
Minerva Access is the Institutional Repository of The University of Melbourne

Author/s:
Dharmaratne, Aluthwala Domingu Vithanage Tharkeshi Thanuja

Title:
Quantification of the dynamics of antibody response to malaria in pregnant women

Date:


Persistent Link:
https://hdl.handle.net//

Terms and Conditions:
Terms and Conditions: Copyright in works deposited in Minerva Access is retained
by the copyright owner. The work may not be altered without permission from the
copyright owner. Readers may only download, print and save electronic copies of whole
works for their own personal non-commercial use. Any use that exceeds these limits
requires permission from the copyright owner. Attribution is essential when quoting or
paraphrasing from these works.



 

 

Quantification of the dynamics of antibody 

response to malaria in pregnant women 

 

 

 

 

A. D. V. Tharkeshi Thanuja Dharmaratne 

 

ORCID identifier: 0000-0002-0788-7252 

Master of Philosophy 

 

 

April 2020 

 

 

Centre for Epidemiology and Biostatistics 

Melbourne School of Population and Global Health  

The University of Melbourne 

 

Submitted in total fulfilment of the requirements of the degree of Master of Philosophy 

 

Produced on archival quality paper 

 



ii 

 

Abstract 

Malaria remains a major public health threat with pregnant women and young children 

the most vulnerable populations. Approximately 125 million pregnant women are at risk 

of malaria infection every year. Immunity to malaria can significantly reduce the severity 

of malaria symptoms. This has long motivated efforts to better understand the immune 

response to malaria in order to develop an efficacious antimalarial vaccine. However, the 

complex behaviour of the immune system, particularly in pregnant women, has hindered 

identifying the underpinning mechanisms of the immune response to malaria infection. 

This project investigates antibody-mediated immunity in pregnant women who attended 

antenatal clinics located at the Thai-Myanmar border, where malaria transmission is low 

and P. falciparum and P. vivax (the most prevalent malaria species globally) coexist. 

Antibody responses during pregnancy to six parasite antigens were measured for 250 

pregnant women in a median of 7 samples per woman (range 2 to 13) over the gestation 

period. 

A multivariate mixture linear mixed model was fitted to longitudinal antibody data of 250 

pregnant women to characterise the highly dynamic antibody responses using a Bayesian 

approach. The posterior distribution of the parameters estimated via Markov chain Monte 

Carlo (MCMC) simulations were used to classify the antibody responses. The results 

show that the infectious status of a woman during follow-up is a key factor influencing 

the classification of the joint behaviour of the antibody responses. Hence, the two malaria 

exposure categories (exposed to infection during pregnancy defined as a case and those 

non-exposed defined as controls) were represented by the two antibody profile clusters. 

Using a manually developed code, entropy values were computed for each antibody, with 

which, the contribution made by each antibody on the classification was assessed. The 

antibodies PfMSP3 and PvAMA1 which maintained less dynamic antibody profiles 

significantly influenced the classification. However, these antibodies identified controls 

exceptionally well but did not perform well for the cases. For sero-surveillance, 

antibodies which best identify the cases are required, hence, the study was extended in 

performing classification based on all possible univariate and multivariate combinations 

of the six antibodies. The bivariate combination PfAMA1 and PfVAR2CSA resulted in 

identifying the majority of cases by contributing towards identification of potential 
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biomarker(s) for sero-surveillance of recent exposure to malaria during pregnancy. 

Therefore, the bivariate combination of antibodies, PfAMA1 and PfVAR2CSA should be 

used in the field, particularly for accurate malaria surveillance of pregnant women living 

in low malaria transmission settings. This could lead to the early detection and treatment 

of malaria infections in pregnant women, reducing transmission and thereby progressing 

towards elimination of malaria. 
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Chapter 1  

Introduction 
 

1.1 Background 

Malaria is a major threat to public health. This vector-borne infectious disease caused 228 

million clinical cases and 405,000 deaths in 2018 [2]. Malaria infection is caused by the 

Plasmodium spp. parasite and gets transmitted to humans through the bite of an infected 

female Anopheles mosquito. Of the six species of Plasmodium parasite that can infect 

humans, P. falciparum and P. vivax are the most prevalent [3]. P. falciparum can cause 

the most severe consequences compared to the other species and P. vivax is the most 

widespread malaria species globally. The highest burden of malaria has been reported in 

Africa, where P. falciparum malaria is holoendemic in some regions and high levels of 

malaria transmission have been observed [4]. Outside Africa, particularly in South Asia, 

Southeast Asia and South America, the level of malaria transmission is significantly 

lower and P. falciparum and P. vivax are co-endemic. 

Every year, around 125 million pregnant women living in malaria endemic countries are 

at risk of malaria infection [5, 6]. The high susceptibility of pregnant women and children 

has led WHO to pay close attention to these two high risk groups, highlighted in the most 

recent world malaria report [2]. Pregnant women exposed to malaria may suffer from 

anaemia which strongly affects their health and accounts for around 10,000 maternal 

deaths every year, particularly in Sub-Saharan Africa [7-9]. Pregnant women may also 

suffer from severe complications of P. falciparum infection caused by sequestration of 

parasites in the placenta [10]. The burden of malaria on pregnant women living in areas 

where malaria transmission is high, tends to alter with the age of the mother [11-13] and 

parity [14], and the susceptibility to severe consequences of malaria is reported to be 

highest in younger pregnant women who are in their first pregnancy (primigravidae) 

compared to older pregnant women with multiple pregnancies (multigravida). This is 

mainly because with repeated exposure to the parasite over several pregnancies immunity 

that is protective against placental sequestration may develop [15, 16].  

The adverse consequences of malaria during pregnancy are not limited to the mother but 

can also extend to the child. Maternal malaria impacts the development of the child during 
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the stages of foetus (unborn; more than eight weeks after conception throughout the 

gestation period), neonate (newborn) and infancy. The adverse effects related to malaria 

in pregnancy are miscarriage [17] and stillbirth of the foetus [18], neonatal and infant 

mortalities [9, 19]. Infants who survive have an increased risk for low-birth weight [8] 

which in turn impacts the development of infants and may cause several diseases (such 

as metabolic syndrome, non-communicable diseases and certain cancers) in adult life [20-

22].  Of note, the possibility of sequestration of P. falciparum parasites in the placenta is 

identified as a leading cause of neonate and infant mortality [19]. Hence, developing 

effective treatments for malaria, particularly for placental malaria is of great importance 

to prevent the adverse consequences associated with malaria during pregnancy. 

Various drug regimens and prevention strategies developed to treat and control malaria 

infection have successfully reduced the global incidence of malaria and have led many 

countries towards elimination of malaria [4, 23]. However, some of these efforts have 

begun to lose efficacy,  particularly in low malaria transmission settings such as Southeast 

Asia, due to emerging parasite drug resistance [24] and insensitivity of standard 

surveillance methods in detecting submicroscopic and asymptomatic infections [25]. 

These impediments have therefore warranted the need for development of an efficacious 

population-level intervention, such as a vaccine.  

An efficacious antimalarial vaccine for pregnant women is yet to be developed. The 

complex response of antibody-mediated immunity to malaria has hampered the complete 

understanding of how immunity to malaria can be acquired following repeated infections 

[26, 27] and why its provided protection persists only if the infections occur regularly, 

otherwise, the protection diminishes rapidly [28, 29]. Quantifying the antibody responses 

to malaria during pregnancy is more challenging due to the suppression of immunity 

during pregnancy and the great variations in antibody responses between and within 

pregnant women [1]. 

Characterising the behaviour of the immune system in response to malaria infection, 

particularly antibody-mediated immunity, will also provide a means to an accurate sero-

surveillance tool. This surveillance technique, which measures serologic responses (anti-

malarial antibodies) against the antigens expressed at different stages of the malaria 

parasite, is a powerful technique for detecting malaria infections, particularly where 

parasite density is significantly low [25]. The biomarkers provided by serological 
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surveillance (sero-surveillance) allows for monitoring recent exposure, transmission level 

and acquired immunity to malaria [30-32]. 

Antibodies targeting blood-stage antigens, predominantly the antigens expressed on the 

merozoites, have been the main focus of current vaccine development research. However, 

previous studies have commonly investigated a small selection of the many merozoite 

antigens [33] and only a few studies have examined the protective role of antibodies to 

multiple antigens simultaneously [34-38]. Of note, many of the candidate blood-stage 

antigens found by the previous studies are identified as biomarkers of protective 

immunity [30, 33, 39] while the biomarkers representing  recent exposure are lacking. 

This thesis is aimed at quantifying the dynamic antibody responses to multiple antigens, 

thereby, identifying the potential biomarkers of immunity and/or exposure. A multivariate 

model is developed in this work to study the behaviour of the antibody responses to 

multiple antigens jointly by accounting for the correlations between the antibodies. In 

addition, antibody responses to commonly studied merozoite antigens, considered 

important vaccine targets, are analysed in this work, along with the antibody responses to 

VAR2CSA, a pregnancy-specific erythrocytic antigen. 

1.2 Aims of the thesis 

The aims of this thesis, which centre around analysing multiple longitudinal measures of 

antibody levels simultaneously recorded from pregnant woman, are as follows: 

i. Identify clusters of pregnant women with similar antibody responses to malaria.  

ii. Identify the key maternal factor(s) that best discriminate the antibody groupings 

of the pregnant women. 

iii. Determine the antibody response(s) which are potential biomarker(s) for sero-

surveillance of recent exposure, transmission and acquired immunity to malaria. 

1.3 Thesis structure 

This thesis is structured as follows. Chapter 2 provides a literature review for malaria in 

general and the burden of malaria particularly in pregnant women. This chapter consists 

of three main sections. The first section introduces the global problem of malaria, 

interventions and prevention strategies developed to control and eliminate malaria 

globally, introduction of the burden of malaria in pregnant women and effects of malaria 

on the mother and the child. The second section introduces immunity; the natural defense 
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mechanism against malaria, the changes that occur in immunity to malaria during 

pregnancy and the factors which affect the immunity levels of pregnant women against 

malaria. In the third section, I explain the importance of antibody-mediated immunity in 

controlling malaria and briefly explain the function of the antigens, against which 

antibody measures were obtained in the dataset I analysed in this thesis. 

Chapter 3 introduces the dataset analysed in this study. It briefly explains the population 

of the pregnant women involved in the primary study and the intensity of malaria in the 

study area, study design for the secondary study and the procedure of cleaning the 

secondary data to incorporate in the current study.  

Chapter 4 introduces statistical methods available in the R software, which can cluster 

pregnant women with similar characteristics with respect to the joint behaviour of the 

trajectories of the six antibody responses. This chapter initially introduces the packages 

which perform clustering based on single antibody trajectories followed by the statistical 

methods which account for joint-trajectories to cluster the pregnant women. The 

multivariate classification methods include both distance-based methods as well as 

model-based clustering methods.  

Chapter 5 summarises the characteristics of the participants described in Chapter 3 and 

presents the corresponding longitudinal antibody profiles across the six antibodies. The 

best statistical method introduced in Chapter 4 was then applied to classify the 

longitudinal antibody profiles. The importance of the antibodies in classifying the 

pregnant women into clusters that distinguish between the exposure categories (cases and 

controls) was also investigated. 

Chapter 6 concludes the thesis with a summary of the findings and a discussion of the 

implications of this research. This chapter also contains a discussion of the strengths and 

limitations of this research and suggestions for the immunologists who work in this area 

as well as some extensions that can be made in the methodology. 
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Chapter 2  

Background to malaria and the burden in pregnancy 
 

2.1 Malaria 

Malaria is a vector borne infectious disease with a large burden in 91 counties [23]. In 

2018, around 228 million clinical cases and 405,000 deaths were attributable to malaria 

across the world [2]. This infection is caused by the Plasmodium parasite and transmitted 

to humans through a bite from an infected female Anopheles mosquito. Six species of 

Plasmodium spp. can infect humans (P. falciparum, P. vivax, P. malariae, P. ovale 

wallikeri, P. ovale curtisi and P. knowlesi (a zoonotic infection)) [40, 41], among which 

P. falciparum and P. vivax  are more prevalent [3].  

The highest burden of malaria is in Sub-Saharan Africa, which observed 93% of global 

malaria cases and 94% of all malaria deaths recorded in 2018 [2]. P. falciparum 

predominately affects this region and solely accounted for 99.7% of estimated malaria 

cases that occurred in Africa in 2018 [2]. Outside Africa, P. falciparum and P. vivax often 

coexist while P. vivax is the most commonly found parasite in the Americas, causing 75% 

of the malaria cases in 2018. Furthermore, according to the World Malaria Report 2019, 

53% of the global endemicity of malaria due to P. vivax infection is in the South-East 

Asia Region [2]. 

Malaria infection within a human commences when a mosquito bites a human for a blood 

meal and the Plasmodium spp. parasites, in the form of sporozoites, are inoculated into 

the bloodstream [42]. These sporozoites then migrate to the liver and invade hepatocytes 

[43], where they mature into merozoites and are released into the blood stream to invade 

red blood cells (RBCs). The merozoites that succeed to invade RBCs begin to develop 

through ring, trophozoite and schizont stages. Once the schizonts become mature they 

rupture and release on average 8-16 [44, 45] daughter merozoites into the blood, 

continuing the cycle of invasion and destruction of RBCs. Of note, unlike P. falciparum, 

a proportion of P. vivax sporozoites remain dormant in the liver as hypnozoites, which 

can reactivate after several weeks or months of the primary infection, causing infection-

relapses [46]. 



6 

 

Malaria symptoms, which commence with the release of merozoites into the blood 

stream, are shown to vary across different Plasmodium species. P. falciparum infections 

have been associated with more severe symptoms in contrast to P. vivax infections [47, 

48]. The level of parasite density is significantly associated with severe complications of 

malaria [49, 50] and mortality [51]. High levels of parasitaemia is exhibited in falciparum 

malaria as this species is capable of infecting erythrocytes of any age [52]. According to 

the World Health Organization (WHO), hyperparasitaemia is a leading cause of severe 

falciparum malaria [53]. Severe symptoms are also caused by P. falciparum due to the 

adherence of the infected RBCs to the vascular endothelium, known as sequestration [54-

57]. In contrast, P. vivax only invades the youngest RBCs, known as reticulocytes and the 

absence of the mechanism of sequestration leads P. vivax to cause less severe 

consequences compared to P. falciparum [58, 59]. 

2.1.1 Immunity: The natural defense mechanism against malaria  

The immune system naturally offers protection to the human body against malaria 

infections and it mainly comprises three components: (i) innate immunity, (ii) acquired 

or adaptive immunity and (iii) passive immunity. Innate immunity is present from birth 

and reacts against all infections in a similar manner (non-specific immunity). It provides 

a first-line defense as soon as a pathogen is recognised, and if unable to provide 

protection, it mediates activation of subsequent acquired immunity responses. Acquired 

immunity is not present at birth but can develop later in life with repeated exposure to 

malaria. Antibodies are an important component of naturally acquired immunity (NAI) 

and are generated to attack specific antigens that mediate the infection. Lastly, passive 

immunity is not generated by one’s immune system but instead antibodies are transferred 

from another source. Maternally derived antibodies are one such instance, where this 

naturally acquired protective immunity is transferred to the infant from mother through 

the placenta and is able to reduce the risk of clinical malaria [60]. However, maternally-

derived protective immunity does not last long, and maternal antibodies offer protection 

only among young infants typically for the first five months of life [61-63].  

Individuals living in malaria endemic areas can develop immunity against malaria 

parasites after repeated infections [26, 27], which can reduce the clinical symptoms [64]. 

Some studies have revealed that human immunity, especially the antibody-mediated 

immunity, can only provide long-term protection if individuals at risk are frequently 



7 

 

exposed to malaria as the antibody responses are relatively short-lived and its effect wanes 

rapidly, probably within a few months after parasite clearance [65, 66]. Opposingly, 

several other studies have argued that antibody responses are long-lived, mostly for years, 

in the absence of exposure to malaria [1, 67-69]. Of note, these contradictory findings are 

due to the biphasic decay of an antibody response. An antibody response usually tends to 

decay under two phases after approaching the peak; initially, with a rapid decay followed 

by a  slower decay in the second phase (reviewed in [70]). Hence, the studies which 

investigated the first phase of the decay of an antibody have reported shorter antibody 

response half-life [66, 71] compared to that of second phase antibody decay studies [1, 

67]. 

2.1.2 Control and elimination of malaria 

Malaria control efforts over the past two decades have significantly reduced the malaria 

transmission intensity in many malaria-endemic countries [72-74]. Despite the significant 

progress that has been made to reduce the global malaria burden, a recent WHO report 

shows that the decline in burden and deaths have stalled [4]. Resistance to the artemisinin 

derivatives has now spread across South East Asia [24], and more recently there are 

reports of declining efficacy for the artemisinin-based combination therapies (ACTs), due 

to an emerging resistance of the parasites to the partner drug as well as the artemisinin 

derivative [75].   

Various drug regimens and prevention strategies have been developed to treat and control 

malaria. Particularly, the use of insecticide-treated bed nets (ITN), ACTs and intermittent 

preventive therapy in pregnancy (IPTp) have successfully reduced the global incidence 

of malaria and have led many countries, towards elimination of malaria [4, 23].  

Many of these interventions have primarily focused on controlling P. falciparum 

infections, resulting in a significant progress in reducing the burden of malaria in the areas 

where this species is prevalent, particularly in Africa.  This, however, has led to an 

underestimation of the malignancy of P. vivax [76], which has caused significant 

morbidity and mortality in South Asia, Southeast Asia and South America [58, 77].  

Currently, there is not a globally certified radical cure for P. vivax to completely clear the 

hypnozoites (liver-stage parasites) from the body [78] - ACTs kill only blood-stage 

parasites, thus, do not affect hypnozoites, which can induce progressive relapses of 
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infection. Although the antimalarial primaquine is capable of killing hypnozoites, its 

deployment has been disputed, as it can cause haemolysis in patients with glucose-6-

phosphate dehydrogenase (G6PD) deficiency [79]. In addition, ITNs have shown to be 

less effective in reducing P. vivax transmission, further implying that the standard control 

strategies are not completely efficacious in controlling P. vivax [80]. 

In low transmission areas that are co-endemic for falciparum and vivax malaria, accurate 

surveillance is challenging, as submicroscopic, asymptomatic and sub-patent infections 

(particularly, infections with low parasite densities) are highly prevalent [81-84] but 

remain undetectable by the mostly commonly used diagnosis methods (such as 

microscopy and RDTs, which measure the parasite density in blood smears and detect 

malaria antigens, respectively) [85, 86]. This is a major impediment to malaria 

elimination efforts, as these asymptomatic infections silently contribute to human-to 

mosquito-transmission [25, 84, 87-89].  Hence, traditional diagnostic and surveillance 

techniques, which depend on clinical case reports from health services, entomological 

estimates and case estimates from cross-sectional surveys, become less accurate in 

capturing the true intensity of infection [89, 90].  

Several researches have suggested that Polymerase chain reaction (PCR)-based 

diagnostic methods (such as conventional PCR and quantitative real-time PCR(qPCR)) 

[91, 92] and nucleic acid-based tests (NATs) [82, 93] perform well in detecting infections 

with low parasite densities compared to microscopy/RDT tests [89, 94]. qPCR is 

particularly  accurate in diagnosing infections with as low as 0.5–10 parasites/μl of blood 

(sub-patent infections) [95] compared with microscopy that has a detection limit of 50–

500 parasites/μl [25, 96]. However, despite the proven accuracy of PCR-based diagnostic 

methods [97-99], microscopy remains the standard diagnostic method for detecting 

exposure to malaria, particularly in remote areas due to scarce resources, the requirement 

of highly trained staff and the complexity and expense of PCR [100, 101]. 

Sero-surveillance, which measures anti-malarial antibodies, is an alternative method to 

assess whether recent infections have occurred and thus monitor transmission [25], 

particularly for P. falciparum and P. vivax [31]. Sero-surveillance is also a useful tool to 

monitor both clinical and asymptomatic infections and changes in malaria transmission 

intensity [102-104], particularly in low transmission settings [105, 106].  Antibody levels 

tend to play an important role under this circumstance as they are key measures of NAI 
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and tend to increase following repeated exposure to malaria infections. Hence, the 

antibodies could be sensitive marker(s) of current as well as previous exposure to malaria, 

particularly in low transmission areas where infection rates are low and are less likely to 

capture active infection [90, 104]. Studies have also  introduced several antibodies as 

potential biomarkers for monitoring the risk of exposure to falciparum malaria such as 

PfMSP2, PfAMA1 and PfEBAs [32, 107-109]. Moreover, the sero-conversion rates of 

the antibodies to PfAMA1 and PfMSP1-19 are being used to capture changes in malaria 

transmission intensity [110-113] and identify hotspots of malaria transmission [114-116]. 

For malaria control, serological studies have demonstrated that antibody levels can 

provide insights into both clinical immunity and recent exposure. Certain antibodies, 

particularly against relatively conserved merozoite antigens, are maintained at high levels 

and are associated with reduced clinical symptoms, hence, they are characterised as 

biomarkers of protective immunity [30, 33, 38, 117]. However, there are other antibodies 

which indicate individuals with recent exposure (i.e. who experienced clinical symptoms) 

instead of protection against malaria [32, 118]. Some of the antibodies, particularly, 

against merozoite antigens could play the dual role of biomarkers of protective immunity 

and recent exposure to malaria according to the transmission setting (i.e. perform as 

biomarkers of recent exposure to malaria in areas or populations with limited exposure 

such as in young children and in low transmission settings and perform as biomarkers of 

protective immunity in high transmission settings where exposure to malaria is frequent 

[32]). To date, serology has been widely examined as a potential marker of protective 

immunity, therefore, identifying the antibodies which are markers of recent exposure to 

malaria is important for informing elimination strategies of malaria in low-transmission 

areas. 

2.1.3 Malaria in pregnancy 

Every year, around 125 million pregnant women are at risk of  malaria infection [5, 6], 

24% of whom live in Africa, where P. falciparum is prevalent, while the rest reside out 

of Africa in areas where P. falciparum and P. vivax may coexist. (around 90 million live 

in the Asia-Pacific region [6, 119] and 3 million live in Latin America [6]). Pregnant 

women in malaria endemic regions are highly susceptible to malaria infection due to the 

immunological and hormonal changes that occur during pregnancy and the increased 

attraction of mosquitoes to them [120-122]. Consequently, they are more likely to get 
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infected with and suffer from malaria compared to non-pregnant women living in the 

same area [123]. 

The symptoms of malaria can be significantly exacerbated during pregnancy. During P. 

falciparum infection pregnancy is associated with increases in parasite density and 

sequestration of infected erythrocytes to the placental endothelium [10]. 

2.1.3.1 Effects of malaria on the mother 

Pregnant women infected with Plasmodium spp. may suffer from acute lung injury, 

severe hypoglycemia, coma [124], and anaemia, which is the major cause of adverse 

outcomes in the mothers [7] - around 10,000 maternal deaths occurred every year in sub-

Saharan Africa are due to severe maternal anaemia [9].  

The adverse effects of malaria during pregnancy, particularly maternal anaemia, seem to 

vary with the transmission level in the region and gravidity. Pregnant women, 

primigravidae in particular, who live in areas with stable malaria transmission are more 

prone to experience severe anemic conditions [125-127]. In contrast, severe anaemia is 

less likely to be observed in areas with unstable transmission, irrespective of the prevalent 

Plasmodium spp. [128]. In the unstable transmission settings, maternal anaemia is more 

prevalent in primigravidae than in multigravida and in pregnant women infected with P. 

falciparum compared with P. vivax [129]. The latter is due to the difference in the 

mechanism of invading RBCs by the species; P. falciparum lessens the haemoglobin level 

by invading all RBCs, whereas P. vivax only invades reticulocytes, causing a lower 

density of parasitaemia [130]. However, it has been observed that anaemia is less likely 

to progress to its severe condition under this setting, irrespective of the type of malaria 

parasite.  

The susceptibility to malaria during pregnancy in malaria endemic areas alters with the 

age of the mother [11-13] and parity [14]. There is growing evidence that vulnerability to 

malaria is highest in younger pregnant women, particularly, adolescent and young adult 

women compared with older women [131, 132]. Gravidity is also an important maternal 

factor associated with the burden of malaria. The risk of malaria infection is highest 

among primigravidae and declines with subsequent pregnancies [131-134]. However, 

gravidity has shown to be poorly associated with protective immunity in low malaria 

transmission settings as both primigravidae and multigravida are equally susceptible to 
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malaria [135-137]. The adverse effects of malaria during pregnancy are not limited to the 

mother but can also extend to the child [120, 138], detailed below. 

2.1.3.2 Effects on foetus, neonate and in infancy 

Children, particularly under 5 years of age are highly susceptible to malaria and accounted 

for 272, 000 (67% of the total malarial deaths) deaths in 2018, globally [2]. Malaria in 

pregnancy is a major cause of infant mortality and its adverse effects impact the foetus 

throughout the gestation period as well as the infant. 

Maternal malaria increases the risk of miscarriage or spontaneous abortion [17] and 

accounts for the majority of pregnancy losses during the first two trimesters in malaria 

endemic regions [139, 140]. For example, McGready et al. (2012) showed that even one 

P. vivax infection during the first trimester increases the risk of miscarriage by four-fold 

[17]. Of note, pregnant women who live in unstable transmission settings are at higher 

risk of miscarriage [17]. 

Stillbirth is another outcome of maternal malaria which can occur to the foetus after 20 

weeks of gestation. Between 126,109 and 207,971 were attributable to malaria during 

pregnancy worldwide in 2015 [18, 141-143]. The majority of the stillbirths associated 

with malaria during pregnancy were reported in sub-Saharan Africa, which is 

holoendemic with P. falciparum  and accounts for 19.7% of the total stillbirths recorded 

in Africa [143]. A recent systematic review demonstrated that the risk of stillbirth is 

higher for pregnant women who are detected with falciparum malaria at delivery 

compared with the mothers who were detected and treated for falciparum malaria during 

pregnancy and the risk of stillbirth increases as the endemicity of malaria declines [18]. 

The harms of pregnancy-associated malaria extend to newborns. P. falciparum malaria in 

particular, is harmful to newborns due to the prevalence of placental malaria and 

excessive parasitaemia during the fetal stage, increasing the risk of neonatal death [19]. 

Infants who survive might still suffer from various illnesses as maternal malaria may 

cause intrauterine growth retardation (IUGR) and preterm delivery [144]. Low birth 

weight is the most common adverse effect on infants associated with malaria in pregnancy 

[8, 133, 137] and accounts for infant mortalities in malaria endemic areas each year 

(associated with 100,000 deaths in sub-Saharan Africa [8]) and by causing non-

communicable diseases and metabolic diseases in older children [20, 22]. Low birth 
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weight is more probable in primigravidae and in mothers infected during the first two 

trimesters [133, 145, 146]. 

2.2 Immunity to malaria during pregnancy 

Immunity is less efficacious for pregnant women as it appears to be substantially 

suppressed with pregnancy. Particularly, the decline of cell-mediated immunity [147, 

148], which is required for clearing infections [149-151], elevates the susceptibility of 

pregnant women to malaria.  

The level of acquired immunity varies significantly with the transmission level of the area 

where a pregnant woman resides. Women who live in high transmission areas, principally 

in Sub-Saharan Africa [152], gradually develop a strong NAI against various variant 

surface antigens (VSAs) expressed on the infected erythrocytes (IEs) [153]. Thus, this 

acquired immunity seems to be able to control the levels of parasitaemia and present 

fewer symptoms during the period of pregnancy, despite the pregnancy associated 

immunity suppression [26]. In contrast, pregnant women in low transmission areas 

develop little or no immunity, which makes them more susceptible to adverse outcomes 

of malaria [154, 155]. 

Gravidity is another factor that can significantly alter the humoral immunity, which is 

specific to pregnant women with malaria. During pregnancy, P. falciparum (Pf)- IEs can 

sequester in the placenta, evading pre-existing immunity. The pregnancy specific parasite 

antigen VAR2CSA, expressed on the IEs, facilitates placental sequestration by enabling 

IEs to bind to placental chondroitin sulphate A (CSA) receptors [156, 157]. Since the 

immune system will only encounter and recognise the VAR2CSA antigen when a woman 

gets pregnant, primigravidae living in malaria-endemic areas are highly susceptible to 

malaria as they have not acquired anti-VAR2CSA immunity to prevent the accumulation 

of the IEs in the placenta [15]. Conversely, multigravida women acquire antibody levels 

against the antigen VAR2CSA with successive pregnancies [158], which reduces their 

susceptibility to malaria by clearing the parasites accumulated in the placenta [159].  
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2.3 The antibody responses observed during pregnancy in the current 

study 

To develop an effective vaccine, immunologists have targeted various antigens expressed 

by the Plasmodium spp. parasite [160], among which, antigens associated with the blood 

stage of the infection, merozoite antigens in particular, are of primary interest as they 

cause symptoms of malaria and are direct targets of acquired immunity [54, 161]. 

Understanding the behaviour of the antibody responses against merozoite antigens, is 

crucial to develop vaccines that disrupts the progression of merozoites to their subsequent 

stages. In the following sections, antibody response during pregnancy against five 

different merozoite antigens along with two erythrocytic antigens are described. 

2.3.1 Merozoite surface proteins (MSPs) 

Plasmodium spp. merozoites are covered with a thick coat of surface proteins which 

facilitate adhesion to and invasion of RBCs [162-165]. These surface proteins bind to 

merozoites in three different ways: glycophosphatidylinositol (GPI)-anchored proteins, 

integral membrane proteins and peripherally-associated proteins. The following 

subsections introduce two MSPs and their potential to be vaccine candidates. 

2.3.1.1 P. falciparum merozoite surface protein 2 (PfMSP2) 

PfMSP2 is a member of the GPI-anchored protein family [166], which mediate the initial 

attachment of merozoites to the surface of RBCs. PfMSP2 is vital for invasion and 

remains on the surface of merozoites throughout the invasion process, but is cleaved 

afterwards [167]. However, studies have so far proven that only for certain variant 

specific antibodies to PfMSP2 could provide protection if infected with the specific allele 

[168, 169]. Certain alleles of this antigen are considered as vaccine candidates, e.g. 

MSP2(3D7) allele is incorporated in a three-component blood-stage malaria vaccine 

[170], known as combination B, a vaccine which has successfully controlled  falciparum 

malaria in malaria endemic areas during trials [171-173]. 

2.3.1.2 P. falciparum merozoite surface protein 3 (PfMSP3) 

PfMSP3 is a peripherally-associated protein, and does not connect directly to the 

merozoite surface [174, 175]. Although the functionality of this family of antigens is not 

well understood, it has been shown to be involved in the process of RBC invasion [176]. 

PfMSP3 is recognised as a polymorphic blood-stage vaccine candidate, and studies have 
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shown that acquired immunity to PfMSP3 provides protection against malaria, through 

an antibody-dependent cellular inhibition fashion (ADCI) [177].   

Apart from the proteins which are located on the surface of the merozoites, proteins which 

are contained within the secretory organelles of the merozoites known as rhoptries and 

micronemes are also involved in the invasion of RBCs. Two of the antigens which are 

initially located in the micronemes and are exposed on the merozoite surface during 

erythrocyte invasion are described in Subsections 2.3.2 and 2.3.3. 

2.3.2 P. falciparum erythrocyte binding antigens (PfEBA175) 

EBA175 is an integral membrane protein, belonging to the Erythrocyte-binding-like 

(EBL) family of Plasmodium falciparum proteins, and binds to the receptor glycophorin 

A (GpA) on the RBCs, following the primary attachment to the RBC surface (reviewed 

in [178])[179-183]. PfEBA175 plays an important role in the invasion process and is a 

leading vaccine candidate [184-187]. Particularly, region II (RII) within PfEBA175 

(PfEBA175 RII) can  bind to GpA and acquired immunity has been shown to be  capable 

of inhibiting this mechanism [188]. 

2.3.3 Apical Membrane Antigen 1 (AMA1) 

AMA1 is also an integral membrane protein which is common in all Plasmodium spp.  

[189, 190]. AMA1, unlike other antigens, involves invading two types of host cells: the 

liver cells (hepatocytes) and erythrocytes [191], by expressing on the surface of  

sporozoites [192] and merozoites respectively [193-195]. Specifically, AMA1 attaches to 

the rhoptry neck protein 2 and forms a tight junction between parasite and host, which 

completes the attachment to the host cells and commences invasion [196-198]. Studies 

conducted in-vitro, have shown that antibodies targeting this association are capable of 

inhibiting the invasion [199-201], making AMA1 a promising malaria vaccine candidate, 

against both P. falciparum and P. vivax infections [189, 202].  

2.3.3.1 P. falciparum AMA1 (PfAMA1) 

PfAMA1 is an important antigen for P. falciparum merozoites to invade RBCs [191, 203], 

hence it is considered as a candidate for vaccine against P. falciparum [161, 204]. 

PfAMA1 also forms a tight junction prior to invasion of host cells [205] but the antibodies 
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to PfAMA1 are capable of binding to this junction and inhibiting the invasion by blocking 

the interaction between the antigens [206]. 

2.3.3.2 P. vivax AMA1 (PvAMA1) 

PvAMA1 is considered promising as a vaccine against P. vivax as its functions can be 

blocked by specific antibodies produced by the immune system [189]. Of note, formation 

of a tight junction between this antigen and RBCs during the invasion process is not 

observed, unlike PfAMA1.  

Moreover, a recent longitudinal study discovered that the performance of the antibodies 

of PvAMA1 and PfAMA1 during pregnancy are different, e.g.: anti-PvAMA1 does not 

show a boosting profile, as opposed to anti-PfAMA1, which boosts with every new 

infection [1]. 

2.3.4 Schizont extract 

Schizont extract represents the proteins of infected erythrocytes at the schizont-stage of 

the infected RBC. Examining the behaviour of antibodies to schizont extract is very 

important as the proteome in this stage contains several membrane proteins, such as 

MSP1 and AMA1 which mediate invasion of RBCs [207, 208]. 

2.3.5 PfVAR2CSA 

Cytoadherence, which makes P. falciparum infection virulent, is mainly caused by the P. 

falciparum erythrocyte membrane protein 1 (PfEMP1) family [209], expressed on the 

surface of the IEs during the trophozoite stage [210].  PfVAR2CSA is the only variant of 

PfEMP1 involved in pregnancy-associated malaria [211, 212]. This antigen facilitates IEs 

to sequester in placenta [213] by adhering to CSA receptors [214, 215].  

PfVAR2CSA can also be targeted by the antibody mediated immunity [159, 216-218], 

hence, PfVAR2CSA antibodies that block their binding to CSA have been considered as 

a main vaccine candidate in pregnancy-associated malaria. 

The following table (Table 1)  provides an overview of the antigens, of which the antibody 

profiles were investigated and classified in this study. 
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Table 1 : Summary of the antigens investigated in the study. 

 

2.4 Summary 

Malaria remains a major public health problem causing significant mortality and 

morbidity worldwide. This infectious disease is caused by the Plasmodium spp. parasite 

through a bite of the Anopheles mosquito. P. falciparum and P. vivax are the most 

prevalent species of this parasite in infecting humans. The highest burden of malaria is in 

Sub-Saharan Africa, holoendemic with P. falciparum infections, which have the highest 

risk of severe disease and death. Outside of Africa, malaria infection is co-endemic with 

P. falciparum and P. vivax. 

Various global efforts have made tremendous progress in reducing the global incidence 

of malaria, progressing many countries towards elimination of malaria. Despite this 

progress, the decline in malaria incidence has been halted due to the following reasons. 

One of the main reasons is that the first-line treatments for uncomplicated malaria 

infections, such as the ACTs, are losing their efficacy due to emerging drug resistance, 

particularly in the Mekong region. Consequently, WHO has set the ambitious goal to 

eliminate malaria from at least 35 regions by 2030 before malaria control interventions 

are no longer effective.  But eliminating malaria is challenging in areas where there are 

many asymptomatic malaria infections. These infections are commonly found in low 

malaria transmission areas and are not detected with the current standard surveillance 

methods, highlighting the need for new malaria surveillance methods. A promising 

surveillance method is sero-surveillance, which can detect recent exposure to malaria 

based on antibody levels.   

Pregnant women in malaria endemic areas are highly susceptible to malaria and suffer 

from severe complications. The increased susceptibility to malaria in pregnant women is 

Antigens 

analysed 

Plasmodium spp. 

specific 

to the antigen   

Stage(s) of the 

parasite the antigen 

presents 

Effective/promising 

vaccine candidate 

PfMSP2 P. falciparum Merozoite Yes, certain alleles 

(eg: MSP2(3D7) allele) 

PfMP3 P. falciparum Merozoite Yes 

PfEBA175 P. falciparum Merozoite Yes 

PfAMA1 P. falciparum Sporozoite, Merozoite Yes 

PvAMA1 P. vivax Sporozoite, Merozoite Yes 

PfVAR2CSA P. falciparum Trophozoite (on IEs) Yes 
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mainly caused by: (i) cell-mediated immunity being substantially suppressed during 

pregnancy and (ii) the sequestration of the P. falciparum parasites in the placenta, evading 

pre-existing immunity.   

The primary aim of this research is to characterise the dynamicity of the antibodies during 

the gestation period and investigate whether particular antigens can be used to distinguish 

between women exposed and not exposed to malaria during pregnancy. Such antibodies 

have the potential to be used as biomarkers for sero-surveillance of malaria transmission. 

Antibody measurements obtained from a group of pregnant women from a low malaria 

transmission setting against six types of antigens (PfAMA1, PvAMA1, PfEBA175, 

PfMSP2, PfMSP3 and PfVAR2CSA) over the gestational period were analysed in this 

study. Of note among these antigens is PfVAR2CSA, which is specific to pregnant 

women and it is expressed on the infected erythrocyte. The other antigens are expressed 

on the surface of the merozoite and facilitate the binding to and invasion of red blood 

cells by the parasite. 

The selection of pregnant women for inclusion into the current study is described in detail 

in Chapter 3. Since longitudinal measures were available for each pregnant woman on 

multiple antibodies the clustering of pregnant women into antibody profile groupings was 

based on the joint behaviour of the six antibody responses. The statistical method for 

performing classification of multivariate longitudinal data into groupings is described in 

Chapter 4, and results are presented in Chapter 5. 
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Chapter 3  

Study dataset: Longitudinal study of pregnant women from 

the Thai-Myanmar border 
 

3.1 Population and study design 

Data from pregnant women attending antenatal clinics (ANCs) at the Shoklo Malaria 

Research Unit (SMRU) [219, 220] were analysed. SMRU is located on the Thai-

Myanmar border, a hilly forested area where malaria transmission is low and seasonal 

from May through September. In this area, infections with P. falciparum and P. vivax are 

the most prevalent and pregnant women are at higher risk of malaria infection due to 

single or co-infections of these two species [220]. 

Antenatal clinics 

In 1986, SMRU ANCs were formed in the Maela refugee camp to reduce malaria 

associated maternal deaths on the Thai-Myanmar border. Since then, more than 90% of 

pregnant women who live in the camps have attended the ANC on a weekly basis [220]. 

All women are encouraged to present at an ANC as soon as they become aware of their 

pregnancy, after which they are frequently screened and treated for malaria until delivery. 

Finger pricked blood samples are taken from these women on a weekly basis to test for 

malaria by light microscopy. Additionally, the women are tested for anaemia every 

fortnight using their haematocrit level. These women are also encouraged to deliver at the 

SMRU delivery unit, though their tradition is to deliver at home. 

3.1.1 Study setting of the primary study 

The antibody measurements for the current study were obtained from a subset of women 

[1] included in a randomised double-blind, placebo-controlled trial conducted from 

November 1998 to January 2000 [221]. The main objective of the trial was to determine 

the safety of chloroquine (CQ) as a prophylaxis against P. vivax infection during 
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pregnancy. A total of 1000 Karen1 pregnant women (lived either in Maela refugee camp 

or in the neighbourhood of Maw Ker Tai village [221]) who presented at the ANCs of the 

SMRU and had a negative blood smear to malaria at the time of enrolment were 

randomised to receive CQ or placebo. A complete physical examination was performed 

on each pregnant woman at enrolment and the medical history was self-reported by the 

pregnant women on the questionnaires provided. Of note, the number of times exposed 

to malaria prior to enrolment was calculated based on the records available at the SMRU 

before enrollment into the study. 

3.1.1.1 Cases and controls selected for the longitudinal antibody measurement study 

and antibody determination 

During the trial, all pregnant woman diagnosed with a Plasmodium spp. infection, were 

treated according to SMRU guidelines [221]. Some pregnant women who were exposed 

to malaria presented with fever. Of the 1000 Karen women, all 136 pregnant women who 

were detected with Plasmodium spp. infection during the trial follow-up period were 

assigned to the cases group in the antibody study of Fowkes et al. (2012) [1]. Of the 864 

women who had no malaria episode detected during the study, 331 women were randomly 

selected to represent the control group of this study. 

Antibody levels for the longitudinal analysis were then measured from all available 

samples of 136 cases (n=733) and a subset of the control group.  The selection of controls 

was made based on the total IgG responses to Schizont extract from all control samples 

collected at enrolment (n=320, see supplementary material of Fowkes et al. (2012) [1]). 

In brief, 78 women in the control group who were identified with relatively high antibody 

responses at enrolment were classified as “high schizont lysate responder controls”.  From 

the rest of the controls (242), 37 pregnant women who had relatively low antibody 

responses at enrolment were randomly selected and denoted as “low schizont lysate 

responder controls” [1]. Subsequently, the antibody levels were determined at multiple 

time points during pregnancy for the 136 cases and the subset of 115 controls. The number 

 

 

 

1 Karen: A term used to define natives of eastern Burma (Myanmar) and western Thailand 
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of blood samples obtained from a pregnant woman ranged between 2 and 13 with a 

median of 7 samples.  

The total IgG titer was used to detect and quantify AMA1 (PfAMA1, PvAMA1), 

PfEBA175 RIII-V, PfMSP2, PfMSP3, schizont extract and PfVAR2CSA (DBL5ε 

domain) using high-throughput enzyme-linked immunosorbent assay (ELISA) 

(supplementary material of Fowkes et al. (2012) [1]).  

Figure 1 provides a flow chart for selecting the sample of pregnant women included in 

the current analysis of longitudinal antibody measures. 

3.1.1.2 Determination of serostatus for each antibody 

The serostatus measure, a dichotomous variable which is defined based on the magnitude 

of the optical density (OD) value measured against each antigen is widely used across the 

laboratories as a measure of presence (seropositive) or absence (seronegative) of 

detectable levels of a specific antibody within the serum. In Fowkes et al. (2012) [1] 

study, the cut-off for serostatus for each antigen [90] was the mean plus three standard 

deviations of OD values for the corresponding antigen from the serum samples of 17 

negative controls (non-exposed Melbourne donors). A sample was seropositive if the 

antibody level was above the cut-off value and seronegative if it was below 

(supplementary material of Fowkes et al. (2012) [1]). 

3.1.1.3 Estimated gestational age (EGA) 

The gestational age (GA) at delivery was estimated using the Dubowitz method [222]. 

However, if the delivery occurred at home, gestational age at delivery was determined 

from fundal height based on a formula derived from an analysis of a cohort of Karen 

pregnant women whose gestational age was measured using both fundal height and the 

Dubowitz method [219]. 

3.1.2 Study setting of the current study 

All the measured antibody responses except for Schizont extract (the response based upon 

which the subset of controls was selected), were included in this analysis. Records with 

missing values for all six antibody responses (PfAMA1, PfEBA175, PfMSP2, PfMSP3, 

PvAMA1, PfVAR2CSA) were excluded from the analyses (105 (5.8%) samples). 

Duplicated measurements at certain gestational weeks per woman were averaged and the 
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case which had only one record (enrolment sample) was removed. Finally, 1692 samples 

were used in the current analyses, of which 727 samples were from 135 cases and 965 

samples from 115 controls (322 samples were from low schizont lysate responder controls 

and 643 samples were from high schizont lysate responder controls). 

 

 

 

 

 

Figure 1: Flow diagram of cohort selection for the current study.  
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3.2 Summary 

A better understanding of the functionality of the antibody responses against malaria 

parasite antigens is essential to develop effective malaria vaccines. Investigating the 

antibody measures longitudinally provides more comprehensive insights into the 

behaviour of the antibodies compared to cross-sectional studies.  

The behaviour of antibody responses to malaria during pregnancy is not well known. It 

has been shown that antibody responses tend to largely vary between as well as within 

pregnant women [1]. The aim of this study is to quantify the dynamic antibody responses 

during pregnancy and identify the antibodies that detect exposure to infection in pregnant 

women.  

The antibody measurements of two groups of pregnant women (exposed and unexposed 

to malaria) living in the Thai-Myanmar border – a low malaria transmission setting –are 

analysed in this work.  The studied data includes longitudinal measurements which are 

irregularly sampled from the followed up pregnant women; the number of samples for a 

pregnant woman varies between 2 and 13. The measurements were obtained on 6 

antibodies that are identified as promising vaccine candidates or markers for sero-

surveillance: PfAMA1, PvAMA1, PfEBA175, PfMSP2, PfMSP3 and PfVAR2CSA. The 

total IgG titer on the Schizont extract was used to detect and quantify each antibody using 

ELISA. Subsequently, based on the cut-off value determined for each antibody, each 

antibody measurement was characterised as seropositive or seronegative. The statistical 

method, allowing the joint behaviour of the six antibody responses to be studied, is 

introduced in the next chapter. 
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Chapter 4  

Statistical methods for clustering pregnant women based on 

multivariate continuous longitudinal antibody measurements 
 

The aim of this thesis was to quantify the dynamic response of the antibody levels over 

the gestational period by clustering the pregnant women into groups based on the 

collective behaviour of the antibody responses PfAMA1, PfEBA175, PfMSP2, PfMSP3, 

PvAMA1 and PfVAR2CSA. This chapter discusses in detail the packages which perform 

classifications based on longitudinal data both in univariate and multivariate contexts, 

including a justification for the method selected to analyse the antibody data. 

Notation 

A total of 250 pregnant women were included in this analysis. The follow-up times, 𝒕𝑖 =

 (𝑡𝑖,1, … , 𝑡𝑖,𝑛𝑖
)

𝑇
, correspond to the ith woman with 𝑛𝑖 ANC visits from enrolment to 

delivery; the number of ANC visits and the visit times can vary between the women.  

Let 𝒀𝑖,𝑟 =  (𝑌𝑖,𝑟,1, … , 𝑌𝑖,𝑟,𝑛𝑖
)

𝑇
, r = 1, …, 6, represent a random vector of longitudinal 

measurements of the ith woman on the rth antibody. Then 𝒀𝒊 =  (𝒀𝑖,1
𝑇 , … , 𝒀𝑖,6

𝑇 )
𝑇
denotes 

the entire set of multivariate longitudinal data for the ith woman. 𝒀𝒊 will then be classified 

into K groups, where K may be unknown. 

4.1 Available statistical methods 

The goal of this analysis is to cluster the women into groups such that women within a 

group exhibit similar characteristics with respect to the trajectories of their antibody 

levels. Furthermore, the clustering should be based on the joint behaviour of the 

trajectories of the six antibody responses. Since all statistical analyses of this study were 

performed using R software (version 3.5.2), only packages which are implemented in 

this software were explored. 

Several methods have been developed to cluster individuals based on longitudinal data, 

but the majority of them perform clustering with respect to a single trajectory in the 

individuals [223-227]. Examples of such packages are kml [228, 229] and traj [230].  



24 

 

Clustering joint-trajectories (multiple single-trajectories) can be performed by initially 

clustering the single-trajectories independently and then aggregating their results by 

considering the similarities across their suggested clusters. However, this method is not 

reliable as it does not take account of the correlation between the trajectories. 

kml3d [231, 232] is a clustering algorithm capable of classifying multivariate 

longitudinal data with several features, such as providing a number of standard imputation 

methods to deal with missing values and several quality criteria to select the best number 

of clusters. The package also allows users to select a particular clustering outcome using 

a graphical interface that shows the possible results when different numbers of clusters 

are chosen [228, 229]. 

The clustering algorithm implemented in kml3d utilises the k-means algorithm [233] in 

the context of multivariate longitudinal data. K-means is a non-parametric hill-climbing 

algorithm belonging to the Expectation-Maximisation (EM) class [234]. Initially, each 

individual is randomly (alternative approaches are also available) classified into a cluster 

and the optimal clustering is yielded by performing the “Expectation” and 

“Maximisation” phases alternately. The centre of each cluster is measured in the 

Expectation phase while each individual is assigned to its “nearest cluster” during the 

Maximisation phase. This process is repeated until the membership of individuals within 

the clusters does not change anymore [228]. In the longitudinal data perspective, “cluster 

centre” represents the mean of the joint-trajectories of the individuals classified into the 

specific cluster (mean trajectory). Then, for the 𝑖𝑡ℎ individual, the distance between the 

joint-trajectory and the mean trajectory of each cluster is determined and the cluster k 

which minimises this distance is determined as the nearest cluster. Of note, the kml3d 

clustering algorithm requires each individual to have measurements for each outcome at 

the same time points and if there is incomplete data it needs to be imputed (for more 

details about computing distance between joint-trajectories, refer Genolini et al. [235]). 

kml3d is mainly an exploratory clustering method, hence, it is unable to provide an 

optimal number of clusters that is statistically justifiable. In addition, because the 

clustering is not model-based, performing a goodness-of-fit test is not possible. The 

package is also limited to classifying only continuous data [235].  

Model-based clustering methods are superior to exploratory methods by producing 

statistically justifiable results. In these methods, data are assumed to be generated from a 
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probability distribution which is created from a mixture of two or more components. 

These components that correspond to the clusters are represented by different 

probabilistic models [236-238] (i.e. each cluster is represented by a density function and 

a probability or “weight” associated with the density function). 

Initially, the number of clusters (K) is assumed to be unknown and the unobservable 

component allocations 𝑈1, …, 𝑈𝑁ϵ {1, … , 𝐾}, which denote the assignment of the 𝑖𝑡ℎ 

woman to a cluster are introduced with cluster allocation probabilities 

𝑃(𝑈𝑖 = 𝑘; 𝒘) =  𝑤𝑘,               𝑖 = 1, … , 𝑁,   𝑘 = 1, … 𝐾, 

where w = (𝑤1, … , 𝑤𝐾)𝑇 represents the vector of cluster allocation probabilities, 

satisfying 𝑤𝑖 > 0  and   ∑ 𝑤𝑖 = 1𝐾
𝑖=1 . 

The marginal density of 𝒀𝑖 is then represented as a mixture of cluster specific densities: 

𝑓𝑖(𝒀𝑖; 𝝃) =  ∑ 𝑤𝑘
𝐾
𝑘=1 𝑓𝑖,𝑘(𝒀𝑖; 𝝍, 𝜽𝑘),                                        (1) 

where 𝝃 = (𝒘𝑇 , 𝝍𝑇 , 𝜽1
𝑇 , … 𝜽𝐾

𝑇 )𝑇denotes the vector of model parameters to be estimated. 

The model density 𝑓𝑖,𝑘(𝒀𝑖; 𝝍, 𝜽𝑘) represents the conditional density of 𝒀𝑖 given 𝑈𝑖 = 𝑘 

and the subscript i in 𝑓𝑖,𝑘 indicates that the density may depend on subject-specific factors, 

i.e. covariates such as the visit times 𝒕𝑖. 𝜽𝑘 is the vector of parameters specific to the 𝑘𝑡ℎ 

cluster and 𝝍 is the vector of model parameters common across all clusters (the two types 

of model parameters are explained in detail later in this chapter). 

The individual component probabilities (𝑝𝑖,𝑘 ̂ ) are estimated using 

 𝑝𝑖,𝑘  ̂ =  𝑝𝑖,𝑘  ̂ (𝝃 ) = P(𝑈𝑖 = 𝑘|𝒀𝑖 =  𝒚𝑖;  𝝃  ) =  
𝑤𝑘𝑓𝑖,𝑘(𝒀𝑖; 𝝍, 𝜽𝑘)

𝑓𝑖(𝒀𝑖,𝝃)
,    i = 1, … , 𝑁 , 𝑘 = 1, … , 𝐾.  (2) 

A woman is allocated to the cluster with the largest probability. 

Various R packages have been introduced with different model-based clustering methods. 

Some packages are capable of performing clustering only for longitudinal data which are 

sampled regularly (𝑛1 = ⋯ = 𝑛𝑁 = 𝑛, 𝒕1 = ⋯ = 𝒕𝑁 = 𝒕). Most packages also assume 

that the vectors 𝒀1, … , 𝒀𝑁 are not only independent but also identically distributed (i.i.d.). 

For instance,  packages such as Mclust [238], teigen [239, 240] and the earlier 

versions of the mixAK package assume the mixture components follow either a 

multivariate normal or t-distribution. In Rmixmod package, the mixture components 
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fitted to a dataset could also follow multinomial probability distribution functions without 

limiting to multivariate Gaussian distributions. The  package HDclassif [241] 

facilitates clustering of high-dimensional data. 

However, all of the aforementioned packages do not allow the mixture parameters to 

depend on covariates (for instance the visit time vectors 𝒕1, … , 𝒕𝑁 , necessary for 

longitudinal data with varying measurement times across individuals), which limits their 

usability. The packages long-clust [242] or MFDA [243] are capable of incorporating 

the dependence of the mixture parameters on variables like the visit times 𝒕1, … , 𝒕𝑁, but 

this advantage is constrained by using only regularly sampled continuous longitudinal 

data.  

However, in many applications including the current study, the longitudinal data are 

irregularly sampled with different number of visit times 𝑛1, … , 𝑛𝑁 and different visit time 

vectors 𝒕1, … , 𝒕𝑁.  

Model-based clustering methods for irregularly sampled data build upon a mixture of 

appropriate regression models, which allow each outcome variable 𝒀𝑖 to vary with 

covariates. Fitting a mixture of linear mixed models is the basis of the mixtools 

package [244], which can perform clustering only on continuous longitudinal data. The 

lcmm [245], however, can handle either continuous or discrete response variables; note, 

this method cannot be applied to data that has both types of response variables 

concurrently. flexmix [246] is an R package which does not have this limitation, i.e. 

it can cluster multivariate longitudinal data with responses of different data types (both 

continuous and discrete). However, flexmix assumes independence between the 

responses, which is undesirable, as it is likely that the malaria antibody responses in this 

study are highly correlated.  

The mixAK [247, 248] package is the most appropriate method for this study as it allows 

classification of irregularly sampled multivariate longitudinal data, both continuous and 

discrete responses can be used, and it is not constrained by the independence assumption 

between multiple responses for an individual. This package assumes that the densities 𝑓𝑖,𝑘 

correspond to multivariate generalised linear mixed models, hence, the density 𝑓𝑖 (157 1) 

can be represented by a mixture of multivariate generalised linear mixed models. 
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Comprehensive details of the package can be found in Komarek and Komarkova (2013) 

[249].  

The mixAK package was selected to cluster the pregnant women based on the behaviour 

of the longitudinal measurements across all six antibodies.  

4.2 Multivariate mixture linear mixed modelling and clustering 

procedure  

4.2.1 Multivariate linear mixed model (MLMM) for a single outcome 

To construct the multivariate linear mixed effects model [250] first a standard linear 

mixed effects model was specified for each of the six antibody responses with the 

following covariates as fixed effects (X): age (a continuous variable, years), 

primigravidae (a dichotomous variable assigned 1 if primigravidae), treatment arm (a 

dichotomous variable assigned 1 if given chloroquine (CQ) as prophylaxis at enrolment) 

and having a history of malaria prior to enrolment (a dichotomous variable assigned 1 if 

exposed to malaria at least once prior to enrolment). Antibody measures at conception 

(intercept) and the rate of change of the antibody response over gestational time (in 

weeks) were included as random effects to allow these parameters to vary between 

women. Therefore, the linear mixed effects model specified for each antibody including 

four fixed effects and two random effects is given by: 

ℎ𝑟
−1{𝐸(𝒀𝑖,𝑟|𝒃𝑖,𝑟 , 𝜶𝑟)} = 𝑿𝑖,𝑟

𝑇 𝜶𝑟 +  𝒁𝑖,𝑟
𝑇 𝒃𝑖,𝑟    𝑖 = 1, … , 250, 𝑟 = 1, … , 6,              (3)            

where, 

ℎ𝑟
−1: A chosen link function 

𝑿𝑖,𝑟
𝑇 : 𝑛𝑖,𝑟 × 4 covariate matrix for fixed effects  

𝒁𝑖,𝑟
𝑇 : 𝑛𝑖,𝑟 × 2 covariate matrix for random effects 

𝜶𝑟 = (𝛼𝑟,𝑎𝑔𝑒 , 𝛼𝑟,𝑝𝑟𝑖𝑚𝑖𝑔𝑟𝑎𝑣𝑖𝑑𝑎𝑒 , 𝛼𝑟,𝐶𝑄 , 𝛼𝑟,ℎ𝑖𝑠𝑡𝑜𝑟𝑦 )𝑇 𝜖 ℝ𝑝𝑟: vector of fixed effects for 

antibody r with 𝑝𝑟 =4 

𝒃𝑖,𝑟 = (𝑏𝑖,𝑟,𝑖𝑛𝑡𝑒𝑟𝑐𝑒𝑝𝑡, 𝑏𝑖,𝑟,𝑠𝑙𝑜𝑝𝑒   )𝑇𝜖 ℝ𝑞𝑟 : vector of random effects for antibody r specific 

for the ith woman with 𝑞𝑟 =2 
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4.2.2 Multivariate linear mixed model for multiple antibodies 

A multivariate linear mixed model is fitted to the data of all six antibody measures 

simultaneously to perform clustering and is expressed as follows: 

ℎ𝑟
−1{𝐸(𝒀𝑖|𝒃𝑖, 𝜶)} =  𝑿𝑖

𝑇𝜶 + 𝒁𝑖
𝑇 𝒃𝒊,                  (4) 

where, 

𝑿𝑖
𝑇: 𝑛𝑖 × 18 block-diagonal matrix with 𝑿𝑖,1, … , 𝑿𝑖,6 matrices on the diagonal 

𝒁𝑖
𝑇: 𝑛𝑖 × 12 block-diagonal matrix with 𝒁𝑖,1, … , 𝒁𝑖,6 matrices on the diagonal 

𝜶 = (𝜶 1
𝑇 , … , 𝜶 6

𝑇 )𝑇 : vector of fixed effects for all antibody responses 

𝒃𝑖: (𝒃𝒊,𝟏
𝑇 , … , 𝒃𝒊,𝟔

𝑇)
𝑇

𝜖ℝ𝑞:The vector of random effects of the ith woman on all antibody 

responses with 𝑞 = ∑ 𝑞𝑟
6
𝑟=1 = 12 

 

4.2.3 Multivariate mixture linear mixed model (MMLMM) implemented in the 

mixAK package 

The mixture model (Equation 1) fitted by the mixAK package to cluster the  𝒀𝑖 =

(𝑌𝑖,1,1, … , 𝑌𝑖,6,𝑛𝑖
)

𝑇
, 𝑖 = 1, … ,250, makes the following assumptions. 

1. Each 𝑌𝑖,𝑟,𝑗 (𝑖 = 1, … ,250, 𝑟 = 1, … ,6 and each 𝑗 = 1, … , 𝑛𝑖), follows a 

distribution 𝐷𝑟 from the exponential family with the dispersion parameter 𝜙𝑟 (in 

this study refers to the error variance) and the mean given by; 

ℎ𝑟
−1{𝐸(𝑌𝑖,𝑟,𝑗|𝒃𝑖,𝑟 , 𝜶𝑟)} = 𝑋𝑖,𝑟,𝑗

𝑇  𝜶𝑟 +  𝑍𝑖,𝑟,𝑗
𝑇 𝒃𝑖,𝑟 ,       (5) 

where,  

𝑋𝑖,𝑟,𝑗
𝑇 : The 𝑗𝑡ℎ fixed effects covariate of the vector 𝑿𝑖,𝑟 

𝑍𝑖,𝑟,𝑗
𝑇 : The 𝑗𝑡ℎ random effects covariate of the vector 𝒁𝑖,𝑟 

 

2. The distribution of random effects 

For the purpose of clustering antibody response profiles, the random effects are 

assumed to follow a mixture of 𝐾 heteroscedastic normal distributions: 

 𝒃𝑖~ ∑ 𝑤𝑘
𝐾
𝑘=1 𝑁𝑞(𝝁𝑘, 𝔻𝑘),        (6) 
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where the conditional distribution of the joint random effects, 𝒃𝒊 given 𝑈𝑖 = k, is a 

multivariate (q-variate = 12) normal distribution with unknown mean 𝝁𝒌 , 

unknown q × q positive definite covariance matrix 𝔻𝒌 with an unknown 

proportion of women being classified into each cluster, 𝑤𝐾, 𝑘 = 1, … , 𝐾.   

3. For each 𝑖 = 1, … ,250, the random variables 𝑌𝑖,1,1, … , 𝑌𝑖,6,𝑛𝑖
 are conditionally 

independent given the random effects vector 𝒃𝑖 . 

4. 𝑌1, … , 𝑌250 are independent. 

5. 𝒃1 , … , 𝒃250 are independent. 

4.2.3.1 Model specification 

Initially, cluster-specific densities  𝑓𝑖,𝑘, 𝑖 = 1, … ,250,  𝑘 = 1, … , 𝐾  were defined: 

𝑓𝑖,𝑘(𝒀𝑖; 𝝍, 𝜽𝑘) = ∫ {∏ ∏ 𝑓𝐷𝑟
(𝑌𝑖,𝑟,𝑗; 𝜶𝑟 , 𝜙𝑟 , 𝒃𝑖,𝑟 )

𝑛𝑖
𝑗=1

6
𝑟=1 }𝜑(𝒃𝑖 ; 𝝁𝑘, 𝔻𝑘)𝑑𝑏𝑖ℝ𝑞 ,               (7) 

where, 𝜑(. ; 𝝁𝑘, 𝔻𝑘) is a density of the multivariate normal distribution with a mean 𝝁𝑘 

and a covariance matrix 𝔻𝑘, 𝑘 = 1, … , 𝐾 according to the second assumption.  

The 𝑖𝑡ℎ subject’s likelihood contribution is then obtained by substituting 𝑓𝑖,𝑘 into Equation 

1: 

𝑓𝑖(𝒀𝑖; 𝝃) = ∑ 𝑤𝑘
𝐾
𝑘=1 ∫ {∏ ∏ 𝑓𝐷𝑟

(𝑌𝑖,𝑟,𝑗; 𝜶𝑟 , 𝜙𝑟 , 𝒃𝑖,𝑟 )
𝑛𝑖
𝑗=1

6
𝑟=1 }𝜑(𝒃𝑖 ; 𝝁𝑘, 𝑫𝑘)𝑑𝑏𝑖ℝ𝑞 ,     (8) 

    = ∫ {∏ ∏ 𝑓𝐷𝑟
(𝑌𝑖,𝑟,𝑗; 𝜶𝑟 , 𝜙𝑟 , 𝒃𝑖,𝑟 )

𝑛𝑖
𝑗=1

6
𝑟=1 }{∑ 𝑤𝑘𝜑(𝒃𝑖 ; 𝝁𝑘, 𝑫𝑘)𝐾

𝑘=1 }𝑑𝑏𝑖ℝ𝑞 .         (9) 

It follows from Equations (8 and 9) that the observable random vectors 𝒀1, … , 𝒀250 can 

be interpreted either as a mixture of multivariate generalised linear mixed models with 

random effects following a normal distribution (Equation 8), or as a multivariate 

generalised linear mixed model with a normal mixture in the random effects distribution 

(Equation 9), with the overall mean and the overall covariance matrix of the random 

effects 𝒃𝑖, 𝑖 = 1, … ,250, 

𝜷 = E(𝒃𝑖; 𝝃) = ∑ 𝑤𝑘𝝁𝑘
𝑲
𝑘=1 ,                       (10) 

𝔻 = var(𝒃𝑖; 𝝃) = ∑ 𝑤𝑘 {𝔻𝑘 + (𝝁𝑘 − ∑ 𝑤𝑗𝝁𝑗
𝐾
𝑗=1 ) (𝝁𝑘 − ∑ 𝑤𝑗𝝁𝑗

𝐾
𝑗=1 )

𝑇
}𝐾

𝑘=1 .   (11) 
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In this study, pregnant women will be classified based on their optical density measures 

for the six antibodies and then on their binary seropositivity measures for each antibody. 

Each of these analyses are described in more detail below in Scenarios 1 and 2. 

Scenario 1 The optical density (OD) measure of each antibody is considered as a 

continuous variable and follows a Gaussian distribution. According to the first 

assumption of the model, the link function ℎ𝑟
−1 is an identity. Furthermore, the dispersion 

parameter 𝜙𝑟 is the unknown residual (𝜀𝑖,𝑟,𝑗) variance and was assumed to be mutually 

independent and normally distributed, with a specific variance for each antibody (𝜙𝑟), 

defined by: 

𝜀𝑖,𝑟,𝑗  ~ 𝑁(0, 𝜙𝑟).  

A linear mixed model is therefore fitted to each antibody and the MMGLMM reduces to a 

multivariate mixture linear mixed model (MMLMM). 

Scenario 2: Each antibody measure is converted to either seropositive or seronegative 

and each antibody is converted to a binary variable. The pregnant women are then 

classified based on the seropositivity values of the antibodies, collectively. In this 

situation each measure follows a Bernoulli distribution with the logit link and the  𝜙𝑟 =1. 

4.2.3.2 Types of model parameters  

In this study, the distribution of the joint random effects was represented by a mixture of 

two 12-dimensional multivariate normal distributions (the criteria of selecting 2 mixture 

components is explained in the Appendix A). Hence, Equation 6: 

 𝒃𝑖~ ∑ 𝑤𝑘
2
𝑘=1 𝑁12(𝝁𝑘, 𝔻𝑘),                (12) 

   𝒃𝑖| 𝑈𝑖 =  𝑘 ~  𝑁12(𝝁𝒌, 𝔻𝑘),          𝑘 = 1, 2,.    

Therefore, the MMLMM comprises two types of model parameters (i.e. model 

parameters common to all clusters and cluster-specific model parameters), which need to 

be estimated to perform the cluster analysis. 

• Model parameters common to all clusters 

Model parameters common to all clusters include the fixed effects parameters (i.e. the 

parameters for age, primigravidity (being pregnant for the first time), CQ prophylaxis and 

history of malaria) and the dispersion parameter (residual error variance) introduced for 

each antibody response: 
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𝝍 =  (𝜶𝟏
𝑻, … , 𝜶𝟔

𝑻, 𝝓𝟏, … , 𝝓𝟔)𝑻. 

Since four fixed effects were introduced for each antibody response, 𝝍 is comprised of 

24 fixed effects and 6 residual error variances (limited to Scenario 1). 

 

• Cluster-specific model parameters 

 The parameters specific to each cluster is comprised of the 𝑤𝑘, 𝝁𝒌 and 𝔻𝒌 of the 

distribution of the random effects. Since two clusters were identified as the optimal 

number of mixtures for the data (see the Appendix A), the parameters of the 

distributions of the random effects within each cluster are: 

𝜽 = (𝒘𝑇 , 𝝁1
𝑇 , 𝝁2

𝑇 , 𝐯𝐞𝐜(𝔻1), 𝐯𝐞𝐜(𝔻2))
𝑇
, 

where, vec(𝔻𝑘) represents the vector of elements in the lower triangle of the matrix 𝔻𝑘.  

4.2.3.3 Parameter estimation 

A Bayesian approach, using Markov chain Monte Carlo (MCMC) simulations, was 

employed to derive posterior distributions of the unknown model parameters 𝝃(ψ, θ).  

Initially, to determine the prior distributions, it was assumed independence between 

MMLMM parameters (ψ) and mixture related parameters (θ), i.e. p (ψ, θ) = p(ψ)×p(θ). 

Then for 𝑝(𝜽), the multivariate version of the priors proposed by Richardson and Green 

(1997) [251], which is defined for univariate normal mixtures (e.g.,  𝔻𝑘
−1 follows a 

gamma distribution), was selected, and for 𝑝(𝝍), we adopted priors used typically for the 

fixed-effects and residual error in univariate linear mixed-effect modelling (e.g., 𝜶 is 

assumed to be normally distributed, see Fong, Rue and Wakefield (2010) [252]). 

Hyperparameters were then introduced in such a way that the prior distribution of p (ψ, 

θ) will be weakly informative (see Appendix A of the supplementary material of Komarek 

and Komarkova (2013) [253] for a detailed explanation of hyperparameter 

specifications).  

The likelihood of the MMLMM is defined by, 

𝐿(𝝍, 𝜽) = 𝑝(𝒚|𝝍, 𝜽) =  ∏ (∑ 𝑤𝑘𝐿𝑖,𝑘(𝝍, 𝜽𝑘)2
𝑘=1 )250

𝑖=1  ,                     (13) 

where,  
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𝐿𝑖,𝑘(𝒀𝑖; 𝝍, 𝜽𝑘) = ∫ {∏ ∏ 𝑓𝐷𝑟

𝑛𝑖

𝑗=1

6

𝑟=1

(𝑦𝑖,𝑟,𝑗; 𝜶𝑟, 𝜙𝑟, 𝒃𝑖,𝑟 )} 𝜑(𝒃𝑖 ; 𝝁𝑘 , 𝔻𝑘)𝑑𝑏𝑖, 𝑖 = 1, … ,250 , 𝑘 = 1,2 

was the contribution of the 𝑖𝑡ℎ woman to the likelihood assuming that the woman was 

classified into the 𝑘𝑡ℎ  mixture component and was obtained by substituting terms specific 

to the study in 𝑓𝑖,𝑘 (Equation 7). 

The MixAK package assumes that the antibody data are missing at random (i.e. missing 

depend only on observed covariates). Therefore, the missingness of any antibody 

response is accounted for by modifying the likelihood contribution of the ith woman for a 

given r =1, … ,6, by taking the density product over only the available measurements. 

Subsequently, the MCMC method was used to generate samples of model parameters,  

𝑆𝑀 =  {(𝝍(𝑚), 𝜽(𝑚) ): 𝑚 = 1, … , 𝑀},   

from the joint posterior distribution, 𝑝(𝛙, 𝛉|𝐲)  ∝  𝐿(𝝍, 𝜽) 𝑝(𝝍, 𝜽). 

A common problem with mixture models is that the model likelihood remains invariant 

against the switching of the labels of the clusters. This problem was addressed by applying 

the relabeling algorithm of Stephens (2000) [254], which re-calculates the posterior 

samples which are invariant towards label switching. Solving this identifiability problem 

is vital as the mixture model is the basis for the clustering. The details for the Bayesian 

inference were extracted from Komarek and Komarkova (2014) [248].  

The parameters of the MMLMM with 2 mixture components fitted to the study dataset 

were estimated using 50,000 posterior samples of the joint posterior distribution obtained 

by running two chains of MCMC algorithm after a burn-in period of 500 iterations and 

1:50 thinning. The burn-in period (a set of initial samples that are not expected to be 

converged to the target distribution hence excluded), thinning (to reduce the 

autocorrelation in the sequence of iterations, every 𝑙th iteration after the burn-in is 

involved in the study sample where in this study 𝑙=50) and the number of iterations were 

determined by performing multiple simulations allocating varying combinations for the 

three values and using convergence diagnostics as detailed in Subsection 4.2.3.4. 

Furthermore, the MCMC algorithms were automatically initiated with different sets of 

initial values by the program (eg for chain 1 on which the results of this study was based 

on, the initial values for the fixed effects are the maximum-likelihood estimates computed 
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using lmer function while initial weights are all equal to 𝐾−1
 i.e. 0.5 in this study) [247]. 

Further details about the initial values used for the two chains are provided in Komarek 

(2009) [255] and Komarek (2014) [247]. 

4.2.3.4 Convergence of the chains 

Convergence of the MCMC was evaluated using the coda package available in the R 

software [256]. Among the available methods, the convergence of this study was 

determined based on the visual assessment of the autocorrelations, autocorrelation plots, 

traceplots of the parameters and two convergence diagnostic methods (Geweke’s 

convergence diagnostic and Gelman and Rubin’s convergence diagnostic) applied on the 

deviance, as explained below. 

• Autocorrelations and the autocorrelation plot 

CODA package computes autocorrelations within each chain for a specified variable. High 

autocorrelations within a chain indicates that both the mixing and convergence are slow.  

• Traceplot 

A traceplot shows a plot of the sampled values for the selected parameter computed at 

each iteration, where no clustering in different areas indicates good mixing and 

convergence around a particular value. 

• Geweke’s convergence diagnostic 

The Geweke (1992) [257] diagnostic tests for the convergence of a Markov chain (in this 

study, chain 1) involves testing for the equality of the two means computed using the 

estimates of a particular parameter at the first and last part of the chain (by default the 

first 10% and the last 50%). In this study, as 50,000 samples were incorporated, the means 

computed using the first 5000(50,000*10%) estimates and last 25,000 (50,000*50%) 

estimates were compared. If the entire chain is stationary, then the means of the estimates 

should be similar. The Geweke’s statistic is a standard 𝒵 score (that is the standardized 

mean difference) and the sampling distribution of 𝒵 converges to 𝑁(0,1) as 𝑛 → ∞ if the 

chain has converged. Therefore, the values of 𝒵 which are closer to 0 indicate that the 

chain has converged and suggests that the burn-in period and thinning are sufficient to 

converge the chain while the values of 𝒵 which fall in the extreme tails of 𝑁(0,1) indicate 
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that the chain has not converged. (For further information refer Smith (2007) [258] and 

Plummer et al (2009) [256]). 

• Gelman and Rubin’s convergence diagnostic 

The Gelman and Rubin (1992) [259] method computes the convergence of the estimates 

(𝑛 where in this study 50,000 iterations) of a particular parameter computed under 

multiple parallel chains (𝑚) which start the MCMC sampling from different starting 

points (in this study 𝑚 =2 chains which start off with different initial values). In this 

method, the variance of all the chains are decomposed (𝜎̂2) into a variance within each 

chain (𝑊) and between-chain variance (𝐵
𝑛⁄ ) as follows: 

𝜎̂2 =  
(𝑛−1)𝑊

𝑛
 + 

𝐵

𝑛
. 

Chains become converged when the between variance of the chains is not larger than the 

variance within each individual chain and as 𝑛 → ∞, both 𝜎̂2 and 𝑊 converges to 𝜎2. 

This method assesses the convergence by computing potential scale reduction or shrink 

factor (𝑅) by considering 𝑛 samples in each of 𝑚 parallel chains: 

𝑅 =  √
(𝑛−1)

𝑛
+  

(𝑚+1)

𝑚𝑛
 

𝐵

𝑊
. 

As the simulation converges, the shrink factor becomes close to 1, meaning that the 

parallel Markov chains are overlapping while values above 1 (𝑅 > 1.05) indicate non-

convergence. In CODA, the 50% and 97.5% quantiles of the sampling distribution are 

computed as the estimate and the upper limit of the shrink factor, respectively. The 

convergence of multiple parameters simultaneously was proposed by Brooks and Gelman 

(1998) [260] (For further information refer Smith (2007) [258] and Plummer et al (2009) 

[256] ). 

4.2.3.5 Selection of the number of mixture components 

In order to determine the optimal number of mixture distributions that best explains the 

overall distribution of the random effects of the study dataset, mixture models with 

different numbers of clusters (K) were fitted using the mixAK package. The optimal 

number of mixture components was then selected using two approaches: penalised 
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expected deviance and the plot of posterior cumulative distribution functions (CDFs) of 

the deviances, explained below. 

• Penalised expected deviance 

Deviance information criteria (DIC) [261] is one of the most common Bayesian-model 

choice methods and works both as a measure of fit and as a measure of model complexity. 

However, Celeux et al. (2006) [262] has shown that its use in mixture models is 

controversial. Plummer (2008) [263], therefore, introduced an alternative model selection 

criterion by incorporating penalised loss functions and cross-validating arguments. In the 

method, the deviance is defined in a different form, known as penalised expected deviance 

(PED), given by 

    𝑃𝐸𝐷 = 𝐸{ 𝐷(𝜃)|𝑌 = 𝑦} + 𝑃𝑜𝑝𝑡, 

where the first term on the right-hand side (RHS) is the expected deviance, given Y=y, 

which is computed by averaging the data deviance 𝐷(𝜓, 𝜃) observed at each MCMC 

simulation. The second term on the RHS, 𝑃𝑜𝑝𝑡, is a penalty term called optimism. This 

penalty term is introduced to test the adequacy of the model, and captures the amount by 

which the model adequacy is overstated by each woman (𝒀𝒊) (for further details see 

[263]). 

In the mixAK package, 𝑃𝑜𝑝𝑡 was estimated using importance sampling and the two 

parallel chains (refer to Komarek [255] for detailed information). The mixAK package 

also uses this measure to compare models and identify the best fitting model which has 

the lowest PED value. 

• The plot of posterior cumulative distribution functions (CDFs) of the 

deviances 

This method [264, 265] compares models on the basis of the full posterior distribution of 

the deviances. The uncertainty in the comparison, which tends to increase with the 

number of model parameters, is accounted for in this approach, which is not possible 

using single measure approaches, such as DIC and PED. 

Suppose the two models to be compared comprises of clusters 1 (K=𝐾1) and 2 (K=𝐾2)  

with deviances 𝐷𝐾1
(𝜃) and 𝐷𝐾2

(𝜃) respectively. Therefore, the posterior probability is: 
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𝑃𝐾2,𝐾1
= 𝑃{𝐷𝐾2

(𝜃) −  𝐷𝐾1
(𝜃) < 0 | 𝑌 = 𝑦 }. 

According to Aitkin (2010) [265], the optimal cluster size is determined by comparing 

the distribution of the cumulative posterior distributions (CDFs) of the deviances, defined 

by 

𝐹𝐷𝑗
(𝑑|𝑌 = 𝑦) = 𝑃{𝐷𝑗(𝜃) ≤ 𝑑|𝑌 = 𝑦},  j = 1,2. 

The selection of the optimal number of clusters based on PED values and the plot of 

posterior CDFs of the deviances is provided in the Appendix A. 

Both approaches suggested that a mixture of two multivariate normal distributions is 

optimal to explain the overall distribution of the random effects corresponding to the 

study dataset, hence, the pregnant women were classified between two clusters. Each 

woman was classified into the cluster with a specific multivariate normal distribution for 

the random effects under which the joint random effect ( 𝒃𝒊 ) corresponding to the 𝑖𝑡ℎ 

woman is highly likely to occur. 

Of note, due to computational time, the selection of the number of mixture components 

was based on a sample of 10,000 iterations obtained after a burning period of 500 and 

thinning of 1:10. 

4.2.3.6 Clustering procedure 

Classification of the participants into 2 clusters was based on their posterior probability 

of belonging to each of the 2 components as defined in Equation 2: 

 𝑝𝑖,𝑘 =  𝑝𝑖,𝑘 (𝛉 ) = P(𝑈𝑖 = 𝑘|𝒀𝒊 =  𝒚𝒊;  𝛉  )  =  
𝑤𝑘𝑓𝑖,𝑘(𝒀𝒊; 𝜽𝒌,𝝍)

𝑓𝑖(𝒀𝒊,𝛉 )
, 𝑖 = 1, … ,250, k = 1,2.   (14) 

Estimates of the 𝑝𝑖,𝑘 are generated from the 1000 posterior samples of the model 

parameters. Specifically, during the MCMC sampling, at each iteration, each individual 

gets assigned a probability for falling into cluster 1 and cluster 2 based on Equation 7. 

Next, the posterior median, posterior mean and the credible interval (CrI) of the chain of 

1000 probabilities for each cluster were calculated for each woman. The classification 

was then performed based on these summary measures under two steps, as follows. 

 

 



37 

 

Step 1:  

Each pregnant woman was assigned to the cluster (k=1,2) with the higher mean/median 

of the estimated probabilities, 𝑝𝑖,𝑘, across the 1000 posterior samples. In this analysis, the 

classification was performed based on both estimates of mean and median. If the 

classification result differs between the two estimates, median will be used; in our results, 

the classification outcomes were the same for mean and median. 

Step 2: 

To determine the uncertainty of the classification, 95% CrIs of the probabilities derived 

from the 1000 MCMC samples were employed. 

Specifically, for each woman, if the lower limit of the 95% CrI (2.5th percentile) of the 

probability of belonging to the nominated cluster exceeds 0.5, the woman remains in the 

assigned cluster, otherwise she is considered unclassified. 

4.2.4 Contribution of each antibody on the classification of pregnant women 

A secondary aim was to identify the relative contribution made by each antibody to 

clustering the pregnant women. To achieve this, the importance level of each antibody in 

clustering the pregnant women was determined by computing the univariate entropy 

value (𝐸𝑟) for each antibody [266] as follows: 

 𝐸𝑟 = 1 +
1

𝑁 log (𝐾)
 (∑ ∑ 𝑃(𝑈𝑖 = 𝑘|𝑪𝑖𝑟)log(𝑃(𝑈𝑖 = 𝑘|𝑪𝑖𝑟)) 𝐾

𝑘=1
𝑁
𝑖=1 )  𝑟 = 1, … , 6,    (15) 

where 𝑁 is the sample size (here, 𝑁 = 250 pregnant women), 𝐾 is the number of classes 

and 𝑪𝑖 represents the longitudinal trajectories of all six antibody responses corresponding 

to the 𝑖𝑡ℎ woman, upon which the classification was made. Furthermore, the probability 

of classifying the 𝑖𝑡ℎ woman to the 𝑘𝑡ℎ cluster considering only the 𝑟𝑡ℎ antibody 

(𝑃(𝑈𝑖 = 𝑘|𝑪𝑖𝑟)), where 𝑪𝑖𝑟 is the subset of 𝑪𝑖 corresponding to the 𝑟𝑡ℎ antibody, was 

computed by [253]: 

                   𝑃 (𝑈𝑖 = 𝑘|𝑪𝑖𝑟) =  
𝑤𝑘𝜑(𝒃𝑖𝑟

∗ |𝝁𝑘𝑟
∗ ,𝔻𝑘𝑟

∗ )

∑ 𝑤𝑙𝜑(𝒃𝑖𝑟
∗ |𝝁𝑙𝑟

∗ ,𝔻𝑙𝑟
∗ )2

𝑙=1

         𝑘 = 1,2,                               (16) 

where 𝒃𝑖
∗ is a standardised version of 𝒃𝑖 used for improving the mixing and numerical 

stability of the MCMC algorithm [253].  

Of note, the entropy is a value between 0 and 1 and an antibody with an entropy value 

closer to 1 indicates that the classification is highly influenced by the specific antibody. 
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Since the mixAK package does not provide entropy values, code was developed to 

calculate this quantity for each antibody (see Appendix B). 

 

4.3 Summary 

This chapter described in detail the statistical methods available in R for clustering the 

pregnant women into groups that have similar antibody responses. Many of the methods 

reviewed were not appropriate for the current study due to several limitations, e.g. require 

clustering longitudinal data which are sampled regularly – note, the antibody measures in 

this study were obtained at different time points for each pregnant woman and the number 

of measurements for a given antibody was not the same for all pregnant women 

(unbalanced and irregularly sampled dataset). 

Even methods that allow clustering irregularly sampled data either cannot handle both 

continuous and discrete variables simultaneously or assumes independence between the 

responses (although not applicable to the current study as only continuous variables were 

incorporated).  

The mixAK package was identified as the most suitable and flexible method for clustering 

multivariate longitudinal data, as it allows analysing irregularly sampled data consisting 

of both continuous and discrete responses and is capable of taking account of the 

dependence between the responses. The mixAK package was therefore employed in the 

current study as it addresses many other packages’ limitations.  

This package performs clustering by fitting a multivariate mixture linear mixed model 

(MMLMM) to the data. The age, status of gravidity (primigravidae or not), the treatment 

arm and having a history of malaria were assumed to have fixed effects on the 

measurements of each antibody while the antibody measures at conception (intercept) and 

the rate of change of the antibody response over gestational time (in weeks) within each 

antibody were assumed to have random effects that allow these parameters to differ 

between pregnant women. The random effects (or random intercept and slope) for each 

woman were assumed to follow a mixture of 𝐾 heteroscedastic multivariate normal 

distributions. This assumption allows both the correlation between the antibody 

measurements from a single woman to be accounted for and clustering of the pregnant 
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women into groups where the intercepts and slopes of their six antibody trajectories are 

similar after adjusting for the covariates included as fixed effects. 

The mixAK package does not have an inbuilt method to determine the individual 

contribution of each antibody to the classification of pregnant women to clusters. This 

problem was addressed by computing the univariate entropy value for each antibody; the 

antibodies with high univariate entropy values were identified to have the highest 

influence on the classification. 
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Chapter 5  

Application of the mixAK package to classify the longitudinal 

antibody responses of pregnant women from the Thai-

Myanmar border 
 

5.1 Descriptive statistics at enrolment 

The descriptive statistics at enrolment data for the 135 cases (women infected with P. 

falciparum and/or P. vivax during pregnancy) and 115 controls (women without detected 

Plasmodium infection) are provided in Table 2.  

The proportion of cases who were in their first pregnancy (22.2%) at enrolment was 

around twice of that in the control group (13.9%). Almost a quarter of cases were anemic 

(23.5%) at enrolment compared to only 10% of controls. The proportion of women who 

had received chloroquine prophylaxis was slightly higher for the control group, likely due 

to prevention of vivax episodes [221]. The majority of the pregnant women in both groups 

were enrolled in the trial during their first trimester (76% and 85% of cases and controls, 

respectively). Nearly all controls were residing at refugee camps (99.1%) while less than 

half of the cases (44.9%) were living at refugee camps during pregnancy.  

Furthermore, more than half of the cases (55.6%) had been exposed to malaria prior to 

enrolment, compared with 40% of the controls. Considering the history of malaria 

specific to the Plasmodium spp., almost a similar proportion in the case (37.9%) and 

control (27.8%) groups had a history of falciparum infection(s) prior to enrolment. 

However, the proportion of cases (24.2%) who were infected with vivax malaria prior to 

enrolment was more than twice that of the control group (11.3%). 
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           Table 2: Distribution of patient characteristics at enrolment for cases and controls  

Characteristic Cases (n=135) Controls (n=115) 

Age (years), median (IQR) 24 (20, 30) 26 (22, 32) 

Gravidity, median (IQR) 3 (2.0, 4.5) 3 (2.0, 5.0) 

Primigravida, n (%) 30 (22.2) 16 (13.9) 

Multigravida, n (%) 105 (77.8) 99 (86.1) 

Parity, median (IQR) 1 (0, 3) 2 (1, 4) 

Haematocrit (%), median (IQR) 32.5 (30, 35) 34.0 (32, 36) 

Anaemiaa, n (%) 32 (23.7) 11 (9.6) 

Residence in refugee camp 61 (45.2) 114 (99.1) 

Receiving chloroquine prophylaxis, n (%) 56 (41.5) 55 (47.8) 

Estimated Gestational Ageb, median 

(IQR) 
9.7 (7, 14) 9.4 (7.6, 11.6) 

Trimester   

1 (<14wks), n (%) 102 (75.6) 98 (85.2) 

2 (14 to <28wks), n (%) 31 (23) 17 (14.8) 

3 (28 wks or more), n (%) 2 (1.5) 0 (0.0) 

   

Plasmodium spp. before enrolmentc, n (%) 75 (55.6) 42 (36.5) 

P. falciparum   

Proportion women infected, n (%) 50 (37.9) 32 (27.8) 

P. vivax   

Proportion women infected, n (%) 32 (24.2) 13 (11.3) 

   

Follow up (weeks), median (range) 28.9 (22.6, 32.1) 30.9 (28.3, 32.4) 

 

a Haematocrit <30%. 

b Determined at enrolment. 

c Any microscopically confirmed Plasmodium infection documented at SMRU before enrolment into the 

study. 
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5.2 Graphical representation of six types of antibody responses 

5.2.1 Optical density values (antibody levels) versus gestation  

Overall, in all spaghetti plots, the antibody profiles of the pregnant women who were 

infected with malaria (cases) were maintained at comparatively higher levels and/or 

fluctuated significantly compared to the profiles of the women who were free from 

malaria (controls). However, substantial fluctuations were observed in the profiles of 

antibodies PfAMA1, PfEBA175, PfMSP2 and PfVAR2CSA, irrespective of the exposure 

group (Figure 2 A, B, C and F). The levels of PfAMA1, PfEBA175 and PfVAR2CSA for 

a considerable number of women without malaria remained at a low level over gestation, 

unlike a significant number of PfMSP2 responses of controls which remained at a high 

level. Only a few responses of the cases remained high throughout the study period for 

PfAMA1 and PfEBA175, whereas for PfMSP2, the majority of the cases remained high. 

None of the samples remained at high levels for PfVAR2CSA, and the responses which 

remained at low levels were maintained by majority of controls and a considerable 

number of cases. Of note, the antibody profiles of PfMSP3 and PvAMA1 were overall 

quite low and less noisy regardless of gestation weeks (Figure 2 D and E) and the majority 

of the responses of the controls remained at low levels while the profiles of the cases 

fluctuated. 

The LOESS average response of each antibody indicates overall a positive linear 

association between the antibody level and gestation week during the first half of the 

gestation, even though there is great variability within a pregnant woman. This linear 

association plateaus (or slightly drops in some cases) at around 20 weeks of gestation. 

The patterns of the LOESS curve constructed for each exposure group within each 

antibody were almost similar to the overall LOESS curve (except for the control groups 

of PfEBA175 and PfMSP2 which showed a negative linear association between the 

antibody level and gestation week during the first half of the gestation). For PfAMA1 and 

PvAMA1, the average antibody response of the cases remained higher compared to the 

controls over the gestational period while for other antibodies the average response of a 

case started off with a value lower from that of the controls up to around 5 gestation weeks 

(for PfEBA175 the break-even was almost 7.5 weeks) and then remained higher. It is also 

worth noting that the average antibody response of PfMSP2 was the highest at conception 
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and remained the highest during any time point compared to the other five antibodies, 

irrespective of the exposure group.
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Figure 2: The spaghetti plots from A to F represent the longitudinal antibody levels of PfAMA1, PfEBA175, PfMSP2, PfMSP3, PvAMA1 and PfVAR2CSA, 

respectively, for all women.  The antibody levels of the pregnant women exposed to malaria (cases) and free from malaria (controls) are represented by orange 

and blue, respectively. LOESS curves for all pregnant women (in black) and for each exposure group are superimposed on each spaghetti plot. The shaded 

area around each LOESS curve represents the 95% confidence interval (CI). Of note, the Y axes of the plots of A, B and D are truncated at 0; the CIs did 

extend to negative values due to limited information in the early period of gestation.

B C 

D E

E 
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5.2.2 Serostatus of each antibody versus gestation 

As explained in the Subsection 3.1.1.2, the OD values of each pregnant woman were 

categorised as seropositive, if the value was above a cut-off for each antigen derived from 

unexposed individuals from Melbourne. The stability of the serostatus throughout the 

study period was examined for each antibody in two ways: (i) considering the status of 

the samples measured initially and at the last sample before or at delivery and (ii) 

incorporating all serostatus measures available for each pregnant woman longitudinally. 

 

 

Figure 3: Proportion of pregnant women seropositive at enrolment for each antibody. The error bars 

represent the 95% CI for the proportion estimated for each antibody.   

 

Figure 3 shows that the highest proportion of pregnant women were seropositive for 

PfMSP2 at enrolment (0.91, 95% CI: 0.87,0.94), followed by PfEBA175 (0.83, 95% 

CI:0.78,0.87). In contrast, PvAMA1 (0.22, 95% CI: 0.17,0.28) and PfMSP3 (0.28, 95% 

CI: 0.22,0.34) had the lowest proportion of seropositive measures at baseline. 
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Figure 4: Heatmap of serostatus considering the first sample of each pregnant woman, ordered by 

age (ranging from 15 to 42) for each antibody (seropositive: red, seronegative: green and record 

unavailable: blue), age of women (in 2-year intervals) is displayed. 

 For each pregnant woman the antibody-specific seropositivity status of the first sample 

measured is presented in  

Figure 4, ordered from the youngest to the oldest. Overall, serostatus was not associated 

with age for any of the six included responses. However, the majority of pregnant women 

were seropositive for the antibodies PfMSP2 and PfEBA175, while seronegative for 

PfMSP3 and PvAMA1 at first sample, irrespective of age. Furthermore, pregnant women 

of the same age also maintained different serostatus patterns across the antibodies. 
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Figure 5: Proportion of joint-serostatus patterns of the pregnant women (235) who had antibody 

levels measured for all six antibodies at enrolment (note, 15 pregnant women were omitted in this 

analysis as their records were missing for at least one antibody). The joint serostatus patterns are 

ordered as: PfAMA1, PfEBA175, PfMSP2, PfMSP3, PvAMA1 and PfVAR2CSA, respectively, where 

a value of 1 represents seropositive.   

The seropositivity patterns represent different seropositivity statuses exhibited by each 

pregnant woman on all antibodies at enrolment. Of the 64 (=2^6) unique patterns, the joint 

seropositivity statuses of the pregnant women in this study (235) represented 28 different 

patterns, where the top ten patterns observed for 204 (87%) of the pregnant women are 

displayed in Figure 5. The most prevalent joint seropositivity pattern (19% (n=44) of 

pregnant women) is 111001, where the pregnant women are seropositive for all the 

antibodies except for PfMSP3 and PvAMA1. The second most equally prevalent patterns 

(12% n=28) correspond to the pregnant women being seropositive for all the antibodies 

except for PfAMA1, PfMSP3 and PvAMA1 and being seropositive for all the antibodies. 

The remaining 13% (n=31) of pregnant women (not displayed in Figure 5) maintained 

one of the other 18 patterns where at most 4 women were observed to have that serostatus 

pattern. 
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Figure 6: Proportion of serostatus patterns considering first and last measured samples for each 

antibody. Both first and last samples were available for all 250 pregnant women for the antibodies 

PfEBA175, PfMSP2 and PfVAR2CSA, while 227 for the antibodies PfAMA1, PfMSP3 and PvAMA1. 

Within each antibody, based on the serostatus recorded at first and last sample, each woman was 

categorised into one of the four groups: both measures seronegative (blue), seronegative at first but 

seropositive in the last sample (green), initially seropositive but seronegative at last (orange), and 

both were seropositive (red).   

The total number of pregnant women who had records for both first and last samples were 

not the same for all the antibodies, hence, Figure 6 presents the proportion of pregnant 

women for each antibody. Overall, for more than 75% of the pregnant women, both the 

first and last samples remained either seropositive or seronegative. The highest number 

of pregnant women whose both samples were seropositive was observed in PfMSP2 (86% 

(216/250)) followed by PfEBA175 (80% (200/250)). Contrarily, the highest number of 

pregnant women whose both samples were seronegative (67% (151/227)) was observed 

for PvAMA1, followed by PfMSP3 (62% (141/227)). 
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Figure 7: Boxplots for the proportion of samples seropositive for each antibody available for each 

pregnant woman longitudinally over the gestation period by the exposure category (cases in pink and 

controls in blue). Overall, all 250 pregnant women in the study had longitudinal measurements for 

the antibodies PfEBA175, PfMSP2 and PfVAR2CSA, while longitudinal measurements for 

antibodies PfAMA1, PfMSP3 and PvAMA1 were available for only 247 (missing for 3 cases) of the 

pregnant women. Of note, the number of longitudinal measurements available for each woman 

varied between 2 and 13.   

The proportion of samples seropositive in the longitudinal data of each woman measured 

for each antibody is summarised by the exposure category in Figure 7. Overall, for 

PfMSP2 and PfEBA175, all available longitudinal measurements of half of the pregnant 

women in the control group remained seropositive while all available measurements were 

seropositive for almost all the cases. In contrast, for PvAMA1 and PfMP3, all available 

measurements of half of the controls remained seronegative while half of the cases had at 

most 14% and 18% of their measured samples seropositive on the respective antibody. 

Of note, significant variations in maintaining the serostatus over the trial was observed in 

PfAMA1 as the overall serostatus of the pregnant women ranged from all seronegative to 

all seropositive, irrespective of the exposure category (however, for the majority of the 
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pregnant women in the case group, most of the available measures were seropositive, 

median of 100%). 

Of note, the maintenance of the serostatus measures of the majority of pregnant women 

as either seropositive or seronegative throughout the gestation resulted in the parameter 

estimates being a singular fit (i.e. estimates were the same at each iteration), once the 

model was fitted using the serostatus data. Therefore, the model-based clustering was 

performed only considering the optical density measures of the antibodies, which captures 

more subtle differences that occur in antibody responses and the outcomes are as follows. 

5.3 Cluster pregnant women based on individual component 

probabilities 

A model with 2 clusters provided the best fit to the data (refer to the Appendix A for the 

diagnostics used to determine the optimal number of clusters). Women were classified 

into the group that had the highest individual component probability (see Section 0 of 

methods chapter). The antibody profiles of the pregnant women were classified into two 

clusters: 186 into cluster 1 and 55 pregnant women into cluster 2, with 9 pregnant women 

unclassified. The classification outcome remained the same irrespective of the summary 

statistic (the posterior mean or median used to estimate the component probabilities) used 

for the initial classification procedure. 

 

The clustering procedure has clearly classified the trajectories of all 6 antibodies into a 

group of women who maintain comparatively low levels of antibodies across all 6 

antibodies (i.e. Cluster 1) and a group of women who maintain relatively higher antibody 

levels over time (Cluster 2) (Figure 8). Based on the different antibody maintenance levels 

of the two clusters, clusters 1 and 2 are named “low immune group” and “high immune 

group”, respectively. 
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Figure 8: Trajectory plot of the antibody responses versus gestation (weeks) for each cluster (cluster 

1-green, cluster 2 -red). The trajectories in blue are the pregnant women who were not classified with 

certainty into either cluster.  
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Association between the maternal factors and the antibody responses 

The multivariate mixture linear mixed model showed that age and receiving chloroquine 

as a prophylaxis were positively associated with the responses for the majority of 

antibodies; the exceptions were PvAMA1 for age (estimated mean change of -0.001 per 

year of change (95% CrI -0.002,0.0004)) and PfMSP3 for chloroquine (-0.003 (95% CrI 

-0.019,0.013)). Negative associations were observed between gravidity and the antibodies 

of PfAMA1, PfMSP2 and PfMSP3, contrary to the association between gravidity and the 

other antigens (Table 3). Of note, having a history of malaria was only associated with 

the antibody PvAMA1 (estimated mean level was 0.012 (95% CrI -0.005, 0.027) higher 

in a woman with a history of malaria compared to a woman without prior infection(s)). 

The absence of influence of having prior infection(s) on maintaining higher immunity 

levels with respect to other antibodies could be due to the recording of history of malaria 

which was limited to infections prior to pregnancy documented at SMRU clinics. Hence 

cannot guarantee the accuracy of the recordings nor the exact time of exposure. As 

expected, the average antibody level at the start of pregnancy was higher in the high 

immune group compared to the low immune group in all six antibodies; mean antibody 

levels at conception ranged from 0.448 (PvAMA1) to 1.076 (PfEBA175) higher in the 

high immune group than in the low immune group. The antibody responses to PfAMA1 

and PvAMA1 antigens had a decreasing trend over gestation time in both the high and 

low immune groups. Average antibody responses of PfEBA175, PfMSP2, PfVAR2CSA 

and PfMSP3 over gestation week showed opposite trends by immune group. The 

antibodies of PfEBA175, PfMSP2 and PfVAR2CSA had declining trends over gestation 

time in the low immune group but had increasing trends in the high immune group; the 

associations were reversed for PfMSP3 antibodies.  
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Table 3: Multivariate linear mixed-effects modelling of the combined IgG responses to Plasmodium falciparum and Plasmodium vivax recombinant antigens 

Variable PfAMA1 PfEBA175 PfMSP2 PfMSP3 PvAMA1 PfVAR2CSA 

Fixed effects       

Age (years) 0.001 

(-0.006,0.008) 

0.007 

(-0.001,0.015) 

0.005 

(-0.001,0.01) 

0.001 

(0.0001,0.003) 

-0.001 

(-0.002,0.0004) 

0.003 

(-0.0001,0.007) 

Graviditya       

Primigravidae 0.064 

(-0.05,0.179) 

-0.017 

(-0.153,0.118) 

0.013 

(-0.075,0.102) 

0.004 

(-0.018,0.027) 

-0.005 

(-0.029, 0.02) 

-0.012 

(-0.069,0.046) 

Intervention groupb       

Chloroquine 0.054 

(-0.021,0.13) 

0.048 

(-0.041,0.136) 

0.009 

(-0.05,0.067) 

-0.003 

(-0.019,0.013) 

0.019 

(0.002,0.036) 

0.031 

(-0.007,0.069) 

History of malaria       

Yes -0.04 

(-0.116,0.036) 

-0.024 

(-0.113,0.065) 

-0.02 

(-0.08,0.039) 

-0.002 

(-0.018,0.013) 

0.012 

(-0.005,0.028) 

-0.014 

(-0.053, 0.024) 

Average random effects for a woman       

  Low immune       

Constantc 0.31 

(0.231,0.388) 

0.469 

(0.373,0.564) 

0.704 

(0.631,0.777) 

0.069 

(0.048,0.09) 

0.095 

(0.073,0.117) 

0.235 

(0.189,0.281) 

Gestation (weeks)d -0.001 

(-0.002,0.0001) 

-0.002 

(-0.003, -0.0004) 

-0.003 

(-0.004, -0.001) 

0.00004 

(-0.001,0.001) 

-0.0003 

(-0.001,0.0003) 

-0.001 

(-0.002,0.0004) 

  High immune       

Constantc 0.864 

(0.67,1.062) 

1.076 

(0.897,1.264) 

1.000 

(0.893,1.111) 

0.603 

(0.404,0.808) 

0.448 

(0.283,0.608) 

0.634 

(0.498,0.766) 

Gestation (weeks)d -0.0004 

(-0.006,0.005) 

0.0001 

(-0.005,0.005) 

0.001 

(-0.002,0.005) 

-0.006 

(-0.012, -0.001) 

-0.003 

(-0.008,0.002) 

0.002 

(-0.003,0.006) 

 

Values are coefficients (95% CrI) of optical density values per unit change in covariate. 

a Vs multigravida. 

b Vs Placebo. 

c The mean antibody level for a woman at conception who is at mean age (26.16 years), multigravida, did not receive chloroquine prophylaxis and absence of exposure 

to malaria prior to enrolment. 

d The rate of change of the specific antibody per gestation week.  



54 

 

5.4 Group-specific characteristics of the pregnant women 

Table 4 includes summaries of key factors for both clusters. The high immunity group 

was dominated by the cases (92.7%), particularly the cases who were only exposed to 

falciparum malaria (28 of 51 cases) and the low immunity group by the controls (57.5%). 

This is not surprising given that it is known that malaria infections temporarily boost 

antibody levels. As such, the proportion of pregnant women in the high immunity group 

who were anemic at enrolment (34.5%) was three-fold greater compared with the low 

immunity group (12.4%). Furthermore, the proportion of pregnant women who resided 

in refugee camps was two-fold higher in the low immunity group (78.5%) compared to 

the high immunity group (41.8%). Almost a similar proportion in the low (32.1%) and 

high immunity groups (38.9%) had a history of P. falciparum infection/s prior to 

enrolment.  However, the proportion of pregnant women who were infected with P. vivax 

malaria prior to enrolment in the low immunity group (21.2%) was around twice that in 

the high immunity group (11.1%). Of note, a similar pattern was observed in the 

classification of pregnant women who were only exposed to vivax malaria during the 

study period, 48.1% and 9.8% in the low and high immunity groups respectively. 
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Table 4: Characteristics of the pregnant women by low and high immune antibody response profile 

clusters.a 

Characteristic 

Cluster 1 

Low immune group 

(n=186) 

Cluster 2 

High immune group 

(n=55) 

Exposed to malaria during pregnancy   

      Case, n (%) 79 (42.5) 51 (92.7) 

         P. falciparum only n (%) 

         P. vivax only n (%) 

         Both P. falciparum and P. vivax n (%) 

         P. falciparum, P. vivax and mixed infection  

                   n (%) 

        Other three infectionsb n (%) 

23 (29.1) 

38 (48.1) 

16 (20.3) 

2 (2.5) 

 

0 (0) 

28 (54.9) 

5 (9.8) 

13 (25.5) 

2 (3.9) 

 

3 (5.9) 

   

      Control, n (%) 107 (57.5) 4 (7.3) 

 Age (years), median (IQR) 25 (21, 31) 24 (20, 30.5) 

Gravidity, median (IQR) 3 (2, 5) 3(2, 5.5) 

      Primigravida, n (%) 33 (17.7) 13 (23.6) 

      Multigravida, n (%) 153 (82.3) 42 (76.4) 

Parity, median (IQR) 2 (1, 3) 1 (0, 3.5) 

Haematocrit (%), median (IQR) 33.8 (31.5, 36) 31.5 (27.6, 33.8) 

Anaemia, n (%) 23 (12.4) 19 (34.5) 

Residence in refugee camp, n (%) 146 (78.5) 23(41.8) 

Receiving chloroquine prophylaxis, n (%) 85 (45.5) 24 (42.9) 

Estimated Gestational Age (weeks), median (IQR) 9.3 (7.3, 12.3) 10.9 (7.8, 16.8) 

Trimester   

      1 (<14wks), n (%) 157 (84.4) 36 (65.5) 

      2 (14 to <28wks), n (%) 28 (15.1) 18 (32.7) 

      3 (28 wks or more), n (%) 1 (0.5) 1 (1.8) 

Plasmodium spp. before enrolment, n (%) 89 (47.8) 26 (47.3) 

    Infected with P. falciparum, n (%) 59 (32.1) 21 (38.9) 

    Infected with P. vivax, n (%) 39 (21.2) 6 (11.1) 

Follow up (weeks), median (range) 30.8 (26.6, 32.4) 26.3 (19,31.1) 

 

a9 women who were not classified into any cluster were excluded. 

b3 other infections include P. falciparum and P. malariae infection, P. vivax and P. malariae infection and 

P. falciparum, P. vivax and P. malariae infection with one pregnant woman in each type of infection.  
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Influence of specific antibodies on the classification into high and low immunity 

profiles 

Table 5 shows the entropy values for each antibody arranged in descending order. The 

high entropy values for PfMSP3 (0.949) and PvAMA1 (0.935) indicate that the profiles 

from these antigens drove the classification of pregnant women among the clusters, 

compared to the other antigens, whereas PfMSP2 was least able to discriminate between 

the two groups (entropy = 0.763). 

 

Table 5: Influence of specific antibodies on the classification into high and low immunity profiles. 

 

 

 

 

 

 

aThe entropy is a value between 0 and 1 and values closer to 1 indicate that an antibody highly contributes 

towards the classification of women to cluster 1 or 2. The influence on classification declines as the entropy 

values declines. 

5.5 Sensitivity analysis  

5.5.1 Importance of including PfMSP3 and PvAMA1 

According to the entropy values in Table 5, PfMSP3 and PvAMA1 have the highest 

contribution to classifying the pregnant women into the two immunity profile groups. The 

biological mechanism of the antigens associated with these two antibodies are quite 

different from the other antibodies (i.e. PvAMA1 is a P. vivax antigen while PfMSP3 

does not connect directly to the merozoite surface unlike the four other P. falciparum 

related antibodies). The importance of incorporating these two antibodies in separating 

the low and high immune antibody response profiles was assessed by repeating the 

analyses with and without the inclusion of these two antibodies.  

Antibody Entropy valuea 

PfMSP3 0.949 

PvAMA1 0.935 

PfVAR2CSA 0.873 

PfAMA1 0.844 

PfEBA175 0.817 

PfMSP2 0.763 
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   Table 6: Assessment the importance of combining PvAMA1 with other P. falciparum antibodies  

    

Cluster groupings obtained considering 

only P. falciparum antibodies  

(i.e. dropping PvAMA1)   

   Cluster 1 Cluster 2 Unclassified Total 

Cluster groupings 

obtained considering all 

antibodies   

Cluster 1 178 00 08 186 

Cluster 2 03 48 04 55 

Unclassified 02 04 03 09 

  Total 183 52 15 250 

 

According to Table 6, 178 of 186 (96%) pregnant women who were originally classified 

into Cluster 1 (classified including PvAMA1 with the P. falciparum antibodies) was 

identified similarly even after dropping PvAMA1. Furthermore, 87% (48/55) of the 

pregnant women who were originally classified into Cluster 2 could be identified without 

incorporating PvAMA1.  

Table 7: Assess the importance of combining PfMSP3 with other antibodies 

    

Cluster groupings obtained considering 

all antibodies without PfMSP3    

   Cluster 1 Cluster 2 Unclassified Total 

Cluster groupings 

obtained considering all 

antibodies   

Cluster 1 173 01 12 186 

Cluster 2 03 49 03 55 

Unclassified 03 03 03 09 

  Total 179 53 18 250 

 

Similarly to Table 6, the majority of the pregnant women who were originally classified 

(considering all six antibodies) among the two clusters were identified in a similar manner 

after dropping PfMSP3 (173 of 186 (93%) and 49 of 55 (89%), who were originally 

classified into Cluster 1 and Cluster 2 respectively). 
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Table 8: Assess the importance of including at least PfMSP3 or PvAMA1 with other Plasmodium 

falciparum antibodies (PfAMA1, PfEBA175, PfMSP2 and PfVAR2CSA). 

    

Cluster groupings excluding 

PvAMA1 and PfMSP3   

   Cluster 1 Cluster 2 Unclassified Total 

Cluster groupings obtained 

considering all antibodies   

Cluster 1 87 79 20 186 

Cluster 2 02 53 00 55 

Unclassified 01 08 00 09 

  Total 90 140 20 250 

 

Table 8 examines the possibility of clustering pregnant women omitting both PvAMA1 

and PfMSP3. Even though the P. falciparum antibodies identified almost all the pregnant 

women who were classified into Cluster 2 without PfMSP3 (and PvAMA1) (53 of 55 

(96%)), only 87 of the original 186 (47%) Cluster 1 women were classified into Cluster 

1. 

Hence, dropping one of PvAMA1 (Table 6) or PfMSP3 (Table 7) does not have a major 

impact on the classification outcomes obtained originally (considering all six antibodies), 

but removing both these antibodies caused significant changes in the classification 

outcomes, especially in Cluster 1 (Table 8). Hence, it is vital to consider at least one of 

these two antibodies (PfMSP3 is preferred as it has the highest entropy value and is a P. 

falciparum antibody) in classification in order to more precisely capture the pregnant 

women who categorise into Cluster 1 with comparatively low antibody profiles. As a 

further analysis, PfMSP3 and PvAMA1 were explored in a univariate model to identify 

how well each antibody could identify and classify the pregnant women with similar 

exposure (case or control) and concur with the findings above (see Appendix A). 

 

5.5.2 Antibodies which best identify the malaria cases 

Overall, the joint levels of the six antibodies identified the controls exceptionally well by 

classifying them into Cluster 1. However, the cases have been poorly identified, as they 

are classified almost equally between the two clusters. To further investigate this, the 

capability of different combinations of antibodies in distinguishing between the pregnant 

women was evaluated. For this purpose, a series of univariate and multivariate analyses 

were undertaken. Table 9 shows the capability of each antibody response in 
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discriminating pregnant women into the expected cluster according to the malaria 

exposure status. 

Table 9: Performance of classifying controls to Cluster 1 (low immunity group) and cases to Cluster 

2 (high immunity group) based on univariate analyses. Antibodies are ordered from the highest to 

the lowest percentage of classifying pregnant women into the expected cluster. 

 Number of controlsa 

classified into 

Cluster 1 (%) 

Number of casesb 

classified into 

Cluster 2 (%) 

Total women classified 

into the expected Clusterc 

(%) 

PfAMA1 76 (66.1) 74 (54.8) 150 (60) 

PfVAR2CSA 86 (74.8) 57 (42) 143 (57.2) 

PfEBA175 61 (53) 81 (60) 142 (56.8) 

PvAMA1 109 (94.8) 28 (20.7) 137 (54.8) 

PfMSP3 103 (89.6) 33 (24.4) 136 (54.4) 

PfMSP2 63 (54.8) 67 (49.6) 130 (52) 

 

a Out of 115 controls 
b Out of 135 cases 
c Computed based on the decision that Cluster 1 would represent controls and Cluster 2 would represent 

cases. The sum of controls classified into Cluster 1 and cases classified into Cluster 2 were then divided 

by the total pregnant women, i.e. 250 to obtain the percentage. 

 

The results show that PfAMA1 provided the best overall discrimination by classifying 

60% of the pregnant women into the expected clusters (controls in Cluster 1 and cases in 

Cluster 2). PfVAR2CSA had the second-best performance by classifying 57.2% of the 

pregnant women into the expected clusters.  

The antibody responses to PvAMA1 best identified the controls (109 of 115) by 

classifying them into Cluster 1, followed by PfMSP3 as the second-best performer. 

Opposingly, PfEBA175 best identified a majority of the cases (81 of 135 cases) by 

classifying them into Cluster 2 and PfAMA1 was the second-best antibody in classifying 

the cases (74 of 135). Of note, even though PvAMA1 and PfEBA175 performed best at 

categorising one exposure group (controls and cases, respectively), they performed poorly 

with respect to identifying the pregnant women in the alternative exposure group. 
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Subsequent clustering analyses using combinations of antibody responses showed that 

the performance of classifying the cases into Cluster 2 was highest once the classification 

was performed using the joint antibody responses to PfAMA1 and PfVAR2CSA. This 

bivariate combination classified 64% of the total controls into Cluster 1 and 63% of the 

cases into Cluster 2; see Appendix A for the details of classification of the pregnant 

women using the combination of PfAMA1 and PfVAR2CSA. 

Table 10: Classification of cases by the type of infection, based on antibody responses to 

PfAMA1 and PfVAR2CSA  

Type of infection(s) 

recorded during 

pregnancy 

 

Cluster 1 

 

Cluster 2 

 

Unclassified 

 

Total 

P. falciparum only 05 43 05 53 

Both P. falciparum and 

P. vivax 

06 24 01 31 

P. falciparum, P. vivax 

and mixed infection 

01 03 00 04 

P. falciparum and P. 

malariae infection 

00 01 00 01 

P. falciparum, P. vivax 

and P. malariae  

00 01 00 01 

P. vivax and P. 

malariae 

00 01 00 01 

P. vivax only 29 12 03 44 

Total 41 85 09 135 

 

The majority of the cases who had at least one episode of falciparum infection (first 5 

infection types) were classified into Cluster 2 (women categorised into Cluster 2 of total 

women with one of the first 5 infection types; 80%) (Table 10). However, the pregnant 

women who were infected with only P. vivax infection(s) were poorly categorised, i.e. a 

majority of them were classified into Cluster 1 (women categorised into Cluster 1 of total 

women with only vivax infection; 66%). Surprisingly, classification of pregnant women 

with only P. vivax infection using PvAMA1 resulted in the majority of the cases into 

Cluster 1 which is more representative of controls (refer to the Appendix A). 
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Chapter 6  

Discussion 
 

Antibody response to the malaria parasite is highly dynamic and can vary greatly within 

and between pregnant women. This dynamicity has challenged the identification of key 

antibodies as potential vaccine candidates and/or sero-surveillance biomarkers of malaria 

infections in pregnant women. 

A majority of previous studies quantifying antibody responses to malaria only used cross-

sectional antibody data, or analysed longitudinal antibody data in a univariate framework, 

disregarding the correlations between the antibodies measured. This thesis used a 

statistical approach to model the longitudinal antibody data of six different antibodies 

from a group of 250 pregnant women in a multivariate context which accommodates for 

the correlation between the measured antibodies. Ultimately, the model was used to 

classify the pregnant women into groups based on the joint behaviour of their antibody 

responses.  The key findings of this thesis are outlined in Section 6.1. Section 6.2 

describes the strengths and limitations of this thesis, followed by some suggestions for 

future work in Section 6.3. In Section 6.4, some concluding remarks are presented. 

6.1 Key findings 

The results showed that classifying the pregnant women into two groups provided the 

best segregation of the antibody profiles; overall, the antibody profiles in one group 

remained at low levels (low immune group) compared to the other group (high immune 

group) across all six antibodies. A key finding of this classification analysis was that the 

maintenance level of the joint longitudinal antibody measures is central to separate the 

controls from the cases (exposed to malaria during pregnancy) so that the majority of 

women who were free from malaria during pregnancy were grouped into the low immune 

group. 

The classification outcome was shown to be significantly driven by the antibodies to 

PfMSP3 and PvAMA1. The profiles of these two antibodies mostly remained at low 

levels with less fluctuations, irrespective of the exposure to malaria during pregnancy, 

contrary to the responses of the other four antibodies. The difference in the maintenance 

levels of these two antibodies compared to other antibodies could be a main cause for 
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grouping the cases, particularly those who maintained considerably lower immunity 

levels against these two antigens with the majority of controls. The model-based 

clustering using the six antibody responses performed exceptionally well for the 

uninfected women as 93% (107 of 115 controls) were classified into the low immunity 

group but poorly performed in clustering the women infected with malaria into the high 

immune group (51 of 135 cases (38%)). Therefore, even though all the antibodies are 

incorporated in the analysis, classification outcomes rely significantly on those which 

consist of profiles that are relatively stable over time. These results suggest that the 

antibodies which do not boost with each successive infection are not suitable as sero-

surveillance markers of exposure to malaria during pregnancy as they hamper separation 

of cases from controls. 

Another important finding was that the combination of anti-PfAMA1 and anti-

PfVAR2CSA antibodies, among all possible combinations, provides the best 

classification result for cases, i.e. it classifies the majority of the cases (63%) into the 

high-immune group. This suggests that these two antibodies may be good candidates for 

sero-surveilling exposure to malaria during pregnancy. These results indicate the 

importance of evaluating the performance of a classifier when different combinations of 

antibodies are used.  

However, the reduced clustering model of the antibodies PfAMA1 and PfVAR2CSA was 

unable to identify all the cases, as 41 of them (i.e. 30% of the cases) were classified in the 

low immune group. Further investigation showed that the majority of these pregnant 

women (29 of 41 cases (71%)) had only been infected with vivax malaria. This implies 

that this combination of antibodies enables identification of pregnant women who had at 

least one falciparum episode in their infection history. On the other hand, the antibody 

response to PvAMA1 could not be used to distinguish these cases, as it remained at low 

levels throughout the pregnancy for the majority of women. Therefore, it is crucial to look 

for a new antibody to vivax malaria which boosts with each successive vivax infection, 

for identifying recent exposure to vivax malaria. 

Recently, serology has been considered as a promising epidemiological tool, incorporated 

in studies as a  proxy measure for the detection and surveillance of malaria [32, 38, 267, 

268]. Interestingly, the immune surveillance studies have recommended anti-PfAMA1 

antibody as a biomarker of protective immunity to symptomatic malaria [168] and as an 
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important vaccine candidate [269, 270]. Antibody responses to PfAMA1 and PvAMA1 

have also been considered for assessing malaria transmission intensity and for identifying 

hotspots of malaria transmission, specifically in low transmission settings [114]. There 

has been limited investigation of  pregnant women in these studies, many simply stating 

that pregnant women could be used as a sentinel population to estimate burden of malaria 

[271, 272]. The available serosurveillance studies on pregnant women also only 

investigated the PfVAR2CSA antibody, perhaps as it is the antibody specific to pregnant 

women. Almost all these studies have strongly recommended PfVAR2CSA as a candidate 

for vaccine development [273, 274], where some VAR2CSA-based vaccines are being 

currently tested in  clinical trials (https://clinicaltrials.gov/ct2/show/NCT02647489, 

https://clinicaltrials.gov/ct2/show/NCT02658253, https://www.clinicaltrials.gov). 

However, two recent studies have suggested PfVAR2CSA to be used to monitor the 

changes in malaria transmission [275] and as a biomarker of recent exposure to malaria 

during pregnancy [275, 276]. Few studies have incorporated non-pregnancy specific 

antibodies, particularly anti-PfAMA1 antibody in pregnancy related serology studies on 

malaria, particularly in low transmission settings [1, 277] and discovered that the anti-

PfVAR2CSA antibody was associated with reduced risk for high placental parasitemia 

but was not associated with the anti-PfAMA1 antibody [277]. None of the above studies 

in pregnant women have considered the combined effects of the antibodies. Hence, the 

key finding of this study that recommends the combination of PfAMA1 and PfVAR2CSA 

antibodies as an indicator of recent exposure to malaria during pregnancy is novel and 

creates a new direction for serosurveillance studies.   

This study also assessed the association of maternal age and gravidity with the immunity 

of pregnant women. Consistent with previous studies, the results show that overall, the 

antibody responses corresponding to P. falciparum parasite are positively associated with 

increasing age [32, 278] of a pregnant woman. However, no strong correlation with 

gravidity was observed, particularly in the pregnancy-specific immunity (PfVAR2CSA), 

even though this association was shown in many previous studies [15, 216, 279, 280]. 

Surprisingly administration of chloroquine prophylaxis was associated with a higher P. 

vivax-specific antibody response (PvAMA1), even though those receiving chloroquine 

prophylaxis had less P. vivax malaria infections, thereby limiting activation of an immune 

response [221]. This finding suggests that exploration of better P. vivax antibodies for 

measures of protection and sero-surveillance are required.  

https://clinicaltrials.gov/ct2/show/NCT02647489
https://clinicaltrials.gov/ct2/show/NCT02658253
https://www.clinicaltrials.gov/
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6.2 Strengths and Limitations 

Modelling six antibody responses jointly is a considerable advantage of this study as the 

antibodies are inter-related in regard to their action, e.g. anti-merozoite. Examining 

acquired immunity to malaria longitudinally offers further advantages, as antibodies 

differ in terms of half-life and stability, and therefore longitudinal immunity profiles are 

needed  to identify potential targets of protective immunity [33, 38] and indicators of 

recent exposure to malaria. The capability of identifying some vivax cases (particularly, 

coinfected with falciparum malaria) further strengthens modelling multiple falciparum 

antigens as it may include cross species activity which could be further explored. 

Furthermore, a multivalent vaccine which consists of multiple serotypes is believed to be 

more efficacious as it could target multiple species and multiple strains of a parasite ([281, 

282], reviewed in [283]), which was lacking in many of the past malaria vaccine 

candidates. This again indicates the importance of joint modelling of antibodies and 

taking the correlation between them into account.  

Almost all of the immune surveillance studies focus only on one type of infection, 

falciparum [32, 38, 107] or vivax infection [284, 285] and the antigens specific to that 

parasite. However, in low transmission settings (e.g. many Asian countries), it would be 

more practical to assess the performance of the antibodies against both parasites, as 

pregnant woman in these areas may be  infected with vivax and falciparum malaria during 

pregnancy (36 of 135 (27%) as in this study). Therefore, including pregnant women 

exposed to any infection is another strength of this study, where a combination of 

antibodies was discovered to perform well in identifying women who were exposed to 

both infections during pregnancy (28 of 36 (78%)). 

This study also contains several limitations as follows. First, only one antibody marker, 

i.e. PvAMA1, was available for the vivax malaria, limiting the understanding of immunity 

response in pregnant women exposed to vivax malaria. A considerably low level of 

parasite density – which is believed to have a proportional relationship with antibody 

maintenance and boosting – in vivax infections compared to falciparum could possibly 

explain the maintenance of PvAMA1 antibody responses at low levels. However, this 

could not be ascertained in this study due to unavailability of the factors such as parasite 

density [286] and frequency of past exposures [65], which were identified by previous 

research to impact the level of acquired immunity. Administration of chloroquine, 
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preventing vivax episodes, could be another significant confounding factor in disrupting 

antibody responses to PvAMA1 [221]. The antibody responses to the only vivax related 

antigen (PvAMA1) remained relatively low (based on LOESS curves) compared to other 

antibodies (except for PfMSP3), particularly in the case category and in such instance 

analysing all P. falciparum and P. vivax cases together and not separately could have led 

to the poor identification of vivax cases. 

Another limitation of this study was that the detection of exposure to malaria was based 

on microscopy, thereby, failing to detect infections with low levels of parasitaemia. 

Indeed, as detailed in Chapter 3, there were some controls (78 of 115) who recorded high 

responses to schizont lysate (“high schizont lysate responder controls”) suggesting 

potential submicroscopic infections that were not detected by light microscopy at 

fortnightly routine testing.  

Although exposure to infection(s) prior to their first antibody measurement was 

incorporated in the analysis, the previous infections for the cohort were not limited to a 

certain timeframe and the exact time(s) of exposure(s) was unknown. Considering 

exposure to malaria prior to enrolment was just based on data from SMRU clinics  (as the 

women could have possibly attended other clinics) and  submicroscopic infections were 

not detected, may partly explain the negative association between immunity levels 

(except anti-PvAMA1 antibodies) and prior infection. Another limitation was that 

antibody measures were only assessed during the gestation period, with the median length 

of time between the first and last antibody measurement being 22.5 weeks. However, 

Fowkes et al. (2012) [1] computed that at the population level, the half-life of the 

merozoite antibody responses could range from 0.8 to 7.6 years while the half-life for 

PfVAR2CSA could range from 36 to 157 years. Hence, the follow-up period of this study, 

i.e. the gestational period, was not long enough. Another limitation of this study was the 

low number of measurements for some pregnant women (2 or 3 measurements), which 

challenged capturing seropositivity patterns of these cases. Lastly, the dataset only 

included pregnant women from one region (Thai-Myanmar border), thus, to validate the 

results and attribute the findings to all low-transmission areas, this analysis must be 

conducted on data collected from other regions as well. 
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6.3 Recommendations for future work 

This research can be extended and improved in terms of immunology, data collection and 

statistical methodology; some of my suggestions are as follows. Firstly, the data used in 

this work were collected almost two decades ago, hence, attributing the findings of this 

work to the current immunity status of pregnant women residing on the Thai-Myanmar 

border might not be completely accurate. Furthermore, the study is currently limited to 

the women residing on the Thai-Myanmar border, hence this framework needs to be 

repeated on multiple datasets across different transmission settings in order to generalise 

the findings to all pregnant women. It is also recommended to incorporate PCR-based 

diagnostic methods to detect sub microscopic infections in future serology studies.  

Immuno-epidemiological studies in malaria are currently designed based on convenience 

and cost, that is, the sampling designs are not developed based on the purpose of a study; 

e.g., it is questionable whether the frequency of collecting the blood samples in this study 

is adequate to capture changes in the antibody profiles over time. Hence, future studies 

should develop an optimal sampling design for quantifying antibody responses of 

pregnant women. 

Using longitudinal data, our study demonstrated that the antibodies to PfAMA1 and 

PfVAR2CSA best separates the pregnant women with a recent exposure to malaria from 

those who were free from malaria. However, using longitudinal data is not practical out 

in the field as the status of exposure to malaria is normally identified using a test 

performed at a particular time. Therefore, further serostatus studies need to be undertaken, 

so that based on the seropositivity patterns of the anti-PfAMA1 and anti-PfVAR2CSA 

antibodies at a particular time, the status of exposure to malaria could be revealed – note, 

selecting the right antibodies for analysing serostatus is extremely important, as our 

results showed that a majority of measurements remained either seropositive or 

seronegative over time, specifically for PfMSP2, PfEBA175 and PvAMA1, irrespective 

of exposure category. Furthermore, since the prevalence of submicroscopic infections are 

high, particularly in low transmission settings, it would be worth investigating the 

capability of these two antibodies in detecting submicroscopic infections by conducting 

a longitudinal study where sensitivity PCR has been used to detect malaria infection in 

pregnant women. 
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Future work is also required to improve identification of the pregnant women who were 

exposed only to vivax malaria. For this purpose, an antibody specific to P. vivax infection 

must be found which boosts with exposure to vivax malaria and remains at low levels 

otherwise. Finding a suitable P. vivax antigen is challenging as there is a limited 

understanding of the P. vivax antigens, compared with P. falciparum. For example, a 19 

kDa fragment of merozoite surface protein (PvMSP−119) [287] is a possible alternative to 

PvAMA1 antigen, as the natural acquired immunity against PvMSP−119 antigen tends to 

be higher compared to anti-PvAMA1 antibody responses [288]. Another possible 

approach to capture P. vivax infections is to incorporate antigens of other stages of the 

parasite life cycle (apart from the proteins in the blood stage), such as sporozoite and liver 

stage proteins (for instance, circumsporozoite protein (CSP), liver-stage antigen-1 (LSA-

1) and thrombospondin-related adhesive protein (TRAP)), where CSP of both falciparum 

and vivax parasites has been identified as a potential biomarker for the surveillance of 

exposure to malaria in low transmission settings of Brazilian Amazon [287]. 

Discovering novel variants of antigens may be worthwhile, as the corresponding antibody 

responses may better segregate the pregnant women. For instance, although most 

immunity studies on the EBA antigen use the antibodies against the variant EBA175, it 

was discovered that EBA140 and EBA181 are also important [289] mediators of 

protection against malaria [290]. Furthermore, the present study was limited to antigen 

combinations of merozoite surface (GPI-anchored and non-GPI-anchored), micronemes 

and an erythrocytic antigen. New classification studies can be undertaken in future using 

microneme and rhoptry antigens, as these are considerably informative about the 

prospective risk of malaria infection; e.g., the antibody combinations of EBA and PfRh 

antigens are strongly associated with protective immunity to falciparum malaria [38].  

Incorporating Immunoglobulin M (IgM) antibody responses in the analysis rather than 

limiting to IgG antibodies might also contribute to identifying novel serosurveillance 

markers of malaria infections during pregnancy. IgM immunity, which is the first 

antibody to be induced at the early stage of infection but rapidly decays and switches to 

IgG after several weeks, has been investigated in recent serology studies.  Some studies 

have found IgM to be a potential biomarker of protective immunity [291, 292] whereas 

another study  has suggested IgM as a marker of exposure to malaria [293].  
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A few improvements can be made in the mixAK package as follows. Initially, a direct 

method should be developed to illustrate the importance of each variable in performing 

classification. Secondly, as explained in Kom𝑎́rek & Kom𝑎́rkov𝑎́ in 2014 [248], the 

classification outcomes would be more informative if the fixed effects vectors (e.g. the 

variables, age and primigravity in this study) be cluster specific, as these could impact the 

immunity of individuals differently across the clusters. Similarly, antibody-specific fixed 

effects can be used instead of the same fixed effects for all antibodies (e.g.: once linear 

mixed effect models were fitted to each antibody separately incorporating the four fixed 

effects, using the lmerTest package in the R software, age had a significant impact on all 

the antibodies and for PfMSP3 it is the only significant fixed effect at 10% significance 

level. Also, history of malaria was associated only with PvAMA1 at 10% significance 

level). 

6.4 Conclusion 

This study demonstrates that the combination of anti-PfAMA1 and anti-PfVAR2CSA 

antibodies could be a potential biomarker of recent exposure to malaria during pregnancy. 

In addition, these analyses showed that the antibodies, PfMSP3 and PvAMA1, did not 

boost with an infection, and therefore, these antibodies are not suitable markers for sero-

surveillance of recent exposure to malaria during pregnancy.   

A significant number of malaria-endemic regions are transitioning to low transmission 

levels where a larger proportion of infections are of low parasite densities, hence 

undetected by many standard surveillance tools. The combined antibody diagnostic tool 

(using anti-PfAMA1 and anti-PfVAR2CSA) proposed in this study may facilitate the 

detection of microscopic infections as an alternative to standard diagnostic methods, 

particularly in low transmission settings. This proposed malaria serosurveillance tool may 

enhance malaria control and progress efforts to eliminate malaria.   
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Appendix 

Appendix A 

Selection of the optimal number of clusters 

The optimal number of clusters was determined based on the PED value and the 

cumulative distribution of the observed deviance values over one to five clusters. 

Penalised Expected Deviance (PED) estimated for the models with the number of 

mixture distributions (i.e. clusters) ranging from one to four 

𝐾 
Estimate of 

average deviance 
𝑃𝑜𝑝𝑡 

Penalised Expected 

Deviance (PED) 

1 -6183.12  220.8 -5962.31   

2 -7442.12   473.06 -6969.06   

3 1374.62 2005.26   3379.87 

4 1026.26 2570.99   3597.25 

 

PED – sum of average deviance and 𝑃𝑜𝑝𝑡 

𝐾 =2 provided the minimum PED value, i.e., a multivariate linear mixed model with a 

mixture of two random effects distributions best explains variation in the antibody 

profiles of the pregnant women. Hence, it was determined to classify the pregnant women 

into two groups. 
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Posterior cumulative distribution functions of the observed data deviances for 

models with K = 1, 2, 3 and 4 

Legend:  The posterior cumulative distribution of the deviance for the models with 𝐾 = 1, 2, 3 and 4 

components are represented by orange, pink, blue and red line segments respectively. 

The posterior cumulative distribution of the deviance for the model with 𝐾 = 2 

components remained low throughout the 10,000 MCMC samples (remaining at the left 

corner of the plot). Hence in agreement with the PED value, it is optimal to classify the 

pregnant women into two clusters.  

 

 

 

 

 

 



92 

 

Convergence diagnostics of multivariate linear mixed effects modelling of antibody 

levels  

• Traceplot of the posterior deviances under two chains 

Legend:  The traceplot of the posterior deviances obtained under 50,000 iterations where the 

deviances of chain 1 is represented in red while chain 2 in blue. 

The traceplot of the posterior deviances displays the iterations vs. sampled values for the 

deviance in the two chains. It is clear that the sequence of sample deviances of both chains 

is overlapping and mixing well. Hence, it indicates that the estimates generated under 

both chains are similar, hence the classification outcomes could be made based on the 

estimates of the estimates of one chain. 

• Autocorrelations and autocorrelation function (ACF) plot of the deviances 

Table: Autocorrelations of the sample deviances in chain 1 

 

 

 

 

 

It is clear that the autocorrelation of the deviances in chain 1 rapidly declines with the 

increment of the lag indicating good mixing and high convergence. 

Lag Autocorrelation 

0 1.000 

1 0.161 

5 0.063 

10 0.041 

50 0.017 
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Legend: Autocorrelation function (ACF) plot of the series of posterior deviances of chain 1 for ear 

lag term. 

ACF plot further showcases the convergence of the autocorrelations of the sample 

deviance in chain 1 to the stationarity. 

• Geweke’s convergence diagnostic 

Table of Geweke’s convergence diagnostics for the given parameters computed under chain 1 

Parameter 𝓩 score 

Deviance 0.361 

 Cluster 1 Cluster 2 

Mean estimates of the 

random effects 

 

PfAMA1 intecept -1.836 -1.546 

PfAMA1 slope -0.04 -0.127 

PfEBA175 intecept -1.441 -1.158 

PfEBA175 slope -0.067 -0.415 

PfMSP2 intecept -1.265 -0.975 

PfMSP2 slope 0.425 -0.801 

PfMSP3 intecept -1.077 -0.21 

PfMSP3slope 0.151 -1.447 

PvAMA1 intecept -0.493 -0.037 

PvAMA1 slope -0.864 0.097 

PfVAR2CSA intecept -1.113 -0.68 

PfVAR2CSA slope -0.189 -0.671 
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For precision, the Geweke estimates for the parameters deviance and the means of 

random effects were computed. According to the above table it is clear that all  𝒵 

scores are lying close to 0 indicating the chain has converged and suggests that the 

burn-in period of 500 and thinning of 50 are sufficient to converge the chain.  

 

• Gelman and Rubin’s convergence diagnostic 

Table of potential scale reduction factors considering both chains 

Parameter Point estimate (50%) Upper limit (97.5%) 

Deviance 1 1 

 Cluster 1 Cluster 2 

 Point 

estimate 

(50%) 

Upper 

limit 

(97.5%) 

Point 

estimate 

(50%) 

Upper limit 

(97.5%) 

Mean estimates of 

the random effects 

    

PfAMA1 intecept 1.01 1.03 1 1.02 

PfAMA1 slope 1 1 1 1 

PfEBA175 intecept 1.01 1.03 1 1.01 

PfEBA175 slope 1 1 1 1 

PfMSP2 intecept 1 1.01 1 1.01 

PfMSP2 slope 1 1 1 1 

PfMSP3 intecept 1 1.01 1 1 

PfMSP3slope 1 1 1 1 

PvAMA1 intecept 1 1 1 1 

PvAMA1 slope 1 1 1 1 

PfVAR2CSA intecept 1 1.01 1 1 

PfVAR2CSA slope 1 1 1 1 

Multivariate potential scale reduction factor: 1.01 

According to the table, all potential scale reduction factors of deviance and means of 

random effects under both clusters individually as well multivariate manner are closer to 

1 and below 1.05. Hence indicates that parallel Markov chains are overlapping and are 

converged. 
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Univariate classification (considering PfMSP3 and PvAMA1) of pregnant women 

  Considering PfMSP3 only Considering PvAMA1 only 
Total 

  Cluster 1 Cluster 2 Unclassified Cluster 1 Cluster 2 Unclassified 

Case 97 33 5 100 28 7 135 

Control 103 4 8 109 5 1 115 

Total 200 37 13 209 33 8 250 

Both antibodies are capable of identifying the pregnant women with no infections 

(control) and classify them into Cluster 1 (PfMSP3 and PvAMA1 alone recognises 103 

(90%) and 109 (95%) of the controls respectively). However, those with infection (case) 

could be in either cluster where PfMSP3 clearly captures 33 (24%) while PvAMA1 alone 

identifies 28 (21%) and classify into Cluster 2. Hence, need to incorporate some of the 

other antibodies to drive the cases to be classified into Cluster 2. 

Classification of pregnant women based on the joint antibody responses of PfAMA1 

and PfVAR2CSA 

 

 

It is evident that the classification of cases into Cluster 2 (85 of 135; 63%) is considerably 

high when only considered PfAMA1 and PfVAR2CSA compared to that of considering 

all six antibody responses, collectively (51 of 135; 37.8%). However, the classification 

of controls into Cluster 1 (73 of 115; 63%) was quite low compared to the joint analysis 

of six antibodies (107 of 115; 93%). In order to improve classifying controls into Cluster 

1, the responses of PfMSP3 antibody were combined with PfAMA1 and PfVAR2CSA, 

but as in six antibody study, controls were then clearly classified into Cluster 1 but 

hindered classifying cases into Cluster 2. 

 

 

 

Exposure  Cluster 1 Cluster 2 Unclassified Total 

Case 41 85 09 135 

Control 73 26 16 115 

Total 114 111 25 250 
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Classification of cases based on anti-PvAMA1 antibody responses by the type of 

infection 

Type of infection(s) 

recorded during pregnancy 

 

Cluster 1 

 

Cluster 2 

 

Unclassified 

 

Total 

P. falciparum only 34 17 02 53 

Both P. falciparum and P. 

vivax 

25 04 02 31 

P. falciparum, P. vivax and 

mixed infection 

02 01 01 04 

P. falciparum and P. malariae 

infection 

00 01 00 01 

P. falciparum, P. vivax and P. 

malariae  

01 00 00 01 

P. vivax and P. malariae 00 01 00 01 

P. vivax only 38 04 02 44 

Total 100 28 07 135 

Classification of pregnant women based on anti-PvAMA1 antibody responses highlights 

that almost all the cases were classified into Cluster 1 with majority of the controls, 

irrespective of the infection type.



97 

 

Appendix B 

R code for the model-based clustering using the mixAK package 

Below is the R code written to classify the group of pregnant women based on the joint 

behaviour of the six antibody responses using the MMLMM implemented in the mixAK 

package in Chapter 5. 

#Following the instructions from Komarek 2014 paper. 

library("mixAK") 

 

mod <- GLMM_MCMC (y = df [, c (“pfama1”, “pfeba175”, “pfmsp2”, “pfmsp3”, 

“pvama1”,    “pfvar2csa”)],  

  dist = c (“gaussian”, “gaussian”, “gaussian”, “gaussian”, 

“gaussian”, “gaussian”), 

                         id =  df [, “cpcode”],  

           x = list (pfama1=df[c("age","primigravidae","CQ","malhistory")], 

                                           pfeba175=df [, c("age","primigravidae","CQ","malhistory")], 

    pfmsp2=df [, c("age","primigravidae","CQ","malhistory")], 

    pfmsp3=df [, c("age","primigravidae","CQ","malhistory")], 

     pvama1=df [, c("age","primigravidae","CQ","malhistory")], 

     pfvar2csa=df [, c("age","primigravidae","CQ","malhistory")]), 

                    z = list (pfama1=df [, "gestation"], pfeba175=df [, "gestation"],  

             pfmsp2=df [, "gestation"], pfmsp3=df [, "gestation"],  

                        pvama1=df [, "gestation"], pfvar2csa=df [, "gestation"]),  

               random. intercept = c (pfama1=TRUE, pfeba175=TRUE, pfmsp2=TRUE, 

                                                 pfmsp3=TRUE, pvama1=TRUE, pfvar2csa=TRUE),  

                  prior. b = list (Kmax = 2),  

    nMCMC = c (burn = 500, keep = 50000, thin = 50, info = 500), store = 

c (b = TRUE), parallel = TRUE) 

 

mod <- NMixRelabel (mod, type = "stephens", keep. comp. prob = TRUE) 

Convergence diagnostics considering chain 1 

library(coda) 

DevChains <- mcmc.list(mcmc(mod[[1]]$Deviance), mcmc(mod[[2]]$Deviance)) 

autocorr(DevChains) 

acf(mod[[1]]$Deviance) 

estimates<- as.matrix(cbind(mod[[1]]$Deviance, mod[[1]]$mu_b)) 

estimates <-as.mcmc(estimates) 
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geweke.diag(estimates, frac1=0.1, frac2=0.5) 

mod4<-mcmc.list(as.mcmc(mod[[1]]$Deviance),as.mcmc(mod[[2]]$Deviance)) 

mod5<-mcmc.list(as.mcmc(mod[[1]]$mu_b),as.mcmc(mod[[2]]$mu_b)) 

gelman.diag(mod4) 

gelman.diag(mod5) 

 

#Estimates generated under chain 1 was considered 

 

#Step 1 of classification 

##Classification based on posterior mean 

groupMean <- apply (mod [[1]] $poster. comp. prob, 1, which. max) 

table(groupMean) 

 

 

##Classification based on posterior median 

groupMed <- apply (mod [[1]] $quant. comp. prob [["50%"]], 1, which. max) 

table(groupMed) 

library(“coda”) 

 

#Step 2 of classification 

pHPD <- HPDinterval (mcmc (mod [[1]] $comp. prob)) 

pHPDlower <- matrix (pHPD [, "lower"], ncol = 2, byrow = TRUE) 

pHPDupper <- matrix (pHPD [, "upper"], ncol = 2, byrow = TRUE) 

rownames (pHPDlower) <- rownames (pHPDupper) <- unique (df $cpcode) 

groupHPD <- groupMed 

groupHPD [groupHPD == 1 & pHPDlower [, 1] <= 0.5] <- NA 

groupHPD [groupHPD == 2 & pHPDlower [, 2] <= 0.5] <- NA 

table (groupHPD, useNA = "ifany") 

 

#Store the classification outcomes 

TAB <- table (df$cpcode) 

df$groupMed <- factor (rep (groupMed, TAB)) 

df$groupHPD <- factor (rep (groupHPD, TAB)) 

 

 

Computation of individual component probabilities under each antibody under 

 each cluster manually 

 

 

# Store cluster-specific model parameters 

 

##Store mixture weights 

weights< -as.data.Frame (mod [[1]]$w_b) 

 

##Store mixture means of the random effects 

mu_b<- as.data.Frame (mod [[1]]$mu_b) 
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##Store lower triangles of mixture covariance matrices 

sigma_b<- as.data.frame(mod[[1]]$Sigma_b) 

 

#Scaling of random effects (𝒃𝑖
∗) 

 

##Store random errors (𝒃𝒊) 

rand_b<- as.data.Frame (mod [[1]]$b) 

 

##Store components required to compute shifted-scaled random effects  

(𝒃𝒊
∗ =  𝑺−𝟏(𝒃𝒊 − 𝒔))  

 

#Extract 𝟏𝟐 × 𝟏 Shift vector (s) 

shift<-mod [[1]]$scale.b$shift 

 

#Extract 𝟏𝟐 × 𝟏𝟐 diagonal scale matrix (S) 

scale<-diag(mod [[1]] $scale.b$scale) 

# 𝑺−𝟏 

in_scale<-solve(scale) 

 

# Compute shifted-scaled random effects (𝒃𝒊
∗) for each pregnant woman at each 

iteration 

 

scaled_b<-data.frame() 

for (i in 1:50000){ 

for (j in 1:250){ 

k<-12*j-11 

b<-unname(as.numeric(rand_b[i,k:(k+11)])) 

x<-(b-shift) 

d<-as.vector(in_scale %*%x) 

scaled_b[i,k:(k+11)]<-d 

} 

} 

 

#remove scaled_b values of the 9 pw who were not classified based on HPD interval 

 

library(dplyr) 

 

## Identify the ultimate classification of each pregnant woman (Based on HPD 

interval)  

 

pw<- df%>% 

         group_by(cpcode)%>% 

         summarise(group=head(group,1), groupHPD=head(groupHPD,1)) 

 

##Identify the position of the pregnant women who were not classified into a group 

with certainty 

 

unclass_id<-as.vector(which(is.na(pw$groupHPD)))  
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##𝒃𝒊 of each pregnant woman is a 12 × 𝟏 vector. Hence, identify the starting and 

ending columns corresponding to the 7 women excluded. 

 

for (i in 1:9) {    

 j<-unclass_id[i]  

 k1<-12*j-11 

 k2<-k1+11 

cat (paste (k1, “:”, k2), \ ‘n’)  

} 

 

## Exclude the random effects measures correspond to the 7 women excluded from 

the classification. 

 

new_scaled_b<-scaled_b[,c(553:564,793:804,877:888,913:924,1093:1104,1897:1908, 

        1993:2004,2545:2556,2869:2880)] 

 

 

 

# Compute cluster wise individual densities under each antibody 

 

##Create a function to generate the mixture matrix using the lower triangles  

###Only 241 pw were classified precisely. In density data frame, each woman has density 

measures for six antibodies. Since, 1 column represents a density measure for one 

antibody, 6 columns represent the densities of 1 woman at each iteration (in each row). 

Hence, each cluster specific density table consists of 1446 (241*6) columns and 50,000 

rows. 

 

library(mvtnorm) 

 

new_cluster1<-data.frame()  

new_cluster2<-data.frame()  

 

for (i in 1:50000){ 

 

mean1<-unname(as.numeric(mu_b[i,1:12])) 

      d1<-unname(as.numeric(sigma_b[i,1:78])) 

     S1 <- diag(12) 

     S1[lower.tri(S1, diag=TRUE)] <- d1 

     S1[upper.tri(S1)] <- t(S1)[upper.tri(S1)] 

   

mean2<-unname(as.numeric(mu_b[i,13:24])) 

      d2<-unname(as.numeric(sigma_b[i,79:156])) 

    S2 <- diag(12) 

      S2[lower.tri(S2, diag=TRUE)] <- d2 

      S2[upper.tri(S2)] <- t(S2)[upper.tri(S2)] 

   

   

for (j in 1:241){ 

j<-j 

l<-j*6-5 
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k1<-12*j-11 

k2<-k1+2 

k3<-k2+2 

k4<-k3+2 

k5<-k4+2 

k6<-k5+2 

     

x1<-unname(as.numeric(new_scaled_b[i,k1:(k1+1)])) 

x2<-unname(as.numeric(new_scaled_b[i,k2:(k2+1)])) 

x3<-unname(as.numeric(new_scaled_b[i,k3:(k3+1)])) 

x4<-unname(as.numeric(new_scaled_b[i,k4:(k4+1)])) 

x5<-unname(as.numeric(new_scaled_b[i,k5:(k5+1)])) 

x6<-unname(as.numeric(new_scaled_b[i,k6:(k6+1)])) 

     

              density1.1<-dmvn(x1, mean1[1:2], S1[1:2,1:2]) 

density2.1<-dmvn(x2, mean1[3:4], S1[3:4,3:4]) 

density3.1<-dmvn(x3, mean1[5:6], S1[5:6,5:6]) 

density4.1<-dmvn(x4, mean1[7:8], S1[7:8,7:8]) 

density5.1<-dmvn(x5, mean1[9:10], S1[9:10,9:10]) 

   density6.1<-dmvn(x6, mean1[11:12], S1[11:12,11:12]) 

     

density1.2<-dmvn(x1, mean2[1:2], S2[1:2,1:2]) 

density2.2<-dmvn(x2, mean2[3:4], S2[3:4,3:4]) 

density3.2<-dmvn(x3, mean2[5:6], S2[5:6,5:6]) 

density4.2<-dmvn(x4, mean2[7:8], S2[7:8,7:8]) 

density5.2<-dmvn(x5, mean2[9:10], S2[9:10,9:10]) 

density6.2<-dmvn(x6, mean2[11:12], S2[11:12,11:12])     

 

density1<-c (density1.1, density2.1, density3.1, density4.1, density5.1,    

density6.1) 

            density2<-c (density1.2, density2.2, density3.2, density4.2, density5.2, 

density6.2) 

     

                    new_cluster1[i,l:(l+5)]<-density1 

                    new_cluster2[i,l:(l+5)]<-density2 

} 

} 

 

new_cluster1$weight1<-weights[,1] 

new_cluster2$weight2<-weights[,2] 

 

 

colnames(new_cluster1[1447])<-paste("weight1") 

colnames(new_cluster2[1447])<-paste("weight2") 

 

#Weighted densities for each woman under each iteration each cluster 

 

new_weighted_density_C1<-data.frame() 

new_weighted_density_C2<-data.frame() 
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for (i in 1:50000){ 

  d1<-unname(as.numeric(new_cluster1[i,1:1446]*new_cluster1$weight1[i])) 

  d2<-unname(as.numeric(new_cluster2[i,1:1446]*new_cluster2$weight2[i])) 

   

  new_weighted_density_C1[i, 1:1446] <- d1 

  new_weighted_density_C2[i, 1:1446] <- d2 

} 

 

 

#Total likelihood of each individual under each iteration for each cluster 

 

new_tot_likelihood<-data.frame() 

for(i in 1:50000){ 

d<-   unname(as.numeric(new_weighted_density_C1[i,1:1446]+ 

new_weighted_density_C2[i,1:1446])) 

   

new_tot_likelihood[i, 1:1446] <- d 

} 

#Individual component probabilities for each cluster under each antibody 

 

new_ind_prob_it_C1<-data.frame() 

new_ind_prob_it_C2<-data.frame() 

 

for(i in 1:50000){ 

  like<-new_tot_likelihood[i,1:1446] 

  d1<-unname(as.numeric(new_weighted_density_C1[i,1:1446]/like)) 

  d2<-unname(as.numeric(new_weighted_density_C2[i,1: 1446]/like)) 

   

  new_ind_prob_it_C1[i,1: 1446]<-d1 

  new_ind_prob_it_C2[i,1: 1446]<-d2 

} 

 

 

#Average of the individual component probabilities under each antibody for each 

cluster 

 

new_ind_comp_prob_C1<-data.frame() 

new_ind_comp_prob_C2<-data.frame() 

 

colnames(new_ind_comp_prob_C1)<-colnames(new_ind_comp_prob_C2)<- 

c("PfAMA1","PfEBA175","PfMSP2","PfMSP3","PvAMA1","PfVAR2CSA") 

 

for (i in 1:241){ 

  k<-6*i-5 

  d1<-unname(as.numeric(colSums(new_ind_prob_it_C1[,k:(k+5)], 

na.rm=TRUE)/50000))    

  d2<-unname(as.numeric(colSums(new_ind_prob_it_C2[,k:(k+5)], 

na.rm=TRUE)/50000)) 
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  new_ind_comp_prob_C1[i,1:6]<-d1 

  new_ind_comp_prob_C2[i,1:6]<-d2 

} 

 

 

Computation of entropy values (Equation 15) 

 

  

PfAMA1<-0 

PfEBA175<-0 

PfMSP2<-0 

PfMSP3<-0 

PvAMA1<-0 

PfVAR2CSA<-0 

 

Entropy<-data.frame(matrix(nrow = 1, ncol = 6)) 

 

colnames(Entropy)<-

c("PfAMA1","PfEBA175","PfMSP2","PfMSP3","PvAMA1","PfVAR2CSA") 

 

for (i in 1:241){ 

 

  x1<-(new_ind_comp_prob_C1[i,1]*log(new_ind_comp_prob_C1[i,1]))+ 

(new_ind_comp_prob_C2[i,1]*log(new_ind_comp_prob_C2[i,1])) 

 

  x2<-(new_ind_comp_prob_C1[i,2]*log(new_ind_comp_prob_C1[i,2]))+ 

(new_ind_comp_prob_C2[i,2]*log(new_ind_comp_prob_C2[i,2])) 

 

  x3<-(new_ind_comp_prob_C1[i,3]*log(new_ind_comp_prob_C1[i,3]))+ 

(new_ind_comp_prob_C2[i,3]*log(new_ind_comp_prob_C2[i,3])) 

 

  x4<-sum(na.omit(new_ind_comp_prob_C1[i,4]*log(new_ind_comp_prob_C1[i,4])), 

(new_ind_comp_prob_C2[i,4]*log(new_ind_comp_prob_C2[i,4]))) 

 

  x5<-sum(na.omit(new_ind_comp_prob_C1[i,5]*log(new_ind_comp_prob_C1[i,5])), 

(new_ind_comp_prob_C2[i,5]*log(new_ind_comp_prob_C2[i,5]))) 

 

  x6<-sum(na.omit(new_ind_comp_prob_C1[i,6]*log(new_ind_comp_prob_C1[i,6])), 

(new_ind_comp_prob_C2[i,6]*log(new_ind_comp_prob_C2[i,6]))) 

   

  PfAMA1<-PfAMA1+x1 

  PfEBA175<-PfEBA175+x2 

  PfMSP2<-PfMSP2+x3 

  PfMSP3<-PfMSP3+x4 

  PvAMA1<-PvAMA1+x5 

  PfVAR2CSA<-PfVAR2CSA+x6 

   

  if(i==241){ 

 

    Entropy[,1]<-1+(PfAMA1/241*log(2)) 
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    Entropy[,2]<-1+(PfEBA175/241*log(2)) 

    Entropy[,3]<-1+(PfMSP2/241*log(2)) 

    Entropy[,4]<-1+(PfMSP3/241*log(2)) 

    Entropy[,5]<-1+(PvAMA1/241*log(2)) 

    Entropy[,6]<-1+(PfVAR2CSA/241*log(2)) 

 

  } 

} 

 


