.0209
Gender
Female Ref
Male 14.591454 10.080466 146 1.447498 0.1499
TNPO3
AA Ref
AG -10.616059 6.834190 146 -1.553375 0.1225
GG -12.223412 14.724912 146 0.830118 0.4078
IL-10(-3575)
AA Ref
TA -5.223965 5.523744 146 -0.945729 0.3458
TT -11.729954 6.200654 146 -1.891728 0.0605
IL-10(-592)
AA Ref
CA -2.052666 4.646096 146 -0.441804 0.6593
CC 1.436878 4.863856 146 0.295420 0.7681
IL-10(-1082)
AA Ref
AG -3.701354 3.377718 146 -1.095815 0.2750
GG -8.856794 5.605192 146 -1.580105 0.1162
APOBEC3G:HLA-B*0801
CC:HLA-B*0801(absent) Ref
CG:HLA-B*0801 0.511706 3.844880 146 0.133088 0.8943
GG:HLA-B*0801 0.764798 6.068091 146 0.126036 0.8999
APOBEC3G:PSIP(rs12339417)
CC:CC Ref
CG:CT -8.226570 3.153083 146 -2.609056 0.0100
GG:CT -2.935321 4.318715 146 -0.679675 0.4978
CG:TT -7.259722 3.179098 146 -2.283579 0.0238
GG:TT -0.848703 4.514648 146 -0.187989 0.8511
APOBEC3G:Gender
CC:Female Ref
CG:male -0.988960 2.676843 146 -0.369450 0.7123
GG:male 2.910994 3.580181 146 0.813086 0.4175
APOBEC3G:IL-10(-592)
CC:AA Ref
CG:CA -3.576917 2.691488 146 -1.328974 0.1859
GG:CA -1.014625 6.049333 146 -0.167725 0.8670
CG:CC -2.713960 3.027243 146 -0.896512 0.3715
GG:CC -0.161092 6.574955 146 -0.024501 0.9805
APOBEC3G:IL-10(-1082)
CC:AA Ref
CG:AG -0.671825 1.884822 146 -0.356439 0.7220
GG:AG -1.111505 3.020351 146 -0.368005 0.7134
CG:GG -5.092057 3.122687 146 -1.630665 0.1051
GG:GG -1.023992 8.684694 146 -0.117908 0.9063
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Table 4.7: Solution for fixed effects with square root CD4 count as the response
(Continuation of Table 4.6)

Value Std. Error df t-value p-value

HLA-B*0801:HLA-B*1510
HLA-B*0801:HLA-B*1510(absent) Ref
HLA-B*0801:HLA-B*1510 -26.291995 10.610336 146 -2.477961 0.0144
HLA-B*0801:PPIA(1650)
HLA-B*0801(absent):AA Ref
HLA-B*0801:AG -11.723796 4.210339 146 -2.784525 0.0061
HLA-B*0801:GG -4.245608 5.429383 146 -0.781969 0.4355
HLA-B*0801:PSIP(rs12339417)
HLA-B*0801(absent):CC Ref
HLA-B*0801:CT 6.128774 4.938860 146 1.240929 0.2166
HLA-B*0801:TT 0.639590 5.336409 146 0.119854 0.9048
HLA-B*0801:time -0.010231 0.016853 2648 -0.607109 0.5438
HLA-B*0801:Gender
HLA-B*0801(absent):female Ref
HLA-B*0801:male 17.073820 6.571002 146 2.598359 0.0103
HLA-B*0801:TNPO3(AG)
HLA-B*0801(absent):AA Ref
HLA-B*0801:AG -11.829535 5.027773 146 -2.352838 0.0200
HLA-B*0801:GG -1.069339 9.363622 146 -0.114201 0.9092
HLA-B*0801:IL-10(-592)
HLA-B*0801(absent):AA Ref
HLA-B*0801:CA 13.533450 6.158832 146 2.197405 0.0296
HLA-B*0801:CC 2.660494 7.294973 146 0.364702 0.7159
HLA-B*1510:PPIA(1650)
HLA-B*1510(absent):AA Ref
HLA-B*1510:AG 2.696730 2.847278 146 0.947126 0.3451
HLA-B*1510:GG 6.814130 3.215543 146 2.119123 0.0358
HLA-B*1510:PSIP(rs12339417)
HLA-B*1510(absent):CC Ref
HLA-B*1510:CT 8.577531 5.504864 146 1.558173 0.1214
HLA-B*1510:TT 9.660170 5.503397 146 1.755310 0.0813
HLA-B*1510:time -0.013203 0.015557 2648 -0.848737 0.3961
HLA-B*1510:IL-10(-3575)
HLA-B*1510(absent):AA Ref
HLA-B*1510:TA -1.317443 9.565703 146 -0.137726 0.8906
HLA-B*1510:TT -1.338797 10.108063 146 -0.132448 0.8948
HLA-B*1510:IL-10(-592)
HLA-B*1510(absent):AA Ref
HLA-B*1510:CA 0.325000 5.674339 146 0.057275 0.9544
HLA-B*1510:CC -2.269404 6.307898 146 -0.359772 0.7195
HLA-B*1510:IL-10(-1082)
HLA-B*1510(absent):AA Ref
HLA-B*1510:AG -1.349636 3.400919 146 -0.396844 0.6921
HLA-B*1510:GG -0.965155 7.310386 146 -0.132025 0.8951
HLA-B*5802:time -0.017827 0.017446 2648 -1.021847 0.3069
PPIA(1650):PSIP(rs12339417)
AA:CC Ref
AG:CT -2.057613 2.835491 146 -0.725664 0.4692
GG:CT -2.839094 4.277255 146 -0.663765 0.5079
AG:TT -3.332023 2.849508 146 -1.169333 0.2442
GG:TT -2.459026 4.408811 146 -0.557753 0.5779
PPIA(1650):time
AA:time Ref
AG:time -0.018309 0.012208 2648 -1.499781 0.1338
GG:time -0.016052 0.013046 2648 -1.230452 0.2186
PPIA(1650):IL-10(-592)
AA:AA Ref
AG:CA 6.206435 3.667708 146 1.692183 0.0927
GG:CA -3.696112 3.631227 146 -1.017868 0.3104
AG:CC 2.096196 3.835001 146 0.546596 0.5855
GG:CC -2.710289 3.742090 146 -0.724272 0.4701
PPIA(1650):IL-10(-1082)
AA:AA Ref
AG:AG 0.444817 1.905650 146 0.233420 0.8158
GG:AG -3.391112 2.189075 146 -1.549107 0.1235
AG:GG 2.724601 3.100708 146 0.878703 0.3810
GG:GG 2.817028 7.691356 146 0.366259 0.7147
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Table 4.8: Solution of fixed effects with square root CD4 count as the response
(Continuation of Table 4.6)

Value Std. Error df t-value p-value

PSIP(rs12339417):Gender
PSIP(rs12339417)CC:Female Ref
CT:male 2.287070 3.278342 146 0.697630 0.4865
TT:male -0.822195 3.323050 146 -0.247422 0.8049
PSIP(rs12339417):IL-10(-3575)
CC:AA Ref
CT:TA 9.063041 7.611045 146 1.190775 0.2357
TT:TA 2.493441 6.792622 146 0.367081 0.7141
CT:TT 16.133496 8.100716 146 1.991613 0.0483
TT:TT 5.419592 7.340281 146 0.738336 0.4615
PSIP(rs12339417):IL-10(-592)
CC:AA Ref
CT:CA 2.736245 4.640692 146 0.589620 0.5564
TT:CA 2.573761 4.962902 146 0.518600 0.6048
CT:CC 2.053439 4.894507 146 0.419539 0.6754
TT:CC 0.724341 5.180713 146 0.139815 0.8890
PSIP(rs12339417):IL-10(-1082)
CC:AA Ref
CT:AG 6.039493 3.464668 146 1.743167 0.0834
TT:AG 4.965290 3.373936 146 1.471661 0.1433
CT:GG 10.625176 6.496142 146 1.635613 0.1041
TT:GG 10.361931 5.621231 146 1.843356 0.0673
time:TNPO3
time:AA Ref
time:AG 0.003459 0.012158 2648 0.284532 0.7760
time:GG -0.027272 0.024610 2648 -1.108184 0.2679
time:IL-10(-3575)
time:AA Ref
time:TA -0.028140 0.022702 2648 -1.239535 0.2153
time:TT 0.037050 0.026684 2648 1.388490 0.1651
time:IL-10(-592)
time:AA Ref
time:CA 0.043568 0.020147 2648 2.162554 0.0307
time:CC 0.030721 0.020601 2648 1.491225 0.1360
time:IL-10(-1082)
time:AA Ref
time:AG 0.027772 0.014827 2648 1.873120 0.0612
time:GG 0.034201 0.023104 2648 1.480320 0.1389
Gender:TNPO
Female:AA Ref
male:AG -3.251797 2.387810 146 -1.361833 0.1753
male:GG 1.425966 6.848622 146 0.208212 0.8354
Gender:IL-10(-3575)
Female:AA Ref
male:TA -13.019287 8.871321 146 -1.467570 0.1444
male:TT -11.388263 9.518929 146 -1.196381 0.2335
Gender:IL-10(-592)
Female:AA Ref
male:CA -1.550495 3.310529 146 -0.468353 0.6402
male:CC 0.052177 3.622757 146 0.014403 0.9885
Gender:IL-10(-1082)
Female:AA Ref
male:AG -1.442543 2.902552 146 -0.496991 0.6199
male:GG -4.773543 5.943686 146 -0.803128 0.4232
TNPO:IL-10(-3575)
AA:AA Ref
AG:TA 10.331271 6.132561 146 1.684659 0.0942
GG:TA 3.121368 8.372489 146 0.372812 0.7098
AG:TT 13.053418 6.723517 146 1.941457 0.0541
GG:TT 14.274675 13.199758 146 1.081435 0.2813
TNPO:IL-10(-1082)
AA:AA Ref
AG:AG 0.924407 2.728187 146 0.338836 0.7352
GG:AG -2.951881 6.589517 146 -0.447966 0.6548
AG:GG 3.611688 5.155994 146 0.700483 0.4847
GG:GG 12.799510 13.432964 146 0.952843 0.3422
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Table 4.9: Model fit by REML for log viral load

CS SP(EXP) SP(GAU)

logLikelihood -3782.74 -3538.34 -3600.02
AIC 7793.49 7304.67 7428.04
BIC 8409.43 7920.62 8043.98

Table 4.10: Model fit by ML for log viral load

CS SP(EXP) SP(GAU)

logLikelihood -3773.66 -3534.91 -3592.05
AIC 7775.31 7297.81 7412.09
BIC 8393.72 7921.22 8035.50

Table 4.11: Type III tests of fixed effects for log viral load as the response

numDF denDF F value p-value

(Intercept) 1 1472 36.46782 <.0001
APOBEC3G 2 169 2.86118 0.0600
HLA-B*0801 1 169 2.15296 0.1442
HLA-B*1510 1 169 0.26605 0.6067
HLA-B*4201 2 169 1.86444 0.1582
HLA-B*5801 2 169 1.70658 0.1846
HLA-B*5802 2 169 2.29350 0.1040
PPIA(1650) 2 169 0.30467 0.7378
PSIP(rs12339417) 2 169 0.59322 0.5537
Time 1 1472 17.15192 <.0001
Gender 1 169 7.79243 0.0059
TNPO3 2 169 0.65697 0.5197
IL-10(-3575) 2 169 0.09084 0.9132
IL-10(-592) 2 169 7.05669 0.0011
IL-10(-1082) 2 169 0.08436 0.9191
APOBEC3G:HLA-B*1510 2 169 0.64798 0.5244
APOBEC3G:PSIP(rs12339417) 4 169 1.23555 0.2977
HLA-B*1510:PPIA(1650) 2 169 0.42547 0.6542
APOBEC3G:time 2 1472 0.06022 0.9416
APOBEC3G:gender 2 169 2.91170 0.0571
APOBEC3G:IL-10(-592) 4 169 1.48970 0.2075
APOBEC3G:HLA-B*0801 2 169 3.35556 0.0372
APOBEC3G:IL-10(-1082) 4 169 0.26266 0.9016
HLA-B*0801:HLA-B*1510 1 169 0.16657 0.6837
HLA-B*0801:PPIA(1650) 2 169 0.64119 0.5279
HLA-B*0801:PSIP(rs12339417) 2 169 0.77955 0.4603

numDF denDF F value p-value

HLA-B*0801:time 1 1472 0.01757 0.8946
HLA-B*0801:gender 1 169 0.10700 0.7440
HLA-B*0801:TNPO3 2 169 1.39873 0.2498
HLA-B*0801:IL-10(-592) 2 169 1.33493 0.2659
HLA-B*1510:PSIP(rs12339417) 2 169 1.83939 0.1621
HLA-B*1510:time 1 1472 0.00411 0.9489
HLA-B*1510:gender 1 169 0.11492 0.7350
HLA-B*1510:IL-10(-3575) 2 169 0.12404 0.8834
HLA-B*1510:IL-10(-592) 2 169 0.46556 0.6286
HLA-B*1510:IL-10(-1082) 2 169 0.28991 0.7487
HLA-B*4201:time 2 1472 0.67031 0.5117
HLA-B*5802:time 2 1472 2.59375 0.0751
PPIA(1650):PSIP(rs12339417) 4 169 2.49126 0.0451
PPIA(1650):time 2 1472 1.19791 0.3021
PPIA(1650):IL-10(-592) 4 169 1.65242 0.1634
PPIA(1650):IL-10(-1082) 4 169 0.29824 0.8788
PSIP(rs12339417):IL-10(-592) 4 169 1.70630 0.1508
Time:gender 1 1472 0.78414 0.3760
Time:TNPO3 2 1472 1.30849 0.2705
Time:IL-10(-1082) 2 1472 0.14900 0.8616
Gender:TNPO3 2 169 0.66666 0.5148
Gender:IL-10(-3575) 2 169 6.64257 0.0017
Gender:IL-10(-592) 2 169 5.24481 0.0062
PSIP(rs12339417):IL-10(-1082) 4 169 0.13610 0.9688
PSIP(rs12339417):IL-10(-3575) 4 169 0.55661 0.6945
PSIP(rs12339417):gender 2 169 0.49640 0.6096
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Table 4.12: Solution of fixed effects for final model with log viral load as the response

Value Std. Error df t-value p-value

(Intercept) 14.607412 2.499374 1472 5.844429 0.0000
APOBEC3G
CC Ref
CG -2.377775 1.153450 169 -2.061446 0.0408
GG -3.047504 2.009332 169 -1.516675 0.1312
HLA-B
0801(absent) Ref
0801 3.427881 2.413906 169 1.420056 0.1574
1510(absent) Ref
1510 2.238049 4.483297 169 0.499197 0.6183
4201(absent) Ref
4201 0.615903 0.374142 169 1.646175 0.1016
5801(absent) Ref
5801 0.763442 0.466407 169 1.636857 0.1035
5802(absent) Ref
5802 0.882953 0.426961 169 2.067994 0.0402
PPIA(1650)
AA Ref
AG -0.927312 1.469911 169 -0.630863 0.5290
GG -0.825637 1.618229 169 -0.510210 0.6106
PSIP(rs12339417)
CC Ref
CT -1.909094 2.929346 169 -0.651713 0.5155
TT -2.968520 2.835120 169 -1.047053 0.2966
Time -0.020109 0.005017 1472 -4.008147 0.0001
Gender
Female Ref
male -6.475880 2.397039 169 -2.701616 0.0076
TNPO3
AA Ref
AG -0.066813 0.408128 169 -0.163705 0.8702
GG 1.067490 0.986119 169 1.082517 0.2806
IL-10(-3575)
AA Ref
TA 0.043369 1.775987 169 0.024420 0.9805
TT 0.436763 1.925426 169 0.226840 0.8208
IL-10(-592)
AA Ref
CA -5.521973 1.519090 169 -3.635053 0.0004
CC -4.961327 1.656206 169 -2.995597 0.0032
IL-10(-1082)
AA Ref
AG 0.358637 1.045283 169 0.343101 0.7319
GG 0.597402 1.712726 169 0.348802 0.7277
APOBEC3G(CG):HLA-B*1510
CC:HLA-B*1510(absent) Ref
CG:HLA-B*1510 -0.425754 0.748532 169 -0.568785 0.5703
GG:HLA-B*1510 1.099631 1.596517 169 0.688769 0.4919
APOBEC3G:PSIP(rs12339417)
CC:CC Ref
CG:CT 1.381543 0.928825 169 1.487409 0.1388
GG:CT 0.831081 1.371145 169 0.606122 0.5452
CG:TT 1.136626 0.913026 169 1.244901 0.2149
GG:TT -0.810770 1.424627 169 -0.569110 0.5700
HLA-B*1510:PPIA(1650)
HLA-B*1510(absent):AA Ref
HLA-B*1510:AG -0.069746 0.989719 169 -0.070470 0.9439
HLA-B*1510:GG 0.919938 1.105515 169 0.832135 0.4065
APOBEC3G:time
CC:time Ref
CG:time 0.001202 0.004556 1472 0.263819 0.7920
GG:time 0.002271 0.00871 1472 0.260585 0.7944
APOBEC3G:Gender
CC:Female Ref
CG:male -2.074103 0.889732 169 -2.331155 0.0209
GG:male -0.106324 1.149689 169 -0.092480 0.9264
APOBEC3G:IL-10(-592)
CC:AA Ref
CG:CA CG:CA 1.584637 0.904140 169 1.752645 0.0815
GG:CA 3.152430 1.970033 169 1.600192 0.1114
CG:CC 1.587988 0.969753 169 1.637518 0.1034
GG:CC 3.414311 2.070346 169 1.649150 0.1010



Applications to Longitudinal HIV Bio-marker Data with Genetic Covariate
Information 55

Table 4.13: Solution of fixed effects for final model with log viral load as the response
(Continuation of Table 4.12)

Value Std. Error df t-value p-value

APOBEC3G:HLA-B*0801
CC:HLA-B*0801(absent) Ref
CG:HLA-B*0801 -2.250705 1.024827 169 -2.196180 0.0294
GG:HLA-B*0801 -3.348634 1.842304 169 -1.817634 0.0709
APOBEC3G:IL-10(-1082)
CC:AA Ref
CG:AG -0.306395 0.570990 169 -0.536604 0.5922
GG:AG 0.030661 1.030392 169 0.029757 0.9763
CG:GG 0.088675 0.953315 169 0.093017 0.9260
GG:GG -2.586353 3.247694 169 -0.796366 0.4269
HLA-B*0801:HLA-B*1510
HLA-B*0801(absent):HLA-B*1510(absent) Ref
HLA-B*0801:HLA-B*1510 1.319101 3.339574 169 0.394991 0.6933
HLA-B*0801:PPIA(1650)
HLA-B*0801(absent):AA Ref
HLA-B*0801:AG 1.267345 1.289980 169 0.982454 0.3273
HLA-B*0801:GG 0.298753 1.680725 169 0.177752 0.8591
HLA-B*0801:PSIP(rs12339417)
HLA-B*0801(absent):CC Ref
HLA-B*0801:CT 0.700135 1.309654 169 0.534595 0.5936
HLA-B*0801:TT -0.780332 1.600713 169 -0.487490 0.6265
HLA-B*0801:time
HLA-B*0801(absent):time Ref
HLA-B*0801:time -0.001029 0.008021 1472 -0.128283 0.8979
HLA-B*0801:Gender
HLA-B*0801(absent):Female Ref
HLA-B*0801:male -0.587673 1.856315 169 -0.316581 0.7520
HLA-B*0801:TNPO3(AG)
HLA-B*0801(absent):AA Ref
HLA-B*0801:AG 0.080113 1.349314 169 0.059373 0.9527
HLA-B*0801:GG 3.750799 2.328659 169 1.610712 0.1091
HLA-B*0801:IL-10(-592)
HLA-B*0801(absent):AA Ref
HLA-B*0801:CA -3.566143 2.256565 169 -1.580342 0.1159
HLA-B*0801:CC -2.977862 2.283428 169 -1.304119 0.1940
HLA-B*1510:PSIP(rs12339417)
HLA-B*1510:CC
HLA-B*1510:CT -0.190833 1.675435 169 -0.113901 0.9095
HLA-B*1510:TT -1.517498 1.638582 169 -0.926105 0.3557
HLA-B*1510:time
HLA-B*1510(absent):time Ref
HLA-B*1510:time 0.000403 0.006490 1472 0.062032 0.9505
HLA-B*1510:Gender
HLA-B*1510(absent):Female Ref
HLA-B*1510:male -0.488307 1.488380 169 -0.328079 0.7433
HLA-B*1510:IL-10(-3575)
HLA-B*1510(absent):AA Ref
HLA-B*1510:TA -1.168814 3.435210 169 -0.340245 0.7341
HLA-B*1510:TT -0.737063 3.618228 169 -0.203708 0.8388
HLA-B*1510:IL-10(-592)
HLA-B*1510(absent):AA Ref
HLA-B*1510:CA 0.187646 2.020350 169 0.092878 0.9261
HLA-B*1510:CC 1.116688 2.193627 169 0.509060 0.6114
HLA-B*1510:IL-10(-1082)
HLA-B*1510(absent):AA Ref
HLA-B*1510:AG -0.271911 1.105165 169 -0.246037 0.8060
HLA-B*1510:GG 1.146630 2.195806 169 0.522191 0.6022
HLA-B*4201:time
HLA-B*4201(absent):time Ref
HLA-B*4201:time 0.004725 0.00539 1472 0.876551 0.3809
HLA-B*5802(absent):time Ref
HLA-B*5802:time -0.012001 0.007651 1472 -1.568605 0.1170
PPIA(1650):PSIP(rs12339417)
AA:CC Ref
AG:CT -0.813426 0.986127 169 -0.824869 0.4106
GG:CT -0.500984 1.311488 169 -0.381997 0.7029
AG:TT 1.054753 0.972175 169 1.084941 0.2795
GG:TT 0.153008 1.316095 169 0.116259 0.9076
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Table 4.14: Solution of fixed effects for final model with log viral load as the response
(Continuation of Table 4.12)

Value Std. Error df t-value p-value

PPIA(1650):time
AA:time Ref
AG:time -0.001522 0.005063 1472 -0.300686 0.7637
GG:time -0.008759 0.006026 1472 -1.453587 0.1463
PPIA(1650):IL-10(-592)
AA:AA Ref
AG:CA 1.476154 1.341192 169 1.100628 0.2726
GG:CA 2.542516 1.164745 169 2.182895 0.0304
AG:CC 1.529898 1.411843 169 1.083618 0.2801
GG:CC 1.660356 1.192178 169 1.392708 0.1655
PPIA(1650):IL-10(-1082)
AA:AA Ref
AG:AG -0.214747 0.617114 169 -0.347986 0.7283
GG:AG -0.168968 0.701563 169 -0.240846 0.8100
AG:GG -0.888465 0.990876 169 -0.896646 0.3712
GG:GG 0.135077 1.685572 169 0.080137 0.9362
PSIP(rs12339417):IL-10(-592)
CC:AA Ref
CT:CA 3.529642 1.502736 169 2.348811 0.0200
TT:CA 3.057450 1.589961 169 1.922971 0.0562
CT:CC 2.429424 1.662017 169 1.461732 0.1457
TT:CC 2.111525 1.728410 169 1.221658 0.2235
time:Gender
time:Female Ref
time:male 0.004872 0.005685 1472 0.857007 0.3916
time:TNPO3
time:AA Ref
time:AG 0.008458 0.005403 1472 1.565451 0.1177
time:GG 0.001314 0.011765 1472 0.111683 0.9111
time:IL-10(-1082)
time:AA Ref
time:AG -0.001787 0.004946 1472 -0.361189 0.7180
time:GG 0.001521 0.006283 1472 0.242117 0.8087
Gender:TNPO
Female:AA Ref
male:AG 0.532181 0.748989 169 0.710532 0.4784
male:GG 1.775859 1.970439 169 0.901250 0.3687
Gender:IL-10(-3575)
Female:AA Ref
male:TA 4.361901 1.847788 169 2.360607 0.0194
male:TT 6.376486 1.909731 169 3.338944 0.0010
Gender:IL-10(-592)
male:AA Ref
male:CA 1.642347 1.118443 169 1.468422 0.1438
male:CC 3.528345 1.281586 169 2.753109 0.0065
PSIP(rs12339417):IL-10(-1082)
CC:AA Ref
CT:AG -0.296982 1.117880 169 -0.265665 0.7908
TT:AG -0.007064 1.113044 169 -0.006346 0.9949
CT:GG -0.587812 2.058497 169 -0.285554 0.7756
TT:(-1082)GG -0.811700 1.859279 169 -0.436567 0.6630
PSIP(rs12339417):IL-10(-3575)
CC:AA Ref
CT:TA -0.830969 2.343341 169 -0.354609 0.7233
TT:TA 0.458199 2.080889 169 0.220194 0.8260
CT:TT -1.697710 2.489042 169 -0.682073 0.4961
TT:TT -0.859177 2.276841 169 -0.377355 0.7064
PSIP(rs12339417):Gender
CT:female Ref
CT:male -0.427892 1.133608 169 -0.377460 0.7063
TT:male 0.227230 1.138007 169 0.199673 0.8420



Chapter 5

Dealing with Missing Data using

Log Viral Load as the Response

5.1 Introduction

Drop-out is one of the major challenges encountered in statistical studies mostly with

longitudinal data, regardless of how well they are designed or executed. Our aim in

this chapter is to investigate the influence of drop-out on the evolution of the HIV

Bio-marker, viral load, in a model including selected genetic factors as covariates.

Data are said to be missing if some variables are having no measurement. The missing

pattern is termed monotone if the event that a variable Yj is missing for an individual

implies that all subsequent variables Yk, k > j, are all missing for the individual (Yuan,

2010), and whenever the missing pattern is not monotone then it’s arbitrary.

Drop-outs do lead to serious problems because, most statistical procedures automati-

cally remove cases with missing values leading to loss of information and hence making

the subsequent statistical analysis to be less reliable if the missingness depends on the

outcome of interest, observed or unobserved. Such strategies in standard statistical

practice are problematic because they may cause misleading results by introducing bias

in the analysis. Therefore there is need to deal with this problem.

Missing data in general can be as a result of non-compliance to planned visits by some

individuals who leave the study and thereafter lost to follow-up, sickness, equipment

failure, poor data entry, weather conditions and death among other reasons.

57
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5.2 Drop-out Mechanisms

Different methods have been suggested to deal with drop-out. In this study we review

some of these but a compressive review of these methods is found in Schafer (2003).

Suppose that N individuals are to be observed at n occasions. Then for the ith individual

(i = 1, 2, . . . , N) we can form a (n × 1) vector Yi = (Yi1, . . . , Yin)′, where Yij is the

jth outcome for individual i, which is continuous or discrete depending on the study

problem. However, because of missing values missing intermittently or due to drop out

the actual data is such that an individual i ends up with ni ≤ n observations instead

of exactly n because not all observations were collected as intended. Each individual

has a (ni × p) covariate matrix Xi. The covariates may be both time stationary and

time varying. Now, suppose Ri is a (n× 1) random vector for the ith individual, whose

jth component Rij equals 1 if Yij is fully observed and 0 if not observed. The purpose

of the random vector Ri is to aid in modelling the missingness process. Therefore, the

full data information for the ith individual are given jointly by Yi and Ri, with a joint

distribution that can be expressed as:

fy,r(yi, ri|Xi, θ, γ) = fr(ri|yi, Xi, γ)fy(yi|Xi, θ), (5.1)

where θ and γ are used to parameterize the joint distribution. The “missing data mech-

anism”, fr(ri|yi, Xi, γ) is parametrized by γ while the repeated measurement process

is parametrized by θ. In general, the missing data mechanism can depend on the full

vector of responses, Yi (including possibly unobserved component of Yi ) and the matrix

of covariates Xi. We denote the observed and missing components of Yi by Y o
i and Y m

i

respectively. According to Rubin (1976, 1987) drop-out mechanisms can be classified

into three basic categories:

(1) Missing completely at random (MCAR) which implies that, the missing process

does not depend on Yi expressed as,

P (Ri|Y o
i , Y

m
i , Xi, γ) = P (Ri|Xi, γ)

(2) Missing at random (MAR) implying that, the missingness process depends on the

unobserved response expressed as,

P (Ri|Y o
i , Y

m
i , Xi, γ) = P (Ri|Y o

i , Xi, γ)

and
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(3) Missing not at random (MNAR) which allows the missing process to depend on

the unobserved responses in probability terms expressed as,

P (Ri|Y o
i , Y

m
i , Xi, γ) = P (Ri|Y m

i , Xi, γ).

In the context of likelihood based analysis, an MCAR mechanism is a special case of

MAR, these two mechanisms are referred to as “ignorable”. A mechanism is referred to as

“ignorable” if, the parameters that govern the missing data process are unrelated to the

parameters to be estimated. This implies θ and γ are orthogonal. In contrast, an MNAR

mechanism is often referred to as “non ignorable” because the missingness mechanism is

not independent of the measurement process. That is the orthogonality condition above

fails. Clearly it is easier to handle ignorability compared to non-ignorability. Our focus

in this chapter is to deal with missing data as a result of subject drop-outs assuming

the missing mechanism is MAR. Given the values of the vector Ri take the value 0 or

1 depending on whether the outcome is missing or observed then drop-out variable for

the ith individual can be defined as follows:

Di = 1 +
T∑
t=1

Rit, (5.2)

hence, the model for missing data or drop-out process can be rewritten as:

f(ri|yi, Xi, γ) = P (Di = di|yi, Xi, γ), (5.3)

where di is a realization of the variable Di. From Equation 5.2 we assume that, all

subjects are observed on the first instance so that Di takes values between 2 and (n+1).

The maximum value (n + 1) corresponds to a complete measurement sequence. Using

Equation 5.2, in the case of drop-out missing completely at random (MCAR) the model

reduces to P (Di = di|Yi, Xi, γ) = P (Di = di|Xi, γ) while for drop-out missing at random

(MAR) the model is given by P (Di = di|Yi, Xi, γ) = P (Di = di|Y o
i , Xi, γ) (Ali and

Talukder, 2005).

5.3 Methods of Handling Missing Data

In this section, we discuss some of the approaches developed in the literature to deal

with missing data. These includes: deletion methods; imputation methods; the missing
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data models; weighting methods; and the likelihood based approaches.

5.3.1 Deletion Methods

Deletion methods are techniques which reduces the available data to a dataset with

no missing values. The two main deletion methods are: complete case deletion; and

available case analysis.

Complete Case Deletion

In complete case deletion method, only subjects (individuals) with complete data on all

the variables are analysed while those with incomplete data are dropped from further

analysis.

Advantages of Complete Case Deletion Method

(1) Can be applied for any kind of statistical analysis, from structural equation mod-

elling to log linear analysis.

(2) Do not require any special computation methods.

Disadvantage of Complete Case Deletion Method

(1) It reduces the sample size, which reduces the precision of estimates and therefore

can result into biased results.

Available Case Analysis

Available case analysis methods uses the available information to estimate means and

covariances by incorporating vectors of repeated measures of unequal length in the anal-

ysis. One of the most common methods of available case analysis is the pair-wise deletion

method. In pair-wise deletion method, a covariance (or correlation) matrix is computed

where each element is based on the full number of cases with complete data for each pair

of variables. For example, to compute the covariance structure between two variables

X and Y , we only use the cases with data in both X and Y .
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Advantages of Available Case Analysis Method

(1) It’s more efficient than complete case analysis because it incorporates partial in-

formation obtained from those who are missing.

(2) If the sample size is large, it results into parameter estimates that are consistent

and approximately unbiased.

Disadvantages of Available Case Analysis Method

(1) The sample base changes from variable to variable according to the pattern of

missing. Which posses challenges when it comes to determining the sample size,

degrees of freedom and combining different pieces of information.

(2) This method leads to biased estimates of treatment comparisons if missing data is

not MCAR.

(Nakai and Ke, 2011).

5.3.2 Imputation Methods

Imputation, is the practice of “filling in” missing data with plausible values. There are

two types of imputation (1) Single imputation and (2) Multiple imputation.

Single Imputation

Single imputation involves replacing a missing value with a single imputed value based

on an estimate of the true value of the unobserved variable (Nakai and Ke, 2011). It

is commonly used because it’s easy to analyze once imputation has been done. The

only challenge with this method is, imputing a single value considers that value as

known, therefore without special adjustments single imputation fails to show sampling

variability under one model for non-response or uncertainty about the correct model

for non-response (Nakai and Ke, 2011). The three main common simple imputation

approaches are: the last observation carried forward; mean imputation; and hot-deck

imputation.

The last observation carried forward (LOCF) is one of the most common methods used

in longitudinal analysis. In this method, every missing observation is replaced with the

last observed value from the same subject assuming that the response value remains

unchanged after missing. This is quite unrealistic and only applies when missing data

is due to recovery or cure (Nakai and Ke, 2011).
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The other approach is the mean imputation method. In this method, missing values

are filled with the mean of the observed values. This method assumes that, the mean

of the variable is the best estimate for any observation that has missing value on the

variable. For unbiased estimates, however, the missing values needs to be MCAR. This

method seems easy but can really alter the variable distribution thereafter interfering

with the summary measures. It should be noted that, the distribution of the imputed

values using this method is different from the observed values (Nakai and Ke, 2011).

Finally, the hot-deck imputation is another common single imputation approach. This

method replaces missing values with values from similar responding units in the sample.

The imputed values do not alter the distribution of the sampled values. The only

challenge with this method is, it interferes with correlations and covariances (Nakai and

Ke, 2011).

Multiple Imputation (MI)

This is one of the best methods of dealing with missing values on data sets and has

become popular among social science researchers due to its simplicity and generality

(Peng and Zhu, 2008). The technique involves imputing missing values multiple times

and replacing each missing value with two or more acceptable values (Rubin, 1987).

The MI technique is preferred over other methods because it is more powerful under

MAR and the fact that it accounts for between imputation uncertainty. Some of the

limitations of this method includes: (1) The missing value individuals are allowed to

have varying probability. (2) MI requires a lot of time for the creation of imputations

and analysis of the results (Nakai and Ke, 2011).

Under the MAR setting, MI requires the analyst to specify which variables are to be

used as regressors in the imputation model. The MI inference assumes that the analysis

model is the same as the model used to impute missing values (the imputation model).

Practically, the two models might not be the same (Meng, 1994; Schafer, 1997). The

quality of the imputation model influences the quality of the results from the analysis

model. Therefore, it is advisable to consider the design of the imputation model.

Rubin’s (1987) imputation procedure works in a way that, missing values are filled

multiple times in order to construct multiple complete data sets in three steps namely:

imputation; analysis and pooling. In the imputation stage, each of the missing values is

replaced by M ≥ 2 simulated values. Each of these sets of plausible values can be used

to fill in the missing values and create a complete data set assuming the missing data is

ignorable. In the analysis stage, each of the M complete data sets is then analysed using

standard methods, such as linear mixed models (LMM), generalized linear mixed model

(GLMM), among other methods. The number of imputations (M) need not to be very
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large since, in practice, 3 − 10 imputations often provide satisfactory results (Schafer

and Olsen, 1998). In the third stage, analyses from M complete data sets are combined

for inference using methods that allow for uncertainty in imputation to be taken into

account (Yuan, 2010).

The MI technique uses Y o
i to fill in Y m

i leading to complete data Yi = (Y o
i , Y

m
i ). Suppose

we know the distribution of Y m
i , with parameter vector γ, then we could impute Y m

i by

drawing from the conditional distribution f(Y m
i |Y o

i , γ). However, since γ is unknown, we

estimate it from the observed data yielding γ̂ and use the distribution f(Y m
i |Y o

i , γ̂). Since

γ̂ is a random variable, we must take its variability into account in drawing imputations.

In Bayesian terms, γ is a random variable where the distribution depends on the data.

So, we first obtain the posterior distribution of γ from the data, a distribution which is a

function of γ̂. After formulating the posterior distribution of γ, the following imputation

algorithm can be used: (1) Draw γ∗ from the posterior distribution of γ, f(γ | Xi, Y
o
i ).

We approximate this posterior distribution by the normal distribution. (2) Draw Y m
i

from f(Y m
i | Xi, Y

o
i , γ

∗). (3) Use the complete data Yi and the model to estimate the

parameter of interest (β∗) and its variance (Σ(β∗)) called the within-imputation variance.

The three stages described earlier are repeated independently M times, resulting in β∗k,

Σ(β∗k), k = 1, . . . ,M . Stage 1 and 2 are referred to as the imputation task and stage 3 is

the estimation task. Finally, we combine the estimates obtained after M imputations.

The overall estimated parameter vector is the average of all individual estimates:

β∗ =
1

M

M∑
k=1

β∗k.

We obtain the variance as a weighted sum of the within-imputation variance and the

between-imputation variability:

Σ∗ = W +

(
M + 1

M

)
B, (5.4)

where

W =
1

M

M∑
k=1

Σ(β∗k) (5.5)

is the average of the within-imputation variances and
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B =
1

M − 1

M∑
k=1

(β∗k − β∗)(β∗k − β∗)′ (5.6)

is the between-imputations variance (Little and Rubin, 1987). According to Verbeke

and Molenberghs (2000), γ is an easily estimated set of parameters characterizing the

distribution of Yi. In contrast, β is difficult to estimate in the presence of non-response

and obtaining a correct estimate for the variability is non-trivial. The overall standard

errors are the square roots of the diagonal elements of Σ∗. Confidence intervals are

obtained by taking the overall estimate plus or minus a number of standard errors,

where that number is a quantile of Student’s t-distribution with degrees of freedom

df = (M − 1)

(
1 +

MW

(M + 1)β

)2

. (5.7)

A significance test of the null hypothesis β∗i =0 is performed by comparing the ratio

t = β∗/
√

Σ∗i,i to the same t-distribution. More methods for pooling the results from

multiply imputed data can be found in (Schafer, 1997).

5.3.3 Types of Missing Data Analysis Models

Some of the examples of missing data analysis models includes: (1) Generalized esti-

mation equations (GEE), (2) Weighted generalized estimation equations (WGEE), (3)

Generalized linear mixed models (4) MNAR models among others.

(i) Generalized Estimation Equations (GEE)

Let Pit(β) = E(Yi|Xi, β) be the vector of probabilities of responses for the com-

plete data case, where P1i is the marginal probability of response for the ith subject

(individual) at time point 1 and β is the vector of regression parameters. Partition-

ing P1i into P o1i and Pm1i to denote the observed and the missing part, respectively.

Then, the GEEs is expressed as:

Uβ(β̂) =

N∑
i=1

D̂1i
′ ˆV −11i {Y

o
i − P o1i(β̂)} = 0

as proposed by Liang and Zeger (1986) and Prentice (1988), whereD1i = ∂P o1i(β)/∂β

and V1i is a “working” covariance matrix. The GEE estimate of β and its covari-

ance matrix Y o
i can be obtained using the PROC GENMOD procedure in SAS.
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We should note that, in-case there is missingness of data, the GEE method only

provides consistent estimates of the model parameters under the MCAR assump-

tion. Which is very restrictive in many longitudinal studies for example in clinical

trials (Ali and Talukder, 2005).

(ii) Weighted Generalized Estimation Equations (WGEE)

Fitzmaurice and Laird (2000) came-up with a formulation of the WGEE method

based on the Robins et al. (1995). The estimation equation under this improvement

is given by:

Uβ(β̂) =
N∑
i=1

1

vid
D̂1i
′ ˆV −11i {Y

o
i − P o1i(β̂)} = 0, (5.8)

as a result of modifying

Uβ(β̂) =
N∑
i=1

D̂1i
′ ˆV −11i {Y

o
i − P o1i(β̂)} = 0

where, vid is the probability of drop-out of the ith subject at time d i.e. vid =

pr(Di = d|Yi, Xi, γ). Provided vid are correctly specified, the WGEE method pro-

vides consistent estimates of the model parameters under the MAR mechanism

(Robins et al., 1995). The parameter estimates for Equation 5.8 can also be de-

termined using PROC GENMOD procedure in SAS.

(iii) Generalized Linear Mixed Models (GLMM)

This method was proposed by Fitzmaurice and Laird (2000) as a generalization of

the conditional linear model developed by Wu and Bailey (1989) for dealing with

informative (MNAR) drop-outs. The difference between the model developed by

Wu and Bailey (1989) to that proposed by Fitzmaurice and Laird (2000) is, the

Wu and Bailey model, only handles continuous response variables while the model

proposed by Fitzmaurice and Laird (2000) can be used for both continuous and

discrete cases. Fitzmaurice and Laird (2000) model for Yi conditional on the drop-

out time Di is expressed as:

g(E[Yit|Di, Xit]) = Z ′itβ + Ui,

where g(.) is a known link function, Xit the covariates, Zit is the design vec-

tor which depends on the drop-out time and Ui is a subject specific random ef-

fect. If the data is binary then, g() will be the logit transformation log
(

Pit
1−Pit

)
,

Pit = pr(Yit = 1|Xi, β) = E(Yit|Xi), β. In the GLMM models the aim of sta-

tistical analysis is to estimate the marginal mean of repeated outcomes and the
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comparisons between treatment groups. This marginal means are averaged over

the distribution of drop-out times as shown:

E(Yit|Xit) = µit =

T+1∑
l=2

πlg
−1(Z ′itβ) (5.9)

where, Zit depends on the drop-out patterns and Xit, πl depends on some subset

Xi. The GEE formulation for estimating β in Equation 5.9, so that the model

parameters could be estimated using PROC GENMOD of SAS was described by

Fitzmaurice and Laird (2000). The multinormial probabilities, πl are estimated

by the sample proportional at each drop-out time while the marginal mean at

occasion t is estimated by:

µ̂it =
T+1∑
i=2

π̂lg
−1(Z ′itβ̂). (5.10)

The standard errors of µ̂it and the difference µ̂it − µ̂jt can be obtained using the

δ method. Note, for any function h(β, π), the asymptotic covariance matrix of

N
1
2 [h(β̂, π̂) − h(β, π)] can be approximated by Φ′V Φ′ where Φ is the Jacobian

evaluated at β, π and

V =

(
Vβ̂ 0

0 Vπ̂

)
,

where Vβ̂ denotes the covariance matrix of β̂, an estimate that can be obtained

from the GEE algorithm and Vπ̂ denotes the covariance matrix of π̂ which can be

estimated by 1
n [diag(π̂)− π̂π̂′] (Ali and Talukder, 2005).

(iv) MNAR Models

Data is referred to as non-ignorable if it is MNAR. According to Rubin, the propen-

sity for missing data is a random variable that has a distribution. In practical terms

this implies that, each variable potentially yields a pair of scores: an underlying Y

value that may or may not be observed and a corresponding R value that denotes

whether Y is observed or is missing i.e. R=0 if Y is observed and R=1 if Y is

missing. Under an MNAR mechanism, the data and the probability of missingness

have a joint distribution:

f(Y,R|θ, α),

where f denotes a probability distribution, Y is the outcome variable, R is the

corresponding missing data indicator, θ is a set of parameters that describes the
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distribution of Y and α contains parameters that describe the propensity for miss-

ing data on Y . Collectively, the parameters of the joint distribution dictate the

mutual occurrence of different Y values and missing data (Enders, 2011).

We should note that, an MNAR mechanism requires an analysis model that in-

cludes all parameters of the joint distribution, not just those that are of substantive

interest. Selection and pattern mixture models both incorporate a model for R

into the analysis, but they do so in different ways (Enders, 2011).

(i) Selection Model

Selection model specifies the model for both longitudinal and missing process

simultaneously (Fitzmaurice, 2003). Both models depends on random subject

effects, most or all of which are shared by both models. In the model, the

complete data model is used for the longitudinal response and the probability

of missingness is modelled conditional on the possibly unobserved response.

Let R denote the missingness process variable and Y the longitudinal outcome

variable. The joint distribution of R and Y is given by:

f(R, Y |θ, α) = f(Y |θ)f(R|Y, α), (5.11)

where f(Y |θ) is the distribution of Y in the population, f(R|Y, α) models the

incidence of missing value as a function of Y , θ and α are unknown vector

parameters and both are distinct (Little and Rubin, 1987).

For identification, the set of outcomes is usually restricted in some way. With

this model, identification comes from unverifiable models for the dependence

of the drop-out probabilities on the unobserved response. It is usually dif-

ficult to be able to identify the restrictions that needs to be inserted in the

model. Even though the selection model is easy to formulate, the hypotheses

about drop-out process is computationally intractable because it is difficult to

infer how assumptions on drop-out process translate into assumptions about

distribution of unobserved response (Nakai and Ke, 2011).

(ii) Pattern Mixture Model

The pattern mixture model uses missing value pattern as between subject

variable in the longitudinal model. The main idea behind this model is to

explicitly model the missing data distribution by first identifying different

patterns of missing data and then including parameters in the response model

that capture this effect (Hedeker and Gibbons, 1997) and (Nakai and Ke,

2011). The model is expressed as:
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f(R, Y |ξ, ϕ) = f(Y |R, ξ)f(R|ϕ), (5.12)

where f(Y |R, ξ) denotes the distribution of Y in the strata defined by dif-

ferent patterns of missing data R and f(R|ϕ) models the incidence of the

different patterns. ξ and ϕ are unknown distinct vector parameters. This

method is simple however, it makes an implicit assumptions about distribu-

tion of unobserved response since the missingness process is not immediately

transparent (Nakai and Ke, 2011).

5.3.4 Weighting Methods

The basic idea behind this method is, constructing weights for complete cases in order

to reduce or remove bias. Little and Schenker (1995) illustrates the basic concept of

weighting adjustments in the sample survey setting. Heyting et al. (1992) described the

method as follows, consider a situation where each patient belongs to a subgroup in the

patient population in which all patients have a similar baseline and response profile.

A proportion within each subgroup is destined to complete the clinical trial while the

remainder are designed to drop early. Those “completer” patients with a very low

probability of completing can certainly have an overly strong influence on the results.

Heyting et al. (1992) came up with a particular weighing method where the evaluation

of the mean treatment differences at the end of the study is not only of primary interest

but also easy to explain in nature. Robins et al. (1995) introduced a weighting method

which allows generalized estimation equation (GEE) analyses to be correct under the

MAR assumption. This method can be done in softwares that allows for weights such

as Stata, SUDAAN and SAS. This method is more appropriate with single missing

predictor and becomes difficult to deal with, with multiple missing variables if they are

not monotone (Horton and Kleinman, 2007).

5.3.5 Likelihood Based Approaches

Maximum likelihood method assumes that the missingness is MAR. It is one of the most

recommended techniques because it produces unbiased estimates with both MCAR and

MAR data. The only challenge with this method is, it does lead to biased estimates

when the data is MNAR. The aim of this method is to estimate the parameter of the

joint distribution of the data such as the mean vector and covariance matrix. The joint

distribution is maximized using the Expectation Maximization (EM) algorithm. The

EM algorithm due to Dempster et al. (1977) made it possible to workout ML estimates
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in many missing data problems instead of deleting or filling in incomplete cases. The ML

estimates, considers missing data as random variables to be removed from the likelihood

function as if they were never sampled (Schafer and Graham, 2002). The EM algorithm is

an iterative algorithm that finds the parameters which maximize the log likelihood when

there are missing values. This method capitalizes on the relationship between missing

data and the unknown parameters of a data model (Nakai and Ke, 2011; Nelwamondo

et al., 2007). The only disadvantage of this method is that the rate of convergence can

be very slow, if the missing values are many. Each iteration of EM consists of an E

step (expectation step) and the M step (maximization step). Given a set of parameter

estimates, the E-step calculates the conditional expectation of the complete data log

likelihood given the observed data and the parameter estimates. Let θt be the estimate

of θ. Then,

H(θ|θt) =

∫
g(θ|Y )f(Y R|Y o, θ = θt)dY R, (5.13)

where g(θ|Y ) denotes complete data log likelihood. Given a complete data log likelihood,

the M step finds the parameter estimates to maximize the complete data log likelihood

from E step,

H(θ(t+1)|θt) ≥ H(θ|θt) ∀θ. (5.14)

These two steps ( M and E) only stops when the iteration converges (Nakai and Ke,

2011).

We should not that, EM algorithm is not the only method that can be used to maximize

likelihood for incomplete data. Methods such as Newton-Raphson and Fisher scoring

can also be used.

5.4 Applications of Multiple Imputation Method to the

Sinikithemba Data

5.4.1 Model Formulation

Having described some of the approaches used to deal with missing data, we now employ

one of the methods in the modelling of viral load. We consider the following linear model

for the log viral load for subject i at time j as the response. See model 5.15 below.
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log(V Lij) = β0 + β1APOBEC3G+ β2PSIPrs2339417 + β3TNP03 +

β4PPIA1650 + β5IL− 10(−592) + β6IL− 10(−1082) + β7IL− 10(−3575) +

β8Gender + β9HLA−B ∗ 0801 + β10HLA−B ∗ 5801 + β11HLA−B ∗ 1503 +

β12HLA−B ∗ 5802 + β13HLA−B ∗ 1510 + β14HLA−B ∗ 4201 + εij ,(5.15)

where εij is an unknown independent distributed normal random error, with mean 0 and

variance σ2. This is the same best model arrived in chapter 4 but we ignore interaction

terms since our aim here is to show the potential of MI in handling missing data.

We carried out an application study to investigate the potential influence that drop-

outs might have on the HIV Bio-marker data. This study (Sinikithemba study) consists

of missing observations in the response variable and in some of the covariates. All

the individuals have observed values for all the covariates at time point 1 except for

(APOBEC3G, PSIPrs12339417, TNPO3 and PPIA1650). The missing rates in the co-

variates were: 10.20 %, 11.31%, 28.38% and 12.20% for APOBEC3G, PSIPrs12339417,

TNPO3 and PPIA1650 respectively; while in the response variables the missing rates

were: 43.06% and 60.35% for VL and CD4 count respectively.

Due to these missing observations, the design matrix of covariates X can be split into

two parts, X = (Xo, Xm); where Xo represents the part of the design matrix X with

covariates that are completely observed and Xm is the subset of X with explanatory

variables which have at least one value that is not observed. In this MI application

we distinguished between two scenarios: (1) The missing outcome and (2) The missing

outcome and covariates. In the first instance, we fitted model 5.15 while accounting for

missing values in the outcome ignoring all the missing values in the covariates analysis.

Thereafter, we fitted the same model (5.15) and analysed it taking into account for both

missing outcome (Y m) and missing covariates (Xm) using the MI method.

5.4.2 Inference under MI

MI was conducted using SAS PROC MI to fill in all the missing observations in the

above dataset. The (MI) technique uses Markov Chain Monte Carlo (MCMC) sampling

to draw imputations. We used a burn in of period of 200 iterations, 100 iterations

between each step and five imputations. The defaults of the SAS MI algorithm are

used for the MCMC computations, namely a Jeffreys prior and initial sampler values

from the EM posterior mode was also used. The linear mixed model was then fitted

to each imputed dataset, and thereafter, the results combined for final inference. We

used PROC MIXED to set up effect parameterizations for the class variables as well as
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ODS STATEMENT to create an output datasets that matches PROC MIANALYZE for

combining the estimates from the 5 completed datasets. Thereafter, each dataset that

was produced consisted of 6396 outcomes log(V L) with complete data at all the fourteen

time points. Then we used PROC MIANALYZE to combine the estimates from PROC

MIXED into a single inference.

5.4.3 Imputation model

The imputation model was fitted using all individuals included in the data. The im-

putation model is based on model 5.15 which assumes multivariate normality of the

variables. In the imputation model, the variables that are included in Y o
i should be

those that causes V L to be missing at random. To make the MAR assumption more

plausible as well as improving the accuracy and efficiency of the imputation, we used all

the available data including the outcome variable (V L) as recommended by Van Buuren

et al. (1999) who suggested the following variables to be included in the imputation

model: variables in the analysis model, variables associated with missingness of the

imputed variable, and variables correlated with the imputed variable.

5.4.4 Number of Imputations (M)

After the imputation model had been specified, PROC MI was then applied to generate

M=5 complete datasets. Note that, the choice of M=5 was considered adequate and

the efficiency of the parameter estimate based on imputation given by:

(
1 +

ξ

M
)−1
)
, (5.16)

where ξ is the rate of missing data (Rubin, 1987). Formula 5.16 shows that, the relative

efficiency of the MI inference is related to the missingness rate (ξ) in combination with

the number of imputations (M). The estimated missing data rate (ξ) is ξ = z+2/(df+3)
z+1 ,

where z = (1+M−1)β
W is the relative increase in variance due to non-response. Rubin

(1987) demonstrated using simulations that the number of imputations can be restricted

to less than 10. Many statistical practices tend to support Rubin’s heuristics of (3-10)

imputations. However, Schafer and Olsen (1998); Peng et al. (2007) recommended the

use of M=5 before the results are combined. By, this rationale for the missing outcome

as well as for both missing outcome and covariates models, we achieve at least 93% and

95% efficiency, respectively.
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5.5 Results

Table 5.1 shows the results for our analysis.

5.5.1 Results for Handling Missing Outcome

Table 5.1: Parameter estimates, standard errors and p-values of the covariates before
and after handling drop-outs (interaction terms are not shown)

Incomplete data MI
effect parameters errors p-value parameters errors p-value

intercept 3.7853 0.3745 < 0.0001 3.3157 0.3518 < 0.0001
time -0.0841 0.0070 < 0.0001 -0.0974 0.0059 < 0.0001

APOBEC3G -0.0563 0.0817 0.4907 -0.0237 0.0759 0.7549
PSIP(rs2339417) 0.0993 0.0782 0.2041 0.0585 0.0726 0.4200

TNP03 0.1647 0.1036 0.1121 0.1875 0.0963 0.0518
PPIA(1650) 0.1353 0.0707 0.0562 0.1736 0.0660 0.0086
IL-10(-592) 0.1480 0.0900 0.1004 0.2595 0.0830 0.0018
IL-10(-1082) 0.0604 0.1210 0.6175 0.0467 0.1136 0.6808
IL-10(-3575) 0.0185 0.1384 0.8934 0.2050 0.1271 0.1070

Gender -0.2762 0.1314 0.0357 -0.1149 0.1197 0.0372
HLA-B*0801 0.0336 0.1911 0.8605 0.0242 0.1812 0.8935
HLA-B*5801 0.0769 0.1678 0.6466 0.0374 0.1577 0.8123
HLA-B*1503 -0.0085 0.1383 0.9506 -0.2549 0.1305 0.0509
HLA-B*5802 0.2168 0.1426 0.1286 0.2037 0.1270 0.1090
HLA-B*1510 0.3576 0.1496 0.0169 0.4362 0.1382 0.0016
HLA-B*4201 0.1917 0.1344 0.1538 0.2739 0.1209 0.0235

Table 5.1 shows the results of parameter estimates, standard errors and p values of the

genetic factors on HIV Bio-marker data before and after handling drop-outs in the out-

come variable (log(V L)). Comparing the results obtained from the MI method with

those obtained from the incomplete datasets, we see that, the parameter estimates pro-

duced from the MI method were not much different from those obtained from the original

dataset as observed in IL-10(-592), IL-10(-3575), HLA-B*1503 and HLA-B*4201. How-

ever, the standard errors from the original dataset were generally larger compared to

those from the MI method. The results obtained from the original data analysis were

associated with the inflated standard errors, compared to the results obtained from the

MI method. Inflation of the standard errors as a result of incomplete observations is

caused by the missing observations that tend to create inflated artificial values than

expected. Inflation of the standard errors as a result of incomplete observations is well

explained in (De et al., 2003). The results in general showed that there are systematic

differences in either slope estimates and standard errors.

The analysis in Table 5.1 depicts that, time, gender and HLA-B*1510 effects have signifi-

cant p-values for incomplete and MI method, indicating a rejection of the null hypothesis.

The p−value for gender under MI (0.0372) was slightly higher, compared to that of the
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incomplete data analysis (0.0357). Moreover, both the MI and incomplete data anal-

ysis provide strong evidences of significance for the intercept and time effects as their

p−values was (<0.0001). The MI method produced significant p−values for PPIA1650

and IL-10(-592) effects which was not the case under the incomplete data analysis, show-

ing one of the major challenges of drop-out, as incomplete data may lead to non-rejection

of the null hypothesis than would be the case if the data was complete. For IL-10(-1082)

and HLA-B*5802, the results obtained from the MI method and those obtained from

incomplete dataset were not that different (they were closer to one another). Evidently,

there can be extreme differences between the MI and incomplete original analysis for

the other effects.

5.5.2 Results for Handling Missing Outcome and Covariates

Table 5.2: Parameter estimates, standard errors and p-values of the covariates before
and after handling drop-outs (interaction terms not shown)

Incomplete data MI
effect parameters errors p-value parameters errors p-value

intercept 3.7853 0.3745 < 0.0001 3.8947 0.2761 < 0.0001
time -0.0841 0.0070 < 0.0001 -0.0989 0.0042 < 0.0001

APOBEC3G -0.0563 0.0817 0.4907 -0.0530 0.0579 0.3597
PSIP(rs2339417) 0.0993 0.0782 0.2041 0.0297 0.0555 0.5927

TNP03 0.1647 0.1036 0.1121 0.0896 0.0739 0.2258
PPIA(1650) 0.1353 0.0707 0.0562 0.1677 0.0502 0.0008
IL-10(-592) 0.1480 0.0900 0.1004 0.1672 0.0626 0.0077
IL-10(-1082) 0.0604 0.1210 0.6175 0.0843 0.0879 0.3374
IL-10(-3575) 0.0185 0.1384 0.8934 0.1157 0.0976 0.2363

Gender -0.2762 0.1314 0.0357 -0.0904 0.0927 0.0329
HLA-B*0801 0.0336 0.1911 0.8605 0.0495 0.1325 0.7081
HLA-B*5801 0.0769 0.1678 0.6466 0.2082 0.1261 0.0988
HLA-B*1503 -0.0085 0.1383 0.9506 -0.1213 0.0999 0.2251
HLA-B*5802 0.2168 0.1426 0.1286 0.3303 0.0993 0.0009
HLA-B*1510 0.3576 0.1496 0.0169 0.0.1731 0.1082 0.1097
HLA-B*4201 0.1917 0.1344 0.1538 0.1700 0.0910 0.0620

Table 5.2 gives the results for parameter estimates, standard errors and p-values of the

genetic factors on HIV Bio-marker data for handling missing values in the outcome and

the covariates. From Table 5.2 we can clearly see that, the results obtained from the MI

method are much different from those obtained from analysing the incomplete datasets.

The difference in magnitude for TNPO3, IL-10(-3575), gender, HLA-B*5801, HLA-

B*1503 and HLA-B*1510 were a lot in-terms of parameter estimates compared to those

obtained from incomplete datasets. However, the difference was not that large for other

covariates. Just as observed in Table 5.1, the standard errors associated with the MI

method were much lower compared to those obtained from the incomplete dataset. These

were much lower than the standard errors shown in Table 5.1 for handling only missing
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outcome. Indicating that, missing values can lead to inefficient results if missingness is

not accounted for in both the outcome and the covariates.

Looking at the p−values in Table 5.2, we can clearly see that the MI method produced

statistically different p−values (though not always), except for few exceptions where the

the MI method produced the same results as those given by the incomplete dataset i.e.

for the intercept, time and gender. In these cases, the p−values were less than 0.05 and

would result into a rejection of the null hypothesis at the 5% significance level. From

Table 5.2 we can see that, the MI method gave non-significant p−value for HLA-B*1510,

which was not the case as shown in Table 5.1. This indicates that, the difference is likely

to be as a result of correcting for missing values in both the outcome and covariates.

The p−values for PPIA1650 and IL-10(-592) effects were highly significant under the MI

method. However, they were non-significant under the incomplete data results. Which

is expected as both effects have missing measurements for some individuals.

In this chapter, we defined drop-out, some of it’s cause, the pattern it can take, it’s

mechanisms and some of the techniques of dealing with it. We should note that, there

are several other strategies that can be used to deal with incomplete longitudinal data

with continuous outcome under ignorability assumption, valid under MAR assumption;

however, the scope of this chapter is limited to application of only MI method. For

instance, the direct likelihood approach which makes use of the observed data without

the need of deletion or imputation, the EM algorithm by Dempster et al. (1977) which

is an alternative method to use for handling incomplete longitudinal data, as well as

the mixed effects model repeated measures analysis (MMRM) by Mallinckrodt et al.

(2001) which is a particular form of a linear mixed model fitted within direct likelihood

analysis.

We concentrated more on the use of multiple imputation (MI) method for handling

incomplete longitudinal count data due to drop-out. Comparing the results obtained

from LOCF to those obtained from MI would have been a good idea, since it would

have highlighted some of the strengths of MI, but this was not the scope of our study

and that is why we also did not apply GEE to our data. We illustrated the application

and compared results of analysis based on the original dataset with those based on

the MI method using a longitudinal clinical trial data from the Sinikithemba study.

MI was selected for its solid foundation on the MAR drop-out mechanism and being

that it can be applied in longitudinal studies. Our objective for the chapter was to

investigate the influence of drop-out on the evolution of HIV Bio-marker (log viral load)

in a model including genetic factors as covariates. We wanted to see whether missingness

of information has an effect on statistical analysis and inference. For this reason, we did

not consider all the HIV Bio-markers (VL and CD4 count) available in the Sinikithemba
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study but only used the data with log viral load as the response so see whether drop-

out has an influence on statistical analysis and inference. We investigated the influence

on inference that might be caused on the data by the drop-out process. The results

from the incomplete dataset were found to be analogous to those from the MI method.

Therefore, missingness has an effect on statistical analysis and inference. The next

chapter is a summary of the whole dissertation.



Chapter 6

Conclusion

Since the discovery of AIDS among the gay men in 1981 in the United States of Amer-

ica. It has became a major world pandemic with over 40 million infected world wide.

Numerous studies have been carried out to understand the pathogenesis and the dy-

namics of this deadly disease but, still its pathogenesis is poorly understood. Further

understanding of the disease is still needed so as to reduce the rate of its acquisition.

Researchers have atleast come-up with statistical and mathematical models which help

in understanding and predicting the progression of the disease better so as to find ways

in which its acquisition can be prevented and controlled.

In this dissertation, we used the longitudinal clinical trial data from the Sinikithemba

study at Nelson Mandela Medical School, University of Kwazulu Natal in Durban to

bring out the effects and contribution of the immuno genetic factors (HLA types, SNPs

and IL-10) in the disease pathogenesis using HIV Bio-markers as indicators for HIV

progression. The study cohort consisted of 451 HIV naive individuals of which 79.06 %

were females and 20.4 % were males. The individuals in the study were followed after

every three and six months for their CD count and viral load to be measured respectively.

They were counselled, guided and referred to the government medical sector for ARV

initiation as per the national guidance given by South African government whenever

their CD4 count fell below 350 cells for more conservative visits. They were also advised

to start on highly active antiretroviral therapy (HAART) once their CD4 count fell below

200 cells.

We plotted the graphs for the males and females for their CD4 count and viral load

data respectively. From the two graphs, we could easily see that, the behaviour patterns

in males and females for the CD4 count and viral load data were similar, except for

some few outliers. The original CD4 count and the viral load data failed to satisfy the

normality distribution assumptions. Therefore, there was need to perform transforma-

tions on the CD4 count and viral load data. Square root CD4 count and log viral load

76
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were considered the best for our further analysis after performing a transformation. We

also performed Kruskal-Wallis rank sum test to see whether there existed any relation-

ship or variability between the different HLA subtypes alleles, and found there was.

We calculated allele frequencies for IL-10(-592, -1082 and -3575) and for the SNPs (

PPIA1650, PSIPrs12339417, TNPO3 and APOBEC3G) to identify the major and minor

alleles and also checked whether the alleles were in Hardy Weinberg Equilibrium (HWE).

The Kruskal-Wallis test between the median CD4 count and the various IL-10 showed

no significance even with the pairwise comparison test using wilcoxon test. For the viral

load data, there was no observable significance for Kruskal-Wallis test but pairwise com-

parison test using wilcoxon test showed some significance for IL-10(-3575)“AA”,“TA”

genotypes.

We identified linear mixed model as the most appropriate model for our study since the

study involved missing values, inconsistent timed observations and incomplete data with

random intercept model as the best model for our analysis. Indicating that there were

a lot of variability among the individuals due to individual to individual heterogeneity.

We identified spatial exponential structure as the best covariance structure for log viral

load and square root CD4 count data with ML and REML as the estimation methods,

respectively. We fitted a random intercept model with our best covariance and mean

structure and found that, individuals with APOBEC3G (CG) genotype have a signif-

icantly high mean square root CD4 count and a low log viral load compared to those

with the CC genotype. Implying that, APOBEC3G (CG) genotype could be a good

controller of HIV. Individuals with HLA-B*0801 allele and HLA-B*1510 allele have a

significantly low mean square root CD4 count compared to those without the two alle-

les. Therefore, HLA-B*0801 and HLA-B*1510 alleles were possibly associated with fast

progression of HIV-1. Reaffirming previous studies carried out by Turnbull et al. (2006)

which showed that, HLA-B*0801 allele could be associated with fast HIV-1 progression

in its acute phase.

Individuals with interactions between APOBEC3G (CG) genotype and PSIPrs12339417

CT genotype, APOBEC3G (CG) genotype and PSIPrs12339417 TT genotype, HLA-

B*0801 allele and PPIA1650 AG genotype and lastly HLA-B*0801 allele and TNPO3

(AG) genotype have a significantly low mean square root CD4 count. Male individuals

having HLA-B*0801 showed a significantly low mean square root CD4 count. Indi-

cating that, HLA-B*0801 allele in males could be associated with fast progression of

HIV-1. Individuals with interactions between HLA-B*0801 allele and IL-10(-592) CA

genotype, HLA-B*1510 allele and PPIA1650 GG genotype, PSIPrs12339417 CT geno-

type and IL-10(-3575) TT genotype have a significantly high mean square root CD4

count and therefore such genetic factors are possibly considered as relative controllers of

HIV-1. Individuals with IL-10(-592) CA genotype with time showed a significantly high
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mean square root CD4 count and a low mean log viral load implying that IL-10(-592)

CA genotype could be a good controller of HIV. Gender was significantly associated

with low log viral load. Showing that, females possibly progress to HIV at a slower rate

compared to males. Reaffirming previous studies carried out by Farzadegan et al. (1998)

which showed that, HIV-1 viral load was substantially lower in women than in men at

a common threshold of CD4 cell count.

Individuals with HLA-B*5802 allele were found to be significantly associated with a high

log viral load. Therefore, HLA-B*5802 allele could be associated with a fast progression

of HIV-1. Male individuals with APOBEC3G CG genotype have a significantly low

mean log viral load. Therefore, there was a possibility that they progressed to HIV-1

at a slower rate. Individuals with APOBEC3G CG genotype and HLA-B*0801 allele

have a significantly low log viral load. Implying that, individuals with such genetic

factors possibly progress to HIV-1 slightly slower. Those individuals with PPIA1650

GG genotype and IL-10(-592) CA genotype have a significantly high mean log viral

load. Therefore, they possibly progressed to HIV-1 at a faster rate. Male individuals

with the IL-10(-3575) TA and IL-10(-592) CA genotype have a significantly high mean

log viral load. Indicating that, they could progress to HIV faster. Reaffirming previous

studies carried out by Shin et al. (2000) which showed that, individuals with the -592A

promoter allele were possibly associated to progression of HIV-1.

Drop-out is one of the major challenges commonly encountered by longitudinal studies,

regardless of how well they are designed and executed. In the Sinikithemba study,

the outcome V L and CD4 count and some covariates ( APOBEC3G, PSIPrs12339417,

TNPO3 and PPIA1650) contained drop-outs may be as a result of non-response by some

individuals who leave the study and thereafter lost to follow-up, sickness, equipment

failure, poor data entry, weather conditions and death among others.

In this dissertation, we assumed the missing mechanism was MAR, since its the most

plausible and used the MI method in our analysis since it prevents the reduction of the

sample size, helps in avoiding biased estimates and also appears to be the most attractive

and powerful technique for handling drop-out in longitudinal studies. We illustrated the

application and compared results of analysis of parameter estimates, standard errors

and p-values based on the original dataset with those based on the MI method using a

longitudinal clinical trial data from the Sinikithemba study with the log viral load as

the response. Our aim was to investigate the influence of drop-out on the evolution of

HIV-Bio marker, in a model including genetic factors as covariates.

We dealt with two scenarios: (1) Missing outcome and (2) Missing outcome and covari-

ates. Investigating the influence on inference that might be caused on the data as a result

of drop-out. In the first instance, we observed that, the parameter estimates associated

with the MI method were different from those obtained from the original incomplete
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dataset. The standard errors from the incomplete dataset were generally larger com-

pared to those obtained from the MI method. This was because, the results obtained

from the incomplete datasets were associated with the inflated standard errors. The

same scenario was observed when we handled the missing outcome and covariates. The

parameter estimates obtained from the MI method were much different from those ob-

tained from the incomplete datasets. Just as observed earlier when dealing with missing

outcome, the parameter estimates were much smaller in size compared to those obtained

from the incomplete dataset. Indicating that, there exists extreme difference between

the results obtained from the original datasets and those obtained from the MI method.

Suggesting that, missing values can lead to inefficient results if not accounted for. Based

on the application results we reached the following conclusions:

(i) Findings in general suggested that the conclusions obtained under both analyses

for the HIV Bio-markers data practically were not in agreement as they lead to

different results. Indicating that, drop-outs have a substantial impact on HIV

Bio-markers data. Therefore, the need to address drop-outs problems in order

to avoid biased results. We need to note that, there is no universal technique

for handling all the drop-out situations, however, there are some rules that can be

considered. In this dissertation, we focussed more on the MI method, as this study

pays attention to modern procedures that can be useful under most circumstances

in missing data problems. There are other ways of dealing with drop-outs i.e.

Expectation Maximization (EM) algorithm Dempster et al. (1977) however, we

used the MI method for our study. Furthermore, since drop-out processes are

often unverifiable, one of the recommendation in many settings is to apply multiple

strategies or models, such as selection and pattern mixture models to the same HIV

Bio-markers data in order to investigate the impact of assumption on drop-out.

(ii) In this dissertation we emphasized on the MAR missingness mechanism because

it is the most plausible assumption, as the MCAR assumption is not easy to jus-

tify in that, it is restrictive to generally hold (Molenberghs and Kenward, 2007).

MNAR modelling techniques can also be used to deal with non-random drop-out

by explicitly modelling the assumption that caused the drop-out and incorporating

this additional complexity into the model. Here, we agreed that it’s impossible to

distinguish which underlying missingness mechanisms are in play, unless one knows

the motivation for and individual dropping out. This problem is discussed further

in Molenberghs et al. (2008), they show that a formal distinction between MAR

and MNAR is not possible. This is because for any MNAR model there exists

an MAR model that fits the data equally well, but they differ in the prediction

of what is unobserved. Hence, it is broadly agreed that, the role of such MNAR
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model is in sensitivity analysis; that is, if the assumptions are changed, the con-

clusions from the primary (typically MAR) analysis are also changed. According

to Molenberghs and Verbeke (2005), sensitivity analysis is defined as an analysis

in which several statistical models are considered simultaneously under different

missing data scenarios.

(iii) The major conclusion drawn from our study was that, there is need to obtain

further insight into the HIV Bio-markers data by comparing various models in

the presence of drop-out. Knowing the reasons why some of the HIV Bio-markers

data are missing is also helpful and very important in choosing the right statistical

procedures to approximate missingness.

Therefore, we conclude our dissertation by saying that, missingness of data poses a very

serious challenge in longitudinal studies that needs to be accounted for. This is because,

it can lead to inappropriate statistical inference and analysis. Hence, we conclude by

suggesting that, there is need also to compare various sensitivity analysis frameworks,

shared parameters, selection and pattern mixtures models.



Linear Mixed Models

********************Random Intercept Model for Square Root CD4 count*********************

Table 1: Linear mixed effects model fit by REML, Data: pp0x

AIC BIC) logLik

13439.24 14151.46 -6599.618

Random effects: Formula: 1|PID (Intercept) Residual StdDev: 4.383928 2.694175

Correlation Structure: Exponential spatial correlation Formula: 1|PID Parameter esti-

mate(s): range 1.74549

Fixed effects: sqrt(CD) = apobec + HLA-B*0801 + HLA-B*1510 + HLA-B*4201 +

HLA-B*5801 + HLA-B*5802 + PPIA(1650) + PSIP(rs12339417) + time + Gender

+ TNPO3 + IL-10(-3575) + IL-10(-592) + IL-10(-1082) + APOBEC3G:HLA-B*0801

+ APOBEC3G:PSIP(rs12339417) + APOBEC3G:Gender + APOBEC3G:IL-10(-592)

+ APOBEC3G:IL-10(-1082) + HLA-B*0801:HLA-B*1510 + HLA-B*0801:PPIA(1650)

+ HLA-B*0801:PSIP(rs12339417) + HLA-B*0801:time + HLA-B*0801:Gender + HLA-

B*0801:TNPO3 + HLA-B*0801:IL-10(-592) + HLA-B*1510:PPIA(1650) + HLA-B*1510:PSIP(rs12339417)

+ HLA-B*1510:time + HLA-B*1510:IL-10(-3575) + HLA-B*1510:IL-10(-592) + HLA-

B*1510:IL-10(-1082) + HLA-B*5802:time + PPIA(1650):PSIP(rs12339417) + PPIA(1650):time

+ PPIA(1650):IL-10(-592) + PPIA(1650):IL-10(-1082) + PSIP(rs12339417):Gender +

PSIP(rs12339417):IL-10(-3575) + PSIP(rs12339417):IL-10(-592) + PSIP(rs12339417):IL-

10(-1082) + time:TNPO3 + time:IL-10(-3575) + time:IL-10(-592) + time:IL-10(-1082)

+ Gender:TNPO3 + Gender:IL-10(-3575) + Gender:IL-10(-592) + Gender:IL-10(-1082)

+ TNPO3:IL-10(-3575) + TNPO3:IL-10(-1082)

******************Random Intercept Model for Log Viral Load*************************************************

Table 2: Linear mixed effects model fit by ML, Data: bbn

AIC BIC) logLik

7297.807 7921.218 -3534.904

Random effects: Formula: 1 |PID (Intercept) Residual StdDev: 0.0003518797 2.258973
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Correlation Structure: Exponential spatial correlation Formula: 1|PID Parameter esti-

mate(s): range 2.17669

Fixed effects: log(VL) =APOBEC3G + HLA-B*0801 + HLA-B*1510 + HLA-B*4201

+ HLA-B*5801 + HLA-B*5802 + PPIA(1650) + PSIP(rs12339417) + time + Gender

+ TNPO3 + IL-10(-3575) + IL-10(-592) + IL-10(-1082) + APOBEC3G:HLA-B*1510 +

APOBEC3G:PSIP(rs12339417) + HLA-B*1510:PPIA(rs12339417)+ APOBEC3G:time

+ APOBEC3G:Gender + APOBEC3G:IL-10(-592) + APOBEC3G:HLA-B*0801 + APOBEC3G:IL-

10(-1082) + HLA-B*0801:HLA-B*1510 + HLA-B*0801:PPIA(1650) + HLA-B*0801:PSIP(rs12339417)

+ HLA-B*0801:time + HLA-B*0801:Gender + HLA-B.0801:TNPO3 + HLA-B*0801:IL-

10(-592) + HLA-B*1510:PSIP(rs12339417) + HLA-B*1510:time + HLA-B*1510:Gender

+ HLA-B*1510:IL-10(-3575) + HLA-B*1510:IL-10(-592) + HLA-B*1510:IL-10(-1082)

+ HLA-B*4201:time + HLA-B*5802:time + PPIA(1650):PSIP(rs12339417) +:time +

PPIA(rs12339417):IL-10(-592) + PPIA(1650):IL-10(-1082) + PSIP(rs12339417):IL-10(-

592) + time:Gender + time:TNPO3 + time:IL-10(-1082) + Gender:TNPO3 + Gender:IL-

10(-3575) + Gender:IL-10(-592)+ PSIP(rs12339417):IL-10(-1082) + PSIP(rs12339417):IL-

10(3575) + PSIP(rs12339417):Gender
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