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ABSTRACT

It is common in clinical or observational studies to record information repeatedly over time
while observing a time-to-event outcome among subjects. Joint models for longitudinal and
survival data simultaneously analyse repetitively measured outcomes and associated event
times. They offer valuable applications in two contexts: accounting for time-varying covariates
measured with error when concentrating on survival outcomes, and controlling for informative
censoring when focusing on longitudinal outcomes. It has been nearly four decades since joint
modelling was first developed. The main aim of this study was to investigate whether there is
an association between multivariate longitudinal electrocardiogram (ECG) characteristics; i.e.,
ECG rate (ECGrate), ECG PR interval (ECGpri), ECG corrected QT interval (ECGqtc), and
ECG QRS duration (ECGqrsd) on survival outcomes, death, constriction, and composite
outcome (death, constriction, or cardiac tamponade, whichever occurs first) in the investigation
of the management of pericarditis (IMPI) in a multi-centre clinical trial. The ECG
characteristics from the IMPI trial were weighed on a continuous scale and were converted into
categories to be clinically meaningful. Several approaches were taken towards joint modelling,
with the first one being a two-stage joint model approach. The shared parameter joint model is
another approach to joint modelling. This study considered univariate and multivariate shared
parameter joint models of the longitudinal data and time-to-composite, time-to-death, and time-
to-constriction event outcomes. Specifically, the study considered these models when the data
were non-normal. The univariate analysis results suggested a weak association between the
ECGrate and the risk of composite, death, and constriction event outcomes. However, there
was a strong association between ECGpri and the risk of death and constriction, but there was
no association in the composite event. Furthermore, there was no association between ECGqrs
duration and the risk of either composite or death events; however, there was an association
with constriction. Finally, there was no association between ECGqtc and the risk of either
composite or death events; however, there was an association between the ECGqtc and
constriction. The study utilised multivariate shared parameter joint model analysis to
understand if there was an association between composite, death, and constriction survival
outcomes. The model had four binary ECG longitudinal outcomes, which were modelled based
on the binomial assumption using the generalised linear mixed-effects model. Parameter
estimation was based on a Bayesian framework utilising the Markov Chain Monte Carlo
technique, and convergency estimates were established. It was discovered that the association

parameter for the ECGqtc, which determines how the longitudinal ECGqtc is related to the risk
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of death, showed that there was an association. In contrast, the association parameter for
ECGrate, ECGpri, and ECGqrsd was weak for the risk of composite, death, and constriction
outcomes. The ECGqtc also revealed no association between the risk of composite and

constriction event outcomes, respectively.

Keywords: Joint models, longitudinal, multivariate, survival
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CHAPTER 1:
INTRODUCTION

1.1 INTRODUCTION

This chapter introduces the study and outlines its objectives and goals. It also provides the
motivation for the research and an overview of the thesis organisation to inform the intended
audience of the current research. The background description of the research problem is

provided in the next chapter.

Joint modelling, which has been an active research area for nearly four decades, characterises
the relationship between longitudinal and time-to-event processes. It is common in clinical or
observational studies to record information on the time-to-event outcome and the longitudinal
outcome of the disease marker on subjects. These study designs primarily evaluate the
longitudinal trend for the population as a whole or for a particular subject over time. As part of
the data-collection process, other covariates may be included that are thought to influence the

response variable.

Longitudinal and event processes were analysed separately in the past. For example, when
interest lies in the time-to-event process, Cox regression with time-varying covariates or two-
stage modelling has historically been employed. However, through the development of a
statistical methodology, the two processes have been simultaneously analysed through a
modelling framework, referred to as joint modelling, for longitudinal and time-to-event
(survival) data (Henderson et al., 2000; Hsieh et al., 2006; Rizopoulos, 2010). Joint models for
longitudinal and time-to-event data model the two processes simultaneously through the semi-
parametric maximum likelihood (ML) approach and Bayesian method employing the Markov
chain Monte Carlo (MCMC) technique (Chi & Ibrahim, 2006; R Brown & G Ibrahim, 2003;
Xu & Zeger, 2001; Wang & Taylor, 2001). This new and active area of research can be utilised

to improve inference about longitudinal profiles with informative dropout.

Joint models can be divided into two classes: latent class joint models and shared parameter
joint models. The former model is useful in personalised medicine for predicting the occurrence
of an event, while the latter assesses the strength of association between biomarkers and event
risks (Henderson et al., 2000; Rizopoulos, 2012; Tsiatis & Davidian, 2001). This study

primarily focused on the shared parameter model.
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Additionally, the joint model has been extended to manage multivariate longitudinal data,
competing risks, and recurrent events. This study examined the longitudinal multivariate data
setting and competing risks. For countless applications, it may be of interest to jointly model
longitudinal data with several random variables. This type of data is referred to as multivariate
longitudinal data. In the statistical literature, it is argued that this extension is mathematically
straightforward. However, in practice, it remains challenging to fit due to many random effects,

which can also be computer intensive.

As part of time-to-event data analysis, an alternative event may occur apart from the event of
interest, which is denoted to as competing risks. Competing risks describe events that either
prelude the event of interest, prevent it from occurring, or change the likelihood of its
occurrence. For example, in the Investigation of the Management of Pericarditis (IMPI) trial
data, the competing risks are event death or constriction. The two universal models for
analysing competing risk data are the sub-hazards model, also known as the Fine Gray model
(Fine & Grey, 1999), and the cause-specific hazard model (Prentice, 1982). The Cox
proportional hazards (PH) model is the base for both models. Sub-hazard models directly relate
the covariate effect to the cumulative incident function, whereas cause-specific hazard models
relate the covariate effect to the cause-specific incident function (Ha et al., 2016; Prentice,

1982).

In recent years, there has been a significant increase in longitudinal data modelling and
competing risks in time-to-event data research. As a baseline model, linear mixed models were
generally used for all longitudinal outcome sub-models. Several extensions have been
proposed, including modelling the random effects heterogeneously, modelling multivariate
longitudinal data, and non-parametric modelling of the random effects (Andrinopoulou et al.,
2014; Andrinopoulou et al., 2017; Elashoff et al., 2010; Huang et al., 2011; Li et al., 2012).
The association between sub-models has generally been captured through different functions
of shared random effects (Li et al., 2012) or correlated random effects and frailty terms

(Elashoft, 2008).

Most research in joint modelling has predominantly focused on continuous longitudinal
responses. However, investigators often encounter various data types when conducting
longitudinal studies, including continuous, binary, ordinal, and others. For example, Faucett
et al. (1998) and Larsen (2004) developed joint models for binary longitudinal outcomes, while
Pulkstenis et al. (Pulkstenis, 1998) and Albert (2000) have also applied them to missing data
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cases. Many techniques in joint modelling literature are intended to cope with different types
of longitudinal outcomes. The researcher therefore extended the linear mixed models for
continuous data to non-continuous data using the generalised linear mixed-effects models
(GLMMs) (Bogun et al., 2004; Engel & Keen, 1994; Laird & Ware, 1982; WHO, 2022). The

focus of this study is on non-continuous data; specifically four binary longitudinal outcomes.

1.2 MOTIVATION

The multi-centre IMPI clinical trial, conducted approximately nine years ago, of which the
main results were published in 2014, motivated the work in this study (Mayosi et al., 2014).
The study’s primary objective was to determine whether prednisolone and Mycobacterium
indicus pranii (MIP) immunotherapy reduced the composite outcomes of death, constriction,
or cardiac tamponade in patients with tuberculosis (TB) pericarditis with probable or definite

outcomes.

The work presented in this thesis used the following variables from the IMPI trial data:
electrocardiogram (ECG) rate (ECGrate), ECG PR interval (ECGpri), ECG QRS duration
(ECGqrsd), and ECG corrected QT interval (ECGqtc) to clinically prove their importance in
cardiology (Mayosi et al., 2014). Cardiologists use ECGs to diagnose and monitor cardiac

conditions.

Hypertension, among many, is one of the leading causes of ECG abnormalities, which later
harm cardiovascular health. Several studies in the literature have confirmed these findings
(Bang & Okin, 2016; Ferro et al., 2021; Istolahti et al., 2021). A study by Lehtonen et al. (2016)
specifically examined the prevalence of ECG abnormalities in hypertensive individuals and
revealed that abnormalities increase with the severity of hypertension. A further finding of the
study was that left ventricular hypertrophy remains the cornerstone of cardiovascular risk
assessment in hypertensive patients. Moreover, it alerted physicians to look for the presence of
prolonged QT interval and negative T-wave in hypertensive individuals, which is highly
associated with the risk of heart disease. Adedinsewo et al. (2020) demonstrated the correctness
of an artificial intelligence (Al)-enabled ECG to specifically identify patients presenting with
acute dyspnoea who had left ventricular systolic dysfunction. The study revealed the accuracy
of utilising the Al algorithm in the emergency room and a further high risk of mortality for
patients with left ventricular systolic dysfunction with the added advantage of early linkage to

cardiovascular care. Subsequently, McCullough et al. (2020) investigated the association
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between ECG characteristics and death in patients with coronavirus disease (COVID-19). They
achieved this by using univariate and multivariate logistic regression analysis. They found that
patients with ECG discoveries of both left-sided heart disease and right-sided disease had a
higher probability of death.

Despite ECGs being a powerful tool for diagnosing heart disease, incorrect interpretation can
lead to inappropriate clinical decisions (Bogun et al., 2004; Masoudi et al., 2006; Viljoen et
al., 2017;). It is for this reason that the above-mentioned ECG variables from the IMPI trial
dataset were transformed from continuous to categorical variables to make the variables
clinically meaningful, and they are now explained in terms of the normal versus abnormal rate
of each ECG variable. The ECGrate represents the frequency of heart contraction beats per
minute (bpm). It is clinically meaningful at the bedside, with a normal heart rate ranging

between 60 to 100 bpm. Rates less than 60 and above 100 bpm are deemed abnormal.

An ECGpri is the time it takes for an electrical impulse to be generated by a pacemaker
(sinoatrial node, i.e., red star in Figure 1.1) and then to be transmitted through both atria (i.e.,
atrial depolarisation, the blue waves in Figure 1.1) to the atrioventricular node (black oval dot
in Figure 1.1). Figure 1.2 shows a visual representation of the process. The normal PR interval
is 120 to 200 milliseconds (ms), and anything outside this interval is deemed abnormal. The
abnormalities stem from when patients have a fast heart rate, which causes the ECGpri to be

shortened, which can be prolonged to first-degree heart block (Viljoen et al., 2021).

The ECGqrsd complex represents ventricular depolarisation, which is the period the electrical
impulse takes to pass through the left and right ventricles of the heart. It triggers the contraction
of both ventricles’ muscles. It is regarded as a central spike as visualised in Figure 1.3. The
normal QRS width is 60 to 100 ms. However, when the QRS duration is longer, it is considered

a wide and abnormal QRS complex, which the bundle branch block can likely cause.

Finally, the ECGqtc is the corrected QT interval that represents electrical activation and
recovery of the ventricles; i.e., time it takes for an electrical impulse to travel through both
ventricles, triggering ventricular contraction. After that, the ventricles return to their baseline
electrical state. The QT interval is measured from the beginning of the QRS duration complex
to the end of the T-wave; i.e., ventricular repolarisation, as shown in Figure 1.4 (Viljoen et al.,

2021). If prolonged, many causes may be acquired, including disease states and multiple drugs.
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Therefore, to be considered normal, the ECG QT interval must be less than 440 ms for men

and less than 460 ms for women.
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Figure 1.1: A visual representation of the ECGrate (Viljoen et al., 2021)
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Figure 1.2: A visual representation of the ECGpri (Viljoen et al., 2021)
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Figure 1.3: A visual representation of the ECGqrsd (Viljoen et al., 2021)
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Figure 1.4: A visual representation of the ECGqtc (Viljoen et al., 2021)

In the current literature, the IMPI dataset analysis was only based on survival outcomes in joint
modelling. Additionally, the published study did account for missingness, measurement error
in the longitudinal outcome, and non-random dropout in the survival outcome. However, the
concentration of the original study was on CD4 cell counts and not on the ECG characteristics

variables.

1.3 STUDY AIM AND OBJECTIVES

This study aimed to assess whether the ECG variables, namely ECGrate, ECGpri, ECGqrsd,
and ECGqtc, were individually or jointly associated with composite outcome, death, or

constriction in TB pericarditis patients using the joint modelling framework.

The objectives of the study were to:
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i.  Investigate the association between the ECG characteristics and study outcomes
using separate joint models, evaluate their performance, and illustrate them on the
actual dataset from a multi-centre clinical trial (IMPI).

ii.  Investigate the association between the ECG characteristics and study outcomes
using separate joint models, taking into account competing risks.

iii.  Investigate the association between the ECG characteristics and study outcomes
using multivariate joint models.

1.4 CONTRIBUTION OF THE THESIS

The study is important because clinicians can use the identified ECG characteristics to be
associated with the outcomes to identify patients at risk and therefore recommend appropriate

medications or therapeutic interventions.

1.5 STRUCTURE OF THE THESIS
This thesis is organised as follows:

Chapter 1 presents the study’s general introduction, motivation, and objectives. Chapter 2
provides the background and descriptive statistics of the IMPI clinical trial dataset. Chapter 3
reviews available literature on time-to-event (survival) analysis and the Cox PH model. Chapter
4 discusses relevant functions and standard methods in the time-to-event data analysis.
Furthermore, the concept of joint modelling and its extensions are discussed, followed by the
documentation used in the joint modelling framework. Chapter 5 introduces the multivariate
joint model for longitudinal and survival data, formulation, and estimation (Rizopoulos, 2012).
Chapter 6 presents the model fitting results and interpretation found after using each of the
methodologies discussed in Chapter 4 and Chapter 5 on the IMPI real dataset. Finally, Chapter
7 presents the concluding facts discovered in this study, and makes suggestions for future

research.
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CHAPTER 2:
BACKGROUND TO THE RESEARCH PROBLEM AND
INVESTIGATION OF THE MANAGEMENT OF PERICARDITIS
(IMPI) TRIAL DATASET

2.1 INTRODUCTION

Chapter two provides a detailed description of the research problem. It summarises the key
features of the IMPI clinical trial that was used to evaluate whether prednisolone and MIP
reduced death, constriction, or cardiac tamponade among patients with TB pericarditis with
possible or definite outcomes requiring pericardial drainage. In this study, the analysis was
restricted to patients with ECG data. The chapter provides a brief exploratory data analysis.

The next chapter discusses literature relevant to the study.

2.2 BACKGROUND TO THE RESEARCH PROBLEM

TB is one of the most severe health challenges globally. While its prevalence has declined,
millions of people continue to be affected yearly, which makes it almost as common as the
human immunodeficiency virus (HIV). The World Health Organization revealed in 2022 that
around a quarter of the global population has been infected with TB, of which approximately
90% of people who develop TB each year are adults, with more cases occurring in men than in
women (WHO, 2022). Since TB is a bacterial infection, the bacterium Mycobacterium
tuberculosis 1s the primary cause of it. It usually affects the lungs (pulmonary TB) but can also
affect other sites, such as the pericardial membrane. The pericardial membrane is the
pericardium that covers the heart. It is therefore called TB pericarditis when it is infected with

TB.

According to Mayosi et al. (2005), TB pericarditis accounts for approximately 1% of TB-
related deaths and 1% to 2% of pulmonary TB cases. Due to this condition, there is a high
incidence of pericardial effusion, cardiac tamponade, and constrictive pericarditis in emerging
countries. Pericardial effusion is when fluid accumulates abnormally in the heart cavity, while
cardiac tamponade occurs when blood builds up between the heart muscle and the pericardium,
which causes pressure to build on the heart, and constrictive pericarditis is inflammation of the

pericardium. A high risk of HIV infection is associated with TB pericarditis (Mayosi et al.,
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2006). HIV is prevalent in almost half of the patients in sub-Saharan Africa with large
pericardial effusions (Ntsekhe et al., 2003). A large pericarditis effusion is most common in

patients with TB pericarditis in the Western Cape province (Reuter et al., 2005).

The treatment of TB pericarditis includes rifampicin, isoniazid, pyrazinamide, and ethambutol
administered for six months, followed by pericardial drainage to relieve cardiac tamponade and
pericardiectomy for pericardial constriction (Wiysonge et al., 2017). However, mortality
caused by TB pericarditis remains high despite anti-TB chemotherapy (Mayosi et al., 2008).
Furthermore, it was found that glucocorticoid therapy reduced the inflammatory response in
TB pericarditis patients, improved outcomes, and decreased death risk due to reduced cardiac
tamponade and pericardial constriction. However, it is unclear how effective adjunctive
glucocorticoids are clinically (Mayosi et al., 2014). Nevertheless, Ntsekhe et al. (2003) found
that adjunctive glucocorticoids were not guaranteed to reduce mortality or morbidity. It has
been shown that glucocorticoids are effective for treating TB pericarditis, but that the number
of events and patients included was very small, according to a meta-analysis involving
randomised and controlled trials (Ntsekhe et al., 2008; Wiysonge et al., 2017). TB pericarditis
patients could benefit from adjunctive prednisolone, and intradermal MIP could be effective in
subduing inflammation and its sequelae in patients with TB pericarditis, according to Mayosi
et al. (2014). The non-pathogenic, saprophytic, rapidly growing atypical MIP has demonstrated
clinical benefits when applied as an intradermal heat-killed formulation to patients with
leprosy, and it may also be beneficial in patients who are infected with HIV and pulmonary
TB. It has been suggested that repeated doses of intradermal heart-killed MIP immunotherapy
may lessen the inflammation response to TB and increase the CD4+ T-cell in HIV-positive

individuals (Mathur, 2006).

2.3 DATA SOURCE

The IMPI clinical trial was a two-by-two factorial study conducted in nine African countries
with multiple centres (Mayosi et al., 2014). The participants in the study were 18 years or older
who had TB pericarditis. Patients were randomised to either an experimental or a control group
during the trial, based on a random allocation process with stratification by the centre. The
experimental group received the treatment, while the control group received a placebo. Firstly,
they were assigned the prednisolone treatment for six weeks at a dose of 120 mg/day to 5

mg/day compared to the placebo. They were then randomly assigned to five injections of heat-
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killed Mycobacterium indicus pranii (MIP or MW), at a dose of two 0.1 ml injections, and then
subsequent 0.1 ml injections for comparison with the placebo. The clinical trial therefore
consisted of Mw+P+, MW-P-, MW+P-, and MW-P+, where - indicates the placebo and +
indicates the active treatment. An example would be PFMW+, which means the arm had active
treatment for MW and prednisolone. The study included 1400 patients, of whom
approximately two-thirds were HIV positive, around three-quarters had heart disease of New
York Heart Association (NYHA) class II or III, and approximately 90% had moderate to large
pericardial effusions. The patients achieved a median follow-up of 600 days and high adherence
and follow-up rates. After hospital discharge, data were collected at two weeks, four weeks, six
weeks, three months, and six months, then every six months for two years, and every year after

that up to four years.

Composite death, cardiac tamponade, or constrictive pericarditis was the primary efficacy
outcomes of the study. It was concluded that there was no significant difference between the
patients who received prednisolone and the placebo. Furthermore, the same dataset also
measured the safety of immunomodulatory treatment. Among patients with HIV, prednisolone
therapy was associated with an increased risk of many cancers, most of which were related to

HIV (Mayosi et al., 2014).

The main aim of this study was to assess the effect of the ECG characteristics, namely ECGrate,
ECGpri, ECGqtc, and ECGqrsd, which are the time-varying covariates, on survival outcomes,
death, and pericardial constriction. The project examined the ECG individually and jointly
versus death versus constriction and composite (death or constriction). Moreover, the project
was considered suitable for using this data source because it had multivariate longitudinal and
time event outcomes. The analysis was restricted to patients who only had ECG data. The study
further focused on subjects with at least two ECG measurements, i.e., ECGrate, ECGpri,
ECGqtc, or ECTqrsd (n=1 197). The study only included subjects who were assigned
prednisolone versus placebo treatment because the initial IMPI study flagged MIP as
redundant. The trial collected the ECG measurements at baseline, two weeks, four weeks, six

weeks, three months, six months, 12 months, 18 months, 24 months, and 48 months.

All the ethical protocols were observed, and approval was granted by the University of Cape
Town Faculty of Health Science Human Research Ethics Committee, HREC (REF HREC
032/2009).

10
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24  EXPLORATORY DATA ANALYSIS

The study enrolled 1 197 patients, of whom 845 were HIV positive, and 352 were HIV
negative. Five hundred and ninety-three patients were randomised to a prednisolone arm, and
600 patients were randomised to a placebo arm. There were 255 patients among the 1 197
patients who experienced a composite event (i.e., death, cardiac tamponade, or constriction),

163 died, and 86 suffered cardiac arrest.

Thirty-three covariates were identified as clinically appropriate through a review of the
covariates. A preliminary univariate analysis was conducted to further assess the effects of
these 33 covariates on the response variables. It is worth noting that observations beyond the

study period or lost to lack of follow-up were right-censored.

Missing values are common in medical datasets. As a result, this study assumed that data were

missing at random and that censoring was non-informative.

2.4.1 Baseline characteristic distributions for the treatment group

The study used different statistical tests to compare baseline characteristic distributions. A
Mann-Whitney test was used for continuous variables, while a chi-square or Fisher’s exact test
was used for categorical variables. The continuous covariates (see Table 2.1) and categorical
covariates (see Tables 2.2 and 2.3) are summarised below. Hypothesis testing was done at a
5% significance level, whereby p-values of covariates (p>0.05) indicated no significant
differences in patients between the treatment groups at the baseline. Table 2.4 summarises the
ECG baseline characteristics by treatment group, while Tables 2.5 to 2.7 show the summary

characteristics for ECG baseline characteristics by study outcomes.

Table 2.1: Summary statistics for continuous baseline characteristics of patients randomised to

either placebo or prednisolone group

Placebo Prednisolone Overall

(N =0604) (N =593) (N=1197)
Covariate Median (IQR*) Median (IQR) Median (IQR) p-value
Age (years) 34.34 (15.82) 34.93 (17.80) 34.51 (16.44) 0.622
Weight (kg) 57.9 (15.0) 58.0 (15.7) 5.80 (1.5) 0.026
Duration of symptoms (days) 30 (22) 28 (21) 30 (21) 0.370

* IQR = interquartile range

11



Modiehi Theletsane

Table 2.2: Summary statistics for categorical baseline characteristics of patients randomised to

either placebo or prednisolone group

Placebo Prednisolone Overall

(N =604) (N =593) (N=1197)
Covariate N(%) N(%) N(%) p-value
Gender (sex) 1.000
Female 267 (22.31) 263 (21.97) 530 (44.28)
Male 337 (28.15) 330 (27.57) 667 (55.72)
NYHA class 0.580
I 122 (10.19) 129 (10.78) 251 (20.97)
11 277 (23.14) 277 (23.14) 554 (46.28)
I 151 (12.61) 129 (10.78) 280 (23.39)
v 54 (4.51) 58 (4.85) 112 (9.36)
Country 0.807
Other 138 (11.53) 131 (10.94) 269 (22.47)
South Africa 466 (38.93) 462 (38.60) 928 (77.53)
Pericardiocentesis at randomisation 0.656
No 248 (20.72) 235 (19.63) 483 (40.35)
Yes 356 (29.74) 358 (29.91) 714 (59.65)
Antiretroviral status at study entry 0.048
Unknown 180 (15.04) 193 (16.12) 373 (31.16)
No 317 (26.48) 325 (27.15) 642 (53.63)
Yes 107 (8.94) 75 (6.27) 182 (15.20)
Palpable pulsus paradoxus 0.049
No 483 (40.35) 445 (37.18) 928 (77.53)
Yes 121 (10.11) 148 (12.36) 269 (22.47)
Peripheral oedema 0.253
No 375 (29.14) 388 (29.79) 763 (58.93)
Yes 229 (20.43) 205 (20.64) 434 (41.07)
Systolic blood pressure 29 (2.42) 42 (3.51) 71 (5.94) 0.120
<90 mm ml of mercury (Hg)
>90 mm Hg 575 (48.08) 550 (45.99) 1 125 (94.06)
Heart rate 255 (21.34) 251 (21.00) 506 (42.34) 0.976
<100
>100 349 (29.21) 340 (28.45) 689 (57.66)
Haemoglobin 317 (26.62) 330 (27.71) 647 (54.32) 0.392
<10
>10 281 (23.59) 263 (22.08) 544 (45.68)
White blood count 0.051
<10 mm? 566 (45.49) 540 (47.42) 1106 (92.91)
>10 mm? 35 (4.08) 53 (3.01) 88 (7.09)

12
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Table 2.3: Summary statistics for categorical baseline characteristics continued

Placebo Prednisolone Overall

(N =604) (N=1593) (N=1197)
Covariate N(%) N(%) N(%) p-value
Creatinine <105 umol/l 508 (45.72) 489 (44.01) 997 (89.74) 0.327
>105 umol/l 52 (4.68) 62 (5.58) 114 (10.26)
Left ventricular ejection fraction 1(0.08) 1(0.08) 2(0.17) 1.000
<55%
>55% 603 (50.38) 592 (49.46) 1195 (99.83)
Effusion size 383 (32.85) 363 (31.13) 746 (63.98) 0.445
Large =2 cm
Medium 1-2 cm 148 (12.69) 160 (13.72) 308 (26.42)
Small <1 cm 61 (5.23) 51 (4.37) 112 (9.61)
Tamponade at study entry 1.000
No 216 (23.53) 215 (23.42) 431 (46.95)
Yes 244 (26.58) 243 (26.47) 487 (53.05)
Constriction at study entry 0.026
No 262 (28.32) 231 (24.97) 493 (53.30)
Yes 197 (21.30) 235 (25.41) 432 (46.70)
HIV status 0.303
HIV- 169 (14.12) 183 (15.29) 352 (29.41)
HIV+ 435 (36.34) 410 (34.25) 845 (70.59)
Chest X-ray pulmonary infiltrate 0.556
No 379 (34.36) 347 (31.46) 726 (65.82)
Yes 189 (17.14) 188 (17.04) 377 (34.18)
Atrial fibrillation on ECG 1.000
No 489 (50.31) 480 (49.38) 969 (99.69)
Yes 2(0.21) 1(0.10) 3(0.31)
Definite TB pericarditis status 0.950
No 506 (42.27) 495 (41.35) 1 001 (83.63)
Yes 98 (8.19) 98 (8.19) 196 (16.37)
Pericardial thickness
Normal (<2 mm) 603 592 1195

13
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Table 2.4: Summary statistics for electrocardiogram (ECG) baseline characteristics

Placebo Prednisolone Overall

(N =604) (N =593) (N=1197)
Covariate N(%) N(%) N(%) p-value
ECGrate 0.425
Abnormal 248 (20.72) 258 (21.55) 506 (42.27)
Normal 356 (29.74) 335 (27.99) 691 (57.73)
ECGpri 0.910
Abnormal 585 (48.87) 576 (48.12) 1 161 (96.99)
Normal 19 (1.59) 17 (1.42) 36 (3.01)
ECGqrsd 0.069
Abnormal 593 (49.54) 571 (47.70) 1 164 (97.24)
Normal 11 (0.92) 22 (1.84) 33 (2.76)
ECGytc 0.491
Abnormal 511 (42.69) 492 (41.10) 1 003 (83.79)
Normal 93 (7.77) 101 (8.44) 194 (16.21)

Table 2.5: Summary statistics for ECG baseline characteristics by composite outcome

No composite Composite Overall

(N =942) (N =255) (N=1197)
Covariate N(%) N(%) N(%) p-value
ECGrate 0.006
Abnormal 418 (34.92) 88 (7.35) 506 (42.27)
Normal 524 (43.78) 167 (13.95) 691 (57.73)
ECGpri 0.242
Abnormal 917 (76.61) 244 (20.38) 1161 (96.99)
Normal 25 (2.09) 11 (0.92) 36 (3.01)
ECGqrsd 0.287
Abnormal 919 (76.78) 245 (20.47) 1 164 (97.24)
Normal 23 (1.92) 10 (0.84) 33 (2.76)
ECGqtc 0.001
Abnormal 807 (67.42) 196 (16.37) 1003 (83.79)
Normal 135 (11.28) 59 (4.93) 194 (16.21)

14
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Table 2.6: Summary statistics for ECG baseline characteristics by death outcome

No death Death Overall

(N=1034) (N=163) (N=1197)
Covariate N(%) N(%) N(%) p-value
ECGrate 0.022
Abnormal 451 (37.68) 55 (4.59) 506 (42.27)
Normal 583 (48.71) 108 (9.02) 691 (57.73)
ECGpri 0.431
Abnormal 1 005 (83.96) 156 (13.03) 1 161 (96.99)
Normal 29 (2.42) 7 (0.58) 36 (3.01)
ECGqrsd 0.039
Abnormal 1010 (84.38) 154 (12.87) 1 164 (97.24)
Normal 24 (2.01) 9 (0.75) 33 (2.76)
ECGgqtc 0.166
Abnormal 875 (73.10) 128 (10.69) 1 003 (83.79)
Normal 159 (13.28) 35(2.92) 194 (16.21)

Table 2.7: Summary statistics for ECG baseline characteristics by constriction outcome

No constriction Constriction Overall

(N=1111) (N =286) (N=1197)
Covariate N(%) N(%) N(%) p-value
ECGrate 0.045
Abnormal 479 (40.02) 27 (2.26) 506 (42.27)
Normal 632 (52.80) 59 (4.93) 691 (57.73)
ECGpri 0.477
Abnormal 1 076 (89.89) 85 (7.10) 1 161 (96.99)
Normal 35(2.92) 1 (0.08) 36 (3.01)
ECGqrsd 0.929
Abnormal 1 081 (90.31) 83 (6.93) 1164 (97.24)
Normal 30 (2.51) 3(0.25) 33 (2.76)
ECGgqtc 0.491
Abnormal 936 (78.20) 67 (5.60) 1 003 (83.79)
Normal 175 (14.62) 19 (1.59) 194 (16.21)

2.4.2 ECG characteristics over time

Furthermore, this analysis considered the ECG characteristics (i.e., ECGrate, ECGpri, ECGqtc,

and ECGqrsd) as the primary longitudinal outcomes. Table 2.4 presented the baseline

categorical ECG characteristics. The ECG measurements reduced steadily with time from

baseline until 11 months, as displayed in Figures 2.1 to 2.4. It is observed that one would model

ECGrate displayed in Figure 2.1 using a linear model but not ECGpri, for example. The GLMM

was thus used to model all the ECG characteristics. The treatment group analysis was restricted

to only the prednisolone and placebo groups. The reason for this is because the comparison
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Prop(ECGrate)

between MIP and the placebo was stopped early in February 2013 due to futility (Mayosi et al.,

2014).
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CHAPTER 3:
LITERATURE REVIEW

3.1 INTRODUCTION

This chapter discusses literature on essential concepts of survival analysis, the Cox PH model
and some extensions of it, as well as joint modelling for longitudinal and time-to-event studies
using the shared parameter model and the latent class model. The chapter further discusses
multivariate joint modelling for longitudinal and time-to-event studies when interest is in the
binary longitudinal outcome. The theory of joint models for longitudinal and the time-to-event

data employed in this study are discussed in the next chapter.

3.2 ESSENTIAL FUNCTIONS IN TIME-TO-EVENT ANALYSIS

Survival analysis is a statistical procedure for describing the time to the occurrence of an event.
It is common in medical studies that patients are followed up over a specific period during an
investigation of a particular drug. The research of such studies observes an event of interest
that could be either death, the onset of a disease, or dropping out during the study. Censoring
is the defining characteristic of survival data. Firstly, it can occur if there is a loss to follow-up
or non-occurrence of the outcome event during the observation period or at the end of the trial,
known as right censoring, or if the patient was at risk for disease before entering the study,
known as left censoring. Lastly is interval censoring, where the monitoring assessment is done
at a periodic interval, and the time to event is only known for a specified period (Prinja &
Gupta, 2010). This study focused mainly on survival analysis methods applied to biomedical

data.

The time-to-event data were analysed using the following functions: survival function, hazard
function, probability density function, and cumulative hazard function. The non-negative
random variable associated with the individual survival time, denoted by T, is the probability
that an individual random selection will have a survival time less than or equal to some value,

t. Formally, it is given as:
F()=P(T < t)

= fo tf (v)dv,
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where f(v) is the probability density function of some variable v. The survival function
represents an individual’s survival distribution from the beginning of the trial at time (t) and
beyond without experiencing the event of interest. Formally, it is defined as the probability of

survival time greater than a specific value (t) given by:

St)=P(T=t)
=1-—F(t).

The hazard function, h(t), known as the instantaneous failure rate or the force of mortality,
gives the risk of event at a particular time t. It is the conditional probability that an individual

has survived a particular time t while observing an event of interest:

h(t) = Allm

t—0

{Pr(t<T<t+At|T>t)}
At ’

where At is the instantaneous change in time t. The Nelson-Aalen estimator determines the
cumulative hazard function by adding up the quotients of observed events and the number of
subjects at risk; that is, by summarising all the observed events and the number of individuals

at risk (Nelson, 1969):
A =yk Y

A direct relationship exists between the probability density function f(t), the survival function

S(t), and the hazard function h(t) as follows:

h(t) = %

Similarly,

S(t) =1—F(t) = exp(—A(D)).

3.3 ANALYSIS OF TIME-TO-EVENT DATA

The evolution of covariates in the time-to-event data can be analysed using parametric, semi-
parametric, and non-parametric methods. Analysing time-to-event data aims to model the
survival time and describe the survival experience. Life tables and Kaplan and Meier are the

two descriptive time-to-event data-analysis methods. A life table is a simple method
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traditionally used by actuaries. In comparison, Kaplan and Meier is the most common method
used by statisticians, which estimates the distribution of survival (Kaplan & Meier, 1958). This
method focuses on the survival time curve of all subjects before the event of interest without
considering the clinicians’ attention within a fixed-cycle interval (Rich et al., 2010). Its main
drawback is its inability to estimate the survival distribution while adjusting for covariates. In
current data, we often wish to compare the survival experience of two or more patients. This
can be achieved by obtaining the survival proportion of each group. However, the challenge
will only provide the estimate at an arbitrary time point. Mentel (1966) introduced the log-rank
test that intends to assist in comparing the survival distribution of two or more individuals and
can therefore be regarded as a modified chi-square test (Lai et al., 2013). In theory, it is a

hypothesis test only used when the data have been censored appropriately.

34 COX PROPORTIONAL HAZARDS (PH) MODEL

The Cox PH model is a regression model commonly known for modelling time-to-event data.
Cox (1972) introduced the model, which assists in finding the association between
demographic variables such as sex, age, etc., and explanatory variables (Cox, 1972). It is a
semi-parametric model that assumes that covariates’ effects are constant over time; the variable
of interest, often censored, is non-negative (Moore, 2016). The model was rendered as follows

by Cox (1972):
hi(t) = ho(t) exp(B'x;),

where h,(t) is the non-negative function of time known as baseline hazard function such that
the vectors of explanatory variables are x = 0, 'x; = By1x1; + Baxp; ++ - + Bpxps, B =
(By ... Bp) that are unknown regression coefficients of the p covariates X; ... X,. x; is the
vector of covariates for the it individual, i = 1 ...n. The exponential coefficients ef’ are called

the hazard ratios (HRs). The equation can be re-expressed as a linear model of the log ratio of

the hazards as:

MEXD) g x4 oy 4 BoX
h(t|xj)_ﬁ1 1 ﬁz 2 :Bp p*

19



Modiehi Theletsane

3.4.1 Parameter estimation in the Cox PH model

Parameter estimation of the unknown £ coefficients in the Cox PH model can be found using
the ML method. The method is performed by specifying the likelihood function of the sample
data to be maximised; hence estimation using partial likelihood (Lemeshow et al., 2011). Partial
likelihood only depends on the order of the deaths. Because of this, inferences about the
explanatory variables are based on survival times only (Collet, 2003). There are detailed
discussions of ML methods in survival analysis in the classic literature, such as by Kalbfleisch

and Prentice (Kalbfleisch & Prentice, 2002).

Cox (1972) formed the bases of the partial likelihood function and further discussed the
modification to suit nuisance parameters that may arise in survival data by using the dimension

reduction technique as follows (Cox, 1975):

r 8;
B exp (B'x(j))
L8 = n{zm@ exp (ﬁ’xl)} '

j=1

where the observed data are right-censored such that t; <t, <+ < () are ordered r death
times with a group of individuals at risk denoted by R(t;)) before time t(;, so that x; gives
a vector of covariates describing the individuals who die within the specified interval, and lastly
6;, which denotes the event indicator for r observed survival times. The unknown f-parameters,
which are estimated using the maximum likelihood estimation (MLE) method in the PH model,
can be found by maximising the log-likelihood function. Consequently, the log-likelihood,

which is computationally simpler, corresponds to:

n

logL(B) = )" 818" —log ) exp (B'x) .

i=1 IeR(t;)

Statistical packages such as R, STATA, and SAS have packages available to perform

maximisation using the Newton-Raphson procedure.

3.4.2 Diagnostics for the Cox PH model

Statistical models mainly rely on assumptions. As a result, diagnostic techniques can be
employed to establish whether the fitted model is adequate. In addition, the inferential

conclusions based on a fitted model will be as robust and valid as possible if these procedures
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are performed thoroughly and diligently (Lemeshow et al., 2011). According to the standard
Cox PH regression model, PHs are a fundamental assumption (Cox, 1972; Collet, 2003; Hiller
etal., 2015; Lemeshow et al., 2011). It is thus vital to investigate specific aspects of the model
fit to ascertain the PH assumption, such as choosing explanatory variables and their functional

forms and identifying outliers.

Residuals are a common diagnostic technique to assess the model’s goodness of fit (Collet,
2003; Xue et al., 2017). In Cox modelling diagnostics, Schoenfeld residuals are used to
determine if the proportionality assumption is violated. Martingale residuals are used to
determine the functional form of a covariate. In addition, the Martingale plots are another way
to assess the functional form of the covariates. However, there are limitations to this method.
Therneau et al. (1990) proposed using the deviance residual to decide which observations are
outliers. Other diagnostics include examining the overall fit of the survival model using the
Cox-Snell residuals. The Cox-Snell residuals must be exponentially distributed to ensure a
good model fit. In this study, the Cox-Snell residuals was used to assess various survival

models.

As an alternative to the standard techniques mentioned above, graphical methods exist to assess
the PH assumption for categorical or continuous variables with a few levels. However, it
becomes challenging when the variables have many levels (Arjas, 1988; Cox, 1979; Xue et al.,
2017). Hence, Therneau and Grambsch (2000) suggested plotting cumulative Schoenfeld

residuals versus survival times. Nonetheless, the plots are challenging to read.

3.5 THE EXTENDED COX PH MODEL

Thus far, the standard Cox PH model that has been discussed only incorporates values of the
explanatory variables recorded at baseline, assuming that the covariates were constant over
time. Moreover, the PH assumption implies that the HR is constant over time; it is not time-
dependent. However, most survival data arise from repeated longitudinal measurements and
multiple explanatory variables observed over some time, and these variables vary throughout
the study. Hence, a violation of the PH may occur in some instances with such variables. These
variables are called explanatory variables, such as time-varying covariates or time-dependent
covariates. Therefore, the extended Cox PH model to handle time-dependent covariates is now
considered. This model, also known as the Anderson and Gill model, is most effective when

the evolution of covariates does not have a proportional effect on the hazard function by using
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the counting process formulation (Andersen, 1982; Chiou et al., 2014). The model formulation

is presented in Chapter 4.

The stratified Cox model is another method for dealing with the violation of the PH assumption
for a particular covariate. In this model, these covariates are incorporated as stratification
factors, while those that meet the assumption are included as regressors. Mieno et al. (2011)
ascertain that this technique is valuable in the presence of categorical predictors, which cause
non-proportionality. There are also models that deal with the accelerated failure time, frailty
models, and advanced models to deal with competing risks and multistate models (Sarkar et

al., 2017). The next section discusses the advanced models used in this study.

3.6 JOINT MODELLING FOR LONGITUDINAL AND TIME-TO-EVENT DATA

The extended Cox PH model discussed in Section 3.5 only handles exogenous time-varying
covariates but fails to account for the longitudinal relationship. Hence, the joint modelling
framework for longitudinal and time-to-event data is an alternative approach, especially when
the main interest is the association between survival experience and the endogenous time-
varying covariates (Faucett & Thomas, 1996; Henderson, 2000; Tsiatis & Davidian, 2004;
Wulfsohn & Tsiatis, 1997). Joint modelling has become the most popular technique to model
the longitudinal measurement and time-to-event outcome simultaneously and has gained much
attention from researchers in recent years. The advantage behind the method is the ability to
minimise bias estimates on influential observations and to increase treatment efficacy and other
prognostic factors. Several authors in the current literature cover comprehensive reviews
focusing on jointly modelling the CD4 counts and the time an individual contracts acquired
immunodeficiency syndrome (AIDS) ( Hogan et al., 1998; Tsiatis & Davidian, 2004; Tsiatis et
al., 1995; Self & Pawitan, 1992). There are various approaches to modelling the relationship
between longitudinal development characteristics and time-to-event outcomes. A simple way
is to fit an extended Cox model with longitudinal measures as time-varying covariates. Tsiatis
et al. (1995) described this modelling approach as associated with problems such as
underestimating the true association between the hazard and underlying response because of
measurement errors (Prentice, 1982). The presence of measurement errors yields biased
estimates. Another recent approach is two-stage joint modelling. In the first stage, the time-
varying covariates are fitted in the linear mixed-effects (LME) model and the fitted values in
the model are extracted. In the second stage, an extended Cox model with longitudinal

measurements taken at different visits replaced by fitted values is included (Boycott & Taylor,
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1998; Dafini & Tsiatis, 1998; Self & Pawitan, 1992; Tsiatis et al., 1995). Little attention has
been paid to this approach in the literature. Perhaps because it still does not account for non-

random dropout on the influential observations.

Consequently, Sweeting and Thompson (Sweeting & Thompson, 2012) argue that there is
uncertainty in the estimates obtained in the first stage and therefore conclude that they are
biased. Mauff et al. (2020) recently conducted a corrected two-stage approach that substantially
reduces bias in the estimates and daunting computational time. The authors suggest a correction
factor based on the importance of sampling theory (Press et al., 2007). However, the proposed
approach has not been attempted much in the literature. The problem of unbiased estimates
therefore persists. As a result, a new methodology for the joint distribution of the longitudinal
and survival outcomes emerged (Rizopoulos, 2010; Rizopoulos, 2012). This unique and active
approach in the statistics community, known as joint modelling, employs a joint maximisation
of the likelihood using both the covariate process and the survival data. In addition, estimating
the covariate process and risk of failure has proven to account for non-random dropout and
provides valid inferences. There are currently two core joint modelling approaches in medical
research: the shared parameter model, which is the focus of this study, and the latent class
model. The shared parameter model uses the mixed-effects model for both the longitudinal
process and time to dropout (Follmann & Wu, 1995). It is further assumed that both the
longitudinal outcomes and survival use random effects to consider the association between
these two outcomes. The papers of Tsiatis and Davidian (2004) and Yu et al. (2004) provide
excellent overviews of this buzzing area of biostatistics and statistics research. Chapter 4

elaborates on the model formulation.

In contrast to the shared model, the joint latent class model captures the association between
the risk hazard and the biomarker evolution by latent class structure (Lin et al., 2002; Proust-
Lima & Taylor, 2009; Sartor et al., 1997). The authors argue that the use of class models is
effective in studying prostate cancer recurrence. Specifically, they developed a tool to assist
them in early detection of the resurface of prostate cancer in a cohort study of prostate cancer
patients treated with radiotherapy. So far, only the standard joint models have been discussed,
which only determine the association between survival outcome and a single longitudinal
biomarker. However, several biomarkers may be relevant to the event of interest, especially in
medical settings. Extending the univariate joint model case by incorporating multiple
longitudinal biomarkers will therefore enable a better understanding of the underlying disease

dynamics. In addition to the multivariate case, other extensions such as the ability to include
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longitudinal outcomes of different types, competing risks, multiple continuous outcomes,
recurrent and terminal events, and prediction, among others, are combined (Barrett & Su, 2017;

Krol et al., 2016; Li et al., 2009; Lin et al., 2002; Rizopoulos et al., 2008).

This study uses Bayesian methods for fitting joint models. Bayesian approaches have also
gained much attention in the literature in simultaneously addressing the longitudinal and time-
to-event outcomes. Lawrence et al. (2015) reviewed this approach, focusing on the frequentist
paradigm. In particular, the authors looked at case studies when multivariate longitudinal
observations are taken into account, and multiple events are accounted for by integrating these
random effects. Alvares and Rubio (2021) introduced a numerically tractable formulation of
Bayesian joint models. Their method linked the longitudinal and survival processes by sharing
the fixed and random effects. The reason was to include the nonlinear and time-dependent
influences using the RStan package in R. In addition, the authors adopted MCMC for model
parameter estimation to facilitate direct sampling from the posterior distributions of parameters.
A parametric baseline hazard function was assumed for the survival component to avoid

numerical integration and support multiple hazard models.

Rue et al. (2017) proposed Bayesian joint modelling for bivariate longitudinal and competing
risk data. Using a shared parameter model, they model the two longitudinal and competing risk
survival processes in the intensive care unit setting. In the longitudinal process, a mixed effects
model is used for the sequential organ failure assessment score, while a mixed effects beta
regression model is used for the index of asynchronies score. A survival process defines the
competing risks of patients dying or being discharged alive through a cause-specific hazard
model. As a result of this approach, the longitudinal biomarkers are linked to the time-to-event
outcomes through shared latent random effects. The authors utilise the R-INLA package, which
provides a fast and reliable inference technique for estimating parameters in the Bayesian
paradigm when applying joint models to complex multivariate data. The work of Brilleman et
al. (2019) addresses the application of a joint modelling approach to multilevel hierarchical
data. They examined the relationship between tumour burden and disease progression in cancer
patients. The authors used a hierarchical joint model with three levels in their approach. In level
one, they accounted for repeated measurements within lesions (level two), which are then
nested within patients (level three). They also employ Bayesian estimation, which facilitates
the analysis of fixed effects (population-level parameters) and random effects (individual

deviations).
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Furthermore, in this study, the event of interest from the IMPI trial dataset was the composite
outcome of death, constriction, or cardiac tamponade. In the case of constriction being the
primary event of interest, other competing events such as death and cardiac tamponade may
end up censoring it. Similarly, if cardiac tamponade is selected as the primary event of interest,
constriction or death may compete with it. Therefore, when competing risks are present, caution

should be exercised when estimating the probability of interest of events.
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CHAPTER 4:
STANDARD JOINT MODELS FOR LONGITUDINAL AND TIME-TO-
EVENT DATA

4.1 INTRODUCTION

This chapter discusses the theory of joint models for longitudinal and time-to-event data
employed in this study. It is followed by the theory of joint models for longitudinal and time-
to-event data when the data are non-normal. The next chapter extends the standard joint models

for longitudinal and time-to-event data to a multivariate setting.

Modelling data with time-dependent covariates involves a variety of methods, especially when
the aim is to jointly model longitudinal and time-to-event data. One can either use the extended
Cox model, the two-stage joint model, or even evaluate the joint model of shared random
effects using the shared parameter joint modelling of two processes. This discussion

summarises the evolution of these joint models for longitudinal and survival data.

This chapter is two-fold. It starts by introducing the LME model as a building block to
understand the joint modelling framework and discusses the methods mentioned above in detail
and their extensions. Lastly, the joint models for the multiple longitudinal responses are

discussed.

4.2 LINEAR MIXED-EFFECTS (LME) MODEL

This section introduces the LME model, which is the sub-model in the joint modelling
framework by incorporating longitudinal data and event time data. It is common in medical
studies to have data that arise from subjects (e.g., human beings or animals) that are followed
up over time. Such data are known as longitudinal data, and their main aim is to investigate
cross-sectional and longitudinal effects. The cross-sectional effect shows if a treatment differs
on average at specific time points, while the longitudinal effect indicates the presence of
differences in treatment effects (Rizopoulos, 2012). Longitudinal data analysis is based on the
idea that each individual within a population has a subject-specific mean response profile; i.e.,
a unique functional form over time. The IMPI trial dataset has the longitudinal measurements
of the ECG done at baseline and followed up for a minimum of six months for each subject

(Chishala, 2016). Standard statistical methods such as linear regression and t-tests based on the
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independence assumption and ordinary least squares estimation are therefore not adequate for
analysing longitudinal data since subjects are positively correlated. It is for this reason that
correlation must be taken into consideration to draw valid conclusions. Several techniques in
the literature can take this into account, including generalised estimation equations. However,
LME models are best suited to analyse longitudinal data since they account for both within-
and between-subject correlations through random effects. In the joint modelling for
longitudinal and time-to-event data framework (Rizopoulos, 2012), the mixed-effects models
are used to predict subject-specific response profiles and estimate parameters that describe the
mean response changes in the population. Moreover, the mixed-effects models assume that the
longitudinal responses are independent and conditional on random effects. Additionally, these
models are capable of handling data that are not balanced, and random effects are used to

parsimoniously account for the correlation between repeated measurements.

4.2.1 Formulation of the LME model

The LME model has the following form (Harville, 1977; Laird & Ware, 1982; Thijs et al.,
2000):

yi=X.\f+Zb; + €; i=1...M
b;~N(0,3)), £,~N(0,02I)

where y; denotes the n;-dimensional response vector for the ith group, X; is n; X p design

matrix of fixed effects, while Z; is n; X q design matrix of random effects. f§ is the
p-dimensional vector of fixed effects, b; is the g-dimensional vector of random effects such
thatq = Z?zl q;, with the assumption that E (b;) = 0, €; is the n;-dimensional vector of within-

group errors assuming that E(¢;) = 0. Furthermore, b; and €; both have independent and

multivariate normal distribution in the following way:

2w (57 [ rew))

n(n+1)
2

where y and p are respectively r x 1 and s x 1 (with s < ) vectors of unknown variance

parameters corresponding to b and €. If the random terms are correlated, then the dimensions

of Yy may exceed q i.e. y may be of dimensions r < @.
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The variance-covariance matrix of the response vector, y, can be expressed as follows

(Patterson & Thompson, 1971):
Var(y;) = 02(Z;GZ] + R),

where Z;GZT is the component of the random effect and R is the within-group component
whereby both the components model correlation and heteroscedasticity. The variance-
covariance matrix of the response variables can sometimes be modelled directly using the
within-group component R to adjust for correlation among observations without incorporating
random effects. A logarithmic likelihood maximisation is the most widely used estimation

technique for linear models.

4.2.2 Parameter estimation for the LME model

This subsection concentrates on the general methods used to estimate the parameters in the
LME model. The focus is on the ML and restricted ML. In the literature, several authors have
investigated various estimation methods (Searle, 1995; Vonesh & Chinchilli, 1997). Simple
linear models have primarily used least squares for parameter estimation, which assumes that
the value with the least variance is the best one. An extension of this principle can be made to

linear mixed modelling.

4.3 GENERALISED LINEAR MIXED-EFFECTS MODELS (GLMMys)

This section discusses the case when data are not normally distributed.

4.3.1 Model formulation

GLMMs are an extension of LME models (as discussed in Section 4.2) as they allow the
response variable, Yy, to follow any distribution from the exponential family of distributions
(McCulloch, 2003; McCulloch, 2001). LME models are frequently used when observations are
continuous. However, in actual practice, the observations are either binary or categorical. For
example, in the IMPI trial dataset, the ECG characteristics, which were the primary covariates
of the project, take on the values of 0 or 1, whereby 0 means normal and 1 means abnormal.
Therefore, they are categorical random variables. The most distinguishing factor of the GLMM
is the relaxation of the independence assumption between observations that LME models are

based on. This is achieved by adding the random effects to the fixed effects, which further
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allows the models to capture the dependence structure that some grouping variables impose.
As aresult, GLMMs allow regression parameters to vary with any grouping variables suspected
of causing responses to differ. Unlike LME models, GLMMs comprise various models that
include normal, binomial, Poisson, and multinomial as special cases. These models therefore
apply to cases where the observations may not be continuous. The GLMM general model
definition is given as follows: The conditional probability density function of members of the

exponential family is dependent on b; and is given as:

f(ij|bi) = exp[@~Hyi;6i; — c(6:))} + d(vi; 0)]
E(yijlb;) = pi; = g~ H{XyB + Zj;b;} (4.1)

g (E()’ij|bi)) = g(ui;) = nij = X;;B + Zj;b;
and the conditional variance is given by:
var (Vy|by) = 0V (),

where V(u;;) is the variance function that depends on My and thus 7n;;, which is the linear

predictor.

In the conditional variance equation above, Y;; is the distribution of the exponential family that
can be assumed to be conditional on the random effects b;, and the link function g(-), which

is applied to the conditional mean of ¥;; given b; to obtain the conditional linear predictor, and,
finally, the linear predictor consisting of the fixed effects, ngﬁ and random effects, Zgjbi

whereby the distribution is assigned to b;.

Furthermore, c¢() and d() are known functions, @ is the dispersion parameter, and 6;; is the
canonical parameter that is defined implicitly by the mean of Y;;, that is y;;, conditional on b;

Similar to the LME, the random effects, b;, are assumed to follow a normal distribution.

4.3.2 Marginal properties

As the model formulation of GLMM in Equation 4.1 is conditional on b;, the marginal
properties of ¥;; can now be derived. McCulloch and Searle (McCulloch, 2003; McCulloch,

2001) have done this in great detail. The mean and variance of the marginal properties are

briefly outlined. Furthermore, examples of marginal properties when the log link function is
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used in the GLMM are provided; i.e., the function g() = log () and thus g~*() = exp (). This
choice of link function is used when the response variable (Y;;) follows the Poisson distribution.

4.3.2.1 Mean of Y;j

Iterated expectations can be used to determine the mean of Y; as follows:

E(Y;;) = E{E(Y;;|bi)}
= E{g™"(XyB + Zj;b;)}.

As an example, assuming that the log link function is used with a single random effect for each

individual, b;~N (0, 6?), so that the linear predictor is given by:
nij = XyB +b;

Then, the marginal mean is given by:

2
E(Y;;) = exp {XQ,-B + (a”/z)} = ;. 4.2)

This derivation involves the use of the moment generating function (m.g.f.) of the normal

distribution (McCulloch, 2003; McCulloch, 2001).

4.3.2.2 Variance of Y,-]-

Given that the variance of Y;; | b; is equal to V(u;;), where u;; is the conditional mean
of Y;; | b;, the marginal variance is given by:
var(Yij) = var{E(Yij| bl-)} + E{var(Yij| bi)}
= var{g™*(XyB + Zib;)} + E{V[g~* (X};B + Zj;b;)]}.

For example, assuming that the log link function is used with a single random effect for each

individual, b;~N (0, 6#) and Y;; follows a Poisson distribution with mean ,;, which indicates

ij>

the conditional variance of Y;; | b;, the linear predictor is given as follows:
nij = XijB + b;.

The result is the marginal variance, which is given by:
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, 3 2 2
var(Y;;) = E(Y;) {exp(Xi]-ﬁ) [exp ( ab/z) — exp (Ub/2>] + 1}
X ) (4.3)
= wj + uijlexp(op) — 1J.
It can be seen from Equation 4.3 that the marginal variance of Y;; will always be greater than
the mean as the expression (exp(o7) — 1) will always be greater than 1. This shows that
although Y;; | b; follows a Poisson distribution, the marginal distribution will not. As a result,

the marginal distribution will be overdispersed, thereby highlighting how random effects can

be used to model overdispersion (McCulloch, 2003; McCulloch, 2001).

4.3.3 Estimation

This section explains the three most commonly used estimation methods in GLMM.

4.3.3.1 Maximum likelihood estimation (MLE)

Parameter estimation in a GLMM is determined by the maximisation of marginal likelihoods
after integrating out random effects. The marginal likelihood contribution for the i**subject is
found by integration over b; , for i = 1, ..., q, with each subject having n; observations such

that the total number of observations n = ?:1 n;.

The marginal likelihood contribution is thus given as:
Li(B,D,®) = [II;L, fij(vij|bi, B, ®)f (b;|D) db. (4.4)
This contribution is used to obtain the likelihood for 8, D, and @, which is:
L(B,D,®) =I1]_, fiilB. D, ®) =117, [ TT}L, fij(vis|bi, B, @) f (biID) db;.  (4.5)

As this integration is usually analytically intractable, various algorithms have been developed
to solve it. The Gauss-Hermite quadrature (GHQ) is a numerical method of approximating the
integral. This approach evaluates only single integrals if the random effects are independent. It
can also not be used when high dimensional integrals are needed, such as when measurement
data have subjects designed as cross-random effects (Lee et al., 2006). It is possible to
overcome the shortcomings of the GHQ by using simulation methods. McCulloch (1994)

developed a framework for ML and restricted MLE of variance components from binary data
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using the Monte Carlo Expectation-Maximisation (EM) method. Other examples include Gibbs
sampling and the simulated ML method (Karim & Zeger, 1992; McCulloch, 1997). It is worth
noting that simulation methods have shortcomings of being computationally intensive and
inaccurate in parameter estimation (Hobert & Casella, 1996). Approximation methods are
another method of estimation. The algorithm proposed by Schall (Schall, 1991) yields
approximate ML or quasi-ML estimates for the fixed effects and dispersion components and

approximate empirical Bayes estimates for the random effects.

4.3.3.2 Empirical Bayes estimation

The empirical Bayes method provides the best linear unbiased predictions. Detecting subjects
or groups of subjects that evolved differently over time is made more accessible by using
random effects, which reflect between-subject variability. The predictions are also important
when the study aims to predict subject-specific evolutions. Random effects are predicted based

on the posterior distribution with the probability density function given as follows:

fi(yij| bi, B, ®)f bil D)
I £(yij| bi, B, D)f(bil D) ab;

fi(bilyi;, B.D, ) = (4.6)
Since this posterior density usually does not have a normal distribution, the posterior mode is
used as a point predictor of b; instead of the posterior mean. Therefore, the predictor b;

maximises f;(b;|y;j, B, D, @) with an ML estimate replacing the unknown parameters.

4.3.3.3 Bayesian methods

Estimating parameters using the Bayesian approach is widely used by researchers. Methods
such as these assign prior distributions to f(B) , @, and D assuming independence among them.
As aresult, the prior density function for f () typically follows a normal distribution or a flat,

non-informative prior (Molenberghs & Verbeke, 2005).

Jeffreys priors can be used to calculate the D and @ prior densities, respectively, denoted as
f(D) and f (@) (Gelman et al., 1995). Despite this, such a choice of priors can lead to incorrect
posteriors (Fahrmeir et al., 1994). In the literature, an alternative approach was proposed by
several authors, where they used proper but highly dispersed inverted Wishart (/W) priors for
D, such that D~IW (&, ), where & and ¢ are hyper-parameters that must be selected carefully.
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The posterior distribution can be expressed as follows after the prior distributions have been
specified:

q

fB.D.¢by,..b) < | | [ £0] £.0.b0r wuDIr DI BYF @),
i=1 j=1
Gibbs sampling is one of the standard algorithms for estimating the fixed and random effects

based on samples drawn from the posterior distribution (Karim & Zeger, 1992).

4.3.4 Inference

The inferences for the estimated parameters of GLMMs are based on classical ML theory since
ML is used to fit GLMMs. Consequently, once the appropriate model has been fitted, the
estimators of the parameters have asymptotically normal distributions, with the true value of
the parameter as the mean and the inverse Fisher information matrix as the covariance matrix.
A Wald-type test can be performed on the estimates since they have an asymptotic normal

distribution.

It is also possible to test composite hypotheses using a quadratic standardised Wald statistic
compared to the chi-squared distribution (Molenberghs & Verbeke, 2005). Likelihood ratio and
score tests are other tests that can be used. When interest is in the inference for the variance
components in D, the classical Wald, likelihood ratio, and score tests can be used as long as the
hypotheses being tested are not on the boundary of the parameter space. For example, when a
researcher wants to test whether the variance o7 of a random effect is equal to 0; that is
Hy: o = 0 versus Hy: 6 > 0. In such a case, the Wald, likelihood ratio, and score tests cannot
be used because the regularity conditions have not been met (Stram & Lee, 1995). Several
authors have covered the subject of testing hypotheses on the boundary of parameter space,

including Self and Liang (Self & Liang, 1987).

4.4 THE EXTENDED COX MODEL

Section 3.5 described the extended Cox model as an extension of the Cox PH regression model
used to fit exogenous time-dependent covariates using the counting process formulation

(Anderson & Gill, 1982).
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Figure 4.1: A visual representation of the extended Cox model (Rizopoulos, 2012)

Figure 4.1 shows a broader picture of how the time-dependent covariates are handled in the
extended Cox model framework. A time-dependent covariate can either be endogenous
(internal) or exogenous (external). Endogenous covariates are those whose values are affected
by the probability and timing of the event. It is only possible to measure these covariates when
the patient is alive. In the IMPI dataset, variables such as white blood cell count and systolic
blood pressure are good examples. The exogenous covariates, however, are not dependent on
patients’ survival. It is important to note that the values do not change based on when and if
the event occurred. Such a variable is one whose value can be predicted in advance at a future
date. An example would be a patient’s age, as once it is known at the beginning of the study, it

will also be known in the future.

The extended Cox model (also known as the Anderson and Gill model), where the longitudinal

marker was assumed to remain constant between visits, is expressed as:
hi(t 1Y;(2), x;) = ho(O)R;(t) exp{X;B’ + aY; (D)}, 4.7)

where hg(t) is the baseline hazard function, X; is a vector of baseline covariates, Y;(t) are time-

dependent covariates, R;(t) is the risk set, and f8; & a; are the regression coefficient vectors.

Accordingly, HRs cannot be assumed to be constant in Equation 4.7, since the covariates are

time-dependent.

The regression coefficient vectors (8; & @;) have the same interpretation and are estimated

based on the partial log-likelihood expressed as (Rizopoulos, 2012):
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J

peB.a) =) [ (R explXif +ahi(©) ~ log | D (Ri@ explXif’ + a¥i©) ) dNi(o),
=10

where, R; represents the risk set, N; represents the counting process, f represents the baseline
covariates, and a represents the time-varying risk coefficient. Specifically, alpha or the
association parameter is interpreted as an increase in the risk of an event (death or constriction)
at a time t caused by a one-unit decrease in a time-varying covariate (ECG characteristic

variables) at the same time point.

4.5 JOINT MODELS FOR LONGITUDINAL AND TIME-TO-EVENT DATA

The notation by Rizopoulos et al. (2012) is adopted in this section. As discussed in Section 4.4,
using the extended Cox model is appropriate when the covariates are exogenous time-
dependent. As a result, it does not appropriately handle endogenous time-varying covariates
such as biomarkers since the underlying assumption that covariates change only during these
measurements is unrealistic. Joint modelling is therefore a more appropriate technique when
assessing the association between an endogenous time-varying covariate and survival. A key
concept behind the joint model is that it couples the survival model, which is of primary interest,
with a suitable method of repeated measurements of the covariate that can explain its specific
features. The following techniques can be used to model data with a time-dependent covariate:

the extended Cox model, a two-stage joint model, or joint models using shared parameters.

This study used the joint model framework to analyse the IMPI trial dataset in order to
determine patient survival. The study first examined the two-stage joint model approach since
the extended Cox model was covered in Section 4.4. In the next step, the sub-models of the
joint model were specified and how the parameters and random effects can be estimated using
MLE and Bayesian estimation respectively was discussed. This was concluded by looking at
the parameterisation of the joint model (associations between the longitudinal outcome and the

hazard of subsequent events) and the multivariate joint models.

4.5.1 A two-stage approach to the joint model

When interest is in the evolution of the longitudinal responses and time-to-event data, the
simplest method is to fit an extended Cox model with the longitudinal measurements specified
as time-dependent covariates. However, the shortcoming of this model is that it underestimates

the true association between the hazard and underlying response because of measurement errors
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that yield biased estimates (Prentice, 1982). It is for this reason that a two-stage joint modelling
has been proposed as one of the classical approaches in joint modelling. The model is applied

in two steps as follows:

In the first step, a linear mixed model is fitted to the data, and the fitted linear mixed model is

given as follows:
Yi = XLB + Zibi + &) (48)

where a vector Y; represents the observed outcomes for the subject, b; are random effects,
which are assumed to be distributed as b;~ N (0, G); G represents the covariance matrix for the
random effects and residuals; £;~ N (0, R), where R = ¢?I;; X; and Z; are design matrices for

both the fixed effects and random effects and the usual assumption is that R = ¢2I;.

In the second step, subject-specific predictions from the fitted linear mixed model are extracted
(4.8), and the extracted predictions in the extended survival model (4.9) are used as time-

varying covariates. The survival model is given by:
h;(t |m;(t)) = hy(t) exp{X;T + M;(t)}, (4.9)

where M;(t) = {m;(s),0 < s < t} is the longitudinal history of the i*" subject (¥;) and X; is
the fixed effects matrix, which are predominantly involved in the second step, and 7 represents

a vector of coefficients for the fixed effects.

In the two-stage model, the errors from the first step are not carried through to the second step,
although Mauff et al. (2020) addressed this using importance sampling. This therefore gives

the hope that the model would be widely used because it is simple and not computer intensive.

4.5.2 Shared parameter joint model

This section adopts and introduces the notation from Rizopoulos et al. (2012). Let T; be the
true event time for the it" subject, T; the observed event time, §; the event indicator that equals
1 if the event occurred and 0 otherwise, and y;(t) the observed longitudinal measurements for
the i" subject at time point t. The shared parameter joint model for longitudinal and time-to-
event data uses all repeated measurements, accounts for measurement error, reduces bias, and

maximises efficiency. In this class of joint model, the random effects are shared between the
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longitudinal and survival processes (Tsiatis & Davidian, 2004). In addition, two sub-models

make up the joint model: longitudinal and survival.
There are three steps in joint modelling, following the adopted notation:

Step 1: Assume that the term m;(t) is the known and true unobserved longitudinal marker

value at time t. The standard relative risk model is therefore defined as follows:
hi(t |M;(t)) = ho(t)exp{y' w; + am;(t)}, (4.10)

where M;(t) = {m;(s),0 < s <t} is the longitudinal history, o measures the strength of
association between the marker and the risk for an event, w; are the baseline covariates, and y’

represents a vector of regression coefficients.

Step 2: The covariate history for each subject is constructed based on the observed longitudinal

responses (y;(t)):

yi(£) = m;(t) + &(t)
=x (B +z{()b; + €(1t),  €({t)~N(0,06%), b;~N(0,D)

where x7 (t) and B are the fixed effects of the model, and z! (t) and b; are the random effects

of the model.

Step 3: The third step describes a conditional joint distribution relating to the two processes

discussed in Steps 1 and 2 (Tsiatis & Davidian, 2004):
p(yi, T, 6;) = fp(}’i | b){R(T; b))% S(T;| b))} p(by) db,,

where b; represents a vector of random effects that explains the it* subject deviation from the

population, p(.) represents a density function, and S(.) represents a survival function.

The main assumption of the joint model is that the longitudinal outcome is independent of the
time-to-event outcome and the repeated measurements in the longitudinal outcome are

independent of each other:

p(yi, Ti, 6i| b;) = p(y; | b)) (T, 6;| b;)
p(yilb) = HP(}’U | b))
j
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A longitudinal marker history determines the survival function. A survival function, which is
an important component of the likelihood function, is determined by the whole longitudinal

history:

t

St 1b) = exp | - f ho(s) exply w; + amy(s)} ds |

0

4.5.3 Parameter estimation for the joint model for longitudinal and time-to-event data

A semi-parametric ML is the standard estimation method for parameters in the joint model
framework (Henderson et al., 2000; Hsieh et al., 2006; Tsiatis & Davidian, 2001). The method
is performed by maximising the log-likelihood function corresponding to the joint distribution
of the survival and longitudinal outcomes {T;, 8;, Y;}. The joint conditional distribution of the

it" subject is then presented as follows (Rizopoulos, 2012; Tsiatis & Davidian, 2004):
p(Yy, T, 8;| b; 0) = p(Y;, Ty, 6;| bi; O)p(Y; | by; 0)

and

n;
PV, T 81 b 8) = | [ p(¥u(Ty[b; 0))
j=1

where 6 = (07, 0y, 0;) refers to a full parameter vector that consists of @1 denoting the
parameters for the event time outcome, 6y denotes the parameters for the longitudinal
outcomes, and 8, denotes the parameters of the random effects covariance matrix. It assumes
that b;, the vector of random effects, are shared by both the longitudinal and survival processes.
The log-likelihood contributing to the i*" subject is as follows:

log p(T;,Y;,8;0) =log [ p(T;, 8, Y;,b; 0)db;

ng

= log [ p(T;, 8;,1 b;; 0, B) 1_[ p{Y:(T;;) 1 b;;6,} p(bi;0b> db;. (4.11)

J=1

Equation (4.11) further assumes that the censoring mechanism and the visiting process are
independent of the true event times and future longitudinal measurements, given the observed
history. The integral is intractable because of the random effects; numerical techniques are
therefore applied, e.g. EM algorithm (Lipsitz et al., 2002). Therefore, for any time point ¢, the

observed history is all the available information for the longitudinal process prior to t.
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The density function of the time-to-event process is presented below:

p(T;, 8; | bi; 6, B) = hi(T; | M;(T)); 6, B)°1S:(T; | Mi(T)); 61, B)
= [ho(Texp {y"w; + am;(T;)}]°

T;
X exp <— ho(s)exp {yTw; + ami(s)}ds>
0

where hqy(+), the hazard function, can assume any underlying distribution of time. The log-

)

likelihood function £(0) = Y;logp(T;, Y;, 6;; @) can be maximised with respect to 8 by using
standard optimisation algorithms such as the EM by Dempster et al. (1977) or the Newton-
Raphson algorithm by Hunter and Lange (2004). In a joint modelling framework, the EM
algorithm is mainly used (Rizopoulos, 2012).

The joint density function of the longitudinal process including the random effects is presented

in equation (4.12):

p(y;i | b;; O)p(b; 0) = 1_[ p{yi(ti;) | bi; 6, }p(bi; 65)

]
. ) ) . (412)
= (ZHJZ)"l/Zexp {”yl - Xlﬁ - Zl'billz/ZO'Z}

X (2m)%/2det (D)~ 2exp (—bI D~1b;/2)

) . . 1/ .
where q,, is the dimension of the random effects vector, and ||x|| = {3, x?} /2 is the norm of

the Euclidean vector.

The random effects, b;, are estimated using the Bayesian methods proposed by Rizopoulos
(Rizopoulos, 2012). The idea behind the method is that estimation is performed based on the
posterior distribution. Given the prior distribution p(b;;60) and a conditional likelihood

function p(b;|Y;, Ty, 6;, y;; ), then:

p(T:, 6; | bi; 0)p(y; | bi; O)p(b;; 0)
p(Ti' 6i: Yi; 9) _ (4_13)

< p(T;, 6; | bi; O)p(y; | bi; O)p(b;; 0)

p(b; | T, 8;,y:;0) =

The equation (4.13) has no closed solution, so it is solved numerically and the measures of

location used are the mean and the mode, as shown below:

{Eif bip(b; | Y;, 6, yi;0) and
b; argmax, {log p(b; | Y;,6;,yi;6)}
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4.6 PARAMETRISATIONS OF THE JOINT MODEL

This section examines various parameterisations of the joint model introduced in the previous
section. Specifically, the focus is on parameterisations for the association between the time-to-
event outcome and longitudinal processes involving exogenous time-dependent covariates. The

R packages used were JM, JMBayes, and J]MBayes?2.

Equation 4.10 assumes a current value parameterisation. The parameter a captures the strength
of the association between the longitudinal and the event processes. However, this assumption
may be violated and lead to inappropriate conclusions from the results obtained in medical
research and other disciplines. For this reason, there are assumptions to express the association
structure between the risk of an event and longitudinal outcome. In this setting, the longitudinal
and event outcomes are linked using the following assumptions: the lagged effect
parameterisations, the interaction effect parameterisations, the cumulative effect
parameterisations, the weighted cumulative effect parameterisations, and the time-dependent

slopes parameterisations.

In the lagged effect parameterisations, the risk of an event was assumed to be associated with

the longitudinal marker level at a proceeding time point:
hi(t) = ho(t) exply"w; + am;{max(t — ¢, 0)}],
where ¢ represents the time lag one is interested in.

Under the interaction effect parameterisation, the biomarker was allowed to be different for
different subgroups of the intended population. This is done by including an interaction term

of the linear predictor with baseline covariates. The formulation is shown below:
hi(t) = ho()exp [y wy + a"{wi; x my(t)}]

Where, w;; represents a vector that accommodates the direct effect of the baseline covariates,
and w;, contains covariates that interact with m;(t) by linking different associations for

different subgroups of the data (Rizopoulos, 2012).

The time-dependent slope parameterisation is the third extension that allows the risk of an event
to depend on other features of the longitudinal trajectory since it is known that each subject has

a unique slope followed up at a different time.
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It is therefore assumed that the risk of an event depends on the current value of the longitudinal

trajectory in the formulation below:
hi () = ho(t) exply "'w; + aym; () + azmi (D)},

where:

, d d . r
mi(6) = Zmy(8) = - (T (O + 2 (Oby)

a, measures the degree of the association between the risk of an event at time t and the current
longitudinal outcome at the same time. On the other hand, @, measures the degree of the
association between the risk of an event at time t and the slope of the longitudinal outcome at

the same time provided m;(t) is constant.

The cumulative effect parameterisation can be viewed as an extension of the time-dependent
slope parameterisation. The difference is that the risk of an event in cumulative effect
parameterisations depends on the whole longitudinal trajectory history. This is performed by
including the linear predictor of the relative risk sub-model as the integral of the longitudinal
trajectory, representing the cumulative effect of the longitudinal outcome up to the time point
t. In addition, this approach will allow an association of the longitudinal history with the hazard

of the event. The formulation 1s shown below:

h;(t) = hy(t) exp {]/TWl- +a jt mi(s)ds},

where a measures the strength of the association between the risk of an event and the

cumulative longitudinal trajectory at a particular time ¢.

Finally, the random effects parameterisation only includes the random effects of the

longitudinal sub-model in the linear predictor of the relative risk model as follows:
hi(t) = ho(t) exp(yTw; + a'hy),

where a is a vector of association parameters, each measuring the association between the
random effect and the hazard for an event. In this case, the simple random intercepts and
random slopes were assumed. Furthermore, the random effects express subject-specific
departures from the average intercept and average slope (Rizopoulos, 2012). A major focus of

this study was on the current value parameterisation of the association structure, which is based
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on the dataset (IMPI), which shows how ECG characteristics influence the risk of constrictive

pericarditis and death, or death and constrictive pericarditis risk, respectively.

47 EXTENDED COX MODEL FOR NON-NORMAL TIME-DEPENDENT
VARIABLES

Section 3.5 described the extended Cox model as an extension of the Cox PH regression model
that is used to fit exogenous time-dependent covariates using the counting process formulation
(Anderson & Gill, 1982). Section 4.4 discussed in detail the implementation and the definition
of how the time-dependent covariates are handled in the extended Cox model setting. However,
there are cases where the time-dependent covariates are not normal. In such a case, the Y;(t),
which are the time-dependent covariates, are assumed to be binary in Equation 4.7. The ECG
characteristics, which are the time-dependent covariates from the IMPI trial dataset presented
in this study, are binary-coded as either 0 or 1. For example, ECG covariates are time-
dependent, whereby at a particular visit, it is recorded as whether the patient has a normal or
abnormal ECG rate. The study therefore compared those who experienced the event at time ¢;
i.e., patients who have a normal measurement, with who that did not experience it; i.e., who

had an abnormal measurement coded as 1.

4.8 JOINT MODEL FOR NON-NORMAL LONGITUDINAL DATA

So far, joint models with a continuous longitudinal outcome have been discussed. There are,
however, situations in which the longitudinal outcomes can be binary or categorical. The
standard linear models are extended in this setting using the GLMM discussed in Section 4.3.
More specifically, the model is developed to handle non-normal longitudinal data. These
models are fitted using Bayesian techniques based on Dirichlet priors to estimate the parameters
and this is what was focused on in this study. As all the analyses were implemented in R, the

latest version of JMBayes2 enabled fitting the joint models in real computing time.

4.9 NON-NORMAL JOINT MODEL

The joint model structure for the non-normal longitudinal outcome and time-to-event data is
first defined in detail [90]. The sample from the target population is D,, = {T;, T",8;,Y;;i =
1,...,n}, where T} represents the true event time for the i** subject, T; and T are observation

times of participants, and §; € 0,1, 2, 3 is the event indicator, with 0 corresponding to right
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censoring (T;" > T;), 1 to atrue event (T;" = T;), 2 to left censoring (T; < T;), and 3 to interval
censoring (Tl- <T'< TiU). Vir 18 defined as the n;; X 1 longitudinal vector response for the K
longitudinal outcome for each subject, with element Y;; representing the value of that
longitudinal outcome at time point t;j,j = 1, ..., ;. The multivariate GLMM is adopted in

a joint model framework to accommodate the different longitudinal outcomes (McCulloch,

2003).

In particular, it was assumed that the conditional distribution of the outcome given the vector
of random effects b; is the member of the exponential family with the linear predictor as

follows:
glEYi(t) 1 b))} = ni(t) = X (OB + Z (t)b;, b] ~ N(0, D)

where g (+) represents the known one-to-one monotonic link function, Y; (t) represents the value
of the longitudinal outcome for i*" subject at time t, X;" (t), and Z;" (t) represents the fixed and
random effects vectors respectively. Furthermore, it was assumed that the vector of random
effects b; = (by;, by;, ... bin)T follows a normal distribution with a mean of zero and the
variance/covariance matrix D. For the survival process, the hazard model for the longitudinal

outcome is given as follows:

hi(£) = ho(O)exp {¥TX;(t) + {#£:(0), Xi(t), by, a}}
= ho(t)exp {y"X;(®) + an; (1)}

where H;(t) = {n;(s),0 < s < t} represents the longitudinal process history up to t, X;(t)
represents the vector of covariates with its corresponding regression coefficient y, and hy(t)

represents the baseline hazard function modelled using the B-splines approach as follows:

Q
log ho(t) = Z Yoy Ba (6, )
q=1

where B, (t,v) represents the gt basis function of a B-spline with knots v, ..., vg, and yp

represents the spline coefficients vector. In order to avoid worrying if the knots are placed
correctly, adding a large number of knots is beneficial. In terms of smoothness, the B-spline

regression coefficients yy, were penalised using differences in penalty.

Joint models for longitudinal responses also use different parametrisation structures for

association parameters, just like the standard joint model, as follows:

43



Modiehi Theletsane

FLFC(O, wi(6), by, a}& = an; (1) (4.13a)
fUﬂawambmﬂ&=amxw+awxo“Mhma)=dﬁf) (4.13b)
FIC(), wi(0), by, a}& = a [ 1;(s)ds (4.13¢)

{3 (t), w;(t), b;, a}& = an;(t) in Equation 4.13a, it was assumed that the risk of an event at
a particular time t may be associated with the longitudinal outcome at the same time point.
Furthermore, for both Equations 4.13b and 4.13c, it was assumed that the risk of an event at a
particular time t is associated with the slope of the longitudinal outcome at the same time point

or the cumulative trajectory up to time t respectively.

4.9.1 Parameter estimation

Parameter estimation in the joint model is done by using the Bayesian approach. Given the
observed data, the posterior distribution of the model parameters is based on the assumptions
that the longitudinal outcomes are independent of event times and that the longitudinal
responses of the parameters are independent of each other as well. As a result, the posterior

distribution would be as follows:

n n
p@b 1) | [ [ ] p0i 1 5o 0)p(T. 12,81 b, 0)p(bi 1 ) (0),
i=1 j=1

where 6 represents the full parameter vector, which includes the fixed effects from both the
sub-models, the association parameters from the survival sub-model, and the variance

components from the GLMM.

Furthermore, p(yki i | bris 8) represents the conditional distribution for the longitudinal part of

the model, which is represented as follows:

ViijWiij br) = Cief{ni; (i) }]
ay (@)

- dk(ykij(p)}:

p(Viij | byi, 0) = exp{[

where Yy;;(by;) and ¢ denote the natural and dispersion parameters in the exponential family

respectively, and ¢, (+),a,(+) and dj(-) are known functions that specify the member of the

exponential family.
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Finally, p(TiTiU, 6; | bki) represents the density distribution for the survival part of the model,

which is represented as follows:

T
p(T, TV, 8; 1 bys, 0) = {hy(T; | F(T ), wi(T))} ™ Vexp {— his | :m-(s),wi(s»ds}
0

. 1(6;=2)
X {1 — exp {—J t h;(s | f}[i(s),wi(s))ds}}
0

T:
X {exp {— h;(s | }[i(s),wi(s))ds}
0
1(6;=3)

Tt
— exp {—fo hi(s | }[i(s),wi(s))ds}} )

where I(-) represents the indicator function, the parameters T,V , §; = 2, and §; = 3 are used

when the data are interval censored.

45



Modiehi Theletsane

CHAPTER 5:
MULTIVARIATE JOINT MODELS FOR LONGITUDINAL AND TIME-
TO-EVENT DATA

5.1 INTRODUCTION

This chapter introduces the multivariate linear mixed model, focusing on multiple Gaussian
outcomes. This setting is extended to environments where longitudinal outcomes derive from
a mix of exponential distributions using GLMMSs. The posterior distribution functions
associated with these models as part of the parameter estimation process were also written. A
Bayesian approach was used to estimate the parameters of the multivariate joint model utilising
MCMC and a Gibbs Sampler extension called JAGS (see Section 5.2). Estimates of all
parameters from the model that were believed to have converged were obtained. These
estimates included variance components from the GLMM, fixed effects, and association

parameters from the survival sub-model. The model-fitting results follow in the next chapter.

So far, joint models with only one longitudinal outcome have been discussed. There are,
however, situations in which multiple longitudinal outcomes can be used to predict the risk of
an event. The standard linear models in this setting are extended using the GLMM discussed
in Section 4.3. More specifically, the model was developed to handle multivariate longitudinal
data. Due to the high number of random effects, the implementation of these models is
computationally intensive, even though they are mathematically simple. These models are
fitted using Bayesian techniques based on Dirichlet priors to estimate the parameters, which
are what this study focused on. As all analyses were implemented in R, the latest version of

JMBayes2 enables one to fit joint models in real computing time.

5.2 MULTIVARIATE JOINT MODEL

The study first defined in detail the multivariate joint model structure for multiple longitudinal
outcomes and time-to-event data (Chi & Ibrahim, 2006; Hickey et al., 2016; Mauff et al., 2020)
The sample from the target population was D, = {T;,T/,6;,Y;i=1,..,n}, where
T, represents the true event time for the i*" subject, T; and T/ are observation times of
participiants, and §; € 0, 1, 2, 3 is the event indicator, with 0 corresponding to right censoring

(T > T;), 1toatrue event (T, = T;), 2 to left censoring (T;” < T;), and 3 to interval censoring
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(Tl- <T; <T/ ) Vir 15 defined as the n;, X1 longitudinal vector response for the K
longitudinal outcome for each subject, with element Y;; representing the value of that
longitudinal outcome at time point &;j,j = 1,...,n;%. In a joint model framework, the

multivariate GLMM was adopted to accommodate the different longitudinal outcomes

(McCulloch, 2003).

In particular, the study assumed that the conditional distribution of k** outcome given the
vector of random effects by, is the member of the exponential family with the linear predictor

as follows:

i lE Vi (©) 1 b)Y = 11 (®) = Xp (OB + Zip (D by, bl ~ MVN(0,D) , (5.1

where g; (*) represents the known one-to-one monotonic link function, Y;;, represents the value
of the k" longitudinal outcome for i subject at time t, X, (t), and Z;}, (t) represents the fixed
and random effects vectors respectively. Furthermore, it was assumed that the vector of random
effects b; = (by;, by, ... biy)T follows a multivariate normal distribution with a mean of 0 and
the variance/covariance matrix D. For the survival process, the hazard model for the multiple

longitudinal outcomes is given as follows:

K Lg

Ri(8) = ho(B)exp {¥TXi(0) + Y > F a6 Xe(), b )
k=1 =1

K
= ho@® exp{ Y Xi(O) + ) @ (O,
k=1
where Hy,; (t) = {nxi(s),0 < s < t} represents the longitudinal process history up to t, X;(t)

represents the vector of covariates with its corresponding regression coefficient y, and hy(t)

represents the baseline hazard function modelled using the B-splines approach as follows:

Q
10g10(6) = ) ViyqgBa(t,v),
q=1

where B, (t,v) represents the q*" basis function of a B-spline with knots vy, ..., Vg and ypo

represents the spline coefficients vector. In order to avoid worrying if the knots are placed
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correctly, adding a large number of knots is beneficial. In terms of smoothness, the B-spline

regression coefficients y;,, were penalised using differences in penalty.

Joint models for multiple longitudinal responses also use different parametrisation structures

for association parameters, just like the standard joint model, as follows:

f{:]'[i(t), Wi (t)' bi; a} = an; (t) (5221)
FL3€(8), wi(), by, @} = @y (£) + a1 (£) with 7} (£) = L2 (5.2b)
FL3:(8), wi(t), by, a} = a [ my(s)ds . (5.2¢)

In Equation 5.2a, it was assumed that the risk of an event at a particular time t may be associated
with the longitudinal outcome at the same time point. Furthermore, in both Equations 5.2b and
5.2¢, it was assumed that the risk of an event at a particular time t is associated with the slope
of the longitudinal outcome at the same time point or the cumulative trajectory up to time ¢

respectively.

5.2.1 Parameter estimation

Parameter estimation in the multivariate joint model is done using the Bayesian approach.
Given the observed data, the posterior distribution of the model parameters was based on the
assumptions that the longitudinal outcomes are independent of event times, that the multiple
longitudinal outcomes are independent of each other, and that the longitudinal responses of the
parameters are independent of each other as well. As a result, the posterior distribution would

be as follows:

Nkt

n K
p@b 1) o [ [ [] ] 01 b )p(T 2,801 bis0)p(oia 1 0306,
i=1 k=1 j=1

where 6 represents the full parameter vector, which includes the fixed effects from both the
sub-models, the association parameters from the survival sub-model, and the variance

components from the GLMM.

Furthermore, p(yki i | bris 8) represents the conditional distribution for the longitudinal part of

the model, which is expressed as follows:
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YiijWiij br) — Cief{ni; (i) }]
ay (@)

- dk(ykij(p)}:

p(Viij | byi, 0) = exp{[

where ykij (bki) and ¢ denote the natural and dispersion parameters in the exponential family
respectively, and ¢, (+), a,(-) and dy(*) are known functions that specify the member of the

exponential family.

Finally, p(Tl-, TV, 8; | bki) represents the density distribution for the survival part of the model,

which is represented as follows:
U 16=1) T
P(Ti’ T:,6; | by, 9) = {hi(Ti | 3€;(T)), Wi(Ti))} exp —J;) hi(s | #;(s),w;(s))ds
1(6;=2)
Tt
X {1 — exp {— h;(s | J-t‘i(s),wi(s))ds}}
0

T;
X {exp {— h;(s | f}[i(s),wi(s))ds}
0
1(8;=3)

T
—exp {-j(; hi(s | g‘[i(S),Wi(S))dS}} ,

where I(-) represents the indicator function, the parameters T , §; = 2, and §; = 3 are used

when the data are interval censored.
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CHAPTER 6:
MODEL-FITTING RESULTS

6.1 INTRODUCTION

This chapter discusses the estimation results from the standard methods addressed in Chapters
4 and 5 and their application using the IMPI trial data. Each model was also evaluated for
overall fit. The study’s conclusions and summary and suggestions for further research are also

presented.

6.2 COXMODELLING OF THE IMPI TRIAL DATASET

This section examines the effect of some of the selected covariates on the composite, death,
and constriction events using the measure of effect, namely the HR. The relationship between
each covariate and the event of interest is defined using regression coefficients. Assuming all
other covariates remain constant; they represent the change in the expected log of the HR for a
unit change in a covariate associated with the comparison of individuals who experienced the

event to those who did not experience the event.

6.2.1 Cox modelling of time-to-composite event

The standard Cox PH model was fitted and all covariates and time-dependent variables were
included, which were the ECG characteristics. It is important to note that the binary time-
dependent variables were only added at baseline. The results with the corresponding confidence
intervals are presented in Table 6.1. The confidence intervals of all the ECG variables show an
insignificant contribution to the HR in the composite event. Furthermore, they suggest that
there is a 3% increased risk of composite events in patients who have a normal ECGrate
compared to patients with an abnormal ECGrate. There is a 64% increased risk of a composite
event for patients who have a normal ECGpri compared to abnormal patients, and there is a
further 40% increased risk of a composite event for patients with a normal ECGqtc compared
to patients with an abnormal ECGqrsd. Lastly, there is a reduced risk of 25% in the composite
event for patients with a normal ECGqrsd compared to patients with an abnormal ECGqrsd.
There is an approximately 25% reduced risk of prednisolone, which is the active arm, as
compared to the placebo group. There is clearly a marked difference between the ECG
characteristics and prednisolone, possibly due to differences in ECG measurements taken or
the effect of confounding variables that were fitted in the Cox PH model, or even the treatment

effect.
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Table 6.1: Cox model for time-to-composite event

Time to composite

Time to composite

Time to composite

Time to composite

Variable HR (95% CI¥%) p-value HR (95% CI) p-value HR (95% CI) p-value HR (95% CI) p-value
ECGrate 1.029 (0.682 - 1.553) 0.891 - - - - - -
ECGpri - - 1.636 (0.829-3.229)  0.156 - - - -
ECGqtc - - - - 1.396 (0.984 - 1.980) 0.062 - -
ECGqrsd - - - - - - 0.751 (0.274 - 2.058) 0.577
Prednisolone 0.765 (0.574 - 1.019) 0.067 0.756 (0.567 - 1.006) 0.055 0.747 (0.560 - 1.123) 0.195 0.754 (0.567 - 1.005) 0.054
Pericardiocentesis at randomisation (yes) 0.749 (0.514 - 1.094) 0.135 0.798 (0.546 - 1.166) 0.243 0.819 (0.559 - 1.199) 0.305 0.792 (0.542 - 1.156) 0.227
Duration of symptoms (days) 1.004 (1.001 - 1.008) 0.022 1.005 (1.001 - 1.009) 0.016 1.005 (1.000 - 1.009) 0.015 1.005 (1.001 - 1.009) 0.016
Age (years) 1.008 (0.996 - 1.020) 0.200 1.005 (0.993 - 1.017) 0.394 1.004 (0.992 - 1.017) 0.470 1.005 (0.993 - 1.017) 0.400
NYHA class at study entry:

I 1.405 (0.880 - 2.241) 0.153 1.463 (0.916 - 2.337) 0.111 1.495 (0.937 - 2.385) 0.091 1.462 (0.916 - 2.335) 0.111
I 1.889 (1.115 - 3.204) 0.018 1.877 (1.106 - 3.186) 0.019 1.923 (1.133 - 3.264) 0.015 1.880 (1.106 - 3.197) 0.019
v 2.115 (1.126 - 3.972) 0.020 1.959 (1.040 - 3.693) 0.037 1.980 (1.052 - 3.727) 0.034 1.966 (1.040 - 3.711) 0.037
Creatinine (>105) 1.141 (0.594 - 2.192) 0.692 1.231 (0.645 - 2.349) 0.528 1.199 (0.626 - 2.296) 0.582 1.230 (0.644 - 2.352) 0.530
HIV status (HIV+) 0.664 (0.469 - 0.938) 0.020 0.636 (0.449 - 0.900) 0.011 0.644 (0.455 - 0.911) 0.013 0.639 (0.453 - 0.905) 0.011
Weight (kg) 0.946 (0.831 - 1.078) 0.409 0.944 (0.829 - 1.075) 0.388 0.947 (0.831 - 1.078) 0.407 0.949 (0.834 - 1.082) 0.437
Palpable pulsus paradoxus (yes) 0.832 (0.566 - 1.222) 0.348 0.801 (0.546 - 1.177) 0.259 0.800 (0.544 - 1.177) 0.258 0.806 (0.547 - 1.188) 0.276
Systolic blood pressure (=90) 0.496 (0.312 - 0.790) 0.003 0.486 (0.305 - 0.775) 0.002 0.495 (0.310 - 0.791) 0.003 0.489 (0.307 - 0.780) 0.003
Heart rate (=100) 0.122 (0.016 - 0.947) 0.044 0.102 (0.013 - 0.791) 0.029 0.095 (0.012 - 0.743) 0.024 0.105 (0.013 - 0.817) 0.031
Effusion size:

Medium (1-2 cm) 1.496 (0.582 - 3.849) 0.403 1.423 (0.549 - 3.683) 0.468 1.479 (0.568 - 3.852) 0.423 1.428 (0.551 - 3.695) 0.463
Small (<1 cm) 0.619 (0.204 - 1.882) 0.398 0.590 (0.193 - 1.808) 0.356 0.611 (0.199 - 1.877) 0.390 0.616 (0.201 - 1.885) 0.396
Chest X-ray pulmonary infiltrate (yes) 1.055 (0.621 - 1.790) 0.844 1.041 (0.614 - 1.767) 0.881 1.052 (0.618 - 1.789) 0.851 1.054 (0.621 - 1.788) 0.845
Definite TB pericarditis status (yes) 1.559 (1.067 - 2.279) 0.022 1.636 (1.117 - 2.396) 0.011 1.603 (1.093 - 2.352) 0.015 1.647 (1.124 - 2.412) 0.010
Haemoglobin (>10) 0.617 (0.082 - 4.643) 0.638 0.568 (0.075 - 4.299) 0.584 0.606 (0.079 - 4.638) 0.630 0.584 (0.077 - 4.424) 0.603
Peripheral oedema (yes) 1.472 (1.080 - 2.007) 0.014 1.563 (1.145 - 2.133) 0.005 1.529 (1.118 - 2.092) 0.008 1.562 (1.144 - 2.132) 0.005

* CI = confidence interval
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6.2.2 Cox modelling of time-to-death event

The standard Cox PH model was fitted and all covariates and binary time-dependent variables
were included, which were ECGrate, ECGpri, ECGqtc, and ECGqrsd. It is worth noting that
the binary time-dependent variables were only added at baseline. The results with the
corresponding confidence intervals are presented in Table 6.2. The confidence intervals of all
the ECG variables show an insignificant contribution to the HR in the death event. The results
show that there is a 42% reduced risk of death for patients who have a normal ECGqrsd
compared to patients with an abnormal ECGqrsd. There is also a 2% reduced risk of death for
normal ECGrate patients compared to abnormal patients. However, there is a 19% increased
risk of death for normal ECGpri patients compared to abnormal patients, and, finally, a 40%
increased risk of death for normal ECGqtc patients compared to abnormal ECGqtc patients.
There is an approximately 14% reduced risk of death for patients on prednisolone compared to
those in the placebo group. The marked difference between the ECG characteristics and
prednisolone could be because of the difference in ECG measurements or the effect of

confounding variables that were fitted in the model, or even the treatment effect.
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Table 6.2: Cox model for time-to-death event

Time to death

Time to death

Time to death

Time to death

Variable HR (95% CI) p-value HR (95% CI) p-value HR (95% CI) p-value HR (95% CI) p-value
ECGrate 0.985 (0.596 - 1.628) 0.953 - - - - - -
ECGpri - - 1.193 (0.434 - 3.276) 0.732 - - - -
ECGqtc - - - - 1.396 (0.984 - 1.980) 0.062 - -
ECGqrsd - - - - - - 0.579 (0.078 - 4.133) 0.449
Prednisolone 0.865 (0.687 - 1.468) 0.982 0.866 (0.567 - 1.322) 0.504 0.865 (0.566 - 1.123) 0.500 0.873 (0.571 - 1.335) 0.532
Pericardiocentesis at randomisation (yes) 0.608 (0.374 - 0.989) 0.045 0.683 (0.421 - 1.108) 0.122 0.819 (0.559 - 1.199) 0.305 0.677 (0.418 - 1.098) 0.114
Duration of symptoms (days) 0.999 (0.994 - 1.006) 0.874 0.999 (0.994 - 1.006) 0.896 1.005 (1.001 - 1.009) 0.015 0.999 (0.994 - 1.006) 0.885
Age (years) 1.012 (0.995 - 1.029) 0.172 1.009 (0.993 - 1.028) 0.261 1.004 (0.992 - 1.017) 0.470 1.009 (0.993 - 1.027) 0.267
NYHA class at study entry:

I 1.350 (0.726 - 2.510) 0.342 1.402 (0.754 - 2.607) 0.285 1.495 (0.937 - 2.385) 0.091 1.382 (0.744 - 2.570) 0.306
I 1.861 (0.937 - 3.693) 0.076 1.749 (0.879 - 3.477) 0.111 1.923 (1.133 - 3.264) 0.015 1.734 (0.873 - 3.449) 0.116
v 2.683 (1.259 - 5.717) 0.011 2.571 (1.204 - 5.489) 0.015 1.980 (1.052 - 3.727) 0.034 2.554 (1.193 - 5.466) 0.016
Creatinine (>105) 2.351 (1.389 - 3.977) 0.001 2.396 (1.417 - 4.050) 0.001 1.199 (0.627 - 2.296) 0.582 2.381 (1.408 - 4.027) 0.001
HIV status (HIV+) 0.882 (0.540 - 1.441) 0.617 0.888 (0.541 - 1.457) 0.637 0.644 (0.455 - 0.912) 0.013 0.886 (0.540 - 1.453) 0.631
Weight (kg) 0.845 (0.707 - 1.010) 0.064 0.865 (0.724 - 1.034) 0.111 0.947 (0.831 - 1.078) 0.407 0.867 (0.726 - 1.036) 0.116
Palpable pulsus paradoxus (yes) 0.739 (0.453 - 1.207) 0.228 0.688 (0.421 - 1.124) 0.135 0.800 (0.544 - 1.178) 0.258 0.689 (0.421 - 1.129) 0.140
Systolic blood pressure (=90) 0.306 (0.175 - 0.534) 0.021 0.289 (0.166 - 0.506) 0.009 0.495 (0.310 - 0.791) 0.003 0.294 (0.169 - 0.514) 0.011
Heart rate (=100) 0.757 (0.509 - 1.128) 0.171 0.847 (0.569 - 1.260) 0.412 0.095 (0.012 - 0.743) 0.025 0.853 (0.573 - 1.269) 0.432
Effusion size:

Medium (1-2 cm) 0.975 (0.604 - 1.574) 0.918 0.941 (0.583 - 1.521) 0.805 1.479 (0.568 - 3.852) 0.423 0.941 (0.583 - 1.519) 0.804
Small (<1 cm) 0.469 (0.192 - 1.144) 0.096 0.442 (0.180 - 1.083) 0.074 0.612 (0.199 - 1.878) 0.390 0.447 (0.182 - 1.094) 0.078
Chest X-ray pulmonary infiltrate (yes) 0.909 (0.607 - 1.363) 0.645 0.933 (0.622 - 1.399) 0.737 1.052 (0.619 - 1.789) 0.851 0.934 (0.623 - 1.399) 0.739
Definite TB pericarditis status (yes) 1.199 (0.716 - 2.007) 0.492 1.212 (0.722 - 2.036) 0.467 1.603 (1.093 - 2.352) 0.015 1.219 (0.727 - 2.048) 0.452
Haemoglobin (>10) 0.856 (0.567 - 1.293) 0.461 0.857 (0.567 - 1.297) 0.467 0.607 (0.079 - 4.638) 0.630 0.862 (0.569 - 1.307) 0.485
Peripheral oedema (yes) 1.480 (0.989 - 2.215) 0.056 1.557 (1.039 - 2.334) 0.032 1.529 (1.118 - 2.092) 0.008 1.552 (1.036 - 2.325) 0.033
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6.2.3 Cox modelling of time-to-constriction event

The standard Cox PH model was fitted and all covariates and binary time-dependent variables
were included, namely ECGrate, ECGpri, ECGqtc, and ECGqrsd. It is worth noting that the
binary time-dependent variables were only added at baseline. The results with the
corresponding confidence intervals are presented in Table 6.3. The confidence intervals of all

the ECG variables show an insignificant contribution to the HR in the constriction event.

The results show an increased risk of 2.017-fold in the constriction event for patients with a
normal ECGrate compared to those with an abnormal ECGrate, and an increased risk of 1.341-
fold in constriction event for patients with a normal ECGqrsd compared to patients with an
abnormal ECGqrsd. However, there is a reduced risk of 31% in the constriction event for
patients with a normal ECGpri compared to patients with an abnormal ECGpri and a reduced
risk of 5% in the constriction event for patients with a normal ECGqtc compared to patients

with an abnormal ECGqtc.

There is an approximately 59% significantly reduced risk of constriction for patients on
prednisolone compared to the placebo group. It is notable that there was a marked difference
between the ECG characteristics and prednisolone, which could be as a result of the difference
in ECG measurements taken or the effect of confounding variables that were fitted in the Cox

model, or even the treatment effect.
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Table 6.3: Cox model for time-to-constriction event

Time to constriction

Time to constriction

Time to constriction

Time to constriction

Variable HR (95% CI) p-value HR (95% CI) p-value HR (95% CI) p-value HR (95% CI) p-value
ECGrate 2.017 (0.844 - 4.820) 0.114 - - - - - -
ECGpri - - 0.689 (0.093 - 5.101) 0.715 - - - -
ECGqtc - - - - 0.953 (0.482 - 2.321)  0.889 - -
ECGqrsd - - - - - - 1.341 (0.174 - 10.342) 0.778
Prednisolone 0.411 (0.210 - 0.803)  0.009 0.411 (0.211 - 0.799)  0.009 0.412 (0.211 - 0.801)  0.008 0.410 (0.211 - 0.798) 0.009
Pericardiocentesis at randomisation (yes) 0.458 (0.209 - 1.003) 0.051 0.486 (0.218 - 1.083)  0.078 0.485 (0.218 - 1.079)  0.076 0.482 (0.217 - 1.074) 0.074
Duration of symptoms (days) 0.457 (0.209 - 1.003)  0.064 1.008 (0.218 - 1.083)  0.045 1.008 (1.000 - 1.016)  0.044 1.008 (1.000 - 1.016) 0.044
Age (years) 1.000 (0.976 - 1.025) 0.984 1.001 (0.977 - 1.025) 0.956 1.000 (0.977 - 1.025) 0.975 1.000 (0.977 - 1.025) 0.964
NYHA class at study entry:

I 1.437 (0.503 - 4.107)  0.498 1.381 (0.486 - 3.922) 0.544 1.385 (0.488 - 3.937) 0.541 1.402 (0.490 - 4.011) 0.528
I 3.511 (1.133 - 10.885) 0.029 3.176 (1.034 - 9.752)  0.044 3.157 (1.028 - 9.697)  0.045 3.203 (1.035 - 9.913) 0.043
v 1.885 (0.395 - 8.998)  0.426 1.480 (0.316 - 6.931) 0.619 1.454 (0.310 - 6.814)  0.634 1.464 (0.313 - 6.842) 0.628
Creatinine (>105) 1.607 (0.679 - 3.799)  0.280 1.691 (0.722 - 3.959) 0.226 1.688 (0.717 - 3.971)  0.230 1.700 (0.727 - 3.978) 0.220
HIV status (HIV+) 0.293 (0.142 - 0.603)  <0.001 0.303 (0.147 - 0.624)  <0.001 0.301 (0.146 - 0.620)  <0.001 0.299 (0.145 - 0.618) <0.001
Weight (kg) 1.066 (0.829 - 1.371)  0.616 1.077 (0.835 - 1.389)  0.567 1.073 (0.833 - 1.383)  0.585 1.075 (0.835 - 1.386) 0.577
Palpable pulsus paradoxus (yes) 0.865 (0.397 - 1.886)  0.716 0.852 (0.387 - 1.873)  0.690 0.863 (0.394 - 1.889)  0.712 0.859 (0.393 - 1.879) 0.704
Systolic blood pressure (=90) 2.292 (0.304 - 17.289) 0.421 2.301 (0.304 - 17.393) 0.419 2.309 (0.306 - 17.444) 0417 2.293 (0.303 - 17.345) 0.421
Heart rate (=100) 0.988 (0.509 -1.917) 0.972 1.349 (0.708 -2.572)  0.362 1.360 (0.712 -2.597) 0.351 1.348 (0.708 -2.569) 0.363
Effusion size:

Medium (1-2 cm) 1.101 (0.494 - 2.454) 0.815 1.094 (0.487 - 2.459) 0.828 1.082 (0.483 - 2.425) 0.848 1.074 (0.478 - 2.414) 0.863
Small (<1 cm) 0.437 (0.095 - 1.997)  0.285 0.431 (0.094 - 1.981) 0.279 0.422 (0.092 - 1.939) 0.267 0.418 (0.091 - 1.924) 0.263
Chest X-ray pulmonary infiltrate (yes) 1.392 (0.749 - 2.588)  0.296 1.446 (0.780 - 2.681)  0.241 1.440 (0.777 - 2.672)  0.247 1.451 (0.782 - 2.693) 0.238
Definite TB pericarditis status (yes) 2.991 (1.360 - 6.578)  0.006 3.352(1.527 - 7.359)  0.003 3.355 (1.527 - 7.369)  0.003 3.376 (1.536 - 7.419) 0.002
Haemoglobin (>10) 1.583 (0.794 - 3.157)  0.192 1.576 (0.784 - 3.171)  0.202 1.581 (0.785 - 3.182)  0.199 1.565 (0.775 - 3.159) 0.211
Peripheral oedema (yes) 1.348 (0.693 - 2.623)  0.379 1.491 (0.764 - 2.909)  0.241 1.484 (0.758 - 2.904)  0.249 1.486 (0.761 - 2.902) 0.246
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6.2.4 Cox modelling overall model fit: Cox-Snell residual plots

This subsection shows the Cox-Snell residual plots that were used to assess the overall fit of
the Cox model. These plots provide insight into how well a Cox model fits. By examining them,

it can be determined whether the Cox model is a good fit.

6.2.4.1 Composite event Cox-Snell residual plots for the standard Cox model

As shown in the figures below, residuals were plotted on the x-axis, with the integrated hazards
of the residuals plotted on the y-axis. Ideally, the curve of the Cox-Snell residuals against the
integrated hazard should fall roughly along the 45-degree line if the model works well. Figures
6.1 to 6.4 show Cox-Snell residual plots for four binary ECG characteristics, which correspond
to the Cox PH model considering the composite event outcome. The figures show that the line
plots deviate too much from the reference line for all four binary ECG characteristics; the Cox

PH models therefore did not fit the data well.
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Figure 6.1: Residual plot corresponds to Figure 6.2: Residual plot corresponds to Cox

Cox model ECGrate model ECGqtc
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6.2.4.2 Death event Cox-Snell residual plots for standard Cox model

Figures 6.5 to 6.8 show the Cox-Snell residual plots of four binary ECG characteristics, which
correspond to the Cox PH model considering the death event outcome. The figures show that
the line plots deviate too much from the reference line for all four binary ECG characteristics,

which means that the Cox PH models did not fit the data well.
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6.2.4.3 Constriction event Cox-Snell residual plots for the Cox PH model

Figures 6.9 to Figure 6.12 show the Cox-Snell residual plot corresponding to the Cox PH model
of the ECG characteristics considering the constriction event outcome. The figures also show
that the line plots deviate too much from the reference line for all four binary ECG

characteristics, which means that the Cox PH models did not fit the data well.
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Cox model ECGrate to Cox model ECGqtc
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Figure 6.11: Residual plot corresponds Figure 6.12: Residual plot corresponds
to Cox model ECGpri to Cox model ECGqrsd

6.3 EXTENDED COX MODELLING OF IMPI TRIAL DATASET

As explained in Section 4.4, the extended Cox model is an extension of the Cox PH regression
model that fits exogenous time-varying covariates. Therefore, when fitting this model, time-
updated data were used, whereas only baseline observations were used in the standard Cox PH

model. Covariates at baseline and time-varying covariates are part of the linear predictor {;.

For the IMPI trial dataset, an extended Cox analysis selected baseline covariates specified in
Chapter 2 for analysis in time-to-composite, time-to-death, and time-to-constriction events,
respectively. Moreover, the four ECG variables are the binary time-varying covariates in the

model.

This section examines the effect of some of the selected covariates on the composite, death,
and constriction events using the measure of effect, namely the HR. The relationship between
each covariate and the event of interest is defined using regression coefficients. Assuming all
other covariates remain constant, they represent the change in the expected log of the HR for a

unit change in a covariate associated with the comparison of individuals who experienced the

60



Modiehi Theletsane

event to those who did not experience the event. For inferring the clinical significance of a
covariate, determining effect sizes helps to know how much actual change a covariate makes

to a response variable (Hazra, 2017).

For each time-to-event analysis, 95% confidence intervals were calculated. The results below
refer to the extended Cox models that were fitted, including each of the binary time-varying
covariates (i.e., ECGrate, ECGpri, ECGqtc, and ECGqrsd), one at a time to allow for
comparison with future joint models. Tables 6.1 to 6.3 show the results of the three extended
Cox models that examined the influence of baseline and time-varying covariates on the hazard

rate for the composite outcome, death, and constriction, respectively.

6.3.1 Extended Cox modelling of time-to-composite event

An extended Cox model was fitted and all covariates and time-dependent variables were
included. The results are shown in Table 6.4, with their corresponding confidence intervals.

The confidence intervals for all the covariates, except for duration of symptoms (days), definite

TB pericarditis status (yes), systolic blood pressure (=90), heart rate (=100), and peripheral

oedema (yes), showed a significant contribution to the HR in the composite event.

Statistical significance was observed for two NYHA class categories at study entry but not for
one class on the composite event. It was only significant for two categories of the time-to-
composite event but not one. Therefore, the entire covariate was taken into account as it was
not sufficient to exclude only the categories with an insignificant difference from the analysis.
In addition, excluding a category would combine the insignificant level with the reference level,

the interpretation would change, or it would not make sense based on the nature of the covariate.
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Table 6.4: Extended Cox model for time-to-composite event

Time to composite

Time to composite

Time to composite

Time to composite

Variable HR (95% CI) p-value HR (95% CI) p-value HR (95% CI) p-value HR (95% CI) p-value
ECGrate 2.151(0.239 - 19.314) 0.494 - - - - - -
ECGpri - - 2.053 (0.955 - 4.415) 0.065 - - - -
ECGqtc - - - - 1.394 (0.984 - 1.977) 0.062 - -
ECGqrsd - - - - - - 0.724 (0.503 - 3.788) 0.531
Prednisolone 0.821 (0.615 -1.094) 0.178 0.812 (0.611 - 1.081) 0.154 0.809 (0.608 - 1.076) 0.144 0.806 (0.604 - 1.073) 0.140
Pericardiocentesis at randomisation (yes) 0.783 (0.535 - 1.145)  0.207 0.780 (0.533 - 1.141) 0.201 0.804 (0.548 - 1.179) 0.264 0.782 (0.534 - 1.144) 0.204
Duration of symptoms (days) 1.005 (1.001 - 1.009) 0.009 1.005 (1.001 - 1.009) 0.008 1.005 (1.001 - 1.009) 0.009 1.005 (1.001 - 1.009) 0.009
Age (years) 0.996 (0.992 - 1.016) 0.503 0.997 (0.992 - 1.015) 0.584 1.003 (0.991 - 1.015) 0.671 0.997 (0.992 - 1.015) 0.563
NYHA Class at study entry:

I 1.327 (0.835 - 2.109) 0.232 1.320 (0.830 - 2.099) 0.240 1.347 (0.848 - 2.139) 0.207 1.333 (0.838 - 2.118) 0.226
I 1.874 (1.102 - 3.186)  0.020 1.815 (1.067 - 3.086) 0.028 1.869 (1.099 - 3.178) 0.021 1.876 (1.104 - 3.188) 0.020
v 2.576 (1.369 - 4.847) 0.003 2.521 (1.338 - 4.751) 0.004 2.543 (1.353 - 4.785) 0.004 2.559 (1.361 - 4.815) 0.004
Creatinine (>105) 1.678 (0.870 - 3.236) 0.123 1.628 (0.847 - 3.130) 0.144 1.609 (0.834 - 3.105) 0.156 1.661 (0.861 - 3.198) 0.128
HIV status (HIV+) 0.755 (0.537 - 1.061) 0.105 0.751 (0.533 - 1.057) 0.101 0.759 (0.540 - 1.069) 0.114 0.756 (0.537 - 1.064) 0.108
Weight (kg) 1.0622 (0.830 - 1.067) 0.346 0.934 (0.824 - 1.059) 0.287 0.942 (0.831 - 1.069) 0.353 0.938 (0.827 - 1.064) 0.320
Palpable pulsus paradoxus (yes) 0.996 (0.680 - 1.485) 0.982 1.000 (0.676 - 1.476) 0.997 1.005 (0.673 - 1.472) 0.980 1.003 (0.675 - 1.475) 0.990
Systolic blood pressure (=90) 0.597 (0.375 - 0.950) 0.029 0.591 (0.371 - 0.940) 0.026 0.593 (0.373 - 0.944) 0.027 0.593 (0.373 - 0.944) 0.028
Heart rate (=100) 0.094 (0.012 - 0.746)  0.025 0.091 (0.011 - 0.717) 0.023 0.084 (0.011 - 0.668) 0.019 0.093 (0.012 - 0.738) 0.025
Effusion size:

Medium (1-2 cm) 0.705 (0.548 - 3.671) 0470 0.716 (0.536 - 3.612) 0.497 0.664 (0.578 - 3.931 0.402 0.703 (0.548 - 3.670) 0.469
Small (<1 cm) 1.567 (0.210 - 1.940) 0.429 1.613 (0.203 - 1.891) 0.401 1.557 (0.210 - 1.963) 0.437 1.575 (0.208 - 1.935) 0.424
Chest X-ray pulmonary infiltrate (yes) 0.976 (0.604 - 1.739)  0.928 0.974 (0.606 - 1.739) 0.923 0.988 (0.595 - 1.722) 0.964 0.976 (0.604 - 1.738) 0.928
Definite TB pericarditis status (yes) 1.517 (1.039 - 2.214) 0.031 1.521 (1.043 - 2.219) 0.029 1.486 (1.017 - 2.171) 0.040 1.534 (1.051 - 2.239) 0.027
Haemoglobin (>10) 1.718 (0.077 - 4.388)  0.600 1.797 (0.074 - 4.202) 0.570 1.719 (0.077 - 4.17)  0.600 1.791 (0.074 - 4.213) 0.572
Peripheral oedema (yes) 1.529 (1.123 - 2.081)  0.006 1.539 (1.131 - 2.096) 0.006 1.498 (1.099 - 2.042) 0.011 1.529 (1.124 - 2.083) 0.007
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The association trends in the extended Cox model are similar to those in the Cox PH model.
However, there is a distinction while interpreting the binary time-varying covariates, such as
ECGrate, ECGpri, ECGqtc, and ECGqrsd in the extended Cox model. There is an increased
risk of 2.151-fold for patients with a normal ECGrate compared to patients with an abnormal
rate. There is a reduced risk of 18% for patients who are on prednisolone compared to the
placebo group and who have a normal ECGrate compared to an abnormal ECGrate in the

composite event.

Patients with a normal ECGqrsd have a 28% reduced risk of the composite event compared to
patients with an abnormal ECGqrsd rate. Furthermore, patients with a normal ECGpri have an
increased risk of 2.053-fold compared to abnormal ECGpri patients. Patients with a normal
ECGqtc rate have a 39% risk of experiencing either death, constriction, or tamponade compared

to those in the abnormal group.

There is also a reduced risk of 19% for patients who are on prednisolone compared to the
placebo group and who have a normal ECGpri, ECGqtc, and ECGqrsd compared to patients
with an abnormal ECGpri, ECGqtc, and ECGqrsd in the composite event. It is important to
note that there is a notable marked difference between the ECG characteristics and
prednisolone, which could be due to differences in ECG measurements taken or the effect of

“confounding variables” that were fitted in the model, or even the treatment effect.

Holding the other covariates constant, the expected risk of the composite event of the duration
of symptoms is increased by a factor of 0.995. In addition, a patient with peripheral oedema
has an increased expected risk of either death, constriction, or tamponade by a factor of 0.688
compared to those without it. There is an expected increased risk of the composite event of
10.669-fold for patients with a heart rate >100 compared to the ones with a heart rate <100.
Similarly, for patients with systolic blood pressure (=90), there is an expected increase in the
risk of the composite event by a factor of 1.697 compared to those with systolic blood pressure
(<90). The duration of symptoms in patients shows an increased expected risk of the composite
event of 99.5%. On the other hand, patients in NYHA classes III and IV have an increased
expected risk of the composite event by factors of 0.544 and 0.396 respectively, compared to

other classes (I and II) that do not make a significant contribution to HR.
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6.3.2 Extended Cox modelling of time-to-death event

The NYHA class, systolic blood pressure (=90), and peripheral oedema show a statistically
significant association with event death. The results in Table 6.5 show that at any given time ¢,
there is a reduction of 33% in the risk of death for patients with a normal ECGpri compared to
those with an abnormal rate. There is a 2% reduction in the hazard of death for patients with a
normal ECGqrsd rate compared to those without it. Moreover, patients who have a normal
ECGrate have an 11% lower risk of experiencing death compared to those with an abnormal
rate. Patients who have a normal ECGqtc also have a 15% chance of experiencing death
compared to the ones with an abnormal rate. There is a lowered risk of approximately 2% for
prednisolone compared to the placebo group for patients who have a normal ECGrate, ECGpri,
ECGqtc, and ECGqrsd compared to all abnormal ECG characteristics in the death event. There
is a slight difference in ECG characteristic measurements and prednisolone, which is the active
arm. The differences in ECG measurements taken, the effect of “confounding variables” that

were fitted in the extended Cox model, or even the treatment effect, could be the reason.
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Table 6.5: Extended Cox model for time-to-death event

Time to death

Time to death

Time to death

Time to death

Variable HR (95% CI) p-value HR (95% CI) p-value HR (95% CI) p-value HR (95% CI) p-value
ECGrate 0.887 (0.737 - 1.724) 0.580 - - - - - -
ECGpri - - 0.667 (0.544 - 4.128) 0.434 - - - -
ECGqtc - - - - 0.853 (0.720 - 1.910) 0.522 - -
ECGqrsd - - - - - - 0.980 (0.248 - 4.207) 0.977
Prednisolone 0.980 (0.701 - 1.485) 0.917 0.979 (0.703 - 1.486) 0.910 0.979 (0.702 - 1.485) 0.913 0.981 (0.700 - 1.485) 0.919
Pericardiocentesis at randomisation (yes) 0.663 (0.409 - 1.075) 0.096 0.665 (0.411 - 1.080) 0.099 0.669 (0.413 - 1.087) 0.104 0.664 (0.409 - 1.077) 0.097
Duration of symptoms (days) 0.999 (0.994 - 1.006) 0.923 1.000 (0.994 - 1.006) 0.923 1.000 (0.994 - 1.006) 0.936 1.000 (0.994 - 1.006) 0.921
Age (years) 1.011 (0.994 - 1.028) 0.198 1.011 (0.994 - 1.028) 0.204 1.011 (0.994 - 1.028) 0.208 1.011 (0.995 - 1.028) 0.192
NYHA class at study entry:

I 0.831 (0.648 - 2.233) 0.558 0.822 (0.655 - 2.257) 0.536 0.817 (0.659 - 2.274) 0.521 0.824 (0.654 - 2.253) 0.539
I 1.746 (0.872 - 3.455) 0.117 1.721 (0.865 - 3.423) 0.122 1.733 (0.870 - 3.450) 0.118 1.729 (0.870 - 3.448) 0.118
v 3.096 (1.442 - 6.649) 0.004 3.079 (1.434 - 6.614) 0.004 3.068 (1.425 - 6.575) 0.004 3.046 (1.433 - 6.627) 0.004
Creatinine (>105) 2.177 (1.294 - 3.659) 0.003 2.183 (1.298 - 3.671) 0.003 2.169 (1.291 - 3.647) 0.003 2.171 (1.294 - 3.660) 0.004
HIV status (HIV+) 0.905 (0.679 - 1.802) 0.687 0.906 (0.676 - 1.802) 0.692 0.894 (0.685 - 1.828) 0.653 0.905 (0.678 - 1.803) 0.688
Weight (kg) 0.865 (0.731 - 1.020) 0.087 0.864 (0.731 - 1.021) 0.083 0.866 (0.734 - 1.024) 0.091 0.866 (0.733 - 1.022) 0.089
Palpable pulsus paradoxus (yes) 1.125 (0.542 - 1.458) 0.641 1.139 (0.536 - 1.438) 0.605 1.125 (0.542 - 1.459) 0.642 1.131 (0.539 - 1.450) 0.625
Systolic blood pressure (=90) 0.398 (0.227 - 0.699) 0.001 0.394 (0.224 - 0.689) 0.001 0.394 (0.225 - 0.691) 0.001 0.391 (0.225 - 0.695) 0.001
Heart rate (=100) 1.078 (0.624 - 1.380) 0.712 1.041 (0.650 - 1.420) 0.840 1.057 (0.640 - 1.397) 0.780 1.053 (0.643 - 1.402) 0.794
Effusion size:

Medium (1-2 cm) 0.882 (0.696 - 1.850) 0.614 0.879 (0.699 - 1.854) 0.603 0.879 (0.698 - 1.855) 0.604 0.871 (0.704 - 1.874) 0.609
Small (<1 cm) 0.599 (0.244 - 1.458) 0.261 0.592 (0.242 - 1.444) 0.250 0.588 (0.240 - 1.441) 0.246 0.598 (0.248 - 1.483) 0.255
Chest X-ray pulmonary infiltrate (yes) 1.033 (0.649 - 1.446) 0.876 1.025 (0.654 - 1.457) 0.905 1.042 (0.642 - 1.437) 0.843 1.016 (0.660 - 1.470) 0.896
Definite TB pericarditis status (yes) 0.820 (0.731 - 2.035) 0.448 0.822 (0.729 - 2.032) 0.452 0.824 (0.726 - 2.028) 0.461 0.822 (0.730 - 2.030) 0.426
Haemoglobin (>10) 1.041 (0.633 - 1.457) 0.850 1.042 (0.633 - 1.457) 0.848 1.045 (0.626 - 1.439) 0.805 1.060 (0.622 - 1.430) 0.821
Peripheral oedema (yes) 1.515 (1.012 - 2.267) 0.050 1.517 (1.016 - 2.276) 0.043 1.509 (1.008 - 2.261) 0.046 1.519 (1.015 - 2.276) 0.043
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6.3.3 Extended Cox modelling of time to constriction

The results in Table 6.6 indicate that prednisolone, pericardiocentesis at randomisation,
duration of symptoms, HIV status (HIV+), and definite TB pericarditis status show a significant
association with a constriction event. Table 6.6 further shows an insignificant 1% reduction of
ECGaqtc in the risk of a constriction event at given time points ¢ for patients who have a normal
ECGqtc rate compared to those who have an abnormal rate. Moreover, the results in Table 6.6
show that at any given time ¢, a unit increase in ECGqrsd results in a 66.4% decrease in the
risk-of-constriction event for patients who have a normal ECGqrsd rate compared to those who
have an abnormal rate. ECGrate is highly associated with the risk of constriction for someone
who has a normal ECGrate and has a 61.9% reduction rate compared to someone with an
abnormal ECGrate. Patients who have a normal ECGpri have a 50% risk of constriction
compared to those with an abnormal ECGpri. There is a significantly reduced risk of 59% for
prednisolone compared to the placebo group for patients with a normal ECGrate compared to
those with an abnormal ECGrate. There is also a lowered risk of 58% for prednisolone
compared to the placebo group for patients who have a normal ECGpri and ECGqtc rate
compared to those with an abnormal ECGpri and ECGqtc rate. Additionally, there is a reduced
risk of 60% for prednisolone compared to the placebo group for patients with a normal
ECGqrsd compared to abnormal ECGqrsd. There is a notable marked difference between the
ECG characteristics and prednisolone, which could have resulted from the difference in ECG
measurements taken or the effect of “confounding variables” that were fitted in the extended

model, or even the treatment effect.
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Table 6.6: Extended Cox model for time-to-constriction event

Time to constriction

Time to constriction

Time to constriction

Time to constriction

Variable HR (95% CI) p-value HR (95% CI) p-value HR (95% CI) p-value HR (95% CI) p-value
ECGrate 0.409 (0.208 - 0.806)  0.0027 - - - - - -
ECGpri - - 1.463 (0.090 - 5.214) 0.714 - - - -
ECGqtc - - - - 0.900 (0.506 - 2.440) 0.794 - -
ECGqrsd - - - - - - 0.336 (0.369 - 24.103) 0.306
Prednisolone 0.409 (0.208 - 0.806)  0.009 0.421 (0.214 - 0.825) 0.012 0.424 (0.217 - 0.831) 0.012 0.404 (0.203 - 0.803) 0.010
Pericardiocentesis at randomisation (yes) 0.397 (0.182 - 0.868)  0.021 0.433 (0.196 - 0.950) 0.037 0.427 (0.194 - 0.936) 0.034 0.416 (0.189 - 0.916) 0.030
Duration of symptoms (days) 1.008 (1.001 - 1.015)  0.030 1.008 (1.001 - 1.016)  0.022 1.008 (1.001 - 1.016)  0.022 0.991 (1.001 - 1.016) 0.019
Age (years) 0.999 (0.977 - 1.027) 0912 0.997 (0.979 - 1.029)  0.795 0.997 (0.978 - 1.028) 0.830 0.997 (0.978 - 1.028) 0.791
NYHA class at study entry:

I 0.681 (0.515 - 4.187) 0472 0.681 (0.519 - 4.152)  0.469 0.673 (0.525 - 4.195) 0.456 0.679 (0.521 - 4.166) 0.466
I 3.763 (1.199 - 11.813) 0.023 3.614 (1.165 - 11.200) 0.026 3.582 (1.155 - 11.069) 0.027 0.277 (1.169 - 11.187) 0.026
v 2.533 (0.529 - 12.122) 0.245 2.429 (0.511 - 11.311) 0.267 2.374 (0.505 - 11.241) 0.273 0.425 (0.499 - 11.107) 0.280
Creatinine (>105) 0.659 (0.643 - 3.584) 0341 0.664 (0.640 - 3.548) 0.348 0.669 (0.632 - 3.535)  0.360 0.668 (0.636 - 3.521) 0.356
HIV status (HIV+) 0.365 (0.178 - 0.753)  0.006 0.396 (0.192 - 0.818)  0.012 0.393 (0.190 - 0.811)  0.012 2.508 (0.193 - 0.825) 0.013
Weight (kg) 0.935 (0.833 - 1.372)  0.600 0.938 (0.829 - 1.371 0.616 0.939 (0.829 - 1.370)  0.621 0.941 (0.826 - 1.366) 0.636
Palpable pulsus paradoxus (yes) 0.992 (0.458 - 2.218)  0.985 0.944 (0.483 - 2.326) 0.886 0.928 (0.494 - 2.350)  0.851 0.41 (0.487 - 2.318) 0.879
Systolic blood pressure (=90) 2.806 (0.371 - 21.218) 0.317 2.951 (0.390 - 22.304) 0.295 0.337 (0.392 - 22.450) 0.292 0.345 (0.384 - 21.938) 0.302
Heart rate (=100) 0.981 (0.521 -1.995) 0.955 0.788 (0.663 -2.437) 0.470 0.779 (0.669 -2.463) 0.454 0.769 (0.680 - 2.490) 0.427
Effusion size:

Medium (1-2 cm) 0.906 (0.489 - 2.492) 0.811 0.877 (0.502 - 2.591)  0.755 0.894 (0.496 - 2.522)  0.787 0.900 (0.492 - 2.505) 0.800
Small (<1 cm) 1.984 (0.111 - 2.299) 0376 1.997 (0.110 - 2.277) 0371 2.023 (0.109 - 2.254) 0363 2.040 (0.108 - 2.228) 0.356
Chest X-ray pulmonary infiltrate (yes) 0.779 (0.690 - 2.387) 0.431 1.382 (0.743 - 2.566)  0.307 0.731 (0.735 - 2.542)  0.323 0.716 (0.750 - 2.602) 0.292
Definite TB pericarditis status (yes) 2.760 (1.254 - 6.075) 0.012 2.942 (1.342 - 6.463) 0.007 0.337 (1.351 - 6.508)  0.007 0.327 (1.386 - 6.754) 0.006
Haemoglobin (>10) 1.755 (0.873 - 3.530) 0.115 1.716 (0.850 - 3.471) 0.132 0.582 (0.850 - 3.476)  0.132 0.578 (0.855 - 3.497) 0.127
Peripheral oedema (yes) 0.748 (0.680 - 2.624)  0.400 1.442 (0.738 - 2.832)  0.283 0.701 (0.727 - 2.803)  0.301 0.710 (0.717 - 2.767) 0.320
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6.3.4 Extended Cox modelling overall model fit: Cox-Snell residual plots

This subsection shows the Cox-Snell residual plots that were used to assess the overall fit of

the Cox model. These plots provide insight into how well a Cox model fits. Examining them

can help to determine whether the Cox model is a good fit.

6.3.4.1 Composite event Cox-Snell residual plots for extended Cox model

The lines of the plots in Figures 6.13 to 6.16 do not deviate too much from the reference line

for the extended Cox model when looking at the composite event outcome. The extended Cox

model therefore provides a reasonably good fit for the data.
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Figure 6.13: Residual plot corresponds to
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Figure 6.15: Residual plot corresponds to Figure 6.16: Residual plot corresponds to
extended Cox model ECGpri extended Cox model ECGqrsd

6.3.4.2 Death event Cox-Snell residual plots for extended Cox model

Figures 6.17 to 6.20 show the Cox-Snell residuals corresponding to the extended Cox model
for four binary ECG characteristics when looking at the death event outcome. The line plots do
not deviate too much from the reference line, which means the extended Cox model provides

a reasonably good fit.
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Figure 6.17: Residual plot corresponds to Figure 6.18: Residual plot corresponds to

extended Cox model ECGrate extended Cox model ECGqtc
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Figure 6.19: Residual plot corresponds to Figure 6.20: Residual plot corresponds to
extended Cox model ECGpri extended Cox model ECGqrsd
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6.3.4.3 Constriction event Cox-Snell residual plots for extended Cox model

Figures 6.21 to 6.24 show the Cox-Snell residuals corresponding to the four binary ECG

characteristics when looking at the constriction event outcome. The line plots slightly deviate

from the reference line, which means that the extended Cox model provides a reasonably good

fit.
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Figure 6.21: Residual plot corresponds to
extended Cox model ECGrate
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Figure 6.23: Residual plot corresponds to Figure 6.24: Residual plot corresponds to
extended Cox model ECGpri extended Cox model ECGqrsd

6.4  THE JOINT MODELLING OF THE IMPI TRIAL DATASET
6.4.1 The two-stage joint model

As alluded to in Chapter 4, the two-stage model was fitted in three steps: the GLMM was fitted
first, then subject-specific predictions were extracted from the fitted GLMM, which were used
as time-dependent covariates in the extended survival model. The GLMM was fitted using the
LME4 Package in R, while the extended Cox model was implemented using the Survival
Package. Table 6.7 provides the estimation results of the four binary time-varying covariates,
i.e., ECGrate, ECGpri, ECGqrsd, and ECGqtc, fitted one at a time to allow for comparison with
other joint models. The GLMMs were fitted using an ML based on the Laplace approximation
approach, and the results are listed in Tables 6.7 to 6.10. The GLMM longitudinal sub-model
of ECGrate in Table 6.7 suggests that patients on prednisolone treatment have an estimate of
-0.063, which means that the mean of patients on prednisolone treatment is 0.063 less compared
to patients in the placebo group for a composite event with a significant p-value of (0.001),

which is evident in the standard error of 0.999, which is slightly different in the prednisolone
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treatment in all three event outcomes. Furthermore, a one-unit increase in the time resulted in

a 0.029 decrease in the composite outcome.

The survival sub-model in Table 6.7 shows that the duration of symptoms (days), systolic blood
pressure (>90), heart rate (>100), definite TB pericarditis status (yes), and peripheral oedema
(yes) show a significant association with the composite event, while creatanine (>105), systolic
blood pressure (>90), and peripheral oedema (yes) show a significant association with the death
event. Additionally, the duration of symptoms (days), pericardiocentesis at randomisation
(yes), definite TB pericarditis status (yes), and HIV status (HIV+) also show a significant
association with the composite event. There is an association between the risk of constriction
and ECGrate; however, there is an increased risk of 2.219-fold in the constriction event for
patients with a normal ECGrate compared to those with an abnormal ECGrate. There is also a
40% increased risk of death for patients with a normal ECGrate compared to those with an
abnormal ECGrate. Moreover, there is a 54% reduced risk of the composite event for patients
with a normal ECGrate compared to patients with an abnormal ECGrate. There is an 18%
reduced risk of composite event and a significantly reduced risk of 59% constriction for patients
on prednisolone compared to those in the placebo group, respectively. At the same time, there
is a 3% increased risk of death for patients on prednisolone compared to the placebo group. It
is worth noting that there is a marked difference between the ECG characteristics and
prednisolone that could be the result of differences in ECG measurements taken or simply the
effect of confounding variables that were fitted in the two-stage model, or even the treatment

effect.
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Table 6.7: Two-stage joint model parameter estimates for ECGrate

Time to composite

Time to death

Time to constriction

Variable Estimate (SE*) p-value Estimate (SE) p-value Estimate (SE) p-value
Longitudinal sub-model
Intercept 0.696 (0.999) <0.001 0.698 (0.10) <0.001 0.694 (0.099) <0.001
Prednisolone -0.063 (1.131) 0.63 -0.084 (0.131) 0.522 -0.064 (0.130) 0.622
Time -0.029 (0.004) <0.001 -0.026 (0.003) <0.001 -0.030 (0.004) <0.001

Time to composite Time to death Time to constriction
Variable HR (95% CI) SE p-value HR (95% CI) SE p-value HR (95% CI) SE p-value
Survival sub-model
ECGrate 0.465 (0.240 - 19.314) 1.147 0.494 1.402 (0.156 - 12.581) 1.119 0.762 2.219(1.727 - 2.535) 3.942 0.031
Prednisolone 0.821 (0.617 - 1.094) 0.147 0.178 1.025 (0.704 - 1.495) 0.192  0.894 0.410 (0.294 - 0.819) 2.292 0.008
Pericardiocentesis at randomisation (yes) 0.783 (0.535 - 1.145) 0.194 0.207 0.662 (0.409 - 1.075) 0.247  0.095 2.555(0.178 - 3.159) 1.475 0.019
Duration of symptoms (days) 1.004 (1.001 - 1.009) 0.002 0.009 0.999 (0.994 - 1.006) 0.003  0.922 1.008 (1.001 - 1.015) 0.177 0.028
Age (years) 0.993 (0.992 - 1.015) 0.006 0.572 1.010 (0.994 - 1.028) 0.008 0.198 1.005 (0.976 - 1.027) 0.173 0.936
NYHA class at study entry:
I 1.327 (0.835 - 2.109) 0.232 0.232 1.211 (0.653 - 2.248) 0315 0.543 2.490 (0.518 - 4.205) 1.964 0.465
I 1.874 (1.102 - 3.186) 0.020 0.020 1.735 (0.872- 3.455) 0.351 0.116 2.001 (1.252 - 3.360) 2.149 0.019
v 2.577 (1.370 - 4.847) 0.003 0.003 3.096 (1.442 - 6.650) 0.340  0.004 1.488 (0.520 - 3.194) 2.962 0.255
Creatinine (>105) 1.678 (0.870 - 3.236) 0.122 0.122 2.176 (1.295 - 3.660) 0.265 0.003 2.383 (0.653 - 3.647) 7.538 0.322
HIV status (HIV+) 0.754 (0.537 - 1.061) 0.174 0.105 1.108 (0.680 - 1.808) 0.250 0.679 2.575 (0.189 - 2.941) 1.355 0.010
Weight (kg) 0.938 (0.828 - 1.064) 0.064 0.323 0.865 (0.733 - 1.021) 0.085 0.087 1.065 (0.830 - 1.367) 2.187 0.620
Palpable pulsus paradoxus (yes) 0.994 (0.681 - 1.489) 0.120 0.974 0.887 (0.541 - 1.457) 0.253  0.638 1.009 (0.459 - 2.219) 6.906 0.982
Systolic blood pressure (>90) 0.597 (0.376 - 0.950) 0.237 0.030 0.398 (0.227 - 0.700) 0.287  0.001 1.314 (0.372 - 5.733) 1.030 0.318
Heart rate (>100) 0.094 (0.012 - 0.746) 1.054 0.025 0.947 (0.642 - 1.399) 0.199  0.785 1.018 (0.518 - 2.000) 1.267 0.958
Effusion size:
Medium (1-2 cm) 0.700 (0.551 - 3.706) 0.486 0.463 1.139 (0.699 - 1.856) 0.249  0.601 1.103 (0.487 - 2.496) 1.533 0.814
Small (<1 cm) 1.559 (0.211 - 1.954) 0.568 0.435 0.598 (0.245 - 1.464) 0.456  0.260 1.940 (0.113 - 2.358) 2.854 0.393
Chest X-ray pulmonary infiltrate (yes) 0.973 (0.606 - 1.743) 0.270 0.920 0.974 (0.653 - 1.454) 0.204 0.898 1.316 (0.709- 2.444) 1.162 0.385
Definite TB pericarditis status (yes) 1.517 (1.039 - 2.213) 0.193 0.031 1.229 (0.738 - 2.051) 0.261 0.428 2.781 (1.264 - 6.118) 1.480 0.011
Haemoglobin (>10) 1.778 (0.076 - 4.242) 1.031 0.577 0.955 (0.630 - 1.449) 0.212  0.831 2.115 (0.863 - 3.503) 1.314 0.121
Peripheral oedema (yes) 1.529 (1.123 - 2.081) 0.157 0.007 1.514 (1.012 - 2.267) 0.206 0.044 1.390 (0.709 - 2.725) 1.263 0.337

* SE = standard error
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Table 6.8 suggests an increased risk of a composite event by a factor of 2.053 for patients with
a normal ECGpri compared to those with an abnormal ECGpri. Moreover, there is also a 28%
increased risk of death for patients with a normal ECGpri compared to those with an abnormal
ECGpri. In the constriction event, there is a reduced risk of 36% for normal ECGpri patients
compared to abnormal ECGpri patients. There is a 19% reduced risk of the composite event for
patients on prednisolone compared to the placebo group. Consequently, there is a 2% increased
risk of death for patients on prednisolone compared to the placebo group. There is a 58%
significantly reduced risk of constriction for patients on prednisolone compared to the placebo
group. It is worth noting that there is a marked difference between the ECG characteristics and
prednisolone that could be the result of differences in ECG measurements taken or simply the
effect of confounding variables that were fitted in the two-stage model, or even the treatment

effect.
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Table 6.8: Two-stage joint model parameter estimates for ECGpri

Time to composite Time to death Time to constriction

Variable Estimate (SE) p-value Estimate (SE) p-value Estimate (SE) p-value
Longitudinal sub-model
Intercept -11.572 (1.273) <0.001 -11.641 (1.276) <0.001 -10.730 (0.001) <0.001
Prednisolone -0.012 (1.456) -0.081 -0.097 (1.462) 0.947 -11.479 (0.001) <0.001
Time 0.003 (0.009) 0.767 0.002 (0.009) 0.779 -0.003 (0.001) 0.031

Time to composite Time to death Time to constriction
Variable HR (95% CI) SE p-value HR (95% CI) SE p-value HR (95% CI) SE p-value
Survival sub-model
ECGpri 2.053 (0.955 - 4.415) 0.391 0.065 1.276 (0.374 - 4.357) 0.626 0.697 0.645 (0.063 - 6.583) 1.185 0.713
Prednisolone 0.812 (0.611 - 1.081) 0.146 0.154 1.019 (0.701 - 1.484) 0.192 0918 0.420 (0.215 - 0.826) 0.344 0.012
Pericardiocentesis at randomisation (yes) 0.780 (0.533 - 1.141) 0.194 0.201 0.665 (0.410 - 1.079) 0.250 0.247 0.432 (0.196 - 0.954) 0.403 0.038
Duration of symptoms (days) 1.005 (1.001 - 1.009) 0.002 0.008 0.999 (0.994 - 1.006) 0.003 0.924 1.008 (1.001 - 1.016) 0.004 0.023
Age (years) 1.003 (0.992 - 1.015) 0.006 0.574 1.010 (0.994 - 1.028) 0.008 0.200 1.003 (0.978 - 1.029) 0.013 0.795
NYHA class at study entry:
11 1.320 (0.830 - 2.099) 0.237 0.240 1.213 (0.654 - 2.253) 0.316 0.539 1.468 (0.520 - 4.151) 0.530 0.468
1T 1.815 (1.067 - 3.086) 0.271 0.028 1.721 (0.864 - 3.429) 0.352 0.122 3.613 (1.166 - 11.204) 0.577 0.026
v 2.521 (1.338 -4.751) 0.323 0.004 3.079 (1.434 - 6.614) 0.390 0.004 2.428 (0.516 - 11.437) 0.791 0.262
Creatinine (>105) 1.628 (0.847 - 3.131) 0.334 0.144 2.183 (1.298 - 3.671) 0.265 0.003 1.505 (0.639 - 3.546) 0.437 0.349
HIV status (HIV+) 0.751 (0.534 - 1.057) 0.174 0.101 1.103 (0.677 - 1.801) 0.250 0.693 0.395 (0.192 - 0.817) 0.370 0.012
Weight (kg) 0.934 (0.824 - 1.059) 0.064 0.287 0.863 (0.731 - 1.021) 0.085 0.085 1.066 (0.830 - 1.372) 0.128 0.614
Palpable pulsus paradoxus (yes) 1.006 (0.681 - 1.487) 0.199 0.976 0.881 (0.538 - 1.445) 0.252 0.617 1.056 (0.481 - 2.324) 0.402 0.891
Systolic blood pressure (=90) 0.591 (0.372 - 0.941) 0.237 0.027 0.394 (0.225 - 0.692) 0.287 0.001 2.951 (0.390 - 22.329) 1.032 0.295
Heart rate (=100) 0.091 (0.012 - 0.717) 1.054 0.023 0.954 (0.646 - 1.450) 0.199 0.814 1.275 (0.666 - 2.445) 0.332 0.463
Effusion size:
Medium (1-2 cm) 1.389 (0.535 - 3.607) 0.487 0.499 1.136 (0.698 - 1.851) 0.249 0.607 1.143 (0.503 - 2.602) 0.419 0.749
Small (<1 cm) 0.617 (0.202 - 1.881) 0.569 0.396 0.591 (0.242 - 1.447) 0.456 0.250 0.504 (0.111 - 2.296) 0.773 0.376
Chest X-ray pulmonary infiltrate (yes) 1.025 (0.605 - 1.739) 0.269 0.924 0.974 (0.653 - 1.454) 0.204 0.898 1.382 (0.744- 2.568) 0.316 0.306
Definite TB pericarditis status (yes) 1.521 (1.043 - 2.220) 0.193  0.029 1.224 (0.734 - 2.043) 0.261 0.438 2.942 (1.341 - 6.454) 0.401 0.007
Haemoglobin (>10) 0.557 (0.074 - 4.209) 1.031 0.571 0.956 (0.630 - 1.451) 0.216 0.833 1.719 (0.851 - 3.475) 0.359 0.131
Peripheral oedema (yes) 1.539 (1.131 - 2.096) 0.157 0.006 1.517 (1.014 - 2.270) 0.206 0.043 1.441 (0.736 - 2.823) 0.343 0.286
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Table 6.9 suggests that there is an increased risk of a composite event by a factor of 1.403,
an increased risk of death by a factor of 1.624, and an increased risk of constriction by
a factor of 2.862 for all patients with a normal ECGqrsd compared to those with an abnormal
ECGqrsd. At the same time, there is a 20% reduced risk of a composite event, and a significant
59% reduced risk of constriction for patients on prednisolone compared to those in the placebo
group. Finally, there is a 0.8% increased risk of death for patients on prednisolone compared to
the placebo group. The marked difference between the ECG characteristics and prednisolone
is evident and could result from differences in ECG measurements taken or simply the effect

of confounding variables that were fitted in the two-stage model, or even the treatment effect.
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Table 6.9: Two-stage joint model parameter estimates for ECGqrsd

Time to composite

Time to death

Time to constriction

Variable Estimate (SE) p-value Estimate (SE) p-value Estimate (SE) p-value
Longitudinal sub-model
Intercept -13.043 (1.891) <0.001 -12.687 (1.789) <0.001 -13.056 (1.896) <0.001
Prednisolone 0.520 (2.031) 0.798 0.693 (1.877) 0.712 0.527 (2.033) 0.795
Time 0.011 (0.008) 0.172 0.011 (0.007) 0.112 0.011 (0.008)

Time to composite Time to death Time to constriction
Variable HR (95% CI) SE p-value HR (95% CI) SE p-value HR (95% CI) SE p-value
Survival sub-model
ECGqrsd 1.403 (0.482 - 4.085) 0.545 0.534 1.624 (0.400 - 6.599) 0.715 0.498 2.862 (0.318 - 25.756) 1.121 0.348
Prednisolone 0.805 (0.605 - 1.073) 0.146 0.140 1.008 (0.692 - 1.470) 0.192 0.965 0.407 (0.206 - 0.807) 0.348 0.010
Pericardiocentesis at randomisation (yes) 0.781 (0.534 - 1.144) 0.194 0.205 0.664 (0.409 - 1.077) 0.247 0.097 0.418 (0.190 - 0.920) 0.402 0.030
Duration of symptoms (days) 1.005 (1.001 - 1.009) 0.002 0.009 0.999 (0.994 - 1.006) 0.003 0.933 1.008 (1.001 - 1.016) 0.004 0.020
Age (years) 1.003 (0.992 - 1.016) 0.006 0.561 1.011 (0.995 - 1.028) 0.008 0.192 1.003 (0.979 - 1.029) 0.013 0.789
NYHA class at study entry:
11 1.332 (0.839 - 2.118) 0.236 0.224 1.211 (0.653 - 2.248) 0.315 0.544 1.487 (0.525 - 4.209) 0.531 0.446
1T 1.875 (1.104 - 3.188) 0.271 0.020 1.728 (0.869 - 3.439) 0.351 0.119 3.644 (1.176 - 11.299) 0.578 0.025
v 2.559 (1.361 - 4.815) 0.322 0.004 3.046 (1.419 - 6.700) 0.400 0.004 2.369 (0.503 - 11.173) 0.791 0.275
Creatinine (>105) 1.661 (0.863 -3.195) 0.334 0.129 2.171 (1.290 - 3.653) 0.265 0.003 1.498 (0.637 - 3.527) 0.437 0.354
HIV status (HIV+) 0.755 (0.537 - 1.063) 0.174 0.108 1.114 (0.683 - 1.820) 0.250 0.664 0.396 (0.192 - 0.820) 0.370 0.013
Weight (kg) 0.938 (0.827 - 1.064) 0.064 0.320 0.865 (0.733 - 1.023) 0.085 0.090 1.063 (0.827 - 1.367) 0.128 0.633
Palpable pulsus paradoxus (yes) 0.996 (0.674 - 1.474) 0.200 0.987 0.883 (0.539 - 1.448) 0.252 0.622 1.063 (0.487 - 2.319) 0.398 0.878
Systolic blood pressure (=90) 0.593 (0.373 - 0.944) 0.237 0.028 0.390 (0.223 - 0.687) 0.287 0.001 2.902 (0.384 - 21.945) 1.032  0.301
Heart rate (=100) 0.093 (0.012 - 0.737) 1.054 0.023 0.950 (0.644 - 1.403) 0.199 0.797 1.292 (0.676 - 2.319) 0.331 0.438
Effusion size:
Medium (1-2 cm) 1.421 (0.548 - 3.689) 0.486 0.469 1.137 (0.698 - 1.854) 0.249 0.605 1.106 (0.490 - 2.497) 0.415 0.808
Small (<1 cm) 0.635 (0.208 - 1.936) 0.568 0.425 0.597 (0.245 - 1.461) 0.456 0.259 0.491 (0.108 - 2.232) 0.772  0.357
Chest X-ray pulmonary infiltrate (yes) 1.024 (0.604 - 1.738) 0.269 0.928 0.977 (0.654 - 1.461) 0.205 0912 1.398 (0.751 - 2.604) 0317 0.291
Definite TB pericarditis status (yes) 1.533 (1.050 - 2.239) 0.193 0.027 1.241 (0.744 - 2.072) 0.261 0.409 3.047 (1.382 - 6.719) 0.403  0.006
Haemoglobin (>10) 0.557 (0.074 - 4.207) 1.031 0.571 0.951 (0.628 - 1.441) 0.212 0.813 1.716 (0.850 - 3.467) 0.359 0.132
Peripheral oedema (yes) 1.529 (1.123 - 2.083) 0.157 0.007 1.519 (1.015 - 2.276) 0.206 0.042 1.410 (0.718 - 2.772) 0.345 0.319
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Table 6.10 suggests that there is an increased risk of 42% of a composite event, a 16% increased
risk of death, and a further increased risk of 14% in the constriction event for all patients with
a normal ECGqtc compared to those with an abnormal ECGqtc. In comparison, there is a 19%
reduced risk of a composite event and a significant 58% reduced risk of constriction for patients
on prednisolone compared to the placebo group. In addition, there is a 2% increased risk of
death for patients on prednisolone compared to the placebo group. The evident marked
difference between the ECG characteristics and prednisolone could be the result of differences
in ECG measurements taken or simply the effect of confounding variables that were fitted in

the two-stage model, or even the treatment effect.
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Table 6.10: Two-stage joint model parameter estimates for ECGqtc

Time to composite

Time to death

Time to constriction

Variable Estimate (SE) p-value Estimate (SE) p-value Estimate (SE) p-value
Longitudinal sub-model
Intercept -10.655 (0.690) <0.001 -10.449 (0.664) <0.001 -10.665 (0.689) <0.001
Prednisolone 0.101 (0.740) 0.892 0.105 (0.712) 0.883 0.101 (0.740) 0.891
Time 0.003 (0.005) 0.615 0.003 (0.005) 0.574 0.003 (0.005) 0.612

Time to composite Time to death Time to constriction
Variable HR (95% CI) SE p-value HR (95% CI) SE p-value HR (95% CI) SE p-value
Survival sub-model
ECGqtc 1.422 (0.989 - 2.046) 0.186  0.578 1.161 (0.689 - 1.958) 0.266 0.574 1.140 (0.499 - 2.605) 0.422  0.756
Prednisolone 0.808 (0.608 - 1.076) 0.146 0.144 1.021 (0.702 - 1.486) 0.191 0912 0.424 (0.217 - 0.830) 3.343  0.012
Pericardiocentesis at randomisation (yes) 0.804 (0.549 - 1.179) 0.195 0.264 0.669 (0.413 - 1.087) 0.247 0.105 0.426 (0.194 - 0.937) 0.401 0.034
Duration of symptoms (days) 1.004 (1.001 - 1.009) 0.002  0.009 0.999 (0.994 - 1.006) 0.003 0.934 1.008 (1.001 - 1.016) 0.004 0.022
Age (years) 1.002 (0.991 - 1.015) 0.006 0.672 1.010 (0.994 - 1.028) 0.008 0.208 1.002 (0.978 - 1.028) 0.013 0.821
NYHA class at study entry:
I 1.346 (0.848 -2.139) 0.236 0.207 1.223 (0.659 - 2.273) 0.316 0.523 1.483 (0.525 - 4.191) 0.530 0.457
1 1.869 (1.100 - 3.178) 0.271 0.021 1.732 (0.870 - 3.449) 0351 0.118 3.581 (1.157 - 11.090) 0.577 0.027
v 2.542 (1.352-4.782) 0322 0.004 3.067 (1.429 - 6.588) 0.390 0.004 2.374 (0.504 - 11.209) 0.792  0.275
Creatinine (>105) 1.608 (0.834 -3.104) 0.335 0.156 2.169 (1.291 - 3.647) 0.265 0.003 1.490 (0.630 - 3.527) 0.439 0.364
HIV status (HIV+) 0.759 (0.540 - 1.069) 0.174 0.115 1.117 (0.684 - 1.825) 0.250 0.658 0.392 (0.193 - 0.811) 0.370 0.012
Weight (kg) 0.942 (0.831 - 1.068) 0.064 0.353 0.866 (0.733 - 1.023) 0.085 0.091 1.065 (0.829 - 1.370) 0.128 0.620
Palpable pulsus paradoxus (yes) 0.994 (0.672 - 1.471) 0.200 0.978 0.887 (0.542 - 1.457) 0252 0.639 1.079 (0.495 - 2.353) 0.398 0.848
Systolic blood pressure (=90) 0.593 (0.372 - 0.944) 0.237 0.027 0.394 (0.225 - 0.691) 0.287 0.001 2.970 (0.395 - 22.481) 1.032  0.292
Heart rate (=100) 0.084 (0.011 - 0.668) 1.056  0.019 0.946 (0.641 - 1.398) 0.200 0.781 1.281 (0.669 - 2.458) 0.332  0.455
Effusion size:
Medium (1-2 cm) 1.514 (0.580 - 3.951) 0.489 0.397 1.139 (0.699 - 1.857) 0.249 0.601 1.120 (0.497 - 2.527) 0.415 0.784
Small (<1 cm) 0.647 (0.212 - 1.978) 0.569 0.446 0.588 (0.240 - 1.441) 0.457 0.246 0.495 (0.109 - 2.255) 0.774 0.363
Chest X-ray pulmonary infiltrate (yes) 1.012 (0.595 - 1.723) 0.271 0.962 0.960 (0.642 - 1.439) 0.206 0.846 1.366 (0.735 - 2.541) 0316 0.324
Definite TB pericarditis status (yes) 1.485 (1.017 - 2.170) 0.193  0.041 1.214 (0.726 - 2.030) 0.262 0.459 2.961 (1.349 - 6.503) 0.402 0.007
Haemoglobin (>10) 0.582 (0.077 - 4.421) 1.034 0.601 0.947 (0.625 - 1.437) 0.212 0.801 1.718 (0.849 - 3.476) 0.359 0.132
Peripheral oedema (yes) 1.497 (1.099 - 2.042) 0.158 0.011 1.509 (1.008 - 2.261) 0.206 0.046 1.426 (0.727 - 2.801) 0.344 0302
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6.4.2 Univariate joint model

In this subsection, the four univariate shared parameter joint models were fitted for time-to-
composite, time-to-death, and time-to-constriction events. The univariate joint models were
fitted for four binary time-varying covariates, namely ECGrate, ECGpri, ECGqrsd, and
ECGqtc, to allow for comparison with other joint models. The ECG HRs are association
parameters that link ECG measurements to the risk for constriction, death, and composite,
while prednisone is the effect on the active arm compared to the placebo. The univariate
analysis results are presented in Tables 6.11 to 6.14. The results suggest no individual
association between the ECGrate and the risk of composite, death, and constriction event
outcomes. Furthermore, there is a reduced risk of 7% in the composite event and a reduced risk
of 76% in the constriction event for patients with a normal ECGrate compared to those with an
abnormal ECGrate. Moreover, there is an increased risk of 92% in the death event for patients
with a normal ECGrate compared to the ones with an abnormal ECGrate. There is a longitudinal
association between ECGpri and the risk of both death and constriction but there is no

association with the composite event.

In addition, there is an increased risk of 2.077-fold in the composite event, and a reduced risk
of 48% in both the death and constriction events for patients with a normal ECGpri compared
to the ones with an abnormal ECGpri. There is no association between ECGqrsd and the risk
of composite and death events; however, there is an association with constriction. There is a
reduced risk of 64% in the constriction event, an increased risk of 2.409-fold in the composite
event, and an increased risk of 7% in the death event for all patients with a normal ECGqrsd
compared to those with an abnormal ECGqrsd. Finally, there is no association between ECGqtc
and the risk of composite and death events; however, there is an association with constriction.
There is also an increased risk of 7% in the death event, a reduced risk of 78% in the composite
event, and a reduced risk of 87% in the constriction event for all patients who have a normal

ECGqtc compared to those with an abnormal ECGqtc.

Table 6.11 shows a 12% reduced risk of a composite event and an 87% reduced risk of
constriction for patients on prednisolone compared to the placebo group. At the same time,

there is a 31% increased risk of death for patients on prednisolone compared to the placebo

group.
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Table 6.12 suggests that there is a 98% reduced risk of death and a 39% reduced risk of
constriction for patients on prednisolone compared to the placebo group. In comparison, there
is a 20% increased risk of a composite event for patients on prednisolone compared to those on

the placebo.

Table 6.13 suggests that there is an 89% reduced risk of a composite event and an 83% reduced
risk of constriction for patients on prednisolone compared to those on the placebo. There is,

however, a 2% increased risk of death for patients on prednisolone compared to the placebo

group.

Table 6.14 suggests that there is a 97% reduced risk of a composite event and a 32% reduced
risk of constriction for patients on prednisolone compared to those on the placebo, respectively.
Furthermore, there is a 2% increased risk of death for patients on prednisolone compared to the
placebo group. Notably, there are marked differences between ECG characteristics and
prednisolone, which could result from differences in ECG measurements or the effect of

confounding variables that were fitted in the univariate joint model, or even the treatment effect.
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Table 6.11: Univariate joint model results for ECGrate

Time to composite

Time to death

Time to constriction

Variable PM* (95% CI) SD#** p-value PM (95% CI) SD p-value PM (95% CI) SD p-value
Longitudinal sub-model: ECGrate
Intercept 0.731 (-0.120 - 1.621) 0.417 0.097 0.927 (0.262 - 1.649) 0.348  <0.001 -0.959 (-3.048 - 0.629)  0.980 0.307
Prednisolone -0.826 (-2.121 - 0.0230) 0.523 0.055 -0.302 (-1.111 - 0.479) 0.406  0.447 -1.062 (-2.744 - 0.162)  0.736 0.095
Time -0.041 (-0.165 - 0.097) 0.097 0.667 -0.122 (-0.197 - -0.037) 0.038  <0.001 -0.001 (-0.042 - 0.045)  0.025 0.965
Time to composite Time to death Time to constriction
Variable HR (95% CI) SD p-value HR (95% CI) SD p-value HR (95% CI) SD p-value
Survival sub-model
Association parameter (ECGrate) 0.927 (0.658 - 1.309) 0.171 0.650 1.078 (0.645 - 1.335) 0.143  0.269 0.239 (-0.051 - 2.081) 1.119 0.382
Prednisolone 0.885 (0.276 - 2.612) 0.579 0.852 1.306 (0.189 - 9.564) 0.998  0.803 0.135 (0.001 - 56.940)  3.379 0.569
Pericardiocentesis at randomisation (yes) 0.457 (0.129 - 1.540) 0.629 0.209 0.509 (0.045 - 4.943) 1.209  0.589 1.829 (0.185 - 28.474) 1.256 <0.001
Age (years) 0.987 (0.949 - 1.024) 0.019 0.488 0.915 (0.800 - 1.026) 0.064  0.148 0.786 (0.617 - 1.022) 0.126 0.063
NYHA class at study entry:
I 0.533 (0.143 - 2.171) 0.687 0.352 2.284 (0.25 - 34.090) 1.590  0.055 2.883 (0.645 - 12.616)  0.769 <0.001
I 0.618 (0.155 - 2.678) 0.718 0.484 1.524 (0.704 - 3.357) 0.391  0.097 0.661 (0.095 - 6.318) 4.266 0.067
v 0.361 (0.048 - 2.138) 0.953 0.277 1.179 (0.042 - 44.467) 1.703  0.921 1.225 (0.051 - 27.058) 1.583 <0.001
HIV status (HIV+) 0.512 (0.156 - 1.629) 0.588 0.246 1.183 (0.540 - 2.866) 0.406  <0.001 0.028 (0.001 - 1.291) 2.003 <0.001
Palpable pulsus paradoxus (yes) 1.533 (0.514 - 4.289) 0.536 0.403 1.819 (0.314 - 11.693) 0912 0497 2.351 (0.017 - 356.737)  2.474 0.719
Definite TB pericarditis status (yes) 3.804 (1.119 - 14.069) 0.645 0.036 1.252 (0.059 - 17.637) 1.435  0.828 2.293 (0.961 - 5.104) 0.430 <0.001
Peripheral oedema (yes) 3.152 (1.251 - 8.191) 0.478 0.015 0.296 (0.032 - 2.482) 1.096  0.260 1.616 (0.748 - 3.290) 0.390 <0.001

* PM = posterior mean; **SD = standard deviation
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Table 6.12: Univariate joint model results for ECGpri

Time to composite

Time to death

Time to constriction

Variable PM (95% CI) SD p-value PM (95% CI) SD p-value PM (95% CI) SD p-value
Longitudinal sub-model: ECGpri
Intercept -4.078 (-6.567 - -2.670) 0.980  <0.001 -3.647 (-5.775 - -2.405) 0.826 <0.001 -4.179 (-6.678 - -3.251) 0.865 <0.001
Prednisolone -0.413 (-1.742 - 0.952) 0.730  0.580 -0.541 (-2.217 - 0.827) 0.783 0.480 -0.218 (-0.996 - 0.596) 0.409 0.578
Time 0.007 (-0.006 - 0.019) 0.006  0.250 0.002 (-0.009 - 0.012) 0.005 0.650 0.006 (-0.002 - 0.015) 0.004 0.136
Time to composite Time to death Time to constriction
Variable HR (95% CI) SD p-value HR (95% CI) SD p-value HR (95% CI) SD p-value
Survival sub-model
Association parameter (ECGpri) 2.077 (0.642 - 3.300) 0379  0.124 0.522 (0.014 - 0.556) 0.143 <0.001 0.519 (0.432 - 3.871) 0.464 <0.001
Prednisolone 1.196 (0.008 - 26.602) 1.692  0.388 0.020 (0.001 - 1.437) 0.255 0.192 0.612 (0.284 - 3.909) 0.123 0.192
Pericardiocentesis at randomisation (yes) 0.672 (0.674 - 0.697) 0.117  0.156 0.555 (0.222 - 1.289) 0.426 0.151 0.330 (0.112 - 1.044) 0.585 0.070
Age (years) 0.924 (0.779 - 1.092) 0.070  0.184 1.007 (0.978 - 1.038) 0.014 0.536 0.960 (0.915 - 1.008) 0.026 0.136
NYHA class at study entry:
I 0.727 (0.036 - 2.104) 2723 0.494 1.347 (0.526 - 4.088) 0.491 0.499 2.884 (0.645 - 12.616) 0.769 0.194
I 0.009 (0.001 - 1.869) 4118  0.276 2.527 (0.889 - 9.826) 0.596 0.081 1.833 (0.329 - 9.545) 0.857 0.456
v 3.550 (0.009 - 816.478) 2375 0.264 6.679 (1.631 - 63.625) 0.978 0.002 0.288 (0.001 - 10.371) 2.345 0.652
HIV status (HIV+) 0.647 (0.043 - 16.281) 1.272 0.326 1.183 (0.540 - 2.866) 0.406 0.636 0.464 (0.154 - 1.218) 0.517 0.102
Palpable pulsus paradoxus (yes) 1.659 (0.179 - 40.609) 1.175  0.262 0.701 (0.247 - 1.499) 0.463 0.424 0.985 (0.030 - 8.689) 0.800 <0.001
Definite TB pericarditis status (yes) 1.484 (0.132 - 124.089) 1.517  0.318 1.002 (0.324 - 2.438) 0.489 0.893 0.918 (0.037 - 9.098) 1.461 0.908
Peripheral oedema (yes) 0.020 (0.001 - 48.521) 3.085  0.278 1.593 (0.812 - 3.626) 0.369 0.152 0.514 (0.112 - 2.307) 0.785 0.428
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Table 6.13: Univariate joint model results for ECGqrsd

Time to composite

Time to death

Time to constriction

Variable PM (95% CI) SD p-value PM (95% CI) SD p-value PM (95% CI) SD p-value
Longitudinal sub-model: ECGqrsd
Intercept -9.771 (-17.272 - -5.343)  3.014  <0.001 -7.654 (-12.111 - -5.011) 1.841  <0.001 -9.542 (-14.589 - -6.053) 2.300 <0.001
Prednisolone 0.761 (-2.234 - 3.981) 1.512  0.59%4 1.312 (-1.039 - 3.958) 1277 0294 1.053 (-0.501 - 2.830) 0.873 0.186
Time 0.021 (0.004 - 0.043) 0.010 0.022 0.015 (0.003 - 0.028) 0.006 0.010 0.016 (0.004 - 0.029) 0.007 <0.001
Time to composite Time to death Time to constriction
Variable HR (95% CI) SD p-value HR (95% CI) SD p-value HR (95% CI) SD p-value
Survival sub-model
Association parameter (ECGqrsd) 2.409 (0.647 - 4.310) 0482  0.118 1.071 (0.933 - 1.230) 0.071  0.321 0.360 (0.211 - 0.608) 0.349  0.030
Prednisolone 0.107 (0.006 - 1.615) 1.507  0.118 1.017 (0.215 - 6.160) 0.763  0.907 0.175 (0.039 - 0.855) 0.774  0.044
Pericardiocentesis at randomisation (yes) 2.268 (0.482 - 9.622) 0.779  0.304 0.555 (0.222 - 1.289) 0.426  0.151 0.315 (0.020 - 1.755) 2.678 0.686
Age (years) 0.964 (0.871 - 1.056) 0.049  0.470 1.007 (0.978 - 1.08) 0.014  0.536 1.088 (1.063 - 1.111) 0.011  <0.001
NYHA class at study entry:
I 0.812 (0.205 - 2.884) 0.669  0.720 1.347 (0.369 - 2.737) 0.491  0.499 2.884 (0.645 - 12.616) 0.769  <0.001
it 0.119 (-1.159 - 1.352) 0.119  0.864 2.527 (0.014 - 5.897) 0.596  0.081 1.833 (0.329 - 9.545) 0.857 <0.001
v 0.695 (0.116 - 3.572) 0.869  0.690 6.679 (1.631 - 63.625) 0978  <0.001 5.658 (1.813 - 18.449) 0.598 <0.001
HIV status (HIV+) 0.761 (0.268 - 2.088) 0.519  0.602 1.183 (0.540 - 2.866) 0.406  0.636 0.140 (0.076 - 0.277) 0.784  <0.001
Palpable pulsus paradoxus (yes) 1.278 (1.066 - 1.511) 0.093  <0.001 0.700 (0.247 - 1.499) 0.463 0424 0.003 (0.001 - 1.130) 3.347 0.058
Definite TB pericarditis status (yes) 0.889 (0.057 - 13.791) 1.408  0.922 1.002 (0.324 - 2.438) 0.489  0.893 1.756 (1.528 - 2.012) 0.068 <0.001
Peripheral oedema (yes) 0.868 (0.201 - 4.072) 0.745  0.778 1.594 (0.812 - 3.626) 0369  0.152 0.972 (0.735 - 1.388) 0.154 0.772
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Table 6.14: Univariate joint model results for ECGqtc

Time to composite

Time to death

Time to constriction

Variable PM (95% CI) SD p-value PM (95% CI) SD p-value PM (95% CI) SD p-value
Longitudinal sub-model: ECGqtc
Intercept -4.549 (-8.839 - -2.380) 1.765  <0.001 -2.911 (-4.208 - -1.936) 0.586  <0.001 -2.722 (-3.973 - -1.969) 0.534  <0.001
Prednisolone 0.697 (-0.710 - 2.611) 0.823  0.320 -0.022 (-1.266 - 1.079) 0.607 0974 0.173 (-0.336 - 0.696) 0251  0.472
Time 0.006 (-0.006 - 0.021) 0.007  0.394 0.003 (-0.004 - 0.011) 0.004  0.400 0.001 (-0.007 - 0.008) 0.004  0.906
Time to composite Time to death Time to constriction
Variable HR (95% CI) SD p-value HR (95% CI) SD p-value HR (95% CI) SD p-value
Survival sub-model
Association parameter (ECGqtc) 0.203 (0.065 - 3.695) 0.804  0.066 1.071 (0.933 - 1.230) 0.071  0.321 0.129 (0.053 - 2.344) 0.846  <0.001
Prednisolone 0.028 (0.001 - 6.110) 2.675 0.196 1.017 (0.215 - 6.160) 0.763  0.907 0.685 (0.306 - 1.232) 0308  0.126
Pericardiocentesis at randomisation (yes) 0.039 (0.020 - 0.134) 5.037 <0.001 0.555 (0.222 - 1.289) 0.426  0.151 1.647 (0.040 - 10.085) 1.191 0314
Age (years) 0.869 (0.775 - 0.972) 0.059  0.028 1.007 (0.978 - 1.038) 0.014  0.536 0.903 (0.887 - 0.926) 0.009  <0.001
NYHA class at study entry:
I 0,113 (0.058 - 0.281) 0.403  <0.001 1.347 (0.026 - 4.088) 0.491  0.499 2.316 (0.919 - 6.265) 0.507  0.088
I 0.316 (0.177 - 0.643) 0.316  0.004 2.527 (0.889 - 9.82) 0.596  0.081 3.931 (1.527- 10.979) 0.515  0.002
v 0.163 (0.066 - 0.492) 0.509  0.002 6.679 (1.631 - 9.786) 0.978  0.002 2.924 (0.827 - 9.924) 0.631  0.098
HIV status (HIV+) 0.189 (0.103 - 0.432) 0.361  <0.001 1.183 (0.540 - 2.866) 0.406  0.636 0.009 (0.001 - 0.045) 1.443  0.002
Palpable pulsus paradoxus (yes) 2.158 (1.158 - 4.051) 0.309  0.020 0.700 (0.247 - 1.499) 0.463  0.424 0.836 (0.394 - 1.791) 0364  0.290
Definite TB pericarditis status (yes) 1.323 (1.160 - 1.429) 0.054 <0.001 1.002 (0.324 - 2.438) 0.489  0.893 2.179 (1.508 - 2.519) 0.128  <0.001
Peripheral oedema (yes) 3.593 (1.647 - 6.613) 0.354  0.004 1.594 (0.812 - 3.626) 0369  0.152 0.835 (-0.394 - 1.791) 0364  0.290
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6.4.3 Joint modelling overall model fit

This subsection shows the Cox-Snell residual plots used to assess the overall fit of the joint
models. The subsection first starts with the two-stage joint modelling, which is followed by the
univariate joint models, and finally the multivariate joint models for all four binary ECG
characteristics looking at time-to-composite, time-to-death, and time-to-constriction event

outcomes to provide insight into how well the models fit the data.

6.4.3.1 Time-to-composite event

Figures 6.25 to 6.28 show Cox-Snell residual plots of ECGrate, ECGqrsd, ECGpri, and ECGqtc
looking at the composite event outcome. All four line plots deviate from the reference line,
which means that the two-stage joint model is not a good fit for the IMPI data in the composite

event outcome.
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Figure 6.25: Residual plot corresponds to Figure 6.26: Residual plot corresponds
extended Cox model ECGrate to extended Cox model ECGqtc
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Figure 6.27: Residual plot corresponds Figure 6.28: Residual plot corresponds
to extended Cox model ECGpri to cxtended Cox model ECGqrsd

6.4.3.2 Time-to-death event

Figures 6.29 to 6.32 show the Cox-Snell residual plots of ECGrate, ECGqrsd, ECGpri, and
ECGqtc looking at the death event outcome. All four line plots still deviate from the reference
line, which means that the two-stage joint model is not a good fit for the IMPI data in the death

event outcome.
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H(t) based on full model residuals(Ecgrate_binary)
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H(t) based on full model residuals(Ecgpri_binary)
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6.4.3.3 Time-to-constriction event

Figures 6.33 to 6.36 show the Cox-Snell residual plots of ECGrate, ECGqrsd, ECGpri, and
ECGqtc looking at the constriction event outcome. None of the four line plots deviate much
from the reference line, except for the ECGrate line plot, which suggests that the two-stage

joint model is a reasonably good fit for the IMPI data in the constriction event outcome.

/ o
= = o |
g 2
8 & 4 5 5
o © o =
L
T z 8
2 S =
3 ° 2
g L g |
2 o g ©
g o g
—_— = =t
= 2 9
L s
2 o | a 8
s & ©
= F
T 8 S _
° | | | | | B e I B B p—
00 01 02 03 04 05 0.00 0.04 0.08 0.12
Time Time
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extended Cox model ECGrate to extended Cox model ECGqte
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6.4.4 Shared parameter joint model

So far, model checking was done for the standard Cox PH model, the extended Cox model,
and, finally, the two-stage model. This was done using the Cox-Snell residual plots, which look
at four binary ECG variables for time-to-composite, time-to-death, and time-to-constriction
events. A model-checking technique exists in the frequentist framework when estimation is
done using ML theory through numeric integration in both the univariate and multivariate
shared parameter joint model settings. However, when the estimation of parameters is done
using the Bayesian approach, which is the case in the shared parameter joint models in the
GLMM framework, no model-checking tools are currently developed; this is a potential area

of further research.

6.4.5 Multivariate joint model for longitudinal and time-to-event data

The same GLMM as in the one used in Section 4.3 is first implemented. In this model, all
subjects in the study have the same ECG characteristic trajectory in time but only differ at
baseline. Each subject therefore has an intercept, which is why the random intercept-only model

is used. To support this notion, it is clearly visible from Tables 6.17 to 6.19 in terms of the

91



Modiehi Theletsane

Akaike information criterion (AIC) and the Bayesian information criterion (BIC) that the
random intercepts-only model is the best model for ECGpri, ECGqrsd, and ECGqrsd. However,
regarding ECGrate and random intercept, slope is the best model in terms of the AIC and BIC,
as shown in Table 6.16. The same multivariate joint model as the one used in Section 5.2 was
fitted. The ECG HRs presented in Table 6.15 are association parameters that link ECG
measurements to the risk for constriction, death, or composite events. Prednisone, on the other

hand, is the effect on the active arm compared to the placebo.

The results are as follows. Firstly, there is a notable slight increase in the PM of all three events
from the GLMM estimates. Furthermore, there is a subject-specific effect of time for both
ECGrate and ECGqrsd. Table 6.15 further shows the survival parameter estimates for time to
composite, time to death, and time to constriction. There is a 9% increased risk of composite
event for patients with a normal ECGrate compared to those with an abnormal ECGrate.
Moreover, there is a 7% increased risk of death for patients with a normal ECGrate compared
to those with an abnormal ECGrate. However, there is a 44% reduction in the risk of

constriction for patients with a normal ECGrate compared to those with an abnormal ECGrate.

Patients who have a normal ECGpri rate have a higher risk of 2.130-fold for experiencing death
compared to those with an abnormal ECGpri rate. There is also an 89% reduction in the risk of
the composite event and a 99% reduction in the risk of constriction for patients with a normal
ECGpri compared to those with an abnormal ECGpri. Additionally, patients with a normal
ECGqrsd have a 5% lower risk of experiencing the composite event, a 13% lower risk of
experiencing death, and a 2% lower risk of experiencing constriction. There is a higher risk of
2.026-fold for experiencing either death, constriction, or tamponade and a higher risk of 1.430-
fold for experiencing constriction for patients with a normal ECGqtc compared with those with
an abnormal ECGqtc. A reduction of 30% risk of death for normal ECGqtc patients compared

to abnormal ECGqtc patients was also observed.

There is a 40% reduced risk of the composite event and an 88% reduced risk of constriction for
patients on prednisolone compared to those in the placebo group, respectively. Moreover, there
is a 2% increased risk of death for patients on prednisolone compared to those in the placebo
group. The marked difference between the ECG HR and prednisolone could be as a result of
differences in ECG measurements taken or the effect of confounding variables that were fitted

in the multivariate joint model, or even the treatment effect.
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It is worth noting that there is no joint association between the ECGrate and the risk of
composite, death, and constriction event outcomes, as shown by overlapping 95% confidence
intervals. Also, there is no joint association between the ECGpri and the risk of composite,
death, and constriction event outcomes. There is also no joint association between the ECGqrs
duration and the risk of composite, death, and constriction event outcomes. Finally, there is no
joint association between ECGqtc and the risk of composite and constriction event outcomes.

However, there is a joint association between ECGqtc and the risk of death.
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Table 6.15: Multivariate joint model results

Time to composite

Time to death

Time to constriction

Variable PM (95% CI) SD p-value PM (95% CI) SD p-value PM (95% CI) SD p-value
Longitudinal sub-model: ECGrate
Intercept 1.891 (0.601 - 5.760) 0.511  0.201 2.387 (1.680 - 3.212) 0.203  <0.001 3.999 (1.228 - 55.813) 1.020  0.027
Prednisolone 0.920 (0.715 - 1.167) 0.113 0335 0.931 (0.709 - 1.218) 0.127  0.407 0.214 (0.004 - 0.804) 1.431 0.022
Time 0.974 (0.966 - 0.980) 0.004  <0.001 0.974 (0.967 - 0.981) 0.004  <0.001 0.881 (0.660 - 1.10) 0.170  0.667
Longitudinal sub-model: ECGpri
Intercept 0.017 (0.010 - 0.027) 0222  <0.001 0.015 (0.006 - 0.033) 0399  <0.001 0.026 (0.015 - 0.039) 0.235 <0.001
Prednisolone 0.889 (0.500 - 1.735) 0.288  0.537 0.838 (0.407 - 1.645) 0.315  0.400 0.888 (0.56 - 1.639) 0.298  0.655
Time 1.003 (0.996 - 1.011) 0.004  0.522 1.005 (0.970 - 1.010) 0.003  0.206 1.008 (0.999 - 1.014) 0.004  0.055
Longitudinal sub-model: ECGqrsd
Intercept 0.001 (0.000 - 0.002) 2.121  <0.001 0.001 (0.000 - 0.002) 1.789  <0.001 0.001 (0.000 - 0.002) 1.588 <0.001
Prednisolone 2.927 (0.949 - 7.171) 0.493  0.060 3.216 (0.918 - 11.834) 0.589  0.064 2.812 (0.786 - 12.782) 0.696 0.112
Time 1.116 (1.008 - 1.349) 0.134  <0.001 1.116 (1.008 - 1.349) 0.133  <0.001 1.017 (1.005 - 1.029) 0.006  0.008
Longitudinal sub-model: ECGqtc
Intercept 0.119 (0.075 - 0.198) 0.273  <0.001 0.128 (0.086 - 5.244) 0.251 <0.001 0.083 (0.040 - 0.142) 0.336  <0.001
Prednisolone 1.161 (0.823 - 1.650) 0.166  0.304 1.139 (0.830 - 1.551) 0.146  0.320 1.189 (0.764 - 1.880) 0.232  0.449
Time 0.999 (0.995 - 1.004) 0.002  0.559 0.998 (0.994 - 1.003) 0.002  0.346 0.999 (0.993 - 1.006) 0.003  0.859
Time to composite Time to death Time to constriction
Variable HR (95% CI) SD p-value HR (95% CI) SD p-value HR (95% CI) SD p-value
Survival sub-model
Association parameter (ECGrate) 1.087 (0.514 - 1.355) 0.091  0.321 1.071 (0.933 - 1.230) 0.071  0.321 0.559 (0.016 - 4.289) 1.779  0.689
Association parameter (ECGpri) 0.114 (0.007 - 1.138) 1.409  0.224 2.130 (0.822 - 9.924) 0.670  0.229 0.002 (0.001- 8.647) 3.786 0.104
Association parameter (ECGqrsd) 0.947 (0.715 - 1.342) 0.149  0.441 0.872 (0.621 - 1.21) 0.178  0.262 0.979 (0.352 - 2.457) 0.491 0.981
Association parameter (ECGqtc) 2.026 (0.739 - 12.061) 0.804  0.061 0.700 (0.025 - 10.881) 1.462  0.019 1.430 (0.270 - 8.174) 0.797  0.632
Prednisolone 0.599 (0.114 - 2.649) 0.746  0.403 1.017 (0.215 - 6.160) 0.763  0.907 0.124 (0.002 - 7.791) 2.082 0.280
Pericardiocentesis at randomisation (yes) 0.617 (0.296 - 1.156) 0.329  0.112 0.555 (0.222 - 1.289) 0426  0.151 0.331 (0.107 - 0.850) 0.519  0.021
Age (years) 1.005 (0.983 - 1.025) 0.010  0.518 1.007 (0.978 - 1.038) 0.014  0.536 0.995 (0.967 - 1.023) 0.012 0.434
NYHA class at study entry:
I 1.737 (0.868 - 3.896) 0371 0.111 1.347 (0.526 - 4.088) 0.491  0.499 1.072 (-0.204 - 2.655) 0.724  0.096
i 3.357 (1.474 - 10.528) 0.542  0.001 2.527 (0.889 - 9.826) 0.596  0.081 5.978 (1.419 - 35.481) 0.840 0.013
v 4.319 (1.406 - 19.609) 0.730  0.006 6.679 (1.631 - 63.625) 0978  0.002 6.316 (1.011 - 51.316) 1.010 0.048
HIV status (HIV+) 0.521 (0.237 - 0.900) 0.358  0.015 1.183 (0.540 - 2.866) 0.406  0.636 0.192 (0.058 - 0.464) 0.528  0.001
Palpable pulsus paradoxus (yes) 1.039 (0.499 - 2.022) 0.339  0.836 0.701 (0.247 - 1.499) 0.463  0.424 0.713 (0.274 - 1.441) 0.429 0.423
Definite TB pericarditis status (yes) 2.147 (1.129 - 4.904) 0.360  0.022 1.002 (0.324 - 2.438) 0.489  0.893 5.601 (1.910 - 24.240) 0.648 0.001
Peripheral oedema (yes) 1.870 (1.121 - 4.007) 0.333  0.015 1.594 (0.812 - 3.626) 0369  0.152 1.865 (0.829 - 4.702) 0.441 0.136
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Table 6.16: GLMM results for ECGrate

Random intercept only

Random intercept and slope

Parameter - -
Estimate (SE) p-value Estimate (SE) p-value
Intercept 0.826 (0.124) 0.018 0.893 (0.158) 0.018
Prednisolone -0.156 (0.157) 0.323 -0.169 (0.153) 0.271
Time -0.033 (0.006) 0.018 -0.095 (0.020) 0.018
Prednisolone x Time 0.009 (0.007) 0.186 0.025 (0.019) 0.170
af 0.007 - 0.008 -
ol 0.037 - 0.033 -
Log likelihood -736.409 - 330.249 -
AIC 1482.82 - -314.2494 -
BIC 1507.349 - -273.8762 -
Table 6.17: GLMM results for ECGpri
Random intercept only Random intercept and slope
Parameter - -
Estimate (SE) p-value Estimate (SE) p-value
Intercept -3.949 (1.311) 0.003 -3.442 (0.313) 0.018
Prednisolone -0.152 (0.392) 0.698 -0.142 (0.351) 0.686
Time -0.004 (0.006) 0.498 0.000 (0.006) 0.652
Prednisolone x Time 0.001 (0.008) 0.879 0.005 (0.008) 0.544
a? 0.007 - 0.008 -
o2 0.037 - 0.033 -
Log likelihood -159.478 - -160.691 -
AIC 328.956 - 335.382 -
BIC 353.485 - 369.723 -
Table 6.18: GLMM results for ECGqrsd
Random intercept only Random intercept and slope
Parameter Estimate (SE) p-value Estimate (SE) p-value
Intercept -8.464 (1.138) 0.018 -10.689 (2.426) 0.018
Prednisolone 1.184 (0.743) 0.111 1.392 (0.932) 0.135
Time 0.021 (0.008) 0.009 0.036 (0.018) 0.039
Prednisolone x Time -0.009 (0.011) 0.475 -0.008 (0.012) 0.475
a? 0.007 - 0.008 -
ol 0.037 - 0.033 -
Log likelihood -120.904 - -120.082 -
AIC 251.809 - 254.163 -
BIC 276.337 - 288.503 -
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Table 6.19: GLMM results for ECGqtc

Random intercept only

Random intercept and slope

Parameter - :
Estimate (SE) p-value Estimate (SE) p-value

Intercept -2.537 (0.405) 0.018 -2.822 (0.576) 0.018
Prednisolone 0.064 (0.246) 0.795 0.054 (0.273) 0.844
Time -0.0025 (0.005) 0.589 0.000 (0.007) 0.909
Prednisolone x Time -0.008 (0.006) 0.228 0.007 (0.006) 0.244
o} 0.007 - 0.008 -

o2 0.037 - 0.033 -
Log likelihood -516.395 - -516.049 -
AlIC 1042.789 - 1046.099 -
BIC 1067.318 - 1080.439 -
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CHAPTER 7:
DISCUSSION, CONCLUSIONS, AND FUTURE RESEARCH

7.1 INTRODUCTION

This chapter summarises and concludes this study and suggests further research. The
bibliography containing all the sources used for this study follows, and thereafter the
appendices, which contain the continuous ECG results for reference (see Appendix A), as well

as the R code (see Appendix B) used for the analyses in this study.

7.2 SUMMARY AND CONCLUSION

The main aim of this study was to assess the effect of the ECG characteristics, namely ECGrate,
ECGpri, ECGqtc, and ECGqrsd, which are the time-varying covariates, on survival outcomes,
death, pericardial constriction, and composite event (death, constriction, or cardiac tamponade,
whichever happens first). This was achieved by analysing the IMPI clinical trial dataset. The
analysis was restricted to patients with only ECG data and the analysis focused on patients with
at least two ECG measurements. The study included 1 197 patients, of whom 845 were HIV
positive and 352 were HIV negative. Five hundred and ninety-three patients were randomised
to a prednisolone arm, and 600 were randomised to a placebo arm. Two hundred and fifty-five
patients among the 1 197 patients experienced a composite event (i.e., death, cardiac
tamponade, or constriction), 163 died, and 86 suffered cardiac arrest. Specifically, there were
71% HIV-positive and 29% HIV-negative patients. All the patients experienced a composite

event, 14% died, and 7% suffered cardiac arrest.

The treatment group analysis was restricted to only prednisolone and placebo. The reason is
that the comparison between MIP and the placebo was stopped early for futility in February
2013 (Mayosi et al., 2014). There were no statistically significant differences between the
treatments in baseline characteristics. Notably, the ECG characteristics from the IMPI trial
dataset were transformed from continuous to categorical variables to make the variables
clinically meaningful. Therefore, they were explained in terms of each ECG variable’s normal
versus abnormal rate. The ECG characteristics were examined individually and jointly,
comparing death versus constriction and composite (death, constriction, or cardiac tamponade)
events. The standard Cox model was first fitted, as one of the most common ways of analysing

time-to-event data (Cox, 1972). The model was fitted to understand the effect of the four binary
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ECG characteristics on the composite, death, and constriction events using the HR as the
measure of effect. The limitation of the standard Cox model is that it only uses data at baseline,
which means that the binary ECG time-varying variables were only added at baseline, which

is a problem because all the ECG data from other time points are discarded.

The overall fit of the Cox model was assessed by plotting the Cox-Snell residuals to provide
more insight into how well the Cox model fits the data. The graphs of Cox-Snell residuals of
all four binary ECG characteristics indicated that the standard Cox model was not a good fit
for the data, which also indicated a limitation of the standard Cox model. Wide confidence
intervals in the results of the Cox model were observed, which suggest little knowledge about
the effect of four binary time-varying covariates on composite, death, and constriction events,
and perhaps indicating that further investigation is needed. To further the investigation, an
extended Cox model, also known as the Anderson and Gill model in the literature (Anderson
& Gill, 1982), was fitted. Although the extended Cox model is ideal for fitting exogenous time-
varying covariates, it is not appropriate when the interest lies in the strength of the association
between the endogenous time-varying covariates and survival times, which was the case in this

study.

The recommended joint model for longitudinal and time-to-event data was therefore fitted,
which linked the survival model with the appropriate measurement model for the time-varying
covariates. This modelling framework accounts for the limitations of the extended Cox model
(Rizopoulos, 2012). Several approaches are taken towards jointly modelling time-to-event and
longitudinal outcomes, with the initial one being a two-stage joint model approach. The model
is known for its simplicity, and it was developed in two main steps. The GLMM was first fitted,
then subject-specific predictions were extracted from the fitted GLMM and these were used as
time-dependent covariates in the extended survival model. The GLMM was fitted using the
LME4 Package in R, while the extended Cox model was implemented using the Survival

Package.

The results were presented in two sub-models, namely the longitudinal and survival sub-
models. It was found that the Cox-Snell residual plots of ECGrate, ECGqrsd, ECGpri, and
ECGqtc (displayed in Figures 6.25 to 6.28) deviated from the reference line, which meant that
the two-stage joint model was not a good fit for the IMPI data in either the composite or death
event outcome. However, the Cox-Snell residual plots suggested otherwise in the constriction

event outcome. This made sense as the two-stage model is known to produce biased results
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because errors produced from the first step are not carried through to the next step of the
extended Cox model (Dafni & Tsiatis, 1998; Sweeting & Thompson, 2012; Tsiatis & Davidian,
2001). Mauff et al. (2020) proposed a correction method using importance sampling weights
for estimates derived from a two-stage approach, but this was deemed beyond the scope of this

study.

The shared parameter joint model is another approach to joint modelling that has been an active
research area. The four univariate shared parameter joint models were fitted for time-to-
composite, time-to-death, and time-to-constriction events. In particular, the univariate shared
parameter joint models were fitted for four binary time-varying covariates, i.e., ECGrate,
ECGpri, ECGqrsd, and ECGqtc, to allow for comparison with other joint models. Additionally,
the researcher wanted to investigate the association between ECG characteristics and study
outcomes, such as death, constriction, or composite separately using a joint model framework.
The univariate analysis presented in Tables 6.11 to 6.14 suggested a weak association between
ECGrate and the risk of composite, death, and constriction event outcomes. However, there
was a strong association between ECGpri and the risk of death and constriction survival
outcomes, but there was no association in the composite event. Furthermore, there was no
association between ECGqrsd and the risk of both composite and death events; however, there
was an association with constriction. Finally, there was no association between ECGqtc and
the risk of both composite and death events; however, there was an association between

ECGqtc and constriction.

The analysis was extended to a multivariate shared parameter joint model. The model had four
binary ECG longitudinal outcomes, which were modelled under the binomial assumption using
GLMM. Parameter estimation was based on a Bayesian framework using MCMC, and
convergency estimates were achieved. The model was fitted precisely to investigate if there
was an association between the ECG characteristics and study outcomes. This was done by
using association parameters for ECGs, which quantifies how the longitudinal ECG
measurements are related to the risk of death, constriction, and composite events. The analysis
of the ECG measurements revealed a notable slight increase in posterior means estimates for
all three events. It further revealed that the time and prednisolone effects were statistically
significant (see Table 6.15) in both the death and composite events. The main treatment,
prednisolone, did not have a significant time interaction effect. In other words, prednisolone

had no effect on the subjects with regard to time (see Table 6.15).
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No association was observed between the ECGrate and the risk of composite, death, and
constriction event outcomes, as shown by overlapping 95% confidence intervals. There was
also no association between the ECGpri and the risk of composite, death, and constriction event
outcomes. There was no association between the ECGqrsd and the risk of composite, death,
and constriction event outcomes. Finally, there was no association between ECGqtc and the
risk of composite and constriction event outcomes. However, there was an association between
ECGqtc and the risk of death. It is worth noting that there was a marked difference between the
ECG HR and prednisolone, which could have resulted from differences in ECG measurements
taken or the effect of confounding variables that were fitted in the multivariate joint model, or

even the treatment effect.

The study discovered that the model-checking technique exists in the frequentist framework
when estimation was done using the likelihood ratio in the univariate and multivariate shared
parameter joint model settings. However, when estimation of parameters was done using the
Bayesian approach, which was the case in the shared parameter joint models and in this study,
no model-checking tools are currently developed. The researcher relied on the assumption that

the shared parameter model was a better fit for the IMPI trial data.

7.3 LIMITATIONS AND FUTURE RESEARCH

The study had several limitations. Firstly, while multivariate joint modelling for longitudinal
and time-to-event data provided valuable insights into cardiovascular risk forecast and its
associations using the IMPI trial data, multiple time-varying covariates increase convergence
issues, requiring careful model selection and tuning. Secondly, doing simulation studies to
compare and validate with the actual data (IMPI) outcome. In contrast, the delimitation of the
study was that the analysis was restricted to patients with only ECG data and focused on
patients with at least two ECG measurements. In addition, the ECG measurements from the
IMPI trial dataset were transformed from continuous to categorical variables to make the

variables clinically meaningful

A further area of research would be to conduct a sensitivity analysis using ECGs from patients
without co-morbidity or TB and HIV. In addition, it would be of interest to examine other
factors that may lead to death, such as heart pressure and viral load, in combination with the

ECGs.
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As mentioned in Section 6.4.4, there are currently no tools for model checking for the shared
parameter joint model framework when estimation is done using a Bayesian approach. This is
a potential area for further research. Mchunu et al. (2022) investigated an alternative association
structure as opposed to the current value used in a joint model framework. However, there is
little to no literature on the investigation of parametrisations in the joint multivariate model

setting. This could also be an area of further research.

This study analysed IMPI trial data by means of the standard Cox model, extended Cox model,
univariate joint model, and, the multivariate joint model setting taking into account the
composite event of death, cardiac tamponade, or constriction as a single event of interest, and
death, and constriction individually as the event of interest. However, there is a need to examine
the contribution of competing risk analyses to the multivariate joint model. Finally, it is
common in clinical trials to have data missingness at some point due to individual withdrawal
from the study before completion. As mentioned in Section 2.4, the study assumed that some
IMPI trial data were missing at random. One of the advantages of a joint modelling framework
is that it addresses missingness. However, there is a need to extend the analysis into multivariate

joint modelling to account for missing data in the longitudinal outcomes for further research.
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APPENDICES

Appendix A: IMPI Dataset Continuous ECG Characteristics Analysis

Kaplan-Meier (KM) curves

The KM curve of the composite endpoint for the placebo versus prednisolone group is
displayed in Figure Al. The placebo group exhibited the lowest survival rate compared to the

prednisolone group. Furthermore, the log-rank test suggested a significant difference between

the survival of the two groups with p<0.5.

Figure A2 shows the KM of the death endpoint of the placebo versus the prednisolone group.
It is evident from the graph that the survival rate of the placebo versus the prednisolone group

did not exhibit much of a difference. The log-rank test further cemented that the two survival

curves were the same with p>0.5.

In Figure A3, which shows the KM curve of the placebo versus prednisolone by constriction
endpoint, the survival curve of the prednisolone group exhibits a relatively high survival rate

compared to the placebo. There is enough evidence that the survival rates of the two groups are

indeed not the same, with a very small p-value of <0.5
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Figure Al: Illustration of the KM curves of placebo versus prednisolone group by composite

endpoint
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Figure A2: Illustration of the KM curves of placebo versus prednisolone group by death
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Figure A3: Illustration of the KM curves of placebo versus prednisolone group by constriction
endpoint
Mean plot curves

The mean plots of the ECG characteristics are shown in Figures A4 to A7. The ECG
measurements showed a linear trend and further decreased steadily with time from baseline

until 11 months.
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Analysis

The results of the extended Cox model for the time-to-composite, time-to-death, and time-
to-constriction events are presented in Tables Al to A3. Furthermore, the joint modelling

results are presented in Tables A4 to A9.
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Table Al: Extended Cox model for time-to-composite event

Time to composite

Time to composite

Time to composite

Time to composite

Variable HR (95% CI) p-value HR (95% CID) p-value HR (95% CI) p-value HR (95% CID) p-value
ECGrate 0.991 (1.002 - 1.016) 0.014 - - - - - -
ECGpri - - 1.005 (0.990 - 1.000) 0.082 - - - -
ECGqtc - - - - 0.998 (0.999 - 1.005) 0.231 - -
ECGqrsd - - - - - - 1.007 (0.980 - 1.007) 0.325
Prednisolone 1.244 (0.604 - 1.070) 0.135 1.233 (0.609 - 1.079) 0.150 1.236 (0.608 - 1.076) 0.146 1.225 (0.613 - 1.086) 0.164
Pericardiocentesis at randomisation (yes) 1.286 (0.532 - 1.137) 0.194 1.3019 (0.525 - 1.125) 0.175 1.259 (0.542 - 1.165) 0.239 1.272 (0.537 - 1.150) 0.215
Duration of symptoms (days) 0.995 (1.001 - 1.001) 0.006 0.995 (1.001 - 1.001) 0.012 0.995 (1.001 - 1.009) 0.010 0.995 (1.001 - 1.009) 0.009
Age (years) 0.996 (0.992 - 1.016) 0.498 0.997 (0.992 - 1.015) 0.576 0.997 (0.991 - 1.015) 0.626 0.997 (0.992 - 1.015) 0.572
NYHA class at study entry:

11 0.766 (0.821 -2.075) 0.260 0.760 (0.830 - 2.091) 0.245 0.749 (0.840 - 2.120) 0.222 0.750 (0.839 - 2.119) 0.224
I 0.555 (1.058 -3.069) 0.030 0.521 (1.129 - 3.261) 0.016 0.538 (1.093 - 3.157) 0.022 0.537 (1.094 - 3.163) 0.022
v 0.396 (1.343 -4.754) 0.004 0.400 (1.328 - 4.720) 0.005 0.391 (1.358 - 4.806) 0.004 0.391 (1.361 - 4.811) 0.004
Creatinine (>105) 0.590 (0.879 -3.263) 0.115 0.616 (0.844 - 3.124) 0.147 0.609 (0.852 - 3.162) 0.139 0.601 (0.865 - 3.199) 0.128
HIV status (HIV+) 1.348 (0.528 - 1.043) 0.086 1.314 (0.542 - 1.069) 0.116 1.334 (0.533 - 1.054) 0.098 1.330 (0.535 - 1.057) 0.101
Weight (kg) 1.048 (0.841 - 1.081) 0.462 1.059 (0.832 - 1.071) 0.371 1.064 (0.829 - 1.065) 0.329 1.060 (0.832 - 1.070) 0.365
Palpable pulsus paradoxus (yes) 1.001 (0.675 - 1.475) 0.993 0.990 (0.682 - 1.494) 0.961 1.00 (0.676 - 1.478) 0.998 0.992 (0.682 - 1.490) 0.969
Systolic blood pressure (=90) 1.694 (0.371 - 0.939) 0.026 1.644 (0.382 - 0.968) 0.036 1.696 (0.370 - 0.938) 0.026 1.673 (0.376 - 0.950) 0.029
Heart rate (=100) 11.723 (0.011 - 0.675) 0.020 12.857 (0.010 - 0.622) 0.016 11.168 (0.011 - 0.708) 0.016 11.170 (0.011 - 0.708) 0.022
Effusion size:

Medium (1-2 cm) 0.700 (0.551 -3.700) 0.464 0.725 (0.530 - 3.588) 0.510 0.667 (0.574 - 3.913) 0.408 0.702 (0.548 - 3.703) 0.467
Small (<1 cm) 1.542 (0.213 - 1.975) 0.446 1.597 (0.205 - 1.911) 0.411 1.520 (0.216 - 2.007) 0.462 1.540 (0.213 - 1.981) 0.448
Chest X-ray pulmonary infiltrate (yes) 0940 (0.627 - 1.807) 0.819 0.954 (0.617 - 1.781) 0.862 0.975 (0.604 - 1.743) 0.924 0.968 (0.609 - 1.751) 0.905
Definite TB pericarditis status (yes) 0.705 (0.968 -2.080) 0.073 0.658 (1.042 - 2.218) 0.030 0.660 (1.038 - 2.213) 0.031 0.664 (1.032 - 2.198) 0.034
Haemoglobin (>10) 1.738 (0.076 - 4.343) 0.592 1.715 (0.077 - 4.425) 0.602 1.778 (0.074 - 4.252) 0.577 1.728 (0.076 - 4.380) 0.596
Peripheral oedema (yes) 0.688 (1.065 - 1.986) 0.018 0.662 (1.110 - 2.058) 0.009 0.664 (1.105 - 2.053) 0.010 0.664 (1.105 - 2.053) 0.010
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Table A2: Extended Cox model for time-to-death event

Time to death

Time to death

Time to death

Time to death

Variable HR (95% CI) p-value HR (95% CI) p-value HR (95% CI) p-value HR (95% CI) p-value
ECGrate 0.993 (0.999 - 1.017)  0.131 - - - - - -
ECGpri - - 1.007 (0.986 - 1.000) 0.049 - - - -
ECGqtc - - - - 0.998 (0.997 - 1.006) 0.432 - -
ECGqrsd - - - - - - 1.009 (0.974 - 1.008)  0.300
Prednisolone 0.987 (0.696 - 1.475)  0.947 0.978 (0.703 - 1.488) 0.908 0.982 (0.700 - 1.482) 0.923 0.977 (0.703 - 1.489)  0.905
Pericardiocentesis at randomisation (yes) 1.536 (0.402 - 1.056)  0.082 1.577 (0.389 - 1.033) 0.068 1.490 (0.413 - 1.091) 0.108 1.510 (0.408 - 1.074)  0.095
Duration of symptoms (days) 0.100 (0.994 - 1.006)  0.969 1.001 (0.994 - 1.001) 0.852 1.00 (0.994 - 1.006) 0.932 1.000 (0.994 - 1.006) 0.912
Age (years) 0.990 (0.994 - 1.028) 0.212 0.989 (0.994 - 1.028) 0.202 0.989 (0.994 - 1.028) 0.208 0.989 (0.994 - 1.028) 0.202
NYHA class at study entry:

I 0.848 (0.636 - 2.189)  0.600 0.845 (0.639 - 2.191) 0.592 0.820 (0.658 - 2.264) 0.528 0.819 (0.658 - 2.267)  0.527
I 0.584 (0.861 - 3.408)  0.125 0.555 (0.908 - 3.577) 0.092 0.584 (0.860 - 3.413) 0.125 0.573 (0.876 - 3.478) 0.114
v 0.332 (1.403 - 6.477)  0.005 0.337 (1.383 - 6.377) 0.005 0.330 (1.411 - 6.524) 0.004 0.315 (1.473 - 6.821)  0.003
Creatinine (=105) 0.444 (1.336 - 3.802)  0.002 0.456 (1.300 - 3.692) 0.003 0.460 (1.295 - 3.657) 0.003 0.462 (1.289 -3.637)  0.004
HIV status (HIV+) 0.905 (0.679 - 1.800)  0.687 0.891 (0.690 - 1.826) 0.642 0.898 (0.682 - 1.816) 0.668 0.910 (0.675 - 1.790)  0.706
Weight (kg) 1.150 (0.737 - 1.026)  0.098 1.138 (0.743 - 1.039) 0.129 1.156 (0.732 - 1.021) 0.087 1.148 (0.738 - 1.028)  0.103
Palpable pulsus paradoxus (yes) 1.118 (0.545 - 1.469)  0.659 1.140 (0.533 - 1.444) 0.607 1.122 (0.543 - 1.463) 0.650 1.137 (0.536 - 1.442)  0.611
Systolic blood pressure (=90) 2.498 (0.228 - 0.702)  0.001 2.465 (0.231-0.714) 0.002 2.552 (0.223 - 0.687) 0.001 2.495 (0.229 - 0.702)  0.001
Heart rate (=100) 1.120 (0.600 - 1.328)  0.576 1.046 (0.649 - 1.409) 0.821 1.068 (0.633 - 1.385) 0.742 1.067 (0.635 - 1.385) 0.745
Effusion size:

Medium (1-2 cm) 0.884 (0.694 - 1.843)  0.621 0.90 (0.690 - 1.831) 0.640 0.884 (0.693 - 1.845) 0.622 0.871 (0.704 - 1.874) 0.578
Small (<1 cm) 1.667 (0.245 - 1.466)  0.262 1.730 (0.236 - 1.414) 0.230 1.704 (0.240 - 1.437) 0.244 1.649 (0.248 - 1.483) 0.273
Chest X-ray pulmonary infiltrate (yes) 1.038 (0.645-1.438) 0.854 1.021 (0.656 - 1.463) 0.920 1.038 (0.645 - 1.440) 0.856 1.016 (0.660 - 1.470)  0.940
Definite TB pericarditis status (yes) 0.855 (0.698 - 1.959)  0.552 0.819 (0.733 - 2.036) 0.443 0.813 (0.737 - 2.052) 0.428 0.822 (0.730 - 2.030) 0.451
Haemoglobin (>10) 1.018 (0.646 - 1.493) 0.933 1.078 (0.611 - 1.406) 0.723 1.045 (0.632 - 1.450) 0.837 1.060 (0.622 - 1.430) 0.783
Peripheral oedema (yes) 0.687 (0.968 - 2.186)  0.071 0.673 (0.993 - 2.226) 0.054 0.663 (1.006 - 2.258) 0.047 0.678 (0.982 - 2.215)  0.061
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Table A3: Extended Cox model for time-to-constriction event

Variable Time to constriction Time to constriction Time to constriction p-value | Time to constriction

HR (95% CI) p-value | HR (95% CI) p-value | HR (95% CI) HR (95% CI) p-value
ECGrate 0.976 (1.008 - 1.041) 0.004 - - - - - -
ECGpri - - 1.016 (0.973 - 0.996) 0.008 - - - -
ECGqtc - - - - 1.000 (0.994 - 1.005) 0.878 - -
ECGqrsd - - - - - - 1.027 (0.944 - 1.005) 0.098
Prednisolone 2.647 (0.190 - 0.752) 0.006 2290 (0.223 - 0.855) 0.016 2.348 (0.217 - 0.835) 0.013 2.244  (0.226 - 0.876) 0.019
Pericardiocentesis at randomisation (yes) 2.309 (0.197 - 0.951) 0.037 2.710 (0.166 - 0.819) 0.014 2364 (0.192 - 0.931) 0.033 2.244 (0.203 - 0.979) 0.044
Duration of symptoms (days) 0.990 (1.003 - 1.017) 0.007 0.992  (1.000 - 1.015) 0.036 0.992 (1.001 - 1.016) 0.024 0.992 (1.001 - 1.015) 0.026
Age (years) 1.000 (0.975 - 1.025) 0.970 0.998 (0.977 - 1.028) 0.862 0.997 (0.978 - 1.028) 0.811 0.997 (0.978 - 1.028) 0.826
NYHA class at study entry:
11 0.659 (0.531 -4.331) 0.436 0.641 (0.545 - 4.475) 0.407 0.677 (0.523 - 4.176) 0.462 0.675 (0.522 -4.207) 0.460
1T 0.298 (1.062 - 10.615) 0.392 0.248  (1.299 - 12.509) 0.016 0.282 (1.142 - 10.994) 0.023 0.304 (1.057 - 10.211) 0.040
v 0.416 (0.500 - 11.567) 0.274 0432 (0.482 - 11.129) 0.295 0416 (0.510 - 11.329) 0.268 0.443  (0.478 - 10.641) 0.304
Creatinine (>105) 0.579 (0.726 - 4.106) 0.216 0.644 (0.659 - 3.659) 0.314 0.660 (0.644 - 3.567) 0.341 0.640 (0.666 - 3.665) 0.305
HIV status (HIV+) 2.750 (0.174 - 0.758) 0.007 2.364 (0.205 - 0.873) 0.020 2.527 (0.191 - 0.819) 0.013 2.424  (0.199 - 0.855) 0.017
Weight (kg) 0.900 (0.867 - 1.424) 0.407 0.943 (0.823 - 1.367) 0.650 0.944 (0.823 - 1.364) 0.652 0.918 (0.846 - 1.404) 0.504
Palpable pulsus paradoxus (yes) 0.962 (0.469 - 2.305) 0.923 0.861 (0.534 - 2.526) 0.705 0.925 (0.495 - 2.368) 0.842 0.920 (0.499 - 2.369) 0.834
Systolic blood pressure (=90) 0.345 (0.381 - 22.034) 0.304 0.332 (0.398 - 22.876) 0.286 0.336 (0.394 - 22.508) 0.290 0.344 (0.385 - 21.946) 0.301
Heart rate (=100) 1.007 (0.506 - 1.950) 0.985 0.796 (0.660 -2.394) 0.487 0.787 (0.664 - 2.436) 0.469 0.831 (0.625 -2.314) 0.580
Effusion size:
Medium (1-2 cm) 0.873  (0.506 - 2.590) 0.745 0.957 (0.465 - 2.347) 0.915 0.902 (0.489 - 2.518) 0.805 0.904 (0.491 - 2.494) 0.808
Small (<1 cm) 1.763  (0.125 - 2.565) 0.461 2.192  (0.010 - 2.082) 0311 2.003 (0.109 - 2.268) 0.368 1.859 (0.112 - 2.438) 0.421
Chest X-ray pulmonary infiltrate (yes) 0.834 (0.637 - 2.256) 0.573 0.773  (0.694 - 2.410) 0.419 0.729 (0.738 - 2.548) 0.318 0.779  (0.689 - 2.394) 0.431
Definite TB pericarditis status (yes) 0.404 (1.119 - 5.476) 0.025 0.325 (1.394 - 6.792) 0.05 0.338 (1.352 - 6.495) 0.007 0.364 (1.250 - 6.024) 0.012
Haemoglobin (>10) 0.510 (0.953 - 4.038) 0.067 0.609 (0.812 -3.317) 0.168 0.583 (0.841 - 3.471) 0.138 0.609 (0.808 - 3.340) 0.170
Peripheral oedema (yes) 0.823 (0.608 - 2.433) 0.580 0.823 (0.608 - 2.433) 0.375 0.823 (0.608 - 2.433) 0.291 0.725 (0.704 - 2.708) 0.349
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Table A4: Longitudinal parameter estimates for ECGrate

Time to composite Time to death Time to constriction

Variable Estimate (SE) t-value p-value Estimate (SE) t-value p-value Estimate (SE) t-value p-value
Longitudinal sub-model
Intercept 107.969 (0.903) 119.607 0.000 107.866 (0.898) 120.117 0.000 107.986 (0.903) 119.632 0.000
Prednisolone -0.860 (1.241) -0.693 0.489 -1.128 (1.238) -0.911 0.363 -1.026 (1.241) -0.827 0.409
Time -0.467 (0.030) -15.626 0.000 -0.398 (0.027) -15.021 0.000 -0.454 (0.029) -15.522 0.000
AIC 10260.49 10567.62 10308.01
BIC 10295.82 10603.15 10343.37
Table A5: Survival parameter estimates for ECGrate

Time to composite Time to death Time to constriction
Variable HR (95% CI) SE p-value  HR (95% CI) SE p-value  HR (95% CI) SE p-value
Survival sub-model
Prednisolone 1.225 (0.613 - 1.086) 0.146 0.164 0.974 (0.706 - 1.495) 0.704 0.890 2.492 (0.202 - 0.796) 0.350 0.009
Pericardiocentesis at randomisation (yes) 1.284 (0.533 - 1.139) 0.194 0.198 1.526 (0.404 - 1.062) 0.906 0.086 2.313 (0.197 - 0.950) 0.402 0.037
Duration of symptoms (days) 0.995 (1.001 - 1.009) 0.002 0.007 1.000 (0.994 - 1.006) 0.151 0.984 0.990 (1.003 - 1.017) 0.004 0.008
Age (years) 0.996 (0.992 - 1.016) 0.006 0.522 0.989 (0.994 - 1.028) 0.420 0.208 1.001 (0.974 - 1.025) 0.013 0.951
NYHA class at study entry: 0.767 (0.820 - 2.071) 0.842 (0.640 - 2.203) 0.663 (0.529 - 4.302)
11 0.236 0.262 1.161 0.587 0.535 0.442
it 0.547 (1.074 - 3111) 0.271 0.026 0.580 (0.867 - 3.435) 1.292 0.120 0.295 (1.075 - 10.713) 0.587 0.037
v 0.385 (1.379 - 4.884) 0.323 0.003 0.325(1.432 - 6.13) 1.435 0.004 0.383 (0.540 - 12.607) 0.804 0.233
Creatinine (>105) 0.582 (0.891 - 3.313) 0.335 0.106 0.452 (1.315 - 3.728) 0.978 0.003 0.589 (0.715 - 4.035) 0.442 0.230
HIV status (HIV+) 1.334 (0.533 - 1.053) 0.173 0.096 0.898 (0.684 - 1.813) 0.915 0.666 2.681 (0.179 - 0.777) 0.374 0.008
Weight (kg) 1.052 (0.838 - 1.077) 0.064 0.421 1.152 (0.736 - 1.024) 1.140 0.094 0.904 (0.864 - 1.417) 0.126 0.424
Palpable pulsus paradoxus (yes) 0.993 (0.681 - 1.489) 0.110 0.972 1.107 (0.550 - 1.485) 0.932 0.689 0.955 (0.472 - 2.327) 0.407 0.909
Systolic blood pressure (=90) 1.663 (0.378 - 0.957) 0.237 0.032 2.467 (0.231 - 0.711) 1.056 0.002 0.332 (0.396 - 22.918) 1.035 0.287
Heart rate (=100) 11.202 (0.011 - 0.706) 1.055 0.593 1.095 (0.616 - 1.354) 0.739 0.650 1.018 (0.501 - 1.927) 0.344 0.959
Effusion size: 0.696 (0.554 - 3.725) 0.878 (0.690 - 1.856) 875 (0.505 - 2.587)
Medium (1-2 cm) 0.486 0.456 0.916 0.600 0.417 0.749
Small (< 1 cm) 1.520 (0.216 - 2.002) 0.568 0.461 1.636 (0.250 - 1.494) 1.678 0.280 1.745 (0.127 - 2.591) 0.770 0.470
Chest X-ray pulmonary infiltrate (yes) 0.943 (0.625 - 1.710) 0.270 0.829 1.032 (0.649 - 1.446) 0.752 0.876 0.836 (0.637 - 2.250) 0.322 0.577
Definite TB pericarditis status (yes) 0.697 (0.980 - 2.102) 0.195 0.063 0.839 (0.713 - 1.993) 0.965 0.503 0.408 (1.110 - 5.422) 0.405 0.027
Haemoglobin (>10) 1.735 (0.076 - 4.349) 1.031 0.593 1.021 (0.645 - 1.490) 0.787 0.925 0.497 (0.975 - 4.159) 0.370 0.058
Peripheral oedema (yes) 0.682 (1.074 - 1.910) 0.159 0.016 0.679 (0.981 - 2.211) 0.762 0.062 0.835 (0.598 - 2.397) 0.354 0.610
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Table A6: Longitudinal parameter estimates for ECGpri

Time to composite Time to death Time to constriction

Variable Estimate (SE) t-value p-value Estimate (SE) t-value p-value Estimate (SE) t-value p-value
Longitudinal sub-model
Intercept 5.008 (0.008) 621.307 0.000 5.008 (0.008) 620.184 0.000 5.008 (0.008) 619.150 0.000
Prednisolone -0.011 (0.11) -0.989 0.323 -0.009 (0.011) -0.773 0.440 -0.010 (0.011) -0.861 0.340
Time 0.001 (0.000) 4214 0.000 0.000 (0.000) 3213 0.002 0.000 (0.000) 4.133 0.000
AIC -621.769 -639.5182 -620.0855
BIC -586.4364 -603.9817 -584.7226
Table A7: Survival parameter estimates for ECGpri

Time to composite Time to death Time to constriction
Variable HR (95% CI) SE p-value  HR (95% CI) SE p-value  HR (95% CI) SE p-value
Survival sub-model 1.259 (0.597 - 1.058) 1.002 (0.685 - 1.453) 2.416 (0.777 - 0.811)
Prednisolone 0.146 0.115 0.991 0.344 0.010
Pericardiocentesis at randomisation (yes) 1.313 (0.520 - 1.116) 0.195 0.162 1.597 (0.384 - 1.021) 0.250 0.061 2.840 (0.580 - 0.787) 0.410 0.012
Duration of symptoms (days) 0.995 (1.001 - 1.008) 0.002  0.013 1.001 (0.993 - 1.005) 0.003  0.847 0.992 (1.000 - 1.015) 0.004  0.037
Age (years) 0.997 (0.991 - 1.015) 0.006 0.596 0.990 (0.994 - 1.023) 0.008 0.214 0.998 (3.593 - 1.028) 0.013 0.876
NYHA class at study entry: 0.764 (0.823 - 2.078) 0.856 (0.631 - 2.162) 0.640 (2.005 - 4.477)
11 0.255 0.314 0.622 0.537
1T 0.519 (1.134 - 3.270) 0.270 0.015 0.550 (0.916 - 3.606) 0.087 0.254 (1.273 - 12.202) 0.577 0.017
v 0.403 (1.316 - 4.689) 0.324 0.005 0.341 (1.363 - 6.300) 0.391 0.006 0.442 (1.722 - 10.953) 0.804 0.309
Creatinine (>105) 0.609 (0.853 - 3.158) 0.334 0.138 0.453 (1.307 - 3.720) 0.267 0.003 0.637 (2.449 - 3.708) 0.438 0.302
HIV status (HIV+) 1.310 (0.543 - 1.072) 0.173 0.120 0.881 (0.699 - 1.846) 0.248 0.608 2.336 (0.763 - 0.883) 0.369 0.022
Weight (kg) 1.057 (0.834 - 1.073) 0.064 0.386 1.135 (0.745 - 1.042) 0.086 0.140 0.942 (3.029 - 1.368) 0.130 0.646
Palpable pulsus paradoxus (yes) 0.985 (0.686 - 1.502) 0.200 0.941 1.141 (0.531 - 1.445) 0.255 0.604 0.828 (2.040 - 2.629) 0.397 0.635
Systolic blood pressure (=90) 1.629 (0.386 - 0.978) 0.237 0.040 2.447 (0.232 - 0.719) 0.288 0.002 0.323 (1.501 - 23.462) 1.034 0.275
Heart rate (=100) 10.918 (0.012 - 0.724) 1.055 0.023 1.039 (0.653 - 1.418) 0.198 0.846 0.804 (2.406 - 2.366) 0.328 0.506
Effusion size: 0.735 (0.522 - 3.539) 0.893 (0.687 - 1.823) 1.021 (1.598 - 2.209)
Medium (1-2 cm) 0.651 0.415 0.960
Small (< 1 cm) 1.606 (0.204 - 1.900) 0.405 1.716 (0.238 - 1.424) 0.236 2.242 (1.323 - 2.036) 0.775 0.297
Chest X-ray pulmonary infiltrate (yes) 0.947 (0.621 - 1.795) 0271  0.840 1.013 (0.661 - 1.475) 0205  0.950 0.780 (2.528 - 2.391) 0318 0435
Definite TB pericarditis status (yes) 0.659 (1.040 - 2.213) 0.193 0.031 0.826 (0.726 - 2.018) 0.261 0.464 0.326 (1.390 - 6.787) 0.405 0.006
Haemoglobin (>10) 1.680 (0.078 - 4.522) 1.034 0.616 1.074 (0.614 - 1.412) 0.212 0.737 0.611 (2.984 - 3.302) 0.358 0.169
Peripheral oedema (yes) 0.662 (1.109 - 2.056) 0.009 0.673 (0.992 - 2.227) 0.206 0.055 0.733 (2.549 - 2.690) 0.346 0.362
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Table A8: Longitudinal parameter estimates for ECGqrsd

Time to composite Time to death Time to constriction

Variable Estimate (SE) t-value p-value Estimate (SE) t-value p-value Estimate (SE) t-value p-value
Longitudinal sub-model
Intercept 4.338 (0.000) 681.354 0.000 4.338 (0.000) 683.633 0.000 4.338 (0.006) 680.722 0.000
Prednisolone -0.860 (0.009) 1.782 0.075 0.015 (0.009) 1.726 0.085 0.016 (0.009) 1.749 0.081
Time -0.467 (0.000) 2.026 0.044 0.000 (0.000) 1.701 0.091 0.000 (0.000) 1.532
AIC -1174.564 -1201.021 -1172.915
BIC -1139.231 -1165.485 -1137.552
Table A9: Survival parameter estimates for ECGqrsd

Time to composite Time to death Time to constriction
Variable HR (95% CI) SE p-value HR (95% CI) SE p-value  HR (95% CI) SE p-value
Survival sub-model 1.215(0.617-1.096)  0.146 0.970 (0.708 - 1.502) 2.149 (0.865 - 0.921)
Prednisolone 0.183 0.192 0.872 0.348 0.028
Pericardiocentesis at randomisation (yes) 1.274 (0.536-1.148)  0.194 0.212 1.512 (0.408 - 1.073) 0.247 0.094 2.262 (0.739 - 0.973) 0.402 0.043
Duration of symptoms (days) 0.995 (1.001 -1.009)  0.002 0.009 1.000 (0.994 - 1.006) 0.003 0.907 0.992 (1.001 - 1.015) 0.004 0.026
Age (years) 0.997 (0.992-1.015)  0.006 0.571 0.989 (0.994 - 1.028) 0.008 0.200 0.997 (3.597 - 1.028) 0.013 0.835
NYHA class at study entry: 0.752 (0.837-2.114)  0.236 0.823 (0.655 - 2.256) 0.678 (1.914 - 4.188)
1T 0.228 0.316 0.537 0.532 0.464
I 0.539 (1.092-3.157)  0.271 0.022 0.575 (0.872 - 3.464) 0.352 0.116 0.307 (1.049 - 10.119) 0.578 0.041
v 0.393 (1.355-4.791)  0.322 0.004 0.317 (1.466 - 6.795) 0.391 0.003 0.457 (1.704 - 10.348) 0.792 0.323
Creatinine (>105) 0.599 (0.867-3.214)  0.334 0.125 0.462 (1.287 - 3.634) 0.265 0.004 0.639 (2.455 - 3.671) 0.435 0.303
HIV status (HIV+) 1.327 (0.536-1.059) 0.174 0.103 0.908 (0.676 - 1.794) 0.249 0.699 2.406 (0.736 - 0.863) 0.373 0.019
Weight (kg) 1.061 (0.832-1.069)  0.064 0.360 1.150 (0.736 - 1.026) 0.085 0.098 0.917 (3.113 - 1.404) 0.129 0.504
Palpable pulsus paradoxus (yes) 0.991 (0.682-1.493)  0.200 0.963 1.135 (0.537 - 1.446) 0.205 0.932 0.917 (1.836 - 2.381) 0.399 0.829
Systolic blood pressure (>90) 1.673 (0.376-0.950)  0.236 0.030 2.497 (0.228 - 0.702) 0.286 0.001 0.345 (1.415 - 21.893) 1.031 0.301
Heart rate (>100) 11.166 (0.011-0.708) 1.055 0.023 1.061 (0.638 - 1.392) 0.199 0.767 0.835 (2.289 - 2.306) 0.334 0.589
Effusion size: 0.699 (0.550-3.716)  0.487 0.869 (0.705 - 1.877) 0.906 (1.801 - 2.489)
Medium (1-2 cm) 0.463 0.250 0.575 0.415 0.415
Small (< 1 cm) 1.531(0.214-1.993)  0.569 0.454 1.642 (0.249 - 1.490) 0.457 0.277 1.836 (0.442 - 2.469) 0.771 0.431
Chest X-ray pulmonary infiltrate (yes) 0.968 (0.609-1.752)  0.270 0.905 1.018 (0.658 - 1.467) 0.205 0.932 0.783 (2.519 - 2.382) 0.318 0.442
Definite TB pericarditis status (yes) 0.663 (1.034-2.203)  0.193 0.033 0.819 (0.732 - 2.037) 0.261 0.444 0.364 (1.251 - 6.020) 0.401 0.012
Haemoglobin (>10) 1.734 (0.076 -4.365) 1.033 0.594 1.058 (0.623 - 1.434) 0.213 0.791 0.609 (2.964 - 3.345) 0.363 0.172
Peripheral oedema (yes) 0.664 (1.103-2.053)  0.158 0.010 0.675 (0.987 - 2.227) 0.208 0.058 0.727 (2.577 - 2.700) 0.344 0.355
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Appendix B: R Code

Multivariate shared parameter joint model

This section presents the R code for jointly modelling the four ECG characteristics’
longitudinal binary outcomes (ECGrate, ECGpri, ECGqtc, and ECGqrsd) and the three
events (composite, death, and constriction) using the shared parameter model approach.

The same code was used for all other events.

ImeFit <- mixed_model(ecgrate_binary ~ predx+wks

, data = Imm_ecgrandom = ~wks|id1l, na.action = na.exclude, family =
binomial())

ImeFitl <- mixed_model(ecgpri_binary ~ predx+wks
, data = Imm_ecg,random = ~1|id1, na.action = na.exclude, family= binomial())
ImeFit2 <- mixed_model(ecgqrsd_binary ~ predx+wks

, data = Imm_ecgrandom = ~1|id1, na.action = na.exclude, family =
binomial())

ImeFit3 <- mixed_model(ecgqtc_binary ~ predx+wks
, data = Imm_ecg,random = ~1|id1, na.action = na.omit, family = binomial())

CoxFit <- coxph(Surv(timeconstriction, eventconstriction) ~ predx+perf
+hivstatx+syblood

+definitetbp+iperipheraloedema+effusizex+ pulmonaryinfiltrates
+fpalpableparadoxus+agex+nyhaclassx, data = Surv_ecg)

jointFit <- jm(CoxFit, list(lmeFit, ImeFitl, ImeFit2,ImeFit3), time_var =
"wks", n_iter = 12000L, n_burnin = 2000L, n_thin = 5L)

summary(jointFit)
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