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Brief Overview

malaria, especially in endemic areas where people are routinely exposed to malaria infection. The mech-

governing this process of immunity acquisition in terms of its time of onset, duration of protection and
what its protection constitutes, has not been fully explored. With the disease still thriving and progress appears
to have stalled in some regions, it is timely to review what is understood about NAI to malaria and make a crit-
ical assessment of approaches employed by existing models to capture this phenomenon. The basic source of
the literatures for this review is a systematic method, including snowballing and expert knowledge. Key models
of malaria ranging from deterministic to agent-based, that incorporate the impact of NAI on reducing malaria
prevalence and parasitemia among humans are compared and contrasted based on the biological knowledge of
these processes. Given the complexity of malaria immunity and the inconsistencies encountered in the liter-
ature, this review help to resolve and standardize some discrepancies, and has also pinpointed some realistic
models through which they are resolved. These models are recommended for the basis of further research, to
yet close the remaining gaps in the knowledge of NAI to malaria.

N ATURALLY acquired immunity (NAI) to malaria is known to reduce the disease burden posed by
anis

Keywords: Malaria infection, Naturally acquired immunity, Deterministic models, Agent-based models, Re-
view.

1.1 INTRODUCTION

Malaria is a considerable health threat to almost half of the world’s population, especially
in sub-Saharan Africa [29]. According to WHO, the number of reported malaria cases has
not significantly changed from approximately 216 million cases in the periods 2015 to
2017. However, the global burden has significantly reduced over the last decade as malaria
mortality rates have globally declined by 60% since 2000 [2]. In 2017, malaria-related
deaths were estimated to be about 435 000 of which over 90% of the estimated deaths
occurred in Africa [1]. The burden posed by malaria is greater in Africa because the ma-
jority of infections in Africa are caused by Plasmodium falciparum, the most dangerous
of the known human malaria parasites. Again, the most effective malaria vector Anophe-
les gambiae is the most widely spread in Africa [29]. The groups most vulnerable to this
pandemic are usually children below the age of five and pregnant women [132], [129],
which is far less true today because the effect of NAI has waned in older age groups. The
socio-economic impact of malaria is so high that it measurably contributes to poverty and
underdevelopment on national scales [207], [208].

A protozoan parasite, called Plasmodium, is the pathogen responsible for causing malaria.
However, P. falciparum, Plasmodium vivax, Plasmodium malariae, Plasmodium ovale and
Plasmodium knowlesi are the five species of Plasmodium known to cause malaria in hu-
mans. Each of these species are subject to genetic polymorphism resulting to multitude
of variants which differ widely in virulence, response to treatment and tendency to re-
lapse, which is equally dependent on the interactions with individual hosts [88], [89]. The
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predominant cause of human infection in Africa is P. falciparum. It accounts for both 80
percent of all recorded malaria cases and 90 percent of malaria related deaths in Africa [8].
P vivax, is the second most significant species and is prevalent in Southeast Asia and Latin
America [9], [137]. Infectious female mosquitoes of the genus Anopheles are responsible
for malaria transmission between humans.

The complete life cycle of malaria parasites involves two hosts: humans and the vector
(female Anopheles mosquitoes). The sexual cycle takes place in mosquito after it ingests
the parasites (gametocytes) from a malaria-infected person during blood feeding which it
needs to nurture its eggs. The parasites reproduce sexually, and then develop inside the
mosquito gut, where they undergo meiosis and afterwards, migrate via the midgut wall
of the mosquito to form an oocyst, within which thousands of sporozoites develop. The
sporozoites are moved to the salivary glands of the mosquito. Upon biting the human,
the sporozoite-stage parasites contained in their salivary gland are injected into the hu-
man bloodstream from where they are transferred to the liver cells. At this stage, each
sporozoite multiplies inside a hepatocyte and develops into thousands of schizonts, which
rupture and give birth to merozoites that are thereafter released into the blood stream. The
release of merozoites into the blood initiates the erythrocyte stages, (often referred to as
asexual blood stages) where they invade and replicate within red blood cells (RBCs) caus-
ing the infected person to experience malaria symptoms. On the other hand, some of the
asexual blood parasites (merozoites) can develop into gametocytes which mosquito ingests
upon biting, resulting into parasite transmission to the mosquito; and the cycle continues.
Thus, asexual parasites are responsible for illness whereas gametocytes are responsible for
transmission from human to vector [25] (see Figure 1.1 for more visual details).

Naturally acquired immunity usually occur when an individual is exposed to a live
pathogen which as a result, brings about the creation of antibodies by the immune system
[216]. According to [36], upon recovery from reinfection, there is usually rapid boosting
of antibody responses to various antigens, as an indicator of the presence of memory B
cells. It can take some days or weeks for the adaptive immune response generated against
the pathogen to develop but may be long-lasting, or even lifelong. For example, infection
with chickenpox or measles infection and subsequent recovery, gives rise to a natural active
immune response usually leading to lifelong protection. However, this is not same for some
diseases such as Malaria, which requires continuous exposures to sustain it’s protective
efficacy that is not lifelong [34]. The duration for which an individual is protected can
vary markedly depending on the pathogen and antigens involved. Thus, individuals get
reinfected to certain diseases either because the pathogen mutated and our immune system
no longer recognizes it, which is believed to be the case with malaria.

Plasmodium parasites have developed mechanisms to down-regulate protective im-
mune responses against ongoing and subsequent infections [20], [195]. The parasites un-
dergo an essential expansion phase in the liver prior to the erythrocytic infections. Again,
Plasmodium parasites have high level of antigenic diversity which is believed to be main-
tained by both gene conversion and recombination events that give rise to multitudes of
variants in humans. This mechanism helps them to overcome recognition of existing anti-
gens and makes it difficult to achieve lifelong immunity to malaria [34]. Moreso, NAI
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Figure 1.1 Malaria life cycle [107].

to malaria in humans comprises two stages: liver-stage and blood-stage immunity. Thus,
antigenic functions are split between liver- and blood-stage parasites [197].

These mechanisms and more, discussed in the later part of this review, form the major
reasons why efforts made to provide a foolproof commercial malaria vaccine have proven
to be elusive [20],[21], [23], [22],[33]. Moreso, many anti-malaria drugs are becoming in-
efficient as a result of evolving drug resistance mechanisms by some malaria parasites [5],
[25]. Universal coverage with insecticide-treated nets (ITNs) and indoor residual insectici-
dal sprays are currently the front-line preventive measures undertaken in malaria endemic
areas [3], [4], [13]. This is because the principal malaria vectors primarily feed indoors at
night when people are asleep. However, NAI (Table 1.1) to the parasite can help to limit
the health burden posed by malaria in older previously-exposed individuals [34], [37]. Al-
though the mechanisms behind this have not been fully explored, there exist some general
consensus view.

This work aims at reviewing the state of research on NAI so as to have a comprehensive
understanding of its underlying mechanisms and how modelling has contributed to the
consensus view of NAIL By so doing, more efficient ways of studying the consequences
of immunity in a given population can be suggested. Also, it will inform the research on
malaria vaccine, since one of the difficulties of producing a malaria vaccine lie on the
insufficient knowledge of the mechanisms behind NAI to malaria [23], [24], [101]. This is
detailed in the following research questions/objectives.
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e RQ1: What are the current perceptions about NAI to malaria; what is true, mislead-
ing, or yet unclear?

e RQ3: How can the modeling approaches currently used to study the impact of NAI
in a population and their possible deficiencies be constructively assessed?

e RQ4: What are the opportunities for further improvement of models of immunity to
malaria infection.

In the rest of the chapter, we will explain how understanding and modelling approaches
have evolved together. Moreso, we will discuss how separate, parallel developments with
agent-based models (ABMs) of human and mosquito populations, and populations of par-
asites within individual human hosts, addressed previously unresolved inconsistencies be-
tween models and empirical knowledge. We close by explaining how these modeling ap-
proaches were merged to provide the kinds of advanced, quite realistic models we rely
on today, especially those included in the OpenMalaria ensemble. The materials for the
discussion of the review were found by a systematic literature search and through expert
knowledge (see Appendix A.1 for more details).

1.2 COMPLEX FACTORS OF ACQUIRED IMMUNITY AND THEIR MODEL-
ING APPROACHES

Various kinds of NAI against plasmodium parasites in humans have been defined: anti-
disease immunity, anti-parasite immunity, and premunition (see Table 1.1). Thus, protec-
tion is defined as objective evidence of a lower risk of clinical diseases resulting from
lower densities of parasitemia. Moreso, NAI to malaria in humans comprises two stages:
liver-stage and blood-stage immunity (see Figure 1.1). The pre-erythrocytic (liver-stage)
immunity can be responsible for lowering the probability of developing a blood-stage in-
fection upon receiving a bite from an infected mosquito, implying that it can lower the
proportion of infected bites that lead to blood-stage infection. This it does by reducing the
number of infected liver cells that successfully mature to release merozoites and initiate the
blood-stage infection. The liver-stage immunity can provide a window of opportunity to
ultimately abort infection [136], [135]. This is because parasites are relatively few in num-
ber and confined within a single organ during liver stage development, while blood stage
parasites develop in billions and spread allover the body. Upon initiating the blood stage
infection, parasites grow at a rate dependent on how many merozoites successfully invade
new RBCs, and this increase in parasitemia is considered as the parasite multiplication rate
(PMR) [6]. Thus, the blood-stage immunity is responsible for reducing the probability of
a mosquito contacting infection upon biting an infectious human, by lowering the number
of merozoites that develop into gametocytes [34], [136], [160]. With constant exposure,
the blood-stage immunity which is expressed by reduction in PMR, can suppress infection
by either limiting the parasites from attaining a density sufficient to produce more than a
slight clinical attack or constituting a greater delay until infection is detected [6], [159].
Thus, the most efficient role of the immune response is the ability to impede the growth of
parasites in erythrocytes [78]. Hence, it is evident that antigenic functions are split between
liver- and blood-stage parasites [197].
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Acquired immunity to malaria is thought to be influenced by many complex factors
such as climate, use of intervention measures, population (both host and vector) variation,
parasite diversity, age and intensity of exposure. It is also believed to constitute some as-
pects of protections in humans which can wane after sometime, if not duly sustained . All
of these concepts have been perceived in different ways by different researchers, some of
which are either correct, questionable, or yet unclear. These complex factors associated
to NAI to malaria have been included ’in parts’ in malaria models in somewhat different
ways. Some modellers have made some artificial assumptions for simplicity. Thus, this
review seeks to reevaluate these perceptions about NAI to malaria.

1.2.1 Misleading binary view on malaria immunity

The early compartmental models are simplistic and oriented towards understanding how to
eradicate the disease, using the transmission threshold criterion, RO (see Table 2) with little
or no detail on the immune mechanism. The use of mathematical modeling in the study of
malaria originated from the seminal works of Ross [95] well over a century ago. His work
suggests that reducing the mosquito population to below a certain threshold can engender
successful malaria eradication. The Ross Macdonald model [96] simply captures the basic
features of the interaction between the fractions of infected human and mosquito popula-
tion. Macdonald attempted the subject of immunity to malaria, but he did not succeed in
modelling it. Again, his model is of course highly simplified since it does not distinguish
between the various infected classes of human and mosquito hosts in order to account for
the different stages of the parasite development [97].

A new deterministic malaria transmission model was developed by Dietz [40] some
years after Macdonald’s death, in which humans can gain temporary immunity. The model
has only one class ’immune negatives’ for the immune individuals, and at the same time it
assumed that they have no parasites in their body. It also failed to account for the loss of
immunity and stochastic phenomena that are particularly necessary when transmission is
significantly reduced. As a result, it obviously can not apply well in low endemic areas, as
demonstrated simplistically in [44]. Many other mathematical models [49], [48], [46], [62]
have also made it appear that immunity is simulated as a simple binary variable, where a
single class exist for the immunes. However, in reality, protective immunity to malaria is
achieved in a progressive manner. At the initial stages of exposure, anti-disease immunity
(Table 1.1) is acquired for protection against death or severe clinical diseases, then with
more exposure to the disease at adolescent and early adulthood, immunity fights against
even milder clinical attacks. Then at mid adulthood especially in endemic areas, immunity
gives a stronger and wider range of protection against all circulating parasite variants [39],
[68], [36], [69], although sterile immunity (Table 1.1) is probably never achieved [133],
[165]. Furthermore, the mere distinction between immune and non immune is not consis-
tent with the knowledge that immunity acquisition is a dynamic process driven by trans-
mission intensity and the genetic complexity of circulating parasites (see Section 1.2.6).
Thus, some models have considered immunity as a sequence with different levels of pro-
tection, so as to evaluate the role of repeated exposure on malaria transmission dynamics
in a population [68],[40],[50], [94], [52].

The human population was classified in [103] into five different classes: susceptible to
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infection Sp, exposed F, infected symptomatic and infectious /1, infected asymptomatic
and infectious I, recovered but could be potentially infectious to mosquitoes So. The
model by Yang [50] comprises seven human compartments where the immune class is
split into three categories: immune, partially immune and non-immune but with immuno-
logic memory. Niger and Gumel [94] also developed a deterministic malaria model which
incorporates three stages of immunity. The human population comprises seven mutually
exclusive sub-populations: susceptible humans Sg(t), first-time infected humans I (),
first-time recovered humans R;(t), second-time infected humans /»(¢), second-time re-
covered humans Rs(t), third-time infected humans /3(¢) and third-time recovered humans
Rs(t). It is assumed that individuals in the Rj3 class have the highest possible acquired
immunity from exposure, which would be long-lived. Numerical simulations illustrate that
infectious individuals with their first infection transmit the disease at a higher rate as com-
pared to those with their second or third infections. These models demonstrated the impact
of immunity boosting on delaying the entrance of a previously infected human to the sus-
ceptible class. They also extend some earlier malaria modelling studies by including multi-
ple infected and recovered human classes in an attempt to account for the effect of repeated
exposure to infection. However, it is should be taken as just an illustrative model since for
instance in [94], more repeated exposure is needed to gain immunity that can last as long
as was assumed for those in the [?3 class in reality. Furthermore, dividing into immune and
partially immune [50] is not enough to explain the progressive pattern of immunity, but
allowing some relevant change in immune function with the age of the host would be a
better alternative [52], [118].

In order to validate immunological markers of protection, Filipe et al. [52] developed
an age-structured malaria transmission compartmental model which combines epidemio-
logical and immunological processes. In their SEI model for the humans, there are three
classes for infected humans : infection with severe disease, asymptomatic patent infection,
and infection with undetectable parasite density. Based on the model, NAI can function
in three complementary ways: reducing the likelihood of clinical disease, accelerating the
clearance of parasite i.e recovery from asymptomatic to undetectable infection, and im-
proving tolerance to sub-patent infections i.e. controlling malaria parasitaemia at low den-
sity and slower clearance of such infection. The results of their model show that the first
two mechanisms together account for the patterns of malaria by age group which match
with observed data in the African settings, whereas the latter was not needed to explain
the observed data. This model also suggests that immunity to symptomatic disease grows
faster with higher levels of infection in the population, can last for at least five years, and
increases with age-associated cumulative exposure. On the other hand, anti-parasite immu-
nity (which results in more rapid recovery from symptomatic or asymptomatic infections
to undetectable infections) develops later in life and can last for 20 years or more. Based
on the model, this aspect of immunity appears to better portray the pattern of parasite
prevalence and clinical disease by age than being exposure-dependent. By implicitly in-
corporating immunity functions, this model provides a framework to study time frames
over which clinical and parasitological immunity are likely to develop and dwindle, and
also the role of exposure and age on these functions. The concept of treating immunity as
a function of many parameters is different from the approach used by most deterministic
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models which consider immune individuals as a separate class without considering the role
of immunity in disease progression.

An advanced way employed by some modelers is to model immunity as a function of
individual exposure history, where immunity memory can either grow by adding an expo-
sure value or decay by a factor with each iteration, based on whether or not an individual
got an infection [76], [109], [72], [102], [37]. These models represent immunity by a single
effector variable which regulates the course of the disease; such that infection scenarios are
different with respect to immune status accumulated over time. However there is no such
thing as completely immune and completely suceptible individual as some models would
assume [109], [110], [37]. In [109] for instance, Immunity ranged from 0 defined as 'no
immunity’ to 1 defined as ’full immunity. The ABM simulations of acquired immunity in
[37] show a strange spiraling behavior as time increases, which might have resulted from
the oversimplified assumption about NAI wherein an individual is classified as either com-
pletely immune or completely susceptible to infection, which is not biologically reasonable
[68], [36].

The classification of humans into discrete categories or just adding a value to immune
memory does not reveal the fact that malaria parasite populations can exist at varied den-
sities within the human hosts [30], [43], [126], [127], [128], [146], [160]. Thus, these
models give simplistic or no descriptions of the interaction between the population biol-
ogy of malaria and immune responses. However, immunity to malaria in an endemic area
is evident via both lower prevalence of detectable parasitemia with age and lower rates
of disease [36], [92]. Moreover, the density of asexual parasites is clearly associated with
disease risk, so diminished parasite counts as a result of immunity, obviously contribute to
reduced disease burden [34], [76], [78]. Aron [181] demonstrated how the underestimation
of the prevalence among older age groups, can also confound the statistics of prevalence,
rates of infection and apparent recovery. This suggests that an more realistic model will
have to follow a more detailed description in which the clinical symptoms and the im-
mune response are dependent on the density of parasite in an individual host rather than
grouping people into discrete classes of infected and uninfected hosts. Thus, immunity in-
dicators should depend on the quantitative facets of infection, rather than on binary factors
(i.e either present or absent).

Elderkin et al. [146] and Aron [43] have attempted to model malaria parasite densi-
ties in response to immunity acquisition in their so called density model. The interaction
between immunity and infection is modeled by assuming that immunity increases at a
rate proportional to the density of asexual parasitemia, and in the absence of parasitemia,
immunity decreases. The density model did not capture the potential of reduced transmis-
sion to increase malaria prevalence in older age groups [43]] as was earlier demonstrated
in [44] (see Appendix B.2). Also, these models present a collective behavior of a group,
thus, specific individual characteristics such as disease history, can not be tracked unlike
in more recent models [159], [76] [56], [205], [114], [115], [160], [161], [113]. A more
recent and detailed approach is seen in the OpenMalaria models where clinical symptoms
and immune response are functions of parasite density in an individual host [159],[76],
[214],[115], [134], [160], [114]. In those studies, empirical descriptions of within-host
asexual parasite densities are embedded in the model for infection process, enabling the
stochastic predictions of parasite densities as a function of age of infection. Moreso, the
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effect of immunity to asexual blood stages was modelled by considering how the distri-
bution of parasite densities is modified in the semi-immune host [76]. They also analyzed
the relationship between asexual parasite densities and infectivity to the vector to derive a
model for the transmission to the vector [160], [114], which most models neglect.

1.2.2 Functional immunity/clinical immunity

The compartmental deterministic models mostly focus on illustrating how prevalence and
parasite densities dwindle with age at a given level of force of infection [43], [44]. Thus,
they can only show that immunity develops after several years but are not efficient to ex-
plain categorically how individuals mount a certain level of protective immunity after each
infection episode. The reason is mainly because most compartmental models address only
a single undifferentiated form of immunity [44], [62], [50], [48], [46]. However, various
types of NAI against plasmodia such as clinical immunity, anti-parasite immunity (see Ta-
ble 1.1) has been defined [31],[30], [32], [43]. For instance the model in [52] suggests that
anti-disease immunity grows faster with higher levels of infection and anti-parasite immu-
nity (which induces more rapid recovery from symptomatic or asymptomatic infections to
undetectable infections) develops later in life. Moreso, some studies have shown that im-
munity to severe malaria can be acquired after one or two episodes [98]. It has again been
observed that a single prior infection can induce detectable clinical immunity (Table 1.1)
[31],[30]. This is based on the malaria therapy reinnoculation data examined by Molin-
eaux et al. [30]. The study reveals that a second homologous (Table 1.2) inoculation brings
about a lower first local maximum density, which is now accepted to be probably the most
important effect of NAI to malaria. As a consequence, out of the 38 patients who experi-
enced fever after the first inoculation, only 31 had it after the second inoculation (see also
[126], [127], [128]). This is a particular instance of how individuals can be protected from
homologous variants. It does not nullify the fact that a complete protective immunity can
take several more episodes to achieve a sufficiently diverse repertoire of antigenic mem-
ory which can take considerable number of years to effect depending on the transmission
intensity [159], [205], [100], [63], [52] [34].

Considering that protective immunity against blood-stage infection is achieved in a pro-
gressive manner and is never complete, a person might be free from clinical diseases with-
out complete loss of infection, thus posing a barrier to total disease eradication [206], [95],
[117], [150], [114], [160], [163], [130], [53]. Such chronic, sub-acute infections are char-
acteristics of the widely used misnomer, “asymptomatic” malaria infections which have
been recognized to result from partial immunity [117], [193] (see Table 1.1). In the theo-
retical sense, from the point of view of deterministic modelling approach, the humans in
the so-called ‘recovered compartment’ are still partially immune and can be infectious (see
[40], [57], [160]). Thus, such compartmental models of malaria transmission with partial
immunity to reinfection have noticed a phenomena called backward bifurcation(see Table
1.2), such that two steady states exists for a given value of Ry, [93],[94], [151]. This is
what Smith et al. [154] referred to as the sticky situation (see the diagrammatic illustration
in [154]). The numerical simulations reveal that increasing the rate of partial protection
of recovered individuals engenders increase in the region of backward bifurcation. Thus,
the prevalence of malaria in African countries and the evasiveness of complete control was
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linked to people with partially acquired immunity [16]. Such people do not visit the hospi-
tal either due to being asymptomatic or having uncomplicated clinical manifestations. This
situation needs to be considered in planning for intervention measures.

From the view point of premunition (see Table 1.1), sterile immunity is never achieved.
Thus, a more realistic modelling would entail a proper measure of infectivity in relation
to the host disease and state, and also linking the infectivity of human to that of mosquito
infection [102], [114]. Given that most deterministic models, especially those that consid-
ered immunity and infectiousness as being binary, could not include this concept in their
models, some other deterministic compartmental models have done a related study in this
regard [103], [52]. For instance, the human population in [103] was classified into five dif-
ferent classes: susceptible to infection S, exposed £, infected symptomatic and infectious
I, infected asymptomatic and infectious /s, recovered but could be potentially infectious
to mosquitoes Ss. Although these models are advanced as compared to the binary models,
in practice infectivity is not a collective characteristics of a group but varies with individu-
als, based on their parasite densities. As such, it requires an individual-based model which
can study the relationship between asexual parasite densities and infectivity to mosquito
[160], [114].

1.2.3 Unfounded assumptions about what protective efficacy of immunity constitutes
1.2.3.1 Transmission-blocking immunity (TBI)

Most models of malaria transmission assume that complete TBI can be acquired after re-
peated exposure or with age [63], [40].This does not seem to be right because of the fol-
lowing reasons. First, the concept that gametocyte mortality increases with host-age or
with exposure is poorly understood. The epidemiological data in the Garki project [63]
showed that the prevalence of gametocytes in areas of high transmission decreases more
rapidly with age as compared to asexual parasites. This was viewed to directly result from
increasing immunity against the pool of asexual parasites, leaving fewer to survive to pro-
duce gametocytes [185], [182], [183]. The question on whether NAI lowers survival of
circulating gametocytes was considered by Diebner et al. [32] in a model comparison pa-
per. The fits to the data on individual courses of parasitemia improved upon changing a
constant mortality rate of gametocyte to one which grows with time. However, better fits
were obtained when gametocyte mortality was allowed to grow with its age. This is in ac-
cordance with the concept of allowing gametocyte density to decline by natural mortality
[146], [43]. This amounts to the fact that immunity is geared mainly against the asexual
blood stages. In this line, some models implicitly predict infectiousness as a function of
blood-stage parasite densities without invoking any acquisition of TBI [192], [114], [160].

On the other hand, children have usually been thought to mostly contribute to trans-
mission of parasites to vectors due to their higher parasite densities [157]. Nevertheless,
studies that have examined the contributions of different ages of human hosts to the in-
fectious reservoir have found that adults also make a significant contribution (see [175],
[114], [184]). The reason could probably be because: first, the body size of adults exposes
them more frequently to mosquito bites [205]. Second, parasite densities decrease with
age and exposure as a result of immunity in a somewhat exponential manner (i.e it never
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gets sterile) which can still allow infections to persist without symptoms. These reasons
suggest why onward transmission to mosquitoes is plausible in adults. Boundi et. al [174]
studied TBI in relation to age, gametocyte density and transmission intensity. It was found
that there was no relationship between TBI indicators and age, but a trend of increasing
values as gametocytaemia increases was noticed, and regarded as a confusing factor. This
seem to confirm the assumption that TBI does not apparently increase with age, and that
adaptive immune responses to gametocytes are not of epidemiologic significance. These
conclusions however, are based on insufficient evidence.

1.2.3.2 Increase in recovery rate/Decrease in infection duration

Most models considered increase in recovery rate as an indicator of immunity (see [122],
[41], [189], [40], [72], [63]), [43], [44]. Based on Macdonald’s report in [143] immunity is
generally assumed to be proportional to the duration of infection, which results to a formula
in which the basic reproductive number is proportional to infection duration. The model by
Dietz [40] for instance, comprises two classes of humans with low and high recovery rates,
which is associated with low and high immunity levels. The concept that NAI increases
the rates of termination of infections in humans has been the subject of extensive debate.
Acquired immunity is markedly known to increase with age, thus, infection duration may
be expected to decrease as immunity rises. Again, it was expected that the decrease in
parasite densities resulting from the acquisition of immunity, would lead to a decrease in
detectability with age, which would also bring about an increase in recovery rate. Bekessy
et. al [41] in their catalytic model applied to microscopy data, observed that for the first 4
months of life, the durations of infection were very short, and much longer in older infants
1-4 years, after-which the recovery rate increased by a factor of more than 10 in older
individuals. The study suggested that the fall in recovery rate in those aged 1-4 years could
be either because of loss of maternal immunity or because of superinfection and that the
subsequent rise in recovery rate in older people is due to increasing immunity (see also
[189]).

On the other hand, Smith et al. [188] found in their study that the average multiplicity
of infections increases at the same time as children acquire immunity. This was interpreted
to be mainly because the average duration of infection increases even though children are
becoming more immune (see also [191], [193]). The suggested reason is that lower par-
asite densities reduce the effective variant introduction rate, thereby slowing parasite and
immune dynamics. Slower switching rate exhausts variants at a slower pace, prolonging in-
fection duration until further slowing fails to subdue adaptive immunity (see [192]). They
also argued that the short durations of infection in adults estimated by microscopy data
[41], [189] could be due to diminished sensitivity of microscopy at low parasite densi-
ties. However, recent studies of infection duration with age (since cumulative exposure
and acquired immunity increase with age) [124], [125] found no general age trend [213],
[192]. An involvement of NAI would entail that short infection durations should become
repeatedly common in older age groups, which has not yet been reported by any study.
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1.2.4 Age and acquired immunity

The burden of malaria in humans residing in endemic areas is strongly age-determined
[68]. A simplistic demonstration can be seen in the simulated solution plot of the age-
specific SIRS model in [44] (given in Figure 1.2). It reveals how prevalence changes with
respect to age for different values of force of infection. With a higher rate of infection (h
= 5/yr), typical for endemic areas, malaria prevalence rises speedily at young age up to a
peak, from where it gradually declines to a low level in adulthood, as a result of the in-
crease in immunity. Contrarily, prevalence is shown to have an insignificant dependence
on age for low force of infection (h = 0.05/yr). This model predicts that in highly endemic
areas, the prevalence rapidly rises in early childhood and gradually wanes into adulthood
as a result of slow acquisition of immunity with age and time. Also, it can be seen that the
prevalence in adults is highest at intermediate infection rates. This is consistent with the
infection pattern summarized by Boyd for tropical Africa [60] and also with the specula-
tions of some epidemiologist that partial control, which leads to a moderate reduction of
transmission from initially high levels, could increase adult prevalence [148], [63]. While
immunity to malaria generally rises with age, especially in places with the highest forces
of infection and stabilizes at adulthood, this increase with respect to age is not noticeable
at low force of infection. In areas where the disease is not endemic and exposure is only
occasional (i.e. once every few years), the burden posed by malaria extends into adulthood
and similar infection levels is seen among various age groups since protective immunity is
not consistently maintained [71]. See Appendix B.2 for more explanation of this model.

In high transmission areas, children below the age of five are most vulnerable to se-
vere malaria attacks [29]. This is related to the fact that these children with the least prior
exposure, have the least acquired immunity to infections and are also at highest risk of nu-
tritional problems [115]. However, with frequent re-exposure, the vulnerability to severe
clinical attacks is reduced by NAI as they age. Parasite infection prevalence begins to rise
only at about 20 weeks of age, since infants are peculiarly resistant to high parasitemia
and severe disease [205], [57]. This kind of protection is known to be either linked with
the presence of maternal immunoglobulin antibodies such as secretory IgA and/or para-
site growth-inhibitory factors such as lactoferrin found in breast milk and in the sera of
mother-infant pair [74], [162]. Some models however, for simplicity, ignore this protec-
tive maternal immunoglobulin antibodies and assume that all individual lack immunity at
initial stage [6], [109], [62]. Nevertheless, maternal protection has been incoporated in a
stochastic model by [76] in a biologically reasonable way. The host’s age was modelled to
be inversely related to the amount of maternally gained protection. The extent of maternal
protection is treated as independent of maternal exposure. This was based on the argu-
ment that if transmission is low, only few infants will be exposed in their first few months
of life, so maternal protection is unimportant. However, in a case where transmission is
frequent, then all mothers will probably have similar immune level. An exception to the
age-dependence of NAI in endemic areas is seen in pregnant women. The risk of disease is
much higher, even with prior immunity, because pregnant women are immuno-suppressed,
so that they can carry the baby without reacting to it [142]. An additional reason is due to
preferential sequestration of infected erythrocytes in the placenta [129], often referred to
as "placental malaria".
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Figure 1.2 (a) Age prevalence and (b) immune curve simulated using the Aron model
[44] for different forces of infection with r = 0.9/yr, ¢ = 0.25/yrand 7 = 5yrs

Although NAI results from uninterrupted heavy exposure to infection, it appears that
no amount of heavy exposure in children can induce an adult-like protective immunity for
individuals in a given area [205]. Baird [170] demonstrated an approach to assess the ef-
fects of cumulative exposure and age by studying NAI among people of all ages who are
shortly exposed to intense infection pressure. After a year of residing in a hyperendemic
area of Irian Jaya, the frequency and density of parasitemia among newcomers from Java,
decreases with increasing age. Adult newcomers manifested evidence of naturally acquired
protection relatively rapidly, whereas their children remained susceptible. It is wondered
why adults are resistant to infection, while children remain susceptible after a brief pe-
riod of apparently uniform intense exposure among all age groups (see also [179]). This
is presumed to be as a result of the difference in the structure of the immune system of
a child and that of an adult [35] and age-dependent pathophysiological mechanism [99],
which accounts for an immune system in children that is less capable of mounting protec-
tive response against parasites. In [102], this concept of immune maturation as humans age
was accounted for by allowing a slow change of the immune stimulation parameter from
a relatively low value at infant ages to relatively higher values as age increases. It allowed
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for more efficient *adult response’ to an identical exposure, compared to that of a child. As
such, the rate and duration of severe episodes decline with age due to immune maturation.
Smith et al. [118], evaluated immunity to P. falciparum infection in African children by
comparing SIS to SIRS models, allowing for heterogeneous infection rates and superinfec-
tions. In this study, the model that fitted best to the malaria data of African children was the
SIS model with no immunity to reinfection. This was suggested to be because children do
not acquire protection to new infections after recovering from a single infection, but pro-
tective immunity requires repeated exposure or perhaps some change in immune function
with with respect to age (see [52]). However, in some models such as in [72], immunity
was modelled as a function of individual exposure history only, without taking age into
account; moreso in most compartmental models, time is represented through age with the
assumption that the population has reached its equilibrium pattern of infection, which is
erroneous. Recent stochastic models have incoporated both age and exposure history in a
more practical way [114], [205].

On the other hand, the growth in body surface area with the age of a host, entails more
exposure of adults to mosquito bite [7] and perhaps explain why they seem to acquire
immunity faster than children when exposed to heavy malaria transmission for the first time
[205]. Smith et al. [205] proposed a model for the relationship between the EIR and the
force of infection in endemic areas. The model considered the effects of increased exposure
to mosquito bites resulting from the growth in body surface area with the age of the host,
and the reduced survival of the inoculations as the hosts acquire pre-erythrocytic immunity.
This model accounted for the non-monotonic relationships between the age of the host and
risk factors such as parasite prevalence and clinical malaria. This non-monotonic relation
appears to be because the risk factors increases with age (accompanied with increasing
body size), and at the same time, immunity decreases the risks. However, while some recent
age-structured models have considered the concept of increasing human attractiveness as
they age, grow and increase in biomass [114],[160], others have ignored this concept and
assumed equal biting rates among individuals [6], [16], which is unrealistic.

In general, age and acquired immunity are inseparable factors that hugely determine
the disease burden in a given population, especially in endemic areas [215]. This implies
that increasing age does not itself result in immunity acquisition. Anderson and May [59]
incorporated age structure in the classical Ross model by studying the population fraction
of humans in the infected class as a function of not only time, but age as well; with the sole
aim of enabling infection in a given population to depend on the age of an individual over
time . However, upon matching the predicted dependence based on the their model with
the observed prevalence trend in [60], it was revealed that the model is not a good fit to
the data since they had not considered NAI in their model. The need to explicitly interplay
NAI with age was apparent (see [16], [38]). Furthermore, the simulation studies that do
not consider maternal antibodies or varied biting rates as a function of age, generate curves
that reach adult equilibrium levels more quickly than are observed in real data [192].

1.2.5 Duration of acquired immunity to malaria

Immunity is generally modelled based on the fact that individuals are born susceptible and
can become infected with respect to a certain rate of infection per year, h (otherwise known
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as the force of infection (Table 1.2)); after which they can recover within a certain period
of time and can acquire a certain level of immunity with repeated exposure. People rou-
tinely exposed to malaria accumulate memory B cells specific for malaria antigens with
exposure. In most mathematical models, the duration of immunity, 7 is suggested with-
out taking re-exposure to infection into account [59], [67], [65], [152]. This again stems
from the binary view of malaria adopted by most modellers which wrongly suggests that
there is an automatic switch between presence or absence of immunity and malaria para-
sites. However, epidemiological studies have proven that this approach of describing the
duration of immunity could be unrealistic since it is observed that both blood-stage immu-
nity and pre-erythrocytic protection against malarial infection are boosted with exposure
to infection [61], [63], [76] (see next subsection for more details). Some models consid-
ered that re-exposure could boost immunity [79], [70], [106]. Dutertre, in his model, [64]
included a discrete class of immune humans whose entrance to susceptible class is de-
layed by re-exposure, and calculated on a monthly basis. Aron in [45], again developed a
continuous-time process of immunity acquisition based on the underlying assumption that
NALI abates gradually in the absence of reinfection and suggested that immunity can last
until 7 years without exposure, but if there is an exposure before the time 7 elapses, the
immunity is strengthened and lasts longer. On the other hand, if immunity lasts for 7 years
in the absence of new infections, then the individual becomes highly susceptible to severe
episodes (see [115]). This suggests that the rate at which the immune population become
susceptible again, v, is dependent on the rate at which they acquire new infections, h [38].

However, the average number of years without exposure that can lead to loss of pro-
tective immunity is yet unclear and it’s known to vary with individuals. A related study
reveals that emigrants from Africa to Europe loose much of their immunity after over 2
to 3 years of their stay while remaining protected from severe disease attacks [91]. The
outbreak of malaria infection in the central highlands of Madagascar aided the opportunity
to compare malaria incidence in first-time exposed children and young adults, with that in
older adults who spent their childhood in the study area before the introduction of malaria
control measures [215]. It was found that, individuals older than 40 years were more pro-
tected than younger adults. This increased protection was suggested to be probably due to
immunological memory. These works are consistent with the evidence that fatality rates are
significantly higher among non-immune individuals exposed to malaria for the first time
than among previously immune humans revisiting endemic areas (see [76]), because prior
exposure has a considerable protective effect [131], [130], [192]. This also suggests that
clinical immunity may hardly be completely lost as most deterministic modellers assume
[215]. With the assumption that mortality acts approximately equally on all individuals,
the average per capita rate of losing immunity is given in [45] as

he—hT
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Figure 1.3 Changes in the rate of immunity loss v with different values of 2 and 7.

The changes in y with respect to 4 and 7, in the absence of re-exposure, is presented
in Figure 1.3. The model demonstrated that with a high force of infection as a result of
continuous exposure, the rate of losing immunity could almost get to zero but appreciable
rates of immunity loss are noticeable with lower force of infection and short durations
of immunity. The study in [45] is just illustrative without any field data and it handles a
single undifferenciated form of immunity.There is limited quantitative data from which to
estimate rates of decay of immune protection against malaria.

1.2.6 Malaria parasite variants

Malaria parasite diversity and transmission intensity affect the acquisition of parasitolog-
ical immunity (Table 1.1) [104]. The time needed to develop this immunity is thought to
be directly proportional to parasite diversity (i.e genetic diversity of Plasmodium infection)
and inversely proportional to transmission intensity [90], [164]. As earlier mentioned, there
are five species known to cause malaria in humans, each of which comprises multitudes of
variants. The strain theory by Gupta and Day [123] assumed that malaria comprised of dis-
crete, independently transmitted, immutable strains [121], [122]. This definition entails that
a strain retains its identity in a locality where other strains occur such that the gametocytes
of one strain should be resistant to fertilization by another. The theory has been considered
inappropriate since Plasmodium, just like other protozoan and bacterial pathogens, has the
ability to modify surface protein expression, and thereby alter the profile of antigens that
are exposed to the immune system of a host [138] [180]. This results in the amplification
of extensive repertoires of multi-copy, hyper-variable gene families that encode infected
erythrocyte or merozoite surface proteins. Thus, a single parasite genotype can express
numerous and diverse antigenic and functional phenotypes upon reinfection [180].
Additionally, when mosquitoes acquire gametocytes of two different clones in a blood
meal, crossing generates recombinant clones differing from their parental genotypes [176],
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[177], [178]. The high level of antigenic diversity is believed to be sustained by both gene
conversion and recombination events [105], [?], [138]. This mechanism of antigenic vari-
ation enables malaria parasites to succeed in bypassing the immune response of a host, to
establish long-term, persistent infections, thereby increasing the efficiency by which they
are transmitted to mosquito vector [173]. This Genetic diversity of the parasites is one of
the major causes of the slow acquisition of immunity to malaria [167]. Thus, the more
individuals are exposed to diverse circulating parasites, the more they develop effective
anti- malarial immunity [77], [34], [86], [95]. On the other hand, increasing the number of
locally circulating variants can prolong the time needed to develop broad immunity [192].

Thus, the term strain can be used for a freely mixing unstructured population of par-
asites, recovered from a source in a given geographical area, that possesses confirmed or
suspected distinctive characteristics that may be the results of the pressure of natural se-
lection [164]. This idea of freely mixing strains implies that the control of malaria may
be far more difficult than previously assumed. Strains of a given species of Plasmodium
can be viewed in this context as different races of the same Plasmodium species which
apparently share common antigens [141], [88]. This suggests that if a definite immunity is
built against a strain of P. falciparum for instance, it extends to the strain of same species in
several hundred miles away. In the experiment conducted in [141], the different response to
infection appeared to be much more dependent on the quantitative degree of immunity of
the patient, than on the origin of the strains used (origin in this context is defined based on
the common assumption that in each region, malaria has a character of its own conferred
upon it by the peculiarities of the local parasites [141]). This, to a large extent, renders the
concept of discrete and independent strain inconsequential. Thus, the concept of malaria
parasite strains should instead be understood as variants of a given plasmodium species,
since they are dynamic entities resulting from the interaction between parasite genomes
and the human immune system [42], [76], [164] [138].

Milligan and Downham [70] demonstrated how increase in the number of circulating
strains in a population results to slower rate of reduction in susceptibility. Individuals are
considered to be immune to infection with strain %, if they have experienced at least Ny,
infections with that strain after say, WW bites from infected vectors. In a simple case where
vectors can host at most one parasite strain, and infection with different strains in a single
contact are mutually exclusive, the multinomial distribution can be employed while sum-
ming over different strains. Hence, the probability of getting infected with any strain at the
(W + 1)th infectious bite is given as

s min(W,N;—1)
PW)=>a > (T )qz(l — )" (12)
k=1 r=0

where ¢, is the probability that an individual acquires an innoculum of strain k£ upon re-
ceiving an infection bite. For simplicity, with a constant N, = 2 for all strains & (although
it is host dependent), and equally abundant strains (g, = 1/S for all k), the plot of P(1V)
against IV with 3 different numbers of circulating strains, S is given in Figure 1.4.

The above demonstration can only be appropriate if malaria variants are discrete and
immutable as applicable in some viruses. Based on the current understanding of malaria
parasite variants, it follows that exposure to more diverse variants would progressively
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Figure 1.4 Probability of getting infected at the (17 + 1)th bite from an infectious
vector when assuming mutually exclusive strains.

reduce the repertoire of parasites clones that may be capable of establishing patent and
virulent infections [140], [88].

However, it is possible for a primary infection with a given parasite species to confer
protection against a secondary infection with heterologous species if the species share
common antigens. This situation was suggested to be true for P. falciparum and P. malariae
in a retrospective examination made to determine parasitemia and fever episodes, since
parasitologic and clinical immunity was evident when infection with P. falciparum follows
that with P. malariae [127], [165].

1.2.7 Acquired variant-specific and variant-transcending immunity

Acquired immunity to malaria has mostly been modeled as a general phenomenon without
considering any defined variants ([43], [44], [50],[50],[109], [72], [37], [108]). However,
malaria parasite diversity is known to affect the development of parasitological immu-
nity since an individual may have to be exposed to the entire (or almost) diversity of
the antigenic make-ups in parasite populations in order to develop effective protection,
[165], [77]1, [34], [167], [86], [95]. Smith et al. [165] demonstrated this schematically us-
ing overlapping/non-overlapping blobs on two frames representing a hypothetical immune
space comprising the total repertoire of immune responses within a host. The two frames
were used to illustrate the concept of immunity acquisition by showing the dramatic differ-
ence between very young children and older people. In infants or susceptible individuals,
the mechanism which allows the persistence of chronic infections has not come into play
and the immunologic space is still sparse because the strong anti-parasitic effect of fever
itself or the cytokines released during fever [172], prevents the establishment of chronicity
(This cytokine-mediated effect is a sign of their inability to control parasite densities, thus
persistent infections do not exist). However, in older individuals residing in high transmis-
sion areas, the immunological space is already broadly occupied and new infections can
hardly be established. A similar schematic diagram as in [165] is reproduced in Figure 1.5.

The mistaken assumption by some investigators that NAI is strictly strain-specific and
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(a) Infants

(b) older people

Figure 1.5 Schematic illustration of malaria premunition reproduced from [165]

lifelong (see [120], [121], [122] ) was conclusively addressed in an insightful critical ap-
praisal over 20 years ago [119]. It became clear that the basic model of lifelong strain-
specific immunity leads to impossibly dynamic predictions, which conflict with the no-
torious observed stability of malaria transmission (see [63], [173]). Considering that the
stability of a process relies on negative feedback loops, it follows that if strain-specific im-
munity which can be rapidly acquired, limits the transmission of malaria, then it must be
down-regulated equally rapidly for malaria prevalence and transmission to be as resilient
as has been proven by thousands of epidemiological studies.

A mathematical model of P. falciparum asexual parasitaemia was developed and fitted
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to 35 malaria therapy cases [31]. The model included three internal mechanisms that aided
its simulation of the courses of asexual parasitaemia in human host in a more realistic way:
innate, acquired variant-specific and acquired variant-transcending immune responses, all
of which are believed to control the peaks of parasitaemia at certain levels and stages.
According to this model, the innate immune response is responsible for early control, and
thereafter becomes progressively less relevant, while the acquired variant-transcending im-
mune response is relatively inconsequential for early control but dominates in the later
stages of the infection. On the other hand, variant-specific immunity regulates the density
of a specific variant and eventually eliminates it. A general conclusion from a review of
intra-host models of malaria [112] is that with time, NAI moves from variant-specific to
variant-transcending, as accumulated diversity of exposure increases.

In the same vein, a stochastic model of within-host immunity was employed to ex-
plore which form of immunity could account for the observed rates of reinfection in adults
and children in field data [6]. The model focused on the immunity impacting the growth
of blood-stage parasite, where such immunity might either be variant-specific (resulting
from the infection with a certain variant and neutralizes the parasites of that variant), or
‘general (i.e variant-transcending as in [31]; resulting from the infection with any strain
and neutralization affects all strains equally) (see also [156]). The existing level of im-
munity was assumed to decay at some constant rate in the absence of re-infection. The
impact of variant-specific immunity was apparent in that, one can repeatedly see the clear-
ance of one parasite peak, while another grows immediately. However, incorporating only
rapidly accumulated variant-specific immunity was helpful to demonstrate the clearance
of individual parasite peaks but cannot explain age-associated variations in reinfection and
parasitaemia. This is because variant-specific immunity has to be short-lived [186] in or-
der to allow for effective clearance and also for reinfection. This suggests the need for
a general slowly accumulated immunity that decreases the growth of all variants; which
must be long-lived. Thus, incorporating both the rapidly-induced strain-specific immunity
which wipes out individual infections, and general immunity that accumulates slowly and
reduces the mean parasite growth rate with age, gives model outputs that are consistent
with the observed data. In general, the role of antigenic diversity whereby existing infec-
tions contribute significantly to protection, contrasts with the theory that NAI to malaria
is-strictly strain-specific and long-lasting [165].

1.2.8 Superinfection/ Reinfection and acquired immunity

In malaria-endemic areas, an individual can receive hundreds of infectious bites each year,
thereby increasing the risk of superinfection (Table 1.1) which results from consecutive
infectious bites [88], [80], [85]. In practice, an individual can host more than one plas-
modium species or variants of the same plasmodium species, at a time [182], [173], [165],
[81], [57], [187], [88] in endemic areas. In areas of low or moderate level of endemicity,
it is likely that re-inoculations would be infrequent within a short interval so that the first
infection would have become latent, or even have been cleared, before re-inoculation.
Several opinions of the mechanism associated with superinfection in malaria exist.
One idea from Macdonald’s model [143] was that successive infections are effectively
’stacked’, waiting to express themselves at the end of the previous infection. This idea was
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also adopted in [72] by resetting the infection date of the individual, so that courses of
different infections proceed without interference, such that recovery from superinfection
happens when the course of the last infection is completed. Another related suggestion
by Dietz [144] is that infections arrive and run their course completely independent on
each other. Neither of these two models appears to be correct (see [40]). For the former
model, there is no evidence for an infection waiting for another to be completed. The latter
model by Dietz, on the other hand, ignored the concept of immunity and possible compe-
tition among parasites. Richie [84] in his suppression hypothesis postulated the tendency
of malarial species to exclude each other and thereby appear chronologically in the blood.
This he presumed to be caused by competition for host cells or nutrients, or by heterol-
ogous immunity. However, the repressed species bounce back after the previous species
has dwindled, and can result in prolonged infection. His hypothesis is supported by ex-
perimental data obtained from the simultaneous inoculation of two Plasmodium species
into laboratory animals; which show that one of either species is suppressed. This mecha-
nism seem to benefit both the host and the incumbent parasite by keeping parasite density
at levels that are not severe before the role of NAI activates. A similar study by Portugal
[81], [82] who explored the possibility of the liver-stage of infection to be modulated by
the presence of an ongoing blood-stage infection and contribute to acquisition of immu-
nity, explains that this mechanism arises as Plasmodium in the blood strives to protects its
niche, perhaps ensuring transmission on the basis of first-come, first-served. This appears
to enable the host immune system to fight one circulating parasite at a time, consequently
raising the host’s chances of survival. In addition, the number of scenarios of liver-stage in-
fections would be more than that of blood-stage infections, boosting the immune response
to the liver stage without exposing the host to blood-stage infection. This action seems to
contribute to the more rapid acquisition of immunity to severe disease (see also [111]).
On the other hand, some deterministic models which consider malaria infection as binary,
assume that an individual can be completely protected from superinfection after attaining
a certain threshold of parasite density [108], [106]. In [108], individuals whose parasite
density are below a defined threshold are described as primary infectious and are prone
to superinfection, whereas secondary infectious individuals are assumed to be completely
protected from superinfection [81], [82]. These theories and studies try to explain the how
the impact of superinfection and can be suppressed; and how NAI to severe diseases can
be boosted in non-naive individuals even during the occurrence of superinfection, but the
underlying mechanisms seems either unclear or unrealistic.

In general, the idea that already present chronic infections can protect against super-
infection dates from the work in [168] where the concept of premunition was brought up,
and was used by Cohen and Deans [169] to refer NAI which frequently controls parasite
densities, but does not eliminate infection. However, in [165], the concept of premunition
is used as the limitation of superinfection. Thus, the outcome of superinfection is con-
trolled by limiting the rate of newly infecting homologous and even heterologous (Table
1.2) haplotypes that could get established in the host. This implies that parasites which have
similar antigenic properties with those already existing would be suppressed or controlled
based on the extent of overlap of their antigenic haplotypes i.e the degree of relatedness of
the antigenic repertoire of the incoming infection, with prior experienced antigens [192],
[173], [165], [166], [190], [70]. However, it should be noted that the maximum number
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of superinfection decreases with age due to the acquisition of immunity (See also [80],
[165]). This is because chronic malaria infection is known to occur in older individuals
who have mounted immune response which controls parasite densities sufficient enough to
avert clinical attacks but allows the infection to remain at low density [171], [169], [168],
[173]. On the other hand, in non-immune individuals, superinfection poses a high risk of
hyperparasitemia and mortality [82].

1.2.9 Other factors influencing the acquisition of immunity
1.2.9.1 Effect of intervention measures on immunity acquisition and malaria prevalence

Populations utilizing intervention strategies which reduce malaria transmission and sub-
sequently immunity, such as insecticidal-nets and drug treatment, may also be prone to
have rebound effects, especially in endemic areas [113], [102], [55], [57]. An illustration
was captured in individual-based model simulations in [102] which indicated that protec-
tion against new infections reduces the acquisition of asexual blood-stage immunity. This
causes accumulated immune memory to wane, such that a compensatory rise in clinical in-
cidence may result when protection measures are not available (see also [113], [194]). The
same case is postulated for the use of bednets, as it may only shift the age of the incidence
of severe disease without considerably reducing the overall disease burden.

In the individual-based model of malaria transmission developed in [72], a short-lived
effect of the intervention program was noticed which could be due to a rebound after im-
munity has waned in the population [113], [116], [102]. On the contrary, no rebound effect
was noticed with administering a hypothesized vaccine which was assumed to not only
provide an immediate boost in immune response, but also brings about the early matura-
tion of the immune response, normally associated with aging. This suggests that the use of
intervention should be effective and long-lived [154], [153] (see the diagrammatic illustra-
tion in [154]). On the other hand, reduction in the use of short-lived intervention measures
will reduce drug pressure and the emergence of parasite variants resistant to the widely
used anti-malaria drug treatment [17], [18],[108], [106] [149]. This is because immunity
acts especially by reducing the frequency and severity of clinical attacks, and thus the drug
pressure. Same case is applicable to chemicals used in treating insecticidal-net. The nega-
tive effect of having small number of immune individuals in low transmission areas, can be
counterbalanced by the sustained implementation of very effective transmission-reducing
interventions for an indefinite period [154], [54]. This can also be augmented by a trans-
mission blocking vaccine which enhances and artificially induces immunity.

1.2.9.2 Climatic driving effect on immunity acquisition

Although climate is the dominant driver of seasonal outbreaks of malaria, it has been
demonstrated that NAI can buffer its effects [103], [26]. To clarify the differences in
the impact of NAI among high and low-transmission settings, Laneri et al. [103] devel-
oped a stochastic human—mosquito model to fit the data from two unique adjacent cohorts
in settings with mesoendemic (Table 1.2) seasonal and holoendemic (Table 1.2) peren-
nial malaria transmission in Senegal, which were followed up for two decades, recording
their daily malaria cases. Thus, for the cohort in which epidemic transmission is limited
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by mosquito density and rainfall, the highly dynamic pattern of cases is climate-driven
whereas the impact of climate on incidence was largely buffered by clinical immunity in
the endemic village where mosquitoes are present year-round. This is consistent with the
field observations in [147], suggesting that places with dry season transmission are as-
sociated with stable hotspots of largely asymptomatic parasitaemia and robust immunity
acquired early in life.

Yamana et al. [26], [27], [28] developed a coupled hydrology and agent-based ento-
mological model that uses environmental data (such as temperature, rainfall and topogra-
phy) which typically regulates mosquito population dynamics, to simulate the mosquito
biting rates and subsequently the malaria prevalence alongside the level of NAI in the hu-
man population. The model demonstrates the impact of NAI on malaria prevalence in two
Niger villages that are entomologically and hydrologically disparate. The model suggests
that the NAI depends on hydrologically driven mosquito abundance over previous years.
Thus, greater acquired immunity is obtainable in the wet village due to more mosquito
bites as compared with the dry village. However, the model also shows how NAI dampens
the effect of increased biting, since without the effects of immunity, the wet village would
have much higher prevalence than the dry village.

1.2.9.3 Effect of population dynamics on immunity acquisition

The assumption of maintaining a constant population size, made in most models for sim-
plicity, needs to be addressed since it’s unclear if it matters or not, even though it seems
to be artificial. It is known that human population is characterized by birth, mortality and
immigration. Some modelers believe that the consideration of these factors in the mod-
els entails a more realistic modeling of the acquisition of immunity with time since for
instance, malaria is an endemic disease which has a high mortality rate [72], [46], [48],
[109]. Moreover, the interaction between the vector and human populations instigates a
considerable level of variability on especially the mosquito populations for which the as-
sumption of constant population may not be realistic [46].

Ngwa and Shu [46] developed a SEIR model which assumes density dependent death
rates in both the human and mosquito populations, with the total populations varying with
time. Chitnis [49], [48] on the other hand, developed a model with constant immigration
for the Susceptible class such that people enter the latter class either by birth or through
immigration. To account for population dynamics, age-specific fertility and mortality rates
are calculated for each individual and an additional mortality component, specific for each
individual (such as malarial related death), is incorporated in an individual-based malaria
risk assessment model [109]. The model demonstrated the creation of individual disease
history (immunity, infectedness and illness) depending on their circulation behavior (e.g
going to work, traveling) and residence over a given period of time. The model in[103]
includes the variability of both the human and mosquito population; the former, through
yearly census and the later, either measured directly through landing catches or estimated
based on the variability in meteorological conditions (rainfall and temperature).

Some of these models produced results which show the impact of including demo-
graphic effects in predicting the rate of fatalities that could arise from the disease. Incorpo-
rating population variability of humans might seem pointless in cases where the quantita-
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tive influence of human population growth is small enough to neglect and deserves far less
attention. However, most models considered mostly the human population dynamics with
little emphasis on the dynamics of the vector population [109],[110] which is the major
driver of malaria transmission. The emphasis on the mosquito population dynamics dates
back from the work of Ross [95]. His work suggests that if the vector population can be
reduced to below a certain threshold, then malaria can be successfully eradicated. This
threshold is typically dependent on biological factors such as the biting rate and vectorial
capacity Table 1.2 which solely depends on the vector population dynamics. In [40], the
immune status of the population was viewed as a function of the vectorial capacity (Table
1.2), which drives incidence of infection in humans. However, MacDonald [143] on the
other hand demonstrated that reducing the number of mosquitoes would have little effect
on the epidemiology of malaria in endemic areas. This, in fact, depends on the extent of
reduction.

1.2.10 Summary of modelling approaches

In this review, the epidemiological models of NAI to malaria have been grouped in terms
of the realism of immunity acquisition scenarios accounted for. This idea is engendered by
the assumption that more realistic models would boost the understanding of how immunity
effects transmission dynamics at both the individual and population level. These models
range from deterministic to ABMs and they have played substantial roles in developing
epidemiological understanding of the disease. Considering that the mechanisms of natural
acquisition of immunity to malaria are so complex, the discussion of both the determin-
istic and ABMs depends apparently on the scope of the questions asked. For instance in
[42], the earlier model of the full course of parasitemia in non-immune individual [31] was
restricted to the first wave of parasitemia in same persons. By so doing, the description
of acquired immunity was simplified, reducing it to a single dimension, with no distinc-
tion between variant-specific and variant-transcending immune response and also ignoring
decay of immunity.

Compartmental SEIR models, in general, are not sufficient for reproducing the real dy-
namics of malaria as they allow only a limited account of the complex process of malaria
transmission, and NAI in particular. They make clearly artificial assumptions that seem to
make them conceptually compelling, but are actually inefficient. One considerable reason
is that malaria modelling requires an indepth study of in-host parasite dynamics rather than
a mere presence or absence of infection and prevalence in a group of population. Again,
the important sources of heterogeneity, spatial and temporal scales of transmission remain
inadequately addressed using deterministic models. A general interest for the deterministic
models is geared at knowing if one infection in one person in an entire parasite population
across an entire endemic setting will varnish or persist in a population. This is usually as-
sessed by computing the Ry, which is somewhat governed by immunity status, since most
of these models assume that an individual’s probability of infecting a mosquito reduces as
immunity increases. In the deterministic models, immunity is either included by consider-
ing a separate human immune class (R_h) [51], [50],[75], [19], [39], [48], [49],[47], [46],
[43], [44], [40] or by integrating an immunity function in existing models [59], [53], [52],
[55], [57], [58].
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Agent-based models of malaria transmission, however, have become an attractive alter-
native in the evolution of malaria models in recent times. This is because they allow sim-
ulation of heterogeneous communities subjected to more realistic transmission scenarios
and can incorporate complex and stochastic issues affecting malaria spread. Thus, any kind
of heterogeneity (such as heterogeneous intervention measures, host movement, multiple
parasite variants) and stochasticity (such as inter-patient variability in duration of infection
and virulence) relating to malaria transmission and interactive variability in parasite-host
dynamics can easily be modelled. Another strength of this modeling approach is that it en-
ables the simulation of the interaction of individuals and vectors in the domain of interest,
which can in itself be heterogeneous, and stores information about each agent (mosquito
and/or human). Protective efficacy of immunity varies between individual humans [42], so
it may be misleading to ignore individual variations in biologically important parameters
while this can be efficiently addressed by ABM simulations. Decay rates of Immunity, for
instance, varies in humans and should be sampled from a suitable distribution with an as-
sumed mean. The flexibility of agent-based approaches in modifying model attributes to
reflect local individual features and geographical factors, allows the construction of models
that can handle realistic questions relating to malaria control in specific local contexts. A
considerable disadvantage is the higher computational burden, especially with increasing
population size.

Most individual-based models focus more on increasing the immune status of an in-
dividual as they age and get more exposed, without considering how parasite densities
changes. However, the models which meet the kind of realistic expectation of the dynam-
ics and complex structure of NAI to malaria are those suggesting that immunity indicators
should be functions of parasite density and diagnostic detection sensitivity rather than bi-
nary factors. Most of these models are those included in the OpenMalaria ensemble [159],
[194] which are the advanced, quite realistic individual-based models we rely on today.
The programming of the models was done in C++ as part of the open source software
platform (http://code.google.com/p/openmalaria/), hence the name, OpenMalaria. A com-
pelling strength of this model is that it couples an ensemble of 14 associated sub-models
that have been validated with real field data from various African settings. The integrated
mathematical models are used for predicting the epidemiologic and economic effects of
malaria vaccines both at the individual and population level. The model simulations use
a function that reduces asexual parasite densities to model important concepts such as:
the transmission to mosquito [160], [114], the degree of severity of episodes based on
the parasite load [115], [134] and how the distribution of parasite densities is modified
in the semi-immune host [76]. Additionally, the model considers the effects of factors
such as heterogeneity in transmission [198], body surface area [205], [114], [160], ma-
ternal antibodies [76], stage-specificity of immunity and superinfection [115], [76], [205].
However the aspect of the decay of NAI in the absence of exposure is yet to be properly
addressed. This is because there is limited quantitative data from which to directly estimate
this rate of decay of immune control of parasite densities. Overall, there still remain other
unclear mechanisms of malaria immunity which have not yet been properly explained (by
the aforementioned model), mainly due to limited field data, but they remain a reliable ba-
sis for further research on this topic. Closing these gaps so as to facilitate the development
of malaria vaccines remains the main target of tropical diseases research.
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Most of the models discussed in this review were approximately fitted to available
epidemiological data, where the infection incidence determines the status of either stable
endemicity and widespread immunity or an unpredictable pattern of sporadic epidemics in
a population lacking sufficient regular exposure to maintain immunity. Moreso, while some
models were fitted to data from many sites, others were fitted to single-site data. In as much
as fitting to single-site data does not necessarily limit relevance of the models themselves,
it is difficult to exclude the possibility that they are only applicable to the specific context of
the studied data-set, and predictions may not be extrapolated to different areas/scenarios.
Another interesting thing to do considering the pitfalls of both deterministic and agent-
based modeling approaches is to tactically combine the two, so as to capture the desired
population size, heterogeneity and study period [196].

1.3 DISCUSSION

Naturally acquired immunity against malaria plays an important role in the reduction of the
health burden posed by malaria, as it protects numerous people who are routinely exposed
to the infection against severe disease and death. In this review, the principal features of
NAI to malaria have been reevaluated in terms of how different modellers perceive them
and how the ideas have evolved. However, some of the underlying mechanisms behind this
protection are not yet clear. Owing to the need to understand NAI on an individual level,
modelling strategies have gradually evolved from deterministic compartmental models to
stochastic ABM which build on more advanced knowledge base than the purely determin-
istic models that preceded them for decades. The ABMs came in nicely but quite late in
the evolution of malaria models, as needed to cope with issues like interactive variability
in parasite and host dynamics that were first identified with deterministic model fits to data
sets for single individuals. Thus, more recent idea of modelling suggests that immunity in-
dicators should be functions of parasite density and diagnostic detection sensitivity rather
than binary factors.

Contrary to the suggestion that protective immunity is acquired after one or two infec-
tions, more recent studies demonstrated that immunity to severe malaria is more gradually
acquired with exposure. While it is believed that sterile immunity against infection is never
completely achieved, chronic, subacute carriage is the rule among adults. Such chronic car-
riers are less vulnerable to the parasite infection and have partially reduced infectivity to
mosquitoes. Given these dynamics, it is easy to understand how malaria transmission is
so robust and difficult to eliminate. This review considers the opinion that adults in en-
demic areas are completely immune and do not contribute considerably to the infection
reservoir as unreliable. Thus, recent models such as those of the OpenMalaria models, are
adopting the concept of modelling infectivity in relation to the asexual parasite densities of
hosts, and also linking the infectivity of human to that of mosquito infection. There is still
a need for improved models explicitly describing the impacts of age and exposure in the
infectivity of humans to mosquitoes in endemic areas.

Furthermore, the mechanism of control of malaria parasites upon reinfection or super-
infection in semi-immune individuals, has been addressed. The convincing account is that
superinfections or infections that share antigens recognized by the already existing immune
responses can be controlled such that it would not be severe. There is very little evidence
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that NAI has much impact on the duration of infections since models that have evaluated
this concept found no general trend with age.

It is accepted that naturally immunity is acquired at a rate which is dependent upon
the degree of exposure and is highly effective in adults after uninterrupted lifelong heavy
exposure but can also be lost to a considerable extent upon cessation of exposure. Al-
though the rate of loss is yet unclear, it is expected that realistic modelling should not
define immunity duration beforehand as was done by some early compartmental models.
Additionally, in high transmission areas, the prevalence of malaria infection and the risk of
malaria-associated morbidity and mortality is known to markedly decrease with age. Al-
though immunity is age determined in such areas, it is clear that increasing age does not in
itself result in immunity acquisition since another and major underlying determinant is not
age per se but rather the accumulated infection exposure risk that come with it. Hence, the
need to explicitly interplay naturally acquired immunity with age in a biologically realistic
way has been emphasized.

The best evidence to date clearly indicates that NAI may be considered as the product

of cumulative exposure to multiple parasite variants over time, which gives rise to a diverse
collection of variant-specific and a general variant-transcending immune responses. This
opposes the mistaken perception of a life-long strictly variant-specific immunity. It is cur-
rently believed that variant-specific immune response is rapidly induced, but also appears
to be short-lived, whereas the variant-transcending immune response takes time to develop
and is long-lived. In principle, the duration of variant-specific immunity can vary depend-
ing on the frequency of antigenic variation, the polymorphic nature of the antigen, and the
inoculation rate experienced by humans.
Furthermore, natural acquisition of immunity to malaria is believed to be somewhat stage
specific. However, it appears that even though the liver-stage immunity is necessary as it
protects against infection, the blood-stage immunity is the major force shaping the ob-
served infection dynamics. The development of clinical and parasitological immunity to
malaria is evident in the ability to control the asexual blood-stage parasite density which in
turn limits disease symptoms and pathology. Thus, the most effective part of the immune
response in clinical terms is its ability to limit parasite densities in erythrocytes, which is
the target of ant-malaria drugs.

It has also been explained how the use of intervention measures in a highly immune
population which features reduction of exposure, can initially engender rapid reductions
in disease prevalence, after which the previous burden of disease resurges as the immunity
is gradually lost. The negative effect of then having small number of immune individ-
uals in the population can only be counterbalanced by the sustained implementation of
highly-effective transmission-reducing interventions for an indefinite period. This can also
be augmented by a transmission blocking vaccine which enhances and artificially induces
immunity. The crucial role of climatic factors in the acquisition and persistence of immu-
nity to malaria has been emphasized. Additionally, the effect of population dynamics, of
especially the vectors, which is the major driver of malaria transmission, should always be
taken into account so as to engender a more ideal modeling of transmission scenarios.

In addressing these complex factors associated with NAI to malaria, the benefits of
individual-based modelling approach are evident. The short-comings of deterministic mod-
els are not reasons for them to be rejected because they provide some quantitative under-
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standing of malaria transmission. Instead, the focus is to debug some of the assumptions
that are unrealistic for a particular population at a particular time, and also to build models
with the appropriate level of complexity. Moreso, the prevailing global capacity for state-
of-the-art analysis of malaria-related data is in advanced countries where there is no local
malaria transmission [158]. In order to achieve improved control, elimination and maybe
eventually eradication, the geographic disparities of data analysis capacity need to be ad-
dressed urgently. Otherwise malaria data analysts will continue to reside far away from the
location of data collection and the field staff who understand them. This will limit their
ability to adequately analyze and interpret the malaria data [158].
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GLOSSARY

: The definitions of some commonly-used special terms related to immunity, and that of
some general epidemiological terms are given here.
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Table 1.1 Glossary of definitions for commonly-used special terms

Innate immunity

Inborn protective mechanisms which are the first line of defense against
infection. It is not dependent on any previous infection [11], [199].

Adaptive or naturally acquired
immunity (NAI)

Immunity that is gained through exposure [11], [199]. It constitutes anti-
disease immunity, anti-parasite immunity and premunition, all of which
develop in parallel, reducing the probability of experiencing symp-
tomatic malaria upon each subsequent infection.

Clinical or anti-disease immunity

Immune responses that reduce the frequency and severity of clinical
disease [200], [11], [211].

Anti-parasite or parasitological
immunity

Immunity, that is responsible for parasite clearance from the body [200],
[211].

Premunition

A functional immunity that reduces the frequency and severity of clin-
ical disease but does not necessarily eliminate infections but rather al-
lows them to remain at low density [212]. This is usually seen in en-
demic areas and comprises age dependent and haplotype-independent
effects on parasite densities, which reflect the strength of maturity of
the immune system [35], [170] and gradual acquisition with exposure
[168], [169].

Pre-erythrocytic  (erythrocytic) | Immunity against liver-stage (blood-stage) malaria parasites; also
immunity known as liver-stage (blood-stage) immunity [34].
Asymptomatic A case of no obvious symptoms in an individual who is a carrier of a

disease[202]. Regarded as a misnomer due to the significant health and
societal consequences of chronic infections which in reality are associ-
ated with considerable non-acute burden with mild symptoms [117].

Sterile immunity

Immunity that completely suppresses an innoculum of a pathogen
[201]. This can be thought of as the highest attainable peak of acquired
immunity which is probably never achieved. Non-sterile immunity re-
sults in persistence of the pathogen, but no symptoms of disease.

Parasitemia

Characterizes the density of parasites within a host [38]. Lower parasite
density tends to confer milder symptoms but could be dangerous if not
detected and treated, since it adds the number of new cases occurring
within a period of time (incidence), and can become very symptomatic
later [15]

Superinfection

The imposition of a second infection on a first before it has died out
[88], [165]
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Table 1.2 Glossary of some epidemiological terms

Basic reproduction num- | The number of secondary cases of disease that could arise from a sin-

ber (Rg) gle infected individual in a totally susceptible population, over the full
duration of that infection [203].

Vectorial capacity The number of potentially infectious inoculation of another human from
a single infected human, through the vector population, per unit time
[204].

Prevalence The proportion of people affected by a disease at a point in time [217].

Force of infection Per capita rate of acquiring new blood-stage infection per unit
time[205].

Entomological innocula- | The number of infectious bites sustained by an individual over a de-

tion rate (EIR) fined time period [66] [210]. It is the preeminent measure for assessing

malaria endemicity and transmission intensity.
Heterologous (homolo- | Having different(same) evolutionary origin [88] [30].
gous)
Backward bifurcation A condition where a stable endemic equilibrium coincides with a stable
disease-free equilibrium when the associated reproduction number is
less than one. Its epidemiological consequence is that the conventional
prerequisite of the reproduction number being less than one becomes
only necessary, but not sufficient, for disease elimination [206].
Holoendemic Perennial intense transmission with protective clinical immunity among
adults. It is the highest level of endemicity in which the strongest level
of acquired immunity is attained. Classically, holoendemic malaria is
associated with the following thresholds for epidemiological indications
in the human population: spleen-rate of over 75% in children 2-9 years
of age, and low spleen-rate of less than 25% in adults [209].
Mesoendemic Variable transmission that fluctuates with changes in one or many lo-
cal conditions, such as weather. It features spleen-rate of 11-50% in
children 2-9 years of age [209].
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A1 METHODS FOR LITERATURE SEARCH

A.1.1 Literature search strategy and selection criteria

Here, we present the main tools used in the literature search and analysis; these include:

e Web of Science

Google Scholar

e Vos-viewer

Snowballing

e Expert knowledge

A systematic literature review was performed through the Web of Science, using the
option ’all databases‘. No constraints were placed on publication type, dates of publication
(see Appendix 1), publication status and study location. The search strategy fetched publi-
cations mentioning each of the following concepts in their subject heading, keywords list,
title or abstract: acquired immunity to malaria, malaria model and malaria parasite density.
Additional articles were found through snowballing [83] (backward and forward) literature
search, utilizing the Google Scholar database and also through expert knowledge. The ab-
stracts of all returned candidate studies were assessed for suitability. Papers that mentioned
‘(acquired) immunity’ to malaria, malaria model or malaria parasite density, (anti-malaria)
drug resistance or intervention in their abstracts were selected for full-text review. Full-
text articles describing the model of acquired immunity to infectious diseases other than
malaria and other than human-malaria, were excluded. Also, papers majorly describing
vaccine induced immunity and the co-infection of malaria with some other infections such
as HIV are excluded.

A.1.2 Outcome of literature search

Altogether, 120 literatures were included for answering the research questions. 40 models
of naturally acquired immunity to malaria were explicitly studied with the key characteris-
tics of each model in relation to quantifying the effect of immunity on malaria prevalence
identified. The remaining 80 papers were included based on the insights they provided into
the properties and underlying mechanisms of acquired immunity, and are essential to the
interpretation and evaluation of the modelling papers. A network visualization of the most
common terms addressed and/or used in the titles and abstracts of the included papers was
created (Figure 7) with Vosviewer [14]. It appears that there are three main clusters of
topics/terms addressed by the included papers:

e Immunity to malaria, its stages of acquisition and its level of protection with age and
exposure to parasite infection (left-bottom).
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Figure 6 Search flow diagram for study selection.

e Malaria transmission and prevalence, based on transmission intensity in different
settings/areas (right).

e Models of immunity to malaria (deterministic and agent/individual-based), which
address some dynamic topics relating to the disease infection, such as superinfection
parasite strains and duration of infection (top).

The density visualization ( Figure 8) also gives an overview of the important areas in the
map, with immunity being the center of concentration from where all the other terms are
linked directly or indirectly and thus, the thickest.

The visualization of the relatedness of included studies in terms of citations is given

in Figure 9. The label may not be displayed for some of the documents in order to avoid
overlapping labels. The papers are arranged in three clusters:

e The ABMs of acquired immunity to malaria (extreme right corner)
e The mathematical models of acquired immunity to malaria (left-hand side)

e Other studies that are not necessarily model-based but support and explain the un-
derlying mechanisms of acquired immunity to malaria (middle).

The density visualization in Figure 10 reveals that not much studies have considered

modeling with the agent-based approach.
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Figure 7 Network visualization of the most common terms (represented by circles) in
the titles and abstracts of the included papers. The terms are located based on their
co-occurrences in the titles and abstracts. The size of the label and circle of a term is
determined by the weight of that term.

B.2 DETAILED MODEL DESCRIPTIONS

Aron and May in [44] demonstrated how the burden of malaria is age-determined in en-
demic areas and what happens when transmission is reduced. In their age-specific SIRS
model, the rate of loss of immunity -, depends on the transmission rate h, in the manner
described by Equation 1.1. In the model, time is represented via age of the cohort; typical
for a population that has attained its equilibrium stage of infection. The model comprises
three compartments in humans: Susceptible (S}, ), Infected (I, ) and Recovered and Im-
mune (Ry,), where the effect of mosquito is introduced through the force of infection h. In
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Figure 8 Density visualization of important areas in the map created with the most
common terms in the titles and abstracts of the included papers. The density ranges
from red highly dense points to low dense points [14].
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an infected person can recover at rate r and move directly to the susceptible class, or may
slowly acquire immunity at rate ¢q. They introduced immunity factor in their model by
subtracting the people who lost immunity, v/, from the immune class R, and adding
them to the susceptible class Sj. The plot of the simulated solution of the model Equation
3, given in Figure 1.2, reveals how prevalence changes with respect to age for different
values of force of infection. With a higher rate of infection (h = 5/yr), typical for endemic
areas, malaria prevalence rises speedily at young age up to a peak, from where it gradually
declines to a low level in adulthood, as a result of the increase in immunity. Contrarily,
prevalence is shown to have an insignificant dependence on age for low force of infection
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the citation weight/impact of that documents, whereas the position of a term, determines
the cluster of publication year to which the document belongs. Lines between documents
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Figure 10 Density visualization of document citations. The positioning of the terms in
this figure is the same with that of Figure 9. The density ranges from highly dense points
to low dense points.

(h =0.05/yr). This model predicts that in highly endemic areas, the prevalence rapidly rises
in early childhood and gradually wanes into adulthood as a result of slow acquisition of
immunity with age and time. Also, it can be seen that the prevalence in adults is highest
at intermediate infection rates. This is consistent with the infection pattern summarized
by Boyd for tropical Africa [60] and also with the speculations of some epidemiologist
that partial control, which leads to a moderate reduction of transmission from initially high
levels, could increase adult prevalence [148], [63]. While immunity to malaria generally
rises with age, especially in places with the highest forces of infection and stabilizes at
adulthood, this increase with respect to age is not noticeable at low force of infection.
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The model described in Equation 3 is an advance compared to some early models [40],
[95], [203] since it illustrates how the reduction in transmission can make things worst
for adults by diminishing naturally acquired immunity. Nevertheless, it gives a simplis-
tic description of the interaction between immune responses and the population biology
of malaria. This is because, the classification of humans into discrete categories does not
reveal the fact that malaria parasite populations can exist at various densities within the hu-
man hosts. Aron [181] has shown how such false negatives, which result in underestimation
of the prevalence among older age groups, can also confound the statistics of prevalence,
rates of infection and apparent recovery. This suggests that an accurate model will need to
abandon the approach of dividing people into discrete classes of infected and uninfected,
and move toward a more detailed description in which the clinical symptoms and the im-
mune response depend upon the magnitude of the parasite burden in the individual host.

In view of the above, Aron [43] developed age-specific density-dependent model as a
different characterization of immunity that is boosted by exposure. The model character-
izes the experience of a birth cohort based on: the asexual parasites density at age «, p(«a);
the immunity level geared against asexual parasite at age o, 7(«); and gametocyte density
at age «, g(«). The interaction between immunity and infection is modeled by assuming
that the immunity against asexual parasitemia, r increases at a rate proportional to the asex-
ual parasitemia whereas in the absence of parasitemia, it decreases. The density model is
given as

d

% =U—= (T+Tb)pa

dr

T =P pr, “4)
(6%

d .

ch = ype” "HIT 54,
(6]

where v is the influx rate of the asexual parasites (also called the force of infection) which
declines at a clearance rate r + 7, (see [146] for a robust formula for v). The clearance rate
is the sum of the rate that denotes the effect of acquired immunity r and the background
rate 1. T is the development period after which the gametocytes are produced by the
asexual parasite, J is the the clearance rate of the gametocytes. Thus, the density of asexual
parasites and gametocytes as a function of age, simulated from the above model is given in
Figure 13.

It can be seen from Figure 13 that the patterns for asexual parasites are different from
that of gametocytes. It appears that compartmental model (Figure 1.2a) characterize differ-
ent levels of endemicity better than the density model (Figure 13a). However, the density
model captures the repression of malaria as a result of reduced parasite densities, based
on the levels of usage of antimalarial drug reflected in rates of recovery. In comparison
with the compartmental model, the density model did not capture the potential of reduced
transmission to increase malaria prevalence in older age groups, as predicted in the former
model (see Equation 3). Thus, it is not wrong to expect that both models might have been
created for different cases. Perhaps, the compartmental model was intended to be used for
the study of prevalence whereas the density model seemed to be better for studying para-
site densities. As suggested by Aron [43], it could also be that each model is suitable for
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Figure 13 The density of (a) asexual parasites (b) gametocytes as a function of age
simulated using the density model [43], for different parasite influx with r, = 0.7, a =
0.3, =0.005, y=0.5, T=1and § =0.5

different ranges of infection rates. A density model could be appropriate when infection
rates are so high in the sense that one does not have the whole time to clear infection before
being reinfected, while the reverse is the case for a compartmental model. Obviously, these
arguments are either not true or unconvincing because all prevalence indicators should be
functions of density and diagnostic detection sensitivity rather than binary factors. This
density model also models a collective behavior of a group and specific individual char-
acteristics such as disease history, can not be tracked. The Aron models [43], [44] have in
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simplistically demonstrated what could happen if malaria transmission is reduced but did
not address any factor that could lead to such reductions in transmission.
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