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Abstract 

Drug safety assessment is important at every stage of drug development especially in 

large late-phase clinical trials that have the power to detect relatively rare or common 

events. Clinical trials evaluating antimalarial trials in pregnancy provide a typical setting 

where safety data receives non-rigorous analysis compared to efficacy data. In particular, 

improvements in antimalarial drug safety assessment in pregnancy have focussed on 

study design issues e.g. definition of safety outcomes and data collection. Safety data is 

usually collected longitudinally and consist of multiple correlated measured endpoints with 

potential time-varying observations across the study population, requiring advanced 

statistical methods for analysis. Analytical challenges with such complex data structure 

include accounting for heterogeneity, dependency between multiple safety endpoints and 

differences in follow-up-time, e.g. due to non-adherence or study dropout. This thesis 

investigates optimal statistical methods for analysis of multivariate safety data in clinical 

trials with application to trials on malaria chemoprevention and treatment during 

pregnancy. Firstly, using a systematic review, the thesis ascertained the current practice 

and methodological issues in statistical analysis and reporting of drug safety for malaria 

chemoprevention in pregnancy trials. The review showed that although most trials 

reported that they collected multiple longitudinal safety endpoints, statistical analyses 

were predominantly descriptive and nonparametric, and ignored multiple occurrence. 

Furthermore, impact of AEs on treatment non-adherence was rarely quantified. 

 

Motivated by the systematic review findings, statistical methods for analysis of recurrent 

AEs were investigated. In clinical trials, recurrent AEs are a key multivariate outcomes 
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that may require complex analytical methods due to correlation that arises from the 

individual patient unobserved heterogeneity and the dependence between events. 

Shared frailty with proportional hazards models can be used to address the correlation 

issue., However, the presence of time-dependent treatment effects can lead to poor 

unobserved heterogeneity estimates. Flexible univariate parametric survival models are 

now becoming popular in the presence of time-dependent treatment effects. Using a 

simulation study, flexible parametric lognormal shared frailty models were assessed 

whether they can improve frailty variance and hazard ratio estimates in investigating 

treatment effect on AE recurrence; the models were compared to the inverse Gaussian 

shared parametric model with proportional hazards assumption. The inverse Gaussian 

shared frailty model yielded higher coverage probability for the 95% confidence interval, 

lower mean square error and lower bias of the frailty variance estimates compared to the 

flexible parametric shared frailty models with non-proportional hazards and restricted 

cubic splines. The flexible parametric lognormal shared frailty models had unbiased log 

hazard ratio estimates at the expense of precision loss and high mean square error 

compared to the conventional inverse Gaussian shared frailty model.  

 

In addition to clinical AEs, longitudinal continuous biochemical laboratory safety data and 

concomitant medication are important multiple longitudinal outcomes for interpreting drug 

safety in context. For example, drug safety estimates can be confounded by the exposure 

to the concomitant medication over the follow-up time. Joint modelling of multivariate 

longitudinal laboratory safety data, concomitant medication and clinical AEs efficiently 

harnesses the safety data in order to better understand drug safety profile. Using joint 
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modelling, the thesis investigated whether clinical AEs vary by treatment and how 

laboratory outcomes (alanine amino-transferase, total bilirubin) and concomitant 

medication are associated with clinical AEs over time following artemisinin-based 

antimalarial therapy. Using the novel joint model, AEs were associated with the 

concomitant medication (IRR=5.75; 95% CI: 4.70, 7.03; p<0.001) but there was no 

evidence of association of AEs with the total bilirubin (IRR= 0.97; 95% CI: 0.60, 1.56; 

p=0.906) and alanine aminotransferase (IRR=1.12; 95% CI: 0.91, 1.38; p=0.269). 

Generally, the Poisson model yielded lower effect estimates of treatment on AE incidence 

compared to the joint model.  

 

Finally, this study investigated whether nested case control (NCC) study with incidence 

density sampling is more efficient than NCC with path set sampling under conditional 

logistic or weighted cox models in assessing the effect of AEs on treatment non-

adherence and participation in preventive antimalarial drug during pregnancy trial. Similar 

estimates were obtained under incidence density sampling and path set sampling 

whether weighted cox or conditional logistic models were used. The results indicated no 

evidence that the clinical AEs impacted treatment non-adherence or study non-

completion. 

 

Overall, the thesis work developed and applied novel flexible parametric models to 

improve contextualized profiling of the antimalarial drug safety when there are multiple 

or repeatedly-measured and time-to-event safety outcomes. NCC was also adapted to 

aid assessment of impact of AEs on clinical trials and inform future trial designs. 
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Chapter 1: Background 

This section provides introduction, problem statement, justification, objectives and the 

thesis outline. The focus is on antimalarial drug trials in pregnancy. 

 

1.1 Clinical trials and drug safety assessment  

Drug safety assessment is of paramount importance at every stage of drug development 

such that safety data is collected, either actively or passively or both actively and 

passively, at each phase of drug development. The safety data collected during the 

premarketing phase of the drug development provides the supporting basis for drug 

approval and labelling. Volume and structural complexity of data for drug safety 

assessment continues to increase from pre-clinical to clinical stages of drug development 

such that statistical analysis of the safety data may depend on the clinical trial phase. 

Therefore, different trial phases may pose unique issues on how to handle the drug safety 

data due to variations in properties of the clinical trial phases. The variations are usually 

influenced by the objectives of the respective phases. The early randomized controlled 

trial (RCT) phases during drug development are associated with smaller sample sizes 

where patients are mostly not randomized compared to the later phases of clinical trials. 

Moreover, in early phase of clinical trials, drug safety conclusions are mainly based on 

surrogate biomarkers (such as pharmacokinetics) unlike clinical endpoints mostly used in 

late Phases (Phase III/IV). Therefore, as the sample sizes increase from Phase I to III, 

more safety data is collected including multiple safety endpoints (e.g. blood chemistry 

and clinical Adverse Events (AEs)) that are inter-related and measured repeatedly over 

time [1]. Such multivariate longitudinal nature of the safety data introduces complexity in 
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the statistical analysis such as how to account for follow-up time,  correlation and 

multiplicity that poses challenge to drug safety assessment [2-4]. The analysis of this 

complex safety data is rarely pre-specified since most safety endpoints are not known in 

advance and most trials are not adequately powered to detect safety effect [5]. Therefore, 

at minimum,  the safety analyses should provide answers not only to pre-specified 

questions only, but also insight into the structure of raw data, new questions and 

information on safety profile of the drug(s) under investigation [1].  

 

Although characterizing the  safety profile of a drug is considered important in clinical 

trials, statistical analysis of the safety data is traditionally based on descriptive statistics 

that do not explicitly account for the safety data complexity as indicated above [6]. The 

traditional inferential methods used in safety data analysis in clinical trials can miss the 

dependences of the safety outcomes and may not be sufficiently powered to detect an 

effect if it exists. Sometimes, this can lead to inconclusive drug safety evidence which 

may affect decisions on future drug use for fear of potential undetected risk.  Use of 

optimal statistical methods that can adequately account for longitudinal structure of the 

safety data and potential variation in follow-up time for individual patients can help in 

efficiently characterizing drug safety profile based on the available data.  Despite the 

highlighted importance of drug safety assessment, most of development and application 

of statistical methods in clinical trials have mainly focus on efficacy data unlike safety data 

[7]. This work focusses on practical development and application of longitudinal and 

survival statistical methods for safety data analysis in premarketing clinical trials using 

antimalarial drugs in pregnancy trials as a case study.   
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Although Data Monitoring Committees are instituted during RCTs to guard the safety of 

the patients by continuously reviewing the safety data, their decisions are mainly based 

on interim data. Furthermore, statistical methods applied during the continuous 

monitoring of drug safety during drug trial are mainly based on descriptive approaches 

that sometimes may be limited. Analysis of safety data at the end of a drug trial offers an 

opportunity to profile drug safety based on as much as available safety data collected 

during the clinical trial. Therefore, use of statistical methods that can effectively draw 

evidence of drug safety is considered paramount for improved drug development and 

safe-guard safety of patients. This work focusses on analysis of drug safety data at the 

end of a clinical trial.  

 

1.2 Drug safety outcomes data in clinical trials 

Clinical trials are a gold standard for determining drug safety and efficacy. Important drug 

safety endpoints collected during clinical trials include vital signs, clinical laboratory 

measurements, electrocardiograms, hospitalizations and clinical adverse events.  Vital 

signs are a set of patient`s body measurements used to assess general physical health 

of an individual such as pulse rate [8]. Clinical laboratory tests in RCTs involve testing 

samples from the human body such as blood with the aim of determining diagnosis, 

planning and monitoring treatment and disease progression or investigational drug 

mechanism [9]. The laboratory tests measure actual safety parameter such as hepa-

toxicity (e.g. albumin), cardiotoxicity (e.g. QT-interval elongation), neurotoxicity (e.g. 

electroencephalograms). Based on pre-established reference standards, these 
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parameters can be used to define laboratory-determined AEs. Sometimes, 

hospitalization, defined as any sickness episode leading to admission at a hospital over 

the follow-up time of a patient, is also considered as a safety endpoint.  AE occurrence is 

the main safety endpoint that is evaluated and reported in most clinical trial reports. An 

AE is defined as any untoward medical occurrence associated with the use of a drug in 

humans regardless of whether or not it is considered drug related [10]. The AEs can be 

collected actively or passively as patient reported outcome or based on abnormal 

laboratory measurement. Usually, the AE information is recorded in text format before 

coding using Medical Dictionary for Regulatory Activities (MedDRA) [11, 12].  The 

dictionary is based on systematic five-level hierarchy where system organ class is coded 

at the highest level (e.g. gastro-intestinal disorders) and lowest level terms at the bottom 

(e.g. feeling queasy).  The AEs can also be graded based on severity: mild = grade 1, 

moderate = grade 2, severe = grade 3, life threatening = grade 4 and death = grade 5.  

 

Concomitant medication, defined as medications that are taken apart from the 

investigational drug, are also commonly taken in clinical trials[13, 14]. The concomitant 

medication has the potential to interact with the investigational drug and eventually 

affect the safety endpoints. If the concomitant medication interacts with the 

investigational drug, there is a potential for the drug safety estimates to be confounded 

by the exposure to the concomitant exposure. Although in some clinical trials use of 

concomitant medications is included as part of inclusion and exclusion criteria, some 

patients may start taking concomitant medications during the trial to treat an indication 

arising in the course of the trial. Therefore, in clinical trials, whether concomitant 
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medications are part of the inclusion and exclusion criteria or not, information on 

concomitant medication use is still collected to support interpretation of drug safety 

estimates [14]. Demographic 

 characteristics and concurrent disease are also other important data that are useful in 

supporting computation and interpretation of drug safety estimates since they can 

potentially confound the estimates obtained.  

 

All the safety outcomes and supporting data described above have complex structure. 

For example, the AEs can recur and the clinical laboratory measurements are repeatedly 

measured over the follow-up time. The multiple safety outcomes, are also inter-related 

such that ignoring the potential correlation of the outcomes can lead to biased estimates. 

Depending on the length of the follow-up time and frequency of the outcomes, the time to 

occurrence of a safety outcome is also supposed to be modelled as efficiently as possible. 

The safety outcomes can also be non-normal and a patient can experience non-linear 

treatment effects over the follow-up time such that use of the conventional approaches to 

analyse the data would be inappropriate. These complex issues pose a big challenge in 

efficient characterising of drug safety profile. Moreover, the scope of these issues can 

vary depending on the indication under study. Clinical trials for antimalarial drugs in 

pregnancy presents a typical setting where the highlighted challenges are faced. Hence, 

premarketing antimalarial drug clinical trials in pregnancy setting is considered as a case 

study in all the subsequent discussions in this work. 
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1.3 Antimalarial drug safety in pregnancy 

Drug safety in pregnancy has been a public health concern since late 1950s and early 

1960s when the drug thalidomide caused more than 10,000 babies to be born with 

congenital anomalies. The drug was primarily developed as a sedative and was used as 

a nausea and vomiting inhibitor in pregnancy [15-17]. Since then, during pregnancy, 

drugs are prescribed and used with caution [18, 19] due to the potential risk to the mother 

or foetus. However, in malaria-endemic regions it may be inevitable to use an antimalarial 

drug, therapeutically or prophylactically, during pregnancy. Globally, 125 million pregnant 

women are at an annual risk of malaria and about 33 million of them are from Sub-

Saharan Africa [20-22]. A World Health Organization (WHO) malaria report for 2021 

estimated malaria prevalence among pregnant women to be 34% (11 million cases) [20]. 

The WHO recommends that in high or moderate malaria transmission settings, malaria 

in pregnancy should be prevented by Intermittent Presumptive Treatment (IPTp) with 

Sulfadoxine-Pyrimethamine (SP) and treated by Atermisinin Combination Therapies 

(ACTs). Malaria chemoprevention and treatment in pregnancy reduces risk of anaemia 

and placental malaria in mothers [23]. Limited evidence of safety for such anti-malarial 

drugs in pregnancy [23, 24] has affected increased uptake of such treatments. The limited 

antimalarial drug safety evidence has been attributed to study methodology issues (e.g. 

uncontrolled for confounders, low power) [25]. Recent literature also indicates that there 

is inadequate  reporting and varied methodological assessments of antimalarial safety in 

pregnancy [23, 26]. This limits interpretations and conclusions that can be made 

concerning antimalarial drug safety in pregnancy across clinical trials. Loss in efficacy of 

SP also calls for alternative malaria prevention drugs during pregnancy [27, 28]. However, 
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a challenge remains to find an alternative malaria prevention treatment to SP that is 

adequately safe and tolerable.  For example, in recent trials, neither amodiaquine, 

mefloquine, nor chloroquine–azithromycin are suitable replacements for SP due to poor 

tolerability [29-35]. However, most analyses from such studies are based on descriptive 

statistics, largely focussing on reporting the Serious AEs (SAEs). Such reporting 

approach has a potential to miss information on the progression of the AEs burden e.g. 

occurrence of mild AE can be a precursor to occurrence SAE.  Limited antimalarial drug 

safety evidence in pregnancy has also been attributed to systematic exclusion of pregnant 

women from clinical trials due to fear of potential side effects [24]. In the last two decades 

there has been increased availability of antimalarial drug efficacy evidence due to 

increased clinical trials including pregnant women. There is a consensus within the clinical 

trial community that drug safety assessment is equally important as efficacy assessment, 

as demonstrated by mandatory institution of Data Safety and Monitoring Board. However, 

there has been limited development and application of the methods for drug safety 

assessment.  Hence, there is still a gap pertaining to antimalarial drug safety evidence 

since the rigorous drug assessment methods and reporting mainly focus on drug efficacy 

rather than drug safety, partly, due to limited development of the statistical methods. 

Improved development and application of drug safety assessment methods and reporting 

has the potential to make efficient use of the available antimalarial drug safety data for 

improved decision making.  
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1.4 Problem Statement  

Malaria remains a disease of public health importance, causing high mortality and 

morbidity among pregnant women in malaria-endemic regions. Identification of safe 

malaria prevention and treatment therapies is of key interest in malaria chemoprevention 

and treatment RCTs. The absence of conclusive safety evidence may have been partially 

due to safety concern of the mother and foetus that may be compromised due to their 

physiological pattern because of hormonal changes. Additionally, the use of conventional 

statistical analyses of the available safety data may not have been optimal. The 

multivariate nature of the safety data introduces complexity such as dependence and 

multiplicity that poses challenge to drug safety assessment. Fortunately, multivariate 

statistical methods exist but they are rarely used in literature towards the analysis of safety 

data. The limited development and use can be due to potential challenges associated 

with implementation of the methods and lack of knowledge on implications for using the 

methods that do not explicitly account for multivariate nature of the safety data. 

Researchers in oncology studies have recognised and documented the importance of 

rigorous safety analysis [36-38]. However, such information is limited in infectious 

diseases studies, especially those studying diseases with short latency such as malaria.  

The disease progression and AEs in antimalarial research can differ from chronic 

diseases due to biological differences associated with the diseases/AEs. Oncology 

diseases are longer in duration and slower in progression [39] unlike malaria.  Descriptive 

statistics dominate drug safety assessment in malaria prevention and treatment in 

pregnancy. Such methods have limited capacity to adequately address issues associated 

with safety data such as multiplicity, recurrence of the AEs and multivariate longitudinal 
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structure of safety data. Improved methods need to be identified and investigated to 

ensure reliable and valid statistical inferences. Furthermore, for long term trials, patient 

treatment discontinuation due to AEs can be high [40-42]. So far, limited work has been 

done to address inadequate development, evaluation and application of statistical 

methods for the analysis of multivariate safety data in malaria chemoprevention and 

treatment in pregnancy RCTs. 

  

1.5 Justification 

Many statistical methods have been developed and applied to analyse efficacy data but 

not much has been done directly for the analysis of safety data [43], despite the fact that 

a lot of such  data (70-80%) is generated in RCTs [2]. Therefore, there is a need to 

appropriately analyse safety data to ensure balanced drug evaluation. We acknowledge 

that issues of safety are considered across all phases of clinical trials, more so in Phase 

I and II studies. This study focusses on Phase III trials because they have largest sample 

sizes of all pre-market trials and are mostly carried out for a longer period and sometimes 

across many centres. Determining safety at Phase III trial is beneficial because it prevents 

majority of the population from being exposed to unsafe drugs. Furthermore, poor-

resource settings can benefit a lot when safety data is sufficiently analysed at phase III 

premarketing stage, since pharmaco-vigillance systems are not well-developed [44]. 

Hence, the main source of drug safety evidence for such settings is pre-marketing RCTs. 

Malaria RCTs generate multivariate longitudinal safety data such as repeatedly measured 

vital signs and AEs. If such data are properly analysed simultaneously they can give 

sufficient evidence on the safety of the experimental drugs. Such evidence can help to 
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reduce burden associated with unsafe drugs such as disabilities, morbidity and mortality. 

This study contributes towards determining appropriate analysis methods of safety data 

for antimalarial drug trials in pregnancy.  

 

1.6 Aim and specific objectives 

1.6.1 Main aim 

The main aim of this work was to investigate suitable statistical methods for analysis of 

multiple safety outcomes in clinical trials in the context of antimalarial drugs for malaria 

prevention and treatment in pregnancy clinical trials. In order to achieve this, we 

considered four specific objectives below. 

 

1.6.2 Specific objectives 

1. To conduct a systematic review of statistical methods for safety data analysis in 

malaria chemoprevention during pregnancy trials. 

2. To evaluate performance of shared frailty models for recurrent adverse events 

analysis, in the presence of unobserved heterogeneity and time-dependent 

effects, using simulations. 

3. To determine factors associated with adverse events over time in the presence of 

multiple safety outcomes. 

4. To determine the association between adverse events and non-adherence in 

malaria chemoprevention during pregnancy trial using nested case control 

approach. 
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1.7 Thesis outline 

Chapter 2 provides an overview of the drug safety assessment from statistical perspective 

based on the existing literature that motivated this PhD work.  Chapter 3 consists of a 

summary of methods employed in developing results provided in chapters 4 to 7. Full 

details of the methods appear in the respective chapters that follow. Chapter 4 of this 

work presents an overview of the current practice in the safety data analysis in malaria 

chemoprevention during pregnancy trials based on a systematic review. The chapter 

highlights the current practice in drug safety data analysis and reporting and key issues 

that need rigorous methodological attention beyond the current practice. Chapter 5 

presents a simulation study comparing shared frailty models for analysis of recurrent AEs 

especially in long term clinical trials; long term trial was arbitrarily defined as a trial 

designed to follow-up patients for at least more than two months. The chapter presents 

work on evaluating properties of shared frailty models focussing on the unobserved 

heterogeneity in the presence of treatment time-dependent effects. Choosing the model 

that effectively captures time-dependent treatment effects and unobserved heterogeneity 

is important in antimalarial drug safety assessment in pregnancy trials. For example, 

physiological changes that occur during pregnancy can contribute towards the 

unobserved heterogeneity in drug safety estimates. 

Chapter 6 introduces a novel joint model for analysis of multiple safety outcomes collected 

during drug clinical trials. The chapter demonstrates how to harness laboratory 

biochemical information, clinical adverse events and concomitant medication in 

developing the antimalarial drug safety profile.  
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 Chapter 7 focusses on assessing the burden of AEs in clinical trials especially on 

treatment non-adherence and trial non-completion in the context of IPTp trials. It 

demonstrates how the nested case-control study design approach can be useful in 

assessing the AE burden. The chapter provides knowledge to aid in choosing the most 

appropriate nested case control design and analytical methods, leveraging rich data from 

clinical trials. Such evidence supports improved practice in interpreting the findings from 

the safety data in clinical trials especially in the context of safety data analysis since the 

outcomes are not pre-specified.   

 

Finally, chapter 8 provides a unifying framework for safety data analysis in antimalarial 

drug trials in pregnancy based on the key findings in the preceding chapters. The chapter 

highlights key findings of public health relevance, recommendations, the study strengths 

and weakness. Some directions for potential future work are also suggested.  
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Chapter 2: Statistical methods for safety data analysis in drug trials: A general 

overview 

Increased calls for improved statistical analysis and reporting of safety data in drug trials 

have been observed in literature especially in the last two decades [1, 45-47].  Some 

guidelines and recommendations for safety data analysis have been issued [48-51]. 

However, there is still limited development and application of improved statistical methods 

for safety data analysis in drug trials [6]. 

 

Since safety data usually consists of multivariate complex data such as interrelated 

multiple outcomes (mostly) repeatedly measured over time, in choosing statistical 

methods to analyse such data, one should ensure that they adequately address statistical 

issues associated with analysis of the respective outcome(s). Therefore, in the 

subsequent three sections (Sections 2.1-2.3), an overview of the existing proposed and 

applied statistical methods for safety data analysis in drug clinical trials and key statistical 

issues associated with the analyses are provided. The sections highlight the scope of 

importance of the statistical analysis of safety data in drug trials and provides a general 

broader context that motivated our current work. In particular, this chapter provides an 

overview of the drug safety assessment from a statistical perspective, based on the 

existing literature that motivated this PhD work. 
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2.1 Available statistical methods for safety data analysis in drug trials 

Overall, statistical methods for analysing safety data in clinical trials can be considered in 

two categories based on stage when they are implemented and how they are 

implemented. These methods are those that attempt to capture safety signals for 

accumulating safety data for a clinical trial in progress (i.e. dynamic or sequential safety 

evaluation methods) and those that summarize entire drug safety profile at the end of a 

clinical trial (i.e. static safety evaluation methods) [52, 53]. The key difference between 

the dynamic and static safety evaluation methods is based on the time when they are 

implemented. Therefore, both dynamic and static safety evaluation methods can include 

longitudinal or non-longitudinal methods, survival or non-survival methods etc. In this 

work, we focus on the static safety evaluation methods in premarketing drug trials since 

they provide a detailed evidence on drug safety profile based on data from the completed 

trial unlike dynamic safety evaluation methods that focus on detecting safety signals 

based on partial safety data accumulating in an ongoing clinical trial. 

 

There are further ways of categorizing the available statistical methods for drug safety 

data based on the objective of interest and the analytical approach. A recent review 

classifies the available statistical methods for drug safety data into four categories; 

hypothesis testing (i.e. frequentist), estimation (i.e. quantify distribution difference of 

safety outcomes between the treatment groups), visual summary (i.e. graphical) and 

decision making probability methods (i.e. Bayesian) [54]. Graphical display simplifies 

informal comparisons of safety outcomes between the treatment arms especially for large 

volume of data [55, 56]. In this work, we focus on estimation methods and hypothesis 
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testing methods within frequentist framework since they are widely accepted methods in 

analysis of clinical trials, especially in the traditional parallel trial design.  

 

Within the frequentist framework, multivariate methods have been implemented to help 

in deriving overall safety profile focussing on AEs. For example, Agresti and Klingenberg 

implemented multivariate approach to assess the global difference for two vectors of 

proportions based on placebo and treatment effects across different AE types [57]. 

However, as highlighted in the preceding section, most of the estimation and hypothesis 

testing methods used in drug safety assessment in clinical trials are predominantly 

descriptive. On the other hand, Bayesian statistical methods are also useful in safety 

signal detection since they can borrow information from other events that are assumed 

medically related, can account for prior information and useful in controlling for multiplicity 

[58].  For example, a three-level hierarchical logit mixture model by Berry and Berry 

accounts for multiplicity by explicitly modelling the relationship among the AEs based on 

their body systems [11]. The model yields posterior probability comparing the treatment 

group and the control group. Under Poisson likelihood and binomial likelihood Xia et al 

proposed an extension of the Berry and Berry method by accounting for exposure time 

for the study participants [59]. Key advantage of such Bayesian hierarchical modelling 

approach is that it accommodates explicit modelling of the AEs within the MEdDRA 

coding framework. A main concern for such modelling approach is that it can mask 

outliers that are important in drug safety assessment. Furthermore, model 

misspecification may sometimes affect the inference drawn. 
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Apart from clinical AEs, clinical laboratory measurements present key safety endpoint that 

is underutilized and present great challenge during analysis. The common practice in the 

analysis of clinical laboratory data involves use of shift tables, descriptive statistics and 

markedly abnormal values (MAV) [2]. Shift tables displays number of subjects whose 

laboratory value(s) are low, normal or high while on-treatment/post-dose compared to the 

baseline value. Descriptive statistics approach compares mean/median changes from 

baseline value with on-treatment/post-dose value. The markedly abnormal values 

approach involves identifying outlying values (i.e. an observation that deviates markedly 

from the pattern or distribution of the majority of the data) [2]. Such categorization can 

potentially lead to loss of information. All the three approaches above are inadequate to 

account for multivariate nature, potential correlation and non-normality of clinical 

laboratory data values. In order to enhance efficient use of clinical laboratory data, 

advanced analytical approaches need to be considered that may account for the outlined 

statistical analysis challenges. Although some advanced approaches to modelling of 

clinical laboratory data are available, they inefficiently use the available information based 

on the complex structure of the safety data. For example, the proposed univariate 

longitudinal analysis of laboratory data using generalized estimating equation and 

likelihood analyses [60] can further miss inter-outcome correlations. Earlier proposed 

pseudo-multivariate data dimensionality reduction approach that generates Genie score 

for overall safety  do not also explicitly account for dependence of the outcomes and the 

score obtained has no explicit statistical or medical meaning. Recently, using extreme 

value theory, a formal joint modelling of MAV accounting for its multivariate nature of 

clinical laboratory safety data has been proposed [61]. Such joint modelling is inefficient 
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since it doesn’t use all the available information due to focus on extreme values and it is 

also mainly appropriate for large sample sizes. Development and application of joint 

models linking the clinical laboratory safety data and clinical AEs can be efficient in 

developing comprehensive drug safety profile based on the available data. For example, 

joint model of multivariate longitudinal clinical laboratory safety data and clinical AEs 

would be useful in understanding how hazard of AEs is affected by longitudinal process 

of the continuous clinical safety laboratory-based measurements. The joint modelling can 

efficiently reveal the pattern of joint changes of multiple outcomes over the follow-up time. 

 

2.2 Summary of statistical issues in drug safety data assessment  

Multivariate longitudinal nature of safety data in RCTs poses challenges towards drug 

safety assessments. For example, the multiple safety parameters such as recurrent AEs, 

multivariate longitudinal bilirubin and alanine aminotransferase may be repeatedly 

measured over time and interrelated. Such multiple safety outcomes observed include 

the unexpected events/outcomes. Therefore, it is sometimes difficult to pre-specify 

hypothesis for safety events in clinical trials at design stage [3]. This can make drug safety 

assessment to have the potential for multiple exploratory endpoints. In efficacy analysis, 

concern is to prevent type I errors while in safety analysis the concern is to prevent type 

II errors to avoid the possibility of introducing a toxic drug into clinical practice. Due to 

multiple safety endpoints in clinical trials, false positives may arise from statistical testing 

without appropriate multiplicity adjustment. Moreover, too strict adjustment for multiplicity 

may further limit the already finite power available to detect safety signal. Hence, the 
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statistical analysis for safety data should strive for reasonable method(s) that will not 

under-adjust or over-adjust for multiplicity. 

 

Currently, safety data analysis and reporting focusses on proportions, cumulative 

incidence, and sometimes counts of serious AEs [38, 62]. However, in most RCTs, time 

is an important element as individuals are followed up to measure outcome of interest. In 

most published trials, reported proportions by intervention arm have been compared 

descriptively, without explicitly taking into account the time to occurrence [36, 37, 62] and 

multivariate nature of the outcomes. Sometimes, time to first AE is modelled and this can 

miss information on the recurrent AEs. Recurrent AEs can provide the progression of the 

AE burden. Cumulative incidence approach partly accounts for time but it may be 

misleading if there are multivariate events. The cumulative incidence may yield imprecise 

results since it accounts for individual follow-up time based on aggregated time. Use of 

weighted Poisson model to address the problem may be inefficient since it assumes that 

treatment effect is constant within given bands of follow-up time. Application of the 

inadequate statistical methods can lead to failure to capture the drugs’ associated safety 

issues at pre-marketing stage [63, 64]. For multivariate survival data such as recurrent 

AEs, it has been shown that considering the first AEs only can lead to underreporting of 

safety associated with a drug [65, 66].  

 

The RCT design and outcome of interest determines the most suitable statistical methods 

for analysing safety data. Patients can drop out in study and this generates missing data 

that introduces imbalance across the treatment arms. Sometimes the dropout may be due 
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to an AE which may yield informative censoring. Therefore, assessing dropout pattern 

can be informative on safety evaluation. Missing data can be in three categories [67]. 

Firstly, if the probability of dropping out is independent of observed and unobserved 

measurements, it is defined as missing completely at random (MCAR). Under MCAR loss 

of statistical power can be expected but does not impact bias [68]. Secondly, if the 

probability of dropping out is dependent on observed data, but not the unobserved data, 

it is termed as missing at random (MAR). If missingness depends on observed or 

unobserved variables, it is defined as missing not at random (MNAR). With the missing 

data,  Intention To Treat (ITT) analysis for either safety or efficacy data may be invalid 

since it assumes that data from all the participants is available [69]. Opting for complete 

case analysis can reduce the power of the study.  

 

Another challenge in statistical analysis has been dealing with under-evaluated and rare 

safety data [70]. Although meta-analyses of the AEs  have been proposed as solution 

[71], the inadequate analysis of the individual RCTs make the meta-analyses unreliable. 

For the rare outcomes, there are existing penalized methods [71, 72] that can be 

investigated and extended to improve the predictive and estimation accuracy of safety 

data. For both rare and common outcomes, research synthesis is another alternative 

where there is re-analysis of complete original data from previous different studies [73]. 

Unlike in meta-analysis where the whole study has one statistic, in research synthesis 

each patient contributes towards the overall estimate.  
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Heterogeneity in definitions of outcomes also negatively affects standardized and efficient 

analysis of safety data in clinical trials[74]. Availability of guidelines based on the 

indication under study ensures systematic definition of safety outcomes. Recently there 

have been attempts to recommend definitions of safety outcomes in antimalarial drug 

safety assessment [75]. However, regulatory-body-recommended guidelines on analysis 

of such standardized safety outcomes remain limited.   

 

Proliferation of multicentre clinical trials where a trial is conducted at more than one centre 

but following the same protocol, has created additional complexity to analysis of large of 

safety data that is generated. Multicentre drug trial provides a strong basis for 

generalization of study findings since the patients can be recruited from wider clinical and 

population settings. Multicentre trials also help in recruiting the required study participants 

within a short period of time.  Although use of the same protocol across all centres 

ensures uniform data collection, heterogeneity in both clinical practice and population 

characteristics can confound interpretation of the study findings. Accounting for the 

heterogeneity arising due to centre differences poses a great analytical challenge since 

several considerations need to be made (e.g. adherence to the protocol, sample size, 

missing data, number of centres). For example, efficient evaluation of AEs may 

sometimes depend on the skills of study physician within respective study centres. The 

hierarchical structure of the data generated can also induce correlations since patients 

are nested within a study centre and for longitudinal outcomes the observations are also 

nested within a patient. Choice of the most appropriate model to analyse such data may 

depend on number of centres, number of patients per centre, data missingness and type 
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of outcomes among others. Presence of missing data and variation in number of patients 

per centre induces imbalance of observations. Such imbalances are worth consideration 

during analysis. 

 

Further development in innovative clinical trial designs presents emerging additional 

challenges towards quantitative drug safety assessment. Several new trial designs have 

been developed that usually give more room for multiplicity, time to event and correlation 

adjustment issues e.g. (a) Bayesian adaptive trials that allow modification of a clinical trial 

after enrolment has already started (b) Umbrella trials that test multiple drugs on a single 

disease (c) Basket trials that test single drug across multiple diseases. As the case with 

the traditional parallel trial designs, primary focus when designing the innovative trial is 

on efficacy outcomes unlike safety outcomes. Consequently, statistical methods 

developed for analysis of the innovative clinical trial designs are mainly tailored towards 

the analysis of efficacy outcomes, leaving a gap on methods for quantitative safety 

assessment. 

 

Some work has been done to improve safety analysis, by suggesting the use of survival 

methods [36-38] to capture the time factor. However, most of these papers focus on 

oncology studies and without specific trial phase. Moreover, such previous work did not 

address multivariate longitudinal safety data issues. Literature has shown existing 

challenges in the analysis of safety data and the potential role for novel statistical 

advances to take into account such complexities [3, 73, 76]. This work provides an 

opportunity to investigate multivariate approach to safety data analysis in the context of 
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drug safety for malaria treatment or prevention in pregnancy. The multivariate safety data 

considered includes recurrent AEs and multiple continuous longitudinal outcomes. Paying 

attention to the statistical issues above in drug safety assessment would provide an 

assurance to validity and reliability of drug safety evidence developed in clinical trials. 

 

2.3 Pharmaco-epidemiological approach to assessment of AE burden 

In preventive drug trials, adverse events can induce treatment non-adherence and 

discontinuation since the AE burden can outweigh the perceived drug benefit. 

Understanding the burden of the AEs on treatment non-adherence and discontinuation is 

useful in developing an informative drug safety profile. However, a challenge exists in 

quantifying the burden since the AEs that occur before the treatment non-adherence or 

discontinuation are of interest in such context than those that occur later. In order to obtain 

comparable sample of participants among those the treatment non-adherent cases and 

controls, accounting for potential differences in follow-up time, nested case control 

approach is considered as a useful research tool although the choice of sampling 

approach can be challenging. Traditionally, nested case control study with risk set 

sampling is a common approach to cohort sampling that accommodates causal 

interpretation of the observed effect of an exposure on an outcome  [77]. In order to 

ensure that repeated selection of controls is minimized, other sampling designs have 

been considered. However, these designs and their respective analytical approaches 

have received limited attention in the context of drug safety assessment. Traditionally, 

conditional logistic regression is used in analysis of such nested case control studies. 

Alternatively, weighted cox model can be considered in order to improve 
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representativeness of the sampled individuals with respect to the cohort. However, there 

is limited work comparing the efficiency of these alternatives to the conditional logistic 

regression under varying nested case control sampling designs. Therefore, there is an 

opportunity of exploring the utility of nested case control studies approach in assessing 

impact of AEs on treatment non-adherence or discontinuation.  
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Chapter 3: Methodology 

This chapter describes the data and statistical methods used in addressing the four 

specific objectives for this thesis. The chapter provides an overview of the study setting, 

study design, ethical considerations, data generation, data management and statistical 

analysis approaches. Overall, this chapter highlights how the research work was 

implemented. 

 

As highlighted earlier, the structure of this thesis was mainly shaped by the first objective 

that ascertained gaps in the current practice of statistical analysis and reporting safety 

data in clinical trials (using a systematic review) focussing on antimalarial drugs in 

pregnancy.  There are several methods which can potentially handle these issues but this 

study narrowed to few specific methods based on the PhD study scope as detailed in the 

subsequent sections of this chapter. 

 

This work focusses on safety evaluation methods in premarketing drug trials since the 

low and middle income countries (LMICs) malaria burden is high mainly rely on such data 

due their poor pharmacovigilance systems. This thesis also focussed on static safety 

evaluation methods because the motivating data came from trials that were already 

completed (unlike dynamic safety evaluation methods that focus on detecting safety 

signals based on partial safety data in an ongoing trial). Furthermore, since the motivating 

data in this work was also generated from frequentist paradigm, all the statistical methods 

implemented are based on frequentist approach.  Therefore, this work did not consider 
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Bayesian methods that are more useful especially in context of adaptive trial designs or 

during interim analyses. 

 

One of the motivating datasets in this thesis came from a multicentre trial (i.e. PREGACT 

trial). However, the topic of accounting for centre effects was not considered in the current 

work. The issue of potential centre effects was not considered in this the PhD study, 

hence is not further explored in the subsequent chapters. 

 

Motivated by the systematic review findings statistical methods for the analysis of 

recurrent AEs were investigated. Recurrent AEs is a key multivariate outcome 

encountered in drug safety assessment in clinical trials and its major analytical challenge 

is on how to account for correlations since the AEs are nested within patients. As 

highlighted earlier, analysis of AEs is usually descriptive, ignoring censoring, potential 

time-varying treatment effect and AE dependence. In most cases, mean cumulative 

function is a popular non-parametric method for analysis of recurrent AEs, although it 

ignores potential AE-dependence and individual patient heterogeneity. Several other non-

parametric, semi-parametric and statistical methods for analysis of recurrent events have 

been developed and implemented in practice, focussing on efficacy assessment. 

However, development and application of the recurrent events methods in drug safety 

assessment setting remains a challenge such that further investigations are needed on 

their clinical value and applicability [78].  In the framework of benefit-risk assessment, two 

models (the Andersen Gill model and Prentice, Williams and Peterson model) have been 
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demonstrated to be useful in providing both direct and indirect effects of treatment on AE 

recurrence [79]. However, these models provide unbiased estimates if the AEs are 

uncorrelated and do not efficiently capture both potential time-dependent treatment 

effects and unobserved heterogeneity. Therefore, most of the commonly used methods 

are not flexible enough to model the recurrent events in the presence of time-dependent 

effects since the methods are tailored to be implemented in the context of proportional 

hazards. Flexible shared frailty models have been developed and seem to be promising 

in modelling recurrent events even when there are time-dependent treatment effects. 

However, there is still a gap in understanding their statistical properties compared to the 

conventional, under a wider range of situations expected in practice. Understanding the 

properties of the shared frailty models is useful in deciding the most appropriate model to 

use in practice. However, this can be complicated since the actual distribution of data 

from clinical trials is usually unknown. The solution to this is using simulation since the 

true value can be specified in studying the behaviour of the model under varying data 

generation mechanisms. 

 

Multiple safety outcomes such as concomitant medication and clinical laboratory data are 

rarely accounted for in determining drug safety. Concomitant medication can potentially 

interact with the treatment under investigation, eventually affecting the drug safety 

outcomes including AE occurrence.  Clinical laboratory outcomes that are usually 

longitudinally collected (e.g. bilirubin) also presents useful safety data that are usually 

highly correlated with the clinical AEs and concomitant medication use. Traditionally, 

these outcomes are analysed separately, ignoring the correlation of across the outcomes 
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over the follow-up time. For example, AEs incidence is quantified descriptively using 

crude incidence rate. Sometimes count models such as Poisson or negative binomial 

regression are used to quantify AEs incidence in the presence of potential confounders. 

Similarly, concomitant medication use can be descriptively quantified using crude 

incidence or can modelled using the Poisson or negative binomial model (if concomitant 

medication use is recorded as count over the follow-up time). The longitudinal clinical 

laboratory outcomes can also be separately modelled using linear regression at specified 

time-points or linear mixed models. Simultaneously modelling the outcomes using joint 

modelling approach effectively harnesses the rich multiple safety outcomes towards drug 

safety profile development. Alternative approaches to joint modelling can be incorporating 

the clinical laboratory safety outcomes as a time-varying covariates. However, the model 

with time-dependent covariates assumes that the time-dependence is external to the 

process of AE occurrence. Therefore, the model with time-dependent covariates would 

not be appropriate since the concomitant medication use and clinical laboratory outcomes 

are usually correlated with the AE occurrence (i.e. both clinical laboratory outcomes and 

concomitant medication use are endogenous covariates). Other existing models for 

simultaneously modelling clinical laboratory data have focussed on extreme value 

modelling that does not sufficiently account for different types of outcomes and their 

correlations. Finally, most existing joint models focus on efficacy outcomes. Therefore, 

this work introduced a novel joint model specifically concentrating on harnessing multiple 

safety outcomes, including clinical longitudinal laboratory safety outcomes, concomitant 

medication use and clinical AEs.  
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Occurrence of AEs can impact clinical trials in many ways. Most clinical trials do not 

formally assess the impact of the AEs. Probably, limited quantification of the AEs burden 

can be due to limited statistical tools demonstrating how the impact of AEs can be formally 

and effectively quantified. This motivated the PhD study to consider nested case 

control(NCC) approach in analysis of the AEs burden. The NCC approach is helpful 

especially in handling outcomes that are not pre-specified at design stage e.g. AEs. 

Therefore, the NCC approach derives a comparable sample of cases and controls. 

 

3.1 Motivating Data sources 

The motivating data for this research work came from two clinical trials in pregnancy that 

were conducted in Malawi. One clinical trial was on evaluating antimalarial drugs for 

malaria prevention during pregnancy and the other one was on evaluating antimalarial 

drugs for malaria treatment during pregnancy. It should be noted that AE was the main 

outcome of interest in both datasets. The PhD study defined AEs as an untoward medical 

occurrence associated with the use of a drug in humans regardless of whether or not it is 

considered drug related [10]. This composite endpoint-based definition of AEs was 

assumed in most of the subsequent analyses, unless otherwise stated.  This approach 

was motivated by the prevailing clinical practice where one of the interest in drug safety 

assessment focusses on overall incidence of AEs regardless of the type/category. 

Therefore, this work did not settle for a specific type/category of AEs. 
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3.1.1 Chloroquine for malaria in pregnancy 

The motivating data for addressing objectives 2 and 4 of this PhD study came from an 

open-label randomised controlled trial conducted in Blantyre, Malawi between February, 

2012 and May 2014 (NCT01443130) [80]. The clinical trial recruited 900 pregnant women 

who were randomly assigned to receive chloroquine-IPTp, Chloroquine 

chemoprophylaxis or SP-IPTp in 1:1:1 ratio during pregnancy (such that each arm had 

300 patients). The inclusion criteria included; 

a) Women in first or second pregnancy before 27th week of gestation  

b) Women attending first antenatal clinic visit and  

c) Women willing to deliver at either the Ndirande Health Centre or Queen Elizabeth 

Central Hospital in Blantyre, Malawi. 

d) Women willing to remain in the area until 14 weeks after delivery.  

The study exclusion criteria included the following; 

a) Women who were HIV positive 

b) Women on any chronic therapy with antimalarial or antifolate drugs,  

c) Women with known high risk pregnancies requiring regular supervision of an 

obstetrician  

d) Women with known allergies to the study drugs. 

Primarily, the clinical trial aimed at evaluating whether chloroquine-IPTp or Chloroquine 

chemoprophylaxis was better than SP-IPTp in preventing placental malaria. The primary 

endpoint was histo-pathologically confirmed placental malaria. The procedure of 

treatment administration was as follows; 
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(a) For SP-IPTp two doses of 1500 mg sulfadoxine and 75 mg pyrimethamine were 

administered at an interval of 4 weeks apart. 

(b) For Chloroquine-IPTp, two doses of 600 mg on day 1, 600 mg on day 2, and 300 mg 

on day 3 were administered at an interval of 4 weeks apart 

(c) For Chloroquine prophylaxis, participants received 600mg at enrolment followed by 

300mg every week until delivery 

In this PhD study, we dropped the Chloroquine prophylaxis arm since it had radically 

different treatment schedule from the IPTp treatment arms. Much as this was a methods 

development work, handling the extreme radical difference in treatment schedule for the 

Chloroquine prophylaxis arm compared to the other IPTp treatment arms was not part of 

this study.  

 

The participants were routinely seen at least once every four weeks until delivery, then at 

2, 6, 10 and 14 weeks after delivery. During the follow-up, safety and tolerability 

assessments were based on unsolicited AEs that were collected from the first day of the 

treatment administration until the final study visit. The AE grading was based on a 

standardized protocol of Division of Microbiology and Infectious Diseases (DMID) adult 

toxicity table of November 2007; graded on a four-point scale as, mild, moderate, severe, 

or life-threatening. The PhD study focussed on safety and tolerability outcomes. Baseline 

characteristics that were measured and considered as potential confounders included 

maternal age in years, body mass index (BMI; calculated as weight in kilograms divided 

by height in metres squared), gravidity (primigravid or not).  
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3.1.2 PREGACT trial 

The motivating data for addressing objective 3 of this PhD study came from PREGACT 

trial (ClinicalTrials.gov number, NCT00852423) [81]. PREGACT trial was a multicentre, 

open-label randomized trial carried out in 4 African countries (Burkina Faso, Ghana, 

Malawi, and Zambia). For this PhD study, we used data collected in Malawi. In Malawi, 

the trial was implemented between June 2010 and August 2013 and it enrolled 870 

pregnant women in the second or third trimester with falciparum malaria.  The participants 

were randomly allocated in a 1:1:1 ratio to be treated with artemether–lumefantrine (AL), 

amodiaquine–artesunate (ASAQ) or dihydroartemisinin–diperaquine (DHAPQ). In the 

trial, polymerase-chain reaction (PCR) adjusted cure rates at day 63 was considered as 

primary endpoint.  The inclusion criteria for the pregnant women was as follows;   

a) Gestational age of at least 16 weeks,  

b) Haemoglobin concentration of at least 7g/dL, 

c) Maternal age of at least 15 years, 

d) Residing within Blantyre district,  

e) Willing to deliver at Queen Elizabeth Central Hospital and adhere to the study 

requirements  

f) Able to provide consent. For minors the informed consent was additionally 

obtained from the legal guardian or parent. 

The exclusion criteria for the pregnant woman was as follows; 

a) History of any known allergy to the study drugs; 

b) History of any known pregnancy complications 

c)  History or presence of illnesses that could influence pregnancy outcomes 
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d) Use of cotrimoxazole prophylaxis or ARV treatment 

e) Important illness at enrolment that requires hospitalization, including severe 

malaria; 

f) Any plans to leave the study area catchment area before delivery. 

g)  Prior enrolment in the PREGACT trial or any parallel enrolment in a different 

trial. 

h) Inability to consume oral medication  

i) Evidence of antimicrobial or antimalarial use one at least week prior to enrolment 

 

In the PREGACT trial, the primary outcome was polymerase-chain reaction (PCR) 

adjusted cure rates at day 63.  As part of safety assessment, safety outcomes were 

collected including AEs, total bilirubin, alanine aminotransferase, white blood cell and red 

blood cell counts. The patients were directly observed on days 0-2 (after receiving the 

dose). The patients were then asked to return to the clinic for follow-up visits on days 3 

and 7 and then weekly thereafter until day 63. The safety outcomes were actively 

collected during the follow-up. The study physician determined the relatedness of the 

observed AEs with the investigational drug product. For this PhD study, we focus on four 

outcomes; two classical clinical laboratory safety biomarkers (total bilirubin and alanine 

aminotransferase), clinical AEs and concomitant medication. The total bilirubin and 

alanine aminotransferase data was collected at enrolment, day 7, 14, 28 and 63. We 

dropped creatinine since the actual values were not available. In this PhD study, we 

focussed on bilirubin and alanine aminotransferase biochemical parameters since they 

are key biochemical information in antimalarial drug safety assessment during pregnancy 
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and were also measured in the PREGACT trial. In the current study, we considered the 

clinical AE count, defined as cumulate number of AEs experienced by the end of follow-

up time as a primary outcome of interest. Among the secondary outcomes, we considered 

bilirubin concentration, alanine aminotransferase and concomitant medication outcome 

defined as total number of reported concomitant medication count by the end of the follow 

up time for each patient. The baseline characteristics considered in this PhD study 

included trimester, maternal age and gravidity. 

 

3.2 Ethical considerations 

Ethical approval for the clinical trial that was evaluating chloroquine-IPTp or Chloroquine 

chemoprophylaxis as an alternative to SP-IPTp in preventing placental malaria, was 

obtained from the Institutional Review Board at the University of Maryland, the Research 

and Ethics Committee at the University of Malawi College Of Medicine, and the Malawi 

Pharmacy Medicines and Poisons Board [80]. The PREGACT trial received ethical 

clearance from ethics committee at the Antwerp University Hospital and College of 

Medicine Research Ethics Committee at the University of Malawi in Malawi [81]. For the 

current PhD study, ethical approval was also obtained from University of the 

Witwatersrand’s Human Research Ethics Committee. Both data-sets that we used in the 

PhD study were appropriately de-identified to ensure that the study participants were 

anonymous. 
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3.3 Analytical methods 

This section outlines the analytical approach for each of the four objectives in the PhD 

study. 

3.3.1 Review of statistical methods for safety data analysis 

The first objective of the PhD study involved undertaking a systematic review aimed at 

establishing the current practice in the statistical analysis of safety data in malaria during 

malaria chemoprevention trials. From analytical perspective, this objective concentrated 

on identifying applied statistical methods and their appropriateness in the analysis of 

safety data in malaria chemoprevention clinical trials during pregnancy, considering the 

data structure. 

 

3.3.1.1 Search strategy, data extraction and data synthesis 

Five online databases were searched, namely; PubMed, Embase, Scopus, Malaria in 

Pregnancy Library and Cochrane Central Register of Controlled Trials, for original English 

articles of phase III randomized controlled trial on drugs for malaria chemoprevention 

during pregnancy. To ensure a wider coverage of the most recent articles we considered 

articles published from January 2010 to July 2019. Additionally, we considered articles 

from 2010 since it is the year when the CONSORT guideline updated and emphasized 

on the need for improved safety data analysis and reporting in clinical trials. We excluded 

conference proceedings since they do not contain adequate statistical analysis 

information and they are usually not rigorously reviewed. The key search terms included 

malaria, antimalarial drug, pregnancy, safety, tolerability and adverse events. The key 

variables that were extracted and entered in pre-constructed excel sheet included main 
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author, study design, main efficacy outcome, sample size, safety parameters collected 

(including laboratory data), nature of safety data collection (i.e., passive or active), 

statistical methods used for respective safety outcomes and how missing safety or 

efficacy data were handled. We categorized the statistical methods as descriptive or 

inferential and univariate or multivariate depending on the purpose and nature of the 

statistical methods, adapted from previous reviews of similar nature [82-84]. The analysis 

was done in Stata statistical software version 15.1 (StataCorp, College Station, TX, USA) 

and results were reported descriptively.  

 

3.3.2 Comparison of shared frailty models for recurrent AEs analysis 

The recurrence of the AEs induce correlation within a patient, arising due to unobserved 

heterogeneity and AE-dependence, such that failure to account for it can yield biased 

results. Recurrent AEs statistical methods such as shared frailty models can address this 

issue in quantifying drug safety. However, presence of time-dependent treatment effects 

can lead to biased estimates since it becomes harder to effectively capture both the time-

dependent treatment effects and the unobserved heterogeneity, especially when 

conventional shared frailty models are used. Therefore, the second objective of the PhD 

study investigated whether lognormal shared frailty with non-proportional hazards 

restricted cubic splines (i.e. flexible parametric models) improves frailty variance and 

hazard ratio estimates compared to the conventional inverse Gaussian shared frailty with 

proportional hazard model and Weibull baseline hazard, in the presence of time-

dependent treatment effects and unobserved individual patient heterogeneity. As 

indicated above, the shared frailty models are useful in accounting for correlation of 
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recurrent AEs within patients. The performance of the shared frailty models was formally 

assessed using simulation. Survsim package in Stata [85] was used to generate the data. 

The following three parametric shared frailty models were evaluated; (a) inverse 

Gaussian shared frailty model with proportional hazards and Weibull baseline hazard 

(ISF-PH) (b) Lognormal Shared frailty model with non-proportional hazards and restricted 

cubic splines where the baseline hazard is modelled using 1 degree of freedom and the 

time-dependent treatment effects is modelled using 1 degree of freedom (LSF-NPHS1) 

and (c) Lognormal Shared frailty model with non-proportional hazards and restricted cubic 

spline (LSF-NPHS3) where the baseline hazard is modelled using 3 degrees of freedom 

and the time-dependent treatment effects is modelled using 1 degree of freedom.  The 

models were also applied to Chloroquine for Malaria in pregnancy trial data. All the 

analyses were done using Stata statistical software version 15.1 (StataCorp, College 

Station, TX, USA). 

 

3.3.2.1 Notation 

Let 𝑇𝑖𝑘 be the total time of the 𝑘𝑡ℎ event for the 𝑖𝑡ℎ patient followed since enrolment time 

t=0, where  𝑖 = 1, 2, … … … 𝑛. We assume that  𝑇𝑖1 <  𝑇𝑖2 < ⋯  < 𝑇𝑖𝑘 such that the total 

number of AEs recorded per patient i over a given time (𝑡) = ∑ 𝐼(𝑇𝑖𝑘 ≤ 𝑡)∞
𝑘=0 . Frailty is 

defined as 𝜑𝑖 and interpreted as an unobserved covariate common  for all recurrent AEs 

within the patient. Covariates and corresponding regression coefficients vectors are 

defined as 𝑿𝑖𝑘 and 𝜷 respectively.  

 



37 
 

3.3.2.2 Shared frailty models 

For ith patient and kth recurrent event, the hazard, 𝜆𝑖𝑘, for the shared frailty model can 

be specified as; 

𝜆𝑖𝑘(𝑡𝑖𝑗|𝜑𝑖 , 𝑋𝑖𝑘) = 𝜑𝑖𝜆0(𝑡𝑖𝑗)𝑒𝑥𝑝(𝑿𝒊𝒌
𝐓 (𝑡)𝜷)                            

If the baseline hazard, 𝜆0, is unspecified, the model is called a semi-parametric shared 

frailty.  

 

3.3.2.2.1 ISF-PH model 

Firstly, a shared frailty model with Weibull baseline hazard, inverse Gaussian frailty 

distribution and proportional hazard assumption (also referred as ISF-PH above) was 

considered. However, in the presence of both unobserved heterogeneity and time-

dependent treatment effect, the frailty estimates obtained can be biased.  

 

3.3.2.2.2 Flexible Parametric shared frailty models  

Two flexible parametric shared frailty models (LSF-NPHS1 and LSF-NPHS3) were 

considered where the baseline hazard is captured using specific number of degrees of 

freedom and proportionality assumption was relaxed to accommodate time-dependent 

effects. Generally, the non-proportional shared frailty model can be written as; 

𝑙𝑜𝑔 {𝜆𝑖𝑘(𝑡𝑖𝑗|𝜑𝑖, 𝑋𝑖𝑘)} = 𝑠{log(𝑡) |𝛾, 𝑘0} + 𝑿𝒊𝒌
𝐓 𝜷 + 𝒍𝒐𝒈( 𝜑𝑖) + ∑ 𝑠{log(𝑡) |𝛿𝑓 , 𝑘𝑓}𝐹

𝑓=1 𝑥𝑖𝑘𝑓    (M4) 

The treatment 𝑥𝑖𝑘 is interacted with restricted cubic function of log time, 𝑠{log(𝑡) |𝛾, 𝑘0}, 

such that 𝛾 is parameter vector and 𝑘0 is knot vector. Similarly, 𝑠{log(𝑡) |𝛿𝑓 , 𝑘𝑓}  represents 

a spline function of log time for the  fth time-dependent effect with parameter vector 𝛿𝑓 and 

knots vector 𝑘𝑓. Since the number of degrees of freedom for restricted cubic splines can 
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determine the most appropriate model to use we considered to evaluate two flexible 

parametric shared frailty models as follows; 

(i) LSF-NPHS1: This shared frailty model was fitted assuming lognormal frailty 

distribution and non-proportional hazards with restricted cubic spline where the baseline 

hazard is modelled using 1 degree of freedom and the time-dependent treatment effect 

is modelled using 1 degree of freedom 

(ii) LSF-NPHS3: This shared frailty model was fitted assuming lognormal frailty 

distribution and non-proportional hazards restricted cubic spline where the baseline 

hazard is modelled using 3 degrees of freedom and the time-dependent treatment effect 

is modelled using 1 degree of freedom 

 

3.3.2.2 Simulation study design 

The data generating process involved varying sample size (n=300, n=500), frailty 

variance values (0.25, 0.50, 0.75) and time-dependent effect (0.03, -0.03, 0.00). The data 

arose from an assumed trial of binary treatment arms (𝑥 = 0, 1) where participant could 

experience up to 4 recurrent AEs. The data generation specified lognormal frailty 

distribution, Weibull baseline hazard and average fixed log-treatment effect of 0.5 and 

1000 simulations for each scenario. In order to minimize errors and check assumptions, 

quality checks were implemented before and during the analysis of the simulated data. 

During the data generation process, convergence of the models was continuously 

monitored. After the data generation, descriptive summary statistics were also done to 

check for any abnormal observations. For each scenario, graphical exploration of the 
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distribution of the estimates was done to ascertain the assumed underlying distribution of 

the generated data.  

 

3.3.2.3 Statistical data analysis 

The generated data was analysed using the ISF-PH, LSF-NPHS1 and LSF-NPHS3 

models where hazard ratio and frailty variance estimates with their respective standard 

errors were captured. The performance of the models for the frailty variance estimates 

was compared using coverage probability of 95% confidence interval, bias, mean square 

error and percentage gain in precision relative to ISF-PH model. For the hazard ratios, 

bias, mean square error and percentage gain in precision relative to ISF-PH model were 

computed.  

 

The models (ISF-PH, LSF-NPHS1 and LSF-NPHS3) were also applied to Chloroquine 

for Malaria in pregnancy trial data in order to investigate the treatment effect on the AE 

recurrence. During the application of the models to the real data the treatment was 

adjusted for BMI, gravidity and maternal age.  

 

3.3.3 Joint modelling of safety outcomes 

The third objective of the PhD study concentrated on introducing a novel joint model for 

multivariate longitudinal clinical laboratory safety data, concomitant medication and 

clinical AEs where AE outcome is of primary interest. Clinically, the proposed model 

explored how clinical AEs outcome evolve over follow-up time in relation to the 

longitudinal laboratory safety outcomes and concomitant medication. The joint model is 
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useful in simultaneously harnessing the available data towards drug safety profile 

development. PREGACT trial data was used as motivating data in the joint model 

development and application. 

 

3.3.3.1 Model formulation and statistical data analysis. 

3.3.3.1.1 Notation 

Let a patient randomized and received at least a dose be denoted as   𝑖 = 1, … … , 𝑛. and 

𝑽𝒊 = (𝑣𝑖1,
T  𝑣𝑖2

T , … … . . ,  𝑣𝑛𝑘
T ) be a k-variate continuous clinical laboratory outcome vector. 

Each of the two continuous outcome vectors (𝑣𝑖1, 𝑣𝑖2) are of (𝑛𝑖𝑘 x 1) dimension for the 

observed longitudinal measurements of the k-th outcome; 𝑣𝑖𝑘 = (𝑣𝑖1𝑘,……., 𝑣𝑖𝑛𝑘)T 

The current scenario considers a bivariate scenario of the clinical laboratory where k=1 

is alanine amino transferase and k=2 is total bilirubin, although it is straight forward to 

extend this to generalized k-variate vector of the continuous clinical laboratory outcome. 

The continuous clinical laboratory outcomes are considered to be measured at  time  𝑡𝑖𝑗𝑘; 

the current scenario can flexibly accommodate times where 𝑡𝑖𝑗𝑘 may differ between 

individuals and outcomes (𝑗 = 1, … . . , 𝑛𝑖𝑘). Let 𝑪𝒊 = (𝑐𝑖1,
T  𝑐𝑖2

T ) represent a bivariate count 

outcome  vector where k=1 is for total number of AEs experienced during their follow-up 

time 𝑇𝑖 and k=2 if for total number concomitant medication used over the follow-up time 

𝑇𝑖; it also straight forward to extend this to generalized k-variate vector of the count 

outcomes Vector of p baseline covariates measured in the trial for each patient and 

considered here is denoted as 𝑿𝒊 = {𝑋1𝑖, 𝑋2𝑖 , … . . , 𝑋𝑝𝑖}.  A vector of random effects 

covariates for each patient is denoted as 𝒁𝒊 = {𝑍1𝑖, 𝑍2𝑖, … 𝑍𝑞𝑖}. 
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3.3.3.1.2 Sub-models specification 

The joint model was formulated within the extended multivariate generalised linear and 

non-linear mixed effects models framework [86]. The joint model consisted of two count 

sub-models (for AEs and concomitant medication) and two longitudinal sub-model for the 

continuous clinical laboratory safety data (for alanine aminotransferase and total 

bilirubin). 

 

3.3.3.1.2.1 Longitudinal sub-model 

The longitudinal sub-model for both continuous clinical laboratory safety data was based 

on a flexible linear mixed effects model that could accommodate nonlinear changes of 

the laboratory safety outcomes through use of restricted cubic splines. The generalized 

form of the longitudinal sub-model was as shown in model M3.1 below; 

𝑣𝑖𝑘(𝑡) = 𝑿𝑖𝑘
T (𝑡)𝜷 + 𝒁𝒊(𝑡)𝒃𝒊 + 𝜺𝒊𝒌(𝑡)    ……………………. M3.1         

Where 𝑖 = 1, … … , 𝑛;  k = 1, 2  and  𝜺𝒊𝒌(𝒕) is the independent, identically and normally 

distributed vector of error terms  observed at time t for the kth outcome for patient i. The 

mean for the vector of the error terms is 0. The mean response model 𝑿𝑖𝑘
T (𝑡)𝜷, was a 

flexible linear function of the covariates at a given time for the outcome k. The mean 

response model could flexibly accommodate time-varying covariates. Without loss of 

generality, time-varying covariates were not considered in this work. The vector of the 

shared 𝒃𝒊 random effects is assumed to have a multivariate normal distribution with mean 
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0 and variance  𝜮. Therefore, the longitudinal submodel for the alanine aminotransferase 

is as shown in M3.2 below; 

𝑣𝑖1(𝑡) = 𝑿𝑖1
T (𝑡)𝜷 + 𝒃𝟎𝒊𝟏  ……………………………….M3.2                                                                

and longitudinal sub-models for the total bilirubin is as shown in model M3.3 below;  

𝑣𝑖2(𝑡) = 𝑿𝑖2
T (𝑡)𝜷 + 𝒃𝟎𝒊𝟐  ………………………………M3.3                                                                

Where 𝒃𝟎𝒊𝟏 and 𝒃𝟎𝒊𝟐 are the patient specific random effects for alanine aminotransferase 

and total bilirubin respectively.  

 

3.3.3.1.2.2 Concomitant medication counts sub-model 

The concomitant count sub-model was formulated as shown in M3.4 below; 

log(𝜑|𝒃𝟎𝟑𝒊 ) = 𝑿𝑖𝑘
T (𝑡)𝜷 + 𝒃𝟎𝟑𝒊𝜶𝟑……………………………M3.4                                                      

Where log(𝜑|𝒃𝟎𝟑𝒊 ) is the logarithm of the Poisson mean response conditional on the 

patient-specific random intercept concomitant medication count, 𝑿𝑖𝑘
T (𝑡)𝜷 is mean 

response for Poisson and  𝛼3 represents log incidence rate ratio per unit increase in the 

patient-specific deviation from the mean random intercept of the reported concomitant 

medication use incidence.  

 

3.3.3.1.2.3 AE count sub-model 

The sub-model for primary outcome of interest, AE count, in the joint model was specified 

as shown in M3.5 below; 
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log(𝜑|𝒃𝟎𝟏𝒊, 𝒃𝟎𝟐𝒊, 𝒃𝟎𝟑𝒊 ) = 𝑿𝑖𝑘
T (𝑡)𝜷 + 𝒃𝟎𝟏𝒊𝜶𝟏 + 𝒃𝟎𝟐𝒊𝜶𝟐 + 𝒃𝟎𝟑𝒊𝜶𝟑………………….M3.5 

Where log(𝜑|𝒃𝟎𝟏𝒊, 𝒃𝟎𝟐𝒊, 𝒃𝟎𝟑𝒊 ) is the logarithm of Poisson mean response conditional on 

the random intercepts for the two longitudinal clinical laboratory outcomes and the 

concomitant medication count such that the sub-models are linked to the Poisson linear 

predictor, 𝑿𝑖𝑘
T (𝑡)𝜷, via the random effects.  The AE count sub-model assumes random 

effects association structure. The 𝛼1, 𝛼2, 𝛼3 represent log incidence rate ratio per unit 

increase in the patient-specific deviation from the mean random intercept of a respective 

continuous longitudinal clinical laboratory outcome or the concomitant medication count 

outcome.  

 

The AE count sub-model was further simplified as shown in M3.6 below; 

 log(𝜑) = 𝑿𝑖𝑘
T (𝑡)𝜷 + [µ𝟏(𝒕)]𝜶𝟏 + [µ𝟐(𝒕)]𝜶𝟐 + 𝒃𝟎𝟑𝒊𝜶𝟑 …………………………M3.6                                         

Where the linear predictor of the Poisson model was linked the expected value of the 

respective continuous longitudinal clinical laboratory outcome. This formulation is 

considered more clinically meaningful such that 𝛼1, 𝛼2 represent log incidence rate ratio 

per unit increase of the respective continuous longitudinal clinical laboratory outcome, at 

time t. The estimation for the joint model is achieved by maximizing the marginal likelihood 

of the joint distribution of the observed data and the random effects. 
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3.3.3.1.3 Statistical data analysis 

Descriptive summary of the baseline characteristics for the pregnant women at enrolment 

and the outcomes were computed with respective standard deviation for the continuous 

variables and frequencies with respective percentages for the categorical variables. Box 

plots for the continuous clinical laboratory safety outcomes were plotted to aid 

visualization of the data including checking for extreme outliers. 

 

Firstly, a conventional Poisson model was fitted where AE count was an outcome of 

interest. The model adjusted for treatment, maternal age, gravidity and trimester and was 

used as a basis for comparison of the treatment effect estimates. Then a joint model with 

a mixture of expected current value and random effects association structure as 

described above, was fitted. The model included four outcomes; AE count, concomitant 

medication count, log-transformed alanine aminotransferase and log-trans-formed to total 

bilirubin. The joint model assessed the association between the AE incidence and other 

three outcomes over the follow-up time apart from investigating the effect of treatment on 

the AE incidence. As part of the sensitivity analyses, the normality assumption of the 

random effects was relaxed by fitting a joint model with t-distributed random effects. 

Therefore, in order to ascertain whether the normality assumption of the random effects 

for was met, the estimates from the joint model with t-distributed random effects were 

compared with those from the joint model with normally-distributed random effects. AIC 

was used to assess the relative goodness of fit between the joint models with t-distributed 

random effects and the joint model with normally-distributed random effects. 
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3.3.4 Role of AEs on antimalarial drug non-adherence 

For the fourth objective, the focus was on empirically investigating whether nested case 

control (NCC) study with incidence density sampling approach is more efficient than NCC 

with path set sampling under conditional logistic or weighted cox models in assessing the 

AE burden on treatment non-adherence and participation in preventive antimalarial drug 

during pregnancy trial. Since the impact of AEs is rarely quantified in most clinical trials 

and it is hard to pre-specify at design stage, NCC approach is ethically plausible and 

statistically sound way of deriving and analysing comparable samples.  Using the data 

from the Chloroquine for malaria in pregnancy trial, secondary data analysis using NCC 

approach was carried out. Two outcomes of interest were considered; (i) Treatment non-

adherence defined as missing at least one dose after taking the first dose and (ii) study 

non-completion defined as dropping out of the study before delivery. 

  

3.3.4.1 Sampling approaches 

 (i) Under NCC with incidence density sampling, a case was defined as experiencing at 

least the outcome of interest. Similarly, a control was defined as a pregnant woman yet 

to experience outcome interest but was still at risk to become a case. For the selection of 

controls with replacement, each case was matched to a control on follow-up time such 

that each case was matched to four controls. 

(ii) Under NCC with path set sampling the case and controls were defined as under NCC 

with path incidence density sampling. However, the controls were selected in such a way 

to minimize repeated selection of the patient using path set concept where a path set is 
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sampled according to the probabilities given the path set representation in the entire risk 

set at each event time [87]. 

Under both the NCC with incidence density sampling and NCC with path set sampling, 

the exposure was considered as having an AE before selection in the risk-set. The 

following variables were considered as potential confounders; maternal age in years, 

body mass index (BMI; calculated as weight in kilograms divided by height in metres 

squared), gravidity (primigravid or not) and, IPTp treatment arm.  

 

3.3.4.2 Statistical methods and data analysis 

Firstly, descriptive analysis was carried out where the baseline characteristics were 

summarized as mean (standard deviation [SD]) or median (inter-quartile range [IQR]) for 

continuous variables and proportions for categorical variables.  

Let 𝑖 = (1,2 … . 𝑛) represent a set of women enrolled in the trial and considered in this 

analysis. Conventionally, estimates in nested case control studies are obtained by 

maximizing partial likelihood function that can be written as  

𝐿𝑛𝑐𝑐(𝜷) = ∏
𝑒𝑥𝑝(𝜷′𝑿𝑖)

∑ 𝑒𝑥𝑝(𝜷′𝑿𝑗)𝒋∊ Ȓ𝒊
𝒊∊𝜴    ………………. (M3.6) 

The 𝑳𝒏𝒄𝒄(𝜷) is likelihood for nested case control for parameter 𝜷. 𝜷 represents a vector 

of the regression coefficients,  such that 𝜷′ is a transposed vector corresponding to 

vector(s) of covariates. The Ω represents a set of all the cases. The sampled risk set Ȓ𝑖 

consists of case i and sampled m controls matched to the case on time since enrolment. 

The vector of covariates considered in the analysis, 𝑿𝒊 and 𝑿𝒋 are such that individuals i 
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≠ j. The conditional likelihood function under M3.6 above is the one used when estimating 

parameters under conditional logistic regression and it coincides with partial likelihood 

function for cox regression. This is why the results from nested case control study using 

either conditional logistic regression or cox regression are similar in practice. However, 

under NCC some information can be lost since not all participants are usually considered 

in the analysed sample. This is problematic especially when the population being studied 

is heterogeneous in structure. Inverse probability weighting methods offer an opportunity 

of accommodating all the information of the participants from the sampled population by 

weighting the likelihood with the inverse of the inclusion probability of being sampled. For 

cox regression the partial likelihood used to obtain estimate for the regression coefficient 

is similar to M3.6 above (see M3.7) 

𝐿𝑐𝑜𝑥(𝛽) = ∏
𝑒𝑥𝑝(𝜷′𝑿𝑖)

∑ 𝑒𝑥𝑝(𝜷′𝑿𝑗)𝒋∊ 𝑹𝒊
𝒊∊𝜴  …………………..              (M3.7) 

𝑅𝑖  is a set of all patients who have not failed or been censored but are at risk of failure at 

that time (i.e. all patients who are still under observation just before time t). 

For cox regression model the weighted partial likelihood can be written as; 

𝐿𝑤𝑐𝑜𝑥(𝛽) = ∏
𝑒𝑥𝑝(𝜷′𝑿𝑖)𝝎𝒊

∑ 𝑒𝑥𝑝(𝜷′𝑿𝑗)𝝎𝒋𝒋∊ 𝑺𝒊
𝒊∊𝜴    ………………………… (M3.8)                

 𝑺𝒊 in model M3.8 is the set of cases and controls in the nested case-control sample who 

are at risk at time 𝑡𝑖. The weights are defined as 𝜔𝑗 = 1
𝑝𝑗

⁄ , where 𝑝𝑗 is probability of a 

woman being in the nested case control sample. For each case, the probability of being 

included in the nested case control sample is 1.  In this work Kaplan Meier method of 
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computing the weights was considered since it estimates the actual sampling of the 

controls , based on the population under study.  

 

In modelling the impact of AE occurrence on treatment non-adherence and study non-

completion, we fitted both the conditional logistic model (conditioned on risk sets) and 

weighted cox regression to both the nested case control sample with incidence density 

sampling and then to the nested case control sample with path set sampling. Such 

analyses were done separately for the treatment non-adherence and the study non-

completion outcomes. To ensure that all the models were comparable, in the multivariable 

model, we included the AE exposure and IPTp treatment adjusted for maternal age.  

Using the likelihood ratio test, we also assessed whether inclusion of interaction between 

the AE occurrence and treatment arm modified the observed effect.  Assessment of the 

relative goodness of fit of the models was done using AIC. We reported all the point 

estimates supported by the 95% confidence interval at 5% significance level. All the 

statistical analyses and data management were done in two statistical softwares; Stata 

version 15 (StataCorp, College Station, TX, USA) and R software version 3.6.0 (R 

Foundation, Vienna, Austria). 
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4.0 Abstract 

Background 

Drug safety assessments in clinical trials present unique analytical challenges. Some of 

these include adjusting for individual follow-up time, repeated measurements of multiple 

outcomes and missing data among others. Furthermore, pre-specifying appropriate 

analysis becomes difficult as some safety endpoints are unexpected. Although existing 

guidelines such as CONSORT encourage thorough reporting of adverse events (AEs) in 

clinical trials, they provide limited details for safety data analysis. The limited guidelines 

may influence suboptimal analysis by failing to account for some analysis challenges 

above. A typical example where such challenges exist are trials of anti-malarial drugs for 

malaria prevention during pregnancy. Lack of proper standardized evaluation of the safety 

of antimalarial drugs has limited the ability to draw conclusions about safety. Therefore, 

a systematic review was conducted to establish the current practice in statistical analysis 

for preventive antimalarial drug safety in pregnancy.  

Methods 

The search included five databases (PubMed, Embase, Scopus, Malaria in Pregnancy 

Library and Cochrane Central Register of Controlled Trials) to identify original English 

articles reporting Phase III randomized controlled trials (RCTs) on anti-malarial drugs for 

malaria prevention in pregnancy published from January 2010 to July 2019.  

Results 

Eighteen trials were included in this review that collected multiple longitudinal safety 

outcomes including AEs. Statistical analysis and reporting of the safety outcomes in all 

the trials used descriptive statistics; proportions/counts (n=18, 100%) and mean/median 



51 
 

(n=2, 11.1%). Results presentation included tabular (n=16, 88.9%) and text description 

(n=2, 11.1%). Univariate inferential methods were reported in most trials (n=16, 88.9%); 

including Chi-square/Fisher`s exact test (n=12, 66.7%), t-test (n=2, 11.1%) and Mann-

Whitney/Wilcoxon test (n=1, 5.6%). Multivariable methods, including Poisson and 

negative binomial were reported in few trials (n=3, 16.7%). Assessment of a potential link 

between missing efficacy data and safety outcomes was not reported in any of the trials 

that reported efficacy missing data (n=7, 38.9%).  

Conclusion 

The review demonstrated that statistical analysis of safety data in anti-malarial drugs for 

malarial chemoprevention in pregnancy RCTs is inadequate. The analyses insufficiently 

account for multiple safety outcomes potential dependence, follow-up time and 

informative missing data which can compromise anti-malarial drug safety evidence 

development, based on the available data. 

Keywords   Pregnancy, Malaria, Safety, Prevention, Clinical trials, Statistical methods 
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4.1 Background 

Drug safety assessment in randomized controlled trials (RCTs) is integral in development 

of comprehensive drug safety profile. Recently, there is enhanced quality guidance on 

clinical trial reporting of safety outcomes through adherence to the Consolidated 

Standards of Reporting Trials (CONSORT) guideline [88, 89]. However, there is scant 

literature on standardized ways to statistically analyse the safety outcomes in clinical 

trials. Although there exist some general regulatory guidelines on safety data analysis, 

such as International Conference on Harmonization which recommend descriptive 

statistical methods supplemented by confidence intervals [90, 91], the proposed statistical 

methods rarely account for the complexity of the collected safety data, e.g., recurrent 

adverse events (AEs). Effective solutions to statistical analysis of safety data in clinical 

trials may need to be tailored to specific indications (set of diseases with similar 

characteristics) under study since safety data collected are also influenced by the medical 

condition under study. Absence of standardized guidelines for safety data analysis in 

specific settings may limit the ability to draw rich conclusions about the safety of the 

investigational product, based on collected data. Standardized guidelines can simplify 

integration of safety information from multiple outcomes across RCTs [5] and would 

ensure optimal use of data in developing the safety profile of the investigational product. 

 

Statistical analysis of safety data in clinical trials is characterized by a challenge of 

multiple and related endpoints measured over time. The safety endpoints may include 

clinical and laboratory defined AEs. Laboratory-based AEs are defined based on standard 

cut-off points for measures such as vital signs (e.g., body temperature), hepato-toxicity 
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measures (e.g., bilirubin level), cardio-toxicity measures (e.g., electrocardiograms), and 

other tests relevant to the medical indication being studied [5]. The safety endpoints may 

be correlated within patients and over time such that failure to account for this in an 

analysis may yield biased estimates and false inference. Furthermore, time to occurrence 

of the safety endpoint may be very informative in profiling the drug safety. Such data 

present statistical analysis and interpretation challenges due to the complexity in structure 

[92]. For instance, in the case of multiple, repeatedly measured, safety outcomes, false 

positives may arise from multiple statistical testing if appropriate longitudinal or time to 

event methods and/or multiplicity adjustments are not considered.  

 

In clinical trials, AEs may impact compliance and study participation which may further 

affect treatment efficacy estimates [93, 94]. Occurrence of (even mild) AEs due to a drug 

would lead to non-adherence, leading to informative censoring. The dropping of the 

patients from the study generates missing data that may lead to biased results if poorly 

accounted for. Therefore, safety data analysis accounting for missing data is useful to 

facilitate identification and characterization of the safety profile of the drug as early as 

possible. Other analysis challenges include lack of adequate ascertainment and 

classification of AEs, and limited generalizability of results  since some AEs cannot be 

pre-specified at study design stage. 

 

There are many populations where drug safety assessment is complex. One of the 

special settings in safety data assessment is the use of drugs to prevent adverse 

outcomes in pregnancy, currently referred to as intermittent preventive treatment of 
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malaria in pregnancy (IPTp). For example, the World Health Organization recommends 

that pregnant women receive routine treatment with anti-malarial drugs to clear any 

malaria infection that is present and also to prevent infection in the weeks after 

administration [95]. Recent review indicates that methodological issues in studying anti-

malarial drugs in pregnancy have prevented firm conclusions on the safety of new anti-

malarial drugs in pregnancy [25]. Previous efforts have attempted to standardize safety 

assessment methodology for anti-malarial drug trials in pregnancy, including study 

designs and data collection [26, 96]. However, literature remains limited in describing the 

standard practice in the statistical analysis of safety data that are collected on anti-

malarial drugs during pregnancy trials.  

 

The current review focusses on safety assessment in anti-malarial drugs for 

chemoprevention in pregnancy trials. Since anti-malarial drug for malaria 

chemoprevention is given repeatedly to healthy pregnant women, it is critical to improve 

safety assessment in this vulnerable population. Specifically, appropriate statistical 

analysis of safety outcomes can improve development of anti-malarial drug safety profile. 

This can be achieved through sufficient use of the data generated during the RCT which 

provides a comprehensive drug safety insight. This review, therefore, aims at identifying 

applied statistical methods and their appropriateness in the analysis of safety data in anti-

malarial drugs for malaria prevention during pregnancy clinical trials.  
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4.2 Methods 

The systematic review was conducted according to Preferred Reporting Items for 

Systematic Review and Meta-Analyses (PRISMA) statement  [97] which outlines 

minimum standards for reporting systematic reviews and meta-analysis (see Table S4.1 

in appendix 1). The protocol for this review was registered and published with 

PROSPERO (CRD42019120916). The study population is pregnant women on any anti-

malarial drug for malaria chemoprevention. 

 

4.2.1 Search strategy 

4.2.1.1 Inclusion criteria 

Primary original articles published in English from Phase III RCTs were considered for 

inclusion. The articles were from RCTs assessing the efficacy and safety of malaria 

chemoprevention in pregnancy. This review focussed on Phase III RCTs, since they 

have the largest sample size among pre-marketing trials and accommodates 

multidisciplinary support in safety evaluation. Further, the data are systematically 

collected and have the benefit of being randomized, which aids a fair comparison of 

treatment groups.  

 

4.2.1.2 Exclusion criteria 

Observational studies, case reports, letters to the Editor, narrative reviews, systematic 

reviews and trials in Phase I or Phase II or Phase IV were excluded from this review. This 

review did not include clinical trials on malaria prevention in pregnancy using intermittent 

screening and treatment (ISTp) as an alternative to IPTp. ISTp refers to intermittent rapid 
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diagnostic testing (RDT) for malaria in pregnant women followed by treatment of RDT-

positive cases with an effective artemisinin-based combination therapy, and IPTp is given 

to pregnant women regardless of their malaria status. Hence, ISTp and IPTp consider 

different populations which may confound the practice in safety assessment methods 

(i.e., ISTp considers symptomatic population and IPTp considers both symptomatic and 

asymptomatic population). Non-English publications were excluded. 

 

4.2.1.3 Selection of studies 

Studies published between 1 January 2010 and 31 July, 2019 were searched from five 

databases (PubMed, Embase, Scopus, Malaria in Pregnancy Libray (MiPL) and 

Cochrane Central Register of Controlled Trials (CENTRAL). The MiPL is an excellent 

scholarly source of articles on malaria in pregnancy that enabled the review to capture 

both indexed and non-indexed articles beyond the searched databases. Additional search 

included reference lists of the identified trials and relevant reviews to identify trials 

potentially missed in the database search. The year 2010 was selected since it is when 

CONSORT guideline updated and emphasized on appropriate statistical analysis and 

reporting of clinical trials [98]. Conference proceedings were not included because they 

usually contain abstracts that do not give detailed analysis of the presented results and 

they are not rigorously peer-reviewed. The review focussed on published studies only so 

no experts or abstract publication authors were contacted for unpublished data. The key 

search items included: malaria, anti-malarial drug, pregnancy, efficacy safety or 

tolerability. The detailed search strategy is presented in Table S4.2 in appendix 1. The 

search was customized per database. Based on PRISMA procedure, after removing 
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duplicates, two reviewers (NP and ANK) independently screened titles and abstracts 

initially before arriving at a final list of eligible articles. Based on the eligible studies list, 

full text articles were retrieved. The references were managed using Endnote X7.1 

(Thomson Reuters). If there were disagreements, the two reviewers discussed the paper 

to reach a consensus and reasons for exclusion were provided for ineligible 

publications/studies. 

 

 

4.2.2 Data extraction 

The data extraction file created in Microsoft Excel was used to record all key variables 

from the selected articles. Some of the collected variables such as mode of safety data 

collection, participant withdrawal due to AE and handling of continuous measures were 

based on CONSORT guideline. The following key variables were extracted from the 

papers: main author, publication date, study design, study location, main efficacy 

outcome, sample size, list of safety parameters collected (including laboratory data), 

nature of safety data collection (i.e., passive or active), list of statistical methods used for 

respective safety outcomes, how the results were presented, retention rate at the end of 

the follow up and how missing safety or efficacy data were handled. The primary 

hypothesis type (as superiority, non-inferiority or equivalence) was defined based on what 

was reported in the actual manuscript or inferred by the lead author (NP), based on how 

the study framed the primary hypothesis. Superiority hypotheses aim to show whether 

treatment is better than control, non-inferiority hypotheses intend to show that one 

treatment is not worse than the other and equivalence hypotheses intend to show that a 
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given treatment is similar to another for defined characteristics [99]. The statistical 

methods were classified as descriptive or inferential and univariate or multivariable 

depending on the purpose and nature of the statistical methods based on previous similar 

reviews [100, 101], reviewing statistical methods. 

 

4.2.3 Data synthesis 

The extracted quantitative data were reported as percentages in tables. The commonly 

reported safety parameters, suitability of the used statistical methods and other findings 

were also summarized narratively.  

 

4.3 Results 

The search identified 1,103 articles. After removing duplicates, 722 unique articles were 

identified and considered for possible inclusion in the review. The duplicates (i.e. repeated 

citations) were the same articles but identified in multiple search databases. Fig. 4.1 

presents details of the selection process. During screening, a total of 637 articles were 

excluded based on relevance of their titles and abstracts. The remaining 85 full text 

articles were assessed for possible inclusion and 18 articles satisfied the inclusion criteria, 

and are included in this review as shown in Table 4.1. Reasons for exclusion are shown 

in Fig. 4.1 below.   
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Figure 4.1: PRISMA flow diagram profiling studies selection process 
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Table 4.1: Overview of randomized clinical trials included in the systematic review 

1st Author, Year, (reference) Study site   DSMB Hypothesis Masking  Comparator drug(s) Experimental drug(s) 

Luntamo. 2010 [102] Malawi Yes Superiority Single-blinded  two-dose IPTp-SP 

1. AZ-SP 

2. Monthly SP 

Valea  2010 [103] Burkina Faso No Superiority Not stated   two-dose IPTp three IPTp-SP 

Diakite. 2010[104] Mali Yes Superiority open-label  two-dose IPTp three IPTp-SP 

Ndyomugyenyi  2011 [105] Uganda Yes Superiority double blinded  

1. IPTp-SP 

2.  ITN+placebo  IPTp-SP+ITN 

Wini  2013 [106] Solomon Islands Yes Superiority open-label  IPTp-SP -CQ prophylaxis 

Denoeud-Ndam  2014 [107] Benin Yes Noninferiority open-label  

1. IPTp-MQ,  

2.  (IPTp-MQ) and CTX (low CD4) 

1. CTX(low CD4) 

2. CTX(high CD4) 

González  2014 [108] 

Benin, Gabon, Mozambique, 

and Tanzania Yes Superiority open-label  IPTp-SP  

1. two-dose MQ 

2.  split-dose MQ 

González  2014 [109] 

Kenya, Mozambique, and 

Tanzania Yes Superiority     CTX and Placebo CTX and (IPTp-MQ) 

Klement  2014 [110] Togo Yes Noninferiority open-label  IPTp-SP  CTX 

Manyando  2014 [111] Zambia Yes Noninferiority open-label  IPTp-SP   CTX 

Desai  2015 [112] Kenya No Superiority open-label  IPTp-SP 

1. IPTp-DP 

2.  IST-DP 

Unger  2015 [113] Papua New Guinea Yes Superiority single blinded    IPTp-AZCQ one-dose SP-CQ 

Kakuru  2016 [114] Uganda No Superiority double blinded  IPTp-SP,  

1.  IPTp-DP 

2.  IPTp-IPTp-DP 

Kimani  2016 [31] 

Benin, Kenya, Malawi, 

Tanzania, and Uganda Yes Superiority open-label  IPTp-SP IPTp-AZCQ 

        

        

Natureeba  2017 [115] Uganda  No Superiority double blinded  TMP-SMX TMP-SMX+ DP 

        

        

Divala  2018 [80] Malawi Yes Superiority open-label  IPTp-SP 

1.  IPTp-CQ 

2. CQ  prophylaxis 

Akinyotu 2018 [116] Nigeria No Superiority Single-blind  IPTp-SP IPTp-MQ 

Kajubi 2019 [117] Uganda No Superiority Double-blind  IPTpSP IPTpDP 

AL: Atermether lumefantrine, CTX: Cotrimoxazle, Q: Quinine, AS: Artesunate, AQ: Amodiaquine, MQ: Mefloquine, CQ: Chloroquine, DP: Dihydroartemisinin-piperaquine, TMP-SMX: Trimethoprim-sulfamethoxazole, 

PQ: Piperaquine, AZ: Azithromycin 
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4.3.1 Characteristics of the trials 

The trials included in this review were conducted in Oceania (2 trials, 11.1%) and sub-

Saharan Africa (16 trials, 88.9%) regions. The 18 RCTs reviewed recruited 26,281 

pregnant women with a median sample size of 374 (Interquartile range (IQR): 173, 

648) women per treatment arm in a trial. Thirteen trials (72.2%) recruited more than 

200 patients per arm. As expected, all trials (18 trials, 100%) computed sample size 

based on the efficacy outcome(s). The majority of the trials (11 trials, 65.4%) had two 

treatment arms and the rest had three treatment arms. All 18 trials had an active 

comparator and IPTp-SP was studied as a standard malaria chemoprevention in the 

majority of trials (14 trials, 77.8%). Although the review focussed on published trials 

from 2010 to 2019, the trials were conducted between 2003 and 2017. Based on the 

primary hypothesis tested, superiority design RCTs were the most common (15 trials, 

83.3 %) and the other trials had a non-inferiority hypothesis. Over half of the trials (10 

trials, 55.6%) were open-label; one trial did not state the blinding status but the other 

7 trials (38.9%) were blinded. Majority of the trials (12 trials, 66.7%) reported that they 

had a Data Safety and Monitoring Board (DSMB). 

 

4.3.2 Characteristics of the reported safety data 

Over half of the trials (10 trials, 55.6%) reported that they collected safety data using 

a combination of scheduled and non-scheduled visits (Table 4.2), while a third of the 

trials (6 trials, 33.3%) did not specify the safety data collection approach used. The 

median retention rate (based on the defined efficacy outcome reported for respective 

trials) was 89.4% (IQR: 82.5%, 92.4%) and 10 trials (55.6%) had a retention rate below 

90%.  
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Table 4.2: Characteristics and structure of reported safety data (n=18) 

Characteristic Number of articles (%) 

Data Monitoring and Safety Board 14 (77.8) 

Data collection approach   

      Scheduled visits 1 (5.6) 

      Scheduled and non-scheduled visits 10 (55.6) 

      Non-scheduled visits 1 (5.6) 

      Not specified 6 (33.3) 

Reported AE severity levels 13 (72.2) 

Assessed AE vs adherence 3 (16.7) 

Discontinue treatment due to AE 18 (100) 

Reported continuous outcome dichotomization 18 (100) 

Reported laboratory data 18 (100) 

Multiple safety endpoints 18 (100) 

Longitudinal safety endpoints 18 (100) 

Reported recurrent AEs  0 (0.0) 

Retention rate (IQR)b 89.4% (IQR: 82.5%, 92.4%) 

b IQR = interquartile range.  

The retention rate is based on primary outcome reported in trial flow diagram  

 

All the reviewed trials indicated that they had collected multiple longitudinal safety 

endpoints. As expected, almost all the trials (17 trials, 94.4%) reported obstetric safety 

outcomes such as foetal loss. Tables S4.3 and S4.4 in appendix 1 provide a detailed 

list of safety outcomes and respective statistical method reported in each reviewed 

trial. Despite the reported occurrence of multiple AEs, none of trials seemingly 

reported recurrence of AEs during pregnancy. In total, 12 trials (66.7%) reported 

adverse events with different severity levels, e.g., mild, moderate and severe. All trials 

reported occurrence of AEs by treatment arm. Almost all trials (17 trials, 94.4%) 

reported laboratory data in their safety assessment of the drug and 16 trials of these 

(88.9%) dichotomized at least a single continuous safety outcome (e.g., haemoglobin) 

based on standard cut-off points, to define an AE.  
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4.3.3 Statistical analysis for safety data  

4.3.3.1 Analysis population and missing data  

The safety analysis approach (based on treatment allocation and adherence) was 

specified and reported in 11 trials (61.1%). Per protocol (PP) and intention to treat 

(ITT) analysis approaches were used in 5 trials (27.8%) and 4 trials (22.2%), 

respectively. Two trials indicated that they used both PP and ITT to analyse the safety 

data.  Although all the reviewed trials had at least one patient lost to follow-up, only 7 

trials (38.9%) reported missing efficacy data and 2 of the 7 trials indicated that the 

missingness was ignorable after exploring data missingness patterns (Table 4.3). 

None of the reviewed trials conducted an advanced sensitivity analysis on the 

relationship between missing data and drug safety. For example, none of the studies 

assessed the safety outcomes (e.g., AEs) in relation to missing efficacy outcomes. 

This review found that most trials (16 trials, 88.9%) had at least one participant who 

experienced an AE leading to discontinuation from the trial although the studies did 

not formally investigate/quantify the relationship between the AEs and trial completion. 
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Table 4.3 Statistical approaches for safety data analysis 

Statistical method/approach Number of articles (%) 

Descriptive statistics 18 (100) 

    Proportion/count 18 (100) 

      

    Mean/median 1 (5.6) 

    Incidence rate 6 (33.3) 

Inferential methods  

 Univariate methods  

     Fisher`s exact test/Chi square 12 (66.7) 

     t-test 4 (22.2) 

     Linear regression 1 (5.6) 

     Mann-Whitney/Wilcoxon  1 (5.6) 

Multivariable modelling  

     Poisson regression 3 (16.7) 

     Negative binomial 1   (5.6) 

Number of inferential methods   

      None   3 (16.7) 

      One method 10 (55.6) 

      More than one method   5 (27.8) 

Analysis approach  

  Reporting missing data  

    Missing efficacy data reported 7 (38.9) 

Handling missing efficacy data  

        Imputation 1 (5.6) 

Analysis population definition  

        ITT 4 (22.2) 

        PP 5 (27.8) 

       ITT+PP 2 (11.1) 

        Not specified 7 (38.9) 

Multiplicity adjustment for treatment 0 (0.0) 

Results presentation  

      Graphs 0 (0.0) 

      Tables 16 (88.9) 

      Point estimate and confidence interval 10 (55.6) 

      P value 16 (88.9) 

Note: ITT=Intention to treat; PP=Per protocol;   

Entries in this table are mutually exclusive and may not add up to the total 26 articles since some articles used more than one approach 
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4.3.3.2 Reported statistical methods 

All the trials included in the review used descriptive statistics as one of the methods to 

summarize AEs (Table 4.3). Proportions or counts were the descriptive statistics used 

in all of the studies to report safety data. Definition of what was safety data depended 

on respective trials as shown in the additional file (Table S4.2 and Table S4.4 in 

appendix 1). Incidence rates were reported in 6 trials (33.3%). Most trials (16 trials, 

88.9%) reported univariate inferential statistical methods; these included Chi-square 

or Fisher`s exact test (12 trials, 66.7%), t-test (n=4, 22.2%). Only 3 trials (16.7%) 

reported multivariable statistical methods. The multivariable methods were Poisson 

regression (n=3, 16.7%), and negative binomial regression (n=1, 5.6%). Usage of at 

least two inferential statistical methods to compare safety outcomes was reported in 5 

trials (27.8%). Although all studies reported multiple safety outcomes, none reported 

adjustment for multiplicity during analysis.  

 

The review showed that at least a single optimal statistical method was reported in 3 

trials (16.7%) that considered multivariable modelling. Even though univariable 

analysis comparing arms in an RCT were appropriately used, further inferential 

statistical methods reported in the rest of the trials were suboptimal for the type of data 

being collected. For further details, additional file under Table S4.4 in appendix 1 

provides a detailed list of reported statistical methods with their respective safety 

outcome(s). 

 

4.3.3.3 Presentation of safety outcomes estimates 

In terms of presentation of results, none of the trials presented AEs in a graph.  Only 

2 trials (11.1%) narratively presented the safety results; the other 16 trials (88.9%) 



66 
 

presented the results in tabular format. A total of 16 trials reported p-values after 

comparing treatments and there were only 10 trials (55.6%) that reported point 

estimates with their respective confidence intervals. 

 

4.4 Discussion 

This review sought to provide a detailed overview of the actual practice of the statistical 

analysis of safety data in the unique setting of drug trials for the preventions of malaria 

in pregnancy as reflected in published literature. The results demonstrate that there is 

limited reporting of statistical analyses of safety data, at the end of the trial, in these 

published reports. The findings are useful to advance the development of standardized 

guidelines in statistical analysis of safety data in anti-malarial drugs in pregnancy trials 

and related fields. Such guidelines will not replace but rather complement the 

CONSORT guidelines that are general (i.e., not providing specific statistical methods 

in analysing harms in RCTs). Based on the authors` knowledge of the available 

literature, this is the first paper to review statistical methods for safety data in anti-

malarial drugs in pregnancy.  

 

Descriptive methods were commonly used to summarize safety data. This review 

found that each clinical trial used at least one descriptive method to summarize safety 

data. Univariate statistical methods such as Chi-square or Fishers exact tests were 

used in two-thirds of the articles reviewed. Such descriptive statistics and univariate 

statistical inference ignored useful information such as variability in follow-up time, 

missing data and correlation (for those trials which had their multiple safety outcomes 

repeatedly measured). Hence there was inefficient data use during analysis that may 

lead to a loss of useful information for improved and informative conclusions. Although 
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a third of the reviewed trials attempted to use crude incidence, they failed to 

adequately account for individual patient follow-up-time and potential confounders. 

 

All trials dichotomized at least a single continuous clinical laboratory safety outcome 

(i.e., where AE was defined based on standard cut-off points for adult toxicity). 

Although this aids in providing time-specific drug safety status and easy interpretation, 

the dichotomized outcome may miss some information on the magnitude of the 

temporal changes, overtime during the trial. The information loss may lead to reduction 

in statistical power to detect safety signal if it exists. Valid longitudinal methods (used 

without restriction on cut-off points) can address the information loss by exploiting 

potential within-subject correlations for the repeated clinical laboratory measurements 

[118-120]. Furthermore, the longitudinal methods can provide the basis for developing 

improved cut-off points tailored to pregnant women in malaria-specific settings. To 

ensure improved uptake of such methods, future work needs to strive towards making 

the results from the longitudinal methods feasibly interpretable to the medical 

practitioners. 

 

Only three studies appropriately used multivariable statistical methods. Adjusting for 

known prognostic covariates is useful to control for confounding that can be introduced 

due to imbalance when assessing if treatment is independently associated with safety 

outcome(s). Of secondary interest, covariate adjustment also preserves type I error 

[121]. Such adjustment for potential confounders (e.g., age) in safety data analysis are 

suitable in clinical trials with at least moderate sample size, unlike small sample sizes 

that lead to unstable estimates. Of specific interest in this review, the Poisson model 

was more suitable in the context of rare AEs which usually have low event rates [120, 
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122]. Since Poisson regression assumes a constant rate of occurrence of a rare event, 

it is not ideal for other multiple transient AEs that were common or recurred and would 

vary in occurrence overtime [123]. Alternatively, mixed effects models could be 

considered to characterize the safety events over time since they capture patient-

specific effects [124, 125]. Whenever time to AE occurrence information is available, 

survival analysis models may also be preferred to characterize the time to AE 

occurrence. For recurrent safety events, that may induce dependence, methods that 

extend the Cox regression model may be preferred; such models include survival 

mixed effects models (e.g., frailty models) [91].  

 

Almost half of the reviewed trials did not explicitly define the population on which the 

safety analysis was based. If per protocol analysis is used to address non-adherence 

there is potential selection bias since it destroys the balance due to randomization. 

Although CONSORT recommends ITT, as an alternative for analysis of safety 

endpoints, non-adherence cannot be explicitly addressed with ITT approach since it 

ignores dropouts, withdrawal or loss-to-follow up for various reasons including safety 

concerns; ITT-based inference ignores causal effect of the actual treatment received 

[126]. Patient withdrawal or dropout due to AEs can induce informative censoring 

useful in quantifying anti-malarial drug safety. For example, if a patient withdraws due 

to vomiting after taking an anti-malarial drug, their obstetric efficacy outcomes such as 

birth weight may appear as missing data. In the context of anti-malarial drug for malaria 

prevention, even mild AE can lead to drug non-adherence. Since the patient has no 

disease symptoms, they would judge it less costly for them to discontinue the drug 

than continue experiencing AEs. Hence, inclusion of information on treatment/trial 

completion status in relation to anti-malarial safety would enrich development of the 
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safety profile of anti-malarial drug in pregnancy. Although study completion status, 

anti-malarial drug safety and missing data may be interlinked, missing data received 

limited attention such that the few trials that considered efficacy missing data did not 

explicitly explore the potential link. Studying such complex associations requires 

statistical methods that can appropriately estimate the pathway from the anti-malarial 

chemoprevention to study completion. Advantageously, methods based on causal 

inference framework, such as mediation analysis [127-130] could be 

adapted/extended to assess the influence of the AEs on non-adherence in RCTs.  

 

Despite about three-quarters of the trials reporting p-values after comparing safety 

outcomes by treatment arms, only about half of the reviewed trials adhered to 

International Harmonisation Conference Guideline E9 in reporting of confidence 

intervals in quantifying the safety effect size [90, 91]. Use of confidence interval aids 

in interpretation of results by providing a measure of precision. Furthermore, graphical 

display of safety data to aid in summarizing of safety data was inadequate. Graphs on 

safety data have a greater ability to convey insight about patterns, trends, or anomalies 

that may signal potential safety issues compared to presentation of such data in 

tabular form only [131]. For example, the graphs could help to visualize frequency and 

changes in AEs over time by treatment arm. The graphs could further help in assessing 

assumptions for some statistical methods.  

 

Over three-quarters of the reviewed trials were designed as superiority trials based on 

efficacy outcomes. Although the statistical approach for safety assessment was mainly 

on superiority hypotheses (for both the superiority and non-superiority trials), clinical 

and statistical justification of assessing safety based on superiority hypotheses may 
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be invalid. Superiority hypotheses concentrate on the absence of difference in drug 

safety effect/risk between or across the treatment arms which may be challenging [99]. 

For example, when comparing high AE incidences, non-significant difference (when 

using a superiority hypothesis) would not necessarily translate to a conclusion that a 

drug is safe and well-tolerated since sometimes all compared treatment arms may 

have high AE incidence. Perhaps, drug safety evaluation should strive to prove that 

there is no risk beyond a protocol-defined/hypothesized apriori clinical safety margin 

(i.e., no excessive safety risk). Based on the findings in this work, researchers are 

encouraged to consider defining safety margins in safety assessment of anti-malarial 

drugs. Since safety is mostly a secondary outcome, it is not straightforward on how to 

define a non-inferiority margin and the appropriate analysis population. Currently, it is 

still unclear and debatable how to implement this, such that further research is needed 

[5]. 

 

Interestingly, over half of the trials were open-label which may influence physician 

clinical safety assessment on a patient and patient reporting of AEs based on their 

expectations since they know the treatment assigned. Appropriate reporting of the AEs 

would be guided by DSMBs from early stages of the trial. However, availability of 

DSMBs in over three-quarters of the trials did not translate to improved reporting and 

analysis. Therefore, DSMB members should advocate for improved analysis 

approaches for AEs. 

 

Table 4.4 summarizes recommendations to consider on best practices for safety 

analyses. This provides a general framework for statistical analysis of safety in malaria 

chemoprevention in pregnancy trials. As highlighted above, the recommendations 
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assume a context where sample size is moderate or large. For rare events, Bayesian 

approaches can be considered since they do not depend on asymptotic properties 

when handling rare events and can incorporate prior/external information [132]. Future 

research work can further consider adapting/extending recently developed statistical 

methods for rare disease or small population clinical trials towards analysis of rare 

safety outcomes in IPTp trials [133-135]. 

 

Table 4.4 Recommendations for analyses in malaria chemoprevention in pregnancy 

trials based on key safety outcomes from the systematic review 

Safety outcome type after treatment Examples Optimal Statistical method(s) 

   

Time to event 
Time to infection/infestation occurrence, 

time to abortion 

Survival methods (e.g. Kaplan Meier plots, 

log rank test followed by cox regression 

model) 

   

Longitudinal continuous outcomes 
QTc prolongation, haemoglobin, vital 

signs 
Mixed effects linear/nonlinear models 

   

Recurrent events 
recurrent hospitalizations, recurrent 

anaemia, recurrent opportunistic infections 

Recurrent event models (e.g. Poisson 

model, negative binomial, Andersen Gill 

model) 

   

Safety outcomes with informative missing 

data,  

Treatment switching, Dropout/withdrawal 

due to AE (i.e. AE-induced non-adherence) 

Causal inference methods (e.g. mediation 

analysis) 

 

This review agrees with other similar publications focusing on drug safety assessment 

in clinical trials that have noted the need for further improvement in the statistical 

analysis of the safety data [70, 136]. This review concurs with a recent review that has 

noted that inappropriate handling of multiple test is prevalent, although their review 

focussed on four high impact journals, AE in general and a short time of review period 

[6]. Issues raised in this review include time-dependence of AEs, informative censoring 

due to discontinuation of treatment because of AEs, safety graphs, and repeated 
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occurrence of AEs and multivariate longitudinal structure of laboratory data that yields 

complex correlation. This is an ongoing work whereby further analysis will be explored 

to address the identified statistical issues above.  

 

The application of the systematic review protocol in gathering the current practice in 

the context under discussion is more reliable since it exhaustively identified the 

published anti-malarial drug clinical trials in pregnancy for studied period. However, 

this review covered only the last decade of publications and may have missed studies 

published in other languages or that did not appear during literature search. Because 

the trials reported in the publications spanned for a decade, it was difficult to assess 

temporal trends. This review represents the most comprehensive review of safety data 

analysis practice for this important indication. 

 

4.5 Conclusion 

Although useful safety data are collected in malaria chemoprevention in pregnancy 

clinical trials, the analysis remains sub-optimal and this hinders definitive conclusions 

about drug safety in this setting. Descriptive statistical methods and dichotomization 

of continuous outcomes are predominant which may lead to loss of useful information. 

The definition of analysis population and informative presentation of results are not 

standardized. Overall, the results suggest that choice of a statistical method(s) to use 

should be jointly driven by the scientific question of interest, epidemiological/clinical 

plausibility of the method and structure of the raw data. Further work in addressing the 

highlighted gaps can enhance drug safety decisions and conclusions.  
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5.0 Abstract 

Background 

In preventive drug trials such as intermittent preventive treatment for malaria 

prevention during pregnancy (IPTp), where there is repeated treatment administration, 

recurrence of adverse events (AEs) is expected. Challenges in modelling the risk of 

the AEs include accounting for time-to-AE and within-patient correlation, beyond the 

conventional methods. The correlation comes from two sources, namely; (a) individual 

patient unobserved heterogeneity (i.e. frailty) and (b) the dependence between AEs 

characterised by time-dependent treatment effects. Potential within-patient-AE-

dependence can be modelled via time-dependent treatment effects, event-specific 

baseline and event-specific random effect, while heterogeneity can be modelled via 

subject-specific random effect. Methods that can improve the estimation of both the 

unobserved heterogeneity and treatment effects can be useful in understanding the 

evolution of risk of AEs, especially in preventive trials where time-dependent treatment 

effect is expected. 

 Methods 

Using both simulation study and Chloroquine for Malaria in Pregnancy 

(NCT01443130) trial data to demonstrate the application of the models, we 

investigated whether the lognormal shared frailty models with restricted cubic splines 

and non-proportional hazards (LSF-NPH) assumption can improve estimates for both 

frailty variance and treatment effect compared to one of the conventional models of 

inverse Gaussian shared frailty model with proportional hazard (ISF-PH), in the 

presence of time-dependent treatment effects and unobserved patient heterogeneity. 

We assessed the bias, precision gain and coverage probability of 95% confidence 

https://clinicaltrials.gov/show/NCT01443130
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interval of the frailty variance estimates for the models under varying known 

unobserved heterogeneity and sample sizes in the presence of non-proportional 

hazards for the treatment effects.  

Results 

The ISF-PH model provided a higher coverage probability of 95% confidence interval, 

less bias and less precise frailty variance estimates compared to the LSF-NPH 

models. The LSF-NPH models yielded unbiased hazard ratio estimates at the expense 

of imprecision and high mean square error compared to the ISF-PH models.  

Conclusion 

The choice of the shared frailty model for the recurrent AEs analysis should be driven 

by the study objective. The flexible parametric shared frailty model is appropriate if 

unbiased hazard ratio estimation is of primary interest in the presence of time-

dependent treatment effects. However, ISF-PH model is appropriate when comparing 

between lognormal Inverse-Gaussian frailty distribution for frailty variance estimation. 

Trial registration 

ClinicalTrials.gov; NCT01443130 

Keywords 

Recurrent adverse events, randomised controlled trials, non-proportional hazards, 

unobserved heterogeneity 

 

 

 

https://clinicaltrials.gov/show/NCT01443130
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5.1 Background 

The development of a comprehensive drug safety profile in randomized controlled 

trials (RCTs) requires statistical methods that can adequately characterize the adverse 

event (AE) occurrence process (e.g. time of onset, recurrence and duration) [137]. 

Traditionally, analysis of AEs in IPTp trials, like all clinical trials, is predominantly 

descriptive and non-parametric such that advanced methods (e.g. parametric and 

semi-parametric) are rarely used [138-140]. The use of descriptive and non-parametric 

methods can lead to poor estimates of the effect of treatment on AE recurrence. The 

descriptive and non-parametric methods may not account for essential aspects of the 

data structure such as censoring, potential time-varying treatment effect and the AE-

dependence.  For example, mean cumulative function is the simple and popular non-

parametric method used to facilitate the development of trajectories of AEs profiles 

over the study period, where a patient may experience more than one AEs [46]. 

However, the method fails to explicitly account for the potential dependence of the 

AEs or individual patient heterogeneity. The utility of the existing recurrent event 

methods towards the AEs analysis has been recently considered [79]. However, 

adopting and interpreting results  from such recurrent events methods in drug safety 

assessment setting remains a challenge. This motivates a need for further 

investigations on the clinical value and practical applicability of the advanced methods 

[78]. In the framework of benefit-risk assessment, two models (the Andersen Gill 

model and Prentice, Williams and Peterson model) have been demonstrated to be 

useful in providing both direct and indirect effects of treatment on AE recurrence [79]. 

However, these models yield unbiased estimates if the AEs are uncorrelated and do 

not efficiently capture (i.e. account for) both potential time-dependent treatment effects 

and unobserved heterogeneity. This motivates the need to consider using flexible 
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parametric shared frailty models that can optimally capture both the time-dependent 

effects and unobserved heterogeneity, to improve drug safety estimates. 

 

In IPTp clinical trials, the potential of recurrent AEs is high because the preventive 

antimalarial drugs are repeatedly administered. Recurrent AEs may induce within-

patient correlation that originates from two sources: the individual patient unobserved 

heterogeneity and the dependence between events [141]. The individual patient 

heterogeneity cannot be explained by the observed/known factors [142, 143], while 

the between-AE-dependence can be explained based on the observed AEs. The 

unobserved heterogeneity arises from unmeasured information that partly explains the 

treatment effect. For example, in IPTp trials, unobserved heterogeneity can arise from 

the unmeasured inherent characteristics (e.g. physiological changes associated with 

foetus development). The underlying individual patient-specific unobserved 

heterogeneity can influence the susceptibility of patients to AE recurrence. In IPTp 

trials, as the case with some drug trials, the treatment effect depends on follow-up 

time. Such treatment effect that is a function of follow-up time is called time-varying or 

time-dependent treatment effect. In the presence of the time-dependent treatment 

effect, the relative effect of treatment changes over the follow-up time such that the 

proportional assumption is violated (on log hazard scale). Ignoring the time-dependent 

effects can lead to biased estimates. Therefore, accounting for the potential time-

dependent treatment effects in the analysis of recurrent events is necessary. However, 

in practice, identifying a model that can account for both unobserved heterogeneity 

and time-dependent effects can present a challenge. Since the recurrence of AEs can 

be a reflection of both time-dependent treatment effects and underlying individual 
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patient unobserved heterogeneity. Therefore, it is vital to consider models that account 

for both issues.   

 

Currently, shared frailty is one of the prevalent models for the analysis of recurrent 

events. This model can account for both the observed and unobserved heterogeneity. 

However, the common current applications of the shared frailty model assume that the 

treatment effect estimate (i.e. hazard ratio) is constant over the follow-up time [144]. 

In preventive drug trial settings, where there is repeated treatment administration and 

a long patient follow-up time, the proportional hazard assumption can be invalid when 

treatment hazard rates, between/across arms, for recurrent events can vary over the 

follow-up time. For example, in the context of IPTp drug safety assessment, more 

recurrent AEs are expected close to the day(s) of taking the drugs. The potential 

presence of time-dependent treatment effects can pose a challenge in applying the 

shared frailty model to analyse recurrent events since it becomes complicated to 

separate time-dependent effects from unobserved heterogeneity [145].   

 

Recent developments in flexible parametric survival models can effectively capture 

both time-dependent effects and unobserved heterogeneity [86]. Researchers have 

established, mainly in univariate survival data context, that flexible parametric survival 

models with restricted cubic splines can accurately model time-dependent effects 

[146, 147]. However, there is limited literature investigating the efficiency and utility of 

such methods in the context of multivariate survival data and drug safety assessment. 

Within multivariate survival data setting, Gasparini et al. recently compared the 

standard and spline-based shared frailty models under varying heterogeneity and 
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baseline hazard specification assuming proportional hazards [148]. The shared 

parametric models with splines emerged to be more robust to model misspecification 

than the standard approaches. However, their work is limited to the context of the 

proportional hazards assumption. As highlighted above, a challenge arises in applying 

the shared frailty model when there are time-dependent effects. Using the standard 

semi-parametric shared frailty models, Balan and Putter demonstrated that the bias of 

frailty variance estimate, in the presence of time-dependent effects, can be mitigated 

as the cluster size (i.e. number of recurrent events within an individual) increases 

[145]. Based on the available literature, it is not clear whether the use of flexible 

parametric shared frailty with splines models can improve the frailty estimates 

compared to the standard shared frailty models in the presence of both time-

dependent treatment and unobserved heterogeneity. 

 

 

Our work aims at investigating whether the flexible parametric shared frailty model 

with non-proportional hazards and restricted cubic splines can improve both the frailty 

variance and hazard ratio estimates compared to the standard parametric shared 

frailty models, in the presence of both unobserved heterogeneity and time-dependent 

treatment effects. The optimal shared frailty model can efficiently capture both 

unobserved heterogeneity and time-dependent effects. We evaluated the following 

models; (a) inverse Gaussian shared frailty (ISF-PH) model with proportional hazards 

and Weibull baseline hazard (b) Lognormal shared frailty model with non-proportional 

hazard and restricted cubic splines where we model the baseline hazard function with 

1 degree of freedom and model the time-dependent treatment effect with 1 degree of 

freedom (LSF-NPHS1) and (c) Lognormal shared frailty model with non-proportional 
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hazard and restricted cubic splines where we model the baseline hazard function with 

3 degrees of freedom and model the time-dependent treatment effect with 1 degree of 

freedom (LSF-NPHS3). We compare the models using a simulation study assuming 

an application area of recurrent AEs in IPTp trials. Understanding the statistical 

properties would enhance the informed choice of statistical methods for the analysis 

of recurrent AEs. The simulation offers an opportunity to effectively understand the 

properties of the statistical models since the true data distribution is known, unlike in 

a practical clinical trial setting. We present the remaining sections of the paper as 

follows: In the methods section, we provide a detailed review of the models under 

study, outline the simulation study design and describe the analysis approach. In the 

results section, we present the findings of our simulation study and apply the models 

to the analysis of recurrent AEs observed in Chloroquine for Malaria in pregnancy trial 

(NCT01443130). In the discussion section, we discuss the key findings of our work 

and provide a conclusion.  

 

5.2 Methods 

This section outlines notation and provides an overview of the three models that were 

compared in our simulation study. Specifically, we briefly introduce and discuss the 

general inferential methodological framework of the models, focussing on model 

specification, parameter estimation and respective assumptions. The presentation of 

this section is customized to the context of drug safety assessment in clinical trials. 

For readers interested in detailed concepts, on recurrent events analysis, they can 

consult  excellent introductory books on recurrent events analysis and frailty models 

methodology [143, 149, 150], written for a wider audience. 

https://clinicaltrials.gov/show/NCT01443130
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5.2.1 Notation 

We assume that the observation begins at enrolment, denoted as time t=0. Let 𝑇𝑖𝑘 be 

the total time of the 𝑘𝑡ℎ event for the 𝑖𝑡ℎ patient where   𝑖 = 1, 2, … … … 𝑛, 

𝑘 = 0, 1,2, … … . 𝑝 and we assume  𝑇𝑖1 <  𝑇𝑖2 < ⋯  < 𝑇𝑖𝑘. The AEs are assumed to be 

recorded over a period of time interval [0, t] such that the total number of AEs recorded 

per patient i over that time t is ∑ ᶘ(𝑇𝑖𝑘 ≤ 𝑡)𝑝
𝑘=0 , where  ᶘ is of sequence of occurrence of 

AEs. The history of the recorded number of events over given time t, denoted as 

𝑁(𝑡), 0 ≤ 𝑡, is defined as a counting process; this forms the basis for easy-to-

implement recurrent events analysis. The frailty is defined as 𝜑𝑖 and interpreted as an 

unobserved covariate common  for all recurrent AEs within the patient. Covariate and 

regression coefficients vectors are defined as 𝑿𝑖𝑘 and 𝜷 respectively. The covariates 

are considered to be fixed. Under the simulation study design described below, one 

covariate is considered (i.e. treatment). For the non-proportional hazard models, the 

treatment effect is allowed to be dependent on time (i.e. 𝜷(𝒕)). These are further 

discussed in context in the section below. 

 

5.2.2 Statistical methods for recurrent events  

Recurrent events modelling is popularly based on three main approaches; event 

counts, event intensity function and joint distribution of gap times between successive 

events.  Event counts-based models are suitable when there are frequent events and 

event occurrence does not impact the occurrence of the subsequent events [149, 151]. 

In the context of AEs, some mild AEs may not alter the event process (e.g. mild 

headache). When events are infrequent and the prediction of the next event is of 

interest, gap times methods are appropriate [152, 153]. To ensure that the event 

process history is appropriately incorporated, the intensity function is used; the 



82 
 

function defines the instantaneous probability of an event occurring at time t given the 

event process history [149]. 

𝜆(𝑡|𝐻(𝑡)) = lim
∆𝑡→0

Pr (∆𝑁(𝑡)=1|(𝐻(𝑡))

∆𝑡
                                       (M5.1) 

Where ∆N(t) is the number of events in the time interval [t, t+∆t), H(t) is the history of 

the event process at time t.  Since event counts (i.e. Poisson process) modelling 

approach assumes that the events are independent such that the event history 

process at t, H(t), does not affect the instantaneous probability of an event at time t, 

the intensity function is reduced to the rate function ρ(t) below; 

𝜆(𝑡|𝐻(𝑡)) = lim
∆𝑡→0

Pr (∆𝑁(𝑡)=1)

∆𝑡
= 𝜌(𝑡)                                  (M5.2) 

This implies; ∆𝑡𝜌(𝑡) = 𝐸(∆𝑁(𝑡)). Hence if we let the expected cumulative rate at time 

t to be μ(t), we can derive the expected cumulative rate by integrating the rate function 

over the interval [0, t) 

 𝜇(𝑡)=∫ 𝜌(𝑠)𝑑𝑠
𝑡

0
                                                                                      (M5.3) 

The gap/waiting times method is another alternative approach that focusses on 

modelling time between consecutive events. Methods based on gap time are suitable 

mainly in settings where the occurrence of the events is considered relatively 

infrequent [149]. The work in this paper is confined to multiplicative intensity-based 

models because it permits deriving and interpretation of failure intensity relative to the 

treatment under investigation. Shared frailty models are considered as important 

intensity-based models for the analysis of recurrent events that can account for both 

measured and unmeasured heterogeneity.  
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5.2.3 The Shared Frailty Models  

In practice, the common approach to account for unobserved heterogeneity in 

recurrent events analysis is to use a robust variance (i.e. robust sandwich covariance 

matrix is used in estimating the log hazard ratio). Adjusting for within-subject 

unobserved heterogeneity using robust variance has been shown to be inadequate in 

some settings [154]. One of the solutions to this is explicitly modelling the correlation 

using patient-specific random effect. Such a model is defined as a frailty model. Frailty 

models are hazard models having a multiplicative frailty factor; these are conditional 

models. Overall, the model has frailty, linear predictor and the baseline hazard function 

as the multiplicative factors.  The random effect introduced in frailty models describes 

the excess risk that cannot be explained by the measured/observed variables [143]. 

The unmeasured observations may introduce heterogeneity between the analysis 

units e.g. for recurrent AEs, observations within a patient may be more similar 

compared to different patients. Hence frailty model attempts to account for the within-

patient correlation. Ignoring the potential heterogeneity in modelling recurrent events 

can lead to underestimation of treatment effect [155, 156]  

 

For recurrent events, when the frailty is modelled as a common random effect for all 

events within a patient, it is defined as a shared frailty model (see model M5.4). The 

dependence accounted for in the shared frailty model is only due to the unobserved 

individual heterogeneity, 𝜑𝑖. This measure of the extent of heterogeneity among the 

patients can follow several distributions [150]. Gamma and inverse Gaussian 

distributions are the common frailty distribution specifications, possibly due to their 

mathematical tractability and software availability. The only difference between the 

gamma and frailty distribution is that gamma frailty yields time-independent 
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heterogeneity while the inverse Gaussian frailty yields heterogeneity that decays over 

time. Inverse Gaussian frailty is useful when the modelled outcome involves early 

occurrence of events during the follow-up. Motivated by this fact, in this simulation 

study, we considered shared frailty models with inverse Gaussian and lognormal frailty 

distributions. Lognormal frailty was opted for due to its flexibility to accommodate 

account for the non-proportional hazards, based on the recent theoretical and software 

developments. Across all the patients, in all the shared frailty models evaluated, the 

respective random effects are assumed to be independent and identically distributed.  

𝜆𝑖𝑘(𝑡𝑖𝑗|𝜑𝑖, 𝑋𝑖𝑘) = 𝜑𝑖𝜆0(𝑡𝑖𝑗)𝑒𝑥𝑝(𝑿𝒊𝒌
𝐓 (𝑡)𝜷)                                      (M5.4)   

If the baseline hazard, 𝜆0(𝑡𝑖𝑗),  is unspecified, the model is called a semi-parametric 

frailty model. Specifying the baseline hazard function ensures that an appropriate 

shape of the hazard function is captured. However, miss-specification of the baseline 

hazard distribution may induce bias on regression coefficients [148]. Therefore, 

caution needs to be exercised on the choice of the baseline hazard distribution by 

paying attention to the most clinically plausible hazard function. Traditionally, the 

hazards are assumed proportional over the whole follow-up time. Within the flexible 

parametric survival methods framework, the proportional hazards assumption can be 

relaxed to accommodate time-dependent treatment effects (i.e. non-proportional 

hazards [86]). This can be implemented by interacting treatment with splines of log 

time as part of the linear predictor. Fitting such flexible non-proportional shared frailty 

model on log hazard scale is helpful since it can effectively accommodate 

interpretation and presentation of results. The shared frailty model with non-

proportional hazards and restricted cubic splines can be written as; 

𝑙𝑜𝑔 {𝜆𝑖𝑘(𝑡𝑖𝑗|𝜑𝑖, 𝑋𝑖𝑘)} = 𝑠{log(𝑡) |𝛾, 𝑘0} + 𝑿𝑖𝑘
𝐓 𝜷 + 𝑙𝑜𝑔( 𝜑𝑖) + ∑ 𝑠{log(𝑡) |𝛿𝑓 , 𝑘𝑓}𝐹

𝑓=1 𝑥𝑖𝑘𝑓    

(M5.5) 
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The treatment 𝑥𝑖𝑘 is interacted with restricted cubic function of log time, 𝑠{log(𝑡) |𝛾, 𝑘0}, 

such that 𝛾 is parameter vector and 𝑘0 is knot vector. Similarly, 𝑠{log(𝑡) |𝛿𝑓 , 𝑘𝑓}  

represents a spline function of log time for the  fth time-dependent effect with parameter 

vector 𝛿𝑓 and knots vector 𝑘𝑓. Since the number of restricted cubic splines can 

determine the most appropriate model to use, we considered to evaluate two flexible 

parametric shared frailty models to be described below. Both models accounted for 

non-proportional hazard effect of the treatment by interacting the treatment with log 

time and including them in the linear predictor; therefore 1 degree of freedom was 

chosen to model the time-dependent treatment effect. The models were defined as 

follows; 

(i) LSF-NPHS1: We considered a shared frailty model assuming lognormal 

frailty distribution and non-proportional hazards with restricted cubic 

splines where the baseline hazard function is modelled using 1 degree of 

freedom and the time-dependent treatment effect is modelled using 1 

degree of freedom.  

(ii) LSF-NPHS3: We also considered a shared frailty model,fitted assuming 

lognormal frailty distribution and non-proportional hazards with restricted 

cubic splines where the baseline hazard function is modelled using 3 

degrees of freedom and the time-dependent treatment effect is modelled 

using 1 degree of freedom. 

 

The models (LSF-NPHS1 and LSF-NPHS3) only differed in number of degrees of 

freedom used to model the baseline hazard. The more complex the shape of the 

baseline hazard, the more degrees of freedom are needed to effectively capture the 

shape of the baseline function. In practice, degrees of freedom ranging from 1 to 5 are 
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considered as practically sufficient. Therefore, exploring models with 1 and 3 degrees 

of freedom respectively was considered enough considering the intermediate 

complexity of time-dependent effect of antimalarial treatment that would be expected 

in practice (based on personal experience). 

 

Generally, under shared frailty models, depending on the model specification, 

parameter estimation can be done using  expectation-maximization algorithm, 

maximum likelihood penalized partial likelihood and Markov chain Monte-Carlo  

methods [150]. Since in this paper we focus on parametric shared frailty models from 

a Frequentist perspective, the parameter estimation is based on maximum likelihood 

estimation. It should be noted that not all patients may experience the AE(s), such that 

others can be censored. Censorship in this paper is considered independent of the AE 

occurrence.  Specifically, the model parameters can be estimated by maximizing 

marginal log-likelihood as shown below; Let 𝑍 be the vector containing the observed 

patient-specific information such that 

𝑍 = ((𝑦𝑖𝑗, 𝜉𝑖𝑗, 𝑥𝑖𝑗) | 𝑗 = 0, 1, … 𝑘)…………...M5.6 

where 𝑦𝑖𝑗 , 𝜉𝑖𝑗  and 𝑥𝑖𝑗 are time to AE occurrence, AE occurrence indicator (1 for AE 

occurrence and 0 otherwise) and fixed covariate for patient 𝑖 and 𝑗𝑡ℎ AE occurrence, 

respectively. Let 𝑼 be a vector containing the latent information (the frailty terms) for 

n patients.  

𝑼 = (𝒖𝟏, 𝒖𝟐, … , 𝒖𝒏), 

therefore, the marginal log-likelihood of the observed data Z can be written as: 
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𝑙𝑚𝑎𝑟𝑔(𝜉, 𝛽, 𝑍|𝜏)

= ∑{[∑ 𝜉𝑖𝑗(log(ℎ0𝑦𝑖𝑗)) + (𝑋𝑖𝑗
𝑇 𝛽)]

𝑘

𝑗=0

𝑛

𝑖=1

+ log [(−1)𝑑𝑖(ℒ (𝑑𝑖) (∑ 𝐻0(𝑦𝑖𝑗) exp(𝑋𝑖𝑗
𝑇 𝛽)

𝑘

𝑗=0

)]

− log [ℒ(∑ 𝐻0(𝜏𝑖𝑗) exp(𝑋𝑖𝑗
𝑇 𝛽)

𝑘

𝑗=0

)]} 

……………………………..M5.7 

where 𝑑𝑖 represents the total number of events for patient   and ℒ (𝑣)(. ) represents the 

𝑣𝑡ℎ derivative of the Laplace transform for the derivative. Availability of the Laplace 

transform simplifies the maximization of the log-likelihood in order to compute the 

desired model parameters. Under the time-dependent treatment effect, the fixed 

treatment effect 𝛽 can be replaced by the time-dependent treatment effect 𝛽(𝑡). 

 

5.2.4 Simulation Study  

This simulation study was conducted and reported based on “Aims Data generating 

process, Method of analysis, Estimands and Performance” approach since it provides 

a scientifically coherent structured framework for designing, interpreting and reporting 

simulation studies. 

 

5.2.4.1 Aim 

There is a dearth of literature highlighting the performance of recurrent statistical 

methods when both AE-dependence and heterogeneity is accounted for in analysis of 

recurrent AEs in clinical trials. The aim of the simulation study was to evaluate whether 

the use of Lognormal shared frailty model with restricted splines and non-proportional 
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hazards improves both the frailty variance and hazard ratio estimates in the presence 

of time-dependent effects and unobserved heterogeneity under varying unobserved 

heterogeneity levels and sample sizes.  The performance of this flexible model was 

compared against the standard proportional hazards-based inverse Gaussian shared 

frailty model with proportional hazard and Weibull baseline hazard distribution 

assumptions.  

 

5.2.4.2 Data Generating Mechanisms 

The data generating mechanism (DGM) in this simulation study focussed on the 

specification and estimation of frailty variance and hazard ratio in the presence of time-

dependent treatment effects and unobserved heterogeneity (Table 1). For each 

scenario, we considered 1000 simulations, lognormal frailty distribution, Weibull 

baseline hazard, fixed effect treatment effect of log hazard ratio 0.5 and up to a 

maximum of 4 AEs experienced by a patient. The choice of possible maximum of 4 

AEs per patient was aimed at mimicking a setting for moderately high occurrence of 

recurrent AEs, in IPTp trials. The choice of lognormal frailty distribution was driven by 

the mathematical tractability of the distribution, availability of software for 

implementation and interpretability of the results in the context of AEs. The DGMs 

varied sample size (n=300, n=500), frailty distribution variance (0.25, 0.50, 0.75) and 

time-dependent effect (0.03, -0.03). The choice of the sample size was intended to 

reflect sample sizes that are commonly employed in most IPTp trials. Choice of frailty 

variance (i.e. a measure of the strength of the unobserved heterogeneity within an 

individual) intended to represent a setting 0.25, 0.5 and 0.75 represented weak 

variance, moderate variance and heavy variance respectively. The time-dependent 

treatment effect allowed the fixed effect treatment effect of log hazard ratio 0.5 to 
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decay over time (when set at -0.03) or increase over time (when set at 0.03) or remain 

constant when set at 0.0). All the DGMs were parametric in order to accommodate the 

investigation of several scenarios unlike resampling that confines investigation to data 

with properties only for the application data under study[157]. Hence, we simulated 

recurrent AE data similar to common scenarios that are practically and theoretically 

expected in IPTp trials. In all the simulation scenarios, the data generation mimicked 

a randomized controlled trial with two treatment arms. In all scenarios under study, we 

assumed that there were no substantial competing risks observed during the trial such 

that censoring was considered independent. The individual follow-up times were 

simulated based on uniform distribution and maximum follow-up time of 12 months 

(i.e. administrative censoring was set at one year), using Survsim package in stata 

[85]. The choice of 12 months of follow-up time was motivated by the fact that most 

IPTp trials follow-up the mother for 12 months from enrolment to beyond delivery.   

 

The hazard functions were simulated using inversion method, under Weibull baseline 

hazard function, accommodating both time-varying treatment effect and unobserved 

heterogeneity with lognormal frailty distribution. The inversion method enabled 

sampling from a given distribution using uniform distribution and quantile function  

where uniform distribution was assumed to have minimum 0 and maximum of 1. An 

overview of the investigated scenarios appears in Table 5.1 below. 

 

During the data generation process, convergence of the models was also continuously 

monitored. After the data generation, descriptive summary statistics were also 

produced to check for any abnormal observations. For each scenario, graphical 



90 
 

exploration of the distribution of the estimates was done to ascertain the assumed 

underlying distribution of the generated data. 

  

5.2.4.3 Simulation study targets  

Of primary interest here was the studied shared frailty models` ability to effectively 

capture the unobserved heterogeneity. Therefore, the primary estimand of interest 

was log frailty variance 𝜑𝑖 for each of the investigated models. Since our second 

interest was to assess the ability of the models in capturing time-dependent treatment 

effect,  the log hazard ratio 𝜷 computed at 3 months of follow-up time was considered 

as a secondary estimand. We opted for log hazard ratio at the specific follow-up time 

in order to ensure that the estimates from both the proportional and non-proportional 

hazard models are comparable.  

 

5.2.4.4 Methods for data analysis 

Each simulated data set was analysed using the three methods under investigation: 

ISF-PH, LSF-NPHS1 and LSF-NPHS3. Based on our simulation scenarios, the ISF-

PH model miss-specified the proportionality of the hazards although it correctly 

specified the baseline hazard function (i.e. the baseline hazard function for the ISF-

PH was modelled using Weibull distribution). The LSF-NPHS1 and LSF-NPHS3 

models correctly specified the proportionality of the hazards although the baseline 

hazard function is approximated by the restricted cubic splines. When there are non-

proportional hazards, reporting of a single average HR is considered not practically 

useful. Therefore, in order to ensure that the performance measures for the HR 

estimates are comparable across the three models, we computed hazard ratio at 3 

months of follow-up time since enrolment (i.e. LSF-NPHS1 and LSF-NPHS3 are non-
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proportional hazard models and ISF-PH is a proportional hazard model).  The choice 

of the time at which the HR was calculated was motivated by our practical experience 

where most patients take approximately half of their scheduled IPTp doses by third 

month of follow-up time. 

 

The three shared frailty models (ISF-PH, LSF-NPHS1 and LSF-NPHS3) are also used 

in the analysis of recurrent adverse events that were observed in the Chloroquine for 

Malaria Prevention in Pregnancy trial (NCT01443130) data. The motivating data 

description, data analysis and results appear in the application section of this paper, 

after simulation results presentation.  

5.2.4.5 Performance measures 

In this paper, our model performance measures of interest were defined as described 

in Morris et al [157]. Bias and MSE were main performance measures for our 

estimands. For frailty variance estimand, we assessed the model performance based 

on precision, bias, MSE and coverage probability of 95% confidence interval of the 

frailty variance estimates. For the hazard ratio estimand, we assessed the model 

performance based on precision, bias and MSE. Point estimates of performance are 

reported including Monte Carlo standard errors in order to highlight the uncertainity of 

our point estimates. 

 

We used bias in order to quantify whether the estimator of interest effectively targeted 

and estimated the true value of interest. Bias is described as the difference between 

the expected value of an estimator and the true parameter value; 𝐸(𝜃 ) − 𝜃. Here, 𝜃 

is the true parameter value, 𝜃 as an estimator of the parameter value and 𝐸(𝜃 ) the 

https://clinicaltrials.gov/show/NCT01443130
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expected value of the estimator. Secondly, in order to integrate bias and variance of 

an estimator into one performance measure, we computed the mean square error 

(MSE). MSE is described as sum of the squared bias and variance of the estimator; 

𝐸(𝜃 − 𝜃)2. In defining relative precision gain, ISF-PH model was considered as a 

reference model. Therefore, precision gain is described as the inverse squared ratio 

of the empirical SE of the respective flexible parametric model (i.e. LSF-NPHS1 or 

LSF-NPHS3) to the empirical SE of the ISF-PH model.  For example, relative % 

increase in precision for LSF-NPHS1 versus ISF-PH would be  

 100((
𝐸𝑚𝑝𝑆𝐸𝐿𝑆𝐹−𝑁𝑃𝐻𝑆1̂

𝐸𝑚𝑝𝑆𝐸𝐼𝑆𝐹−𝑃𝐻̂
)2 − 1). Additionally, coverage was also computed, defined as 

proportion of confidence intervals for an estimator that contain the true parameter 

value(i.e. probability that the confidence interval contains the true parameter value); 

Pr (𝜃𝑙𝑜𝑤 ≤ 𝜃 ≤  𝜃𝑢𝑝𝑝𝑒𝑟)Here, 𝜃𝑙𝑜𝑤 and 𝜃𝑢𝑝𝑝𝑒𝑟 represent the upper and lower confidence 

interval limits 

 

5.2.4.6 Software and computer hardware specification 

The simulation study was conducted using user-written  survsim and merlin 

packages in Stata version 15.1 [158-160]. The analyses of the simulated and 

application data were also done using streg built-in function in Stata for the ISF-PH 

model.  

 

The simulation study was performed using the Stata version 15.1 that was installed in 

a purposely-built Threadripper 3990X GT 1030 workstation, equipped with a 

Threadripper 3990X (288 MB Cache, 64x Cores, 4.3GHz) turbo processor, MSI 

TRX40 PRO 10G AMD Ryzen Threadripper Motherboard, Nvidia GeForce RTX 2070 
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SUPER OC Ed. 8GB GDDR6 GPU, Corsair Vengeance PRO RGB 3200 MHz 64 GB 

High-Performance Gaming, Hikvision E2000 1 TB M.2 SSD that reads up to 3.5 GB/s 

and a 4 TB High-Performance Hard Disk Drive (HDD). 

 

5.2.5 Ethical considerations 

The Chloroquine for malaria in pregnancy trial was conducted in accordance with the 

Declaration of Helsinki and Good Clinical Practice guidelines. The trial obtained ethical 

approval from the Institutional Review Board at the University of Maryland, the College 

of Medicine Research and Ethics Committee at the University of Malawi and the 

Malawi Pharmacy Medicines and Poisons Board. Ethical approval was also obtained 

from the University of the Witwatersrand Human Research Ethics Committee, prior to 

conducting the current study. 

 

5.3 Results 

5.3.1 Frailty variance estimates and corresponding bias across the shared 

frailty models 

Based on 1000 simulations for each scenario, we observed a 100% convergence rate 

of all the models that were fitted. Across all the scenarios, the magnitude of bias for 

the frailty variance estimates increased as the known unobserved heterogeneity 

variance increased from 0.25 to 0.75 whether the sample size was 300 or 500 (Table 

5.1). The observed bias across all the scenarios was negative suggesting 

underestimation of the unobserved heterogeneity. The magnitude of bias for the frailty 

variance estimates were slightly higher when the sample size was 300 compared to 

the sample size of 500. Overall, the coverage probability of the frailty variance 
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estimates consistently decreased as the known unobserved heterogeneity variance 

increased from 0.25 to 0.75.  
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Table 5.1: Frailty variance estimates bias, coverage probability and MSE across shared frailty models in the presence of 

unobserved heterogeneity and non-proportional hazards.           

Data Generating Mechanisms ISF-PH Model LSF-NPHS1 Model LSF-NPHS3 Model % gain in precision relative to ISF-PH model 

Scenarioa Sample 

size 

Frailty 

variance 

TDE Bias (MCSE), Coverage (MCSE), MSE (MCSE) Bias (MCSE), Coverage (MCSE), MSE (MCSE) Bias (MCSE), Coverage (MCSE), MSE (MCSE) LSF-NPHS1 % gain in 

precision (MCSE) 

LSF-NPHS3 % gain in 

precision (MCSE) 

1 500 0.25 0.03 -0.0389 (0.0064), 96.40 (0.5891), 0.0423 (0.0021) -0.0556 (0.0060), 95.90 (0.6270), 0.0386 (0.0020) -0.0263 (0.0061), 96.20 (0.6046), 0.0374 (0.0019) 14.6985 (0.7269) 11.1644 (1.6768) 

2 500 0.50 0.03 -0.0431 (0.0051), 95.00 (0.6892), 0.0278 (0.0012)   -0.1329 (0.0045),  87.10 (1.0600), 0.0375 (0.0015)   -0.1098 (0.0045),  90.20 (0.9402), 0.0323 (0.0014) 30.9883 (0.9472)      27.8901 (1.8680) 

3 500 0.75 0.03 -0.0689 (0.0048), 92.80 (0.8174), 0.0280 (0.0013)       -0.2151 (0.0041),  61.80 (1.5365), 0.0628 (0.0020)       -0.1939 (0.0041), 69.10 (1.4612), 0.0544 (0.0019) 40.7088 (1.0645) 38.4618 (1.9530) 

4 300 0.25 0.03 -0.0363 (0.0079), 97.20 (0.5217), 0.0637 (0.0029) -0.0542 (0.0073), 97.50 (0.4937), 0.0569 (0.0027) -0.0248 (0.0075), 96.70 (0.5649), 0.0561 (0.0027) 12.5407 (1.8701) 12.5407 (1.8701) 

5 300 0.50 0.03 -0.0557 (0.0069),  94.90 (0.6957), 0.0504 (0.0025) -0.1448 (0.0061), 90.60 (0.9228), 0.0575 (0.0027) -0.1221 (0.0061), 92.50 (0.8329), 0.0518 (0.0025)    29.3473 (0.9645)      28.3377 (1.8182) 

6 300 0.75 0.03 -0.0674 (0.0062) , 94.50 (0.7209), 0.0431 (0.0020)       -0.2141 (0.0052), 76.60 (1.3388), 0.0729 (0.0026)        -0.1950 (0.0053), 80.90 (1.2431), 0.0660 (0.0025)       42.0668 (1.1767)  37.7659 (2.0100) 

7 500 0.25 -0.03 -0.0212 (0.0063),  96.10 (0.6122), 0.0405 (0.0019)        -0.0694 (0.0060), 95.20 (0.6760), 0.0413 (0.0021)        -0.0348 (0.0061), 95.90 (0.6270), 0.0384 (0.0020) 9.7913 ( 0.6757)    7.8448   (1.5502) 

8 500 0.50 -0.03 -0.0317 (0.0051), 95.30 (0.6693), 0.0268 (0.0012)          -0.1425 (0.0045), 85.60 (1.1102), 0.0405 (0.0016)         -0.1163 (0.0045), 89.00 (0.9894), 0.0341 (0.0014) 27.3902 (0.9049)  25.1537 (1.7685) 

9 500 0.75 -0.03 -0.0605 (0.0048),  93.30 (0.7906), 0.0269 (0.0013)    -0.2236 (0.0041), 59.20 (1.5541) , 0.0668 (0.0021)       -0.1998 (0.0041), 67.70(1.4788), 0.0569 (0.0019) 38.1980 (1.0547)   37.1299 (1.8588) 

10 300 0.25 -0.03 -0.0190 ( 0.0079), 97.00 (0.5394), 0.0621 (0.0027)        -0.0680 (0.0075),  97.70 (0.4740), 0.0602 (0.0028)         -0.0335 (0.0075), 97.00 (0.5394), 0.0577 (0.002) 11.1739 (0.7791)  9.1266 (1.7207) 

11 300 0.50 -0.03 -0.0454 (0.0069), 94.80 (0.7021), 0.0493 (0.0024)         -0.1549 (0.0061), 89.50 (0.9694), 0.0614 (0.0029)          -0.1286 (0.0061), 92.50 (0.8329), 0.0537 (0.0026) 26.3505 (0.9108)    26.8512 (1.7308) 

12 300 0.75 -0.03 -0.0588 (0.0062), 94.80 (0.7021), 0.0418 (0.0019)         -0.2219 (0.0053), 75.70 (1.3563), 0.0768 (0.0027)          -0.2005 (0.0053), 79.90 (1.2673), 0.0684 (0.0026) 39.0878 (1.1318)  36.0944 (1.9042) 

13 500 0.25 0 -0.0296 (0.0064), 96.50 (0.5812), 0.0412 (0.0020)           -0.0619 (0.0060), 95.70 (0.6415), 0.0398 (0.0020)                -0.0300 (0.0061), 95.90 (0.6270), 0.0378 (0.0019) 12.1870 (0.6812)       9.4918 (1.6201) 

14 500 0.50 0 -0.0373 (0.0051), 95.00 (0.6892), 0.0272 (0.0012)            -0.1373 (0.0045), 86.80 (1.0704), 0.0389 (0.0016)           -0.1127 (0.0045), 89.70 (0.9612), 0.0331 (0.0014)      29.0623 (0.8985)      26.5314 (1.8048) 

15 500 0.75 0 -0.0644 (0.0048),  93.00 (0.8068), 0.0274 (0.0013) -0.2188 (0.0041), 61.30 (1.5402),  0.0646 (0.0020) -0.1964 (0.0041), 68.80 (1.4651), 0.0554 (0.0019)     39.4216 (1.0400)      37.9288 (1.8940) 

16 300 0.25 0 -0.0273 (0.0079), 97.10 (0.5307), 0.0627 (0.0028) -0.0605 (0.0074) 97.70 (0.4740), 0.0583 (0.0028) -0.0283 (0.0075), 96.70 (0.5649), 0.0567 (0.0027) 13.2530 (0.7841)      10.8368 (1.7814) 

17 300 0.50 0 -0.0500 (0.0069), 94.80 (0.7021),  0.0495 (0.0024)         -0.1491 (0.0061), 90.20 (0.9402),  0.0591 (0.0028)  -0.1249 (0.0061), 92.60 (0.8278),  0.0526 (0.0026) 27.7522 (0.9164)      27.0827 (1.7637) 

18 300 0.75 0 -0.0627 (0.0062), 94.50 (0.7209) 0.0423 (0.0020)   -0.2174 (0.0052), 76.20 (1.3467), 0.0745 (0.0027) -0.1972 (0.0053), 80.60 (1.250) 0.0668 (0.0026) 40.6654 (1.1293)      37.0383 (1.9578) 

TDE=time dependent effect, a; each scenario is based on 1000 simulations 
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As expected, overall, among the non-proportional hazard models with restricted cubic 

splines, the LSF-NPHS3 had lower bias and higher coverage for the 95% CI of the frailty 

variance estimates compared to the LSF-NPHS1. This result suggests that for the non-

proportional hazard models with restricted cubic splines, increasing the number of 

degrees of freedom modelling the baseline hazard function from 1 to 3 improves the frailty 

variance estimates.  For the scenarios where the known unobserved heterogeneity was 

0.50 or 0.75, we observed a higher magnitude of bias of frailty variance estimates for the 

non-proportional hazard models with restricted cubic splines models compared to the ISF-

PH model. For the scenarios where the known unobserved heterogeneity variance was 

0.25, we observed the lowest magnitude of bias for frailty variance estimates in LSF-

NPHS3 model followed by ISF-PH model then LSF-NPHS1 model such that LSF-NPHS1 

model yielded the highest magnitude of bias for frailty variance estimates. For example, 

for scenario 1, frailty variance estimate bias (MCSE) was -0.0389 (0.0064), -0.0556 

(0.0060), -0.0263 (0.0061) for ISF-PH, LSF-NPHS1 and LSF-NPHS3 models 

respectively.Pertaining to coverage, although the frailty variance estimates coverage 

decreased with increase unobserved heterogeneity variance, in most of the scenarios, 

decreasing the sample size from 500 to 300 yielded results with higher coverage: the 

decreased frailty variance estimates with increased unobserved heterogeneity was more 

drastic among the non-proportional hazards with restricted cubic splines models (LSF-

NPHS1 or LSF-NPHS3) compared to the ISF-PH model. This is because the non-

proportional hazards model cannot separate the time-dependent treatment effect from 

unobserved heterogeneity although increasing the number of degrees of freedom 

modelling the baseline hazard would improve the situation. The ISF-PH model 
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consistently yielded higher coverage probability for frailty variance estimates compared 

to the non-proportional hazards with restricted cubic splines models (LSF-NPHS1 or LSF-

NPHS3). For example, for scenario 1, coverage(MCSE) was 96.40 (0.5891), 95.90 

(0.6270) and 96.20 (0.6046) for ISF-PH, LSF-NPHS1 and LSF-NPHS3 models 

respectively. These results suggest the robustness of the ISF-PH even when the model 

frailty distribution is misspecified compared to the non-proportional hazard models in 

estimating the frailty. This is expected since the non-proportional hazards are more 

tailored to improving the estimation of the time-dependent treatment effect rather than the 

frailty variance. 

 

Overall, the MSE for the ISF-PH model frailty variance estimates were lower compared 

to the LSF-NPHS1 and LSF-NPHS3 models, except when the known unobserved 

heterogeneity variance was 0.25. Across all the 18 scenarios studied, we observed that 

the MSE estimates for the ISF-PH model decreased as the unobserved heterogeneity 

variance increased. However, the MSE estimates for the LSF-NPHS1 and LSF-NPHS3 

models increased as the unobserved heterogeneity variance increased: Notably, the MSE 

for the LSF-NPHS3 model yielded lower MSE estimates compared to the LSF-NPHS1 

model. As expected, increasing the sample size from 300 to 500 reduced the MSE 

estimates for the corresponding scenarios.  

 

Our investigation showed that LSF-NPHS1 and LSF-NPHS3 models were more efficient 

than the ISF-PH model as demonstrated by the lower mean of model-based standard 

errors (Figure 5.1). The difference in model-based standard errors between that LSF-
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NPHS1 and LSF-NPHS3 models was negligible. As expected, increasing sample size 

from 300 to 500 improved the efficiency of the shared frailty models under study such that 

the model-based standard errors for the frailty variance estimates decreased. 

 

 

 

Figure 5.1: Average model standard errors(SE) for the frailty variance estimates across 

shared frailty models under varying data-generating mechanisms 
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5.3.2 Percentage gain in precision for frailty variance estimates of non-

proportional hazards shared frailty models with restricted cubic splines relative 

to ISF-PH model 

Overall, as the unobserved heterogeneity increased, percentage gain in precision for 

frailty variance estimates of non-proportional hazards shared frailty models with restricted 

cubic splines relative ISF-PH model also increased (Table 5.1). The gain in precision was 

higher when time-dependent treatment effects were increasing (i.e. TDE=0.03) compared 

to the decaying time-dependent treatment effects (TDE=-0.03). Across the models, the 

gain in precision was higher in the LSF-NPHS1 model compared to LSF-NPHS3 model. 

The observed gain in precision for LSF-NPHS1 and LSF-NPHS3 models compared to 

ISF-PH model under proportional hazard scenarios (i.e. TDE=0) was similar to the 

scenarios when time-dependent treatment effects were increasing (i.e. TDE=0.03). 

 

5.3.3 Bias and MSE for the estimated log hazard ratio estimates across the shared 

frailty models under varying unobserved heterogeneity and sample size 

Overall, across all the three models under study as shown in Table 5.2, the MSE for the 

HR estimates increased as the unobserved heterogeneity variance increased. The ISF-

PH model consistently yielded lowest MSE estimates for the HRs across the three models 

regardless of the nature of the time-dependent treatment effect. Increasing the sample 

size from 300 to 500 also led to reduction in the estimated MSE for the HRs. We observed 

a loss in precision of hazard ratio estimates for the ISF-PH model compared to the LSF-

NPHS1 and LSF-NPHS3 model. The precision loss ranged from 9% to 20%. The highest 

precision loss was observed when the unobserved heterogeneity was low (i.e. frailty 
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variance equal to 0.25). The precision loss estimates were similar for both LSF-NPHS1 

and LSF-NPHS3 models. There was low precision loss in the absence of time-dependent 

treatment effects (TDE=0). In the presence of time-dependent treatment effects (i.e. 

TDE=0.03 and TDE=-0.03), we observed higher magnitude of bias in the ISF-PH model 

compared to the LSF-NPHS1 and LSF-NPHS3 models. In the absence of the time-

dependent treatment effects, the bias for the HR estimates was lower in the ISF-PH model 

compared to the LSF-NPHS1 and LSF-NPHS3 models. However, in the absence of the 

time-dependent treatment effects, the bias across all the three models was relatively 

lower (i.e. under 0.01) compared to scenarios when time-dependent effects are present. 
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Table 5.2: Bias and MSE for log hazard ratio estimates, estimated at 3 months, across shared frailty models in the 

presence of both unobserved heterogeneity and non-proportional hazards 

Data Generating Mechanisms ISF-PH Model LSF-NPHS1 Model LSF-NPHS3 Model % gain in precision relative to ISF-PH model 

Scenarioa Sample 

size 

Frailty 

variance 

TDE Bias (MCSE), MSE (MCSE)  Bias (MCSE), MSE (MCSE) Bias (MCSE), MSE (MCSE) LSF-NPHS1 % 

gain in precision 

(MCSE) 

LSF-NPHS3 % gain in 

precision (MCSE) 

1 500 0.25 0.03 -0.0284 (0.0021),  0.0050 (0.0002)      -0.0033 (0.0023), 0.0051 (0.0002)       0.0021 (0.0023), 0.0052 (0.0002) -17.4231 (2.1208)     -18.7145 (2.0875) 

2 500 0.50 0.03 -0.0285 (0.0024), 0.0068 (0.0003)       -0.0023 (0.0026), 0.0067 (0.0003)       0.0031 (0.0026), 0.0068 (0.0003) -11.1578 (1.9985)     -12.3537 (1.9639) 

3 500 0.75 0.03 -0.0233 (0.0027), 0.0076 (0.0004)        0.0035 (0.0029), 0.0081 (0.0004)       0.0093 (0.0029),  0.0083 (0.0004) -12.7599 (1.9452)     -14.1747 (1.8756) 

4 300 0.25 0.03 -0.0259 (0.0028),  0.0085 (0.0004)       -0.0015 (0.0030),  0.0093 (0.0004)      0.0041 (0.0031), 0.0096 (0.0004) -15.4391 (2.0856)     -18.0137 (2.0061) 

5 300 0.50 0.03 -0.0215 (0.0032), 0.0105 (0.0005)        0.0047  (0.0033), 0.0111 (0.0005)        0.0103  (0.0034), 0.0114 (0.0005) -9.4606 (2.1449)     -11.4682 (2.0577) 

6 300 0.75 0.03 -0.0252 (0.0035), 0.0126 (0.0006)       0.0019 (0.0037) 0.0134 (0.0006)       0.0069 (0.0037), 0.0137 (0.0006) -10.3721 (1.9615)    -12.1647 (1.8949) 

7 500 0.25 -0.03 0.0287 (0.0021),  0.0051 (0.0002)       -0.0075 (0.0023),  0.0053 (0.0002)        0.0018 (0.0023),  0.0053 (0.0002) -18.3401 (2.1438)     -19.5151 (2.1016) 

8 500 0.50 -0.03 0.0289 (0.0024), 0.0068 (0.0003),       -0.0072 (0.0026), 0.0069 (0.0003)       0.0021 (0.0026),  0.0069 (0.0003) -12.1807 (2.0392)     -13.6435 (1.9931) 

9 500 0.75 -0.03 0.0341 (0.0027), 0.0083 (0.0004)      -0.0011 (0.0029), 0.0083 (0.0004)       0.0086 (0.0029), 0.0085 (0.0004) -14.1771 (1.9844)     -15.7796 (1.9005) 

10 300 0.25 -0.03 0.0311 (0.0028), 0.0088 (0.0004)       -0.0059 (0.0031), 0.0095 (0.0004)        0.0035 (0.0031), 0.0098(0.0004) -16.7676 (2.1182)     -19.2818 (2.0272) 

11 300 0.50 -0.03 0.0361 (0.0032), 0.0114 (0.0005)            0.0004 (0.0033),  0.0112 (0.0005)       0.0096 (0.0034), 0.0116  (0.0005) -10.0998 (2.1977)     -12.4175 (2.0889) 

12 300 0.75 -0.03 0.0316 (0.0035), 0.0130 (0.0006)             -0.0032 (0.0037), 0.0136 (0.0006) 0.0052 (0.0037), 0.0139 (0.0007) -11.6808 (2.0013)     -13.7017 (1.9235) 

13 500 0.25 0 -0.0009 (0.0021), 0.0042 (0.0002)      -0.0051 (0.0023), 0.0052(0.0002)       0.0020 (0.0023), 0.0053 (0.0002) -17.8005 (2.1303)     -19.0529 (2.0932) 

14 500 0.50 0 -0.0009 (0.0024),  0.0059 (0.0003)      -0.0044 (0.0026),  0.0067 (0.0003)        0.0027(0.0026),  0.0068 (0.0003) -11.4262 (2.0238)     -12.6627 (1.9860) 

15 500 0.75 0 0.0044 (0.0027), 0.0071 (0.0003)       0.0016 (0.0029), 0.0082 (0.0004)        0.0091 (0.0029),  0.0084 (0.0004) -13.4164 (1.9621)     -14.9156 (1.8853) 

16 300 0.25 0 0.0017 (0.0028), 0.0079 (0.0004)       -0.0032 (0.0031), 0.0094 (0.0004)       0.0041 (0.0031), 0.0097 (0.0004) -15.8830 (2.0985)     -18.3944 (2.0120) 

17 300 0.50 0 0.0061 (0.0032), 0.0101 (0.0005)        0.0027 (0.0033), 0.0112 (0.0005)       0.0097 (0.0034), 0.0115 (0.0005) -9.7878 (2.1647)     -11.9642 (2.0672) 

18 300 0.75 0 0.0021 (0.0035), 0.0120 (0.0006)       -0.0004 (0.0037), 0.0134 (0.0006)        0.0062 (0.0037), 0.0138 (0.0006) -11.0009 (1.9807)     -12.9017 (1.9108) 

TDE=time dependent effect, a; each scenario is based on 1000 simulations 
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5.3.4 Example data application: Chloroquine for malaria in pregnancy trial 

We illustrated the application of the three investigated shared frailty models above (ISF-

PH, LSF-NPHS1 and LSF-NPHS3) to data on recurrent AEs collected from a clinical trial 

evaluating antimalarial drugs to prevent malaria in pregnancy. The trial is called 

Chloroquine for malaria in pregnancy.  

 

The current modelling focussed on investigating the effect of treatment on recurrent AEs. 

We included a population of 600 pregnant women in their first or second trimesters who 

were randomized to receive IPTp of (a) sulfadoxine-pyrimethamine (SP, two doses, four 

weeks apart), (b) chloroquine (CQ, 600 mg on day 1, 600 mg on day 2, and 300 mg on 

day 3 two days apart). Although the original trial had three treatment arms, in the current 

analysis, we dropped the arm of CQ prophylaxis (to focus on IPTp arms) since its 

treatment schedule was radically different from the IPTp arms. Full details of the trial are 

published elsewhere [161]. 

 

Of the 600 pregnant women analysed in the current analysis, 474 (79%) experienced at 

least one AE. Cumulatively, more AEs were experienced in the CQ arm (895 AEs) than 

those in the SP arm (650 AEs).  We fitted ISF-PH model followed by the LSF-NPHS1 and 

LSF-NPHS3 models where IPTp treatment was an exposure of interest. As part of 

sensitivity analysis to further explore how the data best fitted our models, we further 

considered two additional models lognormal shared frailty models, modelling the baseline 

hazard function with 2 (LSF-NPHS2) and 4 (LSF-NPHS4) degrees respectively. The SP 
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treatment was considered as a reference treatment in the interpretation of the results. 

ISF-PH assumed the baseline hazard function followed Weibull distribution, unobserved 

heterogeneity followed inverse Gaussian distribution and the hazard rates between the 

CQ and SP treatments were proportional over the follow-up time. The non-proportional 

hazard with restricted cubic splines models (LSF-NPHS1 and LSF-NPHS3) assumed that 

unobserved heterogeneity followed lognormal distribution and time-dependent effects 

could be modelled using one degree of freedom. NPHS1 and LSF-NPHS3 approximated 

the baseline hazard function using 1 and 3 degrees of freedom respectively. We fitted 

adjusted and unadjusted model for all the three models under investigation. The adjusted 

model included the following covariates: treatment, maternal age, maternal body mass 

index and gravidity (i.e. whether the pregnant woman had previous pregnancy or not).  

We adjusted for the same covariates for the three models to ensure that the estimates 

were comparable. Since the results from the adjusted and unadjusted models were 

similar, our results reported in Table 5.3 below are based on the unadjusted models since 

we considered them more parsimonious. The reported hazard ratios across the three 

models are based on marginal hazard ratio, predicted hazard ratio at 14 days and 60 

days of follow-up. Additionally, we plotted the hazard ratio estimates over the follow-up 

time.  
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Table 5.3:  Comparing sharing frailty models for analysis of recurrent AEs among 

pregnant women on IPTp treatment in Malawi 

Estimate ISF-PH LSF-NPHS1 LSF-NPHS2a LSF-NPHS3  LSF-NPHS4b 

Log HR at 14 days  (SE) 0.2281 (0.0499) 0.4758 (0.3572) 0.4343 (0.3724) 0.4648 (0.4033) 0.4404 (0.3710) 

log HR at 60 days  (SE) 0.2281 (0.0499) 0.0236 (0.1240) 0.2011 (0.2562) 0.2251 (0.2831) 0.1837 (0.2441) 

Marginal log HR (SE) 0.2281 (0.0499) 0.2328 (0.0517) 0.3090 (0.0769) 0.3360 (0.0850) 0.3024 (0.0746) 

Frailty variance  0.0324 0.0476 0.4591 0.6440 0.3977 

AIC 6562.57 19922.40  19658.30   19651.20 19570.70 

a: Lognormal shared frailty model with non-proportional hazard and restricted cubic splines where the baseline hazard is modelled with 2 degrees of freedom and the 

time-dependent treatment effects is modelled with 1 degree of freedom 

b: Lognormal shared frailty model with non-proportional hazard and restricted cubic splines where the baseline hazard is modelled with 4 degrees of freedom and the 

time-dependent treatment effects is modelled with 1 degree of freedom 

 

In this clinical example for recurrent AEs data analysis, the estimated marginal log hazard 

ratios(SE) were 0.2281 (0.0499), 0.2328 ( 0.0517), 0.3090 (0.0769), 0.3360 (0.0850) and 

0.3024(0.0746) for ISF-PH, LSF-NPHS1, LSF-NPHS2, LSF-NPHS3 and LSF-NPHS4 

models respectively; the results indicate an increased risk of AEs among the women who 

took the CQ treatment arm compared to those in the SP treatment arm (Table 5.3). At 14 

days, the Log HR across the non-proportional hazard models were similar ranging 

between 0.43 to 0.47 and were higher compared to the ISF-PH model. At 60 days, LSF-

NPHS2 and LSF-NPHS4 yielded similar log HR estimates; approximately 0.20 and 

considerably lower compared to the ISF-PH model estimates. The frailty variance 

estimates were generally higher among the non-proportional hazard models compared to 

the ISF-PH model. The unobserved heterogeneity in this clinical example was low within 

patient as reflected by ISF-PH model low frailty variance estimate in Table 5.3: based on 

the results from the simulation study above ISF-PH estimates the frailty variance better 

than the lognormal non-proportional hazard. Therefore, in this trials potential variation of 

treatment effect due to some unmeasured information would not be considered as a 
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critical issue in interpretation of the IPTp safety.  Among the non-proportional hazards 

models with restricted cubic splines, the AIC estimates show that the model fit was good 

when the baseline hazard function was approximated with minimum of 2 degrees.  

 

5.4 Discussion 

The analysis of recurrent AEs in clinical trials rarely account for potential unobserved 

heterogeneity and time-dependent effects [138]. Using a simulation study, we 

investigated the performance of three statistical methods for recurrent events that can be 

adapted towards the analysis of recurrent AEs in clinical trials, in the presence of both 

time-dependent effects and unobserved heterogeneity. Our paper mainly focused on 

evaluating the ability of the flexible parametric shared frailty models with non-proportional 

hazards and restricted cubic splines to capture both the unobserved heterogeneity and 

time-dependent treatment effects. We established that the inverse Gaussian shared frailty 

with proportional hazard model consistently yielded higher coverage, lower bias and lower 

MSE of the frailty variance estimates at the expense of imprecision compared to the 

flexible shared frailty models with non-proportional hazards and restricted cubic splines. 

Interestingly, the frailty variance estimates coverage and bias, for the shared frailty 

models with non-proportional hazards and restricted cubic splines, improved upon 

increasing the number of degrees of freedom used to model the baseline hazard function: 

The simulation was confined to investigating 1 and 3 degrees of freedom although the 

clinical example further explored models with 2 and 4 degrees of freedom. As expected, 

the flexible parametric shared frailty model with non-proportional hazards and restricted 

cubic splines yielded better hazard ratio estimates, reflecting the time-dependent 
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treatment effects, compared to the inverse Gaussian shared frailty with proportional 

hazard model. The flexible parametric shared frailty models with non-proportional hazards 

and restricted cubic splines yielded unbiased estimates of HRs at the expense of 

imprecision and inaccuracy (i.e. high MSE) compared to the ISF-PH model. Therefore, 

our findings show that the more precise estimators were biased and imprecise estimators 

were unbiased. In drug safety assessment using methods that yield an unbiased hazard 

ratio would be of primary interest such that the flexible parametric shared frailty model 

should be considered if there is the presence of both unobserved heterogeneity and time-

dependent effects. However, such a decision should be made at the cost of imprecision 

and loss of accuracy. Hence, we emphasize that the flexible shared frailty with non-

proportional hazards and restricted cubic splines should be applied only when the 

proportional hazards assumption is violated. If interest is in estimating frailty variance, the 

inverse Gaussian model with proportional hazards can be considered sufficient even in 

the presence of both time-dependent treatment effect and unobserved heterogeneity 

 

The inverse Gaussian shared frailty with proportional hazard probably effectively captured 

the unobserved heterogeneity because we did not mis-specify the baseline hazard (i.e. 

Weibull distribution). Secondly, the longer follow-up period of 12 months made the 

population more homogeneous with time since the unobserved heterogeneity for inverse 

Gaussian frailty decays over the follow-up time[162].  Thirdly, the inverse Gaussian frailty 

is practically close to the lognormal frailty where the simulated data arose. The structure 

of the inverse Gaussian frailty would be considered more appropriate in the context of 

recurrent AEs in antimalarial drug trials where there are more frequent AEs early in the 
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clinical trial [150]. Unfortunately, the conditional hazard ratio derived from the inverse 

Gaussian shared frailty with proportional hazard is constant over the follow-up time which 

does not reflect the non-proportionality of the hazards in the presence of time-dependent 

treatment effect. 

 

The interpretation of our results is confined to scenarios where the censoring is assumed 

to be non-informative. In the presence of informative censoring, it will be interesting to 

understand how the models perform. Failure to account for time to medication presents 

a limitation in all the models considered in this work.  Another key limitation of our study 

is relying on the assumption of constant (i.e. fixed) unobserved heterogeneity that did not 

vary with time. Future work can consider evaluating the performance of the shared frailty 

models accounting for both actual time to medication and time to AE occurrence under 

complicated scenarios where there is both time-varying treatment effects and time-

varying unobserved heterogeneity  

 

Generally, in drug clinical trials, understanding drug safety profile requires efficient 

modelling of the recurrent AEs including accounting for both unobserved heterogeneity 

and any non-linear effects of the investigated drug. The methods studied in this paper 

provide key knowledge on choosing the most appropriate model for analysing recurrent 

AE data presenting the unobserved heterogeneity and time-dependent effects issues. 

The flexible parametric shared frailty models accounting for both time-dependent effects 

and unobserved heterogeneity are directly useful in IPTp trials since physiological 
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changes that occur during pregnancy are mostly unobserved and can contribute to the 

heterogeneity of the treatment effect.  

 

Based on our findings, we provide some practical recommendations on the studied 

shared frailty models to analyse the recurrent AEs when the hazards are non-proportional 

and there is potential unobserved heterogeneity. Overall, the choice of the most 

appropriate model should be driven by the objective of the analysis. For instance, if 

interest is mainly in estimating hazard ratios, a shared frailty model with non-proportional 

hazards and restricted cubic splines is appropriate. When interest is in obtaining the 

unobserved heterogeneity estimates, inverse Gaussian with proportional hazard can 

serve the purpose. In the absence of time-dependent effects, using a shared frailty model 

with non-proportional hazards and restricted cubic splines should be avoided since it 

leads to biased estimates due to model overfitting.  
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6.0 Abstract 

Background 

In drug trials, clinical adverse events (AEs), concomitant medication and laboratory safety 

outcomes are repeatedly collected to support drug safety evidence. Despite the potential 

correlation of these outcomes, they are typically analysed separately, potentially leading 

to misinformation and inefficient estimates due to partial assessment of safety data. Using 

joint modelling, we investigated whether clinical AEs vary by treatment and how 

laboratory outcomes (alanine amino-transferase, total bilirubin) and concomitant 

medication are associated with clinical AEs over time following artemisinin-based 

antimalarial therapy.  

Methods 

We used data from a trial of artemisinin-based treatments for malaria during pregnancy 

that randomized 870 women to receive artemether–lumefantrine (AL), amodiaquine–

artesunate (ASAQ) and dihydroartemisinin–piperaquine (DHAPQ). We fitted a joint model 

containing four sub-models from four outcomes: longitudinal sub-model for alanine 

aminotransferase, longitudinal sub-model for total bilirubin, Poisson sub-model for 

concomitant medication and Poisson sub-model for clinical AEs. Since the clinical AEs 

was our primary outcome, the longitudinal sub-models and concomitant medication sub-

model were linked to the clinical AEs sub-model via current value and random effects 

association structures respectively. We fitted a conventional Poisson model for clinical 

AEs to assess if the effect of treatment on clinical AEs (i.e. incidence rate ratio (IRR)) 

estimates differed between the conventional Poisson and the joint models, where AL was 
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reference treatment. Global test assessed differences in treatment effect across the three 

arms. 

Results 

Out of the 870 women, 564 (65%) experienced at least one AE. Using joint model, AEs 

were associated with the concomitant medication (log IRR=1.7487; 95% CI: 1.5471, 

1.9503; p<0.001) but not the total bilirubin (log IRR=-0.0288; 95% CI: -0.5045, 0.4469; 

p=0.906) and alanine aminotransferase (log IRR=0.1153; 95% CI: -0.0889, 0.3194; 

p=0.269). Global test showed no treatment effect differences on AE incidence across the 

three arms in the Poisson (p=0.149) and joint (p=0.376) models. The Poisson model 

underestimated the effects of treatment on AE incidence such that log IRR for ASAQ was 

0.2118 (95% CI: 0.0082, 0.4154) for joint model compared to 0.1838 (95% CI: 0.0574, 

0.3102) for Poisson model. 

Conclusion 

Although the AEs did not vary across the treatments, the joint model yielded efficient 

estimates compared to the Poisson model. The joint model showed a positive 

relationship between the AEs and concomitant medication but not with laboratory 

outcomes.  

 

Trial registration 

ClinicalTrials.gov: NCT00852423. 

Keywords: Adverse events, randomised controlled trials, joint model, drug safety, 

concomitant medication 
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6.1 Background 

There has been limited formal analysis of safety data being conducted in drug clinical 

trials compared to efficacy data. During drug clinical trials, scheduled and non-scheduled 

visits are conducted where multiple safety outcomes are collected including longitudinal 

clinical laboratory outcomes and clinical AEs [1, 5]. Data on concomitant medications 

defined as any medication/supplement taken by the trial participant other than the 

investigational product, are also repeatedly collected in order to support drug safety 

evidence. The repeatedly measured clinical laboratory outcomes are considered as 

objective and proxy indicators for drug-induced human body organ dysfunction and tend 

to be strongly associated with incidence of clinical AEs. For example, classic liver function 

biomarkers such as total bilirubin and alanine aminotransferase are usually used in 

assessment of drug safety [163]. However, each of the clinical laboratory safety outcomes 

is usually analysed separately based on summary statistics such as means or proportion 

of patients with elevated values for the safety markers [45, 164]. The clinical AE data is 

also usually analysed separately using the descriptive and non-parametric methods (e.g. 

cumulative incidence function and crude incidence rate)  [46, 138]  . Although ignored in 

most safety analyses, concomitant medication taken during the trial period can also 

influence the magnitude of drug safety estimates since the concomitant medication can 

interact with the treatment under investigation. Concomitant medication is usually also 

analysed separately (e.g. using mean cumulative function) [165]. The standard 

approaches that analyse each of the clinical laboratory safety data, clinical AEs and 

concomitant medication separately are inefficient and may yield biased estimates of AE 

incidence rate (i.e. clinical AEs occurrence over follow-up time) since they ignore the 
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correlation structure of the multiple outcomes over the follow-up time, leading to 

information loss. Furthermore, the separate analyses present challenges in interpreting 

overall drug safety profile. Integrated approach in analysis of the clinical laboratory safety 

data, concomitant medication and clinical AEs through the use of joint models, can offer 

an opportunity to efficiently harness the available information towards enriching the drug 

safety estimates. The joint models can efficiently quantify how the incidence rate of AEs 

is associated with the multivariate longitudinal process of the multiple continuous 

laboratory-based measurements, accounting for baseline covariates, concomitant 

medications and unobserved heterogeneity that is not captured in the conventional 

analytical approaches of safety data, all of which can potentially confound the estimates. 

 

Recently, there have been increased proposals for improved analysis of multivariate 

clinical laboratory data, concomitant medications and clinical AEs. Schildrout et al.  and 

Rosenkranz.  discuss the utility of longitudinal modelling of clinical laboratory data using 

estimating equations and maximum likelihood. However, such separate longitudinal 

models ignore correlation between the multiple safety outcomes. Southworth and 

Heffernan proposed joint modelling approach that captures the joint behaviour of clinical 

laboratory safety data elevated values indicative of potential liver damage [61]. However, 

this was limited as the model did not use all the available information due to focus on 

extreme values and, further, such modelling is mainly suited for large sample sizes. Merz 

et al.  also recommended accounting for both multivariate longitudinal clinical laboratory 

data and clinical AEs, although they do not explicitly discuss how this can be practically 

achieved. Barker [165] demonstrates how mean cumulative function can be used as an 
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exploratory tool in analysis of number of concomitant medications taken over the follow-

up time in order to support drug safety evidence interpretation. Building on these recent 

developments, this paper explores whether jointly modelling multivariate longitudinal 

clinical laboratory, concomitant medication and clinical AEs adjusted for baseline 

characteristics can be efficient in estimating AE incidence rate and useful in 

understanding joint evolution of the potentially correlated multiple safety outcomes. 

 

In clinical trials with frequent AE occurrence (e.g. antimalarial treatment in pregnancy 

trials), event count models such as Poisson or negative binomial regression are 

considered important in quantifying the AE rate [149, 166-168]. However, the AEs are 

also highly correlated with the cumulative concomitant medications and clinical laboratory 

safety outcomes. Joint modelling can offer an opportunity to explicitly model the 

correlations and account for the follow-up time, ensuring efficient and unbiased estimates.  

Despite the advanced development and evident benefits of joint modelling of multivariate 

longitudinal data[169-171], joint modelling has received limited attention in drug safety 

assessment. Recent statistical software developments have provided an opportunity for 

extending joint models to more different types of outcomes , beyond the traditionally 

implemented joint models with single continuous longitudinal data and single survival 

outcome. In this paper, we present a joint model for longitudinal continuous clinical 

laboratory safety data (alanine amino transferase and total bilirubin), individual clinical 

AEs and concomitant medication. We focus on demonstrating the utility of the proposed 

model in assessing the association between the clinical AEs in relation to these outcomes 

controlling for baseline covariates. Furthermore, we empirically assessed whether the 
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joint model improved the estimates in log incidence rate ratio (IRR) on effect of treatment 

on clinical AEs compared to the conventional Poisson model. The proposed joint model 

is useful in providing evidence-based decisions in determining the most important clinical 

safety measurements to focus on for drug safety assessment especially in resource-

constrained settings.  

 

6.2 Methods 

6.2.1 Data 

Our proposed joint model was applied to data from PREGACT trial as the motivating data. 

PREGACT trial (ClinicalTrials.gov number, NCT00852423) was a multicentre, open-label 

randomized trial carried out in 4 African countries (Burkina Faso, Ghana, Malawi, and 

Zambia). The current work uses the data from Malawi. In Malawi, the trial was 

implemented between June 2010 and August 2013 and enrolled 870 pregnant women 

during their second or third trimester with falciparum malaria. The women were randomly 

allocated in a 1:1:1 ratio to be treated with artemether–lumefantrine (AL), amodiaquine–

artesunate (ASAQ) or dihydroartemisinin–diperaquine (DHAPQ). The primary outcome 

was polymerase-chain reaction (PCR) adjusted cure rates at day 63.  

 

The safety outcomes collected at baseline and during follow-up were AEs, total bilirubin, 

alanine aminotransferase, white blood cell and red blood cell counts. The patients were 

directly observed on days 0-2 (after receiving the dose). The patients were then asked to 

return to the clinic for follow-up visits on days 3 and 7 and then weekly thereafter until day 

63. For this analysis, we focus on four outcomes; two clinical laboratory safety biomarkers 
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(total bilirubin and alanine aminotransferase), clinical AEs and concomitant medication. 

The total bilirubin and alanine aminotransferase data was collected at enrolment, day 7, 

14, 28 and 63. We focussed on bilirubin and alanine aminotransferase biochemical 

parameters since they are key biochemical parameters in antimalarial drug safety 

assessment during pregnancy and were also measured in the PREGACT trial.  

 

The clinical AE count, defined as cumulate number of AEs experienced by the end of 

follow-up time is the primary outcome of interest in the current analysis. In all the 

subsequent discussions, the clinical AEs that were defined as definitely not related (by 

the study physician) to the antimalarial drug treatment are not considered in developing 

the joint model to avoid spurious results. The concomitant medication outcome is also 

defined as cumulative number of reported concomitant medication use by the end of the 

follow up time for each patient. In the current study, we considered the reported 

concomitant medication use regardless of its intended use. 

 

6.2.2 Ethical considerations 

The PREGACT trial received ethical clearance from ethics committee at the Antwerp 

University Hospital in Belgium and College of Medicine Research Ethics Committee from 

the University of Malawi [81]. Prior to enrolment, informed consent was also sought from 

the mother. Ethical approval was also obtained from University of the Witwatersrand 

Human Research Ethics Committee, prior to access and utilization of the data for the 

current analysis. 
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6.2.3 Notation and Model Specifications 

Let each patient who was randomized and received at least a dose be denoted as   𝑖 =

1, … … , 𝑛. Let  𝑉𝑖 = (𝑣𝑖1,
T  𝑣𝑖2

T ) be a bivariate continuous clinical laboratory outcome vector. 

Specifically, in our context we consider a bivariate scenario; k=1 is alanine amino 

transferase and k=2 is total bilirubin. Each of the two continuous outcome vectors (𝑣𝑖1, 𝑣𝑖2) 

are of (𝑛𝑖𝑘 x 1) dimension for the observed longitudinal measurements of the k-th 

outcome; 𝑣𝑖𝑘 = (𝑣𝑖1𝑘,……., 𝑣𝑖𝑛𝑘)T. We accommodate the situations where observation times, 

𝑡𝑖𝑗𝑘 may differ between individuals and outcomes (𝑗 = 1, … . . , 𝑛𝑖𝑘) (i.e. formulation of the 

joint models to be discussed below is on continuous scale rather than a discrete scale in 

order to even accommodate values obtained from non-scheduled visits).  For each 

patient, we  let 𝑪𝒊 = (𝑐𝑖1,
T  𝑐𝑖2

T ) represent a bivariate count outcome  vector where k=1 is for 

total number of AEs experienced during their follow-up time 𝑇𝑖 and k=2  for total number 

concomitant medication used over the follow-up time 𝑇𝑖 .  Without loss of generality, the 

concomitant medication outcome is also referred to as outcome variable 𝑉3 when defining 

the sub-models of the joint model. A set of covariates that were collected at baseline for 

each individual are defined as 𝑿𝒊 = {𝑋1𝑖, 𝑋2𝑖, … . . , 𝑋𝑝𝑖}.   

 

6.2.3.1 Conventional Poisson model for clinical AEs  

In drug trials, where multiple safety outcomes are repeatedly collected to support safety 

evidence, clinical AEs are usually of primary interest. The occurrence of the clinical AEs 

is typically correlated with other safety-related outcomes such as alanine 
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aminotransferase, total bilirubin and concomitant medication. Modelling these outcomes 

separately is inefficient since it insufficiently accounts for the correlations.  Traditionally, 

modelling of clinical AEs count is done using the conventional Poisson model, where the 

Poisson mean response  (of clinical AEs in this context), 𝜑 ,is assumed to be equal to the 

variance.  Since the clinical AEs count is non-negative the logarithm of 𝜑 can naturally be 

linked with the baseline variables such that the conventional Poisson model for the clinical 

AE count can be presented as; 

log(𝜑) = 𝑿𝑖𝑘
T 𝜷                                                                                          M6.1 

Where 𝜑 represents Poisson mean response and 𝜷 is a vector of coefficients (i.e. log 

IRR) for the corresponding vector of baseline covariates, 𝑿𝑖𝑘
T ,  that included maternal age, 

gravidity, trimester at enrolment and treatment arm. The model M6.1 has log link of the 

mean response of clinical AEs count and assumes a Poisson distribution of the clinical 

AEs. The coefficients of the covariates are interpreted on logarithm scale as expected 

change in the log of mean clinical AEs count per unit change in the covariate. 

Exponentiating the coefficients (i.e. log IRR) yields IRR. However, the estimated effect of 

treatment on clinical AEs from model M6.1 may be insufficient since it does not account 

for other factors that can confound the estimates e.g. concomitant medication and clinical 

laboratory outcomes. Alternatively, one can consider incorporating this additional 

information (of concomitant medication and clinical laboratory outcomes) as part of 

covariates in model M6.1. This can yield model M6.2 below. 

log(𝜑) = 𝑿𝑖𝑘
T (𝒕)𝜷                                                                                          M6.2 
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Since the concomitant medication and clinical laboratory outcomes (alanine 

aminotransferase, total bilirubin) are added in the model as time-varying covariates (with 

time 𝑡0, representing baseline covariates in M6.1), the vector of covariates adjusted in 

model M6.2 is 𝑿𝑖𝑘
T (𝒕) denoting the vector of covariates value at time t. However, both 

model M6.1 and M6.2 do not account for correlation overtime across the longitudinal 

alanine aminotransferase, longitudinal total bilirubin, concomitant medication and clinical 

AEs outcomes.  In this context of multiple outcomes that are correlated overtime, joint 

modelling offers an opportunity to obtain improved and efficient estimates since it can 

efficiently account for the potential correlations and baseline covariates.  The joint model 

also enables formal quantification of the relationship between correlated outcomes by 

estimating the strength of the association between the outcomes. 

 

Most previously proposed joint models consist of two sub-models; longitudinal sub-model 

and time-to-event sub-model (where the time to event outcome is of primary interest). 

Here, we propose a joint model where the primary outcome of interest is count outcome 

(i.e. clinical AEs count) such that time to event outcome sub-model is replaced with count 

outcome sub-model. Since we assumed Poisson distribution of the clinical AEs count, the 

count outcome sub-model was specified as Poisson-distributed. Therefore, the joint 

model presented in this paper consist of two longitudinal continuous laboratory safety 

biomarkers sub-models (one for total bilirubin and one for alanine aminotransferase) and 

two Poisson sub-models (one for the individual clinical AEs count and one for the 

individual concomitant medication count). The connecting of these outcomes sub-models 
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is very flexible such that we could use random effects or expected value of outcomes as 

detailed in the model specification below. 

 

6.2.3.2 Joint model formulation 

As highlighted above, the joint model is formulated in such a way that clinical AE count is 

a primary outcome. In this section we describe the structures of the sub-models that made 

the joint model considered in this work. The estimates in all the models are considered 

on a logarithm scale. 

 

6.2.3.2.1 Longitudinal sub-model 

We modelled two continuous longitudinal clinical laboratory safety outcomes (i.e. total 

bilirubin and alanine aminotransferase) using a longitudinal sub-model based on a flexible 

linear mixed effects model that could accommodate nonlinear changes of the laboratory 

safety outcomes. The flexibility was achieved through the use of restricted cubic splines. 

Each continuous longitudinal clinical laboratory outcome 𝑣𝑖1, 𝑣𝑖2  was assumed to be 

normally distributed with mean µ𝑘 and variance 𝛿𝑘
2 (k=1, 2) on a logarithm scale. Each 

continuous longitudinal clinical laboratory outcome is modelled using the sub-model 

below 

𝑣𝑖𝑘(𝑡) = 𝑿𝑖𝑘
T (𝑡)𝜷 + 𝒁𝒊(𝑡)𝒃𝒊 + 𝜀𝑖𝑘(𝑡), 𝑖 = 1, … … , 𝑛;  k = 1, 2                                              (M6.3) 

where 𝜀𝑖𝑘(𝑡) is the error term observed at time t for the kth outcome from patient i. The 

error terms for the model are assumed to be independent, identical and normally 

distributed with mean 0. The mean response model 𝑿𝑖𝑘
T (𝑡)𝜷, specified as a linear function 
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of the covariates at a given time for the outcome k is flexible such that it can accommodate 

time-varying covariates. The  𝒁𝒊(𝒕)  is an indicator vector of random effects for kth 

outcome for patient 𝑖 at time t such that it takes the value of 1 when there is a random 

effect and 0 otherwise. The vector of the patient-specific shared random effects 𝒃𝒊  is 

assumed to have a multivariate normal distribution with mean 0 and variance-covariance 

matrix Σ, such that (𝒃𝒊) ∼ 𝑴𝑽𝑵(𝟎, 𝜮).  

 

 (i) Alanine aminotransferase sub-model 

Based on M6.1, considering patient-specific random intercept as our shared parameter 

of interest, linking the outcomes, the longitudinal sub-model for alanine aminotransferase 

can be written simply as M4 below; 

𝑣𝑖1(𝑡) = 𝑿𝑖1
T (𝑡)𝜷 + 𝒃𝟎𝒊𝟏                                                                 (M6.4) 

where 𝑏0𝑖1 is the patient specific random intercept corresponding to the alanine 

aminotransferase outcome.  

 (ii) Total bilirubin sub-model 

Similarly, the longitudinal sub-model for total bilirubin, M6.5, can be formulated as; 

𝑣𝑖2(𝑡) = 𝑿𝑖2
T (𝑡)𝜷 + 𝒃𝟎𝒊𝟐                                                                 (M6.5) 

where 𝑏0𝑖2 is the patient specific random intercept corresponding to total bilirubin 

outcome. 
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6.2.3.2.2 Count sub-models 

We considered two event count sub-models; one for concomitant medication count and 

the other for the AE count. The two count sub-models were derived from a modified form 

of the generic Poisson model. The count sub-model was as follows; 

 

(i) Concomitant medication count sub-model   

Assuming that the concomitant medication count had a Poisson distribution, its sub-model 

was defined as 

log(𝜑|𝒃𝟎𝟑𝒊 ) = 𝑿𝑖𝑘
T (𝑡)𝜷 + 𝒃𝟎𝟑𝒊𝜶𝟑                                                      (M6.6) 

such that log(𝜑|𝒃𝟎𝟑𝒊 ) represents the logarithm of the Poisson mean 

response, 𝜑,conditional on the patient-specific random intercept, 𝒃𝟎𝟑𝒊  for concomitant 

medication count (i.e. the concomitant medication count sub-model is linked with the AE 

count sub-model in the joint model via the random intercept). The 𝑿𝑖𝑘
T (𝑡)𝜷  is the linear 

predictor for the Poisson model and has a logarithm link function and contains a vector of 

fixed effects 𝜷 corresponding to the baseline covariates. The  𝛼3 represents log incidence 

rate ratio per unit increase in the patient-specific deviation from the mean random 

intercept of the reported concomitant medication use. 

(ii) Clinical AE count sub-model 

Considering that AE count was the primary outcome of interest and assuming a Poisson 

distribution for the AE count, the AE count sub-model was formulated as;  

log(𝜑|𝒃𝟎𝟏𝒊, 𝒃𝟎𝟐𝒊, 𝒃𝟎𝟑𝒊 ) = 𝑿𝑖𝑘
T (𝑡)𝜷 + 𝒃𝟎𝟏𝒊𝜶𝟏 + 𝒃𝟎𝟐𝒊𝜶𝟐 + 𝒃𝟎𝟑𝒊𝜶𝟑      (M6.7) 
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The log(𝜑|𝒃𝟎𝟏𝒊, 𝒃𝟎𝟐𝒊, 𝒃𝟎𝟑𝒊 ) represents the logarithm of Poisson mean response, 𝜑, 

conditional on the shared random intercepts for the two longitudinal clinical laboratory 

outcomes and the concomitant medication count. Each random intercept for the 

longitudinal sub-models and concomitant medication sub-model (𝑏01𝑖, 𝑏02𝑖, 𝑏03𝑖) is linked 

to the linear predictor 𝑿𝑖𝑘
T (𝑡)𝜷  for the Poisson model. This yields random effects 

association structure where 𝛼1, 𝛼2, 𝛼3  estimate the strength of the association between 

the respective continuous longitudinal clinical laboratory outcome, concomitant 

medication count and the AE count; the 𝛼1, 𝛼2, 𝛼3 represent log incidence rate per unit 

increase in the patient-specific deviation from the mean random intercept of a respective 

continuous longitudinal clinical laboratory outcome or the concomitant medication count 

outcome. For example, 𝛼1 represents log incidence rate ratio per unit increase in the 

patient-specific deviation from the mean random intercept of a respective log alanine 

aminotransferase.  

 

Alternative clinically meaningful formulation of the AE count sub-model could be linked to 

the expected value of the respective continuous longitudinal clinical laboratory outcome 

with the linear predictor of the Poisson model. This yields the current value association 

structure where the 𝛼1, 𝛼2, 𝛼3 represent log incidence rate ratio per unit increase of the 

respective continuous longitudinal clinical laboratory outcome, at time t. Current value 

association structure is very important and clinically plausible when linking continuous 

outcomes. In our cases,  given the two continuous longitudinal clinical laboratory 

outcomes (i.e. log alanine aminotransferase and log total bilirubin) 𝒗𝟏, 𝒗𝟐, under the 

current value association structure, we can modify the AE count  sub-model as; 
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log(𝜑) = 𝑿𝑖𝑘
T (𝑡)𝜷 + 𝑬[𝒗𝟏(𝒕)|µ𝟏(𝒕)]𝜶𝟏 + 𝑬[𝒗𝟐(𝒕)|µ𝟐(𝒕)]𝜶𝟐 + 𝒃𝟎𝟑𝒊𝜶𝟑               (M6.8) 

The 𝑬[𝒗𝟏(𝒕)|µ𝟏(𝒕)] and 𝑬[𝒗𝟐(𝒕)|µ𝟐(𝒕)]𝜶𝟐 are the expected  current values of log alanine 

aminotransferase and total bilirubin respectively. It can be noted from M6.6 that the 

concomitant medication count, 𝒗𝟑,   sub-model is still linked to the AE count sub-model 

via a random intercept 𝒃𝟎𝟑𝒊. We maintained the random intercept (𝑏03𝑖𝛼3) 

parameterization since this efficiently deals with any potential over-dispersion problem 

encountered in Poisson models. Therefore, model M6.8 contains a mixture of both the 

expected current value and random effects association structures. Since both continuous 

outcomes (the log alanine aminotransferase and log total bilirubin) are assumed to be 

normally distributed (i.e. with identity link), the model can further be simplified as; 

log(𝜑) = 𝑿𝑖𝑘
T (𝑡)𝜷 + [µ𝟏(𝒕)]𝜶𝟏 + [µ𝟐(𝒕)]𝜶𝟐 + 𝒃𝟎𝟑𝒊𝜶𝟑                                         (M6.9)          

In this paper, we focus on reporting results from the M6.9 association structure since it is 

more clinically meaningful since it has association parameters that are directly 

interpretable in clinical practice.  

 

 

6.2.3.3 Joint model likelihood and estimation 

The estimates for the joint model are obtained by maximizing the marginal likelihood of 

the joint distribution of the observed data and the random effects[86]. The likelihood 

function for the observed data can be specified as; 

𝐿𝑖(𝜃) =      ∏ 𝑓(𝑽𝒊|𝒃𝒊
𝑛
𝑖=1 , 𝜽) 𝑓(𝑻𝒊, 𝑪𝒊|𝒃𝒊, 𝜽)𝑓(𝒃𝒊|𝜽)𝑑𝒃𝒊                                  (M6.10) 
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where 𝜽 represents the set of parameters of interest to be estimated including both the 

fixed and random effects (e.g. association parameters 𝜶𝟏, 𝜶𝟐, 𝜶𝟑, and coefficients for the 

baseline covariates, β). Component 𝑓(𝒃𝒊|𝜽) is a normal density function for the random 

effects conditional on 𝜽 and 𝑓(𝑽𝒊|𝜽) is a normal density function for the log total bilirubin 

and log alanine aminotransferase conditional on  𝜽 and 𝒃𝒊. The 𝑓(𝑇𝑖, 𝑪𝒊|𝒃𝒊, 𝜽) represents 

Poisson density function conditional on 𝜽 and 𝒃𝒊;  patient-specific total follow up days is 

𝑇𝑖 and 𝑪𝒊 represents total events recorded (for AE count sub-model and concomitant 

count sub-model). Since obtaining the log likelihood requires integrating out the random 

effects, it becomes challenging as number of random effects increases such that the 

traditionally used adaptive Gauss-Hermite quadrature would be limited (to handle the 

large number of random effects in our complex joint model).  To mitigate this problem, we 

employed Monte Carlo integration technique since the number of draws it makes from the 

random effects do not need to change with increase in number of random effects  (hence 

reducing the computation burden). Estimation of our models was done using merlin in 

Stata [158]. Only 7 patients had missing data points and the data missing mechanism 

was considered completely at random. 

 

6.2.4 Statistical data analysis  

Firstly, we computed the summary of the baseline characteristics for the women at 

enrolment. We presented means with respective standard deviation for the continuous 

variables (e.g. maternal age, gestational age) and frequencies with respective 

percentages for the categorical variables (e.g. trimester at enrolment, bed-net use). 

These summaries were also computed for the clinical AE occurrence and concomitant 
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medication counts. The concomitant medication was also summarized based on 

frequency of the specific patients and the number of patients who took the medication. In 

order to aid visualization of the trend of the data, we plotted box plots for the two 

continuous longitudinal clinical laboratory data (total bilirubin and alanine 

aminotransferase) outcomes by study visit day.  

 

We considered two different models to empirically compare how they efficiently estimated 

effect of treatment on clinical AEs over the follow-up time. The models compared were 

conventional Poisson model M6.1 and joint model of M6.9 formulation above.  Both the 

models adjusted for the same set of baseline covariates (maternal age, gravidity and 

trimester at enrolment). The choice of the potential confounders was driven by clinical 

relevance. Maternal age is a key confounder that determines antimalarial drug effect; as 

the age increases risk of adverse outcomes during pregnancy also increases. Therefore, 

in assessment of drug safety age is considered, in order to inform safe dosing quantity 

and schedules that appropriately accounts for the maternal age category. Additionally, 

trimester in which a pregnant woman has received an antimalarial treatment requires a 

special attention since drug safety can be very critical in the first two trimesters mainly 

due to the fetal development [26]. Therefore, both trimester and maternal age need to be 

considered in modelling antimalarial drug safety outcomes as key confounders since they 

can affect the clinical laboratory parameters as well as the clinical AEs incidence [172, 

173] 
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 The traditional Poisson model was the first model to be fitted and we used logarithm of 

the total follow-up time for each patient as an offset. Then we fitted a joint model with a 

mixture of expected current value of outcome and random effects association structure 

as shown in M6.9. We considered the joint model to assess the joint evolution(or 

association) between the clinical AEs  and other three outcomes (alanine 

aminotransferase, total bilirubin and concomitant medication) where 𝛼1, 𝛼2, 𝛼3  as defined 

in M6.9 are the parameters quantifying the between-outcome association. Secondly, we 

were also interested in investigating the efficiency of the joint model in improving AE 

incidence rate estimate of the treatment effect obtained from the conventional Poisson 

model M6.1. In order to assess whether the treatment effect on AE incidence differed 

across the three arms we used global test. As part of sensitivity analysis we also 

investigated how the association structure of the joint model affects the magnitude of the 

treatment effect estimates. Comparing the association structures was achieved by fitting 

a joint model with random effects association structure only as specified in model M6.7 

above and joint model with mixture of current value and random effects association 

structure of joint model M6.9. For both joint models, in order to flexibly model nonlinear 

changes of the continuous longitudinal clinical laboratory outcomes we used restricted 

cubic splines with 3 degrees of freedom considered sufficient to enhance flexibility of the 

model. We compared the fit of the two joint models (M6.9 versus M6.7) using the Akaike 

Information Criterion (AIC), with small values of AIC suggesting better model.  

 

Additionally, we did an exploratory analysis to identify how the frequently reported 

concomitant medications are associated with the AEs. Such exploratory analysis was 
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helpful in understanding how specific frequently used concomitant medication 

influence the overall impact of concomitant medication on AEs. Concomitant medication 

was defined as frequent if it constituted at least 10% of the reported medications. A joint 

model of a similar structure to M6.9 but where the concomitant medication count was 

confined to the specific frequently reported concomitant medication (i.e. paracetamol) 

was used during the exploratory analysis. 

 

6.3 Results 

6.3.1 Descriptive results 

The trial recruited 870 women who were randomly assigned to received AL, ASAQ, 

DHAPQ; each arm recruited 290 women. Baseline characteristics were similar across 

and between the trial arms (Table 6.1). Maternal age was skewed to the right. Overall, 

median maternal age was 20 years (IQR: 18.0-24.0). Overall mean haemoglobin 

concentration at enrolment (g/dl) was 10.1 (SD: 1.3) and distribution was also consistently 

similar across all the treatment arms. The overall reported bed net use in a night before 

enrolment was 23.2% and it was similar across and between the study arms (Table 6.1) 

Table 6.1: Baseline characteristics for women enrolled in PREGACT trial in Malawi 

Characteristic Overall AL 
 

ASAQ 
 

DHAPQ 
 

Maternal age(years), median(IQR) 20.0 (18.0-24.0) 20.0 (18.0-24.0) 20.0 (18.0-25.0) 20.0 (19.5-24.0) 

Gestation age (weeks), median(IQR) 21.0 (18.0-25.0) 21.0 (18.0-25.0) 21.0(18.0-25.0) 21.0 (18.0-24.0) 

Haemoglobin(g/dl), mean(SD) 10.1 (1.3) 10.2 (1.4) 10.0 (1.3) 10.1 (1.3) 

Primigravida, n (%) 444 (51.1) 144 (49.8) 144 (49.7) 156 (53.8) 

Trimester     

Second, n (%)  730 (83.9) 242 (83.4) 244 (84.1) 244 (84.1) 

Third, n (%) 140 (16.1) 48 (16.6) 46 (15.9) 46 (15.9) 

Bed net use, n (%) 

 202 (23.2) 65 (22.4) 67 (23.1) 70 (24.1) 
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In total 1512 AEs were observed over the whole follow-up time and 108 of these were 

definitely not related to the treatment. Proportion of women who experienced at least one 

AE in the AL, ASAQ and DHAPQ treatment arms were 64.5% (187 of 290 women), 70.7% 

(205 of 290 women) and 59.3% (172 of 290 women), respectively. Almost all patients 

took at least a concomitant medication over the follow-up such that for each arm 99% 

(287 out of 290) took at least a concomitant medication (Table 6.2). Across all the 

treatment arms, the reported median concomitant medications taken was 3; for AL 3(IQR: 

2-5), for ASAQ 3(IQR: 1-4) and for DHAPQ 3(IQR: 2-5). 

 

Table 6.2: Summary of AE occurrence and concomitant medication use for women 

enrolled in PREGACT trial 

Characteristic AL 

 

ASAQ 

 

DHAPQ 
 

Total AEs 475 569 468 

AE drug-relatedness totals    

              Definitely not  36 34 38 

              Possibly/probably 26 96 26 

              Unlikely 413      443         404 

    

At least one AEa, n (%) 187 (64.5) 205 (70.7) 172 

(59.3) 

Total concomitant medications 1229 1033 1042 

Median concomitant medications 

(IQR) 

3 (2, 5) 3 (1, 4) 3 (2, 5) 

At least one concomitant 

medication, n(%) 

287(99.0) 287(99.0) 287(99.0) 

a; The AE n(%) is based on total number of enrolled in each arm (i.e. 290 patients).  
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We observed that iron supplement (26.3%), paracetamol (26.2%) and albendazole (10.7%) were 

frequently reported concomitant medications (Table 6.3).  Almost all the patients analysed, 

99.2%, took the iron supplements and approximately two-thirds, 60.3%, of the patients took 

paracetamol apart from the antimalarial drug under investigation. During the follow-up period, a 

total of 353 patients reported having used albendazole once.    
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Table 6.3:  Summary of concomitant medication reported by pregnant women in 

PREGACT trial 

Concomitant medication Number of times reportedb , n(%) Number of patientsa, n(%) 

Iron supplement 869 (26.3) 856 (99.2) 

Paracetamol 864 (26.2) 520 (60.3) 

Others 433 (13.1) 302 (35.0) 

Albendazole 353 (10.7) 353 (40.9) 

Amoxicillin 220 (6.7) 192 (22.3) 

Benzathine 108 (3.3) 68 (7.9) 

Pethidine 49 (1.5) 49 (5.7) 

Chloramphenicol 48 (1.5) 43 (5.0) 

Oral Rehydration Salts 

(ORS) 

47 (1.4) 44 (5.1) 

Dextrose 47 (1.4) 45 (5.2) 

Lignocaine 39 (1.2) 39 (4.5) 

Metronidazole 38 (1.2) 36 (4.3) 

Quinine 35 (1.1) 26 (3.0) 

Gentamycin 35 (1.1) 35 (4.1) 

Sulfadoxine-Pyrimethamine 31 (0.9) 27 (3.1) 

Aspirin 16 (0.5) 14 (1.6) 

Pitocin 16 (0.5) 16 (1.9) 

Erythromycin 13 (0.4) 12 (1.4) 

Piriton 12 (0.4) 12 (1.4) 

Methyldopa 12 (0.4) 9 (1.0) 

Cotrimoxazole 8 (0.2) 8 (0.9) 

Promethazine 7 (0.2) 7 (0.8) 

Multivitamin Tabs 4 (0.1) 3 (0.4) 

a: This is out of 863 patients who used concomitant medication; some patients took multiple concomitant medications; b: This is out 

of 3304 times of reported concomitant medication use 
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Overall median of log-transformed alanine aminotransferase was 2.7 (IQR: 2.5-3.0) such that the 

medians for AL was 2.8 (IQR: 2.5-3.0), for ASAQ was 2.7 (IQR: 2.5-3.0) and for DHAPQ was 2.8 

(IQR: 2.5-3.0). Overall median for log-transformed total bilirubin was 2.0 (IQR: 1.7-2.4). Fig. 6.1 

below shows the detailed distribution of each of clinical laboratory safety outcomes over the 

follow-up days by antimalarial drug treatment arm.  As shown in graph 1 within Fig 6.1, the alanine 

amino-transferase did not vary much throughout the follow-up days. The general trend indicated 

that across the follow-up days, the alanine amino-transferase concentration was slightly higher 

among the women who received DHAPQ compared to those women who received either AL or 

ASAQ. After day 0 the total bilirubin concentration gradually decreased across all the treatment 

arms and, on average, women treated with AL had the highest median bilirubin concentration 

across the follow-up days (see Graph 2 within Fig 6.1). 

 

Figure 6.1: Box plots profiling clinical laboratory safety outcomes for antimalarial drugs 

over 63-day follow-up among pregnant women in Malawi  
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6.3.2 Parameter estimates for the models 

In this section, we report the estimates from the conventional Poisson model (where AEs 

count is an outcome) (Table 6.4) and the proposed joint model (Table 6.5). Our interest 

was to empirically establish whether the joint model yielded different results compared to 

the conventional Poisson model and how the jointly modelled outcomes evolved over the 

follow-up time in relation to clinical AEs; the results from the AE count sub-model in the 

joint model (Table 6.5) are of main interest in our reporting. 

 

6.3.2.1 Parameter estimates from the conventional Poisson model for the clinical 

AE count 

Using the conventional Poisson model, M6.1, the global test showed that the clinical AE 

incidence rate did not differ significantly across the treatment groups (p=0.149). However, 

the estimates suggested that the AE incidence rate was higher in the ASAQ treatment 

group compared to the AL treatment group (log IRR=0.1838; 95% CI: 0.0574, 0.3102; 

p=0.004) (Table 6.4). Exponentiating the point estimate of the log IRR yields IRR of 

1.2018, implying that the patients treated with ASAQ were expected to have 20.18% 

higher rate of clinical AEs occurrence compared to those treated with AL. There was no 

evidence that the AE incidence rate differed between DHAPQ and AL treatment groups 

(log IRR=-0.0255; 95% CI: -0.1587, 0.1076; p=0.707).  A year increase in maternal age 

was associated with 0.0208 increase in log IRR of the AEs (95% CI: 0.0068, 0.0347; 

p=0.004). The AE incidence rate was significantly higher among the those who enrolled 

in the second trimester compared to those who enrolled in the third trimester (log 

IRR=0.3768; 95% CI: 0.1943,    0.5192; p<0.001) 
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Table 6.4: Parameter estimates for Clinical AE count incidence using conventional 

Poisson model  

Characteristic Coefficient  SE 95% CI P-value 

Treatment     

         ASAQ   0.1838 0.0645  0.0574,   0.3102 0.004 

        DHAPQ -0.0255 0.0679 -0.1587,  0.1076 0.707 

Maternal age  0.0208 0.0071  0.0068,   0.0347 0.004 

Primigravid  0.1208 0.0731 -0.0224,  0.2641 0.098 

Second trimester 0.3768 0.0829 0.1943,    0.5192 <0.001 

Constant  -0.3901 0.2021 -0.7862,  0.0060 0.054 

 

6.3.2.2 Parameter estimates from the joint model 

We report the fixed and random parameter estimates for the final fitted joint model based 

on mixed association structure, M6.9, (i.e. random effects and current value association 

structure) in Table 6.5. Using the global test, AE count sub-model indicated that there 

was no evidence that the AE incidence varied across all the treatment groups (p=0.376); 

this is despite the fact that the estimates indicated that AE incidence rate was higher in 

ASAQ treatment group compared to AL (log IRR=0.2118, 95% CI: 0.0082, 0.4154; 

P=0.041) suggesting that patients treated with ASAQ were expected to had 0.2118 

higher log IRR of clinical AEs occurrence compared to those treated with AL. There was 

also no evidence that AE incidence rate significantly differed in DHAPQ treatment 

compared to AL (log IRR: -0.0508; 95% CI: -0.2559, 0.1542). Our results show that the 

magnitude of the treatment effect was higher in the joint model, M6.9, compared to the 

estimates in the conventional Poisson model, M6.1, above. Among the association 

parameters describing joint evolution between the outcomes, only concomitant 

medication was associated with clinical AEs. The association parameter, 𝜶𝟑, linking 
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concomitant medication and clinical AEs suggested that the clinical AEs outcome was 

positively and strongly associated with the concomitant medications (log IRR=1.7487; 

95% CI: 1.5471, 1.9503; p<0.001). A unit increase for a patient in deviation from the 

mean random intercept of concomitant medication use was associated with 1.7487 

increase in log IRR of clinical AEs. We found no evidence that the clinical AEs were 

associated with the alanine aminotransferase nor total bilirubin over the follow-up time 

as demonstrated by their respective association parameters that were non-significant. 

For the association between alanine aminotransferase and clinical AEs over follow-up 

time the estimated log IRR was -0.0288 (95% CI: -0.5045, 0.4469; p=0.906) and for the 

association between total bilirubin and clinical AEs the log IRR was 0.1153 (95%CI: -

0.0889, 0.3194; p=0.269). As also observed in the conventional Poisson model above, 

the clinical AE sub-model indicated that those women who enrolled in the second 

trimester had a higher AE incidence rate compared to those who enrolled in the third 

trimester (log IRR=0.3986; 95% CI: 0.1592, 0.6381; p=0.001); the women who enrolled 

in the second trimester had 0.3986 higher log IRR of clinical AEs compared to those who 

enrolled in the third trimester. 

 

Overall, the standard errors are at least twice in the joint model compared to the 

biomarkers` submodels. The difference would be attributed to lack of evidence of 

difference in the biomarker values across the treatments or the other covariates. In order 

to arrive at firm theoretical conclusion, potential future work (i.e. simulation study) can 

probably explore how different levels of the biomarkers correlations and evolution would 

affect the standard error values and eventually the hypothesis being tested. 
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Table 6.5: Parameter estimates from the joint multivariate longitudinal clinical 

laboratory, concomitant medication and AE counts model  

    Variable          Coefficient(SE) 95% Confidence interval P-value 

  
Log alanine amino transferase longitudinal sub-model 

Maternal age 0.0006 (0.0023) -0.00394,  0.0052 0.793 
Treatment    
          ASAQ -0.0036 (0.0275) -0.0575,   0.0504 0.897 
        DHAPQ 0.0031 (0.0275) -0.0508,   0.0570 0.909 
Second trimester -0.0212 (0.0311) -0.0820,   0.0397 0.496  
Constant 2.8221 (0.0609) 2.7027,  2.9415 <0.001  

 
Log total bilirubin longitudinal sub-model 

Maternal age -0.0026 (0.0035) -0.0095,   0.0043 0.464 
Treatment    
          ASAQ -0.0229 (0.0424) -0.1059,   0.0601 0.589 
        DHAPQ -0.0413 (0.0422) -0.1240,   0.0414 0.328  
Second trimester -0.1786 (0.0493) -0.2752,  -0.0820 <0.001 
Constant 2.3103 (0.0963) 2.1216,   2.4990 <0.001 

 
Concomitant medication count sub-model 

Maternal age 0.0086 (0.0052) -0.0017,  0.0189 0.101 
Treatment    
          ASAQ -0.1841 (0.0619) -0.3054, -0.0629 0.003 
        DHAPQ -0.1723 (0.0610)  -0.2918, -0.0528 0.005  
Second trimester 0.2861 (0.0718) 0.1454, 0.4268 <0.001 
Constant 0.9147 (0.1395) 0.6414, 1.188 <0.001 

 
Adverse events count sub-model 

Maternal age 0.0189 (0.0088) 0.0017, 0.0362 0.031 
Treatment    
          ASAQ 0.2118 (0.1039)   0.0082, 0.4154 0.041 
        DHAPQ -0.0508 (0.1046)  -0.2559, 0.1542 0.627 
Second trimester 0.3986 (0.1222) 0.1592, 0.6381 0.001 

        𝛼log (𝐴𝐿𝑇)  -0.0288 (0.2427) -0.5045, 0.4469 0.906 

        𝛼log (𝑏𝑖𝑙𝑖𝑟𝑢𝑏𝑖𝑛) 0.1153 (0.1042) -0.0889, 0.3194 0.269 

        𝛼𝑐𝑜𝑛𝑐𝑚𝑒𝑑   1.7487 (0.1029) 1.5471, 1.9503 <0.001 
       Constant -0.8220 (0.7739) -2.3388, 0.6949 0.288 

 
Patient-specific random effects standard deviations 

Standard deviations        

      𝛿log (𝐴𝐿𝑇) 0.2547 (0.0119) 0.2324, 0.2792  

      𝛿log (𝑏𝑖𝑙𝑖𝑟𝑢𝑏𝑖𝑛 0.5025 (0.0154) 0.4732, 0.5336  

      𝛿log (𝑐𝑜𝑛𝑐𝑚𝑒𝑑) 0.5378 (0.0248) 0.4914, 0.5887  

ALT=alanine aminotransferase, concmed=concomitant medication 

 

In the sub-model for log alanine aminotransferase, we observed no evidence of any 

statistically significant difference across all the variables included in that sub-model. For 

the log total bilirubin sub-model, we observed 0.1786 lower mean log total bilirubin among 

the women who enrolled in the second trimester compared to those who enrolled in the 

third trimester (mean difference log bilirubin: -0.1786; 95% CI: -0.2752, -0.0820, p<0.001). 
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The concomitant sub-model showed that concomitant medication was associated with 

the treatment group. Women enrolled in ASAQ treatment group reported lower incidence 

rate of concomitant medication use compared to those in AL treatment group (log IRR=-

0.1841; 95% CI: -0.3054, -0.0629; p=0.003). Women in DHAPQ treatment group also 

reported lower incidence rate of concomitant medication use compared to those in AL 

treatment group. Those women who enrolled in the second trimester reported a higher 

incidence rate of concomitant medication use than those who enrolled in the trial while in 

the third trimester (log IRR=0.2861; 95% CI: 0.1454, 0.4268; p<0.001). 

 

The standard deviations for patient-specific random intercepts, across the outcomes, 

suggested that concomitant medication had the highest unobserved heterogeneity with 

standard deviation of 0.5378 (95% CI: 0.4914, 0.5887). The lowest unobserved 

heterogeneity was observed in log alanine aminotransferase outcome with random 

intercept standard deviation of 0.2547 (0.2324, 0.2792). 

 

6.3.3 Sensitivity analyses 

As part of sensitivity analysis, we attempted to relax the normality assumption of the 

random effects. We fitted a robust joint model for the mixture association structure, M9, 

where the random effects were assumed to have a t-distribution. The model yielded 

similar results as those in Table 6.5 and Alkaike Information Criterion (AIC) of 18230.28 

which was comparable to an AIC of 18278.53 for the model in Table 6.5. Secondly, fitting 
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a joint model with random effects association structure, M6.5, we obtained similar 

estimates as those in Table 6.5 and with negligibly lower AIC of 18277.87.   

 

Following a reviewer`s suggestion, we further investigated the effect of the concomitant 

medications with high frequencies on AEs. Although iron supplement was the most 

commonly reported concomitant medication, we did not consider it in assessing the 

impact of specific concomitant medication on AEs since it was taken by almost all the 

patients, 99.2%. Instead, we considered paracetamol since it was the second-highest 

reported concomitant medication where 60.3% of the patients reported it at least once. 

Assessment of the effect of treatment on clinical AEs using a joint model of a similar 

structure to M6.9 but where the concomitant medication count was confined to 

paracetamol yielded similar results as those obtained in Table 6.5 (see Table 6.6). The 

paracetamol concomitant medication was positively and strongly associated with clinical 

AEs (log IRR=1.2969; 95% CI: 1.1328, 1.4609; p<0.001). However, this observed effect 

of paracetamol concomitant medication was slightly lower compared to the overall 

concomitant medication effect as reported in Table 6.5 (log IRR=1.7487; 95% CI: 1.5471, 

1.9503; p<0.001). No interaction was observed between the paracetamol concomitant 

medication and the treatment (p=0.078) such that we focussed on reporting results with 

the main effect only model as shown in Table 6.6. The model with interaction terms had 

a negligibly lower AIC of 16556.19 than the model without the interaction terms with an 

AIC of 16557.29.  
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The interest and structure of the proposed joint model could not permit us to assess the 

impact of albendazole on AEs. The patients who took albendazole took it once; therefore, 

this concomitant medication arose as a binary outcome that does not meet the joint model 

specification (i.e. where the concomitant medication is incorporated in the model as a 

count outcome). Since the objective of the exploratory analysis was to establish the 

impact of specific frequent concomitant medication on AEs, we did not undertake any 

additional analysis on the effect of the “other” concomitant medication on AEs. 
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Table 6.6: Parameter estimates from the joint multivariate continuous longitudinal 

clinical laboratory, paracetamol concomitant medication count and AE count model 

    Variable          Coefficient(SE) 95% Confidence interval P-value 

  
Log alanine amino transferase longitudinal sub-model 

Maternal age 0.0006 (0.0023) -0.0040,  0.0051 0.810 
Treatment    
          ASAQ -0.0016 (0.0276) -0.0557,   0.0525 0.953 
        DHAPQ 0.0031 (0.0275) -0.0508,   0.0570 0.909 
Second trimester -0.0223 (0.0311) -0.0833,   0.0387 0.474  
Constant 2.8236 (0.0608) 2.7043,  2.9428 <0.001  

 
Log total bilirubin longitudinal sub-model 

Maternal age -0.0027 (0.0034) -0.0094,   0.0039 0.418 
Treatment    
          ASAQ -0.0346 (0.0419) -0.1168,   0.0476 0.409 
        DHAPQ -0.0483 (0.0416) -0.1299,   0.0334 0.246  
Second trimester -0.1747 (0.0471) -0.2669,  -0.0824 <0.001 
Constant 2.3118 (0.0911) 2.1394,   2.4966 <0.001 

 
Concomitant medication count sub-model 

Maternal age 0.0144 (0.0088) -0.0030,  0.0318 0.103 
Treatment    
          ASAQ -0.3469 (0.1068) -0. 5563, -0. 1376 0.001 
        DHAPQ -0.2850 (0.1046)  -0.4901, -0.0798 0.006  
Second trimester 0.3850 (0.1273) 0.1355, 0.6344 0.002 
Constant -0.6712 (0.2385) -1.1387, -0.2038 0.005 

 
Adverse events count sub-model 

Maternal age 0.0161 (0.0092) -0.0019, 0.0340 0.079 
Treatment    
          ASAQ 0.1687 (0.1099)   -0.0466, 0.3840 0.125 
        DHAPQ -0.0876 (0.1103)  -0.3038, 0.1286 0.427 
Second trimester 0.3986 (0.1270) 0.1497, 0.6474 0.002 

        𝛼log (𝐴𝐿𝑇)  0.0016 (0.2392) -0.4673, 0.4704 0.995 

        𝛼log (𝑏𝑖𝑙𝑖𝑟𝑢𝑏𝑖𝑛) 0.0218 (0.1207) -0.2148, 0.2585 0.856 

        𝛼𝑐𝑜𝑛𝑐𝑚𝑒𝑑   1.2969 (0.0837) 1.1328, 1.4609 <0.001 
       Constant -0.6805 (0.7793) -2.2079, 0.8469 0.383 

 
Patient-specific random effects standard deviations 

Standard deviations        

      𝛿log (𝐴𝐿𝑇) 0.2555 (0.0119) 0.2331, 0.2800  

      𝛿log (𝑏𝑖𝑙𝑖𝑟𝑢𝑏𝑖𝑛) 0.5028 (0.0153) 0.4736, 0.5338  

      𝛿log (𝑐𝑜𝑛𝑐𝑚𝑒𝑑) 0.7931 (0.0480) 0.7043, 0.8931  

ALT=alanine aminotransferase, concmed=paracetamol concomitant medication 

 

6.4 Discussion 

In clinical trials, multiple safety outcomes collected over the follow-up time require 

advanced analyses in order to develop a valid drug safety profile that makes full use of 

the information from the multiple safety outcomes. This paper introduced a framework for 

joint modelling of multivariate continuous longitudinal clinical laboratory safety outcomes, 
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concomitant medication counts and adverse event count, exploiting the advantages of 

the existing extended multivariate generalised linear and non-linear mixed effects models 

framework [86]. Our work focussed on investigating whether clinical AEs varied by 

treatment arm and how the laboratory outcomes and concomitant medication were 

associated with clinical AEs over follow-up time in artemisinin-based treatment of malaria 

during pregnancy clinical trial. We found that the concomitant medication was strongly 

associated with the clinical AEs incidence, suggesting that the patients who experienced 

more AEs were more likely to report the use of more concomitant medications. If not well-

accounted for, such increased use of concomitant medication can distort the treatment 

effect on the clinical AE occurrence. From methodological perspective, we observed that 

the conventional Poisson model yielded lower treatment effect on the AE incidence rate 

ratio; the effect of treatment on AE incidence rate estimates for the joint model were higher 

than those from conventional Poisson model. The difference in the models can be 

attributed to the fact that the joint model uses more of the available information through 

the explicit modelling of the observed correlation, unobserved heterogeneity and any 

nonlinear effects [174-176].  The joint model efficiently uses the available information, 

including the unobserved heterogeneity, leading to improved estimates compared to the 

conventional Poisson model involving separate analysis. 

 

Controlling for baseline covariate to address any potential confounding in AE incidence 

rate ratio estimates, we found that maternal age and enrolling in the second trimester 

were factors associated with the AE occurrence. A year increase in maternal age was 

associated with 2% increased rate of AE incidence. This could be as a result that as the 
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women become older they are more likely to report AEs out of experience than the 

younger women. As expected women who enrolled in the second trimesters had 49% 

increased rate of AE incidence compared to those who enrolled in the third trimester. This 

could probably be due to the fact that physiological changes that take place during 

pregnancy are more impactful in the second than in the third trimester. Hence, the 

susceptibility to AE occurrence after taking either the antimalarial drug or the concomitant 

medication should be more expected during the second semester. 

 

In assessment of the impact of concomitant medication on AEs, identifying specific 

concomitant medication is usually of interest. In this paper, we observed that paracetamol 

greatly contributed to the overall association between concomitant medication and AEs. 

Although the difference in the effect of overall concomitant medication on AEs and the 

effect of paracetamol concomitant medication on AEs was not big, the difference could 

not be considered clinically negligible. Therefore, undertaking both the analyses (i.e. 

effect of overall concomitant medication and effect of specific most frequent concomitant 

medication on AEs) should be considered useful in understanding antimalarial drug safety 

profile. Alternatively, an interesting future joint model development can consider 

quantifying the contribution of each of the specific frequent concomitant medication on 

AEs occurrence. This can be helpful in identifying and handling any potential noisy 

concomitant medications that contribute less to the AEs occurrence. 
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Within the joint modelling framework, our proposed model provides additional knowledge 

by extending the number of outcomes that can be analysed simultaneously, including 

multiple longitudinal outcomes and multiple count outcomes, focussing on drug safety 

assessment.  We acknowledge that other researchers have previously proposed similar 

kind of modelling but applied in the efficacy context[177-181]. Buu et al. considered a joint 

model of count and binary outcome[179]. Li et al. considered jointly modelling proportion, 

count and continuous longitudinal outcomes[180]. Yang and Kang introduced a joint 

model for mixed Poisson outcome and continuous outcome [181].  Our model is 

considered as a special case of these previously proposed models focussing on drug 

safety assessment. Key unique features of our proposed joint model include incorporating 

mixed association structure of random effects and expected value for linking the 

outcomes, use of restricted cubic splines to accommodate the capturing of any potential 

time-dependent effects, accommodating multiple safety outcomes and novel application 

to drug safety assessment. A case study based paper like ours can further facilitate the 

adoption of improved statistical analysis of safety data in clinical trials [33].  

 

In this paper, data missingness mechanism was ignorable. Our future work will consider 

investigating the impact of missing data on the model performance under varying follow-

up times and model association structures. Secondly, in this paper we worked with a large 

sample size. An interesting further methodological work would be to assess how the 

sample size impacts the performance of the model that we applied. Unfortunately, the key 

limitation of the joint model introduced and applied in this paper is that it is computationally 

demanding such that it takes longer time to converge. This directly affects the scope of 
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the simulations that can be done to investigate the highlighted potential methodological 

issues associated with such complicated models. An extension can also be made to the 

number of outcomes included the joint model depending on the availability of the data. 

For example, aspartate amino transferase, highly correlated with alanine amino 

transference, can be added in our joint model.   

 

6.5 Conclusion 

Jointly modelling of multivariate longitudinal clinical laboratory safety data, concomitant 

medication and clinical AEs efficiently harnesses the safety data in order to better 

understand drug safety profile. This paper has demonstrated the utility of joint modelling 

to yield improved AE incidence rate estimates compared to the conventional Poisson 

model. The proposed joint model helps to quantify the association between the laboratory 

safety outcomes, concomitant medication, and clinical AEs over follow-up time. Key 

public health relevance of the joint modelling of the safety outcomes includes facilitating 

the choice of the most important clinical laboratory safety and other safety outcomes for 

profiling drug safety, especially in resource-constrained settings. In this exploratory 

analysis, we have also established that the AEs that were observed in the PREGACT trial 

in Malawi were more linked to concomitant medications that the patients took. Our 

findings provide an assurance that artemisinin-based treatments can be safely used in 

second and third trimester during pregnancy. 
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7.0 Abstract 

Background 

In drug trials, adverse events (AEs) burden can induce treatment non-adherence or 

discontinuation. The non-adherence and discontinuation induce selection bias, affecting 

drug safety interpretation. Nested case control(NCC) study can efficiently quantify the 

impact of the AEs, although choice of sampling approach is challenging. We investigated 

whether NCC study with incidence density sampling is more efficient than NCC with path 

sampling under conditional logistic or weighted Cox models in assessing the effect of AEs 

on treatment non-adherence and participation in preventive antimalarial drug during 

pregnancy trial. 

Methods 

Using data from a trial of medication to prevent malaria in pregnancy that randomized 

600 women to receive chloroquine or sulfadoxine-pyrimethamine during pregnancy, we 

conducted a NCC study assessing the role of prospectively collected AEs, as exposure 

of interest, on treatment non-adherence and study non-completion. We compared 

estimates from NCC study with incidence density against those from NCC with path 

sampling under conditional logistic and weighted Cox models.   

 

Results 

Out of 599 women with the outcomes of interest, 474 (79%) experienced at least one AE 

before delivery. For conditional logistic model, the odds ratio for the effect of AE 

occurrence on treatment non-adherence was 0.70 (95% CI: 0.42, 1.17; p=0.175) under 

incidence density sampling and 0.68 (95% CI: 0.41, 1.13; p=0.137) for path sampling. For 
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study non-completion, the hazard ratio was 1.02 (95% CI: 0.56, 1.83; p=0.955) under 

incidence density sampling and 0.85 (95% CI: 0.45, 1.60; p=0.619) under path sampling. 

We obtained similar hazard ratios and odds ratios with standard errors under incidence 

density sampling and path sampling whether weighted Cox or conditional logistic models 

were used.  

 

Conclusion 

NCC with incidence density sampling and NCC with path sampling are practically similar 

in efficiency whether conditional logistic or weighted Cox analytical methods are used 

although path sampling uses more unique controls to achieve the similar estimates. 

 

Trial registration 

ClinicalTrials.gov: NCT01443130 
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7.1 Background 

Treatment non-adherence and treatment discontinuation, in which patients either do not 

take their medication as prescribed or do not take it at all, is a challenge in analysis and 

interpretation of randomized controlled trial results since it can lead to underestimation of 

treatment effects [182]. Adverse events (AEs) occurrence is one of the factors that 

influence treatment non-adherence and discontinuation. Therefore, treatment non-

adherence and discontinuation can be considered as proxy outcomes for a measure of 

the impact of AEs on patients in clinical trials [6]. However, most trials descriptively report 

treatment non-adherence and discontinuation  information in relation to AEs under safety 

and tolerability section and participant flow chart of the main study report [138, 183, 184]. 

Such kind of reporting and analysis is less informative since it does not provide complete 

estimates on how the AEs affect non-adherence over the follow-up time, after accounting 

for potential confounders e.g. patient age. Further, AEs that impact treatment non-

adherence and study discontinuation outcomes precede these outcomes. Ignoring the 

fact that the AEs that impact treatment non-adherence and study non-completion 

outcomes occur before the observation of the treatment non-adherence or discontinuation 

can lead to underestimation of the effect of AEs [185, 186]. Establishing association 

between the AEs and treatment non-adherence or discontinuation is also both statistically 

and ethically challenging since the AE exposure cannot be randomized and it is difficult 

to pre-specify at design stage.  Use of a nested case-control approach to understand the 

impact of AEs can be useful in this context since it derives a sample of cases and controls 

that are comparable, accounting for potential differences in follow-up time. However, the 

choice of an efficient nested case-control design and analytical method can present 
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challenges. In order to address this challenge, empirical comparison of competing nested 

case-control designs is useful especially towards the choice of the most efficient nested 

case-control sampling and analytical approach. 

 

Traditionally incidence density sampling (i.e. risk-set sampling) is used in most nested 

case-control studies. Under a nested case-control study with incidence density sampling 

design, each index case is matched to a specified number of controls sampled at the time 

of index case occurrence. The nested case-control study with incidence density sampling 

design is considered as an unbiased and statistically efficient approach to cohort 

sampling  that accommodates causal interpretation of the observed effect of an exposure 

on an outcome [77]. The matching on time ensures that the cases are comparable to 

control by minimizing confounding that would arise due to the differences in follow-up time 

between the cases and controls. Hence, the obtained estimates are unbiased and  reflect 

the original trial cohort [187]. The selection of controls is done with replacement such that 

a subject could be selected as a control multiple times and may later become a case. 

However, it has also been argued that greater efficiency can also be achieved if the set 

of controls for different cases are as disjoint as possible. For instance, Langholz and 

Thomas proposed a modified alternative sampling approach that aims at ensuring that 

minimum number of controls are used more than once [87]. Under this second alternative 

nested case-control sampling approach, firstly a path set  is constructed that includes all 

subjects who entered the study before 𝑡𝑖 in time interval ( 𝑡𝑖−1,   𝑡𝑖] and exited after time 

𝑡𝑗 in time interval ( 𝑡𝑗 ,   𝑡𝑗+1] . Under this second sampling approach the specified number 

of controls are randomly sampled from the path set without replacement until all the 
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controls in that path set are selected and the path set can be replenished. Once the 

desired number of controls is achieved the path sampling is stopped.  As defined  

elsewhere, in this paper we refer to this variation of  nested case-control with incidence 

density sampling design as nested case-control study with path sampling design [188].  

Based on the provided descriptions of the nested case-control with incidence density 

sampling and nested case-control with path sampling, path sampling samples more 

distinct patients than the traditional incidence density sampling. In practice, it is important 

to choose a nested case-control sampling design that can optimally estimate the effect of 

AEs on treatment non-adherence and study non-completion. However, there is limited 

work highlighting whether inclusion of more distinct controls via path sampling offers an 

added advantage over incidence density sampling.  

 

Conventionally, conditional logistic regression or Cox regression stratified on case-control 

sets are used in analysis of most nested case-control studies [189]. Recently inverse 

probability weighting (IPW) Cox models have been shown to have higher power and 

efficiency than conditional logistic regression analysing nested case-control studies [190-

193]. Under IPW Cox models, individual log-likelihood is weighted by the inverse 

probability of being included in the nested case-control study. The weighting can even  

offer more  advantages of adapting the modelling, generally, beyond proportional hazards 

regression models [194]. Furthermore, the weighted Cox model also breaks the match to 

accommodate the use of cases and controls at all-time points when they are at risk.  
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Most of the studies discussed above have demonstrated the utility of the nested case-

control with incidence density sampling under conditional logistic regression model and 

IPW models such as weighted Cox regression model. However, there is limited work 

demonstrating the utility and comparing the efficiency of the two alternative sampling 

designs (i.e. incidence density sampling and path sampling) under IPW Cox models and 

the traditional conditional logistic regression.  In this paper, we investigated whether 

nested case-control with path sampling is more efficient than nested case-control study 

with incidence density sampling under conditional logistic regression model and weighted 

Cox regression model. We empirically compared nested case-control with incidence 

density sampling design against nested case-control with path sampling design under 

weighted Cox model and conditional logistic regression model, in investigating the effect 

of AEs on treatment non-adherence or study non-completion in the context of intermittent 

preventive treatment of malaria in pregnancy (IPTp) trial as case study. We hypothesized 

that path sampling design and weighted Cox regression will yield more efficient estimates 

with lower standard errors and AE exposure will increase the risk of non-adherence or 

discontinuation.  

 

7.2 Methods 

7.2.1 Motivating data description 

Using nested case-control study approach, we assessed the effect of AEs on treatment 

non-adherence and study non-completion. The data used in the current study was 

collected in clinical trial of preventive treatment for malaria in pregnancy Malawi 

(NCT01443130). This open-label randomised trial aimed at evaluating whether 
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chloroquine for intermittent preventive treatment to prevent malaria in pregnancy(IPTp-

CQ) or chloroquine chemoprophylaxis was better than IPTp using sulfadoxine-

pyrimethamine (IPTp-SP). The trial included women in first or second trimester before 27 

weeks of gestational age, attending first antenatal visit and willing to remain in the study 

area until 14 weeks after delivery. The trial excluded women who were HIV positive, on 

any known chronic therapy with antimalarial or anti-folate drugs and had known high risk 

pregnancies. 

 

Between February 2012 and May 2014 a total of 600 pregnant women in their first or 

second trimester were recruited and randomized to receive (a) sulfadoxine-

pyrimethamine(SP) IPTp (two doses, four weeks apart), (b) chloroquine IPTp (600 mg on 

day 1, 600 mg on day 2, and 300 mg on day 3 two days apart), (see Fig S7.1 in appendix 

1). In the current analysis, we excluded a third arm consisting of 300 women randomized 

to receive weekly chloroquine prophylaxis since that arm had a radically different 

treatment schedule compared to the IPTp arms. The study treatments were administered 

under directly observed therapy. Detailed procedures, participant demographics and 

treatment effects for the trial are described in the primary trial manuscript [80].The clinical 

trial protocol was registered with ClinicalTrials.gov (NCT01443130) 

 

Safety and tolerability assessments were based on unsolicited adverse events collected 

from the first day of the treatment administration until the final study visit. AEs were graded 

based on a standardized protocol , (i) graded on a four-point scale as, mild, moderate, 

severe, or life-threatening and (ii) further classified by System Organ Class category. The 

http://clinicaltrials.gov/
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clinical trial was reviewed and approved by Institutional Review Board at the University of 

Maryland, the College of Medicine Research and Ethics Committee at the University of 

Malawi and the Malawi Pharmacy Medicines and Poisons Board. From every participant, 

a written informed consent was obtained just before undergoing any trial procedure.  

During the current analysis we only considered follow-up time from enrolment up to 

delivery because medication was administered until delivery.  

 

7.2.2 Nested case control study designs 

We considered two types of nested case-control study designs; (a) Nested case-control 

study with risk-set sampling (i.e. incidence density sampling) (b) Nested case-control 

study with path sampling.  The samples for the two designs were derived from the cohort 

𝜍 = {𝑖, … … , 𝑛} of women who had taken at least their first dose of IPTp administered in 

the trial.  Both nested case-control designs were based on two study outcomes: (i) 

treatment non-adherence and (ii) study non-completion. However, if the only outcome of 

interest (e.g. treatment non-adherence or study non-completion) occurred only at 

enrolment time (t=0), the woman was considered ineligible for the nested case-control 

study since matching was done on follow-up time (t>0). For both designs we identified 

same set of baseline characteristics as potential confounders. The potential confounders 

included maternal age in years, body mass index (BMI; calculated as weight in kilograms 

divided by height in metres squared), gravidity (primigravid or not) and, IPTp treatment 

arm.  
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7.2.2.1 Nested case control with incidence density sampling:  

Definition of a case was based on experiencing an outcome of interest as defined in the 

preceding section.  Firstly, we defined cases of treatment non-adherence as those 

missing at least one dose of treatment after the first dose. Although there was a possibility 

of observing more than one non-adherence events per woman, we focused on time to the 

first treatment non-adherence after enrolment. Secondly, we defined study non-

completion as discontinuing participation in the study before delivery.  

The controls were defined as women who had not yet experienced the outcome interest 

(i.e. treatment non-adherence or study non-completion) but were at risk to become cases.  

For each treatment non-adherence and study non-completion cases, we randomly 

selected four controls using risk set sampling (i.e. incidence density sampling). The 

selection of the controls (and corresponding analyses) was done separately for each 

endpoint. Each case was matched on follow-up time since enrolment by selecting controls 

from the set of women in the clinical trial cohort who had not experienced the outcome up 

until the time that the case arose; controls were selected without regard to outcomes that 

might occur after the time of matching. Hence a control could be sampled multiple times 

and could later become a case. We considered the selection of four controls per case as 

sufficient since there is negligible gain in statistical efficiency when more than four 

controls are selected per case [195-197]. 

 

The exposure in this analysis was having an AE before selection in risk-set sampling. We 

dichotomized the AEs as (having an AE versus not having one before the index case 

time). Due to the exploratory nature of our study in demonstrating the efficiency of 
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incidence density sampling over path sampling under different analytical methods, we 

considered only any AE exposure regardless of the relatedness to the treatment or 

severity. 

 

7.2.2.2 Nested case control with path set sampling 

The definition of cases and exposure are as in the incidence density sampling above. 

Every aspect for the path sampling approach is similar to the standard nested case-

control with incidence density sampling except that this approach (i.e. path sampling) 

attempted to minimize the number of times that a control could be selected more than 

once. This was achieved using the path set concept where we sampled a path set 

according to the probabilities given the path set representation in the entire risk set at 

each event time [87]. As highlighted in the introduction section above, Langholz and 

Thomas indicate that the path set 𝑄𝑖𝑗  consist of all subjects who entered the study before 

𝑡𝑖 in time interval ( 𝑡𝑖−1,   𝑡𝑖] and exited after time 𝑡𝑗 in time interval ( 𝑡𝑗 ,   𝑡𝑗+1]. In our 

context, the path set consisted of women who enrolled before 𝑡𝑖  and exited the trial after  

𝑡𝑗, in the respective time intervals. After the path set was defined and sampled, the 

controls were randomly sampled from the selected path set until the whole path set was 

emptied when the set can be replenished (i.e. once a woman was selected as a control 

from the path set, she could not be selected again until all women in that path set were 

selected). We implemented this sampling design using the recently illustrated 

implementation of the design in R statistical software [188]. This sampling approach yields 

as unique number of patients as possible included in the nested case-control study. 

Therefore, path sampling attempts to use more information from the controls by sampling 
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more unique controls from the cohort.  As the case with nested case-control with 

incidence density sampling, the selection of the controls (and corresponding analyses) 

was done separately for each endpoint. 

 

7.2.3 Statistical analysis 

We conducted all the data management and statistical analyses in Stata version 15 

(StataCorp, College Station, TX, USA) and R software version 3.6.0 (R Foundation, Vienna, 

Austria). 

Descriptive analysis: Firstly, we summarized the baseline characteristics of the study 

participants by case-control status. For continuous variables, we reported mean (standard 

deviation [SD]) or median (inter-quartile range [IQR]) and proportion for categorical 

variables. We also summarized the distribution of AE occurrence within respective 

treatment arms based on AE grade and frequency. We plotted Kaplan Meier graph to 

characterise time to first AE occurrence between the IPTp arms. 

7.2.3.1 Modelling the effect of AEs on non-adherence and study non-completion 

Let likelihood for the nested case-control for parameter 𝛽 be 𝐿𝑛𝑐𝑐(𝛽). Traditionally, 

estimates in nested case-control studies are derived by maximizing partial likelihood 

function that can be written as  

𝐿𝑛𝑐𝑐(𝜷) = ∏
𝑒𝑥𝑝(𝜷′𝑿𝑖)

∑ 𝑒𝑥𝑝(𝜷′𝑿𝑗)𝒋∊ Ȓ𝒊
𝒊∊𝜴                                                   (M7.1) 

Where 𝑳𝒏𝒄𝒄(𝜷) is likelihood for nested case-control for parameter 𝜷. The 𝜷 represents a 

vector of the regression coefficients,  such that 𝜷′ is a transposed vector corresponding 

to vector(s) of covariates. The  𝑿𝒊 and 𝑿𝒋 are the vectors of covariates for the individuals 
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i and j.  The sampled risk set Ȓ𝑖 consists of case i and sampled m controls matched to 

the case on given time t since enrolment. The 𝜴 represents the set of  all the cases. The 

conditional likelihood under logistic regression coincides with Cox regression partial 

likelihood [198]. Therefore, the analysis of nested case-control study using Cox 

regression model or conditional logistic stratified on case-control set yield similar results. 

In this study we firstly considered, conditional logistic models whose results are always 

the same as the traditional stratified Cox regression model (i.e. we stratified the model by 

case-control set indicator ś (see the equation M7.2 below). The baseline hazard for the 

stratum at follow-up time t was considered as h0ś(t).  

ℎ𝑖(𝑡) = ℎ0ś(𝑡) exp (𝛽′𝑋𝑖)                   (M7.2) 

As already defined, the partial likelihood that is maximized to obtain the estimate for the 

regression coefficient 𝛽 is similar to M7.1; 

𝐿𝑐𝑜𝑥(𝛽) = ∏
𝑒𝑥𝑝(𝜷′𝑿𝑖)

∑ 𝑒𝑥𝑝(𝜷′𝑿𝑗)𝒋∊ 𝑹𝒊
𝒊∊𝜴                (M7.3) 

Here under M7.3, 𝑅𝑖  is a set of all patients who have not failed or been censored but are 

at risk of failure at that time (i.e. all patients who are still under observation just before 

time t). The traditional analysis above, under M7.1 uses only the information from the 

sampled cases and controls such that the nested case-control study can sometimes be 

considered as a biased sample from the cohort.  Weighting the partial likelihood with the 

inverse of the inclusion probability of being sampled mitigates this problem. The weighted 

Cox model partial likelihood can be written as  

𝐿𝑤𝑐𝑜𝑥(𝛽) = ∏
𝑒𝑥𝑝(𝜷′𝑿𝑖)𝝎𝒊

∑ 𝑒𝑥𝑝(𝜷′𝑿𝑗)𝝎𝒋𝒋∊ 𝑺𝒊
𝒊∊𝜴                 (M7.4) 
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Where 𝑺𝒊 is the set of cases and controls in the nested case-control sample who are at 

risk at time 𝑡𝑖. The Cox model obtained from maximizing this likelihood (with inverse 

probability weights) to estimate coefficient is defined as weighted Cox regression model. 

The weights were defined as 𝜔𝑗 = 1
𝑝𝑗

⁄ , where 𝑝𝑗 is probability of a woman being in the 

nested case-control sample. The 𝑝𝑗 = 1 for all the cases. In this paper, we used Kaplan 

Meier (KM) method inclusion probabilities. Inclusion probabilities defined by KM method 

are called design based since they estimate actual sampling of the controls [199]. The R 

package multipleNCC,  was used to compute the weights.  

 

We considered both conditional logistic model and weighted Cox model in our analysis. 

Overall, we fitted both the conditional logistic model (conditioned on risk sets) and 

weighted Cox regression to both the nested case-control sample with incidence density 

sampling and then to the nested case-control sample with path sampling. This was done 

separately for non-adherence and study non-completion outcomes.  

 

In building each model, first, we fitted univariate models to assess the unadjusted 

effects of the covariates. Then we fitted multivariable model that included the AE 

exposure and IPTp treatment adjusted for similar set of confounders that were 

significant in the univariate analysis at 0.25.  Using the likelihood ratio test, we also 

assessed whether inclusion of interaction between the AE occurrence and treatment 

arm modified the observed effect. All the point estimates from the fitted models are 

presented with their respective 95% confidence interval. The interpretation of all the 

final models was made at 0.05 significance level. 
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7.3 Results 

The cohort where our nested case-control sample designs were derived considered 599 

women who were assigned to the two arms of the trial. The women in the cohort had a 

median follow-up time of 116 days (IQR; 97, 130). At enrolment, these women had a 

mean gestational age of 22.1 (SD=2.1) weeks and a mean haemoglobin concentration of 

11.7 (SD=1.3) g/dL(Table 7.1). A total of 1545 AEs occurred among 474 (79.0%) study 

participants over the follow-up time where women in the IPTp-CQ arm had a higher 

cumulative incidence of AEs (895 AEs) than the women in the IPTp-SP arm (650 AEs). 

Time to first AE was consistently higher in IPTp-CQ arm compared to IPTp-SP over the 

follow-up time (Fig 7.1) such that women in the IPTp-CQ arm were 29% more likely to 

experience at least one AE compared to women in the IPTp-SP arm (HR: 1.29; 95% CI: 

1.07, 1.57; p=0.008). Further details of the AE distribution are provided in appendix 1, 

Tables S7.1 and S7.2. 

 

 

 

 

Figure 7.1: Time to first AE occurrence among the pregnant women on IPTp up to 

delivery 
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Table 7.1: Distribution of the study cohort characteristics (n=600) 

Characteristic Mean (SD) or n (%) 

Maternal age(years) 21.1 (3.2)  

Gestational age(weeks) 22.1 (2.1)   

BMI (kg/m2)  23.7 (3.1) 

Haemoglobin(g/dl) 11.7 (1.3)  

Bed net use n (%) 450 (75.0)  

Non-Primigravid n (%) 258 (43.1)   

AE occurrence* n (%) 474 (79.0) 

Treatment n (%)  

IPTp-SP 300 (50.0) 

IPTp-CQ 300 (50.0) 
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For the study non-completion outcome, 64 (10.7%) women did not complete the study, 

with 37 (12.3%) in the IPTp-SP arm and 27(9.0%) in the IPTp-CQ arm. Based on the 

matching criteria defined in the methods section (matching each case to four controls), 

we selected a total of 256 study non-completion controls. For the treatment non-

adherence outcome, 106 (17.7%) women were non-adherent to trial medication, at least 

once during study follow-up, with 40(13.3%) in the IPTp-SP arm and 66 (22%) in the IPTp-

CQ arm. After each incident case was matched to four controls, we yielded a total of 424 

treatment non-adherence controls. These reported results of matching were obtained 

separately for the nested case-control with incidence density sampling and the nested 

case-control with path sampling.  

 

7.3.1 Comparison of parameter estimates 

We report the hazard ratio (HR) estimates on exponentiated scale (not logarithm scale), 

in Tables 7.2 and 7.3. However, the standard errors are reported on logarithm scale 

logHR (SE), based on the corresponding log hazard ratios. The nested case-control is 

abbreviated as NCC in the tables 7.2 and 7.3. Focusing on the effect of AEs on both 

treatment non-adherence and study non-completion, our estimates (Tables 7.2 and 7.3) 

consistently indicate that path sampling yielded similar hazard ratio estimates compared 

to those from the incidence density sampling. Comparing the weighted Cox regression 

model and conditional logistic regression model, the weighted Cox model yielded similar 

standard errors compared to those from conditional logistic regression across both study 

designs and both outcomes. Therefore, overall, we obtained similar estimates of the effect 
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of AEs on study non-completion and treatment non-adherence under both incidence 

density sampling and path sampling regardless of the analysis method used. 
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Table 7.2: Association between AE occurrence and treatment non-adherence; comparison of estimates from risk set 

sampling and path sampling under multivariable conditional logistic regression model and weighted Cox regression model 

 Conditional logistic regression model  Weighted Cox regression model 

 NCC with risk set sampling NCC with Path sampling  NCC with risk set sampling NCC with Path sampling 

Characteristic HR (95% CI) 

LogHR 

SE 

P-

value HR (95% CI) 

LogHR 

SE 

P-

value  HR (95% CI) 

LogHR 

SE 

P-

value HR (95% CI) 

LogHR 

SE 

P-

value 

Treatment 

IPTp-SP 

 

Reference             

 

IPTp-CQ 

2.07 (1.32, 

3.22) 0.23 0.001 2.05 (1.30, 3.23) 0.23 0.002  
2.04 (1.31, 3.16) 

0.22 0.001 2.08 (1.32, 3.27) 0.23 0.002 

AE occurrence 

0.70 (0.42, 

1.17) 0.26 0.175 0.68 (0.41,1.13) 0.26 0.137  
0.67 (0.43, 1.00) 

0.22 0.051 0.68 (0.44, 1.06) 0. 23 
0.087  

Age 

0.96 (0.89, 

1.02) 0.03 0.190 0.94 (0.88,1.01) 0.04 0.105  0.96 (0.90, 1.02) 0.03 0.179 0.95 (0.89, 1.02) 0.03 0.125 

LogHR SE represents standard errors on logarithm scale of hazard ratio, NCC represents nested case-control 
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Table 7.3: Association between AE occurrence and study non-completion; comparison of estimates from risk set sampling 

and path sampling under multivariable Conditional logistic regression model and weighted Cox regression model 

 

 Conditional logistic regression model  Weighted Cox regression model 

 NCC with risk set sampling NCC with Path sampling  NCC with risk set sampling NCC with Path sampling 

 HR (95% CI) 

LogHR 

SE P-value HR (95% CI) 

LogHR 

SE P-value  HR (95% CI) 

LogHR 

SE P-value HR (95% CI) LogHR SE P-value 

AE occurrence 1.02 (0.56, 1.83) 0.30 0.955  0.85 (0.45, 1.60) 0.32 0.619  0.88 (0.51, 1.52) 0.28 0.648 0.82 (0.47, 1.43) 0.29 0.477 

Treatment 0.96 (0.55, 1.67) 0.28 0.896  0.68 (0.39, 1.18) 0.28 0.173  0.96 (0.55, 1.69) 0.29 0.889 0.67 (0.38, 1.18) 0.29 0.162 

Age 0.92 (0.83, 1.02) 0.05 0.104 0.93 (0.84, 1.01) 0.05 0.098  0.93 (0.85, 1.01) 0.04 0.095 0.94 (0.87, 1.01) 0.04 0.072 

LogHR SE represents standard errors on logarithm scale of hazard ratio, NCC represents nested case-control 
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We observed no statistically significant effect of AE occurrence on treatment non-

adherence under both incidence density sampling and path sampling regardless of the 

method of analysis used. Using conditional logistic regression, the effect of AE 

occurrence on treatment non-adherence odds ratio was 0.70 (95% CI: 0.42, 1.17; 

p=0.175) under incidence density sampling and under path sampling the hazard ratio 

was 0.68 (95% CI: 0.41, 1.13; p=0.137). Using the weighted Cox regression, we 

observed a negligible departure from the overall trend where the path sampling yielded 

a slightly higher estimate of hazard ratio (HR=0.68; 95% CI: 0.44, 1.06), compared to 

the incidence density sampling (HR=0.67; 95% CI: 0.43, 1.00). The negligible 

exception could be explained as one of the expected scenarios that can arise due to 

sampling variation. 

 

Similarly, we observed no effect of AE occurrence on study non-completion under both 

incidence density sampling and path sampling regardless of the method of analysis 

used (see Table 7.3). Using conditional logistic regression, the effect of AE occurrence 

on study non-completion hazard ratio was 1.02 (95% CI: 0.56, 1.83; p=0.955) under 

incidence density sampling and under path sampling the hazard ratio was 0.85 (95% 

CI: 0.45, 1.60; p=0.619). The weighted Cox regression model yielded hazard ratio of 

0.88 (95% CI: 0.51, 1.52, p=0.648) under incidence density sampling and 0.82 (95% 

CI: 0.47, 1.43, p=0.477) under path sampling.   

 

Among the adjusted potential confounders for the treatment non-adherence outcome, 

only treatment was associated with treatment non-adherence (Table 7.3). We 

observed two times increased risk of treatment non-adherence for patient in IPTp-CQ 
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treatment compared those in IPTp-SP treatment. Using conditional logistic regression, 

the observed odds ratio was 2.07 (95% CI: 1.32, 3.22; p=0.001) under incidence 

density sampling and we observed a similar odds ratio (OR=2.05; 95% CI: 1.30, 3.23; 

p=0.002) under path sampling. Weighted Cox regression model yielded similar hazard 

ratios; (HR=2.04; 95% CI:  1.31,3.16; p=0.001) under incidence density sampling and 

(HR=2.08; 95% CI:  1.32,3.27; p=0.002) under path sampling.  

7.4 Discussion 

In this study, we empirically compared the efficiency of incidence density sampling 

and path sampling for nested case-control studies under conditional logistic regression 

and weighted Cox regression analysis methods. The practical application focussed on 

determining the impact of AEs on treatment non-adherence or discontinuation. 

Practically, we established that the standard errors and hazard ratios for the two 

designs were similar. However, it should be noted that path sampling (by design) is 

based on more unique controls selected implying that it naturally uses a larger sample 

of unique patients to achieve those similar standard errors as compared to incidence 

density sampling. This knowledge gained is directly useful in improving nested case-

control studies that have recently gained an interest in safety studies[200, 201]. This 

study provides insights regarding choice of nested case-control design and the burden 

of AEs on treatment non-adherence and study non-completion in IPTp trials. Such 

insights may also  facilitate understanding of expected patient safety in the post-trial 

period when the drug is launched [202].  

 

The negligible gain in efficiency of weighted Cox regression model over conditional 

regression can be attributed to the homogeneity of the cohort that we used. Since our 
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cohort comes from a randomized clinical trial whose baseline characteristics are 

similar, breaking the match in order to use more controls could not add much 

information to our nested case-control sample that was already using over 50% of the 

cohort sample.  Most of the substantial gains for the inverse probability weighting have 

been established under large sample properties, especially in observational studies 

which by design exhibit heterogeneous population unlike clinical trials.  

 

From practical perspective, based on the example data that we used, this study did 

not establish evidence of a significant role of AEs on IPTp treatment non-adherence 

and study discontinuation. Neither, conditional logistic regression model nor the 

weighted Cox regression model under incidence density sampling or path sampling 

suggested that AE occurrence impacted treatment non-adherence or study non-

completion. Our findings are contrary to the hypothesized direction of AEs effect where 

we postulated that AE occurrence increases the risk of IPTp non-adherence and IPTp 

trial discontinuation. However, our findings support what has been previously 

observed in IPTp context whereby frequent adverse events do not reduce adherence 

[203]. Our exploratory finding is useful towards ascertaining the validity of IPTp trial 

designs and interpretation of findings.  

 

We observed increased risk of treatment non-adherence for the women in IPT-CQ 

treatment arm who were two times more likely to non-adhere compared to those in 

IPTp-SP arm. This is expected since the women in IPTp-CQ arm had more 

opportunities for non-adherence as they took four more doses compared to those on 

IPTp-SP arm. This agrees with previous studies that indicate that number of doses for 
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a given regimen is inversely associated with treatment non-adherence [204]; 

increasing number of days and doses for taking a particular regimen can lead to low 

treatment adherence [205, 206]. This has consequences on the IPTp trial designs and 

packaging of treatment doses.  

 

Use of the nested case-control study design in the context of clinical trial data provided 

a great opportunity to assess the temporal relationship of adverse events and 

adherence or study non-completion  [207]. This further enabled us to make causal 

interpretations since the time-dependent AE exposure was prospectively measured 

and the nested case-control sampling approach reduces selection bias. Although Cox 

proportional hazards model with time-dependent covariates can alternatively yield 

similar estimates to those obtained through nested case-control approach, the nested 

case control is known to be more computationally efficient [208] .    Despite the fact 

that our work may not be generalizable to settings where there are non-repeated 

doses, it still offers a groundwork for improved antimalarial drug safety assessment 

framework (accounting for non-adherence). Such improved assessment of the 

relationship between non-adherence to treatment and safety outcomes is crucial in 

planning for improved interventions  effectiveness [93]. 

 

This study had some limitations. Firstly, the differences in treatment by dose schedule 

between the treatment arms could affect the observed differences. Secondly, we did 

not collect data on patient satisfaction. This made it hard it to make a conclusive 

statement on the unexpected observed effect of the AEs. Since non-adherence can 

be affected by the patient behaviour, collection of such patient satisfaction and 
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perception in clinical trials would be helpful in elucidating the effect of AEs on non-

adherence. Furthermore, the methodological conclusions in this study can be 

improved and extended by undertaking a full simulation study to understand the 

performance of the sampling and analysis methods under varying known scenarios. 

 

7.5 Conclusion 

Assessment of safety in relation to IPTp adherence, even for less severe AEs, is an 

important topic in developing solutions towards improved IPTp safety profile and risk 

management plan in clinical trials. Nested case-control study can be considered as a 

useful tool in investigating the impact of AEs on treatment non-adherence and study 

non-completion because it offers an opportunity for an efficient sample where cases 

and controls are comparable, accounting for potential differences in follow-up time. 

We empirically demonstrated that incidence density sampling and path sampling 

practically yield similar estimates whether one uses weighted Cox regression or 

conditional logistic regression. However, by design, path sampling yields those similar 

estimates at the expense of more unique controls sampled compared to the incidence 

density sampling.  The clinical findings indicated that AE occurrence did not impact 

treatment non-adherence or study non-completion. The insights from this study inform 

future trial designs and drug safety assessment. Future extension of this work can 

consider evaluating the impact of AEs on treatment non-adherence and study non-

adherence accounting for patient perception on IPTp benefits since treatment non-

adherence is associated with patient behaviour.  
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Chapter 8: Discussion  

This chapter provides an overall summary of the PhD study findings. Specifically, the 

general discussion in this section focusses on the key findings, study strengths and 

weakness, potential future work and recommendations. 

 

8.1 Summary of key findings 

Drug safety assessment is very important at every stage of drug development. 

Randomized controlled trials provide a gold standard for evaluating drug efficacy and 

safety such that safety data collected during premarketing drug trials provide the 

crucial basis for drug approval and labelling.  However, analysis of the safety data is 

more challenging compared to efficacy data such that statistical methodology for 

safety data in clinical trials has received limited attention.  Key challenges in analysis 

of safety data includes;   

a) Lack of pre-specified safety analysis plan for safety outcomes since most safety 

outcomes are unexpected and most clinical trials are rarely powered to detect 

safety effect [5] 

b) Competing risks, censoring and varying individual follow-up time  

c) Multiple safety outcomes with repeated measurements [5] 

d) Time-dependent treatment effects and unobserved heterogeneity 

e) Concomitant medication, concurrent indication and general health of the study 

population can confound estimates for safety data. This may induce imbalance 

between the treatment arms and may affect generalizability of the results since 

the randomization benefits may be lost. 
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f) Lack of standardized guidelines of estimands for quantitative safety 

assessment given an indication under study [209] 

 

This PhD work focussed on investigating optimal statistical methods for safety data 

analysis in clinical trials. The thesis outlines key statistical issues for analysis of safety 

data in clinical trials with antimalarial drug in pregnancy trials as a key example. This 

was followed by a set of solutions on how to deal with some of the problems such as 

hierarchical structure of the outcomes, multiple repeated outcomes and time-

dependent effects. PREGACT trial and Chloroquine for Malaria Prevention in 

Pregnancy trial data were used to demonstrate the proposed set of solutions. 

 

Specifically, this PhD study firstly systematically reviewed statistical methods applied 

towards analysis of safety data in malaria chemoprevention trials during pregnancy. 

The review focussed on the prevalence of the methods, their appropriateness and 

recommendations for improved analyses. Empirically, nested case control with 

incidence sampling was compared with nested case control with path set sampling 

under conditional logistic regression and weighted cox regression in investigating the 

burden of AEs in clinical trials. Then using a simulation study, flexible parametric 

shared frailty models were assessed if they could improve estimates in analysis 

recurrent adverse events since they account for both unobserved heterogeneity and 

time-dependent effects (unlike conventional shared parametric methods that do not 

account for time-dependent effects and are not flexible). For both the empirical and 

simulation-based studies above, chloroquine in pregnancy data was used as the 

motivating data. Finally, a novel joint model was developed aimed at improving AE 
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incidence estimates; the joint model included recurrent AEs, concomitant medication 

and repeatedly measured biochemical information outcomes adjusted for baseline 

characteristics[210]. PREGACT trial data was used to demonstrate the utility of the 

developed model. 

The findings of the PhD work are discussed in the context of the objective-specific 

studies in the preceding paragraph. 

 

8.1.1 Current practice in analysis of safety data 

In this PhD study, a review was carried out to understand the current practice and 

gaps in the statistical analysis of safety data in clinical trials, focussing on the setting 

of drug trials for prevention of malaria in pregnancy as a key example.  The review 

established that statistical analysis and reporting of safety data remains suboptimal. 

Descriptive methods (e.g. Chi-Square) and dichotomization of continuous outcomes 

were more prevalent. Such approaches are limited in analysis of safety in clinical trials 

data since they lead to loss of important information by not accounting for variability in 

follow-up time, censoring and correlation over time for repeatedly measured multiple 

outcomes and potential confounders. The findings agree with some observations of 

previous work in literature that has called for overall improved quantitative drug safety 

assessment and reporting in clinical trials [6, 70]. The choice of a statistical method(s) 

to use and reporting for safety data should be jointly driven by the scientific question 

of interest and complexity of the raw safety data. Development and application of 

improved statistical methods, formulation of standardized guidelines supported by 

drug regulatory bodies involvement can enhance improved analysis and reporting of 

safety data. 
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8.1.2 Recurrent AEs with time-dependent effects and unobserved 

heterogeneity  

 The PhD study also compared shared frailty models to establish the evidence-base 

for an efficient model that can account for both time-dependent effects and 

unobserved heterogeneity encountered in the recurrent AEs analysis. Flexible 

parametric modelling for shared frailty models were found appropriate in estimating 

unbiased hazard ratios compared to the standard shared frailty modelling approach in 

the presence of time-dependent effects and unobserved heterogeneity. The inverse 

Gaussian shared frailty model with proportional hazard assumption was found more 

appropriate in estimating unbiased unobserved heterogeneity.  As observed in the 

analysis of univariate survival data, the flexible parametric survival models can provide 

improved treatment estimates in analysis of multivariate survival data compared to the 

standard survival models [146].  

 

8.1.3 Multiple safety outcomes with repeated measurements analysis 

The PhD study further introduced a framework for novel joint modelling of multivariate 

continuous longitudinal clinical laboratory safety outcomes, concomitant medication 

counts and adverse event count, exploiting the advantages of the existing extended 

multivariate generalised linear and non-linear mixed effects models framework[86].  

The proposed joint model improved AE incidence estimates underestimated by the 

conventional Poisson model. Concomitant medication was strongly associated with 

the clinical AEs incidence, suggesting that the patients who experienced more AEs 

were more likely to report the more concomitant medications. The proposed joint 
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modelling approach efficiently harnesses multiple outcomes safety data for improved 

drug safety profile development. Furthermore, this modelling approach offers the basis 

for choosing the most appropriate biochemical markers in assessing drug safety 

especially in resource constrained settings. 

 

8.1.4 Impact of AEs in clinical trials 

Empirical comparison of the efficiency of incidence density sampling and path set 

sampling for nested case control studies under conditional logistic regression and 

weighted cox regression models demonstrated that incidence density sampling is 

similar in efficiency of estimates compared to path set sampling. These findings 

agree with previous work in literature that has also shown that nested case control 

with incidence density sample is a robust sampling approach for cohorts [188]; there 

is no evidence that the other alternative sampling strategies are more superior 

compared to the incidence density sampling. There was no difference in estimates 

for using either conditional logistic regression or weighted cox regression probably 

due to the homogeneity of the cohort since it originated from a clinical trial. 

Practically, it we also found no evidence that AEs did impact non-adherence or study 

discontinuation of the patients.  This knowledge is directly beneficial in interpreting 

the drug safety data and deciding on the most appropriate clinical trial design future 

studies. 
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8.2 Study strengths 

The use of multifaceted study approaches ranging from systematic review, nested 

case control, simulation and advanced modelling approaches provides an opportunity 

to leverage rich multidimensional data from clinical trials in answering drug safety-

related questions.  This PhD study also greatly benefited from the use of both 

theoretical and pragmatic approaches in addressing the issues associated with drug 

safety data analysis. For example, the use of simulation studies enabled addressing 

drug safety data analysis issues (unobserved heterogeneity and time-dependent 

effect) under different scenarios beyond what can be answered using a single real 

data set. Model complexity may sometimes influence what can be considered as the 

most optimal approach to analysis of particular data. Use of a simulation study helped 

us to address this in understanding how flexible parametric shared frailty models 

compare with the conventional lognormal proportional shared frailty model under 

known scenarios. Since the data within our simulation study arose from known 

scenarios, it was easier to objectively determine whether model complexity was 

necessary based on the performance measures. 

 

The availability of the motivating/example datasets enabled contextualising of some 

of the suggested solutions; this can ensure wider understanding of implementation 

and adapting of the solutions in future studies. The motivating datasets also consisted 

of both long (up to 9-12 months of follow-up time) and short(up to 2-3months of follow 

uptime) follow-up trials, further enriching understanding of some issues associated 

with both long and short follow-up trials. 
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8.3 Study limitations 

The systematic review that was carried out as part of this PhD work may have missed 

other studies published in languages other than English. Furthermore, since the review 

focussed only on the studies published from 2010 to 2019, it is hard to capture 

temporal trends that may have happened over years (considering the years outside 

2010-2019) on statistical analysis and reporting of drug safety data in antimalarial drug 

trials in pregnancy.  

 

Absence of data on patient satisfaction when assessing the impact of AE on non-

adherence and study non-completion is a key limitation in this study. Since patient 

behaviour is usually associated with non-adherence, collecting data on patient 

satisfaction and perception about clinical trial treatment can improve analysis and 

interpretation of burden of AEs in clinical trials.  

 

The proposed joint model for analysis of multiple safety outcomes was only empirically 

considered; no simulation study was carried out to evaluate the performance of the 

model under other scenarios than the motivating data setting. Although a simulation 

study was carried out to evaluate shared frailty models for recurrent AEs analysis, the 

study was limited to scenarios where censoring was assumed non-informative and 

constant unobserved heterogeneity. 

 

Furthermore, this work is confined to clinical trials with traditional parallel designs. 

Currently, there is increased innovations in the trial designs; this provides an 

opportunity to explore alternative approaches to quantitative drug safety assessment 



177 
 

beyond what has been investigated in the current work. For example, sequential 

analytical methods would be more useful in quantitative drug assessment of adaptive 

designs unlike static evaluation methods.  

 

Finally, the current work focussed on safety assessment based on a single trial. 

Plausible alternative extension (but beyond the scope of the current work) would be to 

borrow accumulating safety evidence across clinical trial phases using Bayesian 

analytical approaches. Such Bayesian approaches offer an opportunity to update the 

safety evidence based on accumulating data from new trials.   

 

8.4 Future work 

This body of work provides a strong ground for future work on improved drug safety 

data analysis in clinical trials. The developed joint model and shared models 

investigated in this PhD study are easily extendable to the context of multicentre 

clinical trials. Both the joint model and shared frailty model are a special case of 

hierarchical models where the observations are nested/clustered within patients. In 

multicentre clinical trials context, there is an additional level of clustering where the 

patients are also nested within individual centres. In this case, the centres are 

assumed independent from each other but patients from the same centre will usually 

have correlated outcomes. This additional level of complexity can be handled by 

including an additional random effect at study centre level. The inclusion of random to 

account for study centre increases power especially when there are few patients per 

centre and imbalance in treatment assignments within centres[211, 212]. However, 

when there are very few centres, fixed effect should be preferred to account for the 
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centres for the centre effects. Detailed implementation and discussion of this was 

beyond the scope of the current work. However, this suggested extension is an 

interesting future work. An interesting example would be to investigate how such 

extended models would perform under varying sample sizes, missing data, low AE 

incidence etc.  

 

Specifically, the introduced joint model considered for analysis of multiple safety 

outcomes was only studied empirically. Future work can attempt to study the 

performance under different scenarios including varying data missingness of the 

biochemical parameters, varying sample sizes and varying AEs incidence. Such study 

can offer an opportunity for generalization of the model to several scenarios 

encountered in antimalarial drug safety assessment in clinical trials. In comparing 

shared frailty models for recurrent AEs analysis, the work was limited to the scenario 

where the unobserved heterogeneity was constant. However, in practice there is a 

potential for unobserved heterogeneity to change over the follow-up time. It will be 

interesting in future work to understand the performance of the shared frailty models 

under a complex setting where both the treatment effect and unobserved 

heterogeneity vary over the follow-up time and accounting for the actual medication 

dates. In assessing the AE burden, collection of data on patient treatment satisfaction 

and experience after AE occurrence can further strengthen evidence generation on 

the impact of AEs on treatment non-adherence and study non-completion.  

Furthermore, it would be interesting to undertake a simulation study in order to formally 

evaluate performance of the studied NCC designs under the conditional logistic 

regression and the weighted cox regression. The key performance measures of 

interest to be formally quantified would be power, bias and precision. 
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8.5 Conclusions  

In conclusion, this thesis highlighted the importance of improved statistical methods 

for analysis and reporting of drug safety data in clinical trials. The work focussed on 

investigating methods that account for time-to-event, unobserved heterogeneity, time-

dependent effects and potential correlations.  

Flexible parametric shared frailty models with non-proportional hazards were found to 

be more advantageous in capturing time-dependent treatment effects in recurrent AE 

analysis. Another key lesson drawn from this work is the need to jointly model multiple 

correlated safety outcomes and other supporting information (e.g. biochemical 

laboratory parameters, concomitant medications) in order to efficiently quantify the 

clinical AE incidence. These findings fill some important gaps in literature for improved 

drug safety data methods in clinical trials. Further drug regulatory bodies commitment 

by developing standardized guidelines will more likely improve uptake of some of the 

already existing improved drug safety data analysis and reporting methods, beyond 

the current practice. 

  

Empirically, this study established that occurrence of AEs does not impact patient 

participation in Malawi. This can probably be explained by the fact that better 

healthcare experienced in the clinical trial setting outweighs the AE burden such that 

patients opt to remain within the clinical trial [213].   

 

8.6 Recommendations 

Based on the findings in this work, we provide the following recommendations; 
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a) The review conducted in this PhD study found that drug safety data analysis in 

clinical trials remains suboptimal; 

(i) Investing in development and application of improved statistical methods for 

safety data analysis and reporting, within the academia, drug regulatory bodies 

and pharmaceutical industry can enhance improved understanding on how to 

efficiently address issues encountered in drug safety data analysis.  

(ii) Instituting of standardized guidelines (by the drug regulatory bodies) for the 

improved drug safety data analysis and reporting approaches, beyond the 

current practice and guidelines, can enhance uptake of the existing improved 

statistical methods. 

b) This work established that joint modelling of drug safety data efficiently 

improves drug safety estimates since it simultaneously accounts for the 

relevant multiple outcomes and correlations that can confound estimates. This 

calls for deliberate efforts to make sure that the important data that can 

confound safety estimates (e.g. concomitant medication) is collected effectively 

and rigorously modelled accordingly. The modelling should be driven by the 

scientific question(s) of interest and the complex raw structure of the data. 

c) In the presence of time-dependent effects, flexible parametric shared frailty 

models should be preferred over the standard shared frailty models in recurrent 

AEs analysis. The flexible parametric models efficiently capture the time-

dependent effects and any unobserved heterogeneity. 
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Appendix 1: Supplementary tables and figures 
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Fig S7.1: Treatment schedule over a follow-up time for women enrolled receive 

malaria chemoprevention treatment in Malawi 

 

Table s7.1: Distribution of AEs by system organ class across 

chemoprevention treatments 
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Table S7.2: Distribution of AEs by among pregnant  women on IPTp
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