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Thesis Summary  

 

Background: Plasmodium falciparum infection is one of the most common parasitic 

infections in humans, with a disproportionately higher share of the problem in Sub-Saharan 

Africa (SSA). In Malawi, malaria is endemic and the prevalence of Plasmodium 

falciparum parasite is also high. Individuals in high-transmission settings are exposed to bites 

of infected Anopheles mosquitoes and develop frequent infections. With each infection, 

acquired immunity develops making subsequent disease episodes less likely. Therefore, 

longitudinal cohorts are ideal to study risk of malaria over time especially in high 

transmission areas because repeated infection is common. When modelling the risk of malaria 

in a cohort study, methods ought to account for this naturally acquired immunity which 

develops in individuals over time. Methods that focus on first incident alone (single-event 

joint model) excluding subsequent episodes may be inefficient since much information is lost 

and may underestimate the disease burden. A gap exists in literature on the use of joint 

modeling to analyze recurrent clinical malaria and parasitemia data collected during cohort 

studies.  

 

Aim: To determine factors for recurrent malaria episodes in Malawi’s Mfera cohort study 

through joint modelling of the recurrent episodes and longitudinal parasitemia data. 

 

Methods: In order to investigate the trends of use of appropriate statistical methods among 

articles analyzing prospective longitudinal cohort data for clinical malaria episodes or 

Plasmodium infection published from 1996 until December 2017, a review of statistical 
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methods was conducted. Original articles in English, published over the 22-year period were 

reviewed in chronological order. Particular interest was on standard longitudinal analysis 

techniques including generalized estimating equations (GEE) and mixed-effects models which 

are considered appropriate for analyses of repeatedly measured data. For repeated time-to-

episodes, recurrent Cox proportional hazards (PH)-based models such as frailty models, 

Andersen-Gill (AG), Prentice and Williams and Peterson (PWP), and the marginal 

means/rates models were considered appropriate. Other survival methods such as the Kaplan–

Meier estimator, log-rank test and Cox PH model were considered only appropriate for 

analyses of time-to-single-episode. 

 

Using a cohort data of participants enrolled with uncomplicated malaria in Malawi, a 

conventional Cox Proportional Hazards (PH) model of time-to-first clinical malaria episode 

with time-dependent parasitemia was compared with three competing joint models. The 

cohort enrolled 120 participants who presented with uncomplicated malaria at the Mfera 

health center in the Chikwawa district between June 2014 and March 2015. Participants 

underwent passive and active surveillance on a monthly basis and whenever sick for up to two 

years to assess the incidence of clinical malaria and P. falciparum infection. Four models of 

time-to-new clinical malaria disease were fitted. These included the reference model (model 

1), a conventional Cox PH model fitted with time-dependent parasitemia measured at each 

visit, and three competing joint models. The three joint models had a common formulation 

only differing in the assumed association structure linking the hazard of clinical malaria with 

parasitemia. The hazard of clinical malaria disease at any time 𝑡 was linked with: 1) the 

current underlying value of parasitemia at the same time point (model 2), 2) the rate of change 

in parasitemia trajectory at time 𝑡 (model 3), and 3) the cumulative trajectory or area under 
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profile of parasitemia from baseline up to time 𝑡 (model 4). Each joint model was formed of a 

mixed-effects sub-model of parasitemia longitudinal and Cox PH sub-model for time-to-first 

clinical malaria episode. Parameters were estimated using Markov chain Monte Carlo 

(MCMC) through the random walk Metropolis–Hastings (M-H) algorithm.  Diffused normal 

priors were assumed for the covariates. Diagnostic assessments were conducted to assess the 

convergence of the MCMC samples using trace and kernel density estimator plots. 

 

To assess whether jointly modelling recurrent clinical malaria episodes and parasitemia is 

more accurate than single-event joint models where the subsequent episodes are ignored, the 

joint model was applied to a real dataset from the Mfera malaria cohort. The models fitted 

were shared Gamma frailty model for the recurrent events and the mixed-effects model taking 

competing distributions for the longitudinal process: Poisson, quasi-Poisson and negative 

binomial (NB). Model fit was compared based on the Akaike information criterion (AIC). A 

model with lowest value of AIC is considered to be the best fitting model. In order to assess 

how the optimal recurrent event joint model can perform under different conditions, a 

simulation study was also conducted. In the simulations, data were generated with parameters 

that resemble the Mfera cohort. Age in years was assumed to be normally distributed on the 

log-scale, and values were transformed back to original scales by taking an exponential 

function to maintain the skewness that would reflect real data. The baseline hazard function 

was assumed to follow a Weibull distribution. Participants were assumed to be censored 

according to a uniform distribution on time of follow-up. Parasitemia data measurements were 

simulated from a mixed effects model with function of follow-up time. The model 

performance in terms of bias was assessed under different scenarios of: study sample sizes; 
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level of censoring; length of follow-up period; Gamma distributed frailty term variances; and 

correlation level of association between longitudinal and recurrent processes.   

 

Results: In the statistical review, 197 (10.0%) articles met the inclusion criteria and were 

included in the analyses. The number of articles increased over the 22-year study period, with 

the highest number found between 2012 and 2016. Out of 197 articles reviewed, the most 

commonly reported methods included contingency tables which comprised Pearson Chi-

square, Fisher exact and McNemar’s tests (n = 102, 51.8%), Student’s t-tests (n = 82, 41.6%), 

followed by Cox PH models (n = 62, 31.5%) and Kaplan–Meier estimators (n = 59, 30.0%). 

The longitudinal analysis methods GEE and mixed-effects models were reported in 41 

(20.8%) and 24 (12.2%) articles, respectively, and increased in use over time. Six articles 

analyzed repeated time-to-episodes using appropriate recurrent models: Andersen-Gill (AG) 

(4); and frailty models (2). 

 

 There were 120 participants in the Mfera cohort, of which 69 (57.5%) were females. The 

overall median age was 7.5 years [inter-quartile range (IQR): 4.7 – 18.1], 6.3 years (IQR: 3.2 

– 13.1) for males and 9.2 years (IQR: 5.3 – 18.5) females. Among the 115 participants who 

had at least one follow-up visit post enrolment included in the survival analyses, 372 recurrent 

clinical malaria episodes were experienced over the two-year follow-up period, of which 219 

(58.9%) occurred among females. Out of the 372 episodes, 125 (33.6%) were among children 

under 5 years, 193 (51.9%) in school aged children of 5–15 years and 54 (14.5%) were 

experienced by adults above 15 years old. Overall, there was a decreasing trend in number of 

recurrent clinical malaria episodes during follow-up from 106 episodes in first month to 75 
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episodes in 24th month, for a drop of 3 participants in the period. In terms of precision, the 

recurrent events joint model outperformed single event joint model which underestimated the 

hazard ratios of clinical malaria in most cases with larger standard errors. Based on the 

recurrent event joint model, the hazard of recurrent clinical malaria decreased with increasing 

participants’ age (hazard ratio [HR]=0.960 [ 95% confidence interval [CI]: 0.944, 0.976]), for 

1-year increase in age. The hazard was also higher among participants who reported not to use 

LLINs every night compared to those who used the nets nightly (HR=1.424, [95% CI: 1.218, 

2.032]). Compared to dry season, the hazard was higher during the rainy season (HR=1.355, 

[95% CI: 1.048, 1.753]).  

 

In the simulation study, the performance of the recurrent event joint model improved as 

measured from decreasing bias with increased study sample size overall from 100, 200 to 400 

participants, and by increasing length of study follow-up from 2 years to 3 and 4 years. The 

performance of the joint model worsened by increasing level of censoring from 10% to 20% 

and 50% in that order worsened the performance of the joint model.  

 

Conclusions: Despite similar study designs across the reports, the statistical methods varied 

substantially and often represented overly simplistic models of risk. The results underscore 

the need for more effort to be channeled towards adopting standardized longitudinal methods 

to analyze prospective cohort studies of malaria infection and disease.  

 

Modelling the risk of clinical malaria using the recurrent event joint models with improved 

precision may enhance study efficiency and allow for design of clinical trials with relatively 

lower sample sizes with increased power. Underestimation of risk by the single event joint 
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model may lead to incorrect inferences and wrong conclusions. The simulation study show 

that the recurrent events joint model can give parameter estimates with low bias. These results 

underline the need for models to utilize all collected follow-up data when estimating the risk 

of recurrent clinical malaria.    

 

Keywords: Plasmodium falciparum, Longitudinal studies, Longitudinal analysis, Cohort 

studies, Prospective studies, longitudinal data, malaria parasitemia, time-to-event analysis, 

clinical malaria, Cox proportional hazards model, joint modelling, recurrent events, shared frailty 

model 
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Chapter 1 

Introduction 

 

1.1 Background 

 

Plasmodium falciparum infection is one of the most common parasitic infections in humans. 

Individuals in high-transmission settings are exposed to bites of infected Anopheles 

mosquitoes and develop frequent infections. In early childhood, infections are almost always 

associated with symptomatic disease (1). Globally, there were an estimated 219 million cases 

and 435 000 related deaths in 2017, with a disproportionately higher share of the problem in 

Sub-Saharan Africa (SSA), home to 92% of cases and 93% of malaria deaths as in appendix 

1.1(2). In Malawi, malaria is endemic with approximately 1150 hospital admissions per 100 

000 population, 215 cases per 1000 population and estimated 7 200 deaths in 2015 (3). 

Prevalence of Plasmodium falciparum parasite is also high in Malawi as shown in Appendix 

1.2. (4).  Data used in this study came from Chikwawa, a district in the rural area in southern 

Malawi. Although malaria is endemic throughout Malawi, the highest risk of the infection 

occurs along low-lying regions that are hotter, wetter and more humid, and the risk is lowest 

in highlands (5). Chikwawa district is located along a low-lying region which is usually hot, 

wet and humid with high rates of malaria parasite transmission by anopheline vectors (6,7) 

with an estimated entomological inoculation rate (EIR) of 172 infectious bites per year (8).  

 

In Malawi, the National Malaria Control Program plan to control malaria has been focusing 

on prevention strategies including use of  long-lasting insecticide treated bed nets (LLINs) (9–
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11), prompt access to ACTs, intermittent preventive treatment in pregnancy (IPTp) and indoor 

residual spraying (IRS) in focal areas (12,13). Recently, in 2019, Malawi together with Kenya 

and Ghana rolled-out two pilot interventions namely: the use of piperonyl butoxide (PBO) 

nets; and RTS,S/AS01 (RTS,S) malaria vaccine in the context of routine use as one of  World 

Health Organization (WHO) Malaria Vaccine Implementation Program (MVIP) (14). Despite 

the scale up of different combinations of the above prevention strategies, this has not resulted 

in a sustainable reduction of the risk of malaria and its morbidity in Malawi as well as the 

region (15–19). 

 

In order to measure progress in the reduction of malaria burden, different studies are 

conducted on the disease prevalence and incidence which also serve to inform program 

implementation and better target interventions (4,6,20). These studies have often been cross-

sectional (21) or repeated panel surveys (22,23) while cohort studies are scarce. Unlike other 

designs, cohort studies, with regular follow-ups, provide an opportunity to study the trend of 

outcomes such as clinical malaria or parasitemia for the same participants over time, thereby 

generating longitudinal and event-time data. Therefore, longitudinal cohorts are ideal to study 

risk of malaria over time especially in high transmission areas because repeated infection is 

common and with each infection, acquired immunity develops making subsequent disease 

episodes less likely (24,25). Over time, individuals acquire immunity to clinical disease as 

shown in appendix 1.3.  

 

When modelling the risk of malaria in a cohort study, methods ought to account for this 

naturally acquired immunity which develops in individuals over time. In order to estimate the 
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risk of malaria, modelling clinical disease episodes (as recurrent events) jointly with the 

repeated measurements of P. falciparum parasitemia (as longitudinal data) may be crucial to 

capture the effect of the developed protective immunity to malaria. Applications of joint 

modelling of longitudinal and event-time data include HIV programs where evolutions of 

viral load or CD4 count have been modelled jointly with time to development of AIDS 

(26,27). In patients with cancer, performance scores have frequently been modelled jointly 

with time to death or tumor recurrence (28,29). Unlike in HIV and cancer (examples above) 

where once one develops the disease then mostly likely they will have it for life, malaria can 

have more than one disease episodes. In malaria, the joint modelling of longitudinal and 

event-time data have been on time to first episode (30). When following up individuals, 

methods that focus on first incident alone may underestimate the disease burden and therefore 

repeated episodes provide a better understanding of malaria characteristics over time. For 

malaria, there is an opportunity to study not only the first clinical malaria occurrence but more 

than one episode. There is clearly a gap in literature on the use joint modeling to analyze 

recurrent clinical malaria and parasitemia data collected during cohort studies. Meanwhile, 

malaria experts are urged to analyze recurrent event times to further methodological research 

and to evaluate malaria vaccines as per WHO Malaria Vaccine Advisory Committee 

(MALVAC) recommendation (31). This study aims to use a joint modelling approach to study 

risk factors for recurrent malaria episodes in presence of longitudinal measurements of 

parasitic count.  

 

1.2 Problem statement and rationale 

The burden of malaria is likely underestimated when methods used only consider first malaria 

episode for an individual. Therefore, there is a need to understand the risk factors for recurrent 
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episodes of malaria through models that can appropriately handle within-participant 

dependence of recurrent events and the naturally acquired disease immunity over time. 

Traditionally, time-to-event and longitudinal (non-survival) outcomes have been analyzed as 

two isolated fields, with much priority on the time-to-events. The longitudinal measurements 

data are usually downgraded to a secondary part as covariate. Since covariates are typically 

measured periodically, it is common to fill in the missing values by carrying forward the last 

observed values before each event time and this typically leads to bias especially when the 

last observation is distant in time (32). In order to address this and understand the risk of 

recurrent clinical malaria episodes among individuals in a cohort, we need methods that can 

jointly model the recurrent events and the longitudinal parasitemia measurements data. This is 

the research gap that the study aims to fill and is summarized in appendix 1.5.  

1.3 Aims and specific objectives  

 

1.3.1 Overall aim   

To determine factors associated with recurrent malaria episodes in Malawi’s Mfera cohort 

study through joint modelling of the recurrent episodes and longitudinal parasitemia data. 

1.3.2 Specific objectives   

i. Do a review of statistical methods for modelling of malaria cohort data. 

ii. Determine whether jointly modelling time-to-new clinical malaria episode and 

parasitemia data improves precision compared to time-dependent Cox model. 

iii. Assess whether jointly modelling recurrent clinical malaria episodes and parasitemia 

is more accurate than single-event joint models where the subsequent episodes are 

ignored.  
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iv. Predict probability of a new clinical malaria episode given participant’s history of 

recurrent events and parasitemia trajectory using the optimal joint model.  

v. Using simulations, assess the performance of the joint model under varying conditions 

of study sample size, length of follow-up and level of event censoring.  
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The next sections of the thesis are structured as follows: Chapter 2 presents the methodology 

with an overview of existing background literature of statistical models for the report. Chapter 

3 is a peer reviewed article titled “Systematic review of analytical methods applied to 

longitudinal studies of malaria” which was published in Malaria Journal. Chapter 4 is a 

second paper on “Joint modelling of time-to-clinical malaria and parasitemia in a cohort in 

an endemic area” and is published in Journal of Medical Statistics and Informatics. Chapter 5 

is a third paper from this thesis on “Analysis of recurrent times-to-clinical malaria episodes 

and Plasmodium falciparum parasite from a cohort study: a joint modelling approach” and is 

submitted for consideration to the BMC Research Methodology Journal. Lastly, Chapter 6 

gives the overall thesis discussion and conclusions.     
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Chapter 2 

Methodology  

 

2.1 Data, variables and measurements  

 

2.1.1 Data  

This research used data from a prospective malaria cohort study conducted in a rural area of 

southern Malawi under Malawi International Center of Excellence for Malaria Research 

(ICEMR). The cohort enrolled 120 participants who presented with uncomplicated malaria at 

the Mfera health center in the Chikwawa district between June 2014 and March 2015. Initial 

diagnosis was made by rapid diagnostic test (RDT) and confirmed by microscopy using thick 

blood smears. Participants underwent passive and active surveillance monthly and whenever 

sick for up to two years to assess the incidence of clinical malaria and P. falciparum infection. 

In total, the cohort contributed a total of 2682 observations and accrued follow-up time of 

73,514 days, median, 720 (interquartile range: 715–721) days.   

 

2.1.2 Variables and measurements 

Outcomes: The primary outcomes of the study were: 1) recurrent clinical disease defined as 

participants’ self-reported fever and a positive RDT result, and 2) P. falciparum infection as 

parasitemia measured from thick smear during monthly or sick visits over the follow-up 

period.  
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Covariates: The models included participants’ age, gender, season of visit categorized as dry 

(May-November) or rainy (December-April), and frequency of LLIN use in the previous 

month of the visit defined as whether one used the net every night. There were no missing 

data in all covariates considered in this study, except in 2 (0.1%) instances of LLIN net use.  

 

2.2 Ethical consideration   

This study was approved by the University of the Witwatersrand Human Research Ethics 

Committee (HREC) on 18th October 2017, with clearance certificate no. M170952 as attached 

in appendix 2.1. The data used in this thesis (as in section 2.1.1) came from a Mfera malaria 

cohort study which was approved by Institutional Review Boards (IRB)s and ethics 

committees of the College of Medicine of the University of Malawi and University of 

Maryland in USA. The data was anonymized during analysis. 

 

 

2.3 Modelling longitudinal data   

Longitudinal data which is generated by repeated measurements of same participant over time 

is becoming common in malaria and biomedical research overall. The main goal of 

conducting longitudinal studies is to characterize changes in the response of interest over 

time, in relation to some covariates. In malaria, examples include characterization of 

incidence of disease episodes, evolutions of parasite diversity, human host immune response 

and abundance of vectors of transmission. Covariates may include factors such as participants 

characteristics, environmental, social-economical, preventive and vaccine malaria 

interventions.  
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By design, the underlying key features in longitudinal data are:  i) correlation – where 

response on one instance determines the likely value of the future response, and ii) 

heterogeneous variability – where the variance of the response varies over time. Together, the 

within-participant correlations of pairs of repeated measurements and the variability of the 

responses on different occasions is a covariance.  The primary focus in models is normally on 

the mean response. However, inferences about change in the response in relation to covariates 

are also dependent on the covariance and if not properly accounted for, may lead to invalid 

inference (33).  

 

Longitudinal studies are usually designed with pre-scheduled times of repeated measurements 

which consequently set common points for all participants. If this is achieved over the whole 

follow-up time, the data is considered to be balanced.  However, in most settings of 

biomedical research it may not be practical for all study participants to have common 

sequence of measurement times rendering the data to be unbalanced over time. Participants 

can miss their scheduled visits for various reasons. Sometimes, by design studies such as 

those on drug safety measuring adverse events or characterizing disease incidence may 

require participants to come for unscheduled visits whenever sick.    

 

Furthermore, missing data is also typical in longitudinal data, and can be due to several 

reasons including the participants missing visits, drop-out because of transfer from study area, 

withdrawal from study or death. Missing data threatens the validity of the results because if 

not handled properly may lead to bias and loss of efficiency, and results in decreased 
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statistical power and increased standard errors (34,35). The three patterns of missing data are 

univariate, monotone and arbitrary (36,37). Given 𝑚 variables denoted as 𝑥1, 𝑥2, 𝑥3, . . . , 𝑥𝑚 ; 

data is said to be of univariate pattern if missing occurs in the same participant on at least one 

of the 𝑚 variables. Monotone missing data pattern arises if a variable has missing due to 

missingness in variable preceding it and itself results in missing in the subsequent variable, 

i.e. when 𝑥𝑖 is missing, 𝑥𝑖 + 1, 𝑥𝑖 + 2, … , 𝑥𝑚 are also missing. Monotone pattern is frequent in 

longitudinal studies due to dropouts. When missing occurs randomly in any variable, it is 

called an arbitrary missing data pattern. When missing occurs randomly in any variable, it is 

called an arbitrary missing data pattern. The well documented three mechanisms of missing 

data according to Little and Rubin  include, a) missing completely at random (MCAR), b) 

missing at random (MAR); and c) missing not at random (MNAR) (36,37). The MCAR 

occurs when the observed data are just random sample of all data and the failure to observe 

does not depend on any other unobserved or observed values. The MAR arises if failure to 

observe a value is independent of unobserved data but may depend on other observed values. 

Data are said to be MNAR if failure to observe a value depends on the value that would have 

been observed regardless of observed data. The ad-hoc methods to handle missing data 

include: complete case analysis - which uses only individuals who have all variables 

observed; list wise deletion (where an observation is dropped from analyses due to missing 

value in one or more of the specified variables) and the pairwise deletion (in which analysis 

procedure drops a particular variable due to a missing value, but it can still use the 

observation when analyzing other variables with non-missing values). However these 

methods are prone to yielding biased and inefficient estimates in most situations and are 

discouraged (38–40). Different contemporary and principled methods have been proposed for 

handling missing data. These methods include multiple imputation (MI), inverse probability 

weighting (IPW), doubly robust inverse probability weighting (DR-IPW), maximum 
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likelihood (ML), weighted estimating equations (WEE) and Bayesian methods. Excellent 

overviews on contributions in methodology for handling missing data include Ibrahim et al 

2005 (41), Graham 2009 (42), Ibrahim and Molenberghs 2009 (35).  Recently, Tseng et al 

2016 have proposed latent random effects method for analyzing longitudinal outcomes in the 

context of MNAR arising from individuals intermittently missing scheduled visits or drop-

outs (43). In practice, choice of the method is dependent on assumptions about missing 

mechanism present in the data at hand (35,44). Under frequentist inference, MCAR is 

commonly ignorable while in the likelihood and Bayesian paradigms, both the MCAR as well 

as MAR are ignorable. In this study MAR was assumed and so likelihood and Bayesian 

methods which were used are both valid.  

 

Longitudinal data analysis methods should appropriately account for the above discussed 

attributes namely: covariance structure, balanced vs unbalanced design and missing data. The 

covariance structure contradicts the independence of within-participant measurements and 

homogeneity of variance over time which are fundamental assumptions of many ad hoc 

methods such as t-test, analysis of variance (ANOVA), and multiple linear regression. 

Additionally, the stated methods require that the data be balanced but this is usually not 

possible because of frequent unscheduled visits or data missingness.  

 

The recent approaches common in practice for longitudinal data analysis that accommodate 

covariance structure and unbalanced designs are Mixed-effects models (MEMs) (45) and 

generalized estimating equations (GEEs) (46). The MEM is an individual-level (conditional) 

approach adopting random effects to capture the correlation between the observations of the 

same participant. For normally distributed outcomes, a linear mixed effect model can be 
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marginal or conditional and the choice between the two formulations is not particularly 

critical as the interpretation of the conditional is equivalent to marginal models. On the other 

hand, GEE is a population-level approach based on a quasi-likelihood function (47–50) and 

provides the population-averaged estimates of the parameters. Gibbons et al 2010 provide a 

detailed comparison between MEM vs. GEE in a review of recent advances in longitudinal 

data analysis (51). They advocated for MEM over GEE when the study has dropouts because 

unlike GEE, MEM uses all available data from individuals to model temporal responses that 

would be observed if not for dropouts. In order to accommodate missing data specifically 

under MAR, the weighted-GEE has been widely used (52). Under GEE, Wang 2014 gives 

detailed review and recent developments including choice of working correlation structures as 

summarized in appendix 2.2 (48). Recently, Shen and Chen 2012, 2013 also proposed a 

missing longitudinal information criterion (MLIC) for model specification, and the MLIC for 

correlation (MLICC) for selection of the correlation structure when there is dropout (53,54). 

 

In the current study, the data are unbalanced because participant were encouraged to come to 

clinic whenever sick. Further than that, some participants did not show up on the exact 

scheduled dates with often a delay of few days, but dropout was infrequent. Therefore, in this 

study, mixed-effects model is utilized to model the longitudinal parasitemia process. 

   

The mixed-effects sub-model: For the mixed-effects models, studies have frequently focused 

on continuous outcomes and often applied linear mixed-effects models  (55–57). The linear 

mixed-effects model with Gaussian response can be expressed as follows; supposing data is 

available from 𝑁 participants with 𝑛𝑖 observations recorded for participant 𝑖 =  1, … ,  𝑛 . The 
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response 𝑦𝑖𝑗, (𝑗 = 1, … , 𝑛𝑖), fixed-effect covariate vector  𝑋𝑖𝑗 = (𝑥1𝑖𝑗, … , 𝑥𝑝𝑖𝑗)′, and random-

effect covariate vector 𝑍𝑖𝑗 = (𝑧1𝑖𝑗, … , 𝑧𝑞𝑖𝑗)′ are recorded at times 𝑡𝑖𝑗. The linear mixed-effects 

model becomes;  

 

𝑦𝑖𝑗 = 𝛽𝑋𝑖𝑗
′ + 𝑏𝑖𝑍𝑖𝑗

′ + 𝜀𝑖𝑗, (2.1) 

 

where 𝛽 is the 𝑝 × 1 fixed-effect parameter vector, 𝑏𝑖 is the 𝑞 × 1 vector of random effects 

for participant 𝑖 which is usually assumed to be multivariate normal with mean zero, i.e.,  

𝑏𝑖~𝑁𝑞(0, ∑ )𝑏 , and  ∑ is𝑏  the variance of the subject specific effects (58). The error vector 

𝜀𝑖 = (𝜀𝑖1, . . , 𝜀𝑛𝑖𝑗)′ is assumed to be distributed - 𝜀𝑖~𝑁𝑛𝑖(0, 𝛿2𝐼𝑛𝑖) where 𝛿2 is variance and 

𝐼𝑛𝑖 is the 𝑛𝑖 ×  𝑛𝑖   identity matrix; and 𝑏𝑖 and 𝜀: independent.  

However, when the response follows a non-Gaussian distribution, the linear mixed-effects 

models may not be appropriate. In this study, the parasitemia is the longitudinal response 

following a negative binomial (NB) distribution as it fitted parasitemia better than Poisson or 

quasi-Poisson based on AIC.  Taking that response 𝑦𝑖𝑗follows NB distribution with mean µ 

and shape parameter  𝜔, then it’s distribution can be; 

 

𝑦𝑖𝑗~𝑁𝐵(𝑦𝑖𝑗|𝜇𝑖 , 𝜔) =
𝛤(𝑦𝑖+𝜔)

𝛤(𝜔)𝑦𝑖𝑗!
. (

𝜔

𝜇𝑖+𝜔
)

𝜔

. (
𝜇𝑖

𝜇𝑖+𝜔
)

𝑦𝑖𝑗

     (2.2) 
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Where 𝛤(.) is the Gamma function. The equation (2.2) can be expressed as in form of Gamma 

mixture of Poisson distribution (59) with 𝑦𝑖𝑗~𝑃𝑜𝑖𝑠𝑠𝑜𝑛(𝑦𝑖𝑗|𝜇𝑖𝜀𝑖)and 𝜀𝑖𝑗~𝛤(𝜔, 𝜔). It is shown 

in appendix 2.2 that 𝐸(𝑦𝑖𝑗) = 𝜇𝑖, and 𝑉𝑎𝑟(𝑦𝑖𝑗) = 𝜇𝑖 +
𝜇𝑖

2

𝜔
, where 𝑉𝑎𝑟(𝑦𝑖𝑗) ≥ 𝐸(𝑦𝑖). The 

shape parameter 𝜔 determines the degree of over-dispersion, when 𝜔 → +∞, then 

𝑉𝑎𝑟(𝑦𝑖𝑗) = 𝜇𝑖 consequently making the NB to converge to Poisson model which does not 

handle over-dispersion. In the current study, parasitemia data were over-dispersed. Taking 

notation by (60), The NB mixed-effects model links the mean of response to the fixed and 

random effects through a log-link function as; 

 

log(𝜇𝑖) = 𝛽𝑋𝑖
′ + 𝑏𝑖𝑍𝑖

′ + log (𝑀𝑖),      (2.3) 

 

where log(𝑀𝑖) is offset representing total number for a set of measurements.  

 

2.4 Modelling survival data 

Time to event data popularly called survival data in biomedical research is a special case of 

longitudinal data in which the primary scientific interest is on time until occurrence of an 

event such as disease episode, hospital discharge or death. A main characteristic of survival 

data is that the event times may be censored, i.e. event of interest not observed during the 

study period due to drop-out or study closure. Two types of censoring mechanisms are; i) 

informative in which the chance of being censored is related to the expected failure time, and 

ii) non-informative whereby censoring can depend on covariates unrelated to the event 

process but not on the expected failure time. Typically, in survival analysis, the interest can be 
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to describe the survival function, 𝑆(𝑡) defined as the probability that a participant is event-

free at t, 𝑆(𝑡) = P (𝑇 > 𝑡), where 𝑇 is the true survival time.  However, the common 

scientific interest is to characterize the hazard function (hazards rate) ℎ(𝑡) of an event. The 

hazard function can be defined as an instantaneous probability of experiencing an event at 

time 𝑇 having survived up to time 𝑡 and can be presented as; 

 

  𝜆(𝑡) = lim
∆𝑡→0

P (𝑡≤𝑇<𝑡+∆𝑡|𝑇≥𝑡)

∆𝑡
,       𝑡 ≥ 0 .              (2.4) 

 

Several survival models exist particularly for modelling time-to-single event. These include 

fully parametric models namely exponential, Weibull, Gompertz, log-normal, log-logistic and 

Accelerated Failure Time (AFT) models, all which assume a particular distribution for the 

hazard function. Overviews about parametric survival models are many and some of them can 

be found here  (61,62). However, in most settings in biomedical research, imposing a specific 

parametric assumption on survival times may not be practical. This study focuses on a semi-

parametric Cox Proportional Hazards model (PH) model, the mostly used survival model in 

biomedical research introduced by Cox et al 1972 (63) and it is discussed below. The Cox PH 

model is semi-parametric because it does not make assumption about the baseline hazard 

function 𝜆0(𝑡)  but assumes parametric form for the effect of the predictors on the hazard. 

This implies that the main advantage with the Cox PH model is that one can obtain covariate 

risk parameter estimates without need to specify the 𝜆0(𝑡), which may otherwise be mis-

specified sometimes.  The Cox PH assumes that the hazard is proportional over time and that 

its function is linearly related to the set of covariates. The Cox PH model with the hazard 

function 𝜆𝑖(𝑡) for participant 𝑖 at given time 𝑡 can be expressed as;  
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𝜆𝑖(𝑡) =  𝜆0(𝑡)𝑒𝑥𝑝[𝛽𝑠𝑋𝑠𝑖
′ (𝑡)],       (2.5) 

 

where and 𝜆0(𝑡) is the unspecified baseline hazard function and 𝑋𝑠𝑖(𝑡) represent the covariate 

vector for participant 𝑖, and 𝛽𝑠denote a vector of coefficients for 𝑋𝑠𝑖(𝑡) .  

 

2.5 Modelling recurrent events data  

Recurrent events data arises when a participant experience repeated occurrence of same event 

over time such as repeated episodes of clinical malaria (in this study), visual acuity, heart 

attacks and hospitalizations. Statistical methods for analyzing recurrent events include, 

recurrent Cox-extended models such as frailty models (64–68), Andersen-Gill (AG) (69), 

Prentice and Williams and Peterson (PWP) (70), and the marginal means/rates model (71). 

While overviews on these models can be found in  (30,67,72,73), this section discusses the 

recurrent events models are in relation to malaria data.  

 

For the counting process of the recurrent clinical episodes, let 𝑅𝑖
∗(𝑡) be the number of 

recurrent events for participant 𝑖 occurring before or at time 𝑡 over an interval [0, 𝜏], where 

recurrent episodes could potentially be observed beyond prespecified maximum time point 𝜏. 

Then the counting process may be stopped by the time to loss to follow-up or end of the study 

denoted by 𝐶𝑖, with the failure indicator  ∆𝑖 taking value 1 if 𝑇𝑖 < 𝐶𝑖 and 0 otherwise. The 

observed counting process, 𝑅𝑖 = 𝑅𝑖
∗𝑚𝑖𝑛(𝑡, 𝐶𝑖) has a known zero-one process {𝐺𝑖(𝑡): 0 ≤ 𝑡 ≤

 𝜏} indicating whether the participant 𝑖 is at risk of experiencing an episode during period 𝑢. 
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Thus, the counting process 𝑅𝑖
∗  has a jump of size one i.e. (𝑅, 𝑅 + 1, … ) when an event occurs 

i.e. episode of clinical malaria is experienced. 

 

The AG model uses a counting process time-scale for all episodes assuming that the 

correlation between episodes-times for each participant is explained by previous episodes 

where time-scale does not reset to zero after an episode. In the AG model, the hazard function 

of the 𝑘𝑡ℎ event for participant 𝑖 at time 𝑡 can be expressed as 𝜆𝑖𝑘(𝑡𝑖|𝑋, 𝛽) =

 𝜆0(𝑡)𝑒𝑥𝑝[𝛽𝑋𝑖𝑘
′]𝐺𝑖𝑘(𝑡), where 𝜆0(𝑡) denote the baseline hazard for all events over follow-up 

time; 𝜆0(𝑡) is a vector of coefficients, and 𝐺𝑖𝑘(𝑡) is a Bernoulli process denoting whether the 

participant 𝑖 is in the risk period or not. This model is typically applicable when the interest is 

on the overall effect of covariates on the intensity of the recurrent episodes. 

  

The PWP model is similar to the AG model but analyses ordered events by stratification and 

can be expressed as gap-time model where the time-scale is reset to zero after each episode 

occurs. Gap-times between malaria parasitemia detection to clearance is a good example 

where the PWP model can be valid. The formula for hazard function in the PWP model can 

take the form as; 𝜆𝑖𝑘(𝑡𝑖|𝑋, 𝛽) =  𝜆0𝑘(𝑡)𝑒𝑥𝑝[𝛽𝑋𝑖𝑘
′]𝐺𝑖𝑘(𝑡), where 𝜆0𝑘represents the event-

specific baseline hazard for the event 𝑘 over time.  

 

The marginal means/rates model considers all recurrent episodes for each participant as a 

single counting process and interpreted in terms of mean number of episodes. However, this 
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model does not incorporate time-dependent covariates to reflect the historical process of the 

episodes (71) and thus may not be appropriate for recurrent malaria data. 

 

Shared frailty models are the most common used method for recurrent events data. The shared 

frailty model was introduced by Clayton 1978 (68) and extensively studied in Hougaard 2000 

(74), Therneau and Grambsch 2000 (66), Duchateau and Janssen 2004 (75), and Duchateau et 

al. 2008 (76), as extensions to the Cox PH model by introducing a random covariate that 

induces dependence among the recurrent episode times. By conditioning on covariates and the 

random effect, the recurrent episodes are assumed to become independent. There are different 

flavors of distributions of shared frailty models which include; Gamma, inverse Gaussian and 

positive stable (77,78), and their respective advantages and disadvantages have been 

discussed in Hougaard 2000 (74). The shared Gamma frailty model is the mostly used 

distribution for recurrent events data because of its mathematical convenience (79). 

Computationally, although the Gamma models have no closed form expressions for hazard 

functions, they fit well into the proportional hazard model. Consequently, it is easy to derive 

the closed form expressions for unconditional hazard functions. This makes estimation of the 

model parameters easier by integrating out the frailties appearing in the conditional likelihood 

to get marginal likelihood. One can obtain parameter estimates by maximizing the marginal 

likelihood. Further, Abbring and van den Berg 2007 showed that under some regularity 

conditions, the frailty distribution among the survivors at a specific time t converges to a 

Gamma distribution (79).  
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In this study, a shared Gamma frailty model was used to model the recurrent clinical malaria 

episodes. The model can be defined as follows; let 𝛽 be a vector for covariate vector 𝑋𝑖 for 

participant subject 𝑖 =  1, … ,  𝑁 and denote the recurrent event times as 𝑡𝑖𝑗 = 1, … , 𝑛𝑖. The 

shared frailty model with a Gamma frailty term can be expressed as follows;  

 

𝜆𝑖(𝑡𝑖|𝛾𝑖) =  𝜆0(𝑡𝑖)𝛾𝑖𝑒𝑥𝑝[𝛽𝑋𝑖
′]𝐺𝑖(𝑡),               (2.6) 

 

the baseline hazard function 𝜆0 is assumed to follow a Weibull distribution. The term 𝛾𝑖 

represents the unobservable random effects (frailty) term to account for dependence in within-

participant episodes and is assumed to follow a Gamma distribution with unit mean and 

variance θ, i.e. 𝛾𝑖~𝛤(1, 𝜃). The frailty variance 𝜃, reflects the amount of the within-

participant dependence of clinical episode times i.e. the correlation of the recurrent events is 

quantified by 𝜃, with higher values corresponding to greater within-participant correlation. A 

Bernoulli process, 𝐺𝑖(𝑡), denotes whether the participant 𝑖 is in the risk period of experiencing 

the malaria episode. The likelihood of the shared Gamma frailty model is derived in appendix 

2.2. 

 

2.5 Joint modelling of survival and longitudinal data 

Joint modelling of the survival (time-to-single event) and longitudinal data become important 

when potentially the two data processes are associated. Typically, the joint model is 

composed of longitudinal and survival sub-models. Literature in this area has been reviewed 

by Hogan and Laird 1997 (80), Tsiatis and Davidian 2004 (27), Yu et al. 2004 (81) and 

Rizopoulos 2012 (82). Some of the contributions in the field include a joint model using a 
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parametric approach to model the time-to-event with likelihood inference studied by 

Schluchter 1992 (83) and DeGruttola and Tu 1994 (84). Self and Pawitan 1992 (85) have 

considered two-step approach to estimate parameters conditioned on the survival information 

when computing covariates expected values. In this method, estimates of the risk parameters 

were obtained through partial likelihood, but then to account for the uncertainty in the 

expected values of the covariates, corresponding variances were also derived by assuming 

fixed and known variance of the covariate random effects. Wulfsohn and Tsiatis 1997 (86) 

studied a fully likelihood based joint model using linear mixed-effects model and a Cox PH 

model with infinite-dimensional baseline hazard. Tsiatis et al. 1995 (87) proposed also a two-

step process in which they assumed a growth curve random components model with normal 

errors for the longitudinal process and then use the modified expectation maximization (EM) 

algorithm for estimation. Then, these estimates are substituted into the proportional hazards 

model and the Cox PH model is used to obtain survival parameter estimates. Finally, most of 

the approaches reviewed focus on continuous longitudinal outcomes with linear distribution. 

Recently, Rizopoulos 2012 (82) has looked at a joint model which accommodates a case of 

non-linear and a non-Gaussian longitudinal outcome such as binary or count in the Bayesian 

approach in which joint model parameters are obtained using Markov chain Monte Carlo 

(MCMC) algorithms. This approach was considered in the current study since the longitudinal 

process, i.e. the parasitemia were neither continuous nor linear. Different association 

structures to link the longitudinal and survival outcomes have been studied (29,82,88). For 

example, Rizopoulos 2012 (82) assumed that the hazard for an event at any specific time of 

the follow-up is associated with: i) the current underlying value of the longitudinal outcome at 

the same time point, ii) the rate of increase/decrease of the biomarker’s levels or iii) summary 

of the whole longitudinal trajectory. The joint model consists of a longitudinal sub-model 

taking the form of a mixed-effects model as in equation (2.1) while the survival sub-model 
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has a Cox PH model form. The hazard function 𝜆𝑖(𝑡) for participant 𝑖 at time 𝑡 as given is 

modelled as;  

 

𝜆𝑖(𝑡) =  𝜆0(𝑡)𝑒𝑥𝑝[𝜃ℎ(𝛽, 𝑏𝑖, 𝑡) + 𝛽𝑠𝑋𝑠𝑖
′ (𝑡)],       (2.6) 

 

where ℎ(𝛽, 𝑏𝑖, 𝑡) is a function of the fixed and random effects in the longitudinal sub-model, 

and 𝜃 is an association parameter linking the two sub-models: survival and longitudinal 

models (27). The 𝛽𝑠 is a parameter vector for covariates unique to the survival sub-model. 

The survival covariate vector 𝑋𝑠𝑖(𝑡) = (𝑥𝑠𝑖1, . . , 𝑥𝑠𝑖𝑟)′ includes baseline covariates for 

participant 𝑖 with 𝛽𝑠 representing 𝑟 × 1 parameter vector.  

 

2.6 Joint modelling of recurrent events and longitudinal data 

Joint modelling of longitudinal data with recurrent events (repeated time-to-events) becomes 

appropriate when study participants experience repeated episodes of the same outcome. In this 

scenario, considering time-to-single event while ignoring subsequent events may threaten the 

validity of the inferences. For example, in this study, the event history of clinical malaria 

episodes is particularly critical since each P. falciparum infection alters the host immune 

response against risk of subsequent episodes as detailed is section 1.1.  Joint modelling of 

recurrent events and longitudinal data is receiving attention recently but literature is still in 

infancy stage. Among the proposed approaches, Han et al. 2007 (89) considered parametric 

latent class of joint models for a longitudinal outcome and recurrent events where the effects 

of accumulating events and possible interventions are captured through a latent class 
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structure. However, this method uses linear mixed-effects model for the longitudinal outcome. 

Mbognin et al. 2015 considered a joint modelling of longitudinal and recurrent events data 

using nonlinear mixed-effects models for continuous outcomes and the Stochastic 

Approximation Expectation-Maximization (SAEM) algorithm (90). However, this approach 

was suited for continuous outcomes only. Li 2016 studied a joint model of recurrent events 

process and an intermittently observed longitudinal binary covariate that is time-varying using 

Markov model for the binary covariate process and a random-effect proportional intensity 

model for the recurrent events process. In this approach, parameters were estimated using 

MCMC algorithm (91). In this study, the recurrent events model extends the single event 

semi-parametric proportional hazards model by introducing an unobservable (frailty) random 

term which the hazard function depends upon to account for within-participant dependence of 

events (92), i.e. clinical malaria episodes in this study. For recurrent clinical malaria episodes 

process, an intensity event model function is adopted as opposed to rate function because 

while the rate function only defines the occurrence of recurrent events unconditional on the 

event history, the intensity function conditions the occurrence of events on the event history 

(93). Thus, the intensity recurrent events model would account for the participants’ 

strengthening immunity to episodes due to accumulating event occurrences over time, which 

is critical in recurrent events analysis (89). The shared Gamma frailty model representing an 

intensity recurrent events model as in Henderson et al. 2000 is expressed in equation (2.6) 

(55).    

 

Likelihood of the joint model for recurrent and longitudinal data: Using generic terms 𝑌 to 

denote combined observed measurements of parasitemia data, 𝑅 for combined recurrent 

episodes data, 𝑋 for covariate information, and Φ = {𝜀, 𝛾} for the random (or frailty) 
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processes, the joint distribution for the longitudinal measurements 𝑌 and recurrent events 

processes 𝑅 are conditionally independent given 𝑋, 𝜀 and 𝛾. The dependence between 𝑌 and 𝑅 

may arise as a result of the direct link between 𝜀 and 𝛾, called latent association by Henderson 

et al (55), without which nothing can be gained through a joint analysis. Our interest is to 

model the subjects’ recurrent processes of episodes together with their longitudinal 

measurements of parasitemia, through the association of 𝜀 and 𝛾. Following framework 

proposed by Henderson et al (55), one can proceed to compute the joint likelihood as a 

product of the marginal distribution of observed measurements 𝑌 and the conditional 

distribution of the events (episodes) 𝑅 and including a third term {𝑡𝑖𝑗} for visit times process. 

However, if we assume that the timing of visits occurs independently of the measurements 𝑌 

and events processes 𝑅, we can proceed to ignore this third term as non-informative. For each 

participant 𝑖, the observed data are {(𝑡𝑖, 𝑋𝑖, 𝑢𝑖 , ∆𝑖, 𝜏𝑖), 𝑖 = 1,2, … , 𝑛}. Computing the full joint 

likelihood 𝐿 = 𝐿(𝜋, 𝑌, 𝐾) where 𝜋 = (𝛽, 𝜎, 𝜃, 𝜆0, 𝛼, Φ) is a vector denoting a collection of all 

unknown parameters with 𝜆0 = {𝜆0(𝑡𝑖), 𝑖 = 1,2, … , 𝑛}, one can proceed as follows:  

 

𝐿 = 𝐿𝑌 × 𝐿𝑅|𝑌 = 𝐿𝑌(𝜋, 𝑌) × 𝐸𝑍2|𝑌{𝐿𝑅|𝛾(𝜋, 𝑅|𝛾)},     (5) 

 

Here 𝐿𝑌(𝜋, 𝑌) is the standard form of marginal distribution of 𝑌 for the parasitemia 

measurements process. The conditional likelihood of the recurrent episodes data, 𝐿𝑅|𝛾(𝜋, 𝑅|𝛾) 

captures the likelihood contribution of the longitudinal measurements up to any time of event. 

Suppose we denote 𝑅0 = ∫ 𝜆0(𝑢)𝑑𝑢
𝑡

0
 as cumulative baseline intensity for the recurrent events 

process, then 𝐿𝑅|𝛾(𝜋, 𝑅|𝛾) can be expressed as; 
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𝐿𝑅|𝛾(𝜋, 𝑅|𝛾) = ∏ {(∏ [𝑒𝑥𝑝{𝛽𝑋𝑖
′ + 𝛾𝑖}𝜆0]∆𝑅𝑖

𝑡 ) ×𝑖

                                                  𝑒𝑥𝑝(− ∫ 𝐺𝑖𝑒𝑥𝑝{𝛽𝑋𝑖
′ + 𝛾𝑖}

𝜏

0
)𝑑𝑅0}.        (6) 

 

The Gamma distribution of the frailty 𝛾 with mean restricted to 1 and variance θ, i.e. 

𝛾~𝛤(1, 𝜃), can be expressed as 𝑔(𝛾) =
𝜃1𝛾1−1𝑒−𝜃𝑦

𝛤(1)
, 𝛾𝑖𝜖{0, ∞} which reduces to 𝑔(𝛾𝑖) =

𝜃𝑒−𝜃𝑦

𝛤(1)
. 
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This paper is published in the Malaria Journal (2019) 18:254, and it is attached in the 

appendices.  

 

3.0 Abstract   

Background: Modelling risk of malaria in longitudinal studies is common, because 

individuals are at risk for repeated infections over time. Malaria infections result in acquired 

immunity to clinical malaria disease. Prospective cohorts are an ideal design to relate the 

historical exposure to infection and development of clinical malaria over time, and analysis 

methods should consider the longitudinal nature of the data. Models must take into account 

the acquisition of immunity to disease that increases with each infection and the 

heterogeneous exposure to bites from infected Anopheles mosquitoes. Methods that fail to 

capture these important factors in malaria risk will not accurately model risk of malaria 

infection or disease. 

Methods: Statistical methods applied to prospective cohort studies of clinical malaria or 

Plasmodium falciparum infection and disease were reviewed to assess trends in usage of the 

appropriate statistical methods. The study was designed to test the hypothesis that studies 

often fail to use appropriate statistical methods but that this would improve with the recent 

increase in accessibility to and expertise in longitudinal data analysis.  

Results: Of 197 articles reviewed, the most commonly reported methods included 

contingency tables which comprised Pearson Chi-square, Fisher exact and McNemar’s tests 

(n = 102, 51.8%), Student’s t-tests (n = 82, 41.6%), followed by Cox PH models (n = 62, 

31.5%) and Kaplan–Meier estimators (n = 59, 30.0%). The longitudinal analysis methods 
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generalized estimating equations and mixed-effects models were reported in 41 (20.8%) and 

24 (12.2%) articles, respectively, and increased in use over time. A positive trend in choice of 

more appropriate analytical methods was identified over time. 

Conclusions: Despite similar study designs across the reports, the statistical methods varied 

substantially and often represented overly simplistic models of risk. The results underscore 

the need for more effort to be channeled towards adopting standardized longitudinal methods 

to analyze prospective cohort studies of malaria infection and disease. 

Keywords: Plasmodium falciparum, Longitudinal studies, Longitudinal analysis, Cohort studies 

 

3.1 Introduction 

Plasmodium falciparum infection is one of the most common parasitic infection in humans. 

Individuals in high-transmission settings are exposed to bites of infected Anopheles 

mosquitoes and develop frequent infections. In early childhood, infections are almost always 

associated with symptomatic disease (1). Over time, individuals acquire immunity to clinical 

disease and, to some degree, infection (24,25) as can be seen in appendix 1.3. Thus, each 

infection alters the host immune response that protects against the next episode. In addition, 

risk of exposure to infected bites is not uniformly distributed (94,95). Thus, risk of infection is 

not equally distributed across populations. While one infection may decrease the risk of 

disease or infection, an infection in an individual is also an indicator of more frequent 

exposure to infected mosquitoes. This provides an interesting challenge to modelling the risk 

of malaria disease and infection over time. Longitudinal cohorts, unlike other study designs 

such as cross-sectional surveys, can differentiate between infections that appear asymptomatic 

at time of detection but may become symptomatic over time. With efforts intensified to 
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prevent Plasmodium infection and reduce clinical malaria disease, prospective longitudinal 

cohorts are increasingly being conducted to assess risk of infection and disease over time.  

Well-designed prospective longitudinal cohort studies can be key to understanding risk of 

malaria disease for participants over time, but appropriate analysis of the collected data is also 

critical for accurate results. Like any longitudinal designs, malaria cohorts are characterized 

by repeated measurements, resulting in possible correlated infection and disease episode data 

from same participant. The underlying assumption of no correlation among observations 

made by standard statistical methods such as t-tests, analyses of variance (ANOVA), and 

linear regression are violated (96–98). The use of inappropriate methods, particularly those 

that do not account for possible correlation of events when dealing with repeated episodes of 

malaria or infection, can lead to biased results. Ignoring correlation of events could result in 

the confidence intervals for the estimated rates being artificially narrow and the null 

hypothesis may be rejected more often than warranted (72,99). Appropriate longitudinal data 

analysis techniques should account for such possible within-participant correlation and 

different covariance structures of episodes of malaria or infection measurements over time. 

These include generalized estimating equations (GEE) and mixed-effects models. The 

superiority in consistency and efficiency of these methods over the traditional methods, such 

as ANOVA, t-tests and simple linear regression were demonstrated previously (100–103). 

One of the attractive features of GEE is that the method is robust to mis-specification of the 

correlation structure, such that the estimator is consistent even if the working correlation 

structure is mis-specified (50), although it can be inefficient under the mis-specified working 

correlation structure (104). When the research interest is on repeated time-to-episodes of 

disease or infection, it is common to analyze time-to first episode ignoring the subsequent 

events, but this approach fails to utilize all information available in the data (30,53,102,105). 
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Analyses of time-to-first event only may be preferred in some situations. For example, when 

the intention is to evaluate interventions or prognostic factors (e.g., some vaccines) as ‘all-or-

nothing’ determinants of malaria risk, so occurrence of any events is considered a failure. 

Another scenario would be when the first event is considered to have ‘reset’ the host such that 

subsequent events may then be consequently considered in a different category. Recurrent 

time-to-event models malaria episode data because they take into account the within-

participant non-independence of episodes. These techniques include frailty models (64,65) or 

recurrent Cox-extended models, such as the Andersen–Gill and Prentice–Williams–Peterson 

models (30).  

The statistical models that incorporate all the repeated observations over follow-up are 

particularly important in malaria since over time, malaria infections result in individuals 

acquiring immunity to malaria disease. Each infection may introduce protective effect to 

future disease episodes. Therefore, appropriate analytical methods for repeated episodes of 

disease and infection should capture the impact of the developed protective immunity.  

Recent advancements in statistical methods and computer software have improved the ease of 

access and application of statistical methods specifically designed for longitudinal studies, 

allowing one to handle complexity with cohort data (48,51,106–108). Limited information is 

available about whether the recent developments in computer software and statistical methods 

for longitudinal data has translated into more wide adoption and application of appropriate 

methods when analyzing prospective longitudinal malaria cohort data. This study tested the 

hypotheses that choice of statistical methods would change over time and that these changes 

would reflect more appropriate analytical methods. In order to address this hypothesis, a 

systematic review was conducted to investigate the trends of use of appropriate statistical 
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methods among articles analyzing prospective longitudinal cohort data for clinical malaria 

episodes or Plasmodium infection published over a 22-year period. 

3.2 Methods  

3.2.1 Search strategy  

Titles and abstracts containing the terms “malaria prospective study” or “malaria cohort 

study” or “malaria longitudinal study” or “malaria years follow-up” or “malaria repeated 

measurements” indexed in PubMed, Medline or ScienceDirect were included in the search. 

Original articles in English, which was a familiar language to authors, published from 1996 

until December 2017 were reviewed in chronological order. 

3.2.2 Inclusion and exclusion criteria  

Original research articles were included in the analysis if they were prospective cohort studies 

where participants were actively or passively followed up for repeated malaria episodes over 

time and described the following outcomes: clinical malaria based on clinical symptoms and 

confirmed by rapid diagnostic test (RDT) or microscopy; infection defined as positive results 

for polymerase chain reaction (PCR), microscopy, or RDT for Plasmodium parasites. Several 

publications reporting on the same study or data set were all included. Letters to the editor, 

editorials, reviews or systematic reviews, meta-analyses, repeated cross-sectional surveys, 

case reports and articles written in languages other than English were excluded. Detailed 

selection process of the studies under review is shown in Figure 3.1. 
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Figure 3.1. Flow chart for screening process of articles 

 

3.2.3 Data extraction  

For each article included in the analysis, the following information was extracted: year of 

publication, duration of follow-up, outcomes, sample size, population, location and type of 

statistical methods used. Statistical methods were grouped according to categorization by 

Colditz and Emerson (109,110) as presented in Appendix 2.1. In the cases where researchers 

studied multiple outcomes, only methods applied to the outcomes of interest-clinical malaria 

or infection—were considered. Particular interest was on standard longitudinal analysis 

techniques including GEE, mixed-effects models (random effects models) and repeated 

measures ANOVA which are considered appropriate for analyses of repeatedly measured data 

such as repeated episodes malaria disease or infection. For repeated time-to-episodes, 

recurrent Cox-based models and frailty models are considered appropriate, while other 
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survival methods such as the Kaplan–Meier estimator, log-rank test and Cox PH model are 

only appropriate for analyses of time-to-single-episode.  

 

3.2.4 Statistical analysis  

Logistic GEE was used to estimate the odds of using the types of statistical methods in the 

2007–2017 period compared to 1996–2006 period. Each model adjusted for study sample size 

and year of publication was included as a panel variable. The outcome variable was binary, 

indicating whether in each article a particular method was used or not. Models were 

constructed for each of the following methods: contingency tables, descriptive statistics only, 

Kaplan–Meier estimator, Cox PH model, Poisson model, GEE and mixed-effects model. All 

analyses were done using Stata SE version 15.1 (Stata Corp, College Station, TX, USA). 

3.3 Results 

Out of the 1975 abstracts reviewed, 1778 were excluded because they were of other subject 

areas (n = 1007, 51.0%) and study designs (n = 771, 39.0%). One-hundred and ninety-seven 

(10.0%) articles met the inclusion criteria and were included in the analyses (Figure 3.1). 

Overall, the median follow-up time was 12 months [interquartile range (IQR): 9–24]. The 

median sample size per article was 351 (IQR: 206–700). The number of articles increased 

over the 22-year study period, with the highest number found between 2012 and 2016 (Figure 

3.2). 



33 

 

 

Figure 3.2. Total number of articles from 1996 to 2017 with lowess curve.  

 

Overall, there were 128 (65.0%) articles that analyzed both clinical malaria episodes and 

infection as outcomes; 53 (26.9%) assessed clinical malaria episodes only, and 16 (8.1%) 

infections only. A table listing articles reviewed in this study with details of year of 

publication, duration of follow-up, outcomes, sample size, population, location, and analysis 

methods are provided as Additional file 3.1: Table S1. Among 197 articles reviewed, the most 

commonly reported methods included contingency tables comprising Pearson Chi-square, 

Fisher exact and McNemar’s tests (n = 102, 51.8%), followed by Student’s t-tests (n = 82, 

41.6%), multiple linear regression (n = 71, 36.0%), Cox PH models (n = 62, 31.5%), and 

Kaplan–Meier estimators (n = 59, 30.0%) (Table 3.1).  
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Table 3.1. Frequency of articles using a particular statistical method 

Method All  

(n=197)  

1996 - 2006 

(n=49) 

2007 - 2017  

(n=148) 

n (%) n (%) n (%) 

Descriptive statistics only 17 (8.6) 5 (10.2) 12 (8.1) 

Contingency tables 102 (51.8) 32 (65.3) 70 (47.3) 

Multiway tables 50 (25.4) 16 (32.7) 34 (23.0) 

Epidemiologic statistics  37 (18.8) 12 (24.5) 25 (16.9) 

t-tests 82 (41.6) 23 (46.9) 59 (39.9) 

Analysis of variance 18 (9.1) 1(2.0) 17 (11.5) 

Simple linear regression 6 (3.1) 5 (10.2) 1(0.7) 

Non-parametric tests 48 (24.4) 11 (22.5) 37 (25.0) 

Non-parametric correlation 21 (10.7) 3 (6.1) 18 (12.2) 

Multiple regression 71 (36.0) 15 (30.6) 56 (37.8) 

Poisson regression  49 (24.9) 8 (16.3) 41 (27.7) 

Negative binomial 

regression 

22 (11.2) 3 (6.1) 19 (12.8) 

Survival analysis 
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Kaplan-Meier estimator 59 (30.0) 11 (22.5) 48 (32.4) 

 

Log-rank test 36 (18.3) 7 (14.3) 29 (19.6) 

 

Cox model 62 (31.5) 9 (18.4) 53 (35.8) 

 

Other survival methods 4 (2.0) 3 (6.1) 1 (0.7) 

Longitudinal analysis  

   

 

Generalized estimating 

equations 

41 (20.8) 9 (18.4) 32 (21.6) 

 

Mixed-effects regression 24 (12.2) 2 (4.1) 22 (14.9) 

Recurrent analysis    

  Shared frailty model 2 (1.0) - 2 (1.4) 

 Andersen-Gill (AG) 

model 

4 (2.0) - 4 (2.7) 

 

The frequency of usage of different statistical methods changed between the two study 

periods: 1996–2006 versus 2007–2017. The proportion of articles using contingency tables 

was higher in the first period than in the second, 65.3 versus 47.3% as was simple linear 

regression, 10.2 versus 0.7%. Use of the survival analysis methods, Cox PH models and 

Kaplan–Meier estimators increased in the second period from 18.4 to 35.8% and 22.5 to 

32.4%, respectively. Similarly, usage of mixed-effects models among longitudinal data 

analysis techniques was higher in the later period compared to the former, 4.1 versus 14.9%. 
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From the 197 articles included in the review, 131 (66.5%) analyzed repeated malaria episodes 

or infection, of which 60 (45.8%) used appropriate standard longitudinal analysis methods. 

Appropriate longitudinal analyses included 36 (60.0%) instances of GEE, 19 (31.7%) articles 

employing mixed-effects models, and 5 (8.3%) articles utilizing both the GEE and mixed-

effects models. Seventy- one (54.2%) of the 131 articles used other methods, namely the 

Poisson (n = 49) and negative binomial (NB) regression models (n = 22). These models were 

based on the generalized linear modelling. Of the 41 studies that modelled the correlation 

structure, only 5 (12.2%) assumed exchangeable correlation, while 36 (87.8%) did not specify 

the correlation structure. Out of all 197 articles reviewed, there were 99 (50.3%) studies that 

assumed Poisson distribution, 4 of these assessed overdispersion, of which 2 adjusted for it. In 

9 (4.7%) of all the 197 reviewed studies, authors assumed a normal distribution of count data 

without indicating if transformations were done. 

 

There were 74 of 197 articles that analyzed time-to-first malaria episode or infection ignoring 

subsequent events and 61 (82.4%) of these employed survival analysis techniques that 

included Cox PH models, Kaplan–Meier estimators, and log-rank tests. There were 24 

(12.2%) of 197 articles that analyzed repeated time-to-episodes and only 6 (25.0%) of these 

used appropriate recurrent event models with extensions of Cox PH model, namely 

Andersen–Gill (n = 4) and frailty models (n = 2) to evaluate risk factors for recurrent clinical 

malaria. Eighteen (9.1%) articles analyzed repeated time-to-malaria or infection episodes 

using Cox PH models and Kaplan–Meier estimators which are only valid for single-event 

analyses because they assume independence of events. Compared to the first period 1996–

2006, the odds of an article using contingency tables adjusting for sample size were lower in 
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the second period 2007–2017 [odds ratio (OR) = 0.49, 95% confidence interval (CI) 0.27–

0.91] (Table 2.2).  

 

Table 3.2. Odds ratio of using a statistical method during 2007-2017 compared to 

1996-2006 adjusted for article sample size  

Method Odds Ratio 95% Confidence interval 

Descriptive statistics only 0.81 0.26 – 2.42 

Contingency table 0.49 0.27 - 0.91 

Kaplan-Meier estimator 1.80 0.88 – 3.67 

Cox PH model 2.57 1.21 – 5.42 

Log-rank 1.60 0.66 – 3.84 

Poisson model 1.78 0.85 – 3.72 

GEE 1.16 0.56 – 2.39 

Mixed-effects model 3.85 1.13 - 6.39 
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The proportion of articles using Cox PH models, Kaplan–Meier estimators and mixed-effects 

models increased over time while GEE and mixed-effects models increased before remaining 

stable (Figure 3.3).  

 

Figure 3.3. Time series plot with percentage of articles using a particular statistical 

method, from 1996 to 2017.  

 

However, only the Cox PH models, and mixed-effects models had increased odds of being 

used in the second period compared to the first period, (OR = 2.57, 95% CI 1.21–5.42) and 

(OR = 3.85, 95% CI 1.13–6.39), respectively (Table 3.2). 

 

3.4 Discussion  

In this review of statistical methods among articles analyzing prospective longitudinal cohort 

data for clinical malaria episodes or Plasmodium infection published over a 22-year period, 
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the statistical methods substantially varied across articles despite that they reported analysis of 

the same general study design and outcome measurements. The most commonly used models 

for analyzing count number of malaria episodes included the Poisson and NB models, but 

these fall short with repeated measurements data as they cannot account for within-participant 

correlation of the episodes (96,111,112). Ignoring this possible correlation of events tends to 

bias the model results as demonstrated previously (45,49,50,113), yielding regression 

parameters with underestimated standards errors for time-dependent covariates or 

overestimated errors in time-dependent covariates (114). As hypothesized, trends in choice of 

appropriate methods improved over time, which included the GEE and mixed-effects models 

as well as recurrent event models, although their usage during the entire study period 

remained low. Furthermore, the majority of the studies that modelled the correlation structure 

did not specify the kind of assumed correlation structure, with only exchangeable correlation 

structure stated in few studies. Among studies that assumed Poisson distribution, the majority 

of them did not state whether or not overdispersion was checked. 

Some articles analyzed the repeated time-to-disease episodes or infections but applied the Cox 

PH model (63) or the Kaplan–Meier estimator, which assume independent events and are only 

valid for modelling the time-to-single disease episode or infection. Such analyses may yield 

biased results. This is particularly true in malaria because over time, individuals acquire 

immunity to clinical disease and, to some degree, infection. Therefore, each infection may be 

dependent on the past, and in turn alter the host immune response that protects against the 

next episode. Additionally, there may be temporal variations in exposure which can alter the 

risk of clinical malaria disease over time. In some instances, data from the later episodes were 

discarded leading to loss of information which may limit the resulting conclusions. Modelling 

that focuses on time-to-first event only may not be generalizable to analyses examining all 
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repeated episodes of disease or infection over entire study period because the risk to 

subsequent episodes diminishes as a result of the gained immunity over time.  

When analyzing repeated times-to-episodes malaria or infection, analytical methods should 

account for possible within-participant correlation of events as well as censoring over follow-

up. Such appropriate methods include recurrent event survival models(67,73). In the current 

review, only six articles analyzed repeated time-to-episodes using appropriate recurrent 

models. Well-developed descriptions of the recurrent event models have been presented by 

several authors (30,67,72,73) while this section briefly discusses these models in relation to 

malaria data. The recurrent event models include extensions of the Cox PH model such as 

Andersen–Gill (AG) (69), Prentice–Williams–Peterson (PWP) (70) and the frailty model (66). 

The AG model uses a counting process time-scale for all episodes assuming that the 

correlation between episodes-times for each participant is explained by previous episodes 

where timescale does not reset to zero after an episode. This model is typically applicable 

when the interest is on the overall effect of covariates on the intensity of the recurrent 

episodes. The PWP model analyses ordered events by stratification and can be expressed as 

gap-time model where the time-scale is reset to zero after each episode occurs. Gap times 

between malaria parasitemia detection to clearance is a good example where the PWP model 

can be valid. Moreover, the PWP model can give both overall and episode-specific effects and 

so can be more applicable in malaria where covariate effects may be different in subsequent 

episodes due to the naturally acquired immunity. The shared frailty model extends the Cox 

PH model by introducing a random covariate that induces dependence among the recurrent 

episode times. By conditioning on covariates and the random effect, the recurrent episodes are 

assumed to become independent. Another challenge when analyzing recurrent events in 

malaria is the issue of exclusion of periods-at-risk after an event, and this may constrain the 
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choice of statistical methods. Depending on kind of treatment if any, recurrent events within a 

few days of each other are likely to be the result of the same infection or the second event 

may be considered to be due to treatment failure. Ignoring periods-at-risk after an event is 

also a potential source of bias. Thus, authors ought to consider exclusion of periods-at-risk 

after an event during the datasets structuring before analyses are conducted. 

The review has demonstrated that publications on prospective longitudinal malaria cohorts are 

increasing over time, a trend reflecting the growing understanding of the importance of 

longitudinal cohort data coupled with advancements in computer software developments for 

analyzing such data (48,51). Optimal methods for longitudinal data analysis were in their 

infancy 20 years ago and both access to appropriate software and general acceptable of these 

methods by the research community have increased dramatically over this period. The 

increased trend in malaria cohort studies and the improved but slow adoption of appropriate 

methods underscores the need for standardized analytical methods for such data to avoid 

drawing erroneous conclusions based on inaccurate results. 

This review may have included more than one report using the same data, which may have 

introduced bias due to duplication of datasets. For example, the same data may have been 

analyzed using inappropriate methods in first instance and then using appropriate techniques. 

Furthermore, some authors published more than one article and such articles may share 

similarities in the choice of analytical methods, but accounting for this was beyond the scope 

of this review as author background information was not collected. Future studies should 

consider testing whether more appropriate statistical methods improve or change 

understanding of malaria epidemiology by using among other factors, authors’ background 

information. Lastly, further studies may explore and compare how results from this study 

would compare with trends specifically from field trials. 
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3.5 Conclusion 

Cohort studies assessing risk of malaria infection and disease over time did not employ 

consistent analytic methods. The statistical methods varied substantially and often represented 

overly simplistic models despite similar designs, which may have led to biased outcomes and 

results that cannot be compared across studies. This review suggests that recent studies are 

adopting more appropriate statistical methods, though the statistical analyses are not uniform. 

These results underscore the need for more effort to be channeled towards adopting 

standardized longitudinal methods to model recurrent events for malaria infection and disease. 
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4.0  Abstract   

Background: In malaria endemic areas such as sub-Saharan Africa, repeated exposure to 

malaria results in acquired immunity to clinical disease but not infection. In prospective 

studies, time-to-clinical malaria and longitudinal parasitemia trajectory are often analyzed 

separately which may result in inefficient estimates since these two processes can be 

associated. Including parasitemia as time-dependent covariate on time-to-clinical malaria 

episode may also be inaccurate because while clinical malaria disease frequently leads to 

treatment which may instantly affect the level of parasitemia, standard time-to-event models 

require that time-dependent covariates be external to the event process. We investigated 

whether jointly modelling time-to-clinical malaria disease and longitudinal parasitemia 

improves precision in risk factor estimates and assessed the strength of association between 

the hazard of clinical malaria and parasitemia. 

Methods: Using a cohort data of participants enrolled with uncomplicated malaria in Malawi, 

a conventional Cox Proportional Hazards (PH) model of time-to-first clinical malaria episode 

with time-dependent parasitemia was compared with three competing joint models. The joint 

models had different association structures linking a quasi-Poisson mixed-effects of 

parasitemia and event-time Cox PH sub-models.   

Results: There were 120 participants of whom 115 (95.8%) had >1 follow-up visit and 100 

(87.5%) experienced the episode. Adults >15 years being reference, log hazard ratio for 

children <5 years was 0.74 (95% CI: 0.17, 1.26) in the joint model with best fit vs. 0.62 (95% 

CI: 0.04, 1.18) from the conventional Cox PH model. The log hazard ratio for the 5-15 years 

was 0.72 (95% CI: 0.22, 1.22) in the joint model vs. 0.63 (95% CI: 0.11, 1.17) in the Cox PH 
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model. The area under parasitemia trajectory was strongly associated with the risk of clinical 

malaria, with a unit increase corresponding to -0.0012 (95% CI: -0.0021, -0.0004) decrease in 

log hazard ratio. 

Conclusions: Jointly modelling longitudinal parasitemia and time-to-clinical malaria disease 

improves precision in log hazard ratio estimates compared to conventional time-dependent 

Cox PH model. The improved precision of joint modelling may improve study efficiency and 

allow for design of clinical trials with relatively lower sample sizes with increased power. 

Keywords: Prospective studies, longitudinal data, malaria parasite, time-to-event, clinical malaria, Cox 

proportional hazards model, joint modelling 

 

4.1 Introduction 

Malaria remains one of the most common parasitic infections globally with a 

disproportionately high burden in sub-Saharan Africa (115). In malaria-endemic areas, 

repeated exposure results in acquired immunity to clinical malaria disease but not infection. 

Of interest in many malaria studies is to estimate time-to-clinical malaria but repeated 

exposure may give rise to a relationship between the disease and time-dependent covariates 

such as parasitemia. However, time-to-clinical malaria and parasitemia data are often 

analyzed separately, mostly using Cox proportional hazards (PH) models and mixed-effects 

models or generalized estimating equations (GEE) respectively (18,116,117). Separate 

analysis of time-to-clinical malaria disease and parasitemia data may result in inefficient 

estimates when these two processes are strongly associated (118).  
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For accurate estimation of the risk of clinical malaria, analytical methods are required that 

account for historical exposure and the relationship between clinical malaria and infection 

parasitemia. In order to investigate the strength of this association, one approach would be 

including the parasitemia as a time-dependent covariate in the model of time-to-clinical 

malaria episode. However, this approach may be inaccurate because it does not account for 

the fact that parasitemia in this case is an endogenous covariate whose existence and future 

path can be directly related to the occurrence of the episodes (119). Standard time-to-event 

models require that time-dependent covariates be external to the event process (120) but 

clinical malaria disease frequently leads to treatment which may instantly affect the level of 

parasitemia. 

A second approach is to fit a joint model of time-to-clinical malaria and longitudinal 

parasitemia profile. Previous applications of the joint modelling framework are many. These 

include, for example, analysis of CD4 count jointly with time-to-development of AIDS 

(26,27,121–123) and modelling quality of life performance scores jointly with time-to-death 

or disease progression among patients with cancer (28,29,122). In order to fit joint models to 

data from malaria studies, there are certain aspects of these types of data that require 

consideration. In particular, following treatment it is possible for the parasitemia to equal 

zero, so the joint model should allow for that. We investigated whether modelling time-to-

new clinical malaria disease jointly with parasitemia trajectory data may improve precision in 

log hazard ratio estimates when compared to the conventional Cox PH model with time-

dependent parasitemia. We also assessed the strength of the association between the hazard of 

clinical malaria and a time-varying parasitemia. 



48 

 

4.2 Methods  

4.2.1 Data source   

The study was motivated by data from the Mfera prospective cohort study conducted in 

Chikwawa district, southern Malawi, described previously by Buchwald et al. (124). Malaria 

disease is endemic in Malawi (3) and transmission of the Plasmodium falciparum parasite is 

high in Chikwawa (4,125). The cohort enrolled 120 participants who presented with 

uncomplicated malaria at the Mfera health center in the Chikwawa district between June 2014 

and March 2015. Initial diagnosis was made by rapid diagnostic test (RDT) and confirmed by 

microscopy using thick blood smears. Exclusion criteria from the Mfera cohort included: 

acute illness requiring hospitalization, signs or symptoms of severe malaria or moderate to 

severe anemia, and chronic medication with any drug that has antimalarial activity e.g. HIV 

treatment. Participants underwent passive and active surveillance on a monthly basis and 

whenever sick for up to two years to assess the incidence of clinical malaria and P. falciparum 

infection. 

4.2.2 Primary outcome  

The outcome of interest was time-to-first new clinical malaria disease which was defined by 

participants’ self-reported fever and a positive RDT result. 

4.2.3 Notation and specification of models   

The conventional Cox PH model with time-dependent parasitemia is defined as in (27) with 

the hazard function 𝜆𝑖(𝑡) for participant 𝑖 at given time 𝑡 expressed as; 

 

𝜆𝑖(𝑡) =  𝜆0(𝑡)𝑒𝑥𝑝[𝛽𝑠𝑋𝑠𝑖
′ (𝑡)],       (4.1) 
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where and 𝜆0(𝑡) is the unspecified baseline hazard function and the covariate vector 𝑋𝑠𝑖(𝑡) 

for participant 𝑖 includes participant’s age and frequency of LLIN use in the previous month 

of the visit. Covariates were included in multivariable models if they were significant at alpha 

level of 0.1 in univariate Cox PH models.  

For the joint models, we utilized the Bayesian joint modelling approach for longitudinal and 

survival data proposed by Chen et al (123) which fits a model with Markov Chain Monte 

Carlo (MCMC) methods as presented by Ibrahim et al (126). The joint model is composed of 

longitudinal and survival sub-models. The longitudinal sub-model takes the form of a mixed-

effects model as follows; supposing data is available from 𝑁 participants with 𝑛𝑖 observations 

recorded for participant 𝑖, (𝑖 = 1, … , 𝑁). The response 𝑦𝑖𝑗, (𝑗 = 1, … , 𝑛𝑖), fixed-effect 

covariate vector  𝑋𝑖𝑗 = (𝑥1𝑖𝑗, … , 𝑥𝑝𝑖𝑗)′, and random-effect covariate vector 𝑍𝑖𝑗 =

(𝑧1𝑖𝑗, … , 𝑧𝑞𝑖𝑗)′ are recorded at times 𝑡𝑖𝑗. The longitudinal sub-model is  

 

𝑦𝑖𝑗 = 𝛽𝑋𝑖𝑗
′ + 𝑏𝑖𝑍𝑖𝑗

′ + 𝜀𝑖𝑗, (4.2) 

 

where 𝛽 is the 𝑝 × 1 fixed-effect parameter vector, 𝑏𝑖 is the 𝑞 × 1 vector of random effects 

for participant 𝑖 which is assumed to be multivariate normal with mean zero, i.e.,  

𝑏𝑖~𝑁𝑞(0, ∑ )𝑏 , and  ∑ is𝑏  the variance of the subject specific effects. The error vector 𝜀𝑖 =

(𝜀𝑖1, . . , 𝜀𝑛𝑖𝑗)′ is assumed to be distributed- 𝜀𝑖~𝑁𝑛𝑖(0, 𝛿2𝐼𝑛𝑖) where 𝛿2 is variance and 𝐼𝑛𝑖 is 

the 𝑛𝑖 ×  𝑛𝑖   identity matrix.  



50 

 

The survival sub-model takes a Cox PH model form (27) where the hazard function 𝜆𝑖(𝑡) for 

participant 𝑖 at time 𝑡 as given in equation (1) is modelled as 

  

𝜆𝑖(𝑡) =  𝜆0(𝑡)𝑒𝑥𝑝[𝜃ℎ(𝛽, 𝑏𝑖, 𝑡) + 𝛽𝑠𝑋𝑠𝑖
′ (𝑡)],       (4.3) 

 

where ℎ(𝛽, 𝑏𝑖, 𝑡) is a function of the fixed and random effects in the longitudinal sub-model, 

and 𝜃 is an association parameter linking the two sub-models: survival and longitudinal 

models. The 𝛽𝑠 is a parameter vector for covariates unique to the survival sub-model. The 

survival covariate vector 𝑋𝑠𝑖(𝑡) = (𝑥𝑠𝑖1, . . , 𝑥𝑠𝑖𝑟)′ may include baseline covariates for 

participant 𝑖 with 𝛽𝑠 representing 𝑟 × 1 parameter vector. The functional form of ℎ(𝛽, 𝑏𝑖, 𝑡) 

determines the type of the association structure between longitudinal parasitemia and the 

time-to new clinical malaria episode. Taking the first derivative of ℎ(𝛽, 𝑏𝑖, 𝑡) is interpreted in 

terms of an association of the rate of change in parasitemia at time 𝑡 and the hazard of new 

clinical malaria episode at the same time, while the integral of ℎ(𝛽, 𝑏𝑖, 𝑡) would relate the 

hazard and the cumulative parasitemia trajectory defined as area under parasitemia profile 

from baseline up to the time of the new episode.  

Once the two sub-models are specified, the likelihood for the joint model can be constructed 

as follows. Let 𝑇𝑖 and 𝐶𝑖 represent potential failure and censoring times respectively for 

participant 𝑖. Let 𝑆𝑖 = min{𝑇𝑖, 𝐶𝑖} be the minimum of the observed failure and censoring times 

for participant 𝑖, and let 𝜏𝑖 be the failure indicator taking value 1 if 𝑇𝑖 < 𝐶𝑖 and 0 otherwise. 

Then the value of the longitudinal trajectory for participant 𝑖 at time 𝑡 can be defines as 

𝜑𝑖(𝛽, 𝑏𝑖 , 𝑡) and at visit 𝑗 as 𝜑𝑖𝑗(𝛽, 𝑏𝑖). Using the full longitudinal trajectory, then the 
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likelihood of the joint distribution of the observed data and random effects for participant 𝑖 

can be decomposed as  

 

𝐿𝑖 ∝ 𝑓𝑖(𝑆𝑢𝑟𝑣𝑖𝑣𝑎𝑙|𝑙𝑜𝑛𝑔𝑖𝑡𝑢𝑑𝑖𝑛𝑎𝑙) × 𝑓𝑖(𝑙𝑜𝑛𝑔𝑖𝑡𝑢𝑑𝑖𝑛𝑎𝑙) 

= 𝑓(𝑆𝑖|𝜃, 𝜏𝑖, 𝛽𝑠, 𝜑𝑖(𝛽, 𝑏𝑖 , 𝑡), 𝑋𝑠𝑖) × 𝑓(𝑦𝑖|𝑥𝑖, 𝑧𝑖 , 𝛽, 𝑏𝑖)𝑓(𝑏𝑖)          (4.4) 

 

and the joint likelihood for all participants can be written as 𝐿 = ∏ 𝐿𝑖
𝑁
𝑖=1 . 

Denoting parasitemia as PC, the likelihood of the joint distribution of observed data, random 

effects and PC can be expressed as  

 

𝐿 = 𝑓(𝑆|𝜃, 𝜏, 𝛽𝑠, 𝜑(𝛽, 𝑏, 𝑡, 𝑃𝐶)) × 𝑓(𝑏, 𝑃𝐶|𝛽)                           (4.5) 

 

and integrating out the random effects of the conditional likelihood yields the marginal 

likelihood. Under the Bayesian framework, the random effects 𝑏 are sampled in MCMC 

algorithm as extra parameters. The survival and longitudinal sub-models are linked by sharing 

common random effects structure. The MCMC computations of the model parameters 

proceed assuming that given the random effects, the longitudinal parasitemia and time-to-

clinical malaria process are independent as are the longitudinal responses of each participant. 
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4.2.4 Statistical analysis  

Baseline data was summarized using frequencies and percentages if categorical and medians 

with inter-quartile ranges (IQR) were presented if continuous and skewed. Failure functions for 

time to new clinical malaria disease were summarized using Kaplan Meier plots, and 

compared across age and LLIN usage using log-rank test. Four models of time-to-new clinical 

malaria disease were fitted. These included the reference model (model 1), a conventional 

Cox PH model fitted with time-dependent parasitemia measured at each visit, and three 

competing joint models. The three joint models take a common formulation only differing in 

the assumed association structure linking the hazard of clinical malaria with parasitemia. The 

hazard of clinical malaria disease at any time 𝑡 was linked with: 1) the current underlying 

value of parasitemia at the same time point (model 2), 2) the rate of change in parasitemia 

trajectory at time 𝑡 (model 3), and 3) the cumulative trajectory or area under profile of 

parasitemia from baseline up to time 𝑡 (model 4). Each joint model involved fitting a quasi-

Poisson mixed-effects sub-model of parasitemia longitudinal trajectory with natural spline 

functions of time and including the resulting estimates as covariates in the Cox PH sub-model. 

Other covariates in the conventional Cox PH and survival sub-models included age of the 

participant and frequency of LLIN use in previous month. Parameters were estimated using 

MCMC through the random walk Metropolis–Hastings (M-H) algorithm.  Diffused normal 

priors were assumed for the covariates including the association parameter 𝜃.  Diagnostic 

assessments were conducted to assess the convergence of the MCMC samples using trace and 

kernel density estimator plots, for the final optimal model. Analyses were done in Stata SE 

version 15.1 (Stata Corp., College Station, TX) (108) using program bayesmh and R version 

3.4.3 using packages JMbayes, survival and glmmPQL (127). 
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4.3 Results 

4.3.1 Baseline   

There were 120 participants in the cohort, of which 69 (57.5%) were females. The overall 

median age was 7.5 years [inter-quartile range (IQR): 4.7 – 18.1], 6.3 years (IQR: 3.2 – 13.1) 

for males and 9.2 years (IQR: 5.3 – 18.5) females (Table 3.1).  

 

Table 4.1. Baseline demographic, clinical conditions and vital signs for Mfera 

malaria cohort in Malawi 

Variable   Total (n=120) 

Gender, female, n (%)   69 (57.4) 

Age, n (%)    

 < 5 years   34 (28.3) 

 5-15 years   51 (42.5) 

 >15 years   35 (29.2) 

Weight (kg), median (IQR)   21.5 (15.0 - 46.0) 

Height (cm), median (IQR)   119.5 (103.0 - 151.8)  

Temperature (℃), median (IQR)   36.7 (36.2 - 38.6) 

Respiratory rate (breaths/minute), median (IQR)   28 (22 - 36) 

Heart rate (beats/minute), median (IQR)   112 (92 - 139) 

Hemoglobin (g/dl), median (IQR)   11.5 (10.2 - 12.4) 

Parasitemia (number of parasites/µL), median (IQR)   11060 (840 - 54000) 

Cough, n (%)   15 (12.5) 

Musculoskeletal pain, n (%)   40 (33.3) 

Headache, n (%)   36 (30.0) 

Vomiting, n (%)   32 (26.7) 

Abdominal pain, n (%)   15 (12.5) 
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LLIN use previous month*, n (%)    

 Every night   48 (44.9) 

 Most nights (> half)   13 (12.1) 

 Some nights (< half)   8 (7.5) 

 No nights   38 (35.5) 

Season enrolled, n (%) 

 Dry: May – November   91 (75.8) 

  Rainy: December – April   29 (24.2) 

 *not adding up to column total due to missing   

 

The median number of malarial parasites per µL was 11,060 (IQR: 840 – 54,000) overall, 

24,840 (IQR: 1,600 – 68,600) in males, and 5,640 (IQR: 520 – 540,000) for females. During 

enrolment, 48 (44.9%) out of 107 participants reported to have been using LLINs every night 

in previous month.    

 

4.3.2 Follow up and time-to-first new clinical malaria disease 

Analyses of time-to-new clinical malaria disease included 115 participants who had a least 

one follow-up visit post enrolment and together contributed a total 894 observations. The 

median follow-up time to new clinical malaria disease episode was 3.5 months (IQR: 1.1 – 

7.9). Out of the 115 participants, 100 (87.5%) experienced the episode while 15 (12.5%) were 

administratively right censored (Table 4.2).  
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Table 4.2. Characteristics by clinical malaria status for Mfera malaria cohort in 

Malawi 

Variable 

Clinical malaria 

episode (n=100) 

No clinical malaria 

episode (n=15) 

Sex, n (%)   

 Male 42 (42.0) 8 (53.3) 

 Female 58 (58.0) 7 (47.7) 

Age, n (%)   

 < 5 years 27 (27.0) 4 (26.7) 

 5-15 years 48 (48.0) 2 (13.3) 

 >15 years 25 (25.0) 9 (60.0) 

Net use previous month, n (%)   

 Every night 37 (37.0) 8 (53.3) 

 Not every night 63 (63.0) 7 (46.7) 

Hemoglobin (g/dl)  11.4 (10.0 - 12.3) 12.3 (10.9 - 13.9) 

Parasitemia, number of parasites per µL, 

median (IQR) 13640 (840 - 52040) 2800 (560 - 60040) 

 

Among 100 participants who experienced the episode, 58 (58%) were females, 48 (48%) were 

aged 5-15 years, 37 (37%) reported using LLIN nightly in prior month to enrolment and their 

median parasitemia was 13640 (IQR: 840 - 52040).  
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4.3.3 Parameter estimation 

Regression coefficient estimates are log hazard ratios, log (HRs). Overall, the joint models 

gave larger log (HR) estimates with consistently smaller standard errors and narrower credible 

intervals when compared to the conventional Cox PH model with time-dependent parasitemia 

(Table 4.3).  

Table 4.3. Log of hazard ratio estimates for time-to- new clinical malaria episode for 

Mfera cohort in Malawi 

   Age at baseline* LLIN use in 

previous 

month+ 

Parasitemia 

Model Parameter  𝜃<5 years  𝜃5−15 years 𝜃not every night  𝜃parasitemia 

Model 1 Estimate  0.624 0.632 0.520 -1.77e-5 

Std error  0.282 0.259 0.292 1.86e-6 

95% CI  0.044, 1.183 0.115, 1.174 0.076, 1.085 -1.41e-5, 2.14e-5  

Model 2 Estimate  0.672 0.707 0.582 -0.029 

Std error  0.016 0.014 0.024 0.053 

95% CI  0.094, 1.251 0.213, 1.265 0.110, 1.017 -0.345, 0.411 

Model 3  Estimate  0.749 0.775 0.594 -0.103 
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Std error  0.023 0.021 0.023 0.071 

95% CI  0.077, 1.485  0.193, 1.253 0.159, 1.156 -6.168, 6.124 

Model 4 Estimate  0.735 0.722  0.575 -0.001 

Std error  0.022 0.028 0.030 0.0001 

95% CI  0.170, 1.263  0.219, 1.215 0.125, 1.066 -0.0021, -0.0004 

Log hazard ratio estimates are posterior means. All models are multivariable. CI= Credible 

Interval. *reference: >15 years, +reference: LLIN use nightly. Model 1= Conventional Cox 

PH model fitted with time-dependent parasitemia measured at each visit; Model 2= Joint 

model with association structure taking current underlying value of parasitemia at any time; 

Model 3= Joint model with association structure taking rate of change in parasitemia 

trajectory at any time; Model 4= Joint model with association structure taking cumulative 

parasitemia trajectory from baseline up to any time. 

 

Comparing the Deviance Information Criteria (DIC) from the three joint models showed that 

joint model 4 with cumulative parasitemia had the lowest value (Table 4.4), suggesting the 

best fit.  
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Table 4.4. Deviance Information Criteria (DIC) from the competing joint models 

Joint Model DIC 

Model 2: Joint model with current underlying 

value of parasitemia at any time 

74763360 

Model 3: Joint model with rate of change in 

parasitemia trajectory at any time 

74763436 

Model 4: Joint model with cumulative 

parasitemia from baseline up to any time 

74763318 

 

For the rest of the manuscript, the joint model is referencing to the joint model 4 with 

cumulative parasitemia which is being compared to the conventional Cox PH model (model 

1). Considering adults above 15 years as reference group, the log (HR) of clinical malaria 

disease for children under 5 years, was 0.74 [95% Credible Interval (CI): 0.17, 1.26] in the 

joint model compared to 0.62 (95% CI: 0.04, 1.18) from the conventional Cox PH model. The 

log (HR) for participants aged 5-15 years was 0.72 (95% CI: 0.22, 1.22) in the joint model 

compared to 0.63 (95% CI: 0.11, 1.17) in the conventional Cox PH model. Considering 

participants who used LLINs nightly in the previous month as reference, the log (HR) of 

clinical malaria disease for those who did not use LLIN every night was 0.58 (95% CI: 0.13, 

1.07) from the joint model compared to 0.52 (95% CI: 0.07, 1.08) in the conventional Cox PH 

model. From the joint model, the area under the longitudinal trajectory of parasitemia was 

strongly associated with the risk of clinical malaria, with a unit increase corresponding to a -
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0.0012 (95% CI: -0.0021, -0.0004) decrease in the log hazard ratio. Neither current 

underlying value of parasitemia nor rate of change in parasitemia trajectory at the same time 

point were significantly associated with the occurrence of a new clinical malaria episode. 

 

4.3.4 MCMC convergence of estimated log (HR) parameters  

The MCMC sampler trace plots from the final joint model 4 seemed to mix well for 

parameters of children under 5 years, 5-15 years and infrequent LLIN use and never moved 

beyond 1.5 achieving convergence (Figure 4.1A-C).  

 

Figure 4.4. Trace plots for parameters from final joint model.  

 

Trace plots show values that the parameter took during the runtime of the MCMC sampling 

until it reached convergence. Trace plots for parameters 𝜃5−15 years, 𝜃<5 years  and 

𝜃net use not every night  show that the M-H samplers explored the distribution by traversing to 
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areas where its density is very low with very small fluctuations, suggesting that the chains 

mixed well to the target distributions. In D, the sampling for the parameter of cumulative 

parasitemia 𝜃cumulative shows noisy pattern before converging at about 1000 iterations.  

 

The sampler for cumulative parasitemia parameter, showed noisy pattern before converging at 

about 1000 iterations (Figure 4.1D).  

From the Kernel density estimator plots, all the four parameters were roughly normal 

suggesting that the M-H algorithm sampled within the target normal distribution (Figure 

4.2A-D).   

 

Figure 4.5. Kernel density estimator plots for the parameters of the final joint model.  
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The MCMC sampling process of the parameters portrays the target poster distribution. The 

plots suggest that algorithm sampled successfully within the assumed normal distribution for 

all parameters 𝜃5−15 𝑦𝑒𝑎𝑟𝑠, 𝜃<5 𝑦𝑒𝑎𝑟𝑠 , 𝜃𝑛𝑒𝑡 𝑢𝑠𝑒 𝑛𝑜𝑡 𝑒𝑣𝑒𝑟𝑦 𝑛𝑖𝑔ℎ𝑡  and 𝜃𝑐𝑢𝑚𝑢𝑙𝑎𝑡𝑖𝑣𝑒 .  

 

4.3.5 Factors associated with risk of new clinical malaria episode  

In unadjusted analyses using Kaplan Meier failure estimator, the risk of experiencing new 

clinical malaria episode was higher in children under 5 years and the 5-15 years compared to 

adults above 15 years (log-rank p-value=0.016) (Figure 4.3 A).  

 

Figure 4.6. Kaplan-Meier estimator for time-to-new clinical malaria episode by A) 

baseline age, and B) use of LLIN in previous month.  

 

The risk of getting a new clinical malaria episode was also higher in participants who did not 

use LLIN every night compared to those who used LLIN nightly in previous month (log-rank 

p-value=0.016) (Figure 4.3B). Based on the joint model, conditional on cumulative 

parasitemia profile, the hazard of getting new clinical malaria episode was higher in children 

under 5 years by 2.1-fold (95% CI: 1.2, 3.4) and those aged 5-15 years by 2.0-fold (95% CI: 
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1.2, 3.5) when compared to adults over 15 years old and controlling for LLIN usage. Among 

participants of the same age, the conditional hazard was also higher for participants who did 

not use LLIN every night by 1.8-fold (95% CI: 1.1, 3.3) compared to those who used the 

LLIN nightly in previous month. 

 

4.3.6 Dynamic prediction of probability of a new clinical malaria episode  

The dynamic predicted probabilities of (free-event) not experiencing a new clinical malaria 

episode conditional on the history of P. falciparum parasitemia trajectory for randomly 

selected participants from Mfera cohort are shown in Figure 4.4. The conditional predicted 

probabilities starting from the time of the first observed episode are obtained from the joint 

model. All graphs show that the free-event probability of developing a new episode soon after 

the first episode was low. The predictions seemed to be more certain closer to measured 

parasitemia data as the 95% pointwise confidence intervals are wider farther from the last 

measurements. 
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Figure 4.4. Predicted probability of experiencing a new clinical malaria episode of 

randomly selected participants from Mfera cohort with 95% pointwise confidence 

intervals.  

  

4.4 Discussion  

This study has demonstrated that jointly modelling longitudinal parasitemia and time-to 

clinical malaria episodes improves precision in risk factor estimates associated with clinical 

malaria disease. The joint model yielded larger parameter estimates with consistently smaller 

standard errors and narrower credible intervals when compared to a conventional Cox PH 

model with time-dependent parasitemia. These results are consistent with findings from other 

areas including HIV (26,123) and cancer (28,29,128) where joint modelling out-performs 

separate analyses in terms of optimal use of the available information giving both more 

precise and less biased estimates. The improved precision provided by the joint model may 

improve study efficiency, for example, clinical trials may be designed with relatively lower 
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sample sizes while still yielding high power. In general, the conventional time-dependent Cox 

PH model like any other standard time-to-event model assume that time-dependent covariates 

are external to the event process (120). However, parasitemia in this case is an endogenous 

covariate whose existence and future path can be directly related to the occurrence of the 

malaria episodes. By postulating a model for the joint distribution of the covariate parasitemia 

and the time-to-malaria processes, the joint model explicitly accounts for possible inter-

dependence between the two processes through shared random effects (129). Moreover, the 

time-dependent covariate model assumes that the value of the parasitemia does not change 

until a new measurement is taken which may not be correct.  When we modelled parasitemia 

using a quasi-Poisson mixed effects model, we were creating a model for the outcome at any 

time-point thereby indirectly addressing the measurement error. The joint model also offered 

flexibility to investigate the appropriate link structure between longitudinal parasitemia and 

time-to-new clinical malaria episode. Among the fitted joint models, only the model with 

cumulative parasitemia was strongly associated with the hazard of new clinical malaria 

episode suggesting that the risk can better be explained by conditioning on the cumulative 

effect of the longitudinal parasitemia trajectory from baseline up to the episode time. The 

underlying current value of the parasitemia or change in parasitemia at any time was not 

associated with the risk of experiencing new clinical malaria episode at the same. 

 

Factors associated with a high risk of experiencing a new clinical malaria episode were young 

age and infrequent use of LLINs as have been reported in other studies (130–133). Children 

aged up to 15 years had higher risk for clinical malaria disease when compared to adults over 

15 years. The higher risk of experiencing a clinical malaria episode among children is 

possibly be due to the naturally under-developed humoral immune responses to different 
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stage-specific antigens of P. falciparum otherwise acquired with age (25). In this study in an 

endemic area, high cumulative parasitemia was associated with lower risk of getting a new 

clinical malaria episode suggesting that increased exposure to malaria parasites with time may 

result into protective effect to future clinical malaria episodes. 

  

This study may be limited by focusing on time-to-first malaria episode only, thus estimates 

obtained here may not be applicable to analyses examining all clinical malaria episodes over a 

follow up period. This paper has established the optimal way of incorporating parasitemia in 

estimating time-to-first new clinical malaria which may further be extended to study recurrent 

episodes over entire follow-up, but this may require different distributional assumptions. 

There were missing values for LLIN use which may have affected the findings. Future studies 

should include multiple imputation of missing covariate data and also investigate the role of 

measurement error due to detection limit of parasitemia in these joint models. Further work is 

required to consider joint modelling of parasitemia with recurrent episodes and to predict risk 

of future clinical malaria episodes. 

 

4.5 Conclusion 

In conclusion, jointly modelling longitudinal parasitemia and time-to-new clinical malaria 

improved precision in log hazard ratio estimates for clinical malaria when compared with the 

conventional Cox PH model with time-dependent parasitemia. The improved precision of 

joint modelling may improve study efficiency and allow for design of clinical trials with 

relatively lower sample sizes with increased power.  
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In the next chapter, the single-event joint model studied in chapter 4 is extended to include all 

the recurrent clinical malaria episodes jointly modelled with longitudinal parasitemia data 

observed over study follow-up time. For the purposes of this study, a single-event joint model 

refers to a joint model of longitudinal parasitemia and time-to-first new episode of clinical 
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malaria whereas a joint model of parasitemia and recurrent clinical malaria episodes refers to 

a recurrent events joint model.   
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Chapter 5 

Analysis of recurrent times-to-clinical malaria episodes and Plasmodium falciparum parasite 

from a cohort study: a joint modelling approach.  

5.0 Abstract 

Recurrent clinical malaria episodes due to Plasmodium falciparum (Pf) parasite infection are 

common in endemic regions. With each infection, acquired immunity develops, making 

subsequent disease episodes less likely. To capture the effect of acquired immunity to malaria, 

it may be necessary to model recurrent clinical disease episodes jointly with Pf parasitemia 

data. A joint model of longitudinal parasitemia and time-to-first clinical malaria episode 

(single-event joint model) may be inaccurate since informativeness due to acquired immunity 

is lost when subsequent episodes are excluded. This study assessed whether joint modelling of 

recurrent clinical malaria episodes and parasitemia is more accurate than a single-event joint 

model where the subsequent episodes are ignored. The single event joint model is comprised 

of Cox Proportional Hazards (PH) sub-model for time-to-first clinical malaria episode and 

Negative Binomial (NB) mixed-effects sub-model for the longitudinal parasitemia. The 

recurrent events joint model extends the survival sub-model to a Gamma shared frailty model 

in order to include all recurrent clinical episodes. The models were applied to cohort data 

from Malawi. Simulations were also conducted to assess the performance of the model under 

different conditions. The recurrent events joint model was more precise, yielded higher hazard 

ratios, and mostly produced smaller standard errors than the single-event joint model with 

respective hazard ratio (HR) of clinical malaria of 1.42, [95% confidence interval [CI]: 1.22, 

2.03] vs. HR=1.29, [95% CI:1.60, 2.45] among participants who reported not to use LLINs 
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every night compared to those who used the nets nightly; HR=0.96, [ 95% CI: 0.94, 0.98] vs. 

HR=0.81, [95% CI: 0.75, 0.88] for each 1-year increase in participants’ age; and HR=1.36, 

[95% CI: 1.05, 1.75] vs. HR=1.10, [95% CI: 0.83, 4.11] for observations during the rainy 

season compared to dry season.  The recurrent events joint model in this paper provides a way 

of estimating risk of malaria clinical malaria in a cohort where the effect of immunity on 

malaria disease acquired due to P falciparum parasitemia with aging is captured. The 

simulation study has shown that if correctly specified, the recurrent events joint model can 

give risk estimates with low bias. 

 

5.1 Introduction 

Joint modelling of longitudinal and time-to-event data has recently received increased 

attention in biomedical research. Typically, a joint model consists of two parts: a model for 

time-to-event process; and a model for the longitudinal measurements of a variable that share 

some parameters with the time-to-event model. The joint modelling approach is becoming 

popular because it offers an advantage of capturing important relationships between 

longitudinal outcomes and time-to-event processes that are otherwise lost. There is a gap in 

that methodologies to handle recurrent events are limited. Recent methodological and 

software developments in joint modelling have been extensively reviewed (27,82,129,134–

136). Applications in the reviewed studies of joint modelling have mostly focused on time-to-

single event only. For example, studies have frequently modelled longitudinal CD4 count 

jointly with time-to-HIV related outcomes in order to understand the relationships between 

the longitudinal history of CD4 and its effect on the risk of development of AIDS. 

(26,27,121,123). Among patients with cancer, repeated measurements of quality of life 

performance scores have been jointly modelled with time-to-death or disease progression 
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(28,29,122,137). However, for diseases that may have two or more episodes such as clinical 

malaria, chronic heart failure, epileptic seizures or asthma attacks, modelling that focus on 

time-to-first event only while ignoring the subsequent events may not be efficient since such 

approaches fail to utilize all information available in the data (30,57,134). In malaria, single-

event models do not capture the role of protective immunity to subsequent episodes which 

develops with repeated P. falciparum infections over time (138). The WHO Malaria Vaccine 

Advisory Committee (MALVAC) has recently recommended analyzing recurrent event times 

to evaluate malaria vaccines and further methodological research (31).  

 

In P. falciparum malaria studies, modelling of time-to-single malaria episode may not be 

adequate especially in endemic regions such as Sub-Saharan Africa because recurrent clinical 

disease is frequently observed. Instead, it might be more accurate to model the risk of the 

disease by including all the recurrent events during follow-up. Repeated infection is common 

and with each infection, acquired immunity develops making subsequent disease and 

infection episodes less likely (24,25). Therefore, modelling recurrent clinical disease episodes 

jointly with the longitudinal measurements of P. falciparum parasitemia data may be critical 

to capture the effect of the developed protective immunity to malaria.  

 

The joint model of recurrent events and a longitudinal outcome typically consists of a 

recurrent events model and a mixed-effects model linked through either latent variables such 

as modelling prostate specific antigen as a biomarker for recurrent prostate cancer (89,139), or 

shared random effects (57,140). The most common approach used to model the recurrent 

events process is the shared frailty model introduced by Clayton 1978, 1994 (67,68), and 
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usually takes the Gamma distribution. For the longitudinal process, studies have frequently 

focused on continuous (Gaussian) outcomes and often applied linear mixed-effects models 

(55–57). However, it may not always be appropriate to use linear mixed-effects models for 

any longitudinal outcomes because some variables may follow a different distribution such as 

Poisson and negative binomial (NB). Joint models of recurrent events and a non-Gaussian 

longitudinal outcome such as the P. falciparum parasitemia remains a challenge. 

 

In this study, a joint model is proposed which comprises of the shared frailty model for the 

recurrent malaria episodes and a NB mixed-effects model for the repeated measurements of P. 

falciparum parasitemia process. The proposed approach was motivated by data from a 

prospective malaria cohort in Malawi which has been described previously (124,141–143). 

Malaria is endemic in Malawi (3) and transmission of  the P. falciparum parasite is high in the 

area of the study (4,125). We used data from a clinical study to investigate whether jointly 

modelling time-to-recurrent clinical malaria episodes with longitudinal parasitemia may yield 

more accurate risk factor estimates compared to single-event joint models where the 

subsequent episodes are ignored. Here, age groups of participants of under five children (<5 

years), school-aged children (5-15 years) and adults (>15 years) was considered as proxy for 

immunity. The proposed joint model is also applied for prediction of a new clinical malaria 

episode given the history of recurrent events and P. falciparum parasitemia trajectory. 

Simulations were conducted in order to study the performance of the joint model under 

different conditions. 
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5.2 Methods  

5.2.1 Data source   

The proposed joint model is applied to data from the prospective cohort study conducted in a 

rural area of southern Malawi. The cohort enrolled 120 participants who presented with 

uncomplicated malaria at the Mfera Health Centre in Chikwawa district between June 2014 

and March 2015. The study design was described previously (144). Briefly, initial diagnosis 

was made by rapid diagnostic test (RDT) and confirmed by microscopy using thick blood 

smears. Participants underwent passive and monthly active surveillance, and whenever sick, 

for up to two years to assess the incidence of clinical malaria and P. falciparum infection. 

5.2.2 Outcomes 

The primary outcomes of the study were: recurrent clinical disease defined as participants’ 

self-reported fever and with a positive RDT result; and P. falciparum infection-the 

parasitemia measured as the number of parasites per microliter (µL) of blood. Measurements 

were taken from thick smears during monthly or sick visits over the follow-up period.  

5.2.3 Covariates  

The models included participants’ age as continuous, gender, season of visit categorized as 

dry (May-November) or rainy (December-April), and frequency of long-lasting insecticide 

treated bed net (LLIN) use in the previous month of the visit defined as whether one used the 

LLINs every night.   

5.2.4 Data structure   

A sample of the data structure showing three hypothetical participants for the analysis of 

time-to-recurrent clinical malaria episodes is shown in supporting table 5.2.4. The time of 
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origin for the recurrent episodes analysis was set to be the day of enrolment. A clinical disease 

episode was considered new if it occurred >14 days after the previous episode based on the 

pharmacokinetics of the treatment in the study, artemisinin combined treatment (ACT) with 

Artemether–lumefantrine. In P. falciparum malaria, fever occurs after few days of prodromal 

symptoms usually at 14 days (145).  

 

5.2.5 Notation and specification of models   

The longitudinal sub-model: In the longitudinal setting, let 𝑌𝑖𝑗 denote the longitudinal 

response of P. falciparum parasitemia for subject 𝑖 =  1, … ,  𝑛 at time 𝑗 where 𝑗 =  1, … , 𝐽𝑖. 

The measurements can be summarised as 

 

𝑌𝑖𝑗 =  𝜇𝑖𝑗 + 𝜀𝑖 + 𝜖𝑖𝑗,             (5.1) 

 

Where 𝜇𝑖𝑗 is the mean response of parasitemia at time 𝑗, 𝜀𝑖 are subject-specific random effects 

accounting for within-subject correlation in each model part, and 𝜖𝑖𝑗 represent error terms and 

are assumed to be normally distributed i.e. 𝜖𝑖𝑗~𝑁𝑛𝑖(0, 𝜎2𝐼𝑛𝑖) where 𝜎2 is variance and 𝐼𝑛𝑖
 is 

the 𝑛𝑖 ×  𝑛𝑖   identity matrix. Postulating a model formulation proposed by Henderson et al 

(55), assuming that 𝜇𝑖 can be described by a linear mixed-effects (LMEM) sub-model with a 

Gaussian distribution can be; 

 

𝜇𝑖 = 𝛽𝑋𝑖
′ + 𝑏𝑍𝑖

′ ,     (5.2) 
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where 𝛽 is the 𝑝 × 1 fixed-effect parameter vector for fixed-effect covariate vector 𝑋𝑖 , 𝑏 is 

the 𝑞 × 1 vector of random effects for random-effect covariate vector 𝑍 for participant 𝑖, 

assumed to be multivariate normal with mean zero, i.e.,  𝑏𝑖~𝑁𝑞(0, ∑ )𝑏 , and  ∑ is𝑏  the 

variance of the subject specific effects.  

Assuming NB distribution for the parasitemia, then 

 

(𝑌𝑖|𝜇𝑖, 𝜗) =
𝛤(𝑦𝑖+𝜗)

𝛤(𝜗)𝑦𝑖!
. (

𝜗

𝜇𝑖+𝜃
)

𝜗

. (
𝜗

𝜇𝑖+𝜗
)

𝑦𝑖

,                  (5.3) 

 

where 𝜇𝑖  is the mean and 𝜗 is the shape parameter that accounts for over-dispersion.  

The NB mixed-effects model links the mean of response to the set of covariates through 

logarithm function can be expressed as;  

 

log(𝜇𝑖) = 𝛽𝑋𝑖
′ + 𝑏𝑖𝑍𝑖

′ + log (𝑀𝑖)      (5.4) 

 

where log(𝑀𝑖) is offset representing total number for a set of measurements.  

 

The NB distribution can be viewed as a Gamma mixture of Poisson distribution where in this 

case the parasitemia response 𝑦𝑖 with mean 𝜇𝑖 follows Poisson and error term  𝜀𝑖 following 
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the Gamma distributions respectively (59); i.e. 𝑦𝑖~𝑃𝑜𝑖𝑠𝑠𝑜𝑛(𝑦𝑖|𝜇𝑖𝜀𝑖) and 𝜀𝑖~𝐺𝑎𝑚𝑚𝑎(𝜗, 𝜗). 

When the over-dispersion parameter is high, the NB model converges to a Poisson model and 

cannot deal with over-dispersion (60), and prone to nonconvergence problems. Further detail 

of the mixed-effects sub-model specifications for Gaussian, Poisson and NB distributions are 

presented in appendix 1.  

 

The intensity recurrent event sub-model: The recurrent event model extends the single event 

semi-parametric proportional hazards model by introducing an unobservable (frailty) random 

term on which the hazard function depends upon to account for within-participant dependence 

of events (92), i.e. clinical malaria episodes. The single-event semi-parametric proportional 

hazards model can be expressed in terms of the hazard function 𝜆𝑖 for participant 𝑖 as;  

 

𝜆𝑖 =  𝜆0𝑒𝑥𝑝[𝛽𝑋𝑖
′],       (5.3) 

 

where 𝜆0 is the unspecified baseline hazard function and 𝑋𝑖 is the covariate vector for 

participant 𝑖. For ordinary Cox PH regression, the baseline hazard is usually left unspecified 

and still can offer valid statistical inference through the use of partial likelihood. However, in 

the context of joint modelling, a completely unspecified baseline hazard will generally lead to 

underestimation of the standard errors of the model parameters (82,146). Covariates here 

include participants’ age as continuous, gender, season for each visit (dry or rainy) and 

frequency of LLIN use in the previous month of the visit. For recurrent clinical malaria 

episodes process, an intensity event model function is adopted as opposed to rate function 
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because while the rate function only defines the occurrence of recurrent events unconditional 

on the event history, the intensity function conditions the occurrence of events on the event 

history (93). In the current cohort, the event history is particularly critical because each P. 

falciparum infection alters the host immune response against threat of subsequent infections 

and disease episodes (24,25). Thus, the intensity recurrent event model would account for the 

participants’ strengthening immunity to episodes due to accumulating event occurrences over 

time, which is critical in recurrent event analysis (89). The intensity recurrent event model at 

time 𝑡 is given by the multiplicative intensity model following the structure proposed by 

Henderson et al (55) as follows; 

 

𝜆𝑖 =  𝐺𝑖𝜆0𝑒𝑥𝑝[𝛽𝑋𝑖
′ + 𝛾𝑖],           (5.4) 

 

where 𝐺𝑖   is assumed to follow Bernoulli distribution denoting whether the participant 𝑖 is in 

the risk period of experiencing the malaria episode. As with the single event survival model in 

equation (4.3), the baseline hazard (intensity) function 𝜆0 is assumed to follow Weibull 

distribution. In the current cohort data, the vectors  𝛽 and 𝑋𝑖 contain different sets of elements 

from  𝛼 and 𝑍𝑖 respectively in equation (2). The term 𝛾𝑖 represents the unobservable random 

effects (frailty) term to account for dependence in within-participant episodes and is assumed 

to follow a Gamma distribution with unit mean and variance θ, i.e. 𝛾𝑖~𝛤(1, 𝜃). The frailty 

variance 𝜃, reflects the amount of the within-participant dependence of clinical episode times 

i.e. the correlation of the recurrent events is quantified by 𝜃, with higher values corresponding 

to greater within-participant correlation. When the variance is small, the values of the frailty 

are around one, implying no frailty effects and so recurrent events are independent.  
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For the counting process of the recurrent clinical episodes, let 𝑅𝑖
∗(𝑡) be the number of 

recurrent events for subject 𝑖 occurring before or at time 𝑡 over an interval [0, 𝜏], where 

recurrent episodes could potentially be observed beyond prespecified maximum time point 𝜏. 

Then the counting process may be stopped by the time to loss to follow-up or end of the study 

denoted by 𝐶𝑖, with the failure indicator  ∆𝑖 taking value 1 if 𝑇𝑖 < 𝐶𝑖 and 0 otherwise. The 

observed counting process, 𝑅𝑖 = 𝑅𝑖
∗𝑚𝑖𝑛(𝑡, 𝐶𝑖) has a known zero-one process {𝐺𝑖(𝑢): 0 ≤ 𝑢 ≤

 𝜏} indicating whether the participant 𝑖 is at risk of experiencing an episode during period 𝑢. 

Thus, the counting process 𝑅𝑖
∗  has a jump of size one i.e. (𝑅, 𝑅 + 1, … ) when an event occurs 

i.e. episode of clinical malaria is experienced.  

Likelihood of the joint model: Using generic terms 𝑌 to denote combined observed 

measurements of parasitemia data, 𝑅 for combined recurrent episodes data, 𝑋 for covariate 

information, and Φ = {𝜀, 𝛾} for the random and frailty processes, the joint distribution for the 

longitudinal measurements 𝑌 and recurrent event processes 𝑅 are conditionally independent 

given 𝑋, 𝜀 and 𝛾. The dependence between 𝑌 and 𝑅 may arise as a result of the direct link 

between 𝜀 and 𝛾, called latent association, without which nothing can be gained through a 

joint analysis. Our interest is to model the subjects’ recurrent processes of episodes together 

with their longitudinal measurements of parasitemia, through the association of 𝜀 and 𝛾. 

Following framework proposed by Henderson et al 2000 (55), one can proceed to compute the 

likelihood of the joint model as a product of the marginal distribution of observed 

measurements 𝑌 and the conditional distribution of the events (episodes) 𝑅. For each 

participant 𝑖, the observed data are {(𝑡𝑖, 𝑋𝑖, 𝑢𝑖 , ∆𝑖, 𝜏𝑖), 𝑖 = 1,2, … , 𝑛}. Computing the full joint 

likelihood 𝐿 = 𝐿(𝜋, 𝑌, 𝑅) where 𝜋 = (𝛽, 𝜎, 𝜃, 𝜆0, 𝛼, Φ) is a vector denoting a collection of all 

unknown parameters with 𝜆0 = {𝜆0(𝑡𝑖), 𝑖 = 1,2, … , 𝑛}, one can proceed as follows:  
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𝐿 = 𝐿𝑌 × 𝐿𝑅|𝑌 = 𝐿𝑌(𝜋, 𝑌) × 𝐸𝑍2|𝑌{𝐿𝑅|𝛾(𝜋, 𝑅|𝛾)},     (5.5) 

 

here 𝐿𝑌(𝜋, 𝑌) is the standard form of marginal distribution of 𝑌 for the parasitemia 

measurements process. The conditional likelihood of the recurrent episodes data, 𝐿𝑅|𝛾(𝜋, 𝑅|𝛾) 

captures the likelihood contribution of the longitudinal measurements up to any time of event. 

Suppose we denote 𝑅0 = ∫ 𝜆0(𝑢)𝑑𝑢
𝑡

0
 as cumulative baseline intensity for the recurrent event 

process, then 𝐿𝑅|𝛾(𝜋, 𝑅|𝛾) can be expressed as  

 

𝐿𝑅|𝛾(𝜋, 𝑅|𝛾) = ∏ {(∏ [𝑒𝑥𝑝{𝛽𝑋𝑖
′ + 𝛾𝑖}𝜆0]∆𝑅𝑖

𝑡 ) ×𝑖

                                                  𝑒𝑥𝑝(− ∫ 𝐺𝑖𝑒𝑥𝑝{𝛽𝑋𝑖
′ + 𝛾𝑖}

𝜏

0
)𝑑𝑅0}.        (5.6) 

 

The Gamma distribution of the frailty 𝛾 with mean restricted to 1 and variance θ, i.e. 

𝛾~𝛤(1, 𝜃), can be expressed as 𝑔(𝛾) =
𝜃1𝛾1−1𝑒−𝜃𝑦

𝛤(1)
, 𝛾𝑖𝜖{0, ∞} which reduces to 𝑔(𝛾𝑖) =

𝜃𝑒−𝜃𝑦

𝛤(1)
. 

 

Parameter estimation: There are two ways in which one can estimate parameters of a 

specified full model: (i) the likelihood methods where maximum likelihood estimators are 

obtained using the expectation-maximization (E-M) algorithm (55,147), and (ii) the Bayesian 

methods (91,148). Here, estimates of the parameters are obtained by maximizing the joint 

likelihood for the parasitemia process and the recurrent episode times process using the EM 
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algorithm. Estimating the parameters by maximizing the likelihood of the observed data 

involves integrating over the random and frailty terms, 𝛾. Since the joint likelihood contains 

an analytically intractable integral, numerical method of integration such as Bayesian 

approaches or quadrature approximation techniques are required for evaluation. The Gauss–

Hermite quadrature method was used here. Further, a unit mean for the frailty term was 

assumed to make the parameters in the distribution and the baseline distribution 𝜆0 

identifiable. 

                

5.2.6 Statistical analysis  

The proposed joint modelling approach was applied to a real dataset from the Mfera malaria 

cohort. In order to study how the joint model can perform under different conditions, 

simulations were also conducted. The models were fitted with shared Gamma frailty model 

for the recurrent events and the mixed-effects model taking competing distributions for the 

longitudinal process: Gaussian and NB. Model fit was compared based on the Akaike 

information criterion (AIC). A model with lowest value of AIC is considered to be the best 

fitting model. Under simulation, all data were simulated to resemble the Mfera cohort. Age in 

years was assumed to be normally distributed (mean: 2, Standard Deviation [SD]: 0.8) on the 

log-scale. To maintain the skewness of age that would reflect real data, the simulated log-

normally distributed values were transformed back to original scales by taking an exponential 

function. The covariates sex, season and LLIN usage were assumed to be binomially 

distributed. Based on exploratory analyses of the Mfera cohort, the assumed true log of hazard 

values were; -0.04 for age, 0.02 for sex, 0.3 for season and 0.3 for LLIN usage. The baseline 

hazard function was assumed to follow a Weibull distribution with shape parameter lambda=1 

and scale parameter =2. Participants were assumed to be censored according to a uniform 
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distribution on time of follow-up. After each clinical malaria episodes, a subject was assumed 

to be in risk-free period of 14 days, based on the pharmacokinetics of artemisinin combined 

treatment (ACT) with Artemether–lumefantrine therapy. Parasitemia data measurements were 

simulated from a mixed effects model with function of follow-up time. The model 

performance in bias was assessed under different scenarios that include: study sample sizes of 

100, 200, 400 (representing small, medium and large sample sizes); level of censoring 10%, 

20%, 50%; length of follow-up period of 1 year, 2 years, 4 years; Gamma distributed frailty 

term with variances 0.2 for low dependence of within-participant episodes, 1.5 for moderate 

and 2.5 for highly dependent episodes; and correlation level between longitudinal and 

recurrent processes 0.01 for weak association, 0.5  moderate and 0.8  strong association. For 

each scenario, 1000 runs were done.  Simulations were conducted in R version 3.4.3  using 

package simrec (127). Data analysis was done in Stata SE version 15.1 (Stata Corp., College 

Station, TX) using gsem and user-written program merlin (108). 

 

5.3 Results 

5.3.1 Mfera cohort   

Among 115 participants included in these analyses, 372 recurrent clinical malaria episodes 

were experienced over the two-year follow-up period, of which 219 (59%) occurred among 

females. Out of the 372 episodes, 125 (34%) were among children under 5 years, 193 (52%) 

in school aged children of 5–15 years and 54 (14%) were experienced by adults above 15 

years old. Overall, there was a decreasing trend in number of recurrent clinical malaria 

episodes over follow-up from 106 episodes in first month to 75 episodes in 24th month (Figure 5.1).  
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Figure 5.7. The observed number of recurrent clinical malaria episodes (dotted line) 

over follow-up time.  

 

Hazard ratios for recurrent clinical malaria episodes obtained from the joint model of clinical 

malaria episodes and parasitemia are summarized in Table 5.1. The hazard of recurrent 

clinical malaria decreased with increasing participants’ age (hazard ratio [HR]=0.960 [ 95% 

confidence interval [CI]: 0.944, 0.976]), for 1-year increase in age. The hazard was also 

higher among participants who reported not to use LLINs every night compared to those who 

used the nets nightly (HR=1.424, [95% CI: 1.218, 2.032]). Compared to dry season, the 

hazard was higher during the rainy season (HR=1.355, [95% CI: 1.048, 1.753]). Compared to 

results from the recurrent event joint model, the single-event joint model yielded lower hazard 

ratio estimates of clinical malaria  and in most cases with larger standard errors.  
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Table 5.1. Hazard ratio estimates of clinical malaria among participants of Mfera 

cohort. 

Variable  HR  SE 95 % CI 

Joint model of shared Gamma frailty sub-model for the recurrent clinical malaria 

episodes and negative binomial mixed-effects sub-model for the parasitemia 

Age at enrolment, per year increase 0.960 0.010 0.944, 0.976 

Gender, female  1.184 0.127 0.957, 1.466 

Season, rainy*  1.355 0.209 1.048, 1.753 

Less LLIN use in previous month+ 1.424 0.316 1.218, 2.032 

Joint model of a Cox PH sub-model for time-to-first clinical malaria and negative 

binomial mixed-effects sub-model for the parasitemia 

Age at enrolment, per year increase 0.810 0.023 0.749, 0.876 

Gender, female  1.070 0.235 0.675, 1.696 

Season, rainy*  1.104 0.407 0.834, 4.108 

Less LLIN use in previous month+ 1.290 0.327 0.680, 2.449 

*reference category is dry season; +reference category is LLIN use nightly; HR=Hazard ratio; 

SE=Standard error; CI=Confidence Interval 

 

The predicted conditional cumulative and marginal non-proportional hazards using the 

recurrent events joint model is shown in Figure 5.2. The expected number of clinical malaria 

episodes in the cohort increased sharply at the beginning of the follow-up period but later 

slowed beyond 1 year. This shows that there were less clinical malaria episodes in subsequent 

periods over time.     
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Figure 5.8. The predicted hazard of recurrent clinical malaria. The solid lines are the 

cumulative hazards which represent the expected number of clinical malaria episodes 

over follow-up time, and the dotted lines denote the 95% CIs.  

 

So far, the results from the recurrent events joint model presented in this study are based on 

data from a cohort of 115 participants with 2 years of follow-up.  In order to study the 

performance of the recurrent events joint model under varying sample sizes, length of follow-

up time, and strength of association between recurrent events and longitudinal processes, 

simulations were also conducted.  
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5.3.2 Simulation study 

Based on AIC, the joint models with mixed-effects sub-model of a NB distribution for the 

parasitemia fitted the data better than the linear mixed-effects model assuming a Gaussian 

response. For example, we considered a scenario assuming a cohort with sample size of 200 

participants, followed up for 2 years with 10% censoring level, 0.05 correlation level between 

longitudinal and recurrent processes of 0.05, and frailty term variance for the dependence of 

within-participant clinical episodes being 0.2. A shared Gamma frailty sub-model with 

Weibull baseline hazard function is assumed for the recurrent process of clinical malaria 

episodes. Under this scenario, the joint model with the NB distribution for the parasitemia 

process yielded lower AIC value (48066) compared to that from the Gaussian distribution 

(549445). For this reason, subsequent analyses adopted a mixed-effects sub-model with a NB 

distribution for the parasitemia process.    

 

 

Tables 5.3a and 5.3b below show log hazard ratio estimates of recurrent clinical malaria for 

simulated data obtained under different scenarios of study sample size, length of follow up 

time in years, level of censoring, level of correlation between longitudinal and recurrent 

processes, and frailty term variance for the dependence of within-participant clinical malaria 

episodes. The joint model consists of a shared Gamma frailty sub-model with Weibull 

baseline hazard function for the recurrent clinical malaria episodes and negative binomial 

mixed-effects sub-model for the parasitemia.
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Table 5.2a. Log hazard ratio estimates of recurrent clinical malaria for simulated data 

under different scenarios for sample size of study participants; follow up time in years 

(𝝉); 𝒄ensoring level (𝑪). 

  N=100 N=200 N=400 

Variable/Parameter 

True 

value Bias  SE Bias  SE Bias  SE 

Scenario1: C=10%, τ=2, Φ=0.01, var(γ)=0.2 

Age, per year increase -0.04 -0.002 0.009 -0.002 0.007 -0.002 0.003 

Gender, female  0.2 0.022 0.128 0.007 0.119 0.014 0.041 

Season, rainy*  0.3 0.029 0.132 0.029 0.110 0.023 0.072 

Less LLIN use in previous month+ 0.3 0.071 0.184 0.043 0.151 0.025 0.069 

Scenario 2: C=20%, τ=2, Φ=0.01, var(γ)=0.2 

Age, per year increase -0.04 -0.003 0.006 -0.002 0.005 -0.002 0.003 

Gender, female  0.2 0.028 0.106 0.012 0.085 0.012 0.054 

Season, rainy*  0.3 0.035 0.107 0.035 0.095 0.034 0.051 

Less LLIN use in previous month+ 0.3 0.072 0.148 0.042 0.121 0.026 0.085 

Scenario 3: C=50%, τ=2, Φ=0.01, var(γ)=0.2 

Age, per year increase -0.04 -0.004 0.013 -0.003 0.005 -0.002 0.005 

Gender, female  0.2 0.027 0.157 0.015 0.101 0.021 0.071 

Season, rainy*  0.3 0.073 0.129 0.046 0.138 0.040 0.058 

Less LLIN use in previous month+ 0.3 0.086 0.204 0.051 0.116 0.042 0.095 

Scenario 4: C=10%, τ=3, Φ=0.01, var(γ)=0.2 

Age, per year increase -0.04 -0.002 0.006 -0.001 0.003 -0.001 0.002 

Gender, female  0.2 -0.005 0.076 -0.001 0.064 -0.001 0.037 

Season, rainy*  0.3 0.017 0.088 0.013 0.071 0.009 0.040 

Less LLIN use in previous month+ 0.3 0.036 0.115 0.020 0.087 0.017 0.041 

Scenario 5: C=10%, τ=4, Φ=0.01, var(γ)=0.2 

Age, per year increase -0.04 -0.001 0.005 0.000 0.003 -0.001 0.002 
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Gender, female  0.2 0.018 0.054 -0.001 0.041 -0.001 0.032 

Season, rainy*  0.3 0.006 0.053 0.010 0.031 0.008 0.030 

Less LLIN use in previous month+ 0.3 0.022 0.072 0.020 0.060 0.017 0.044 

*reference category is dry season; +reference category is LLIN use nightly; SE=standard 

error; CI= confidence interval  

 

Table 5.2b. Log hazard ratio estimates of recurrent clinical malaria for simulated data 

under different scenarios for sample size of study participants; correlation level between 

longitudinal and recurrent processes (𝜱); frailty term (𝜸). 

  N=100 N=200 N=400 

Variable/Parameter 

True 

value Bias  SE Bias  SE Bias  SE 

Scenario1: C=10%, τ=2, Φ=0.01, var(γ)=0.2 

Age, per year increase -0.04 -0.002 0.009 -0.002 0.007 -0.002 0.003 

Gender, female  0.2 0.022 0.128 0.007 0.119 0.014 0.041 

Season, rainy*  0.3 0.029 0.132 0.029 0.110 0.023 0.072 

Less LLIN use in previous month+ 0.3 0.071 0.184 0.043 0.151 0.025 0.069 

Scenario 6: C=10%, τ=2, Φ=0.01, var(γ)=1.5 

Age, per year increase -0.04 -0.003 0.016 -0.002 0.007 0.000 0.003 

Gender, female  0.2 0.020 0.184 0.003 0.117 0.001 0.069 

Season, rainy*  0.3 0.115 0.179 0.043 0.131 0.014 0.072 

Less LLIN use in previous month+ 0.3 0.033 0.258 0.006 0.126 0.000 0.103 

Scenario 7: C=10%, τ=2, Φ=0.01, var(γ)=2.5 

Age, per year increase -0.04 -0.003 0.016 -0.002 0.007 0.000 0.005 

Gender, female  0.2 0.021 0.169 0.014 0.166 0.001 0.087 

Season, rainy*  0.3 0.038 0.192 0.037 0.155 0.037 0.082 

Less LLIN use in previous month+ 0.3 0.036 0.256 0.016 0.192 0.000 0.116 
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Scenario 8: C=10%, τ=2, Φ=0.5, var(γ)=0.2 

Age, per year increase -0.04 -0.002 0.010 -0.002 0.005 -0.001 0.003 

Gender, female  0.2 0.018 0.121 0.014 0.112 0.014 0.038 

Season, rainy*  0.3 0.027 0.130 0.032 0.108 0.022 0.055 

Less LLIN use in previous month+ 0.3 0.046 0.170 0.027 0.141 0.012 0.069 

Scenario 9: C=10%, τ=2, Φ=0.8, var(γ)=0.2 

Age, per year increase -0.04 -0.004 0.010 -0.003 0.005 -0.001 0.003 

Gender, female  0.2 0.021 0.127 0.018 0.100 0.015 0.035 

Season, rainy*  0.3 0.027 0.131 0.035 0.108 0.021 0.049 

Less LLIN use in previous month+ 0.3 0.063 0.170 0.031 0.141 0.013 0.130 

*reference category is dry season; +reference category is LLIN use nightly; SE=standard 

error; CI= confidence interval  

 

The performance of the recurrent events joint model improved with increased study sample 

size overall as evident from the decreased bias when changing number of participants from 

100, 200 to 400 (Table 5.2a).   

 

Level of censoring denotes the number of known outcomes during observation time. We 

hypothesized that as more outcomes become known, then the model bias would decrease. 

Considering scenario 1 as a reference, increasing level of censoring from 10%, 20% to 50% in 

that order worsened the performance of the joint model as seen from increased bias.  
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The length of study follow-up may determine the amount of measurements (information) that 

a model uses for estimation. Our hypothesis was that with longer follow-up, more data would 

better inform the model and improve the performance. The magnitude of bias decreased with 

increasing from 2 years to 3 and 4 years, as more measurements were available over time. 

  

The level of association between recurrent events and longitudinal processes would also 

determine the performance of the joint model. We hypothesized that strong association 

between the two processes would lend the model perform better. As shown in Table 5.2b, the 

joint model performed best with moderate (Φ=0.5) association between recurrent and 

longitudinal processes when compared to weak (Φ=0.01) or strong (Φ=0.8).  Referencing to a 

scenario with low dependence (var(γ)=0.2) of within-participant episodes, there was decrease 

in bias for moderately dependent episodes (var(γ)=1.5) but the performance did not improve 

further when episodes were assumed to be highly dependent (var(γ)=2.5).    

 

5.4 Discussion and conclusions  

This study has demonstrated that jointly modelling recurrent clinical malaria episodes and 

parasitemia estimates the hazard of clinical malaria with more precision (narrower confidence 

intervals and smaller standard errors) than a single-event joint model where the subsequent 

episodes are ignored. The single event joint model gave smaller estimates of hazard ratios in 

most cases with larger standard errors, when compared with the recurrent events joint model. 

The simulation study shows that if correctly specified, the recurrent events joint model can 

give parameter estimates with low bias. Exclusion of subsequent episodes by the single event 

joint model means loss of otherwise valuable information for estimation (149). 
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Underestimation of parameters may lead to incorrect inferences and wrong conclusions.  In 

the Mfera cohort in this study for example, season was not associated with risk of time-to-first 

new clinical malaria episode when subsequent episodes were ignored yet rainy season was 

associated with increased risk of recurrent clinical malaria when the recurrent event joint 

model was used. These results underline the need for models to utilize all data collected 

during follow-up when estimating the risk of recurrent clinical malaria so as to capture the 

effect of protective immunity to subsequent episodes due to repeated P. falciparum infections. 

This study affirms the WHO MALVAC recommendation that urges the experts to evaluate 

the efficacy and safety of the vaccine using recurrent events models (31). The MVIP currently 

being implemented in Malawi, Kenya and Ghana (14) offers an opportunity to utilize these 

recurrent events joint models.  

 

In this study, LLIN usage was protective of participants developing clinical malaria, 

consistent with other previous reports from Malawi and elsewhere (9,131,133,150–153). The 

protective effect of net usage was however more prominent at the beginning of the study, the 

time when the participant received LLINs but later started to diminish just about over a year 

follow-up. This could be explained by loss in physical integrity (due to worn out) and 

biological activity of insecticides of the nets which become apparent with ageing (154,155), 

insecticide resistance by the infectious mosquitoes (156–158), or changes in the biting 

behavior of malaria vectors following the use of LLINs (159,160). In order to understand the 

long-term protective effect of LLINs in current local conditions, longitudinal studies are 

required to assess the physical integrity and biological activity of insecticides over time. Well-

designed longitudinal studies may inform experts in program implementation as to when nets 

need to be replaced or retreated. 
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Older age was associated with reduced risk of clinical malaria. Take aging as proxy for 

protective effect to clinical malaria, the trend may partially be attributed to acquired immunity 

over time (24,25). Being a cohort from a high transmission area, participants are continuously 

exposed to repeated bites of infected Anopheles mosquitoes (161,162). The partial immunity 

developed over time of exposure may not provide complete protection but it reduces the risk 

that malaria infection will cause the disease  (163). The higher risk of developing a clinical 

malaria episode among children could possibly be due to the naturally under-developed 

humoral immune responses to different stage-specific antigens of P. falciparum otherwise 

acquired with age. Further, the school-aged children had the highest risk of developing 

clinical malaria, as also reported by other studies in SSA (125,164,165). The trend of high risk 

of malaria among school-aged children could partly be explained by low LLIN usage in this 

group (125,141,166,167). Results from this study underscore the need for longitudinal cohort 

studies with long follow-up periods in order to understand the changing patterns of risk of 

malaria.  

 

Based on the joint model, the predicted conditional cumulative and marginal non-proportional 

hazards to clinical malaria shows that the expected number of clinical malaria episodes in the 

cohort increased sharply at the beginning of the follow-up period but later slowed beyond 1 

year. Thus the trend shows less clinical malaria episodes in subsequent periods over time of 

the cohort, which is consistent with previous studies (1,25,168).    
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In the simulation study, the performance of the joint model as measured by amount of bias, 

improved with increasing study sample size and length of study follow-up, overall decreasing 

bias. These results are consistent with previous simulation-based studies in joint modelling 

(89,169–171). Thus, model performance improved as more data points were available over 

time. However, increasing level of censoring worsened the performance, a result in line with 

other joint modelling reports (171). The joint model performance improved by changing the 

strength of association between recurrent and longitudinal processes from weak to moderate 

but there was no further clear improvement when the two processes were assumed to be 

strongly associated. There was decrease in bias of the model by increasing the level of 

dependence of within-participant episodes from low to moderate but the performance did not 

improve further assuming highly dependence. Lack of the clear trends in model performance 

with change in strength of the association or level of dependence of within-participant 

episodes may be partly attributed to interaction among factors. In this study, factors were 

varied on a one-by-one basis and results compared to the reference scenario. This approach 

does not allow one to study the effect of interaction between factors. Morris et al. 2019 (172) 

recommend varying factors factorially as this approach may likely to be more informative 

since this allows for  the exploration of interactions between factors. However, in this study, 

the extensive required computational time for the models renders the factorial approach 

infeasible. 

 

Strengths of this study include a combined approach of using real data to fit the models and a 

simulation study to investigate how the model would perform under different conditions such 

as study sample size, follow-up period and level of censoring. Findings from the simulation 

study may guide researchers on setting these conditions appropriately when designing malaria 
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cohort studies for optimal results. Secondly, the real data used in this study had low level of 

missingness. Lastly, using the joint model, we were able to do predictions of risk of recurrent 

clinical episodes. The prediction ability can be crucial when designing malaria interventions.  

 

The main limitation of this study was on the computational complexity of the likelihood for 

the joint models, resulting in nonconvergence problems of the EM algorithms. Non-

convergence is a common problem in the field of joint modelling because of frequent high 

dimensional random effects and parameter space. Some of examples of joint model simulation 

studies with documented non-convergence problem include; Henderson et al. 2000 (55),  

Ferrer et al. 2016 (173) and Xu 2018 (174). The computational time further increased with 

increase in sample size and censoring. The computational time for some simulation models 

was long reaching up to 24 hours, using an Intel Core i7 2.5GHz CPU computer. The non-

convergence problem prevented exploration of other simulation scenarios including larger 

sample sizes and longer study follow-up period which might be the practical conditions in 

most settings.  
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Chapter 6 

 

Discussion and conclusions 

 

6.1 Review of statistical analyses in malaria cohort studies  

 

A review of malaria cohort studies that were published during 1996-2017 showed that most 

analyses have failed to capture the impact of the developed protective immunity in estimating 

the risk of repeated episodes of clinical malaria disease. Despite similar study designs across 

the reports, the statistical methods varied substantially and often represented overly simplistic 

models such as descriptive statistics, simple linear models, Poisson and negative binomial 

(NB) not accounting for within-participant correlation of the episodes  (96,111,112). Ignoring 

this possible correlation of events tends to bias the model results (45,49,50,113) yielding 

regression parameters with underestimated standards errors for time-dependent covariates. 

Studies on prospective longitudinal malaria cohorts have increased over the time, a trend 

reflecting the growing understanding of the importance of longitudinal cohort data coupled 

with advancements in computer software developments for analyzing such data (48,51). The 

increased trend underscores the need for standardized analytical methods that can account for 

the impact of the developed protective immunity in estimating the risk of repeated episodes of 

clinical malaria disease.  
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6.2 Potential use of joint modelling  

This study has demonstrated that a joint modelling longitudinal parasitemia and time-to first 

clinical malaria episodes (single-event joint model) outperformed the commonly used 

conventional time-dependent Cox PH model in precision when estimating the risk of clinical 

malaria. This is consistent with previous studies in other disease fields such as in HIV 

(26,123) and cancer (28,29,128). However, the single-event joint model where the subsequent 

episodes are ignored was outperformed yielding smaller estimates of hazard ratios in most 

cases with larger standard errors by a recurrent-events jointly model in which all clinical 

malaria episodes were included. Detailed results can be seen in papers 2 and 3 in appendences 

4.1 and 5.1 respectively. These results underline the need for models to utilize all follow-up 

data borrowing strength of the entire history of the P. falciparum parasitemia process when 

estimating the risk of recurrent clinical malaria. These findings affirm the WHO MALVAC 

call for using recurrent events models to evaluate the efficacy and safety of the vaccine (31).  

 

 

6.3 Simulation study 

The simulation study of the recurrent events joint model shows that if correctly specified, it 

can give parameter estimates with low bias. The performance of the joint model improved, i.e. 

decreased bias by increasing study sample size and length of study follow-up, results which 

are consistent with previous simulation-based studies in joint modelling (89,169–171). 

However, increasing level of censoring worsened the performance of the joint model. This is 

in agreement with a previous joint modelling report by Efendi (2013) where they studied a 

marginalized joint model for continuous longitudinal and repeated time-to-event outcomes as 

well as a joint model for bivariate repeated time-to-event outcomes (171) 
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6.4 Prediction of risk of clinical malaria 

The predicted risk-free period of a new clinical malaria episode conditional on the history of 

P. falciparum parasitemia trajectory were obtained using the single-event joint model. The 

prediction was more informative (with narrower confidence intervals) about the risk of 

clinical malaria at time closer to last parasitemia measurement than farther over follow-up. 

For longitudinal data, observations closer to the time of the event may be more informative 

about the event than distant ones (175). The ability to predict the risk of future clinical malaria 

episodes by the joint models may help malaria experts and policy makers in planning of 

malaria interventions.   

 

6.5. Implication of results on existing malaria interventions  

6.5.1 Long-lasting insecticide treated nets (LLIN) usage  

In this study, LLIN usage was protective of participants developing clinical malaria, 

consistent with other previous reports from Malawi and elsewhere (9,131,133,150–153). The 

protective effect of net usage was however more prominent at the beginning of the study, the 

time when the participant received LLINs but later started to diminish just about over a year 

follow-up. This may be attributed to loss in physical integrity and biological activity of 

insecticides with ageing (154,155). Further, widespread insecticide resistance by the 

infectious mosquitoes has also been reported (156–158). In order to understand the long-term 

protective effect of LLINs in current local conditions, longitudinal studies are required to 

assess the physical integrity and biological activity of insecticides over time.  
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6.5.2 Age based malaria interventions  

In this study, being of young age was associated with increased risk of experiencing clinical 

malaria episode. Considering aging as proxy for observation time (24,25), this study shows 

that there is protective effect to clinical malaria over time. Being a cohort from a high 

transmission area, participants are continuously exposed to repeated bites of infected 

Anopheles mosquitoes (161,162) and develop humoral immune responses to different stage-

specific antigens of P. falciparum with aging (163). The school-aged children (5-15 years) 

had the high risk of developing clinical malaria, as also reported by other studies in SSA 

(125,164,165), and this may partly be explained by low LLIN usage (125,141,166,167). In 

Malawi, dedicated malaria preventive programs exist specially for under-five children and 

pregnant mothers. Examples include intermittent preventive treatment during pregnancy 

(IPTp), free LLINs for pregnant women at first antenatal care clinic (ANC) visit, and for 

infants attending first under-five clinic visit under the Expanded Program on Immunization 

(EPI). Results from this study underscore the need for expanding these programs and follow 

children longitudinally beyond school-aged children.  

 

6.6 Study limitations  

6.6.1 Inclusion criteria in review 

Publications included in the critical review paper on statistical methods in this study were 

only those published in PubMed, Medline or ScienceDirect. Furthermore, the study only 

considered publications written in the English language. Hence, any other publications 

indexed in any other databases and written in any other language other than English were 

excluded.  
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6.6.2 Computational complexity of the likelihood  

The other challenge in this study was on the computational complexity of the likelihood for 

the joint models which resulted in non-convergence problems of the EM algorithms. Non-

convergence is a common problem in the field of joint modelling because of frequent high 

dimensional random effects and parameter space (55,173,174). This may be a barrier to 

adopting the joint modelling approach especially by malaria experts with limited background 

in statistics.  

 

6.6.3 Variation of factors in simulation study  

In the simulation study, factors were varied on a one-by-one basis and results compared to the 

reference scenario. This approach does not allow one to study the effect of interaction 

between factors. Morris et al. 2019 (172) recommend varying factors factorially as this 

approach may likely be more informative since this allows for  the exploration of interactions 

between factors. However, in this study, the required extensive computational time for the 

models renders the factorial approach infeasible. 

 

6.7 Strengths of the study  

6.7.1 Design-specific review 

Strengths of this study include a review of analytical methods dedicated to a specific study 

design - prospective cohort studies. This allowed for close assessment of the statistical 

methods content based on a uniform criterion and therefore comparable across all reviewed 

articles.  
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6.7.2 Low level of missing data 

Mfera cohort the data which were used for model application had low level of missing with 

majority of the variables having more than 99% completeness. By using data with low level 

of missingness, threat on the validity of the results due to bias and loss of efficiency is 

minimized (34,35).  

 

6.7.3 Optimal link structure between survival processes and longitudinal 

Most joint modelling studies just settle for current value parameterization which is mostly the 

default association structure between the longitudinal and survival processes as elaborated in 

section 2.3. However, this study explored different structures which allowed for examining of 

the optimal way to link between parasitemia and clinical malaria processes.   

       

6.7.4 Dynamic prediction ability 

Thirdly, the ability of the joint models to be used for individual-level predictions of risk of 

new current clinical malaria episodes conditioned on longitudinal measurements of P. 

falciparum parasites offer additional value to planning of malaria interventions. Further 

details on dynamic prediction of future malaria episodes are in sections 4.3.6 and 6.4.  

 

6.8 Areas of further research   

The work in this thesis has a number of possible extensions for research. Firstly, this study 

has found that there is an increased trend in malaria cohort studies coupled with improved but 

slow adoption of appropriate methods. Future studies should consider conducting systematic 

reviews to test whether more appropriate longitudinal statistical methods improve or change 
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understanding of malaria epidemiology by using among other factors, authors’ background 

information. Secondly, this study has utilized joint models in prediction of probability (risk) 

of future clinical malaria episodes at two levels using: 

(i) Single-event joint model to predict the probability of a new episode conditional on 

history of parasitemia trajectory for specific study participants (individual-level 

dynamic prediction); and  

(ii) Recurrent events joint models for the conditional prediction of the probability of 

future clinical malaria episodes for a group of participants (population-level 

prediction).  

Future studies are required to investigate the individual-level prediction of risk of futures 

episodes using recurrent events joint models.  

Further, the simulation study focused on bias but future studies should also consider 

assessing efficiency and consistency in recurrent events joint model particularly using 

relatively larger sample sizes. Lastly, future studies are also required to investigate how 

different data missing mechanisms can impact the estimation in the recurrent events joint 

models. In this study, likelihood and Bayesian methods were used, and both approaches 

were valid under MAR mechanism. However, further simulation studies should 

investigate the role of missingness mechanisms within the recurrent events joint 

modelling framework where the data are missing not at random (MNAR), which maybe 

a common applicable mechanism in some practical settings. 
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Appendices 

The appendices for chapters 1-2; and the papers for chapters 3-5 as published or in-press 

online, as such page numbers and other detail are according to the specific journals. 

Appendix 1.1. World map showing the burden of Malaria 
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Appendix 1.2. Map of Malawi showing the distribution of age-standardized 

community Plasmodium falciparum parasite rate during 2000–2011. 

   

 

Appendix 1.3. Relationship between age and malaria severity in an area of moderate 

transmission intensity.  
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With repeated exposure protection is acquired, against severe malaria, then illness with 

malaria and much more slowly against microscopy-detectable parasitemia. Age-related 

acquired immunity protects against disease, not infection.    

 

 

Appendix 1.4. Research gap 
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Appendix 2.1. Ethics Certificate 
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Appendix 2.2. Derivation of model likelihood 

In order to obtain the marginal log-likelihood of the Gamma frailty model, one can proceed as 

follows: Let 𝛾 be a random variable distributed as Gamma, then its density function can be 

expressed as 

𝑔(𝛾) =
𝛾

1
𝜃

−1
𝑒

−
𝛾
𝜃

𝛤(
1

𝜃
)

1
𝜃

, 𝛾 >, 𝜃 > 0,         (1) 

Where the expected value, 𝐸(𝛾) = 1 and variance, 𝑉𝑎𝑟(𝛾) =  𝜃. Larger values of 𝜃 indicate 

that there is a higher degree of heterogeneity among participants and higher dependence of 

within-participant events. 

The Gamma frailties can be integrated out in the conditional survival likelihood, and obtain 

explicit marginal likelihood function containing the parameters of interest only. The marginal 

likelihood function for the 𝑖𝑡ℎ participant can be given by; 

 

𝐿𝑖(𝜓, 𝜃, 𝛽) = ∏ ∫ (ℎ0(𝑡)𝛾𝑒𝛽𝑡𝑍𝑖𝑗)
𝐶𝑖𝑗

𝑒−𝐻0(𝑡)𝛾𝑒
𝛽𝑡𝑍𝑖𝑗 𝛾

1
𝜃

−1
𝑒

−
𝛾
𝜃

𝛤(
1

𝜃
)

1
𝜃

𝑑𝛾
∞

0

𝑛𝑖
𝑗=1    (2) 

 

where 𝜓  contains the baseline hazard parameters and 𝐶 represents censoring indicator.  For 

the Weibull baseline hazard, 𝜓 = (𝜂, 𝛼),where 𝜂 > 0 and 𝛼 > 0 denote shape and scale 

parameters respectively.  

After re-arranging the terms in equation (1), the expression becomes 
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𝐿𝑖(𝜓, 𝜃, 𝛽) = ∏ ℎ0(𝑡)𝐶𝑖𝑗𝑒𝛽𝑡𝑍𝑖𝑗𝐶𝑖𝑗 ∫
𝛾

1
𝜃+𝑑𝑖

−1
𝑒−

𝛾
𝜃exp (− ∑ 𝐻0(𝑡)𝛾𝑒𝛽𝑡𝑍𝑖𝑗

𝑛𝑖
𝑗=1 )

𝛤 (
1
𝜃)

1
𝜃

𝑑𝛾
∞

0

𝑛𝑖

𝑗=1

 

 

= ∏ ℎ0(𝑡)𝐶𝑖𝑗𝑒𝛽𝑡𝑍𝑖𝑗𝐶𝑖𝑗

𝛤 (
1

𝜃 + 𝑑𝑖
) 𝜃

1
𝜃+𝑑𝑖

𝛤 (
1
𝜃)

1
𝜃

∫

𝛾
1

𝜃+𝑑𝑖
−1

exp (−𝛾 (
1
𝜃 + ∑ 𝐻0(𝑡)𝑒𝛽𝑡𝑍𝑖𝑗

𝑛𝑖
𝑗=1 ))

𝛤 (
1

𝜃 + 𝑑𝑖
) 𝜃

1
(𝜃+𝑑𝑖)

𝑑𝛾,
∞

0

𝑛𝑖

𝑗=1

 

where 𝑑𝑖 = ∑ 𝐶𝑖𝑗
𝑛𝑖
𝑗=1 . 

 

By integrating out the frailty term 𝛾, the expression becomes tractable, the term under 

the integral has a Gamma distribution with a probability density function Γ (
1

𝜃+𝑑𝑖
,

1

𝜃
). Thus, 

deriving the marginal likelihood function can proceed as; 

 

𝐿𝑖(𝜓, 𝜃, 𝛽) =  ∏ ℎ0(𝑡)𝐶𝑖𝑗𝑒𝛽𝑡𝑍𝑖𝑗𝐶𝑖𝑗
𝛤(

1

𝜃+𝑑𝑖
)𝜃

1
𝜃+𝑑𝑖

Γ(
1

𝜃
)𝜃

1
𝜃𝜃

1
𝜃+𝑑𝑖(

1

𝜃
+∑ 𝐻0(𝑡)𝑒

𝛽𝑡𝑍𝑖𝑗𝑛𝑖
𝑗=1

)
(

1
𝜃+𝑑𝑖

)

𝑛𝑖
𝑗=1  × 

∫
𝛾
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𝜃+𝑑𝑖

−1
e

−𝛾(
1
𝜃

+∑ 𝐻0(𝑡)𝑒
𝛽𝑡𝑍𝑖𝑗𝑛𝑖

𝑗=1
)

(
1
𝜃 + ∑ 𝐻0(𝑡)𝑒𝛽𝑡𝑍𝑖𝑗
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(
1

𝜃+𝑑𝑖
)
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𝑑𝛾
∞
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=  ∏ ℎ0(𝑡)𝐶𝑖𝑗𝑒𝛽𝑡𝑍𝑖𝑗𝐶𝑖𝑗
𝛤(
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𝜃+𝑑𝑖
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∫
𝛾

1
𝜃+𝑑𝑖

−1
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−𝛾(
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+∑ 𝐻0(𝑡)𝑒
𝛽𝑡𝑍𝑖𝑗𝑛𝑖
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. 

 

The term under the integral is considered to be the pdf of Γ (
1

𝜃+𝑑𝑖
,

1

𝜃
+ ∑ 𝐻0(𝑡)𝑒𝛽𝑡𝑍𝑖𝑗

𝑛𝑖
𝑗=1 ) 

whose integral reduces to 1. The marginal likelihood function becomes 

 

𝐿𝑖(𝜓, 𝜃, 𝛽) =  
𝛤 (

1
𝜃 + 𝑑𝑖

) ∏ ℎ0(𝑡)𝐶𝑖𝑗𝑒𝛽𝑡𝑍𝑖𝑗𝐶𝑖𝑗𝑛𝑖
𝑗=1

(
1
𝜃 + ∑ 𝐻0(𝑡)𝑒𝛽𝑡𝑍𝑖𝑗𝑛𝑖

𝑗=1 )
(

1
𝜃+𝑑𝑖

)

Γ (
1
𝜃) 𝜃

1
𝜃

 

 

Applying a logarithm transformation to the above expression followed and summing over the 

𝑁 participants, we obtain the marginal loglikelihood function as,  

 

𝐿𝑖(𝜓, 𝜃, 𝛽) = ∑ (𝑑𝑖 log(𝜃) − 𝑙𝑜𝑔 (Γ (
1

𝜃
)) + 𝑙𝑜𝑔 (Γ (

1

𝜃
+ 𝑑𝑖))

𝑁

𝑖=1

− (
1

𝜃
+ 𝑑𝑖) 𝑙𝑜𝑔 (1 + 𝜃 ∑ 𝐻0(𝑡)𝑒𝛽𝑡𝑍𝑖𝑗

𝑛𝑖

𝑗=1

) + ∑ 𝐶𝑖𝑗(𝛽𝑡𝑍𝑖𝑗 + log (ℎ0(𝑡)))

𝑛𝑖

𝑗=1

). 
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The maximum likelihood estimators 𝜓, 𝜃 and 𝛽 are obtained by maximizing the loglikelihood 

function. For the Weibull distribution, the hazard and cumulative hazard functions can be 

denoted by 
𝜂𝑡𝜂−1

𝛼𝜂   and (
𝑡

𝛼
)

𝜂

respectively, and therefore the marginal loglikelihood function for 

Gamma frailty with Weibull baseline hazard rate is 

 

𝐿𝑖(𝜓, 𝜃, 𝛽) = ∑ (𝑑𝑖 log(𝜃) − 𝑙𝑜𝑔 (Γ (
1

𝜃
)) + 𝑙𝑜𝑔 (Γ (

1

𝜃
+ 𝑑𝑖))

𝑁

𝑖=1

− (
1

𝜃
+ 𝑑𝑖) 𝑙𝑜𝑔 (1 + 𝜃 ∑ (

𝑡

𝛼
)

𝜂
𝑛𝑖

𝑗=1

𝑒𝛽𝑡𝑍𝑖𝑗) + ∑ 𝐶𝑖𝑗 (𝛽𝑡𝑍𝑖𝑗 + log (
𝜂𝑡𝜂−1

𝛼𝜂
))

𝑛𝑖

𝑗=1
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Appendix 3.1. Original Paper I-Malaria Journal 
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Appendix 4.1. Original Paper II-Journal of Medical Statistics and Informatics  
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Appendix 6.1: Stata do-files and R-scripts  

 

*#Chapter 3 

cd "C:\Users\Wits work\manuscripts\paper1" /*setting directory 

use paper.dta, clear /*loading data  

xtset year 

 

xtgee descriptives_stats period samp_size, family(binomial) 

link(logit) eform 

 

xtgee contingency_table period samp_size, family(binomial) 

link(logit) eform 

 

xtgee kaplan_meier period samp_size, family(binomial) link(logit) 

eform 

 

xtgee coxmodel period samp_size, family(binomial) link(logit) eform 

 

xtgee logrank period samp_size, family(binomial) link(logit) eform 

 

xtgee poisson period samp_size, family(binomial) link(logit) eform 

 

xtgee negativebinomial period samp_size, family(binomial) 

link(logit) eform 

 

xtgee gee period samp_size, family(binomial) link(logit) eform 

 

xtgee mixedeffectmodel period samp_size, family(binomial) 

link(logit) eform 
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*creating sub-dataset for trend analyis 

bysort year: gen total_studies=_n /*counting number of articles 

paper year  

replace total_studies=. if year[_n]==year[_n+1]   /* retaining the 

total number only per year  

 

*collapsing obseravtions on year, for figure2-lowess plot 

collapse (sum) total_studies - methods_other, by(period3)  

 

*plot of all methods on the same graph 

twoway (tsline descriptives_stats_percent kaplan_meier_percent 

coxmodel_percent poisson_percent gee_percent 

mixedeffectmodel_percent, recast(connected)), xlab(0(1)3) 

ytitle(Percent)  xtitle(Year)title(Studies using a statistical 

procedure) 

graph save combined_ts, replace 

 

 

*#Chapter 4 

#loading required packages 

library(JM) 

library(foreign) 

library(JMbayes) 

library("lattice") 

library(lme4) 

library(nlme) 

library(pscl) 

 

# loading data  
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Paper2 <- read.dta("C:/Users/wits/mfera1.dta") 

Paper2.id <- read.dta("C:/Users/wits/mfera2.dta") 

 

#mixed-effects model with Poisson distribution   

poisson.malaria.glmmPQL <- glmmPQL(parasite ~ ns(obsdays,2), random 
= ~ 1 | studyid, family = poisson, data = Paper2) 

summary(poisson.malaria.glmmPQL) 

 

#mixed model of quasipoisson  

qpoisson.malaria.glmmPQL <- glmmPQL(parasite ~ ns(obsdays,2), random 
= ~ 1 | studyid, family = quasipoisson(link='log'), data = Paper2) 

summary(qpoisson.malaria.glmmPQL) 

 

#mixed model with negative binomial 

nbinomial.malaria.glmmPQL <- glmmPQL(parasite ~ obsdays, random = ~ 
1| studyid, family = negative.binomial(5), data = Paper2, control = 
list(opt = "optim")) 

summary(nbinomial.malaria.glmmPQL) 

 

#rootogram to visualize the fit of a count regression model 

library(aods3)     ## overdispersion diagnostics 

 

#defining the densLong function 

  #sample########################## for binary 

  dLongBin <- function (y, eta.y, scale, log = FALSE, data) { 

    dbinom(x = y, size = 1, prob = plogis(eta.y), log = log) 

  } 

   

  #for Poisson distribution 

  dLongPois <- function (y, eta.y, scale, log = FALSE, data) { 

  dpois(x=y, lambda = 1, log = log) 
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  } 

  #work on the parameters   

  #general form: dpois(x, lambda, log = FALSE)   

 

  ############################### for negative binomal 

    dLongnBinom <- function (y, eta.y, scale, log = FALSE, data) { 

  dnbinom(x=y, size = 0.525, prob =0.5 , mu= , log = log) 

  } 

  #general form: dnbinom(x, size, prob, mu, log = FALSE) 

 

#fitting cox model on time to first episode, with parasitemia as 
time-dependent 

td.cox.malaria <- coxph(Surv(start, stime, clinical_malaria) ~ 
parasite + age + pre_fu_netfreq + cluster(studyid), data = Paper2) 

summary(td.cox.malaria) 

 

#fitting cox model with parasitemia only as time-dependent 

td.cox.malaria.PC <- coxph(Surv(start, stime, clinical_malaria) ~ 
parasite + cluster(studyid), data = Paper2) 

summary(td.cox.malaria.PC) 

 

#fitting cox model on time to first episode single record per id 

survFit.malaria <- coxph(Surv(full_fu_days, clinical_malaria) ~ 
agecat+pre_netfreq, data = Paper2.id, x = TRUE) 

summary(survFit.malaria) 

 

#fitting joint model - with poisson 

#set.seed(20) 

jointFit.poisson.malaria <- jointModelBayes(poisson.malaria.glmmPQL, 
survFit.malaria, timeVar = "obsdays", densLong = dLongPois)  

summary(jointFit.poisson.malaria) 



142 

 

 

#fitting joint model - with negative binomial 

#set.seed(30) 

jointFit.nbinom.malaria <- 
jointModelBayes(nbinomial.malaria.glmmPQL, survFit.malaria, timeVar 
= "obsdays", densLong = dLongnBinom)  

summary(jointFit.nbinom.malaria) 

 

#fit final standard joint model (with quasi-Poisson) with only the 
current value-m_i(t) term in the linear predictor of the survival 
submodel  

#set.seed(40) 

jointFit.malaria1 <- jointModelBayes(qpoisson.malaria.glmmPQL, 
survFit.malaria, timeVar = "obsdays", densLong = dLongPois)  

summary(jointFit.malaria1) 

 

#Including the time-dependent slopes term 

dForm <- list(fixed = ~ 0 + dns(obsdays,2), random = ~ 0 ,indFixed = 
2:3, indRandom = 0:0) 

#set.seed(50) 

jointFit.malaria2 <- update(jointFit.malaria1, param = "td-both", 
extraForm = dForm, n.iter = 20000) 

summary(jointFit.malaria2) 

 

#Including the cumulative effect of the parasitemia 

iForm <- list(fixed = ~ 0 + obsdays + ins(obsdays, 2), random = ~ 0 
+ obsdays,indFixed = 1:3, indRandom = 1:1) 

#set.seed(60) 

jointFit.malaria3 <- update(jointFit.malaria1, param = "td-extra", 
extraForm = iForm, n.iter =20000) 

summary(jointFit.malaria3) 

 

#diagnostics plots for mcmc samples 
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library("rvg")   #for editable plots 

library("ggplot2") 

library("officer") 

 

plot(jointFit.malaria3) 

plot(jointFit.malaria3, which="density") 

 

#table of posterior means 

xtable(jointFit.malaria3) 

#Dynamic prediction of risk for new clinical malaria episode 

#for participant 98 

Data98 <- paper2[paper2$studyid == 98, ]  

sfit.malaria <- survfitJM(jointFit.malaria3, newdata = Data98, idVar 
= "studyid") 

sfit.malaria 

plot(sfit.malaria, estimator = "mean", include.y = TRUE, 

     conf.int = TRUE, fill.area = TRUE, col.area = "lightgrey") 

 

*#Chapter 5 

*cd "C:\Users\Wits work\paper3" /* setting directory  

use paper3.dta, clear / loading data 

*using merlin package to jointly model frailty with Weibull baseline 

for recurrent events and longitudinal parasitemia 

merlin (stime age_yrs sex season net_freq M1[studyid], /// 

family(weibull, failure(clinical_malaria) ))(parasite age_yrs /// 

sex season net_freq M1[studyid]@1, family(gaussian)), /// nolog 

intmethod(mcarlo) iterate(9) 

estat ic 

   

*poisson distribution for parasitemia 
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merlin (stime age_yrs sex season net_freq M1[studyid], /// 

family(weibull, failure(clinical_malaria) ))(parasite age_yrs /// 

sex season net_freq M1[studyid]@1, family(poisson)), /// nolog 

intmethod(mcarlo) iterate(9) 

estat ic 

*quasi-Poisson distribution for parasitemia   

merlin (stime age_yrs sex season net_freq M1[studyid], /// 

family(weibull, failure(clinical_malaria) ))(parasite age_yrs /// 

sex season net_freq M1[studyid]@1, family(qpoisson)), /// nolog 

intmethod(mcarlo) iterate(9) 

estat ic 

     

*Negative binomial distribution for parasitemia   

merlin (stime age_yrs sex season net_freq M1[studyid], /// 

family(weibull, failure(clinical_malaria) ))(parasite age_yrs /// 

sex season net_freq M1[studyid]@1, family(nbinomial)), /// nolog 

intmethod(mcarlo) iterate(9) 

estat ic 

 

*# Sample scenario for simulated data 

import delimited simscenario1a.csv, clear 

/*fitting joint model to simulated dataset 

set seed 100 

bootstrap: merlin  (syears age_yrs sex season net_freq 

M1[studyid], family(weibull, failure(clinical_malaria))) /// 

  (long_y age_yrs sex season net_freq M1[studyid]@1, 

family(nbinomial)) /// 

  , nolog intmethod(mcarlo) iterate(9) 

estat ic 

estat bootstrap 

**Note: Other scenarios for the stated conditions in the report are 

skipped due to space.  

 


