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Abstract 

Routine monitoring of individuals with chronic diseases offers valuable data for understanding 

disease progression and treatment effectiveness, often using biomarkers. With the 

modernisation of clinical care, prediction models have received greater attention in analysing 

such data. Prognosis prediction modelling approaches have been widely adopted, especially 

with digitising health records into electronic health records (EHRs). Dynamic prediction 

modelling has emerged as a critical approach, allowing real-time updates of prognosis 

predictions based on available data. However, there is a notable scarcity of dynamic prediction 

models applied to routine data from EHRs, particularly in contexts such as HIV and type 2 

diabetes (T2DM) in resource-limited settings. Existing dynamic prediction models are 

typically developed and validated in data with comprehensive follow-ups and covariate 

collection, leading to the assumption of their universally improved predictive performance over 

traditional approaches such as the Cox proportional hazards-based prediction model. In 

addition to applying an extension of existing models to correctly model semicontinuous 

biomarker data (two-part joint model), this thesis challenges this assumption by applying 

dynamic prediction models using large routine data from EHRs generated in resource-limited 

settings, specifically focusing on using longitudinal biomarkers to predict probabilities of 

clinical outcomes in individuals with HIV or T2DM in South Africa. The predictive 

performance of this model is compared with that of the Cox proportional hazards-based 

prediction model and the two-part joint model. The prediction models had comparable 

predictive performances. The Cox proportional hazards-based prediction model had area under 

the curve (AUC) values ranging from 0.63 to 0.89 and Brier scores between 0.042 and 0.088 

across routine T2DM and HIV data. The joint model had AUCs ranging between 0.66 and 0.73 

and Brier scores between 0.033 and 0.089. The two-part joint model had AUCs and Brier scores 

closer to 0.6 and 0.1, respectively. These findings highlight the importance of adopting a 

conceptual approach to inform predictive performance, emphasising the need to account for 

context, type of disease, characteristics of a biomarker, and data characteristics. Such an 

approach will enhance individualised predictions using dynamic prediction models, potentially 

enabling recommendations for differentiated care and improving routine monitoring for 

individuals with chronic diseases, especially in resource-limited settings. 
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Chapter 1 Introduction 

1.1 Introduction and Background  

Routine monitoring of chronic diseases using biomarkers is a core part of clinical care 

worldwide to optimise patient management and improve clinical outcomes. Monitoring chronic 

diseases using biomarkers has allowed the development of prediction models commonly used 

to estimate the prognosis of individuals (Steyerberg et al., 2010). Prediction models based on 

observed individuals’ longitudinal trajectories of a biomarker are generally termed dynamic 

prediction models. Dynamic prediction models permit prognosis prediction that can be updated 

with each new data point, eventually permitting real-time prognosis prediction (Rizopoulos, 

2011, 2012). 

Despite the recognised advantages of dynamic prediction models over standard prediction 

models, there remains a lack of research on their application in settings where data quality is 

often difficult to assess and may be poor, such as routinely collected data from electronic health 

records (EHR), particularly in resource-limited settings. In such data, the improved predictive 

performance of dynamic prediction models over standard prediction models may not hold true. 

This thesis aims to address these gaps by developing and evaluating the predictive performance 

dynamic prediction models using routine data from EHRs from resource-limited settings, 

focusing on diseases with high burdens, such as human immunodeficiency virus (HIV) and 

type 2 diabetes (T2DM), in a resource-limited health system like South Africa (SA). The 

burden and context of these diseases in resource-limited settings are discussed in detail in 

Section 1.5. 

Most prediction models are based on time-to-event analysis, exemplified by widely known risk 

score models like the Framingham risk score (Anderson, Odell, Wilson, & Kannel, 1991; 

D’Agostino Sr et al., 2008) and the QRISK (Hippisley-Cox, Coupland, Robson, & Brindle, 

2010). In particular, the QRISK score is updated yearly to provide periodic updates on the risk 

of cardiovascular disease (Jenkins, Sperrin, Martin, & Peek, 2018). However, these prediction 

models are based on population or subgroup averages and cannot capture or model individual-

specific dynamic changes over time. In contrast, dynamic prediction models allow for 

individualised predictions that can be continuously updated with new data points, facilitating 

real-time disease progression predictions (Rizopoulos, 2011, 2012). 
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Historically, dynamic prediction models have been applied to study opportunistic infections or 

death in HIV-infected individuals using cluster differentiation four (CD4) cell count 

measurements (Rizopoulos, 2011; Wang & Jeremy, 2001) and time to recurrence in prostate 

cancer studies using prostate-specific antigen (Proust-Lima & Taylor, 2009; Tsiatis & 

Davidian, 2004; Yu, Law, Taylor, & Sandler, 2004; Yu, Taylor, & Sandler, 2008). Applications 

were predominantly extended to conditions in resource-rich settings, for example, patients with 

high-grade extremity soft tissue sarcoma (Rueten-Budde, Van Praag, Van de Sande, & Fiocco, 

2018); patients who received a human tissue valve in aortic position (Andrinopoulou, E. , 

Rizopoulos, Takkenberg, & Lesaffre, 2017) and inflammation in uveitis patients (Grand, 

Vermeer, Missotten, & Putter, 2019).  

 

1.2 Landmarking and Joint Modelling for Dynamic Prediction 

Joint modelling and landmarking are two popular approaches used in the literature for 

dynamically predicting clinical outcome probabilities based on longitudinal biomarkers. 

Landmarking (Van Houwelingen, 2007; Van Houwelingen & Putter, 2011) provides a simple 

tool for dynamic predictions that can be implemented easily. This approach is computationally 

efficient, as it does not require specifying the joint distribution of a longitudinal biomarker and 

a time-to-event (Van Houwelingen & Putter, 2011). However, for predictions to be consistent 

across different prediction time points, the prediction function should contain the joint 

distribution of the longitudinal biomarker and the time-to-event (Jewell & Nielsen, 1993; 

Rizopoulos, Molenberghs, & Lesaffre, 2017; Van Houwelingen & Putter, 2011). Several 

approaches have been proposed to incorporate a longitudinal biomarker in landmarking 

(Nicolaie, Van Houwelingen, de Witte, & Putter, 2013; Van Houwelingen & Putter, 2011) and 

the conditional expectation of a biomarker to bridge the gap between joint modelling and 

landmarking-based dynamic prediction models (Putter & Van Houwelingen, 2022). The 

findings in the study by Putter and Van Houwelingen (2022) suggested that further applications 

are needed to compare the extended landmarking approach with other approaches. 

While landmarking provides a pragmatic approach to dynamic prediction, it avoids specifying 

the joint distribution of the longitudinal biomarker and the time-to-event (Rizopoulos et al., 

2017). On the other hand, a joint model enables a complete specification of the joint distribution 

of the longitudinal biomarker and time-to-event through random effects (Henderson, Diggle, 

& Dobson, 2000; Rizopoulos, 2012; Tsiatis & Davidian, 2004). When correctly specified, it 
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provides consistent predictions (Putter & Van Houwelingen, 2022; Rizopoulos et al., 2017). 

While landmarking represents a valuable contribution to the literature, this thesis focuses on 

leveraging the strength of joint modelling to provide dynamic predictions.  

 

1.3 Problem Statement and Rationale 

Individualised prognosis prediction using dynamic prediction models is important as it presents 

an opportunity for personalised approaches to the care of individuals with a disease 

(Andrinopoulou, E., Harhay, Ratcliffe, & Rizopoulos, 2021). However, existing research 

predominantly focuses on developing these models using data from cohort studies conducted 

under controlled research conditions. This body of knowledge overlooks the challenges posed 

by data quality limitations in settings where data in electronic health records are routinely 

collected for logistical purposes only. Consequently, the assumed universal improved 

predictive performance of dynamic over standard prediction models may not hold true in these 

settings, where data quality is often challenging to assess and may be poor. This discrepancy 

highlights the need for research that specifically addresses the development, validation and 

application of dynamic prediction models using routine data, particularly in resource-limited 

settings where these challenges are pronounced.  

Given the lack of research regarding the application of dynamic prediction for individualised 

prognosis in routine data from electronic health records, this thesis aimed to apply and evaluate 

dynamic prediction models using routine data generated in, and therefore reflective of, 

resource-limited settings to predict individual risk of a clinical outcome in motivating disease 

case studies of high burden in South Africa. 

This thesis contributes to the body of knowledge on dynamic prediction models for 

individualised prognosis prediction by evaluating and providing insights to dynamic models 

for individualised prognosis prediction in large routine data from EHRs in resource-limited 

settings where data quality is difficult to assess and may be poor. This helps address the current 

shortage of research on dynamic prediction models applied in large routine data from EHRs 

and provide real-world individualised prognosis predictions that are reflective of resource-

limited settings. 
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1.4 Aim and Objectives  

This thesis aimed to provide insights into applying dynamic prediction models in using 

longitudinally measured biomarkers to predict the individual risk of a clinical outcome in 

selected disease cases of high burden in resource-limited health systems.  

The specific objectives were: 

1. To outline key reported characteristics in the conduct and quality of model evaluation 

of dynamic prediction models for individualised prognosis prediction. 

2. To evaluate the predictive accuracy of Cox proportional hazard-based prediction 

models for prognosis prediction in large routine data in EHRs from resource-limited 

settings. 

3. To compare and contrast Cox proportional hazard-based and dynamic prediction 

models for prognosis prediction in large routine data from EHRs from resource-limited 

settings regarding predictive performance. 

4. To develop a novel statistical model for dynamic prediction to allow for different types 

of longitudinal continuous biomarker-outcome data. 

5. To apply and compare the performance of dynamic prediction models with a novel 

dynamic prediction model in large routine data from EHRs in resource-limited settings 

and simulated data. 

 

1.5 Burden of Disease in Resource-Limited Settings 

Limited access to direct health care worsens health conditions in resource-limited settings. 

Ongoing monitoring and treatment of individuals burden the already under-resourced health 

systems in these settings (Beaglehole et al., 2008). With limited resources, improved clinical 

care and reducing unnecessary routine monitoring for individuals with well-managed chronic 

illnesses are important. Resource-limited countries like South Africa are facing a quadruple 

burden of chronic, non-chronic, perinatal, maternal and injury-related disorders (Pillay-van 

Wyk et al., 2016). Chronic diseases like HIV and T2DM have current and future impacts and 

burden the health care system in South Africa. The context for these diseases is given in sub-

sections 1.5.1 and 1.5.2.  
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1.5.1 HIV  

HIV remains a disease of significant burden in sub-Saharan Africa, although effective 

antiretroviral therapy (ART) is now widely available (Kharsany & Karim, 2016). Sub-Saharan 

Africa accounts for 71% of the global burden of HIV infection, with the highest incidence rates 

(23%) coming from South Africa (Kharsany & Karim, 2016). More than 20.6 million people 

were living with HIV in eastern and southern Africa in 2018 (United Nations Programme on 

HIV/AIDS [UNAIDS], 2019). In South Africa, 7.7 million people were living with HIV in 

2018, of whom 62% were on ART (UNAIDS, 2019). For individuals living with HIV to remain 

healthy, treatment must ideally be initiated early and maintained for the remainder of life 

(World Health Organization [WHO], 2015). Lifelong treatment represents a significant burden 

to individuals as high levels of adherence to current therapeutic regimens are required to 

prevent developing drug resistance (WHO, 2016b). HIV RNA viral load measurement is the 

method of choice to monitor treatment adherence and development of resistance (WHO, 

2016a), replacing clinical or CD4 cell count methods.  

The 2019 South African national guidelines call for HIV viral load testing at least annually 

(South African National Department of Health, 2015, 2019a). HIV viral load testing tends to 

be suboptimal in resource-limited settings for various reasons, including complexity and 

associated costs (Pham, Nguyen, Anderson, Crowe, & Luchters, 2022; Roberts, Cohn, Bonner, 

& Hargreaves, 2016). However, South Africa’s annual HIV viral load test volume increased 

from 1.96 million in 2013 to 6.27 million in 2022 (Hans et al., 2023). This provides an 

opportunity to use a longitudinal HIV viral load trajectory or multiple HIV viral load tests in 

detecting virologic failure, preventing drug resistance, and monitoring treatment adherence and 

effectiveness (Keiser et al., 2011; Mesic et al., 2021; Rowley, 2014). Figure 1.1 represents a 

cascade for the management of HIV viral load in individuals living with HIV on ART in South 

Africa. Viral non-suppressed individuals (HIV viral load ≥1000 copies/mL) can progress to 

adverse health outcomes such as virologic failure (VF). Virologic failure has severe 

implications for the quality of life of individuals living with HIV, particularly if these are not 

identified promptly (Saura-Lázaro et al., 2023).  
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Figure 1.1: Management of HIV viral load in individuals living with HIV on ART in South 

Africa. Adapted from South Africa’s 2019 ART clinical guidelines (South African National 

Department of Health, 2019a). 

 

1.5.2 Diabetes mellitus  

According to the World Health Organisation, globally, diabetes mellitus, broadly known as 

diabetes, is on the rise, increasing from an estimated 108 million in 1980 to 422 million adults 

in 2014 (WHO, 2016c). It has historically been of higher prevalence in resource-rich settings, 

but it is rapidly increasing in resource-limited settings (Aschner et al., 2020; Pheiffer et al., 

2021). Diabetes is strongly associated with an increased risk of cardiovascular diseases, and, 

coupled with an ageing population, it represents a significant public health concern in many 

resource-limited settings (Coetzee et al., 2019; WHO, 2011, 2016c). The global prevalence of 

diabetes was estimated to have increased from 4.7% in 1980 to 8.5% in 2014 (WHO, 2016c). 

South Africa’s prevalence of T2DM was estimated to be 12.8% (International Diabetes 

Federation, 2019). In addition to infectious diseases, the burden of non-communicable diseases 

adds to the strain on already resource-constrained healthcare settings such as those found in 

South Africa (Mayosi et al., 2009). T2DM is commonly monitored by regular measurement of 

haemoglobin A1c (HbA1c).  
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South African national guidelines recommend that HbA1c be used to diagnose T2DM and 

monitor glycaemic control (South African National Department of Health, 2014, 2019b, 2020). 

Although blood glucose level monitors are now available, they have minimal uptake in 

resource-limited settings, and HbA1c testing remains the common method of choice for 

monitoring diabetes progression (Beck, Connor, Mullen, Wesley, & Bergenstal, 2017; 

Chehregosha, Khamseh, Malek, Hosseinpanah, & Ismail-Beigi, 2019). Figure 1.2 shows a 

cascade of monitoring HbA1c in T2DM individuals and the frequency of tests in South Africa. 

As shown in the figure, T2DM individuals have an HbA1c test at 3-6 months until therapeutic 

goals have been achieved and annually if therapeutic goals are achieved (South African 

National Department of Health, 2014). HbA1c control, referred to hereafter as glycaemic 

control, is one of the therapeutic goals. Glycaemic control is associated with better long-term 

health outcomes among people living with diabetes and can reduce diabetes-related 

complications (Brennan et al., 2023; Manne-Goehler et al., 2019). 

 

Figure 1.2: Monitoring HbA1c in T2DM individuals in South Africa. Adapted from South 

Africa’s 2014 management of T2DM guidelines (South African National Department of 

Health, 2014). 
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1.6 Thesis Structure  

This thesis comprises an introductory chapter, a theoretical background of approaches to 

prognosis prediction, a review of literature, three results chapters, a discussion chapter 

synthesising the findings and summarising the contributions of the overall thesis and 

supporting appendices. Table 1.1 summarises these results chapters, including objectives, 

clinical outcomes and corresponding biomarkers. 

This introductory chapter places the application of dynamic prediction models, specifically to 

electronic health records data in resource-limited settings, including South Africa, into context 

and provides the aim and objectives.  

Chapter 2 presents the theoretical background of common regression models for prognosis 

prediction.  

In Chapter 3, the existing literature on dynamic prediction models is reviewed to identify key 

reported characteristics in the conduct and quality of model evaluation of dynamic prediction 

models for individualised prognosis prediction.  

In Chapter 4, data sources for HIV and T2DM, as two high-burden chronic diseases in South 

Africa, are introduced to motivate the importance of prognosis prediction models introduced 

in Chapter 2. 

Chapter 5 presents the application of Cox proportional-based prediction models for prognosis 

prediction of individuals with a chronic disease (from Chapter 4) in large routine data in EHRs 

from resource-limited settings. The predictive accuracy of these models is discussed, including 

the limitations. 

In Chapter 6, building on the foundation of the literature review (Chapter 3), the application of 

dynamic prediction models for individualised prognosis prediction of individuals with a 

chronic disease in large routine data in EHRs from resource-limited settings is presented. 

Adopting dynamic prediction models is justified. These models are compared and contrasted 

with Cox proportional-based prediction models (Chapter 5) regarding predictive performance. 

The limitations and the broader implications of using dynamic prediction models for 

individualised prognosis prediction are discussed. 

In Chapter 7, the dynamic prediction models presented in Chapter 6 are extended to allow 

different types of longitudinal continuous biomarker-outcome data. The adoption of the novel 
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dynamic prediction model is justified. This model is applied to large routine HIV and simulated 

data. The predictive performance of the novel and dynamic prediction models (introduced in 

Chapter 6) is compared using both routine and simulated data. The implications and limitations 

of the novel dynamic prediction model are discussed. 

A discussion and summary of the thesis are presented in Chapter 8. An overview of key findings 

from the thesis is provided. The key findings are examined and interpreted to provide 

recommendations for research and practice. A concluding summary of the thesis is provided. 

 

Table 1.1: Summary of thesis result chapters, including objectives, clinical outcomes and 

corresponding biomarkers. 

Chapter Objective Disease Biomarker 

Chapter 5 

Evaluate the predictive performance of Cox proportional 

hazard-based prediction models for prognosis prediction in 

routine data in EHRs from resource-limited settings. 

HIV and T2DM 
HIV viral load 

and HbA1c 

Chapter 6 

Compare and contrast Cox proportional hazard-based and 

dynamic prediction models for prognosis prediction in routine 

data from EHRs from resource-limited settings regarding 

predictive performance. 

HIV and T2DM 
HIV viral load 

and HbA1c 

Chapter 7 

Develop a novel statistical model for dynamic prediction to 

allow for different types of longitudinal continuous biomarker-

outcome data. 

HIV HIV viral load 

Chapter 7 

Apply and compare the performance of dynamic prediction 

models with a novel dynamic prediction model in routine data 

from EHRs in resource-limited settings and simulated data. 

HIV HIV viral load 

 

1.7 Significance for Public Health  

Monitoring schedules for chronic disease conditions in resource-limited settings tend to be less 

frequent than in resource-rich settings, where many guidelines for chronic disease care, 

including monitoring, have been developed (Owolabi et al., 2018). Biomarker repeated 

measurements from clinical monitoring of individuals by periodic medical appointments 

provide an opportunity to detect progression to positive or negative health outcomes earlier 

than by cross-sectional biomarker evaluation. Prediction modelling approaches with good 

predictive performance are important when accounting for these biomarker monitoring 
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schedules in resource-limited settings. These approaches can potentially optimise and address 

individualised care. In resource-limited settings, including South Africa, where the burden of 

diseases such as HIV and T2DM is high, applying dynamic prediction models using routine 

data from electronic health records can provide quantitative evidence to identify virologic 

failure in individuals living with HIV on ART timeously and potentially improve management 

of glycaemic control in T2DM individuals.  
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Chapter 2 Statistical Theory Review 

2.1 Introduction 

This chapter introduces the foundation of prediction models for clinical outcomes in cohort 

studies. The chapter briefly highlights some fundamental theoretical backgrounds of regression 

models used in this thesis to develop prognosis predictions of clinical outcomes. Since this 

thesis focuses on prognosis predictions of clinical outcomes using longitudinal continuous 

biomarkers, regression models for the analysis of longitudinal continuous biomarkers and time-

to-event data are presented here. Section 2.2 introduces longitudinal biomarkers and time-to-

event data, and common terminology used in the regression models to model these data. The 

formulation of separate modelling of longitudinal biomarker and time-to-event data is given in 

Sections 2.3 and 2.4, respectively. Section 2.5 introduces joint modelling of longitudinal 

biomarkers and time-to-event data. Section 2.6 presents prognosis prediction under regression 

models. The prediction performance of the prediction models is discussed in Section 2.7. 

Finally, a chapter conclusion is given in Section 2.8. 

To outline the theoretical background of the regression models for analysing data in the 

motivating disease case studies (introduced in Chapter 4), throughout the thesis, 𝑛 individuals 

with 𝑚𝑖 (𝑖 = 1, ⋯ , 𝑛) repeated biomarker measures are considered. Let 𝑁 = ∑ 𝑚𝑖
𝑛
𝑖=1  denote 

the total number of observations, 𝑦𝑖𝑗 be an observed continuous biomarker value of individual 

𝑖 at observed follow-up time 𝑗 (𝑗 = 1, ⋯ , 𝑚𝑖) and 𝑦𝑖 denote a vector (𝑚𝑖 × 1) of a longitudinal 

continuous biomarker for the 𝑖th individual. Accordingly, 𝑦𝑖𝑗
∗  is the true unobserved value of 

longitudinal continuous biomarker. For the 𝑖th individual, 𝑇𝑖 = min(𝑇𝑖
∗, 𝐶𝑖) is defined as the 

observed event time, with true event time 𝑇𝑖
∗ and censoring time 𝐶𝑖 assumed to be independent. 

An event indicator 𝛿𝑖 variable is given a value of 1 if the event is observed (𝑇𝑖
∗ ≤ 𝐶𝑖) and 0 if 

censored. 

 

2.2 Longitudinal Continuous Biomarker and Time-to-Event Data 

In biomedical studies, there is often longitudinal follow-up of individuals. Depending on the 

study objectives and the availability of resources, these studies may take months to years to 

complete. During the follow-up, numerous biological and molecular composition changes can 

occur in individuals. These changes can be captured by biomarkers or blood values recorded 
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over time for an individual, for example, repeated measurements of plasma HIV viral load or 

HbA1c. Longitudinal biomarker outcomes arise when there are repeated biomarker measures 

on the same individuals over time. Repeated biomarker measurements are often collected along 

with a time-to-event of interest.  

A time-to-event (or survival) outcome is the time until something happens to an individual, for 

example, the onset or relapse of a disease. Individuals are often lost to follow-up, withdraw 

from the study, or do not experience the event of interest during follow-up in a longitudinal 

study. In these cases, the event is unobserved and referred to as censored. Multiple types of 

censoring can occur depending on the relative timing of observation. However, in general, right 

censoring, where the event is presumed to happen sometime after the follow-up period stops, 

is of primary interest (Collett, 1994). The censoring can be classified as informative or non-

informative. Informative censored results from individuals dropping out of a study are due to 

reasons related to the study. In contrast, non-informative censored results are due to reasons 

unrelated to the study (Ranganathan & Pramesh, 2012). Censored data that is not handled 

appropriately leads to biased estimates and can lead to misleading inferences about the 

distribution of the event times (Rizopoulos, Dimitris, 2012). Standard statistical tools, such as 

group comparisons and generalised linear models, do not account for censoring. Therefore, 

time-to-event analysis with non-informative right censoring was considered in this thesis. 

Throughout the thesis, names such as time-to-event and survival data, and event and survival 

times are used interchangeably.  

The interest lies in using the variation in the observed longitudinal trajectories of a biomarker 

(HIV viral load or HbA1c) to provide improved prognosis predictions of a clinical outcome 

(virologic failure or glycaemic control). As mentioned in 0, one of the well-established 

approaches that provide improved prognosis predictions is a joint model for longitudinal and 

time-to-event data (Albert & Follmann, 2009; Diggle, Henderson, & Philipson, 2009; Faucett 

& Thomas, 1996; Henderson, Diggle, & Dobson, 2000; Tsiatis & Davidian, 2004; Wulfsohn & 

Tsiatis, 1997). Understanding well-established statistical regression models for separately 

analysing longitudinal and time-to-event data is needed to develop prognosis predictions under 

joint modelling. The most common approaches to analyse longitudinal data appearing in the 

literature to date are the mixed-effects models (Laird & Ware, 1982; Verbeke, Geert & 

Molenberghs, 2000) and generalised estimating equations (Zeger, Liang, & Albert, 1988). 

Likewise, time-to-event data can be analysed using Cox models (Collett, 1994; Cox, 1972; Cox 
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& Oakes, 1984). The mixed-effects and Cox models for longitudinal biomarker and time-to-

event data are discussed in Sections 2.3 and 2.4, respectively. 

 

2.3 Mixed-Effects Model for Longitudinal Continuous Biomarker 

Data 

Mixed-effects models for longitudinal data are based on extensions of multiple regression 

models. Regression is a common term that includes various statistical models, including the 

most common models used in clinical research and prognosis prediction. Specifically, linear 

regression has been used in many research areas, including medicine, to describe the linear 

association between a continuous outcome and one or more covariates. Linear regression 

techniques do not simultaneously examine group and individual-specific changes over time 

(Verbeke, Geert 1997). Linear mixed-effects (LME) models have been developed to manage 

the disadvantages of linear regression models. These models are briefly discussed in this 

section. 

 

2.3.1 Linear mixed-effects model specification 

Repeated continuous biomarker measurements observed on the same individuals over time are 

generally assumed to be correlated. Therefore, the statistical model used for estimation in such 

a context must be able to manage non-independent observations. The mixed-effects model is 

one of the most common models used to analyse longitudinal continuous biomarker data. 

Mixed-effects models permit associations to vary by group or individual and can vary in 

intercept and slope. Group effects or interactions and adjusted associations can be estimated in 

the usual way with linear models. The critical feature of this model is that it enables prediction 

at group and individual levels while accounting for the non-independent nature of longitudinal 

continuous biomarker values taken on the same individuals. 

A two-stage approach (Verbeke, Geert & Molenberghs, 2000) allows the specification of a 

mixed-effects model for repeated continuous biomarker measurements. The first stage of the 

approach uses a linear regression model to describe the individual-specific evolution of the 

repeated, continuous biomarker values over time. The second stage uses a multivariate 

regression model to describe individual differences. This allows an understanding of how 

variable the individual specific trajectory of repeated, continuous biomarker measurements is 
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and how the measurements are related. Individual-specific trajectories and variations between 

individuals are combined by the two-stage analysis and presented as a mixed-effects model. 

The change over time in the observed continuous biomarker noisy values can be modelled 

given covariates using a linear mixed-effects model, which is given as: 

 

 𝑦𝑖𝑗 = 𝑋𝐶𝑖𝑗
′ 𝛽 + 𝑍𝐶𝑖𝑗

′ 𝑏𝑖 + 𝜖𝑖𝑗 = 𝑦𝑖𝑗
∗ + 𝜖𝑖𝑗. 2.1 

 

where 𝑋𝐶𝑖𝑗
′  and 𝑍𝐶𝑖𝑗

′  represents row-vectors of covariates, 𝐶 represents the continuous index of 

a continuous biomarker with associated vectors of fixed effects coefficient 𝛽 and random 

effects 𝑏𝑖, respectively.  

The fixed effects coefficient describes the average association between the repeated, 

continuous biomarker values and the 𝑘th (𝑘 = 1, ⋯ , 𝑝) covariate across all individuals. This 

coefficient can be split into a group average from Equation 2.1 as follows: 

 

𝛽 = 𝛽0 + 𝛽𝑘, 

 

where the intercept 𝛽0 represents the individual-specific average value of a continuous 

biomarker when all covariates are zero. Similarly, the slope 𝛽𝑘 represents the individual-

specific effect size of each covariate on the average value of a continuous biomarker.  

The random effects characterise individual differences in 𝛽 coefficient given as set 𝑙 (𝑙 =

1, ⋯ , 𝑞) of covariates. Informally, the random effects could be considered to capture variation 

due to factors not modelled directly, including genetic, environmental and biological factors. 

They can also be split into a deviation-based group average from Equation 2.1 as follows: 

 

𝑏𝑖 = 𝑏𝑖0 + 𝑏𝑖𝑙, 

 

where the random intercept 𝑏𝑖0 and slope 𝑏𝑖𝑙 represents individual-specific deviations from the 

intercept 𝛽0 and slope 𝛽𝑘. The random effects are assumed to be unobserved, induce correlation 
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and vary randomly across individuals (Verbeke, Geert & Molenberghs, 2000). They are also 

assumed to be Gaussian distributed and often independent, with mean zero and variance-

covariance matrix 𝐷, i.e., 𝑏𝑖~𝑁(0, 𝐷). The variance-covariance matrix 𝐷 captures the 

correlation between observations from the individuals. The random or measurement errors 𝜖𝑖𝑗 

are assumed to be independent from the random effects and are also assumed to follow a 

Gaussian distribution, i.e., 𝜖𝑖𝑗~𝑁(0, 𝜎𝜖
2).  

 

2.3.2 Estimation of effects in a linear mixed-effects model 

Given 𝑚𝑖 repeated continuous biomarker values, 𝑦𝑖, and one or more covariates, a linear 

mixed-effects model framework (Laird & Ware, 1982) can be represented in vector form. Let 

𝑋𝑖 and 𝑍𝑖 be design matrices corresponding to row-vectors of covariates 𝑋𝐶𝑖𝑗
′  and 𝑍𝐶𝑖𝑗

′ , 

respectively. The LME model in vector form can be specified as: 

 

𝑦𝑖 = 𝑋𝐶𝑖𝛽 + 𝑍𝐶𝑖𝑏𝑖 + 𝜀𝑖 = 𝑦𝑖
∗ + 𝜀𝑖, 𝑏𝑖~ 𝑁(0, 𝐷), 𝜀𝑖 ~ 𝑁(0, 𝜎𝜖

2𝐼𝑚𝑖
), 2.2 

 

where 𝐼𝑚𝑖
 represents an 𝑚th dimensional identity matrix. The 𝑋𝐶𝑖𝛽 describes the average 

longitudinal evolution at the group level over the individuals and 𝑍𝐶𝑖𝑏𝑖 describes how specific 

individuals deviate from others. Conditional on the random effects 𝑏𝑖, all the repeated, 

continuous biomarker values 𝑦𝑖 from each individual are assumed to be independent. Thus, 

integrating out the random effects and assuming 𝑦𝑖 has a Gaussian distribution, the LME model 

reduces to a classical linear regression model on correlated data, i.e., 𝑦𝑖  ~ 𝑁(𝑋𝐶𝑖𝛽, 𝑉𝑖), where 

𝑉𝑖 = 𝑍𝐶𝑖𝐷𝑍𝐶𝑖
′ + 𝜎𝜖

2𝐼𝑚𝑖
 is a positive definite marginal covariance matrix. The likelihood 

function corresponding to the probability distribution function of the observed longitudinal 

continuous biomarker is given as: 

 

𝐿𝑖(𝜃𝐶) = ∏ ∏ 𝑝(𝑦𝑖𝑗),

𝑚𝑖

𝑗=1

𝑛

𝑖=1
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where 𝜃𝐶 = (𝛽′, 𝜎𝜖 , 𝐷) denotes the parameter vector for the LME model for a continuous 

biomarker. The tractable solution of the log-likelihood of the model can be written as: 

 

log(𝐿𝑖(𝜃𝐶)) = ∑ ∑{𝑛𝑖 log(2𝜋) + log|𝑉𝑖| + (𝑦𝑖 − 𝑋𝐶𝑖𝛽)′𝑉𝑖
−1(𝑦𝑖 − 𝑋𝐶𝑖𝛽)}

𝑚𝑖

𝑗=1

𝑛

𝑖=1

. 

 

Maximum likelihood (ML) or restricted maximum likelihood (REML) is used to estimate the 

parameters in 𝑉𝑖 (𝜎𝜖 , 𝐷). The main difference between the two likelihood approaches is that, in 

small samples, REML is unbiased compared to ML (Verbeke, Geert 1997). Given the known 

covariance matrix 𝑉𝑖 the fixed effects parameter 𝛽 can be estimated generalised least squares 

and given as: 

 

𝛽̂ = (∑ 𝑋𝐶𝑖
′ 𝑉𝑖

−1𝑋𝐶𝑖

𝑛

𝑖=1

)

−1

∑ 𝑋𝐶𝑖
′ 𝑉𝑖

−1𝑦𝑖

𝑛

𝑖=1

. 

 

Variance components 𝑉𝑖 enable valid inferences about the mean structure in a mixed model, 

𝑋𝐶𝑖𝛽 (Verbeke, Geert & Molenberghs, 2000). Commonly used classes of variance-covariance 

matrices include the independent structure, compound symmetry (also known as 

exchangeable), autoregressive, Toeplitz and unstructured variance-covariance matrix (Littell, 

Ramon. C. , Milliken, Stroup, Wolfinger, & Oliver, 2006; Littell, Ramon. C., Pendergast, & 

Natarajan, 2000; Mikkonen et al., 2008; West, Welch, & Galecki, 2014). Information criteria 

are often used as a basis for model selection and can be used to select the appropriate variance-

covariance structure (Akaike, 1974; Schwarz, 1978). Assuming an LME model of the 

longitudinal continuous biomarker 𝑦𝑖 for individuals has been fitted, estimates for the random 

effects 𝑏𝑖 are based on the mean of a posterior distribution having a closed form expression: 

 

𝑏𝑖|𝑦𝑖 ~ 𝑁{𝐷𝑍𝐶𝑖
′ 𝑉𝑖

−1(𝑦𝑖 − 𝑋𝐶𝑖𝛽), 𝐷𝑍𝐶𝑖
′ 𝐾𝑍𝐶𝑖𝐷)}, 
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where 𝐾 = 𝑉𝑖
−1 − 𝑉𝑖

−1𝑋𝐶𝑖(∑ 𝑋𝐶𝑖
′ 𝑉𝑖

−1𝑋𝐶𝑖
𝑛
𝑖=1 )−1𝑋𝐶𝑖

′ 𝑉𝑖
−1. The means of these posterior 

distributions provide estimates of the random effects, and their tractable solution can be written 

as: 

 

𝐸(𝑏𝑖|𝑦𝑖) = 𝐷𝑍𝐶𝑖
′ 𝑉𝑖

−1(𝑦𝑖 − 𝑋𝐶𝑖𝛽). 

 

These random effects estimates are known as empirical Bayes estimates, providing individual-

specific predictions (Rizopoulos, Dimitris, 2012; Verbeke, Geert & Molenberghs, 2009). 

 

2.3.3 Extension of linear mixed-effects models  

The linear mixed-effects model introduced so far describes Gaussian continuous longitudinal 

outcomes. In practice, often, not all outcomes are continuous and Gaussian distributed. 

Inferences for these different types of longitudinal outcomes are needed. Generalised linear 

mixed models (GLMMs) provide a generalisation of the LME to permit longitudinal outcomes 

other than continuous. Keeping the same notation in Equation 2.2 but omitting the continuous 

index, the generalised linear mixed model can be specified as: 

 

 𝑔(𝑦𝑖𝑗) = 𝑋𝑖𝑗
′ 𝛽 + 𝑍𝑖𝑗

′ 𝑏𝑖 + 𝜖𝑖𝑗. 2.3 

 

The corresponding likelihood functions have the form: 

 

𝐿𝑖 = ∏ ∏ ∫ 𝑝(𝑦𝑖𝑗|𝑏𝑖)𝑝(𝑏𝑖)d𝑏𝑖,

𝑚𝑖

𝑗=1

𝑛

𝑖=1

 

 

where 𝑝(∙) denotes probability density functions. Principles used in mixed models for 

continuous outcomes are adopted to estimate GLMMs. Unlike in the linear mixed-effects 

model, the integral over the random effects 𝑏𝑖 in the log-likelihood expression for GLMMs 
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does not have a closed-form solution due to the non-linear nature of the link function (Liu, 

2015). Numerical integration techniques such as penalised quasi-likelihood (Breslow & 

Clayton, 1993), Laplace approximation (Wolfinger, 1993), Markov chain Monte Carlo 

(MCMC) methods (Schafer, 1997), and Gaussian quadrature rules (Pinheiro & Bates, 1995) 

can be used for the numerical approximation of the random effects. 

 

2.4 Cox Models for Time-to-Event Data 

In biomedical studies, clinical outcomes or events are normally pre-specified, and the time it 

takes to occur is often of interest. Information about the event and how long it took for it to 

happen is collected. The motivating disease cases in this thesis assumed that individuals were 

enrolled and followed forward in time (days, months, or years). During follow-up time, one of 

two things could happen to the individuals by the end of the study: they could have the event 

of interest or could not have the event (censoring) for various reasons. The resulting 

information on the individuals are components of time-to-event data: i) the presence or absence 

of the event and ii) the time it took to get there.  

The presence or absence of an event is often modelled using a logistic regression model. 

Logistic regression models are a class of generalised linear models (GLMs). Unlike linear 

regression models, their interest lies in describing the association between a binary outcome 

(presence or absence of event) and one or more covariates (Hosmer & Lemeshow, 2000; Peng, 

Lee, & Ingersoll, 2002). For example, in HIV, the binary outcome is whether an individual 

initiated on ART treatment had virologic failure or not. Key to prognosis prediction of most 

clinical outcomes in chronic diseases is predicting when the event of interest might occur. Both 

linear and logistic regression techniques provide a foundation for prediction. However, both 

approaches are limited to cross-sectional data where the outcome is already known. Although 

other GLMs can estimate risk or predict an outcome, they do not manage missing or censored 

data, nor can they manage dependent data, for example, longitudinal continuous biomarker 

data. A set of statistical regression models to analyse these types of data broadly termed time-

to-event analysis are briefly discussed in this section. 
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2.4.1 Descriptive tools for time-to-event data 

In time-to-event analysis, the interest is on estimating the hazard, i.e., the rate or timing of an 

event of interest for an individual and for populations or subgroups and estimating the average 

survival time from a known point in disease progression, such as diagnosis. Time-to-event 

analysis approaches are necessary when considering censored data to ensure unbiased estimates 

of the hazard of the event (Collett, 1994). These statistical analysis approaches are useful in 

predicting when the event of interest might occur. Terminology and notations introduced earlier 

in this chapter (Section 2.1) are extended to introduce components of time-to-event analysis; 

after that, look at the idea behind this type of analysis through basic descriptive tools, building 

to regression models for time-to-event data. 

One of the critical steps in time-to-event analysis is to display the distribution of observed event 

time 𝑇 while accounting for censoring in the data before the modelling takes place. An estimate 

of the survival or hazard function is needed, and ordinally descriptive analyses or plots are used 

to describe the data using these estimates. The hazard function ℎ(𝑡) estimates the sudden 

(instantaneous) rate of occurrence of an event at a particular time point 𝑡, given that the event 

has not occurred before this point (Collett, 1994). The hazard function is given as: 

 

 
ℎ(𝑡) = lim

𝑠→0

𝑝(𝑡 ≤ 𝑇 < 𝑡 + 𝑠|𝑇 ≥ 𝑡)

𝑠
, 𝑠 > 0, 

2.4 

 

where 𝑝(𝑡 ≤ 𝑇 < 𝑡 + 𝑠|𝑇 ≥ 𝑡) is the probability of having an event of interest in each small 

interval [𝑡, 𝑡 + 𝑠] with width 𝑠, given that the event has not occurred before this time 𝑡.  

Following the hazard function, a cumulative risk (cumulative hazard) function, 𝐻(𝑡), which 

describes the expected number of events to be observed by time, 𝑡, is obtained. The cumulative 

hazard function can be expressed as: 

 

𝐻(𝑡) = ∫ ℎ(𝑠)𝑑𝑠.
𝑡

0
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The hazard or cumulative hazard function can be used to estimate a survival probability 

characterised by the survival function 𝑆(𝑡). The survival function describes the probability of 

surviving (not experiencing an event) up to a time point, 𝑡. It is a non-decreasing function of 

time because, as time goes by, the survival probability decreases because individuals 

experience the event. Survival can be expressed as: 

 

 
𝑆(𝑡) = exp{−𝐻(𝑡)} = exp {∫ ℎ(𝑠) 𝑑𝑠

𝑡

0

}. 
2.5 

 

Based on whether there was the presence or absence of the event and the corresponding time it 

took to get there, various quantities of the survival function, 𝑆(𝑡), can be estimated.  

Life tables are the origin of time-to-event analysis and were introduced to estimate the survival 

function (Cutler & Ederer, 1958). Life tables involve strong assumptions, are tedious and 

cannot deal with covariate adjustments. The Kaplan-Meier (KM) estimator (Kaplan & Meier, 

1958) extended the idea behind the life table method to estimate the survival function. Based 

on observed time-to-event times for individual 𝑖, 𝑇𝑖, the KM estimates the probabilities at each 

unique time point, 𝑡, while accounting for censoring by incorporating the number of individuals 

at risk. The KM estimator is commonly used to estimate the survival function and it is given 

by: 

 

𝑆̂𝐾𝑀(𝑡) = ∏
𝑟𝑖 − 𝑑𝑖

𝑟𝑖
,

𝑖:𝑡𝑖≤𝑡

 

 

where 𝑟𝑖 denotes the number of individuals who have not experienced the event at the time 𝑡𝑖, 

and 𝑑𝑖 is the number of events at time 𝑡 for individual 𝑖. Using a similar approach to the KM, 

the Nelson-Aalen estimator can be used to estimate the expected number of events by time 

point 𝑡, i.e., the cumulative hazard function 𝐻(𝑡) (Aalen, 1976; Altshuler, 1970; Fleming & 

Harrington, 1991; Nelson, 1972). The Nelson-Aalen estimator is given as: 
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𝐻̂𝑁𝐴(𝑡) = ∑
𝑑𝑖

𝑟𝑖
.

𝑖:𝑡𝑖≤𝑡

 

 

Based on this Nelson-Aalen estimator, the Breslow estimator (Fleming & Harrington, 1984) 

can also be used to estimate the survival functions. Nelson-Aalen and Kaplan-Meier estimate 

the survival function without distributional assumptions on the survival times (Andersen & 

Gill, 1982). There is minimal difference between these two survival function estimators, and 

the Kaplan-Meier estimator is often used. Following this, the KM plot can be used to compare 

the survival between groups of individuals in conjunction with the log-rank test to assess the 

statistical significance between the groups (Cox, 1972).  

In many biomedical studies, there might be more research questions other than comparing 

survival functions or curves of groups for individuals, for example, the effect of treatment on 

survival controlling for other covariates. Regression models for time-to-event data are needed 

to manage such research questions. 

 

2.4.2 Regression models for time-to-event data specification 

Different types of statistical regression models have been proposed in the literature to see if the 

time-to-event is related to covariates in the analysis, more specifically, regression models for 

modelling the hazard of an event. The most common approach to modelling the hazard of an 

event appearing in the literature is the Cox proportional hazards model (Cox, 1972). The Cox 

proportional hazard (relative risk) model is a semiparametric regression model for time-to-

event data. It is considered semiparametric because it does not make assumptions about the 

outcome distribution (there is no assumption about shape or form of the hazard function) but 

does make parametric assumptions about the relationships between covariates and the hazard 

function. Examples of distributions often used for the event times are log-normal, log-logistic, 

Gamma, Weibull and exponential. The Cox proportional hazards model to model the hazard of 

an event (Equation 2.4) at time 𝑡, ℎ𝑖(𝑡) for an 𝑖th individual can be specified as: 

 

 ℎ𝑖(𝑡) = ℎ0(𝑡) exp(𝑤𝑘
′ 𝛾), 2.6 
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where 𝑤𝑘
′  (𝑘 = 1, ⋯ , 𝑙) represent a row vector of covariates with an associated vector of 

regression coefficients, 𝛾. The baseline hazard or risk function, ℎ0(𝑡), denotes the 

instantaneous risk of the event at time 𝑡 when all covariates have no effect (𝛾 = 0). This means 

that, if a covariate has a beneficial effect, the baseline hazard would decrease (𝛾 < 0). 

Likewise, the baseline hazard would increase if a covariate had a harmful effect (𝛾 > 0). The 

regression coefficients for the covariates are exponentiated to represent the change in the 

hazard of an event. In general, the comparison of individual 𝑑’s hazard, ℎ𝑑(𝑡) at time 𝑡 and 

individual 𝑒’s hazard, ℎ𝑒(𝑡), at time 𝑡 can be given as a ratio of hazards as 

ℎ𝑑(𝑡|𝑤𝑑
′ )

ℎ𝑒(𝑡|𝑤𝑒
′)

= exp{𝛾(𝑤𝑑
′ − 𝑤𝑒

′)}. 

where 𝑤𝑑
′  and 𝑤𝑒

′ are row vectors of covariates for individuals 𝑑 and 𝑒, respectively. The 

multiplicative effect on the hazard for an event and the time-independent nature of covariates 

(baseline covariates) make up the proportional hazard (PH) assumption of the Cox proportion 

hazards model. The vital characteristic of the PH assumption is that the relative hazard of an 

event between different strata is constant over time (Cox, 1972). 

 

2.4.3 Estimation of effects in Cox models for time-to-event data  

The non-parametric part of the Cox proportional hazards model is one in which the baseline 

hazard function, ℎ0(𝑡), is not specified. The estimation is primarily on parameters 𝛾 based on 

maximising log-partial likelihood function and is given by: 

 

 
𝑝ℓ(𝛽) = ∑ 𝛿𝑖 [𝑤𝑖

′𝛾 − log {∑ exp(𝑤𝑗
′𝛾)

𝑇𝑗≥𝑇𝑖

}] ,

𝑛

𝑖=1

 
2.7 

 

where 𝑤𝑖
′ is a row vector of covariates associated with the individual whose observed event 

time is 𝑇𝑖. Resulting consistent estimates of 𝛾 are usually denoted as 𝛾 and are assumed to be 

asymptotically normal, expressed as  

𝛾 ~𝑁(𝛾0, [𝐸{ℐ(𝛾0)}]−1), 
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where 𝛾0 and 𝐸{ℐ(𝛾0)} are the true values of and expected information corresponding to the 

partial log-likelihood (Equation 2.7). 

 

2.4.4 Extended Cox model for time-to-event data 

The covariates in the Cox proportional hazards model (Equation 2.6) were assumed to be fixed 

during follow-up time, i.e., time independent. In practice, some covariates change during 

follow-up (biomarkers). The time-changing covariates may be exogenous or endogenous. 

Exogenous covariates are variables whose future values at any time point, 𝑡, are not influenced 

by the occurrence of an event at a preceding time, 𝑠 (Kalbfleisch & Prentice, 2002). 

Endogenous covariates are the opposite of exogenous time-varying covariates. Most 

continuous biomarkers are endogenous because the occurrence of an opportunistic infection 

may influence the subsequent biomarker values. Therefore, the nature of these time-changing 

covariates dictates the appropriate analysis. If the interest is on how strongly related the time-

changing covariates are with an event of interest, the standard Cox model is no longer 

informative (Rizopoulos, Dimitris, 2012). A model that can connect the observed time-to-event 

with the time-varying covariates is postulated to remedy this. A time-varying or extended Cox 

model handles exogenous time-varying covariates (Andersen & Gill, 1982). Given observed 

longitudinal continuous values, 𝑦𝑖, for the individuals up to follow-up time, 𝑡, the hazard of an 

event can be specified as: 

 

 ℎ𝑖(𝑡 | 𝑦𝑖(𝑡),  𝑤𝑘) = ℎ0(𝑡)𝑅𝑖(𝑡) exp{𝑤𝑘
′ 𝛾 + 𝜑𝑦𝑖(𝑡)}, 2.8 

 

where 𝛾 and 𝜑 are the regression coefficients and respectively represent the change in log 

hazard for the baseline covariates, 𝑤𝑘, and time-varying covariate, 𝑦𝑖(𝑡), for the 𝑖𝑡ℎ individual. 

Moreover, 𝑅𝑖(𝑡) indicates the risk process of an individual. More importantly, 𝜑 is the 

association parameter that quantifies the strength of association between the observed value of 

a continuous at time 𝑡 and the hazard ℎ𝑖(𝑡) of an event at that same time for an individual. 

Exponentiating 𝜑, i.e., exp(𝜑), gives the relative increase in the hazard of an event given a 

unit increase in the continuous value.  
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Extended Cox model and Joint modelling for time-dependent covariates 

The extended Cox model incorporates longitudinal biomarkers using a last-measurement-

carried-forward approach, assuming biomarker values remain constant between follow-up 

times and only change when measurements are taken at follow-up times (Rizopoulos, Dimitris, 

2012). This step-function assumption is inappropriate for biomarkers such as HIV viral load or 

HbA1c, which change continuously over time and are endogenous in nature (Papageorgiou, 

Mauff, Tomer, & Rizopoulos, 2019; Rizopoulos, Dimitris, 2012; Rizopoulos, D. & Takkenberg, 

2014). Moreover, the model treats biomarkers as exogenous and does not account for 

measurement error, resulting in biased estimates (Campbell et al., 2019; Dupuy & Mesbah, 

2002; Prentice, 1982; Sweeting & Thompson, 2011). Due to these limitations, survival 

predictions often rely on baseline biomarker values using Cox proportional hazard models 

(Rizopoulos, Dimitris, Molenberghs, & Lesaffre, 2017). In contrast, joint models account for 

the measurement error and endogenous nature of biomarkers and link their true trajectories to 

event hazard over time, making them more appealing for survival predictions (Rizopoulos, 

Dimitris, 2012). Given this, and consistent evidence that they outperform extended Cox models 

(Arisido, Antolini, Bernasconi, Valsecchi, & Rebora, 2019; Campbell et al., 2019; Rizopoulos, 

D. & Takkenberg, 2014), this thesis focused on a joint modelling approach. A brief overview 

of joint modelling is provided in Section 2.5. 

 

2.5 Joint Models for Longitudinal Continuous Biomarker and Time-

to-Event Data 

The focus in Sections 2.3 and 2.4 has been on separate analyses of longitudinal continuous 

biomarkers and time-to-event data. This section focuses on simultaneous analysis of 

longitudinal continuous biomarkers and time-to-event data using joint models.  

 

2.5.1 Joint model specification  

The joint model for longitudinal continuous and time-to-event data constructs a joint density, 

𝑝(𝑦𝑖, 𝑇𝑖), between the longitudinal continuous biomarker, 𝑦𝑖, and the observed time-to-event, 

𝑇𝑖 (Diggle et al., 2009; Faucett & Thomas, 1996; Henderson et al., 2000; Tsiatis & Davidian, 

2004; Wulfsohn & Tsiatis, 1997). A shared parameter joint model is commonly used in the 
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literature for constructing the distribution of the association between the underlying trajectories 

of a longitudinal continuous biomarker and the hazard of an event captured by random effects 

(Rizopoulos, Dimitris, 2011; Tsiatis & Davidian, 2004). Accordingly, a shared random effects 

model (SREM) was adopted in this thesis.  

If 𝑦𝑖 and 𝑇𝑖 are vectors of a longitudinal continuous biomarker and an observed time-to-event 

process for the 𝑖th individual, then the specification of a joint distribution between the two 

processes is given by: 

 

 𝑝(𝑇𝑖, 𝑦𝑖 , 𝛿𝑖|𝑏𝑖; 𝜃) = 𝑝(𝑇𝑖, 𝛿𝑖|𝑏𝑖, 𝜃)𝑝(𝑦𝑖|𝑏𝑖; 𝜃), 2.9 

 

where 𝜃 = {𝜃𝑇 , 𝜃𝑐, 𝜃𝑏} represents the overall parameter vector with 𝜃𝑇 representing the time-

to-event process, 𝜃𝐶  representing the longitudinal continuous biomarker process and 𝜃𝑏 

representing parameters of the random effects variance-covariance matrix. In Equation 2.9, 𝑏𝑖 

is a vector of random effects that accounts for the correlation between the repeated continuous 

biomarker measurements and the dependency between the longitudinal continuous biomarker 

and time-to-event processes (Rizopoulos, Dimitris, 2012). 

The idea of a joint model is to use a linear mixed-effects model (Equation 2.2), commonly 

referred to as the longitudinal submodel, to describe underlying longitudinal trajectories of 

continuous biomarker values for each individual and use the estimated profiles of the 

individuals in a proportional hazards model, i.e., event submodel. Specifically, the proportional 

hazards model to model the hazard of an event at time 𝑡, ℎ𝑖(𝑡) for an 𝑖th individual can be 

specified as: 

 

 ℎ𝑖(𝑡 ) = ℎ0(𝑡) exp{𝑤𝑘
′ 𝛾 + 𝜂𝑖(∙)′𝜑}, 2.10 

 

where terms ℎ0(𝑡), 𝑤𝑘
′  and 𝛾 have specifications as in Equation 2.6.  

A distribution such as exponential, Gamma and Weibull is specified for the baseline hazard to 

avoid underestimated standard errors of regression parameters  (Hsieh, Tseng, & Wang, 2006). 

In the formulation, 𝜑 is an association parameter that quantifies the association between the 
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underlying trajectories of a longitudinal continuous biomarker and the hazard of an event. 

Accordingly, 𝜂𝑖(∙) is a link function or association structure of the underlying trajectories of a 

longitudinal continuous biomarker and the hazard of an event. A variety of association 

structures in joint modelling literature have been suggested. 

 

Association structures 

An essential step after describing the underlying trajectory of a longitudinal continuous 

biomarker is selecting an appropriate association structure, 𝜂𝑖(∙), for the trajectory and the 

time-to-event outcome (Brown, 2009; Rizopoulos, Dimitris, 2012). The parameterisation of 

this association structure can take many forms. The simplest functional form is given as: 

 

 𝜂𝑖(∙) = 𝑦𝑖
∗(𝑡) = 𝑋𝐶𝑖(𝑡)𝛽 + 𝑍𝐶𝑖(𝑡)𝑏𝑖, 2.11 

 

and it is commonly referred to as the current value or level association structure. This structure 

assumes that the current value of the longitudinal continuous biomarker at time 𝑡, is associated 

with the hazard ℎ𝑖(𝑡) for a time-to-event at that same time 𝑡. In the joint model with this 

structure, an estimate of the underlying true biomarker value, which is continuously updated 

over time is used instead of the observed value of the biomarker (Arisido et al., 2019; 

Rizopoulos, Dimitris, 2012). The exponent 𝜑 in the extended Cox model denotes the relative 

increase in the hazard of an event at any time t that results from one unit increase in the observed 

value of the biomarker at the same time point. In contrast, in the joint model the exponent 𝜑 

denotes the relative increase in the hazard of an event that results from one unit increase in the 

underlying (function) true biomarker value. This current value association structure is 

considered in Chapters 6 and 7.  

 

Another common specification of the functional form of 𝜂𝑖(∙) that is often used is the slope 

association structure given as: 
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 𝜂𝑖(∙) = 𝑦𝑖
∗′

(𝑡). 2.12 

 

On this association structure, it is assumed that the rate of change of a longitudinal continuous 

biomarker is associated with the hazard ℎ𝑖(𝑡) for a time-to-event.  

A rarely used association structure is a lagged effect parameterisation. This association 

structure will be considered in Chapter 6. Under this parameterisation of the joint model, it is 

assumed that the value of the longitudinal continuous biomarker at a previous time 𝑡 − 𝑐, where 

𝑐 is a time lag, is associated with the hazard ℎ𝑖(𝑡) for a time-to-event at time 𝑡 (Rizopoulos, 

Dimitris, 2012). The lagged effects association structure can be specified as: 

 

 𝜂𝑖(∙) = 𝑦𝑖
∗{max(𝑡 − 𝑐, 0)}. 2.13 

 

Another association structure is the cumulative effects. This association structure will also be 

considered in Chapter 6. Under this parameterisation of the joint model, the cumulative effect 

of the longitudinal continuous biomarker is associated with the hazard ℎ𝑖(𝑡) for a time-to-event 

at time 𝑡 (Sylvestre & Abrahamowicz, 2009). The cumulative effects association structure can 

be specified as: 

 

 
𝜂𝑖(∙) = ∫ 𝑦𝑖

∗(𝑠)𝑑𝑠.
𝑡

0

 
2.14 

 

Additional association structures are available and discussed in detail in the literature 

(Rizopoulos, Dimitris, 2012; Ye, Lin, & Taylor, 2008).  

 

2.5.2 Estimation of effects in joint models  

Under the assumption that the longitudinal continuous biomarker and time-to-event processes 

are conditionally independent through the random effects 𝑏𝑖, the log-likelihood contribution 

for the 𝑖th individual is given by: 
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log 𝑝(𝑇𝑖, 𝑦𝑖, 𝛿𝑖; 𝜃) 
= log ∫ 𝑝(𝑇𝑖, 𝑦𝑖, 𝛿𝑖 , 𝑏𝑖; 𝜃)𝑑𝑏𝑖, 

2.15 

 

= log ∫ 𝑝(𝑇𝑖, 𝛿𝑖|𝑏𝑖; 𝜃𝑇) [∏ 𝑝{𝑦𝑖𝑗|𝑏𝑖; 𝜃𝑌}

𝑗

] 𝑝(𝑏𝑖; 𝜃𝑏)𝑑𝑏𝑖, 

 

where the conditional density for the time-to-event process is given by: 

 

𝑝(𝑇𝑖, 𝛿𝑖|𝑏𝑖; 𝜃𝑇)

= [ℎ0(𝑇𝑖) exp(𝑤𝑘
′ 𝛾

+ 𝜑𝑦𝑖
∗(𝑇𝑖))]𝛿𝑖 × exp [− ∫ ℎ0(𝑠) exp(𝑤𝑘

′ 𝛾 + 𝜑𝑦𝑖
∗(𝑠)) 𝑑𝑠

𝑇𝑖

0

] . 

2.16 

 

 

The joint density of the longitudinal continuous biomarker and the random effects is given by: 

 

 𝑝(𝑦𝑖|𝑏𝑖; 𝜃)𝑝(𝑏𝑖; 𝜃) = ∏ 𝑝{𝑦𝑖𝑗|𝑏𝑖; 𝜃𝑌}𝑝(𝑏𝑖; 𝜃𝑏),

𝑗

 
2.17 

 

where the longitudinal continuous biomarker conditional density is given by: 

 

 
𝑝(𝑦𝑖𝑗|𝑏𝑖; 𝜃𝑌) = (2𝜋𝜎𝜖

2)−1/2 exp [−
(𝑦𝑖𝑗−𝑦𝑖𝑗

∗ )
2

2𝜎𝜖
2 ] ,    

2.18 

 

and the density of the random effects is given by: 

 

 
𝑝(𝑏𝑖; 𝜃𝑏) = (2𝜋)−𝑞𝑏/2 |𝐷|−1/2 exp [−

𝑏𝑖
′𝐷−1𝑏𝑖

2
] , 

2.19 
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where 𝑞𝑏 represents the random effects dimension. 

Maximising the log-likelihood log 𝑝(𝑇𝑖, 𝑦𝑖 , 𝛿𝑖; 𝜃) function concerning the random effects is 

computationally demanding and does not have a closed-form solution. Thus, numerical 

integration techniques are used to fit joint models (Rizopoulos, Dimitris, 2012). Following the 

estimation of model parameters of a joint model, the survival function introduced in Equation 

2.5 is extended to get estimates of survival probabilities of clinical outcomes. The following 

Section briefly introduces and describes the rationale for using joint modelling to predict 

survival probabilities and clinical outcomes.  

 

2.6 Dynamic Prediction Under Joint Models   

Given observed data from individuals, the interest is on what would happen to them from the 

start to end of the observed follow-up time. Based on the first measurements, it is interesting 

to know the chances that individuals experience an event of interest by the next follow-up time. 

Likewise, the predictions should be updated for subsequent measurements as new information 

becomes available. In general, it should be possible to do the same for any duration of follow-

up of these individuals. As new information from individuals is obtained during follow-up time, 

it is desirable to continuously update individual predictions. These individualised predictions 

are dynamic. The dynamic aspect of the predictions comes from the fact that they can be seen 

as predictions that change over time (Rizopoulos, Dimitris, 2011, 2012; Van Houwelingen & 

Putter, 2011).  

Predictions under the Cox and extended Cox models use a fixed or the last observed biomarker 

value as a baseline covariate for every individual on each prediction. As a result, predictions 

based on standard models such as the Cox proportional hazards model are static or periodic, 

while predictions based on joint modelling are dynamic, i.e., progressively update over time 

with new available information (Rizopoulos, Dimitris, 2012; Rizopoulos, Dimitris et al., 2017).  

Let 𝓎𝑗 be all the available observed longitudinal continuous biomarker measurements for 

individual, 𝑗, up to observed follow-up time, 𝑡. The interest is on the conditional event-free 

probability, 𝜋𝑗(𝑢|𝑡), where 𝑢 is a future time window. Accordingly, given all the observed 

measurements from an individual up to time 𝑡 and that an event had not occurred, the 
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probability that this individual will be event-free at 𝑢 > 𝑡 can be estimated (Garre, 

Zwinderman, Geskus, & Sijpkens, 2008; Rizopoulos, Dimitris, 2011, 2012). The event-free 

probability can be specified as: 

 

 𝜋𝑗(𝑢|𝑡) = 𝑝(𝑇𝑗
∗ ≥ 𝑢|𝑇𝑗

∗ > 𝑡, 𝓎𝑗(𝑡), 𝒟𝑛), 2.20 

 

where 𝒟𝑛 represents the observed data on which the joint model (Equation 2.10) was fitted. 

Event-free conditional probabilities are calculated by relating a new individual for whom the 

predictions are required with individuals with similar characteristics from the observed data 

used to fit the joint model. Intuitively, the model explains what led to the information observed 

for the individuals. Predictions for the new individuals would be obtained based on this initial 

information. 

Developments in the literature on dynamic predictions relied on the Bayesian framework to get 

the estimated event-free conditional probabilities for an individual, 𝜋̂𝑗(𝑢|𝑡)  (Andrinopoulou, 

Harhay, Ratcliffe, & Rizopoulos, 2021; Li & Luo, 2019). Moreover, the Monte Carlo 

simulation scheme is used (Proust-Lima & Taylor, 2009; Rizopoulos, Dimitris, 2011), and the 

corresponding posterior predictive distribution of 𝜋𝑗(𝑢|𝑡) can be defined as: 

 

𝜋𝑗(𝑢|𝑡) = ∫ 𝑃(𝑇𝑗
∗ ≥ 𝑢|𝑇𝑗

∗ > 𝑡, 𝓎𝑗(𝑡); 𝜃)𝑝(𝜃|𝒟𝑛)𝑑𝜃, 

where 𝜃 is the overall parameter vector as defined in Equation 2.9. Accordingly, for 𝑚 =

1,2, ⋯ , 𝑀 MCMC samples, the event-free probability and its 95% credible interval (CI) can be 

estimated using a Monte Carlo simulation scheme with the following steps: 

Step 1: draw 𝜃(𝑚) from the MCMC sample of the posterior 𝑝(𝜃|𝒟𝑛), 

Step 2: draw 𝑏𝑗
(𝑚)

 from 𝑃(𝑏𝑗|𝑇𝑗
∗ > 𝑡, 𝓎𝑗(𝑡); 𝜃(𝑚)), 

Step 3: compute 𝜋𝑗(𝑡, 𝑢, 𝑏𝑗
(𝑚)

; 𝜃(𝑚)) =
𝑆(𝑢|𝑏𝑗

(𝑚)
;𝜃(𝑚))

𝑆(𝑡|𝑏
𝑗
(𝑚)

;𝜃(𝑚))
, 

Step 4: repeat steps 1-3 and derive the estimates of the event-free conditional probability as 
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𝜋̂𝑗(𝑢|𝑡) =
1

𝑀
∑ 𝜋𝑗

𝑚(𝑡, 𝑢, 𝑏𝑗
(𝑚)

; 𝜃(𝑚))

𝑀

𝑚=1

. 

Step 5: Use the Monte Carlo sample percentiles to obtain the 95% CI. 

 

2.7 Predictive Performance of the Prediction Models 

The predictive performance of these prediction models should be evaluated for the prognosis 

of clinical outcomes, for example, virologic failure and glycaemic control, to be reliable. 

Predictive performance measures are used to assess the predictive performance of prediction 

models. Most popular measures are based on discrimination, calibration, and overall 

performance (Steyerberg et al., 2010).  

 

2.7.1 Assessing predictive performance by discrimination 

In general, common discrimination metrics such as the area under the curve (AUC) of the 

receiver operating curve (ROC) evaluate how well a prediction model discriminates between 

individuals who will have an outcome and those who will not (Steyerberg et al., 2010). Time-

dependent AUCs based on inverse probability of censoring weights (IPCW) enable 

discrimination in time-to-event data (Heagerty & Zheng, 2005). In joint modelling, model-

based weights estimate time-dependent AUCs (Rizopoulos, Dimitris, 2011). Mathematically, 

the extended time-dependent AUCs under joint modelling are given as:  

 

AUC𝑡
∆𝑡 = ∫ ROC𝑡

∆𝑡(𝑝)𝑑𝑝, 0 ≤ 𝑝 ≤ 1.
1

0

 

 

where 𝑝 is a particular threshold value ∈ [0, 1] and ROC𝑡
∆𝑡(𝑝) is the corresponding ROC curve. 

The ROC curve over time window ∆𝑡 can be plotted to indicate the overall discrimination 

ability of the predictive joint model. Similarly, the corresponding AUCs can be calculated, 

where AUC values closer to 1 suggest better discrimination ability. 
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2.7.2 Assessing predictive performance by calibration scores 

Traditionally, calibration measures such as a plot of observed versus estimated probabilities of 

an event are used to assess how well a prediction model can accurately predict observed events 

(Schoop, Graf, & Schumacher, 2008). In time-to-event analysis, calibration refers to agreement 

between observed and estimated event probabilities over specific time points (Austin, Harrell 

Jr, & van Klaveren, 2020). This recent development in the literature for assessing the 

calibration of prediction models for time-to-event data used variations of the Cox model to 

construct smoothed calibration curves (Austin et al., 2020). 

 

2.7.3 Assessing the overall predictive performance 

The discrepancy between an observed event denoted by an event indicator, 𝛿𝑖, and prediction 

model-based event-free probability, 𝜋̂𝑖, for an 𝑖th individual at a given time point, 𝑡, evaluated 

on independent or validation data, is used to quantify overall model performance (Steyerberg 

et al., 2010). Traditionally, on each time point, 𝑡, the Brier score (BS) quadratic scoring rule 

can be calculated to quantify the discrepancy 𝛿𝑖 and 𝜋̂𝑖 for individual 𝑖 (Graf, Schmoor, 

Sauerbrei, & Schumacher, 1999). Gerds and Schumacher (2006) used inverse probability of 

censoring weights to derive an expected Brier score to account for censoring. The expected 

Brier score is given as: 

 

𝐵𝑆̂(𝑡, 𝜋̂𝑖) =
1

𝑀
∑ 𝑊̂𝑖(𝑡){𝛿𝑖(𝑡) − 𝜋̂𝑖(𝑡)}2,

𝑖∈𝐷̃𝑀

 

 

where 𝐷̃𝑀 is a validation dataset with 𝑀 individuals and 𝑊̂𝑖(𝑡) is the inverse probability of 

censoring weights at time 𝑡. As a result, time-dependent prediction error (PE) curves given by 

the integrated Brier score (IBS) can be used to summarise the overall measure of prediction 

error (Mogensen, Ishwaran, & Gerds, 2012). Mathematically, the integrated Brier score is 

defined as: 

 

IBS(predErr, 𝜏) =
1

𝜏
∫ predErr(𝑢, 𝜋̂)𝑑𝑢,

𝜏

0

 𝜏 > 0. 
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where predErr is the prediction error and 𝜏 > 0 is a constant that can be set to be any value 

between 0 and a maximum value of time 𝑡.  

 

2.7.4 Validation of prognosis prediction models 

Internal and external validation approaches are often used to validate the predictive 

performance of a prediction model. Internal validation often uses re-sampling techniques such 

as cross-validation and Bootstrap to validate the performance of a prediction model (Harrell, 

2001). On the other hand, external validation uses a dataset from an independent cohort to 

evaluate the performance of a prediction model. 

 

2.8 Discussion 

This chapter provided an overview of the theoretical background of regression models for 

analysing longitudinal continuous biomarker and time-to-event data and their use as practical 

tools to generate prognosis predictions of clinical outcomes. As mentioned in Section 2.6, 

prognosis predictions of clinical outcomes are often based on the generalisation of a Cox model 

and joint modelling. These two modelling approaches are applied to routine HIV and diabetes 

data from the Western Cape in Chapter 5 and Chapter 6. A review of the literature for the 

application of dynamic prediction models is given in Chapter 3.  
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Chapter 3 Literature Review of Dynamic Prediction 

Models   

There is an abundance of dynamic prediction models for clinical outcomes in the literature. 

The quality of evaluation and reporting of these models varies. This chapter reviews the 

conduct and reporting of dynamic prediction models in the literature with a specific focus on 

HIV. 

 

3.1 Background 

HIV is a disease of significant burden worldwide. Almost 33 million individuals have died 

since the start of the epidemic (United Nations Programme on HIV/AIDS [UNAIDS], 2020). 

In 2019, it was estimated that 38 million people were living with HIV globally (United Nations 

Programme on HIV/AIDS [UNAIDS], 2020). For individuals living with HIV to remain 

healthy, public health responses such as antiretroviral therapy treatment should be initiated 

early and maintained for the remainder of life (World Health Organization [WHO], 2015). 

Regular monitoring of people living with HIV can provide ongoing markers of HIV 

progression, including HIV viral load or CD4 cell count (WHO, 2016).  

Individualised predictions for clinical outcomes using biomarkers, sometimes called 

personalised medicine, are promoted to improve care by permitting individualised medication 

schedules follow-up (Hemingway et al., 2013). Dynamic prediction models could supplement 

informed decision-making on individualised medication schedules and follow-ups. These 

prediction models enable the prognosis of clinical events, where the prediction can be updated 

anytime during follow-up with new clinical information available at the time of prediction 

(Rizopoulos, 2011, 2012).  

Various measures of predictive performance should be used to estimate discrimination, 

calibration, and overall performance to validate predictions from dynamic prediction models 

(Proust-Lima & Blanche, 2016). Common discrimination metrics include area under the curve 

of the receiver operating curve or C-statistics, sensitivity, and specificity (Steyerberg et al., 

2010). Calibration measures such as plots of observed data for individuals against predicted 

data are used to estimate how well a model predicts the observed clinical outcome (Schoop, 

Graf, & Schumacher, 2008).  
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Statistical regression modelling for dynamic prediction models is typically based on multistate 

or landmark regression models (Schumacher, Hieke, Ihorst, & Engelhardt, 2020). Landmark 

regression models include time-to-event analysis (Van Houwelingen, 2007), direct binomial 

regression (Grand, de Witte, & Putter, 2018) and joint models for longitudinal data and time-

to-event data (Proust-Lima & Taylor, 2009; Rizopoulos, 2011; Yu, Taylor, & Sandler, 2008). 

The first application of these models was in oncology, where individualised predictions of 

prostate cancer disease progression were made (Proust-Lima & Taylor, 2009; Yu et al., 2008). 

Extensions include implementing an online calculator for individualised predictions of clinical 

recurrence of prostate cancer for up to three years (Taylor et al., 2013). Other applications of 

dynamic prediction models have been in chronic diseases such as HIV (Rizopoulos, 2011) and 

cardiovascular disease (Paige et al., 2018). In non-chronic disease, dynamic prediction models 

have been applied to cardio-thoracic surgery (Andrinopoulou, Rizopoulos, Takkenberg, & 

Lesaffre, 2015) and intensive care unit settings (Heyard, Timsit, Essaied, Held, & consortium, 

2019; Musoro, Zwinderman, Abu-Hanna, Bosman, & Geskus, 2018).  

While individualised care for HIV is advocated, it is not clear if there are adequate models or 

algorithms in this setting (El-Sadr, Rabkin, & DeCock, 2016). A literature review was 

conducted to identify published dynamic prediction models applied to HIV, understand what 

models are available and assess the quality of model evaluation and reporting. 

Section 3.2 outlines the methodology of the literature review, and Section 3.3. summaries the 

findings, a discussion is provided in Section 3.4, and Section 3.5 concludes the Chapter. 

 

3.2 Methods 

 

3.2.1 Sources 

A literature search was conducted in PubMed, focusing on research publications between 1 

January 1990 and 21 January 2021, restricted to publications in English. A combination of 

search terms was used to identify dynamic prediction models applied to HIV. The 

bibliographies of all included studies were manually searched to identify additional studies 

missed from the original search. The complete search strategy is available in Appendix 1.  
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3.2.2 Study inclusion and exclusion criteria 

The following inclusion criteria were used: 

• Statistical modelling method applied to HIV, 

• Modelling approach from multistate or landmark regression models (including time-to-

event, direct binomial, and joint models). 

Exclusion criteria were determined in advance and included:  

• Unrelated to HIV, 

• Full-text not available,   

• Unpublished conference proceedings, 

• Cross-sectional study design, 

• Static prediction models,  

• Meta-analysis or systematic review,  

• Simulation study without application of empirical data, 

• Screening tool application data. 

 

3.2.3 Selection of studies  

Two screening stages were conducted to determine if the identified articles met the inclusion 

criteria. The first stage consisted of screening titles and abstracts to assess their relevance. The 

relevant articles were taken through a full-text review on the eligibility assessment stage. If it 

was unclear whether to include an article after title and abstract screening, it was automatically 

brought forward to a full-text review for eligibility.  

 

3.2.4 Study quality assessment 

The aspects of the checklist for critical appraisal and data extraction for systematic reviews of 

prediction modelling studies (CHARMS) and prediction model risk of bias assessment tools 

(PROBAST) were used to assess the quality of reporting in the studies and the risk of bias 

(ROB) of individual studies (Wolff et al., 2019). A ROB is introduced when the design and 

analysis of prediction model studies lead to distorted estimates of predictive performance 

(Moons et al., 2014). Potential sources of ROB in the studies were grouped into four domains: 
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participants, covariates, outcome, and analysis (Wolff et al., 2019). The ROB in each domain 

was assessed and assigned a rating of low, high, or unclear, and an overall rating for each 

prediction model study was subsequently assigned.  

 

3.2.5 Data extraction strategy 

The transparent reporting of a multivariable prediction model for individual prognosis or 

diagnosis (TRIPOD) (Collins, Reitsma, Altman, & Moons, 2015) and CHARMS checklists 

were used to guide data extraction in identified prediction model studies. Information extracted 

from included studies was organised into the following: (1) study setting; (2) HIV-related 

outcome; (3) modelling approach and span of prediction; (4) predictive accuracy; and (5) model 

validation. A list of extracted information is provided in Appendix 2 and Appendix 3. The 

preferred reporting items for systematic reviews and meta-analyses (PRISMA) checklist was 

used as a basis for reporting this review (Page et al., 2021). 

 

3.2.6 Data synthesis and presentation 

Quantitative analysis of the included prediction model studies was not conducted. A narrative 

analysis was used to synthesise findings and summarise what the different studies found.  

 

3.3 Results  

A total of 242 studies were identified from the literature search. Of the 242 articles, 198 were 

excluded during the title and abstract screening stage for the following reasons: (i) not HIV-

related (n=3); (ii) systematic review (n=11); (iii) simulation study (n=11); (iv) cross-sectional 

analysis (n=38); (v) modelling type not related to dynamic prediction (n=92); (vi) model 

development with no predictions (n=29); and (vii) identification of predictors (n=14). The 

remaining 44 studies had a full-text assessment with 38 subsequently excluded based on: (i) 

statistical technique to dynamic predictions with no prognosis (n=27); (ii) identification of 

predictors only (n=4); (iii) prognosis not HIV-related (n=1); (iv) estimation of rates (n=1); (v) 

parameter estimation (n=3); and (vi) optimisation with no prediction (n=2). Only six studies 

meeting the inclusion criteria were eligible for inclusion. The inclusion criteria are summarised 
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in Figure 3.1. Data extraction and critical appraisal were performed in these eligible studies 

(Table 3.1 and Table 3.2). 

 

3.3.1 Study design and population 

The prediction model studies properties are summarised in Table 3.1. Reviewed prediction 

models were based on data from cohort studies, randomised multicentre trials and retrospective 

surveys, primarily from the United States of America (USA) (Aldrete, 2020; Barbieri, 2020; 

Barrett, 2017; Rizopoulos, 2011), with one each from Iran (Khorashadizadeh, 2020) and 

Senegal (Tournoud, 2010). Dates of publication ranged from 2010 to 2020. Two prediction 

models were developed using the same cohort, a randomised multicentre trial in the USA 

(Barbieri, 2020; Rizopoulos, 2011). The sample size used to create the models varied from 

n=111 to n=2242 (median n=467). The study populations included multiple sex, apart from one 

study focusing on women living with HIV (Barrett, 2017).  

 

 

Figure 3.1: PRISMA flow diagram of study inclusions and exclusions. 
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3.3.2 Frequency of observations 

From five of the six studies (83%) that reported study dates, individuals were followed up 

between 1989 and 2014. There was a considerable variation in the duration of follow-up 

between studies, from two (Barbieri, 2020; Rizopoulos, 2011) to 24 years (Khorashadizadeh, 

2020). Four studies (67%) reported median follow-ups of 5.3 years (Aldrete, 2020), 15.9 

months (Barbieri, 2020; Rizopoulos, 2011), 22.3 months (Tournoud, 2010), while one reported 

the frequency of measurements every six months after enrolment (Barrett, 2017) but not 

follow-up duration. The remaining study did not report the median follow-up times or the 

frequency of measures but reported the number of repeated measurements per individual (five) 

instead (Khorashadizadeh, 2020).  

 

3.3.3 HIV-related outcomes and covariates 

Apart from two models, the prediction outcome was mortality (Table 3.1). One of the two 

studies predicted a composite outcome (acquired immunodeficiency syndrome, other serious 

medical events, or mortality) (Aldrete, 2020), while the other predicted the timing of detection 

of drug resistance (Tournoud, 2010). Generally, few covariates were included in the prediction 

models (median n=4). Common covariates were sex and age at enrolment, CD4 cell count 

(Aldrete, 2020; Barbieri, 2020; Barrett, 2017; Khorashadizadeh, 2020; Rizopoulos, 2011) and 

HIV viral load as a time-varying covariate (Tournoud, 2010).  
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Table 3.1: Prediction model study characteristics. 

Study; 

Country; 

Study design  

Participants and 

setting 

Recruitment 

dates 
Follow-up HIV related outcome Covariates 

Aldrete et al. 

(Aldrete, 2020); 

USA*; Three 

cohort studies  

**2242 HIV-

infected individuals 

on ART 

From 1995 to 

2007 
12 years 

Composite outcome 

(AIDS***, cardiovascular 

disease events, deaths) 

Age group, sex, race, and 

time-varying CD4 

measurements 

Barbieri and 

Legrand 

(Barbieri, 

2020); USA; 

Randomised 

multicentre trial 

467 HIV-infected 

individuals on ART 
1990-1991 Two years Death 

Treatment, sex, previous 

opportunistic infection, 

zidovudine treatment 

indicator, and CD4 cell 

count 

Barrett and Su 

(Barrett, 2017); 

USA; 

Prospective 

cohort study 

850 HIV-infected 

women 
1993-1990 Seven years Death 

Age, time at the start of an 

interval, HIV viral load 

group, and CD4 count 

Khorashadizade

h et al. 

(Khorashadizad

eh, 2020); Iran; 

Retrospective 

survey 

213 HIV-infected 

individuals 
1989-2014 24 Years Death 

Age, sex, addiction, 

follow-up time, and time-

varying CD4 count 

measurements 

Rizopoulos 

(Rizopoulos, 

2011); USA; 

Randomised 

multicentre trial 

467 HIV-infected 

individuals on ART 
1990-1991 Two years Death 

Treatment, sex, previous 

opportunistic infection, 

zidovudine treatment 

indicator, and CD4 cell 

count 

Tournoud et al. 

(Tournoud, 

2010); Senegal; 

Cohort study 

111 HIV-1 infected 

individuals 
1998-2002 Five years Drug resistance 

Virological and adherence 

response models 

*USA=United States of America; ** HIV=human immunodeficiency virus, 

ART=antiretroviral therapy; ***AIDS=acquired immunodeficiency syndrome. 

 

3.3.4 Modelling approach and time span of predictions 

The modelling approaches in the prediction model studies are outlined in Table 3.2. Variations 

of the joint model (JM) approach from the frequentist and Bayesian framework used in the 

included studies consisted of shared random effects and joint latent class models (JLCM). In 
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one of the studies, a two-stage modelling approach was compared with a joint modelling 

approach (Aldrete, 2020). The span of the prediction time frame ranged from two months to 

ten years. 

 

3.3.5 Model performance and evaluation 

At least one measure of predictive performance was reported in each of the included studies 

(Table 3.2). Time-varying AUCs of the ROC ranging from 0.64 to 0.75 were used for 

discrimination (Aldrete, 2020; Khorashadizadeh, 2020; Rizopoulos, 2011), while prediction 

plot (Barbieri, 2020; Barrett, 2017) and posterior predictive checks (Tournoud, 2010) were 

carried out to assess the accuracy of the predictions. A Brier score was used to determine overall 

performance in one study; however, the results were not presented (Khorashadizadeh, 2020), 

and the rest of the studies did not report any measure of overall performance. There was no 

information on whether internal validation techniques were applied in all the studies. Only one 

study (Aldrete, 2020) used three different HIV cohorts to develop a prediction model but did 

not validate the predictions.  
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Table 3.2: Properties of prediction model studies modelling approaches. 

Study Approach 

Outcome, 

Span of 

predictio

ns 

Predictive Performance validation 

   
Type of 

Validation 
*Discrimination 

**Calibrati

on  

Overall 

Performan

ce  

Aldrete et al. 

(Aldrete, 

2020)  

Two-stage 

modelling and 

JM*** 

Composit

e 

outcome: 

5-10 years 

Not 

specified  

AUC/Uno's C 

statistics 

(AUC=0.7; 

C=0.64 - 0.66) 

Not reported Not reported 

Barbieri and 

Legrand 

(Barbieri, 

2020) 

†JLCM and 

SREM 

Death, 20 

months 
Simulation   Not reported 

Prediction 

plot 
Not reported 

Barrett and Su 

(Barrett, 

2017) 

JM 
Death, 

two years 
Simulation  Not reported 

Prediction 

plot 
Not reported 

Khorashadiza

deh et al. 

(Khorashadiza

deh, 2020) 

JLCM and SREM 

Death, 

three 

years 

Not reported 

AUC (0.75 for 

JLCM; 0.64 for 

SREM) 

Not reported  
Unspecified 

Brier score 

Rizopoulos 

(Rizopoulos, 

2011) 

JM 
2-8 

months 
Simulation  AUC (0.67-0.72) Not reported Not reported 

Tournoud et 

al. (Tournoud, 

2010) 

JM; Markov 

model and logistic 

mixed effects 

six 

months 
Simulation  Not reported 

Posterior 

predicted 

checks 

Not reported 

*Time-dependent area under the curve (AUC) of the receiver operating curve (ROC) or C 

statistic as discrimination metrics; **calibration plot as a calibration measure; ***JM=Joint 

Model; †JLCM=Joint Latent Class Model, SREM=Shared Random Effect Model.  

 

3.3.6 Risk of bias 

The overall risk of bias was determined for each prediction model across the six studies using 

PROBAST (see Table 3.3 and Table 3.4). All studies had a high risk of bias based on the four 

domains (participants, covariates, outcomes, and analysis).  



53 

 

Table 3.3: Overview of prediction models for the prognosis of HIV-related outcomes. 

Study, data and 

outcome 
Covariates in the final model 

Sample size 

(no of 

individuals 

with 

outcomes) 

Predictive performance validation 

Overall 

risk of 

bias**  

Type of 

validation 
Performance*  

***Aldrete et al. 

(Aldrete, 2020); HIV-

infected individuals on 

ART from three cohort 

studies; composite 

outcome.  

Age group, sex, race, and time-

varying CD4 measurements. 
2242 (267) Not specified AUC; Uno's C  High 

Barbieri and Legrand 

(Barbieri, 2020);  HIV-

infected individuals on 

ART from a randomised 

multicentre trial; death. 

Treatment, sex, previous 

opportunistic infection, 

zidovudine treatment indicator, 

and time-varying CD4 cell 

count. 

467 (188) Simulation  Prediction plot High 

Barrett and Su (Barrett, 

2017); HIV-infected 

women from a 

prospective cohort 

study; HIV-related 

death. 

Age, time at the start of an 

interval, HIV viral load group, 

and CD4 count. 

850 (105) Simulation  Prediction plot High 

Khorashadizadeh et al. 

(Khorashadizadeh, 

2020); HIV-infected 

individuals from a 

retrospective survey; 

death. 

Age, sex, addiction, follow-up 

time, and time-varying CD4 

count measurements. 

213 (51) Not reported AUC  High 

Rizopoulos (Rizopoulos, 

2011); HIV-infected 

individuals on ART 

from a randomised 

multicentre trial; death. 

Treatment, sex, previous 

opportunistic infection, 

zidovudine treatment indicator, 

and time-varying CD4 cell 

count. 

467 (188) Simulation  AUC  High 

Tournoud et al. 

(Tournoud, 2010); data 

from HIV-1 infected 

individuals from a 

cohort study in Senegal; 

drug resistance. 

Virological and adherence 

response models 
111 (57) Simulation  

Posterior predicted 

checks 
High 

*Performance in the form of the area under the curve (AUC) of the receiver operating curve 

(ROC), calibration or overall performance; **Risk of bias using PROBAST and TRIPOD; 

***HIV=human immunodeficiency virus, ART=antiretroviral therapy, CD4=cluster 

differentiation four. 
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Only one of these studies (Aldrete, 2020) had an unclear risk of bias for the participants’ 

domain (Table 3.4). This study used combined data from a multicentre study of three cohorts 

for model development. The cohorts had distinct characteristics, which could result in residual 

confounding (Aldrete, 2020). The rest of the studies used one representative population of the 

target population in the cohort or a randomised multicentre trial study design for model 

development. Except for one study (Tournoud, 2010), the prediction model studies used 

common individual demographics and clinical characteristics (Table 3.3). The lack of candidate 

covariates in this study suggests a high risk of bias for the covariate domain induced by 

difficulty in summarising an individual’s outcome. Using a composite outcome in one study 

(Aldrete, 2020) was a cause for concern about bias in the outcome domain. Composite 

outcomes in studies have been associated with difficulty in interpreting findings, which may 

reduce the credibility of the research (Ross, 2007). All studies had a high risk of bias in the 

analysis domain. Nonetheless, there was a reasonable number of individuals with an outcome 

that warranted the development of a prediction model in the studies. Four of the six studies 

handled continuous covariates appropriately (Barbieri, 2020; Barrett, 2017; Khorashadizadeh, 

2020; Rizopoulos, 2011). They used square root CD4 count values to account for the skewed 

shape distribution of CD4 cell count. In one study (Tournoud, 2010), participants were missing 

based on the number of repeated measurements and resistance tests. The missing data was 

treated as missing at random and did not require special missing data techniques in a Bayesian 

framework for the joint model. Predictive performance was only reported in the form of 

discrimination (Aldrete, 2020; Khorashadizadeh, 2020; Rizopoulos, 2011) and predictive plots 

(Barbieri, 2020; Tournoud, 2010) in the developed models.  
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Table 3.4: Risk of bias assessment on four domains across six prediction model studies for 

HIV. 

Study 

Risk of bias 

*Overall Participants Covariates Outcome Analysis 

    

Aldrete et al. 

(Aldrete, 2020) 
Unclear Low Unclear High †High 

Barbieri and Legrand 

(Barbieri, 2020) 
Low Low Low High †High 

Barrett and Su 

(Barrett, 2017) 
Low Low Low High †High 

Khorashadizadeh et 

al. (Khorashadizadeh, 

2020) 

Low Low Low High †High 

Rizopoulos 

(Rizopoulos, 2011) 
Low Low Low High †High 

Tournoud et al. 

(Tournoud, 2010) 
Low High Low High †High 

*Risk of bias using PROBAST and TRIPOD; †Risk of bias is high owing to calibration not 

being evaluated or not using external populations for validation 

 

3.4 Discussion  

This literature review identified only a small number of dynamic prediction models applied to 

HIV from the extensive HIV-associated modelling literature. Two methods have been applied: 

(1) variation of the joint model and (2) two-stage modelling. Most models used mortality as an 

HIV-related outcome of interest, reflecting the time of data and follow-up. Only one model 

evaluated a non-mortality-associated outcome, which was drug resistance.  

The advantage of predictions that continuously update with new profile information is 

complemented by the time span in which these predictions are made. There was a disparity in 

the span of these predictions, ranging from months to ten years. Predictions made up to ten 

years on individuals are ideal for chronic conditions like HIV, where individuals remain on 

treatment for the remainder of their lives, and clinical decision-making on treatment takes 

place.  
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Predictions from dynamic models should be reliable to inform individuals and guide clinical 

decision-making. The included studies had only moderate discrimination ability as estimated 

by time-varying AUCs of the ROC curve. Given the proportion of individuals with the outcome 

of interest in the included studies, the discrimination ability of these models is adequate. 

However, it may not be good enough to consider including as part of clinical care.  

Prediction plots and posterior predictive model checks did not reveal any significant problem 

with the fit of the modelling approaches used in the included studies. In general, at least one 

measure of predictive performance was reported, but there was no standardisation of measures 

for assessing the performance of prediction models. Most validation approaches did not use 

independent clinical data from different settings, potentially reflecting the lack of access to 

large data on independent and external populations. 

 

3.4.1 Strengths and limitations 

As more dynamic prediction models emerge over the years in HIV, the quality of reporting in 

published studies is an issue of concern. A significant strength of this review is the use of tools 

facilitating quality assessment for prediction models in these studies. A two-step quality 

assessment was conducted using TRIPOD and PROBAST for reporting and risk of bias. 

Studies were critically appraised based on the TRIPOD checklist by extracting information 

reflecting aspects of good practice for reporting prediction model studies. The review explicitly 

assessed the risk of bias in the studies using the PROBAST and CHARMS checklists. A careful 

review of biographies in the included studies ensured that additional articles were considered. 

Interpretation of the results should be done, keeping in mind the limitations of the study.  

First, dynamic prediction models have become increasingly abundant in the medical literature 

over the years, with a lack of uniformity in language when referring to them. Some dynamic 

prediction model studies are at risk of not being retrieved in the literature due to the disparity 

in the language. Truncation and combination of all search terms, including free-text words 

using Boolean operators, was used in the search strategy to mitigate this risk. Second, one 

researcher may introduce subjectivity and bias in the screening and assessment for eligibility 

and inclusion stages. Carrying articles forward to the next stage if it was unclear whether they 

should be excluded was managed carefully to minimise the risk of subjectivity. Finally, new 

HIV-related publications often enter the medical literature with the increasing interest in 

dynamic prediction models. Therefore, this review cannot be regarded as an up-to-date list of 
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all currently available HIV-related dynamic prediction models. Also, studies not written in 

English might improve the literature when translated; these published studies will be reassessed 

in future iterations. Due to the slight variation in modelling approaches to dynamic prognosis 

prediction, the main conclusions and recommendations are implausible to change if these new 

or translated articles are included. 

 

3.4.2 Implications 

Prediction models are fast-growing tools to augment clinical decision-making. Specification of 

the clinical question and clear reporting of the model development and validation are needed 

to adopt these models in practice (Moons, Royston, Vergouwe, Grobbee, & Altman, 2009; 

Steyerberg et al., 2013). For model development and validation, representative data, ideally 

from nested case-control or prospective cohort studies, are recommended (Steyerberg, 2008). 

Most of the studies included in the review adequately described the study population. None of 

the predictions from the studies were validated by independent data. Nonetheless, the studies 

would be in little doubt if the review assessed the models’ applicability based on the first three 

domains of the PROBAST (Wolff et al., 2019). In most cases with prognosis prediction, the 

interest lies in predicting the risk of an individual developing an outcome over time, and this 

outcome is presented as binary (Steyerberg et al., 2010). In the study by Tournoud (2010), 

predictions were not presented as a simple binary classification task but instead as a 

combination of longitudinal models. The lack of optimal ways to summarise the outcome in 

this model should be addressed.  

It is recommended that discrimination and calibration should be included as minimum 

predictive performance measures for prediction model studies (Steyerberg et al., 2010). 

Unfortunately, prediction model studies included in the review often lacked quality in model 

evaluation and reporting. The lack of reporting was supported by the high risk of bias in the 

analysis domain of PROBAST owing to calibration not being adequately evaluated. The 

frequency of measurement was specified in the studies. Given the stochastic nature of time-

dependent covariates, for example, biomarkers (HIV viral load or CD4) in included studies, a 

sensitivity analysis on varying frequencies of measurements would be of interest. Authors 

should adopt recommendations such as PROGRESS, TRIPOD statement and PROBAST to 

develop and validate prediction models to leverage the opportunities presented by prediction 

model studies. Given these frameworks in the literature, there is a need for more applications 
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of dynamic prediction models that forecast time-to-HIV-related clinical events in addition to 

mortality. From the large number of studies identified in our search, very few of them (only six 

from 242 in our studies) predict the prognosis of HIV-related outcomes in individuals with HIV. 

The lack of appropriate dynamic prediction models indicates a disparity in the literature 

regarding using the term dynamic prediction. One must exercise caution when using the limited 

dynamic prediction models identified in this review because they have not been validated in 

large independent and external populations. 

 

3.5 Conclusion 

This review demonstrated a disparity in using the term dynamic prediction with the exclusion 

of many identified studies. Moreover, most dynamic prediction models identified in the search 

were without application, while those with application did not use a consistent framework for 

evaluation and reporting. Despite individualised predictions being of growing interest in 

medical applications, there is no published empirical research on dynamic prediction models 

implemented as prognostic tools in HIV. Dynamic prediction models could provide an avenue 

for HIV-related clinical prognosis with further development. HIV-related clinical prognosis 

under dynamic prediction models needs large data on independent and external populations to 

test models for generalisable predictions to become useful and practical prognosis tools (Moons 

et al., 2009; Steyerberg, 2008; Tournoud, 2010). Currently, none of the dynamic prediction 

models identified in this review are recommended for use as practical prognosis tools. This 

review identified study setting, outcome type, prediction span, predictive performance, and 

model validation as crucial characteristics that inform the conduct and quality of model 

evaluation of dynamic prediction models for individualised prognosis prediction using 

longitudinally measured biomarkers. These characteristics are used as a basis for prognosis 

prediction for clinical outcomes in Chapter 5, Chapter 6 and Chapter 7. 
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Chapter 4 Data Sources for Motivating Disease Case 

Studies 

Longitudinal continuous biomarker and time-to-event data from motivating cohorts are briefly 

introduced in this chapter. HIV and diabetes cohorts were formed using routine test results 

administered by the South African National Health Laboratory Service (NHLS). As the largest 

public-sector diagnostic pathology service in South Africa, the NHLS offers laboratory testing 

for public-sector health facilities, serving 80% of the nation's population (National Health 

Laboratory Service, 2021a). Data from the HIV and diabetes cohorts were used for Objectives 

2, 3, 4, and 5. Detailed descriptions and explorations of these cohorts are provided in this 

chapter. 

 

4.1 Routine HIV Data 

4.1.1 Cohort description  

Study design, setting and population  

The data is based on the routine HIV viral load tests administered by the NHLS in the Western 

Cape province. The cohort consists of individuals attending routine HIV care across public 

sector healthcare facilities between 1 January 2008 and 30 September 2018 in the Western 

Cape, South Africa. The Western Cape HIV viral load tests were in the National Priority 

Programme (NPP) from the NHLS. Data were available from six components of the NPP HIV 

section: (i) CD4 unit, (ii) HIV viral load unit, (iii) early infant diagnosis unit, (iv) HIV 

genotyping unit, (v) Research Diagnostic Group, (vi) Business Analysis and Monitoring, and 

Evaluation (National Health Laboratory Service, 2021b). The data used in this thesis were 

extracted from the HIV viral load unit. The data contains individual unique identifiers, clinical 

visit information (date of specimen test or calendar year and healthcare facility), demographic 

characteristics (age or date of birth, sex), and laboratory test results (HIV viral load). 

Inclusion exclusion 

The exclusion criteria for the data were as follows: (i) individuals < 16 years of age at their 

first HIV viral load test, ii) individuals from independent care, correctional and private 

healthcare facilities, and (iii) individuals with < 3 repeated HIV viral load tests. To ensure that 
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the covariance structure for the individuals’ random effects in the longitudinal model is well-

defined, a minimum of three repeated HIV viral load measurements were employed. The 

exclusion criteria are summarised in Figure 4.1.  

Data quality checks and missing data 

Separate unlinked individual HIV viral load test results were linked using an innovative linkage 

procedure as previously described elsewhere (Mukonda, Hsiao, Vojnov, Myer, & Lesosky, 

2020). Briefly, a custom record linkage procedure was used to identify participants in the NHLS 

HIV database. It separated them into a reference set (those with matching first and last names, 

date of birth, and anonymized individual identifier) and comparative sets. Summary scores 

were evaluated in a sensitivity analysis, and the record linkage procedure attained an 

exceptional linkage (Mukonda et al., 2020). Reliable HIV viral load test results were extracted 

from the NHLS electronic database, and no missing data was found. 
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Figure 4.1: Flow diagram of individuals in the routine HIV Western Cape cohort. 

 

4.1.2 Data exploration 

Between 1 January 2008 and 30 September 2018, there were 474 595 individuals living with 

HIV on ART from the overall cohort. After excluding 352 170 (74%) individuals, a cohort of 

122 425 (26%) individuals was included in the analysis (Figure 4.1). Of the 122 425 individuals 

included in the analysis, 91 818 (75%) and 30 607 (25%) were randomly allocated to the 

development and validation cohorts, respectively. 

Longitudinal continuous HIV viral load biomarker and time-to-virologic failure  
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The longitudinal outcome was the repeated measurements of the continuous HIV viral load. 

An excess of large values often characterises these HIV viral load values. Thus, for the 

remainder of this thesis, log base 10-transformed HIV viral load was used. Figure 4.2 shows 

the distribution of the observed (log base 10) longitudinal continuous HIV viral load 

(copies/mL) values of individuals in the routine HIV Western Cape cohort. A notable feature 

of the HIV viral load data was the high proportion of values below a limit detection of 50 (1.7 

on the log base 10 scale) copies/mL (referred to in this thesis as undetectable HIV viral load) 

and exhibiting a right-skewed distribution. This distributional characteristic of the HIV viral 

load data will be accommodated in a two-part joint model (to be introduced in Chapter 7). 

 

 

Figure 4.2: Observed (log base 10) longitudinal continuous HIV viral load (copies/mL) 

biomarker values of individuals in the historic routine HIV Western Cape cohort. 

 

The time-to-event was the time to the first virologic failure. Using the 2019 South African 

guidelines (South African National Department of Health, 2019a, 2019b), virologic failure was 

defined as two consecutive HIV viral load tests ≥1000 copies/mL six months apart after ART 

initiation for at least six months. The duration of observed follow-up time was calculated from 

enrolment to the last observed follow-up time due to virologic failure or censoring. For 

individuals with virologic failure, time-to-first virologic failure was defined as the duration 

from observed enrolment time to the minimum observed follow-up time between two 
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sequential visits. Individuals were considered censored if they did not have virologic failure at 

the end of follow-up or the last observed time if they were lost to follow-up. Follow-up time in 

weeks was used to improve the clinical interpretation and comparison of results. 

As discussed in Chapter 2, repeated biomarker measurements are often assumed to be 

associated with a time-to-event of interest. For example, Figure 4.3 shows observed repeated 

measurements (i.e., observed longitudinal trajectories) of log base 10 HIV viral load 

(copies/mL) biomarker for a random sample of individuals living with HIV on ART followed-

up from study entry time until virologic failure or last observed follow-up. In this figure, 

individuals who had virologic failure during the observed follow-up time are represented by 

dashed lines, and solid lines represent those who did not. An important feature of the observed 

trajectories is considerable variability in the trajectories of the HIV viral load, with each 

individual appearing to have their own trajectory. 

 

 

Figure 4.3: Observed (log base 10) longitudinal HIV viral load (copies/mL) measurements for 

eight randomly selected individuals followed-up from study entry until first virologic failure 

or censoring time in the Western Cape, South Africa. 

 

Demographic characteristics 
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Baseline (study entry time) was considered the first HIV viral load measurement date for each 

individual in the cohort, between January 1, 2008, and September 30, 2018. Baseline 

characteristics of the Western Cape HIV cohort are shown in Table 4.1. A large proportion 

(70%) of the individuals in the cohort were females. The median (interquartile range; IQR) age 

of individuals at enrolment was 33 (28; 40). In the 11 years of follow-up time, 2018 was the 

year fewer (0.2%) of the individuals were followed up, and 2015 was the year where most 

(16%) of the individuals were followed up. As shown in Figure 4.2 and Table 4.1, a large 

proportion (71%) of the individuals in the cohort had HIV viral load values <50 copies/mL, 

while 14% had an elevated HIV viral load.  

The characteristics of individuals who had virologic failure during observed follow-up time in 

the overall development and validation cohorts are shown in Table 4.2. Overall, individuals in 

the cohort had a median of three HIV viral load measurements (IQR: 1–5). By the end of the 

observed follow-up time, 109 878 (89.8%) were censored, and 12 547 (10.2%) had virologic 

failure with a median follow-up time of 41 weeks (IQR: 16 - 119) in the overall cohort. For the 

development cohort, 9357 (10.2%) individuals had virologic failure with a median follow-up 

time of 40 weeks (IQR: 16 - 118). In the validation cohort, 3190 (10.4%) individuals had 

virologic failure with a median follow-up time of 42 weeks (IQR: 16 - 121).  
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Table 4.1: Individual characteristics at baseline in the routine HIV Western Cape cohort. 

  Viral load at baseline (copies/mL) 

Characteristic Overall < 50  50 & < 400  400 & < 1000  1000 

 N = 122 4251 N = 87 0501 N = 15 5961 N = 26451 N = 17 1341 

Baseline age (years), 

Median (IQR) 

33 (28, 40) 33 (28, 40) 34 (28, 41) 33 (28, 40) 33 (27, 39) 

Sex, n (%)      

    Male 37 185 (30.4) 25 240 (29) 5704 (36.6) 799 (30.2) 5442 (31.8) 

    Female 85 240 (69.6) 61 810 (71) 9892 (63.4) 1846 (69.8) 11 692 (68.2) 

Cohort enrolment, n 

(%) 

     

    2008 9061 (7.4) 7676 (8.8) 312 (2) 172 (6.5) 901 (5.3) 

    2009 7352 (6) 5971 (6.9) 457 (2.9) 147 (5.6) 777 (4.5) 

    2010 7079 (5.8) 5442 (6.3) 622 (4) 151 (5.7) 864 (5) 

    2011 11 777 (9.6) 8466 (9.7) 1379 (8.8) 206 (7.8) 1726 (10.1) 

    2012 14 675 (12) 10 727 (12.3) 1848 (11.8) 254 (9.6) 1846 (10.8) 

    2013 16 243 (13.3) 11 635 (13.4) 2037 (13.1) 314 (11.9) 2257 (13.2) 

    2014 15 426 (12.6) 11 045 (12.7) 1819 (11.7) 289 (10.9) 2273 (13.3) 

    2015 19 325 (15.8) 13 485 (15.5) 2747 (17.6) 437 (16.5) 2656 (15.5) 

    2016 16 352 (13.4) 10 107 (11.6) 3445 (22.1) 467 (17.7) 2333 (13.6) 

    2017 4913 (4) 2420 (2.8) 906 (5.8) 193 (7.3) 1394 (8.1) 

    2018 222 (0.2) 76 (0.1) 24 (0.2) 15 (0.6) 107 (0.6) 

1Statistics presented: N = total number of individuals; IQR = interquartile range; n = frequency 
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Table 4.2: Characteristics of individuals at the observed time of virologic failure in the routine 

HIV Western Cape overall, development and validation cohorts. 

 Overall cohort Development 

cohort 

Validation cohort 

Characteristic N = 12 5471 N = 93571 N = 31901 

𝐥𝐨𝐠𝟏𝟎 𝐯𝐢𝐫𝐚𝐥 𝐥𝐨𝐚𝐝 (𝐜𝐨𝐩𝐢𝐞𝐬/𝐦𝐋), Median (IQR) 4.2 (3.6, 4.8) 4.2 (3.6, 4.8) 4.2 (3.6, 4.8) 

Baseline age (years), Median (IQR) 33 (28, 39) 33 (27, 39) 33 (28, 39) 

Sex, n (%)    

    Male 4009 (32) 2986 (31.9) 1023 (32.1) 

    Female 8538 (68) 6371 (68.1) 2167 (67.9) 

Cohort year, n (%)    

    2008 205 (1.6) 149 (1.6) 56 (1.8) 

    2009 478 (3.8) 351 (3.8) 127 (4.0) 

    2010 523 (4.2) 397 (4.2) 126 (3.9) 

    2011 1282 (10.2) 953 (10.2) 329 (10.3) 

    2012 1249 (10) 933 (10) 316 (9.9) 

    2013 1584 (12.6) 1182 (12.6) 402 (12.6) 

    2014 1448 (11.5) 1075 (11.5) 373 (11.7) 

    2015 1373 (10.9) 1008 (10.8) 365 (11.4) 

    2016 1747 (13.9) 1294 (13.8) 453 (14.2) 

    2017 1702 (13.6) 1276 (13.6) 426 (13.4) 

    2018 956 (7.6) 739 (7.9) 217 (6.8) 

Follow-up time (week), Median (IQR) 40.9 (15.9, 119) 40.1 (15.9, 118.1) 42.2 (16, 121) 

1Statistics presented: N = total number of individuals; IQR = interquartile range; n = frequency  

 

Duration between the observed follow-up times and virologic failure patterns 

The duration between the observed follow-up times for individuals with at least one 

consecutive elevated HIV viral load in the overall cohort is shown in Figure 4.4. These 

individuals had a median duration of 26.3 weeks (6 months) between observed follow-up times, 

and only 25% had less than 16.3 weeks of duration between observed follow-up times. Thus, 

a sufficient subset of individuals met the definition of time to first virologic failure.  
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The virologic failure-free probability (with 95% confidence interval; CI) in the individuals was 

0.952 (95% CI: 0.951, 0.954) within 13 weeks (3 months) of observed follow-up time, 0.949 

(95% CI: 0.948, 0.95) within 26 weeks (6 months) of observed follow-up time, 0.937 (95% CI: 

0.936, 0.938) within 52 weeks (12 months) of observed follow-up time, and 0.92 (95% CI: 

0.918, 0.921) within 104 weeks (24 months) of observed follow-up time from the overall 

routine HIV cohort. These virologic failure-free probabilities are summarised in the Kaplan-

Meier plot (Figure 4.5). A large proportion of the individuals did not experience virologic 

failure during the observed follow-up time. The next chapter considers clinical applications of 

statistical regression models (introduced in Chapter 2) for prognosis prediction to individuals 

living with HIV to estimate the hazard of virologic failure. 

 

 

Figure 4.4: Duration (weeks) between observed follow-up time for individuals who had at least 

one consecutive elevated HIV viral load in the routine HIV Western Cape overall cohort. 
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Figure 4.5: Kaplan-Meier estimate of the virologic failure-free probability for individuals 

living with HIV in the routine HIV Western Cape overall cohort. The inserted figure represents 

a zoomed-in version of the original figure.   

 

4.2 Routine Diabetes Data 

4.2.1 Cohort description  

Study design, setting and population  

The data is based on the Western Cape province routine HbA1c tests conducted by the NHLS. 

The cohort consists of individuals attending routine diabetes care across public sector 

healthcare facilities between 1 January 2016 and December 2021 in Western Cape, South 

Africa. The data contains individual unique identifiers, demographic characteristics (age or 

date of birth, sex), and laboratory test results (HbA1c). 

Inclusion exclusion 

The exclusion criteria for the data were as follows: (i) individuals < 18 years of age at their 

first HbA1c test, and (ii) individuals with < 3 repeated HbA1c tests. To ensure that the 

covariance structure for the individuals’ random effects in the longitudinal model is well-

defined, a minimum of three repeated HbA1c measurements were employed. The exclusion 

criteria are summarised in Figure 4.6. 



73 

 

Data quality checks and missing data handling 

As previously reported, a reliable individual identifier was used to link multiple HbA1c test 

results. The individual identifier was used to link and track multiple HBA1c test results from 

the same individuals (Odayar et al., 2024). There was no need to address missing data because 

complete, reliable HbA1c test results were extracted from the NHLS electronic database. 

 

 

Figure 4.6: Flow diagram of individuals in the routine diabetes cohort. 

 

4.2.2 Data exploration 

There were 452 411 T2DM individuals from the Western Cape cohort between 1 January 2016 

and December 2021. Of these individuals, 129 609 (28.6%) were 18 years and older and had 

more than two HbA1c test results. After excluding 24 598 (19%) individuals who were 

glycaemic controlled (index HbA1c < 6.5) at enrolment, a cohort of 105 011 (81%) individuals 
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was included in the analysis (Figure 4.6). Of the 105 011 individuals included in the analysis, 

78 868 (75%) and 26 143 (25%) were randomly allocated to the development and validation 

cohorts, respectively. 

Longitudinal continuous HbA1c biomarker and time to glycaemic control 

The longitudinal outcome was the repeated measurements of the continuous HbA1c biomarker. 

Figure 4.7 shows the distribution of the observed longitudinal continuous HbA1c (mmol/mol) 

measures of individuals in the routine diabetes Western Cape cohort. As shown in the figure, a 

high proportion of values above an HbA1c glycaemic control threshold of 6.5 mmol/mol was 

used in this thesis. 

 

 

Figure 4.7: Observed longitudinal continuous HbA1c (mmol/mol) biomarker values of 

individuals in the routine diabetes Western Cape cohort. 

 

Time to glycaemic controlled HbA1c 

The time-to-event was the time to first glycaemic control, where glycaemic control was defined 

as an HbA1c < 6.5 mmol/mol based on the 2014 South African guidelines (South African 

National Department of Health, 2014). Duration of observed follow-up time (months) was 

calculated from enrolment to the last observed time due to achieving glycaemic control or 

censoring. Individuals were considered censored if they did not achieve glycaemic control at 

the end of follow-up or the last observed time if they were lost to follow-up.  
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Figure 4.8 shows observed longitudinal trajectories of the HbA1c (mmol/mol) biomarker for a 

random sample of T2DM individuals followed up from study entry until glycaemic control or 

last observed follow-up time. In this figure, individuals with glycaemic control during observed 

follow-up time are represented by dashed lines, while solid lines represent individuals who did 

not. The figure shows that the observed trajectories vary considerably. 

 

Figure 4.8: Observed longitudinal HbA1c (mmol/mol) measurements for eight randomly 

selected individuals followed-up from study entry time (not glycaemic controlled) until first 

glycaemic control or censoring time in the Western Cape, South Africa. 

 

Demographic characteristics 

Baseline was considered the first HbA1c measurement date for each individual in the cohort 

between 1 January 2016 and December 2021. Baseline characteristics of the Western Cape 

diabetes cohort are shown in Table 4.3. A large proportion (66%) of the individuals were 

females. Most individuals (56%) were in the 35-49 age group; 7.3% were in the 18-34 age 

group at enrolment. During the six years of follow-up, 2016 was when most (57%) individuals 

were followed up, and fewer (0.3%) individuals were followed up in 2021.  

Overall, individuals in the cohort had a median of one HbA1c measurements (IQR: 1–3). The 

individuals’ characteristics at the end of the follow-up of the overall development and 
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validation cohorts are shown in Table 4.4. By the end of the observed follow-up, 87 937 

(83.7%) of the individuals were censored, and 17 074 (16.3%) achieved glycaemic control with 

a median follow-up time of 43 months (IQR: 28 - 57) in the overall cohort. For the development 

cohort, 12 811 (16.2%) individuals achieved glycaemic control, with a median follow-up time 

of 43 months (IQR: 28 - 57). In the validation cohort, 4263 (16.3%) individuals achieved 

glycaemic control with a median follow-up time of 43 months (IQR: 28 - 57).  

 

Table 4.3:  Individual characteristics at baseline in the historic routine diabetes Western Cape 

cohort. 

Characteristic N = 129 6091 

Baseline HbA1c level (mmol/mol), n (%)  

< 6.5 24 598 (19) 

6.5-8 31 768 (24.5) 

> 8 73 243 (56.5) 

Baseline Age groups, n (%)  

18-34 9512 (7.3) 

35-59 72 893 (56.2) 

60+ 47 204 (36.4) 

Sex, n (%)  

Male 44 027 (34) 

Female 85 582 (66) 

Cohort enrolment, n (%)  

2016 73 600 (56.8) 

2017 31 502 (24.3) 

2018 13 951 (10.8) 

2019 7727 (6) 

2020 2426 (1.9) 

2021 403 (0.3) 

1Statistics presented: N = total number of individuals; n = frequency  
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Table 4.4: Characteristics of individuals by the end of follow-up in the historic routine diabetes 

Western Cape overall, development and validation cohorts. 

 Overall cohort Development cohort Validation cohort 

Characteristic N = 105 0111 N = 78 8681 N = 26 1431 

HbA1c level, n (%)    

< 6.5 17 074 (16.3) 12 811 (16.2) 4263 (16.3) 

6.5-8 20 473 (19.5) 15 428 (19.6) 5045 (19.3) 

> 8 67 464 (64.2) 50 629 (64.2) 16 835 (64.4) 

Baseline age groups, n (%)    

18-34 4989 (4.8) 3733 (4.7) 1256 (4.8) 

35-59 50 817 (48.4) 38 066 (48.3) 12 751 (48.8) 

60+ 49 205 (46.9) 37 069 (47.0) 12 136 (46.4) 

Sex, n (%)    

Male 35 117 (33.4) 26 326 (33.4) 8791 (33.6) 

Female 69 894 (66.6) 52 542 (66.6) 17 352 (66.4) 

Cohort year, n (%)    

2016 1175 (1.1) 896 (1.1) 279 (1.1) 

2017 5149 (4.9) 3851 (4.9) 1298 (5) 

2018 8466 (8.1) 6385 (8.1) 2081 (8) 

2019 17 551 (16.7) 13 129 (16.6) 4422 (16.9) 

2020 20 236 (19.3) 15 196 (19.3) 5040 (19.3) 

2021 52 434 (49.9) 39 411 (50) 13 023 (49.8) 

Follow-up time (months), Median (IQR) 43.1 (28.4, 56.8) 43.1 (28.3, 56.8) 43.2 (28.4, 56.9) 

1Statistics presented: N = total number of individuals; IQR = interquartile range; n = frequency  

 

The duration between the observed follow-up times and glycaemic-control patterns 

The duration between the observed follow-up times for individuals who achieved glycaemic 

control in the overall cohort is shown in Figure 4.9. These individuals had a median duration 

of 11.5 months, and only 25% had less than 6.5 months between observed follow-up times. 

The glycaemic control-free probability in the individuals was 0.985 (95% CI: 0.984, 0.986) 

within six months of observed follow-up time, 0.957 (95% CI: 0.956, 0.959) within 12 months 

and 0.903 (95% CI: 0.901-0.904) within 24 months from the overall routine diabetes cohort. 
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These glycaemic control-free probabilities are summarised in the Kaplan-Meier plot (Figure 

4.10). A large proportion of the individuals did not achieve glycaemic control during the 

observed follow-up time. In Chapter 5, the hazard of achieving glycaemic control is estimated 

by applying statistical regression models for prognosis prediction to T2DM individuals. 

 

 

Figure 4.9: Duration (months) between observed follow-up time for individuals who achieved 

glycaemic control in the routine diabetes Western Cape overall cohort. 
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Figure 4.10: Kaplan-Meier estimate of the glycaemic control-free probability for T2DM 

individuals in the routine diabetes Western Cape overall cohort. The inserted figure represents 

a zoomed-in version of the original figure. 

 

4.3 Ethical Approval   

Existing NHLS laboratory data routinely collected during the clinical care of patients in health 

facilities from Western Cape, South Africa, were analysed in this thesis. Approval for analysis 

of anonymised NHLS HIV and diabetes data was granted by the Human Research Ethics 

Committee (HREC) of the University of Cape Town (Protocol No HREC 436-2020). See 

Appendix 12. 

 

4.4 Discussion 

The Western Cape routine HIV and diabetes datasets contained a longitudinal outcome, a time 

to event and demographic characteristics of patients. In the routine HIV data, the longitudinal 

outcome was the HIV viral load, and the time to event was the time to virologic failure. For the 

routine diabetes data, HbA1c and the time to glycaemic control were the longitudinal outcome 

and time-to-event, respectively. The longitudinal outcome and time-to-event data for each 

disease are modelled separately (Chapter 5) and jointly (Chapter 6 and Chapter 7) to predict 

probabilities of clinical outcomes (virologic failure and glycaemic control).   
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Chapter 5 Application of Cox Models for Prediction  

5.1 Introduction  

In Chapter 2, regression models for analysis of longitudinal continuous biomarker and time-to-

event data were introduced. Two datasets were briefly described in Chapter 4 to provide context 

and motivation for the regression models. These datasets are used to illustrate the application 

of regression models as practical tools to generate prediction of clinical outcomes. In this 

Chapter, a Cox proportional hazards model was used to predict probabilities of clinical 

outcomes in the two datasets. In Section 5.2, a Cox proportional hazards-based prediction 

model for individuals living with HIV in the Western Cape is developed and evaluated. 

Similarly, a Cox proportional hazards-based prediction model for T2DM individuals in the 

Western Cape is presented in Section 5.3. A summary of the findings and concluding remarks 

are given in Section 5.4. 

 

5.2 Predicting Virologic Failure for Individuals Living with HIV  

This section illustrates the application of a Cox proportional hazards model to the motivating 

routine HIV Western Cape data. The development of a cohort of the routine HIV Western Cape 

data was used for developing a prediction model, and the validation cohort was used for 

evaluating predictive performance. The development details and predictive performance of the 

Cox proportional hazards-based prediction model are given in sub-sections 5.2.1 and 5.2.2, 

respectively. A nomogram for prognosis predictions of virologic failure probabilities is 

provided in sub-section 5.2.3, and findings are summarised in sub-section 5.2.4. 

 

5.2.1 Cox model for time-to-virologic failure 

The Cox proportional hazards model described in Chapter 2 was used to model the hazard of 

virologic failure, adjusting for baseline continuous HIV viral load values, baseline age category 

(age category 30-39 as a reference category) and sex. The Cox proportional hazards model is 

given as: 

 



82 

 

ℎ𝑖(𝑡) = ℎ0(𝑡) exp(γ∗age𝑖 + 𝛾5male𝑖 + 𝜑 log10 vload𝑖), 5.1 

γ∗age𝑖 = 𝛾1age16−19 + 𝛾2age20−29 + 𝛾3age40−49 + 𝛾4age50+.  

 

where ℎ𝑖(𝑡) represents the hazard of virologic failure for individual 𝑖 at observed follow-up 

time 𝑡, ℎ0(𝑡) describes the unspecified baseline hazard, γ∗ is the vector of regression 

coefficients for baseline age categories, 𝛾2 is the regression coefficient for the male dummy 

variable, and 𝜑 is the regression coefficient for baseline continuous HIV viral load values for 

the 𝑖th individual. The primary interest is in the regression coefficient 𝜑, which quantifies the 

association between baseline continuous HIV viral load values and the hazard of virologic 

failure. The Cox proportional hazards model in Equation 5.1 relied on baseline continuous HIV 

viral load values.  

A Cox proportional hazards model described in Chapter 2 was used to incorporate the last 

observed continuous HIV viral load values instead of baseline values. In this aternative Cox 

proportional hazards model, the interest lies in quantifying the association between the last 

observed continuous HIV viral load values at time 𝑡, log10 vload𝑖(𝑡) and the hazard of 

virologic failure, adjusting for baseline age categories and sex. The Cox proportional hazards 

model is given as: 

 

ℎ𝑖(𝑡) = ℎ0(𝑡) exp(𝛾1age16−19 + 𝛾2age20−29 + 𝛾3age40−49 + 𝛾4age50+ + 𝛾5male𝑖

+ 𝜑 log10 vload𝑖(𝑡)). 

5.2 

 

where 𝜑 quantifies the association between the last observed continuous HIV viral load value 

before virologic failure at time 𝑡 and other model terms have the same specification as in 

Equation 5.2. The R code used to fit these Cox proportional hazards models is given in 

Appendix 4. 

Overall, the Cox proportional hazards model with baseline HIV viral load values had virologic 

failure probabilities closer to the observed virologic failure probabilities (from a Kaplan-Meier) 

than the one with last observed HIV viral load values (Figure 5.1). As a result, the Cox 

proportional hazards model with baseline HIV viral load values was considered in this thesis 

for predictions.  
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Table 5.1 shows the hazard ratios (HR) and the 95% confidence intervals of the Cox 

proportional hazards model with baseline HIV viral load, adjusted for baseline age categories 

and sex applied to the routine HIV Western Cape development cohort. The results indicate that 

the baseline continuous HIV viral load values were strongly associated with the hazard of 

virologic failure (p-value <0.001). For an increase in baseline continuous HIV viral load value 

(log base 10), the hazard of virologic failure increased by 1.99-fold (95% CI: 1.96, 2.01). The 

predictive performance of this Cox proportional hazards model was evaluated in the routine 

HIV Western Cape validation cohort in subsection 5.2.2.  

 

 

Figure 5.1: Comparison between a Cox proportional hazards model with baseline HIV viral 

load, Cox proportional hazards model with last observed HIV viral load and Kaplan-Meier 

(reference curve) on the routine HIV Western Cape development cohort. The inserted figure 

represents a zoomed-in version of the original figure. 
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Table 5.1: Parameter estimates under a Cox proportional hazards model with baseline HIV 

viral load applied to the routine HIV Western Cape development cohort. 

 HR1 95% CI1 p-value 

Baseline age group (years)    

16-19 1.22 1.05, 1.41 0.011 

20-29 1.10 1.04, 1.15 <0.001 

40-49 0.89 0.84, 0.95 <0.001 

50+ 0.80 0.72, 0.87 <0.001 

Sex    

Male 0.98 0.94, 1.03 0.405 

𝐥𝐨𝐠𝟏𝟎 HIV viral load (copies/mL) at baseline 1.99 1.96, 2.01 <0.001 

1HR = Hazard Ratio, CI = Confidence Interval 

 

5.2.2 Predictive performance 

Time-dependent AUCs and Brier scores were used to evaluate the predictive performance of 

the Cox proportional hazards-based prediction model to the routine HIV Western Cape 

validation cohort. Figure 5.2 shows time-dependent AUCs from ROC curves among 

individuals living with HIV in the validation cohort at 12 and 24-month time windows. The 

Cox proportional hazards-based prediction model had good discrimination ability with 0.89 

and 0.84 AUCs at 12 and 24-month time windows.  
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Figure 5.2: Time-dependent AUCs from ROC curves among individuals living with HIV in 

the routine HIV Western Cape validation cohort at 12 and 24 months. 

 

On the other hand, time-dependent Brier scores and a plot of observed virologic failure 

probabilities were used to evaluate the model’s prediction error and overall calibration. The 

model had low prediction error, evidenced by low Brier score values of 0.046 and 0.059 at 12 

and 24-month time windows, respectively. The agreement between the Cox proportional 

hazard-based predictions and the observed virologic failure probabilities (Kaplan-Meier 

estimator) in the routine HIV Western Cape validation cohort was further evaluated in the 

calibration plot Figure 5.3. The plot suggests that the model had suboptimal calibration ability. 
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Figure 5.3: Calibration curve at 12 and 24-month prediction time windows for probabilities of 

virologic failure in the routine HIV Western Cape validation cohort. The diagonal line denotes 

the line of perfect calibration. 

 

5.2.3 Predicting the probability of virologic failure 

For illustration, the fitted Cox proportional hazard-based prediction model was used to predict 

the probability of virologic failure for individuals in the routine HIV Western Cape validation 

cohort. Based on the Cox proportional hazard model (Equation 5.1), a nomograph (Van Zee et 

al., 2003) from the R package RMS (Harrell, 2017) was constructed, and the routine HIV 

Western Cape validation cohort was used to visualise predictions of virologic failure in 

individuals living with HIV. Figure 5.4 shows a nomograph that visualises estimated 

probabilities of virologic failure at 12 and 24-month time windows based on an individual’s 

baseline continuous log base 10 HIV viral load values, baseline age category and sex. Each 

covariate was assigned points between 0 and 100, and these points were added up to produce 

total points used to estimate the corresponding probability within 12 and 24-month time 

windows. For example, an elderly (50+-year old) female with an elevated baseline HIV viral 

load (≥1000 copies/mL), i.e., log base 10 HIV viral load value of 3 copies/mL, had a total of 

35 points resulting in 12 and 24-month time windows estimated virologic failure probabilities 

of 0.063 (95% CI: 0.053, 0.072), and 0.08 (95% CI: 0.068, 0.092), respectively. 
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A web-based dynamic nomogram from the R package DynNom (Jalali, Alvarez-Iglesias, & 

Newell, 2017) provides a user-friendly online calculator to visualise nomograms. An example 

of the prediction of virologic failure probabilities of individuals in the routine HIV validation 

cohort is given in Figure 5.5. In Figure 5.5, predictions of virologic failure during observed 

follow-up for an elderly (50+-year old) female with baseline log base 10 HIV viral load value 

of 3 copies/mL are shown for illustration.  

 

 

Figure 5.4: A nomogram for predicting the 12 and 24-month probabilities of virologic failure 

in the validation cohort. Each of the three variables (age group, baseline log base 10 HIV viral 

load and sex) is associated with points from 0 to 100. The total points, the sum of the points 

for each of all the three variables, are reported on the bottom scale of the nomogram. 
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Figure 5.5: An interactive web-based calculator that calculates the probability of virologic 

failure for easier clinical application. It expects an input for each of the three variables (age 

group, baseline log base 10 HIV viral load and sex). It uses the information to produce a plot 

and summary for the probability of virologic failure with associated 95% confidence intervals 

at specified time windows. In the figure, ageg represents the baseline age group, and logvl_1st 

represents the baseline log base 10 HIV viral load. 

 

5.2.4 Discussion 

The findings in this study indicate that virologic failure was rare in the Western Cape (10.2% 

of individuals had virologic failure by the end of follow-up). This aligns with patterns observed 

in similar resource-limited settings (Boender et al., 2015; Mesic et al., 2021). Previous studies 

from the South African national treatment programme reported that 8-22% of individuals 

experienced virologic failure (Fox et al., 2012; Hermans et al., 2018; Rohr et al., 2016). Studies 

specific to the Western Cape province range from 2% to 14%, indicating potential provincial 

variations. 

The implication of a lower proportion of virologic failure in the Western Cape highlights the 

effectiveness of ART in resource-limited settings. However, South Africa faces a multitude of 

health challenges, including communicable and non-communicable diseases, emphasising the 
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importance of addressing virologic failure to mitigate change of regimen associated costs and 

improve the quality of life for affected individuals (Agegnehu, Merid, & Yenit, 2020; 

SeyedAlinaghi et al., 2023). Despite abundant studies in resource-constrained settings that 

identified demographics and clinical variables associated with virologic failure, there remains 

a notable gap in developing prediction models for virologic failure, even in resource-rich 

settings. 

Existing prediction models primarily focus on HIV-related outcomes such as immune 

reconstitution inflammatory syndrome (Han, X. et al., 2022), death (Hou et al., 2019; Jiang et 

al., 2022), CD4/CD8 ratio restoration (Li et al., 2022) and cutaneous T-Cell lymphoma (Yang, 

Gong, Huang, Sun, & Hu, 2022), with limited attention to virologic failure. These studies were 

predominantly based on retrospective cohort studies from China (Han, X. et al., 2022) and 

population-based cohorts across China and the United States. Only one previous study in South 

Africa developed a prognosis prediction model for virologic failure using routine electronic 

health records (Rohr et al., 2016). This thesis extends that work by predicting virologic failure, 

specifically in the Western Cape province, using baseline HIV viral load as a predictor instead 

of CD4 count and incorporating time-dependent AUCs and Brier scores for discrimination and 

calibration. Notably, a nomogram for the prognosis of virologic failure is introduced for 

practical clinical application. 

In terms of study design and population, the prediction model in that study leveraged routine 

electronic health records data from a sizeable cohort of 72 181 individuals spanning healthcare 

facilities in Gauteng and Mpumalanga provinces from 2004 to 2013. The median follow-up 

duration in the routine HIV data in this thesis was shorter compared to the previous study (11.8 

vs 21.5 months).  

The previous study predicted a five-year probability of individuals on ART experiencing 

virologic failure in Gauteng and Mpumalanga provinces. Given the shorter median follow-up 

duration of individuals in the HIV routine data, the focus of this thesis was on predicting 

virologic failure within a 1-2 year time window for individuals on ART and living with HIV in 

the Western Cape province. 

The prediction model in this thesis demonstrated better discrimination ability than the previous 

study. Time-dependent AUCs implied that individuals at higher risk of virologic failure were 

correctly identified with higher probabilities of 0.89 and 0.84 at 12 and 24-month time windows 

than 0.6 at a five-year time window. Lower time-dependent Brier scores suggested a match 
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between predicted and observed virologic failure patterns, consistent with the previous study. 

Furthermore, a nomogram in this study showed that, on average, one to two-year virologic 

failure probabilities were low, consistent with the five-year predictions of virologic failure 

probabilities in the previous study. The consistency in the findings indicates that, on average, 

virologic failure is low for shorter and longer time windows of prediction. 

Consistent with previous research in South Africa, the findings revealed that older age at 

baseline was associated with decreased hazard of virologic failure (Fox et al., 2012; Hermans 

et al., 2018; Kehoe et al., 2020). Additionally, higher baseline HIV viral load values were 

associated with an increased hazard of virologic failure (Cevik, Orkin, & Sax, 2020; Fox et al., 

2012; SeyedAlinaghi et al., 2023). This finding highlights the importance of routine HIV viral 

load monitoring to assess progression in individuals living with HIV. Chapter 6 extends the 

Cox proportional hazards-based prediction model for virologic failure to incorporate repeated 

HIV viral load measurements, recognising their dynamic nature in predicting virologic failure. 

There are several limitations of the current prediction model applied to HIV routine data. First, 

the routine electronic health HIV data from the Western Cape lacked crucial demographics and 

clinical variables, such as adherence behaviour (Agegnehu, Techane, Mersha, & Atalell, 2022; 

Cevik et al., 2020; SeyedAlinaghi et al., 2023), ART regimen (Rohr et al., 2016), and co-

infection (Agegnehu et al., 2022), known to influence virologic failure. The lack of these 

variables may have contributed to suboptimal agreement between observed and predicted 

virologic failure probabilities. Secondly, an independent HIV cohort was not available to 

externally validate the prediction model, restricting the generalisability of the prediction model 

to other resource-limited settings. The findings should be interpreted cautiously when extended 

to individuals in other provinces in South Africa because the prediction model was specific to 

populations in the Western Cape. Finally, due to the scarcity of prediction models for virologic 

failure in the literature, particularly in resource-limited settings, only one study was available 

for direct predictive performance comparison, limiting comprehensive assessment. 

The developed prediction model has several strengths. A major strength was the large sample 

size covering most of the Western Cape population and a substantial follow-up period. Another 

strength is that demographics and biomarkers used in the prediction model are readily 

accessible from routine electronic health records. This enhances the model's potential 

applicability to other resource-limited healthcare settings. The development of a user-friendly 

nomograph was another strength as it offers clinicians a practical tool for predicting 
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individualised probabilities of virologic failure among individuals living with HIV in the 

Western Cape, potentially enabling personalised therapeutic interventions. 

 

5.3 Predicting Glycaemic Control for T2DM Patients 

In this Section, a Cox proportional hazards model was applied to the motivating routine 

diabetes Western Cape data. The model was developed and evaluated in the development and 

validation cohorts of the routine diabetes Western Cape data. Sub-sections 5.3.1 and 5.3.2 

provide details on the development and evaluation of the predictive performance of the Cox 

proportional hazards-based prediction model. A nomogram for prognosis prediction of 

glycaemic control probabilities is provided in sub-section 5.3.3. The findings are summarised 

in sub-section 5.3.4. 

 

5.3.1 Cox model for time to glycaemic control 

In this sub-section, a Cox proportional hazards model was applied to the routine diabetes 

Western Cape development cohort, adjusted for baseline continuous HbA1c values, age 

categories (age category 35-59 as reference category) and sex. The model is given as: 

 

ℎ𝑖(𝑡) = ℎ0(𝑡) exp(γ∗age𝑖 + 𝛾3male𝑖 + 𝜑𝐴1𝑐𝑖), 5.3 

γ∗age𝑖 = 𝛾1age35−59 + 𝛾2age60+.  

 

where ℎ𝑖(𝑡) denotes the hazard of glycaemic control for individual 𝑖 at observed follow-up 

time 𝑡, ℎ0(𝑡) represents the unspecified baseline hazard, γ∗ is the vector of regression 

coefficients for baseline age categories, 𝛾2 is the regression coefficient for the male dummy 

variable, and 𝜑 is the regression coefficient for baseline continuous HbA1c values for the 𝑖th 

individual. This regression coefficient (𝜑) quantifies the association between the hazard of 

glycaemic control and baseline continuous HbA1c values.  

A Cox proportional hazards model was alternatively used to quantify the association between 

the last observed continuous HbA1c values at time 𝑡, 𝜑𝐴1𝑐𝑖(𝑡) and the hazard of glycaemic 

control, adjusting for baseline age and sex. The Cox proportional hazards model is given as: 
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ℎ𝑖(𝑡) = ℎ0(𝑡) exp(𝛾1age35−59 + 𝛾2age60+ + 𝛾3male𝑖 + 𝜑𝐴1𝑐𝑖(𝑡)). 5.4 

 

where 𝜑 quantifies the association between the last observed continuous HbA1c value before 

glycaemic control HbA1c at time 𝑡 and other model terms are like the specification in Equation 

5.3. The R code for fitting the Cox proportional hazards models is provided in Appendix 4.  

Figure 5.6 compares the glycaemic control probabilities between the Kaplan-Meier estimator 

and Cox models. In this figure, predictions for both Cox models were poor. However, the Cox 

proportional hazards model with baseline HbA1c had glycaemic control probabilities that were 

more aligned with the observed glycaemic control probabilities (Kaplan-Meier estimator) 

compared to the Cox proportional hazards model with last observed HbA1c values. As a result, 

the Cox proportional hazards model with baseline HbA1c values was used for predictions in 

this thesis. 

Parameter estimates under a Cox proportional hazards model with baseline HbA1c values 

applied to the routine diabetes Western Cape development cohort are shown in Table 5.2. The 

findings show that, for a unit increase in baseline continuous HbA1c value, the hazard of 

glycaemic control decreased by 0.777-fold (95% CI: 0.770, 0.785). In sub-section 5.3.2, the 

Cox proportional hazard-based prediction model was evaluated regarding predictive 

performance in the routine diabetes Western Cape validation cohort.  
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Figure 5.6: Comparison between a Cox proportional hazards model with baseline HbA1c, Cox 

proportional hazards model with last observed HbA1c and Kaplan-Meier (reference curve) on 

the routine diabetes Western Cape development cohort. The inserted figure represents a 

zoomed-in version of the original figure. 

 

Table 5.2: Parameter estimates under a Cox proportional hazards model with baseline HbA1c 

applied to the routine diabetes Western Cape development cohort. 

 HR1 95% CI1 p-value 

Baseline age group (years)    

18-34    

35-59 0.432 0.407, 0.459 <0.001 

60+ 0.546 0.513, 0.581 <0.001 

Sex    

Male 1.202 1.160, 1.246 <0.001 

HbA1c (mmol/mol) at baseline 0.777 0.770, 0.785 <0.001 

1HR = Hazard Ratio, CI = Confidence Interval 
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5.3.2 Predictive performance 

The predictive performance of the Cox proportional hazards-based prediction model was 

evaluated in terms of time-dependent AUCs and Brier scores in the routine diabetes Western 

Cape validation cohort. The time-dependent AUCs from ROC curves at 12 and 24 months are 

shown in Figure 5.7. The Cox proportional hazards-based prediction model had suboptimal 

discrimination (0.63 at 12 months and 0.67 at 24 months) at these times. The prediction error 

and overall calibration were evaluated using Brier scores and a plot of observed and predicted 

glycaemic control probabilities. The Cox proportional hazards-based prediction model had low 

prediction error with Brier scores of 0.042 and 0.088 at 12 and 24 months, respectively. Figure 

5.8 suggests the model had moderate calibration, evidenced by low agreement between the Cox 

proportional hazards-based predictions and the observed glycaemic control probabilities. 

 

 

Figure 5.7: Time-dependent AUCs from ROC curves among T2DM individuals in the routine 

Western Cape validation cohort at 12 and 24 months. 
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Figure 5.8: Calibration curve at 12 and 24-month prediction windows for probabilities of 

glycaemic control in the routine Western Cape validation cohort. The diagonal line denotes the 

line of perfect calibration. 

 

5.3.3 Prediction of the probability of glycaemic control 

This Cox proportional hazards-based model from Equation 5.3 predicted glycaemic control for 

individuals in the routine diabetes Western Cape validation cohort. Specifically, a nomogram 

was used to visualise predictions of glycaemic control in T2DM individuals in the Western 

Cape. The monogram is given in Figure 5.9. It visualises estimated probabilities of glycaemic 

control at 12 and 24 months, based on an individual’s baseline continuous HbA1c values, age 

group and sex. For example, an elderly (60+) female with a baseline continuous HbA1c value 

of 7 mmol/mol had a total of 102 points resulting in 12 and 24-month estimated glycaemic 

control probabilities of 0.073 (95% CI: 0.068, 0.079) and 0.162 (95% CI: 0.153, 0.171), 

respectively.  

A web-based dynamic nomogram providing a user-friendly online calculator was used to 

visualise probabilities of glycaemic control. For example, Figure 5.10 shows a dynamic 

nomogram for predicting glycaemic control probabilities for an elderly (60+) female with a 

baseline HbA1c value of 7 mmol/mol in the routine diabetes Western Cape validation cohort.  
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Figure 5.9: A nomogram for predicting the 12 and 24-month probabilities of glycaemic control 

using the Western Cape routine T2DM validation cohort. Each of the three variables (age 

group, baseline HbA1c and sex) is associated with points from 0 to 100. The total points (the 

sum of the points for each of the three variables) are reported on the bottom scale of the 

nomogram.  
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Figure 5.10: An interactive web-based calculator that calculates the probability of glycaemic 

control for easier clinical application. It expects an input for each of the three variables (age 

group, baseline HbA1c and sex). It uses the information to produce a plot and summary for the 

probability of glycaemic control with associated 95% confidence intervals at specified times. 

In the figure, ageg represents the baseline age group, and hba1c_1st represents the baseline 

HbA1c. 

 

5.3.4 Discussion 

Glycaemic control is essential for better health outcomes. The findings in the present study 

showed that 16.2% of the individuals in the Western Cape province achieved glycaemic 

control. This magnitude of glycaemic control is lower than previously reported (23%) in a 

systematic review of cross-sectional studies that analysed the performance of health systems 

in managing diabetes across resource-limited settings (Manne-Goehler et al., 2019). The 

findings of this systematic review are similar (23-29%) to findings in other cross-sectional 

studies in South African populations (Folb et al., 2015; Mhlaba, Mpanya, & Tsabedze, 2023; 

Ngassa Piotie, Webb, & Rheeder, 2021). The lower proportion of glycaemic control in this 

current study than in other studies in resource-limited settings could be that the cross-sectional 

nature of the studies in the systematic review tended to overestimate the proportion of 
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glycaemic control (Brennan et al., 2023). In contrast, the magnitude of glycaemic control in 

this current study is higher (8.7%) than in a study that used cohort routine data from EHR in 

South Africa (Brennan et al., 2023). The higher proportion is most likely due to the more 

extended follow-up period of individuals in this current study (2015-2021) compared to the 

other study (2012-2015). 

The study highlights the significant challenge of achieving glycaemic control among 

individuals with T2DM, particularly in resource-limited settings. Detecting T2DM individuals 

less likely to achieve glycaemic control early on is crucial to reducing adverse health outcomes. 

While previous research has identified demographics and clinical variables associated with 

glycaemic control (Bahizi et al., 2022; Brennan et al., 2023; Demoz et al., 2019; Leulseged & 

Ayele, 2019; Manne-Goehler et al., 2019; Mhlaba et al., 2023), the development of prediction 

models for glycaemic control specifically tailored to T2DM individuals in resource-limited 

settings remain scarce, even in other income settings.  

Existing studies from other income settings predominantly focused on developing prediction 

models for various T2DM-related complications such as stroke (Kim et al., 2020), severe 

hypoglycaemia (Han, K. et al., 2018), and end-stage renal disease (Dong et al., 2021). 

These prediction models were developed using population-based cohorts from Chinese and 

Korean administrative databases. The sample size in these studies varied, ranging from 141 

516 to 1 676 885 individuals, with follow-up conducted between 2009 and 2017. Moreover, 

there was a large variability in the follow-up period of individuals in the studies. The duration 

of follow-up varied notably, from one year (Han, K. et al., 2018) to a median follow-up period 

of 9.8 years (Dong et al., 2021).  

The prediction time windows varied across the studies. Han et al. (2018) focused on a short-

term prediction window of one year, while Kim et al. (2020) presented predictions for a mid-

term window of five years. In contrast, Dong et al. (2021) offered a long-term perspective with 

a prediction window of ten years. The prediction model in this study focused on a one to two-

year probability of glycaemic control in T2DM individuals in the Western Cape. 

These studies exhibit varying predictive performances, as evidenced by reported C-statistics. 

For instance, Kim et al. (2020) used a nationwide Korean database to develop and internally 

validate a Cox-based prediction model that yielded a C-statistic of 0.703 for predicting stroke 

in middle-aged individuals with T2DM. Similarly, a population-based cohort from a Hong 

Kong hospital electronic health records database was used to develop and internally validate a 
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Cox-based prediction model with a C-statistic of 0.889 for predicting a ten-year risk of end-

stage renal disease (Dong et al., 2021).  

However, these prediction models do not specifically address the prediction of glycaemic 

control and may not be directly applicable to resource-limited settings. The present study 

addresses this gap by constructing a tailored prognosis prediction model for glycaemic control 

among South African individuals with T2DM. Leveraging provincial-level routine diabetes 

data from the Western Cape, the prediction model was internally validated and demonstrated 

moderate discrimination (time-dependent AUCs of 0.63 and 0.67 at 12 and 24 months) and 

good calibration. The prediction model was used to construct a nomogram to predict the one 

and two-year probability of glycaemic control for T2DM individuals in South Africa, especially 

those in Western Cape province.  

To the best of the available literature, the present study represents the first prediction model for 

glycaemic control in a South African T2DM population. Baseline age groups, sex, and 

continuous HbA1c biomarker values were included in the prediction model.  

Consistent with previous research, the findings revealed that older individuals (>34 years) were 

associated with lower glycaemic control. An Ethiopian study also found that achieving 

glycaemic control decreases with age (Leulseged & Ayele, 2019). In contrast, a previous study 

in South Africa reported that older people (≥60 years) were associated with higher glycaemic 

control (Brennan et al., 2023). The age group differences in achieving glycaemic control 

underscore the role of lifestyle factors such as medical adherence and diet (Chetty & Pillay, 

2022). Males were associated with higher glycaemic control. Studies in resource-limited 

settings suggested that poorer glycaemic control can be attributed to body mass index, glucose 

metabolism and hormonal differences between males and females (Demoz et al., 2019; 

Kautzky-Willer, Leutner, & Harreiter, 2023). In line with a study reported in Rwanda, the 

current study found higher levels of baseline continuous HbA1c biomarkers were associated 

with lower glycaemic control (Bahizi et al., 2022). This is likely because repeated HbA1c 

biomarker measurements and lifestyle changes over time are required to achieve glycaemic 

control (Ceriello, 2010). As a result, Chapter 6 extends the prediction model for glycaemic 

control to include repeated HbA1c measurements.  

The current prediction model applied to routine diabetes data has several limitations. First, the 

score of the prediction model developed in the current study was limited by the availability of 

demographics and clinical variables in the routine electronic diabetes data from the Western 
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Cape NHLS database. This resulted in the exclusion of essential factors such as socioeconomic 

status, lifestyle changes, blood pressure, body mass index, diabetes neuropathy, hypertension, 

and dyslipidaemia, known to influence glycaemic control (Ceriello, 2010; Demoz et al., 2019; 

Leulseged & Ayele, 2019; Manne-Goehler et al., 2019; Wei, 2019). Additionally, this may have 

compromised the discrimination ability of the prediction model. Secondly, while the study used 

routine diabetes data from South Africa’s national database, the generalisability of findings to 

other healthcare systems, particularly those in resource-limited settings, remains uncertain and 

necessitates further validation using external cohorts from populations in these settings. Third, 

the study relied solely on routine data from the Western Cape, and, as a result, the findings 

should be interpreted with caution when extrapolated to individuals from other provinces in 

South Africa. Finally, due to the scarcity of comparable literature, direct predictive performance 

comparison with existing prediction models focusing on glycaemic control was not feasible. 

Nonetheless, internal validation demonstrated good calibration of the developed prediction 

model in the present study. 

Despite the limitations, routine data covering most of South Africa’s Western Cape population 

enhanced the robustness and representativeness of the findings from the developed prediction 

model. Including demographics and clinical variables readily available in routine data from 

healthcare systems enhances the applicability of the prediction model to other resource-limited 

settings. Furthermore, developing a user-friendly nomogram for individualised prognosis of 

achieving glycaemic control enables easy accessibility and implementation of the prediction 

model.  

In conclusion, this section underlines the need for tailored prediction models for individualised 

glycaemic control prediction to ensure efficient use of resources in resource-limited healthcare 

settings. While existing research predominantly focuses on prediction models for T2DM-

related complications, the present study fills a significant gap by developing a prediction model 

for glycaemic control that can be applied in South African populations. The prediction model 

can be extended to other resource-limited healthcare settings because the demographics and 

clinical variables used in the model are routinely collected in clinical care. The prediction 

model in the present study demonstrated moderate discrimination and good calibration, 

offering valuable insights for guiding clinical decision-making in South Africa’s clinical care 

and similar resource-limited settings. The predictive performance of this model will be 

compared with that of an extended prediction model for glycaemic control in Chapter 6. 
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5.4 Conclusion 

The development and application of prediction models for virologic failure in HIV and 

glycaemic control in T2DM is a significant advance in the literature, particularly in resource-

limited settings like South Africa. Despite the pressing need, such models are scarce, even in 

resource-rich settings. In South Africa, the prediction model for virologic failure in this thesis 

is only the second of its kind, using routine data from electronic health records. Similarly, the 

prediction model for glycaemic control is the first explicitly tailored to South African 

populations using routine data from electronic health records. 

Virologic failure and glycaemic control are distinct clinical outcomes. Virologic failure 

signifies a health concern, while glycaemic control represents a favourable clinical outcome. 

This contrast underscores the versatility and importance of prediction models in this thesis for 

predicting a range of clinical outcomes. The limitations of these models lie in assuming 

baseline values for a continuous biomarker (HIV viral load and HbA1c) for a given individual. 

In practice, the repeated biomarker values over time provide more insights into the disease 

progression for a given individual. Dynamic prediction models are a direct solution to enable 

the inclusion of repeated biomarker values over time, allowing for predictions that use all 

available biomarker measurements instead of baseline measurements for a given individual. 

These dynamic prediction models are applied in Chapter 6 for the individuals living with HIV 

and T2DM individuals. The strengths of these models lie in using readily available 

demographic and clinical variables from routine data in electronic health records, enhancing 

their potential applicability in similar resource-limited settings. 

In conclusion, developing and applying prediction models for virologic failure and glycaemic 

control in South Africa presents an opportunity to improve healthcare outcomes in resource-

limited settings. These prediction models offer valuable insights into routine monitoring of 

chronic diseases. However, further validation of these prediction models is needed to improve 

their predictive performance and generalisability across limited-resource settings. 
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Chapter 6 Application of Joint Models for Dynamic 

Prediction 

6.1 Introduction 

In Chapter 5, a Cox proportional hazards-based prediction model was used to develop a 

prognosis prediction tool for estimating probabilities of clinical outcomes in HIV and T2DM 

individuals for a setting where the continuous biomarker was assumed to be measured only at 

baseline for a given individual. However, repeated, continuous biomarker measurements are 

more useful in practice to understand disease progression. In this chapter, an extension of the 

Cox proportional hazards-based prediction model is considered to enable the inclusion of 

repeated, continuous biomarker measurements. Specifically, a joint model for longitudinal 

continuous biomarker and time-to-event data was used to generate dynamic predictions of 

probabilities of clinical outcomes in two disease case studies described in Chapter 4. The 

context and theoretical background of dynamic prediction under a joint modelling framework 

were provided in 0 and Chapter 2. Moreover, progress made in the conduct and quality of model 

evaluation and reporting of published dynamic prediction models was highlighted in Chapter 

3. This chapter describes a joint model for dynamic virologic failure and glycaemic control 

prediction. In Section 6.2, a dynamic prediction model for virologic failure probabilities for 

individuals living with HIV on ART in the Western Cape is developed and internally validated 

in the routine HIV development and validation cohorts, respectively. Similarly, in Section 6.3, 

the routine diabetes development and validation cohorts were used to develop and internally 

validate a dynamic prediction model for glycaemic control probabilities for T2DM individuals 

in the Western Cape, South Africa. Concluding remarks are given in Section 6.4. 

 

6.2 Dynamic Prediction of Virologic Failure for Individuals Living 

with HIV 

This section illustrates the application of joint models to the routine HIV development cohort. 

The model was used for dynamic prediction of virologic failure, and its predictive performance 

was evaluated in the routine HIV validation cohort. The joint model development details and 

predictive performance are given in sub-sections 6.2.1 and 6.2.2. An illustration of dynamic 
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predictions of virologic failure probabilities is described in sub-section 6.2.3. Findings are 

summarised in sub-section 6.2.4. 

 

6.2.1 Joint model for longitudinal continuous HIV viral load and time to 

virologic failure 

The joint model specified a linear mixed-effects model to describe underlying longitudinal 

trajectories of continuous HIV viral load values for each individual and used these estimated 

trajectories in a Cox proportional hazards model for time to virologic failure. Longitudinal 

trajectories for randomly selected individuals in the motivating routine HIV Western Cape 

development cohort are presented in Figure 6.1. The figure shows variation and nonlinear 

trends in the longitudinal trajectories of the randomly selected individuals. The characteristics 

of the longitudinal trajectories warrant a mixed-effects model (Chapter 2) with the nonlinear 

effect of follow-up time in the fixed effects and both random intercepts and slopes in the 

random effects.  

 

 

Figure 6.1: Observed longitudinal continuous HIV viral load trajectories for randomly selected 

individuals in the routine HIV Western Cape overall cohort. 
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Mixed-effects model for longitudinal continuous HIV viral load data 

Two mixed-effects models, i) a mixed-effect model with random intercepts only and (ii) a 

mixed-effect model with linear random intercepts and slopes, were compared to determine 

which structure is a better fit for the routine HIV Western Cape development cohort.  

The mixed-effect model with random intercepts only was given as: 

 

 log10 vload𝑖𝑗 = log10 vload𝑖𝑗
∗ + 𝜖𝑖𝑗

= (𝛽0 + 𝑏𝑖0) + 𝛽1𝑁(t𝑖𝑗)
1

+ 𝛽2𝑁(t𝑖𝑗)
2

+ 𝛽3𝑁(t𝑖𝑗)
3

+ 𝛽4age16−19 + 𝛽5age20−29 + 𝛽6age40−49 + 𝛽7age50+

+ 𝛽8malei + 𝜖𝑖𝑗,            𝜖𝑖𝑗~ 𝑁(0, 𝜎𝜖
2)  and 𝑏𝑖~𝑁(0, 𝐷), 

6.1 

 

The mixed-effect model with linear random intercepts and slopes was given as: 

 

 log10 vload𝑖𝑗 = log10 vload𝑖𝑗
∗ + 𝜖𝑖𝑗

= (𝛽0 + 𝑏𝑖0) + 𝑏𝑖1t𝑖𝑗 + 𝛽1𝑁(t𝑖𝑗)
1

+ 𝛽2𝑁(t𝑖𝑗)
2

+  𝛽3𝑁(t𝑖𝑗)
3

+ 𝛽4age16−19 + 𝛽5age20−29 + 𝛽6age40−49 + 𝛽7age50+

+ 𝛽8malei + 𝜖𝑖𝑗 ,     𝜖𝑖𝑗~ 𝑁(0, 𝜎𝜖
2)  and 𝑏𝑖~𝑁(0, 𝐷). 

6.2 

 

where log10 vload𝑖𝑗 is continuous HIV viral load value for an 𝑖th individual at the 𝑗th observed 

follow-up time (in weeks), log10 vload𝑖𝑗
∗  represents underlying longitudinal continuous HIV 

viral load trajectory for the individuals, 𝛽0 is the intercept, 𝛽𝑘, 𝑘 = 1,2,3 are regression 

parameters for the B-splines, 𝛽𝑘, 𝑘 = 4,5, ⋯ ,8 are the regression coefficients, 𝑏𝑖𝑘, 𝑘 = 0,1 are 

the random effects assumed to have a normal distribution with a mean of zero and variance-

covariance matrix 𝐷, and 𝜖𝑖𝑗 are error terms assumed to be normally distributed with mean 

zero and variance 𝜎𝜖
2. In both equations (Equations 6.1 and 6.2), 𝑁(∙) represents the nonlinear 

effect of follow-up time through B-splines having two internal knots placed at the 5% (week 

0.14) and 95% (week 317) percentiles of observed follow-up time. The R code used to fit the 

mixed-effects models is given in Appendix 5. 
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Table 6.1 compares the two mixed-effects models given in Equations 6.1 and 6.2. The 

corresponding information criterion (Chapter 2), i.e., Bayesian information criteria (BIC) low 

value, suggests that a mixed-effect model with linear random intercepts and linear random 

slopes provides a better fit to the routine HIV Western Cape development cohort.  

Figure 6.2 presents an effects plot showing the mixed-effects model-predicted HIV viral load 

trajectories from baseline to 572 weeks across males and females of all age groups in the routine 

HIV Western Cape development cohort. The plot provides an interpretable visualization of the 

non-linear time trends captured by the spline terms in the model. Unlike a plot of mean HIV 

viral load over time, it reflects model-based predictions, allowing for interpretation of the 

average HIV viral load trajectory across subgroups. Specifically, the fitted values show a 

consistent decline in HIV viral load over time across all age groups and both sexes.  

 

Table 6.1: Comparison between a random intercepts LME model (model 1) and an LME model 

(model 2) with random intercepts and slopes. 

Model df1 BIC1 

Model 1 11 986 529.6 

Model 2 13 982 410.7 

1df = degrees of freedom, BIC = Bayesian information criterion 
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Figure 6.2: Fitted average longitudinal continuous HIV viral load profiles from an LME model 

with random intercepts and linear slopes in the random effects part, adjusted for baseline 

differences in age group and sex, and non-linearity through splines in the fixed effects part. 

The broken lines denote the corresponding 95% confidence intervals for each fitted continuous 

HIV viral load value in red. 

 

A joint model for longitudinal continuous HIV viral load and time to virologic failure data 

The estimated longitudinal continuous HIV viral load trajectory for the individuals from the 

mixed-effects model with random intercepts and linear slopes was used in a joint model 

(Chapter 2) for dynamic prediction of virologic failure probabilities for individuals living with 

HIV in the Western Cape. Two joint models, i) one with a current value association structure 

and ii) one with a lagged effects association structure, were compared to determine which 

provides a better fit to the routine HIV Western Cape development cohort.  

The joint model with a current value association structure was given as: 

 

 ℎ𝑖(𝑡) = ℎ0(𝑡) exp(𝛾1age16−19 + 𝛾2age20−29 + 𝛾3age40−49 + 𝛾4age50+

+ 𝛾5male𝑖 + 𝜑1 log10 vload𝑖
∗(𝑡)), 

6.3 
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The current value association structure used the association parameter 𝜑1 to quantify the 

association between the current level of continuous HIV viral load at follow-up time 𝑡, i.e., 

log10 vload𝑖
∗(𝑡) and the hazard ℎ𝑖(𝑡) of virologic failure at this follow-up time for individual 

𝑖.  

The joint model with a lagged effects association structure was given as: 

 

 ℎ𝑖(𝑡) = ℎ0(𝑡) exp(𝛾1age16−19 + 𝛾2age20−29 + 𝛾3age40−49 + 𝛾4age50+

+ 𝛾5male𝑖 + 𝜑2 log10 vload𝑖
∗{max(𝑡 − 𝑐, 0)}), 

6.4 

 

The lagged effects association structure used the association parameter, 𝜑2, to quantify the 

association between the underlying trajectory of the continuous HIV viral load at a previously 

observed follow-up time 𝑡 − 𝑐, where 𝑐 is a six-month time lag, i.e., log10 vload𝑖
∗{max(𝑡 −

𝑐, 0)} and the hazard ℎ𝑖(𝑡) of virologic failure at this follow-up time for individual 𝑖.  

In the two joint models (Equations 6.3 and 6.4), ℎ0(𝑡) denotes a B-spline baseline hazard 

function, 𝛾1, ⋯ , 𝛾5 are regression coefficients for baseline age groups and male dummy 

variable.  

 

Bayesian inference 

A Bayesian inference through the Monte Carlo simulation scheme was used to infer unknown 

parameters of interest for the two joint models in Equations 6.3 and 6.4. The R package  

JMbayes2 (Rizopoulos, Papageorgiou, & Miranda Afonso, 2022) was used to fit the two joint 

models. Default JMbayes2 non-informative priors for model parameters were used. Three 

chains with 2000 after burn-in MCMC posterior samples were generated for each model 

parameter. The MCMC estimation of the current value parameterised joint model (Equation 

6.3) took 7.3 hours on a machine with a 3.6GHz (Intel Core i7) processor and 16 GB RAM 

running 64-bit Windows 10 Enterprise (version 21H2). On the same machine, the MCMC 

estimation of the lagged effects parameterised joint model (Equation 6.4) took 3.4 hours. The 

R code used to fit the current value and lagged effects parameterised joint models is given in 

Appendix 5. 
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Table 6.2 compares the two joint models. The current value parameterisation had a low 

deviance information criterion (DIC) value. This suggested that the current value-

parameterised joint model provided an improved fit to the routine HIV Western Cape 

development cohort. In addition, diagnostics plots (trace and density plot) for the association 

parameter in the current value-parameterised joint model applied to the routine HIV 

development cohort are shown in Figure 6.3. A bell-shaped density plot indicates unsatisfactory 

convergence to a target posterior distribution of the association parameter. However, the 

random scatter around the mean value 6.2 suggests satisfactory convergence to the association 

parameter.  

 

Table 6.2: Comparison between current value and lagged effects parameterised joint models. 

Model DIC1 WAIC1 LPML1 

Current value 1 075 953 1 075 957 -537 978.6 

Lagged effects 1 255 066 1 085 774.97 -542 893.5 

1DIC = deviance information criterion, WAIC = Watanabe-Akaike information criterion, LPML = 

log-pseudo-marginal-likelihood value 

 

 

Figure 6.3: MCMC diagnostics plots for the association parameter of the current value-

parameterised joint model applied to the routine HIV Western Cape development cohort. 
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Table 6.3 shows the parameter estimates and the 95% credible intervals of the current value-

parameterized joint model applied to the routine HIV Western Cape development cohort.  

Males in the cohort were statistically associated with higher viral loads compared to females. 

On average, after adjusting for baseline age group and follow-up time, males had HIV viral 

loads that were 0.11 copies/mL higher than females. Individuals younger than 30 years had, on 

average, higher viral loads than those aged 30 and above. There was a strong association 

between continuous HIV viral load and the hazard of virologic failure. Adjusting for baseline 

age group and sex and an increase in the current level of HIV viral load value at time 𝑡, the 

hazard of virologic failure at that time increased by a factor of 6.2 (95% credible interval: 6.1, 

6.3). The predictive performance of the current value-parameterised joint model was evaluated 

in the routine HIV Western Cape validation cohort in sub-section 6.2.2. 
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Table 6.3: Parameter estimates, and the 95% credible intervals of the current value 

parameterised joint model applied to the routine HIV Western Cape cohort. 

 Mean 2.5%1 97.5%1 

Event process     

Baseline age group (years)    

30-39 - - - 

16-19 -0.4177 -0.9121 0.0380 

20-29 -0.1401 -0.2352 -0.0475 

40-49 -0.2359 -0.3676 -0.1172 

50+ -0.2751 -0.4804 -0.0565 

Male -0.6140 -0.7160 -0.5165 

𝐥𝐨𝐠𝟏𝟎 HIV viral load (copies/mL) 6.2051 6.0637 6.3237 

Longitudinal process    

Baseline group (years)    

30-39 - - - 

16-19 0.2293 0.1858 0.271 

20-29 0.0744 0.0626 0.0861 

40-49 -0.0048 -0.0176 0.0086 

50+ -0.0177 -0.0378 0.1236 

Male  0.1128 0.1018 0.145 

Spline terms    

B-spline 1 (𝛽1) -0.0068 -0.0193 0.0046 

B-spline 2 (𝛽2) -0.3799 -0.3949 -0.3647 

B-spline 3 (𝛽3) -0.0409 -0.0567 -0.0253 

Variance components    

𝜎𝜖 0.7222 0.7201 0.7243 

𝐷11 0.6180 0.607 0.629 

𝐷21 -0.00166 -0.00172 -0.00162 

𝐷22 0.00000964 0.0000093 0.00000993 

1𝐷[𝑟, 𝑐] is the 𝑟𝑐-element of the 𝐷 covariance matrix of the random effects, 2.5% = lower limit of 

credible interval, 97.5% = upper limit of credible interval. 
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6.2.2 Predictive performance 

The predictive performance of the current value-parameterised joint model was evaluated using 

discrimination and calibration. Time-dependent AUCs and Brier scores were used to assess 

discrimination and calibration of the model in the routine HIV Western Cape validation cohort. 

During the first six months of observed follow-up, a subset of virologic-failure-free individuals 

was used to assess predictive performance at two selected clinically relevant future times (12 

and 24 months). The resulting longitudinal data (up to 6 months) of the individuals was used 

to calculate time-dependent AUCs and Brier scores at the selected times. A summary of the 

time-dependent AUCs and Brier scores for the current value-parameterised joint model is 

provided in Table 6.4. Figure 6.4 and Figure 6.5Table 6.4 show the time-dependent AUCs and 

Brier scores at 12 and 24 months, respectively.  

Time-dependent AUCs at 12 and 24 months were 0.69 and 0.73, respectively. The value of the 

AUCs suggests that the current value-parameterised joint model moderately distinguishes 

individuals of low and high risk of virologic failure. 

The Brier scores were 0.033 and 0.051 at 12 and 24 months, suggesting that the current value-

parameterised joint model had a very low prediction error and thus provided adequate dynamic 

predictions of virologic failure. However, as the calibration plot (Figure 6.5) shows, most of 

the estimated virologic failure probabilities are generally very low at the selected times.  
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Figure 6.4: Time-dependent AUCs from ROC curves among individuals living with HIV in 

the routine HIV Western Cape validation cohort at 12 and 24 months. 
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Figure 6.5: Calibration curves at 12 (top panel) and 24 months (bottom panel) prediction time 

windows for probabilities of virologic failure in the routine HIV Western Cape validation 

cohort. The diagonal line denotes the line of perfect calibration. The density function (grey 

curve) denotes a non-parametric estimate of the distribution of predicted virologic failure 

across the validation cohort. 

 

Table 6.4: Time-dependent AUCs and Brier scores for the current value-parameterised joint 

model at selected time windows in the routine HIV Western Cape validation cohort. 

Time window AUC1 Brier score 

12-month 0.69 0.033 

24-month 0.73 0.051 

1AUC = Area under the curve 
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6.2.3 Dynamic prediction of the probability of virologic failure 

The fitted current value-parameterised joint model was used to generate dynamic predictions 

of virologic failure probabilities for individuals living with HIV in the Western Cape. Two 

individuals (M-9872 and M-100240) were randomly selected from the cohort for illustrative 

purposes. These individuals were virologic failure-free in the first six months of follow-up. The 

first individual (M-9872) was a 38-year-old male with a continuous HIV viral load value (log 

base 10) of 2.40 copies/mL at baseline and did not have virologic failure by the end of observed 

follow-up time (0.1, 13.6 and 116.1 weeks). The second individual (M-100240) was a 37-year-

old female with a continuous HIV viral load value of 2.02 copies/mL at baseline. She did not 

have virologic failure by the end of the observed follow-up time (0.1, 36.1 and 60.1 weeks). 

Figure 6.6 shows the HIV viral load values during the first six months of observed follow-up 

for two randomly selected individuals. M-100240 had increasing HIV viral load values in the 

first six months of follow-up, while M-9872 had decreasing HIV viral load values at the same 

follow-up time. The fitted longitudinal trajectory for the two individuals did not align well with 

the observed HIV viral load values (asterisks) possibly because the sparse data is difficult to 

adequately capture in the joint model’s mixed effects model. 

Dynamic predictions of virologic failure probabilities for the two individuals were calculated 

and presented in Figure 6.7 and Figure 6.8. The plots show the estimated conditional 

probabilities of virologic failure for the two individuals with data up to time point 𝑠 prior to 

their last observed follow-up time 𝑡. Given that individual M-9872 had no virologic failure by 

week 13.6 prior to the previous observed follow-up (116.1 weeks), Figure 6.7 presents the 

estimated probabilities of the first virologic failure for the individual. Similarly, given that 

individual M-100240 had no virologic failure by week 36.1 before the last observed follow-up 

time (60.1 weeks), Figure 6.8 presents the estimated probabilities of virologic failure for the 

individual.  

The conditional probabilities of virologic failure for M-9872 were much smaller when more 

longitudinal continuous HIV viral load values accumulated over follow-up time. M-100240 

had a steady progression to virologic failure as more longitudinal continuous HIV viral load 

values accumulated over follow-up time. These conditional probabilities of virologic failure 

were much smaller on average. In addition, the 95% Monte Carlo prediction intervals for M-

9872 were narrower than M-100240, suggesting inconsistent precision in the estimated 
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probabilities, potentially due to suboptimal estimates of the individual-specific longitudinal 

trajectories leading to virologic failure from the joint model’s mixed effects model. 

 

 

Figure 6.6: Observed HIV viral load values during the first six months of observed follow-up 

for two randomly selected individuals from the routine HIV Western Cape validation cohort. 

 

 

Figure 6.7: Estimated probabilities of virologic failure, conditional on being failure-free during 

the first six months of follow-up for M-9872 in the validation cohort. The black asterisks 
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represent observed log base 10 HIV viral load values during the first six months of observed 

follow-up time. The vertical dotted lines represent the observed follow-up time. A solid blue 

line depicts the fitted longitudinal trajectory from a mixed-effects model. The solid red line 

represents the estimated probability of virologic failure, and the shaded grey area is the 

corresponding 95% confidence interval of the probabilities. The panels represent predictions 

made over time, with the left panel showing predictions at the baseline and the right panel 

showing predictions at the second follow-up time.  
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Figure 6.8: Estimated probabilities of virologic failure, conditional on being failure-free during 

the first six months of follow-up for M-100240 in the validation cohort. The black asterisks 

represent observed log base 10 HIV viral load values during the first six months of observed 

follow-up time. The vertical dotted lines represent the observed follow-up time. A solid blue 

line depicts the fitted longitudinal trajectory from a mixed-effects model. The solid red line 

represents the estimated probability of virologic failure, and the shaded grey area is the 

corresponding 95% confidence interval of the probabilities. The panels represent predictions 

made over time, with the left panel showing predictions at the baseline and the right panel 

showing predictions at the second follow-up time. 

 

6.2.4 Discussion 

A joint model was used to model longitudinal HIV viral load and time to virologic failure data 

in this section. This presents a novel approach to individualised prognosis of virologic failure 

probabilities. Compared with the Cox proportional hazard-based prediction approach in 

Chapter 5, this approach integrates repeated HIV viral load measurements over time through a 

mixed-effects model, providing a more comprehensive understanding of HIV progression 

dynamics. The model assumed that the hazard of virologic failure depends on the current viral 

load. This parameterisation is known as the current value-parameterisation of the joint model 

(Rizopoulos, 2012). The current value-parameterised joint model aligns with the 

pathophysiological process of HIV viral load, characterised by abrupt variations due to non-

adherence to treatment (WHO, 2016). 
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The joint model was applied to the routine data from electronic HIV health records from the 

Western Cape introduced in Chapter 4. In particular, the development and validation cohorts 

were used to develop and validate model development. A mixed-effects model was used to 

model individual-specific average HIV viral load change over time and subsequently include 

an estimated longitudinal profile of individuals as a covariate in a Cox model, adjusting for 

baseline age and sex.  

The findings showed that the increase in the current value of HIV viral load (log base 10 

copies/mL) was associated with an increased hazard of virologic failure after adjusting for 

baseline age and sex. This finding is consistent with an African study which reported that HIV 

viral load changes over time were associated with increased hazard of an unfavourable outcome 

(death or treatment failure) (Zakaria, Ayele, Kebede, Jaldo, & Lajore, 2022). However, this 

study used a joint model with a lagged effects parameterisation, which implied viral load in the 

previous six months was associated with an unfavourable outcome. Nonetheless, the findings 

of this thesis demonstrate the importance of incorporating longitudinal HIV viral load 

measurements in estimating the hazard of virologic failure and subsequently predicting 

virologic failure probabilities, as opposed to relying solely on baseline values (Chapter 5). 

The joint modelling approach considers variability individually to get prognosis prediction of 

virologic failure probabilities based on an individual’s characteristics. Individual-specific 

average HIV viral load changes over time were used for individualised prognosis prediction of 

virologic failure that was updated dynamically with data at hand. The findings indicate that the 

Cox proportional hazard-based prediction model (Chapter 5) had superior discrimination 

ability compared to the joint modelling-prediction model (0.89 vs 0.69 AUCs at 12 months and 

0.84 vs 0.73 AUCs at 24 months). In contrast, the joint modelling-based prediction model had 

better calibration than the Cox proportional hazard-based prediction model (0.046 vs 0.033 

Brier scores at 12 months and 0.059 vs 0.051 Brier scores at 24 months).  

These surprising findings underscore the sparseness and timing mismatch between HIV viral 

load measurements and virologic failure in the routine electronic HIV data. The individual-

specific trajectories leading to virologic failure from the joint model’s mixed effects model may 

be poorly estimated, resulting in reduced the predictive performance of the model. Nonetheless, 

joint modelling-based predictions provide a differentiated approach that can be useful in viral 

load monitoring to adequately and timely identify a higher probability of virologic failure in 

resource-limited settings (Mesic et al., 2021).  
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The joint modeling-based predictions for individuals living with HIV had limitations. During 

HIV viral load testing, a biomarker can be below or above a detection limit. One limitation of 

joint modeling-based predictions is the inability to appropriately handle biomarker values 

below the detection limit of an essay. In Chapter 7, a two-part joint model is applied to enable 

predictions that consider biomarker values below the lower limit of detection.  

Limitations of applying prediction models to the routine electronic HIV health data were 

discussed in Chapter 5. These limitations included i) unavailability of essential variables, ii) 

generalisability of the findings to other resource-limited settings due to the lack of an external 

validation cohort, and iii) findings were specific to populations living with HIV in the Western 

Cape province only in South Africa.  

Another limitation is that resampling approaches were not used to verify the generalisability of 

the findings further due to computational constraints associated with using such approaches in 

the joint modeling framework. This is an area for future research. 

The strengths of the findings lie in the use of routine electronic HIV data with a large sample 

size, which allowed for the internal validation of the dynamic prediction model. The dynamic 

prediction for virologic failure had several advantages over the Cox proportional hazards-based 

prediction model. It managed the longitudinal nature of HIV viral load values and explored 

their association with the hazard of virologic failure. Another strength is that it enables 

individual-specific prognosis prediction of virologic failure that dynamically updates with the 

available data over time. Finally, these predictions can be used to identify individuals likely to 

experience virologic failure timeously, enabling personalised therapeutic interventions. 

In conclusion, following the current literature, this thesis presents the first attempt to compare 

the predictive performance of Cox proportional hazard and joint modelling-based prediction 

models using routine HIV data from electronic health records in a resource-limited setting. The 

findings indicate that, while dynamic prediction models offer advantages in handling 

longitudinal HIV viral load data and providing individual-specific prognosis predictions of 

virologic failure, they do not consistently outperform Cox proportional hazard-based models. 

Factors such as the availability of variables and data characteristics are central to predictive 

performance. These findings contribute to a clearer understanding of the predictive 

performance of dynamic prediction models applied to routine HIV data from electronic health 

records in resource-limited settings and highlight the need for a balanced approach in 
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evaluating predictive performance between these and Cox proportional hazard-based 

prediction models. 

 

6.3 Dynamic Prediction of Glycaemic Control for T2DM Individuals 

A joint model is applied to the routine diabetes development cohort in this section. The 

predictive performance and dynamic prediction of glycaemic control were calculated from the 

routine diabetes validation cohort. The specification of the joint model is given in sub-section 

6.3.1. The predictive performance of the joint model is given in sub-section 6.3.2, and dynamic 

predictions of glycaemic control probabilities are shown in sub-section 6.3.3. The findings are 

summarised in sub-section 6.3.4. 

 

6.3.1 Joint model for longitudinal continuous HbA1c and time to glycaemic 

control 

A mixed-effects model was used to describe underlying longitudinal trajectories of continuous 

HbA1c values for each individual. Longitudinal trajectories for randomly selected individuals 

in the routine diabetes Western Cape development cohort are presented in Figure 6.9. The 

longitudinal trajectories varied and had nonlinear trends. The characteristics of the longitudinal 

trajectories suggest that a mixed-effects model with a nonlinear effect of follow-up time in the 

fixed effects and random intercepts and slopes in the random effects is needed. 
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Figure 6.9: Observed longitudinal continuous HbA1c trajectories for randomly selected 

individuals in the routine diabetes Western Cape overall cohort. 

 

Mixed-effects model for longitudinal continuous HbA1c data 

B-splines with two internal knots placed at the 5% (month 1) and 95% (month 71) percentiles 

of observed follow-up time were used to represent the nonlinear effects of follow-up time on 

continuous HbA1c. Two mixed effects models, i) one with random intercepts only and ii) one 

with linear random intercepts and slopes, were considered to model the changes over time of 

continuous HbA1c biomarker values in the routine diabetes development cohort. 

The mixed-effect model with random intercepts only was given as: 

 

𝐴1𝑐𝑖𝑗 = 𝐴1𝑐𝑖𝑗
∗ + 𝜖𝑖𝑗

= (𝛽0 + 𝑏𝑖0) + 𝛽1𝑁(t𝑖𝑗)
1

+ 𝛽2𝑁(t𝑖𝑗)
2

+ 𝛽3𝑁(t𝑖𝑗)
3

+ 𝛽4age35−59

+ 𝛽5age60+ + 𝛽6malei + 𝜖𝑖𝑗,            𝜖𝑖𝑗~ 𝑁(0, 𝜎𝜖
2)  and 𝑏𝑖~𝑁(0, 𝐷). 

 

6.5 

 

The mixed-effect model with linear random intercepts and slopes was given as: 
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𝐴1𝑐𝑖𝑗 = 𝐴1𝑐𝑖𝑗
∗ + 𝜖𝑖𝑗

= (𝛽0 + 𝑏𝑖0) + 𝑏𝑖1t𝑖𝑗 + 𝛽1𝑁(t𝑖𝑗)
1

+ 𝛽2𝑁(t𝑖𝑗)
2

+ 𝛽3𝑁(t𝑖𝑗)
3

+ 𝛽4age35−59 + 𝛽5age60+ + 𝛽6malei

+ 𝜖𝑖𝑗,            𝜖𝑖𝑗~ 𝑁(0, 𝜎𝜖
2)  and 𝑏𝑖~𝑁(0, 𝐷), 

6.6 

 

where 𝐴1𝑐𝑖𝑗 is the continuous HbA1c value for an 𝑖th individual at the 𝑗th observed follow-up 

time (in months), 𝐴1𝑐𝑖𝑗
∗  represent the underlying longitudinal continuous HbA1c trajectory for 

each individual, 𝛽0 is the intercept, 𝛽𝑘, 𝑘 = 1,2,3 are regression parameters for the B-splines, 

𝛽𝑘, 𝑘 = 4,5,6 are the regression coefficients, 𝑏𝑖𝑘, 𝑘 = 0,1 are the random effects assumed to 

be normally distributed with a mean of zero and variance-covariance matrix 𝐷, 𝜖𝑖𝑗 are error 

terms assumed to have a normal distribution with mean zero and variance 𝜎𝜖
2, and 𝑁(∙) 

represent the B-splines. The appendix (Appendix 5) contains the R code used to fit the two 

mixed-effects models. 

The two mixed-effects models are compared in Table 6.5. The mixed-effects model with 

random intercepts and linear random slope provides an improved fit to the routine diabetes 

Western Cape development cohort.  

Figure 6.10 presents an effects plot showing the mixed-effects model–predicted HbA1c 

trajectories from baseline to the end of follow-up for individuals in the routine diabetes 

development cohort. The plot illustrates trajectories across males and females of all age groups. 

Notably, for individuals aged 60 years and older, regardless of sex, the fitted HbA1c values 

increased steadily over time but remained, on average, lower than those observed in younger 

age groups. 
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Table 6.5: Comparison between a random intercept LME (model 1) and an LME model with 

random intercepts and slopes (model 2). 

Model df1 BIC1 

Model 1  9 989 446.47 

Model 2  11 985 038.34 

1df = degrees of freedom, BIC = Bayesian information criterion 

 

 

 

Figure 6.10: Fitted average longitudinal continuous HbA1c profiles from an LME model with 

random intercepts and linear slopes in the random effects part, adjusted for baseline differences 

in age group and sex, and non-linearity through splines in the fixed effects part. The broken 

lines denote the corresponding 95% confidence intervals for each fitted continuous HbA1c 

value in red. 

 

A joint model for longitudinal continuous HbA1c and time-to-glycaemic control data 

A joint model incorporated the estimated longitudinal continuous HbA1c trajectory for the 

individuals from the mixed-effects model with random intercepts and linear slopes. This joint 

model was used to calculate dynamic predictions of glycaemic control probabilities for T2DM 

individuals in the Western Cape. Two variations of the joint model parameterisation were 
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compared. First, a joint model with a current value association structure parameterisation was 

considered. The second joint model parameterisation was a cumulative effects association 

structure. 

The joint model with a current value association structure was given as: 

 

ℎ𝑖(𝑡) = ℎ0(𝑡) exp(𝛾1age𝑖35−59 + 𝛾2age𝑖60+
+ 𝛾3male𝑖 + 𝜑1𝐴1𝑐𝑖

∗(𝑡)), 6.7 

 

The current value association structure used the association parameter, 𝜑1, to quantify the 

association between the current level of continuous HbA1c at follow-up time 𝑡, i.e., 𝐴1𝑐𝑖
∗(𝑡) 

and the hazard ℎ𝑖(𝑡) of glycaemic control at this follow-up time for individual 𝑖. 

The joint model with a lagged effects association structure was given as: 

 

ℎ𝑖(𝑡) = ℎ0(𝑡) exp (𝛾1age𝑖35−59 + 𝛾2age𝑖60+
+ 𝛾3male𝑖 + 𝜑2 ∫ 𝐴1𝑐𝑖

∗∗(𝑠)𝑑𝑠
𝑠

0

) 
6.8 

 

The cumulative effects association structure used the association parameter 𝜑2 to quantify the 

association between a summary of all previous continuous HbA1c up to observed follow-up 

time 𝑡 and the hazard ℎ𝑖(𝑡) of glycaemic control at this follow-up time for individual 𝑖. 

In the two joint models (Equations 6.7 and 6.8), 𝛾𝑘, 𝑘 = 1,2, ⋯ ,3 regression coefficients for 

baseline age groups and male dummy variable, and ℎ0(𝑡) is B-spline baseline hazard functions. 

 

Bayesian inference 

The R package JMbayes2 was used to estimate the parameters in the current value and 

cumulative effects parameterised joint models. Default JMbayes2 non-informative priors for 

model parameters were used to run three chains with 2000 after burn-in MCMC posterior 

samples for each model parameter. The MCMC estimation of the current value parameterised 

joint model and the cumulative effects parameterised joint model took the same time (2.5 

hours). The R code used to fit the models is given in Appendix 5. 
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Table 6.6 compares the parameterisations of the two joint models. The current value joint model 

provides an improved fit to the routine diabetes Western Cape development cohort. However, 

continuous HbA1c values summarise average blood glucose in the last months (South African 

National Department of Health, 2014). For this reason, the cumulative effects parameterisation 

provides more insights about the hazard of achieving glycaemic control than the current value 

parameterisation. Specifically, a joint model assuming a cumulative effect association structure 

was used to infer and predict glycaemic control. Figure 6.11 shows the trace and density plots 

for the association parameter in the cumulative effects parameterised joint model applied to the 

routine diabetes cohort. There was convergence to a target posterior distribution of the 

association parameter evidenced by a caterpillar pattern and unimodal bell shape for the trace 

and density plot, respectively. 

 

Table 6.6: Comparison between current value and cumulative effects parameterised joint 

models. 

Model DIC1 WAIC1 LPML1 

Current value  1 243 706 1 243 698 -621 849.2 

Cumulative effects 1 244 045 1 244 041 -622 020.5 

1DIC = deviance information criterion, WAIC = Watanabe-Akaike information criterion, LPML = 

log-pseudo-marginal-likelihood value 

 

 



130 

 

 

Figure 6.11: MCMC diagnostic plots for the association parameter of the cumulative effects 

parameterised joint model applied to the routine diabetes development cohort. 

 

Parameter estimates and the 95% credible intervals of the cumulative effects parameterised 

joint model are given in Table 6.7. Males were statistically found to have lower HbA1c levels 

compared to females. After adjusting for baseline age group and follow-up duration, males had 

HbA1c values that were 0.08 mmol/mol lower than females. Additionally, individuals aged 35 

and above had lower HbA1c levels compared to those aged 34 and below.. There was a strong 

association between continuous HbA1c and the hazard of glycaemic control. Adjusted for 

baseline age groups and sex, a one-unit increase in the summary of all past continuous HbA1c 

values, the hazard of achieving glycaemic control decreases by a factor of 0.58 (95% credible 

interval: -0.597, -0.563). In sub-section 6.3.2, the predictive performance of the fitted 

cumulative effects parameterised joint model is evaluated in the validation cohort. 
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Table 6.7: Parameter estimates, and the 95% credible intervals of the cumulative effects 

parameterised joint model applied to the routine diabetes development cohort. 

 Mean 2.5%1 97.5%1 

Event process    

Baseline age group (years)    

18-34 - - - 

35-59 -0.956 -1.051 -0.863 

60+ -0.955 -1.041 -0.871 

Male 0.170 0.131 0.206 

HbA1c (mmol/mol) -0.580 - 0.597 - 0.563 

Longitudinal process    

Basline age group (years)    

18-34 - - - 

35-59 -0.319 -0.372 -0.265 

60+ -1.125 -1.179 -1.068 

Male  -0.078 -0.105 -0.049 

Spline terms    

B-spline 1 (𝛽1) 0.236 0.197 0.278 

B-spline 2 (𝛽2) 0.042 -0.0019 0.087 

B-spline 3 (𝛽3) 0.6696 0.6056 0.730 

Variance components    

𝜎𝜖 1.403 1.398 1.408 

𝐷11 3.40 3.334 3.455 

𝐷21 -0.0268 -0.0283 -0.0256 

𝐷22 0.00122 0.00118 0.00127 

1𝐷[𝑟, 𝑐] is the 𝑟𝑐-element of the 𝐷 covariance matrix of the random effects, 2.5% = lower limit of 

credible interval, 97.5% = upper limit of credible interval. 

 

6.3.2 Predictive performance 

Time-dependent AUCs and Brier scores were used to evaluate the predictive performance of 

the cumulative effects parameterised joint model to the validation cohort. Data from individuals 

who did not achieve glycaemic control during the first six months of observed follow-up were 
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used to evaluate predictive performance at two-time windows, 12 and 24 months. The 

predictive performance by time-dependent AUCs and Brier scores is given in Figure 6.12 and 

Figure 6.13. The time-dependent AUCs and Brier scores are summarised in Table 6.8. 

As shown in Figure 6.12, the cumulative effects parameterized joint model had moderate 

discrimination ability given by time-dependent AUCs of 0.66 and 0.68 at 12 and 24 months. 

Low Brier scores of 0.058 and 0.089 at 12 and 24 months suggest that the cumulative effects 

parameterised joint model had a low prediction error and provided adequate predictions of 

glycaemic control. These low Brier scores were demonstrated by the agreement between the 

observed and estimated probabilities of glycaemic control from the cumulative effects 

parameterised joint model at the 12 and 24 months (Figure 6.13).  

 

 

Figure 6.12: Time-dependent AUCs from ROC curves among T2DM individuals in the routine 

diabetes Western Cape validation cohort at 12 and 24 months. 
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Figure 6.13: Calibration curves at 12 (left panel) and 24 months (right panel) prediction time 

windows for probabilities of glycaemic control in the routine diabetes validation cohort. The 

diagonal line denotes the line of perfect calibration. The density function (grey curve) denotes 

a non-parametric estimate of the distribution of predicted glycaemic control across the 

validation cohort. 

 

Table 6.8: Time-dependent AUCs and Brier scores for the cumulative effect parameterised 

joint model at selected time windows in the routine validation cohort. 

Time window AUC1 Brier score 

12-month 0.66 0.058 

24-month 0.68 0.089 

1AUC = Area under the curve 

 

6.3.3 Dynamic prediction of glycaemic control probabilities 

In this sub-section, the fitted cumulative effects parameterised joint model is used for dynamic 

predictions of glycaemic control for two randomly selected individuals (A-144452 and A-

215470) from the routine diabetes Western Cape validation cohort. These individuals did not 

achieve glycaemic control in the first six months of follow-up. One of these individuals (A-
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215470) achieved glycaemic control, while the other did not. The first individual (A-144452) 

was a 56-year-old female with an HbA1c biomarker value of 13.1 mmol/mol at baseline and 

did not have glycaemic control by the end of follow-up (observed follow-ups, 1, 5.57, and 

25.62 months). The second individual (A-215470) was a 58-year-old female with an HbA1c of 

11.1 mmol/mol at baseline and achieved glycaemic control by the end of follow-up (observed 

follow-ups, 1, 6.16, 9.65, 16.39, 19.51, and 23.06 months). The HbA1c values observed during 

the first six months of follow-up for the individuals in the cohort are shown in Figure 6.14. 

Both individuals had decreasing HbA1c values in the first six months of follow-up, with A-

215470’s HbA1c values decreasing at a faster and steeper rate than A-144452. 

Figure 6.15 shows the dynamic predictions of glycaemic control probabilities for the two 

individuals. The estimated probabilities of glycaemic control for A-144452, conditional on not 

achieving glycaemic control by month 5.57 before the last observed follow-up (25.62 months), 

are given in this figure. The conditional estimated probabilities of glycaemic control for A-

215470, who had a last follow-up time of 23.06 months, are shown in the same figure. The 

estimated conditional probabilities of achieving glycaemic control were lower for both 

individuals, on average. A-215470 had a steady progression to glycaemic control compared to 

A-144452 as more longitudinal continuous HbA1c values accumulated over follow-up time. 

On average, the 95% Monte Carlo prediction intervals for both individuals were narrower. 
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Figure 6.14: Observed HbA1c values during the first six months of observed follow-up for 

two randomly selected individuals from the routine diabetes Western Cape validation cohort. 
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Figure 6.15: Estimated probabilities of glycaemic control, conditional on not having glycaemic 

control during the first six months of follow-up for A-144452 (top panel) and A-215470 

(bottom panel) in the validation cohort. The black asterisks represent HbAlc values during the 

first six months of observed follow-up. The vertical dotted lines represent observed follow-up 

time. The solid blue line shows the fitted longitudinal trajectory from a mixed-effects model, 

and the solid red line represents the estimated probability of glycaemic control, with the shaded 

grey area corresponding to 95% confidence intervals of the probabilities. 
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6.3.4 Discussion 

A joint model was used for longitudinal HbA1c and time to glycaemic control data. The joint 

modelling approach offers a significant advantage over the Cox proportional hazards-based 

prediction model in Chapter 5 as it incorporates repeated measurements of HbA1c over time, 

providing a comprehensive understanding of T2DM progression dynamics compared to using 

baseline values. The joint model assumed that the hazard of glycaemic control depends on all 

past HbA1c values. This parameterisation is the cumulative effects parameterised joint model 

(Rizopoulos, 2012). This parameterisation was practical because HbA1c reflects a summary of 

the previous 3-6 months of blood glucose values, as highlighted in 0.  

This cumulative effects’ model was applied to the routine electronic health records diabetes 

data from the Western Cape introduced in Chapter 4, with separate cohorts for model 

development and validation. Individual-specific average HbA1c changes over time were 

estimated using a mixed-effects model, and these estimated longitudinal profiles of individuals 

were subsequently included as a covariate in a Cox model, adjusting for baseline age and sex. 

The findings demonstrated that an increase in HbA1c reduces the hazard of glycaemic control 

after adjustment for the covariates, including baseline age and sex. The hazard of glycaemic 

control changed from 0.777 to 0.56 when longitudinal HbA1c was compared to using baseline 

HbA1c values under the Cox proportional hazard model in Chapter 5. The predictive 

performance of these approaches was compared to highlight the differences in the joint and 

Cox proportional hazard-based prediction modelling approaches. 

A previous study compared the predictive accuracy of the joint modelling approach with the 

Cox proportional hazard modelling approach in individuals with T2DM (Oulhaj et al., 2023). 

The study found that a joint model improved predictive performance for prognosis prediction 

of major adverse cardiovascular events compared to a Cox proportional hazard-based 

prediction model. However, the study was applied to a multinational controlled trial. Electronic 

health records data in South Africa’s NLHS database was used in this study. Following current 

literature, this thesis is the first to compare the predictive performance of joint modelling and 

Cox proportional hazard-based prediction models using electronic health diabetes data from 

resource-limited settings. The findings indicate comparable discrimination between a dynamic 

prediction and the Cox proportional hazard-based prediction model (0.63 vs 0.66 AUCs at 12 

months; 0.67 vs 0.68 AUCs at 24 months). Similarly, the dynamic prediction and Cox 

proportional hazard-based prediction model had comparable calibration (0.042 vs 0.058 Brier 
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scores at 12 months and 0.088 vs 0.089 Brier scores at 24 months). These findings highlight 

the notable measurement noise in the routine electronic diabetes data, characterized by 

inconsistent measurements due to variations in timing. The noise may not be adequately 

captured by estimated individual-specific trajectories leading to glycaemic control from the 

joint model’s longitudinal model, resulting in comparable predictive performance of the model 

with to that of a Cox proportional hazards-based prediction model. 

The joint modeling-based predictions for individuals with T2DM had limitations. The 

limitations of the routine electronic health records diabetes data were discussed in Chapter 5. 

However, an overarching limitation included the inability to generalise the findings to other 

T2DM populations in South Africa because the data only contained the population in the 

Western Cape.  

The strengths regarding the routine diabetes data discussed in Chapter 5 were as follows: i) the 

large data with substantial follow-up of individuals to enable comprehensive validation, and ii) 

the use of readily available routinely collected variables in healthcare settings. An additional 

strength is that the dynamic prediction model enabled individual-specific prognosis prediction 

of glycaemic control that is updated in real-time when data accumulates. Another major 

strength is that the individual-specific predictions of glycaemic control can potentially inform 

personalised approaches to care for T2DM individuals.  

In conclusion, this thesis provides the first attempt to compare the predictive performance of 

dynamic and Cox proportional hazard-based prediction models using routine diabetes data 

from resource-limited settings. The dynamic prediction model, leveraging longitudinal HbA1c 

data, offers a promising approach for individualised prognosis prediction of glycaemic control 

probabilities.  

However, the findings indicate that the dynamic prediction model did not necessarily 

outperform the Cox proportional hazard-based prediction model in terms of predictive 

performance. These findings are unexpected and highlight the notable challenges in using 

routine electronic health diabetes data from resource-limited settings where there is a need for 

personalised strategies to treat diabetes better (Brennan et al., 2023). The findings highlight the 

need for further research to understand the factors central to predictive performance across 

different contexts. 
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6.4 Conclusion 

In conclusion, the application of dynamic prediction models for virologic failure in individuals 

living with HIV and glycaemic control in T2DM individuals represents a novel and significant 

advancement in the literature of these models, particularly in resource-limited settings. The 

applications of these models to individualised prognosis prediction of virologic failure or 

glycaemic control are scarce even in resource-rich settings. In South Africa, these dynamic 

prediction models for virologic failure and glycaemic control are the first of their kind, 

particularly using routine data from electronic health records.  

The strengths of these dynamic prediction models include their ability to capture the nature of 

HIV viral load and HbA1c over time and use them to predict individual-specific probabilities 

of virologic failure and glycaemic control that update in real-time with accumulating data, 

which is crucial for informing timely therapeutic interventions to improve the quality of life of 

individuals. These strengths are discussed further in Chapter 8.  

Importantly, the findings represent a significant step in utilising routine data from electronic 

health records to develop dynamic prediction models for virologic failure and glycaemic 

control. Additionally, they contribute to the literature on dynamic prediction models by 

providing an understanding of predictive performance between dynamic prediction and Cox 

proportional-based prediction models in resource-limited settings, where such prediction 

models are needed to individualise care.  

In summary, comparing predictive performance using routine HIV and diabetes data from 

resource-limited settings offers valuable insights into the universal assumption that dynamic 

prediction models have improved predictive performance than Cox proportional hazard-based 

prediction models. The novelty of these models in resource-limited settings warrants ongoing 

investigation. The findings in this thesis lay a foundation for future advancements in dynamic 

predictive modelling applied to chronic diseases in resource-limited settings by addressing the 

limitations of joint modelling-based prediction approaches. 
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Chapter 7 Extending a Joint Model for Longitudinal 

Continuous HIV Viral Load and Time to Virologic 

Failure Data with Application 

 

7.1 Introduction  

In Chapter 5 and Chapter 6, two approaches for prognosis prediction were proposed. Unlike 

the Cox proportional hazards-based prediction model used in Chapter 5, a joint model applied 

in Chapter 6 could use continuous biomarkers as time-dependent covariates. However, it was 

assumed that the continuous biomarker values were reliably measured to a particular detection 

limit. In practice, not all biomarker values can be reliably measured. For example, in HIV 

studies, HIV viral load data are often left truncated below the lower limit of quantification and 

right-skewed. These characteristics may lead to methodological issues when describing HIV 

viral load data (Brilleman, 2016; Dagne, 2017). In Chapter 6, a Gaussian mixed effects model 

was used in a joint model to describe longitudinal continuous biomarker data. An extension of 

the Gaussian mixed effects model is considered in this chapter. Specifically, a two-part joint 

for longitudinal semicontinuous biomarker and time-to-event data was used to generate 

predictions of probabilities of virologic failure. 

Section 7.2 provides context, motivation, formulation and estimation of a two-part joint model. 

The performance of the two-part joint model is evaluated in simulated and routine HIV Western 

Cape data, with illustrative prediction of virologic failure probabilities in Sections 7.3 and 7.4. 

A summary of the chapter is provided in Section 7.5.   

 

7.2 Two-part Joint Model for Longitudinal Semicontinuous HIV Viral 

Load and Time to Virologic Failure Data 

 

7.2.1 Context  

In biomedical studies, some biomarkers are often characterised as semicontinuous, i.e., they 

are made up of two components: i) excess values below a limit of detection (commonly known 
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as zero) and right-skewed positive (non-zero) continuous values (Olsen & Schafer, 2001). 

These semicontinuous biomarkers are often associated with a time-to-event in biomedical 

studies. The dependency between longitudinal continuous and time-to-event data was modelled 

by a shared parameter joint models approach (Henderson, Diggle, & Dobson, 2000; Tsiatis & 

Davidian, 2004) in Chapter 6. A Gaussian mixed effects model was used in a shared parameter 

joint model to describe longitudinal continuous biomarker data. However, a Gaussian mixed 

effects model is not flexible in dealing with longitudinal semicontinuous biomarker data, which 

are often truncated or right skewed (Brilleman, 2016). Two approaches are often used to model 

semicontinuous data: (i) the Tobit model (Tobin, 1958) and (ii) the two-part model (TPM) 

(Manning et al., 1981). The main difference between the two approaches is that, in the Tobit 

model, zero values are treated as censored observations, while in the TPM, zeros are treated as 

true observations (Liu et al., 2019). In this thesis, a TPM for the longitudinal semicontinuous 

biomarker data was considered. 

A TPM model was initially proposed by Manning et al. (1981) to account for the distributional 

characteristics of semicontinuous responses from cross-sectional and later extended to 

longitudinal data (Olsen & Schafer, 2001). The first part of this model estimates the probability 

of observing a positive value (i.e., nonzero), while the second part estimates the mean of these 

positive values (Liu, 2009). Logistic and linear models are commonly used for the first and 

second parts of the two-part model. Some studies have included two-part longitudinal models 

for longitudinal semicontinuous biomarkers and time-to-event data in the joint modelling 

framework (Brilleman, 2016; Dagne, 2017; Liu, 2009). 

Studies on a two-part joint modelling framework of longitudinal semicontinuous biomarker 

and time-to-event data were motivated by medical costs and time-to-event data (Liu, 2009). 

This study used a logistic mixed effects model for the probability of attaining non-zero costs 

as the first part of the two-part mixed effects model. A linear mixed effects model was used for 

non-zero log costs in the second part of the two-part mixed effects model. The two-part mixed 

effects model and time-to-death components of the joint model were linked by shared random 

intercepts from the two-part mixed effects model. Similarly, in oncology, random intercepts 

from each part of the two-part mixed effects component of a two-part joint model of 

longitudinal semicontinuous patient-reported outcomes and disease progression or death were 

used from a Bayesian approach (Hatfield, Boye, Hackshaw, & Carlin, 2012). For the joint 

analysis of a longitudinal semicontinuous HIV viral load and time-to-event data, Brilleman 

(2016) used a two-part joint model and showed that the longitudinal semicontinuous HIV viral 
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load and time to stopping or modifying treatment components can be linked by an extension of 

the current value association structure outlined in Chapter 2. This chapter proposes a two-part 

joint model to jointly model longitudinal semicontinuous HIV viral load and time to virologic 

failure data. This two-part joint model is briefly introduced in Section 7.22. 

 

7.2.2 Two-part joint model specification  

The notation introduced in Chapter 2 is extended in this chapter. Let 𝑤𝑖𝑗, i.e., 𝐼(𝑦𝑖𝑗 > 0) 

represent a binary indicator of whether 𝑦𝑖𝑗 is positive and 𝑦𝑖𝑗
+, i.e., 𝑦𝑖𝑗|𝑦𝑖𝑗 > 0 represent positive 

values of 𝑦𝑖𝑗 for the longitudinal semicontinuous biomarker data. For individual 𝑖 at the 𝑗th 

observed follow-up time, 𝒙𝐵𝑖𝑗
′  and 𝒙𝐶𝑖𝑗

′  represent vectors of covariates. In the time-to-event 

data, 𝑇𝑖 represents the observed time-to-event such that an event indicator 𝛿𝑖 takes a value of 1 

if the event is observed and 0 if censored. For individual 𝑖 at time 𝑡, 𝒙𝑇𝑖

′  represents the vector 

of baseline covariates, and ℎ𝑖(𝑡) is the hazard of an event. To quantify the association between 

a longitudinal semicontinuous biomarker 𝑦𝑖𝑗 and the hazard of an event ℎ𝑖(𝑡), a two-part joint 

model is introduced. 

A two-part mixed-effects model characterised by i) a logistic mixed-effects model for 

modelling the probability of observing a nonzero value and ii) a Gaussian mixed-effects model 

for modelling the expected value of positive values were included in the two-part joint model. 

The two-part mixed-effects model was given as: 

 

{
logit (𝑝(𝑦𝑖𝑗 > 0)) = 𝑥𝐵𝑖𝑗

′ 𝛼 + 𝑧𝐵𝑖𝑗
′ 𝑎𝑖, (Binary part)

𝑔(𝑦𝑖𝑗
+) = 𝐸[𝑔(𝑦𝑖𝑗

+)] + 𝜖𝑖𝑗 = 𝑥𝐶𝑖𝑗
′ 𝛽 + 𝑧𝐶𝑖𝑗

′ 𝑏𝑖 + 𝜖𝑖𝑗. (Continuous part)
 

7.1 

 

where g(∙) is a non-linear transformation that corrects for Gaussian departures (Su, Tom, & 

Farewell, 2009). In the formulation 𝛼 and 𝛽 represent fixed effects parameters for the vector 

of covariates in the binary (𝑥𝐵𝑖𝑗
′ ) and continuous (𝑥𝐶𝑖𝑗

′ ) parts, 𝑎𝑖 and 𝑏𝑖 represent random effects 

for the vector of covariates in the binary (𝑧𝐵𝑖𝑗
′ ) and continuous (𝑧𝐶𝑖𝑗

′ ) parts, and 𝜖𝑖𝑗 represent 

the error term in the continuous part and assumed to be normally and independently distributed 

with mean zero and variance 𝜎𝜖
2, i.e., 𝜖𝑖𝑗~𝑁(0, 𝜎𝜖

2). The correlation between the binary and 

continuous parts and between repeated biomarker measurements within an individual is 
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captured by the random effects 𝑎𝑖 and 𝑏𝑖. These random effects have a multivariate normal 

with a mean vector of zero and variance-covariance matrix 𝐷, i.e., 

 

(
𝑎𝑖

𝑏𝑖
) ~𝑀𝑉𝑁 ([

0
0

] , [
𝜎𝑏𝑖

𝜌𝜎𝑏𝑖
𝜎𝑎𝑖

𝜌𝜎𝑏𝑖
𝜎𝑎𝑖

𝜎𝑎𝑖
]). 

7.2 

 

Conditional on the random effects, the binary and continuous parts are assumed to be 

independent (Brilleman, 2016). Thus, the expected value of a biomarker is given as: 

 

𝑝(𝑦𝑖𝑗 > 0) × 𝐸[𝑔(𝑦𝑖𝑗
+)] = (

exp(𝑥𝐵𝑖𝑗
′ 𝛼 + 𝑧𝐵𝑖𝑗

′ 𝑎𝑖)

1 + exp(𝛼𝑥𝐵𝑖𝑗
′ + 𝑎𝑖𝑧𝐵𝑖𝑗

′ )
) × (𝑥𝐶𝑖𝑗

′ 𝛽 + 𝑧𝐶𝑖𝑗
′ 𝑏𝑖). 

7.3 

 

The formulation in Equation 7.3 is a current value association structure outlined in Chapter 2. 

Other association structures, for example, shared random effects and the sum of the current 

probability of nonzero value and expected positive value, have been proposed for two-part joint 

models (Rustand, Briollais, Tournigand, & Rondeau, 2022). In this thesis, the focus was on the 

current value association structure. Thus, using the expected value of a biomarker given in 

Equation 7.3, a two-part joint model assuming a current value association structure (product of 

the current probability of observing a nonzero value and expected value of positive values) is 

given by: 

 

ℎ𝑖(𝑡) = ℎ0(𝑡)exp(𝛾𝑥𝑇𝑖
′ + 𝜑𝑝(𝑦𝑖(𝑡) > 0) × 𝐸[𝑦𝑖

+(𝑡)]). 7.4 

 

was used to quantity the association 𝜑 between the expected value of a biomarker, i.e., 

𝑝(𝑦𝑖(𝑡) > 0) × 𝐸[𝑦𝑖
+(𝑡)] and hazard of an event ℎ𝑖(𝑡) at time 𝑡. This two-part joint model 

includes a baseline hazard function ℎ0(𝑡), a vector of baseline covariates 𝑥𝑇𝑖
′  with 

corresponding regression parameter vector 𝛾. 
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7.2.3 Estimation of effects in two-part joint models 

Let 𝜙 represent all parameters included in the binary and continuous parts of the longitudinal 

semicontinuous biomarker process, variance-covariance components, and time-to-event 

process. The joint distribution full likelihood of the observed longitudinal semicontinuous 

biomarker measurements 𝑦𝑖𝑗, random effects 𝑎𝑖 and 𝑏𝑖, time-to-event 𝑇𝑖, and event indicator 

𝛿𝑖 for an 𝑖th individual is given by: 

 

𝐿𝑖(𝜙) = ∫ ∫ (∏ (exp(𝑥𝐵𝑖𝑗
′ 𝛼 + 𝑧𝐵𝑖𝑗

′ 𝑎𝑖))
𝑤𝑖𝑗

𝑛𝑖

𝑗=1

(1 −
exp(𝑥𝐵𝑖𝑗

′ 𝛼 + 𝑧𝐵𝑖𝑗
′ 𝑎𝑖)

1 + exp(𝛼𝑥𝐵𝑖𝑗
′ + 𝑎𝑖𝑧𝐵𝑖𝑗

′ )
)

 

𝑏𝑖

 

𝑎𝑖

× (
1

√2𝜋𝜎𝜖
2

exp (−
(𝑦𝑖𝑗

+ − (𝑥𝐶𝑖𝑗
′ 𝛽 + 𝑧𝐶𝑖𝑗

′ 𝑏𝑖))
2

2𝜎𝜖
2

))

𝑤𝑖𝑗

× ℎ𝑖(𝑇𝑖|Φ𝑖)
𝛿𝑖exp (− ∫ ℎ𝑖(𝑡|𝜙𝑖)d𝑡

𝑇𝑖

0

) 𝑝(𝑎𝑖, 𝑏𝑖)) 𝑑𝑏𝑖𝑑𝑎𝑖. 

7.5 

 

The joint distribution full likelihood is an intractable and requires numerical approximations 

outlined in Chapter 2. Specifically, a Gauss-Legendre quadrature (Abbott, 2005) is commonly 

used to estimate parameters in the joint distribution full likelihood of the two-part joint model. 

Following the estimation of model parameters in the two-part joint model, predictions under 

joint models are extended to two-part joint modelling in Section 7.2.4. 

 

7.2.4 Prediction under two-part joint models 

Predictions under joint models relying on Bayesian inference were introduced in Chapter 2 and 

illustrated in Chapter 6. Using MCMC sampling, the posterior distribution of event-free 

probability at a future time window 𝑢 > 𝑡 was given as: 

𝜋𝑗(𝑢|𝑡) = ∫ 𝑃(𝑇𝑗
∗ ≥ 𝑢|𝑇𝑗

∗ > 𝑡, 𝓎𝑗(𝑡); 𝜃)𝑝(𝜃|𝒟𝑛)𝑑𝜃. 

Under two-part joint models, 𝓎𝑗(𝑡) represents observed longitudinal semicontinuous 

biomarker values for individual 𝑗 up to observed follow-up time 𝑡 and 𝜃 represents the overall 
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parameter vector containing parameters from the binary and continuous parts of the 

longitudinal semicontinuous process and parameters from the time-to-event process. 

Accordingly, based on the Monte Carlo simulation scheme, the event-free conditional 

probabilities for an individual 𝜋̂𝑗(𝑢|𝑡) can be estimated using the same procedure given in 

Chapter 2. 

 

7.3 Simulation and Application of Two-part Joint Models to 

Simulated Longitudinal Semicontinuous and Time-to-Event Data 

This section presents a simulation study conducted to evaluate the performance of the proposed 

two-part joint model in the context of longitudinal semicontinuous biomarker and time-to-

event data. In particular, the focus was to assess whether a two-part joint model flexibility 

provides better inference and predictive performance than a joint model in data subject to limit 

detection. Three simulation scenarios with different proportions (low, moderate, and high) of 

values below the limit of detection were used to generate data motivated by the routine HIV 

Western Cape data described in Chapter 4. For each scenario, 100 datasets were generated for 

𝑛 = 400 individuals in R version 4.0.5. These data were randomly divided into development 

and validation cohorts for model development and validation. Specifically, the inference was 

based on the development cohort of each simulation scenario, and predictive performance was 

based on the validation cohort of each simulation scenario. 

 

7.3.1 Data generation 

In each simulation scenario, individuals were assumed to be followed-up for ten years or until 

the time-to-event with semicontinuous biomarker values measured every 12 months. A binary 

covariate (sex) was used in the longitudinal semicontinuous and time-to-event processes. This 

binary covariate was generated from the Bernoulli distribution with a 0.4 probability of success. 

The two-part joint model described in Section 7.2, which considers random intercepts in the 

binary part and random intercepts and slopes in the continuous part, was used for data 

generation. This model assumed a current value association structure to link the longitudinal 

semicontinuous and time-to-event processes, and it is given by: 
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{

logit (𝑝(𝑦𝑖𝑗 > 0)) = (𝛼0 + 𝑎0𝑖) + 𝛼1t𝑖𝑗 + 𝛼2sex, (Binary part)

𝑦𝑖𝑗
+ = 𝐸[𝑦𝑖𝑗

+] + 𝜖𝑖𝑗 = (𝛽0 + 𝑏0𝑖) + (𝛽1 + 𝑏1𝑖)t𝑖𝑗 + 𝛽2sex + 𝜖𝑖𝑗, (Continuous part)

ℎ𝑖(𝑡) = ℎ0(𝑡)exp(𝛾sex + 𝜑𝑝(𝑦𝑖(𝑡) > 0) × 𝐸[𝑦𝑖
+(𝑡)]).  (Time to event process)

 

7.6 

 

where random effects for each individual were described as follows: 

(
𝑏0𝑖

𝑏1𝑖

𝑎0𝑖

) ~𝑀𝑉𝑁 ([
0
0
0

] , 𝐷) ~𝑀𝑉𝑁 ([
0
0
0

] , [

𝜎𝑏0𝑖
𝜌𝜎𝑏0𝑖

𝜎𝑏1𝑖
𝜌𝜎𝑏0𝑖

𝜎𝑎0𝑖

𝜌𝜎𝑏0𝑖
𝜎𝑏1𝑖

𝜎𝑏1𝑖
𝜌𝜎𝑏1𝑖

𝜎𝑎0𝑖

𝜌𝜎𝑏0𝑖
𝜎𝑎0𝑖

𝜌𝜎𝑏1𝑖
𝜎𝑎0𝑖

𝜎𝑎0𝑖

]), with 

𝐷 = [
0.45 0.2 0.2
0.2 0.25 0.7
0.2 0.7 0.5

]. 

 

The R package mvtnorm (Genz et al., 2021) was used to generate random effects from a 

Gaussian distribution, a zero-mean vector and the 𝐷 variance covariance matrix. Given the 

values of the random effects, continuous longitudinal data 𝑦𝑖𝑗
+ were generated from a Gaussian 

distribution with mean 𝐸[𝑦𝑖𝑗
+] and variance 𝜎𝜖𝑖𝑗

2 = 0.6. In the mean 𝐸[𝑦𝑖𝑗
+], the regression 

coefficients were given as: 

(

𝛽0

𝛽1

𝛽2

) = (
3

−0.3
−1

). 

 

For the binary longitudinal data, i.e., an indicator for whether a continuous value was positive 

or not (below or above the limit of detection) was generated from a Bernoulli distribution with 

probability of success 𝑝(𝑦𝑖𝑗 > 0) to mimic varying proportions of values below the limit of 

detection. Thus, three simulation scenarios, namely low, moderate, and high proportions of 

values below the limit of detection, were considered to generate longitudinal semicontinuous 

biomarker and time-to-event data. 

Scenario 1: Data for a high proportion of values below the limit of detection, which was 

regarded as Scenario 1, were generated by assuming the intercept 𝛼0 = 1 (representing the log 

odds of observing a continuous value above zero). Thus, the regression coefficients for the 

binary part’s probability of success 𝑝(𝑦𝑖𝑗 > 0) are given as: 
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(

𝛼0

𝛼1

𝛼2

) = (
1

−1
−1

). 

 

The event times 𝑇𝑖 were generated from the R package PermAlgo (Sylvestre, Edens, 

MacKenzie, Abrahamowicz, & Sylvestre, 2010) conditional on the binary covariate and time-

dependent semicontinuous values. The regression coefficients for the binary covariate and 

time-dependent semicontinuous values were given as follows: 

 

(
𝛾
𝜑) = (

−1
0.1

). 

 

Non-informative censoring times 𝐶𝑖 were generated from a uniform distribution ranging 

between 1 and 10. Under this setting, the proportion of individuals with an event during follow-

up time was 27%. Any longitudinal semicontinuous measurements observed after the observed 

event time 𝑇𝑖 were excluded. 

Scenario 2: Keeping the same settings in simulation Scenario 1, data for a moderate proportion 

of values below the limit of detection, which was regarded as Scenario 2, were generated by 

assuming the intercept 𝛼0 = 2.5. Under this scenario, 27% of the individuals had the event 

during follow-up time. 

Scenario 3: With the same settings in simulation Scenario 1, data for the final simulation 

(Scenario 3) with a low proportion of values below the limit of detection were generated by 

assuming the intercept 𝛼0 = 5. Under this scenario, 27% of the individuals had the event during 

follow-up time.  

 

7.3.2 Methods considered, estimation and predictive performance 

For each generated dataset under each simulation scenario, the interest was on the parameters 

and measures of the predictive performance of joint and two-part joint models. These parameter 

estimates and predictive performance measures were averaged across the 100 datasets 

generated in each simulation scenario. Specifically, the standard error (SE), mean squared error 

(MSE), and coverage probability were calculated to evaluate model performance in inference. 

The true values of the parameters used for data generation are given in Table 7.1. Average time-
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dependent AUCs and Brier scores were used to summarise the predictive performance of the 

models in each simulation scenario. 

 

Table 7.1: True values of parameters for data generation in simulation studies. 

 Scenario 1 Scenario 2 Scenario 3 

Parameter True1 True1 True1 

𝛼0 1 2.5 5 

𝛼1 -1 -1 -1 

𝛼2 -1 -1 -1 

𝛽0 3 3 3 

𝛽1 -0.3 -0.3 -0.3 

𝛽2 -1 -1 -1 

𝛾1 -1 -1 -1 

𝜑 0.1 0.1 0.1 

𝜎𝝐 0.6 0.6 0.6 

𝜎𝑎0𝑖
 0.5 0.5 0.5 

𝜎𝑏0𝑖
 0.45 0.45 0.45 

𝜎𝑏1𝑖
 0.25 0.25 0.25 

True1: True parameter 

 

Bayesian inference 

MCMC posterior sampling based on the no-U-turn sampler (NUTS) (Hoffman & Gelman, 

2014) on R package Rstan (Stan Developent Team, 2016) was used to estimate unknown 

parameters of the two-part joint model. R was used for data manipulation, and Stan statistical 

software through Rstan was used for MCMC posterior sampling. The Stan and R code used to 

fit the two-part joint model are given in Appendix 8 and Appendix 9. Non-informative priors 

(Gelman, Simpson, & Betancourt, 2017) were adopted for regression coefficient vectors 

(𝛼, 𝛽, 𝛾) and association parameter 𝜑. Specifically, a normal distribution with mean 0 and scale 

1 was used for the regression parameters and association parameter. A gamma prior with shape 

2 and scale 1 was used for the shape parameter of the Weibull distribution baseline hazard in 

the two-part joint model. To enable efficient exploration of the parameter space for the variance 
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of the error term (𝜎𝜖), non-centred parametrisation (Betancourt & Girolami, 2015) was adopted. 

Lewandowski-Kurowicka-Joe (LKJ) correlation prior (Lewandowski, Kurowicka & Joe, 2009) 

with shape 1 was adopted for the Cholesky decomposition of the combined random effects. 𝑟𝑖 

variance-covariance matrix 𝐷 parameterisation. The convergence of posterior samples of the 

all-unknown parameters of the two-part joint model was assessed using trace plots and potential 

scale reduction factor 𝑅̂ (Gelman & Rubin, 1992). 

 

Assessing predictive performance 

As in Chapter 5 and Chapter 6, the predictive performance of the two-part joint model was 

assessed using discrimination (discriminate between individuals who will experience virologic 

failure and those who will not) and calibration (how will the two-part joint model predict the 

observed virologic failures). Specifically, time-dependent AUCs were used for discrimination 

and expected Brier scores were used for calibration. The R packages survival ROC (Heagerty, 

Saha-Chaudhuri, & Saha-Chaudhuri, 2013) and pec (Mogensen, Ishwaran, & Gerds, 2012) 

were used to estimate these time-dependent AUCs and Brier scores, respectively.  

 

7.3.3 Simulation results 

The results of the simulation scenarios with 100 replications in inference and predictive ability 

are summarised in Table 7.2, Table 7.3 and Table 7.4 and Figure 7.1 and Figure 7.2. The R 

package JMBayes2 and Stan were used to fit the joint and two-part joint models, respectively. 

In both JMBayes2 and Stan, three chains, each with 1000 after warm-up iterations (1000 warm-

up iterations), were used. The joint and two-part joint models were run on a machine with a 3.6 

GHz (Intel Core i7) processor and 16 GB RAM running 64-bit Windows 10 Enterprise (version 

21H2). The computing time to fit and evaluate the predictive performance of the joint 

introduced in Chapter 2 and the two-part joint (Equation 7.4) models under simulation Scenario 

1 was 3.5 hours and 25.6 hours, respectively. Under Scenario 2, the computing time for the 

joint model was 4.6 hours and 26.4 hours for the two-part joint model. In Scenario 3, the 

computing time for the joint and two-part joint models were 2.8 hours and 28.8 hours, 

respectively. In all simulation scenarios, a joint model was made up of i) a Gaussian mixed 

effects model with semicontinuous values as the outcome observed follow-up time and binary 

covariate in the fixed effects and random intercepts and slopes in the random effects, and ii) a 
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proportional hazards model with a binary covariate and assuming a B-spline baseline hazard 

and a current value association structure compare to the two-part joint model given in Equation 

7.4.   

Table 7.2, Table 7.3 and Table 7.4 present the inference results for each simulation scenario. In 

each scenario, the distribution of continuous values below the limit of detection was not 

included in the joint model. Thus, the comparison focus for parameter estimates between the 

joint and two-part joint models should be on the time-to-event process (Rustand et al., 2022). 

As a result, the effect of the binary covariate 𝛾1 and association parameter 𝜑 between the 

longitudinal and time-to-event processes were compared. The inference results under 

simulation Scenario 1 with a high proportion of values below the limit of detection are given 

in Table 7.2. Under this scenario, the two-part joint model outperformed the joint model 

concerning SEs and MSEs for the time-to-event process. It can be observed that the two-part 

joint model tends to have smaller SEs and MSEs.  

Table 7.3 and Table 7.4 summarise the simulation results under scenarios 2 and 3, respectively. 

These simulation scenarios were used to check if the proportion of values below the limit of 

detection poorly affects the performance of the joint and two-part joint models in inference. 

Under all simulation scenarios (different proportions of values below the limit of detection), 

the two-part joint model outperformed the joint model in SEs and MSEs.  
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Table 7.2: Simulation results for Scenario 1 with a high proportion (73% zeros) of values below 

the limit of detection. 

  Standard Joint model Two-part Joint model 

Parameter True1 Est.2 SE3 MSE4 Est.2 SE3 MSE4 

Longitudinal process 

Binary part 

𝛼0 1    0.963 0.0026 0.0173 

𝛼1 -1    -1.014 0.0013 0.0027 

𝛼2 -1    -0.972 0.0029 0.0261 

Continuous part 

𝛽0 3 1.488 0.0243 2.290 2.971 0.0009 0.0041 

𝛽1 -0.3 -0.249 0.0061 0.003 -0.210 0.0006 0.0111 

𝛽2 -1 -0.388 0.0102 0.378 -0.930 0.0013 0.0242 

Time-to-event process 

𝛾1 -1 -1.089 0.0272 0.097 -0.992 0.0991 0.0020 

𝜑 0.1 -0.090 0.0496 0.157 0.036 0.0005 0.0042 

Standard deviations 

𝜎𝝐 0.6 0.924 0.0036 0.106 0.602 0.00004 0.0042 

𝜎𝑎0𝑖
 0.5    0.502 0.0004 0.0002 

𝜎𝑏0𝑖
 0.45 0.532 0.532 0.117 0.456 0.0003 0.0004 

𝜎𝑏1𝑖
 0.25 0.024 0.024 0.001 0.249 0.0002 0.0001 

True1: True parameter; Est.2: Average of the parameter estimates; MSE3: Standard error; MSE4: 

Mean squared error  
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Table 7.3: Simulation results for Scenario 2 with a moderate proportion (52% zeros) of values 

below the limit of detection. 

  Standard Joint model Two-part Joint model 

Parameter True1 Est.2 SE3 MSE4 Est.2 SE3 MSE4 

Longitudinal process 

Binary part 

𝛼0 2.5    2.488 0.0029 0.0231 

𝛼1 -1    -1.014 0.0010 0.0024 

𝛼2 -1    -0.995 0.0026 0.0334 

Continuous part 

𝛽0 3 2.340 0.008 0.440 2.950 0.0007 0.0042 

𝛽1 -0.3 -0.361 0.003 0.004 -0.203 0.0004 0.0110 

𝛽2 -1 -0.695 0.007 0.100 -0.957 0.0009 0.0112 

Time-to-event process 

𝛾1 -1 -1.294 0.033 0.178 -0.998 0.099 0.0027 

𝜑 0.1 -0.426 0.069 0.412 0.014 0.0002 0.0075 

Standard deviations 

𝜎𝝐 0.6 0.887 0.001 0.083 0.607 0.00004 0.0075 

𝜎𝑎0𝑖
 0.5    0.496 0.0004 0.0003 

𝜎𝑏0𝑖
 0.45 0.321 0.321 0.019 0.451 0.0003 0.0005 

𝜎𝑏1𝑖
 0.25 0.014 0.014 0.002 0.250 0.0002 0.00005 

True1: True parameter; Est.2: Average of the parameter estimates; MSE3: Standard error; MSE4: 

Mean squared error 
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Table 7.4: Simulation results for Scenario 3 with a low proportion (24% zeros) of values below 

the limit of detection. 

  Standard Joint model Two-part Joint model 

Parameter True1 Est.2 SE3 MSE4 Est.2 SE3 MSE4 

Longitudinal process 

Binary part 

𝛼0 5    4.791 0.0048 0.0676 

𝛼1 -1    -1.009 0.0010 0.0025 

𝛼2 -1    -1.046 0.0029 0.0207 

Continuous part 

𝛽0 3 2.966 0.003 0.003 2.972 0.0006 0.0023 

𝛽1 -0.3 -0.344 0.001 0.002 -0.274 0.0002 0.0018 

𝛽2 -1 -1.027 0.004 0.007 -0.979 0.0006 0.0037 

Time-to-event process 

𝛾1 -1 -1.024 0.029 0.077 -0.993 0.1004 0.0016 

𝜑 0.1 0.016 0.031 0.049 0.006 0.0001 0.0089 

Standard deviations 

𝜎𝝐 0.6 0.614 0.001 0.002 0.596 0.00003 0.0089 

𝜎𝑎0𝑖
 0.5    0.507 0.0004 0.0003 

𝜎𝑏0𝑖
 0.45 0.213 0.213 0.001 0.451 0.0003 0.0002 

𝜎𝑏1𝑖
 0.25 0.013 0.013 0.002 0.253 0.0002 0.0001 

True1: True parameter; Est.2: Average of the parameter estimates; MSE3: Standard error; MSE4: 

Mean squared error 
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Predictive performance of a two-part joint model to simulate longitudinal semicontinuous 

and time-to-event data 

Time-dependent AUCs and Brier scores were used to summarise the predictive performance of 

the models under each simulation scenario. Given that individuals in the development cohort 

were event-free during the first 12 months of follow-up, two future time windows (12 and 24 

months) were chosen to assess the predictive performance. Specifically, time-dependent AUCs 

and Brier scores were used to evaluate the predictive performance of the proposed two-part 

joint model and compare its predictive performance with a joint model. These AUCs and Brier 

scores within given future time windows were averaged across 100 datasets in each scenario. 

Figure 7.1 and Figure 7.2 provide the AUCs and Brier scores under all simulation scenarios.  

These scenarios were used to check if the proportion of values below the limit of detection 

poorly affects the predictive ability of the joint and two-part joint models. Under all simulation 

scenarios, the two-part joint model performed well and outperformed the joint model 

concerning discrimination within 12 and 24-month future time windows (Figure 7.1). It can be 

observed that Brier scores were smaller for the joint model, suggesting good calibration for this 

model (Figure 7.2). Nevertheless, the Brier scores for the two-part joint model were still 

acceptable (less than 0.25, which represents a dummy prediction). Following the comparison 

in both inference and predictive performance of the joint and two-part joint models under all 

scenarios, the following section (Section 7.4) illustrates the application of the two-part joint 

model to the routine HIV Western Cape data. 
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Figure 7.1: Comparison of time-dependent AUCs between joint and two-part joint models 

under three simulation scenarios: i) low, ii) moderate, and iii) high proportion of values below 

the limit of detection. 

 

 

Figure 7.2: Comparison of time-dependent Brier scores between standard and two-part joint 

models under three simulation scenarios: i) low, ii) moderate, and iii) high proportion of values 

below the limit of detection. 
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7.4 Application of Two-part Joint Models to Longitudinal 

Semicontinuous HIV Viral Load and Time to Virologic Failure Data 

This Section illustrates the application of the proposed two-part joint model to the motivating 

routine HIV Western Cape data. Only 1% (4858) of the individuals in the motivating data were 

used due to the computation costs of fitting the two-part joint model in Stan. The resulting data 

were randomly split into development (3613) and validation (1245) cohorts for model 

development and validation, respectively. The development cohort was used for inference, and 

the validation cohort was used for predictive performance. The two-part joint model was 

evaluated in inference and predictive performance in sub-sections 7.4.1 and 7.4.2, respectively. 

Prediction under this model is presented in sub-section 7.4.3. 

 

7.4.1 Two-part joint model for longitudinal semicontinuous HIV viral load and 

time to virologic failure data 

The motivating routine HIV viral load data from the Western Cape were considered as 

semicontinuous, i.e., containing excess (81%) HIV viral load values below the limit of 

detection of 1.7 log base 10 copies/mL, as mentioned in Chapter 4. Figure 7.3 presents log base 

10 HIV viral load values in which the top panel represents all log base 10 HIV viral load values, 

and the bottom panel represents those above the limit of detection. It can be seen in the plot 

(top panel) that the HIV viral load values are skewed to the right and a large portion of them 

are below the limit of detection. When HIV viral load values below the limit of detection were 

excluded, the histogram (bottom panel) appeared to be slightly normal. The interest lies in 

examining the association between HIV viral load and the hazard of virologic failure. In Figure 

7.4, longitudinal trajectories for randomly selected individuals in the motivating routine HIV 

Western Cape development cohort are presented. It can be seen that there is variation in the 

trajectories of the individuals over time. This suggests that a two-part mixed-effects model 

needs random intercepts and slopes to account for between-individual variation.  
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Figure 7.3: Observed log base 10 HIV viral load (copies/mL) values in the routine HIV 

Western Cape development cohort. 
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Figure 7.4: Observed longitudinal HIV viral load trajectories for randomly selected individuals 

in the routine HIV Western Cape subset development cohort. 

 

Two-part mixed-effects for longitudinal semicontinuous HIV viral load data 

A two-part mixed-effects model characterised by i) a logistic mixed-effects model and ii) a 

Gaussian mixed-effects model for modelling the expected value of HIV viral load values above 

the limit of detection was used. Specifically, a two-part mixed-effects model containing i) 

random intercepts in the logistic mixed-effects model for the binary part and ii) random 

intercepts and slopes in the Gaussian mixed-effects model had the following specification:  

 

{
logit (𝑝(log10 vload𝑖𝑗 > 1.7)) = (𝛼0 + 𝑎0𝑖) + 𝛼1t𝑖𝑗 + 𝛼2sex, (Binary part)

log10 vload𝑖𝑗
+ = 𝐸[log10 vload𝑖𝑗

+ ] + 𝜖𝑖𝑗 = (𝛽0 + 𝑏0𝑖) + (𝛽1 + 𝑏1𝑖)t𝑖𝑗 + 𝛽2sex + 𝜖𝑖𝑗 . (Continuous part)
 

 

7.7 

 

where 𝛼0 and 𝛽0 are intercepts, 𝛼1 and 𝛽1 are the effects of observed follow-up time, 𝛼2 and 

𝛽2 are regression coefficients for a binary covariate contained in both binary and continuous 

parts, and 𝜖𝑖𝑗 is the error term assumed to be normally distributed with mean 0 and variance 

𝜎𝜖
2. On the other hand, 𝑎0𝑖 are random intercepts in the binary part and 𝑏0𝑖 and 𝑏1𝑖 are random 

intercepts and slopes in the continuous part. These random effects have a multivariate normal 

with a mean vector of 0 and variance-covariance matrix 𝐷, i.e., 
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(
𝑏0𝑖

𝑏1𝑖

𝑎0𝑖

) ~𝑀𝑉𝑁 ([
0
0
0

] , 𝐷) ~𝑀𝑉𝑁 ([
0
0
0

] , [

𝜎𝑏0𝑖
𝜌𝜎𝑏0𝑖

𝜎𝑏1𝑖
𝜌𝜎𝑏0𝑖

𝜎𝑎0𝑖

𝜌𝜎𝑏0𝑖
𝜎𝑏1𝑖

𝜎𝑏1𝑖
𝜌𝜎𝑏1𝑖

𝜎𝑎0𝑖

𝜌𝜎𝑏0𝑖
𝜎𝑎0𝑖

𝜌𝜎𝑏1𝑖
𝜎𝑎0𝑖

𝜎𝑎0𝑖

]). 

 

A two-part joint model for longitudinal semicontinuous HIV viral load and time to virologic 

failure data 

The estimated longitudinal semicontinuous HIV viral load trajectory for individuals from the 

two-part mixed-effects model containing random intercepts in the logistic mixed-effects model 

binary part and random intercepts and slopes in the Gaussian mixed-effects model continuous 

part was used in a two-part joint model. The two-part joint model with a current value 

association structure was given by:  

 

ℎ𝑖(𝑡) = ℎ0(𝑡)exp(𝛾sex + 𝜑𝑝(log10 vload𝑖(𝑡) > 1.7) × 𝐸[log10 vload𝑖𝑗
+ (𝑡)]), 7.8 

 

where used 𝜑 quantity is the association between the expected value of HIV viral load, i.e., 

𝑝(log10 vload𝑖(𝑡) > 1.7) × 𝐸[log10 vload𝑖𝑗
+ (𝑡)] and hazard of virologic failure ℎ𝑖(𝑡). This 

model included a binary covariate and a Weibull baseline hazard ℎ0(𝑡) given by:  

ℎ0(𝑡) = 𝜆𝑡𝜆−1, 

where 𝜆 is the shape parameter of the Weibull distribution. This Weibull baseline hazard 

allowed for virologic failure times to change over time. 

 

Bayesian inference 

As described in Section 7.3, MCMC posterior sampling in Stan was used to estimate each 

parameter in the two-part joint model. The Stan code used to fit the model is given in Appendix 

8. The two-part joint model was run with three chains, each with 1000 after warm-up iterations 

(1000 warm-up iterations) on a machine with a 3.6 GHz (Intel Core i7) processor and 16 GB 

RAM running 64-bit Windows 10 Enterprise (version 21H2). The computation time to fit and 

evaluate the predictive performance of the model was 1.7 hours. Rhat values (between 1.00 – 

1.01) for each parameter and trace plots in Figure 7.5, Figure 7.6, Figure 7.7, Figure 7.8, Figure 

7.9, Figure 7.10 and Figure 7.11 indicated convergence of the posterior samples. The parameter 
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estimates of the two-part joint model applied to the routine HIV Western Cape subset 

development cohort are presented in Table 7.5. Unlike in Section 7.3, HIV viral load values 

had a weak association with the hazard of virologic failure. Specifically, an expected HIV viral 

load above the limit of detection tends to increase the risk of virologic failure by a very small 

and negligible fold (HR = 1.0011; 95% CI, 1.000, 1.0037). In sub-section 7.4.2, the predictive 

performance of the two-part joint model was evaluated in the subset validation cohort. 

 

 

Figure 7.5: Trace plots for alpha parameters of the two-part joint model applied to the routine 

HIV Western Cape subset development cohort. 
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Figure 7.6: Trace plots for beta parameters of the two-part joint model applied to the routine 

HIV Western Cape subset development cohort. 

 

 

Figure 7.7: Trace plot of the Weibull shape parameter of the two-part joint model applied to 

the routine HIV Western Cape subset development cohort. 
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Figure 7.8: Trace plot of the gamma parameter of the two-part joint model applied to the 

routine HIV Western Cape subset development cohort. 

 

 

Figure 7.9: Trace plot of the association parameter of the two-part joint model applied to the 

routine HIV Western Cape subset development cohort. 
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Figure 7.10: Trace plot of the standard deviation parameter of the error term of the two-part 

joint model applied to the routine HIV Western Cape subset development cohort. 

 

 

Figure 7.11: Trace plots of the standard deviation parameters of the random effects of the two-

part joint model applied to the routine HIV Western Cape subset development cohort. 
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Table 7.5: Parameter estimates for the two-part joint model applied to the routine HIV Western 

Cape subset development cohort. 

Parameter Mean SD1 2.5.%2 97.5%3 

Longitudinal process     

Binary part     

𝛼0 -1.2878 0.0641 -1.4129 -1.1601 

𝛼1 -0.0032 0.0005 -0.0041 -0.0022 

𝛼2 0.1579 0.0898 -0.0164 0.336 

Continuous part     

𝛽0 2.3663 0.0848 2.2026 2.5361 

𝛽1 -0.0428 0.0006 -0.044 -0.0416 

𝛽2 1.8401 0.1226 1.6089 2.0782 

Time-to-event process     

𝜆 0.1868 0.0038 0.1795 0.1944 

𝛾 -0.8789 0.0631 -1.0045 -0.7585 

𝜑 0.0011 0.001 0.0000 0.0037 

Standard deviation     

𝜎𝝐 1.5612 0.0015 1.5582 1.5641 

𝜎𝑎0𝑖
 0.4453 0.0104 0.4252 0.467 

𝜎𝑏0𝑖
 0.2453 0.0058 0.2343 0.2569 

𝜎𝑏1𝑖
 0.4917 0.0118 0.469 0.5158 

SD1: Standard deviation; 2.5%2: lower limit of the 95% credible interval; 

97.5%3: upper limit of the 95% credible interval   
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7.4.2 Predictive performance 

The predictive performance of the proposed two-part joint model was evaluated and compared 

with a joint model (defined in Chapter 6) in the motivating routine HIV Western Cape subset 

validation cohort. The joint model adapted from Chapter 6 had i) a Gaussian mixed effects 

model with semicontinuous HIV viral load values as the outcome, observed follow-up time and 

binary covariate in the fixed effects and random intercepts and slopes in the random effects, 

and ii) a proportional hazards model with a binary covariate and assuming a B-spline baseline 

hazard and a current value association structure. On the other hand, the two-part joint had i) a 

two-part mixed-effects model containing random intercepts in the logistic mixed-effects model 

for the binary part and random intercepts and slopes in the Gaussian mixed-effects model, and 

ii) a proportional hazards model with a binary covariate and assuming a Weibull baseline 

hazard and a current value association structure. 

Given that individuals in the routine HIV Western Cape subset validation cohort were virologic 

failure-free during the first 12 months of follow-up, two clinically relevant future times (12 and 

24 months) were chosen to assess the predictive performance. Specifically, time-dependent 

AUCs and Brier scores were used to evaluate the predictive performance of the proposed two-

part joint model and compare its predictive performance with the joint model. The AUCs and 

Brier scores at 12 and 24 months are given in Figure 7.12 and Figure 7.13, respectively. Unlike 

the simulation study, the two-part joint model had lower AUCs than the joint mode for all given 

time windows (Figure 7.12). This suggests that the joint model distinguishes individuals with 

low and high risk of virologic failure better than the two-part joint model. Figure 7.13 displays 

Brier scores for the given time windows. Like the simulation study, the proposed two-part joint 

model has higher Brier scores than the joint model at all time windows, suggesting that the 

joint model had better calibration than the two-part joint model. Nevertheless, the Brier scores 

for the two-part joint model remain acceptable (less than 0.25); thus, this model is adequate for 

calculating dynamic predictions of virologic failure.  
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Figure 7.12: Time-dependent AUCs for a joint and two-part joint model applied to the routine 

HIV Western Cape subset validation cohort. 

 

 

Figure 7.13: Time-dependent Brier scores for a joint and two-part joint model applied to the 

routine HIV Western Cape subset validation cohort. 

 

7.4.3 Prediction of the probability of virologic failure  

The two-part joint model was used to calculate dynamic predictions for virologic failure for 

three exemplary individuals. These individuals (32, 149, and 95) were randomly selected from 
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the routine HIV Western Cape subset validation cohort and their HIV viral load values during 

observed follow-up time are given in Figure 7.14. In the first 12 months of follow-up, the 

individuals were virologic failure-free. Individual 32 was a 49-year-old female with a low 

proportion (25%) of HIV viral load values below the 1.7 copies/mL detection limit. She 

experienced virologic failure at a later observed follow-up time. Individual 149 was a 30-year-

old female with a moderate proportion (50%) of HIV viral load values below the limit of 

detection. She did not have virologic failure at a later observed follow-up time. Individual 95 

was a 32-year-old male with a high proportion (75%) of HIV viral load values below the limit 

of detection and did not have virologic failure at a later observed follow-up time. Dynamic 

predictions of the three individuals were calculated from 52 weeks (12 months) to 104 weeks 

(24 months) by an increment of 52 weeks. These dynamic predictions are given in Figure 7.15, 

Figure 7.16 and Figure 7.17. Individuals 32 and 149 had higher probabilities of virologic failure 

than individual 95. The 95% Monte Carlo prediction intervals for individuals 32 and 149 are 

narrower than that of individual 95.  

 

Figure 7.14: Observed HIV viral load biomarker values during observed follow-up time for 

three randomly selected people from the historic routine HIV validation cohort. 
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Figure 7.15: Estimated probability of virologic failure, conditional on being virologic failure-

free during the first 12 months of follow-up for individual 32 having a low proportion of HIV 

viral load values below the limit of detection. The black asterisks represent observed log base 

10 HIV viral load biomarker values during the first 12 months of observed follow-up. The solid 

red line is the estimated probability of virologic failure up to 104 weeks (24 months). The 

broken black lines are the 95% credible intervals for the estimated probabilities. 

 

 

Figure 7.16: Estimated probability of virologic failure, conditional on being virologic failure-

free during the first 12 months of follow-up for individual 149 having a moderate proportion 
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of HIV viral load values below the limit of detection. The black asterisks represent observed 

log base 10 HIV viral load biomarker values during the first 12 months of observed follow-up. 

The solid red line is the estimated probability of virologic failure up to 104 weeks (24 months). 

The broken black lines are the 95% credible intervals for the estimated probabilities. 

 

 

Figure 7.17: Estimated probability of virologic failure, conditional on being virologic failure-

free during the first 12 months of follow-up for individual 95 having a high proportion of HIV 

viral load values below the limit of detection. The black asterisks represent observed log base 

10 HIV viral load biomarker values during the first 12 months of observed follow-up. The solid 

red line is the estimated probability of virologic failure up to 104 weeks (24 months). The 

broken black lines are the 95% credible intervals for the estimated probabilities. 

 

7.5 Discussion and Conclusions 

In this chapter, a two-part joint model was used to analyse longitudinal HIV viral load and time 

to virologic failure data. Compared with the joint model in Chapter 6, the advantage of this 

modelling approach is that using a two-part mixed effects model provides robust modelling of 

HIV viral load values below the detection limit. HIV viral load values below a detection limit 

of 50 copies/mL were presented as zero to allow for comparable results between the simulation 

study and application to routine HIV Western Cape data. Due to the difference in the 
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parameterisation of the joint and two-part joint models, only the association parameter was 

compared between the simulation study and application to routine HIV Western Cape data. 

The simulation study showed that the two-part joint model had a lower mean squared error than 

a joint model regardless of the proportion of zeros. The two-part joint model generally had 

better discrimination ability than a joint model, although the Brier scores were suboptimal. 

These suboptimal Brier scores may potentially be due to the sample size used in the simulation 

study.  

The two-part joint modelling approach could contribute to research in HIV, where an assay 

used in HIV viral load testing may not detect HIV viral load values below a limit of detection. 

The contribution is not limited to HIV research because it can be extended to other diseases 

where a biomarker may not be detectable below a certain limit of detection. In this thesis, the 

model provides a novel approach to modelling longitudinal semicontinuous HIV viral load and 

time to virologic failure as it accounts for excess HIV viral load values below a limit of 

detection while estimating the mean of the HIV viral load values above the limit of detection 

(Brilleman, 2016). The findings showed that expected HIV viral load values above a detection 

limit were associated with an increased hazard of virologic failure. This finding is consistent 

with a study by Brilleman (2016), which used a two-part joint model for longitudinal 

semicontinuous HIV viral load and time-to-stopping or modifying treatment in individuals 

living with HIV on ART. This study used a two-part model parameterisation different to the 

two-part joint model presented in this thesis. The study reported that HIV viral load changes 

over time were associated with increased hazard of stopping or modifying treatment after 

adjusting for age, sex, and year of ART initiation.  

Finally, the two-part joint model was used to calculate prognosis predictions of the probability 

of virologic failure, using the history of an individual’s baseline demographics and HIV viral 

load changes over time. The two-part joint modelling-based prediction model had suboptimal 

discrimination ability and better calibration than a joint model in the routine HIV data. This 

surprising finding warrants further investigation. A potential reason for this finding might be 

that the data generated in the simulation used equally spaced follow-up times, while in the 

routine HIV data, there were intermittent follow-up times. This resulted in a complexity for the 

average changes in the longitudinal outcome. This notable feature of intermittent follow-up 

times is flexibly captured in a joint model (Rizopoulos, 2012) and may be captured similarly 

in a two-part joint model. 
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The two-part joint modelling approach used in this thesis had limitations. Firstly, the model 

assumed a linear trajectory for the longitudinal HIV viral load biomarker. Although the HIV 

viral load trajectories in the routine HIV data had evidence of nonlinearity, the two-part joint 

model applied in this thesis assumed linearity in both the fixed and random effects. This has 

likely contributed to the suboptimal predictive performance of the model. Misspecification of 

the longitudinal trajectory can lead to biased parameter estimates and reduced predictive 

performance, as shown in previous studies. Arisido et al. (2019) demonstrated, through a 

comprehensive simulation study, that joint models assuming linear trajectories in the presence 

of true nonlinear patterns produced biased estimates. Similarly, Davies et al. (2024) showed 

that joint models assuming linearity in both the fixed and random effects had higher prediction 

error compared to models that incorporated nonlinearity, particularly when the biomarker 

trajectory have evidence of nonlinearity across individuals. This thesis did not account for such 

nonlinearities, which may have limited the two-part joint model’s ability to capture the true 

underlying HIV viral load and its association with virologic failure. While the two-part joint 

model provided a useful foundation, its adequacy could be improved by incorporating 

alternative specifications of the trajectory for the longitudinal HIV viral load biomarker. Future 

work would explore alternative specifications of the longitudinal trajectory, such as the use of 

splines or polynomial terms in both fixed and random effects, to better accommodate the 

nonlinear patterns often observed in biomarkers. Additionally, comparative analysis of 

predictive performance under different trajectory specifications would help identify the most 

appropriate longitudinal biomarker trajectory in this context. 

The second key limitation of this thesis was the specified of the association structure between 

the longitudinal HIV viral load and the hazard of virologic failure. In the joint modelling 

framework for longitudinal and time-to-event data, carefully specifying the association 

structure or functional form is crucial to avoid biased results (Rizopoulos, 2012). Studies have 

primarily focused on the benefits of using alternative association structures to characterize this 

association. A comprehensive overview of such association structures is provided by 

(Rizopoulos, 2012). Moreover, Mchunu et al. (2022), in a study of individuals co-infected with 

HIV and tuberculosis, compared four commonly used association structures describing the 

association between longitudinal CD4 count and the hazard of death. Their findings 

demonstrated that the current value association structure is not always the most suitable choice. 

This thesis fitted a two-part joint model with a current value association structure. The model's 

predictive performance was suboptimal, and this may have been partly attributable to the use 
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of the current value association structure. Restricting the association to the current value alone 

may lead to misleading conclusions about the underlying disease process (Rizopoulos, 2012; 

Vacek, 1997). Accordingly, the results from the two-part joint model should be interpreted with 

caution, particularly given the potential for misspecification of the association structure 

between the longitudinal HIV viral load and virologic failure. A potential improvement for 

future work would be to investigate alternative functional forms such as the time-dependent 

slope (Brown, 2009; Rizopoulos, 2012) or cumulative effects (Brown, 2009) to better 

characterize the association between the biomarker trajectory and the event hazard. Further 

research could also evaluate the predictive performance of two-part joint models incorporating 

different association structures to identify the most appropriate structure. 

Thirdly, due to the computation and memory challenges for Bayesian inference in Stan 

software, a smaller subset of the routine HIV data was used for the development and validation 

of the two-part joint model. A natural extension would be to use a large subset of the routine 

HIV data and apply techniques that allow for better computational time. Techniques such as 

the embarrassingly parallel MCMC will be employed in future research (Ren, Wang, & Luo, 

2021).  

Finally, similar to the joint model in Chapter 6, external validation was not feasible due to the 

lack of an external cohort to validate the two-part joint model. External validation needs to be 

explored in future research.  

In conclusion, the two-part joint modelling approach used in this thesis generally had good or 

similar predictive performance compared to a joint model discussed in Chapter 6. The utility 

of this model was illustrated by prognosis prediction of virologic failure probabilities using 

individual-specific HIV viral load values and baseline characteristics. Following the current 

literature, this study is the first to compare predictive performance between a two-part joint 

model and a joint model applied to routine data from electronic health records in a resource-

limited setting and provide prognosis predictions for virologic failure. Therefore, two-part joint 

modelling-based predictions could be useful for prognosis, even when there is an excess of 

HIV viral load values below detection. 
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Chapter 8 Discussion and Recommendations 

8.1 Introduction 

This thesis challenges the prevailing understanding that dynamic prediction models applied to 

data in all settings have improved predictive performance over Cox proportional hazards-based 

prediction models. This thesis contributes to the body of dynamic prediction models for 

individualised prognosis prediction by providing insights into the conduct and quality of model 

evaluation for dynamic prediction models. According to the current literature, this thesis is the 

first combined body of work in the growing area of dynamic prediction models to i) apply 

dynamic prediction models using the joint modelling approach to routine chronic disease data 

from electronic health records in resource-limited settings where data quality is often difficult 

to assess and may be poor, and ii) compare predictive performance between a two-part joint 

and a joint model and provide prognosis predictions. Dynamic prediction models were applied 

to routine data from electronic health records in South Africa with particular emphasis on using 

longitudinal biomarkers for two chronic diseases of high burden in this resource-limited setting 

for individualised prognosis prediction of clinical outcomes. 

Individualised prognosis prediction can help inform healthcare providers in therapeutic 

decision-making (Collins, Reitsma, Altman, & Moons, 2015). Many modelling approaches can 

be used to obtain predictions, including a Cox proportional hazard and a joint model. Cox 

proportional hazards-based predictions are popular in biomedical research, mainly because 

they are easy to implement and adopt as simple tools for calculating probabilities of clinical 

outcomes. Joint modelling-based predictions (dynamic predictions) enable prognosis 

predictions that can be updated in real-time as more information on individuals living with a 

disease accumulates over time (Rizopoulos, 2011b). This thesis sought to provide insights into 

dynamic prediction models in the context of their development and reporting for individualised 

prognosis prediction using routine data from electronic health records in the Western Cape, 

South Africa. This final chapter concludes the thesis. The main results of each chapter, strengths 

and limitations, and recommendations are provided. First, a synopsis of the key findings in 

relation to the objectives of the thesis is provided in Section 8.2. Secondly, strengths and 

limitations of the thesis are discussed in Section 8.3. Third, a discussion of the key findings of 

this thesis is presented in Section 8.4. Recommendations from this thesis as a combined body 

of work are provided in Section 8.5, and Section 8.6 concludes the thesis.  



178 

 

8.2 Synopsis 

Different modelling approaches were applied to routine data throughout the thesis to get 

prognostic prediction probabilities for clinical outcomes. The theoretical background of these 

models is provided in Chapter 2. Consolidated guidelines such as PROGRESS (Steyerberg et 

al., 2013) and TRIPOD (Collins et al., 2015) are recommended for developing and validating 

prediction models. These consolidated guidelines were used in a literature review described in 

Chapter 3 to outline the characteristics that inform the development and reporting of published 

dynamic prediction models. The factors included attributes of data, type of disease and 

availability of covariates. The literature review (Chapter 3) addressed the first objective of this 

thesis by providing characteristics that inform the development and reporting of dynamic 

prediction models.  

Motivated by two chronic diseases (HIV and T2DM) of high burden in South Africa described 

in Chapter 4, TRIPOD and PROGRESS guidelines were used as a basis for developing and 

validating prediction models for prognosis prediction in Chapter 5, Chapter 6 and Chapter 7. 

In Chapter 5, Cox proportional hazard models were applied to routine HIV and diabetes data 

from electronic health records in the Western Cape, South Africa. The second objective of the 

thesis was addressed by highlighting key demographics and clinical variables, such as repeated 

biomarker measurements central to understanding predictive performance in Cox proportional 

hazard models.  

In Chapter 6, the Cox proportional hazards model was extended to include repeated biomarker 

measurements using joint modelling. The chapter addressed the third objective of this thesis by 

exploring the predictive performance of joint modelling and comparing it with the Cox 

proportional hazards-based prediction model. The prevailing assumption that dynamic 

prediction models have better predictive performance than Cox proportional hazards-based 

prediction models was challenged and discussed. Quantitative and novel evidence against this 

assumption was provided. It is suggested that improved predictive performance is not always 

guaranteed for dynamic prediction models applied to routine data in electronic health records 

from resource-limited settings where data quality is often difficult to assess and may be poor. 

In addition, the findings presented suggest that characteristics such as type of disease, 

biomarker type and availability of covariates inform predictive performance. Finally, in 

Chapter 7, the joint model introduced in Chapter 6 was extended by developing a two-part joint 

model for longitudinal semicontinuous biomarker and time-to-event data. The extension was 
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motivated by routine HIV viral load data, regarded as semicontinuous. Specifically, a two-part 

joint model for longitudinal semicontinuous biomarker and time-to-event data was developed 

and validated in simulated and routine HIV data. This model was used for the prognosis of 

virologic failure probabilities in individuals living with HIV in the Western Cape. Chapter 7 

addressed the fourth and fifth objectives by i) extending joint models to allow for different 

types of longitudinal continuous biomarker-outcome data and ii) applying and comparing the 

predictive performance of joint and two-part joint models in simulated and routine HIV data 

from electronic health records in resource-limited settings, respectively. The findings in this 

chapter suggested that, although the two-part joint model provides flexible modelling of 

longitudinal semicontinuous and time-to-event data, a joint model offers comparable predictive 

performance for such data. Taken together, the findings in the thesis have limitations. The 

strengths and limitations of the thesis as a body of work are presented in Section 8.3 below. 

 

8.3 Strengths and Limitations 

Strengths and limitations were presented in the discussion section of each chapter. However, 

additional strengths and limitations were considered before discussing the key findings of the 

thesis and providing recommendations. 

 

8.3.1 Limitations 

First and foremost, the prediction models presented in this thesis were developed and validated 

from two provincial-level (Western Cape) populations: people with HIV on ART and T2DM 

individuals. This is a limitation of the prediction models presented in this thesis because, in 

South Africa, the proportion of individuals living with HIV varies geographically, with the 

Western Cape province having the lowest prevalence (8.2%) (Human Sciences Research 

Council, 2023). Similarly, this province has the lowest prevalence of T2DM individuals 

compared to other provinces in South Africa, with a prevalence of 14% (Sahadew, Pillay, & 

Singaram, 2022). Coupled with this, South Africa has an under-resourced healthcare system 

(Brennan et al., 2023; Maphumulo & Bhengu, 2019) with inequalities in healthcare 

expenditure. However, the Western Cape is one of the South African provinces with the most 

significant healthcare expenditure (Statistics South Africa, 2021). Therefore, the findings in 

this thesis are not generalisable to all provinces in South Africa. Despite this limitation, these 
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findings can be used preliminarily at a provincial level to point to the need for early 

identification of individuals at a higher probability of having virologic failure or achieving 

glycaemic control to enhance chronic disease management in the current South African under-

resourced healthcare system.  

Secondly, the efficacy of the prediction models was not further verified by external validation 

and resampling techniques such as bootstrapping and repeated cross-validation. However, 

recommended guidelines such as TRIPOD and PROGRESS (Collins et al., 2015; Steyerberg 

et al., 2013) were used as a basic means to develop and internally validate the prediction models 

on individuals living with HIV and T2DM individuals in the Western Cape province, South 

Africa. Given that the South African NHLS database provides nationwide coverage of the 

country’s diverse population, provincial-level data from other provinces can be used in future 

research to facilitate the external validation and adoption of other resampling techniques, 

further verifying the prediction models.   

Thirdly, the definition of virologic failure was restricted to South Africa’s 2019 national 

guidelines for managing HIV in adults (South African National Department of Health, 2019). 

The findings should be interpreted with caution for updated national guidelines. A sensitivity 

analysis using updated national guidelines is an area for future research. 

Another significant concern was the absence of essential demographic and clinical variables 

for individuals living with HIV and those with T2DM in the routine electronic health datasets. 

This deficiency significantly compromised the predictive performance of the prediction models 

presented in the thesis. 

Finally, random effects were used to formulate the joint model for longitudinal biomarker and 

time-to-event data in Chapter 6 and Chapter 7. The dimension of random effects structures 

poses a computational challenge because numerical integration over the random effects is often 

required to estimate them (Rizopoulos, 2011a). Alternative numerical integration approaches 

such as pseudo-adaptive Gaussian quadrature (Rizopoulos, 2012) and parallelising MCMC 

(Wang, Guo, Heller, & Dunson, 2015) are proposed to improve computation efficiency. Given 

the large routine datasets used in this thesis, it was not feasible to further validate the dynamic 

prediction models using bootstrapping and parallelising MCMC without using high-

performance resources. Moreover, as seen in Chapter 7, a smaller subset of data was used to 

apply a two-part joint model because it was computationally demanding to develop and validate 

the model on the full dataset. The dynamic prediction models in this thesis and other dynamic 
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prediction models in the literature can benefit from adopting the embarrassingly parallel 

MCMC approach and using high-performance resources to enable improved computational 

time in a sensitivity analysis with a larger data subset (Ren, Wang, & Luo, 2021). 

 

8.3.2 Strengths 

Despite these limitations, this thesis contributes to the body of knowledge in research in several 

ways. Dynamic prediction models are well-established and are mostly based on data from 

research cohorts in resource-rich healthcare settings. In this thesis, routine data from electronic 

health records in resource-limited healthcare settings were used to develop and validate 

dynamic prediction models. The application of these models to routine HIV and diabetes data 

enabled prognosis predictions that are reflective of resource-limited healthcare systems.  

Another strength of the findings in this thesis is that consolidated guidelines (TRIPOD and 

PROGRESS) for developing and validating prediction models were used to identify ranging 

characteristics, including the type of disease and the amount of readily available information 

in the data that inform the development and reporting of prediction models (Collins et al., 2015; 

Moons et al., 2014). These guidelines often exist in isolation, with developed individualised 

prediction models in the literature. In this thesis, the guidelines were adopted for prediction 

models based on both Cox proportional hazards (Chapter 5) and joint modelling-based 

(Chapter 6). These two models were compared to challenge and provide insights to the 

forebelief that the joint modelling-based prediction models (dynamic prediction models) 

universally have improved predictive performance compared to Cox proportional-hazards-

based models.  

The joint modelling approach was extended by specifying a two-part mixed-effects model to 

flexibly account for viral load data below a detection limit of 50 copies/mL, as shown in 

Chapter 7. The two-part joint model in this thesis extends findings reported by Brilleman 

(2016), who implemented a two-part joint model in Stan to evaluate an association between 

longitudinal semicontinuous viral load and time to stopping or modifying treatment. The 

findings in their study are extended in this thesis in several ways: i) linear changes over time 

in viral load biomarker measurements were assumed, ii) a normal distribution was used to 

model longitudinal viral load biomarker data above a detection limit of 50 copies/mL, iii) the 

covariates were specified in both binary and continuous parts of the two-part mixed effects 

model, iii) a comprehensive simulation study was used to compare the two-part joint model 
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with a joint model in both inference and predictive performance, and iv) the two-part joint 

model was used for individualised prognosis predictions on routine HIV data.      

Finally, taken together as a combined body of work, predictive performance was evaluated and 

compared across Cox proportional hazards-based and dynamic prediction models (joint and 

two-part joint models). This allows for evaluating whether increasing complexity in the 

modelling for prognosis prediction improves or limits predictive performance. The 

contributions of the strengths to the key findings of the entire thesis are further discussed in 

Section 8.4 below. 

 

8.4 Discussion of Key Findings  

Considering the limitations noted, this section explores the key findings of the entire thesis, 

placing these findings in the context of developing and reporting prediction models before 

providing recommendations. The findings from the literature review on the application of 

dynamic prediction models are revisited to provide a conceptual basis for developing and 

reporting dynamic prediction models. Figure 8.1 provides a useful conceptual understanding 

of how consolidated guidelines (TRIPOD and PROGRESS) for developing and validating 

prediction models can inform the development and reporting of prediction models in research. 

This figure was used to frame the discussion on the key findings. The key findings are presented 

in five broad underlying themes that span across the results in the chapters of this thesis: i) the 

type of disease characterises length of follow-up and prediction time, ii) characteristics of 

longitudinal biomarkers are central to dynamic prediction models, iii) consistent follow-ups 

and sufficient covariate collection is critical to prediction models, iv) dynamic prediction 

models do not always have better prediction performance, and v) model complexity is not an 

answer to lack of information in data. 
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Figure 8.1: A summary of a conceptual framework for developing and reporting dynamic 

prediction models adapted from the literature review in Chapter 3. 

 

8.4.1 Type of disease characterises the length of follow-up and prediction time 

window 

Dynamic prediction models perform poorly over long-term prediction time windows. The 

interval between consecutive follow-ups in the data is so large and inconsistent that the change 

in the biomarker cannot be adequately observed within those gaps, leading to poor information 

for prognosis predictions. Long-term predictions were used in this thesis for individuals living 

with HIV and T2DM. These chronic diseases often require longer follow-ups, as seen in the 

routine datasets described in Chapter 4. For individuals living with HIV on ART, South Africa’s 

2019 national guidelines recommend routine follow-up at 6 and 12 months and annually 
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thereafter if they are virally suppressed (South African National Department of Health, 2019). 

For T2DM individuals, South Africa’s 2014 guidelines recommended routine follow-up at 3-6 

months until therapeutic goals have been achieved and annually after that (South African 

National Department of Health, 2014). The gaps between consecutive follow-ups and the 

inconsistent nature of the follow-ups in the resulting routinely collected data make it difficult 

to monitor changes in the disease biomarkers. As highlighted in the literature review in Chapter 

3, the type of disease informs the length of follow-up and prediction time window, ranging 

from months to years. Although the chronic nature of HIV and T2DM necessitates long-term 

prediction time windows compared to short-term diseases, inconsistent follow-ups in the 

routine datasets have led to inadequate observation of changes in the biomarkers. This 

discussion section suggests that dynamic prediction models applied to data with inconsistent 

follow-ups result in poor predictions made in long-term prediction time windows.  

 

8.4.2 Longitudinal biomarkers characteristics are central to prediction models 

Biomarkers with high variance (does not show interim changes in individuals), especially high 

within-individual variance compared to between-individual variance, perform poorly in 

dynamic prediction models. This is because reliable average differences between subgroups 

and narrow prognostic prediction probabilities for clinical outcomes are hard to achieve. 

Biomarkers are widely used to evaluate disease progression, monitor therapeutic interventions 

and identify individuals with a high risk of adverse outcomes (Brody, 2016). These biomarkers 

vary from nearly direct and intermediate (for example, HIV viral load) to indirect, medium-

term (for example, HbA1c) measures of changes in individuals over follow-ups. In this thesis, 

changes within six months of follow-up for individuals living with HIV on ART were 

monitored using HIV viral load (WHO, 2016), while HbA1c was used to monitor changes 

within 3-6 months of follow-up for T2DM individuals (South African National Department of 

Health, 2014). These biomarkers defined adverse outcomes (virologic failure and glycaemic 

control). Using biomarkers as intermediate clinical outcomes is more appropriate when they 

sufficiently represent a biological process of disease (Burke, 1998, 2016). Given the lack of 

consistent follow-ups in the routine data, the biomarkers provided limited information about 

the interim changes in the biology process of HIV and T2DM to the dynamic prediction models. 

This section of the discussion suggests that biomarkers which do not adequately reflect interim 
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changes in the biological processes of disease in individuals provide limited value in dynamic 

prediction models.  

8.4.3 Availability of information in data from studies is crucial to prediction 

models 

Large but low information (insufficient covariate collection) data are not a good substitute for 

smaller data with better information quality. The digitisation of routine healthcare data has led 

to the availability of data on a large scale and an increase in the application of prediction models 

to these large routine data. An attractive feature of routine data is that it is routinely collected 

in healthcare and provides more practical documentation of therapeutic interventions for the 

general population in healthcare systems. Routine data are mainly used for clinical 

documentation (Andrew et al., 2023; Fox et al., 2017). As highlighted in 0, Chapter 5, Chapter 

6 and Chapter 7, routine data from electronic health records come with several challenges, 

including inconsistent follow-ups (Fox et al., 2017; Goldstein, Navar, Pencina, & Ioannidis, 

2017) and limited information quality (Savitz, Savitz, Fleming, Shah, & Go, 2020; Wright, 

Maloney, & Feblowitz, 2011). These challenges make routine data a poor substitute for smaller 

data obtained from time-consuming research studies, where follow-ups are consistent and 

additional covariates that could enhance the prediction of clinical outcomes are conventionally 

collected. This section of the discussion provides compelling evidence that large data do not 

compensate for the lack of consistent follow-ups and covariate collection in prediction models. 

8.4.4 Dynamic prediction models do not always have better prediction 

performance  

Multiple metrics for evaluating the performance of prediction models do not consistently agree 

on improving predictive performance. Generalisations about the predictive performance of 

dynamic prediction models over other approaches, even across these metrics, should not be 

made. This is because the context and characteristics of the data seem to drive much of the 

observed predictive performance. In the literature, several examples have demonstrated that 

dynamic prediction models have improved predictive performance compared to Cox 

proportional hazards-based prediction models (Basol, Goksuluk, Sipahioglu, & Karaagaoglu, 

2021; Oulhaj et al., 2023). This thesis challenged these findings by comparing predictive 
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performance across the Cox proportional hazards-based and joint modelling approaches in 

routine chronic disease data. As seen in Chapter 5 and Chapter 6, the Cox proportional hazard-

based prediction modelling approach had higher discrimination ability. In comparison, the joint 

modelling approach had lower calibration ability in the routine HIV data. In the routine diabetes 

data, the Cox proportional hazards-based prediction modelling approach had higher 

discrimination and comparable calibration ability to the joint modelling approach.  

The inconsistency in predictive performance metrics provides compelling evidence that model 

performance is highly context-dependent and influenced by the specific characteristics of the 

data. For instance, routine electronic health records for conditions such as HIV or diabetes are 

often characterized by measurement noise and inconsistencies due to variations in the timing 

of assessments or data entry errors. Consequently, prediction models based on joint modelling 

may fail to accurately estimate individual-specific trajectories, thereby reducing the predictive 

performance of these dynamic models. This finding provides persuasive evidence that 

improved predictive performance is not always guaranteed for dynamic predictions. 

 

8.4.5 Model complexity is not an answer to a lack of information in the data 

Additional parameterisation of dynamic prediction models does not improve predictive 

performance if the data do not have consistent follow-ups and collection of sufficient 

covariates. In Chapter 5, the Cox proportional hazards-based prediction modelling approach 

was used to develop nomograms for prognosis prediction of virologic failure and glycaemic 

control in individuals living with HIV and T2DM in the Western Cape, South Africa. The 

chapter demonstrated that baseline biomarker values do not offer prognosis predictions that 

capture individuals’ changes over time. As alluded to in Section 8.4.2 above, biomarkers such 

as HIV viral load and HbA1c measure disease progression over time, not just at baseline. This 

necessitated using a joint modelling-based prediction approach for prognosis prediction. 

Chapter 6 demonstrated that the joint modelling approach is a novel approach for prognosis 

prediction of virologic failure and glycaemic control, as it can model individuals’ changes over 

time captured by repeated HIV viral load and HbA1c measurements, respectively. A more joint 

model complex (joint model with increased parameters) resulting in added computation costs 

was developed in Chapter 7 to improve predictions of virologic failure. The model had similar 

predictive performance compared to less parameterized joint model. Taken together as a body 

of work (Chapter 5, Chapter 6 and Chapter 7), the findings in this thesis indicate that a lack of 
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sufficient covariates in the data cannot be compensated for, even with model complexity and 

more parameterisation. 

 

8.5 Recommendations  

The discussion of critical findings above and recommendations alluded to across discussions 

in this thesis are summarised to provide recommendations regarding adopting dynamic 

prediction models and their predictive performance in resource-limited settings. 

 

8.5.1 Type of disease characterises the length of follow-up and prediction time 

window 

Dynamic prediction over long-term prediction time requires more consistent interim data where 

progression between disease status (healthy to unhealthy or unhealthy to healthy) can be 

adequately observed for individuals for whom predictions are to be made. These models are 

more appropriate for short-term or acute-type than chronic diseases. Chronic diseases need data 

with consistent follow-up and a high-quality biomarker that sufficiently measures disease 

progression in individuals. 

 

8.5.2 Characteristics of longitudinal biomarkers are central to prediction models 

Biomarkers with low variance are more suitable for dynamic prediction models. Dynamic 

prediction models need data that sufficiently capture the changes in the biomarker over 

consistent follow-ups for biomarkers with high variance. Researchers should have a good 

understanding of whether biomarkers show interim changes and that these changes are 

sufficiently observed to inform the performance of these biomarkers in dynamic prediction 

models. When using routine data, researchers should be aware of whether national guidelines 

for routine data collection were aligned with biomarker testing intervals to ensure that the 

information about the biological process of disease in the data is reasonably consistent in the 

observed follow-ups. 
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8.5.3 Availability of information in data from studies is critical to prediction 

models 

Even large, routine data needs consistent follow-ups and sufficient covariates to be more useful 

than smaller data with better information quality on follow-ups and covariate collection. 

Smaller data with sufficient covariates and consistent follow-ups is more appropriate for 

dynamic prediction over large, low-quality information data. There should be consistent 

follow-ups and adequate covariates for dynamic prediction models to be more useful in 

predicting clinical outcomes for routine data. 

 

8.5.4 Dynamic prediction models do not always have better prediction 

performance  

The PROGRESS and TRIPOD guidelines should be used to identify data characteristics that 

inform a more balanced and contextualised development and validation of dynamic prediction 

models with improved predictive performance. Although dynamic prediction models using 

joint modelling is a novel approach for individualised prognosis prediction, these models 

universally do not have improved predictive performance in all contexts (Rizopoulos, 

Molenberghs, & Lesaffre, 2017). Researchers should not always assume that a dynamic 

prediction model always outperforms other models. More focus should be on when and how 

predictive performance can be limited or improved in dynamic prediction models. Alongside 

this recommendation, a conceptual understanding of the type of disease, biomarker type and 

variability, and sufficient covariates in data is needed to inform predictive performance. 

 

8.5.5 Model complexity is not an answer to a lack of information in the data 

Increasing the complexity and adding more parameters in prediction models do not make up 

for the lack of covariates and consistent follow-ups in data. Techniques and high-performance 

computing resources to overcome the computational burden of applying more complex and 

parameterised dynamic prediction models are unnecessary in settings where data quality is 

difficult to assess and may be poor. 
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8.6 Conclusion 

Dynamic prediction models can potentially supplement decision-making in healthcare, but it 

is essential to consider their needs in resource-limited settings. There is a future for routine data 

in these resource-limited settings. Prospective thinking about information or covariates is 

needed to ensure routine data with better information quality. 

This thesis addressed the gap in the literature concerning the scarcity of dynamic prediction 

models applied to routine data, particularly in the contexts of HIV and T2DM. Existing 

dynamic prediction models are often developed and validated in well-designed studies with 

consistent follow-ups and sufficient covariate collection. This leads to the assumption of 

universally improved predictive performance for dynamic prediction models over traditional 

methods like the Cox proportional hazards-based prediction model. This thesis challenged this 

assumption by comparing the predictive performance of the Cox and joint model on routine 

HIV and diabetes data. The findings in this thesis underscored the need for a balanced, 

conceptual rather than a universal approach to inform predictive performance, highlighting the 

central role that data characteristics, disease type and characteristics that biomarkers play in 

the development of prediction models. 

Critical discussions emerged across five overarching themes: the type of disease characterises 

the length of follow-up and prediction time window, characteristics of longitudinal biomarkers 

are central to prediction models, consistent follow-ups and sufficient covariate collection are 

crucial to prediction models, dynamic prediction models do not always have better prediction 

performance, and model complexity is not an answer to lack of information in data. 

Based on the thesis findings, the following recommendations are made. Firstly, a balanced and 

contextualised approach, such as the TRIPOD statement, should be used to identify data 

characteristics to inform the development and validation of dynamic prediction models. 

Secondly, high-quality biomarkers with low variability are more suitable for dynamic 

prediction. Third, large routine data is not a substitute for small data with consistent follow-ups 

and sufficient covariate collection. Fourth, if dynamic predictions are used for chronic diseases, 

there should be a high-quality biomarker for the disease with consistent follow-ups. Finally, 

ways to improve computation costs are not more meaningful if there is a lack of information 

in data. 



190 

 

In conclusion, this thesis contributes valuable insights into the application of dynamic 

prediction models in resource-limited settings, emphasising the need for a conceptual and 

balanced understanding of disease dynamics, biomarkers and data characteristics to predictive 

performance. Applying dynamic prediction models that incorporate these elements can 

potentially inform decision-making and subsequently improve the quality of life for individuals 

in care. Furthermore, despite the limited value of the prediction models due to inherent 

uncertainties, the findings reveal significant gaps in chronic disease monitoring, with many 

individuals having fewer than three documented visits. This underscores the need for health 

departments to strengthen monitoring efforts, ensure better access to care, and effectively 

communicate the importance of regular follow-up for individuals with chronic conditions. 
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Appendices 

Appendix 1: Search Strategy used in PubMed Database. 

1 “dynamic model*” [tw] 

2 “dynamic prediction*” [tw] 

3 “landmark model*” [tw] 

4 “landmark prediction*” [tw] 

5 HIV [tw] 

6 spatial [tw] 

7 1 OR 2 OR 3 OR 4   

8 7 AND 5 

9 8 NOT 6 

 

 

Appendix 2: Data Extraction Guided by TRIPOD and CHARMS 

(Form 1). 

Study; 

Country; 

Study design  

Participants and 

setting 

Recruitment 

dates 

Follow-up HIV related outcome Covariates 

      

      

 

Appendix 3: Data Extraction Guided by TRIPOD and CHARMS 

(Form 2). 

Prediction 

model study 

Modelling 

Approach 

Outcome; 

Span of 

predictions 

Predictive Performance Validation 

   Type of 

Validation 

Discrimination Calibration  Overall 

Performance  
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Appendix 4: R Code to Fit Cox PH Models 

# Packages 

library(survival) 

 

############################################ 

# Cox PH model - HIV routine data 

cox_HIV_base <- coxph(Surv(times, vfailure == 1) ~ ageg + sex + logvl_1st, data = tdf.surv) 

# Alternative Cox model - HIV routine data 

cox_HIV_last <- coxph(Surv(times, vfailure == 1) ~ ageg + sex + logvl, data = tdf.surv) 

############################################ 

 

############################################ 

# Cox PH model - T2DM routine data 

cox_T2DM_base <- coxph(Surv(times, hba1c_contr == 1) ~ ageg + sex + hba1c_1st, data = 

tdf.surv) 

# Alternative Cox model - T2DM routine data 

cox_T2DM_last <- coxph(Surv(times, hba1c_contr == 1) ~ ageg + sex + hba1c, data = tdf.surv) 

############################################ 

 

# Nomograms produced using the rms and DynNom packages 

# AUCs and Brier scores produced using "pec", and "survivalROC" packages 
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Appendix 5: R Code to Fit JM Models to Routine HIV and T2DM 

Data 

# Packages 

library(nlme) 

library(spline) 

library(survival) 

library(JMbayes2) 

 

############################################ 

# JM model - HIV routine data 

############################################ 

 

# *** Selecting an LME model  

## ** nonlinear effect of follow-up time through B-splines having two internal knots  

## ** random intercepts  

tlme.int.JM <- lme( 

  logvl ~ ageg + ns(tstart, 3, B = c(0.1, 317.1)) + sex,  

  data = tdf.long,   

  random = ~ 1 | pid,   

  control = lmeControl(opt = "optim")) 

## ** random intercepts & random slopes  

tlme.slo.JM <- update(tlme.int.JM, random = ~ tstart | pid) 

## * compare the LME models  

anova(tlme.int.JM, tlme.slo.JM) 
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# ** Cox PH model 

tcox.JM <- coxph(Surv(times, vfailure == 1) ~ ageg + sex, data = tdf.surv, model = TRUE) 

 

# *** Selecting a JM model  

## ** current value association structure  

tjm.current <- jm( 

  tcox.JM, tlme.slo.JM, time_var = "tstart", 

  control = list(n_chains = 3L, n_iter = 4000L, n_burnin = 2000L, cores = 3L)) 

## ** Lagged effects association structure  

fForms <- list("logvl" = ~ slope(logvl, direction = "back", eps = 26)) 

tjm.6mon <- jm( 

  tcox.JM,  

  tlme.slo.JM,  

  time_var = "tstart", 

  functional_forms = fForms, 

  n_chains = 3L, n_iter = 4000L, n_burnin = 2000L, cores = 3L 

) 

## * compare the JM models  

anova(tjm.current, tjm.6mon) 

 

# *** Diagnostics 

## ** Trace plot for the association parameter 

traceplot(tjm.current, parm = "alphas", main = "")  
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## ** density plot for the association parameter 

densplot(tjm.current, parm = "alphas", main = "") 

 

# *** AUC and Brier scores and predictions calculated from tjm.current using "JMbayes2" R 

package 

 

############################################ 

# JM model - T2DM routine data 

############################################ 

 

# *** Selecting an LME model  

## ** nonlinear effect of follow-up time through B-splines having two internal knots  

## ** random intercepts  

tlme.int.JM <- lme( 

  A1c ~ ageg + ns(tstart, 3, B = c(1, 71.4)) + sex,  

  data = tdf.long,  

  random = ~ 1 | pid,   

  control = lmeControl(opt = "optim")) 

## ** random intercepts & random slopes 

tlme.slo.JM <- update(tlme.int.JM, random = ~ tstart | pid) 

## * compare the LME models  

anova(tlme.int.JM, tlme.slo.JM) 

 

# ** Cox PH model 

tcox.JM <- coxph(Surv(times, hba1c_contr == 1) ~ ageg + sex, data = tdf.surv, model = TRUE) 



199 

 

 

# *** Selecting a JM model  

## ** current value association structure  

tjm.current <- jm( 

  tcox.JM, tlme.slo.JM, time_var = "tstart", 

  control = list(n_chains = 3L, n_iter = 4000L, n_burnin = 2000L, cores = 3L)) 

## ** cumulative effects association structure 

fForms <- list("A1c" = ~ area(A1c)) 

tjm.cumulative <- jm( 

  tcox.JM,  

  tlme.slo.JM,  

  time_var = "tstart", 

  functional_forms = fForms, 

  n_chains = 3L, n_iter = 4000L, n_burnin = 2000L, cores = 3L) 

## * compare the JM models  

anova(tjm.current, tjm.cumulative) 

 

# *** Diagnostics 

## ** Trace plot for the association parameter 

traceplot(tjm.cumulative, parm = "alphas", main = "")  

## ** density plot for the association parameter 

densplot(tjm.cumulative, parm = "alphas", main = "") 

 

# *** AUC and Brier scores and predictions calculated from tjm.cumulative using "JMbayes2" 

R package  
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Appendix 6: R Code to Simulate Longitudinal Semi Continuous and 

Time-to-Event Data 

# Packages 

library(dplyr) 

library(mvtnorm) 

library(PermAlgo) 

 

rm(list = ".Random.seed", envir = globalenv()) 

############################################ 

# Simulation - From a Two-part Joint Model in Chapter 7                

 

# Contain 3 Parts: 

# Part 1 - Dimensions 

# Part 2 - Semi continuous longitudinal data simulation  

# Part 3 - Time to event simulation 

############################################ 

 

set.seed(101) 

# 101:200 for replications 

 

# *** Part 1 - Dimensions  

n_ind <- 400 

follow_dur <- 10  

follow_gap <- 1  
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repeated_num <- (follow_dur/follow_gap) + 1 # no. repeated measurements 

N_measures <- repeated_num * n_ind # total measurements 

follow_times_temp <- seq(0, follow_dur, follow_gap) # follow-up times  

follow_times <- rep(follow_times_temp, n_ind) 

pid <- rep(seq_len(n_ind), each = repeated_num) # unique identifier  

sex <- rep(rep(rbinom(n_ind, 1, 0.4)), each = repeated_num) # sex covariate 

df <- data.frame( 

  pid, 

  follow_times, 

  sex = sex 

) 

# *** Part 2 - Semi continuous longitudinal data simulation 

# ** From a Two-part mixed-effects model  

# * Design matrices for the binary and continuous parts  

X_cont <- unname(model.matrix(~ follow_times + sex, data = df)) 

attr(X_cont, "assign") <- NULL 

Z_cont <- unname(model.matrix(~ follow_times, data = df))  

attr(Z_cont, "assign") <- NULL 

X_bnr <- unname(model.matrix(~ follow_times + sex, data = df))  

attr(X_bnr, "assign") <- NULL 
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Z_bnr <- unname(model.matrix(~ 1, data = df))  

attr(Z_bnr, "assign") <- NULL 

 

# * Parameters  

beta_cont <- c(3, -0.3, -1)  

 

alpha_bnr <- c(1, -1, -1) # scenario 1 - High  

# alpha_bnr <- c(2.5, -1, -1) # scenario 2 - Moderate 

# alpha_bnr <- c(5, -1, -1) # scenario 3 - Low  

 

# * Random effects * 

sigma_betaInt <- 0.45 

sigma_betaSlope <- 0.25 

sigma_alphaInt <- 0.5 

 

corr_betaIntSlope <- 0.2 

corr_betaInt_alphaInt <- 0.2 

corr_betaSlope_alphaInt <- 0.7 

 

cov_betaIntSlope <- sigma_betaInt * sigma_betaSlope * corr_betaIntSlope 

cov_betaInt_alphaInt <- sigma_betaInt * sigma_alphaInt * corr_betaInt_alphaInt 

cov_betaSlope_alphaInt <- sigma_betaSlope * sigma_alphaInt * corr_betaSlope_alphaInt 

 

sigma_reff <- matrix( 
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  c( 

    sigma_betaInt^2, cov_betaIntSlope, cov_betaInt_alphaInt, 

    cov_betaIntSlope, sigma_betaSlope^2, cov_betaSlope_alphaInt, 

    cov_betaInt_alphaInt, cov_betaSlope_alphaInt, sigma_alphaInt^2 

  ), 

  ncol = 3, 

  nrow = 3) 

 

mean_reff <- rep(0, 3) 

reff <- mvtnorm::rmvnorm( 

  n_ind, 

  mean = mean_reff, 

  sigma = sigma_reff) 

 

# * error terms  

sigma_e <- 0.6 

 

# * Binary and continuous outcomes  

lp_bnr <- as.vector(X_bnr %*% alpha_bnr + rowSums(Z_bnr * reff[df$pid, 3])) 

df$Y_bnr <- rbinom(N_measures, size = 1, prob = plogis(lp_bnr)) 

lp_cont <- as.vector(X_cont %*% beta_cont + rowSums(Z_cont * reff[df$pid, 1:2])) 

Y <- rnorm(nrow(df), lp_cont, sigma_e) 

 

df$Y <- ifelse(lp_cont < 0, 0, lp_cont) 
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df <- df %>%  

  dplyr::mutate( 

    Y = ifelse(Y_bnr == 1, Y, 0) 

  ) 

 

# * Simulated semi continuous longitudinal data  

longdf_temp <- df 

 

# *** Part 2 - Time to event simulation  

 

# * Matrix of covariates  

X_eventmat <- matrix(ncol = 2, nrow = N_measures) 

X_eventmat[, 1] <- longdf_temp[, "sex"] 

X_eventmat[, 2] <- longdf_temp[, "Y"] 

 

# * Parameters  

gamma_event1 <- -1 # regression parameters 

assoc_par <- 0.1 # association parameter  

 

# ** Event and censoring times ** 

eventRandom <- round(rexp(n_ind, 0.08) + 1, 0) 

censorRandom <- runif(n_ind, 1, repeated_num) 

 

# ** Time to event data conditional on estimated longitudinal outcome  
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survdf_temp <- permalgorithm( 

  numSubjects = n_ind, 

  maxTime = repeated_num, 

  Xmat = X_eventmat,  XmatNames = c("sex", "Y"), 

  eventRandom = eventRandom, censorRandom = censorRandom, 

  betas = c(gamma_event1, assoc_par) 

) 

 

# ** Event and censoring indicator and times  

indic <- c(which(diff(survdf_temp[, "Id"]) == 1), dim(survdf_temp)[1]) 

survdf_temp2 <- survdf_temp[indic, c("Id", "Event", "Stop", "sex", "Y")] 

survdf_temp2$times <- follow_times_temp[survdf_temp2$Stop + 1] 

 

# ** Simulated time to event data  

survdf <- survdf_temp2[, c("Id", "Event", "times", "sex", "Y")] 

names(survdf) <- c("pid", "event", "times", "sex", "Y") 

longdf_temp2 <- survdf_temp[, c("Id", "Event", "Start", "sex", "Y")] 

longdf_temp2$tstart <- follow_times_temp[longdf_temp2$Start+1] 

# * Simulated time to event data - tstart-stop format  

longdf_temp3 <- longdf_temp2[, c("Id", "Event", "tstart", "sex", "Y")] 

names(longdf_temp3) <- c("pid", "event", "tstart", "sex", "Y_hurdle") 

 

# ** Simulated semi continuous longitudinal and time to event data  

visits <- follow_times_temp[which(follow_times_temp - 

round(follow_times_temp/follow_gap, 0) * follow_gap == 0)] 
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longdf <- longdf_temp3[longdf_temp3$tstart %in% visits, ] 

longdf$Y_bnr <- ifelse(longdf$Y_hurdle > 0, 1, 0) 

names(survdf) <- c("pid", "event", "times", "sex", "Y_hurdle") 

 

# * Extract binary part longitudinal data  

longdf %>% dplyr::mutate( 

  pid_bnr = pid 

) %>% dplyr::select( 

  pid, pid_bnr, 

  tstart, Y_hurdle, Y_bnr, sex) -> dataB 

 

# * Extract continuous part longitudinal data  

dataB %>% filter( 

  Y_bnr == 1 # above detection or positive 

) %>% dplyr::mutate( 

  pid_cont = pid_bnr 

) %>% dplyr::select( 

  pid, pid_bnr, pid_cont, 

  tstart, Y_hurdle, Y_bnr, sex) -> dataC 

names(dataC) <- c("pid", "pid_bnr", "pid_cont", "tstart", "Y_cont", "Y_bnr", "sex") 

 

# ** Data preparation for modelling  

# * update PIDs  

# binary part 
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dataB %>% 

  dplyr::group_by(pid_bnr) %>% 

  dplyr::slice(n()) %>% 

  dplyr::select(pid_bnr) %>% 

  dplyr::ungroup() -> dataB_1st 

dataB_1st <- dataB_1st %>% dplyr::mutate(ids = 1:nrow(dataB_1st)) 

dataB_1st %>% 

  dplyr::left_join(dataB, by = "pid_bnr") %>% 

  dplyr::select(-pid_bnr) -> dataB 

dataB <- dataB %>% 

  dplyr::group_by(pid) %>% 

  dplyr::mutate(pid_bnr = ids) %>% 

  dplyr::ungroup() %>% 

  dplyr::select(pid_bnr, tstart, Y_hurdle, Y_bnr, sex) 

 

# continuous part 

dataC %>% 

  dplyr::group_by(pid_cont) %>% 

  dplyr::slice(n()) %>% 

  dplyr::select(pid_cont) %>% 

  dplyr::ungroup() -> dataC_1st 

dataC_1st <- dataC_1st %>% dplyr::mutate(ids = 1:nrow(dataC_1st)) 

dataC_1st %>% dplyr::left_join(dataC, by = "pid_cont") -> dataC 

dataC <- dataC %>% 
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  dplyr::group_by(pid_cont) %>% 

  dplyr::mutate(pid_contt = ids) %>% 

  dplyr::ungroup() %>% 

  dplyr::select(-pid_cont) 

dataC <- dataC %>% 

  dplyr::group_by(pid_contt) %>% 

  dplyr::mutate(pid_cont = pid_contt) %>% 

  dplyr::ungroup() %>% 

  dplyr::select(pid_cont, tstart, Y_bnr, Y_cont, sex) 

 

# ** Development (75%) and validation sets (25%)  

set <- sample(unique(survdf$pid), 100) 

 

tlongdf <- longdf[!longdf$pid %in% set, ] 

tdataB <- dataB[!dataB$pid_bnr %in% set, ] 

tdataC <- dataC[!dataC$pid_cont %in% set, ] 

vlongdf <- longdf[longdf$pid %in% set, ] 

vdataB <- dataB[dataB$pid_bnr %in% set, ] 

vdataC <- dataC[dataC$pid_cont %in% set, ] 

 

tsurvdf <- survdf[!survdf$pid %in% set, ] 

vsurvdf <- survdf[survdf$pid %in% set, ] 

 

# * update PIDs  
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# Development set - binary part  

tdataB %>% 

  dplyr::group_by(pid_bnr) %>% 

  dplyr::slice(n()) %>% 

  dplyr::select(pid_bnr) %>% 

  dplyr::ungroup() -> tdataB_1st 

tdataB_1st <- tdataB_1st %>% dplyr::mutate(ids = 1:nrow(tdataB_1st)) 

tdataB_1st %>% 

  dplyr::left_join(tdataB, by = "pid_bnr") %>% 

  dplyr::select(-pid_bnr) -> tdataB 

tdataB <- tdataB %>%  

  dplyr::mutate(pid_bnr = ids) %>% 

  dplyr::select(pid_bnr, tstart, Y_hurdle, Y_bnr, sex) 

 

# * update PIDs  

# Development set - continuous part 

tdataC %>% 

  dplyr::group_by(pid_cont) %>% 

  dplyr::slice(n()) %>% 

  dplyr::select(pid_cont) %>% 

  dplyr::ungroup() -> tdataC_1st 

tdataC_1st <- tdataC_1st %>% dplyr::mutate(ids = 1:nrow(tdataC_1st)) 

tdataC_1st %>% dplyr::left_join(tdataC, by = "pid_cont") -> tdataC 

tdataC <- tdataC %>% 
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  dplyr::group_by(pid_cont) %>% 

  dplyr::mutate(pid_contt = ids) %>% 

  dplyr::ungroup() %>% 

  dplyr::select(-pid_cont) 

tdataC <- tdataC %>% 

  dplyr::group_by(pid_contt) %>% 

  dplyr::mutate(pid_cont = pid_contt) %>% 

  dplyr::ungroup() %>% 

  dplyr::select(pid_cont, tstart, Y_bnr, Y_cont, sex) 

 

# Development set - Time to event submodel 

tsurvdf %>% dplyr::mutate(ids = 1:nrow(tsurvdf)) %>%  

  dplyr::select(-pid) -> tsurvdf 

tsurvdf <- tsurvdf %>% dplyr::mutate(pid = ids) %>% 

  dplyr::select(pid, event, times, Y_hurdle, sex) 

 

# * update PIDs  

# Validation set - binary part  

vdataB %>% 

  dplyr::group_by(pid_bnr) %>% 

  dplyr::slice(n()) %>% 

  dplyr::select(pid_bnr) %>% 

  dplyr::ungroup() -> vdataB_1st 

vdataB_1st <- vdataB_1st %>% dplyr::mutate(ids = 1:nrow(vdataB_1st)) 
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vdataB_1st %>% 

  dplyr::left_join(vdataB, by = "pid_bnr") %>% 

  dplyr::select(-pid_bnr) -> vdataB 

vdataB <- vdataB %>% 

  dplyr::mutate(pid_bnr = ids) %>% 

  dplyr::select(pid_bnr, tstart, Y_hurdle, Y_bnr, sex) 

# Validation set - continuous part 

vdataC %>% 

  dplyr::group_by(pid_cont) %>% 

  dplyr::slice(n()) %>% 

  dplyr::select(pid_cont) %>% 

  dplyr::ungroup() -> vdataC_1st 

vdataC_1st <- vdataC_1st %>% dplyr::mutate(ids = 1:nrow(vdataC_1st)) 

vdataC_1st %>% dplyr::left_join(vdataC, by = "pid_cont") -> vdataC 

vdataC <- vdataC %>% 

  dplyr::group_by(pid_cont) %>% 

  dplyr::mutate(pid_contt = ids) %>% 

  dplyr::ungroup() %>% 

  dplyr::select(-pid_cont) 

vdataC <- vdataC %>% 

  dplyr::group_by(pid_contt) %>% 

  dplyr::mutate(pid_cont = pid_contt) %>% 

  dplyr::ungroup() %>% 
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  dplyr::select(pid_cont, tstart, Y_bnr, Y_cont, sex) 

# Validation set - Time to event submodel 

vsurvdf %>%  

  dplyr::mutate(ids = 1:nrow(vsurvdf)) %>% 

  dplyr::select(-pid) -> vsurvdf 

vsurvdf <- vsurvdf %>% dplyr::mutate(pid = ids) %>% 

  dplyr::select(pid, event, times, Y_hurdle, sex) 

# random effects 

cbind(reff, as.numeric(1:nrow(survdf))) -> u_hurdle 

t_uhurdle <- u_hurdle[!u_hurdle[, 4] %in% set, 1:3] 

v_uhurdle <- u_hurdle[u_hurdle[, 4] %in% set, 1:3] 

rm(list = c( 

  "alpha_bnr", "assoc_par", "beta_cont", "censorRandom", 

  "corr_betaInt_alphaInt", "corr_betaIntSlope", "corr_betaSlope_alphaInt", 

  "cov_betaInt_alphaInt", "cov_betaIntSlope", "cov_betaSlope_alphaInt", 

  "dataB_1st", "dataC_1st", "df",  

  "eventRandom", "follow_dur", "follow_gap", "follow_times", "follow_times_temp", 

  "gamma_event1", "indic", 

  "longdf_temp", "longdf_temp2", "longdf_temp3",  

  "lp_bnr", "lp_cont",  

  "mean_reff", 
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  "n_ind", "N_measures", 

  "pid", 

  "repeated_num",  

  "sex", 

  "sigma_alphaInt", "sigma_betaInt", "sigma_betaSlope", "sigma_e", 

  "survdf_temp", "survdf_temp2", 

  "visits", 

  "X_bnr", "X_cont", "X_eventmat", "Y", "Z_bnr", "Z_cont", 

  "reff", "set", 

  "tdataB_1st", "tdataC_1st", "u_hurdle", "vdataB_1st", "vdataC_1st")) 
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Appendix 7: R Code to Fit the JM Model to Simulated Data 

load("C:/Users/Documents/PhD/Appendix/Chap7_Simulation.RData") 

# Packages 

library(dplyr) 

library(nlme) 

library(survival) 

library(JMbayes2) 

 

############################################ 

# *** Data preparation  

############################################ 

set.seed(101) 

# 101:200 for replications 

 

tdataB$pid <- tdataB$pid_bnr 

tsurvdf_updated <- tsurvdf %>% dplyr::select(pid, event, times) 

tsurvdf_updated %>%  

  dplyr::left_join(tdataB, by = "pid") %>% 

  dplyr::select(pid, event, times, tstart, Y_hurdle, Y_bnr, sex) -> tdataBB 

 

vdataB$pid <- vdataB$pid_bnr 

vsurvdf_updated <- vsurvdf %>% dplyr::select(pid, event, times) 

vsurvdf_updated %>%  

  dplyr::left_join(vdataB, by = "pid") %>% 
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  dplyr::select(pid, event, times, tstart, Y_hurdle, Y_bnr, sex) -> vdataBB 

 

############################################ 

# *** Fitting JM  

############################################ 

 

# *** Random Intercepts and Slopes LME  

model.lme <- lme( 

  Y_hurdle ~ tstart + sex, 

  random = ~ tstart | pid, 

  data = tdataBB, 

  control=lmeControl(maxIter=1000, msMaxIter=1000, niterEM=1000, opt='optim')) 

# *** Cox model  

model.Cox <- coxph(Surv(times, event == 1) ~ sex, data = tsurvdf, model = TRUE) 

# *** JM model with current value association structure  

model.JM <- jm( 

  model.Cox, model.lme, time_var = "tstart", 

  control = list(n_chains = 3L, n_iter = 2000L, n_burnin = 1000L, n_thin = 1L, cores = 3L)) 

 

# Mean Bias, MSE, and CP for parameters extracted from 100 repetitions of the simulation and 

model.JM fit 

# Mean AUC and Brier scores extracted from 100 repetitions of the simulation and model.JM 

fit using "JMbayes2" R package 
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Appendix 8: Stan Code to Fit Two-Part JM Model to Simulated and 

Routine HIV Data 

data { 

  // Binary part dimensions 

  int<lower=0> N_obs;                               // Number of observations 

  int<lower=0> n_ind;                               // Number of individuals 

  int<lower=1, upper=n_ind> pid_bnr[N_obs];         // Individual PID 

  int<lower=0, upper=1> Y_bnr[N_obs];               // Binary outcome (0 or 1) 

   

  // Continuous part dimensions 

  int<lower=0, upper=N_obs> N_cont;                 // Number of observations 

  int<lower=0, upper=n_ind> n_ind_cont;             // Number of individuals with Y_cont > 0 

  int<lower=1, upper=n_ind_cont> pid_cont[N_cont];  // Individual PID for continuous part 

  vector<lower=0>[N_cont] Y_cont;                   // Positive continuous outcomes 

   

  // Binary part - fixed and random effects 

  int<lower=1> p_bnr;                               // Number of fixed effects (including intercept) 

  int<lower=1> q_bnr;                            // Number of random effects (only random   intercept) 

  row_vector[p_bnr] X_bnr[N_obs];                   // Fixed effects design matrix 

  row_vector[q_bnr] Z_bnr[N_obs];                   // Individual random effect design matrix 

   

  // Continuous part - fixed and random effects 

  int<lower=1> p_cont;                              // Number of fixed effects (including intercept) 

  int<lower=1> q_cont;                    // Number of random effects (including random intercept) 
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  row_vector[p_cont] X_cont[N_cont];                // Fixed effects design matrix 

  row_vector[q_cont] Z_cont[N_cont];                // Individual random effect design matrix 

   

  // Hurdle submodel - linking the binary and continuous parts 

  int<lower=3> q_hurdle;        // Number of random effects across binary and continuous parts 

  vector[q_hurdle] zeros_uhurdle; // Zero mean vector across binary and continuous parts 

random effects 

  vector[q_hurdle] u_hurdle[n_ind];    // Combined random effects  

   

  // Time to event submodel – dimensions 

  vector<lower=0> [n_ind] time;                    // event or censoring time 

  real<lower=0, upper=1> event[n_ind];             // event indicator (1 if event and 0 otherwise) 

   

  // Time to event submodel – dimensions (Integrating random effects) 

  vector[15] quadnodes;                          // Gaussian quadrature K nodes 

  real quadweight[15];                             // Gaussian quadrature weights 

   

  // Time to event submodel – covariates 

  int<lower=1> p_event;                            // Number of covariates  

  row_vector[p_event] X_event[n_ind];              // Covariates design matrix 

   

  // Time to event submodel – covariates at event time 

  row_vector[p_bnr] X_bnr_eventtime[n_ind];       // Binary part- Fixed effects matrix 

  row_vector[q_bnr] Z_bnr_eventtime[n_ind];   // Binary part- Indiv random effects matrix 

  row_vector[p_cont] X_cont_eventtime[n_ind];     // Continuous part- Fixed effects matrix 
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  row_vector[q_cont] Z_cont_eventtime[n_ind]; // Continuous part- Indiv random eff matrix 

   

  // Time to event submodel – covariates at quadrature K nodes 

  row_vector[p_bnr] X_bnr_quadnode[n_ind, 15];   // Binary part- Fixed effects design matrix 

  row_vector[q_bnr] Z_bnr_quadnode[n_ind, 15];  // Binary part- Indiv random eff matrix 

  row_vector[p_cont] X_cont_quadnode[n_ind, 15];  // Continuous part- Fixed effects matrix 

  row_vector[q_cont] Z_cont_quadnode[n_ind, 15];  // Continuous part- Indiv rand eff matrix 

   

  /* 

  ------------------------------------------------------------------------------ 

  ********************************* 

  ***** validation set **** 

  ********************************* 

  ------------------------------------------------------------------------------ 

  */ 

  int<lower=0> n_ind_pred;                       // num. individuals validation set 

  vector<lower=0> [n_ind_pred] time_pred;        // event or censoring time 

  real<lower=0, upper=1> event_pred[n_ind_pred]; // event indicator 

   

  // Time to event submodel - covariates 

  row_vector[p_event] X_event_pred[n_ind_pred];     

   

  // Time to event submodel – covariate at event time 

  row_vector[p_bnr] X_bnr_eventtime_pred[n_ind_pred];   // Binary part- Fixed eff matrix 
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  row_vector[q_bnr] Z_bnr_eventtime_pred[n_ind_pred];   // Binary part- Individual rand eff 

matrix 

  row_vector[p_cont] X_cont_eventtime_pred[n_ind_pred]; // Continuous part- Fixed effects 

design matrix 

  row_vector[q_cont] Z_cont_eventtime_pred[n_ind_pred]; // Continuous part- Indiv random 

effect design matrix 

} 

 

transformed data { 

  // priors 

  real<lower=0> prior_mean_sigma_e; 

  real<lower=0> prior_sd_sigma_e; 

   

  // standardized quadrature nodes to an unstandardized value  

  vector<lower=0>[n_ind] time_midpt;           // event time midpoint 

  vector[15] quadnode[n_ind];   // unstandardized Gaussian quadrature K nodes 

  time_midpt = time/2;               // calculate event time midpoint 

   

  // unstandardized Gaussian quadrature K nodes for each individual 

  for(i in 1:n_ind){ 

    quadnode[i] = (quadnodes*time_midpt[i]) + time_midpt[i]; 

  } 

   

  prior_mean_sigma_e = 0.6; 

  prior_sd_sigma_e = 0.0025; 
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} 

 

parameters {  

  // Hurdle submodel   

  vector[p_bnr] alpha_bnr;       // Fixed effects intercept and slopes - binary part 

  vector[p_cont] beta_cont;           // Fixed effects intercept and slopes - continuous part 

  real<lower=0> sigma_e;                        // error term SD - continuous part 

   

  cholesky_factor_corr[q_hurdle] Lcorr_uhurdle; // Cholesky factor  

  vector<lower=0>[q_hurdle] sd_uhurdle;         // Combined random effects SD 

 

  // Time to event submodel 

  vector[p_event] gamma_event;                 // coefficient for covariates 

  real<lower=0> assoc_par;                      // current value association parameter 

  real<lower=0> weibull_shape;                  // Weibull shape parameter 

} 

 

transformed parameters { 

  // linear predictor for binary part 

  real mu_bnr[N_obs]; 

  // linear predictor for binary part - event time 

  real mu_bnr_eventtime[n_ind]; 

  // linear predictor for binary part - unstandardized Gaussian quadrature K nodes 

  vector[15] mu_bnr_quadnode[n_ind]; 
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  // linear predictor for continuous part 

  vector[N_cont] mu_cont; 

  // linear predictor for continuous part - event time 

  real mu_cont_eventtime[n_ind]; 

  // linear predictor for continuous part - unstandardized Gaussian quadrature K nodes 

  vector[15] mu_cont_quadnode[n_ind]; 

   

  // combined linear predictor - event time 

  real cur_marker_eventtime[n_ind]; 

  // combined linear predictor - quadrature K nodes 

  vector[15] cur_marker_quadnode[n_ind]; 

   

  // log hazard likelihood - event time 

  real log_haz_eventtime[n_ind]; 

  // log hazard likelihood - unstandardized Gaussian quadrature K nodes  

  vector[15] log_haz_quadnode[n_ind]; 

  // log hazard likelihood - weighted unstandardized Gaussian quadrature K nodes  

  vector[15] log_haz_quadnode_weight[n_ind]; 

  // log survival likelihood  

  real log_surv_eventtime[n_ind]; 

  // event log likelihood  

  real log_event[n_ind]; 
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  // Weibull scale parameter  

  vector[n_ind] weibull_scale; 

   

  // extract individual random effects  

  vector[q_bnr] reff_bnr_inter[n_ind]; 

  vector[q_cont] reff_cont[n_ind]; 

   

  for (i in 1:n_ind) { 

    reff_cont[i] = head(u_hurdle[i], q_cont); 

    reff_bnr_inter[i] = tail(u_hurdle[i], q_bnr); 

  } 

   

  // linear predictors for the binary and continuous parts 

  for (j in 1:N_obs) { 

    mu_bnr[j] = dot_product(X_bnr[j], alpha_bnr) + dot_product(Z_bnr[j], 

reff_bnr_inter[pid_bnr[j]]); 

  } 

   

  for (j in 1:N_cont) { 

    mu_cont[j] = dot_product(X_cont[j], beta_cont) + dot_product(Z_cont[j], 

reff_cont[pid_cont[j]]); 

  } 

   

  // event log likelihood based on the log survival and log hazard likelihoods  

  for(i in 1:n_ind) {  
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    mu_bnr_eventtime[i] = inv_logit(dot_product(X_bnr_eventtime[i], alpha_bnr) + 

dot_product(Z_bnr_eventtime[i], reff_bnr_inter[i])); 

    mu_cont_eventtime[i] = dot_product(X_cont_eventtime[i], beta_cont) + 

dot_product(Z_cont_eventtime[i], reff_cont[i]); 

    cur_marker_eventtime[i] = mu_bnr_eventtime[i] * mu_cont_eventtime[i]; 

    // Weibull scale parameter  

    weibull_scale[i] = exp(dot_product(X_event[i], gamma_event) + 

cur_marker_eventtime[i]*assoc_par); 

    // log hazard likelihood  

    if(event[i] == 1) { 

      log_haz_eventtime[i] = log(weibull_shape) + ((weibull_shape - 1) * log(time[i])) + 

        dot_product(X_event[i], gamma_event) + (cur_marker_eventtime[i]*assoc_par); 

    } else{ 

      log_haz_eventtime[i] = 0; 

    } 

     

    for(k in 1:15){ 

      mu_bnr_quadnode[i, k] = inv_logit(dot_product(X_bnr_quadnode[i, k], alpha_bnr) + 

dot_product(Z_bnr_quadnode[i, k], reff_bnr_inter[i])); 

      mu_cont_quadnode[i, k] = dot_product(X_cont_quadnode[i, k], beta_cont) + 

dot_product(Z_cont_quadnode[i, k], reff_cont[i]);  

      cur_marker_quadnode[i, k] = mu_bnr_quadnode[i, k] * mu_cont_quadnode[i, k];  

      log_haz_quadnode[i, k] = log(weibull_shape) + ((weibull_shape - 1) * log(quadnode[i, k])) 

+ 

        dot_product(X_event[i], gamma_event) + (cur_marker_quadnode[i, k]*assoc_par); 
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      // log hazard likelihood at weighted unstandardized Gaussian quadrature K nodes 

      log_haz_quadnode_weight[i, k] = quadweight[k] * exp(log_haz_quadnode[i, k]); 

    } 

    // log survival likelihood  

    log_surv_eventtime[i] = -(time_midpt[i] * sum(log_haz_quadnode_weight[i])); 

    // event log likelihood  

    log_event[i] = log_haz_eventtime[i] + log_surv_eventtime[i];  

  } 

} 

 

 

model { 

  // priors 

  alpha_bnr ~ normal(0, 1); 

  beta_cont ~ normal(0, 1); 

  sigma_e ~ normal(prior_mean_sigma_e, prior_sd_sigma_e); 

  sd_uhurdle ~ cauchy(0, 5); 

  Lcorr_uhurdle ~ lkj_corr_cholesky(1); 

   

  // combined random effects covariance matrix   

  u_hurdle ~ multi_normal_cholesky(zeros_uhurdle, diag_pre_multiply(sd_uhurdle, 

Lcorr_uhurdle)); 

   

  gamma_event ~ normal(0, 1); 

  assoc_par ~ normal(0, 1); 
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  weibull_shape ~ gamma(2, 1); 

   

  // Likelihoods 

  Y_bnr ~ bernoulli_logit(mu_bnr); 

  Y_cont ~ normal(mu_cont, sigma_e); 

   

  target += log_event; 

   

  for (i in 1:n_ind) { 

    time[i] ~ weibull(weibull_shape, (weibull_scale[i]^(-1/ weibull_shape))); 

  }   

   

} 

 

generated quantities { 

  real mu_bnr_eventtime_pred[n_ind_pred];          // logit prob.  

  real mu_cont_eventtime_pred[n_ind_pred];         // mean  

  real cur_marker_eventtime_pred[n_ind_pred];      // current value 

   

  vector[n_ind_pred] weibull_scale_pred;           // weigbull scale 

  vector[n_ind] hat_time;                          // posterior   

  vector[n_ind_pred] pred_time_pred;               // predicted  

   

  // random effects variance-covariance matrix 
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  matrix[q_hurdle, q_hurdle] omega_uhurdle; 

  matrix[q_hurdle, q_hurdle] sigma_uhurdle; 

  omega_uhurdle = multiply_lower_tri_self_transpose(Lcorr_uhurdle); 

  sigma_uhurdle = quad_form_diag(omega_uhurdle, sd_uhurdle); 

   

  // for posterior predictive checks 

  for(i in 1:n_ind){ 

    if (event[i] == 1) {  

      hat_time[i] = weibull_rng(weibull_shape, weibull_scale[i]); 

      hat_time[i] = fmin(hat_time[i], time[i]); 

    } else { 

      hat_time[i] = time[i];  

    } 

  } 

   

  // for posterior predictive checks - validation 

  for(i in 1:n_ind_pred){   

    mu_bnr_eventtime_pred[i] = inv_logit(dot_product(X_bnr_eventtime_pred[i], alpha_bnr) + 

dot_product(Z_bnr_eventtime_pred[i], reff_bnr_inter[i])); 

    mu_cont_eventtime_pred[i] = dot_product(X_cont_eventtime_pred[i], beta_cont) + 

dot_product(Z_cont_eventtime_pred[i], reff_cont[i]); 

    cur_marker_eventtime_pred[i] = mu_bnr_eventtime_pred[i] * mu_cont_eventtime_pred[i]; 

     

    // Weibull scale parameter  
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    weibull_scale_pred[i] = exp(dot_product(X_event_pred[i], gamma_event) + 

cur_marker_eventtime_pred[i]*assoc_par); 

     

    if (event_pred[i] == 1) {  

      pred_time_pred[i] = weibull_rng(weibull_shape, weibull_scale_pred[i]); 

      pred_time_pred[i] = fmin(pred_time_pred[i], time_pred[i]); 

    } else { 

      pred_time_pred[i] = time_pred[i]; 

    } 

  } 

} 
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Appendix 9: R Code to Fit Two-Part JM Model to Simulated Data 

load("C:/Users/Documents/PhD/Appendix/Chap7_Simulation.RData") 

setwd("C:/Users/Documents/PhD/Appendix") 

# Packages 

library(statmod) 

library(rstan)  

 

options(mc.cores = parallel::detectCores()) 

rstan_options(auto_write = TRUE) 

 

############################################ 

# *** Two-part joint model - Data preparation                            

############################################ 

set.seed(151) 

# 151:250 for replications 

 

# *** Development set  

# ** Semi continuous longitudinal data  

X_bnr <- model.matrix(~ tstart + sex, data = tdataB) 

Z_bnr <- model.matrix(~ 1, data = tdataB) 

p_bnr <- ncol(X_bnr) 

q_bnr <- ncol(Z_bnr) 

X_cont <- model.matrix(~ tstart + sex, data = tdataC) 

Z_cont <- model.matrix(~ tstart, data = tdataC) 
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p_cont <- ncol(X_cont) 

q_cont <- ncol(Z_cont) 

 

# * Dimensions  

N_obs <- nrow(X_bnr) 

n_ind <-  nlevels(as.factor(tdataB$pid_bnr)) 

pid_bnr <- as.integer(tdataB$pid_bnr) 

Y_bnr <- tdataB$Y_bnr 

N_cont <- nrow(X_cont) 

n_ind_cont <- nlevels(as.factor(tdataC$pid_cont)) 

pid_cont <- as.integer(tdataC$pid_cont) 

Y_cont <- tdataC$Y_cont 

 

# * Random effects  

zeros_uhurdle <- rep(0, 3) 

q_hurdle <- 3 

 

# ** Time to event data  

time <- tsurvdf$times 

event <- tsurvdf$event 

X_event <- model.matrix(~ -1 + sex, data = tsurvdf) 

p_event <- ncol(X_event) 

X_bnr_eventtime <- model.matrix(~ times + sex, data = tsurvdf) 

Z_bnr_eventtime <- model.matrix(~ 1, data = tsurvdf) 



230 

 

X_cont_eventtime <- model.matrix(~ times + sex, data = tsurvdf) 

Z_cont_eventtime <- model.matrix(~ times, data = tsurvdf) 

 

# * Gauss-Legendre quadrature  

gau_quad <- gauss.quad(15, kind = "legendre") 

quadnodes <- gau_quad$nodes  

quadweight <- gau_quad$weights  

quads <- table(rep(1:nrow(tsurvdf), each = 15)) 

X_bnr_quadnode <- array(1, dim = c(nrow(tsurvdf), max(quads), 3)) 

X_bnr_quadnode[, , 2] <- tsurvdf$times 

X_bnr_quadnode[, , 3] <- tsurvdf$sex 

Z_bnr_quadnode <- array(1, dim = c(nrow(tsurvdf), max(quads), 1)) 

X_cont_quadnode <- array(1, dim = c(nrow(tsurvdf), max(quads), 3)) 

X_cont_quadnode[, , 2] <- tsurvdf$times 

X_cont_quadnode[, , 3] <- tsurvdf$sex 

Z_cont_quadnode <- array(1, dim = c(nrow(tsurvdf), max(quads), 2)) 

Z_cont_quadnode[, , 2] <- tsurvdf$times 

 

# *** Validation set  

# * Dimensions  

n_ind_pred <-  nlevels(as.factor(vdataB$pid_bnr)) 

time_pred <- vsurvdf$times 

event_pred <- vsurvdf$event 

# * Covariates  
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X_bnr_eventtime_pred <- model.matrix(~ times + sex, data = vsurvdf) 

Z_bnr_eventtime_pred <- model.matrix(~ 1, data = vsurvdf) 

X_cont_eventtime_pred <- model.matrix(~ times + sex, data = vsurvdf) 

Z_cont_eventtime_pred <- model.matrix(~ times, data = vsurvdf) 

X_event_pred <- model.matrix(~ -1 + sex, data = vsurvdf) 

 

stanData_hurdle <- list( 

  X_bnr = X_bnr, 

  Z_bnr = Z_bnr, 

  p_cont = p_cont, 

  q_cont = q_cont, 

  X_cont = X_cont, 

  Z_cont = Z_cont, 

  p_bnr = p_bnr, 

  q_bnr = q_bnr, 

  N_obs = N_obs, 

  n_ind = n_ind, 

  pid_bnr = pid_bnr, 

  Y_bnr = Y_bnr, 

  N_cont = N_cont, 

  n_ind_cont = n_ind_cont, 

  pid_cont = pid_cont, 

  Y_cont = Y_cont, 

  zeros_uhurdle = zeros_uhurdle, 
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  q_hurdle = q_hurdle, 

  u_hurdle = t_uhurdle, 

  time = time, 

  event = event, 

  X_event = X_event, 

  p_event = p_event, 

  X_bnr_eventtime = X_bnr_eventtime, 

  Z_bnr_eventtime =  Z_bnr_eventtime, 

  X_cont_eventtime = X_cont_eventtime, 

  Z_cont_eventtime = Z_cont_eventtime, 

  quadnodes =  quadnodes,  

  quadweight = quadweight,  

  X_bnr_quadnode = X_bnr_quadnode, 

  Z_bnr_quadnode = Z_bnr_quadnode, 

  X_cont_quadnode =  X_cont_quadnode, 

  Z_cont_quadnode = Z_cont_quadnode, 

  X_bnr_eventtime_pred = X_bnr_eventtime_pred, 

  Z_bnr_eventtime_pred = Z_bnr_eventtime_pred, 

  X_cont_eventtime_pred = X_cont_eventtime_pred, 

  Z_cont_eventtime_pred = Z_cont_eventtime_pred, 

  n_ind_pred = n_ind_pred, 

  time_pred = vsurvdf$times, 

  event_pred  = vsurvdf$event, 

  X_event_pred = X_event_pred) 
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rm(list = c( 

  "event", "event_pred", "gau_quad", "N_cont", "n_ind", "n_ind_cont", "n_ind_pred",  

  "N_obs", "p_bnr", "p_cont", "p_event", 

  "pid_bnr", "pid_cont", "q_bnr", "q_cont", "q_hurdle", "quadnodes", "quads", "quadweight", 

  "time", "time_pred", 

  "X_bnr", "X_bnr_eventtime", "X_bnr_eventtime_pred", "X_bnr_quadnode", 

  "X_cont", "X_cont_eventtime", "X_cont_eventtime_pred", "X_cont_quadnode", 

  "X_event", "X_event_pred", 

  "Y_bnr", "Y_cont", 

  "Z_bnr", "Z_bnr_eventtime", "Z_bnr_eventtime_pred", "Z_bnr_quadnode", 

  "Z_cont", "Z_cont_eventtime", "Z_cont_eventtime_pred", "Z_cont_quadnode", 

  "zeros_uhurdle")) 

Stanmod <- stan_model("TPJM_Stancode.stan") 

TPJM_sim <- sampling( 

  Stanmod, 

  data = stanData_hurdle, 

  chains = 3, 

  iter = 2000, 

  verbose = FALSE, 

  cores = getOption("mc.cores", 3L)) 
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# Mean Bias, MSE, and CP for parameters extracted from 100 repetitions of the simulation and 

TPJM_sim fit 

# Mean AUC and Brier scores extracted from 100 repetitions of the simulation and model 

TPJM_sim fit  

# through riskRegression, "pec", and "survivalROC" R packages 
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Appendix 10: R Code to Fit the JM Model to a Subset Routine HIV 

Data 

load("C:/Users/Documents/PhD/Appendix/Chap7_HIVRoutine.RData") 

# Packages 

library(dplyr) 

library(nlme) 

library(survival) 

library(JMbayes2) 

 

############################################ 

# *** Data preparation  

############################################ 

 

tdataBnrr$pid <- tdataBnrr$pid_bnr 

tdataBnrr_temp <- tdataBnrr %>% dplyr::select(pid, tstart, logvl, vldl, sex) 

tdataSurvv_temp <- tdataSurvv %>% dplyr::select(pid, vfailure, times)  

tdataSurvv_temp %>% dplyr::left_join(tdataBnrr_temp, by = "pid") -> tdataBB 

tdataSSurv <- tdataSurvv %>%  

  dplyr::select(pid, vfailure, times, tstart, logvl, vldl, sex) 

 

vdataBnrr$pid <- vdataBnrr$pid_bnr 

vdataBnrr_temp <- vdataBnrr %>% dplyr::select(pid, tstart, logvl, vldl, sex) 

vdataSurvv_temp <- vdataSurvv %>% dplyr::select(pid, vfailure, times)  

vdataSurvv_temp %>% dplyr::left_join(vdataBnrr_temp, by = "pid") -> vdataBB 
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vdataSSurv <- vdataSurvv %>%  

  dplyr::select(pid, vfailure, times, tstart, logvl, vldl, sex) 

 

############################################ 

# *** Fitting JM  

############################################ 

 

# *** Random Intercepts and Slopes LME  

model.lme <- lme( 

  logvl ~ tstart + sex,  

  random = ~ tstart | pid, 

  data = tdataBB, 

  control=lmeControl(maxIter=1000, msMaxIter=1000, niterEM=1000, opt='optim')) 

# *** Cox model  

model.Cox <- coxph(Surv(times, vfailure == 1) ~ sex, data = tdataSSurv, model = TRUE) 

# *** JM model with current value association structure 

model.JM <- jm( 

  model.Cox, model.lme, time_var = "tstart", 

  control = list(n_chains = 3L, n_iter = 4000L, n_burnin = 2000L, n_thin = 1L, cores = 3L)) 

 

# AUC and Brier scores extracted from model.JM fit using "JMbayes2" R package 
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Appendix 11: R Code to Fit the Two-Part JM Model to a Subset 

Routine HIV Data  

load("C:/Users/Documents/PhD/Appendix/Chap7_HIVRoutine.RData") 

setwd("C:/Users/Documents/PhD/Appendix") 

# Packages 

library(statmod) 

library(rstan)  

 

options(mc.cores = parallel::detectCores()) 

rstan_options(auto_write = TRUE) 

 

############################################ 

# *** Two-part joint model - Data preparation 

############################################ 

set.seed(7341) 

 

# *** Development set  

# ** Semi continuous longitudinal data  

X_bnr <- model.matrix(~ tstart + sex, data = tdataBnrr) 

Z_bnr <- model.matrix(~ 1, data = tdataBnrr) 

p_bnr <- ncol(X_bnr) 

q_bnr <- ncol(Z_bnr) 

X_cont <- model.matrix(~ tstart + sex, data = tdataContt) 

Z_cont <- model.matrix(~ tstart, data = tdataContt) 



238 

 

p_cont <- ncol(X_cont) 

q_cont <- ncol(Z_cont) 

 

# * Dimensions  

N_obs <- nrow(X_bnr) 

n_ind <-  nlevels(as.factor(tdataBnrr$pid_bnr)) 

pid_bnr <- as.integer(tdataBnrr$pid_bnr) 

Y_bnr <- tdataBnrr$vldl 

N_cont <- nrow(X_cont) 

n_ind_cont <- nlevels(as.factor(tdataContt$pid_cont)) 

pid_cont <- as.integer(tdataContt$pid_cont) 

Y_cont <- tdataContt$ldl_vload 

 

# * Random effects  

zeros_uhurdle <- rep(0, 3) 

q_hurdle <- 3 

 

# ** Time to event data  

time <- tdataSurvv$times 

event <- tdataSurvv$vfailure 

X_event <- model.matrix(~ -1 + sex, data = tdataSurvv) 

p_event <- ncol(X_event) 

X_bnr_eventtime <- model.matrix(~ times + sex, data = tdataSurvv) 

Z_bnr_eventtime <- model.matrix(~ 1, data = tdataSurvv) 
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X_cont_eventtime <- model.matrix(~ times + sex, data = tdataSurvv) 

Z_cont_eventtime <- model.matrix(~ times, data = tdataSurvv) 

 

# * Gauss-Legendre quadrature  

gau_quad <- gauss.quad(15, kind = "legendre") 

quadnodes <- gau_quad$nodes # quadrature nodes 

quadweight <- gau_quad$weights # quadrature weights 

quads <- table(rep(1:nrow(tdataSurvv), each = 15)) 

X_bnr_quadnode <- array(1, dim = c(nrow(tdataSurvv), max(quads), 3)) 

X_bnr_quadnode[, , 2] <- tdataSurvv$times 

X_bnr_quadnode[, , 3] <- tdataSurvv$sex 

Z_bnr_quadnode <- array(1, dim = c(nrow(tdataSurvv), max(quads), 1)) 

X_cont_quadnode <- array(1, dim = c(nrow(tdataSurvv), max(quads), 3)) 

X_cont_quadnode[, , 2] <- tdataSurvv$times 

X_cont_quadnode[, , 3] <- tdataSurvv$sex 

Z_cont_quadnode <- array(1, dim = c(nrow(tdataSurvv), max(quads), 2)) 

Z_cont_quadnode[, , 2] <- tdataSurvv$times 

 

# *** Validation set  

n_ind_pred <-  nlevels(as.factor(vdataBnrr$pid_bnr)) 

time_pred <- vdataSurvv$times 

event_pred <- vdataSurvv$vfailure 

X_bnr_eventtime_pred <- model.matrix(~ times + sex, data = vdataSurvv) 

Z_bnr_eventtime_pred <- model.matrix(~ 1, data = vdataSurvv) 
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X_cont_eventtime_pred <- model.matrix(~ times + sex, data = vdataSurvv) 

Z_cont_eventtime_pred <- model.matrix(~ times, data = vdataSurvv) 

X_event_pred <- model.matrix(~ -1 + sex, data = vdataSurvv) 

 

 

stanData_hurdle <- list( 

  X_bnr = X_bnr, 

  Z_bnr = Z_bnr, 

  p_cont = p_cont, 

  q_cont = q_cont, 

  X_cont = X_cont, 

  Z_cont = Z_cont, 

  p_bnr = p_bnr, 

  q_bnr = q_bnr, 

  N_obs = N_obs, 

  n_ind = n_ind, 

  pid_bnr = pid_bnr, 

  Y_bnr = Y_bnr, 

  N_cont = N_cont, 

  n_ind_cont = n_ind_cont, 

  pid_cont = pid_cont, 

  Y_cont = Y_cont, 

  zeros_uhurdle = zeros_uhurdle, 

  q_hurdle = q_hurdle, 
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  u_hurdle = t_hurdle, 

  time = time, 

  event = event, 

  X_event = X_event, 

  p_event = p_event, 

  X_bnr_eventtime = X_bnr_eventtime, 

  Z_bnr_eventtime =  Z_bnr_eventtime, 

  X_cont_eventtime = X_cont_eventtime, 

  Z_cont_eventtime = Z_cont_eventtime, 

  quadnodes =  quadnodes, 

  quadweight = quadweight,  

  X_bnr_quadnode = X_bnr_quadnode, 

  Z_bnr_quadnode = Z_bnr_quadnode, 

  X_cont_quadnode =  X_cont_quadnode, 

  Z_cont_quadnode = Z_cont_quadnode, 

  X_bnr_eventtime_pred = X_bnr_eventtime_pred, 

  Z_bnr_eventtime_pred = Z_bnr_eventtime_pred, 

  X_cont_eventtime_pred = X_cont_eventtime_pred, 

  Z_cont_eventtime_pred = Z_cont_eventtime_pred, 

  n_ind_pred = n_ind_pred, 

  time_pred = time_pred, 

  event_pred  = event_pred, 

  X_event_pred = X_event_pred) 
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TPJM_Routine <- stan(    

  file = "TPJM_Stancode.stan",  

  data = stanData_hurdle, 

  chains = 3, 

  iter = 4000, 

  seed = 7341, 

  verbose = FALSE, 

  cores = getOption("mc.cores", 3L)) 

 

# Trace plots and other diagnostics plot extracted from TPJM_Routine fit 

# AUC and Brier scores extracted from TPJM_Routine fit  

# through riskRegression, "pec", and "survivalROC" R packages 

# predictions from TPJM_Routine fit 
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