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Glossary

AIDS : Commonly refers to the advanced stage of HIV illness, when the CD4 cells count falls

under 200.

Ambulatory : An individual able to perform activities for daily living.

ART : A class of drugs which inhibit the activity of retroviruses such as HIV. ART involves

lifelong treatment.

ARV : Refers to drugs used against retroviruses, commonly anti-HIV drugs.

Bedridden : An individual unable to perform activities of daily living.

CD4 : A receptor on the surface of cells that HIV attaches to. The cells involved in cell-

mediated immunity known as T-lymphocytes have the CD4 marker. Other cells, including

some in the brain have the same marker and are the targets of HIV. Higher is healthier.

CD4 cell : A type of white blood cell that fights infection. Also known as T-helper cells.

CD4 count : Represents the count of the cells with CD4 receptor in circulation. That is, the

number of CD4 cells per microliter (µL) of blood.

HAART : Treatment with a combination of at least three different ARVs, such as differ-

ent association of protease inhibitors (PI), non-nucleoside reverse transcriptase inhibitors

(NNRTI) and nucleoside reverse transcriptase inhibitors (NRTI).

HIV : Refers to the human immunodeficiency virus, the virus that causes AIDS. There are

two different types HIV-1 and HIV-2. HIV-1 is responsible for the vast majority of HIV

infections globally.

WHO clinical stages of AIDS : Classification of the stages of HIV-associated clinical disease

where stage I indicates asymptomatic disease, stage II indicates mild disease, stage III

indicates advanced disease and stage IV indicates severe disease.

Working : An individual able to perform usual work in and out of the house, harvest, go to

school for children, normal activities or playing.
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Abstract

A Joint Modeling of Longitudinal and Survival data with Application to

HIV-Infected Patients under HAART Follow-up

Despite tremendous progress in the control of the global HIV epidemic, the burden of HIV is

still severe in Sub-Saharan Africa. Longitudinal and survival data frequently observed together

in practice and useful for analysis of HIV related data. The separate analyses of longitudinal

and survival endpoints may not be adequate and could lead to inefficient estimation or biased

results. Joint modeling approaches correct for this bias by accounting for the association between

the two responses. The main purpose of this study was to jointly model and analyze longitu-

dinal and survival endpoints with application to retrospective cohort data of 469 HIV-infected

patients under HAART follow-up in Mekelle General Hospital, Tigray, Ethiopia. The analysis

consists of exploratory data analysis and fitting three different models namely; a linear mixed

effects model for the longitudinal data, a semi-parametric survival model for the time-to-event

data and a joint modeling of the two responses via shared random-effects approach. The results

of both the separate and joint analyses are consistent. However, the use of a joint analysis

compared to independent models shows a reduction in the standard errors which indicates that

more adequate and efficient inferences can be made by using joint model estimates. The esti-

mated association parameter (α) in the joint model is -0.138 (with 95% CI: -0.196 − -0.079)

and statistically significant (p − value < 0.0001). This indicates that there is strong evidence

of association between the effect of the longitudinal biomarker to the risk of death. The results

indicates that higher initial values of CD4 cells is associated with a better survival. Further-

more, patients with lower initial weight, being male, late WHO clinical stage, being ambulatory

and bedridden were associated with higher risk of death. Future extension of this research could

possibly be to account for missing data and attempt should be given to health workers and data

clerks working with patients under HAART to improve the quality of the data records of patients.

Keywords : HAART, HIV/AIDS Data, Joint Modeling, Longitudinal Data Analysis, Survival

Data Analysis
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Chapter 1

Introduction

1.1 Background of the Study

Human immunodeficiency virus (HIV) is the virus that causes HIV infection. HIV attacks and

destroys the infection-fighting CD4+ T lymphocyte cells (hereafter referred to as CD4 cells) of

the immune system. Acquired immune deficiency syndrome (AIDS) is the final stage of HIV

infection. Since the first cases of what is now known as AIDS were reported back in 1981, an

entire generation has grown up under the constant cloud of this modern day plague and the

virus has infected people of all ages, sexes, races and income status, leading to poor health

and socio-economic outcomes across the world (Moore, 2011). According to the 2016 UNAIDS

report, there were 36.7 million people living with the HIV across the globe at the end of 2015.

Africa, Asia and Latin America were the major continents affected by the disease. Africa,

and particularly Sub-Saharan Africa, has the most serious HIV/AIDS epidemic in the world,

and is home for 76% of the global morbidity and 75% of the global mortality (Wang et al., 2016

as cited in Gesesew et al., 2017). In 2015, an estimated 19 million people were living with HIV,

of whom women accounts for more than half the total number of people living with HIV. In

the same year, there were an estimated 960,000 new HIV infections and 470,000 AIDS-related

deaths. South Africa has the biggest and most highest profile of HIV epidemic in the world,

with an estimated seven million people living with HIV in 2015. In the same year, there were

380,000 new infections while 180,000 South Africans died from AIDS-related illnesses (UNAIDS,

2016).
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Ethiopia is one of the few countries with the highest number of people living with HIV/AIDS.

Based on a single point estimate, there were nearly 1.2 million people living with HIV/AIDS in

Ethiopia. Recent evidences show that HIV infection has significantly decreased over the years in

the country. In 2015, Ethiopia had 39,140 new HIV infections, 786,040 people living with HIV,

and 28,650 HIV/AIDS deaths (Wang et al., 2016 as cited in Gesesew et al., 2017). However, the

prevalence and incidence rates significantly vary between geographical areas and gender. Across

all the regions, urban areas are more affected than rural ones, while females are more affected

than male population by the HIV epidemic.

In Tigray, the region where our study was conducted, the prevalence of the disease was es-

timated at about 3.1% in 2010 (urban areas up to 15% in females and 11.6% in males) and 1.3%

rural (National Factsheet, 2010). In 2012, the Federal HIV/AIDS Prevention and Control Office

(HAPCO) estimated that there were about 56, 900 HIV positive individuals in the region. HIV

prevalence in Tigray varies widely across zones from 0.4% (Central zone) to 2.2% (Western)

HAPCO and USAID, Tigray Health Bureau (2012) as cited in (Melaku and Zeleke, 2014).

The goal of antiretroviral (ARV) treatment is to decrease the morbidity and mortality that

is generally associated with HIV infection. Antiretroviral therapy (ART) is a treatment for peo-

ple infected with HIV using anti-HIV drugs. The standard treatment for patients infected with

HIV is referred to as highly active antiretroviral therapy (HAART).

HAART generally consists of three or more different medications usually from at least two

different classes, such as two nucleoside reverse transcriptase inhibitors (NRTIs) and a protease

inhibitor (PI), a non-nucleoside reverse transcriptase inhibitor (NNRTI) or other such combina-

tions. The U.S. Department of Health and Human Services (HHS) provides guidelines on the

use of HIV medicines and also recommend starting ART with a regimen that includes three

HIV medicines from at least two different drug classes (HHS, 2011). This treatment has led to

a substantial reduction in mortality and disease progression to AIDS by increasing CD4 cells.

Currently available treatment can’t cure HIV infection, but it can help people infected with

HIV live longer, healthier lives. ARV treatment is the best option for long lasting viral sup-

pression and, subsequently, for reduction of morbidity and mortality. Moreover, HAART stops
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viral replication, allowing for CD4 cells reconstitution and delay in the onset of AIDS and the

otherwise fatal course of HIV/AIDS (Palella et al., 2006). But, the critical issue to the success of

HAART is retention to the treatment regimen as HAART is a lifelong commitment that requires

patients to diligently adhere to daily medication, dosing schedules protocol that often involves

coordination of dietary intake and make regular clinic visits for care (Ickovics and Meade, 2002).

With the advent of the HAART, individuals living with HIV/AIDS are expected to live ever

longer and slower progression to AIDS had been observed in many studies . As of June 2016,

18.2 million people living with HIV were accessing ART globally, up from 15.8 million in June

2015, 7.5 million in 2010, and less than one million in 2000 (UNAIDS, 2016). Although more

and more people now have access to HIV treatment, there is still a long way to go. Only 60% of

all people living with HIV know their HIV status whereas the remaining 40% (over 14 million

people living with HIV) deserves to get antiretroviral treatment. Furthermore, despite tremen-

dous progress in the control of the global HIV epidemic during the past decade, still there is a

need to address critical gaps in prevention, testing and treatment services.

One of the main interest in HIV clinical research is the CD4 cells progression and survival of pa-

tients who receive HAART. Thus, statistical analyses and modeling have greatly contributed to

understand the relationship between trends in a CD4 lymphocyte cells as a biomarker of disease

progression and time to death of a patient under HAART follow-up. They also provide guidance

for the treatment of AIDS patients and evaluation of HAART that can yield important insight

into the mechanisms of disease progression of HIV-infection by modeling disease evolution.

Therefore, this research work was undertaken against the above background and explores the

factors that have strong association with the longitudinal measures and the survival experience

of HIV-infected patients who started HAART in Mekelle General Hospital, Tigray, Ethiopia.

1.2 Statement of the Problem

Although many advances have been made in the way HIV/AIDS is identified and treated, the

burden of HIV is particularly severe in Sub-Saharan Africa. In many clinical studies, longitudi-

nal data and survival data are frequently observed together in practice. A typical example of this
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setting is HIV clinical trials, from which CD4 cells count as a biomarker of disease progression

are regularly measured repeatedly at different time points and time-to-event of a patient (e.g.

death) is recorded under HAART follow-up. For most HIV/AIDS clinical trials, longitudinal

and survival data have been usually analysed considering time-to-event data (survival outcome)

or repeated measurements (longitudinal outcome) separately (Fitzmaurice et al., 2004).

These include linear mixed effects models for longitudinal data and parametric survival mod-

els or semi-parametric (Cox) proportional hazards models for survival data on the spread of

HIV/AIDS in a given population. However, the uses of separate analysis of longitudinal variable

which is correlated with patient health status and survival endpoint (either with the subject’s

status as well as the possibility of study dropout) may not be adequate and can lead to inefficient

estimation or biased results because they fail to take into account the association between the

two components of the data (Lim et al., 2013).

In a situation, where both outcomes are observed in one subject, separate modeling does not

take into account the dependence between the two types of responses. In order to overcome this

problem, a powerful method is a joint modeling (JM) of longitudinal and survival data. The JM

approach was introduced to address statistical issues that cannot be handled in separate analysis

of longitudinal and survival data. It is generally behaved that when association between the two

processes exists, less biased and more efficient inferences will be obtained by using joint model

(Guo and Carlin, 2004).

Therefore, it is usually recommended to jointly model repeated measurements and time-to-event

data altogether via shared random effects to account for the dependence between longitudinal

and survival components on the same subject and any available covariates. This approach en-

ables researchers to make the most efficient use of all data and identify effects of variables after

correctly controlling the interplay among these processes.
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1.3 Objectives of the Study

1.3.1 General Objective

The main purpose of this study was to jointly model and analyze longitudinal and survival

endpoints with application to HIV-infected patients under HAART follow-up based on a retro-

spective cohort data records of Mekelle General Hospital, Tigray, Ethiopia.

1.3.2 Specific Objectives

In the light of this major objective, the specific objectives of the study were:

X To estimate effects of baseline covariates on longitudinal and survival endpoints.

X To examine the association between longitudinal biomarkers and survival event of interest.

X To demonstrate the advantage of joint model analysis techniques to the data.

1.4 Significance of the Study

Nowadays, there is increased medical interest in personalized medicine. As a result, joint mod-

els have been utilized to provide individualized predictions (Dimitris et al., 2014). Within this

context, our study was conducted based on a retrospective cohort data from Hospital records

at Mekelle General Hospital consisting of patients under HAART follow-up. In many medical

studies, longitudinal biomarkers and the event time of interest are collected simultaneously in

order to explore their association. One main interest of these studies is to detect any impact of

longitudinal CD4 cells count and treatments on the time to death.

The study was aimed at applied aspects of the joint modeling framework, and specifically, to

examine whether different features of the longitudinal processes would change significantly the

prediction for the events of interest by considering different types of association structures. That

is, this study is important to understand how the repeated biomarker (CD4+ lymphocyte cells

count) and the risk of event (survival time-to-death) outcomes are linked.

The outcome of this study would also provide information for public health practitioners and

stakeholders who are working in the areas of giving care, support and treatment for HIV/AIDS

patients by modeling disease evolution to understand HIV/AIDS prognosis and treatment effects
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in HIV/AIDS.

Therefore, this study was designed to identify additional factors that affect CD4 cells progression

and the survival time of HIV-infected patients after initiation of HAART as a case study in a

governmental Hospital based on a retrospective cohort data records at Mekelle General Hospital,

Tigray, Ethiopia.

1.5 Scope of the Study

The study was conducted in Mekelle General Hospital, Tigray regional state, which is 783kms

away from the capital city of Ethiopia, Addis Ababa, in North Ethiopia. The area is located

at 13o 32′ North latitude and 39o 28′ East longitude, with an elevation of 2084 meters above

sea level. Tigray region has an estimated total population of 4, 664, 071, of which 2, 367, 032 are

females. More than 80% of the population is estimated to be rural inhabitants (CSA, 2007).

Mekelle General Hospital is a governmental hospital in Mekelle which is one of the 14 hospitals in

Tigray Regional state. The hospital serves as a referral hospital for nearby lower level hospitals

and health centers. The hospital provides clinical care for patients infected with HIV/AIDS free

of charge since March 2005. The hospital is under the Tigray Administration Health Bureau

and gets technical and financial support from government and nongovernmental organizations

such as International Training and Education Center for Health (I-TECH), the United States

Agency for International Development (USAID), and others.
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Chapter 2

Literature Review

2.1 Overview of HAART

HIV infection remains a global health problem of unprecedented dimensions, although the de-

velopment of ART and mainly HAART in 1995 has changed the epidemiology of opportunistic

infection and has significantly modified the course of HIV disease into a manageable chronic dis-

ease with longer survival and improved quality of life by decreasing the mortality and morbidity

of HIV-infected subjects (Mataftsi et al., 2011). Without ART, most HIV-infected individuals

will eventually develop progressive immunodeficiency marked by CD4 T lymphocyte (CD4) cells

depletion and leading to AIDS-defining illnesses and premature death.

The therapeutic benefits of ART are often limited by long-term toxicities and evolution of drug-

resistant virus. In resource-rich countries, HIV treatment is monitored routinely with laboratory

measures such as blood chemistry, HIV viral load, and CD4 cells count for early detection of side

effects of medications and drug-resistant virus. Due to the lack of accessible and affordable lab-

oratory services, routine laboratory monitoring is not feasible in most resource-limited countries

like Ethiopia (Barry et al., 2013). Without laboratory monitoring, many patients may experi-

ence prolonged virologic failure and develop drug resistance mutations, which could ultimately

limit second-line treatment options, increase morbidity, mortality and increase transmission of

resistant viruses in the population (Sawe and McIntyre, 2009).

The World Health Organization (WHO) recommends CD4 cells count monitoring every six

months and viral load testing only when the capacity exists. However, the quality and access to
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CD4 cells count tests and viral load measurements vary in resource-limited settings, even where

they are recommended in local treatment guidelines, because of inadequate resources. This is

going to become even more challenging as treatment programs are rolled out from big hospitals

in urban centers to primary health care facilities in the rural areas that are closer to the patients

for initiation and continued care of stable patients on treatment (Geretti et al., 2008).

2.2 Empirical Literature

Joint models for longitudinal and time-to-event data are increasingly used to assess relation-

ships between serial measurements of one or several markers and time-to-event of interest. Joint

models were introduced during the 90s (Faucett and Thomas, 1996; Wulfsohn and Tsiatis, 1997

as cited in Neuhaus et al., 2009) and since then have been applied to a great variety of studies

in epidemiological and biomedical areas. In turn, these studies have fed a wide methodological

research on the subject, with models focused on event times, longitudinal patterns, or both.

The early development of joint models for longitudinal and survival data was largely moti-

vated by data from HIV/AIDS clinical trials that were designed to evaluate the therapeutic

effects of treatments on the development of AIDS or death, where CD4+ lymphocyte cells count

and viral loads were used as markers for disease escalation. These articles include (Wang and

Taylor, 2001; Brown et al., 2005; Chi and Ibrahim, 2007) among others.

The two different approaches for joint models of longitudinal and time-to-event data are: the

shared random-effect models and the joint latent class models. The difference between them de-

pends on the parametrization of the joint likelihood of the longitudinal and survival processes;

and the research interest. However, the popular approach in joint modeling of longitudinal

and survival data is the one based on shared random effects, where the longitudinal model and

survival model share common random effects and these random effects then induce correlation

between the longitudinal and survival components of the model (Zhang et al., 2016). In this

case, longitudinal data and survival data are considered to be independent conditional on the

random effects and observed covariates.

An excellent overview of the development of joint models is made by (Tsiatis and Davidian,
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2004). The author’s focus on models for the longitudinal process and the hazard for the time-to-

event that depend jointly on shared, underlying random effects. As demonstrated in this article,

the joint model leads to correction of potential biases for enhanced efficiency. Andrinopoulou,

(2014) following on the previous discussion, under the joint modelling of longitudinal and survival

data to optimally utilize the relationship between repeated aortic valve function measurements

and time-to-death or time-to-re operation and found a model is more realistic from a biological

point of view compared to the time-dependent Cox models due to the fact that they explicitly

assume that biomarkers evolve smoothly over time and do not remain constant between visits.

As Henderson et al., (2000) noted, joint modeling is a flexible methodology for handling com-

bined longitudinal and event history data. But when the association parameter between the

longitudinal and survival data is not significant, the joint model analysis should have the same

results as would be obtained from separate analyses for each component. Joint modelling is a

valuable technique not only in its efficient use of all available data and its ability to obtain accu-

rate inference, but it is highly recommended when survival time and longitudinal measurements

have the same clinical meaning. It is especially applicable to problems involving biomarkers

where the focus is on using longitudinal measurements to improve prediction of survival prog-

nosis. If survival time and longitudinal measurements have a different clinical meaning or are

not comparable, joint modeling is not appropriate because the result may lead to the conclusion

that a covariate effect with worse survival is superior (Finkelstein and Schoenfeld, 1999 as cited

in Lim et al., 2013).

While not yet considered a standard modeling technique in most areas of application, joint

models for longitudinal and time-to-event data have been the topic of numerous research pub-

lications and several excellent review papers. Accordingly, Ibrahim et al., (2010) provided a

non-technical description of an application of joint modeling techniques for a cancer clinical trial

with a quality of life outcome and noted the following advantages of joint modeling in clinical

trials:

1. They provide more efficient estimates of the treatment effects on the time-to-event,

2. They provide more efficient estimates of the treatment effects of the longitudinal marker,

and
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3. They reduce bias in the estimates of the overall treatment effect, that is, the treatment

effect on survival and the longitudinal marker. Therefore, a less biased estimate leads to

a more accurate estimate of the treatment effect.

Martins et al., (2010) aimed to study the relationship of CD4+ lymphocyte cells count (lon-

gitudinal outcome) with time to death (survival outcome) in predicting the median survival

time of HIV/AIDS patients in Brazil, and they showed that the Bayesian joint model presents

considerable improvements in the median survival time distributions when compared with those

obtained through longitudinal and survival models separately.

Rizopoulos, (2010) proposed a joint model where the time-to-event process is of main inter-

est and influenced by a longitudinal time-dependent covariate measured with error and made a

great contribution facilitating the use of the joint modeling methodology by developing the JM

R packages for the shared-effects modeling approaches.

Philipson et al., (2012) developed a shared random effects joint models where the focus is on

both survival and longitudinal processes, with normality assumptions on the random effects.

Vonesh et al., 2006 addressed the need of jointly modeling analysis for the longitudinal repeated

biomarker measurements, usually a linear mixed effects model, jointly with the survival sub-

model of a time-to-event process with informative censoring time.

A study that included 1,259 adult (>18 years age) HIV/AIDS patients who were undertak-

ing Antiretroviral Therapy in the ART centre of Dr. Ram Manohar Lohia Hospital, New Delhi,

India, gave a proper platform to study situations where the association of longitudinal data with

the time-to-event has utmost importance. So, a fitted joint model to simultaneously study the

longitudinal repeated measures on CD4+ cells count and the time-to-event (event being defined

as loss to follow-up) process of HIV/AIDS patients under ART treatment should be preferred

over separate models for longitudinal and survival data analysis (Gurprit et al., 2015).

Recently, (Aboma and Teshome, 2016) used data from Jimma University Specialized Hospi-

tal, South West of Ethiopia and jointly modelled the longitudinal CD4 cells count and weight

measurements of HIV/TB co-infected patients, and found that sex, educational level and func-

tional status were the factors contributing to the prediction of HIV/TB co-infected patients
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weight at baseline among other variables included in the study from the joint model.

Seid et al., (2014) also, fitted a joint model of the longitudinal CD4 cells count and the de-

fault time processes and linked them using unobserved random effects through the use of a

shared parameter model. They concluded that the results of both the separate and joint analy-

ses are consistent. However, they suggested that the joint model is the simplest model compared

to the separate model as its effective number of parameters is smaller.

Similarly, based on secondary data collected from 354 HIV/AIDS patients with ages 16 years

and older (Gemeda et al., 2015) employed separate and joint statistical models in the Bayesian

framework for longitudinal measurements and time to death event data of HIV/AIDS patients

at Shashemene Referral Hospital, Ethiopia. The results of both the separate and joint analyses

were consistent. However, the final joint model was found to be simpler (less complex) model

than the separate models.

In the circumstances discussed above, a joint model is desirable over separate models or even

over the time-dependent Cox model, to understand the association between the longitudinal and

the time-to-event processes. Joint modeling can be perceived to be a sophisticated and complex

approach in terms of estimation, however, its superiority comes from its ability to model the

longitudinal repeated biomarkers measurements and the survival processes together while also

taking into account the association between them (Gurprit et al., 2015).

Therefore, joint models of longitudinal and survival data (Rizopoulos, 2012) represent a power-

ful statistical tool capable of capturing the association between longitudinal and survival time

data. Specifically, they incorporate all information simultaneously and provide valid and effi-

cient inferences. That is, joint models for longitudinal and time-to-event data are models that

bring these two data types together (simultaneously) into a single model so that one can infer

the dependence and association between the longitudinal biomarker and time-to-event to better

assess the effect of a treatment or confounding variables.
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Chapter 3

Data and Methodology

3.1 Description of Data

The data used for this study were obtained from a retrospective cohort study based on HAART

electronic data base and from the review of patient charts at Mekelle General Hospital, Tigray,

Ethiopia. The study population consists of all HIV+ patients who were 16 years old and older,

and started the HAART treatment between 1st January 2009 to 31st December 2011. People aged

under 15 years at seroconversion were excluded from all analyses as the definition of AIDS differs

in children. Both the longitudinal and survival data were extracted from the patient’s register

which contains socio-demographic characteristics, baseline clinical, and laboratory measurement

information of all patients under follow-up from the selected hospital records.

3.2 Variables in the Study

Variables considered in this study were selected based on related studies conducted at Shashemene

Referral Hospital, Ethiopia (Gemeda et al., 2015), Jimma University Specialized Hospital, South

West of Ethiopia (Seid et al., 2014) and other related literatures.

3.2.1 Response Variables

The two response (outcome) variables considered for this study are the longitudinal CD4 cells

count and the survival outcome. The number of CD4 cells count per mm3 of blood, which is

considered as a biomarker, was measured approximately every six months irrespective of their

visit to ART centres whereas the survival outcome is time in months to death from HIV/AIDS
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and death was defined as confirmed deaths from medical records.

3.2.2 Predictor Variables

The predictor (independent) covariates comprise baseline demographic and socio-economic vari-

ables, and were presented in the Table 3.1 together with their descriptions.

Table 3.1: Predictors used in the Separate and Joint Analysis of the HIV/AIDS Data

No. Variable Description
1 Observation time The time points at which the CD4 cells count was recorded
2 Baseline Age in years Indicating patients age at enrollment
3 Sex of patients Female, Male
4 Functional Status Ambulatory, Bedridden, Working
5 WHO clinical stage Stage I, Stage II, Stage III, Stage IV
6 Baseline Weight Patient’s weight in kilograms at enrollment
7 Baseline Regimen Type AZT+3TC+NVP or EFV, d4T+3TC+EFV or NVP, Others

3.3 Methodology

The analysis consists of exploratory data analysis, and three different models namely; a linear

mixed effects model for the longitudinal data, the Cox proportional-hazards model for the time-

to-event data and a joint modeling of them altogether. Analyses were conducted using SAS

version 9.4 and R version 3.3.3 statistical software packages. Statistical decision was made

at 5% level of significance.

3.3.1 Data Exploration

Exploratory data analysis (EDA) was conducted in order to investigate various associations,

structures and patterns exhibited in the data set. This consists of obtaining the summary statis-

tics such as frequencies and percentages in a particular group. In addition, the individual profile

plots, mean structure, correlation structure and variance structure plots were obtained in order

to gain some insights of the data (Verbeke and Molenberghs, 2000).

The individual profile plots and the variance structure were used to gain insight of the vari-

ability in the data and to determine whether random effects (random intercepts and slopes)

were to be considered in the analysis. The mean structure was used to gain intuition on the
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time function that can be used to model the data. Furthermore, the Kaplan-Meier Estimator

was used to estimate and graph survival probabilities as a function of time. Also, it was used to

obtain univariate descriptive statistics for the survival data, including the median survival time,

and compare the survival experience for two or more different groups of patients.

3.4 Statistical Models

3.4.1 Longitudinal Sub-model

Longitudinal responses may arise in two common situations. One is when the measurements are

taken on the same subject at different times (i.e., when multiple observations are made on the

same subject or unit of analysis over time) and the other is when the measurements are taken on

related subjects. In both cases, the responses are likely to be correlated (Laird and Ware, 1982).

For longitudinal data, two sources of variations are considered. These are the within-subject

which arises during the measurements within each subject, and between subject variation which

arises during the measurement between different subjects. Modeling within subject variations

help us to study changes overtime while modeling between subject variation help us to under-

stand differences between subjects.

A standard modeling framework for the analysis of longitudinal data is the mixed-effects model.

A mixed model is one that contains both fixed and random effects. The fixed effects part of

the model represents the mean response, while the random effects part represents the individ-

ual level responses. Linear mixed models (LMM) may be expressed in different but equivalent

forms. For the continuous case, the LMM provide a general and flexible modeling framework

where subject-specific random effects, assumed to follow a normal distribution, are included to

account for the correlation (Laird and Ware, 1982; Verbeke and Molenberghs, 2000).

Let β denote a p × 1 vector of unknown population coefficients for the fixed effects and Xi

be a known ni × p design matrix values of the fixed predictors linking β to set of longitudinal

measurements yi. Let bi denote a k × 1 vector of unobservable individual random effects and

Zi be a known ni × k design matrix values of the random factors linking bi to yi, and εi is the

ni × 1 vector of unknown random errors. Then against this background, the general LMM for
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the longitudinal endpoint has the form:

yi = Xiβ + Zibi + εi, (3.4.1)
bi ∼ N(0,D)

εi ∼ N(0,
∑

i)

b1, ...,bn , and ε1, ..., εn are independent

where yi is the ni× 1 response vector for observations in the ith subjects and εi is distributed as

N(0,
∑

i) is a vector of residuals components, combining measurement error and serial correla-

tion. The bi are distributed as N(0, D), independently of each other and of the within-subjects

residuals εi. That is, cov(bi, εi) = 0. Furthermore,
∑

i=δ
2Ini is the ni × ni positive-definite

variance-covariance matrix for the errors in subject i, where Ini denotes the ni × ni identity

matrix.

Marginally, the vector yi is normally distributed with mean Xiβ and variance-covariance matrix

of Vi = ZiDZT
i +δ2Ini. Here D is a k×k positive-definite covariance matrix for random effects.

Conditional on bi,yi is normally distributed with mean Xiβ+Zibi and with variance-covariance

matrix
∑

i. It can also be rewritten as: yi|bi ∼ N(Xiβ + Zibi,
∑

i). That is, given the random

effects bi, the dependent variable yi is normally distributed with variance-covariance structure.

Covariance Structures

A model for the covariance must be chosen on the basis of some assumed model for the mean

response. In order to reduce the number of parameters in the variance-covariance structure∑
, we can fit models with more parsimonious structures. The following are commonly used∑
’s among others: Independent (IND), Compound symmetry (CS), Heterogeneous compound

symmetry (CSH), First-order autoregressive (AR(1)), and Unstructured (UN). These often lead

to more efficient inferences for the mean parameters, and particularly useful when many repeated

measurements are taken per subject (Fares, 2016).
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Independent (IND)

The simplest covariance structure is the IND structure, where the within-subject error correlation

is zero.

∑
=



σ2 0 0 . . . 0

0 σ2 0 . . . 0

0 0 σ2 . . . 0
...

...
...

. . .
...

0 0 0 . . . σ2


= σ2



1 0 0 . . . 0

0 1 0 . . . 0

0 0 1 . . . 0
...

...
...

. . .
...

0 0 0 . . . 1


Compound symmetry (CS)

The covariance structure with the simplest correlation model is the CS structure. It assumes that

the correlation is constant regardless of the distance between the time points. The corresponding

correlation model is

∑
=



σ2 σ2ρ σ2ρ . . . σ2ρ

σ2ρ σ2 σ2ρ . . . σ2ρ

σ2ρ σ2ρ σ2 . . . σ2ρ
...

...
...

. . .
...

σ2ρ σ2ρ σ2ρ . . . σ2


= σ2



1 ρ ρ . . . ρ

ρ 1 ρ . . . ρ

ρ ρ 1 . . . ρ
...

...
...

. . .
...

ρ ρ ρ . . . 1


Heterogenous compound symmetry (CSH)

This structure has non-constant variance and constant correlation. The general form of this

covariance structure for each subject is as follows:

∑
=



σ2
1 σ2σ1ρ σ3σ1ρ . . . σnσ1ρ

σ2σ1ρ σ2
2 σ3σ2ρ . . . σnσ2ρ

σ3σ1ρ σ3σ2ρ σ2
3 . . . σnσ3ρ

...
...

...
. . .

...

σnσ1ρ σnσ2ρ σnσ3ρ . . . σ2
n


First Order Autoregressive (AR(1))

The AR(1) structure is often used to fit models to data sets with equally spaced longitudinal

observations on the same units of analysis. This structure implies that observations closer to
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each other in time exhibit higher correlation than observations farther apart in time (Brady et

al., 2007). The general form of the
∑

i matrix for this covariance structure is as follows:

∑
=



σ2 σ2ρ σ2ρ2 . . . σ2ρn−1

σ2ρ σ2 σ2ρ . . . σ2ρn−2

σ2ρ2 σ2ρ σ2 . . . σ2ρn−3

...
...

...
. . .

...

σ2ρn−1 σ2ρn−2 σ2ρn−3 . . . σ2


= σ2



1 ρ ρ2 . . . ρn−1

ρ 1 ρ . . . ρn−2

ρ2 ρ 1 . . . ρn−3

...
...

...
. . .

...

ρn−1 ρn−2 ρn−3 . . . 1


The AR(1) is a special case of the Toeplitz covariance structure and is useful for modeling first

order temporal autocorrelation structure.

Unstructured (UN)

The most complex covariance structure is UN covariance because it is estimating unique cor-

relations within-subject errors for each pair of time interval. It adds a significant number of

free parameters to the fitting process since a p× p covariance matrix has p(p+1)
2

non-redundant

elements.

∑
=


σ2
1 σ12 . . . σ1p

σ21 σ2
2 . . . σ2p

...
...

. . .
...

σp1 σp2 . . . σ2
p

 = σ2


1 ρ12 . . . ρ1p

ρ21 1 . . . ρ1p
...

...
. . .

...

ρp1 ρp2 . . . 1


Each of these can be described in a fairly intuitive manner. The correlation and/or the covariance

structure will be obtained in order to determine the type of correlation structure of the random

effects to be considered in the model. Therefore, in any given analysis, we try to determine the

structure for the
∑

i matrix that seems most appropriate and parsimonious, given the observed

data and knowledge about the relationships between observations on an individual subject.

Hence, a common recommendation is to only choose the covariance structures that make sense

given the data.

Random Intercept Model

The random effects model or subject-specific model assumes that extra correlation arises among

the longitudinal response (Diggle et al., 2002). The random intercepts model allows intercepts

to vary across groups. In particular, a basic example of a random intercepts model which is
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included in order to illustrate the model fitting is formed by two clearly distinct parts,

yi = β0 + β1xij + b0i + εi

these are, a fixed part (which is the intercept and the coefficient of the explanatory variable

times the explanatory variable) and a random part. The random part is composed of two

random terms, εi ∼ N(0, σ2) and bi ∼ N(0, σ2
b ). The random effect bi and within-subject error

εi are independent for different subjects and independent of each other for the same subject.

i.e., Cov(bi, bj) = 0 if i 6= j, Cov(εi, εj) = 0 if i 6= j, and Cov(bi, εi) = 0. In the mixed model

formulation in Equation (3.4.1), the design matrices are replaced by:

Xi =


11 xi1
...

...

1ni xini

 , Zi =


11

...

1ni

 , β =
[
β0 β1

]T

and the random effects model covariance structure, bi ∼ N(0, Di), with Di = σ2
b .

Random Intercept and Slope Model

An intuitive extension that also allows a random shift in the subject-specific slopes is known as

random intercepts and random slopes model. Consider the simple random intercepts and slopes

model,

yi = β0 + β1xij + b0i + b1ixij + εi

In this model we additionally have b1i which represents the random slope effect of the coefficient

xij, j = 1, ..., ni denotes the jth response on ith subject. As a result, actually two extra parameters

should be estimated: the variance in intercepts between groups σ2
b0 and the variance in slopes

between groups σ2
b1. In this case the model matrix Zi has the form,

Zi =


11 xi1
...

...

1ni xini

 ,
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and the random effects model covariance structure,b0i
b1i

 ∼ N(0, Di), with Di =

 σ2
b0 σb0b1

σb0b1 σ2
b1


where σb0b1 denotes the covariance between the intercepts and slopes.

3.4.2 Survival Sub-model

Survival analysis is an area of statistics that studies the time until a pre-specified event of inter-

est occurs. To determine time-to-event correctly, it is necessary to choose an appropriate time

origin which has to be easily identified for all patients. Usually, in a medical context a single

time-to-event is the time to recurrence of a health condition, time of response to a treatment or

time to death from a certain cause that can be measured in days, weeks, months, years, etc. In

this study, we refer failure time or time to death with the same meaning as time-to-event.

The most important characteristic that distinguishes the analysis of survival times from other

areas in statistics is Censoring. Subjects are said to be censored if they are lost to follow up,

withdrawing from the study, or if the study ends before they die or have an outcome of interest.

That is, observations are called censored when information about their survival time is incom-

plete. There are three kinds of censoring: right censoring, left censoring, and interval censoring

(Klein and Moeschberger, 2003). By far the most common type of censoring is right censoring,

which occurs when observation is terminated before an individual experiences the event of inter-

est. This could happen if a patient survives through the experiment and was still alive when the

experiment concludes. An observation is also right-censored if a patient leaves the experiment

for some reason not connected with survival. A slightly less common type of censoring is interval

censoring, which means that an individual is known to have an event between two points in time,

but the exact time is unknown. The least common type of censoring is left censoring, which

happens when an event is known to have occurred before the start of the study, but the exact

time is unknown.

Let T be a non-negative continuous random variable representing the time until the event of

interest. The more optimistic survival function S(t) at time t, S(t)=P(T > t) is defined to be

the probability that a randomly selected individual will survive beyond time t. It is a decreasing
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function, taking values in [0, 1] which equals 1 at t = 0 and 0 at t = ∞. We regard T as the

failure time for the ith patient and C as the corresponding censoring time. When T is subject

to right censoring, Xi is the observed time which is a minimum of (Ti, Ci), i.e., Xi is equal to Ti

if the event is observed and is equal to Ci if it is censored. Let δi = I(Ti ≤ Ci), where I(.) is an

indicator function and takes the value

δi =

 1, when Ti ≤ Ci.

0, otherwise.

The Proportional Hazards (PH) regression, also called the Cox PH model (Cox, 1972), is the

most widely used semi-parametric survival regression model in which for a set of covariates xi

for the ith subject, and β is the p × 1 parameter vector of coefficients, the hazard at time t is

expressed as:

λi(t) = λ0(t)exp{βTXi}, (3.4.2)

where λi(t) represents the hazard of death for a patient i at time t. λ0(t) is a baseline hazard

function that describes the risk for individuals with xi = 0 which serves as a reference cell or

pivot. The hazard function is a measure of the potential for the event to occur at a particular

time t, given that the event did not yet occur. A larger values of the hazard function indicate

greater potential for the event to occur. In this model (3.4.2), exp{βi} denotes the ratio of

hazards for one unit change (increase or reduction in risk) in the ith covariates at any time t, and

the model also assume that covariates have a multiplicative effects on the hazard function for

an event associated with the set of characteristics xi. However, taking on the log scale we find

that the proportional hazards model is a simple additive model. Then alternatively, the model

can be expressed as:

log λi(t) = log λ0(t) + β1xi1 + β2xi2 + ....+ βpxip, (3.4.3)

where log λ0(t) is the log of the baseline hazard. As in all additive models, we assume that the

effect of the covariates x is the same at all times t. Moreover, in Cox PH model, no distributional

assumption is made for the survival data, the only assumption is that the hazards ratio is constant

over time ψ = λi(t)
λ0(t)

= exp{βi} (i.e., proportional hazards). Owing to its semi-parametric nature,

the Cox PH model has become routine in survival analysis in many situations. Because of the

model form in Equation (3.4.2), the estimated hazards are always non-negative.
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3.4.3 Joint Longitudinal-Survival Models

A novel use of joint models, which gains increasing interest in recent years, refers to the sta-

tistical analysis of the resulting data while taking account of any association between the re-

peated measurement and time-to-event outcomes (Diggle et al., 2008; Jue et al., 2016). Joint

longitudinal-survival models can be formed where the association between the two endpoints is

due to shared random effects.

This study was mainly focused on the use of a joint model, where the longitudinal and sur-

vival processes are assumed to be conditionally independent given unobserved random effects.

That is, the key assumption of a joint model is that the random effects underlie both the lon-

gitudinal and survival processes. This means that these random effects account for both the

association between the longitudinal and event outcomes, and the correlation between the re-

peated measurements in the longitudinal process (conditional independence assumption). This

type of joint model is also called a shared parameter model, as both processes share these ran-

dom effects (Rizopoulos, 2010; Sousa, 2011).

Therefore, in this study, we have used some of the methodologies, notations and equations

used by (Rizopoulos, 2012) and employ the joint models that belong to the random effects

shared parameter models framework as both sub-models share the same random effects. Let Ti

represent the failure time for the ith individual such that either censoring or the event has oc-

curred. Without loss of generalizability, our aim is to associate the true and unobserved value of

the longitudinal outcome at time t, denoted by mi(t), with event outcome Ti. The longitudinal

and survival components of the joint model are typically linked (joined) through the trajectory

function. Specifically, the shared random-effect models at time t can be written as:

λi(t|Mi(t),ωi) = λ0(t)exp
{
γTωi + αmi(t)

}
, t > 0, (3.4.4)

where Mi(t) represents the history of the true (unobserved) longitudinal response, mi(t), up to

time t, ωi represents the vector of baseline covariates with corresponding parameter estimates

γ, and α measures (quantifies) the effect of the longitudinal outcome to the risk of an event (i.e.,

in our case effect of number of CD4 cells to the risk of death). Hence with this formulation, the

risk of an event at time t is dependent on the true value of the longitudinal endpoint at that
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time.

3.5 Estimation and Inference

Parameter estimates are mainly obtained through the use of maximum likelihood (ML) or re-

stricted maximum likelihood (REML) estimation. ML is a very general approach to statistical

estimation that is widely used to handle many difficult estimation problems.

3.5.1 Linear Mixed Effects Estimation

In general terms, we use efficient estimation using likelihood-based models either ML or REML

estimation to obtain estimates of the covariance parameters in LMM with the remark that

REML is usually better than ML, because it reduces the well-known finite sample bias in the

estimation of the covariance (Fitzmaurice et al., 2004).

The distinction between ML and REML is the construction of the likelihood function. However,

the two methods are asymptotically equivalent and often give very similar results except the

difference becomes important only when the number of fixed effects is relatively large.

Given that the ith subject outcomes have the same random effects they will be marginally

correlated, so we assume that

f(yi|bi; θ) =

ni∏
j=1

f {yij|bi; θ} ,

That is, longitudinal responses of a subject are independent conditionally on its random effect.

As random effects have expected values of zero and therefore do not affect the mean, this

distribution has a mean vector Xiβ and a covariance matrix Vi, then

f(yi; θ) = (2π)−
ni
2 exp{−1

2
(yi −Xiβ)TV −1i (yi −Xiβ)},

where θT = (β, V ) with Vi = ZiDZ
T
i + σ2Ini.

Taking into account that we assume independence across subjects, the likelihood function is
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simply the product of the density functions for each subject. The log-likelihood of a linear

mixed model is given by:

l(θ) =
n∑
i=1

logf(yi; θ),

Given Vi, the estimates of fixed-effects parameters are obtained by maximizing the log-likelihood

function, conditionally on the parameters in Vi, and have a closed-form solution:

β̂ = (
n∑
i=1

XT
i V

−1
i Xi)

−1
n∑
i=1

XT
i V

−1
i Xi,

In general, ML and REML both have the same merits of being based on the likelihood principle

which leads to useful properties such as consistency, asymptotic normality, and efficiency. But

the REML produces less biased estimators for many special cases (Verbeke and Molenberghs,

2000).

3.5.2 Survival Estimation

The Kaplan-Meier estimator or Product Limit Estimator provides a non-parametric maximum

likelihood estimate of the survivor function (Kaplan and Meier, 1958). The Kaplan-Meier esti-

mate of S(t) is given as

ˆS(t) =
∏
ti<t

ni − di
ni

,

where ni corresponds to the number of observations at risk of failing just prior to time ti; di

denotes the number of failures at time ti.

In order to estimate the survival function, the parameter estimation and their estimated vari-

ances in the Cox PH model can be found by maximizing the log-partial likelihood function with

respect to the parameters.

Let the sub-index i refer to the subject indicator and consequently, {Xi, δi}; i = 1, ..., n denote

their survival information. Taking a random sample from a certain distribution, parameterized

by θ, the likelihood function is given by,

l(θ) =
n∏
j

f(Xi; θ)
δiSi(Xi; θ)

1−δi
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Note that it takes to account for censoring information, by contributing with f(Ti; θ) when an

event is observed at time Ti and with S(Ti; θ) when subjects survived up to that point, that is

Ti > Xi = Ci. This can be rewritten in terms of hazard function as,

l(θ) =
n∏
j

λ(Xi; θ)
δiexp{−Λ(t)}1−δi , (3.5.1)

where Λ(.) is the cumulative risk function which describes the probability that the event of inter-

est has occurred up until time t. To address this issue, iterative optimization procedures could

be necessary to locate the maximum likelihood estimates θ̂ using iterative numerical analysis

techniques often done via the Newton-Raphson algorithm (Lange, 2004), which is based on the

following iterative procedure:

β̂New = β̂Old + I−1(β̂Old)U(β̂Old),

with U(β̂Old) is the vector of scores and I−1(β̂Old) is the inverse of the observed information

matrix. Convergence is reached when β̂Old and β̂New are sufciently close together.

3.5.3 Joint Modeling Estimation

The main estimation method that has been proposed for joint models is ML (Hsieh et al., 2006;

Henderson et al., 2000 as cited in Rizopoulos, 2012). The standard ML method involves max-

imizing the log-likelihood, given in Equation (3.4.4), corresponding to the joint distribution of

the time-to-event and longitudinal data processes. Strictly, both processes share the same unob-

served random effects, and are conditionally independent given these random effects (Rizopoulos,

2012), thus

f(Ti, δi, yi|bi; θ) = f(Ti, δi|bi; θ)f(yi|bi; θ) (3.5.2)

with

f(yi|bi; θ) =
∏
j

f {yi(tij)|bi; θ} , (3.5.3)

Because of the fact that the survival and longitudinal sub-models share the same random effects,

joint models of this type are also known as shared random-effects models. Under this conditional

independence assumptions between longitudinal outcome and time-to-event given the random
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effects, bi , the joint log-likelihood contribution of the ith subject is expressed as

log f(Ti, δi, yi; θ) = log

∫
f(Ti, δi, yi, bi; θ)dbi

= log

∫
f(Ti, δi|bi; θt, β)

[∏
j

f {yi(tij)|bi; θy}

]
f(bi; θb)dbi, (3.5.4)

where θt, θy and θb represent the parameters for the survival process, the longitudinal process and

the random-effects respectively, f {yi(tij)|bi; θy} is the density for the longitudinal process and

f(bi; θb) is the density for the random effects. The likelihood of the survival part f(Ti, δi|bi; θt, β)

is written as,

f(Ti, δi|bi; θt, β) = [λi(Ti|Mi(Ti); θt, β)]δi Si(Ti|Mi(Ti); θt, β) (3.5.5)

where the hazard λi(.) is given by Equation (3.4.4), and, the survivor function for the ith indi-

vidual is given by,

Si(t|Mi(t), ωi; θt, β) = Pr(Ti > t|Mi(t), ωi; θt, β)

= exp

{
−
∫ t

0

λi(s|Mi(s); θt, β)ds

}
(3.5.6)

The log-likelihood for the joint model is approximated using the Expectation-Maximisation (EM)

algorithm, because both the integral with respect to the random effects in Equation (3.5.4) and

in the survival function given by Equation (3.5.6) typically do not have an analytical solution,

except in some special cases. Some authors have employed standard numerical integration tech-

niques that have been developed to deal with the intractable integral, such as Gaussian quadra-

ture and Monte Carlo method have been successfully applied in the joint modelling framework

(Song et al., 2002; Henderson et al., 2000) which, however, could be very computationally inten-

sive.

However, in this study joint models of longitudinal and a time-to-event outcome was imple-

mented in R software environment for statistical computing and graphics using the freely avail-

able package JM written by Rizopoulos, (2010). The package has been developed to fit a variety

of joint models for longitudinal response and time-to-event data under ML approach, in addition

it contains all the methodologies explained above.
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3.6 Variables and Model Selection

In order to select the parsimonious model which appropriately fits the given data, it is necessary

to compare different models by using different techniques and methods. Hence, the comparison

between different models is an important issue in the statistical inference. In the literature on

joint modeling of longitudinal and survival data, existing research on model selection is limited.

However, in this study models are compared with Akaike’s Information Criterion (AIC), the

Bayesian Information Criterion (BIC) and the Likelihood ratio test (LRT) methods for nested

models. Accordingly, (Park and Qiu, 2014) defined the popular model assessment criterion for

model selection as,

AIC = −2log(Lmax) + kp, (3.6.1)

BIC = −2log(Lmax) + klog(n) (3.6.2)

where Lmax is the maximized value of the likelihood function of the model under consideration,

and p is the number of parameters in the model and k is constant (often 2). By this criterion,

among all candidate models, the one with the smallest AIC and/or BIC value is selected and

indicates preferred models. Therefore, the smaller the information criteria value, the better the

fit.

Likelihood Ratio Tests (LRTs)

LRTs are a class of tests that are based on comparing the values of likelihood functions for two

models (i.e., the nested (null hypothesis) and reference models) defined as

− 2log

[
Lnested
Lrefrence

]
= −2log [Lnested]− [−2log(Lreference)] ∼ χ2

df , (3.6.3)

where Lnested and Lreference denote the ML or REML estimates under the null and alternative

hypothesis, respectively. Likelihood theory states that under mild regularity conditions the LRT

statistic asymptotically follows a χ2 distribution, in which the number of degrees of freedom, df ,

is obtained by subtracting the number of parameters in the nested model from the number of

parameters in the reference model (Brady et al., 2007).

When the number of variables is relatively large, it can be computationally expensive to fit
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all possible models. In this situation, automatic routines for variable selection that are available

in many software packages might seem an attractive prospect.

These routines are based on forward selection, backward elimination or the combination of the

two known as the stepwise procedure. The model selection strategy depends to some extent

on the purpose of the study. In a situation where the aim is to identify variables upon which

the hazard function depends, instead of using the automatic variable selection procedures, the

following procedure is recommended.

1. The first step is fitting a univariable model for each of explanatory variables and identifying

the variables that are significant at some level from 20% to 25% is recommended in (Hosmer

and Lemeshow, 1999).

2. The variables that appear to be important from step 1 are then fitted together in a mul-

tivariable model. In the presence of certain variables, others may cease to be important.

Consequently, backward elimination is used to omit non-significant variables from the

model. Once a variable has been dropped, the effect of omitting each of the remaining

variables in turn should be examined.

3. Variables which were not important on their own, and so were not under consideration

in step 2, may become important in the presence of others. These variables are therefore

added to the model from step 2, with forward selection method. This process may result

in terms in the model determined at step 2 ceasing to be significant.

4. A final check is made to ensure that neither insignificant variable is included in the model

nor significant variable is excluded from the model. At this stage the interactions between

any of the main effects currently in the model can be considered for inclusion if the inclusion

significantly modifies the model. For steps 2, 3 and 4 a level of significance around 10% is

recommended.

3.7 Models Diagnostics

Diagnostic checking is particularly important. A standard tool to perform model diagnostics are

residual graphical methods, as many model checking procedures are based on quantities known

as residuals plots, and formal statistical tests. Residuals are values that can be calculated for
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each observation and have the feature that their behavior is known, at least approximately, when

the fitted model is satisfactory. The following residuals have been proposed for use (Rizopoulos,

2012) in connection with the types of residuals for joint models.

Standardized marginal and Standardized subject-specific residuals

For the longitudinal part of the joint model, two frequently used types of residuals are the

standardized marginal and standardized subject-specific residuals, which are defined as

r
(ym)
i = V̂i

−1/2
(yi −Xiβ̂), and

r
(ys)
i (tij) = {yi(tij)− xTi (tij)β̂ − zTi (tij)b̂i}/σ̂,

where β̂, σ̂, and D̂ denote the maximum likelihood estimates under model in Equation (3.4.1),

b̂i are the empirical Bayes estimates for the random effects, and V̂i = ZiD̂Z
T
i + σ̂2I, with I

denoting the identity matrix of appropriate dimensions. The marginal residual r
(ym)
i predict the

marginal errors yi − Xiβ = Zibi + εyi, and can be used to investigate miss-specification of the

mean structure Xiβ as well as to validate the assumptions for the within-subjects covariance

structure Vi. The subject-specific residuals r
(ys)
i (tij) predict the conditional errors εi(t), and can

be used for checking the homoscedasticity and normality assumptions.

Martingale and Cox-Snell residuals

For the survival part of the joint model, a standard type of residuals is the martingale residuals

defined as

r
(tm)
i = δi −

∫ Ti

0

hi(s|M̂(s); θ̂)ds.

These are commonly used for a direct assessment of excess events (i.e., to reveal subjects that

are poorly fit by the model), and for evaluating whether the appropriate functional form for a

covariate is used in the model.

Another type of residuals for survival models, related to the martingale residuals, is the Cox-

Snell residuals. These are calculated as the value of cumulative risk function evaluated at the

observed event times Ti i.e.,

r
(tcs)
i =

∫ Ti

0

hi(s|M̂(s); θ̂)ds.
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If the assumed model fits the data well, we expect r
(tcs)
i to have a unit exponential distribution;

however, when Ti is censored, r
(tcs)
i will be censored as well. To take censoring into account

in checking the fit of the model, we can compare graphically the Kaplan-Meier estimate of the

survival function of r
(tcs)
i with the survival function of the unit exponential distribution.

Nevertheless of it being intensively studied for longitudinal and survival analysis, this topic has

not received special attention in the joint modelling literature. We therefore, employe graphical

methods for assessing the goodness of fit to the given data, and R packages JM (Rizopoulos,

2010) was used for technical details.

3.8 Ethical considerations

We obtained a formal ethical letter of permission to collect data for this study from the Addis

Ababa University Department of Statistics administration office (Ref no. Stat42/9/17 ). Any

personal information regarding study subjects was replaced by a number and patient evidence

was kept confidential without disclosing to others during data collection from clinical charts.
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Chapter 4

Results and Discussion

4.1 Descriptive Data Analysis

Table 4.1 displays patients characteristics for the HIV/AIDS data from Mekelle General Hospi-

tal. Out of the total 469 patients, 288 (61.41%) were females and the remaining 181 (38.59%)

Table 4.1: Baseline characteristics of HIV-infected patients under HAART

Characteristics Category No. of patients Percent (100%) p-valuea

Sex Female 288 61.41 0.1860
Male 181 38.59

Functional Status Ambulatory 106 22.60 < 0.0001†

Bedridden 33 7.04
Working 330 70.36

WHO Clinical Stage Stage I 45 9.59 < 0.0001†

Stage II 74 15.78
Stage III 225 47.97
Stage IV 125 26.65

Regimen Type AZT-3TC-EFV 76 16.20 < 0.0001†

AZT-3TC-NVP 243 51.81
d4T-Based 39 8.32
Others 111 23.67

Status Censored 376 80.17
Event 93 19.83

Mean Age (Std.dev) 35.11 (8.71)
Mean Weight (Std.dev) 49.54 (9.05)
Mean Baseline CD4 (Std.dev) 129.39 (90.64)

aLog − rank χ2 test for equality of the groups.
†Indicates the significance of covariates at 5% level of significance.

were males. Majority (70.36%) of the infected patients were with working functional status,

(i.e., an individual able to perform usual work in and out of the house), followed by those with
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ambulatory type of functional status who accounted for 22.60% of the total, and 7.04% were

unable to perform activities of daily living (bedridden) patients. Regarding the clinical stage

of patients, 45 (9.59%) were at clinical stage I, 74 (15.78%) at clinical stage II, 225 (47.97%)

at clinical stage III and the rest 125 (26.65%) were at clinical stage IV when they started HAART.

With respect to the distribution of ART regimens among patients, the data was unbalanced.

From Table 4.1 we can see that 319 (68.02%) patients were given ART which are AZT-Based

(AZT+3TC+NVP or EFV), only 39 (8.32%) patients were given ART which are d4T-Based

(d4T+3TC+EFV or NVP) and the remaining 111 (23.67%) patients were given others com-

bination of drugs. The mean patients’ age at enrollment of HAART was 35.11 years with a

standard deviation (Std.dev) of 8.71 and the mean weight (Std.dev) at baseline was 49.54 (9.05)

kg.

The longitudinal response variable was the number of CD4 cells count per mm3 of blood which

was measured approximately every six months; at the study entry, and again at the six, 12, and

24 months visits. As can be seen from (Table A.1; in Appendix) common measurements used

for all patients at these four time points are 469 (100%), 299 (63.75%), 193 (41.15%), and 42

(8.95%) which show a sharply increasing degree of missing data over time. Due to variety of

reasons such as deaths, dropouts, missed clinic visits and transferring to other hospitals, only

42 (8.95%) continued up to the end of the study. The average number of baseline CD4 cells

count was 129.39 per mm3 with a standard deviation of 90.64 per mm3 of blood implying that

patients were at higher risk of getting AIDS related illness.

The survival response variable was the length of time from HAART start date until the date of

death or censor (measured in months). 80.17% and 19.83% of patients were alive on HAART

(Censored) and died due to HIV/AIDS related death, respectively. In the results depicted in

Table 4.1a, the Log-rank test was used to test the difference between the categories of baseline co-

variates with the probability of death. This test revealed the presence of a statistically significant

(p−value < 0.0001) difference among the categories of baseline functional status, and WHO clini-

cal stage.
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Figure 4.1: Kaplan-Meier Survival plots of Functional Status (a) and WHO clinical stage (b) of
HIV-infected patients under HAART

The Kaplan-Meier survival plot (Figure 4.1) also shows a difference between the survival curves.

The plots of other baseline covariates are presented in Figure B.6 (Appendix). The plots indi-

cate that female patients had slightly higher survival rate than male patients after six months

of follow-up. The survival times are found to be significantly different in regimen type.

4.2 Exploring Individual profile and Mean structure

To check for normality, the basic assumption of linear mixed effects model, histograms, boxplots

and normal Q-Q plot of the CD4 cells count with corresponding Shapiro-Wilk and Kolmogorov-

Smirnov statistical tests of normality (Figure B.1, B.2, B.3, B.4 and B.5; in Appendix) were con-

ducted. From all these Figures, the CD4 cells count are identified to exhibit right skewed shapes

Figure 4.2: Perspective (a) plot, contour (b) plot for randomly selected patients at baseline and
six months and Chi-Square Q-Q plot for the square root CD4 cells count
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of distribution, the left side (a) of the plot shows a high degree of skewness toward high CD4 cells

count plus a significant test means the fit is poor, suggesting some transformation to meet the

assumptions. After a square root transformation (
√
CD4 cell count ), the right side (b) of the

plot attained normality (i.e., the test is not significant p− value = 0.0795, p− value = 0.8266)

implying that the data set appear to follow a univariate normal distribution.

Korkmaz et al., (2014) demonstrated the three most widely used multivariate normality tests,

including Mardia’s, Henze-Zirkler’s and Royston’s, and graphical approaches (chi-square Q-Q,

perspective and contour plots). Contour graphs are very useful as they give information about

normality and correlation at the same time. Figure 4.2(b) shows the contour plot of the square

root CD4 cells count. As can be seen from the graph, this is simply a top view of Figure 4.2(a)

the perspective plot where the third dimension is represented with ellipsoid contour lines. From

this graph, we can say that there is a positive correlation among the square root CD4 cells count

measures of randomly selected patients at baseline and six months since the contour lines lie

around the main diagonal. If the correlation were zero, the contour lines would be circular rather

than ellipsoid.

Moreover, all three test results (Table A.2; Appendix) as well as their corresponding statistical

significance indicate that the data set satisfies approximate multivariate normality assumption

at the significance level 0.05, and in agreement with Figure 4.2 the chi-square Q-Q plot, per-

spective and contour plots as well. Therefore, for the remainder of this analysis we worked with

the square root of the CD4 cells count values. Prior to model building, we visualize the pattern

Figure 4.3: Individual Profiles with Average Trend Line.
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of the overall individual plots of CD4 cells count measurements of patients overtime. Figure 4.3

demonstrates the variability (within and between patients) in square root of CD4 cells count

of HIV-infected patients. Since the measurements were not equally spaced across the different

subjects and data is not balanced, loess smoothing technique was used instead. The bold red

line loess smoothing technique suggests that the mean structure of the variable is nearly linear

(i.e., the relationship between CD4+ cells count and time seems to be linear). The smoothed

Figure 4.4: The Mean profile plots of Sex (a) and Functional Status (b) for HIV-infected patients
under HAART

lines representing the average trend of different subgroups were also displayed. Figure 4.4 depicts

the smoothed average evolution by gender (a) and functional status (b) of HIV-infected patients

under HAART.

From the Figures, there seems to be a difference between the functional status subgroups at

baseline since the smoothed average evaluation of working patients seem to have more CD4

cells count compared to ambulatory and bedridden. The difference in the smoothed lines may

indicate a time by functional status interaction. On the other hand, female patients seem to

have higher average CD4 cells count as compared to that of male patients at all time points.

The mean profile plots of other baseline covariates are also presented in Figure B.7 (in Ap-

pendix). The plots indicate that HIV-infected patients having low CD4 cells count were at

higher risk of death and interaction with time as well. Furthermore, the plotted profiles tend to

generate a linearly increasing pattern which rationalizes the use of Linear Mixed Effects model

to analyze the trajectory of CD4 cells count.
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4.3 Model Building

4.3.1 The Separate Longitudinal and Survival Analysis

Following from the observations in the exploratory data analysis, good models that best describe

the observed average trends and also reflect the observed correlation structures were sought for

the data sets.

To identify the appropriate covariance structure three different commonly used covariance struc-

tures such as compound symmetry (CS), unstructured (UN) and first order autoregressive

(AR(1)) could be considered. In Table 4.2 the smallest values of AIC and BIC for the AR(1)

Table 4.2: Comparison of covariance structure for linear mixed-effects model

Covariance Structures
Information Criteria CS UN AR(1)
-2 Res Log Likelihood -2772.541 -2767.974 -2771.963
AIC 5589.082 5589.948 5587.925
BIC 5696.743 5722.077 5695.586

model suggests that the first order autoregressive (AR(1)) structure best fits our data compared

to the remaining covariance structures.

It may be of interest to test whether random intercept and random time effects are both needed

after we fixed the correlation structure with AR(1). As such, we implemented different longi-

tudinal sub-models to study the longitudinal outcome by including the subject-specific random

effects named as,

1. Random Intercept Model :

In this model, the intercepts are allowed to vary based on patients, and therefore the

measurements on the response variable for each individual observation are predicted by

the intercept that varies across individuals. The sub-model can be written as:

Sqrt(CD4count)ij = β0 + β1timei + β2sexi + β3FSi + β4WHOi + β5RTi

+ β6agei + β7weighti + b0i + εij, (4.3.1)

where Sqrt(CD4count)ij is the square root of the CD4 cells count of the ith patient at the
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jth time, in our case i = 1 . . . 469 patients, j = 1 . . . ni observations (max=4) for patient

i, time is the time that repeated measurements are taken and b0i is the random intercept

effect for each patient. However, one of the drawbacks that comes from models with only

random intercept is assuming that slopes are fixed. On top of that, random effects for the

intercept and linear slope were included to account for the variability between the different

subjects. For this reason, the following sub-models were considered.

2. Random Intercept and Slope Model :

Besides considering random intercepts, this model also allows random slopes to vary across

subjects. The corresponding sub-models is given by,

Sqrt(CD4count)ij = β0 + β1timei + β2sexi + β3FSi + β4WHOi + β5RTi

+ β6agei + β7weighti + b0i + b1itij + εij, (4.3.2)

which additionally incorporate b1itij that represents the random slope effect of the different

CD4 cells count trajectories of each patient. Furthermore, for the random effects covariance

matrix D , we set D11 = var(b0i), D22 = var(b1i), and D12 = cov(b0i, b1i).

The summary of the linear mixed-effects models which were modeled by considering different

random effects are shown in Table 4.3. Hence, we consider the Model 2 (the model with inter-

Table 4.3: Selection of random effects to be included in the linear mixed-effects model

Model Random effects AIC BIC logLik L.Ratio p-value
1 Only intercept 5617.928 5715.801 -2788.964
2 Intercept and linear 5587.925 5695.585 -2771.963 34.003 < 0.0001†

time slope
†Indicates the significance of covariates at 5% level of significance.

cept and linear time slope) as the most parsimonious model for the separate linear mixed-effects

model on the basis of its lower values of AIC, BIC and a significant fit based on the likelihood

ratio test as well.

As can be observed from Table 4.4 the fitted linear mixed effects model for preliminary fi-

nal model containing significant main effects and possible interactions, reveals that sex, baseline

functional status, patients’ WHO clinical stage at baseline and baseline regimen type were sta-

tistically significant (p− value < 0.05). Likewise the time by regimen type interaction indicates
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that on average the square root CD4 cells count increases with time at 5% level of significance

for patients undergoing HAART. In contrast, the mean change in square root of CD4 cells count

overtime of baseline age (in years), weight (in kilograms) at enrollment, time by functional sta-

tus interaction, and time by WHO clinical stage interaction categories were eliminated from the

final model based on Hosmer and Lemeshow (1999) recommendation as presented in (Table A.4,

and A.5; Appendix). To explore the survival process, we assessed each factor through univariate

Table 4.4: Parameter Estimates, Standard Errors (Std.Err) and 95% CI under the marginal
linear-mixed effects analysis with AR(1) covariance structure

Parameter Estimate Std.Err 95% CI p-value

Intercept 9.579 0.526 (8.546 − 10.613) < 0.0001†

Time 0.553 0.053 (0.449 − 0.657) < 0.0001†

Sex
Female(ref)
Male -0.844 0.372 (-1.576 − -0.113) 0.0237†

Functional Status
Ambulatory (ref)
Bedridden -2.377 0.783 (-3.916 − -0.838) 0.0025†

Working 0.986 0.467 (0.068 − 1.905) 0.0354†

WHO Clinical Stage
Stage IV (ref)
Stage I 0.809 0.739 (-0.643 − 2.260) 0.2742
Stage II 0.646 0.625 (-0.582 − 1.875) 0.3015
Stage III 0.930 0.468 (0.011 − 1.849) 0.0474†

Regimen Type
Others (ref)
d4T-Based 0.071 0.723 (-1.349 − 1.491) 0.9219
AZT-3TC-NVP 0.847 0.476 (-0.087 − 1.783) 0.0755
AZT-3TC-EFV 1.348 0.594 (0.179 − 2.516) 0.0239†

Time×d4T-Based -0.075 0.087 (-0.246 − 0.095) 0.3859
Time×AZT-3TC-NVP -0.151 0.055 (-0.259 − -0.043) 0.0060†

Time×AZT-3TC-EFV -0.133 0.064 (-0.260 − -0.006) 0.0398†

†Indicates the significance of covariates at 5% level of significance.

Cox regression model and found the variables sex, functional status, regimen type and weight at

enrollment were statistically significant under separate model analysis (Table A.6, and A.7; in

Appendix) and so all were selected to be included in the survival model. In contrast interaction

effects, WHO clinical stage and age at enrolment of patients were not found to be significant

predictors. Henceforth, the final Cox regression fitted model was:

log(timei) = β1sexi + β2FSi + β3RTi + β4weighti (4.3.3)
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From the results displayed in Table 4.5. It can be seen that sex, functional status and baseline

Table 4.5: Parameter Estimates, Standard Errors (Std.Err) and 95% CI under the survival
modeling analysis

Parameter Estimate Std.Err HR (95% CI) p-value

Sex
Female(ref)
Male 0.663 0.225 1.941 (1.248 − 3.018) 0.0032†

Functional Status
Ambulatory (ref)
Bedridden 1.098 0.289 2.997 (1.701 − 5.280) 0.0001†

Working -0.771 0.257 0.462 (0.280 − 0.765) 0.0026†

Regimen Type
Others (ref)
d4T-Based -0.347 0.347 0.707 (0.358 − 1.395) 0.3173
AZT-3TC-NVP -0.436 0.258 0.647 (0.390 − 1.073) 0.0914
AZT-3TC-EFV -0.684 0.339 0.505 (0.259 − 0.982) 0.0439†

Weight -0.058 0.014 0.943 (0.917 − 0.970) < 0.0001†

†Indicates the significance of covariates at 5% level of significance.

regimen type (AZT-3TC-EFV) and weight are statistically significant at 5% level of significance.

Significant lower hazard of death is associated with patients having higher weight after initiation

of HAART (p − value < 0.0001). That is, higher value of initial weight is associated with a

lower mortality.

The estimated risk ratio for sex suggests that the risk of death for male patient is 1.941 times

greater than female patient. Likewise, the estimated risks of death for a patient with bedridden

functional status compared to ambulatory patient is (HR=2.997, 95% CI: 1.701−5.280) indi-

cating that the hazard rate of death for bedridden patients is around three times higher than

ambulatory patients, whereas being working patient reduces the risk for death by about 53.8%

compared to ambulatory patient.

4.3.2 The Joint Longitudinal and Survival Analysis

The estimates of the parameters of the separate and joint models are quite similar to each other

but not identical. In Table A.3, in the results of the survival process, the parameter labeled

"Assoct" is in fact parameter α in equation (3.4.4) that measures the effect of mi(t), where

mi(t) represents the history of the true (unobserved) longitudinal response.
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The estimate of the association parameter due to the slope (trend) of square root CD4 cells

count is negative (-0.134), indicating that CD4 cells count is negatively associated with the risk

of death of patients from HAART treatment. This indicates that an increasing trend in the

CD4 cells count in patients undergoing HAART treatment significantly reduces the risk of death

of those patients. Moreover, the estimate of the association parameter in the joint analysis is

Table 4.6: Parameter Estimates and Standard Errors (Std.Err) under the joint modeling analysis

Survival Process Longitudinal Process
Parameter Value Std.Err p-value Parameter Value Std.Err p-value

Intercept 9.692 0.523 < 0.0001†

Time 0.493 0.051 < 0.0001†

Sex Sex
Female(ref) Female(ref)
Male 0.490 0.233 0.0356† Male -0.851 0.371 0.0219†

Functional Status Functional Status
Ambulatory (ref) Ambulatory (ref)
Bedridden 0.735 0.291 0.0115† Bedridden -2.473 0.780 0.0015†

Working -0.694 0.257 0.0069† Working 1.024 0.466 0.0281†

Regimen Type Regimen Type
Others (ref) Others (ref)
d4T-Based -0.313 0.351 0.3727 d4t-Based 0.072 0.716 0.9196
AZT-3TC-NVP -0.365 0.267 0.1713 AZT-3TC-NVP 0.837 0.473 0.0764
AZT-3TC-EFV -0.560 0.343 0.1023 AZT-3TC-EFV 1.345 0.593 0.0234†

Weight -0.057 0.009 < 0.0001† WHO Clinical Stage
Assoct (α) -0.138 0.030 < 0.0001† Stage IV(ref)

Stage I 0.885 0.715 0.2160
Stage II 0.681 0.605 0.2600
Stage III 0.689 0.456 0.1308
T‡×d4t-Based -0.073 0.087 0.4018
T‡×AZT-3TC-NVP -0.134 0.053 0.0123†

T‡×AZT-3TC-EFV -0.122 0.064 0.0485†

†Indicates the significance of covariates at 5% level of significance. ‡Indicates time.

significantly different from zero, providing strong evidence of association between the effect of

the longitudinal outcome to the risk of an event.

Table 4.7 below shows the covariance parameter estimates for separate and joint modeling anal-

ysis. It shows that the highest variability came from the random intercepts in both models.

It also shows that the variance of the random intercepts was higher than that of the random

slopes. The covariance of random effects is positive, implying that patients with high CD4 cells

count tend to have higher estimated coefficient than patients with low CD4 cells count. The
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Table 4.7: Covariance parameter Estimates under separate and joint modeling analysis

Separate Analysis Joint Analysis
Parameter Estimate Parameter Estimate
V ar(boi) 7.066 V ar(boi) 8.793
Cov(b0i, b1i) 0.245 Cov(b0i, b1i) 0.202
V ar(b1i) 0.025 V ar(b1i) 0.029
V ar(εi) 8.570 V ar(εi) 6.795

residual variability was smaller in joint analysis (6.795) compared to the relative linear mixed

effects analysis (8.570) which was probably because the standard errors were adjusted for the

correlation between the responses.

4.4 Assessing Models Fit

Once the models are fitted, the next step is to verify if all the necessary model assumptions

are valid. In order to check these model assumptions, we often make use of standard types of

residuals plots to validate the assumptions behind mixed models and Cox proportional hazard

models when these are separately fitted. In order to validate the Cox proportional hazards

model assumption of the survival sub-model, a graph of the Schoenfeld residuals was displayed

to check the overall goodness-of-fit of our survival sub-models. Figure 4.5 shows that the scaled

Figure 4.5: Schoenfeld residuals for the survival of patients under HAART
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Schoenfeld residuals are randomly distributed and a loess smoothed curve do not exhibit much

departure from the horizontal line suggest that the proportional hazards assumption not vio-

lated. The proportional hazards assumption was also tested using the interaction of the covariate

with the log of survival time (Table A.3; in Appendix). We found that the interaction coefficients

are not significant at the 5% level, implying that the assumption of proportionality holds.

Figure 4.6, shows the diagnostic plots for the fitted joint model for HIV-infected patients on

HAART follow-up. The top left panel depicts the subject-specific residuals for the longitudinal

Figure 4.6: Diagnostic plots for the fitted joint model for HIV-infected patients under HAART

measurements on the square root of CD4 cells count plotted against their corresponding fitted

values and the residuals can be seen to be trending very close along the fitted line. The top

right panel shows a marginal residual versus fitted values plot of the standardized residuals for

longitudinal process which is almost coinciding with the reference line passing through the ori-

gin and hence, is validating our assumption of normality of the error term in the longitudinal

sub-model.
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The bottom left plot of the estimated martingale residuals versus the subject-specific fitted

values of the survival process shows no much deviations from the null horizontal line.

The diagnostic based on Cox-Snell residuals bottom right panel denote the 95% pointwise CI

for the Kaplan-Meier estimate of the Cox-Snell residuals along the red line. The survival func-

tion of the unit exponential distribution, indicates that the survival function of the standard

exponential distribution lies within the 95% CI of the Kaplan-Meier estimate. This indicate the

survival process model fits the data well.

4.5 Interpretation and Discussion of the results

4.5.1 Interpretation of the results

A joint model and the corresponding independent sub-models were built using a retrospective

cohort data obtained from HIV+ patients on HAART at Mekelle General Hospital, Tigray,

Ethiopia to show the benefits of joint modeling when both the longitudinal and survival pro-

cesses are associated through shared random-effects. In our study we addressed the relationship

between the CD4 cells count over time and the risk of death among HIV patients using joint

modeling with a longitudinal linear mixed effects sub-model and a Cox proportional hazards

survival sub-model.

The results from the Cox proportional hazards model are in line with the results obtained from

the corresponding survival process in joint model. In the Cox model, the relative hazard rate for

patients weight is exp(-0.058) = 0.943 as compared to 0.944 under the joint model. However,

the joint model shows a reduction in the standard errors when compared to Cox model. This

indicates that the results of both the separate and joint analyses are consistent.

The estimated association parameter (α) in the joint model is -0.138 corresponding with the

(95% CI: -0.196 − -0.079) and statistically significant (p− value < 0.0001). This indicates that

there is strong evidence of association between the effect of the longitudinal outcome to the risk

of an event, implying higher initial values of the CD4 cells associated with a better survival.
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The estimated coefficient for gender is negative and significantly different from zero in both

separate and joint models, suggesting that male patients had lower CD4 cells count than females

during the follow up. In addition, being male is associated with a risk of death (HR=1.941, 95%

CI: 1.248 − 3.018) that is 1.941 times the risk of death in females holding others covariates in

the model constant.

On the other hand, we observed that being working patient reduces the risk for death by about

53.8% compared to ambulatory patient, and a unit increase in weight significantly reduces the

risk of death by about 5.7% keeping other variables constant.

4.5.2 Discussion of the results

In this study, three different models were explored, the linear mixed effects model, Cox propor-

tional hazards model for each outcome independently, and joint modeling of the two outcomes

together. All approaches ended up with similar results except that the joint analysis added up

another information about the association between the two responses. In the separate analysis

of the longitudinal data, the square root transformation CD4 cells count measurements were

used to meet the normality assumption.

In the first few months (0 to 7 months) after HAART initiation date, an increase in CD4

cells count was observed and then average stable level was noted from eight months till the

end of the study period. CD4 cells count was found evolving differently between women and

men patients based on the result from the two models, (i.e., separate and joint models). The

evolution level was higher for female patients compared to males. This result also conforms to

the result obtained by Gurprit et al. (2015) whereby female patients had higher CD4 cells count

than males during the follow up.

Our study was also in agreement with the studies of (Lim et al., 2013) and (Ibrahim et al.,

2010) in showing the significance of the shared parameter that links the two processes, and

the reduction in the standard error of the parameter estimates when compared to independent

model estimates. This suggesting the need for a joint analysis of this data compared to the use

of independent models.
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Furthermore, these studies including (Seid et al., 2014) have supported joint modeling of longi-

tudinal data and survival time-to-event process over separate modeling, which has been again

emphasized upon by the results of our study which has shown a very significant association

between the longitudinal CD4 cells count and the time-to-event.

A limitation of this study is the short duration of follow-up time, which might affect the es-

timates of the covariates. In the data, the median follow-up time was 21 months and only

19.83% of the study patients died with censoring rate of about 80.17%. When the follow-up

duration is not long enough, it has an impact on the number of CD4+ cells measurements, pos-

sibly leading to less reliable estimation of the random effect model (Kenward and Rosenkranz,

2011). So one future extension of this work could possibly be to account for the missing data.

Moreover, we have used only one HAART centre retrospective cohort data for analysis that

may not be representative for the whole country. Considering the socio-economic and demo-

graphic diversity of Ethiopia, our results need to be substantiated by similar studies from other

parts of Ethiopia to raise up a comprehensive picture of HIV/AIDS in Ethiopia.
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Chapter 5

Conclusion and Recommendation

5.1 Conclusion

In conclusion, when the longitudinal and survival processes are correlated, valid inferences can

be made through the use of a joint modeling approach. This has been demonstrated using

Mekelle General Hospital retrospective cohort HIV/AIDS data. In the longitudinal sub-model,

the predictors: sex, functional status, WHO clinical stage, baseline regimen type, and time by

regimen type interaction were statistically significant at 5% level of significance. For the survival

sub-model, sex, functional status, regimen type and initial weight were important factors which

have significant effect on time to death.

The results of both the separate and joint analyses are consistent. However, the use of a joint

analysis compared to independent models adjusted for the correlation between the responses

which indicates that more adequate and efficient inferences can be made using joint model esti-

mates. This means that joint modeling can benefit the analyses of both longitudinal biomarker

and survival time-to-event data outcomes.

5.2 Recommendation

It is recommended that further studies of this nature include other important covariates that

were not included in this study. Such covariates include: viral load results, opportunistic infec-

tions, socio-economic status, marital status, level of education and many others.
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Having lower CD4 cells count, lower initial weight, late WHO clinical stages, being ambula-

tory and bedridden are associated with higher risk of death and are indicators of the progression

of the disease. Therefore, patients should be informed about the need for early diagnosis of

HIV infection and starting treatment early is very important as per the recent WHO ’treat all’

recommendation.

Finally, health workers and data clerks working with patients under HAART should be given

special and continuous training to improve the quality of the data records of patients. Moreover,

future extension of this work could possibly be to account for missing data, and mechanisms

should be devised to trace patients who lost to follow up.
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Appendix A

Appendix A: Summary Results for Selected Tables

Table A.1: Summary measures of Square root CD4 cells count at each time points with respective
Sample sizes, Mean and Standard deviation

Measurements Time No. of patients (100%) Mean Std.dev
Baseline 469 (100%) 10.626 4.065
6 months 299 (63.75%) 15.374 4.234
12 months 193 (41.15%) 15.856 4.666
24 months 42 (8.95%) 16.481 4.465

Table A.2: Result of Multivariate Normality test for Square root CD4 cells count

Test Test Statistic p-value
Mardia

Skewness 7.113 0.752
Kurtosis 20.436 0.354

Henze-Zirkler 0.568 0.772
Royston 2.124 0.658

Table A.3: Parameter Estimates, Standard Errors (Std.Err) and 95% CI for the Cox proportional
hazards model with interaction of the covariate by the log of survival time

Variable Estimate Std.Err HR (95% CI) p-value
log(Time)×Male -0.016 0.023 0.009 (0.001 − 2.583) 0.5059
log(Time)×Bedridden 0.186 0.462 1.205 (0.487 − 2.979) 0.6865
log(Time)×Working -0.309 0.298 7.342 (0.410 − 1.316) 0.2993
log(Time)×d4T-Based 0.173 0.452 1.188 (0.490 − 2.880) 0.7023
log(Time)×AZT-3TC-NVP -0.048 0.301 0.953 (0.528 − 1.719) 0.8726
log(Time)×AZT-3TC-EFV 0.152 0.360 1.165 (0.575 − 2.358) 0.6717
log(Time)×Weight -0.022 0.015 0.978 (0.949 − 1.008) 0.1577
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Table A.4: Univariable linear-mixed effects model for HIV-infected patients under HAART

Variable Estimate Std.Err 95% CI p-value
Sex

Female(ref)
Male -0.779 0.371 (-1.509 − -0.0488) 0.0366†

Functional Status
Ambulatory (ref)
Bedridden -2.523 0.777 (-4.050 − -0.996) 0.0013†

Working 1.473 0.428 (0.633 − 2.314) 0.0006†

WHO Clinical Stage
Stage IV (ref)
Stage I 2.162 0.513 (1.154 − 3.170) < 0.0001†

Stage II 1.943 0.565 (0.832 − 3.053) 0.0006†

Stage III 1.475 0.460 (0.570 − 2.380) 0.0015†

Regimen Type
Others (ref)
d4T-Based -0.100 0.722 (-1.535 − 1.335) 0.8912
AZT-3TC-NVP 1.326 0.450 (0.442 − 2.211) 0.0034†

AZT-3TC-EFV 1.062 0.582 (-0.082 − 2.205) 0.0687
Age -0.034 0.021 (-0.075 − 0.007) 0.1020
Weight 0.042 0.020 (0.003 − 0.082) 0.0355†

†Indicates the significance of covariates at 5% level of significance.
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Table A.5: Multivariable linear-mixed effects model containing Main effects and Interaction

Variable Estimate Std.Err 95% CI p-value
Intercept 9.579 0.526 (8.546 − 10.613) < 0.0001†

Time 0.553 0.053 (0.449 − 0.657) < 0.0001†

Sex
Female(ref)
Male -0.844 0.372 (-1.576 − -0.113) 0.0237†

Functional Status
Ambulatory (ref)
Bedridden -2.377 0.783 (-3.916 − -0.838) 0.0025†

Working 0.986 0.467 (0.068 − 1.905) 0.0354†

WHO Clinical Stage
Stage IV (ref)
Stage I 0.809 0.739 (-0.643 − 2.260) 0.2742
Stage II 0.646 0.625 (-0.582 − 1.875) 0.3015
Stage III 0.930 0.468 (0.011 − 1.849) 0.0474†

Regimen Type
Others (ref)
d4T-Based 0.116 0.725 (-1.309 − 1.542) 0.8730
AZT-3TC-NVP 0.743 0.477 (-0.195 − 1.682) 0.1203
AZT-3TC-EFV 1.325 0.598 (0.150 − 2.500) 0.0271†

Age -0.014 0.021 (-0.056 − 0.027) 0.4950‡

Weight 0.018 0.022 (-0.025 − 0.060) 0.4153‡

Time×Bedridden 0.059 0.105 (-0.148 − 0.266) 0.5769‡

Time×Working 0.011 0.054 (-0.094 − 0.117) 0.8359‡

Time×Stage I 0.021 0.074 (-0.124 − 0.166) 0.7766‡

Time×Stage II 0.021 0.067 (-0.111 − 0.154) 0.7505‡

Time×Stage III -0.083 0.050 (-0.181 − 0.015) 0.0983‡

Time×d4T-Based -0.075 0.087 (-0.246 − 0.095) 0.3859
Time×AZT-3TC-NVP -0.151 0.055 (-0.259 − -0.043) 0.0060†

Time×AZT-3TC-EFV -0.133 0.064 (-0.260 − -0.006) 0.0398†

†Indicates the significance of covariates at 5% level of significance.
‡Indicates that, the variables excluded from the model for good at this step.
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Table A.6: Univariable Cox proportional hazards model for HIV-infected patients under HAART

Variable Estimate Std.Err HR (95% CI) p-value

Sex
Female(ref)
Male 0.271 0.208 1.311 (0.872 − 1.973) 0.19340

Functional Status
Ambulatory (ref)
Bedridden 0.940 0.276 2.560 (1.491 − 4.394) 0.0006†

Working -1.241 0.236 0.290 (0.182 − 0.459) < 0.0001†

WHO Clinical Stage
Stage IV (ref)
Stage I -0.938 0.303 0.391 (0.216 − 0.709) 0.0019†

Stage II -1.454 0.438 0.234 (0.099 − 0.551) 0.0009†

Stage III -0.524 0.238 0.592 (0.371 − 0.943) 0.0274†

Regimen Type
Others (ref)
d4T-Based -0.227 0.797 0.780 (0.406 − 1.562) 0.50853
AZT-3TC-NVP -1.056 0.348 0.348 (0.216 − 0.558) < 0.0001†

AZT-3TC-EFV -0.796 0.451 0.451 (0.240 − 0.849) 0.01362†

Age 0.005 0.012 1.005 (0.982 − 1.029) 0.65710
Weight -0.076 0.013 0.927 (0.903 − 0.951) < 0.0001†

†Indicates the significance of covariates at 5% level of significance.

Table A.7: Multivariable Cox proportional hazards model for HIV-infected patients under
HAART

Variable Estimate Std.Err HR (95% CI) p-value

Sex
Female(ref)
Male 0.690 0.235 1.994 (1.259 − 3.158) 0.0032†

Functional Status
Ambulatory (ref)
Bedridden 1.152 0.298 3.164 (1.766 − 5.670) < 0.0001†

Working -0.824 0.267 0.438 (0.260 − 0.739) 0.0019†

WHO Clinical Stage
Stage IV (ref)
Stage I 0.122 0.340 1.130 (0.580 − 2.199) 0.7193‡

Stage II -0.105 0.480 0.900 (0.351 − 2.306) 0.8262‡

Stage III 0.320 0.267 1.378 (0.815 − 2.326) 0.2312‡

Regimen Type
Others (ref)
d4T-Based -0.389 0.350 0.677 (0.341 − 1.345) 0.2659
AZT-3TC-NVP -0.455 0.260 0.634 (0.381 − 1.056) 0.0802
AZT-3TC-EFV -0.703 0.341 0.495 (0.254 − 0.965) 0.0389†

Age -0.001 0.012 0.999 (0.976 − 1.023) 0.9239‡

Weight -0.057 0.014 0.944 (0.917 − 0.971) < 0.0001†

†Indicates the significance of covariates at 5% level of significance.
‡Indicates that, the variables excluded from the model for good at this step.
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Appendix B

Appendix B: Summary Results for Selected Figures

Figure B.1: Histogram of the actual CD4 cells count (a) and the square root CD4 cells count
(b) at Baseline

Figure B.2: Boxplots of the actual CD4 cells count (a) and the square root CD4 cells count (b)
at Baseline
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Figure B.3: Histogram of the actual CD4 cells count (a) and the square root CD4 cells count
(b) over time

Figure B.4: Boxplots of the actual CD4 cells count (a) and the square root CD4 cells count (b)
over time

Figure B.5: Normal Q-Q Plot for actual CD4 cells count (a) and the Square root CD4 cells
count (b) of HIV-infected patients under HAART
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Figure B.6: Kaplan-Meier Survival plots of Sex (a) and Regimen type (b) of HIV-infected
patients under HAART

Figure B.7: The Mean profile plots of Regimen type (a) and WHO clinical stage (b) for HIV-
infected patients under HAART
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