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Abstract

The purpose of this thesis is to develop coupled multi-scale dynamics of infectious disease systems. An
infectious disease system consists of three subsystems interacting, which are the host, the pathogen, and
the environment. Each level has two different interaction scales (micro-scale and macro-scale) and is
organized into hierarchical levels of an organization, from the cellular level to the macro-ecosystem level,
and is arranged into hierarchical levels of an organization. There are two main theories of infectious
diseases: (i) the transmission mechanism theory, (ii) the replication-transmission relativity theory. A
significant difference exists between these theories in that (i) the transmission mechanism theory considers
transmission to be the primary cause of infectious disease spread at the macro-scale, while (ii) replication-
transmission relativity theory is an extension of the first theory. It is important to consider the interaction
between two scales when pathogen replication occurs within the host and transmission occurs between
hosts (macro-scale). Our research primarily focuses on the replication-transmission relativity theory of
pathogens. The main purpose of this study is to develop coupled multi-scale models of direct vector-
borne diseases using malaria as a paradigm. We have developed a basic coupled multi-scale model with
a combination of two other categories of multi-scale models, which are a nested multi-scale model in the
human host and an embedded multi-scale model in the mosquito host. The developed multi-scale model
consists of approaches of nonlinear differential equations that are employed to provide the mathematical
results to the underlying issues of the multi-scale cycle of pathogen replication and transmission of malaria
disease. Stability analyses of the models were evolved to substantiate that the infection-free equilibrium
is locally and globally asymptotically stable whenever Ry < 1, and the endemic equilibrium exists and
is globally asymptotically stable whenever Ry > 1. We applied the vaccination process as a governing
measure on the multi-scale model of malaria with mosquito life cycle by comprising the three stages of
vaccination, namely pre-erythrocyte stage vaccines, blood stage vaccines and transmission stage vaccines.
The impact of vaccination on malaria disease has been proven. Through numerical simulation, it was
found that when the comparative of vaccination efficacy is high, the community pathogen load (G g and
Py) decreases and the reproductive number can be reduced by 89.09%, that is, the transmission of malaria
can be reduced on the dynamics of individual level and population-level. We also evolved the multi-scale
model with the human immune response on a within-human sub-model which is stimulated by the malaria
parasite. We investigated the effect of immune cells on reducing malaria infection at both the between-
host scale and within-host scale. We incorporate the environmental factor, such as temperature in the
multi-scale model of the malaria disease system with a mosquito life cycle. We discovered that as the
temperature enhances the mosquito population also increases which has the impact of increasing malaria
infection at the individual level and at the community-scale. We also investigated the influence of the
mosquito life cycle on the multi-scale model of the malaria disease system. The increase in eggs, larval
and pupal stages of mosquitoes result in the increase of mosquito density and malaria transmission at the
individual level and community-scale. Therefore, the suggestion is that immature and mature mosquitoes

be controlled to lessen malaria transmission. The results indicated that the combination of malaria health
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interventions with the highest efficacy has the influence of reducing malaria infection at the population-
level. Models developed and analyzed in this study can play a significant role in preventing malaria
outbreaks. Using the coupled multi-scale models that were developed in this study, we made conclusions
about the malaria disease system based on the results obtained. It is possible to apply the multi-scale

framework in this study to other vector-borne diseases as well.
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Chapter 1

INTRODUCTION

1.1 Background of the infectious diseases

Infectious diseases remain the leading cause of morbidity and mortality worldwide, with HIV, malaria and
tuberculosis being the leading cause of most deaths [2], particularly in low-income countries, particularly
among children under 5 [3]. Infectious disease systems are described as illness triggered by organisms
(such as bacteria, fungi, viruses, or parasites) that are transmitted either directly or indirectly from an
infected person, animal or reservoir to a susceptible host [4]. Infectious disease systems are viewed as
complex systems resulting from the interconnection of three subsystems (such as pathogen, host, and en-
vironmental) and these sub-systems are organised into hierarchical levels of organisation (that is from cell
level to macro-ecosystem level), with multi-scales (i.e., micro-scale and macro-scale) [5, 6]. These dis-
eases have endangered many people for centuries. Infections can be transmitted through direct or indirect
contact with an infectious agent such as contaminated food, water, feces, bodily fluids or animal prod-
ucts, or through the air. There have been some improvements in infectious disease research, treatment,
control and eradication, but they still face major public health challenges [7]. Mathematical models of
the biological system have played an important role in improving our understanding of infectious disease
systems at different organizational levels (e.g., cellular level, tissue level, organ level, micro-ecosystem

level, host/organism level, community level, and macro-ecosystem level).

The field of mathematical models has long dealt with aspects of transmission mechanisms of infectious
disease systems [8]. Daniel Bernoulli was the first to develop a mathematical modelling of infectious

disease system in 1766, as models work on smallpox immunization [9]. Since that time until recently,
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numerous single-scale mathematical model has been formulated to display and assess the transmission
dynamics of various infectious diseases across different levels of organisation of an infectious disease
system [10]. These traditional transmission mechanisms of mathematical models can be tracked back to
Sir Ronald Ross 1916-1917 phenomenal models to investigation mosquito borne diseases [8]. In the early
1900s, Ross published a series of articles on mathematical models to explore the theory of transmission
mechanisms of infectious disease systems. Most of George McDonald’s models were developed by ex-
tending Rosss models by accounting for factors such as age-related differential susceptibility to malaria
in human populations, acquired immunity, and host-parasite spatial and genetic heterogeneity[9]. Ronald
Ross and George McDonald pioneered the theory of mosquito-borne disease transmission and the use
of mathematics to model the transmission of infectious disease systems [9]. The Ross-McDonald models
were an intentionally simplified set of models, concepts, and principles that could help illustrate certain re-
lated empirical phenomena related to pathogen transmission. The Ross-McDonald theory has contributed
to improving the study of pathogen transmission and establishing strategies for the prevention of infectious
diseases. Most mathematical models of infectious diseases in the transmission of pathogens are based on
Ross-McDonald theory. In 1927, Kermack and McKendrick proposed the first Susceptible, Infected, and

Recovered (SIR) model, refining and expanding the theory of pathogen transmission [9].

For over a century, almost all studies of infectious diseases have been based on the principle of Ross
and McDonald, which has played an important role in developing the theory of pathogen transmission
mechanisms. It is generally accepted that a better understanding of the theory of infectious disease trans-
mission mechanisms can facilitate the development of new and improved prevention and control measures
against the burdens and challenges of these infectious diseases across populations by using mathemati-
cal modeling methods [11]. The advantages of these transmission models are that they have improved
our knowledge of the impact of different disease transmission mechanisms (e.g. fecal-oral transmission,
sexual-oral transmission mechanisms, vector-borne transmission mechanisms, etc.) on the risk of in-
fectious diseases on population health. These transmission models help us to compare and assess the

effectiveness of different health interventions against these infectious diseases, either locally or globally.

1.2 Theories of infectious disease systems

Several theories have been developed to explain the infectious diseases, and the two main theories of in-
fectious diseases are (i) the transmission mechanism theory and (ii) the replication-transmission-relativity
theory [11]. The difference between these theories is that the first theory considers transmission as the
main cause of infectious disease spread at macro-scale and the second theory considers replication trans-
mission as the main cause of pathogen replication at lower/micro-scale. Scale and pathogen transmission

at upper-scale/macro-scale. These theories of infectious disease systems are described as follows:
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(1) The transmission mechanism theory: The transmission mechanism theory is based on the assump-
tion that transmission is the most important dynamic disease process at each hierarchical scale of
organization (i.e. the cellular scale, the tissue scale, the organ scale, the micro-ecosystem scale, the
host scale, the community scale, the macro-ecosystem scale) in the dynamics of infectious diseases
and the transmission can be developed to study disease dynamics at a particular scale of organiza-
tion. The majority of studies so far on mathematical modelling of infectious disease systems were
confined to a single scale of organization (host-scale), thus creating distinct systems with their own
questions. The development of these transmission models at any level are classifying at the pop-
ulation level (i.e., population of cells at the cellular scale, population of tissues at the tissue scale,
population of organs at the organ scale, etc.) into compartments in which individuals behave in a ho-
mogeneous manner. However, we have seen number of mathematical models of infectious diseases
developed based on the transmission mechanism theory. The mathematical models developed based
on transmission mechanism theory demonstrated the infectious disease system on a single scale.
Students working on infectious disease systems adopt transmission mechanism theory in their mas-
ter’s [12] and Ph.D [13] theses. This idea is based on three main transmission processes: (i) direct
transmission mechanism, (ii) environmental transmission mechanism and (ii1) vector transmitted

transmission mechanism [11]. These transmission mechanisms can be summarized as follows:

(i) The directly transmitted mechanisms are infectious disease processes built on the transmission
mechanism theory, in which transmission from one host to another occurs through host-to-
host transmission. The mechanism of transmission can be sexually transmitted infection such
as HIV/AIDS. The directly transmitted disease models are developed at the population level
that has the following compartments Susceptible, Exposed, Infected, Recovering (SEIR) and
variations of the paradigms (SI, SEI, SIR, etc.) at each hierarchical organizational level of an

infectious disease system [11, 14, 15].

(ii) Environmentally transmitted mechanisms are the infectious disease systems where transmission
of pathogens must pass through the environment to complete their disease life cycle [16, 17].
The models for environmentally transmitted disease systems have an additional compartment
of environmental pathogen load and the following compartment built at the population level,
i.e. H. Susceptible, Exposed, Infected, Recovered, and Environmental Pathogen Load (SEIRP)
and variations of the paradigms (SIP, SEIP, SIRP, etc.) [11, 15].

(iii) Vector-borne transmitted mechanisms arising due to pathogens have a complex life cycle that
requires the existence of two hosts (a vertebrate host and a vector host) for the pathogen to
complete its life cycle. These infectious disease systems are either environmental or directly
transmitted diseases [11, 18]. Vector-borne transmitted diseases have compartments for verte-

brate hosts and vector hosts.

The transmission mechanism process has certain limitations such as: being incapable to offer sys-

tem of level description of an infectious disease system that uses multiscale modeling approaches
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that address both the microscale and the macroscale. Most models of the transmission mechanism
also have limitations that are not sufficient to illustrate the phenomena of infectious disease dy-
namics that differ temporally and spatially at different scales [11]. These mathematical models
of transmission mechanism theory have failed to recognize that the infectious disease system can
be fully demonstrated by considering two bounding adjacent scales (i.e., the microscale and the
macroscale), and they focus on a disease process on a single scale. The studies on infectious disease
systems are mainly concerned with the theory of transmission mechanisms, that is of transmission

at the population level, there is very little effort devoted to replicating pathogens.

(2) The replication-transmission relativity theory: The need to consider the theory of relativity, which
accounts for events (i.e. replication of pathogens) that lead to transmission and thus accounts for
temporal and spatial variability. This theory is the extension of the first theory. The infectious dis-
ease systems that take into account pathogen replication and the theory of transmission mechanism
are called the relativity theory of replication and transmission [11]. Replication-transfer relativity
theory states that at each hierarchical level of organization of an infectious disease, there are interac-
tions between the micro-scale and macro-scale sub-models. This infectious disease system research

work addresses the replication-transmission relativity theory.

The replication-transmission relativity theory recognizes that there are two distinct processes at
each hierarchical level of organization that influence each other through a positive feedback mech-
anism at the micro-scale (where pathogen replication often occurs) and at the macro-scale (where
pathogens transmission occurs) when the dynamics of the infectious disease will spread and per-
sist. These hierarchical levels organize and shape the dynamics of infectious diseases at each level
as a multiscale loop that includes the influence between two scales (micro-scale and macro-scale)
[11]. Ateach hierarchical level of an infectious disease system, the reciprocal influence between the
micro-scale and macro-scale establishes a multi-scale cycle of pathogen replication and transmis-
sion [11]. The dynamics of infectious diseases are confronted with the circular causality of disease
processes at each of the seven hierarchical levels of organization. These will unify the multi-scale
cycle of replication and transmission. The two limiting scales (macroscale and microscale) interact
with each other through the processes of (i) superinfection/infection (movement of pathogen from
macroscale to micro-scale) and (ii) shedding/excretion (movement of pathogen from microscale to
macroscale). The macro-scale is at the population level (between cell scale, between tissue scale,
between organ scale, etc.) and the micro-scale is at the individual level (within cell scale, within
tissue scale, etc.). Frequently, the scales at which pathogen repetition and transmission take place
do not match [11]. The time scale on the microscale and the macroscale is different, that is, the
microscale has a fast time scale while the macroscale has a slow time scale. At all levels we observe
that there is pathogen replication and the process of transmission of pathogens linked by infec-
tion/superinfection and excretion/excretion processes. Studies have been concerned in transmission

mechanism theory until multiscale modeling came about. The diagram in figure (1.1) shows the
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reciprocal influence between the macroscale and the microscale.

Macroscale

Transmission mechanism theory

Infection/ super-

Multiscale dynamics infection
Shedding/ of an infectious
excretion disease system.
Microscale

Pathogen replication

Figure 1.1: Conceptual diagram of replication-transmission multi-scale cycle.

1.3 The seven fundamental levels of organisation of infectious disease sys-

tem

Infectious diseases are complex systems composed of multi-scale and multilevel dynamics. The seven
main levels of organization of an infectious disease system at which disease can be resolved, and these
levels are as follows: cellular level, tissue level, tissue level, organ level, micro-ecosystem level, host
level, community level, and macro-ecosystem. Each level of organization of an infectious disease system
is decomposed into two adjacent scales, the microscale and the macroscale, and these scales integrate in
reciprocal ways. The interaction between two adjacent scales of an infectious disease system at different
hierarchical levels of the biological organization of an infectious disease system, ranging from the cellular
level to the macro-ecosystem level, is shown in the diagram in Figure 1.2. At each organizational level
of an infectious disease system, there is an open scale boundary (enabling the bidirectional flow of infor-

mation between scales) that demarcates each level into two adjacent scales (microscale and macroscale),
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and the dynamics of infectious diseases at each hierarchical level creates a multiscale loop that entails
the reciprocal (that is, in both directions) influence of the macro-scale and the micro-scale.At each or-
ganizational level, the macroscale influences the microscale through pathogen infection/superinfection,
then follows the process of pathogen replication at the microscale. The micro-scale influences the macro-
scale through shedding/excretion of pathogens and the process of pathogen transmission takes place at
the macro-scale. These organizational levels of an infectious disease dynamics are briefly described as

follows:

I. The cellular level: The micro-scale and macro-scale of this hierarchical level of organization are the
within cellular scale and the between cellular scale, respectively. Infectious diseases, modelled
at the cellular level of organization, are diseases in which the pathogen invades specific or target
cells and damages the host cell. Integrating the intra-cell scale and the between cellular scale can
account for different types of target cells in the multiscale dynamics of infectious disease systems,
for example CD4™" T cells and microphages for HIV, red blood cells and hepatocytes (liver cells)

for malaria [3, 11].

II. The tissue level: The microscale and macroscale for this level are the within tissue and between tis-
sue scales, respectively. Infectious disease systems, modelled at the tissue level of organization,
are diseases in which the pathogen invades specific or target tissues and damages host tissues. The
different types of tissues that can be considered in the multiscale cycle of the infectious disease dy-
namics encompass the granuloma for tuberculosis, or micro-abscesses triggered by certain bacterial

infections [3, 11], epithelium, immune system, etc.

ITI. The organ level: This organizational level consists of two interacting scales, the within organ scale
and the between organs scale as a micro-scale and macro-scale, respectively. Infectious disease
modelled at the organ level are diseases in which the pathogen invades specific or targeted organs
and damages the host organ. This level of organization is described in terms of a single pathogen
strain and multiple organs/anatomical compartments. Some of the organs/anatomical compartments

are as follows: lungs, brain, intestines, kidneys, heart, liver, etc. [3, 11].

IV. The micro ecosystem level: This level of organization is demonstrated by multiple organs/anatomical
compartments and multiple pathogen strains/species replications. The various organs/anatomical
compartments such as the lungs, intestines, kidneys, heart, liver etc. are taken into account as
ecosystems. At this level of organization, the ecosystem process/interactions affect the infectious
disease system, which includes the competing species/strain interactions and the mutual interplay
between the multiple pathogen species/strains. This organizational level consists of two interacting
scales, the within micro-ecosystem scale and the between micro-ecosystems scale as a micro-scale

and macro-scale respectively [11].

V. The host/organism level: The micro-scale and macro-scale of this level are the within-host and inter-

host scales, respectively. This level of organization is demonstrated in terms of single pathogen
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species/strains as well as single host species and single community. The host-level disease system
begins with infection/superinfection of the host by the pathogen. When infection of the host by
the pathogen has successfully entered the host, replication of the pathogen at the intra-host level
follows. The technique of pathogen replication is followed by pathogen shedding/excretion into the
macroscale (between-host scale). The transmission process takes place at the macro scale. These
illustrate the multiscale cycle of pathogen replication at the host level through infection/superinfec-
tion and excretion/excretion (i.e. the influence between macroscale and microscale) that connects

the individual scale and the population scale within this level [11].

VI. The community level: Single pathogen species/strains, single host species, and multiple commu-
nities are used to demonstrate this level of organization. This organizational level has the within

community scale and the between community scale as its micro scale and macro scale [11].

VII. The macro-ecosystem level: Single pathogen species/strains, single host species, and multiple com-
munities are used to demonstrate this level of organization. This organizational level has the within
community scale and the between community scale as its micro-scale and macro-scale, respectively
[11].

The multiscale cycle can be differentiated into two types of reciprocal influence between the microscale
and the macroscale: Type I reciprocal influence and Type II reciprocal influence [11]. These reciprocal

influences are presented as follows:

(a) Type I reciprocal influence between macroscale and microscale within the levels of organisation.
In this type, the microscale influences the macroscale through pathogen shedding/ excretion (move-
ment of pathogen from microscale/lower scale/individual scale to macroscale/upper scale/popula-
tion level). The macroscale influences the microscale by initial infection. This kind of reciprocal
influence has a pathogen replication at micro-scale, the pathogen load on micro-scale increases by

the pathogen replication [11].

(b) Type II reciprocal influence between macro-scale and micro-scale within each level of organisa-
tion. In this type, the micro-scale affects the macro-scale through shedding/excretion. The macro-
scale affects the micro-scale through super-infection. This type of reciprocal influence between the
micro-scale and macro-scale has no pathogen replication at the micro-scale, the pathogen load at

the micro-scale increases due to the repeated infection [11].
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Figure 1.2: The seven hierarchical levels of organisation of infectious disease dynamics are illustrated in

this conceptual diagram.

1.4 Problem statement

Multiscale modelling of the infectious disease dynamics has recently gained acceptance in the mathe-
matical modelling community over the single-scale modelling which has mainly focused on the pathogen
transmission mechanisms theory. Infectious diseases have been a serious threat on humans across the
world, with the greatest impact in developing countries. The overall problem of the study is to re-engage
the pathogen replication-transmission relativity theory, and since the theory was published [11], there have
been few applications, although it is the overtake theory that provides a multi-scale modelling of infectious
disease systems. The fundamental problem is the malaria disease system, which remains the leading cause
of morbidity and mortality in the world. The malaria disease system has been modelled in the past, but
there are still problems. We study the malaria disease system as an example to identify hierarchical levels
of organization. There is no detailed work showing how the replication-transmission relativity theory can

be applied to the malaria disease system and possible extension to other vector-borne diseases.
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We change the whole Ross-Ronald setup that has been used to inform the modelling of malaria diseases
over the last century, we reorganize the knowledge and illustrate that every aspect we can do, for example
the issues of health interventions, environmental change system, and the human immune system can all
be incorporated into multi-scale modelling. In addition to modeling the malaria disease system at a mul-
tiscale, we hope the idea can be generalized to other vector-borne diseases. Plasmodium parasites require
both human hosts and mosquitoes to complete their life cycle in order to produce a realistic coupled mul-
tiscale model of malaria disease. There is a discussion of how health measures, environmental changes,
and the immune system influence malaria disease development. The models we develop can serve as an
important tool to address a variety of biomedical, biological, behavioral, environmental, and clinical prob-
lems related to malaria disease. The long-term contribution of biological and behavioral variability to the

effectiveness-efficiency gap.

1.5 Aim and objectives

The main aim of this study is to develop coupled multiscale models of vector-borne disease system that
consider the pathogen replication-transmission relativity theory using malaria as an example. The specific

objectives of the study are as follows:

(i) To develop a basic coupled multi-scale model of malaria disease system with replication-transmission
multi-scale cycle using fype I reciprocal influence on humans and fype II reciprocal influence on

mosquitoes.

(ii) To extend the basic multi-scale model for malaria disease system by incorporating the human liver
and blood stages and also to incorporating the vaccination process. Vaccines are also an important
control measure that has been used successfully to prevent other infectious diseases. The vaccine
prevents malaria in the stages of the life cycle of malaria and also prevents malaria infection on both

within-host scale and between-host scale.
(iii) To investigate the impact of the human immune response on malaria disease system.

(iv) To incorporate the mosquito life cycle on multi-scale model of malaria disease system and consider-

ing the environmental changes aspects.

(v) To incorporate the malaria health intervention methods on multi-scale model of malaria disease dy-
namics with mosquito life cycle. We look at the three health interventions for malaria: egg-larval-
pupa control, long-lasting insecticides treated bed nets (LLINs) and artemisinin-based combination
therapy (ACT).

© University of Venda



L
>

(o

W University of Venda

Creating Future Leaders
@)

Chapter 1 10

1.6 Preliminary of multiscale models of vector borne disease

Diseases transmitted by vectors such as mosquitoes, sand flies, black flies, ticks, tsetse flies, snails and
others are vector-borne diseases caused by parasites, viruses and bacteria. Since vector-borne diseases
have a complex life cycle, they require at least two hosts (i.e., vertebrate host and vector host). In addition
to serving as parasite carriers, vectors also serve as organisms in which parasites mature and become
infectious. There are two types of vector-borne diseases transmission mechanisms: (a) type I vector-borne
disease systems, and (b) type II vector-borne disease systems [18]. We give brief summary of these types

of vector-borne disease systems below.

a. Type I vector-borne disease systems: These are vector-borne diseases in which part of the pathogen life
cycle is outside of the two hosts (vertebrate host and vector host) [19]. Infection of hosts with this
type of vector-borne disease is caused by free-living infectious pathogens in the environment. These
types of vector-borne diseases are also environmental disease systems. Examples of type I vector-
borne disease systems are schistosomiasis in humans [20] and the guinea worm [21]. We have
classified the type I vector-borne disease system or the environmental vector-borne disease system
into three main groups, which are related to the level of organization of the infection where the
pathogen at the micro-scale and the macro-scale influence each other. These groups are described

as follows:

(i) Type I Environmentally transmitted vector-borne disease system: These are vector-borne dis-
eases in which pathogen replication is not observed at the microscale (type Il reciprocal in-
fluence between the microscale and macroscale). The transmission process occurs at a macro
scale. Pathogen load in an infected host increases as a result of superinfection or repeated
infection. Examples of environmental type II diseases are schistosomiasis [20], guinea pig

worm [21] and soil borne hookworm disease [11].

(ii) Type II Environmentally transmitted vector-borne disease system: These are environmen-
tally transmitted vector borne disease systems which has pathogen replication at the micro-
scale and transmission at the macro-scale. There use type I reciprocal influence between the
micro-scale and the macro-scale. The examples of type Il environmentally transmitted dis-
eases are are air-borne viral infections e.g. influenza [22] and food-borne bacterial infections

e.g. paratuberculosis species [23].

(iii) Type 111 Environmentally transmitted vector-borne disease systems: The pathogen repro-
duces at both the micro and macro scales in these type I vector-borne diseases. These vector-
borne type I disease systems exhibit a combination of type I and type II mutual influences,
showing the interaction between the micro and macro scales. The type III environmental dis-

eases include cholera, salmonella enterica, and anthrax[11].

b. Type II vector-borne disease systems: Vector-borne diseases, of which the entire life cycle of the

pathogen is strictly inside the hosts, are implicated in transmission of multiple-host infections[19].
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The pathogen only survives in the interior environment of two hosts in this type of vector-borne
disease system (i.e., the micro-scale). The majority of type II vector-borne diseases are spread by
blood-feeding arthropods such mosquitos, ticks, and fleas. From Garira’s work [18], we discovered

that they are two groups of type Il vector-borne disease systems which are summarized below.

i. This group of type II vector-borne disease systems that do not have a microscale pathogen repli-
cation cycle. Therefore, the reciprocal influence between the microscale and the macroscale
of this group is a type II reciprocal influence. Example for this group is malaria in the vector
host [24].

ii. This type II vector-borne disease system has pathogen-reproduce cycle at the microscale. Thus,
micro-scale influences macro-scale through reciprocal influence of type 1. Malaria is an exam-
ple of a type II vector-borne disease system, where merozoites replicate at a micro-scale in the

vertebrate host garira2019coupled.

This group of type II vector-borne disease systems that have a microscale pathogen replication cycle.
Therefore, the reciprocal influence between the microscale and the macroscale is a Type I reciprocal influ-
ence. An example of this group of Type II vector-borne disease systems is malaria. In this case we have
used malaria disease as a case study and we consider both the perspective of transmission mechanism
theory and pathogen replication that make up the disease dynamics. We also regard the malaria disease
system as the type II vector-borne disease systems. The basic problem in this study is the malaria disease
system and it has caused damage in humans, and malaria has been modeled in the past, but they still have
problems . We conduct a study of malaria disease systems at each hierarchical level of organization (the
cellular level, the tissue level, the organ level, etc.). We’re changing the entire setup used by Ronald Ross
and George Mcdonald to model mosquito-borne diseases for the past century. We expand all Ross Mc-
donald knowledge and explain that every aspect we can do, e.g. the issue of intervention, environmental
change, etc., can all be included in the multiscale modeling where the merozoite life stage has the mi-

croscale replication cycle in the vertebrate host [24].

From the recent work of Garira [3, 7], the author presents five different main categories of multiscale
models of infectious disease systems that integrate the two adjacent scales (i.e. the microscale and the
macroscale) at the time of infection disease systems. These categories are: (I) Individual-Based Mul-
tiscale Models (IMSMs), (II) Nested Multiscale Models (NMSMs), (III) Embedded Multiscale Models
(EMSMs), (IV) Hybrid Multiscale Models (HMSMs), and (V) Coupled Multiscale Models (CMSMs),
where each category has more than one class. The categorization of these multiscale models of infectious
disease systems that can be built at each of the seven levels of organization of infectious disease sys-
tems (i.e. cellular level, tissue level, organ level, microecosystem level, host level, the community level,
and the macro-ecosystem level). These categories of multiscale models of infectious disease systems are

summarized below.
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I. Individuals-based multiscale models (IMSMs): This category of multi-scale models of infectious dis-
ease systems that assume that the micro-scale sub-model illustrates the entire infection system both
at the micro-scale and macro-scales. This category of multiscale models of infectious disease dy-
namics can be built at a particular level of organisation of an infectious disease system. There is no
feedback from the macro-scale to the micro-scale and the macroscale is observed as emergent be-
haviour of the micro-scale entities. The microscale and the macro-scale are integrated through type
I reciprocal influence. There are many examples of IMSMs which are as follows: graph-theoretic

or network modeling, agent-based models (ABM), and cell automata (CA) [25-27].

II. Nested multiscale models (NMSMs): A category of multiscale models of infectious disease systems
that are built on the assumption that there is a unidirectional flow of information, i.e. only from
the microscale sub-model to the macroscale sub-model. This category of multiscale models of
infectious disease dynamics is developed at a specific organizational level. The micro-scale sub-
model and the macro-scale sub-model are integrated by Type I reciprocal influence. The micro-
scale and macro-scale sub-models must be demonstrated by the same formalism or mathematical

representation. Examples of NMSM can be found in [14, 28-30].

1. Embedded multiscale models (EMSMs): These are multiscale models of infectious disease systems
that have a bi-directional flow of information between the micro-scale sub-model and the macro-
scale sub-model. The micro-scale sub-model and the macro-scale sub-model are integrated by type
II reciprocal influences. In both the micro-scale and macro-scale sub-models, the same mathemati-

cal representation must be used. Examples of EMSMs can be found in [11, 21, 31].

IV . Hybrid multiscale models (HMSMs): These are multiscale models of an infectious disease system
that demonstrate the dynamics of infectious diseases at a specific organizational level. The micro-
scale sub-model and the macro-scale sub-model are integrated by either Type I reciprocal influence
or Type Il reciprocal influence. The formalism or mathematical representation that demonstrates the
micro-scale sub-model and the macro-scale sub-model must be different. The examples of HMSMs
of such a paired formalism are deterministic/stochastic, mechanistic/phenomenological, ordinary
differential equation (ODE)/partial differential equation (PDE), and ODE/ABM. The multiscale
models in [32-34] are examples formulated on HMSMs.

V. Coupled multiscale models (CMSMs): These are multiscale models of infectious disease systems
that include multiple levels of organization of infectious disease systems, multiple host infections,
multiple strain infections, multiple group infections, multiple pathogen infections, multiple geo-
graphic environment infections, and multiple biological environment infections. This category of
multiscale models of infectious disease dynamics integrates more than two scales and can be either
Type I reciprocal influence or Type II reciprocal influence, or a combination of both types. The
CMSMs differ from other categories of multiscale models (I, II, III, and IV), which focus on a spe-
cific combination of (i) a single host, (ii) a single pathogen, and (iii) a single organizational level

of infectious disease systems. The other four categories of multiscale models (IMSMs, NMSMs,
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EMSMs, and HMSMs) can be used as sub-models to demonstrate the dynamics of an infectious
disease system across scales at each level of biological organization [3, 11]. The multi-scale models
in [18, 20, 24, 35] are typical examples of CMSMs.

In this study, we develop a multiscale model of the malaria disease system, which is a vector-borne disease
and a direct transmitted disease, and we illustrate the validity of the replication-transmission multi-scale
cycle in the relationship between the micro-scale and the macro-scale sub-models become either demon-
strated by Type I reciprocal influence or Type Il reciprocal influence or a combination of both types. Char-
acteristics of vector-borne disease systems are (i) multiple hosts (i.e., vertebrate host and vector host), (ii)
effects of environmental change, and (iii) immune system. Therefore, in this study, we developed cou-
pled multiscale models of the infectious disease system that feature a combination of embedded multiscale
model with nested multiscale model that integrates two limiting neighboring scales at any hierarchical lev-
els of organization to study the pathogen replication-transmission multiscale cycle at the microscale and
the macro scale. We consider the embedded multiscale model in the vector-host since there is no pathogen
replication cycle within the infected vector scale and the pathogen load increases due to repeated infec-
tion, i.e. superinfection. We apply the nested multiscale model in the vertebrate host because there is
a pathogen replication cycle at the host level within the vertebrate, i.e. in merozoites. The within-host
scale affects the between-host scale through pathogen shedding/shedding, while the between-host scale
affects the within-host scale through initial infection, i.e. the pathogen load increases during the pathogen

replication cycle.

The replication transmission multiscale cycle of vector-borne diseases is influenced by factors affect-
ing vector numbers (e.g., warmer temperatures increase mosquito reproductive rates), contact between
humans and vectors, imported pathogens (e.g., migration of non-immune humans). in areas where the
disease is widespread), breeding grounds of the vectors [36]. The pathogen within the infected host scale
is an infectious disease only if it can survive and multiply (i.e., pathogen replication with the infected
host) at the infected host scale. Pathogens are very sensitive to environmental changes, i.e. temperature

and precipitation [36].

1.7 Methodology

The study focuses on coupled multiscale models of infectious disease system based on ordinary differen-
tial equations that describe the dynamics of type II vector-borne transmitted disease system at any levels of
organisation using the malaria disease system as a paradigm. We start by developing the malaria disease
system to demonstrate the transmission mechanism theory that is at the macro-scale/ between-host scale.
Then we followed by introducing the pathogen replication-transmission relativity theory to our model to
form a multiscale circle, that is the interaction between the microscale and the macroscale sub-models.

In other chapters, we consider the applications of the pathogen replication-transmission relativity theory.
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Therefore, the single scale model make use of transmission mechanism theory, whereas other chapters

with multiscale models use the replication transmission relativity theory.

In our mathematical analysis, we utilise numerous techniques to analyze all the models in this study,
which are as follows: (i) Next generation operator, (ii) fixed point theory, (iii) Center Manifold theory,
(iv) Descarte’s sign change theory, (v) Routh-Hurwitz criteria, and (vi) Lyapunov function. We conduct
sensitivity analysis to test the parameters which are sensitive to the models. We conducted sensitivity
analysis using the Latin Hypercube Sampling (LHS) and Partial Rank Correlation Coefficients (PRCCs).
The numerical simulation for the models were illustrated analytical solutions are obtained from these
multiscale models using ODE solvers in Matlab and Python, that is ODE int function in the sci.integrate
which solves systems of differential equations. These solvers are ode45 (Runge-Kutta Dormand-Prince
method of order (4,5)) with default tolerance) [37].

1.7.1 Process of Multi-scale Modelling of Infectious Disease Systems

There are four main stages need to be followed in the development of multiscale models which are ex-

plained in [38]. These stages are summarized as follows:

Stage I: The first stage involves the identification of the infectious disease problem that need to be ad-
dressed by the multiscale modelling study of infectious disease system. In this stage, the modeller
starts by state the aim and objectives of the multiscale modelling task of an infectious disease sys-
tem. The modeller needs to discover the levels of organisation to be incorporated into a multiscale
model and their associated scales. In this study of multiscale models of malaria disease system,
the invasion of malaria parasite in human begins in the liver-cells, then follows the invasion of red-
blood cells, which means the process of infection begins in at the cell-level. The study of multiscale
models of malaria disease system can be at cell-level, tissue level, organ-level, host-level, and so on.
Then there is need to decide which main categories of multiscale models which best fit your multi-
scale model. In case of our study of malaria disease system, the best category is coupled multiscale
models (CMSMs) is the malaria parasite has a complex life cycle that needs two hosts to complete
its life cycle and malaria can be studied at multiple levels of organisation. The reciprocal influence
between the micro-scale sub-model and the macro-scale also helps to decide which appropriate cat-
egories will suit for your model. In case of our model, we develop coupled multiscale model of
malaria disease system using the combination of (i) nested multiscale model in human-host where
merozoites has a replication cycle at the microscale (that is in red-blood cells) and (ii) embedded
multiscale model for vector-host where pathogen does not have a replication cycle at the micro-scale
(that is for malaria, there is no replication cycle in the mosquito vector, pathogen progress from one
stage to another). This multiscale model of malaria disease system which is linked through the

exchange of single pathogen/strain [38].
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Stage II : The second stage is to build a multiscale model of an infectious disease system using the infor-
mation gathered in the first stage. The development of multiscale model of infectious disease sys-
tem should involves the linkage of knowledge from four different multiscale modelling approaches.
These four main modelling approaches are as follows: (i) empirical-based multiscale models (E-
MSMs), (ii) mathematical-based multiscale models (M-MSMs), (iii) computational-based multi-
scale models (C-MSMs), and (iv) data-based multiscale models (D-MSMs). The process of devel-
opment of multiscale models begins with the formulation of the E-MSMs of the infectious disease
system, which is based on carrying out experiments, culture systems, clinical trials systems, obser-
vational systems, or surveillance systems which characterize an infectious disease system at mul-
tiple scales, that is where the data is being extracted. In the case of our multiscale model, we use
secondary data from the published literature. The next process is to formulate the M-MSMs which
involves the listing of the differential equations of all sub-models (i.e., within-host sub-model and
between-host sub-model), explaining the meaning of each differential equation, variables and all the
parameters utilised in the differential equations. All these differential equations, variables and pa-
rameters should be associated with each scale that integrates into multiscale model. It also involves
down-scaling and up-scaling of variables and parameters when linking/integrating two scales (that
is, micro-scale and macro-scale) into a complete multiscale model. The next process is the formu-
lation of C-MSMs, which involves the developing of computational algorithms that interpret the
M-MSMs and D-MSMs into numerical solutions and involves the use of software environments
(i.e., use of Matlab, Python, Mathematica and e.t.c.). Then the last process is the formulation of
D-MSMs that involves the transforming of multiscale data into knowledge about the dynamic of in-
fectious disease system. These multiscale data can be applied to estimate probabilistic future trend
of an infectious disease system derived from the previous behaviour characterized by the multiscale
data [38].

State III: In this stage involves the evaluation of quality of the multiscale model of the infectious dis-
ease system. This stage involves the testing of the multiscale models of infectious disease systems
by conducting multiscale model verification, multiscale model validation, and multiscale model
sensitivity analysis and uncertainty analysis. The testing of quality multiscale model involves the
examining whether it is mathematically and biologically well presented and the connection between
the variables and between the scales are correctly presented. For testing the mathematically well
posed, the modeller should use mathematical techniques to analyse the multiscale model of infec-
tious disease system. These mathematical techniques are used to determine the feasible region of
the equilibria of the multiscale scale, positivity of solutions, the basic reproductive number, the
equilibrium points of the model, local and global stabilities of the equilibrium points, and numer-
ical solutions. The conducting of sensitivity analysis assists in identifying the parameters which
can be influenced by the disease control or elimination or eradication activities of infectious disease

systems, which should be the critical points and need to be monitored and controlled during an
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infectious disease system outbreak. There is also needed to state the limitations of the multiscale

model which was developed [38].

Stage IV: In this last stage involves the use of multiscale models of infectious disease system in deci-
sion support. The process for multiscale models of infectious disease systems scientific agenda has
four main items which are related to decision support which are described in [38], these are as fol-
lows: (a) use of multiscale models as a framework for understanding the influence of functionally
organised complex systems of infectious disease dynamics, (b) utilize of multiscale models in pre-
dicting/forecasting of infectious disease dynamics, (c) use of multiscale models as strategic tools
in analysing or understanding the underlining mechanisms of infectious disease dynamics, and (d)
use of multiscale models in evaluation/analysis/formulation of policy for control or elimination or

eradication of an infectious disease system.

When this iterative scheme on four main different stages in development of multiscale model are complete,
then there should be a comparison between the results obtained and the real-world system in order to
decide/conclude whether the outcome behaviour of the model and what is observed in the system matches.
If the outcomes of the model obtained and the observation made from the system does not matches, then
there is need to modify the model and begin again the iterative scheme for the development of multiscale

model of infectious disease systems.

1.7.2 Multi-scale models and Vector-borne diseases

There are many mathematical models of malaria disease based on transmission mechanism theory, includ-
ing [39-42] and work done on malaria disease systems within host scale [43—46]. From recent studies
on the pathogen-replication-transmission relativity theory for type I vector-borne diseases (this takes into
account environmentally-related infectious diseases), for example schistosomiasis [20] and Guinea worm
disease [21] . Part of their pathogenic life cycle of these fype I vector-borne diseases lies outside of the
two hosts (vertebrate host and vector host). This type of environmentally transmitted infectious disease
systems does not have a pathogen replication cycle at the micro-scale, rather there are only developmental
stages of the pathogen that occur at this scale, while a process of pathogen transmission occurs at the
macro-scale. Therefore, they integrate the micro-scale and macro-scale using the Type II reciprocal influ-

€nce.

In the following, an overview of some of the existing coupled multiscale models that have been developed
to describe the multiscale dynamics of fype Il vector-borne diseases is given. Agusto [35] developed a
deterministically coupled multiscale model that combines the effects of microscale and macroscale dy-
namics on the fype II transmitted disease system (i.e. the dynamics of malaria disease). They developed
four sub-models (within-host scale, within-vector scale, between-host scale and between-vector scale) and

these sub-models are linked using nested multi-scale models. Their coupled multi-scale model was built
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at the host level. They use the transmission mechanism process in the macro-scale sub-models (between-
host-scale and between-vector-scale) and use the replication process in the micro-scale sub-models (intra-
host-scale and intra-vector-scale). In their model they use the Type I reciprocal influence between the
macro-scale and the micro-scale, i.e. the macro-scale affects the micro-scale through initial infection,
while the micro-scale affects the macro-scale through shedding/excretion of pathogens. We differentiate
our multi-scale model with the model in [35], i.e. our model uses community pathogen load as a common
metric for infectivity and disease transmission potential, while in [35] pathogens within the host are used
as a measure of disease transmission, while the disease class between hosts (i.e., the infected class) is used

as a measure of disease transmission .

Cai [34] adopted a hybrid multi-scale model approach for the dynamics oftype Il vectors that incorpo-
rates the vertebrate immune response to malaria transmission. They use age-structured partial differential
equations for the between-host sub-model, they describe the asymptomatic and symptomatic infectious
host population for malaria transmission. In their within-host sub-model, they use ordinary differential
equations (ODESs) to demonstrate the replication of the malaria pathogen. When linking their sub-models,
they use the mutual influence of type I, which demonstrates the interaction between the within-host scale
and the inter-host scale. Your model was developed at the host level. Their model is difficult to simulate

because one has to simulate their various components separately using special methods

Legros [47] worked on the evolution of resistance in a complex process influenced by transmission
between-host dynamics and pathogen replication in intra-host dynamics. Their aim of the study was
to investigate how these processes can be integrated at the micro-scale and macro-scale to influence the
development of multi-pathogen infection (i.e. resistance in malaria parasites). They used a coupled mul-
tiscale model since the life cycle of the malaria parasite involves two hosts (i.e. the human host and the
mosquito host). They also use nested multiscale models to link the within-host and the between-host
scales (i.e. they apply Type I mutual influence between the microscale and the macroscale). They use a
stochastic modeling framework to link transmission of malaria pathogens at the macro level and explicit

pathogen replication at the micro level for two competing strains.

1.8 Outline of the thesis

Here is how the thesis is structured:

* Chapter 2 deals with the development of a single-scale model for the malaria disease system that
only considers the theory of transmission mechanisms. We need to address the problem reflected in
the epidemiological triad theory, which asserts that infectious diseases are the result of the interac-
tion of three subsystems: host, pathogen, and environmental subsystems. The pathogen subsystem

is not included in the SEIR models for directly transmitted diseases, and the direct transmission
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mechanism shows the interaction of two subsystems: the host subsystem and the environmental
subsystem. The extension of current models to multi-scale models is not realistic. For example,
the time-since-infection models have pathogens at the microscale but no pathogen burden at the
macroscale. Tracing the pathogen life cycle from the microscale to the macroscale becomes diffi-
cult when the two stages are linked. Integrating the two scales is particularly difficult because the
scales have different units. In this chapter, we develop a directly transmitted mechanism of a vector-
borne disease system with a community pathogen load (CPL) that can be extended to a multiscale

model of the infectious disease system.

* From Chapter 3 to Chapter 7, we use the malaria disease system as an example to demonstrate the
applicability of multiscale models of directly transmitted infectious disease systems with pathogen

load at micro-scale and community pathogen load at macro-scale.

* Chapter 3 deals with the development of a basic coupled multiscale model of the malaria disease
system by using the multiscale replication-transmission cycle with type I reciprocal influence on

humans and with type II reciprocal influence on mosquitoes.

* In Chapter 4, extend the basic multi-scale model for malaria disease system by incorporating the

human liver and blood stage and extend by incorporating the vaccination processes.

* Chapter 5 deals with investigation of the impact of the human immune response on multi-scale

model of malaria disease dynamics.

* In Chapter 6, we investigate the mosquito life cycle on multi-scale model of malaria disease system

and considering the impact of environmental changes.

* In Chapter 7, we investigate the impact of malaria health intervention methods on multi-scale model

of malaria disease dynamics with mosquito life cycle.

* Chapter 8 provides conclusion and future research directions.
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Chapter 2

A New Modelling Framework for Single
Scale Models of Disease Dynamics

Incorporating Direct Transmission

2.1 Introduction

One of the limitations of the transmission mechanism theory is that there is no common modeling frame-
work to understand both directly transmitted infectious diseases and those that are environmentally trans-
mitted. As aresult, there is no measure of transmission or infectivity for either directly transmitted diseases
or environmentally transmitted diseases. For direct communicable diseases, incidence and prevalence are
the most common transmission metrics. However, for the dynamics of environmental disease, pathogen
load is used as a measure of disease transmission. There is a need for a unified and standardized approach
to modeling both direct and environmentally transmitted diseases. In an effort to address this limita-
tion of transmission mechanism theory, we have proposed a new model science for directly transmitted
diseases similar to an existing model science for environmentally transmitted infectious diseases. The
method development for directly transmissible infectious disease models proposed in this study is based
on the introduction of pathogen load as a new infectious disease variable, which is then used to define
infection strength and transmission probability in models of disease dynamics. This transforms stan-
dard disease dynamics models based on Susceptible, Exposed, Infected, Recovered (SEIR) and variations
of this paradigm (SI, SIS, SIR, etc.) for directly transmitted infectious diseases into disease dynamics

models that are similar to the existing models for environmentally transmitted infectious diseases based
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on Susceptible, Exposed, Infected, Recovered Pathogen Load (SEIRP) and variations of this paradigm
(SIP, SISP, SIRP, etc.) where the community-wide pathogen load/pool in the environment is explicitly
included in disease dynamics models.At the central to this modeling framework is the idea of using the
total infection reservoir of the scale of analysis (TIR-SA) as the standard metric for disease transmission.
This new metric of disease transmission is obtained by upscaling individual infectivity populations for
directly transmitted infectious disease systems. The usefulness of such simple models is that they predict
pathogens, the utility of which is threefold: [a.] as a measure to assess the effectiveness of treatment, [b.]
as an indicator of a scale of community infectivity and likelihood of transmission, and [ c.] as a proximal

marker for the occurrence of infectious diseases and the possible spread of the disease.

2.1.1 Malaria Model Based on Direct Transmission Mechanism

[I. ] Direct transmission of malaria in the human population: This sub-model is described by an SIS
model. This sub-model is formulated based on monitoring the dynamics of two populations which
are susceptible humans Sz, and infected humans Iz so that the total human population is given by

Np = Sy + I;. We make the following assumptions for this sub-model.

[i. ] There is no herd immunity in the human population as a result of prior exposure to the malaria
infection or vaccination.

[ii. ] The infected human population can recover naturally from malaria infection.

[iii. ] The transmission parameter Ay is a function of the number of infected mosquitoes so that
)\V = Av(Iv).
[iv. ] The dynamics of Sy and [y are assumed to occur at slow time scale ¢ compared to the

within-human and within-mosquito submodels for malaria parasite population dynamics so
that Sy = SH(t) and [ = IH(t)

Based on these assumptions the malaria transmission dynamics using the human organism scale as

the scale of observation and the community scale as scale of analysis becomes

dSg(t)

Direct transmission 1. i = Ay — BvAv(Ily)Su(t) — paSu(t) + yuln,
of malaria
h dlp(t)
among humans 2. dt = BV)\V([V)SH(t) — |HH + 5H + ’YH} IH(t)'

2.1.1.1)

The first equation in sub-model system (2.1.1.1) describes the dynamics of susceptible humans. The
population of susceptible humans is assumed to increase at a constant rate Ay through birth. This
population is depleted through infection of susceptible humans at a variable rate Ay (/i) and natural
death at a constant rate pzy. The population of susceptible humans also increases through natural

recovery of infected individuals at a rate vg. The second equation in sub-model system (2.1.1.1)
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describes the dynamics of infected humans. This population increases through infection of suscep-
tible humans and decreases through natural death at a rate p g7, through disease induced death at a

rate 077 and through natural recovery at rate .

[II. ] Direct transmission of malaria in the mosquito population in the Kermack-McKendrick Frame-
work: This sub-model is described by an SI model and describes the transmission of malaria para-
site from infected humans to susceptible mosquitoes. We make the following assumptions for this

sub-model.

[i. ] The infected mosquitoes do not recover naturally from malaria infection.

[ii. ] The transmission parameter Ay is a function of the number of infected humans so that Ay =
Aa(L).
[iii. ] The dynamics of Sy and [y are assumed to occur at slow time scale ¢ compared to the

within-human and within-mosquito submodels so that Sy = Sy (¢) and Iy, = Iy (¢).

Based on these assumptions the malaria transmission dynamics using the mosquito organism scale

as the scale of observation and the community scale as scale of analysis becomes

dSy (t)

Direct transmission 1. i = Av — BaAu(Ig)Sv(t) — pvSv(t),
of malaria
. dly(t
among mosquitoes 2. O gy ni () (®) — [y + v 10 )

(2.1.1.2)

The first equation in sub-model system (2.1.1.2) describes the dynamics of susceptible mosquitoes.
The first term on the right-hand side of this equation models the increase of susceptible mosquitoes
through birth. The susceptible population of mosquitoes decreases through natural death at a con-
stant rate py, and through infection by humans at a variable rate Ag7 (/7). The second equation
in sub-model system (2.1.1.2) describes the dynamics of infected mosquitoes. The population of
infected mosquitoes increases through infection of susceptible mosquitoes at a rate Ag7(Iz7). The
same population decreases through natural death at a constant rate py, and also through infection

induced death at a constant rate dy,.
Putting together all the various derivations and assumptions the complete model for malaria transmis-

sion dynamics at the organism scale of observation (human organism and mosquito organism) and the

community scale of analysis becomes
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1. dSCIZ;(t) = Ay — BvAv(Iv)Su(t) — puSu(t) + valu,
b::eacia;;acr;:jial 2 dlgt(t) = BvAvIv)Su(t) — |p + g +vu |[Iu(t),
me::rljzzzzstili):ory 3. dS;;(t) = Av — BaAu(In)Sv(t) — pv Sy (1),
4. ‘”;t(t) = B (In)Sv(t) — [y +ov] v (t).

(2.1.1.3)

We now re-cast this model of malaria into the proposed new modelling framework.

2.1.2 Malaria Model in the Proposed New Modelling Framework

If we assume that host (scale of observation) infectiousness is constant for a given host (scale of obser-
vation), for the entire duration of host infectiousness, but varies among hosts in a discrete way (e.g. by
distinguishing several disease classes of hosts) so that average host infectiousness (determined by average
pathogen load at the scale of observation) may be calculated, then we may get direct transmission models
being of infectious disease system. In this case, details of pathogen-immune system interactions (which
characterizes the replication and persistence of the pathogen within an infected host) at within-host scale
are not modelled explicitly, instead, their interaction is rected in the choice of parameters used to char-
acterize the between-host model which is represented mechanistically. Then we have a hybrid multiscale

model of the mechanistic/phenomenological nature.

The first step in the integration of the two submodels is to make assumptions about the relationship be-
tween the dependent variables of the within-human and within-mosquito malaria parasite load dynamics
which are Nj and N, and the parameters of the human-to-mosquito and mosquito-to-human malaria
parasite transmission at epidemiological scale which are Ay (/) and Ay (If). Details of the specific

derivations and assumptions are as follows:

[a. ] Further, we assume that the transmission parameter in the mosquito-to-human malaria transmission
sub-model, Ay is not just a function of the vector population alone Iy (¢), but of both the vector
population Iy (t) and sporozoite population IV, so that A\yy = Ay (N, Iy (t)). The net effect of this
assumption is to up-scale individual mosquito infectiousness NV, to population level or community
level infectiousness NV, Iy (¢). In addition, we interpret the quantity IV, [y (¢) to be a new variable
at epidemiological scale which we now denote by Py (¢) so that Py (t) = N,Iy(t), which is a
product of the average individual infected mosquito’s sporozoite load and the number of infected
mosquitoes. Here, Py/(t) is the total infectious reservoir of mosquitoes in the community which

we refer to in this study as community sporozoite load. In terms of community sporozoite load,
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the transmission parameter for mosquito-to-human malaria transmission sub-model becomes Ay =
Av (Py(t)). We further assume a Holling type II functional form of the function Ay (Py) so that the
force of infection, denoted here by Ay (t), associated with infectivity of the community to humans

becomes

Av(t) = AvlPy ()] = m

where [y is the exposure rate to a community with a population Py of sporozoites per unit time,

(2.1.2.1)

Py is the community sporozoite load that yields 50 percent chance of getting a human host infected

with malaria after a bite by a mosquito in a particular community and

Av[Py(t)] = By Py (1)

w0t (2.1.2.2)

is probability that a random bite by a mosquito vector in a particular community with a community
sporozoite load Py (¢) will infect the individual with malaria in that community. However, Py (t),
is a new variable at epidemiological scale which we have just introduced. In order to derive the dif-
ferential equation governing Py (¢), then the rate of change of community sporozoite load Py (t), in
the entire community made of [y (¢) unevenly distributed habitats/environments in the community

becomes
dPy(t)

dt

= Nya, Iy (t) — avpv(t), (2.1.2.3)

where «,, is the shedding/excreting rate of the within-mosquito scale pathogen load to the commu-
nity sporozoites load. ay is the rate of sporozoite elimination in a particular geographical area/-
country/community so that the process of sporozoite elimination of community sporozoite load in
a particular geographical area/country/community takes an average of 1/ay days. Since Py (t) is
the total infectious reservoir of mosquitoes in a particular community defined here as community
sporozoite load, then 1/«y days is the average time to eliminate the total infectious reservoir of
mosquitoes and render all mosquitoes in a particular community non-infectious. Taking into ac-
count these derivations and assumptions the mosquito-to-human malaria transmission sub-model

which is now coupled to the within-mosquito parasite population dynamics becomes

1. dSCI;f(t) =Ayg — MSH@) —pugSyt) +yulg(t),

dIu(t) _ Byt

2 = t) — O | Ig(t 2.1.24
i P0+Pv(t)SH() pe + v+ 08 [ IH(), ( )
dPy (t
3. ;t( ) _ Ny Iy () — ay Py ().

Community sporozoite load (CSL) Py (t), which is also a measure of the total infectious reservoir

of mosquitoes in the community, is defined in this study as an aggregate population-level biomarker
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of a community’s sporozoite burden over a specific time period and is being proposed in this study
as a useful metric for assessing the overall impact of malaria health interventions targeted at the
mosquito vector or the uptake of malaria interventions targeted at the mosquito vector and quanti-
fying their impact on transmission of malaria from mosquitoes to humans. In line with a similar
metric for HIV/AIDS [48, 49], we therefore propose that this new public health measure of malaria
transmission should be operationalized in the assessment of the path from control to elimination for
malaria transmission in a particular community as (a) an indicator of a community’s level of infec-
tiousness and transmission probability of malaria to humans, (b) a measure of the effectiveness of
malaria interventions targeted at the mosquito vector, and (c) a proximal maker of malaria incidence

among mosquitoes and their potential to propagate malaria to humans.

[b. ] Finally, we assume that the transmission parameter in the human-to-mosquito malaria transmission
sub-model, Ag is not just a function of the human population alone Iz (¢), but of both the human
population Iz (t) and gametocyte population Ny, so that Ay = A7 (NI (t)). The net effect of this
assumption is also to up-scale individual human infectiousness Ny, to population level or community
level infectiousness Ny, Iy (). In addition, the quantity Nj,I(t) is also a new variable at epidemi-
ological scale which we now denote by G (t) so that Gy (t) = NpIg(t), which is a product of
the average individual infected human’s gametocyte load and the number of infected humans. Here
G () is the total infectious reservoir of humans in the community which we refer to in this study as
community gametocyte load. In terms of community gametocyte load, the transmission parameter
for human-to-mosquito malaria transmission sub-model becomes A\ = A\ (Gg(t)). We further
also assume a Holling type II functional form of the function A7 (G fr) so that the force of infection,

denoted here by A (t), associated with infectivity of the community to mosquito becomes

Air(t) = A (Crr(t)) = 22 0)

= G Gl (2.1.2.5)

where S is the exposure rate to a community with a population G g7 of gametocytes per unit time,
G is the community gametocyte load that yields 50 percent chance of getting a mosquito vector

infected with malaria after a bite of a human host by a mosquito in a particular community and

Au[Gu(t)] = PrGnlt)

= Gt Cn @’ (2.1.2.6)

is the probability that a random bite of a human host by a mosquito vector in a particular community
with a community gametocyte load G 7(t) will infect the mosquito with malaria in that community.
However, because G (t), is also a new variable at epidemiological scale which we have just intro-
duced. In order to derive the differential equation governing G (t), since at any time ¢ we have
a total of Iy (t) of these contaminated habitats/environments contaminated with an average of N},
gametocytes, then the rate of change of community gametocyte load, G g (t) in the entire commu-

nity made of Iz (¢) homogeneous and unevenly distributed habitats/environments in the community
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becomes

dG;{t(t) = Npaply(t) — agGg(t), (2.1.2.7)

where «y, is the shedding/excreting rate of the within-human host scale pathogen load to the com-
munity gametocytes load. oy is the rate of elimination of this total infectious reservoir of humans
in the community so that the process of gametocyte elimination in a particular geographical area/-

country/community takes an average of — days. Since Gy () is the total infectious reservoir
ay

of humans in a particular community defined here as community gametocyte load, then L days
is the average time to eliminate the total infectious reservoir of humans and render all hl?rgans in
a particular community non-infectious to mosquitoes. Taking into account these derivations and
assumptions the human-to-mosquito malaria transmission sub-model which is now coupled to the

within-human parasite population dynamics becomes

dSy(t) _ BuGr(t)
1. 7 =Ay — mSV(t) — ,UVSV(t),

dlv(t) _ BuGul(t)
270 T Gt GH(t)Sv(t) - [uv + 5v}lv(t), (2.1.2.8)
3. dGCZ(ﬂ = Nponlp(t) — apGp(t).

The total infectious of the scale of analysis Gz () when the human organism is the scale of obser-
vation, which is also a measure of the total infectious reservoir of humans in the community [24]
(because the community scale is the scale of analysis), is defined in this study as an aggregate
population-level biomarker of a community’s gametocyte burden over a specific time period and is
being proposed in this study as a useful public health measure of malaria transmission for assess-
ing the overall impact of malaria health interventions targeted at the human host or the uptake of
malaria interventions targeted at the human host and quantifying their impact on transmission of
malaria from humans to mosquitoes. We therefore propose that this new measure should be oper-
ationalized in the assessment of the path from control to elimination for malaria transmission in a
particular community as [a.] an indicator of a community’s level of infectiousness and transmission
probability of malaria to mosquitoes, [b.] a measure of the effectiveness of malaria interventions
targeted at the human host, and [c.] a proximal maker of malaria incidence among humans and their

potential to propagate malaria to mosquito vectors.

Based on all the derivations, mentioned assumptions, the diagram presented in Fig. (2.1) and description
of variables in Table (2.1), the complete model for malaria transmission dynamics at the organism scale

of observation (human organism and mosquito organism) and the community scale of analysis becomes
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dSu(t) BvPy(t)
1. = Ay — ——FF5(t) — St Ig(t
o o T Py (D) 1 (t) = paSu(t) +vulu(t),
dly(t) By Py (t)
2. = Sy (t) — B) In(t),
i Pot PriD) 1 (t) = (p + 0 + va)1u(t)
dPy(t
Malaria model 3. dt( ) = Nyawly(t) — av Py (1),
in the new
framework 4 dSy(t) _ Ay — PuGut) Sy (t) — py Sy (t
S Y Gt G0 v(t) = pvSv(t),
dly(t) BaGu(t)
5. = Sy (t) — ov)Iv(t),
pn Got Gu(D) v(t) = (uv + 6v)Iv(t)
dGg(t
6. CZ( ) = Nhah[H(t) - OéHGH(t),
(2.1.2.9)
No | Variable | Description
1 Su(t) | Population of susceptible humans at time ¢
2 Iy(t) | Population of infected humans at time ¢
3 Gy (t) | Total infectious reservoir of humans (gametocyte load) of the
scale of analysis at time ¢
4 Py (t) | Total infectious reservoir of mosquito vectors (sporozoite load) of
the scale of analysis at time ¢
) Sy (t) | Population of susceptible mosquito vectors at time ¢
6 Iy (t) | Population of infected mosquito vectors at time ¢

Table 2.1: Table of variables and their description for the malaria model 2.1.2.9. For this malaria model,

the scale of analysis is the community scale.
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Figure 2.1: A conceptual diagram of the new model of malaria transmission dynamics based on the
transmission mechanism theory using the organism scale (human organism and mosquito organism) as

the scale of observation and the community scale as the scale of analsysis.

© University of Venda



University of Venda
reating Future Leaders

s

Chapter 2 28

2.2 Analysis of the Model

We provide some qualitative analysis of the malaria model in this section. The aim is not to introduce new
mathematical methods, but to show that the same simple methods for analyzing current models of disease

dynamics are applicable to the proposed new modelling framework.

2.2.1 Positivity of solutions of the malaria model

Since the model given by (2.1.2.9) describes human, mosquito, and malaria parasite populations, all pa-
rameters in the model are non- negative and it can also be shown that the solutions of the model (2.1.2.9)
are non-negative, given non-negative initial values (Sg(0), Ir7(0), G (0), Sy (0), Iy (0), Py (0)), the so-
lution/trajectories (Sg (t), I (t), Gu(t), Sv(t), Iy (t), Py (t)) of the model (2.1.2.9) will remain positive
forall t > 0, so should be in consistence with the basic aspect of the biological reality. This is summarized

in the following theorem.

Theorem 2.1. Given that the initial conditions of the system of equations (2.1.2.9) remain non-negative
(i.e. S (0), Ig(0) >0, Gy (0) >0, Sy(0) >0, Iyy(0) > 0, Py(0) > 0), the resulting solutions (S (t),
Ig(t), Gu(t), Sv(t), Iv(t), Py(t)) are all positive for all t > 0.

Proof. From the system of equations (2.1.2.9), a differential inequality which demonstrates the dynamic

of susceptible human population in time is given by

dSx(t)
dt

> —(Av(t) + pm)Su(t). (2.2.1.1)

Hence, the expression of the differential inequality (2.2.1.1) can be solved by the separation of variables

as follows
dSu(t)

Su(t)

> —(Av(t) + pp)dt. (2.2.1.2)

We letting
t=sup{t>0:Sy >0,y >0,Gyg >0,Sy>0,1Iy>0,P, >0} <01,
and integrating equation (2.2.1.2), we thus have
t A A,
In(Sy(t)) > —(pumt —|—/ Ay (t)dt) + In(SH(0)). (2.2.1.3)
0

Therefore, the solution of the differential inequality for the susceptible human population is given by

S(t) = Sy(0).exp {—(ugt + /Ot Av(f)df)} > 0. (2.2.1.4)
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This implies that

im i > 0. 2.1

tgnoo inf(Sg(t)) >0 (2.2.1.5)

Based on the same principle, it can be shown that

lim inf(Ig(t)) > 0. (2.2.1.6)

t—00

Using the last equation of the system of equations (2.1.2.9) that shows the evolution of the community

gametocyte load, we can have the following differential inequality:

dG (1)
dt

> —apgGyl(t). (2.2.1.7)

Thus, by the separation of variables we obtain

Gu(t) > Gg(0).exp{—agt} > 0. (2.2.1.8)
This implies that
tgnoo inf(Gg(t)) > 0. (2.2.1.9)

Using the same principle, it can be shown that

0
0

tgnoo inf(Sy (1))
tgnoo inf(Iy (1))

(
lim inf(Py(t)) > 0.

t—ro0

v

)
)

)
)

v

(2.2.1.10)

The solution of the model, when starting with non-negative initial conditions in the system of equations

(2.1.2.9), will remain non-negative for ¢ > 0, and this completes the proof. O

2.2.2 Boundedness of solutions of the malaria model

In order to analyze the model (2.1.2.9), we split it into four parts, namely the human population, mosquito
population, community gametocyte load and community sporozoite load. Consider the biologically feasi-

ble region consisting of

Q=0 xQy x Qs x Up CRY xR xRy x Ry (2.2.2.1)

where
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( A
Qp = {(SH,IH) €ERI:0< Ny < i},
25z
2 Ay
Qu = {(SV>IV> ERT:0< Ny < 7},
1247
(2.2.2.2)
NpapA
Og = {GHeR+:ogGHgM}
QHMH
Ny, A
Qp = {Pve]R_F:OSP\/SM}.
\ ay py

We follow the following steps to establish the positive invariance of €). Adding equations (1) and (2) and
also adding equations (4) and (5) of model system (2.1.2.9) gives,

dN dN
1. =8 = Ag — puNyg —duly, 1. —H2 <Ay —prNy,
dt dt
d N7 dN7
2. =V = Ay — uv Ny — dv Iy, 2. — Y < Ay — puv Ny,
dt dt
=
dP dP
3. “ Y — Ny —ayvPy, 3. “V < Nya,Ny — ay Py,
dt dt
dG dG
4. TtH = Npoplg — agGy. 4. TtH < NpapNg — agGy.
(2.2.2.3)
From which we obtain
gt AH — gt
1. Nu(t) < N (0)erut ¢ 21 [1 ek ]
122;
—uyt Ay —puyt
2. Ny (t) < Ny (0)e vt 4+ —[1 _ ey }
1%
2.2.2.4)

NU UA —
3. Py(t) < Py(0)e vt 4 202V [1 —e avt],

pyay

+ Nronha [1 — e_aHt} .

4. Gy (t) < Gp(0)e vHt
a(t) < Gg(0) e

where Ng(0), Ny (0), Py(0) and G (0) represent the values of total human population, total mosquito
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population, community sporozoite load (total infectious reservoir of mosquitoes) and community game-
tocyte load (total infectious reservoir of humans) evaluated at the initial values of the respective variables.

Taking the limit as time gets large, we get the following expressions.

r ) AH
. < -
L lim sup(Np (1)) < s
Ay
. i < -
2 tlggo sup(Ny (t)) < iy
(2.2.2.5)
Nya, A
3. lim sup(Py (1)) < 2V
t—oo ay Uy
NyoapA
4. lim sup(Gg(t)) < AR
t—o0 agpg

Thus, the region € is positively invariant. Therefore, it is sufficient to consider the dynamics of the
flow generated by (2.1.2.9) in 2 . In this region, the model is epidemiologically and mathematically
well-posed. Thus, every solution of the mode (2.1.2.9) with initial conditions in {2 remains in € for all
t > 0. Therefore, the 2-limit sets of the model (2.1.2.9) are contained in 2. We summarize this result in

Theorem 2.2 below.

Theorem 2.2. The region 2 = Qg X Qy X Qa X Qp C R?&- X Ra_ x Ry x Ry is positively invariant for

the model system (2.1.2.9) with non-negative initial conditions in Ri.

2.2.3 Determination of the Basic Reproductive Number

An important question in malaria elimination is: how far has a particular scale of analysis gone in elimi-
nating malaria and what more remains to be done? If a strategy for control interventions is that a particular
scale of analysis has achieved Ry < 1, then it is possible that maintaining current coverage levels of in-
terventions would continue to reduce malaria transmission at a particular scale of analysis. However, if
Ry > 1, this gives way to an increase of malaria transmission at a particular scale of analysis. To obtain
the reproductive number of the model system (2.1.2.9) we first obtain the disease-free equilibrium point
by setting the left-hand side of this model equal to zero and also assume that /g = Iy = Gg = Py =0
for the community scale as the scale of analysis. Thus we get

EY = (S%,I%,P‘(},S‘O/,I‘O/,GOH) =

(Ai Av ) (2.2.3.1)

) 07 07 I 07 0
H KV
where EY denotes the disease-free equilibrium of the model system (2.1.2.9). The local asymptotic sta-

bility of E° can be established using the basic reproductive number. In this study, we calculate the basic

reproduction number of the model system (2.1.2.9) by using the next generation matrix approach [50].
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In this case, the second and the third equations of the model system (2.1.2.9) form a subsystem that de-
scribes the generation and transition of infectious humans and the community pathogen load that are used
to calculate Rg. The Jacobian matrix associated with the linearized subsystem evaluated at the disease

free equilibrium point, E°, of the model system (2.1.2.9) is given by

A
—(pE +0m + vH) @gug 0 0
0 —Qay Ny, 0
J(Ep) = (2.2.3.2)
A
0 0 lav i) P
Npap, 0 0 —ap

Then, J(E°) is decomposed into two matrices F' and V such that J(E®) = F' — V, where F is the trans-
mission and non-negative matrix describing the generation of secondary infections, and V' is the transition
and non-singular matrix, describing the changes in individual states such as removal by death, recovery
or excretion of gametocytes into the blood plasma by infected humans in the community. Following [51],
we can give two different biological interpretations of the disease compartments and hence different next
generation matrices from (2.1.2.2), to get two different R expressions for the compartmental single scale
model (2.1.2.9) as follows.

[a. ] Assume that the community pathogen load is an extended state of host infectiousness: This assump-
tion holds since we upscaled individual host infectiousness Gy, (s) to population level infectiousness
G (t) and also the upscaling of within-mosquito host infectiousness P,(s) to population level in-
fectiousness Py (t). In this case, the shedding of gametocytes (i.e. Npay) into the blood plasma
and the shedding of sporozoites (i.e., N,a,,) into the mosquito salivary glands are placed in the V

matrix rather than in the F matrix, so that matrices F' and V become

o DA 5
Popy (g +0m+yu) O 0 0
0 0 0 0 0 oy Nyay, 0
Fp = A (12.3.3)
0 0 0 Buly 0 0 (ay+dy) O
Gopv
Nypap, 0 0 ap

and
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1 0 0 0

(tE + 00 +vH)
1 Nyay,
0 = - < 0
ay  ay(py +0y)
vit= (2.2.3.4)
1
0 0 0
(v +dy)
N,
_ hQt, 0 0 1
QH(NH+5H+7H) 1624

Then the next generation matrix, M; = Ff VI_1 is given by

0 Bv A —Nya,  BvAg 0
avPopn  (av +06v) ayPoun
0 0 0 0
Mr; =
—Npayp, BuAv BuAv

. 0 0 _
(km +6g +vm) agGopy agGopy

0 0 0 0

(2.2.3.5)

The basic reproductive number is the spectral radius (dominant eigenvalue) of the matrix F]Vfl,

that is, R) = p(FIVI_l). Therefore, in this case, the basic reproduction number of the model
system (2.1.2.9) becomes

Ny, AHBV

_ Npap, AvBu
Ry =p(FVi ) =2 :
o =pFrV] ) (by + 0v) pray Py

(k401 + vE) pvanGo

(2.2.3.6)

[b. 1 The community is assumed to act as a reservoir of the infective pathogen: This assumption also
holds since Nap and N,a, are the rates that describes how much malaria pathogen load each
infected individual (mosquito or human) contributes to the community pathogen load during their
entire period of infectiousness. In this case, the shedding rate of malaria parasite (i.e. Npayp and

Nyaw) are placed in the F matrix rather than in the V matrix, so that matrices ' and V' derived from
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matrix (2.2.3.2) become
Bv A
0 0 0
Py
0 0 Ny, 0
F[[ = ’
A
0 0 0 BuaAv
Gopy
NhOdh 0 0 0
(we + 0 +vm) 0 0 0
0 ay 0 0
Vir = (2.2.3.7)
0 0 (ay+dy) 0
0 0 0 o
and .
0 0
(ue + 61 +vm)
1
0 — 0 0
ay
V= (2.2.3.8)
0 L 0
(av +dv)
1
0 0 0 —
g
Then the next generation matrix, M;; = Fiy VI_I1 is given by
A
0 BvhAn 0 0
ay Popy
0 0 _Noay 0
(uyv +6v)
My = (2.2.3.9)
0 0 0 M
agGopy
N,
hah 0 0 0

(wrr + 0 + vmr)
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The basic reproductive number is also the spectral radius (dominant eigenvalue) of the matrix
Fy IVI}I, that is, R(I)I = p(F; IVI}I). In this case, the basic reproduction number of the model

system (2.1.2.9) becomes

Nyay, Av B
(wm +0m +vm) pvauGo

Nyoy, AHﬁV
(bv +6v) paav P

Rél _ p(FHVI}I) _ 4 (2.2.3.10)

Therefore, the model system (2.1.2.9) is shown to have two reproductive numbers which are given by
equation (2.2.3.6) and equation (2.2.3.10).

The two basic reproductive numbers Ré and Rél have each four main components which are: (i) the
human-to-community partial reproductive number (R¢), and (ii) the community-to-mosquito partial
reproductive number (Rcv ), (iii) the mosquito-to-community partial reproductive number (Ry¢), and

(iv) the community-to-human partial reproductive number (R¢ ) so that

Nyay, Av B Nyay, A By
1. RL= 2 . = YRucRev . Rve Row,
(ne + 6 +vm) hvarGo | | (uv +0v) prov Py VRucRev Rve-Ren
(2.2.3.11)
Nyap, Av B Nyay, Ay By
2. R = ¢ . = YRuycRov.Rve-Remw.
" (m +0m + 1) pvanGo | | (uv +0v) prav Py VRucRev Rve-Ren

Therefore, the basic reproductive number Ré or Rél in the human-to-human or mosquito-to-mosquito for

human malaria transmission is made up of the following four partial reproductive numbers as follows.

[i. 1 The human-to-community partial reproductive number (R c): This partial reproductive number is

given by
Nypay,

(pe +6m +vm)

This is the average amount of infectious reservoir contributed to the community gametocyte load

Ruc = (2.2.3.12)

(CGL) by each infected human host during his or her entire period of of infectiousness. This quan-
tity depends on the average number of gametocytes IV, produced by each infected human, which
is available for ingestion by a mosquito during her uptake of blood meals from an infected human
during his or her entire period of infectiousness and is a composite parameter given by N, In the
expression for R, o is the rate at which gametocytes are shed/excreted into the blood plasma.
Therefore, Ny, is the rate that describes how much each infected human host contributes to the
community gametocyte load (the total infectious reservoir of humans in the community) during
his/her entire period of infectiousness while 1/(u g + 077) is the average gametocyte carriage time

by each infected human host.
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[ii. | The community-to-mosquito vector partial reproductive number (Rcy ): This partial reproductive
number is given by

Rey = v (2.2.3.13)

~ uvapGy'

It describes the average number of infected mosquitoes arising from each infectious dose of ga-
metocytes ingested from the total infectious reservoir of humans in the community. This partial
reproductive number depends on the effective supply rate of susceptible mosquitoes Ay, the aver-
age life span of each susceptible mosquito 1/, the rate of contact of the susceptible mosquitoes
with the infectious reservoir of humans 5z, the average time it takes to eliminate the infectious
reservoir of humans in the community 1/« and the susceptibility coefficient, 1/G( of mosquito

vectors to infection by the CGL (the total human infectious reservoir in the community).

[iii. ] The mosquito-to-community partial reproductive number (Ry ¢ ): This partial reproductive number

is given by
Nyory

(wv +dv)

This is also the average amount of infectious reservoir contributed to the community sporozoite load

Rve = (2.2.3.14)

(CSL) by each infected mosquito vector during her entire period of infectiousness. This quantity
depends on the average number of sporozoites produced in each infected mosquito vector N,,, which
is available for injection into a human host by a mosquito during uptake of blood meals from a
human during her entire period of infectiousness and is a composite parameter which is also given
by N,. In the expression for Ry ¢, a, is the rate at which sporozoites are excreted/shed into the
salivary glands of the mosquito. Therefore, N, is the rate that describes how much an infected
mosquito contributes to the community sporozoite load (the total infectious reservoir of mosquitoes
in the community) during her entire period of infectiousness while 1/(uy + dy/) is the average

sporozoite carriage time by each infected mosquito.

[iv. | The community-to-human partial reproductive number (Rcg): This reproductive number is given
by

A
Roy = Anbv_ (2.2.3.15)

~ pravPy
It describes the average number of infected humans arising from each infectious dose of sporozoites
injected from the total infectious reservoir of mosquitoes in the community. This partial reproduc-
tive number depends on the effective supply rate of susceptible mosquitoes A, the average life
span of each susceptible humans 1/pf7, the rate of contact of the susceptible humans with the in-
fectious reservoir of mosquitoes Sy, the average time it takes to eliminate the infectious reservoir
of mosquitoes in the community 1/«y and the susceptibility coefficient, 1/FPy of human hosts to

infection by the CSL (the total mosquito infectious reservoir in the community).

Another informative way of interpreting R¢ is to consider it as a product of two partial reproductive
numbers which are the human-to-mosquito partial reproductive number R 7y and the mosquito-to-human

partial reproductive number Ry 7 so that
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Nyag, Av B
(tm +0m +vm) pvauGo

Nyay AgBy
(v +6v) prayv Py

=+ Rpuv.RyvH. (2.2.3.16)

Ro =

In equation (2.2.3.16), the quantity R gy is interpreted as follows. Consider a single newly infected human
host entering a disease-free population of mosquitoes at equilibrium. This individual is still present and

infectious and the expected number of mosquitoes infected by this human host is approximately

Nyay, Av B
(ue + 65 +vH) tvarGo

Ruv = (2.2.3.17)

Therefore, the human-to-mosquito transmission coefficient R gy is composed of between-host disease
parameters and within-human parameters. Similarly, in Eq. (2.2.3.16) the quantity Ry 7 is interpreted as
follows. Consider a single newly infected mosquito vector entering a disease-free population of humans
at equilibrium. This mosquito is still present and infectious and the expected number of humans infected

by this mosquito is approximately

Nyay, AHBV
(v +6v) prov Py

Rvu = (2.2.3.18)

From Eq. (2.2.3.18), we deduce that the mosquito-to-human transmission coefficient Ry g is also com-

posed of between-host disease parameters and within-mosquito parameters.

2.2.4 Existence and uniqueness of the endemic equilibrium state

We let
E* = (S, I, Py, Sy, Iy, Gy), (2.2.4.1)

denoting the endemic equilibrium points of the system of equations (2.1.2.9). We let the right-hand side

of the system of equations (2.1.2.9) equal to zero to obtain

AH—MS* — S+l = 0
Bv Py
VIV Gt (g v + 0 = 0,
P0+P"; o — (e +vu w1y
Ny Il —ay Py = 0, (2.2.4.2)
BuGy
_ PHEH w8 = 0,
Y Got O (pv + ov) Iy
Nnaply —apGy = 0.
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From (2.2.4.2), the endemic equilibrium is given by

{AmlasPo + (a1 + a2) Y] + yu v Au Py} (Po + Py)

SE(Ph) = ,
i) [asPo + (a1 + a2) Py ][pa Po + (Bv + ) Py
Bv Au Py
IH5(P5) =
i) = R @ ra)Py
NpapBy Ay Py,
Gy (PY) = 2243
1(Fv) aglazPy + (a1 + a2) Py’ ( )
SE(Pr) = Av{GoanlazPy + (a1 + a2) Pjy] + Npap By Au P}
Vv pvGoaglaaPy + (a1 + a2) Py] 4 (Ba + pv ) Npanfv A Py’
% [ o NpanBaAv By APy
Iy (Py) = )

(pv + ov){pv GoanlaaPo + (ay + a2) Py] + (Ba + pv) Nnanfv Ag Py}

pr v+ ov)uaPolpm +0m + ym)pvanGo (R 1]
v py Goapr(ar + az) + (B + pv) NoonBy A0

where

a1 = Pv(pm +on),

az = pa(p 45 +0H).

Therefore, we can conclude that there exists unique endemic equilibrium state for model (2.1.2.9) when-

ever Ry > 1.

2.2.5 Numerical Study of the Malaria Model

In this subsection, we perform numerical simulations of the single-scale malaria model (2.1.2.9) us-
ing the parameter values given in Table (2.2). We illustrate the influence of parameters (o, ag, ay,
Bu.Bv, 0, ov, Go, vr, A, Av, pv, Np, Ny, Po, o) on the model variables (I7, Gy, Iy, Py). The
model developed in this work, was simulated using the initial value conditions given by Sy (0) = 50000,
Iy (0) = 7000, Gg(0) = 60000, Sy (0) = 150000, Iy (0) = 20000, and Py (0) = 40000.
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Parameter Description Initial Value | Range Units Source
Av Recruitment rate of mosquitoes. 6000 5000-7000 Mosquitoes per | [35]

day

By Contact rate of susceptible humans with | 0.52135 2.7x1073-0.64 day_1 [35]
the infectious reservoir of mosquitoes.

3% Natural death rate of mosquitoes. 0.12 0.033-0.3 day™" [24]

ov induced death rate of infected | 4.26 x 107% | 4.26 x 107°% — day_l [24]
mosquitoes. 5.33 x 107°

P Half saturation constant associated with | 1 x 10® 1x10°—5x 108 dozy_1 [24]
the infection of humans.

Ny Number of sporozoites available for ex- | 3000 100-4000 Sporozoites per | assumed
cretion day

ay Rate of clearance of community sporo- | 0.3 0.09-0.99 dagfl [24]
zoite load.

Qy Shedding rate of sporozoites 0.25 0.016-1.0 day_1 [24]

Ag Recruitment rate of humans. 1000 100-1200 humans per day | [35]

BH Contact rate of susceptible mosquitoes | 0.356 0.072-0.64 day™" [35]
with the infectious reservoir of humans.

L Natural death rate of humans. 4.002x107° | 1x107°=—0.9 | day™" [24]

Su induced death rate of infected humans. | 0.0027 1 x 107" — | day™* [24]

0.0027

YH Recovered rate from infection. 0.25 0.0014-0.7 day~ ! [24]

Go Half saturation constant associated with | 5 x 10® 1% — 5 x 10° day_1 [24]
the infection of mosquitoes.

Np, Number of gametocytes available for | 2000 10-2000 gametocytes assumed
excretion per day

ap Rate of clearance of community game- | 0.913 467 x 1075 — dagfl [24]
tocytes load. —-0.913

ap Shedding rate of gametocytes 0.4 0.01-0.9 day_1 [24]

Table 2.2: Parameters values of model of malaria and their description.

Based on our numerical simulations, we determined the existence of malaria-endemic equilibrium, as fig-

ure (2.2) shows that each variable varies with time and reaches a constant value (i.e., at malaria-endemic

equilibrium). Thus, Figure (2.2) displays the presence of malaria-endemic equilibrium for the model

(2.1.2.9). Figure 2.3 and figure 2.4 are set of two graphs showing changes in four variables: I, Iy, Gg

and Py for different parameters: «.,, and «y,. Figure 2.3 shows the effect of rate at which sporozoites

develop and become infectious to humans () on (i) population of infected humans /g, (ii)) community

gametocytes load Gy, (iii) population of infected mosquitoes [y and (iv) community sporozoites load Py

for different values of a,,: a,, = 0.25, o, = 0.45, o, = 0.85. Figure 2.3 shows that as the rate at which

sporozoites develop and become infectious to humans («,) increases, malaria disease transmission in the

community also increases. Figure 2.4 shows the effect of rate at which gametocytes develop and become

infectious to mosquitoes (ay,) on (i) population of infected humans [, (ii) community gametocytes load

© University of Venda



L
>

(o

@ University of Venda

Creating Future Leaders
@)

Chapter 2 40
500000 . . T .
—_— SH
-- I
400000 F GH i
_— Sl'
w
5 L
£ 300000 | Py |
[= 1
o
[= N
c -
S T
& 200000} .
5 200000 N
3 [RUTTTTTIRN NPy
£ R
100000 -
-
0 |- — | 1 1
0 20 40 60 80 100

Time (dayss)

Figure 2.2: Variation of the Human and mosquito variables with time to verify the existence of malaria
infection equilibrium.

Gy, (iii) population of infected mosquitoes Iy, and (iv) community sporozoites load Py for different
values of ay: ap = 04, ap = 0.6, o, = 0.8. Similarly, Figure 2.4 shows that as the rate at which
gametocytes develop and become infectious to mosquitoes («ay,) increases, malaria disease transmission
in the community also increases. Overall Figure 2.3 and Figure 2.4 suggests that interventions that reduce
the rate of development of gametocytes and sporozites to become infectious reduces malaria transmis-
sion for the specified scale of analysis, that is the community scale. Therefore, the use artemisinin-based
combination therapy (ACT) which reduce the productions of gametocytes which will likely to reduce the

malaria disease transmission.

Figure 2.5 and figure 2.6 are set of two graphs showing changes in four variables: Iy, I/, Gg and Py
for different parameters: N, and N,,. Figure 2.5 shows the effect of the number of gametocytes available
for excretion (V) on (i) population of infected humans [y, (ii) community gametocytes load G, (iii)
population of infected mosquitoes I/, and (iv) community sporozoites load Py, for different values of the
average number of gametocytes in the blood stream of an infected human (Ng): N = 1800, N = 2000,
Np, = 2200. The numerical results in Figure 2.5 indicate that the variables (/f7, Gy, Iy, Py) increase as
the number of gametocytes available for excretion (V) increases, implying that as the number of gameto-

cytes available for excretion (/Vy,) increases, malaria disease transmission in the community also increases.
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Figure 2.6 shows the effect of number of sporozoites available for excretion (/V,) on (i) population of in-
fected humans [, (ii) community gametocytes load G, (iii) population of infected mosquitoes Iy, and
(iv) community sporozoites load Py, for different values of the average number of sporozoites in the sali-
vary glands of each infected mosquito (NV,): N, = 2600, N, = 2800, N, = 3000. The numerical results
in Figure 2.6 also indicate that the variables (I;;, Gp, I/, Py) increase as the number of sporozoites
available for excretion (/V,) increases, implying that as the number of sporozoites available for excretion

(IV,) increases, malaria disease transmission in the community also increases.

Figure 2.7 and Figure 2.8 are set of two graphs showing changes in four variables: I, I/, G and Py for
different parameters: By, and 3y . Figure 2.7 shows the effect of contact rate of susceptible humans with
infectious mosquitoes (3y) on (i) population of infected humans Iz, (ii) community gametocytes load
G, (iii) population of infected mosquitoes Iy, and (iv) community sporozoites load Py for different
values of By : By = 0.32135, By = 0.42135, By = 0.52135. The results in Figure 2.7 shows that as the
contact rate of susceptible humans with infectious reservoir of moquito vectors (/3y) increases, malaria
transmission at community scale as the scale of analysis increases. Figure 2.8 shows effect of contact
rate of susceptible mosquitoes with infectious humans (57) on (i) population of infected humans /7, (ii)
community gametocytes load G, (iii) population of infected mosquitoes [/, and (iv) community sporo-
zoites load Py for different values of Bg: Sy = 0.356, By = 0.456, Sy = 0.556. Equally, the results
in Figure 2.8 show that as the contact rate of susceptible mosquitoes with infectious reservoir of humans
(Bp) increases, malaria transmission at community scale as the scale of analysis also increases. Overall,
the results in Figure 2.7 and Fig. 2.8 suggest that the use of Long-lasting insecticidal nets (LLINs) have

an beneficial impact of reducing malaria disease transmission in the community.

Figure 2.9 and Figure 2.10 are set of two graphs showing changes in four variables: Iy, Iy, Gy and
Py for different parameters: Gg, and Py. Figure 2.9 effect of Half saturation constant associated with
infection of mosquitoes (Gp) on (i) population of infected humans Iy, (i) community gametocytes load
G, (iii) population of infected mosquitoes Iy, and (iv) community sporozoites load Py for different
values of Go: Gg = 3 x 108, Go = 5 x 10%, Gy = 7 x 10%. We note from Figure (2.9) that as the
half saturation constant associated with mosquito infection (Gy) increases, malaria disease transmission
in the community decreases. Figure 2.10 shows effect of half saturation constant associated with infection
of humans (Fp) on (i) population of infected humans Iy, (ii) community gametocytes load Gy, (iii)
population of infected mosquitoes Iy, and (iv) community sporozoites load Py, for different values of Fy:
Py=5x10", Py =1 x 10%, Py = 1.5 x 107. We also note from Figure (2.10) that as the half saturation
constant associated human with infection (Pp) increases, malaria disease transmission in the community

decreases.
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Figure 2.4: Graphs showing the effect of shedding rate of gametocytes («,) on (i) population of infected

humans Iy (ii) community gametocytes load G (iii) population of infected mosquitoes Iy, and (iv)

community sporozoites load Py for different values of ap,: o, = 0.4, ap, = 0.6, o, = 0.8.
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Figure 2.5: Graphs showing the effect of number of gametocytes available for excretion (/N,) on (i) popu-
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Figure 2.8: Graphs showing the effect of contact rate of susceptible mosquitoes with infectious humans

(Bm) on (i) population of infected humans Iy (i) community gametocytes load G (iii) population of

infected mosquitoes Iy, and (iv) community sporozoites load Py, for different values of S: By = 0.356,
B = 0.456, By = 0.556.

© University of Venda



University of Venda

Creating Future Leaders

Chapter 2 45
300000 ; ‘ ‘ ‘ 25 1€8 : : : :
11s Gy =300000000 11s G, =300000000
250000 | | m=m G, =500000000 S 5 ol| == &, =s00000000 |
~ == G, =700000000 2 == G, =700000000 .
= 200000 J 2 e
0 I 7%
s o Lof < b
£ 2 B <3
5 150000 1 ] o
T £ Y
E 8 10} i ’o’ 1
§ 100000 1 z By
= < Y
€ o5) Ry AL ]
50000 | £ A
o R 0
- .
0 ‘ ‘ 0.0 ‘ ‘
0 200 400 600 800 1000 200 400 600 800 1000
Time in days Time in days
30000 : : : : e’ : : : :
— T e ey
25000 o \'\.l....-\-‘.m... e
3 36 ot
~ o
w 20000 -
g g
E g
g 15000 2 4
o o
= Q.
3 23
£ 10000 =
£ G, =300000000 22 R v1r G, =300000000 ]
5000 | K — 3, =500000000 ] E o — 3, =500000000
(o] 1
*eas? = G, =700000000 ! tes? == G, =700000000
0 . . ! N 0 . . I N
0 200 400 600 800 1000 0 200 400 600 800 1000
Time in days Time in days
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Figure 2.10: Graphs showing the effect of Half saturation constant associated with infection of humans

(Py) on (i) population of infected humans I (ii) community gametocytes load Gy (iii) population of

infected mosquitoes Iy and (iv) community sporozoites load Py, for different values of Py: Py = 5 X 107,
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By using pathogen load as a common metric of disease dynamics at all levels of organization of an in-
fectious disease, this would ensure a common metric of control, elimination and eradication of disease in
terms of pathogen load. Currently, single scale models of infectious disease systems at host level define
disease burden in terms of incidence and prevalence. However, for some infectious diseases prevalence
is not very informative, as the infectivity of individuals depends more on pathogen load than on whether
one is infected or not. Incidence is difficult to measure directly. More importantly, the use of community
pathogen load as a measure of disease burden also enables us to use a common metric for disease dynam-
ics and burden across scales. Further, community pathogen also combines information from prevalence.

Our revised manuscript explains this aspect in more detail [52].

2.3 The Modern Theory of Disease Dynamics

Although science has progressed over time by being able to summarize our existing knowledge of natural
phenomena using certain scientific theories, it must be made clear that our description of natural phenom-
ena using scientific theories is a dynamic process because these scientific theories often only adequately
describe the phenomenon studied up to a certain time. As time progresses, new knowledge often emerges
as we refine the domains of observation and the analysis to improve the accuracy of measurement. In
this dynamic picture of science, the classical transmission mechanism theory of disease dynamics with
its intellectual origins in the orginal work of Daniel Bernoulli [53], and later formulated and developed
in its present form by Kermack and McKendrick [54-56] and others, remained unaltered for almost three
centuries. However, because of the need to refine the domains of observation and scales of analysis of
infectious disease dynamics, the transmission mechanism theory met its first obstacles around the turn of
the nineteenth century. An increasing awareness of the complexity of infectious disease system, and of the
challenges precipitated by the need to expand the scales of obervation and analsysis to much finer scales
of observation and analysis than the scale of organization at which only transmission occurs required the
development of new theory through novel extension of existing theory (the transmission mechanism the-
ory) to advance the understanding of dynamics of infectious disease systems over the coming decades.
The problem of directly transmitted diseases was recently successfully resolved by establishing a mathe-
matical and computational description of infectious disease dynamics through a union of the microscale
as a scale of observation where pathogen replication and macroscale where pathogen transmission often
occurs resulted in a new theory of infectious disease dynamics called the replication-transmission mecha-
nism theory which results in the description of phenomena involving simultaneously of both the pathogen
transmission and pathogen replication. The main limitation of the transmission mechanism theory of dis-
ease dynamics is that it tends to disjoin the scales of description in order to simplify representation and
understanding of infectious disease dynamics. This culminated in a radical scientific theory of infectious
disease dynamics called the replication-transmission relativity theory of disease dynamics [11], in which
old scientific knowledge of disease dynamics based on transmission mechanism theory was reordered into

a new framework based on a revolutionary scientific theory called the replication-transmission mechanism
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relativity theory. The replication-transmission relativity theory states that at any level of organization of an
infectious disease system there is no privileged/absolute scale which would determine disease dynamics,
only interactions between the microscale and macroscale [11]. It identifies an infectious disease system as
a complex system which is organized into seven main hierarchical levels at which host-pathogen interac-
tions can play out: (i) the cell level, (ii) the tissue level, (iii) the organ level, (iv) the microecosystem level,
(v) the host/organism level, (vi) the community level, and (vii) the macroecosystem level. The replication-
transmission relativity theory for multiscale dynamics of infectious disease ripped the entire fabric of clas-
sical transmission mechanism theory which has been in existence at least since Daniel Bernoulli developed
a dynamic model of smallpox transmission and control in 1760 [53], which was later unified by Kermack
and McKendrick in their seminal papers [54-56] into an idea now more widely known as mathematical
epidemiology by 1933. The replication-transmission relativity theory for multiscale modelling of infec-
tious disease dynamics [11] demolished the notion that transmission is the only main dynamic disease
process. Therefore, the replication-transmission relativity theory is a radical paradigm shift from the scale

specific transmission mechanism theory to modelling infectious disease systems.

Figure 2.11 is a conceptual representation of the replication-transmission relativity theory of disease dy-
namics. The theory makes the point that in multiscale dynamics of infectious diseases, there is an in-
teracting multiscale cycle of four processes which are [a.] infection/super-infection by pathogen, [b.]
pathogen replication, [c.] pathogen shedding/excretion, and [d.] pathogen transmission, which is repeated
sequentially at each level of organization of an infectious disease system. These four processes are key
to understanding infectious disease dynamics using the multiscale modelling methods. The linking of
the scales in the development of multiscale as illustrated conceptually in Figure 2.11 involves linking or
integration of microscale and macroscale. This involves up-scaling and down-scaling variables associ-
ated with some disease processes at these two scale as illustrated in Figure 2.11. This is because for
an infectious disease system, the boundary between the microscale and macroscale for each hierarchical
level of an infectious disease system indicate/represent shifts in disease processes. However, the greatest
challenge in the development of multiscale models of infectious disease dynamics is in methodological
difficulties on specific implementation approaches for downscaling and up-scaling in space and time and
in converting dimensions across the microscale and macroscale when coupling the submodels of a multi-
scale model [3]. The lack of rigorous frameworks for down-scaling and up-scaling undermines progress
in the development of multiscale models of infectious disease systems. Furthermore, down-scaling to mi-
croscale or up-scaling to macroscale involves developing conceptual models that adequately capture the
dominant disease processes at these scales. In particular, we inevitably need to know more details when
down-scaling while we also need to ignore some fine details when up-scaling. But another challenge is
that when either down-scaling or up-scaling, we do not know in general how scale transition occurs. In
particular when down-scaling, we do not know what microscale disease processes and parameters are

essential in representing the macroscale processes and vice-versa when up-scaling.
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Figure 2.11: A conceptual representation of the replication-transmission relativity theory of disease dy-

namics.

This replication transmission mechanism theory is a radical paradigm shift from the scale specific trans-
mission mechanism theory to modelling infectious disease systems. However, the passage from trans-
mission mechanism theory of disease dynamics to the replication-transmission relativity theory of disease
dynamics shares a feature that are common to all such transitions in which an old scientific theory gives
way to a new one. In almost every situation where this transmission occurs there is usually a domain D,
of phenomena described by the new theory and a subdomain D, wherein the old theory is reliable to a
given accuracy. In the case of infectious disease dynamics, the domain D,, represents the level of mul-
tiscale observation described by the replication-transmission relativity theory while the subdomain Dy
represents the scale of observation described by the transmission mechanism theory. Further, in addition
to numerical accuracy, the new theory often brings about radical conceptual changes. Therefore, unlike
the transmission mechanism theory which bring down the complexity of an infectious disease system to

manageable levels by discretizing or decomposing the infectious disease system into hierarchical scales
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of organization, each of which can be analyzed independently using single scale modelling methods, the
replication-transmission relativity theory enables us to bring down the complexity of an infectious disease
system to manageable levels by discretizing or decomposing the infectious disease system into hierarchi-
cal levels of organization, each of which, can analyzed independently using multiscale modelling methods.
This theory ripped the entire fabric of classical transmission mechanism theory which has been in exis-
tence at least since Daniel Bernoulli developed a dynamic model of smallpox transmission and control
in 1760, which was later unified by Kermack and McKendrick in their seminal work, into an idea now
more widely known as mathematical epidemiology. It demolished the notion that transmission is the only
main dynamic process in infectious disease dynamics. It anticipates that the replication-transmission rel-
ativity theory will remain firmly established as the fundamental theory on which multiscale modelling of
infectious disease dynamics is based on from the cell level to the macroecosystem level. Therefore, with a
theory in place, we expect that multiscale modelling of infectious disease systems will evolve and expand

in scope.

We anticipate that this landmark theory will uncannily transform mainstream thinking about modelling
disease dynamics from a complex systems perspective. The basic principle behind the replication-transmission
relativity theory is that it establishes that at every level of organization of an infectious disease system there
is a replicative-transmission cascade in which a pathogen replicates at microscale while there is transmis-
sion at macroscale. This theory provides formal methodology, of describing the multiscale dynamics of
infectious disease systems through the use of formal mathematics. It marks a breakthrough in a century
long quest to build a working theory of the multiscale dynamics of infectious disease systems. This theory
addresses data and observations with far-reaching implications for understanding key infectious disease
processes and their fundamental consequences for human, plant and animal health. This theory guides
model construction and experimentation, and to identify new organizing principles of infectious disease
dynamics by establishing [a.] a common constructive framework multiscale models of infectious disease
systems in which the scales are linked through exchange of organisms implicated in transmission of in-
fectious disease system at all levels of organization of an infectious disease system (i.e., cell level, tissue
level, organ level, microecosystem level, host level, community level, and macroecosystem level), and [b.]
a theory to account for the reciprocal influence between pathogen replication and pathogen transmission,
or persistence and dispersal in infectious disease dynamics at every level of organization of an infectious
disease system. [c.] a common framework to link the scales of levels of biological organization of an
infectious disease system. [c.] a framework to account for the reciprocal influence between the microscale
and the macroscale at every level -dependency of information flow or other biological phenomena. There-
fore, through out this thesis we are going to use the application of the replication-transmission relativity

theory of infectious disease systems.
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2.4 Discussion and conclusions

In this chapter we presented the transmission mechanism theory of disease dynamics and also explained
its aims, assumptions and limitations. It is a scientific theory that has matured substantially over the past
century and has established an enduring framework for the study of infectious disease dynamics using
mathemtical and computational models. However, the transmission mechanism theory has limitations
which undermine their usefulness. In an effort to address some of the limitations of the transmission
mechanism theory we proposed a new modelling science for directly transmitted diseases similar to an ex-
isting modelling science for environmentally transmitted infectious diseases. The methods development
for models of directly transmitted infectious diseases proposed in this study is based on introducing a new
epidemiological variable called community pathogen load (CPL), which is then used to define the force
of infection and transmission probability. This then converts standard epidemiological models based on
susceptible, exposed, infected, recovered (SEIR) and variations of this paradigm (SI, SIS, SIR, etc.) for
directly transmitted infectious diseases into epidemiological models similar to existing models for envi-
ronmentally transmitted infectious diseases based on susceptible, exposed, infected, recovered, pathogen
load (SEIRP) and variations of this paradigm (SIP, SISP, SIRP, etc.) in which community wide pathogen
load/pool in the environment is explicitely incorporated into epidemiological models. At the centre of
this modelling framework is the idea of using community pathogen load as the standard metric for as-
sessing the effectiveness of TasP. We upscale individual microscale infectiousness to define macroscale
infectiousness (community pathogen load) for directly transmitted infectious disease systems. Therefore,
the incorporation of community pathogen load variable into the model (while useful as the metric to as-
sess the effectiveness of TasP) is also done because of the need to represent transmission of an infectious
disease systems more accurately at population level. The usefulness of such simple models is that they
are predictive model for community pathogen load whose usefulness is three-fold: [a.] as a metric for as-
sessing the effectiveness of Treatment as Prevention (TasP), [b.] as an indicator of a community’s level of
infectiousness and transmission probability, and [c.] as a proximal marker for infectious disease incidence
and potential epidemic propagation. The concept of community pathogen load, which is an aggregate
biomarker of a community’s pathogen burden over a specific time period. We determined that when the
community pathogen load is assumed to act as a reservoir for malaria parasites (i.e., Ny and Nyaw,)

in human blood plasma and mosquito salivary glands is placed in F'-matrix instead of V'-matrix, then the
reproductive number will be Ry = vV RuvRvH.
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Chapter 3

A Basic Multiscale Model of Malaria
Disease Dynamics With Variable

Super-infection of Mosquitoes

3.1 Introduction

Malaria disease is a type II vector-borne disease system that is initiated by protozoan parasites known as
Plasmodium and it is transmitted to humans by a bite of an infected mosquito [57]. The malaria disease
system in humans develops in two stages, the first is the exo-erythrocytic stage (i.e., the liver cells) and
the second is the erythrocytic stage which occurs in the red blood cells. Malaria infection begins when an
infected mosquito takes a blood meal from a susceptible human and thereby injects the malaria parasite
(sporozoites) into the otherwise healthy human. This process is called mosquito to human transmission
and the process occurs at the between-host scale (macro-scale). The processes which happen at the within-
host scale (micro-scale) begin when the injected sporozoites migrate to liver-stage, by invading the liver
cells, and they develop into schizonts which burst to produce merozoites and thus demonstrating the end of
the exo-erythrocytic stage. The erythrocytic stage begins with the released merozoites entering the blood-
stream and invading the red blood cells. The infected red blood cells burst releasing the merozoites which
further invade the red blood cells to renew the cycle and maintain the infection or pathogen load, that is,
the replication process that occurs at the micro-scale. The merozoites are the asexual form of the parasite,
however, some of the released merozoites differentiate into the sexual form known as gametocytes. These

gametocytes must be released into the community pathogen load such that the susceptible mosquitoes
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take the blood meal from the community gametocytes load. When the mosquito is infected the parasite
must progress from one stage to another within the infected mosquitoes [35]. The process of susceptible
mosquitoes getting into contact with infected humans is called the human to mosquito transmission which

occurs at the macro-scale.

In human

- \%\ Sporozoites
@jﬁ? Salivary
T glands =
i = 00

In mosquito gut

Oocyst
00°
% ) Schizont
(5] forms g
=t DNA replication (4n to 1000n+)
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Figure 3.1: A diagram that demonstrates the life cycle of Malaria in Human and in Mosquito [1]

The malaria disease system has a complex life cycle, during sporogonic development, the malaria parasite
has in close contact with the midgut, hemolymph, and salivary glands of vector-mosquito. The game-
tocytes which are consumed by the mosquito in blood meal cause the cycle of transmission to continue
back to the mosquito. The gametocytes must cross the midgut of the mosquito, which performs as the first
physical obstacle within the vector. The male and female gametocytes fuse within the mosquito forming
diploid zygotes, which progress to ookinetes. The ookinetes migrate to the midgut of the mosquito, pass
through the gut wall, and form the oocysts, which mature in the midgut’s basal lamina. Upon the develop-

ment, each oocyst bursts to discharge thousands of sporozoites, which then migrate to the salivary glands
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of the female Anopheles mosquitoes to undergo further modifications that are necessary to continue the
cycle of transmission back to humans [58]. The sporozoites must be released into the pool of pathogen

load (i.e., the community sporozoites load).

Infectious disease systems are considered complex systems because of their multi-level and multi-scale
nature [11]. As a result of multi-level and multi-scale as main features in infectious disease systems, has
raised hopes for researchers in the mathematical modeling community has to lead them to multiscale mod-
eling method for studying infectious diseases dynamics at any level of the organization. In this chapter, we
present a coupled multi-scale model that has the combination of two other categories, which are the nested
multiscale model and embedded multiscale model. The nested multi-scale model is at human-host and in-
tegrates the microscale sub-model and macro-scale sub-model at the host-level of an infectious disease
system that has a pathogen replication-cycle at the microscale, that is, in merozoites. The pathogen load
at the micro-scale increase through the pathogen replication cycle. The micro-scale sub-model influences
the macro-scale sub-model through shedding/excretion, while the macro-scale sub-model influences the
micro-scale sub-model through initial infection. The embedded multi-scale model is applied to mosquito-
vector and integrates the micro-scale sub-model and the macro-scale sub-model at the host level, and
there is no pathogen replication cycle at the micro-scale. The pathogen load at the micro-scale increase
through repeated infection/ super-infection. The micro-scale sub-model influences the macro-scale sub-
model through pathogen shedding/ excretion, whilst the macro-scale influences the micro-scale through

repeated micro-scale through repeated infection/ super-infection.

The microscale sub-model and the macroscale sub-model can be integrated using the nested multiscale
model at human-host and embedded multiscale model at mosquito-host, and the models can be developed
at any level of organization of an infectious disease system, that is, at cell-level, tissue-level, organ-level,
micro-ecosystem level, host-level, community-level, and micro-ecosystem level. At each level of organi-
zation, there is a transmission process at the macroscale sub-model and a replication cycle at the micro-
scale sub-model. The two sub-models influence each other with type I or type II reciprocal influences.
The objective of this study is to investigate how super-infection in mosquitoes has an influence on malaria
disease dynamics for a pathogen with no replication cycle at the micro-scale and to investigate how initial
infection in humans has an influence on malaria disease dynamics for a pathogen with a replication cycle

at the micro-scale.

The research to date on malaria disease dynamics has tended to focus on the dynamics of malaria in-
fection and investigating the influence of control measures that target at controlling, eliminating, and
even eradicating this malaria disease system using a single-scale modeling approach, that is, within-host
scale [43-45, 59, 60] and between-host scale [40—42]. From the literature, we observed the development

of multiscale models of malaria infection in [34] using the time since infection, that is, the between-host
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scale sub-model which modelled using partial differential equations (PDEs) and the within-host scale sub-
model which are developed using ordinary differential equations (ODEs) and the sub-models are linked
through a hybrid multiscale model approach. We also observed that all the research developed on infec-
tious disease systems which use the coupled multiscale models as the main category, they linked the two
multiscale using the combination of the same category in both human and vector. For example work by
Garira [24] on a coupled multiscale model of malaria disease, the author linked the sub-models using the

nested multiscale model on humans and linked sub-models using the nested multiscale model on vectors.

3.2 Derivation of the Basic Coupled Multiscale Model for Malaria Disease
System

In this subsection, we develop a basic multiscale model of the malaria disease system which is at multiple
hosts (that is, human-host and mosquito-host), with four sub-models which are within-host scale sub-
models (within-human scale and within-mosquito scale), and between-host scale sub-models (between-
human scale and between-mosquito scale). We obtain the nested multiscale model on human-host that
links the between-human host sub-model which is related to the transmission dynamics of the malaria
disease system and the within-human host sub-model which is related to the replication cycle of the
malaria parasite within the infected humans. The between-human sub-model influences the within-human
sub-model through initial infection whereas the within-human sub-model influences the between-human
sub-model through shedding/ excretion of the pathogen. We also extract the embedded multiscale model
on mosquito host that links the between -mosquito sub-model which is related to the transmission dy-
namics of malaria disease and within-mosquito sub-model which is associated with the replication cycle
of the malaria parasite within the infected mosquitoes. The between-mosquito sub-model influences the
within-mosquito sub-model through super-infection while the within-mosquito sub-model influences the
between-mosquito sub-model through shedding/excretion of the pathogen. The human-host and mosquito-

host are linked through the sharing of the pathogen (malaria parasite).

In this study, we adapted the work on a coupled multiscale model of malaria disease by Garira [24] with
some minor modifications on the super-infection in mosquitoes. We make the following assumptions from

the multiscale model system (3.2.0.1):

i. The transmission of infection of humans is only through direct contact with the sporozoites load (Py ),
that is, from the infected mosquitoes whereas the transmission in mosquitoes is only through getting

direct contact with the gametocytes load (G ) from the infected humans.

ii. For embedded multiscale model, the dynamics of between-mosquito sub-model and the within-mosquito
sub-model for malaria disease dynamics variables happen at the same time scale, that is, at a slow
time scale, ¢, such that Sy = Sy (t), Iy = Iy(t), Py = Py(t), G, = Gu(t), G = Gn(t),
Zy = Zy(t), Oy = Oy(t), and P, = P,(t).
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iii. For the nested multiscale model, we assume that the dynamics of between-human host sub-model

and within-human host sub-model of malaria disease dynamics variables occur at different time

scales. The between-human scale variables Sy, Iy and Gy occur at slow time scale, ¢, such that
Sy = Sy (t), Iy = Ig(t), and Gy = Gg(t), whilst the within-human scale variables Rj,, Ry,
Mj,, and G, occur at fast time scale , s, such that R, = Rp(s), Ry, = R (s), M = Mp(s), and

Gh, = Gp(s).

iv. Infected mosquitoes do not recover from malaria.

From the model diagram shown in figure (3.2), we have the following system of equations as our coupled

multiscale model for malaria disease system transmission dynamics:

10.

11.

12.

13.

14.

15.

dSu (1)

I
I
—

o~
N—

S
<
=

dt

Ay — mSH(t) — uESH(t) +valE(t),
msHa) = lum +m +0u] In(t),

Ap — BrBn(s)Mpn(s) — ppRn(s),

(1 = m)BnRa(s)Mn(s) — amBm(s),
Ny R (8) — pom My (),
TnBy(s)Mn(s) — [on + pn]Ga(s),

Npaplg(t) — agGu(t),

Vot su (0 - S o),
BuGu(t)

m&/(t) — [py + v Iv(t),

BuGu(t)(Sy —1)
(Go + GH)¢V(IV + 1)

NgagGv (t) - [as + Ms] Gm(t)u
1

iasGm(t) — [oe + p2] Zu(2),

azZv(t) - [ak + /~Lk] OU(S)7

- [ag + ,u,g] Gv(t),

NrarOy(t) — [ + py) Py(t).

P,(t)ay, (Iy(t) + 1) — ay Py (),
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Figure 3.2: A conceptual diagram of the multiscale model of malaria disease dynamics

3.2.1 Analysis of the multi-scale model using fast-slow time-scale analysis

We observed from the embedded multi-scale model of system (3.2.0.1) that at mosquito-host level has
same time scales which involved the between-mosquito host time scale (¢) which associated with trans-
mission at the population-level and the within-mosquito host time scale (¢) associated with the growth of
sporozoites population at the individual-level. We also note from the nested multi-scale model system
(3.2.0.1) that at human host level, has different time scale which are the between-human host time scale
(t) which associated with the transmission of malaria disease system and within-human host time scale (s)
which associated with the replication of merozoites at an individual level. The analysis of the multi-scale
model system (3.2.0.1) can be simplified by expressing the slow-time scale and fast time scale in terms of
each other by using the form ¢ = es such that the within-human-malaria disease dynamics can be written

in the form of slow time scale.

3.2.1.1 Within-human malaria parasite population model

The within-host scale sub-model illustrate the time evolution of four population dynamics within an in-
fected human host which are the population of uninfected red blood cells (Susceptible erythrocyte 2y ), the
population of infected red blood cells (merozoites infected erythrocytes R,,,), the population of merozoites
M7, and the population of gametocyte infected erythrocytes GGy, The sub-model (3.2.1.1) has adopted the

following assumptions from [24], which are:
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i. There is no super-infection/repeated infection of humans.
ii. The immune response is not considered in the infected human.

iii. We only explicitly consider the blood-stage parasite population dynamics and consider the initial
infection from the liver-stage of malaria parasite population dynamics which is captured through

merozoites i.e., M, = Mp(0).

iv. The dynamics of the four populations of within an infected human occurs at a fast time scale, s,
compared to between-host transmission dynamics, such that R, = Ry,(s), Ry = Ry (s), My =
My (s), and Gj, = Gp(s).

v. The within human gametocyte population GG}, is a proxy for individual human infectiousness to mosquitoes.

When we consider all the assumptions, the sub-model describing the dynamics of the four within-human

populations is proposed to be:

1. d}i?s(s) = Ap — BpRa(s)Mi(s) — ppRn(s),

2. ng;(S) = (1 —7)BpRa(s)Mn(s) — amBRum(s), (3.2.1.1)
3. dﬂé’;(s) = NopamBRin(5) — ptm Mp(s),

4. dG;S(S) = 7B Ru()Mp(s) — (a + pn)G(s).

The first equation in the system of equations (3.2.1.1), describes the dynamics of uninfected red blood cells
(Rp). The population of uninfected red blood cells is assumed to increase through the supply of red blood
cells from the bone marrow at a rate Ay, and the population of uninfected red blood cells decrease through
the infection of red blood cells. 8 Ry, (s)Mp,(s) models the rate at which the merozoites get contact with
the uninfected red blood cells, where [y, is the infection rate or contact rate. The susceptible erythrocytes
are also reduced through natural decay at a constant rate up. The second equation of sub-model (3.2.1.1)
illustrates the dynamics of merozoites infected red blood cells (R, ). The dynamics of merozoites infected
red blood cells increase through infection of susceptible red-blood cells with a propotion of (1 — )
and reduced through bursting of infected red blood cells to produce merozoites at a rate c,,. The third
equation of sub-model (3.2.1.1) demonstrate the dynamics of population of merozoites. The dynamics
of merozoites increase through the average number of merozoites releasedm in the human blood stream
through bursting of infected red blood cells at a rate N, v, Ry, (s). The population of merozoites reduced
through natural decay at a rate (,,,. The last equation of sub-model (3.2.1.1) describe the dynamics of the
population of gametocytes. The population of gametocytes increase through the population of gametocyte
infected erythrocytes at a proportion 7 and the sub-model decrease through natural decay of gametocytes

at a rate up, and through shedding/excretion of gametocytes at a rate ay,.
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1. edRC;Lt(t) = Ah — ﬁth<t)Mh(t) — ,uth(t),
2 edR;;(t) = (1= 1B B () My (E) — o B (1), (32.1.2)
3. ed]\é};(t) = Np@mBon(t) — pan M (t),
1 MY g ROM) — (an -+ m)Ga)

where € is a small constant number that is 0 < e < 1 which highlights the fast time scale of the

within-human host sub-model compared to the slow time scale of the between-host transmission sub-

model [14, 24].

We use the next generation operator approach to obtain the basic reproductive number of the within-human

host model (3.2.1.2). The model (3.2.1.2) can be written in the form

dX

<= .2,
%/ = 9(X,Y, 2),
DZ

o hX,Y,Z),

where

X = (Bn),

Y = (Rm,Gn),
Z = (Mp).

We define g(X™, Z) by

(1 — ) Bp Ry My,
O
7Bp Ry My,
an+

gl(X*7Z) - Rm:

(X" Z) = Gp=
. : dMp, .
By substituting the values of R,, and G}, and letting h; = e we obtain

_dMy,

hl - W — mamRm - Ntha
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therefore
1—m)N, Ap M
- (1 = m) Nimaem Ba s, h M,
Qm by
8h1 (1 - TF)NmOémBhAh
A = = — L, 3.2.1.5
where
A = M-D,
_ (1 - 7r)]\777104171/8ivf\h
Qm fy ’
D = luma
D™t = i, (3.2.1.6)
Hm
OmUbm
Therefore Ry = p(M Dil), the reproductive number is given by
1 —7m)NpBrA
Ro = L= NmBulks, (3.2.1.7)

Mo m,

The basic reproductive number number () of the within-human host submodel measures the total num-

ber of secondary infected red blood cells (IRBCs) produced by primary IRBCs in a host at the beginning

of the infection.

Since 0 < € < 1, we let € = 0 so that the within-human host sub-model becomes independent of time

and which is given by:

Ay — BuRp My, — ppRy =
(1 — m)BuRp My, — R =

Nmom Ry — prmMp - =
B Ry My, — an Gy, =

o o o o

(3.2.1.8)

The disease free equilibrium point of the within-human scale model, where there is no pathogen exists to

infect the inside-host environment (human-host). The D.F.E is given by

EO = (ROJRQnaM}(BaGg) )

A
= <h,0,0,0>.
1222
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The endemic equilibrium point of the within-human scale model, where the pathogen exists to infect the

inside-host environment. The endemic equilibrium point is given by

Ey = (Rp, R, My, Gy,), (3.2.1.10)
where
_ Ay
R = T
" JUIRIY
o Hm b
Ry = ———Ro—1), 3.2.1.11
Btham( 0 ) ( )
/Mz = @(%0 - 1)a
Bh
—~ TAp
G, = ——Rg—1),
S Folan a0 Y
where A
1—m)N,
Ry = L= DNl (32.1.12)

Hblm
The within-human host sub-model has a unique positive endemic equilibrium point when fg > 1 and no

positive equilibrium point when $y < 1.

We note that from the multiscale model (3.2.0.1), the total number of gametocytes shed/excreted by each
infected human in the environment (community gamocytes load) Ny, Iy is approximated by G nlm. Ap-
plication of the notation N, = éh, which is the average number of the within-human host scale of the
gamotocytes load (G},) at the endemic equilibrium point is available for shedding/excretion into the com-
munity gametocyte load by each infected human. The multi-scale model (3.2.0.1) of the malaria disease

system has been simplified to:
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Lo P (0~ w0+ m T )
2. dlgt(t) = msH(ﬂ—[uH-F’YH"‘r(SH]IH(t),
3 dGCZ(t) — NyonIu(t) — anGu(t),
o By 2O s - s
5. D S0~ v + v 1),
6. dG;t(t) = (Goﬂfgzgggiﬁ?ﬂ)) )—[ag+ug]Gv(t), (3.2.1.13)
7 T NGt~ [0t ] Gnl),
s A0 LGt~ fos + ) Zu00),
9. dO;t(t) = 0y Zy(t) — [ + ] Oy(t),
0. PO Na0,0) o+ ] PO
o O p g, (v +1) - avPre)
where
M= G [ | = Gt e o1

(3.2.1.14)
(1 — )N SnAn
Holim

Ry =

R is the reproductive number of the within an infected human.

The first equation in system (3.2.1.13) describes the dynamics of uninfected humans (susceptible) Sg.The
population is assumed to increase at a constant rate Ay through birth and immigrants and also increase

through natural recovered of infected individual at a rate vz . This population is reduced through infection
Bv Py

i . Pyt Py’ . .

Py (t) per unit time, Py is the community sporozoite load that yields 50% chance of getting a human host

of susceptible humans at a rate to where [y is the contact rate to a community sporozoite load

infected with malaria after a bite by a mosquito in a particular community. This equation also decreased

by natural death at a constant rate pf.

The second equation in system (3.2.1.13) demonstrates the dynamics of infected individuals. The equa-

tion increases through infection of susceptible humans and also depleted through natural death rate pg,
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recovery of the infected individual at rate vy and through disease induced death rate & .

The third equation in system (3.2.1.13), demonstrates the dynamics of the community gametocyte load
(Gg). The first term in the right-hand-side of this equation describes the total number of gametocytes
load contributed by all infected individuals from within-host process to the community gametocytes load
pool, where Ny, is defined as the measure of the total volume of gametocytes produced within an infected
host throughout the entire period of host infectiousness and «y, is the proportion of individuals who are

infected. oy is the rate of degradation of this class.

The fourth equation in system (3.2.1.13) describes the dynamics of uninfected mosquitoes (Sy). This
equation increase through constant rate Ay. The equation depleted through infection of susceptible

. G . . .
mosquitoes at a rate ﬁHiH, where (7 is the contact rate to a community gametocyte load G g per unit

time, Gy is the comrgl%jt_ycéé{metocyte load that yields 50% chance of getting a mosquito-vector infected
with malaria after bite a human host in a particular community. This equation also decreased by natural
death at a constant rate 1. The fifth equation in system (3.2.1.13) demonstrates the dynamics of infected
mosquitoes. This equation increase through the infection of susceptible mosquitoes and also decreased

through natural death rate py, and also disease induced death rate Jy.

The sixth equation in system (3.2.1.13) demonstrates the dynamics of gametocytes infected erythrocytes
within an infected mosquito after a mosquito gets a blood meal from an infected human. The first term on
the right-hand-side of this equation is the new infection at an individual mosquito. This equation depleted
through natural decay rate of gametocyte infected erythrocytes within an infected mosquito /., and also
through o, the rate at which gametocyte infected erythrocytes burst releasing sex cells called gametes.
The seventh equation (3.2.1.13) describes the dynamics of the population of gametes within an infected
mosquito. The first term of this equation is the rate of increase of gametes within an infected mosquito.
The gametes decay at a rate ;s and also depleted through male and female gametes fusing to form zygotes
at a constant rate og. The eighth equation of system (3.2.1.13) demonstrates the dynamics of zygotes. The
equation increase through gametes fuse to form zygotes at a rate % and depleted through natural decay
1 and also through develop into oocysts at a rate ;. The ninth equation of system (3.2.1.13) illustrates
the dynamics of the population of oocysts in an infected mosquito. The first term in the right-hand-side
of the ninth equation represent the rate of increase where the ookinetes transform into early oocysts. The
second term is the rate of reduction of this population through either natural decay at a rate u or burst
and release sporozoites at a rate og. The tenth equation of system (3.2.1.13) describes the dynamics of
sporozoites population in an infected mosquito. The first term of the RHS of the tenth equation is given
by each oocysts bursts at a rate o, releasing an average of Vi sporozoites upon bursting. Therefore, the
rate of increase in sporozoites within an infected mosquito is given by Npa;O,. The tenth equation is
reduced through either natural decay at a rate «,, or through the rate at which sporozoites mature and

become infectious to humans and migrate to salivary glands of the infected mosquito.
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The eleventh equation of system (3.2.1.13) describes the community sporozoites load Pi,. The equa-
tion increase by the up-scaling of within-host scale excretion/shedding of pathogen which is given by
P,a,(Iy + 1) and reduced by ay the rate of sporozoites eliminated from geographical area/ community

arca.

3.2.2 Positivity of Solutions

The system of equations (3.2.1.13) demonstrates the dynamics of human, mosquito and parasite popu-
lations and it is essential to show that these populations are positive for all > 0. We have to prove the

following theorem.

Theorem 3.1. The solutions of the system of equations (3.2.1.13) satisfy the following initial conditions
with strictly-positive components i.e. (Sg > 0, Ig >0, Gg >0, Sy >0, Iy >0, Py >0, G, > 0,
Gm>0,2Z,>0,0,>0, P, >0)forallt > 0.

Proof. We prove that the solution of the model (3.2.1.13) of which the solution starts from a strictly

positive point, all components are positive for 0 < ¢ < g

dSu(t)
dt

> —(Av(t) + ,LLH)SH(t) (3.2.2.1)

The equation can be solved by the separation of variables as follows:

dSu(t)
Su(t)

> —(Ay(t) + pp)dt. (3.2.2.2)
By letting

t = sup{t>0:8y>0,1g>0,Gyg >0,S >0,Iy >0,Py >0,G, >0,G,, >0, 7, >0,
O, >0,P, >0} € [0,¢],

and integrating equation (3.2.2.2) and we obtain

t
(su(®) =~ ([ i+ put) + n(Su(0)
0
t
Su(t) > SH(O).exp{— < / Av(i)df+m)}, (3.2.2.3)
0
SH(t) > 0.
It implies that
Jlim inf(Sp (t)) > 0. (3.2.2.4)
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Using the similar method, it can be shown that

v

Y

v

v

AV
O o o0 o o o o o o o

(3.2.2.5)

v

A\

v

~— ~— ~— ~— ~— ~— ~— ~—
Y

v

Thus, when starting with non-negative initial value conditions in the model (3.2.1.13), the solutions of the

model will remain non-negative for all £ > 0, and this completes the proof. O

3.2.3 Feasible region of the equilibrium of the model

All the parameters and state variables for the model system (3.2.1.13) are assumed to be non-negative
to be consistent with human and mosquito populations. Further, it can be verified that for model system
(3.2.1.13), all solutions with non-negative initial conditions remain bounded and non-negative.

By letting Ny = Sy + Iy and adding first and second equations in system (3.2.1.13)

It implies that

lim_ Sup(Nu(t)) < -2

. (3.2.3.2)
t—00 173:4

Using similar method by letting Ny = Sy + Iy and adding fourth and fifth equations in system (3.2.1.13)

gives
AN
d—tV < Ay — uyNy. (3.2.3.3)
This implies that
A
lim Sup(Ny(t)) < =2 (3.2.3.4)
t—o0 J7A7

Using equation (3.2.3.2) and (3.2.3.4) similar expressions can be derived for the remaining model vari-
ables. Therefore all feasible solutions of the model system (3.2.1.13) are positive and eventually enter the

invariant attracting region

Q= (Su,Iu,Gu,Sv,Iv,Gy,Gm, Zy, Oy, Py, Py) (3.2.3.5)
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where
A
0 < Sy+1Ig<-=2,
KH
A
0 < Sy+1Iy<-—Y
124%
0 < ay< Monhn
g UH
0 < 11 NnapApg Bu(Av — pv)
= " ag+pg v Gopra + NyarAg Ay + py
N, 1 1 NyapA Ay —
0 < Gy <97 — WM Bulhy = pv) (3.2.3.6)
ag + g ps + ps v Gopog + NponAg Ay + py
0 < 7. <1 Ny s 11 NpapAp Bu(Av — pv)
=TT 2ag 4 pg ps + ps az + pe v Gopman + NyapAg Ay + py
0 < 0O, < 11 Ngag Qg Oy 1 i NhahAH /BH(AV — NV)
T U T 2200 4 pug prs + ps x + pe o + p dv Gopmon + NpapAg Ay + py
0 < P < 1 Ngag  as a,  Npog 11 NpopAg Ba(Av — py)
=T 20+ g s+ s 0+ e g + g o + iy Oy Gopram + NpaAg o Ay + py
0 S PV < 1 NgOég Qg Oy Nkak Oy 1 1 NhahAH /BH(AV — /Lv)’

for

= 20y + g fis + frs 0 F s g + i, @+ o Gy av Gopan + NpapAy %

Ay > py

Thus, the region €2 is positively invariant. It is sufficient to consider the dynamics of the flow generated by

model system (3.2.1.13) in Q2. Thus, every solution of multiscale model (3.2.1.13) with initial condition

in © remains in €2 for all ¢ > 0.

3.2.4 Reproductive Number

We use the next generation operator approach to calculate the basic reproductive number and we use the

[61]’s approach . Model system (3.2.1.13) can be written in the form

dX

= = fX,Y.Z
dt f( Y Y )7
% = 9(X,Y,Z), (3.2.4.1)
dz
= = mX,Y.Z
dt ( ) bl )7
where
X = (Su,5),
Y = (Iug,Iv,Gy,Gm, Zm, 0y, P,), (3.2.4.2)

Z = (Pv,Gg).
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Components of X denote the number of susceptibles, while combonents of Y represent the number of
infected individuals that do not transmit the disease. Components of Z denotes the number of individuals

capable of transmitting the disease. We define §(X™, Z) by

f](X*,Z) = (gl(X*7Z)>g2(X*aZ)7§3(X*aZ)7§4(X*7Z)7§5(X*7Z)agﬁ(X*?Z)a
g7(X*, 7)), (3.2.4.3)
with
- 1 A P
QX" 2) = BvAn v
pH +vH +05 pg Po+ Py
- 1 A G
(X", 2Z) = BualAv "
pv +90y py Go+Gh
- N 1 1 Bg(Ay — 1 G
B(X",2) = L Br(by = pv) "
ag + ag oy wy Iv +1Go+ Gy
N, 1 1 Ay — 1 G
au(x*,z) = 9% 1 Bu(hv = pv) " (3.2.4.4)
ag+agas+us¢v 10% Iv +1Go+ Gy
1 N, 1 1 Ay — 1 G
(X" 2) = 5 — By — ) e
2ag+agas+ﬂsaz+ﬂz¢V 12474 Iv +1Go+ Gy
go(x*z) = s—wte oo 11 Pnllvopy) 1 Cu
2ag+agas+/isaz+,uzak+,uk¢\/ 133% Iy +1Go+ Gu
g(X*,2) = 1 Nyay (o’ o Niay 1 L/BH(AV_,U«V) 1 Gy
’ QOég‘f‘agas"_Msaz+,Ufzak+,ukav+,ufv¢V 122% IV+1GO+GH
dP dG
By substituting the values of Iy, Iy, Gy, G, Zy, O, and P, and letting h; = d—tv, hy = TtH we
obtain
o — 1 Ngag  Ngag  as a; ay 1 Bu(Av —pv) G oy Py,

20y + pig Qg+ g s+ s Qi+ iy Qo+ fly Py % Go + Gp
(3.24.5)

hy — Npap — PvAg  Ga anGn
pa +va+0m pr Go+ G '

Let A= D,(X™ g(X™ 0),0) and further assume that A can be written in the form A = M — D, where
M > 0and D > 0, a diagonal matrix.

ohy  Ohy

_(ap, oG

A= G nd |
P, 0Gpn
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then A becomes

1 Ngag  Nyoy s a; a 1 1 Bu(Av —pv)
20g + pig 0 + s s F s Oz F fz Qo F 1y OV Go 0%

1 Nyap, By Ag
pr +vg +og Py po

—og
(3.2.4.6)

We deduce matrices M and D to be

1 Ngag  Npogp s a; ay 1 1 Bu(Av —pv)

O -
M = 20‘g+ﬂgak+ﬂka5+usaz+ﬂzav+ﬂv¢\/G0 mv
1 Npayp By Ay 0 ’
p +va +0n Py po
(3.24.7)
and 1
0 — 0
p= (" —pl=|ow || (3.2.4.8)
0 apm 0o —
ap

The basic reproductive number is a spectral radius (dominant eigenvalue) of the matrix M D!, that is
Ro = p(MD™1). Therefore Ry =

\/<1 Nkak Ngag Qg Qy Oy 1 1 1 BH(AV_HV)> <Nhah 1 1ﬁvAH>

iak+/1«kag+ﬂgas+ﬂsaz"‘,U«zav'i‘ﬂvGiO(ﬁiV@ v av pg+vg+ou Py pm

where Ay > py.

3.2.5 Local Stability analysis of disease-free equilibrium point

We investigated the local stability of the disease-free-equilibrium.

Theorem 3.2. The disease-free equilibrium point is locally asymptotically stable when Ry < 1.

Proof. We linearize the system of equations (3.2.1.13), obtain the Jacobian matrix J at the infection-free
steady state £, and calculate the matrix |J(E™) — AI| as follows, where ) is the eigenvalue and [ is the

identity matrix with the same dimension as J(E™). Where the disease-free equilibrium is given by

E* = (Sy, 1y, Gy, Sy, Iy, Gy, G, 27, Oy, Py, Pyy),
A A
= <H,0,0,V,0,0,0,0,0,o,0). (3.2.5.1)
HH 2%
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— A —
—un v 0 0 0 0 0 0 0 o _Ovhm
M?XPO
0 —k 0 0 0 0 0 0 0 0 Vi
e
0 Ny, —apg 0 0 0 0 0 0 0 0
A
_ POl —uy 0 0 0 0 0 0
iy
0 o V9 5 0 0 0 0 0
J(E*) = pvGa ,
0 0 T 0 0 —ke 0 0 0 0
0 0 0 0 0 Ny, —ks 0 0 0
1
0 0 0 0 0 0 gos ks 0 0 0
0 0 0 0 0 0 0 a —ks 0 0
0 0 0 0 0 0 0 0 Nwog —ke 0
0 0 0 0 0 0 0 0 0 a —ay

where k1 = (g + vu + 0m), ko = (g + pg), k3 = s + ps, ka = o + pz, ks = (g + pg),
Ay —
s = (0w + ), i = (B + o), and Jp = DAY — 1),
pv ovGo
|JJ(E*) =X = 0,

(e + X (v + X (J1+ A) {(k1 + A) (g + A) (k2 + A) (k3 + ) (kg + ) (ks + A) x

1 BvAr Bu(Av — pv)
ke + M(ay + ) — =Ny«
(kg + M) (av +4) 27 M iRy v Gody

Nyagasa, Npogou, } = 0.
(3.2.5.2)

The disease-free steady state is locally asymptotically stable if and only if all the roots of the characteristic

equation are negative or have negative real parts. A\; = —upg, Ao = —puy, A3 = —(dy + py) and
8 7 6 5 4 3 2 _
agA® + a1 A" + as A’ 4+ agA® + ag A" + as\® + ag\ + arA 4+ ag = 0, (3.2.5.3)
where

ag = 1,

a1 = ki+ko+ks+ky+ks+ke+ ag+ ay,

ay = kiko + kiks + kika + k1ks + k1ke + kiag + kioay + kaks + koka + koks + kake + koo + kaay
+ksky + ksks + kske + ksag + ksay + kaks + kake + ks + kaovy + kske + ksag + ksoy +
keas + keay + agay, (3.2.5.4)
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as = kikoks + kikoks + ki1koks + krkoks + k1koay + k1keay + ki1ksky + k1ksks + ki1kske +
kiksap + kiksay + k1ksks + k1kske + kiksay + kiksoy + kikske + kiksap + kiksoy +
kikean + kiksay + kiagay + koksks + koksks + kokske + koksay + koksay + kokyks +
kokake + koksay + kokyay + kokske + koksag + keksay + koksapy + kakeay + kaagay
+kskaks + kskske + kskaoy + ksksoay + kskske + ksksap + ksksay + kskeay + kskeay
+kzapgoy + kikske + ksksapg + ksksay + kskeay + ksksoy + ksagay + kskeay + ksksay
Vhsamay + keamay, (3.2.5.5)
ay = kikoksky + ki1koksks + kikokske + ki1koksay + kikeksay + kikokyks + kikaokske + k1koksoy
+kikoksory + kikokske + kikoksap + kikoksay + k1kokeay + kikoksay + kiksagory +
ki1kskaks + ki1kskake + ki1kskaay + kikskaay + kikskske + k1ksksag + kiksksay +
kikskeay + kikskeay + kiksagay + kikakske + kiksksag + kiksksoy + kiksksay +
kiksksay + kiksagoy + kikskean + kikskeay + kiksagay + kiksapgay + kokzksks +
kokskake + kokskaoy + kaksksay + kokskske + kaoksksam + kaksksay + keksksam +
kokskeay + koksapgay + kokikske + kokaksapr + kokaksay + kokikgap + kokikgay +
koksagay + keksksay + kakskeay + koksapgay + kskskske + ksksksam + ksksksoy +
ksksksam + kskskeay + ksksagay + kskskeam + kskskeay + ksksagay + ksksagay
+kakskeamy + kakskgay + kaksagay + kikgagoy + kskgagay, (3.2.5.6)
as = kikokskaks + kikokskaks + k1koksksay + k1kokskaoy + k1kokskske + ki1koksksor +
kikoksksay + kikokskeay + kikokskeay + kiksksapay + kikakskske + kikokaksan +
ki1koksksory + k1kokskeay + ki1koksksoy + k1koksagay + kikokskeam + kikakskeay +
kikoksapay + kikaksamoy + kikskskske + kikskaksam + k1kskiksoy + kiksksksar +
kikskskeoy + k1kskaapay + kikskskean + kiksksksay + kiksksamoy + kikskeamoy
+kikakskeor + k1kakskeay + kikaksapgay + kikiksamay + kiksksamoy + kaksksKske
+hoksksKsapy + koksksKsay + koksksKeap + koksks Kooy + koksksapay + kokskskeor
+kokskskeoy + koksksapoy + kakskeapgoy + kaksksksor + kokakskeoy + kokaksapoy
+hokskeagoy + kokskeagay + kzkskskeam + kskskskeay + kzksksapoay + ksksksagay +
kskskgapay + kikskgapay, (3.2.5.7)
ag = kikokskskske + k1koksksksay + kikokskiksay + kikokskskeay + ki1kokskikeay +
k1koksksogoy + kikokskskeay + kikokskskeory + kikoksksagoay + kikokskeapay +
ki1kokskskeay + k1kokaksksay + k1koksksagoay + kikeksksagoy + kikokskeapay +
kikskikskean + kikskikskeay + kiksksksagay + kiksksksapay + kikskskeagoay +
kikskskeamoy + kokskskskean + kokskskskeay + kokskiksapay + kekskiksagoy +
kokskskgapay + keokskskeapay + ksksikskeapgay, (3.2.5.8)
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a; = k1k2k3k4/€5k(50&[—[ + k1k2k3k4k‘5/€6av + k1k2k3k4/€6aHOéV + k1k2k3k4k5aHOév + k1k2k3k5k60éHOzV
+k)1k2]{74k5k6aHOéV + k1]€3k4]€5k60¢}1av + k2k3k4k5k6a1{av, (3.2.5.9)

ag = k1k2k3/€4k‘5k6a[{av [1 — Rg] . (3.2.5.10)

Itis clear that ag > 0, a1 > 0, a2 > 0,a3 > 0, a4 > 0, a5 > 0, ag > 0 and a7 > 0 and ag > 0 whenever
Ry < 1. To confirm that all the roots of the systems of equations (3.2.5.2) have negative real parts, we
shall use Descarte’s law of signs to determine the possible number of positive roots of equation (3.2.5.3)

as shown in table (3.1).

use Descartes’ Rule of signs change, we observe that on characteristic equation (3.2.5.3) there is no sign

changes in the sequence of coefficients and so there is zero real positive roots.

Table 3.1: Possible number of positive roots of the characteristic equation (3.2.5.3)

‘ ao ‘ a1 ‘ az ‘ as ‘ aq ‘ as ‘ ag ‘ ar ‘ as ‘ The number of positive roots
Ro<1 + + + + + + + + + 0
Ry >1 + + + + + + + + - 1

When Ry < 1 we notice that ag > 0 and there is no change of sign and conclude that the equation
(3.2.5.3) has zero positive roots. When Ry > 1, we observe that ag < 0, and there is only one change of
sign and conclude that the characteristic equation (3.2.5.3) has atleast one positive root. The roots of the
characteristic equation (3.2.5.2) are all negative or have negative real parts. Therefore, all the eigenvalues
of the Jacobian matrix J(E™) are negative or have negative real parts when Ry < 1. This proves that E*

is locally stable whenRy < 1. O
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3.2.6 Determination of endemic equilibrium

The equilibrium point of the model are obtained by setting the right-hand-side of the systems of equations
(3.2.1.13) to zero.

Sg =

Ag(0g + vi + pr)(Po + Py)

al(PO + Pv) + agﬁv
Bv APy

a1(Py+ Py) + a215V7
Ay [Nhah/@VAHPV + agGolai(Py + Py) + asPy]

NnonBy A Py (B + pv) + pvarGolai (Po + Py) + agPy)’
NynopBvAuBuAy Py

(py +6v) {Nh@hﬁvAHpV(BH + uy) + agGopylai(Py + Py) + azpv]}
NponByAg Py

aH[a1 (Po —+ P\/) —+ anV} ’
NponBy Mg B Py [alaHGOPO(AV — pv) + blp\/}

_ X . , (3.2.6.1)
(b2 Py + aga1GoPolo(Ly + 1) (g + pig) (b3 Py + a1y GoFy)

Nyag Ny By A B Py [QIOZHGOPO(AV —py) + b115V}

(s + ps) b2 Py + aga1GoPolo(Iy + 1) (g + p1g) (b3 Py + a1ppvapGoPo)’
0.5Nyagcs Npan By Apr B Py [blﬁv +arapGoPy(Av — Mv)}

(as + p1s) (az + p2) 02 Py + aga1GoPolo(Iy + 1)(og + p1g) (b3 Py + arpvanGoPy)’
0.5N,a 050, NyanBy Ay Br Py [bﬂﬁv +a1agGoPy(Ay — MV)]

(s + ps) (s + pz) (g + pg) [b2Py + agaiGoPolg(Iy + 1) (ag + pg) (b3 Py + arpyanGoPy)’
Clpv [blpv + alaHGOPO(AV — Mv)}

co(Iy + 1) (ba Py + a1apGoPo) (b3 Py + a1pvanGoPy)’
cra, Py [bﬂf’v +arapGoPy(Ay — Mv)}

Cgav(bQJNDV + aloéHGopo)(bgpv + aluvaHGoPg)

—Dy + \/D% —4D1 D3

2(Dy) ’
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where
a1 = pu(OH +vH + pH),
az = PBv(0u + pm),
bi = apgGolar +a2)(Av — pv) + NpaByvAu[Av — (Bu + pv)],
by = NpapBvAy +agGolar + az),
bs = NwanBvAu(Bu +pv) + pvapGolar + az),
(3.2.6.2)
c1 = 0.5NpapNgagoso, NyonBuBvAm,
¢ = Plaw+ po)(as + ps) (o + pz) (o + ) (ag + pg),
Dy = bebscray,
Dy = aircaapayGoPo(puybe + b3) — biciay,
Dy = —aiaf;GiFesavuy (R —1].

1. ]5‘/ =0,if Rg =1, D; > 0, and D3 = 0, therefore ]5\/ will be at the disease free equilibrium point.

2. PV < 0, when Ry < 1, D1 > 0, D3 > 0.Therefore, 15V is not a positive equilibrium point because

of Descartes rule of signs, there is no sign of change from the coefficients.

3. ]5‘/ > (0,when Ry > 1, D1 > 0, D3 < 0, the co-efficient D> could be positive or negative, therefore

Pyisa positive equilibrium point, according to Descartes rule of signs.

Therefore, we conclude that there exist a positive endemic equilibrium points when Ry > 1.

3.2.6.1 Local Stability analysis of endemic equilibrium point
The endemic equilibrium is given by
E* = (gHv iH7 GH; SV: jV? éva va Zvy Om pv; ]5‘/) .

The infected steady state exists if and only if Ry > 1. The following results shows the chronic infection

is established when Ry > 1.

Theorem 3.3. The endemic equilibrium point E** of systems of equations 3.2.1.13 is locally asymptoti-
cally stable when Ry > 1.

Proof. We obtain the Jacobian matrix at the endemic equilibrium (E**) and calculate the Jacobian matrix
J(E™) is given by
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r PyS
—Jo ~H 0O 0 0 0 0 0 0 o - OviSu
R (P() + ~Pv)2
P Py)S
B o 0 0 0 i)
Py + Py (Py + Py)?
0 Npap —ap 0 0 0 0 0 0 0
0 0  —j» —js O 0 0 0 0 0 0
0 0 ] ) —9 0 0 0 0 0
J(E**) _ J2 J.4 ?7
0 0 J6 g5 —Jjia —Js O 0 0 0 0
0 0 0 0 0 Nyag —jo 0 0 0 0
1
0 0 0 0 0 0 5043 —J10 0 0 0
0 0 0 0 0 0 0 oy —J11 0 0
0 0 0 0 0 0 0 0 Nrap —ji12 0
0 0 0 0 ayP, 0 0 0 0 J13 —ay
where
. BVPV . . ,BHGQSV
Jjo = pHH + ——=, J1= 0 +vu + pu), Jo= —s—,
Py + Py ( ~ ) (Go+ Gp)?
s BuGr oy s = BaGu o= BaGu
Go+ Gy ’ Go+ Gy’ (Go+ Gu)ov(Iy +1)
. BuGo(Sy — 1) , ,
Jj6 = = = , Jr = (6v + pv), Js = (ag + pg),
(Go+Gm)*ov(y + 1) o
Jo = (as + ), Jio = (az + p2), Jin = (Oék:i‘ Nlc);
) ) ~ ) Gg(Sy —1
J12 = (ay + fw), Jis=oy(Iy +1), andjiu= buCGa(Sv —1)

(Go + Gy (Iy +1)2

Where Sy, G, S'V, fv, ]5V and Pv are given in equations (3.2.6.1). The characteristic equation of the

Jacobian matrix evaluated at the endemic equilibrium point (E**) is given by
|J(E**) — M| = 0. (3.2.6.3)

To find the eigenvalues of the characteristic equation (3.2.6.3), we use numerical solutions. Parameter

values are given in the tables (3.2) and (3.3). The eigenvalues are given by

A1 = —96.606, Ao = —58.08, A3 = —1.424,
A= —0.4760, X5 = —0.0002720, Ag = —0.00009130,
A7 = —0.028467,  Ag = —0.02510, Ao = —0.2100,

A0 = —0.120004 and A;; = —0.9000

All the eigenvalues of the Jacobian matrix are negative. This proves that E** is locally asymptotically
stable. [
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3.3 Results

3.3.1 Numerical Simulation

We compute the model system (3.2.0.1) to outline the influence of variation on parameter values. The
behaviour of model system (3.2.0.1) was analysed using numerical simulations using a python program
version 2.7. The numerical simulation of the model system was used to predict malaria disease system
for long term trends for human population and mosquito population. The numerical simulations were per-
formed utilising a set of within-host scale (human and mosquito) and between-host(human and mosquito)
parameters defined in Table 3.3 and Table 3.2 for within-mosquito and between-host respectively. The
reason why some parameter values are assumed or estimated is that the multiscale modeling of malaria
infectious disease, which includes the within-human host scale and within-mosquito scale, are limited or
the parameter values found in existing literature are not suitable for this model. The dynamics of some
epidemiological class of the model are simulated with time and also the effects of sensitivity parameters
to demonstrate the behaviour of the model. The dynamics of some epidemiological class of the model
are simulated with time as well as the influences of sensitivity parameters to demonstrate the behaviour of
the model in the following, we display the outcomes of simulations for model system (3.2.0.1) in graph-
ical form. We use the coupled multiscale models of infectious disease system and in this case we use
embedded multiscale models and nested multiscale models as sub-models. Embedded multiscale models
developed at host level is that the within-host scale and the between-host scale influences each other in a
reciprocal way i.e. bi-directional flow of information. Nested multiscale model developed at host level
is demonstrated by the within-host scale influence the between-host scale through shedding/excretion of
pathogens and the between-host scale influence within-host scale through initial infection i.e. there is
unidirectional flow of information. In this work, we use numerical simulations to illustrate and verify
this structure of coupled multiscale model (3.2.0.1) and indicate the measures for control, elimination and
eradication of malaria disease system. We investigate the influence of the within-host scale parameters on
between-host scale variables for malaria disease system and to investigate the influence of between-host

scale parameters on within-host scale variables.

© University of Venda



L
>

) (o

Creating Future Leaders

P) University of Venda

Chapter 3 75
Table 3.2: Between-human and between-mosquito parameter values and their description.
Parameter | Description Initial Value | Units Source
Ay Rate of recruitment of susceptible humans 400 Humans per | [35,62]
day
Av Rate of recruitment of susceptible mosquitoes 0.525 Mosquitoes per | Assumed
day
Bv Infection rate of susceptible humans 0.32135 day™" [24, 62]
WH Natural death rate of humans 0.00004002 day_1 [24, 43]
YH Natural recovery rate of humans 0.0092 dagfl [35]
P Saturation constant rate of community sporozoite | 1 000 000 day™" [24]
load
OH Disease induced death rate 0.000345 dagfl [35, 62]
Go Saturation constant rate of community gametocyte | 5 000 000 day™" [24]
load
Bu infection rate of susceptible mosquitoes 0.356 day™* [24, 35, 62]
wv Natural death rate of mosquitoes 0.12 clay71 [24, 43]
ov Induced death rate of infected mosquitoes 0.00000426 alay*1 [24]
aH Rate of clearance of community gametocyte load 0.0000913 day™" [24]
¢ Down scaling 0.0001 day™" Assumed
ay Rate of clearance of community sporozoite load 0.3 0lay71 [24]
Table 3.3: Within-mosquito parameter values and their description.
Parameter | Description Initial Value | Units Source
Qa; Rate at which zygotes develop into oocysts 0.4240 day™" [24]
anp Rate at which gametocytes develop and become infectious | 0.4 day™* [24, 47]
Qg Rate at which gametocyte infected erythrocytes burst 96 day_1 [24, 43]
Wz Natural death rate of oocysts 1 day™" [24, 43]
g Decay rate of gametocytes 0.0625 day™" [24, 43]
Qs Fertilization of gametes 0.2 dayi1 Assumed
Np, Number of merozoites produced per bursting erythrocytes 16 day™" [24, 63, 64]
s Natural death rate of gametes 58 day™" [24]
Ny Number of gametes produced per gametocyte infected ery- | 2 day™" [24]
throcyte
N Number of sporozoites produced per bursting oocyst 3000 day—1 [24]
Qo Rate at which sporozoites become infectious to humans 0.025 day™" [24]
ak Bursting rate of oocysts to produce sporozoites 0.2 day™" [24]
L Natural death rate of oocysts 0.01 day™* [24]
Lh Natural death rate of gametocyte infected erythrocytes | 0.0625 day~ ! [24]
within infected humans
Lo Natural death rate of sporozoites 0.0001 day™" [24]
Ap Rate of supply of uninfected red blood cells(erythrocytes) 200 Cells per day [24]
B the rate of infection of erythrocytes by free merozoites 0.3 day™" [24]
o Natural decay of erythrocytes 0.0083 day™" [24]
T Proportion of gametocytes infected erythrocytes 0.4 day™" [24]
L Natural decay of rate of free merozoites 0.001 day_1 [24]
Qm Rate at which erythrocytes burst to produce merozoites 0.5 day™" [24]
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3.3.1.1 Sensitivity Analysis

Using the parameter values in Table (3.2) and (3.3), we compute sensitivity analysis to assess the relative
change in Ry, Py and é}‘, when between-host parameters of the model varies. Sensitivity index help
us to detect the change in the reproductive number (Ry), the community sporozoites load (Py) and the
community gametocytes load (G ) when parameter changes. The normalised forward sensitivity index of
variable to parameter is defined as the relation of the relative change in the variable to the relative change
in the parameter. The sensitivity analysis of Ry, Py and G against parameters from the model based on
the method developed by [21] is presented. The purpose of study is to investigate the model output sen-
sitivity with changes in model parameters or recognise parameters with crucial reservations on the model

output. We compute Ry, Py and Gy using differentiable function of the parameter 7. The normalised
Ro 1 Py 0P ]

forward sensitivity index of R ,P and Gy at i is defined as Y0 = =2 « —, Y.V = X =
W Vi ndex of fo. B matt T "Ry T 0 By
- oG
and YOH = H X f .
‘ 0t Gr

The results of sensitivity indices of Ry, PV and G g to the different model parameters are shown in the
Table:(3.4). The sensitivity index value sign indicates whether the parameter have effects on increases the
reproduction number, Ry, community sporozoite load, Py and community gametocyte load G g or reduces
Ry, PV and G 1. We notice from the values that there are four between-host scale parameters (v, ¢, ay
and Ay) which are sensitive to endemic equilibrium point Py. The within-host scale parameters which are
sensitive to PV are o, fiz, O, [Ls, INg and Ni. We note that the endemic equilibrium point G H 1S sensitive
to between-host scale parameters, which are Ay, Ay, Bv, v, Po, uv, o, ¢ and ay, and within-host
scale parameters which are ji., o, ts, Ny, N, Ap, and m. We also discover the parameters (A, Ay, By,
B, oz, as, Ng, Ni, Aj, and ) which have effect in increasing the reproductive number (1), whilst the

parameters which have effects in reducing Ry are (v, Py, Go, ptv, &g, ¢, o, i, and pg).
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Table 3.4: Sensitivity indices of reproduction number R to parameter for the model system, evaluated at

the parameter values

’ Number \ Parameter \ Py \ Gy Ry
1 Apg -0.250899266417443 0.796246060144495 0.500000000000000
2 Ay 5.66302415329643 4.59891134480741 0.648148148148148
3 By -0.250879052719156 0.608937009344156 0.500000000000000
4 WH 0.251928072243536 -0.630918594174446 -0.502086506562063
5 YH 0.240791963300044 -0.584453490304655 -0.479896509274522
6 P 0.250878990140534 -0.608357128208763 -0.500000000000000
7 Om 0.00905828359302024 -0.189810985009550 -0.0180169841634152
8 Go 0.250899266417444 0.203753939855506 -0.500000000000000
9 Ba -3.43063855634498 -2.78600305236642 0.500000000000000
10 v -1.73416974300393 -1.40830988691442 -0.648148148148148
11 ov 0 0 0
12 (694 0.250899266417444 -0.796246060144495 -0.500000000000000
13 10} -1.00002616577141 -0.812115850890962 -0.500000000000000
14 ay -1.00002616577141 -0.812115850890961 -0.500000000000000
15 a 0.451360409938765 0.366547352381680 0.351123595505618
16 ap -0.0339053062726275 0.107600818938445 0.0675675675675675
17 Qg -0.250254520800838 -0.203230345420720 0.000325309043591481
18 Lz -0.702265565850710 -0.570306075063878 -0.351123595505618
19 g -0.000650635111106969 | -0.000528377261477529 | -0.000325309043591412
20 Qs 0.747743563350139 0.607238511334258 0.499311294765840
21 Nm, -3.61538857890509¢-9 1.14736848056915¢e-8 7.20486106779192e-9
22 Ls -0.998648719262085 -0.810997234016456 -0.499311294765840
23 Ny 0.749121009859466 0.608357128208764 0.500000000000000
24 Ny, 0.749121009859466 0.608357128208764 0.500000000000000
25 Qly -0.246920987920824 -0.200523201363907 0.00199203187250988
26 ay -0.203284862303783 -0.165086539306438 0.0238095238095239
27 Lk -0.0476202936081624 -0.0386721833757601 -0.0238095238095238
28 L 0.0339053062726275 -0.107600818938445 -0.0675675675675676
29 ) -0.00398416799112116 -0.00323552131829068 -0.00199203187250996
30 An -0.250899270032832 0.796246071618180 0.500000007204861
31 Bh -3.61538876643451e-9 1.14736844261895¢-8 7.20486112664761e-9
32 b 3.61538878693143e- -1.14736847125536e-8 -7.20486121493116¢e-9
33 s -0.250899264007185 0.796246052495371 0.499999995196759
34 Lm 3.61538878693143e-9 -1.14736847125536e-8 -7.20486121493116e-9
35 Qm, 0 0 0

Using the tornado plot sensitivity analysis will allow us to establish which factors influence the model

outcomes when we decrease or increase certain parameter values. We need to discover which parameters

should we target to decrease the Ry, Py, and Gy.
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Figure 3.3: Tornado plot showing Partial Rank Correlation Coefficients of the reproduction number (Ry)

Figure (3.3), showing the sensitivity analysis of reproductive number (Ry) using the tornado plot. If the
parameter values are positive, partial rank correlation coefficients (PRCCs) increase the value of Ry if
their parameter values are increased. The parameter values which have negative PRCCs have impact of
reducing the value of Ry when we increase the parameter values. The parameters Ay, Ay, By, B, o,
and o, have the effect in raising the value of Ry when these parameter values are increased. The param-
eters agy, Go, ¢, g and p, have the effect in reducing the value of Ry when these parameter values are
increased. The parameter values may have either positive or negative PRCCs, it is important to discover

whether there is an increasing or decreasing trend when the parameter values are varied.

Figure (3.4), tornado plot showing Partial Rank Correlation Coefficients of the endemic equilibrium point
(Py). The parameters Ag, Av, Bu, Pv, oz, ap, oy, o, Ny and «,, have an impact in increasing the
value of ﬁv when these parameters values are increased. The parameters oy, Go, 7, Fp, fig, and i have
the impact on decreasing the value of community sporozoites load (Py) when these parameter values
are increased. In figure (3.5) illustrate tornado plot which show the PRCCs of the endemic equilibrium
equilibrium point (Gp). The parameters (B, o, ™, Nk, Nm, as, ap, z, A, Ay and By) that have
impact in increasing the value of Gy when the parameter value is increased, whilst parameters (Pp,

o, av, Wy, pz and py) have the impact on reducing the value of the endemic equilibrium point Gy.
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In general, we find that evaluating the sensitivity of the malaria disease transmission, which are: the
basic reproductive number Ry, the endemic equilibrium value of community sporozoites load Py and the
endemic equilibrium value of the community load Gz to the multiscale model parameters was useful to
guide the data collection for model parameterization and to recognize parameters that are important in the

control and elimination of the malaria disease system [65].
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Figure 3.4: Tornado plot showing Partial Rank Correlation Coefficients of the community sporozoites
load (Py)
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Figure 3.5: Tornado plot showing Partial Rank Correlation Coefficients of the community gametocytes
load (G )

3.3.2 The impact of initial infection on the within-human scale of malaria infection dy-

namics

In figure (3.6), we illustrate through numerical solutions of the coupled multiscale model (3.2.0.1) the
impact of between-host (human and mosquito) scale malaria disease dynamics on within-human scale
variables for malaria incfection dynamics. We are varying the initial value condition that is initial infec-
tion M}, (0), the susceptible erythrocytes within human scale acquire infection by have interacting with
the merozoites for different values and we evaluate its influence on the dynamics of within-host scale vari-
ables ((a) population of infected erythrocyte Ry, (b) population of merozoites M}, and (c) population of
gametocytes (71,). The results presented that as the initial condition of merozoites increase, there is a visi-
ble slightly changes in the dynamics of within-host scale variables ((a) population of infected erythrocyte
Ry, (b) population of merozoites M}, and (c) population of gametocytes G) within the first day. When
the host is infected, then the replication process follows in the within-host scale to sustains the disease

dynamics at within-host scale.
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Figure 3.6: Numerical simulation of multiscale model (3.2.0.1) showing the evolution with time of (a)

population of infected erythrocyte within-infected humans Bj, (b) the population of merozoites M}, and

(c) the population of gametocytes within infected human G}, for different values of initial value condition
of the within human scale M}, (0): M} (0) = 1, Mp(0) = 10, M;(0) = 100 and M},(0) = 1000.

3.3.3 To investigate the influence of between-human parameters on the within-mosquito

scale of malaria disease dynamics

In this sub-section, we illustrate through numerical simulations of multi-scale model (3.2.0.1) the influ-
ence of between-human dynamics on within-mosquito scale variables for malaria disease dynamics ((a).
population of gametocytes within-infected mosquito GG, (b). population of gametes G,,, (¢). population
of zygotes Z,, and (d). the population of sporozoites P,). We vary the between-human parameters (5,

(G and g ) and investigate their influence on the dynamics of the within-mosquito scale variables.

Figure (3.7)shows graphs of numerical results of the system of equations (3.2.0.1) showing the evolution
in time of (a) population of gametocytes within-infected mosquito G, (b) population of gametes G,
(c) population of zygotes Z,, and (d) population of sporozoites P, for different values of infection rate of
susceptible mosquitoes with infectious reservoir of humans Sr: Sy = 0.356, S = 0.656 and Sy =

0.956. The results in figure (3.7) indicate that an increase in the infection rate of susceptible mosquitoes
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with infectious reservoir of humans has important public health effects at the within-mosquito scale for
malaria disease dynamics and we observe an increase in the population of gametocytes G, the population
of gametes (5, the population of zygotes Z,, and the population of sporozoites P,. Hence, any prevention
measures (i.e., use of LLNs, mosquito repelent and protective efficacy of humans from mosquitoes) are
important in both at the between-human scales for malaria dynamics and the within-infected mosquito
will prevent the malaria parasite to complete its life-cycle which have an impact in reducing the malaria

infection at individual mosquitoes.
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Figure 3.7: Simulation of model (3.2.0.1) showing the evolution with time of (a) population of gameto-

cytes within-infected mosquitoes G, (b) the population of gametes G,,, (c) the population of zygotes Z,

and (d) the population of sporozoites P, for different values of infection rate of susceptible mosquitoes
with infectious reservoir of humans Sy : Sy = 0.356, Sy = 0.656 and Sy = 0.956.

Figure (3.8) demonstrates the dynamics in within-mosquito variables, that is, (a) the population of ga-
metocytes Gy, (b) the population of gametes G,,, (c) the population of zygotes Z,, and (d) the popula-
tion of sporozoites P, for the variation of between-human scale, that is the half saturation constant of
between-human scale, that is, the half saturation constant associated with infection of mosquitoes Gy:
G = 100000000, Gg = 500000000 and 900000000. The numerical solutions in fig. (3.8) depicts that

as the half saturation constant associated with infection of mosquitoes increases, we observe reduction on

© University of Venda



L
>

) (o

K.) University of Venda

Creating Future Leaders
@)

Chapter 3 83

malaria disease dynamics at within-mosquito scale (a) the population of gametocytes G, (b) the popula-
tion of gametes GG,,, (c) the population of zygotes Z, and (d) the population of sporozoites P,. Therefore,
the reduction of susceptibility to malaria infection in the gametocytes community, that is, the use of trans-
mission blocking vaccine have an impact in reducing the malaria disease in both between-human scale

and at the within-mosquito scale.
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Figure 3.8: Graphs of numerical solution of multi-scale model (3.2.0.1) showing the evolution in time of

(a) population of gametocytes within-infected mosquito GG, (b) population of gametes G,,,, (c) the popula-

tion of zygotes Z,, and (d) the population of sporozoites P, for different values of half saturation constant
rate of community gametocyte load G: Gy = 100000000, Gy = 500000000 and Gy = 900000000

Figure (3.9) illustrates the dynamics in the within-mosquito malaria disease dynamics (a) the population
of gametocytes G, (b) the population of gametes G,,, (c) the population of zygotes Z,, and (d) the
population of sporozoites P, for different values of human recovery rate from malaria infection ygr: vg =
0.0092, yg = 0.092, and vy = 0.92. The numerical solution in figure (3.9) indicate that as the huma
recovery rate from malaria infection increases, we notice a reduction in malaria infection within-infected
mosquito, that is, there is reduction in population of gametocytes and population of gametes and we also

notice that there is no change in the population of zygotes and population of sporozoites.
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Figure 3.9: Simulation of multi-scale model (3.2.0.1) showing the changes in (a) the population of ga-

metocytes within-infected mosquito G, (b) the population of gametes G,,, (c) the population of zygotes

Z,, and (d) the population of sporozoites P, for different values of recovery rate of infected humans y:
v = 0.0092, vy = 0.092 and vz = 0.92

3.3.4 Assessment of the influence of between-mosquito parameters on within-mosquito

variables.

In this sub-section, we demonstrate through numerical simulations of the multiscale model (3.2.0.1) the
impact of between-mosquito scale parameters on the within-mosquito scale variable for malaria disease
dynamics. We describe the variation of the between-mosquito scale parameters (5, Ay, Py and py/) and
analyse their influence on the within-mosquito scale variables. Figure (3.10) presents graphs of numerical
results of the system of equations (3.2.0.1) presenting the dynamics of (a) the population of gametocytes
Gy, (b) the population of gametes G, (c) the population of zygotes Z, and (d) the population of sporo-
zoites P, for different values of the contact rate of susceptible humans with the infectious reservoir of
mosquitoes (By) with values 8y = 0.0052135, By = 0.052135 and By = 0.52135. The increase in Sy
has an impact in increasing the within-mosquito scale variables (G, Gy, Z, and P,). The results indi-

cate that an increase in the contact rate of susceptible humans with the infectious reservoir of mosquitoes
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result in the increase of malaria infection on within-mosquito scale, that is, we notice an increase in the
population of gametocytes, population of gametes, population of zygotes and population of sporozoites.
Therefore, any prevention measures that prevent the contacts of susceptible humans and infected mosuit-
oes has an impact in reducing the transmitting malaria infection in the population level and as well as at

the within-mosquito scale.
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Figure 3.10: Graphs of numerical results of the model (3.2.0.1) presenting the changes in (a) the population

of gametocytes within-infected mosquito G, (b) the population of gametes G,,, (c) the population of

zygotes Z, and (d) the population of sporozoites P, for different values of the contact rate of susceptible

humans with the infectious reservoir of mosquitoes Sy : By = 0.0052135, By = 0.052135 and Sy =
0.52135

In figure (3.11) presents the the dynamics in (a) the population of gametocytes G, (b) the population
of gametes G, (c) the population of zygotes Z,, and (d) the population of sporozoites P, for different
values of recruitment rate of susceptible mosquitoes (Ay): Ay = 20, Ay = 200 and Ay = 2000. The
results indicate that as the recruitment rate of mosquitoes increases, the transmission of malaria infection
at within-mosquito scale also increases. Hence, these results will help us to come up with control measures
on the immature mosquitoes which will result in reducing the malaria infection at a community-level and

also at within-mosquito level.
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Figure 3.11: Graphs of numerical simulations of model (3.2.0.1) showing the evolution with time Of (a)

the population of gametocytes GG, (b) the population of gametes G,,, (c) the population of zygotes Z,

and (d) the population of sporozoites P, for different values of the recruitment rate of mosquitoes Ay :
Ay =20, Ay = 200 and Ay = 2000

Figure (3.12) illustrates the evolution with time of within-mosquito scale dynamics ((a) the population of
gametocytes G, (b) the population of gametes GG, (c) the population of zygotes Z,, and (d) the population
of sporozoites P,) for different values of saturation constant rate of community sporozoites load FPy: Py =
50000, Py = 500000000 and Py = 500000000. The numerical solutions indicate that an increase in the
half saturation constant rate of community sporozoites load has an impact in the reducing the transmission
of malaria infection on within-mosquito scale variable, that is, on the population of gametocytes, the

population of gametes, the population of zygotes and the population of sporozoites.

© University of Venda



L
>

(o

K.) University of Venda

Creating Future Leaders
@)

Chapter 3 87
200 T T T T 600, T T T T
— P =50000 — P, =50000
— B, =5000000 00 — B, =5000000
150 — P, =500000000 — B, =500000000

=
=]
S

100)

Infected erythrocytes (G,
~
=
S

Population of Gametocytes (&,, )
w
8
S

=)
S

0 0!
0 2 40 60 80 100 0 2 40 60 80 100
Time(days) Time(days)

100 ‘ ‘ ‘ ‘ 800000, ‘
— B, =50000 — B, =50000
— P, =5000000 700000 — P, =5000000

80 : : — P, =500000000 — P, =500000000

600000

500000

400000

3000001

Population of Zygotes (Z,)

200000

The population of sporozoites (7,)

100000

0 0l L L L
0 20 40 60 80 100 0 20 40 60 80 100
Time(days) Time(days)

Figure 3.12: Graphs of numerical simulations of model (3.2.0.1) showing the evolution with time Of (a)

the population of gametocytes G,,, the population of gametes G, (c) the population of zygotes Z,, and (d)

the population of sporozoites P, for different values of saturation constant rate of community sporozoites
load Py: Py = 50000, Py = 5000000 and Py = 500000000.

Figure (3.13) pictures the numerical simulations of multi-scale model (3.2.0.1) showing the changes in the
dynamics of within-mosquito scale variables ((a) the population of gametocytes G, (b) the population of
gametes G, (¢) the population of zygotes Z,, and (d) the population of sporozoites P,) for different values
of the proportion of new infected mosquitoes in the total infected mosquito population ¢y : ¢y = 0.0001,
¢y = 0.0002 and ¢y = 0.0003. The numerical results shows that an increase in the proportion of
infected mosquitoes in the total infected mosquito population results in the reduction of transmission of
malaria infection of within-mosquito variables ((a) the population of gametocytes GG, (b) the population

of gametes G, (c) the population of zygotes Z,, and (d) the population of sporozoites P,).
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Figure 3.13: Graphs of numerical simulation of multi-scale model (3.2.0.1) showing the dynamics of (a)

the population of gametocytes GG, (b) the population of gametes G,,, (c) the population of zygotes Z,

and (d) the population of sporozoites P, for different values of the proportion of new infected mosquitoes
in the total infected mosquito population ¢y : ¢y = 0.0001, ¢y = 0.0002 and ¢y = 0.0003

3.3.5 Analysing the influence of within-human parameters on between-host variables.

In this sub-section, we analyse numerically the influence of the within-human scale parameters (o, 7™
and pup,) on the between-host scale malaria disease transmission dynamics that is (a) the population of in-
fected humans [, (b) the population of community gametocytes load G 7, (¢) the population of infected
mosquitoes Iy and (d) the population of community sporozoites load Py using the multi-scale model
(3.2.0.1) for malaria disease system. Figure (3.14) presents the graphs of numerical results of system of
equations (3.2.0.1) indicating changes in dynamics of (a) population of infected humans Iz, (b) the popu-
lation of community gametocytes load, (c) the population of infected mosquitoes [y, and (d) the population
of community sporozoites load Py for different values of the shedding/excretion rate of gametocytes from
within-human scale into between-host scale a,: a, = 0.002, oy, = 0.02 and o5, = 0.2. The numerical re-
sults display that an increase of excretion rate of gametocytes from within-human scale into the population

level by each infected human individual has significant in public health influence at population level since
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there is an observable increase in the between-host scale malaria malaria transmission on the population of
infected humans /7y and the population of community gametocytes load G 7 and there is slightly increase

in the population of infected mosquitoes I, and the population of community sporozoites load Py .
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Figure 3.14: Graphs of numerical results of the multiscale model (3.2.0.1) picturing the evolution in time
of dynamics of (a) population of infected humans [, (b) the population of community gametocytes load,
(c) the population of infected mosquitoes Iy and (d) the population of community sporozoites load Py for
different values of the shedding/excretion rate of gametocytes from within-human scale to between-host

scale ay,: a, = 0.002, a, = 0.02 and oy, = 0.2.

In figure (3.14), we demonstrate the numerical results of multiscale model (3.2.0.1) showing changes in
the between-host scale malaria infection dynamics ((a) the population of infected humans Iz, (b) the
population community gametocytes load Gz, (c) the population of infected mosquitoes Iy, and (d) the
population of community sporozoites load Py-) for different values of the proportion of gametocytes in-
fected erythrocytes within infected human 7: 7 = 0.2, # = 0.4 and @ = 0.6. The numerical results
indicate that an increase of the proportion of gametocytes infected erythrocytes within infected humans
has an impact in decreasing malaria disease transmission at between-human scale that is at population of

infected humans and the population of community sporozotes load and at between-mosquito scale (the
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population of infected mosquitoes and the population of community sporozoites load), we notice a light

reduction in malaria transmission for 100 days.
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Figure 3.15: Graphs of numerical results of the multiscale model (3.2.0.1) picturing the evolution in time
of dynamics of (a) population of infected humans I, (b) the population of community gametocytes load,
(c) the population of infected mosquitoes Iy and (d) the population of community sporozoites load Py for

different values of the proportion of gametocytes infected erythrocytes 7: m# = 0.2, t = 0.4 and 7 = 0.6

In figure (3.16), we illustrate the simulations of multi-scale model (3.2.0.1) showing the evolution in
time of between-host scale dynamics ((a) the population of infected humans Iz, (b) the population of
community gametocytes load G, (c) the population of infected mosquitoes Iy and (d) the population
of community sporozoites load Py ) for variation of the natural decay rate of gametocyte infected ery-
throcytes within infected humans pp: pp = 0.0325, pp = 0.0625 and pp, = 0.0925. The numerical
results shows that an increase in the natural decay rate of gametocyte infected erythrocytes within infected
humans,has an impact of reducing malaria disease transmission at the between-human scale, that is, we
notice a reduction of the population of infected humans and the population of community gametocyte

load and we notice that there is no difference in the population of infected mosquitoes and the population

© University of Venda



L
>

) (o

P) University of Venda

Creating Future Leaders
@)

Chapter 3 91

of community sporozoites load. Therefore, the use of ACTs which kills the gametocytes within the in-
fected humans is important in reducing the malaria disease transmission at within-human scale and also

at population-level.
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Figure 3.16: Graphs of numerical results of the multiscale model (3.2.0.1) picturing the evolution in time

of dynamics of (a) population of infected humans [, (b) the population of community gametocytes load,

(c) the population of infected mosquitoes Iy, and (d) the population of community sporozoites load Py

for different values of the natural decay rate of gametocyte infected erythrocytes within infected humans
st pn = 0.0325, pp, = 0.0625 and pp = 0.0925

3.3.6 The influence of within-mosquito scale parameters on the between-host scale malaria

transmission dynamics

In this sub-section, we illustrate through numerical results of coupled multi-scale model (3.2.0.1) the influ-
ence of within-mosquito scale dynamics on between-host scale variables for malaria disease transmission
dynamics. We vary within-mosquito scale parameters (s, oz, Ng, o, Ny, avy, ik, pts and pui.) for differ-
ent values and analyse the influence on the dynamics of the between-host scale for malaria disease system
(the population of infected humans Iz, the community gametocytes load Gy, the population of infected

mosquitoes Iy, and the community sporozoites load Py).
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Figure 3.17: Graphs presenting changes in (a) the population of infected humans [y, the community

gametocytes load Gy, the population of infected mosquitoes [y, and the communit sporozoites load Py

for distinct values of fertilization of gametes within infected mosquitoes as: g = 0.002, ag = 0.02 and
as =0.2.

Figure (3.17) displays graphs of numerical solutions of the system of equtions (3.2.0.1) showing the dy-
namics of (a) the population of infected humans If, (b) the community gametocytes load Gg, (c) the
population of infected mosquitoes Iy and (d) the community sporozoites load Py for variation of fer-
tilization of gametes within infected mosquito a: as = 0.002, s = 0.02 and oy = 0.2. The results
demonstrate that an increase in the fertilization of gametes also has an influence of increasing malaria
disease transmission at the between-human scale (the population of infected humans and the community
gametocytes load) and the malaria transmission at the between-mosquito scale, we observe no different
on malaria transmission at the population of infected mosquitoes and there is slightly increase in the com-

munity sporozoites load for the first 100 days.

Figure (3.18) displays graphs of numerical results of the system of equations (3.2.0.1) presenting the
dynamics of (a) the population of infected humans Iz, (b) the community gametocytes load Gz, (c) the

population of infected mosquitoes [y~ and the community sporozoites load Py~ for different values of the
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development rate of zygotes into oocysts within infected mosquito «,: a, = 0.024, o, = 0.424 and
o, = 0.824. The results in Fig.(3.18) indicate that reducing the development rate of zygotes into oocysts
have an effects of reducing the malaria transmission at the between-host scale. This implies that any
interventions that are focused on the development rate of zygoges into oocysts within infected vector is

likely to have impact in reducing malaria transmission.
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Figure 3.18: Graphs presenting changes in (a) the population of infected humans [y, the community

gametocytes load G, the population of infected mosquitoes Iy and the community sporozoites load

Py, for distinct values of the development rate of zygotes into oocysts within infected mosquitoes c.:
a, = 0.024, a, = 0.424 and o, = 0.824.

Figure (3.19) presents changes in (a) the population of infected humans Iy, the community gametocytes
load G g, the population of infected mosquitoes Iy and the community sporozoites load Py, for distinct
values of the number of sporozoites produced per bursting oocyst within infected mosquitoes Ny: Nj =
1000, N = 2000 and Ny = 3000. The results indicate that as the number of sporozoites produced per
bursting oocyst within infected mosquito has impact of increasing the malaria transmission at a population-
level that is at between-host scale. Hence, any intervention that targets the number of sporozoites produced

per bursting oocyst has an impact of reducing mosquito-to human malaria transmission.
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Figure 3.19: Graphs presenting changes in (a) the population of infected humans Iy, the community

gametocytes load Gz, the population of infected mosquitoes [y, and the community sporozoites load Py

for distinct values of the number of sporozoites produced per bursting oocyst within infected mosquitoes
Npi: Ni = 1000, Ni = 2000 and N = 3000.

Figure (3.20) presents changes in (a) the population of infected humans /7, the community gametocytes
load G g, the population of infected mosquitoes Iy and the community sporozoites load Py for distinct
values of the bursting rate of oocysts to produce sporozoites within infected mosquitoes ay: o = 0.2,
ar = 0.7 and o = 1.2. The results show that as the bursting rate of oocysts to produce sporozoites
within infected mosquitoes increases, there is also observable increase on between-host scale malaria
transmission,that is, the population of infected humans Iz, the community gametocytes load G, the
population of infected mosquitoes [, and the community sporozoites load Fy,. Therefore, the results
suggest that intervention measures which targets at the bursting rate of oocysts to release sporozoites
within infected mosquitoes are important for the community in reducing transmission of malaria infection

at population level.
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Figure 3.20: Graphs presenting changes in (a) the population of infected humans [y, the community
gametocytes load Gz, the population of infected mosquitoes [y, and the community sporozoites load Py
for distinct values of the bursting rate of oocysts to produce sporozoites within infected mosquitoes ay:

ap =0.2,ap =0.7and ap, = 1.2.

Figure (3.21) pictures the changes in (a) the population of infected humans Iz, (b) the community game-
tocytes load G g, (c) the population of infected mosquitoes [y, and the community sporozoites load for
different values of the number of gametes released per gametocyte infected erythrocyte within infected
mosquitoes Ny: Ny = 4, Ny = 12 and N, = 22. The results show that an increase in the number of
gametes released per gametocyte infected erythrocyte within infected mosquitoes has impact in increasing
the malaria transmission at community-level, that is, the population of infected humans Iz, the commu-

nity gametocytes load G'f7, the population of infected mosquitoes /i, and the community sporozoites load
Py.

Figure (3.22) depicts variation in (a) the population of infected humans Iy, (b) the community game-
tocytes load G g, (c) the population of infected mosquitoes [y, and the community sporozoites load for
different values of the rate at which sporozoites becomes infectious to humans «,: o, = 0.025, o, = 0.25

and o, = 0.5. The results indicate that as the rate at which sporozoites becomes infectious to humans
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increase, there is a corresponding increase in the malaria transmission at the community-level, that is, at
the population of infected humans Iz, the community gametocytes load G, the population of infected

mosquitoes Iy, and the community sporozoites load Py .
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Figure 3.21: Graphs presenting changes in (a) the population of infected humans [y, the community

gametocytes load Gz, the population of infected mosquitoes Iy, and the community sporozoites load Py

for distinct values of the number of gametes produced per gametocyte infected erythrocyte within infected
mosquitoes Ng: Ny = 4, Ny = 12 and Ny = 22.

Figure (3.23) depicts the evolution in time of (a) the population of infected humans Iy, (b) the commu-
nity gametocytes load GGz, (¢) the population of infected mosquitoes Iy and the community sporozoites
load for different values of the natural decay rate of oocysts within infected mosquitoes p: pr = 0.01,
pr = 0.1 and pg = 1. The results depict that an increase in the natural decay rate of oocysts within in-
fected mosquitoes has an impact in reducing the malaria transmission at community-level, that is, the pop-
ulation of infected humans /g, the community gametocytes load, the population of infected mosquitoes
I/, the community sporozoites load Py-. However, any interventions that kills the oocysts within infected
mosquitoes has an impact in reducing the malaria transmission at community-level, that is , the popula-
tion of infected humans, the community gametocytes load, the population of infected mosquitoes and the

community sporozoites load.
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Figure 3.22: Graphs presenting changes in (a) the population of infected humans [y, the community

gametocytes load G, the population of infected mosquitoes Iy and the community sporozoites load

Py, for different values of the rate at which sporozoites become infectious to humans «,: «, = 0.025,
a, = 0.25 and o, = 0.5.

Figure (3.24) depicts the changes in (a) the population of infected humans Iz, (b) the community ga-
metocytes load Gy, (c) the population of infected mosquitoes [y, and the community sporozoites load
for different values of natural decay rate of gametes within infected mosquitoes ps: s = 38, s = 58
and ps = 78. From the results, it can be seen that as the natual decay rate of gametes within infected
mosquitoes increases, there is a corresponding increase in the malaria transmission on community-level,
that is, the population of infected humans, the community gametocytes, the infected mosquitoes and the

community sporozoites load.

Figure (3.25) demonstrates the dynamics of (a) the population of infected humans [, (b) the community
gametocytes load Gz, (¢) the population of infected mosquitoes Iy, and the community sporozoites load
for different values of natural decay rate of zygotes within infected mosquitoes p,: p, = 0.01, p, = 0.1

and p, = 1.0. The results depict that an increase in natural decay rate of zygotes has an effect in reducing
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the malaria transmission at community-level, that is, the population of infected humans, the community

gametocytes, the population of infected mosquitoes and the community sporozoites load.
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Figure 3.23: Graphs presenting changes in (a) the population of infected humans [y, the community

gametocytes load Gy, the population of infected mosquitoes Iy, and the community sporozoites load

Py for distinct values of the natural decay rate of oocysts within infected mosquitoes puy: pr = 0.01,

e = 0.1and pp = 1.

We note from the results in figure (3.14)- figure (3.25) that between-host variables ((a) population of

infected humans /77, (b) community gametocyte load Gz, (c) population of infected mosquitoes Iy and

(d) community sporozoite load Py) are importantly sensitive to the variation of the within-host (human

and mosquito) scales parameters (o, 7 and pp) and (o, oy, Ni, Qs fig, s and p,) respectively. From

the results in fig. (3.7)-fig.(3.13), we also note the within-mosquito variables ((a)population of G, (b)

population of gametes G,,, (c) population of zygotes Z, and population of sporozoites p,) are crucially

sensitive to the variation of the between-host (human and mosquito) scales parameters (577, Go and yg7)

and (By, Ay, Py and uy) respectively. We conclude from the observation obtain from the numerical
results in fig. (3.6)-fig.(3.25) that:
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Figure 3.24: Graphs presenting changes in (a) the population of infected humans [y, the community

gametocytes load Gz, the population of infected mosquitoes [y, and the community sporozoites load Py

for distinct values of the natural decay rate of gametes within infected mosquitoes ps: ps = 38, s = 58
and pgs = 78.

Within-host (human and mosquito) scales influence the dynamics of malaria disease system at be-
tween host scale throughout the whole process of infection through shedding/excretion of malaria

pathogen.

The between host scale influence the within-human scale through initial infection of pathogen and
then the within-human scale pathogen load increase through replication-cycle. The process of the

pathogen replication cycle contributed much compared to the initial infection.

The between-host scale influences the within-mosquito scale through super-infection, the within-

mosquito pathogen load increase through repeated infection.

We also notice that the nested multiscale model has a unidirectional flow of information from mi-
croscale to macroscale, that is, micro-scale influences macro-scale through shedding or excretion of

pathogens whereas macro-scale influences micro-scale through initial infection.
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(5) We also notice that the embedded multiscale model has a bidirectional flow of information, that is, the
within-mosquito scale influences the between-host scale through shedding/excretion of pathogen
whilst the between-host scale influences the within-mosquito scale through repeated infection/

super-infection.
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Figure 3.25: Graphs presenting changes in (a) the population of infected humans [y, the community
gametocytes load G i, the population of infected mosquitoes Iy and the community sporozoites load Py
for distinct values of the natural decay rate of zygotes within infected mosquitoes y.: pu, = 0.01, p, = 0.1

and p, = 1.0.

3.4 Summary

The objective of the study is to investigate how super-infection/re-infection in mosquitoes has an impact
on dynamics of type II-vector borne disease transmission with no pathogen replication cycle at the mi-
croscale and to investigate how initial infection in humans has an influence on multiscale model dynamics
of an infectious disease with the pathogen replication cycle at the microscale. The coupled multiscale
model of type II vector-borne disease has a combination of a nested multiscale model and an embedded

multiscale model for integrating the microscale and the macroscale sub-models. The coupled multiscale
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model in this study was derived from work by Garira in [11] and we modify the model by including
the influence of super-infection on mosquitoes. The coupled multiscale model of type II vector-borne
disease transmission presents the replication-transmission multiscale cycle in both mosquito and human
populations. The embedded multiscale model was used on mosquitoes to examine the influence of super-
infection on the multiscale model of the malaria disease system. There is no pathogen replication cycle
at the within-mosquito scale and pathogen load increase through super-infection/re-infection. While the
nested multiscale model on the human population was used to investigate the influence of initial infec-
tion with pathogen replication cycle at within-human sub-model. From the results, we discovered that
the embedded multiscale model has the bidirectional flow of information, that is, the within-host scale
influences the between-host scale throughout the infection through shedding/excretion whereas between
host scale influences the within-host scale throughout the infection through super-infection. On the other
hand, the results indicate that the nested multiscale model has a unidirectional flow of information, that is,
the within-host scale influences the between-host scale throughout the infection through pathogen shed-
ding/excretion, whilst the between-host scale influences the within-host scale through initial infection and
the pathogen load within infected host increased through pathogen replication. The sensitivity used to
discover the parameters that are sensitive to the decrease or increase of the basic reproductive number Ry,
community sporozoites load Py, and community gametocyte load G, which help to suggest appropriate

health intervention measures.
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Chapter 4

A Multiscale Model of Malaria Disease

Dynamics to Access Vaccine Components

4.1 Introduction

In the previous chapter, we develop a coupled multiscale model for the malaria disease system with a
combination of a nested multiscale model and an embedded multiscale model. We used an embedded
multiscale model in mosquitoes to investigate the influence of super-infection/re-infection on malaria dis-
ease dynamics whilst in humans, we used a nested multiscale to investigate the impact of initial infection
on malaria disease dynamics. In this chapter, we demonstrate a coupled multiscale model of malaria dis-
ease dynamics with the combination of two embedded multiscale models, that is, an embedded multiscale
model on humans and an embedded multiscale model on mosquitoes. We perform the processes that
happen in the infectious disease system from the work by Garira in [11], which are (i) infection/ super-
infection, (ii) pathogen replication cycle, (iii) pathogen shedding/excretion, and (iv) pathogen transmis-
sion. The microscale and the macroscale influence each other in a reciprocal way and these processes can
occur at any hierarchical level of organization for infectious disease systems. In humans, the macroscale
influences the microscale through super-infection/re-infection of pathogens whereas the microscale in-
fluences the macroscale through shedding/excretion of the pathogens. There is pathogen replication in
microscale that is in merozoites and there is a transmission cycle at the macroscale. In mosquitoes, we
adapt the processes in the previous chapter. At every hierarchical level of organization for infectious dis-

ease dynamics which involves pathogen replication-transmission multiscale cycle.
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Malaria is an infectious disease system caused by the Plasmodium parasite which has a complex life cycle
such that they require at least multiple-host which are (i) human-host and (ii) vector host, for the malaria
parasite to have fully completed its life cycle process. In addition to acting as a carrier, the mosquito
provides an environment where the Pasmodium parasite can develop to an infectious state before it is
transmitted to vertebrate hosts. The Plasmodium life cycle can be divided into three main phases: (1) the
vector phase, which happens in the midgut and salivary glands of female Anopheles mosquitoes, (2) The
liver stage, which occurs in the hepatocytes of the secondary host, in this case, its humans, and (3) the ery-
throcytic stage, which occurs in the red blood cells of the secondary host, [35]. Taking into consideration
the burden of malaria infection, there is a need for a malaria vaccine that would reduce the gap left by other
medical and public health interventions [66]. A Malaria vaccine would be an important tool in controlling
malaria because the current struggle against disease is on a variety of these interventions, that include
the distribution of LLNs, the promotion of indoor spraying, and the development of new medicines and
insecticides [66]. However, the malaria vaccine is designed to act at these three stages during the life cycle
of the Plasmodium parasite. There are three main classes of vaccine which are (i) pre-erythrocytic vac-
cine (PEV), (ii) blood-stage vaccine (BSV), and (iii) transmission-blocking vaccine (TBV) which inhibits
the malaria infections in the pre-erythrocytic stage, erythrocytic stage, and in mosquitoes on preventing
from transmitting the infection to the next person, respectively [45, 67]. These sub-units are desribed as

follows:

(i) The pre-erythrocytic vaccine aims to inhibit the early phase of malaria infection, the phase at which

the plasmodium parasite enters or matures in an infected human’s liver cells [45, 67].

(ii) The blood-stage vaccine targets the malaria parasite at its most destructive phase, the rapid reduction
of the organism in human red red-blood cells. This vaccine do not aim to block all infection, but it
ia expected to minimize the number of malaria parasites in the blood system, and this will reduce

the severity of the disease [45, 67].

(iii) The transmission-blocking vaccine seeks to disrupt the life cycle of plasmodium parasite by stimu-
lating antibodies that inhibit the malaria parasite from maturing in the mosquito after feeding blood
meal from a vaccinated person. This transmission-blocking vaccine would not inhibit a human from
getting malaria, nor would diminish the symptoms of the disease. The TBV, which the processes
are carried into mosquito after taking a blood meal and their disruption with in-vector parasite de-
velopment [43, 45, 67].

The vaccine has provided a cost-effective and efficacious means of inhibiting malaria disease and reducing

the mortality rate, boosting the immune system in the fight against parasites [67].

The recent studies of malaria vaccines are on single scale models which are either immunological (within-
host scale) [45] or epidemiological (between-host scale) by [67]. There were none of the studies that

attempted to evaluate the possible impacts of malaria vaccines in controlling malaria parasites on both
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scales (within-host scale and between-host scale). There has been relatively little literature published on
coupled multiscale models for malaria disease systems. Garira [24] developed a new coupled multiscale
model for malaria infection which can enlighten policy and guide malaria control and elimination. They
demonstrated their model using nested multiscale models for linking within-host scale sub-model and
between-host scale sub-model. In their model, they incorporate the two malaria public health interven-
tions (i.e., artemisinin-based combination therapy (ACT) and long-lasting insecticides treated nets) which
they used comparative effectiveness of malaria health interventions. Agusto [35] developed a coupled
multiscale model of malaria disease system with immune response, where they also demonstrated their
model using the nested multiscale model for linking the within-host scale sub-model and the between-host
scale sub-model. None of these investigations has tried to examine the possible influence of malaria vac-

cines in controlling clinical Plasmodium falciparum parasites in all the parasite stages.

In this study, we formulate a more detailed coupled multiscale model for the malaria disease system
considering the contact of malaria parasites with liver cells, red blood cells, human population level, and
mosquito population level. The objective of this study is to investigate the influence of vaccine on the
multiscale model of the malaria disease system. However, we consider the intra-organ level and extra-
organ level. On the intra-organ level, we are investigating the interaction of malaria parasites and the liver

cells whereas, at the extra-organ level, we are investigating malaria parasites outside the liver stage.

4.2 The Mathematical Model

We formulate a coupled multiscale model that traces the malaria parasite’s life cycle of malaria disease
systems. The malaria parasite’s life cycle should involve two distinct environments which are: biolog-
ical human host environment and biological mosquito vector environment. In this work we presented
a full coupled multiscale model based on monitoring the dynamics of eighteen populations at time ¢,
which are susceptible humans S (t) and infected humans I (¢); community gametocytes load G (t)-
in human biological environment; susceptible mosquito Sy (¢) and infected mosquito Iy (); community
sporozoites load Py (t)- in mosquito biological environment; sporozoites population P, (t), uninfected
liver cells Ly(t), infected liver cells Lj (¢), uninfected red blood cells By(t), infected red blood cells
By (t), population of merozoites Mj,(t) and population of gametocytes G, (t) within-human biological
environment; population of gametocytes within infected mosquito G, (t), population of gametes G, (t),
population of zygotes Z, (), population of oocysts O, (t) and population of sporozoites P, (t) -in mosquito

biological environment.

This coupled multiscale model express the transmission of malaria parasite from mosquito to human using
S1P sub-model with variables which are susceptible humans Sg(¢), infected humans 77 (t) and commu-

nity sporozoites load Py, where by the transmission of malaria parasite at between-human scale from
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community infectious reservoir of mosquitoes to humans occurs at a rate Ay (t) = W, where
By is the contact rate to the community with a population Py (t) sporozoites per unit time [20]. The com-
munity sporozoite load that yields 50% probability of human host get infected with malaria after mosquito
bites in a certain community, which is denoted by F,. Similarly, the model illustrate the transmission of
malaria pathogen from human to mosquito using SIP sub-model with variables which are susceptible
mosquitoes Sy (t), infected mosquitoes Iy (¢) and community gametocytes load G g(t) and the transmis-
sion of malaria pathogen at between-mosquito scale from community infectious reservoir of humans to
mosquitoes happen at rate Ay (t) = BuGr(t)

-~ Go+Gplt)
a population G (t) gametocytes per unit time and which is considered as a method of evaluate the human

. Where (7 is the rate of contact to the community with

biting rate. Where Gy models the community gametocyte load that yields 50% likelihood of mosquito

getting infected with malaria after mosquito biting an infected human in a certain community.

The Sy and Sy increases at a constant recruitment rate Az and Ay respectively. The susceptible humans
are decreasing due to the transmission of malaria parasite at between-human scale from community in-
fectious reservoir of mosquito Py (t) to human hosts occurs at a rate Sy Ay (Py)Sg(t). The susceptible
mosquitoes are decreasing due to transmission of malaria pathogen at between-mosquito scale from com-
munity infectious reservoir of humans G to mosquitoes occurs at a rate Sy g (t)(Gr(t))Sy (t). From
between-host scale variables, the susceptible host populations (Sg (t) and Sy (t)) are reduced through nat-
ural death at rates p 7 and py respectively. Sg(t) also increase through natural recovery of infected pop-
ulation at a rate yy. Infected human populations (I (t)) and Infected mosquito populations (Iy/(¢)) in-
crease through Sy Ay () (Py (t))SH(t) and BgAm (t) (G (t)) Sy (t) respectively and they reduced through
natural death at rates (7 and py) and also reduced by mortality due to infection at rates 6y and dy .
Iy (t) is also reduced due to natural recovery from infection at a rate vy. In community sporozoites
load (Py (t)), the first term on the right hand side of the equation (18) of model (4.2.0.1) is modeled by
(Iy (t) + 1)ay, Py(t), where every infected mosquito sheds/excretes the within-mosquito scale pathogens
(sporozoites) at a rate o, P,(t) and for a total of I,,(t) = Iy (t) + 1 infected mosquitoes which the model
involves the upscaling ( for linking of within-mosquito scale to the between-mosquito scale) [18, 20]. Py
diminished by the elimination of the total community sporozoite load at a rate ay,. From community
gametocytes load (G (t)), the first term of the right hand side of the equation (10) of model (4.2.0.1) is
showed by (I (t) + 1)apGp(t), where every infected human excretes the within-human scale pathogen
(gametocytes) at a rate G (t) and for a total of I;,(t) = Iz (t) + 1 infected mosquitoes is the upscaling
of within-human scale to the between-human scale. Gy (t) decreases due to elimination of the total com-

munity gametocytes load.

We show features for the derivation of a coupled multiscale model for directly transmitted vector-borne
disease (i.e. malaria disease systems) in which the Plasmodium falciparum does not have a replication
cycle at both within-human scale and within-mosquito scale as a way of complete its life-cycle. The

pathogen load at both within-human scale and within-mosquito scale grows only through super-infection.
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The coupled multiscale model of malaria disease systems is demonstrated in Figure (4.1). The infection
process at human usually starts with an infected mosquito sucking blood meal and injecting sporozoites
in the human blood system. The sporozoites in mosquito will be injected into human system and consti-

tutes the sporozoites population in the first life-stage at within-human scale denoted by Py (¢) and may

Py(t)(Sg(t) —1
increase through super-infection at a rate A\, (t)Sy,(t) = v Py ()(Su(t) — 1) , Where ¢y is the

(Po + Py (t))¢n(In(t) + 1)
proportion of new infection or decay naturally at rate ;. This process of super-infection involves the

down-scaling whereby we integrate the between-host scale parameter and variables to the within-human
sub-model. The first intermediate life stage of within-human sub-model which is the uninfected liver cells
which is given by Ly (t), increase through the rate of supply of unifected liver cells A;. Uninfected liver
cells decrease due to infection of liver cells by sporozoites which is given by /3; P}, (t) Ly (t) where f3; is the
contact rate of sporozoites with uninfected liver cells. The first intermediate life-stage of within-human
scale die naturally at a rate p;. The infected liver cells is the second intermediate life stage of within-
human scale and which is denoted by Lj, (¢). The second intermediate life stage increase through infection
of uninfected liver cells 8, Py, (t) Ly (t), or decay naturally at rate y; or bursting of liver cells at rate .
The uninfected red blood cells is the third intermediate life stage of within-human scale which is given
by By, (t), which increase through the rate of supply of uninfected red blood cells Ay, and decrease by
infection of uninfected cells by merozoites which is given by /3, M}, (t) By, (t) where 3}, is the contact rate
of merozoites and unifected red blood cells, or decay naturally at rate up. Infected red blood cells is the
fourth intermediate life stage of within-human scale which is denoted by B; (¢), increase throughthe rate
of proportion of infection of liver cells (1 — )3, M}, (t) By,(t) and or decay natually at rate y, or bursting
of infected-red blood cells to produce merozoites a.,,. The merozoites population is the last stage of the
intermediate life stage of within-human scale which is given by M},(t), the merozoites in the human blood
system increase due to bursting of infected liver cells which is given by Njay L7 (t) and through the rate
of increase of merozotes in the human blood system through bursting of infected red blood cells which is
given by N, v, By, (t) The population of merozoites assumed to decay naturally at rate i,,. The popula-
tion of gametocytes is the last life stage of within-human scale which is given by Gy, (¢). This last life stage
increase through the proportion of the total population of merozoites infected liver cells 73, M}, (t) By (t),
or decrease through the rate of natural decay of gametocytes infected erythrocytes (u) or by (o) which
is the rate of shed/ excretion of infectious gametocytes from within-infected human blood system to the

community gametocytes load.

The infection process of malaria disease system at within-mosquito scale is initiated with the mosquito
draw blood meal from an infected human. The gametocytes which are consumed up by the mosquito
in blood meal and must cross through the midgut of mosquito, which performance are the first physical
obstacle inside the mosquito [58]. The gametocytes population is the initial life-phase at within-mosquito

scale which is indicated by G, (t) in the flow diagram in Figure (4.1) and gametocytes population may
BuGH(t)(Sv(t) — 1)

(Go+ Gu(t))ov(Iv(t) +1)
proportion of new infection or decay naturally at rate y, or proceed to the initial intermediate life stage

increase through super-infection at rate A\ (¢)S,(t) = , where ¢y is the
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that is gametes population at rate ay. We can say «y is the rate at which gametocytes within-infected
mosquitoes burst releasing sex cells called gametes (either male or female gametes). The population of
gametes G, (t) increase by NyayGy(t), where we assume that for every bursting gametocytes within an
infected mosquito, it releases an average of N, gametes upon bursting. The gametes population decreases
through natural decay at rate us or at rate ag where gametes also get depleted through male and female
gametes fusing to form zygotes which is the second intermediate life-phase. The population of zygotes
Z,(t) increase through the developmental processes which is udergone by gametes to mature and pair-up
and fuse to form zygotes at rate %Gm(t). The zygote population either decay naturally at rate u, or
proceed to further developmental changes into ookinetes and migrates to the midgut of the mosquito by
pass through the gull wall and then form the oocysts at rate «v,. The oocysts population (O, (t)) is the
last intermediate life-stage on within-mosquito scale where increase through developmental changes in
ookinetes to become oocysts at «, Z,(t) and decrease through natural decay at rate zi;, or through bursting
of oocysts to release sporozoites at . The population of sporozoites (P,(t)) increase by NypaOy (1),
where we assume that each oocyst bursts at a rate of aj, producing an average of Nj sporozoites upon
bursting. The population of sporozoites decrease through natural decay at rate p, or at rate a,, which is
the excretion/shedding rate of mature sporozoites into the salivary glands of within-infected mosquito to

the community sporozoites load.

From the diagram shown in Figure (4.1), we have the following system of equations as a coupled multi-

scale model for malaria disease system transmission dynamics which is given by model (4.2.0.1).
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l (g + Sy 4y,
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Figure 4.1: A conceptual diagram of a coupled multiscale model (4.2.0.1) of malaria disease dynamics.

4.2.1 Reproductive Number

Using the next generation operator approach to calculate the basic reproductive number and we use the

[61]’s approach. The model system (4.2.0.1) can be written in the form

dx

= = HX\Y.Z

dt f( ) b )7

% = ¢(X,Y,2), 4.2.1.1)
dz

= = RWX,Y,Z

dt ( 3 Ly )7
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where
X = (SH<t)7Lh(t)7Bh(t)7SV(t))a
Y = (Ig(t), Pa(t), Li(8), BE(t), Gu(t), Iy (t), Go(t), G (t), Zu(t), Ou(t), Py (1)), (4.2.1.2)
zZ = (Mh(t)vGH(t)>PV(t))'

We define g(X™, Z) by The disease free equilibrium is given by

Ey =

By letting h; =

hy =

hy =

hs =

(S, 1%, PP LY L0, By, B, MY, G, GY, SV, IV, G2, GO, 29, 08, PO, PY),

A A A A

(H,o,o, 20,2 0,0,0,0, V,o,o,o,o,o,o,o) . 4.2.1.3)
L w v

dM, | dGy _dpy .

0 ho = 7 and hy = e we obtain
Ny BiMiBy (Mg — pw)(pE + vu + 0m) Py

o + p pppuda By APy + pa(pm + v + 0m)(Po + Py)]
Nmoun (1 —m)BpAp My (bt + BulAn) My

Qm + M b j23
ap  TBMR BV APy + pr(pE +v8 + 05)(Po + Py)] My,
—agGg, 4.2.1.4)
an + fin popr (e + i + 6)(Po + Py)

1 Ngag o a, Npap oy Bu(Av —py)Gh
20y + g s+ sz F iz o+ g 0+ iy pv v (Go + Gr)

—ay Py,

A= M — D, where M > 0and D > 0, a diagonal matrix.

Ohiy  Ohy Ol

oM, O0Gp OPy

Oha  Ohy  Ohs

oM, 0Gy 0Py |’

Ohs  Ohs  Ohs

oMy 0Gup OPy

4.2.1.5)
Nmom (1= m)Bhhn _ pmpt + Bpbn Niew BihiBv(Au — pu)
m + b b ap+ . ppiapadEPo
ap  TBRAL
L —ay 0 )
Oh + b o
0 al —Qy
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Nmam (1= m)Bnln _ pmpty + Bpde o Niaw BibaBy (An — purr)

Qo + 1 b o ar+ o pptupra@HEP
M = ap AR 0 0 (4.2.1.6)
op+ [h o Mo
0 aq 0
A
tom i + BrnAn 0 0
b
D = 0 an 0| 4.2.1.7)
0 0 ay
I L 0
Pom o + BrnAn
1 1
D = 0 0 , 4.2.1.8)
ay
1
0 0 —
ay
1 N, N Ay —
where a; = - 9% Qs Qz kO ay  Pu(Av —py)
20y + pig s+ ps 0z + py o+ pig Gy + . pydvGo
Ny (1 —m)BrAp 0 Ny BiMBv(Ag — pm)
Qm + iy iy + Brln ap+ . pppuproy o Po
MD™' = Qh mOnAn 0 0 . (42.1.9)
ap + pn m i + By
0 Qv 0
where
Oy = 1 Nyag  as a;  Npap o Br(Av —py)
2 g+ g s F s O+ fly O F g Oy F 1y o @y Go
0y = ap, 7B A, Ny BiMiBy (Mg — pr)

(4.2.1.10)
ap + pn e + Balp gy + . pppupray o Po
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Ry = p(MD™1), which is given by

where

by
bo

where

A3 4+ o2 + b1 A+ by = 0,

Npom (1 - W)BhAh

Qi + B,
- 0,

= —QvQn,

AH > pH,

Ay > py.

The solution is given by the cubic formulae

Al =
Ay =

Ay =

where

©u

1

1,1 1

—gb2 = 5(H +0) = 5v/3(0 — H),
1, 1 1

—gbe = 5 (H+0) +5/3(0 — H),

Q° + R?,
3bp — b2
9 )
9b1by — 27by — 203
54 '

I O U O =
I
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Since by < 0, by = 0 and by < 0, therefore
b3
= —2<0
Q 9 )
—27by — 2b3
R = —2To=26 0, (4.2.1.16)
54
o= (LB, ( 3+ 28N
32 2 x 33 ’
_ —4bS + 3507 + 2 x 3bob3 + 4b
22 x 36 ’
_ 3%(3%o + 2b3)
22 x33x33 7
bo(27bo + 2b3)
D = ———=>0. 4.2.1.17
108 ( )
Since R > 0 and D > 0, therefore
H = Vy/R+vD>0,
O = VR-VD>0, (4.2.1.18)
H > O,
O—-H < 0.

There are three possible values which may represent the value of reproductive number, these are mathe-

matically correct but not all of them gives us real positive solutions, some are compl

ex numbers. We take

the real positive numbers only. Therefore A\; > 0, and Ay and A3 are the imaginary roots of polynomial

equaton (4.2.1.11). Therefore we conclude that our reproductive number is given by

1
Ry = M= —§b2+(H+O),

— —%b2+ [{’/R+\/5+ Q/R—\/EJ,

_ L N \3/—27b0 — 203 N [bo(27by + 2b3) N </—27b0 =203 [bo(2Tho + 203)
- 37 54 108 54 108 ’

1 Npom, (1 - 7T)BhAh
3y + i fm iy + BrAn

(4.2.1.19)

*127QvQp + 2 (Nmam (A=7)BnAn )3 QvQn <27QvQH +2 (

Qm ity mpp+BrAn

N oum (177r)ﬁhAh 3
amAity pm o +BrAn

o4 108

3 Nupam (1=m)BaAn ) 27 2(
27QvQmu +2 (am"ﬁub umub+,3hh/\hh> QvQn < Qv+

3
N oum (1_7r)BhAh
am+pp pm b +BrAn

T\ 54 —\ 108
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4.2.2 Positivity of solutions

The multiscale model (4.2.0.1) describes the dynamics of human, mosquito and parasite populations and
it is essential to show that these populations are positive for all £ > 0. We have to prove the following

theorem.

Theorem 4.1. The solutions of the multiscale model (4.2.0.1) satisfy the following initial conditions which
strictly positive components i.e. (SH > 0, Iy >0, P, >0, L, >0, L; > 0, By, > 0, B;SL >0, My, >0,
Gp>0,Gg>0,S,>0,1Iy >0,G, >0,Gp, >0, Z, >0,0, >0, P, >0,Py >0) forallt > 0.

Proof. We prove that the solution of the multiscale model (4.2.0.1) of which the solution starts from a

strictly positive point, all components are positive for 0 < ¢ < #.

dS(t)
dt

=> —(\v(t) + pr)Su(t), (4.22.1)

The equation can be solved by the separable variable as follows.

dSu(t)
Su(t)

> —(Ay(t) + pp)dt. (4.2.2.2)
By leting

t = sup{t>0:85>0,Iyg >0,P,>0,L,>0,L; >0,B, >0, By >0 M,>0,G} >0,
Gy >0,S>0,Iy >0,G, >0,G,, >0,2Z, >0,0y.0, P — [v].0, P — [V].0} € [0,¢],

and integrating equation (4.2.2.2), and we obtain

t
m(su(®) =~ ([ (i + put) + n(Su(0)
0
t
Su(t) > Su)esp{~ ([ Av@ii-+nt) |
0
It implies that
tlggo inf(Sg(t)) > 0.
Using similar method, we obtain
In(t) = In(0)exp{—(um +vu +dm)t},

liminf(Ig) > O.
t—
Using similar principle on the sporozoites population (P,) within-human dynamics, we obtain

Py(t)
Jim inf (P (t))

Y

Py, (0) exp{—ppt},
0. (4.2.2.3)

Y
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Using Similar method, it can be shown that

v

Y

v

v

Y

v

v
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) ] (e (e} [a) ) o o (e (e (e} [a) ja) ) ]

v

Thus, when starting with no-negative initial value conditions in the multiscale model (4.2.0.1), the solu-

tions of the model will remain non-negative for all ¢ > 0, and this completes the proof. O

4.2.3 Invariant Region

Let Ny represent the total human population and by letting Ny = Sy + Iy and adding first and second

equations in system (4.2.0.1)

ANy _ dSu  dly
e dt dt’
= Ay —pugNy —only,
< AH — ,U,HNH. (4.2.3.1)
It implies that
. Apg
lim Sup(Ng(t)) < —. (4.2.3.2)
t—o0 0524
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Applying the similar method letting Nyv = Sy + Iy, where Ny is the total mosquitoes population, and
by adding fourth and fifth equations in system (4.2.0.1), we obtain

dN
d—t‘/ <Ay — pyNy. (4.2.3.3)
It implies that A
lim Sup(Ny(t)) < =% (4.2.3.4)
t—o0 ny

Let Ny, represent the total liver cells population, where N}, = Ly, + Lj. By adding equations thirteen and

fourteen we obtain

dN
SR < Ay — Ny (4.2.3.5)
dt
It implies that A
lim Sup(Np(t)) < =L (4.2.3.6)
t—o0 1%

Let the total red blood cells population be NN,., such that N,, = By, + Bj. From adding the equations fifteen

and sixteen of the system (4.2.0.1), we obtain

dN,
< Ap — up N, (4.2.3.7)
dt
This implies that A
: < D
tlgcr)lo Sup(N,(t)) < o (4.2.3.8)

Therefore all feasible solutions of the model system (4.2.0.1) are positive and eventually enter the invariant

attracting region

Q = ((Su,Im,Pn, Ly, L}, By, By, My, G, G, Sy, Iv, Gy, Gy Zy, Oy, Py, Py) :
0<Sy+Ig <,0< Sy +1Iy <0, 0< L+ Ly, < Q3,0 < By, + By < Qy,
0< My <Q50<G,<0,0<Gg <07,0<G, <0,0< G,y <9Q, (4.2.3.9)
0<Z, <10,0<0, <011,0 < P, < Q42,0 < Py < Qy3),

where

© University of Venda
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A
Ql = ia
HH
A
QQ = la
fiy
Q?) = &7
2
A
Q4 = 7}17
Hb
0 — NioqupAy + Nppoom puAp
-
i (pm s + BrAAn)
0 = 1 7B An [INjaqup Ay + Ny pAp]
) tiafis (b e + BrAAp) ’
Apd
Q = —2h mBnAnds , (4.2.3.10)
an + pn oo L e (R e + BrAAn)
0 = 1 7mapBrAnfu(Av — pyv)d:
Qg+ Hg v (Ay + py)dz
On — Nyay L wonBrlnBu(Av — py)ds
9 p—
Qg + g s + s dv(Av + py)ds
Qo = 1 Ngog  as 1 monBrAnBra(Av — pv)ds
2 Qg + g Os + s Oz + [z (z)V(AV + NV)dQ
0 — LNy _as ez 1 manBuMiBu(Av = pv)d:
20‘9""/1'9 Qs + s Oz + [y O + [k ¢V(AV+MV)CZ2
Q1 — 1 Nyay  Ngog  as o 1 mapBrhnBua(Av — py)di
2 ap + ke 0 F g O+ s 0 F [z O F fly ov(Av + py)dz
Qi = 1 Nyag  Ngog  as o ay  mapBrARBa(Av — py)d;
2 ap + ks 0 + g s+ fis 0+ (0 + i) oy py Py dy ’
where
di = (Ag+ pn) [Nogph; + NpompuAp)
do = Gopmonpips(an + pn)(mits + Baln) + canmBrAnd:. (4.23.11)

Any solution of the model (4.2.0.1) which commences in €2 at any time ¢ > 0 will always remain confined
in the region. Whenever Ay > ppy and Ay > py, Q is positively invariant and attracting and it is
sufficient to consider solutions of the system of equations (4.2.0.1) in €2. So the model (4.2.0.1) is hence

well presented mathematically and biologically.

4.3 Numerical Simulation
In this section, we carry out a numerical simulations of a coupled multiscale model of malaria disease

system, in order to illustrate some of the analytical results obtained in this work. We compute the model

system to outline the effect of different parameter values. The behaviour of model system (4.2.0.1) was

© University of Venda
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investigated using Python program version (2.7) in the windows operation system (Windows 10). The

parameter values used for model simulation are presented and described in Tables (4.1), (4.2), (4.3) and

(4.4). Some of the parameter values utilised in this research work were taken from published literature and

some were estimated from experimental studies. The reason why some parameter values are assumed or

estimated is that the multiscale modeling of malaria infectious disease, which includes the within-human

host scale and within-mosquito scale, are limited or the parameter values found in existing literature are

not suitable for this model. The model developed in this work, was simulated using the initial value
conditions given by S (0) = 10000, I7(0) = 70, P,(0) = 1000, L (0) = 100, L} (0) = 10, B(0) =

10, BE(0) =

10, My(0) = 10, G,(0) = 100, G (0) = 60000, Sy (0) = 100000, I (0) = 200,

G, (0) = 100, G (0) = 100, Z,(0) = 10, O,(0) = 10, P,(0) = 10 and Py (0) = 40000.

Table 4.1: Between-mosquito scale parameter values and their description.

Parameter Description Initial Value | Range Units Source

Ay Rate of recruitment of susceptible | 2000 1000-3000 Mosquitoes per | [35]
mosquitoes. day

By Contact rate of susceptible humans with | 0.32135 2.7 x107%-0.64 dayi1 [35]
the infectious reservoir of mosquitoes.

wv Natural death rate of mosquitoes. 0.12 0.033-03 day™" [24]

Sv induced death rate of infected | 0.00000426 | 4.26 x 107° — | day™" [24]
mosquitoes. 5.33 x 107°

Py Half saturation constant associated with | 1 x 10° 1" — 5 x 10% dayi1 [24]
the infection of humans.

ov Proportion of new infected mosquitoes | 0.0001 0.0001-0.01 day™" Assumed
in the total infected mosquito popula-
tion.

ay Rate of clearance of community sporo- | 0.3 0.09-0.99 day™" [24]
zoite load.

© University of Venda
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Table 4.2: Between-human scale parameter values and their description.

Parameter Description Initial Value | Range Units Source

Ag Rate of recruitment of Susceptible hu- | 600 10-800 Humans per day [35]
mans.

Bu Infection rate of susceptible | 0.356 0.072-0.64 day_1 [35]
mosquitoes.

WH Natural death rate of humans. 0.00004 0.00001- day~ ! [24]

0.00008
o Disease induced death rate of humans. 0.003454 1 x 107" — dayi1 [35]
4.1x 107"

YH Natural recovery rate of humans. 0.0092 0.0014-0.017 dayi1 [35]

Go Half saturation constant associated with | 5 x 10% 1x10%—1x10° day_1 [24]
the infection of mosquitoes.

oH Proportion of new infected humans in | 0.0001 0.0001-0.01 day_1 Assumed
the total infected human population.

oH Rate of clearance of community game- | 0.0000913 0.0000467- day™" [24]
tocyte load. 0.000274

Table 4.3: Within-mosquito scale parameter values and their description.

Parameter Description Initial Value | Range Units Source

Qg Rate at which gametocyte infected ery- | 96 90-100 day™" [24]
throcytes burst within ifected mosquito.

g Decay rate of gametocytes within in- | 0.0625 0.0326-0.0725 day™" [24]
fected mosquito.

Ny Number of gametes produced per ga- | 2 1-3 day~ ! [24]
metocyte infected erythrocyte within
infected mosquito.

a; Rate at which zygote develop into | 0.4240 0.01-0.5 day™" [24]
oocysts.

Lz Natural death rate of zygote. 1 1-4 day_1 [24]

Qs Fertilisation of gametes. 0.2 0.01-0.2 day™" Assumed

Ls Natural death rate of gametes. 58 40-129 day_1 [24]

Qg Bursting rate of oocysts to produce | 0.2 0-1 day™" [24]
sporozoites.

Ny, Number of sporozoites produced per | 3 000 1000-10000 day™" [24]
bursting oocysts.

Uk Natural death rate of oocysts. 0.01 0.071-0.143 day_1 [24]

Qly Rate at which sporozoites become in- | 0.025 0.0167-1 dayi1 [24]
fectious to humans.

Lo Natural death rate of sporozoites. 0.0001 0.0001-0.01 dagfl [24]

© University of Venda
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Table 4.4: Within-human scale parameter values and their description.

Parameter Description Initial Value | Range Units Source

A Rate of supply of uninfected liver cells. | 3000 Cells per day [60]

Up Decay rate of sporozoites. 1.2x 107" day™" [45]

Bi Rate of infection of hepatocytes by | 1 x 107° day™" [45]
sporozoites.

I Natural decay rate of liver cells. 0.029 day_1 [45]

[e%) Rate at which infected liver cell bursts. | 0.02 day71 [45]

N; Number of merozoites produced per | 10 000 day~ ! [45]
bursting pre-erythrocytes.

Ap Rate of suppy of uninfected red blood | 200 100-300 cells per day [24]
cells.

Bn Rate of infection of red blood cells (ery- | 0.1 2x107°-0.2 dagf1 [24]
throcytes).

ap Rate at which gametocytes develop and | 0.4 0.01-0.9 day™" [24, 47]
become infectious within infected hu-
man.

Lk Natural death rate of gametocyte in- | 0.0625 0.0600-0.0625 day™* [24]
fected erythrocytes within infected hu-
man.

b Natural decay rate of red blood cells. 0.0083 0.006-0.1 day™" [24]

m Natural decay rate of free merozoites 0.001 0.001-0.5 day™"

™ Proportion of gametocytes infected ery- | 0.1 0.1-0.5 day™" [24]
throcytes.

Nn, Number of merozoites produced per | 16 10-30 day™" [24]
bursting erythrocytes.

Qm Rate at which erythrocytes burst to pro- | 0.5 0.1-1.0 day™" [24]

duce merozoites.

4.3.1 Global sensitivity analysis

Employing the tornado plot sensitivity analysis will allow us to establish which parameters influences the

model outcomes when we decrease or increase certain parameter values. We need to determine which

parameters should we target to reduce the reproductive number (Rp).
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Figure 4.2: Tornado plot showing Partial Rank Correlation Coefficients of the reproductive number (Ry)

In Figure (4.2), showing the global sensitivity analysis of reproductive number (Rg) using the tornado
plot. If the parameter values are positive, partial rank correlation coefficients (PRCCs) has a potential to
increase the value of Ry if the parameter values are increased. The parameter values which have negative
PRCCs have influence of reducing the value of Ry when we increase the parameter values. The parameters
Av, By, as, B, ™, Mg, BH, oz, Ni, ag and A; have the highest impact in raising the value of Ry when
these parameters are increased. The parameters 1, ¢, ¢v, Po, Go, apr, pry and pi,, have the highest
impact in reducing the value of Ry when these parameter values are increased. The parameter values
may have either positive or negative PRCCs, it is crucial to discover whether there is an increasing or

decreasing trend when the parameter values are varied.
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4.3.2 The influence of between-human scale parameters on within-human scale variables

for malaria infection

This subsection demonstrates through numerical analysis results of coupled multiscale model (4.2.0.1) the
evidence for the influence of between-human scale parameters on within-human scale variables for malaria
infection dynamics. We evaluate the different values of between-human scale parameters (¢r, o, B
and () and assess their influence on the dynamics of the within-human scale variables ((a) population
of infected liver-cells L7, (b) population of infected red-blood cells B;, (c) population of merozoites M},
and (d) population of gametocytes Gy,).

140000 400
gy =0.0001

120000 {{ == ¢y =0.0005 _‘,‘.m-m.‘.‘.,.‘.‘.‘.,.‘.‘.‘...‘. 350(
gy =0.0009 wt

<2 100000

N
&
S

80000
200
60000

&
S

Infected Liver-cells (L,
Infected Red-Blood cells (B, )

S
S

......
c’ ----------------
- S PPt Ll
------- B Gy =0.0001
.
P
(e

20000 50 || ==, =0.0005

mu Gy =0.0009

0 100 200 300 400 500
Time in days

Gy)

Merozoites (11;)
Population of gametocytes (¢

1in gy =0.0001
120 | ==&, =0.0005
= g =0.0000

100 200 300 400 500
Time in days Time in days

Figure 4.3: Simulation of model (4.2.0.1) showing the evolution in time of (a) population of infected liver

cells Lj, (b) population of infected red blood cells Bj,, (c) population of merozoites M}, and (d) population

of gametocytes G, for different values of the proportion of new incfected humans ¢: ¢y = 0.0001,
¢ = 0.0005 and ¢ = 0.0009.

Figure (4.3) demonstrates graphs of numerical results of the coupled multiscale model system (4.2.0.1)
presenting the dynamics on (a) population of infected liver-cells L7, (b) population of infected red-blood
cells Bj, (c) population of merozoites M}, and (d) population of gametocytes G}, for different values of
the proportion of new infected humans ¢g: ¢ = 0.0001, ¢ = 0.0005 and ¢ = 0.0009. The results
show that as the proportion of nwe infected humans increase, there is a observable decrease in the popu-
lation of infected liver-cells and population of merozoites and there is no change in population of infected
red blood cells and population of gametocytes. Therefore, ¢y has an impact in the reduction of malaria

infection in liver cells and also in the production of merozoites.

In Figure (4.4), illustrates graphs of numerical solutions of the coupled multiscale model (4.2.0.1) showing

the changes on (a) population of infected liver cells L}, (b) population of infected red blood cells B;, (c)
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population of merozoites M}, and (d) population of gametocytes G, for different values of clearance rate
of community gametocytes load ag: ay = 0.0000913, oy = 0.000913 and ay = 0.00913. The results
in Figure (4.4) indicate that as the clearance rate of community gametocytes load ay increase, there
is observable decrease in the population of infected liver cells L; and population of merozoites M}, no
changes in the population of infected red blood cells B;, and the population of infected gametocytes G7J,.
This also give evidence of the influence of the between-human scale parameters on the malaria infection

dynamics at the within-human scale.

140000

120000 H

100000 -

Infected Liver-cells (L,

20000 -

0

80000

60000 -

40000 -

T oy —9.13e—05
— oy, —0.00913
= a; =0913
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0 100

le9
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Time in days

Vin oy =9.13e-05

|| -y, =0.00913

400
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300

250

200
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100

50

260

2401

11y =9.13e—05
—y; =0.00913
oy =0913

100

200 300
Time in days

400

500

= ay =0.913

220+

200+

180

Merozoites (4,)

160

Population of gametocytes (G,,)

140

v ay =9.13¢-05
120 f w0y, =0.00913
mn oy —0913

100
[

100 200 300 400 500
Time in days

Time in days

Figure 4.4: Simulation of model (4.2.0.1) showing the evolution with time of (a) population of infected

liver cells L}, (b) population of infected red blood cells B}, (c) population of merozoites M), and (d)

population of gametocytes G}, for different values of clearance rate of community gametocytes load o
ap = 0.0000913, oy = 0.000913 and ooy = 0.00913.

Figure (4.5) demonstrates the changes in (a) population of infected liver cells L7, (b) population of infected
red blood cells Bj, (c) population of merozoites M}, and (d) population of gametocytes Gy, for different
values of the infection rate of susceptible mosquitoes Brr: S = 0.00356, 57 = 0.0356 and B = 0.356.
The results from figure (4.5) show that as the increase in the infection rate of susceptible mosquitoes 5y,
there is also observable increase in the within human scale malaria infection (population of infected liver
cells Lj and population of merozoites M},) and there is no influence on population of infected red blood

cells and population of gametocytes.
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Figure 4.5: Simulation of model (4.2.0.1) showing the evolution with time of (a) population of infected
liver cells L}, (b) population of infected red blood cells Bj, (c) population of merozoites M}, and (d)
population of gametocytes G, for different values of the infection rate of susceptible mosquitoes Sp:
B = 0.00356, S = 0.0356 and Sy = 0.356.
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Figure (4.6) presents graphs of numerical simulation of the coupled multiscale model (4.2.0.1) depicts the

dynamics of (a) population of infected liver cells L;, (b) population of infected red blood cells B}, (c)

population of merozoites M}, and (d) population of gametocytes G}, for different values of half saturation
constant associated with the infection of mosquitoes (Go): Gy = 100000000, Gy = 500000000 and

Go = 900000000. The results indicate that as the half saturation constant associated with the infection

of mosquitoes G increase, there is a noticeable decrease in in the within human malaeia infection that

is population of infected liver cells L and population of merozoites M}, and there is no difference in the

within host malaria infection dynamics on population of infected red blood cellsn B;, and population of

gametocytes Gj,. Therefore, the between-human scale parameter will assist in administration of vaccine

which will have effect on the within-human disease dynamics. This again give evidence that the between-

human disease parameterhave influence on within-human disease processes.
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Figure 4.6: Simulation of model (4.2.0.1) showing the evolution with time of (a) the population of infected

liver cells Lj,, (b) the population of infected red blood cells Bj, (c) the population of merozoites M}, and

(d) the population of gametocytes G, for different values of half saturation constant associated with the
infection of mosquitoes G: G = 100000000, Go = 500000000 and Gy = 900000000.

4.3.3 The influence of between-human scale parameters on within-mosquito scale vari-

ables for malaria infection

In this sub-section, we examine numerically the effect of the between-human sub-model parameters (57
and Gp) on within-mosquito scale malaria infection variables ((a) population of gametocytes within in-
fected mosquitoes G, (b) population of gametes G, (¢) population of zygotes Z,, and (d) population of
sporozoites P,). Figure (4.7) demonstrates graphs of numerical solutions of multiscale model (4.2.0.1)
showing the changes in (a) population of gametocytes within infected mosquitoes G, (b) population of
gametes G, (c) population of zygotes Z,, and (d) population of sporozoites P, for different values of
half saturation constant associated with the infection of mosquitoes Gy: Gg = 5000000, G = 50000000
and Go = 500000000. The solutions in fig.(4.7) depict as the half saturation constant associated with the
infection rate of mosquitoes Goincrease, thre is visible decrease im malaria infction on within-mosquito
dynamics (G, G, Z, and P,). However, this between-human scale parameter is targeted for admin-
istering of vaccine which has an impact on reducing malaria infection in both between-host scale and

within-mosquito scale.
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Figure 4.7: Graphs showing the changes in (a) population of gametocytes within infected mosquitoes

G, (b) population of gametes G, (c) population of zygotes Z,, and (d) population of sporozoites P, for

different values of half saturation constant associated with the infection of mosquitoes Gy: Gy = 5000000,
Gy = 50000000 and G = 500000000.

Figure (4.8) examines graphs of numerical solutions of the multiscale model (4.2.0.1) presenting the

changes in (a) population of gametocytes within infected mosquitoes G, (b) population of gametes G/,

(c) population of zygotes Z, and (d) population of sporozoites P, for different values of the clearance

rate of community gametocyte load (ag): ay = 0.0000913, oy = 0.00913 and oy = 0.913. The

results in fig.(4.8) indicate that as the clearance rate of community sporozoites load o increase, there is

observble slightly decrease in malaioa infection on all within-mosquito scale variables ((a) population of

gametocytes within infected mosquitoes G, (b) population of gametes G, (c) population of zygotes 7,

and (d) population of sporozoites F,).
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Figure 4.8: Graphs showing the changes in (a) population of gametocytes within infected mosquitoes G,

(b) population of gametes G, (c) population of zygotes Z, and (d) population of sporozoites P, for

different values of the clearance rate of community gametocyte load (ap): ay = 0.0000913, ag =
0.00913 and oy = 0.913.

Figure(4.9) illustrates the dynamics in (a) population of gametocytes within infected mosquitoes G, (b)

population of gametes G, (c) population of zygotes Z,, and (d) population of sporozoites P, for different

values of the contact rate of susceptible mosquitoes with the infectious reservoir of humans Sr: S
0.00356, By = 0.0356 and B = 0.356. The results in fig.(4.9) demontrate that an increase in the contact

rate of susceptible mosquitoes with the infectious reservoir of humans S results in an increase of malaria

infection in within-mosquito variables ((a) population of gametocytes within infected mosquitoes G, (b)

population of gametes (,,,, (c) population of zygotes Z,, and (d) population of sporozoites P,).
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Figure 4.9: Graphs showing the changes in (a) population of gametocytes within infected mosquitoes G,

(b) population of gametes G,,, (c) population of zygotes Z, and (d) population of sporozoites P, for

different values of the contact rate of susceptible mosquitoes with the infectious reservoir of humans S :
Br = 0.00356, B = 0.0356 and S = 0.356.

4.3.4 The influence of between-mosquito scale parameters on within-human scale vari-

ables for malaria infection

In this sub-section, we examine numerically the impact of between-mosquito sub-model parameters (¢y,
ay, By, 0y, Ay, uy and Fp) on the within-human sub-model for malaria pathogen interacting with the
liver-cells and red-blood cells within a single infected human.Fig. (4.10)- fig.(4.16) present the influence
in the different values of between mosquito parameters (¢y, oy, By, oy, Ay, py and Py) on the malaria
infection dynamics of the within-scale variables ((a) the population of infected liver-cells L}, (b) popula-

tion of infected red blood cells By, (c) population of merozoites M}, and (d) population of gametocytes

Gyp).

Figure (4.10) demonstrates graphs of numerical simulations of the multiscale model (4.2.0.1) presenting
the changes in (a) the population of infected liver-cells L}, (b) population of infected red blood cells B},
(c) population of merozoites M}, and (d) population of gametocytes Gy, for different values of proportion
of new infected mosquitoes in the total infected mosquito population ¢y : ¢y = 0.0001, ¢ = 0.001 and
¢y = 0.01. The simulation in figure (4.10) show that as the proportion of new infected mosquitoes in the
total infected mosquito population ¢y increase, there is observable slightly reduction in the population
of infected liver-cells Lj and population of merozoites M}, and there is no difference in the infected

red-blood cells B; and the population of gametocytes Gj. These results indicate that the variation of
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the proportion of new infected mosquitoes for different values influence the within-huiman scale disease
dynamics on infection of liver cells and the production of merozoites. However, if there is an intervention
that increase the between-mosquito parameter ¢y will have an impact in reducing the malaria infection

on within-human scale.
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Figure 4.10: Simulations of multiscale model (4.2.0.1) depicting the evolution in time of (a) population of
infected liver cells L}, (b) population of infected red blood cells By, (c)population of merozoites M}, and
(d) population of gametocytes G, for varying the values of proportion of new infected mosquitoes in the

total infected population ¢y : ¢y = 0.0001, ¢y = 0.001 and ¢ = 0.01.

Figure (4.11) depicts graphs of numerical simulations of the multiscale model (4.2.0.1) presenting the
varation of (a) population of infected liver-cells L7, (b) population of infected red blood cells Bj, (c)
population of merozoites M}, and population of gametocytes GG, for different values of clearance rate of
community sporozoites ay: ay = 0.1, ay = 0.3 and ay = 0.5. The solutions in figure (4.11) indicate
that as the clearance rate of community sporozoites load «y increase, there is a visible reduction in the
population of infected liver-cells L; and population of merozoites M}, and we also notice that there is
no difference on the disease dynamics of population of infected red blood cells B}, and population of
gametocytes GGp,. Therefore, this indicate that between-mosquito scale parameter has impact on within-

human scale malaria infection dynamics.
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Figure 4.11: Simulations of multiscale model (4.2.0.1) depicting the evolution in time of (a) population of
infected liver cells L7, (b) population of infected red blood cells Bj,, (c)population of merozoites M}, and
(d) population of gametocytes (i}, for varying the values of clearance rate of community sporozoites load

ay: ay = 0.1, oy = 0.3 and ayy = 0.5.

Figure (4.12) depicts the simulations of the multiscale model (4.2.0.1) presenting the variation of (a) popu-
lation of infected liver cells L}, (b) population of infected red blood cells By, (c) population of merozoites
My}, and (d) population of gametocytes GGy, for different values of contact rate of susceptible humans with
the infectious reservoir of mosquitoes By : By = 0.0032135, By = 0.032135 and By = 0.32135. The
solutions in figure (4.12) present that as the contact rate of susceptible humans with infectious reservoir
of mosquitoes [y increase, we observe an increase in the population of infected liver cells Lj and popu-
lation of merozoites M}, and we also observe that there is no difference in the population of infected red
blood cells B;, and population of gametocytes G},. Therefore, this results gives evidence that the between

mosquito parameter has influence on the invasion of liver-cells and the production of merozoites.

Figure (4.13) presents the numerical solutions of the multiscale model (4.2.0.1) illustrating the variations
of (a) population of infected liver cells Lj, population of infected red blood cells Bj;, (c) population
of merozoites M}, and (d) population of gametocytes GG, for different values of induced death rate of
infectected mosquitoes dy: oy = 0.00000426, 6y = 0.000426 and §y = 0.0426. The results in figure

(4.13) demonstrate that as the induced death rate of infected mosquitoes increase, there is observable
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reduction in the malaria infection on the population of liver-cells L} and the population of merozoites Mj,
and there is no difference in the population of infected red-blood cells B;, and population of gametocytes
G, Therefore, any intervention that increase the death rate of mosquitoes has an impact in reducing the

malaria infection within-infected humans.
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Figure 4.12: Simulations of multiscale model (4.2.0.1) depicting the evolution in time of (a) population

of infected liver cells L7, (b) population of infected red blood cells B}, (c)population of merozoites M},

and (d) population of gametocytes GG, for varying the values of contact rate of susceptible humans with
the infectious reservoir of mosquitoes Sy : Sy = 0.0032135, By = 0.032135 and Sy = 0.32135.

Figure (4.14) depicts the dynamics the dynamics in the (a) population of infected liver-cells L}, (b) popu-
lation of infected red blood cells By, (c) population of merozoites M}, and (d) population of gametocytes
G}, for different values of supply rate of mosquitoes Ay: Ay = 1000, Ay = 2000 and Ay = 3000. The
results in fig.(4.14) show that as the supply rate of mosquitoes increase, there is observable increase in
the population of infected liver cells L; and population of merozoites M}, and there is no changes in the
dynamics of the population of infected red blood cells Bj, and population of gametocytes G,. Therefore,
any intervention that inhibits the breeding of mosquitoes has an influence in reducing malaria infecion at

within human scale.
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Figure 4.13: Simulations of multiscale model (4.2.0.1) depicting the evolution in time of (a) population

of infected liver cells L}, (b) population of infected red blood cells B}, (c)population of merozoites M},

and (d) population of gametocytes GGy, for varying the values of induced death rate of mosquitoes dy :
dy = 0.00000426, dy = 0.000426 and dy = 0.0426.

Figure (4.15) demonstrates the changes in (a) population of infected liver cells L}, (b) population of
infected red blood cells By, (c) population of merozoites M}, and (d) population of gametocytes Gy,
for different values of natural decay rate of mosquitoes py: py = 0.0012, py = 0.012 and py =
0.12. The results in fig.(4.15) show that as the natural death rate of mosquitoes increase, there is visible
reduction of within-human scale malaria infection on population of infected liver cells L}, and population
of merozoites M}, and there is no difference in the population of infected red blood cells B;, and population
of gametocytes GGj,. However, this indicate that the variation of natural decay rate of mosquitoes for
different values influence the within-human malaria disease dynamics only on invasion of liver cells and

production of merozoites.
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Figure 4.14: Simulations of multiscale model (4.2.0.1) depicting the evolution in time of (a) population

of infected liver cells L}, (b) population of infected red blood cells Bj, (c)population of merozoites

My, and (d) population of gametocytes G}, for varying the values of recruitment rate of mosquitoes Ay :
Ay = 1000, Ay = 2000 and Ay = 3000.

Figure (4.16) presents graphs of numerical simulutions of multiscale model (4.2.0.1) presenting the varia-
tion of (a) population of infected liver cells L}, (b) population of infected red blood cells By, (c) popula-
tion of merozoites M}, and (d) population of gametocytes GGy, for different values of half saturation constant
associated with the infection of humans Fy: Py = 50000000, Py = 100000000 and Py = 150000000.
The numerical solutions in fig(4.16) depicts that as the half saturation constant associated with the in-
fection of humans P, increase, there is visible reduction in malaria infection on population of infected
liver cells L and population of merozoites M}, and we observe that there is no difference in the malaria
disease dynamics on population of infectect red blood cells B;, and population of gametocytes G},. The
administration of vaccine is effective on this between-host parameter which has an impact of reducing the

malaria infection on within human scale variables.
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Figure 4.15: Simulations of multiscale model (4.2.0.1) depicting the evolution in time of (a) population
of infected liver cells L}, (b) population of infected red blood cells B}, (c)population of merozoites M},
and (d) population of gametocytes G, for varying the values of natural decay rate of mosquitoes py :
py = 0.0012, uy = 0.012 and py = 0.12
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Figure 4.16: Simulations of multiscale model (4.2.0.1) depicting the evolution in time of (a) population
of infected liver cells Ly, (b) population of infected red blood cells B}, (c)population of merozoites M},
and (d) population of gametocytes g, for varying the values of half saturation constant associated with
the infection of humans FPy: Py = 50000000, Py = 100000000 and Py = 150000000.
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4.3.5 Assessment of the influence of between-mosquito scale parameters on within-mosquito

scale variables for malaria infection

In this sub-section, we investigate the numerically the influence of between-mosquito sub-model parame-
ters (¢v, ay, and By) on within-mosquito sub-model for malaria dynamic of ((a) population of gameto-
cytes for within infected mosquitoes Gy, (b) population of gametes G, (c) population of zygotes Z,, and

(c) population of sporozoites P,).

Figure (4.17) demonstrates graphs of numerical results of the multiscale model (4.2.0.1) showing the
dynamics of (a) population of gametocytes within infected mosquitoes GG, (b) population of gametes
Gm, (c) population of zygotes Z,, and (d) population of sporozoites P, for different values of proportion
of new infected mosquitoes in the total infected mosquito population ¢y : ¢y = 0.0001, ¢y = 0.0003 and
¢y = 0.0005. From our numerical simulation in fig. (4.17), we note that as the proportion of new infected
mosquitoes in the total infected mosquito population ¢y increase, there is visible decrease in within-
mosquito scale variables ((a) population of gametocytes within infected mosquitoes G, (b) population
of gametes G, (c) population of zygotes Z,, and (d) population of sporozoites P,). Therefore, there is

evidence that between-mosquito dynamics have an impact on within-mosquito scale malaria infection.
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Figure 4.17: Graphs showing changes in (a) population of gametocytes within infected mosquitoes G,

(b) population of gametes G, (c) population of zygotes Z, and (d) population of sporozoites P, for

different values of proportion of new infected mosquitoes in the total infected mosquito population ¢y :
¢y = 0.0001, ¢y = 0.0003 and ¢y = 0.0005.

Figure(4.18) demonstrates graphs of numerical simulations of multiscale model (4.2.0.1) showing the
changes in (a) population of gametocytes within infected mosquitoes Gy, (b) population of gametes G,
(c) population of zygotes Z,, and (d) population of sporozoites P, for different values of clearance rate of

community sporozoite load ay: ay = 0.1, ay = 0.3 and vy = 0.5. From the numerical solutions in fig.

© University of Venda



L
>

) (o

P) University of Venda

Creating Future Leaders
@)

Chapter 4 136

(4.18) present that as the clearance rate of community sporozoite load ayy increase, there is visible slightly
decrease in tha malaria infection on within-mosquito dynamics of (a) population of gametocytes within
infected mosquitoes G, (b) population of gametes G,,, (c) population of zygotes Z,, and (d) population
of sporozoites P,. Therefore, any interventions that clearace the community sporozoity load has an impact

of reducing malaria infection in both between-mosquito scale and within-mosquito scale.
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Figure 4.18: Graphs showing changes in (a) population of gametocytes within infected mosquitoes G,
(b) population of gametes G,,,, (c) population of zygotes Z, and (d) population of sporozoites P, for

different values of clearance rate of community sporozoite load ay: ay = 0.1, ayy = 0.3 and oy = 0.5.

Figure (4.19) illustrates graphs of numerical simulations of the multiscale model (4.2.0.1) showing changes
in (a) population of gametocytes within infected mosquitoes G, (b) population of gametes G, (c) popu-
lation of zygotes Z,, and (d) population of sporozoites P, for different values of contact rate of susceptible
humans with the infectious reservoir of mosquitoes By = 0.0052135, Sy = 0.052135 and Sy = 0.52135.
From the numerical simulations in fig.(4.19) display that as the contact rate of susceptible humans with
the infectious reservoir of mosquitoes increase, we discover that there is an increase of malaria infec-
tion on within-mosquito scale that is on the dynamics of (a) population of gametocytes within infected
mosquitoes G, (b) population of gametes GGy, (c) population of zygotes Z,, and (d) population of sporo-
zoites P,. Therefore, any interventions that prevent the contact of human hosts with the mosquitoes have

an impact in reducing malaria infection on within-mosquito scale.
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Figure 4.19: Graphs showing changes in (a) population of gametocytes within infected mosquitoes G, (b)

population of gametes G,,,, (c) population of zygotes Z,, and (d) population of sporozoites P, for different

values of contact rate of susceptible humans with the infectious reservoir of mosquitoes Sy = 0.0052135,
By = 0.052135 and Sy = 0.52135.

4.3.6 The influence of within-human scale parameters on between-hosts scale variables

for malaria infection

In this sub-section, we illutrate the numerical results of multiscale model (4.2.0.1) present the changes
in (a) population of infected humans 77, (b) community gametocyte load Gz, (c) population of infected
mosquyitoes [y, and (d) community sporozoite load Py over time in days for different values of four
within-human scale selected parameters (7, oy, and pp). We demonstrate the influence of these four
within human scale malaria infection dynamics parameters (7, cvy,, and p1y,) on between host scale variables
((a) population of infected humans Iz, (b) community gametocyte load Gy, (c) population of infected

mosquyitoes Iy and (d) community sporozoite load Py).

Figure (4.20) presents variations in (a) population of infected humans Iz, (b) community gametocyte
load Gz, (c) population of infected mosquyitoes Iy and (d) community sporozoite load Py, over time in
days for different values of proportion of gametocytes infected erythrocytes 7: 7 = 0.1, 7 = 0.3 and
7 = 0.5. The numerical results indicate that as the proportion of gametocytes infected erythrocytes 7
within infected humans increase, there is also a visible increase in the population of infected humans I
, community gametocyte load Gz, population of infected mosquitoes Iy, and community sporozoite load
Py.
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Figure 4.20: Numerical solutions presenting changes in (a) population of infected humans 7, (b) commu-

nity gametocyte load Gy, (c) population of infected mosquyitoes Iy and (d) community sporozoite load

Py over time in days for different values of proportion of gametocytes infected erythrocytesm: m = 0.1,
m=0.3and m = 0.5.

Figure (4.21) presents dynamics of (a) population of infected humans /77, (b) community gametocyte load
G g, (c) population of infected mosquyitoes Iy, and (d) community sporozoite load Py over time in days
for different values of rate at which gametocytes develop and become infectious within infected human o, :
ap = 0.002, ap, = 0.02 and ap, = 0.2. The numerical simulation results present that as the rate at which
gametocytes develop and become infectious within infected human increase, visible increase in population
of infected humans, community gametocyte load, infected mosquitoes and community sporozoite load.
The results suggest that intervention measures that aimed at reducing the shedding/excretion rate at which
gametocytes develop and become infectious within infected human which has an impact in reducing the

transmission of malaria at population-level.
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Figure 4.21: Numerical solutions presenting changes in (a) population of infected humans Iz, (b) com-
munity gametocyte load Gy, (c) population of infected mosquyitoes Iy and (d) community sporozoite
load Py over time in days for different values of rate at which gametocytes develop and become infectious

within infected human ay,: ap = 0.002, o, = 0.02 and o, = 0.2.

Figure (4.22) shows the evolution of (a) population of infected humans /g, (b) community gametocyte
load Gz, (¢) population of infected mosquitoes Iy, and (d) community sporozoite load Py over time
in days for different values of natural decay rate of gametocytes within infected human p, = 0.00625,
pr = 0.0625 and py, = 0.625. The numerical simulation results in fig. (4.22) show that as natural
decay rate of gametocytes within infected human increase, there is visible reduction on between-host
malaria dynamics of population of infected humans Iz, community gametocyte load Gy, population
of infected mosquitoes [y, and community sporozoites load Py,. The results suggest that intervention
measures targeted at giving treatments that kills gametocyte within infected humans have an impact on

reducing the transmission of malaria disease at population-level.
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Figure 4.22: Numerical solutions presenting changes in (a) population of infected humans Iz, (b) com-

munity gametocyte load Gy, (c) population of infected mosquyitoes Iy and (d) community sporozoite

load Py over time in days for different values of natural decay rate of gametocytes within infected human
wp, = 0.00625, pp, = 0.0625 and pp, = 0.625.

4.3.7 The influence of within-mosquito scale parameters on between-hosts scale variables

for malaria infection

In this sub-section, we illutrate the numerical results of multiscale model (4.2.0.1) present the changes
in (a) population of infected humans 77, (b) community gametocyte load Gz, (c) population of infected
mosquyitoes Iy and (d) community sporozoite load Py, over time in days for different values of within-
mosquito scale selected parameters (N, ag, o, o, oz, Ny, pig, s, fy and p;). We demonstrate the
influence of these within-mosquito scale malaria infection dynamics parameters (N, o, s, 0y, 0z, Ny,
Lk s, by and p) on between host scale variables ((a) population of infected humans Iz, (b) community

gametocyte load G, (c) population of infected mosquyitoes Iy and (d) community sporozoite load Py).

Figure (4.23) present the changes in (a) population of infected humans I, (b) community gametocyte load
GH, (c) population of infected mosquyitoes Iy and (d) community sporozoite load Py over time in days
for different values of number of sporozoites produced per bursting oocysts within infected mosquitoes
Ng: N = 1000, N = 2000 and N = 3000. The numerical simulation results in fig. (4.23) present that
as the number of sporozoites produced per bursting oocysts within-infected mosquitoes increase, there is
visible increase on malaria transmission of dynamics of population of infected humans, community game-
tocyte load, population of infected mosquitoes and community sporozoites load. The results recommend
the intervention measures that targeted to reduce the number of sporozoites produced per bursting oocysts

within-infected mosquitoes which is good in reducing the malaria transmission at population-level.
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Figure 4.23: Numerical solutions of model (4.2.0.1) presenting changes in (a) population of infected

humans /g, (b) community gametocyte load Gz, (c) population of infected mosquyitoes Iy and (d)

community sporozoite load Py over time in days for different values of number of sporozoites produced
per bursting oocysts within infected mosquitoes Ny: N = 1000, N = 2000 and N;, = 3000.

Figure (4.24) demonstrate the dynamics of (a) population of infected humans Iz, (b) community gameto-
cyte load Gg, (c) population of infected mosquyitoes [y and (d) community sporozoite load Py, over time
in days for different values of bursting rate of oocysts to produce sporozoites within infected mosquitoes
ag: o = 0.2, ag = 0.6 and oy, = 1. The numerical simulation results in fig.(4.24 show that as the burst-
ing rate of oocysts to produce sporozoites within infected mosquitoes increase, there is noticable slight
increase on transmission of malaria dynamics of population of infected humans, community gametocyte
load, population of infected mosquitoes and community sporozoite load. The numerical simulation results
imply that intervention measures that targeted to reduce the bursting rate of oocysts to produce sporozoites

within infected mosquitoes have impact in reducing the malaria transmission at population level.
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Figure 4.24: Numerical solutions of multiscale model (4.2.0.1) presenting changes in (a) population of

infected humans [z, (b) community gametocyte load G, (c) population of infected mosquyitoes [y, and

(d) community sporozoite load Py over time in days for different values of ax: ar = 2, ap = 06 and
A = 0.1

Figure (4.25) presents the numerical solutions of multiscale model (4.2.0.1) presenting changes in (a) pop-
ulation of infected humans Iz, (b) community gametocyte load Gz, (¢) population of infected mosquy-
itoes Iy and (d) community sporozoite load Py, over time in days for different values of fertilisation of
gametes within infected mosquitoes as: as = 0.2, oy = 0.5 and as = 0.8. The numerical simulation
results in fig.(4.25 show that as the fertilisation of gametes within infected mosquitoes increase, there
is noticable increase on transmission of malaria dynamics of population of infected humans, community
gametocyte load, population of infected mosquitoes. The numerical simulation results imply that interven-
tion measures that targeted to reduce the fertilisation of gametes within infected mosquitoes have impact

in reducing the malaria transmission at population level.

© University of Venda



L
>

) (o

W University of Venda

Creating Future Leaders
@)

Chapter 4 143

300000

250000

5 200000

150000

Infected Humans (7, )

100000

50000

Community Gametocytes Load (G )

o 100 200 300 400 500
Time(days) Time(days)

12000

10000

8000

6000

Infected Mosquitoes (1)

4000

Community Sporozoites Load (7,)

2000

100 200 300 400 500
Time(days) Time(days)

Figure 4.25: Numerical solutions of multiscale model (4.2.0.1) presenting changes in (a) population of
infected humans [z, (b) community gametocyte load G, (c) population of infected mosquyitoes [y, and
(d) community sporozoite load Py, over time in days for different values of fertilisation of gametes within

infected mosquitoes a5: as = 0.2, ag = 0.5 and oy = 0.8.

Figure (4.26) presents the numerical solutions of multiscale model (4.2.0.1) presenting changes in (a) pop-
ulation of infected humans Iz, (b) community gametocyte load Gy, (c) population of infected mosquyi-
toes Iy and (d) community sporozoite load Py over time in days for different values of shedding/excretion
rate of sporozoites become infectious to humans within infected mosqiotoes a,: ai,, = 0.0025, ai,, = 0.025
and o, = 0.25. The numerical simulation results in fig.(4.26) show that as the shedding/excretion rate
of sporozoites becomes infectious to human within infected mosquitoes increase, there is noticable in-
crease on transmission of malaria dynamics of population of infected humans, community gametocyte
load, population of infected mosquitoes and community sporozoite load. The numerical simulation re-
sults imply that intervention measures that targeted to reduce the shedding/excretion rate of sporozoites
becomes infectious to human within infected mosquitoes have impact in reducing the malaria transmission

at population level.
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Figure 4.26: Numerical solutions of multiscale model (4.2.0.1) presenting changes in (a) population of

infected humans [z, (b) community gametocyte load G, (c) population of infected mosquyitoes [y, and

(d) community sporozoite load Py, over time in days for different values of shedding/excretion rate of

sporozoites become infectious to humans within infected mosqiotoes «,: o, = 0.0025, o, = 0.025 and
a, = 0.25.

Figure (4.27) presents the numerical solutions of multiscale model (4.2.0.1) presenting changes in (a) pop-
ulation of infected humans Iy, (b) community gametocyte load Gz, (¢) population of infected mosquy-
itoes Iy and (d) community sporozoite load Py over time in days for different values of progression
rate at which zygote develop into oocysts within infected mosquitoes a,: o, = 0.024, o, = 0.424 and
o, = 0.824. The numerical simulation results in fig.(4.27) show that as the progression rate at which
zygote develop into oocysts within infected mosquitoes increase, there is noticable increase on transmis-
sion of malaria dynamics of population of infected humans, community gametocyte load, population of
mosquitoes, and community sporozoite load. The numerical simulation results imply that intervention
measures that targeted to reduce the progression rate at which zygote develop into oocysts within infected

mosquitoes have impact in reducing the malaria transmission at population level.
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Figure 4.27: Numerical solutions of multiscale model (4.2.0.1) presenting changes in (a) population of
infected humans [z, (b) community gametocyte load G, (c) population of infected mosquyitoes [y, and
(d) community sporozoite load Py over time in days for different values of progression rate at which

zygote develop into oocysts a,: o, = 0.024, o, = 0.424 and o, = 0.824.

Figure (4.28) present the changes in (a) population of infected humans /g, (b) community gametocyte load
G, (c) population of infected mosquyitoes Iy and (d) community sporozoite load Py, over time in days
for different values of gametes produced per gametocyte infectes erythrocyte within infected mosquitoes
Ny: Ny =2, Ny = 6 and Ny = 10. The numerical simulation results in fig. (4.28) present that as the
gametes produced per gametocyte infectes erythrocyte within infected mosquitoes increase, there is visible
increase on malaria transmission of dynamics of population of infected humans, community gametocyte
load, population of infected mosquitoes, and community sporozoites load. The results recommend the
intervention measures that targeted to reduce the gametes produced per gametocyte infectes erythrocyte

within infected mosquitoes which is good in reducing the malaria transmission at population-level.
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Figure 4.28: Numerical solutions of multiscale model (4.2.0.1) presenting changes in (a) population of
infected humans [z, (b) community gametocyte load G, (c) population of infected mosquyitoes [y, and
(d) community sporozoite load Py, over time in days for different values of number of gametes produced

per gametocyte infectes erythrocyte within infected mosquitoes Ny: Ny = 2, Ny = 6 and N, = 10.

Figure (4.29) presents the numerical solutions of multiscale model (4.2.0.1) presenting changes in (a) pop-
ulation of infected humans Iz, (b) community gametocyte load G, (c) population of infected mosquyi-
toes Iy, and (d) community sporozoite load Py over time in days for different values of natural decay rate
of oocysts within-infected mosquitoes px: pr = 0.01, pxp = 0.1 and gy, = 1. The numerical simulation
results in fig.(4.29) show that as the natural decay rate of oocysts within-infected mosquitoes increase,
there is noticable decrease on transmission of malaria dynamics of population of infected humans, com-
munity gametocyte load and community sporozoite load and we also notice that there is no difference on
the transmission of malaria dynamics on population of infected mosquitoes. The numerical simulation
results imply that intervention measures that aimed at killing of oocysts within-infected mosquitoes have

impact in reducing the malaria transmission at population level.
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Figure 4.29: Numerical solutions of multiscale model (4.2.0.1) presenting changes in (a) population of
infected humans [z, (b) community gametocyte load G, (c) population of infected mosquyitoes [y, and
(d) community sporozoite load Py, over time in days for different values of natural decay rate of oocysts

within-infected mosquitoes f: g = 0.01, pg, = 0.1 and pg, = 1.

Figure (4.30) presents the numerical solutions of multiscale model (4.2.0.1) presenting changes in (a) pop-
ulation of infected humans Iz, (b) community gametocyte load Gy, (c) population of infected mosquyi-
toes Iy, and (d) community sporozoite load Py over time in days for different values of natural decay rate
of gametes within-infected mosquitoes ps: ps = 28, us = 58 and ps = 88. The numerical simulation re-
sults in fig.(4.30) show that as the natural decay rate of gametes within-infected mosquitoes increase, there
is noticable decrease on transmission of malaria dynamics of population of infected humans, community
gametocyte load, population of infected mosquitoes and community sporozoite load. The numerical simu-
lation results imply that intervention measures that targeted for killing gametes within-infected mosquitoes

have impact in reducing the malaria transmission at population level.
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Figure 4.30: Numerical solutions of multiscale model (4.2.0.1) presenting changes in (a) population of
infected humans [z, (b) community gametocyte load G, (c) population of infected mosquyitoes [y, and
(d) community sporozoite load Py over time in days for different values of natural decay rate of gametes

within-infected mosquitoes ps: s = 28, us = 58 and s = 88.

Figure (4.31) presents the numerical solutions of multiscale model (4.2.0.1) presenting changes in (a) pop-
ulation of infected humans Iz, (b) community gametocyte load Gy, (c) population of infected mosquyi-
toes Iy and (d) community sporozoite load Py, over time in days for different values of natural death rate
of sporozoites within-infected mosquitoes ft,,: p, = 0.01, py, = 0.1 and p, = 1. The numerical sim-
ulation results in fig.(4.31) show that as the natural death rate of sporozoites within-infected mosquitoes
increase, there is noticable decrease on transmission of malaria dynamics of population of infected hu-
mans, community gametocyte load, population of infected mosquitoes and community sporozoite load.
The numerical simulation results imply that intervention measures that aimed at killing sporozoites within

infected mosquitoes have impact in reducing the malaria transmission at population level.
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Figure 4.31: Numerical solutions of multiscale model (4.2.0.1) presenting changes in (a) population of
infected humans Iy, (b) community gametocyte load Gy, (c) population of infected mosquyitoes Iy
and (d) community sporozoite load Py over time in days for different values of natural death rate of

sporozoites within-infected mosquitoes i, : t, = 0.01, y,, = 0.1 and p,, = 1.

Figure (4.32) presents the numerical solutions of multiscale model (4.2.0.1) presenting changes in (a) pop-
ulation of infected humans Iz, (b) community gametocyte load G, (c) population of infected mosquyi-
toes Iy and (d) community sporozoite load Py, over time in days for different values of natural death rate
of zygote within-infected mosquitoes r.: u, = 0.01, p, = 0.1 and p, = 1. The numerical simulation
results in fig.(4.32) show that as the natural death rate of zygote within-infected mosquitoes increase, there
is noticable decrease on transmission of malaria dynamics of the community sporozoite load and we also
notice that there is slightly decrease on the transmission of malaria dynamics on population of infected
humans, community gametocyte load and population of infected mosquitoes. The numerical simulation
results suggest that intervention measures that aimed at killing zygotes within infected mosquitoes have

impact in reducing the malaria transmission at population level.

In summary, the numerical results in fig.(4.3)-fig.(4.32) present that:

(1) The between-host scale influences the within-host scale through super-infection or repeated infection.

(2) When the infection of the within-host scale has successfully been established then the process of

pathogen replication will take over.

(3) Within-host scale continuously influences the dynamics of disease at the between-host scale through

shedding /excretion of pathogen throughout the infection.

(4) We notice that the model has a bidirectional flow of information.
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Figure 4.32: Numerical solutions of multiscale model (4.2.0.1) presenting changes in (a) population of

infected humans [z, (b) community gametocyte load G, (c) population of infected mosquyitoes [y, and

(d) community sporozoite load Py, over time in days for different values of natural death rate of zygote
within-infected mosquitoes fi,: 1, = 0.0025, p, = 0.0625 and p, = 0.1225.

4.4 Model extension

We extend the malaria model with liver stage by including the vaccination processes which are: pre-
erythrocytic vaccine (PEV), blood stage vaccine (BSV) and transmission blocking vacine (TBV). The
parameter (1 — /) can be taken as an aspect by which pre-erythrocytic vaccine (PEV) reduces invasion of
hepatocytes by the malaria sporozoites, where 0 < v < 1 is the efficacy of the pre-erythrocytic vaccine.
v = 1 shows that the vaccine is fully efficient (i.e. all the malaria sporozoites are cleared before or during
their development in the liver) whereas v = 0 shows that the vaccine is totally ineffective. The eliminating
of infected hepatocytes deminishes the burst size of the infected hepatocytes. This is denoted by the term
(1 —b), where 0 < b < 1 is the probability with which the vaccine inhibits merozoite emergence from
infected liver cells. The BSV is expected to reduce the number of parasites in the blood and in so doing
deminish the severity of disease. The effects of BSV on the transmission of red blood cells is modelled by
(1 —¢€), where 0 < & < 1 is represent the efficacy of the BSV. The effect of BSV is modelled by parater
(1+6;), where 6 is the rate at which recovered rate of infected humans are increased, where 0 < 6; < 1.
1 — 65 is the rate at which the disease related death rate in infected human population is reduced due to
the effects of vaccine on blood stages of the parasite, where 0 < f2 < 1. BSV diminishes the density of
merozoites that are discharged per bursting blood schizont, which is given by (1 — a), where 0 < a < 1
accounts for the vaccine-induced decline of merozoites discharged per bursting infected red blood cells.

The TBV seek to interrupt the life cycle of the parasite by inducing antibodies that preventthe parasite
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from maturing in the mosquito after it takes a blood meal from a vaccinated person. These will prevent

the transmission of malaria from spreading to new hosts. This effect is denoted by a parameter y where

0 < x < 1. The summary of the action of malaria vaccination is given in Table (4.5).

Table 4.5: Summary of the action of vaccination on malaria transmission dynamics

No. | Health intervention Mechanism of intervention action Modelling effect of in-
tervention

1. Pre-erythrocytic vaccine Rate at which malaria sporozoites invade the hepato- | 8, — Bi(1 — v)
cytes parameter [3; is reduced.
The rate at which vaccine-induced deminishes of mero- | N; — N;(1 — b)
zoites released per bursting size of an infected hepato-
cytes V.

2. Blood-stage vaccine Rate at which merozoites invade the red blood cells pa- | 8, — Br(1 —¢€)
rameter 3}, is reduced.
Rate at which recovered rate of infected humans vg are | yg& — vyu (1 + 601)
increased.
The rate at which the disease related death rate in in- | g — du (1 — 62)
fected humans d i is reduced.
The rate of vaccine -induced reduce of merozoites re- | Ny, —> N (1 — a)
leased per bursting size of infected red blood cells N,,.

3. Transmission blocking vaccine | Reduce susceptibility to malaria infection in the sporo-
zoites community and gametocytes community by re-
ducing the susceptibility coefficient B and Go respec- Po — Bo(1+xa),
tively and therefore increase Py and G respectively. Go — Go(1+ x2)

The extended model is given by
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L P St~ St (1 0 t),
2 ) P S = (L 1) + (1 = 60 ()
> dpgt(t) ~ (R +/6><V1]>31(%S<5>(2H_<2<t>+1> ~ el
L dLgt(t) = A= (1= D)BPOLn(E) — uLn(),
5. U )aB@L) ~ (u o+ )L ()
6. dB;t(t) — An— (1= )3 My(8)Ba(t) — s Ba(b),
o B0 BB ~ (+ o) B
8. dﬂfl’;(t) = (1=b)NyLi + (1 — a)NpamBi(t) — pm My (t) — BnMpBy,  (4.4.0.1)
9. dG;t(t) (1= ) BaMn(t)Bh — (an + i) Cn(t),
0. O G eyt +1) - anCu(o)
w0y, o iHXC;HJ(j)GH(t)SV(t)—MvSv(t),
12. dI;t(t) - & i H)gffg}[ 5V~ (v + o) Iv(),
B G = o LG Ty @ )
o B0 NGl — () Gnl)
5. PO L)~ (s + )00,
6. P00 oz (om0,
7. dlz’l’t(t) = NearOu(t) — (a + 1) Polt),
i PO p e, vt +1) - avPr(0),

The effective reproduction number is given by

1 3| 27TQvEQHE +2Q3, QveQHE (27QvEQHE +2Q3,)
Rop = the_'_ ) - 0%

+j 27QvEQur +2Q}, \/ QveQur (27QveQurs +2Q5,) (4.4.0.2)

o4 108 ’
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where

(1 - a)Nmam (1 - 5)(1 - 71-)/BhAh

Qre = Qi + o Hotim + BrnAn
(I =-b)Ny (L =v)BN ap (L—e) BNy Bv(Am — )
Que = , (4.4.0.3)
Pkt o+ o+ o + BnAR av e drPo(1 + X1)
Ove = 1 Ngayg — as a; Ny, Qy Bu(Av — pv)

2 g+ pg s+ fs iz A+ iz Qg+ g Qo F fy v Py agGo(l 4 x2)

The percentage reduction of the public health measure is given by

Bo — Rov 100%, (4.4.0.4)

%age reduction of Ry = 7
0

where Ry is the reproductive number where the vaccine efficacy is applied. In Table (4.6), we illus-
trate the influence of vaccination processes on reproductive number (Ry). As the rate of efficacy for
malaria vaccine increase, we observe that the percentage reduction of Ry also increase. We also observe
that an increase in the vaccine combination have an influence in the increase of the percentage reduc-
tion of Ry. We compute the comparative effectiveness as follows: (i) low efficacy which is given by
v=c¢e¢=x1 = x2 = 30%, (ii) medium efficacy is given by v = ¢ = x1 = x2 = 60% and (iii) high
efficacy is given by v = ¢ = y1 = x2 = 90%.

From the Table (4.6), we evaluate the comparative effectiveness of the three phases in malaria vaccination
(PEV, BSV and TBV) using the basic reproductive number as the guide of intervention effectiveness using
efficacy data. The Table (4.6) presenting the outcomes of the assessment of the comparative effectiveness
of three phases in the malaria vaccination and their related mechanisms using the percentage reduction in
the basic reproductive number as the guide on the effectiveness of malaria vaccine. From Table (4.6), we

conclude the following outcomes:

(a) Considering the use malaria vaccination as the only malaria health intervention. We note that this
intervention has three phases of malaria vaccines which are:
(i) efficacy of the PEV,
(ii) efficacy of the BSV, and
(iii) the efficacy of the TBV.
The outcomes presents that the efficacy of PEV have highest comparative effectiveness, while the

efficacy of BSV has a lowest comparative effectiveness comparing with other phases of vaccines

components as a complex malaria health intervention.

(b) Comparing the effectiveness of two stages of malaria vaccination components. The combination of
PEV and BSV has the highest comparative effectiveness while the combination of PEV and TBV

has the lowest comparative effectiveness.
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(¢) The combination of three phases of malaria vaccination with comparative effectiveness efficacy of (i)
90% (at high efficacy) can reduce malaria in a particular region/community by an approximation
of 89.04% of basic reproductive number when used in combination, (ii) 60% (at medium efficacy)
can reduce malaria infection in a particular community by approximate of 62.24% of the basic
reproductive number when used in combination and (iii) 30% (at low efficacy) can reduce malaria
infection in a particular community by approximate of 32.44% of the basic reproductive number

when used in combination

Table 4.6: Indicating the results of analysis of comparative effectiveness of vaccination on malaria trans-

mission dynamics employing the percentage reduction of basic reproduction number (Ry) as a guide of

malaria intervention effectiveness when each of these phases of malaria vaccination are assumed to have:
(a) low-efficacy of 30%, (b) medium-efficacy of 60% and (c) high-efficacy of 90%.

Number | Parameter Calculated Ranking | Calculated Rov- | Ranking | Calculated Ranking
Rov—LOW Medium Rov—High

1 Ry 0 1 0 1 0 1
2 Roe 11.21 2 26.33 4 53.59 4
3 Roy, 11.24 3 21.66 2 30.96 2
4 Roys 11.24 3 21.66 2 30.96 2
5 Ro. 14.27 5 34.57 5 65.79 5
6 Roey, 21.19 6 42.28 6 67.96 6
7 Roey, 21.19 6 42.28 6 67.96 6
8 Roew 23.89 8 51.8 10 84.13 10
9 Roy,v 239 9 48.74 8 76.38 8
10 Roxov 239 9 48.74 8 76.38 8
11 Roex v 32.44 11 62.24 11 89.04 11
12 Roexov 32.44 11 62.24 11 89.04 11

The impact of vaccine-induced reduction of merozoites released per bursting size of infected red blood

cells is controlled by differentiating Ror with respect to a. We obtain

Oa 3 (am + 1) (BrAn + ptoftm)

ORoe 11 —¢)(1 —7)NpamBriy 27QvEQuE + 2Q;,
- 1+ < +

wiN

QveQuE(TQvEQHE + 2Q3,) ) }QQ N 1 <QVEQHE(27QVEQHE + 2@%&)é
108 9 “he T 36 108

wiN

xQvEQHER}.] + 27QvEQue +2Qh, \/QVEQHE(27QVEQHE +20Q3)

54 108

(4.4.0.5)

3 \\ ~3
[;Q%e - %QVEQHEQ%M <QVEQHE(27QVEQHE T 2Qhe)> ] } <0.

108

From the derivation, we observe that the vaccine reproductive number Ryr decreases with the increasing

value of a.
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The impact of the vaccine-induced reduction of merozoites released per bursting size of an infected hepa-

tocytes is controlled by differentiating Ryg with respect to b. We obtain

ORyE _ 1

Niag (1 =v)BiNy  ap (I —e)nBphn  Bv(Ax — pu) { (27QVEQHE +2Q3,
Wity 0+ fy oy o fofm + BrAn av g drPo(l + x1) 54

2 2

QvEQHE(TQvEQHE + 2Q3},) o QveQue(27TQvEQHE + 2Q3,) "3
+ 108 2732 108 %

o4

3 3
(27QVEQ£§ +2Q5, n iQVEQHE)] n <27QVEQHE +2Q5.

QveQuE(TQvEQHE +2Q3,) )
108

1 1 /(QveQur(27QvrQur +2Q3,) -1
22 108

27 203 1
< QVECB]-Iég + Qhe + 4QVEQHE):| } < 0. (4406)

We observe from diffentiation that the vaccine reproductive number Ryr decreases with the increasing
value of b.

We differentiate Ryp with respect to vaccine efficacy v. This gives

ORyE _ 1

(1=b)Niey BNy o (I—e)mBphy Bv(Ag — i) { <27QVEQHE +2Q3,
Ppti  0q + pg ap + py oo + BrAn av ¢ Po(1 + x1) 54

2 2

QveQHE(TQvEQHE + 2Q3},) o QveQuE(2TQvEQHE + 2Q3,) ~:
+ 108 273 108 %

Wi

(QVEQHE + 2@;;)] n 27TQvEQHE +2Q3, | QveQuE(2TQvEQHuE + 2Q3.) . [1
108 54 108

 154QveQuE +2Q}, <QVEQHE(27QVEQHE + 2Q?Le)>_§] } <. 4.4.0.7)

2 108 108

We observe that Ry is a decreasing function of the pre-erythrocytic vaccine v. The concentration of

infected hepatocytes decreases with increasing values of v.

By differentiating Ry with respect to vaccines efficacy x1, x2 and € respectively, yields
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ORoE
0
Ox1
Ofor (4.4.0.8)
Ox2
ORoE
0.
Oe <

We observe that Ryr decreases with increasing with x1, x2 and €. From our differentiation, we observe

that PEV, BST and TBV have impact in the reduction in the basic reproductive number.

In Figure (4.33) and (4.34) we show the evidence for the impact of the variation of combination of malaria
vaccines (PEV, BSV and TBV) on community gametocytes load Gr;. We observe that the highly effica-
cious combination of malaria vaccines has a potential to reduce the number of gametocytes in the blood

stream, thereby minimizing the community gametocytes load (G ).

In figure (4.35) we demonstrate the influence of variation in combination of malaria vaccines (PEV, bsv
and TBV) on community sporozoites load Pj-. We observe that an increase in the combination of malaria
vaccines will results in reduction of the community sporozoites load. In Figure (4.36) and (4.37) we
present the evidence of influence of the variation of malaria vaccines on population of merozoites (Mp,).
We notice that the increase of efficacy in combination of malaria vaccines would reduce the merozoites
in the blood stream thereby minimizing parasite transmission to mosquitoes and subsequently to other
human beings. We observe from Figure (4.38) that the variation in the rate at which vaccine-induced
deminishes merozoites released per bursting size of an infected hepatocytes and also the rate of vaccine-
induced reduces of merozoites released per bursting size of infected red blood cells have influence on the

merozoites population.

In Figure (4.39) to (4.42) we demonstrate the influence of varying the efficacy of pre-erythrocytic vaccine
on infected liver cells. A highly efficacy of PEV has a potential to significantly reduce the number of
malaria sporozoites in the liver-stage, which results in minimizing the parasite transmission to mosquitoes

and subsequently to other human beings.
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Varying malaria vaccines efficacy
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Figure 4.33: The graph showing changes in Community Gametocytes Load (G7;) for varying all the

efficacy i.e pre-erythrocytic vaccine v, blood stage vaccine €, and transmission blocking vaccine x1.
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Figure 4.34: The graph showing changes in Community Gametocytes Load (G7;) for varying all the

efficacy i.e pre-erythrocytic vaccine v, blood stage vaccine €, and transmission blocking vaccine x2.
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1.0 Varying malaria vaccines efficacy
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Figure 4.35: The graph showing changes in Community Sporozoites Load ( Py ) for varying all the efficacy

i.e pre-erythrocytic vaccine v, blood stage vaccine ¢, and transmission blocking vaccine xa2.
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Figure 4.36: The graph showing the profile of merozoites population (M},) in the presence of malaria

vaccines. The efficacy of malaria vaccines are varied from 0 to 1.
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Qe Varying malaria vaccines efficacy
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Figure 4.37: The graph showing the profile of merozoites population (M},) in the presence of malaria
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vaccines. The efficacy of malaria vaccines are varied from 0 to 1.
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Figure 4.38: The graph showing the profile of merozoites population (M},) in the presence of malaria
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vaccines. The efficacy of malaria vaccines are varied from 0 to 1.
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14000 Varying malaria vaccines efficacy
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Figure 4.39: The graph showing changes in infected liver cells (L} )for ¢ = x; = 0 with the varying

efficacy of pre-erythrocytic vaccine v.
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Figure 4.40: The graph showing changes in infected liver cells (L} )for e = x; = 0.9 with the varying

efficacy of pre-erythrocytic vaccine v.
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Figure 4.41: The graph showing changes in infected liver cells (L} )for ¢ = xo = 0 with the varying
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Figure 4.42: The graph showing changes in infected liver cells (L} )for e = x2 = 0.9 with the varying
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4.5 Summary

In this chapter, we developed a coupled multiscale model of type II vector-borne disease dynamics which
represents transmission in both mosquito and human populations. The objective of this chapter is to
investigate the influence of the human liver stage on the multiscale model for the malaria disease sys-
tem. We also investigate how the super-infection on humans has an influence on the multiscale model
of malaria disease dynamics and in which there is a pathogen replication cycle at the microscale. This
coupled multiscale model of type II vector-borne disease dynamics has developed on a combination of
two multiscale models that integrate the microscale and the macroscale. The results of an embedded
multiscale model from numerical simulation demonstrate that the transmission of the malaria disease sys-
tem at the between-host scale influences the disease dynamics at the within-host scale throughout the
infection. Sensitivity analysis of the model parameters was also executed using the reproductive number
and the community sporozoites load as the metric for infectiousness and disease transmission. From the
simulation, we observe that the activation of malaria vaccines has a considerable effect on reducing the
transmission of malaria infectious disease. The extended coupled multiscale model of the malaria disease
system results incorporates the vaccination processes at different stages of the pathogen life cycle which
are: pre-erythrocytic vaccine (PEV), blood-stage vaccine (BSV), and transmission-blocking stage (TBS).
The comparative effectiveness of the combination of malaria vaccines results in major reductions in the
transmission of malaria disease, that is, reproductive number and community pathogen loads. The results
suggest that the highest percentages of the combination of malaria vaccines have the potential to boost the
immune system, which results in the reduction of the population of infected liver cells, the population of
infected red blood cells, and merozoites. The presented multiscale model of the malaria disease system
provides helpful insight on the need to improve the efficacy of current malaria vaccines in the develop-
ment and the need to try vaccine combinations in controlling the transmission of malaria infection at the

individual level and the population level.
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Chapter 5

A Multiscale Model of Malaria Disease

Dynamics With Immune Response

5.1 Introduction

This chapter extends our previous work by adding the human immune response to the multiscale models
of the malaria disease system discussed in the previous chapter. Malaria is a type II-vector-borne disease
that is caused by the Plasmodium parasite transmitted from one person to another by the bite of infected
Anopheles mosquito [35]. The Plasmodium parasite needs two hosts to successful complete its life cycle,
which is vector-host i.e. female anopheles mosquito and human-host [68]. Malaria in humans develops in
two stages, which are: the first stage is the exo-erythrocyte which involves the liver-cells and the second
stage is the erythrocyte that involves the red-blood cells. Malaria disease cause significant public health
burden in endemic areas [68]. In 2018, an estimated of 405,000 death due to malaria disease infection
were recorded worldwide from an estimated of 228 million cases worldwide [69]. When malaria para-
sites evolve in the host, they can stimulate the activation of the immune cells in the human host which
release the immune response to fight against the infection. The immune response can either prevent the
re-invasion/replication of merozoites or increase the death rate of infected red blood cells. The immune

response is stimulated by plasmodium surface antigens discharged during schizont rupture.

An understudied aspect of infectious disease systems is that their transmission is the result of complex
dynamic relationships that occur on different spatial and temporal scales [7]. Therefore, the dynamics

of infectious diseases may require an interaction between different temporal and spatial scales related to

University of Venda



L
>

) (o

W University of Venda

Creating Future Leaders
@)

Chapter 5 164

the levels of biological organization (i.e. cellular, tissue, organ, organism/host, community and ecosys-
tems) [7]. Recent studies demonstrate that there are 3 types of infectious disease transmission mecha-
nisms which are: (i) directly transmission mechanism, (ii) environmental transmission mechanism and
(iii) vector-borne transmission mechanism [11]. This study focus on malaria disease dynamics which is
a directly transmitted and vector-borne transmission mechanisms, with the goal to increasing understand-
ing of how the pathogen can be shared between two hosts (human and mosquito) [18]. Malaria disease
system is also a directly transmitted and the transmission models are at cellular-level. This study is be-
ing developed at the cellular level, therefore the multiscale model developed at the cellular level of an
infectious disease system describes the infection of the whole body/organism that uses the cell as the mul-
tiscale unit of analysis [3]. At the cellular level, the organization of an infectious disease system provides
another pathogenic habitat or environment in which the pathogen can survive, grow, shed/excrete, repro-
duce and be transmitted on different scales of an infectious disease system [3]. Mathematical models of
vector-borne pathogen transmission have been useful in understanding and identifying major epidemio-
logical and immunological features, to assess the transmission intensity and growth of pathogen, and also

to guide disease control programs.

Multiscale models of infectious disease system can demonstrates the replication-transmission relativity
theory, which illustrates how the disease being transmitted among humans, animals, and vectors and how
the pathogen can replicate within the infected host. This helps to identify new approaches to prevention
and control that guide in design the public health policy. Multiscale models of infectious disease testing
and analysis guide in policy making and improved in scientific understanding. The development in the
design of appropriate control measures for the prevalence of malaria disease have led to an interest in
understanding the interaction of malaria parasites and the human immune system. A complete multi-scale
model of an infectious disease system can be conceptualized as a complex system model that contains
many interactive sub-systems that are related to the four main levels of organization of an infectious dis-
ease system. These sub-systems are as follows: (a) the host/organism sub-system (human, animal, vector,
plant), (b) the pathogen sub-system (viruses, prions, helminths, protozoa, bacteria, fungi), (c) the health
interventions sub-system (medical and public health interventions), and (d) the environmental sub-system
(inside-host or biological environment and outside-host environment with all its different domains, includ-
ing physical, geographical, social, economic, etc). Each of these four organizational levels of an infectious
disease system can be decomposed into two different scales, which are: the micro-scale and the macro-

scale.

A considerable amount of literature has been published to date on mathematical modelling of malaria
disease transmission with immune response [45, 59, 70]. These studies has managed to focus on sin-
gle scale models which is under transmission mechanism theory. However, there has been relatively
few mathematical modelling on malaria disease dynamics developed to investigate the dynamics of im-

mune response on two different scales that is within-host scale and between-host scale which are under
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replication-transmission relativity theory [34, 35]. These models they did not consider the role played by
human-host liver stage on within-host dynamics. The different between our multiscale model and theirs
is that, our multiscale model uses pathogen load as a metric for infectiousness and disease transmission
potential across two scales, whilst in [34, 35], they apply within-host scale pathogen load as the metric for
pathogen transmission whereas between-host scale disease uses infected class as the metrioc for disease
transmission. Bridging the gap between two interacting scales (i.e. within-host scale and between-host
scale) that is in replication-transmission relativity theory and empirical studies is at the current heart of

the rising field of study in linking the within-host scale and between-host scale [34].

In this chapter, we develop a theoretical framework that describes the interaction of human-host immune
response system and the malaria parasite at cell-level. The objective of this study is to investigate the im-
pact of immune response on the multiscale model for malaria disease system. Therefore, in this study
we develop the coupled multiscale modelling for malaria disease system approaches that are needed
to demonstrate how immune responses at individual level/ within-human host scale can influence the
population-level/between-host scale dynamics. We extend the previous chapter of coupled multiscale
model for malaria disease dynamics which includes the human liver stage and incorporate the human

immune response.

5.2 Within-human host model

The development of malaria Plasmodium is a complex system which comprising of multiple phases that
can be decompose into sexual (sporogonic) and asexual phases. These phases take place in the Anopheles
mosquitoes and in humans respectively. We establish a within-human sub-model of malaria infection to
understand the immune system reactions that are stimulated by the malaria parasite and the development
of the infection in the host at cell-level and host-level. Plasmodium falcipalum malaria is a main trigger
of mortality in the tropics, where the transmission is through the bite of infected mosquito which releases
sporozoites into the bloodstream and migrate quickly into the human liver cells. While in the liver stage
the sporozoites infect the hepatocytes, reproducing asexually and asymptotically for an estimated period
of 6 to 15 days [70]. The infected liver cells differentiate to produce thousands of merozoites which after
bursting of their host cells, escapes into blood and infect red-blood cells (RBCs), which is the beginning
of erythrocytic stage of the Plasmodium Falcipalum life-cycle. The infected red-blood cells raptures re-
leasing merozoites daughter parasites which will repeat invade fresh erythrocytes to renew the cycle. This
repeating cycle maintains the infection and generates symptoms. This cycle repeated many times, and
some merozoites immediately generate into sexual form of the parasites called gametocytes, which are the
communicable forms of the malaria parasite from a human to a mosquito-vector. The successive erythro-

cytic cycle will lead to an increase in parasitaemia until the immune response activates.
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The within-human host sub-model that include the immune response in malaria disease dynamics is de-
rived from [24, 59] models of erythrocyte cycle, using the systems of differential equations. We develop
a within-human host sub-model with immune response that presents the dynamics of sporozoites in the
infected liver Py (s), susceptible uninfected health liver cells Ly (), infected liver cells Lj (s), population
of uninfected health red blood cells By, (s), population of infected red blood cells Bj (s), population of
free merozoites M, (s), the population of gametocytes Gy, (s), concentration of immune cells D(s) and
concentration of antibodies A(s). The assumptions of within-host scale sub-model with immune response

are as follows:

(1) The sporozoites are injected into the human body at a one-off time through the bite of an infected

mosquito.
(2) Assume that the sporozoites supply rate A, = 0.

(3) Infected red blood cells die at a constant rate and are also killed by the presence of immune effectors.

They produce merozoites by bursting.

(4) The production rate of merozoites is reduced by immune cells. These free pathogens suffer a natural
death, are eliminated from circulating by immune cells, and are also reduced through infecting red
blood cells.

(5) Immune cells are produced at a constant rate and their production is stimulated by the presence of
infected liver cells, infected red blood cells, and merozoites. They are also reduced by natural decay

at a constant rate.

(6) Antibodies that inhibit the invasion of red blood cells proliferate in the presence of merozoites. Anti-

bodies decay at a constant rate.

The within-human host model of malaria disease with immune response is given in system of equations
(5.2.0.1).
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L. dIZLS(S) = —ppLh(s) — OpDp(s)Pa(s),

3. dle;S) - fﬂj hf)é,?((j)) — oy L} (s) — 6, Dp(s) L} (s),
e

5. dBjﬁ = (1_ff};](\)4Ah}(12)Bh(s)—amB,’:(s)—Hth(s)BZ(s), (5.2.0.1)
R = T e TE iy )~ amDrM ()~ R
7. dG;S(S) _ ”Blhffyéji’;gs) ~ (an + 1) Gi(s) — 0,Dn(5)Cu(s),

s 0 = s (e e A e D) n)

9. dA;S(S) = m—uaAh(s).

The first equation in model (5.2.0.1) is the dynamics of sporozoites parasites Py (s), demonstrates the in-
jection of sporozoites into the human skin by infected Anopheles mosquito. The sporozoites are reduced
by the natural decay at a rate 4, and also eliminated by immune cells 6,,. The second equation in the
model (5.2.0.1) is the dynamics of uninfected liver cells Ly, (s). The population of uninfected liver-cells

are recruited at a constant rate A;, liver cells become infected by sporozoites at a constant rate (; and
1

1+ aaDp(s)
inhibit invasion of Hepatocytic liver cells (HLCs) by sporozoites. The uninfected liver-cells are reduced

the rate of infection is reduced by , where a, is the efficiency of immune cells (Dy(s)) to
by natural death at a constant rate ;. The third equation is the dynamics of infected liver cells L7 (s), The
infected liver cells increase through the infected of liver cells. The infected liver cells reduced through
bursting of infected liver-cells at a constant rate o, to release the meteorites into the blood stream and by

also apoptosis at a constant rate 6;.

The fourth equation in the sub-model (5.2.0.1) demonstrate the dynamics of uninfected red blood cells

By, (s). The red blood cells are supplied by bone marrow at a constant rate Aj. The number of uninfected
1

1+ apAp(s)’
which represents the role played by antibodies in controlling parasitemia, where oy is the efficacy of an-

red are reduced by merozoites at an infection rate 3 and the rate of infection is reduced by

tibodies in reducing erythrocytic invasion. Uninfected red blood cells also reduced through natural death
at a constant rate py. The fifth equation of the sub-model (5.2.0.1), describe the dynamics of merozoites
infected erythrocytes or infected red blood cells. The merozoites that infects the red-blood cells has one
or two condition (i) it may either become a trophozoite and replicate the cycle in the production of mero-

zoites, or (ii) it may change into a trophozoite and then it goes through gametocytogenesis, which is the
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process of gametocytes are formed within-host erythocyte [24]. B}, increase through a proportion (1 — )
of the total population of merozoite infected erythrocytes. The infected red blood cells reduced by im-
mune cells estimated by infection of red blood cells at a constant rate 8y, and through bursting to produce

merozoites at a rate ov,.

The sixth equation in the sub-model (5.2.0.1) models the rate of change of merozoites M}, (s). Mero-
zoites are supplied at an average rate N; and V,,, upon the bursting of infected liver cells o; and infected
red-blood cells «,,, respectively. An average of N; merozoites are released per bursting each infected
liver-cells and an average of IV,,, merozoites are released per bursting each red blood cells. The produc-

tion rate of merozoites by infected cells are inhibited by immune cells with a factor —————— and
1+ aoDp(s)
1

m, where o and o are the efficacy of immune cells inhibiting the production of merozoites.
The infected liver-cells rupture and merozoites are released into uninfected red blood cells. Merozoites
are reduced through natural decay at a constant rate p,, and are also eliminated by immune cells at a
constant rate 6,,,. The seventh equation of sub-model (5.2.0.1) models the rate of change of gametocytes
Gy (s). The equation describes the dynamics of remaining proportion, 7, of the total population of mero-
zoite infected red-blood cells. The population of gametocytes decrease through which gametocyte within
erythrocytes mature and become infectious to mosquitoes at a constant rate av,, through natural decay at a

rate /i, and also eliminated by immune cells at a rate 0.

The eighth equation in sub-model (5.2.0.1) models the rate of change of immune cells Dp,(s). The immune
cells are supplied at rate A4, which is the combined of immune cells (e.g.macrophages, natural killer-cells,
CD4™ T-cells). This stimulation term

( piLj (s) pu B (s) PmMp(s) ) (s)
fo+ Li(s) " fi+Bi(s)  fat My(s)) "

for immune cells in the presence of infected liver-cells L; (), infected red-blood cells B}, (s) and mero-
zoites M}, (s), wherebp;, pp and p,, represents the immunogenecity of infected liver-cells, infected red-
blood cells and merozoites respectively. The parameter fj is the density of of infected liver-cells at which
immune cells grow in the absense of sporozoites, f; is the density of infected red blood-cells at which
immune cells grow in the absence of merozotes and f5 is the density of merozoites at which immune cells
grow in the absence of red blood-cells. Immune cells reduced through natural death, at a rate 4. The last
equation in sub-model (5.2.0.1) describes the rate of change of antibodies. The antibodies is stimulated at
term M, where 7 is the maximum rate of increase of antibodies. The antibodies are reduced

f2 + My (s)
through natural death at a constant rate .
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5.2.1 Positivity of Solutions

The system of equations (5.2.0.1) demonstrates the dynamics of within-human sub-model and the parasite
populations and it is essential to show these compartments are positive for all time s > 0. We have to

prove the following theorem.

Theorem 5.1. The solution of the system of equations (5.2.0.1) satisfy the following initial conditions with
strictly positive components i.e. (P, >0, L, >0, Ly >0, B, >0, By >0, M, >0, G}, >0, Dy, > 0,
Ap > 0) forall s > 0.

Proof. We present the following proof. This follow from system of equations in (5.2.0.1) of the solution
starts from a strictly positive point, all component positive for o < s < sg

dPp(s)
ds

> —(pp + 0, Di(s))Pu(s), (5.2.1.1)

The equation (5.2.1.1) can be solve using separable variables as follows

dPp(s)
Py(s)

> —(pp + 0Dy (s))ds. (5.2.1.2)
By letting

§ = sup{s>0:P,>0,Lp, >0,L; >0,B,>0,B; >0,M, >0,Gp, >0,Dp, >0,
A, >0} €0, 5], (5.2.1.3)

and integrating equation (5.2.1.2) and we obtain

In(Py(s))

v

- (;Lps +0, /0 ) Dh(§)d§> + In(P,(0))

PO esp{ = (st 6, [ Dutejas) |

lim inf(Py(s)) > 0. (5.2.14)

S§—00

Pi(s)

Y

It implies that

Using similar method, we obtain

Li(s) > Lh<o>exp{—</:%+ms)}
Tim inf(Ly(s) > 0,

Li(s) > L;;(O)exp{ (als+9l/oth(§)d.§>}
Jim inf(Lj(s)) > 0.
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Using the same principle, it can be shown that

* BaMn(s)

Bus) > B0) exp{—< 0 H’;Oimdswbs)},
Slg(r)lo inf(By(s)) > 0.

Bi(s) > Bi(0)exp {— <ams o[ Dh@)dé) } ,
lim inf(By(s)) > 0,

Ma(s) > Mp(0) exp{— <,ums—i-9m /0 Dn(3)ds + OS md§> }
Slgrolo inf(Mp(s)) > O.

Gn(s) > Gp(0)exp {— <(ah + pn) + 99/0 Dh(é)d§> } ;
Shﬁnolo inf(Gp(s)) > 0,

Dp(s) = Dn(0)exp{—pas},
sli)rgo inf(Dp(s)) > 0,

Ap(s) > An(0) exp{—pqs},
Slggo inf(Ap(s)) > 0.

Thus, when starting with non-negative initial value conditions in the model system (5.2.0.1), this indicates
that the solution (P (s), Ly (s), L7 (s), Br(s), By (s), My (s), Gr(s), Dp(s), An(s)) is always no-negative
for every s > 0. O

The within-host model (5.2.0.1) has a disease free equilibrium, obtained by setting the right-hand sides of

the equations in the model to zero. The equilibrium is given as

Ey = (P, LY, L% By, B;°, My, GY, DY), AY),

A A A
= <0, =1 0,22 0,0,0, d,o) . (5.2.1.5)
2 Kb Hd

The linear stability of Ey can be established utilising the next generation operator approach to calculate

the basic reproductive number and we use the [71]’s approach. The model system (5.2.0.1) can be written

in the form

dX

— = X, Y 7
dt f( 3 Ly )7
dY

dzZ

— = h(X,)Y, Z
dt ( y Ly )7
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where

X = (thBhaDh)v

Y = (Phath7Bl>:7GhaAh)a (5.2.1.7)
Z = (Mp).
We define g(X™, Z) by
(X", 2) = P,=0
Ly P
g(X*2) = L By — 0,

" (1+ aa) (g + 6,Dy)
(1 — ) B Bhpta My (f2 + Mp)
[f2:ua + (,ua + a()’l’]Dh)Mh](Oém + eth) ’
71 Bhita Mp(f2 + M)
[fotta + (pa + aonDp) Mp](pun + o + 04Dp)’

g3(X*7Z) = B;; =

9g(X*, Z) = Gp=

Dy M
g5(X*)Z) = Ah:nh7h7
Ha
o . e . dMy, .
By substituting the values of P, L}, By, G, and Ay, and letting by = “ds we obtain
s
- NiouBy Ly Py n (1 = ) Ny Bn B fha My(f2 + Mp)
(L4 aaDp)(1 + az2)(oq + 6,Dr) (1 + a1)(oum + 0Dn) [fora + (a + conDp) Mp]
— (ftm + OmD + BrBy) My, (5.2.1.8)
Ohy (1 — )Ny B, By,
= - + 0Dy, + BrBh).
OMy, (1 -+ Odth)(Ozm + Qth) (/«Lm m=h Bh h)

We compute A = M — D, where M > 0 and D > 0, a diagonal matrix.

(1 — W)NmamﬁhBh

A = T D) (am + 8yDy) Vet OmDit 5B,
M = (1 - 71')-NmamﬁhBh
(1 + a1Dh)(am + Qth)’
D = (pm+O0mDy+ BrBn), (5.2.1.9)
. 1
b B (tm + 0Dy, + BpBp)
MD-! — (1 = ) Ny Bn. By,

(1 4+ a1 Dp)(um + 0 Dp) (o + 0Dy + BrBr)

Therefore the reproduction number is given by Ry = p(M Dil). Therefore

" (1= 7) Nip v B 52
0 =
(14 a1 84) (am + 0p52) (hm + O 52 + B 52)

(5.2.1.10)
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The threshold quantity Ry (i.e. the basic reproduction number) measures the total number of secondary
infected red blood cells (IRBCs) produced by primary IRBC in a host at the beginning of the infection.
This local stability result indicates that, if the initial sub-population of the model is within the attraction
of Ej, the pathogen can be eliminated from the bloodstream if ¥y < 1. To ensure that this clearance
is independent of the initial concentrations of red blood cells (RBCs), IRBC and merozoites, the global

asymptotic stability must be established for the disease free equilibrium FEj.

Lemma 5.2. The disease free equilibrium Ey is locally asymptotically stable if ®g < 1 and unstable if
o > 1.

Proof. Now, we consider the local stability analysis of the disease free equilibrium in system of equations
(5.2.0.1). We first, linearize the system of equations (5.2.0.1) at infection-free equilibrium point (Ep), we

yield the following Jacobian matrix:

—x; —x3 O 0 0 0 ko 0
—x9 —x4 O 0 0 0 k20
o x3 -y1 O 0 0 —Bika 0
0 0 0 —uw O —my 0 0 0
J(Eo)=1 0 0 0 0 -2z (I-mm O 0 0 |, (5.2.1.11)
0 0 Y2 0 23 —my 0 0 0
0 0 0 0 0 Tmy —kq 0 0
0 0 Y3 0 24 ms3 0 — 0
0 0 0 0 0 my 0 0 — g
A A An An
where 21 = Tra flo’:/\d—i-up,xg = ToA flol;;/\d’m =N fl;ZM,m v flol::/\d—km,yl = <al +9;2§>,
Ny " pr Ag N Ay " Npam, " py Ng Ay
R e = e = (onr0gt) s = L w = B0 =
my = ,U'm"i‘amﬂ +5hAb>, m3 = pﬂﬁ’ my = ﬂﬁ, k1 = (Mh+ah+09Ad) and ky =
Y 4 fo pa f2 pa pd
@ pp
(1+ aa%)Q
The characteristic equation is given by |J(Ey) — AI| = 0. We observe that the eigenvalues A\ = —yj,
Ao = —up, A3 = —k1, Ay = —ug, \s = —u, are negative and the other remaining eigenvalues are
decided by the following characteristic equation
aiMt + as\® + a2 + A+ ap =0, (5.2.1.12)
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where
a, = 1,
a3 = (z1+24)+ (22 +m2) >0,
as = [(z1mg — wows) + (21 + x4) (22 + ma) + (maze — (1 — m)myz3) (2124 — T322)],
ar = [(z124 — z223) + (21 + 24) (M222 — (1 — T)M123)], (5.2.1.13)
apg = [(maze — (1 — m)myz3)(x124 — T223)].
Therefore
B By
T1T4 — T2x3 = T(Az + Ap) + pupy >0,
Ay Ay
maze — (1 —m)mizz = (am + GbM—)(um + 60 " + Bhu—)(l —Rg).  (5.2.1.14)
d

Clearly, if Ry < 1, we have ag > 0, a3 > 0, ao > 0, a; > 0 and a9 > 0. To confirm that all the
roots of the systems of equations (5.2.0.1) have negative real parts, we shall use Descartes’ Rule of signs
change, we observe that on characteristic equation (5.2.1.13) there is no sign changes in the sequence of

coefficients and so there is zero real positive roots [72, 73].

FO) = aX' +az)\’ + X + arh +ag (5.2.1.15)
f(=x) = as)t — as\? + as)? — a1\ + ag

When we find f(\) we observe that there is no sign changes and when we find f(—\) we observe that there
are four sign changes. Therefore, we have zero positive eigenvalalues and four real negative eigenvalues.
Then all the eigenvalues of the Jacobian matrix J(Ey) are negative or have negative real real parts when

Ry < 1. Which shows that the local stability of Ej is stable when iy < 1 and unstable when $tg > 1. [

The within-human host sub-model is in terms of fast time scale s. We can write the model (5.2.0.1) using
the slow time scale ¢ by assuming a relation between the fast and slow time-scales to be of the form ¢ = es

[14, 24], such that the within-human host sub-model can be written in terms of the slow time-scale as

© University of Venda



s

University of Venda
Creating Future Leaders

Chapter 5 174
follows:

L. edlzlt(t) = —ppPh(t) = 0pDp(t) Pu(t),

Ao o,

s A0 BOBE o g - 0000,

4. edBC;lt(t) = Abmub&(t%

5. edBjt(t) = (1_3182&2215 w8 o B (1) - 0Dt BL(1), (5.2.1.16)
T S Ti b 1 apiy 0~ mDu0M0 - (R,
7. edG;t(t) _ ”fhﬁéfii’zg’f) — (an + 110)Gn(t) — 0, Da(E)Gn (1),

s O (G ZL({()t) A 132% P i) PO~ haD )
) RODO

where € is a small constant number that is 0 < € << 1 which highlights the fast time scale of the
within-human host sub-model compared to the slow time scale of the between-host transmission sub-
model [14, 24]. We obtain the endemic equilibrium of model (5.2.1.16) by setting the right-hand side of

the equations to zero and we obtain

e~~~ o~ o~ — o~ o~~~

E, = (Ph,Lh,L;,Bh,B;,Mh,Gh,Gh,Dh,Ah) . (5.2.1.17)
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The endemic equilibrium is given by

ﬁh(t) g Ph(O)ef(y'lfkopDh)t7
— A A - BBy
) = — = | L0) - L | e

p + L pu + L

1+ Dy, 1+aq Dy,

Li(t) = @\Pth 4+ |L(0) — ﬁPth ___| e~ (@+0p D)t

(al + eth)(l + OéaDh) (Oél + Qth)(l + OéaDh)
—~ Ap(1 + ag Ay Ap(1 + ag Ay, _(Bn Mty (1t oAy
Bh(t) _ /\b( + Qo h) 4 Bh(O) . /\b( + ag h) __ ( 1+agAy, )t7

Br My, + up(l + OéoAh) BnMp, + up(l + Oé()Ah)
Eﬂ;(t) _ (1 —j)ﬂthBh _ B:*;(O) B (1 _I)BthBh | ¢ (am+0,Dp)t

(1 — aoAh)(am + Hth) (1 — aoAh)(am + Qth)

Nlall/';z Nmam/éj Nlall/';z Nmam/éji g Bhgg
j/[\h(t) _ 14asDy, 141Dy, I M\h(O) __l+opD, 141Dy, e*(#h+9mDh+m)t
ian BnBn ian BnBn ’

fom + 0 D, + LtagA, fom + 0 D, + LtagA,
Gu(t) = 50 Mn B +|Gh(0) - 750 M B o~ (an+un+65Dp)t

(14 aoAn) (o + pn + 0y) (14 aoAn) (o + pn +0y)
— Ad
Dp(t) = = = — " [Dn(0)—

o Pl h_ Pb h_ pmMp_
i (dwa; T T f2+Mh>
o LY ovBY | pm My,
Ag 6—(ud—(dfﬁ%iJrfﬁgiJrfﬁﬁ))t,
o PlL;;\ PbB/;\ pmjj_\;i

Hd (df0+L;; T T f2+Mh>
— M, Dy, M, Dy,
Apt) = — TR A, (0) — — LRt (5.2.1.18)

Ha(fQ + Mh) Na(f? + Mh)

When ¢ = 0 we obtain P, = P;,(0), L, = Ly (0), L} = Lj,(0), By, = Bx(0), B; = B;(0), M, = My(0),
Gn = Gi(0), Dj, = D,(0) and Aj, = Ay (0).

From the first equation of the system of equations (5.2.1.18), it implies that when s get larger, P, (s)converges
to zero. That is

Pp(s) — 0as s — oo.
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As t — oo, eventually, endemic equilibrium converges to the following::

—

Ph(t) — 0,
—~ A
Ly(t) — 7ZA,
p + B
1+aaDh
_ Pl
L) — bibuln ,
(4 0;Dp)(1 4 aaDy)
A Ay(1 A,
Bh(t) — /\b( Rl h) ENE
BrMp, + pp(1 + agAp)
_ 1 — 7)8,M, B,
Bt — (1 —7)ByMyBy,

(1 — apAp)(m + 0,Dp)

NloclL;‘l NmamB;‘l

Ma(t) — el LD
hDh
Pm + GmDh + 1+a0;X;
_ M, B),
Gh(t) — 7 On M B ,
(1 + aoAh)(ah + pp + 99)
- A
Dp(t) — d

—— — . 9
g — ply, + PBj 4 LMy
dfo+L;, ~ fi+B; = fa+M,
nMp Dy,

It —_—.
h() - Na(f2+Mh)

(5.2.1.19)
There is a weakness in this model. It is difficult to solve the endemic equilibrium point to an explicit

solution with only parameters.

5.3 Within-mosquito host model

We adapt the within-mosquito malaria model in chapter 3. Mosquitoes are the main host for malaria
parasites, where the sexual phase of the parasite’s life cycle occurs in a process called morphologically
different phases of life, called sporogony. This leads to the development of parasitic infections called
sporozoites. The within-mosquito malaria parasite dynamics is modelled by the following time evolution
of five different parasite stages in the infected mosquito which are the population of gametocyte infected
erythrocytes, G,(s), the population of gametes, G, (s), the population of zygotes, Z,(s), the population
of oocysts, O, (s), and the population of sporozoites, P,(s). We use the same assumptions in [24]’s work.

In the within-mosquito sub-model, we assume that there is no immune response. The within-mosquito
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malaria parasite dynamics is given by the system of equations in (5.3.0.1).

1. devs(S) = Ay — (g + pg)Go(s),
4G,
2. ds( ) _ NyogGy(s) = (s + pis)Grn(5),
> dZ;i}? = %O‘SGm(s) — (0 + 112) Zo (), (5.3.0.1)
4. dOdUS(S) — aZZv(S) — (Oék + Mk:)ov(s),
5. djz)S(S) — NkakOv(s) _ (av + Mv)Pv(S),

The first equation in system of equations (5.3.0.1) demonstrates the population of gametocytes G, (s)
within an infected mosquito after a mosquito suck blood from an infected human host. The first term, A,
models the super-infection of infected mosquitoes. The population of gametocytes infected erythrocytes
is reduced either by the bursting of gametocytes infected erythrocytes releasing sex cells called gametes
at a constant rate oy, or through natural decay at rate 4. The second equation of model system (5.3.0.1)
demonstrates the dynamics of the population of gametes Gy, (s). The first term of the population of ga-
metes models the rate of increase of gametes within an infected mosquito, which is given by Ny, G, (),
where N, is the number of gametes released per each bursting gametocyte infected erythrocyte within an
infected mosquito. The population of gametes also get depleted through combination of male and female

gametes to form zygotes at a constant rate .

The third equation in system of equations (5.3.0.1) demonstrates the dynamics of zygotes Z,(s). The

Gm(9)

population of zygotes within an infected mosquito increase at rate G , which models the group-
ing of male and female gametes and combining them to form zygotes. We assume that the population
of zygotes are reduced either through natural decay at rate u, , or through developmental changes into
oocysts at constant rate «,. The fourth equation of system of equations (5.3.0.1) describes the dynamics
of oocysts O, (s). The first term of O, (s) demonstrates the rate of increase of oocysts within an infected
mosquito, which is given by «.Z,(s).The population of oocysts is reduced either through natural decay
at constant rate i, or through the bursting of oocysts to release sporozoites at rate ay,. The last equation
of system (5.3.0.1) describe the dynamics of population sporozoites, P,(s). The rate of increase of sporo-
zoites within infected mosquito is given by Ny O, (s), where Ny, is the number of sporozoites per each
bursting oocyst. The population of sporozoites reduced either through natural decay at constant rate fi,
or through the excretion/shedding of mature sporozoites into salivary glands of an infected mosquito at

constant rate c,,.

The within-mosquito malaria transmission sub-model is in terms of fast time-scale s, while the between-
host malaria transmission sub-model are in terms of a slow scale {. We simplify the model by writing

the systems of equations (5.3.0.1) using the slow time scale ¢ by assuming a relation between the fast and
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slow time-scales to be of the form ¢ = €s, such that we can write the within-mosquito malaria transmission

sub-model in slow time-scale as follows:

dG,(t

booe dt( Do A (g ) Gu)

2. e = NyagGy(t) — (a5 + ps)Gm(t),

> edZ;t(t) - %O‘sGm(’f)—(aeruz)Zv(t), (5.3.0.2)
dO,(t

oo dt() = a:Zy(t) — (ar + k) Ou(t),
dP,(t

5. € dt( ) = NiapO,(t) — (ozv + ,u,U)PU(t)7

The € is a small constant term, that is 0 < € << 1, highlighting the fast time-scale of the within-mosquito

sub-model of relationship with the time -scale of between-host malaria transmission sub-model.

The endemic equilibrium of within-mosquito host model is given by

é; = Ay + [GU(O) — AU:| e_(ag + /,Lg)t’
Qg+ g Qg + fig
GNm — Ma; + |:Gm(0) _ Ngag a:}:| e_(as + us)t
Oés + /.Lg as + /-’LS
~ 1 a, 1 s ]
Z, = % G 4 [ZU(O) - ¢ Gm] e~ (s +p)t (5.3.0.3)
20, + s 20, + g
0, = 74|00~ 7|t
ok + g o + [
_ N, _ N N
P, = k% 5 [PU(O) _ Rk OU] o~ (@ + )t
Qy + Ly Qy + Ly
When ¢ = 0, we obtain
G, = Gu(0),
Gm = Gm(0)7
Zy = Zy(0), (5.3.0.4)
ONU = OU(O)7
P, = P,(0).
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When ¢ — oo, the endemic equilibrium state converges, which is given by

—~ A

G, — L
Qg + g

@ N NgOég AU ’
Qg + g s + s

~ 1 N, A

Zy — 9% Qs v (5.3.0.5)
20y + g s + s iz +

/O\:, R 1 Nyay g o A, ’
2ag+ﬂgas+/«‘saz+,uzak+:uk

/PZ R 1 Nyay Qg Qy Nypoy, A,

2 g + fig Qs + s O+ s Qi + g 0 F

5.4 Coupled Multiscale model

The between-hosts (human and mosquitoes) describe the transmission and spread of malaria dynamics
at population level. We use susceptible-infected-susceptible (SIS) model on between-human host sub-
model. This sub-model is formulated based on two dynamical population, which are susceptible humans
(Sg) and infected humans infected human populations ;. We assume that the infected human classes
are associated to the within-human host dynamics of particular individual. The total human population is
given by Ny (t) at time ¢, and now Ny (t) = Sy (t) + I (t). We adapt the assumptions of this sub-model

from [24] which are as follows:

i. The infected human population can recover naturally from malaria infection or through immune re-

sponse.

ii. The transmission to human parameter 3y is the function of the number of infected mosquito population
that is 8y = 5‘/([\/).

iii. The between-human host dynamics are assumed to occur at slow time scale ¢ as compared to within-
host (human and mosquito) sub-models for malaria disease dynamics, that is Sy = S (t) and
Iy =1Ig(t).

The assumptions above direct us to the following sub-model of between-human host of malaria disease

system.
dS — A
gft(t) — Ay — Bv(Iv)Su(t) — paSu(t) + A lu(t),
dlp(t — T~
th( ) B tv)Sult) — (um + 51 + 7 T (1). (54.0.1)

The first equation of sub-model (5.4.0.1) models the dynamics of susceptible human population. We as-
sume the population of susceptible humans increase either through recruitment at a constant rate Az that

is through birth or through recovery of human infected population at a constant rate 7z. The population
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reduced either through the malaria infection of susceptible humans at a variable E‘\/ (Iy) or through natural
death at a constant rate pz7. The second equation of sub-model (5.4.0.1) models the dynamics of malaria
infected human population. This population increases through malaria infection of susceptible humans
and decreases through natural death at a constant rate pp, through disease induced death at rate gl\{ and

recovery of infected population at rate 7.

In a similar way, Ny () denotes the total mosquito population size at time ¢t. We use susceptible-infected
(SI) model for between-mosquito host sub-model, since the mosquitoes do not recover from their infection.
The population of mosquitoes is divided into susceptible mosquitoes (Sy) and malaria infected mosquitoes
(Iy). Now Ny (t) = Sy (t) + Iy (t). For between-mosquito host sub-model, we adapt the assumptions in

[24], which are given as following:

i. Infected mosquitoes do not recover naturally from their malaria infection.

ii. The malaria transmission parameter Sy is the function of the number of malaria infected humans,
which is given by By = By (Ig).

iii. The dynamics of between-mosquito host sub-model is assumed to occur at slow time scale ¢, when
we compare with the within-host (human and mosquito) sub-models variables of malaria disease

dynamics, which is given by Sy = Sy (t) and Iy ().

From the assumption, the between-mosquito host sub-model is given by:

dSc‘l/t(t) = Av = Bu(Im)Sv(t) — pvSv (#),
djgt(t) = Bu(Iu)Sv(t) = (nv +ov) Iy (b). (5.4.0.2)

The first equation of sub-model (5.4.0.2) models the dynamics of population of susceptible mosquitoes.
The susceptible mosquitoes increase through the supply rate Ay, that is through birth. This population
decreases either through natural decay at a constant rate uy or through malaria infection by humans
at rate BI\J(I 7). The second equation of system (5.4.0.2) models the dynamics of population of in-
fected mosquitoes. The population of infected mosquitoes increases though the infection of susceptible
mosquitoes and decrease either through natural death at a constant rate py or through malaria infection

induced death at a constant rate dy .

We integrate the following four sub-models (5.2.1.16), (5.3.0.2), (5.4.0.1) and (5.4.0.2) into a single cou-
pled multiscale model. We adapt the method used in [14, 24] to integrate all the four sub-models. Now we
have to illustrate how to couple the sub-models into a single multiscale model. These sub-model involves
the coupling of between-host (human and mosquito) scale to within- host (human and mosquito) scale
through the process of super-infection or infection. The within-host sub-models and between-host sub-

models are linked through the nested multiscale model, where within-host scale influence between-host
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scale through pathogen shedding/excretion whilst between-host scale influences within-host scale sub-

model through initial infection. Whereas human and mosquitoes are linked through sharing of pathogen.

We understand that, Gy, M}, and P, integrates the within-host scale to between-host scale which illustrates
the pathogen shedding/excretion. The between-host scale parameters 5/;1([ H)s E‘\/(IV), 511, 0y and 77
are functions of within-host scale. Considering the ecosystems concepts, We integrate the disease induced
death rate to malaria parasite/ immune cells dynamics in the infected human host. 5 =on (Mp(t), D(t)),
where M},(t) is the malaria merozoites and D(t) is the density of immune cells within symptomatically
infected humans. The recovery rate can be written as v = vg (M, D(t)), which integrate the dynamics
of infected-host by immune-cells, Using similar way, the infection induced death of mosquito is given by

Sy = g;(PU (t)), where P, is the population of sporozites within an infected mosquitoes.

We consider that the transmission of parasite in the vector-host to vertebrate host malaria transmission
dynamics is described by B\\/, which is a function of product of infected vector host (/1) and the population
of sporozoites (P,), which is given by By = By (Py(s)Iy(t)). Therefore, P,(s)Iy(t) to be the variable
at between-host scale which is denoted by Py (t), that is Py (t) = P,(s)ly (t), which is the products of
the average number of sporozoites within an infected mosquito and the number of infected mosquitoes.
Py (t) is the total infectious reservoir of mosquitoes in the community which we refer to the community

sporozoites load. This gives By = B\\/(PV (t)). The force of infection can be given by

Bv v (P (1) = By (Pr(1) = m

where [y is the contact rate to a community with population Py (t), of sporozoites per unit time, which
can be considered as the measure of vertebrate-host biting rate. Py which is the community sporozoites
load that yields 50% chance of getting human host get infected with malaria disease system after a suc-

cessful bite by a mosquito in a certain community.

The rate at which sporozoites becomes infectious to human within an infected mosquitoes «,,, integrates
the within-mosquito scale to between-host scale. The population of sporozoites P,(s) and the shed-
ding/excretion rate of sporozoites within an infected mosquito «,, in the community sporozoites load link
the within-mosquito scale variable and parameter to the between-human host scale in a uni-directional

way. The community sporozoites load is modelled by

dPy (1)
dt

= Py(s)apIy(t) — ay Py (t). (5.4.0.3)

The equation (5.4.0.3) demonstrate the dynamics of the community sporozoites load. The first term to
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Py (t) describes the total number of sporozoites load contributed by all infected individuals from within-
mosquito processes to the community sporozoites load pool, where N = E(s) is defined as the mea-
sure of total volume of sporozoites produced within an infected mosquito throughout the entire period of
mosquito infectiousness and «, is the proportion of individual mosquitoes who are infected. ay is the

rate of degradation of the community sporozoites load.

Similarly, we also consider the transmission of parasite in the vertebrate-host to vector-host malaria trans-
mission dynamics is described by BI\{, which is the function of product of infected human host (/) and
the population of gametocytes (G},), which is given by By = B/I\{(Gh(s)IH(t)). This product Gy, (s) [ (t)
is a variable at between- host scale which is denoted by G (t), therefore G (t) = G, (s)Im(t), which
is the product of the average number of gametocytes within an infected humans and the average of in-
fected humans. Where Gy (t) is the community gametocytes load that is responsible for transmission of
pathogen at between-host scale from community of infectious reservoir of humans to mosquitoes. There-

fore B;I = B;I(G m(t)). The force of infection can be given by

Buki (i) = Bin(Gn(0) = GG,

where [ is the contact rate to the community with population G (t) and Gy is half saturation constant

associated with infection of mosquitoes.

ay, is the rate at which the gametocytes population become infectious to mosquitoes which are shed/ex-
creted into specific anatomical compartments of an infected human host [18].The population of gameto-
cytes Gj(s) and the shedding/excretion rate of gametocytes within an infected human ¢, in the commu-
nity gametocytes load link the within-human host scale variable and parameter to the between-mosquitoes

scale in a unidirectional way. The community gametocytes load is given by

dGu(t)
dt

= Gp(s)aply(t) — agGy(t). (5.4.0.4)

The community gametocytes load is increased through shedding/ excreting the gametocytes at a rate
Gp(s)ay, into specific anatomical compartment of human host. — is the average time to eliminate

ag
the total community gametocyte load.
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The coupled multiscale model of malaria disease system can be reduced to

Lo B Ay BaGa)Sv(t) S,
2 O G Gue)sv) ~ [m + TP 1),
3. dP;t(t) = Py(s)auly(t) — ay Py (t). (5.4.0.5)
1 B RS () — parSi(0) + T (Ma(s), D(5)) i 1),
5. MO B )8 (t) — [+ T (M), D) + 5 (Mi(s). D) T (0,
6. 0 Gy ontu() - anG(®)
We let
vyo = Ya(Mp(s),D(s)) a constant parameter,
g = g;;(Mh(s), D(s)) a constant parameter,
Sy = oy (P,(s)) a constant parameter,
N, = D, (5.4.0.6)
Ny = Gn,
BuGu(t) =~
Got Culd) Bu(Gu(t)),
BvPy(t) =~
PP Bv (Py(t)),

the full multiscale model of malaria disease dynamics is simplified in dimension

dSv(t) - BuGa®) ooy s,

dt V' Go+ Gt
dly(t)  BaGu(t)
2. & = GotGuld) Sy (t) — [pv + dv] Iv (1),
g 4 g't(t) = Nyaoly(t) — ayPy(t). (5.4.0.7)
ds P
1o P P Su0) — i Su(t) + ),
dlg(t) — BvPv(t)
5. I = Pg—i—Pv(t)SH(t)_ wm + v+ 0u] Iu(t),
6. dGZ(t) = Npaplg(t) — agGg(t),
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5.4.1 Disease-free equilibrium states

The disease free equilibrium points of multiscale model (5.4.0.7 is given by

A A
EY = (8% 190 PP s% 19 GW) = <V,o,o, H,o,o> . (5.4.1.1)
123 KH

5.4.2 Reproductive Number

Using the next generation operator approach to calculate the basic reproductive number and we use the

[71]’s approach. The model system (5.4.0.5) can be written in the form

dx

- KXY, Z

dt f( ) ) )7

Y

CiTt = ¢(X,Y,2), (5.4.2.1)
A

== wX,Y.Z

dt ( ) b )7

where

X = (SV7SH)5

<
I

(Iv,In), (5.4.2.2)
Z = (Py,Gp).

We define g(X™, Z) by

x BuSvGu
X5 7Z) = Iy= ,
A E) = = G0 (Go + G
* BvSu Py
X*7Z) = Ig= . (5.4.2.3)
2 ) " Cuar + i+ 6m)(Po + Py)
P
By substituting the value of Iy, and I and letting by = ddTV’ hy = df;—tH we obtain
h 1 Ny, BaSvGH — auP
T 2w £ 0)(Got+Gr) T
NypapBv Su Py
ho — — ugGh,, (54.2.4)
’ (s +m +om)(Po+ Br) M

We compute A = M — D, where M > 0 and D > 0, a diagonal matrix.

Ooh1 O

_|ory oG
A= |Gy G| (5.4.2.5)

oPy 0Gpg

© University of Venda



L
>

(o

S |\ University of Venda
Creating Future Leaders

,
L

Chapter 5 185
therefore A =
NvavﬁHAV
v Go(py +dv)
rvGo
Ny By Ay o (5.4.2.6)
paPo(pe +vu + 0m)
where
N, = LNedg o e Near A, (5.4.2.7)
206g+,ugas+Ns@z+ﬂzak+ﬂkav+ﬂv
Nh - é\hn
0 NUO%BHAV
pyv Go(py + 6v) 540
M= NpapBy Ay 0 (5.4.2.8)
wrrPo(m + v + 0m)
0
D= , (5.4.2.9)
0 afg
1
— 0
pDl= | (5.4.2.10)
0 -
o
and MD™! =
0 NvavﬂHAV
Goan(py + ov)
v
Ny By Ay . (54.2.11)
pwaPooy (g + v + 0m)
Ro = (M D™1), which is given by
N, A N, A
2 - Mwoubnhy htufiv A =0, (5.4.2.12)
py Goap (py + 0v) paPooy (ke + vi + 0m)
where
Nh = é;u
—~ 1 N, N, A
N, = P—-9% 9 % ROk v (5.4.2.13)
20‘9""///9058+Msaz+ﬂzak+ﬂkav+,uv
Therefore
N, A N, A
Ry = vy ponfv e (5.4.2.14)
py Goap (py + 0v) prPooy (e + Y + 0m)

5.4.3 The local stability analysis of disease free equilibrium state

To determine the local stability analysis of disease free-equilibrium state of the multiscale model (5.4.0.7),

we linearize equations of system of equations (5.4.0.7), to obtain the Jacobian matrix and then solve it at
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the disease free equilibrium point E°, to obtain
A
—py 0 0 0 0 _Buly
/BG(}\NV
0  —(uv+3d 0 0 0 v
(v + 0v) Gory
0 N, — 0 0 0
J(E%) = vt " . (543.)
BvAn
0 0 P —HH YH 0
Bv ks
0 o —(up + 0 +00) 0
OMH
0 0 0 0 Npay, —ay

The eigenvalues of .J(E®) are calculated using det(J(E®) — AI) = 0. The characteristic equation of

the eigenvalues is given by

A+ )N+ ) (agd® 4+ asA® + agd? + a) )\ + ag) = 0, (5.4.3.2)

where

as = 1,

a3 = av+ayg+ (pv +0v)+ (ug +vu + 0n),

az = avayg+ (av +ag)(py +90v) + (ug +vm +0m)lav + ag + (uv +6v)], (5.4.3.3)

a1 = avoag(py +90v)+ (pa +vu + 0m)lovan + (v + ap)(py + ov)],

ap = avag(py +6v)(pm +vm +0u) [1 — RG]
From (5.4.3.2) it is clear that two eigenvalues are equal to Ay = —puy and As = —pupy. Now, the other

remaining eigenvalues are obtained from the polynomial
adt + as\® + as 2 + A +ap =0, (5.4.3.4)

It is clear that a4, a3, as and a; are positive and it’s also clear that ag > 0 whenever Ry < 1 and ag < 0
when Ry > 1. Since all the coefficient in the polynomial are positive when Ry > 1, therefore to confirm
that all the roots of the systems of equations (5.4.3.4) have negative real parts, we shall use Descartes’
Rule of signs change, we observe that on characteristic equation (5.4.3.4) there is no sign changes in
the sequence of coefficients and so there is zero real positive roots [72, 73]. Therefore we have four real
negative eigenvalues. Then all the eigenvalues of the Jacobian matrix J (EOO) are negative or have negative
real parts when Ry < 1. Which shows that the local stability of E° is stable when Ry < 1 and unstable
when Ry > 1.
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5.4.4 The global stability analysis of disease free equilibrium state

In this subsection, we perform the proof that the DFE is globally asymptotically stable, we state the

theorem below.

Theorem 5.3. The disease free equilibrium state (EOO) is globally asymptotically stable in the positively

invariant region when Ry < 1.
Proof. We define V: {(Sy, I'v, Py, Su, Iy, Gg) € Q: Sy >0, Sy > 0} — Rby
V =8y — SPIn(Sy) + Iy + aPy + Sy — S¥ In(Sy) + Iy + bGy. (5.4.4.1)

We differentiate V' with respect to time and is given as follows:

dVv ds 59 48 dI d P dsS 59 49 dl dG
ey 7V_7V V_|_ V+a V+ H_7H H H+b H7
dt dt Sy dt dt dt dt Sy dt dt dt
1 dSy  dly dPy 1 dSyg dlg dGH
= — (Sy — Su0 (S — g0 b
SV(V V)t a adt+SH(H w) g e T

1
BuGuSv g ] BuGuSv (v + 00) ]y +

- = _ q0o _ hubiet e amy
N Sy (SV V)[AV Go+Gp +G0+GH

1 Bv Py Su
NyaIy — ay Py) + — — SN Ay — =22 I
a(Nyayly — ay V)+SH(SH SH)|: H™ b Py paSH + Yl
PyS
+m — (kg +vm +0u) g + b(Nparly — agGh),
Py 00 Ay BvGu 00y , BuGuSy
= —— (Sy =S Sy — —| — ——F—(Sy — + =
SV(V V)[V MV} G0+GH(V V) Go+ Gy
A
—(,UV + (5\/)[\/ + aNya, Iy — acy Py — udil (SH — S?})) [SH - H:|
SH HH
pv Py 00\ , BvPvSy Iy 00\ , BvPvSy
——(Sy — S _- —(Syg — S —_
P0+PV< v V)+P0+PV +’YHSH< H H)+P0+PV
—(pa + e + 00) I + bNpo Iy — bagGh,
By 003 2 5HS\0/0
= —— (Sy -5 Iy [Nya,a — 0 Gy |=—F%— —agb
A (S = S+ Iy Woasa = v+ 00)] + o | 2220 — ay
12324 00 2 5\/500
——(Syg — S Iy [Npopb — ) Py | —— —
SH(H )"+ I [Nnonb — (i +vm + 6m)] + V[P0+PV aoy
Iy 00
g (Sa — S¥) - (5.4.4.2)
SOO
‘We now choose the a such that Pﬁv—i—; — aay = 0, since Py = 0 at DFE, we then make a the subject
0 1%
00
of formula and obtain a = %
ooy
BHSOO
We also choose b such that ﬁ — bag = 0, since Gg = 0 at DFE and make b the subject of
0 H
00
formula and we obtain b = By .
Goay
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We substitute the value of a and b into equation (5.4.4.2), we obtain.

dv 0% 0042 By Sy WH 0042
- - _£¥ — Iy | Ny, — _Ba —
I S, (Sy —Sy)" + Iy | Ny Poav (pv + dv) SH(SH St )
590 I
1y | Nyay, 22 2 — (pm + v + 5H):| - VHﬁ(SH — S¥),
124% 0012 BvAn ]
= ——(Sy-8 + Iy | Ny, -1 +4
SV( v =SV v [ Pooy pr (py + 0v) (v +v)
HH 0012 /BHAV
—=(Sxg-S + I | N, -1 + + 0
SH( 1= 5ir) " [ heh Goagpy (pa +va + 1) ] (kg 712 +011)
I
g (Sn — SK),
H
= —/;l(sv — S + Iy [Rvy — 1] (pv + 6v) — /;i(sH — S%)?
1% H
I
+Ig Ry — 1) (na +ym + 0n) + wi(SH — S9), (5.4.4.3)
< 0,
Nyou, By Ay Npap Ay
where R = , R = ,and Ro = /V RvyRpv.
v Y Poavun(py +ov) T Goampy (um + v + o) 0 VHTHY
i 0 when Sy = S% and Sy = S% and all other compartments are zero at this point. This

means that the DFE is the only equilibrium point that exists at that particular singleton and according to
LaSalle’s invariant principle and the properties of the constructed Lyapunov function, the DFE is globally

asymptotically stable when Ry < 1 thatis Ryy < 1and Ryy < 1. ]

5.4.5 The Existence of the Endemic Equilibrium State

The endemic equilibrium is denoted by

E: (SV7IV7PV7SH7-[H7G7H)7 (5451)
where

o) = — Av(GotGu)
BuGu + v (Go+ Gp)’

o (Gn) = CLENASE _
(uy + 6v)[BaGH + uv(Go + Gg))’

Py(Gu) = Moo Sy G S (5.4.5.2)
ay(py +6v)[BuGh + nv(Go + Gg))

o) = Al t (b2 NoowynBrvBy) Gl (b + baGh)
(b1 + b2G ) [pabs + (perbs + Bv NpawBuAyv)Grl’

~ NvavﬁHAVﬁvAHGiH
In(Gn) = vAuGH
H(Gr) b1 + boGH
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where
ar = ppPo(pn +vu +dm),
az = py(py+va +90u) + Bv(pg +du),
bi = aravuyGo(py +dv),
ba = arav(py +0v)(Bu + pv) + azNyaw By, (54.5.3)
bs = uvGoPay (uy + 6v),
b = Poav(uv +0v)(Bu + pv) + NeawBulAy,
Nh = é\h,
~ 1 Nyoy g Q Niay, Ay
N, = P,== .
2ag+/~‘gas+ﬂsaz+Nzak+ﬂkav+ﬂv
By substituting the expressions in (5.4.5.2) in the equation for GG 7 which is given by
dG
TH = NhahIH — OzHGH.
dt
We obtain disease free equilibrium state given by
00 00 700 P00 <00 700 OO0 Ay An
E" = (V' R, Py, Sy, 1y, Gy) = | —,0,0,—,0,0 ], (5.45.4)
207 KH
when Gy = 0.
The endemic equilibrium is given by
E=(Sv,Iv,Pv,Su.In,Gn)
when )
— F G o o)[R§ — 1
Gy — Patoonty optv (v + 6v)(pm + v + 1) [R5 ]’ (5.4.5.5)

OéHbQ

where b, is define above in expression (5.4.5.3). From the expression of G, we conclude that there exists

one unique endemic equilibrium for the model system (5.4.0.5) whenever Ry > 1.

5.4.6 Local stability analysis of endemic equilibrium state

We establish a local stability of endemic equilibrium state using the center manifold theory [74]. We use

center manifold theorem to determine the stability of malaria disease at an endemic equilibrium state. The

bifurcation analysis is carried out at the disease-free equilibrium state by utilising the center manifold

theory as described in Castillo-Chavez and Song [74]. To using the center manifold theory, we then

introducing the following simplification and change of variables. We rewrite the model (5.4.0.5) using

the state variables of the malaria disease model and the center manifold approach on the system. We let
r1 = Sy(t), v2 = Iy (t), 13 = Py(t), v4 = Su(t), z5 = Iu(t), z6 = Gu(t), B* = By and By = kfBy.
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Using vector notation, we denote X = (x1,x2,x3, x4, Ts5, xg)T, the system of equations (5.4.0.5) can

written in the form F' = (f1, fo, f3, f4, f5, fﬁ)T. By writing the system of equations (5.2.0.1) in vector

form as:

dxl
dt
dzo
dt
dzs
dt
dl’4
dt
dx5
dt
dacﬁ
dt

*

fi=Av — Go &g b1 v

fa= Gf*fi:ﬁ x1 — (pv + 6v )2,

f3 = Nyayra — ays,

fi=Ap— P]Zﬂlx;s T4 — LT + YHTs,
fs= ]izﬁ—:x;%l — (pE + 78 + 1),

f6 = Nynanxs — apge.

We consider Ry = 1 and solving $* as a bifurcation parameter, we obtain

-

pvGoopr (v + 0v) prroy Po(per + yu + )

Nya, Ay NpopkAg
The Jacobian matrix at disease-free equilibrium is given by
% 0 0 0 0
0 —(uv +dv) 0 0 0
0 Ny, —ay 0 0
*)
J(Eo, B*) = kB* Ay
0 0 — p.HH H
kB Y
H
0 0 - +vg +0
1 Po (1w +vm o)
0 0 0 0 Npay,
The eigenvalues of the Jacobian matrix are given by Ay = —uy, Ao = —pyr and

adt + as\® + aa 2 + A+ ap =0,
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where

ay, = 1,

az = (pv+6ov)+av +ag+ (ua +vg +0n),

az = ay(py +0ov)+ag(py + v +av)] + (ug + v +0m)[(py +6v) + av + anl,

ar = agay(py +0v)+ (pg + v +0m)[av(py + ov) + (5.4.6.5)

ap((py +0v) + av],
ap = agay(py +0v)(ug + v+ 6g)[1 — R%]

We notice that as > 0, a3 > 0,a2 > 0and a1 > 0. ag > 0 when Ry < 1, ag < 0 when Ry > 1 and when
Rop=1ap=0.

When Ry = 1 we can clearly notice that the Jacobian of the linearized system has a simple zero eigenvalue
and all other eigenvalues are negative or have negative real parts. Therefore, the center manifold theory is
the appropriate to use in analysing the dynamics of the system of equations (5.4.0.5). When Ry = 1, Itis

clear that the Jacobian matrix has a right eigenvector that is associated to the zero eigenvalue, given by

W=(w wy wy wy ws we) -

‘We obtain
wy = —ww&
13 Go
wy = IB*AV We
pv Go(py +dv)
Nvaw@*AV
w3 = avquo(Mv i (,)_V>’LU6, (5466)
v = 2k5*AH(MH +0m) Ny, B* Ay v
pHPo(pw + vu + 0m) avpyGolpy +dv)
kB*Ag Nyo,3*Ay
ws = We,
paPo(pr +vu + 0m) av vy Go(py + 0v)

(5.4.6.7)

and we let wg = wg > 0.

Similarly, we denote

U1
V2
U3
V4

U5

Ve
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as the left eigenvector associated to the zero eigenvalue. We obtain

V1 = Vg4 = 0,
vy = Nvavkﬁ*AH Nhah Ve (5468)
avpmPo(py +0v) (pm +vm +0m) o
vy = Nhahkﬂ*AH Ve
avpuPo(pr + v +0m)
Npap,
V5 =

e S
Wi v+ 0

and we let vg = vg > 0.

Using the condition WV - V = 1 to obtain the values of vg and wg. Therefore, we obtain

av(py + ov)(umr + v + 1)

Vg — .
O™ wel(um + vi + om){amay + (py + 0v)(am + av)} + agoy (py + o))

We set wg = 1. Thus

ay (uy + 0v)(pm +vm + 0m)

YT [ + v + 0m){amay + (uv + 6v)(am + av)} + amay (uy + 6v)]

(5.4.6.9)

We shall demonstrate the conditions on parameter values a bifurcation to occur in the system, based on
the use of center Manifold theory, from the work in [74]. We compute the bifurcation coefficients a and

b, for the transformed system (5.4.6.1), and are defined as follows:

EOaB )

a = Z Ukwle P, (5.4.6.10)
1,5,k=1
6
9 fr(Eo, 5*)
b = Ukwii’*
ik=1 0z;08
Now,
6 82f f 6
a = Z v2w1w681‘16$6 Z ’U5’U)3w4a 8.%‘4 Z v2w6 % Z
i,5,k=1 1,7,k=1 i,5,k=1 i, k=1
__ NoawkftAy Nyan B2 Ayvswy [ Nyoyk5* AV(MH+5H)]
av g Po(py +0v) 113, G (v +vu + On) av Po(py + dv)
N, *A Nyo kB*A Nyo,8*A
g NnanS"An o B Ay vews [1+ ooff" Ay ] (5.4.6.11)
pH +vH + 01 MHOévMVG Po(py + 6v) ay py Po(py + ov)
O f
b pr—
1;11)2“}68 605" Z 0 o068 300*’
Nya,kB*A NpoapA
= 2 aukBTAn WOV VeWe. (5.4.6.12)

ay puy Po(pv + 0v) pvGo(pm +vu + 0m)
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We notice that the bifurcation coefficients a < 0 and b > 0, then it follows that the model will undergo
trans-critical bifurcation at Ry = 1. We can conclude that the locally stability of the presents of malaria

disease equilibrium state of system (5.2.0.1) is stable when Ry > 1 but close to 1.

5.4.7 Global stability analysis of endemic equilibrium state
Theorem 5.4. The endemic equilibrium state is globally asymptotically stable when Ry > 1.

Proof. We prove the global stability analysis of endemic equilibrium state by using the definition of

lyapunov function [75].

Sv S Iy T* Py P* SH S*
V = / <1—V>dx+/ (1—V)d:v+a/ (1—V>dx—|—/ (1—H>d:n
‘*/ X ;«/ X ‘a; X * X

H
+/ <1 — ;’) dz + a/ (1 - GxH> dx. (5.4.7.1)
H H

The derivative of V' is given by:

v Sv\ dSy dIy Py Su\ dSu

dat (1 SV> dt +<1 IV> dt +“<1 PV> dt +<1 SH> dt
1) Sy (g ) S 472
( IH) dt +b< GH> dt (472

At the endemic equilibrium, we consider the following:

BuGuSv
Ay = CHEHOV LSy,
v Go+ Gn mvov
GyS
(bv +0v) = mI—H—V—,
(Go+ Gu)lv
NUOZUE
ay = —,
v B,
By Py Sk
Ay = 2V2V2H LS — T, 5473
H Pt Dy wESH —YHIH ( )
By Py Sy
+ +5 - [
(MH YH H) Pyt Py
S Npaply
H - GiH .
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Using (5.4.7.2) and (5.4.7.3), we obtain
dv Sv\ [BuGuSv < BuGuSv }
— 1—— | |=/——== S S
dt < )[G0+GH+MVV Gorang "
<1 - > [BHGHSV _ BuGudy I"] t+a <1 - PV> [Nvava ~ N, aUIVPV]
Go+ Gy Go+ Gy Iy Py Py
Bv Py S Bv Py Su ]
1—— + ugSH Ig— 2= _ Sy +vul 54.7.4
( >[PO+PV waHSH — YHIH Pyt By weSH +YelH ( )
P P I Gy —
+<1_) aehvsn TSt In] Ly (3 G0) [yt vt 2],
Iy Py + Py Py+ Py Iy Gu Gu
av Ky 2 MH —w  BaGueSy  BuGuSv Sy  BuGuSv Sy
— ——(Sy = Sy) ———(Sg—Sg)*+2 — — — L
dt SV( v v) SH( " ) Go+ Gy Go+ Gy Sv Go+ Gy Sy
_buGnSv Iy + Iy [aN p — ﬁHGHSV} - anaUIH& - anaUEi
Go+Gpu Iy (Go + Gu)ly Py Py
— . BvPySu  BvPvSuSu  BvPvSuSu  BvPvSu I
+aNyay Iy + 2 o OH _PVIVOHOH PVIVOH“H
Py + Py Py+ Py Sy Py + Py SH Py+ Py Iy
Bv Py Sy Su Su Gy
Iy |bN, - I Iy Ig—" — ~vglg=—" — bNpoyI
+H|: RO, (P0+PV)IH]+’YHH YHIH +YH HSH YH HSH hOth HGH
G -
—bNhahIH— + bNhOthH. (5.4.7.5)
Gu
We let
BuGuSy
(INUO[U _———— =
(Go + GH)IV
then we solve for a and we obtain
_ PuGudv (5.4.7.6)
Nvav(GO + GH)IV
We also let
P
bNpap, — By LSH ,
(Po+ Py)Ig
then we solve for b and obtain
bv By S (5.4.7.7)

 Npap(Po+ Py)Iy
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We substitute (5.4.7.6) and (5.4.7.7) into (5.4.7.2), and we obtain

Sv\ dSy Sv BaGuSy
1= 2V DV (g 2V |y, - DRSOV
< Sv> dt ( Sv)[ VT Go+ G “VSV]
( Sv> [ﬁHGHSV < BuaGuSv

11— — — 4 S' — S 5.4.7.8
Sy ) | Gor v Sy Cot Cr J13% v] ( )

Sy - 5v> |:BHGHSV ,BHGHSV]
= (1-2Y) (S — v sy] + (1- 2 v
( SV) [MV v V] ( Sy Go+ Gy Go+Gpg

—_ 2 JR—
= —uvSy (1—SV> +m(1—sv) [1— AHSV}

SV SV )\HSV
< AgSvy (1 — SV) [1 — ﬁ}
SV )\HSV
< RSy 1o P g sn),
/\HSV SV )\H
Iy dly Iv\ [BuGuSv
1- V)2V o (- V) | ZEEERY Syv) I
< Iv> dt ( Iv> |:GU+GH (MV—’_ V) V:|
_ (1 - IV) [5HGHSV _ BuGrdy IV] (5.4.7.9)
Iv) |Go+Gr  Go+ Gy Iy
(o) (i)
Iv) \AgSv Iy
I Iy
S [AHSV Vﬂvvﬂ] |
Ag Sy Iy Ag Sy Iy
BHGHSL — (1 — IV> & = ﬁHGHSL — <1 — IV) [Nya Iy — ay Py]
Nvav(Go + GH)IV Iy ) dt Nvav(Go + GH)IV Iy
— PuGudv <1 - IV) [Nvava - Nvain
Nvav(GO+GH)IV Iy Py
_ P\ (Iy Iy
H V( PV) <IV PV) ( )
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@ dSH % ﬁvPVsH
|- 2HN@2H _(y PHN |y PVIVOHR I
< SH) dt ( 5H> [ H="pT1p, UHSH +YH H:|
Su\ [BvPvSH - —  BvPySy
= (122 | BV H S — T — VP Sy 4 yml
( SH>{P0+PV MHHOH —YHIH Po + Py MHOH T~ YHIH
Su\ (BvPvSu 5VPVSH> ( SH) -
= (1-22 == _ + (1= 25 [unSe — puS
< 5H><P0+PV Py + Py Sy [ S = puas S
=
+< _SZ> [Ye Iy — vulu) (5.4.7.11)
o —— 2
Su )\VSH) < SH>
— wog(1-22) (1- Sy (122 o
v H( 5H> < AvSu fH=H Su
— S\ (In
1= 2H) (22
i (1-50) (75-1)
s) (1-2s) ot (1- ) (75 -1)
< \vS 1—— 1-— + I 1—— — —1
N v H< SH AvSH THEH SH Iy
M\vSu S AV] |:IH Suln SH:|
< WS |l-=—% -+ =+l |=-1-—"=+—|,
- v H[ AVSH SH )\V THiH IH SHIH SH
I\ dly Iu\ [BvPvSu
_HNEE () CH) | PVEVOR I
( IH) dt ( IH>[P0—|—PV (ke + 1 + On) H]
= <1—IH> [BVPVSH _ bvlvSn IH] (5.4.7.12)
In) | Po+Pv  Py+ Py Iy
- AvsH<1_IH>(AV5VJH>
IH )\VSH IH
_ [)\VSV_IH_)\VSVIH 1}
ASu Iw AvSulp ’
and
GH> dGy Bv Py Su ( GH>
b(l—— ) —— = — |1 - — | [Nyaplyg — agG
< Gu dt Nhah(P()—l-Pv)IH Gy [ hhiH " H]
= — |1 — — | | Nyaplyg — Nyoplyg—= 54.7.13
Noonln Gn [Xe794:0 [ Xe7 HGH ( )
Gy Iy GH}
— WS (1-ZE) | E_ZH
v H( GH> [IH Gu
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av AgS Sy A AHS I Ay Sy Iy
< Sy [1_ 2y _Sv H] )\HSV[ i V_V_HVVH] .
dt )\HSV SV )\H )\HSV IV )\HSVIV
Iy, Py Pyl AvSy Sy A
)\HSV[V—V— VV+1}+)\VSH{1— VH—H—I—V:|
IV PV PV Vv )\VSH SH )\V
— I Syl S Ay S I MvSv I
vHIH[H—l— ulu H%[VV_H_VVHHP
IH SHIH SH )\VSH IH )\VSHIH
S | H Gu _ Gulm | 1] . (5.4.7.14)
Iy Gy Gglg
[ S A I Sy Ty P Pyl
< XpSy 2o v A Iv AuSv V} Sy {V_V_ v VH}
Sy Ag Iv  AaSviv I, Py Pyly
[ I Iy I
\v S 2&’+”\VHAVSHH] VSH[HGHGHH 1]
L S A I AvSwulg Iy Gug Gyl
— | In Suly SH]
Iy |=—=—-1- — 4+ — .
VHH |:IH SHIH SH
Let g(x) = 1 — z + In(x), and as we know that z > 0, therefore g(x) < 0. And when x = 1, then
g(x) =0
d E— Sy I A Iy A Sy I A
p o< s [o () () - o (Rre) o () - (3) () + 34
dt SV SV IV )\HSVIV )\H SV IV )\H
Iy Py PVIV> <PVIV>] [ <SH> <SH> Iy
Sy |- L4 V) b () | 4N Sa g (2 ) 4 (22) -
H V|:IV PV g(P\/IV . P\/IV VIR |9 SH t SH IH
MNvSuln A I G Gyl
() o) - (5) - ( ) }“ﬁﬁH—Hﬂ(Hﬂ
)\VSHIH )\V Iy GH GHIH
Gy Hﬂ In Suln SHIH
+1In ( fyuln |22 + g 2H _of, (5.4.7.15)
Guly Iy Suln
< ) 1n<GH> GH+GH+g<G0+GH>
Gy Go Gy Go+ Gy
I

vV
Iy
P I P I P
cost " Saoes | s () i 2 () ()
Go+Gn  Gu(Go+Gr) Iy Py I, Py Iy Py
- A\vSuIn S I P, Py P Py+ P
v o (s ) e (g) - 2w () o (3) - mm o (i)
Av Sl Su Iy Iy Py Py Py Py+ Py

P, P Py (P, P [ IyGy I I
i a4 Ci V)+1]+/\VSH [g(HGH>+H—GH+ln<H—1n<GH>>]
Py+ Py Py(Py+ Py) InGy Ig  Gg H

Iy SHIH> <5H> <IH) Su ]
vl |2+ )4 +1In +2E -9
T LH g <SHIH "\ Sy Su

Gu
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Iy Sy I I P P
< sy [o (R g (S0 - 2w () e () + ]
dt )\HSVIV SV IV IV PV PV

I G G G G Gy(G Gy P
Sy [g( 0+H>_ 0o+ Gn _ Gu(Go+ H)_V+1]+
Go+Gpg Go+Gy Gp(Go+Gg) Py
IVPV> Iy Py <IV> (Pv } \[ <)\VSHIH>
" V[g (IVPV . o \L/) & I\ SHIn
Sy I I G I N P, P P, P
+g<H>_H_1n(H>+1n(H>+H]+AV5H[9( 0+V)_ b+ By
SH Iy Iy Gy Iy Py + Py Py+ Py

b+ By) G 1] Si [g<IHGH>+IH_GH+1n<IH>_1n<GH)]
Py(Po+ Py) Gy InGy Iy GH Iy Gu

Vv
gy o (Gr) e (s) o (5) 55
T [IH J <5HIH H Iy Su
Consequently, we gain
dav P I I P — I P I P
— < AgSy [V A <V> +1In <V>] + AgSy [V _ v +In <V> —1In <V>]
dt Py Iy Iy Py Iy Py Iy Py

NS |G- () - ()] v |- S () -m(Z2)
Sy |2 g (ZE) ()| Sy |2 - 2 “m(ZE) ]
VH[GH Iy " Gu " Iy Ve Iy Gpg " Iy " Gy

(5.4.7.16)

% av Sy Ty
Hence, ’r < 0 for all (Sy, Iy, Py, Sg, Ig, Gg)> 0 and o 0 only when Sy = Sy, Iy = Iy,

— — — — av
Py = Py, Sy = Sy, Iy = Iy and G = Gp. Itis clear that the largest invariant subset, where ’ =0,
is E. Applying the LaSalle’s invariance principle [76] we conclude that the endemic equilibrium state (E)

is globally asymptotically stable when Ry > 1. O

5.5 Numerical Simulation

In this section, we perform the numerical simulation for the coupled multiscale model (5.2.0.1) using
Matlab version 2019 and python 2.7 with built-in function of Odeint, which implements the version of
Runge-kutta scheme. The parameter values that we use for numerical simulations are estimates from
published studies. These parameter values we use are in Tables (5.1)-(5.5). We use the following initial
conditions Sy (0) = 100000, Iy (0) = 200, Py, = 40000, Sg(0) = 10000, I7(0) = 70, P,(0) = 45,
L, (0) = 400, L} (0) = 50, By, (0) = 500, By, (0) = 5, M (0) = 50, G1(0) = 15, D(0) = 30, A(0) = 10
and G (0) = 1000. However, this coupled multiscale model forecasts on the outcome of immune system
have when contacts with the pathogen and determine its influence on the host-level. Our key focus is on
the parameters associated with immune response and determine how they have influence on between-host
scale malaria infection dynamics of (a) population of infected humans (/z), (b) community gametocyte

load (G'gr), (c) population of infected mosquitoes (Iy/) and (d) community sporozoite load (Py).
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Table 5.1: Between-mosquito scale parameter values and their description.

Parameter Description Initial Value | Range Units Source

Av Rate of recruitment of susceptible | 6000 5000-7000 Mosquitoes per | [24]
mosquitoes. day

Bv Contact rate of susceptible humans with | 0.52135 2.7x107%-0.64 | day™" [35]
the infectious reservoir of mosquitoes.

7% Natural death rate of mosquitoes. 0.12 0.033-0.3 day_1 [24]

Sv induced death rate of infected | 0.00000426 | 4.26 x 10°° — | day~' [24]
mosquitoes. 5.33 x 10°°

P Half saturation constant associated with | 1 x 107 1x10°-5x10® day~ ! Assumed.
the infection of humans.

ay Rate of clearance of community sporo- | 0.3 0.09-0.99 day™" [24]
zoite load.

Table 5.2: Between-human scale parameter values and their description.

Parameter Description Initial Value | Range Units Source

Ag Rate of recruitment of Susceptible hu- | 1000 1000-2000 Human per day | [24]
mans.

Bu Infection rate of susceptible | 0.556 0.072-0.64 day~ ! [35]
mosquitoes.

WH Natural death rate of humans. 0.004 0.00001-0.008 day™* Assumed

Su Disease induced death rate of humans. | 0.03454 1 x 107" — | day™! [35]

4.1 %1072

YH Natural recovery rate of humans. 0.025 0.0014-0.037 day™* Assumed

Go Half saturation constant associated with | 5 x 107 1x10°-1x10° day_1 Assumed.
the infection of mosquitoes.

aH Rate of clearance of community game- | 0.0000913 0.0000467- day™" [24]
tocyte load. 0.000274
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Table 5.3: Within-mosquito scale parameter values and their description.

Parameter Description Initial Value | Range Units Source

A, The rate of supply of gametocytes | 3000 100-3000 Gametocytes Assumed
within infected mosquitoes. per day

Qg Rate at which gametocyte infected ery- | 96 90-100 day™" [24]
throcytes burst within ifected mosquito.

Ly Decay rate of gametocytes within in- | 0.0625 0.0326-0.0725 day_1 [24]
fected mosquito.

Ny Number of gametes produced per ga- | 2 1-3 Gametes  per | [24]
metocyte infected erythrocyte within day
infected mosquito.

a, Rate at which zygote develop into | 0.4240 0.01-0.5 day™" [24]
0oCysts.

Lz Natural death rate of zygote. 1 1-4 day™" [24]

Qs Fertilisation of gametes. 0.2 0.01-0.2 day_1 [24]

s Natural death rate of gametes. 58 40-129 day™" [24]

Qg Bursting rate of oocysts to produce | 0.2 0-1 day™" [24]
sporozoites.

Ny Number of sporozoites produced per | 3 000 1000-10000 Sporozoites per | [24]
bursting oocysts. day

Uk Natural death rate of oocysts. 0.01 0.071-0.143 day_1 [24]

Oy Rate at which sporozoites become in- | 0.025 0.0167-1 dagfl [24]
fectious to humans.

s Natural death rate of sporozoites. 0.0001 0.0001-0.01 day_1 [24]
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Table 5.4: Within-human scale parameter values and their description.

Parameter Description Initial Value | Range Units Source

Ap The rate of injection of sporozoites into | 30 18-35 Sporozoites per | [45]
pre-erythrocytes due to mosquito bites day

0 Destruction rate of sporozoites 0.03 0.001- 0.9 day™" Assumed.

A Rate of supply of uninfected liver cells. | 3000 1000- 10000 Cells per day [60]

p Decay rate of sporozoites. 1.2x 1072 10712 —107" day_1 Assumed

Bi Rate of infection of hepatocytes by | 1 X 1071 1075-0.1 day™" [45]
sporozoites.

I Natural decay rate of liver cells. 0.029 0.001- 0.1 day_1 [45]

[e%) Rate at which infected liver cell bursts. | 0.02 0.01- 0.1 dagf1 [45]

N, Number of merozoites produced per | 1000 1000-10000 Merozoites per | [45]
bursting pre-erythrocytes. day

Ay Rate of suppy of uninfected red blood | 200 100-300 Cells per day [24]
cells.

B, Rate of infection of red blood cells (ery- | 0.3 2% 107°-04 day™" Assumed
throcytes).

Oy The destruction rate of merozoites into | 0.03 (107% — 0.06) | day™' [35].
infected red-blood cells cells

ap Rate at which gametocytes develop and | 0.4 0.01-0.9 day™" [24]
become infectious within infected hu-
man.

h Natural death rate of gametocyte in- | 0.0625 0.0600-0.0625 day™" [24]
fected erythrocytes within infected hu-
man.

b Natural decay rate of red blood cells. 0.0083 0.006-0.1 day™" [24]

m Natural decay rate of free merozoites 0.001 0.001-0.5 day™" [24]

T Proportion of gametocytes infected ery- | 0.4 0.1-0.5 day™" [24]
throcytes.

N, Number of merozoites produced per | 16 10-30 Merozoites per | [77]
bursting erythrocytes. day

Qm Rate at which erythrocytes burst to pro- | 0.5 0.1-1.0 day_1 [24].

duce merozoites.
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Table 5.5: Within-human scale parameter values and their description.

Parameter Description Initial Value | Range Units Source

Om Destruction rate of merozoites by im- | 0.06 (107% — 0.12) | day™" [35].
mune cells cells

0y Destruction rate of gametocytes by im- | 0.03 (107 — 0.06) | day™" [35].
mune cells. cells

Aqg Supply rate of immune cells 30 1-300 day™* [70].

1 Immunogenecity of infected hepato- | 0.001 0.001- 0.1 Assumed
cytes.

oo Immuno-sensitivity of infected red- | 0.06 (2 x 107% — | day™! [35].
blood-cells. 0.12) cells

Pm Immuno-sensitivity of merozoites cells | 0.6 (3% 107%— 1.2) day™" [35].

cells
. 1 1 3 1

Ud decay rate of immune cells 20 (% - %) day [35].

n The maximum rate of increase of anti- | 0.6 0.01- 0.9 day™" [70].
bodies.

La Decay rate of antibodies 0.4 0.01- 0.9 day™" [70].

Qg Inhibition rate of immune cells re- | 0.5 0.001- 0.7 day71 Assumed.
sponse in infected liver-cells

Qo Efficiency of antibodies in infected red- | 0.6 0.01-0.8 day™" [59]
blood cells

a1 Rate of parasite production by infected | 0.85 0.1-0.9 day™" [59]
red-blood cells is inhibited

[e The rate of parasite production by in- | 0.55 0.05- 0.9 day™" Assumed.
fected liver cells is inhibited.

fo Stimulation constant for immune cells | 1700 1000- 2000 Cells per day Assumed.
due to infected liver-cells.

f Stimulation constant for immune cells | 2000 1000- 3000 Cells per day [59]
due to infected red-blood cells.

fo Stimulation constant for immune cells | 1500 500- 2000 Merozoites per | [77]
due to merozoites day

5.5.1 The influence of within-human host parameters on between host dynamics

In this section, we explore the influence of within-human host scale parameters on between-host (humans

and mosquitoes) scale malaria infection dynamics of (a) population of infected humans (/z), (b) commu-

nity gametocyte load (G ), (¢) population of infected mosquitoes (/i) and (d) community sporozoite load

(Py). Applying the categorization of multiscale models of infectious disease system presented in [3, 7],

the coupled multiscale model in (5.4.0.7) is classified as a nested multiscale model of malaria disease dy-

namics. Hence, the flow of information in uni-directionally linked in that the within-host scale sub-model

influences the between-host scale sub-model without any reciprocal feedback. We demonstrate the effects
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of key within-human host scale parameters that associated with immune response on between-host scale
variables (Iy, G, Iy and Py).
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Figure 5.1: Graphs illustrating changes in Infected Humans (I ), Community gametocytes load (G ),
Infected mosquitoes ([y) and Community sporozoites load (Py ) for the variation in values of the efficacy

of immune cells inhibiting the production of merozoites as: ao = 0.0055, as = 0.055 and s = 0.55.

In figure (5.1), displays variation of population of infected humans (/z7), community gametocytes load
(Gm), population of infected mosquitoes (1) and community sporozoites load (Py ) for different values
of the efficacy of immune cells inhibiting the production of merozoites (a2): ay = 0.0055, ag = 0.055
and cg = 0.55. The simulations display that these four between- host scale variables (I, Gy, Iy, and
Py) are influenced by the within-host scale parameter ais. The simulation indicates that as the efficacy
of immune cells inhibiting the production of merozoites increases, (Ir7, G, Iy and Py) also decreases.
Hence, health interventions that inhibits merozoites within-human host scale will likely to minimize the

transmission of malaria disease dynamics at between-host scale.

Figure (5.2) indicates the time evolution of between-host scale malaria infection dynamics of ((a) popula-
tion of infected humans Iz, (b) community gametocyte load G g7, (¢) population of infected mosquitoes Iy
and (d) community sporozoites load Py-) for different values of the supply of immune cells A;: Ay = 30,
Ag = 60 and Ay = 90. The simulations indicates that the four between-host scale malaria infection dy-
namics of ((a) population of infected humans /5, (b) community gametocyte load Gz, (c) population of
infected mosquitoes Iy and (d) community sporozoite load Py/) are influenced by the within-human host
scale parameter A;. Hence, we observe that as the supply rate of immune cells increases, the transmis-

sion of malaria disease dynamics at between-host scale malaria infection dynamics of (7, G, Iy and
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Py) also decreases. Therefore, health interventions that promotes the supply of immune cells have the

potential to reduce the transmission of malaria disease dynamics at between-host scale.
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Figure 5.2: Graphs illustrating changes in Infected Humans (), Community gametocytes load (Gp),
Infected mosquitoes (1) and Community sporozoites load (Py ) for the different values of the supply of
immune cells Ag: Ay = 30, Ay = 60 and Ay = 90.

Figure (5.3) illustrates the changes in between-host scale for malaria ifction dynamics of ((a) population
of infected humans I;7, (b) community gametocyte load G, (¢) population of infected mosquitoes Iy
and (d) community sporozoites load Py) for different values of the destruction rate of merozoites into red
blood cells (6y): 6, = 0.003, 8, = 0.03 and 6, = 0.3). The graphs also indicate that the rate of destruction
of infected red-blood cells increases, we notice a slightly decrease on between-host scale variables (I,
Gy, Iy and Py). The solutions imply that control measures aimed at giving health interventions that
kills the infected red-blood cells within-the infected human red-blood cells, which also be good for the

community in that they reduce the transmission of malaria disease at between-host scale.

Figure (5.4) displays the numerical solutions of the multiscale model (5.4.0.7) showing the dynamics of
(a) population of infected humans Iz, (b) community gametocyte load G, (¢) population of infected
mosquitoes Iy and (d) community sporozoite load Py, for different values of the killing rate of the ga-
metocytes by human immune cellsf,: 6, = 0.003, 6, = 0.03 and ¢, = 0.3. The numerical results in
figure (5.4) indicate that the between-host malaria dynamics of (a) population of infected humans I, (b)
community gametocyte load Gz, (c) population of mosquitoes Iy, and community sporozoites load Py
decrease in respond to the increase of killing rate of gametocytes by immune cells within-infected hu-

man.The results desplay that the killing of gametocytes by immune cells on the last life stage of pathogen
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life cycle within-infected human has an impact in reducing the transmission of malaria at community
level. Hence, any intervention methods that is intendd to kill the gametocytes within infected humans has

significant effect on reducing the transmission of malaria infection at community level.
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Figure 5.3: Graphs illustrating changes in Infected Humans (I ), Community gametocytes load (G ),
Infected mosquitoes (1) and Community sporozoites load (Py) for the variation in values of the destruc-

tion rate of merozoites into red-blood cells by immune cells 6;: 6, = 0.003, 6, = 0.03 and 6, = 0.3.

Figure (5.5) displays the numerical solution of the multiscale model (5.4.0.7) showing variation of (a) pop-
ulation of infected humans 7, (b) community gametocyte load G gz, (c) population of infected mosquitoes
Iy and (d) community sporozoite load Py, for different values of the killing rate of sporozoites in liver-
cells by human immune cells (6;): 6; = 0.01, §; = 0.03 and 6; = 0.06. From the numerical results
in figure (5.5) presents that as the killing rate of sporozoites in the liver cells by human immune cells
increase, there is observable reasonable decrease in the transmission of malaria infection on the dynamics
of (a) population of infected humans Iy, (b) community gametocytes load Gz, (c) population of infected
mosquitoes and (d) community sporozoites load Py-. However, any intervention that kills the sporozoites
within-the human liver cells has significant effect in reducing malaria transmission at community level

and at also population level.

Figure (5.6) displays the numerical results of multiscale model (5.4.0.7) displaying the variation of (a) pop-
ulation of infected humans /77, (b) community gametocyte load G g7, (¢c) population of infected mosquitoes
Iy and (d) community sporozoites load Py for diffent values of killing rate of merozoites by immune cells

within-infected human 6,,,: 6,, = 0.006, 6,,, = 0.06 and 6,,, = 0.6. The numerical results in figure (5.6)
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present that the between-host scale malaria dynamics of (a) population of infected humans Iz, (b) commu-
nity gametocyte load Gz, (c) population of infected mosquitoes Iy and (d) community sporozoites load
Py decrease in response to the increase of killing rate of merozoites by human immune cells. This implies

that immune response has a significant influence on transmission of malaria infection on population level.
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Figure 5.4: Graphs illustrating changes in Infected Humans (/;), Community gametocytes load (G ),
Infected mosquitoes (Iy) and Community sporozoites load (Py) for the variation in values of the destruc-

tion rate of gametocytes by immune cells §,: 8, = 1le — 08, 6, = 0.0003 and §, = 0.03.

Figure (5.7) pictures the numerical results of multiscale model (5.4.0.7) displaying the variation of (a) pop-
ulation of infected humans /g, (b) community gametocyte load G g7, (c) population of infected mosquitoes
Iy and (d) community sporozoites load Py, for different values of the efficacy of antibodies in reducing
erythrocytic invasion ag: ag = 0.01, ag = 0.6 and g = 0.8. The numerical simulations in figure (5.7)
display that the between-host scale malaria dynamics of (a) population of infected humans /g, (b) com-
munity gametocyte load G, (¢) population of infected mosquitoes Iy, and (d) community sporozoites
load Py decrease slightly in response to the increase in the values of the efficacy of antibodies in reducing
erythrocytic invasion g at within-infected human. From these analysis we observe that the immune re-
sponse have significant influence in reducing the transmission of malaria disease dynamics at population

level.
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Figure 5.5: Graphs illustrating changes in Infected Humans (I ), Community gametocytes load (G ),
Infected mosquitoes (I ) and Community sporozoites load ( Py ) for the different values of the destruction

rate of sporozoites in liver-cells by immune cells 6;: 6; = 0.01, §; = 0.03 and 6; = 0.06.

In summary, the numerical results demonstrated in this chapter on the within-human scale parameters for
immune cells are helpfull when considering the vaccination intervention as a way of preventive measures
against malaria infection. The preventive health intervention by vaccination of an infectious disease sys-
tem will help to boost the effectiveness of the immune system on fight against the disease infection which
will likely reduce the transmission of the infection to others. This confirms that during malaria transmis-
sion dynamics within-host scale has a significant influence on the between-host scale for malaria infection

dynamics.
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Figure 5.6: Graphs illustrating changes in Infected Humans (I ), Community gametocytes load (G ),
Infected mosquitoes (I ) and Community sporozoites load ( Py ) for the different values of the destruction

rate of merozoites by immune cells 6,,,: 6,,, = 0.006, 6,,, = 0.06 and 6,,, = 0.6.
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Figure 5.7: Graphs illustrating changes in Infected Humans (/7), Community gametocytes load (Gg),
Infected mosquitoes (/i) and Community sporozoites load (Py ) for the variation in values of the efficacy

of antibodies in reducing erythrocyte invasion ag: a9 = 0.01, a9 = 0.6 and ag = 0.8.

© University of Venda



L
>

(o

W University of Venda

Creating Future Leaders
@)

Chapter 5 209

5.6 Summary

In this study, we displayed a multiscale model of malaria disease dynamic which is type II vector-borne
disease, in which pathogen replication cycle is at the within-human host scale and no pathogen replication
at the within-mosquito scale. A coupled multiscale model for malaria disease system dynamics was devel-
oped utilising the modelling framework. The coupled multiscale model was used to examine the influence
of immune response on malaria disease systems at population level. The community pathogen load (com-
munity gametocyte load or community sporozoite load) were used to assess the human community-level
infectious or mosquito community-level infectious. This community pathogen load were obtained by up-
scaling of within-host (human and mosquito) scale infectious to between-host (human and mosquito) scale
infectiousness.Our results suggest that malaria disease in the inside-host (human) and at the population
level can be controlled by reducing the number of sporozoites in the liver cells and merozoites in the red
blood cells. Sporozoites invade the liver cells to release merozoites and the meroroides invade the red
blood cells, the replication process in the infected red blood cells continuously produce more merozoites,
making the disease more difficult to control. Most available antimalarial drugs work only by slowing
down the replication process of merozoites, but the liver will continue to depositing merozoites in the red
blood cells. Drugs that directly kill sporozoites, as well as those that delay the development of merozoites,
should also be available for treatment to be more effective. We demonstrated the role played by the human
immune response in fight against malaria parasite which has an influence at population-level. This study
assist in identify the vaccines that boost the human immune response in fight against malaria parasite
stages which have an impact on reduction of malaria disease at population-level. The numerical results
recommend that the coupled multiscale model of malaria disease system with human immune response
can be used to guide the effectiveness control of malaria disease system in the community. We expected
that the numerical solutions shown in this work will enlighten in making decisions about malaria disease
control, elimination and eradication. This multiscale model for malaria disease in general help in devel-
oping strategies for their control, advising disease management, recognising the targets for new drugs and

vaccines, and in turn assessing the effect of these medical interventions.
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Chapter 6

A Multiscale Model of Malaria Disease
Dynamics that incorporate the Effects of

Temperature Changes

6.1 Introduction

The malaria disease system is the major public health challenge in most parts of the world. Mosquitoes
are vectors that cause malaria transmission and are the main targets of public health interventions. Malaria
disease is a type Il vector-borne disease, where vector-borne diseases are infectious disease systems that
caused by infectious agents (viruses, bacteria, protozoa, and helminths), have a complex life cycle, that
requiring two hosts (e.g., vertebrate host and host vector). Malaria disease system is transmitted through
the blood meal of infectious female mosquitoes called Anopheles. Global warming can significantly have
effect on the spread and severity of malaria disease worldwide, especially in mosquito-borne diseases
are extremely sensitive to climate change [78]. Even though representing only one source of possible in-
creases in death rates and the rate of disease in a population, changes in the severity and global distribution

of vector-borne diseases are believed to represent a significant biological influence of this change.

In this work, we consider the replication-transmission multiscale cycle of the type II vector-borne disease

system in which there is no pathogen replication cycle on the within-vector host scale and where there is
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pathogen replication cycle on the within-human host scale. The multi-scale model of malaria disease sys-
tem presented in this work is a coupled multi-scale model that has combination of nested multi-scale mod-
els on humans and embedded multi-scale models on mosquitoes. Multiscale model of infectious diseases
system are complex systems caused by the interaction of three sub-systems that are (i) the host sub-system
(i.e human-host subsystem and mosquito-host subsystem), (ii) the pathogenic subsystem and (ii) the envi-
ronmental subsystem [38]. In general an infectious disease system has seven main levels of organisation
which are: the cell level, the tissue level, the organ level, the micro-ecosystem level, the host level, the
community level, and the macro-ecosystem level, with each level reduced into two adjacent scales, that
is, the cell level as the lowest organisational level that is decomposed into two adjacent scales which are
within-cell scale and between-cell scale and the macro-ecosystem level as the highest level of organisation
and that is decomposed into the within-macro-ecosystem scale and the between- macro-ecosystem scale.
The pathogen subsystem consists of two main levels of organisation, where each level is being the same as
a scale, namely, single pathogen species/strain level/scale and the multiple pathogen species/strains lev-
el/scale. The environmental subsystem consists of a main level of organisation which is the environmental
level that can be decomposed into two limiting scales which are (a) the micro-environmental scale which
is the inside-host environmental scale (i.e. the biological environment), and (b) the macro-environmental
scale which is the outside-host environmental scale (geographical environment) [7]. This work consists of
two hosts subsystems (mosquitoes and humans), single pathogen species/strain level/scale and utilises the

inside-host environment as the environmental subsystem.

The main objective of this chapter is to investigate the influence of climate changes effect on the multi-
scale model for malaria disease system. This study examines the influence of environmental changes on
the mosquito life cycle and the growth of the malaria parasite at the individual level, and the transmis-
sion of malaria at the population level. Environmental change system is a type of functionally organised

complex system that consists of two main levels/scales [38] which are:

(i) The micro-environmental change level/scale which takes place at the inside-host environment, which

includes the use of drugs, immune response, etc.

(ii) Macro-environmental change level/scale that occurs at the outside-host environmental scale and the
factors influences the infectious disease system are (a) caused by a naturally induced mechanism or
(b) caused by human-induced mechanisms [7, 38]. These can influence the presence and growth of
populations, survival and reproductive capacity of vectors and pathogens on a macro-environmental
scale [38]. Examples of macro-environmental scales are as follows: temperature, rainfall, humidity,
population growth, extreme weather events, natural disasters, climate change, agriculture, etc. This
work is on macro-environmental change level/scale where we evaluate the impact of temperature

changes on malaria disease systems.
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A considerable amount of literature has been published on mathematical modelling on the effect of
weather and climate changes on malaria transmission, focusing primarily on temperature and precipi-
tation and how anthropogenic climate changes could influence the (potential) burden of the illness and
these models are on transmission mechanism theory [39, 78-80]. Climate changes are expected to influ-
ence malaria disease system because the vector and parasite have a life cycle that is highly dependent on
temperature and rainfall. Anthropogenic climate change can alter the (potential) distribution of malaria

diseases, which has been central to many mechanistic (or process-based) models of malaria transmission.

In other studies on replication-transmission multiscale cycle of infectious disease system, the mosquito
life cycle is generally ignored because eggs, larvae, and pupae are not directly involved in the transmis-
sion cycle [24, 35]. The mosquito life cycle is a useful simplification of the system, but the results of
these models unfortunately cannot predict the intensity of malaria in most endemic areas. There are some
mathematical models on transmission mechanism theory that focus on mosquito populations and/or the
impact of environmental managers, such as temperature and precipitation. From these mathematical mod-
els, those that include temperature predict a spike in vector abundance at higher temperatures than those
observed in combination with malaria transmission in the field. The influences of temperature on the
mosquito life cycle and malaria parasite development have been recognized for many years but are rarely
used in multiscale models to predict parasite growth and malaria transmission. The multiscale model for
evaluating the influences of temperature change on malaria disease consists of several related systems: the
climate system, the malaria system (which is divided between the human host sub-system and mosquito-

host sub-system), and the impact system [81].

In this study, we develop a multiscale model of the malaria disease system that begins with the complex
nonlinear temperature relationships that exist throughout the mosquito life cycle, as well as the growth of
parasites and transmission of the malaria disease between two hosts (human and mosquito). The multiscale
model of malaria disease dynamics with two hosts, which are human host and mosquito host, where
mosquitoes are formulated in a similar fashion but rely on two compartments: one for the aqueous phases
of mosquitoes (eggs, larvae and pupae ) and one for the terrestrial (adult) mosquito stages, which consists
of parasite growth on within-mosquito host scale and the malaria transmission on between-mosquito host
scale. Temperature is included in all stages of development, spawning and mortality. Temperature affects
the potential for malaria transmission in the mosquito population at population-level and the growth of the

parasite at individual-level.

6.2 Mathematical Model

The aim of this study is to use the concept of two potential impacts of temperature change that does have
influence in malaria growth and transmission, using ordinary non-linear differential equations. We are

developing a multiple model of human dynamics (within-human host and between-human host scales)
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and mosquito dynamics (or within-mosquito host and between-mosquito host scales) for malaria disease
systems. We consider the conditions of the parasite to depend on the temperature and not the life cycle of
the mosquito. This study incorporates the juvenile stage of the mosquito into malaria growth and trans-

mission dynamics which is highly dependent on the surrounding environmental conditions.

In developing a framework for understanding the influence of temperature on malaria dynamics, a de-
terministic transmission model is developed. We present a multiscale model based on monitoring the
dynamics of between-mosquito host model at slow-time scale (¢), where the mosquito is divided into
immature mosquito i.e. the juvenile mosquito (Lys(t)) and adult mosquito population of which are
susceptible mosquitoes (Sy (t)), infected mosquitoes (Iy/(¢)) and community sporozoites load (Py (t)),
within-mosquito host dynamics at slow-time scale (¢), which are population of erythrocyte gametocytes
within-infected mosquito (G (t)), population of gametes (G, (¢)), population of zygotes (Z,(t)), pop-
ulation of oocysts (O,(t)) and population of sporozoites (P,(t)). The dynamics of between-host scale
are modelled at slow-time scale ¢, which are: susceptible humans (Sg(t)), infected humans (I (t))
and community gametocytes load (G (;)) and within-human host dynamics are modelled at fast-time
scale (s), which are uninfected red-blood cells (Rpy(s)), infected red-blood cells (R,,(s)), population of
merozoites (Mp(s)) and population of gametocytes (G (s)). The total mosquito population is given by
Ny (t) = Sy (t) + Iy (t) and the total human populations is given by Ny (t) = Sy (t) + Ix(t). The rate
of infection of a susceptible humans is dependent on the mosquito’s biting rate a(7") and the proportion
of bites by infected mosquitoes on susceptible humans that produce infection by;. Blood meal taken by an
infectious female anopheles mosquito on a susceptible human will cause sporozoites to be injected into

the human bloodstream and will be carried to the liver stage.

The female Anopheles mosquitoes rest for a few days after taking blood meal from the human host. The
mosquito digests blood and develops eggs, the process of which depends on temperature. The dynamics

of juvenile mosquitoes (L (t)) increase through the logistic growth rate for immature mosquitoes and is

L(t
represented by Ay (T) | 1 — ]\;[(() Ny (t) where k is the carrying capacity and Ay (7) is the deposition

rate for susceptible and infected mosquitoes [79]. The dynamics of juvenile mosquito is decrease through

L (t)
K

pendent maturation at a rate «z,(7") and death rate due to other things (d7). The single compartment

the temperature dependent natural decay at a rate pr,(7') <1 - Ly (t), through temperature de-

L (t) represents the three aquatic stages of mosquitoes, i.e., egg, larva, and pupa.

The susceptible mosquitoes Sy (¢) increase through the development of juvenile mosquitoes to adult

mosquitoes at rate «r,(7"). The susceptible mosquitoes decrease either through temperature dependent
T)Gg(t
Bu(T)Gu(t) ) where S (T)

Go + Gru(t)
is temperature dependent contact rate of susceptible mosquitoes with infected humans and Gy is the half

natural decay at a rate iy (7") or through malaria infection by humans at rate

saturation constant associated with the infection of mosquitoes. The third equation of model (6.2.1.12)
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demonstrates the dynamics of infected mosquitoes (I (t)). The infected mosquitoes increase through the
infection of susceptible mosquitoes and decrease either through natural decay at a rate py (7) or through

malaria induced death rate dy,.

The fourth equation in the model (6.2.1.12) describes the dynamics of erythrocytic gametocytes within-

infected mosquitoes (G (t)). G,(t) is the first life stage of the pathogen at within-mosquito scale. The
Bu(D)Gu®)(Sv(t) —1) . o

(Go+ Gu(t))ov Iy (t) +1)
is the down-scaling of pathogen from between-host scale to within-mosgito scale. G, (¢)decrease either

first -life stage increase through super-infection at a rate A\, (1), =

through natural decay at a rate i, or through proceed to the first intermediate life stage at rate ay. oy
is the rate at which gametocytes within-infected mosquito burst releasing sex cells called gametes (either
male or female). The fifth equation in model (6.2.1.12) models the dynamics of population of gametes
(Gm(t)). G (t) is the first intermediate life stage at within-mosquito scale. The first intermmediate life
stage increase by Nya,G,(t), where we assume that for every bursting gametocytes within an infected
mosquito, it releases han average of IV, gametes upon bursting. The gametes population decrease either
through natural decay at rate us or at rate s, where gametes get depleted through male and female ga-

metes fusing to form zygotes which is the second intermediate life stage.

The second intermediate life-stage for within-infected mosquito is represented by the population of zy-
gotes (Z,(t)). Z,(t) increase through the developmental processes done by gametes to mature and pair-up
and fuse to form zygotes at a rate %Gm(t). The population of zygotes decrease either through natural
decay at a rate i, or through the progression of zygote into oocysts at a rate .. The last intermediate life
stage at within-infected mosquito scale is given by O,,, which is the population of oocysts. The population
of oocysts increase through the progression from zygotes into ookinetes to become oocusts at o, Z,(t).
The last intermediate life stage decrease either through natural decay at a rate iy, or through the progres-

sion to sporozoites population at a rate oy, which is the bursting of oocysts to release sporozoites.

The last life-stage on within-mosquito scale is given by P,, which is the population of sporozoites. P, ()
increase by Ny O,(t), where each oocyst bursts at a rate of ay, to producing an average of Ny sporo-
zoites upon bursting. The last life stage of within-infected mosquito scale decrease either through natural

decay or through the excretion/shedding of mature sporozoites the the community sporozoity load at .

The ninth equation in system (6.2.1.12) describes the dynamics of community sporozoites load (Py). The
community sporozoites load increase through up-scaling of individual excretion/shedding of pathogen
which is modelled by P, (t)ay, (I (t) + 1). The influence of within-mosquito scale on between-mosquito
scale through pathogen shedding/excretion can be modelled by up-scaling individual host excretion/shed-

ding of the pathogen from within-mosquito scale at a rate o, P, (t) to between-mosquito scale [11, 24].
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The tenth equation of system (6.2.1.12) describe the rate of change in time, of the susceptible human
population (Sg(t)). The Sy (t) increase through supply rate/ birth at a constant rate Ay and the number
of infected individual humans who recovered from malaria infection and join the susceptible human class
at a rate yy. Susceptible humans decreases due to natural death at a rate pg and through infection sus-
ceptible humans at a rate Ay (7") = m, with temperature dependent parameter 3y (1) being the
contact rate of susceptible humans with the infectious reservoir of mosquitoes and F is the half saturation
constants associated with the infection of humans. The eleventh equation in system (6.2.1.12) describes
the changes in time of the population of infected humans (I (t)). Infected humans increase through the
infection of susceptible humans and proceed to infected class at a constant rate Ay (¢). The population of
infected human class reduces due to natural death at a rate pz7, or through disease induced death at a rate

0 or through the recovered of infected humans to join the Sy () at a rate vg.

The last equation of system (6.2.1.12) describes the dynamics of community gametocytes load (G (t)).
Community gametocytes load increase through shedding/excretion of the pathogen from within-infected
human to between-host scale modelled by Ny, I (t). oy, is the excretion/shedding rate of last-life stage
of within-infected human into the layer of the skin and N}, is the average number of within-infected human
gametocytes pathogen load excreted into the layer of each infected individuals [18, 24]. Npay, used to
links the within-human scale to between-host scale. The community gametocytes load decreases through

decay at a constant rate ay.

We adapt the method used in [24] to demonstrate the dynamics of within-host scales and also the linking

method applied to couple the within-host scale and between host scale.
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6. dZ;t(t) _ %asGm(t)—[az—Fuz] Zo(t),
7. dO;t(t) — o Zu(t) — [ + ] Oul(8),
s P Nn0u(n) ~ o + ] PO, (62.0.1)
0. O _ b eyt (t) + 1) - av A,
10. dsgt(t) = Ay — 5V(;))ivg/)g§l(t) — uaSut) +yulu(t),
11. dlgt(t) = 5V(;:))ivlg‘t/)g§{(t>_(MH+’7H+5H)IH(75),
o M)y g R M) — mRi(s),
i3 D8R (5)M(5) — cBn(s)
14. d]\/;f;;(s) = NpamBRn(s) — umMp(s),
15, T R () MAGs) — e )Cils),
16. dGZ(t) — Gals)anlu(t) — anGult),
where
(1) = 25D )

6.2.1 Analysis of the multi-scale model using fast-slow time-scale analysis

We observe from the embedded multi-scale model of system (6.2.0.1) that at mosquito-host level has same
time scales which involved the between-mosquito host time scale () which associated with transmission at
the population-level and the within-mosquito host time scale (t) associated with the growth of sporozoites
population at the individual-level. We also note from the nested multi-scale model system (6.2.0.1) that
at human host level, has different time scale which are the between-human host time scale () which

associated with the transmission of malaria disease system and within-human host time scale (s) which
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associated with the replication of merozoites at an individual level. The analysis of the multi-scale model
system (6.2.0.1) and can be simplified by expressing the slow-time scale and fast time scale in terms of
each other by using the form ¢ = es such that the within-human-malaria disease dynamics can be written

in the from of slow time scale as follows:

6.2.1.1 Within-human malaria parasite population model

The within-host scale model is given by following ordinary differential equations

1. edR;t(t) = A= BuRu()Ma(t) — mRi(t),

2. eng;(t) = (1 —m)BrRy(t)Mp(t) — amRm(t), (6.2.1.1)
3. ed]\f;;(t) = NpQmBm(t) — pm My (t),

1 A0 g RUOM) ~ (ot ) Ca(),

where ¢ is a small constant number that is 0 < ¢ < 1 which highlights the fast time scale of the
within-human host sub-model compared to the slow time scale of the between-host transmission sub-

model [14, 24].

We use the next generation operator approach to obtain the basic reproductive number of the within-human

host model (6.2.1.1). The model (6.2.1.1) can be written in the form

dX
- Ixv2),
% = 9(X,Y,2),
% = hX,Y,Z2),
where
X = (Rp),
Y = (Rn,Gn), (6.2.1.2)
Z = (Mp).

We define g(X™, Z) by

a(X*,2) = R, =

@(X*,7Z) = Gp=—""""—. (6.2.1.3)

© University of Venda



University of Venda
reating Future Leadors

s

Chapter 6 218
. . dMp, .
By substituting the values of R,,, and GG, and letting h1 = e we obtain
dM
hi = Wh = NppQm Ry — i My,
therefore
1—m)N, A M,
B — (1 = m)Noam B A My, s M,
Om b
8h1 (1 — TI')NmOémBhAh
A = = — I, 6.2.14
where
A = M-D,
M = (1 — 7r)ANmOlmBhAh
Qm b ’
D = pm,
1
D™t = — (6.2.1.5)
M
MD—l _ (1 — 7-[-)]\[77’L05’r716h*/xh .
Om b m
Therefore Ry = p(M D_l), the reproductive number is given by
1 —7m)NpBrA
Ro = L= NmBulks, (6.2.1.6)

Holm

The basic reproductive number number () of the within-human host submodel measures the total num-

ber of secondary infected red blood cells (IRBCs) produced by primary IRBCs in a host at the beginning

of the infection.

Since 0 < € <, we let e = 0 so that the within-human host sub-model becomes independent of time and

which is given by:

Ap = BuRa My, — ppRy, =

(1 = 7)BuRyMp, — am R =
N Ry, — pim My, =
B Ry My, — anGp, =

o o o o

© University of Venda
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The disease free equilibrium point of the within-human scale model, where there is no pathogen exists to

infect the inside-host environment (human-host). The D.F.E is given by

Ey = (Rg,R?n,M;?,Gg),

= <Ah, 0,0, 0) . (6.2.1.8)
Kb

The endemic equilibrium point of the within-human scale model, where the pathogen exists to infect the

inside-host environment. The endemic equilibrium point is given by

El = (Rihu mu ﬁfu th)v (6219)
where
. Ay
Ry, = ,
" pp¥to
oD Hm b
R, = ———(Ry—1), 6.2.1.10
BthOém( 0 ) ( )
M, = (o -1),
Bh
— wAy,
Gp = Ro— 1),
= Tt 4 0 Y
where

(1 — 7) NinBrAn
Holm
The within-human host sub-model has a unique positive endemic equilibrium point when Ry > 1 and no

Ro = (6.2.1.11)

positive equilibrium point when ¢ < 1.

We note that from the multiscale model (6.2.0.1), the total number of gametocytes shed/excreted by each
infected human in the environment (community gamocytes load) Nj, Iy is now approximated by G, 1.
Application of the notation N, = G, which is the average number of the within-human host scale of
the gamotocytes load (G},) at the endemic equilibrium point is available for shedding/excretion into the
community gametocyte load by each infected human. The multi-scale model (6.2.0.1) of the malaria

disease system has been simplified to:
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L Y o - i) (1- 28 < )+ s L)
2 B v - G 0 - sy ),
. e PSS ()~ v (1) + o] 1)
4, di"t@ = gfﬁ;ﬁgg%g&gg?n—[ag+ 11g] G (1), (6.2.1.12)
5. 0 N, Gu(t) — [0+ 1] Gn),
6. P =l s+l 20)
7. dO;t(t) = Zu(t) — [+ 1] Ou(t),
8. d]?l’t(t) = NpagOy(t) — [ow + po] Py(t).
0. O _ ptya, (1 (1) +1) - avA(e),
10. ngj” = AH—mSH(t)_MHSH(t)+7HIH(t)a
11. dlgt(t> = msH(t)—[uH+7H+5H]IH(t),
19 def;(” — Nyanlu(t) — anGu(h),
where
avir) = D
M= G (R ]t e o U
. (1_7T)Nm5hAh. (6.2.1.13)

Holm

Ny, is the average number of the within-human host scale for malaria causing gametocytes load (at the
within-human host endemic equilibrium) shed/excrete into the between-host scale by each infected hu-

mans. R is the reproductive number of the within an infected human.

6.2.2 Feasible region of the coupled multiscale model

We now consider that all parameters and state variables for multiscale model (6.2.1.12) are assumed to be
positive to be consistent with human (within-human and between-human scales) and mosquito juvenile

and adult (within-mosquito and between-mosquito scales).
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We consider Ny (t) denote the total number of humans, whereby Ny (t) = Sg(t) + I (t). Therefore

dNp(t)
dt

Ag —pa(Su(t) + 1) — 0ulmy,
< Ay —pgNy.

This implies that
A
lim sup(Ng(t)) < il (6.2.2.2)
t—00 HWH

It also implies that

Lo < KA (T)ar(T) = 2puy (T) (. (T) + ap(T) + 61)]
M= AL(T)ar(T) — 2ur(T)pv (T) '

(6.2.2.3)

We let Ny (t) denote the total number of mosquitoes, such that Ny (t) = Sy (t) 4+ I/ (t). Therefore

dj\g;;(t) = Ay(T) — pv(T)(Sv(t) + Iv(t)) — oviv(t)
= O‘L(T)QLM@) — uy (T)Ny — Sy Iy () (6.2.2.4)
< aL<T)2LM(t) — pyv (T)Ny.
It implies that
lim sup(Ny (1) < W (6.2.2.5)
Ny (8) ar(T) K[AL(T)ap(T) — 2uy (T)(pL(T) + ar(T) + 01)]
v 24y (T) AL(T)ar(T) = 2p1(T)pv (T) ‘

6.2.3 The disease free equilibrium state for coupled multiscale model

At disease-free eduilibrium (DFE) there is no infection. Thus, no pathogen exists to infect the mosquito-
hosts and also the human-hosts.

EOO — (LOO,SO IOO GOO GOO ZOO 000 POO SO,SOO,IOO,G(I){O)7 (6231)

vooto o

where

ro0 _ EAL(D)ar(T) = 2uv(T)(pr(T) + ar(T) +01)]
M AL(T)ar(T) = 2u(T)py (T) ’

Av(T)  ap(T) KAL(T)arn(T) — 2uv (T)(pr(T) + arn(T) +61)]

SOO — — 7
v pv(T)  2pv(T) Ap(T)ar(T) = 2pL(T) v (T)
s = L (6.2.3.2)
e
10— GO GU0 _ 700 _ 00 _ p00 _ pB0 _ 00 _ 00 _
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6.2.4 The reproductive number of coupled multiscale model

We use next-generation operator approach to compute the basic reproductive number and we use the [61]’s

approach. The systems of equations (6.2.1.12) can be written in the form

dX

— = X\ Y. Z

dt f( 9 b )7

dY

o = 9(X,Y,2), (6.2.4.1)
dz

— = h(X,Y,Z

dt ( 9 ) )7

where

X = (LMv‘SVaSH)
(IV7GvaGmaZv>OvanaIH)a (6.2.4.2)
Z = (Py,Gpg).

b.<
|

We denote g(X™, Z) by

Bu(T)SyGr

(v (T) +0v)(Go + Gu)’
1 Bu(T)Gu(Sy —1)
Qg + g (Go + GH)¢V(IV + 1)7
NgOzg 1 BH(T)GH(SV - 1)

g+ pg s + p1s (Go + Gu)dv (Iy + 1)’
. 1 Ngag Qg 1 ,BH(T)GH(SV — 1)
29+ fig Qs + fus oz + iz (Go + G)oy (Iy + 1)
1 Nyay o o, 1 Bua(T)Gu(Sy —1)
20y 4 pg o+ s 0+ e o + i (Go + Gy (Iy + 1)
1 Nyag s o,  Npoyg 1 Bu(T)Gy(Sy — 1)
2+ g O+ s Qs+ s o+ g o+ o (Go + Gr)dy (Iy + 1)
_ p _ NBu(M)Gr(Sv —1)

v (Go+ Gr)ov(Iy +1)’
B 1 BV(T)SHPV
pg+yg+0y Po+ Py

(X", 2) = Iy =

(X", 2) = G, =

g3(X*,Z2) = Gpn=

(X" 2) = Z,

(6.2.4.3)

95(X*,Z) = Oy

96(X",2) = P,

g1(X*,2) = Iu

where
1 Nyay Qg Qay Niay, 1

N, = .
U 20+ g s+ s iz Qg+ g Qo F o

(6.2.4.4)
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dP d
—tV and hy = (C;tH and we obtain

Let hy =

Nvav,@H(T)GH(SV — 1)
hi = — Py,
' (Go+ Gu)ov v

Nyan By Su Py

h2 = —OéHGH.

(ww + 1 +6m)(Po + Py)
We assume that A = M — D, where M > 0 and D > 0, a diagonal matrix.

Oh1 O

|ap, oG
A=\ 9y ond |

oPy 0Gpg

then

NvavﬁH(T)(S?/O - 1)

—Qy

Nypop By (T)A g
(g + v + 0 Po

Goov

—ag

0

NvavﬁH(T)(S?/O B 1)

_ Goov
M Npay v (T)A g 0

(e +vH + 01)Poper

1
— 0

p [ 0 p-l—|av e
0 (€574 0 R
OH

0

NoowBu(T)(SY —1)

-1 _ apgGooy
MD™ = Npop By (T)Ag 0

(e +vH + 0m) Poperrovy

Ry = p(MD™)

Ry — Npop, Bu(T)(SY —1) NyawBv(T)An
pH + Y+ 0H Gooy - ovPypnay

= VRuvRvu,

Npay, Bu(T)(SYY —1)

R _
v WH +YH +0H Goay
R NvavﬁV (T)AH
VH _
ovPopgoy

© University of Venda
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where
— Ay,
Ny, = Gp= Ry — 1),
" " %O(Oéthﬂh)( °=1)
1 N, N, 1
N, = -_9% % >z k% (6.2.4.10)

2ag+ﬂga5+Msaz+,uzak+,ukav+,uv7
ar(T) KAL(T)ar(T) = 2py (T)(u(T) + arn(T) +61)]

SOO _
v 2pv (T) Ap(T)ar(T) = 2ur(T)py (T)

Rpy is the human-host to vector (mosquito) reproductive number. Ry g7 is the vector to human reproduc-
tive number. R is the reproductive number for within-human host model. Our Ry consist of parameters

which are from within-host and between-host scales.

6.2.5 Local Stability Analysis of the Disease-free Equilibrium (D.F.E)

We determine the local stability analysis of the D.E.E point of the multiscale model (6.2.1.12), the D.F.E.
is asymptotically stable when Ry < 1 and unstable when Ry > 1. We linearize the multiscale model

(6.2.1.12), to obtain the Jacobian matrix and then compute at the D.F.E (E(), to obtain by J(Eyy) =

e 0 o 0 0 0 0 0 0 0 0 0
O‘L;T) (T 0 0 0 0 0 0 0 0 0 —c
0 0 - 0O 0 0 0 0 0 0 0 e
0 0 0 —-aa 0 0 0 0 0 0 0 o
0 0 0 Nyag —az 0 0 0 0 0 0 0
0 0 0 0 %as a3 0 0 0 0 0 0
0 0 0 0 0 a —ai 0 0 0 0 0
0 0 0 0 0 0 Nwap —as 0 0 0 0
0 0 0o 0 0 0 —ay 0 0 0
0 0 o o o o o o MDD V(]:CO)S?P —pr w0
0 0 O 0 0 0 0 Sy —ag 0

Py
0 0 o 0 0 0 0 0 0 0 Npap —ap |

where a1 = (ag + pg), a2 = (a5 + ps), a3 = (z + p2), as = (o -lz)o,uk)7 as = (o + Mvgé ag =

Ap(T)ar(T) Bu(T)Sy; Bu(T)(Sy’ —1)

A = T)+0y),c3 = —->—"andcy = .
() 2T (@) +ov). e 0 ! Gody

(b +va+0m), 1 =
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We obtain the eigenvalues of J(Eqp) by computing the det(J(Eqyy)—AI) = 0. The characteristic equation

of the eigenvalues is given by

A1)+ oy (T)) N+ c2) N+ 1) [bsAS 4 b7 AT + b AS + b5 A% + byAt + b3 A3 4 baA2b1 A + bg] = 0.

(6.2.5.1)

We obtain \; = —c1, Ao = —puy (1), A3 = —ca, Ay = —pp and As...\12 is given by the equation

bg

bs

bs

by

bsAS 4 b7 AT + b AS + bs A% + byt + bs A3 + baAZbi Ay + by = 0. (6.2.5.2)

1>0,

a1+ as+az+aqg+as+ag+ ay +ag >0,

aijaz + ajaz + ajaq + aias + a1a¢ + a1y + a1y + asas + agaq4 + asas + agae + azqy
+agag + azaq + azas + aszae + azay + azag + aqas + aqa6 + aqy + agag + asae + asoy
+asag + agay + agag + ayapg > 0,

ajagas3 + ajasaq4 + ajasas + ajasag + ajasay + ajasag + ajazaqs + ajasas + ajasag +
aja3ay + ajazag + ai1a4as + aja4ae + aragy + arja4ayg + arasas + arasay + ajasag +
ar1aeay + a1a6g + a1y g + agasaq + azazas + axa3ae + agasay + agazayg + agaqas +
20406 + 2040y + 2040 H + Q20506 + 2050y + Q2050 H + 2060y + Q2060 H + Q20 O H
+azaqsas + azasae + azaq40y + a3a40 g + a3a5a06 + azasay + a3asy + azagy + A3aH
+asayag + aqasa6 + agasay + agasap + aqa6ay + ag060y + a4y g + asagy + asag gy
tasayag + agayag > 0,

a1a203a4 + 1020305 + a102a306 + a102a3Qy + a1a2030H + A1G20405 + Q1020406 + 4102040y
+ai1aza400g + a102a506 + a1a2a50y + ar1a2a5ag + aja206y + ai1a206 g + ajaaoy o +
a1a3a405 + a10430406 + A103040y + 410430440 + A1G30506 + A10305Qy + 103050 H + A1A3a6QY
+aijazagag + arazayag + araqa5a6 + araqa50y + a1a4a50g + ar1a4a60y + a104a600g +
aja40y g + a1a5a6Qy + ar1a5a60y + a1asay oy + a1agy o + 2030405 + 42030406 +
a2a3040y + 0203040 + 02030506 + A203a50y + 203050 H + 02030600y + 203060 H +
a2a3Qy g + 2040506 + 204050y + 204050 + 204060y + a2a4a60g + a2asy g +
205060y + a2a5a60 g + 2050y Oy + 206y Oy + A30440506 + a3a4a5Qy + aza4as0 +
a3a4060y + A3040460H + G304y O H + 305060V 1 A30506QH + a3a50y g + a3a6Qy Oy +

aqasagy + aqasagay + agasayoag + agagay o + asagay o > 0, (6.2.5.3)
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b3 = aiagasa4a5 + a102030406 + G1020304Qy + A10203044QH + 102030506 + G1a2a3a50y +
a1a203a50 g + a1a2a3a6Qy + A1020306QH + a10203Qy @ + G102a40506 + a10204a50y +
10204050 H + 010204060y + Q10204060 H + A102040y @ + 10205060y + G102050600H +
a1a205Qy O + 0102060y O + 4103040506 + A1030405Qy + 414304050 H + A10430406Qy +
a1a3a44060H + a1a43a40y g + a1043a5046Qy + a103a506QH + a1a3a50y g + 103060y 0y +
104050460y + 0104050460 H + 010405y @ + 104060y [ + Q1040507 O H + 6203040506 +
a2a3a040a50y + 20304050 + 020304060y + 020304060 H + 203040y g + a2a3a5a60, +
2030506 H + A2a3a50y A + A203a60y O + 20405060y + G204A5060H + 204050y QL +
a204060y 0 + 205060y Q[ + 4304050600 + A30405060H + 3040507 0y + 3040600y Oy +

asasagy ap + aqasagay oy > 0,

by = a1a2a3a40506 + a102030405007 + 01020304050 + 410203040600y + 10203040460 H ~+
a10203040y g + 01020305046y + 41020305060 + 010203050y g + a102a30460y g +
1020405060 + 1020405060 + G10204050y X + 010204060y @ H + a10205060y O H +
(10304050607 + 010304050460 + 010304050y O + 1030404600y X H + 0163050607 0 +
01044050460y O + 02030405060y + A2030405060H + 0203040507 0 F + 020304060V O +
20305060 L + Q20405060 O + A30405060y QL > 0, (6.2.5.4)
b1 = ajaza3a4asa6y + a1020304a504600H + A10203040500y O + A10203a40600y O +

(102030504600 L + 410204050600 UF + 10304050460y Oy + aa3a4asagoy oy > 0,

by = aiasasasasagoyoyg |l — ————=——= ,
ay a1 2a0a3 a4 a5 Pyay ag

2
= (102030405060 CLF (1 — Ro) .

Table 6.1: Possible number of positive roots of equation (6.2.5.2)

‘ by ‘ bg ‘ bs ‘ ba ‘ bs ‘ bo ‘ b1 ‘ bo H The number of positive roots
Ry <1 + + + + + + + + 0
Ro>1 + + + + + + + - 1

Using Descarte’s law of signs to determine the possible number of positive roots of equation (6.2.5.2) as
shown in table (6.1). It is clear that by > 0, bg > 0, b5 > 0, by > 0, b3 > 0, bp > 0 and b; > 0. When
Ry < 1 we notice that by > 0 and there is no change of sign and conclude that the equation (6.2.5.2)
has zero positive roots. When Ry > 1, we observe that by < 0, and there is only one change of sign

and conclude that the characteristic equation (6.2.5.2) has atleast one positive root. The roots of equation
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(6.2.5.2) are all negative or have negative real parts. We shown that there is no change of sign when
Ry < 1, and confirms that the disease free equilibrium is locally asymptotically stable and unstable when
Ry > 1.

6.2.6 Global Stability of Disease-Free Equilibrium (D.F.E)

We determine the global stability of D.F.E by following Castillo-Chavez’s approach [71]. We rewrite the
model system (6.2.1.12) in the form

dX

— = F(X, Z

dt (X, 2),

dz

— = X, Z 2.6.1
G(X,0) = 0,

where X = (Lys, Sy, SH) € Ri— comprises of the uninfected components and

Z = (Iy,Gy,Gm, Zy,04, Py, Py, Iy, Gy ) € Ri comprises of the infected and infectious components.

We let
EOO = (X*,O) = (LOOJSooa07070707070707510-]07070)

to denote the disease free equilibrium of the multiscale model. The conditions of H; and Hs must holds,

for Eyo to be globally asymptotically stable:

dX
H;: For v F(X,0), X* is globally asymptotically stable,

Hy: G(X,2)=AZ —G(X,Z),G(X,Z) > 0for (X, Z) € R?,

where A = DzG(X,0), is an M matrix (the off diagonal elements Of A are non-negative) and Rf is the

region where the model is meaningful biologically.

Theorem 6.1. The fixed point Ey is a globally asymptotically stable equilibrium point of the model
(6.2.1.12) provided Ry < 1 and assumptions Hi and Hs hold.

Proof. Using the multiscale model (6.2.1.12), we determine if the conditions H; and Hs hold. We observe

that
_ L -
[AL(T)NV - ML(T)LM] ( - K) — (CKL(T) + 6L)LM
F(X,0) = |aL(T) K[AL(T)ar(T) = 2uv (T)(pr(T) + ar(T) +61)] )5y |
2 AL(T)ar(T) = 2pr,(T)py (T) pvitIev
Ay — ugSH
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and the matrix A is given by

where by = (uy(T) + dv), ba = (g + pg), b3 =

bg = (Oév —l—,uv) and by = ([LH + YH —f-(SH)

The matrices of AZ and G(X, Z) are given by

AZ =

00 -
—(pv(T) + ov) Iy + PuDCuSy

Go

Bu(T)Gu(Sy —1)

—(ag+ pg)Gy + v Go

NyayGy — (s + 115) G,
1
§as - (az + ,Ufz)Zv
0Ly — (ak + /Jfk)Ov
NkakOv - (av + MU)P’U

o Py — ay Py

By (T) Py SE

fz — (pg +vu +0m)1H
0

_—bl 0 0 0 0 0
0 —ba 0 0 0 0
0 Nyag —bs 0 0 0
0 0 %as by 0 0
0 0 0 a -by 0
0 0 0 0  Npap —bg
0 0 0 0 0 Qy
0 0 0 0 0 0
o 0 0 0o 0 0

NhahIH - aHGH

00 -
0 0 Bu(T)Sy
Go
Y Mealt s
Goov
0 0 0
0 0 0
0 0 0
0 0 0
—ay 0 0
Bv(T)Sy
— P 0
Py ’
0 Nyay, —ay ]

and G(X,Z) =

Bu(T)GuSv

T) +oy)I
Got G (v (T) + év) Iy

BaGu(Sy —1)

(Go+Gm)ov(Iy +1) (g + 119) G

NyayGy — (s + 115) G,

1
QasGm - (az + #z)Zv

0Ly — (ak + :uk)Ov
NkakOv - (av + MU)PU
PvOéU(IV + 1) — OéVpV

Bv(T)PySu

+ +0g)1
Pyt Py (ke + 0 +0m) L H

NhahIH - aHGH
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Therefore, G(X, Z) = AZ — G(X, Z),

((510/0 -1 (Sy —1) ) Bu(T)Gu
Go (Go+Gu)(Iy +1) dv

G(X, Z)

<59§) _ 5H)
Py Py+ Py

00 S (89 —1) (Sv —1)

here G(X, Z) > 0 forall X, Z € R'2, if - et

where G/( ) > 0 fora € R, (Go G0+GH> < Go _(G0+GH)(Iv+1)>
H

00 S

and ( > H> . Therefore, it is clear that A is an M -matrix because of the off diagonal elements
Py Py + Py

of A are non-negative, , so the condition is satisfied. Hence, the disease-free equilibrium point is globally

asymptotically stable. 0

6.3 Endemic equilibrium point for coupled multiscale model

We define
- Bv (T) Py~
V - )‘V(T) - PO _|_ P** ’
H = T . 3.0.1
Ag(T) = GO—I—G** (6.3.0.1)

© University of Venda



Uni verstyofVe da
Creating Future Leaders

et

Chapter 6 230

We obtain the equilibrium points by equating the right hand side of system of equations (6.2.1.12) to zero

and solve the simultaneous equations.

L

(AL (T)NG (8) — i (T) 5] (1— L;g) (on(D) 4+ 5L = 0,
AV(T) = HSi7 — o (T)ST = 0,

HYSY — (v (T) + 60)I = 0,
H* (S5 — 1)

—lag+ 1y GiF = 0,
QSV(I** 4 1) [ g ,U,g]
gagG** s + ] G2 = 0, (6.3.0.2)
— o, + ] 2 = 0,
— ok + ] 07 = 0,
NkakO** [y + po| Py = 0,
Pa,(Iy +1) —ay Py = 0,
Ag — VST — ,LLHS}? + ’YHIE‘ = 0,
VS — (wa +u +6m)ly = 0,
Nyoplii —agGy = 0,
where
— wAy
N, = G ———(Rp— 1
h h — ?R()(OZ}L + Mh)( 0 )
1 — 7)N,, B A
Ry, = LT Nmbh h (6.3.0.3)
Hofim
I} L**
Av(T) = 7L2 M
aSG**
Yy = 5
The disease free equilibrium point can be simplified when H** = 0 and V** = 0 to obtain
Eyp = (L9\2a ngov 1807 Ggoa Ggf?a Zz(z)oa 0807 P1(1)07 P\(}O’ ‘S’?})’ I}(?v GOHO)v (6.3.0.4)
where
o = K[AL(T)ar(T) = 2uy (T)(pr(T) + ar(T) + 6r)]
AL (T)ar(T) — 2411 (T)juy (T ’
S0 Av(T) _ an(T) KAL(T)ar(T) = 2py (T)(pL(T) + an(T) + 61)]
pv(T)  2uv(T) Ap(T)ar(T) = 2ur(T)pyv (T) 7
A
- (6.3.0.5)
HH

19 = Q% =(G% = 700 — Q00 — poO _ pY _ 19 _ ;% _
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The endemic equilibrium point can be simplified in terms of H** and V** to obtain
Ey = (Ly;, SV, IV, G Gy 2 O Py ST I, G ), (6.3.0.6)
where
s b+t \/62—4KAL(T)N{'}*ML(T)
M- 201,(T)
s = ar(T)Ly;
2(H* + py(T))’
o H** ar(T)Ly
v py (T) + 6y 2(H** + iy (T))’
e 1 H* [ aL(MLy ]
v ag + pg v (L7 +1) [2(H* + py(T))
o Nyay 1 H** [ aL(T)L}k\j‘[ 1]
m Qg+ g s + pus ¢y (I3 + 1) [ 2(H* + py (1)) ’
Z:* — fl;[)’ll ,
oy + [y
0, = Qy Py ’
Oz + oz O + i
P** — aZ Nk‘ak ’I;Z)’U
v az+#zak+ﬂkav+MU’
Py = v O‘*ﬁ( I 4], (6.3.0.7)
avoy [ 2(H** + py(T))
g _ Ap(pm + v +0n)
n pr(pE + e 4 0m) + V* (g + 0m)’
n pr (e + v+ 0m) + V*(uy + o)’
o — Nhah AHV**
i ag (pa(pr + 0 +0m) + V(g + 0m)]’
where
— Ay
N, = Gpo=———"Ry-1),
h h ?Ro(athuh)( 0o—1)
T)L
avr) = Db
o G**
Q;Z)v = 82 ’
N, = L Ng¥ @ e Neap 1 (6.3.0.8)
20‘5]"—#5]0‘3"‘N/saz"‘uzak'f‘ﬂkav"‘uv
b = [AL(T)Ny + K(pr(T) + ap(T) + L)),
T) K[AL(T T)—2 T T T 6
N = or(T) KAL(T)ar(T) = 2pv (D) (pe(T) + ar(T) +00)] - ¢ 5,

2pv(T) Ap(T)or(T) = 2pL(T)py (T)

The positivity of the endemic equilibrium of the systems of equations (6.2.1.12) can be obtained by eval-

uating the fixed points of H** and V** in equations (6.3.0.1) and substituting the results into systems of
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equations (6.3.0.7) [82, 83]. The expressions of H** and V** are given by

Hsk BH(T)NhahAHV**
H* — : 6.3.0.10
Goaplpn(pr +vu + 0m) + V**(um + 6m)] + Npap AgV** ( )
2P0¢V0év(H** + MV(T)) + NUQUH**[QL(T)LE — 2(H** + /LV(T))] ’

H** fi(V)
— f(H,V) = .
(v**) FULY) <fz<H>>

When H** = 0 and V** = 0 is a fixed point of fi(V') and fa(H) which match up with the disease

free equilibrium point. We develop conditions which illustrate that f has a unique nonzero fixed point

We define

corresponding to the positive endemic equilibrium point whose coordinates are equations (6.2.1.12) [84].

Bu(T)NpapAgV
V)= : 6.3.0.12
I V) = GoamTim G+ v+ 0m) + V (am + 0m)]  NnonhaV ( )
. . Bu(T)Npon .
p— pr— < .
Since f1(0) = 0 and Vlgnoo fi(V) GoonGim +0m) & Nnanhn < 00, then 0 < f1(V) < oo. This
signify that f1 (V') is bounded. Therefore
of _ GoarBu(T)NnoarAgpn (ie +vu + 0m) >0 6.3.0.13)
ov Goarlpa(pa +va +0r) + V(pg + 0m)] + NpapAgV]2 ~— o
%f1 _ —2GoanBu(T)NponAmpr (i +vm + 61)[Goon (par + 1) + NnonAn]
ov? (Goarlpa(pa +va +0u) + V(pa + 0m)] + NpaprAgV]? ’
< 0. (6.3.0.14)

This demonstrates that f; (1) is an increasing concave down function which has no convexity. So there is

a unique positive V** such that f1 (V**) = H™ > 0.

The function fo(H) produces the function

Bv(T)Nya, H[Ay(T) — (H* + py (T))]
Popvay(H + pv(T)) + Nyay H{AV(T) — (H + pv(T))]

f2(H) (6.3.0.15)

Since f2(0) = 0 and H}im fo(H) = By (T) < oco. Thus, 0 < fo(H) < oo. This indicate that fo(H) is
— 00
bounded.

O fa(H) Y1papa By (T')
_ , 6.3.0.16
oH (¥1(H + py (T)) + thatps H)? ( !
Ph(H) 219y (T) [¢1(H + pv(T))* + d1ta + tahsia + ¢olv(T)H? 6.3.0.17)
OH?2 (V1(H + py(T)) + potps H)3 e
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where
1 = Pyovay,
wQ - N’uava
v3 = [Av(T)— (H + py(T))], (6.3.0.18)
vy = [pv(D)AV(T) — (H + pyv (T))?].
df2(H) 0,
O0H
02 fo(H) 0
0H? ’

when Ay (T) > (H + py (7)) and gy (T)Ay (T) > (H + py (T))2.
This indicates that fo(H) is an increasing concave down function which has no change of convexity.
Therefore, there exist a unique positive H** such that fo(H™) = V** > 0. However, (H™, V™) is a

fixed point of which correspond to an endemic state 5 of the multiscale model (6.2.1.12).

For testing the stability of (H**, V**), we expect that | f'( H**,V**)| < 1 and for when there is instability
of (H**,V**), we expect that | f'(H**, V**)| > 1. The Jacobian matrix of f at (H**, V**) is given by

2f1(V) of1(V)
*k 8‘/ |(H**7V**) 8_H |(H**7V*=k)
T =1 ap(m) 0 fo(H) , (6.3.0.19)

av ‘(H**7V**) 8H |(H**7V**)

Therefore,
oh(V) _ GoagBu(T)NyarAgpa(pm + Y + 0m) >0
ov (Goaglpa(pa +vm +6m) + V(ng + 1)) +NhahAHV]2 ’
ofi(V) 0
oH
8{;5/]{) = 0, (6.3.0.20)
Of2(H) Y1)2s By (T') 50
OH [V1(H + py (T)) + h2tp3 H]? '
of1 (V)
- A 0
ov =0. (6.3.0.21)
0 of2(H) \
oOH
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Thus,
(2600, (2400 )
oV
2 0fi(V) | 0f(H) 0f1(V) 0fa(H
A —< BYa BV ))\ Y 8H =0. (6.3.0.22)
The solution of equation (6.3.0.22) is given by
[ (anv) | apm) OR(V)  Of(H)\® Of(V)0fa(H))
D1_2(8V+8H>+\/<8V+8H>_48V oH
_ L[ (0A(V)  Ofs(H) OR(V)  0f(H)\® OF(V)0fa(H))
Dy =3 < ov o >_\/( ov | oH ) v am PO
Therefore
1] fanmw) | apm ORV)  of(H)\?)
Dr =3 8V+8H>+\/<6V_8H>
2:
by = L|(Ph00 oy (080 OBUIDY g0y
where
D, - 0f(0) _ Npon B (T)Ag _R
! ov Goagpn(pa +vu + 0n) o
0f2(0) Nya, By (T)[Av(T) — pv (T)]
Dy = —o v ——— = Rov. (6.3.0.25)
The fact that det(J**) > 0 implies that
of1(V) af2 afl _ 0fs(H ))
ov oOH ’
<3f1(V)+(9f2 > (f1 3f2 ))
ov oV ’
0fi(V) df2(H
B BH 0. (6.3.0.26)

Thus, both D; > 0 and Dy > 0. Since D; = p(J(H*™*, V™)) is the dominant eigenvalue of the Ja-
cobian matrix where i = 1,2, then the fixed point (H**, V**) asymptotically stable when the dominant
Rog < 1land Dy =

eigenvalue D; < 1 (i.e D = Rgy < 1) and unstable when D; > 1.
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6.4 Numerical results

We perform numerical simulations using the Runge-Kutta scheme in Python version 2.7 to verify some
of the analytical results for stability of the system of equations (6.2.1.12). The parameter values that we
utilise for numerical simulations are in Tables (6.2) - (6.4). For numerical simulations, the following
initial values are used: Lj;(0) = 300000, Sy (0) = 100000, Iy = 200, G,(0) = 100, G,,(0) = 100,
Z,(0) = 10, O, = 10, P,(0) = 10, Py(0) = 40000, Sg(0) = 10000, I7(0) = 70, R;(0) = 500,

R (0) = 5, My (0) = 50, G1,(0) = 15 and G 5(0) = 1000.

Table 6.2: Parameter values and their description.

Parameter Description Value Source
a(T) Mosquito biting rate. 0.000203T7(T — 11.7)+/(42.3 = T) [79]
AL (T) Recruitment by birth of juveniles 2.325a(T) [79]
ar(T) The rate at which juveniles develops %&m [79]
into adult.
ur(T) Mortality rate of juveniles. 0.00257% — 0.094T + 1.0257 [79]
uv (T) Mortality rate of mosquitoes. — In(exp{ 00312 —&—_11.31T —1i B | [79]
by Proportion of bites by susceptible | 0.04 [79]
mosquitoes on infected humans that
produce infection.
bu Proportion of bites by infectious | 0.09 [79]
mosquitoes on susceptible humans that
produce infection.
13 The rate at which larvae reduced by | 0.08 Estimated
other species.
Bv(T) Contact rate of susceptible humans with | a(T)bg
the infectious reservoir of mosquitoes.
Bu(T) Infection rate of susceptible mosquitoes | a(7)bv
which depends on temperature.
ov Proportion of new infected mosquitoes | 0.0001 [24]
in the total infected mosquito popula-
tion.
2% induced death rate of infected | 0.00000426 [24]
mosquitoes.
P Half saturation constant associated with | 1 x 10° Estimated.
the infection of humans.
ay Rate of clearance of community sporo- | 0.3 [24]

zoite load.
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Table 6.3: Parameter values and their description.

Parameter Description Initial Value | Range Units Source

Ag Rate of recruitment of Susceptible hu- | 600 10-800 Humans  per | [35]
mans. day

WEH Natural death rate of humans. 0.00004 0.00001- dagfl [24]

0.00008
Su Disease induced death rate of humans. | 0.0003454 1 x 107" — | day™! [35]
4.1x107*

YH Natural recovery rate of humans. 0.0092 0.0014-0.017 day™" [35]

Go Half saturation constant associated with | 5 x 10° 1x10°—1x10° day_1 [24]
the infection of mosquitoes.

aH Rate of clearance of community game- | 0.0000913 0.0000467- day™" [24]
tocyte load. 0.000274

A, The rate of supply of gametocytes | 3000 100-3000 Gametocytes Assumed
within infected mosquitoes. per day

Qg Rate at which gametocyte infected ery- | 96 90-100 day™" [24]
throcytes burst within ifected mosquito.

Ly Decay rate of gametocytes within in- | 0.0625 0.0326-0.0725 day_1 [24]
fected mosquito.

Ny Number of gametes produced per ga- | 2 1-3 Gametes  per | [24]
metocyte infected erythrocyte within day
infected mosquito.

Q. Rate at which zygote develop into | 0.4240 0.01-0.5 day™" [24]
oocysts.

Lz Natural death rate of zygote. 1 1-4 day™" [24]

Qs Fertilisation of gametes. 0.2 0.01-0.2 day™" [24]

s Natural death rate of gametes. 58 40-129 day™" [24]

Qg Bursting rate of oocysts to produce | 0.2 0-1 day™" [24]
sporozoites.

Ny Number of sporozoites produced per | 3 000 1000-10000 Sporozoites per | [24]
bursting oocysts. day

Lk Natural death rate of oocysts. 0.01 0.071-0.143 day_1 [24]

Oy Rate at which sporozoites become in- | 0.025 0.0167-1 dagfl [24]
fectious to humans.

Lo Natural death rate of sporozoites. 0.0001 0.0001-0.01 dozy_1 [24]

Ap Rate of suppy of uninfected red blood | 200 100-300 Cells per day [24]

cells.
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Table 6.4: Between-human scale parameter values and their description.

Parameter Description Initial Value | Range Units Source

B, Rate of infection of red blood cells (ery- | 0.3 2% 107°-04 dayi1 Assumed
throcytes).

ap Rate at which gametocytes develop and | 0.4 0.01-0.9 day™" [24]
become infectious within infected hu-
man.

Wh Natural death rate of gametocyte in- | 0.0625 0.0600-0.0625 day™" [24]
fected erythrocytes within infected hu-
man.

I Natural decay rate of red blood cells. 0.0083 0.006-0.1 day™" [24]

Lm Natural decay rate of free merozoites 0.001 0.001-0.5 day™" [24]

m Proportion of gametocytes infected ery- | 0.4 0.1-0.5 day™" [24]
throcytes.

N, Number of merozoites produced per | 16 10-30 Merozoites per | [77]
bursting erythrocytes. day

Qm Rate at which erythrocytes burst to pro- | 0.5 0.1-1.0 day™" [24].

duce merozoites.

In figure (6.1), we notice the effects of varying temperature on the between-human host model (Juvenile
mosquitoes Ly, susceptible mosquitoes Sy, infected mosquitoes Iy and community sporozites load Py).
We notice that as we increase the temperature values, the variables L, Sy, Iyy and Py also increases
until it reach an optimal level as the temperature is between 28°C' and 32°C. When the temperature is
32 and above, we notice the decline of population of L,s, Sy, Iy and Py,. Therefore, the increase in

temperature have an influence of increasing the spread of malaria disease system in the community.

Figure (6.2) demonstrates the influence of varying temperature on between-human host scale variables(i.e.
susceptible humans (S7), infected humans (/77) and community gametocytes load (Gr)). We discover
that as temperature increases from 18°C-34°C, there is a decrease in susceptible humans. We notice that
susceptible humans reach a minimum when the temperature is around 36°C. The susceptible humans
starts to increase when the temperature is above 36°C. When temperature increase from 18°C-36"C, we
observe a slightly increase in infected human (/) and community gametocytes load (G ) and when the
temperature continues to increase after 36°C, we notice decline in I r and G . Therefore, temperature

has an influence in transmission of malaria disease system in the community.

Figure (6.3) indicates the time evolution of within-mosquito vector scale variables (i.e. erythrocytes game-
tocytes within infected mosquitoes (G,), the population of gametes (G,), population of zygotes (Z,) and

the population of sporozoites (F,)), for changes in temperature. The numerical results also indicate that
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the four variables (G, G,,, Z, and P,), are sensitive to temperature changes. As temperature increases
we observe that the erythrocytes gametocytes within-infected mosquito (G,), the population of gametes
(Gn) and the population of zygotes (Z,,) quickly reach the peak of the graph or takes shorter time to reach
the peak. We also notice that as temperature increases, the peak of the graph also rise. The results also
implies that as the temperature increases, we also observe an increase in population of sporozoites. There-
fore, temperature changes have an influence in the malaria parasite growth within the infected mosquito,

which have an effect in malaria transmission at community level.

In Figure (6.4) demonstrates the changes in within-human host variables (i.e uninfected erythrocytes (Ry,),
infected erythrocytes (R,,), population of merozoites (Mj}) and population of gametocytes (G)), for
temperature variations. The numerical results show that the four within-human scale variables (R, R,

Mj, and G},) are not sensitive to temperature changes.
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Figure 6.1: Graphs illustrating changes in Juvenile mosquitoes, susceptible mosquitoes, infected
mosquitoes and community sporozoites load as temperature varies 7: T = 16, T = 20, T = 24, T = 28,
T=32,T=36
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Figure 6.2: Graphs illustrating changes in susceptible Humans, infected humans and community gameto-
cytes load as temperature varies T: T'= 18, T =22, T = 26,T =30, T = 34,T = 38
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Figure 6.3: Graphs illustrating changes in population of gametocytes with infected mosquitoes, population

of gametes, population of zygotes and population of sporozoites as temperature varies 7: T' = 16, T = 20,

T=24,T=28T=32,T =36
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Figure 6.4: Graphs illustrating changes in uninfected erythrocytes, infected erythrocytes, population of
merozoites and population of sporozoites as temperature varies 7: T' = 16, T = 20, T = 24, T = 28,
T=32,T=36

6.5 Summary

In this study, we presented a multiscale model of malaria disease system to explore the impact of tempera-
ture changes on malaria pathogen replication-transmission using system of ordinary differential equations.
The multi-scale model of malaria disease system we formulate in this study, explicitly traces the malaria
pathogen life cycle between the two hosts (i.e human and mosquito) and on both scales (i.e. within-host
scale and between-host scale). The disease-free equilibrium state was noted to be locally asymptotically
stable. Using the fixed-point theorem, the stability of the endemic equilibrium was observed to be stable.
The results from the graphs indicated that as the temperature increases the population of infected hu-
mans, population of infected mosquitoes, community gametocytes load and community sporozoites load
increases and reach at maximum when temperature is around 32°C' and then decreases. These conclude
that temperature have influence in increasing the malaria transmission. We also noticed that temperature
have influence on increasing malaria progression for within-mosquito host scale. One of the key interven-
tion controls recommended by World Health Organisation (WHO) in areas with high temperatures is the
use of long-lasting insecticides treated nets (LLINs) for individuals and communities that are at high risk
of malaria disease is one of the effective measures in malaria control. By considering the juvenile stage of
mosquitoes in addition to the adult mosquito model enables to better understand the mosquito population
dynamics and their impact on human population dynamics for malaria transmission dynamics. The incor-

poration of such juvenile stage may also provide some insights into designing larval control strategies in
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reducing the spread of malaria disease. Therefore insecticides-treated bed nets use is one of the effective
measures in malaria control. In conclusion, the results presented in this study are useful in advice the
policy-makers and those who are responsible to implement the effective malaria health interventions in
endemic regions with malaria disease and to adopt better strategies for improving controlling of malaria

diseases.
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Chapter 7

A Multiscale Model of Malaria Disease

Dynamics with Mosquito life-cycle

7.1 Introduction

Infectious disease remains a significant public health challenge worldwide, despite the major development
in the prevention and treatment [85]. Participating in battling against an infectious disease system involves
combining the effort, among which incorporate a holistic understanding of the infectious mechanisms.
Infectious disease system is the result of the interaction of three main sub-systems which are: (i) the
host sub-system, (ii) the pathogen sub-system, and (iii) the environmental sub-system. These sub-systems
result in infectious disease systems being structured into multi-level and multi-scale complex systems,
where levels of organization range from the cell-level, tissue-level, organ-level, micro-ecosystem level,
host-level, community-level, and macro-ecosystem level, which are demonstrated in the diagram (1.2). In
this study, we describe the approach for the development of a multiscale model of type II vector-borne
disease system, that is, we consider the malaria disease system as a case study. The malaria disease system
is caused by a parasite called Plasmodium Falciparum. The parasite life cycle is strictly internal of the
two inside-host environments (that is, within-human host scale and within-mosquito host scale) that are
related to malaria transmission of multi-hosts infection [18]. There are two groups of type II vector-borne

disease systems which are demonstrated in [18] which are:

(a) The type II vector-borne diseases with no pathogen replication cycle at the within-host scale (that is,
there is no pathogen replication at the within-mosquito scale). The within-host scale pathogen load

will increase through super-infection, which makes use of the embedded multiscale model.
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(b) The other group of type Il vector-borne disease systems with pathogen life stages has a pathogen-
replication cycle at the within-host scale (that is, there is a replication cycle of merozoites at the

within-human scale).

Our coupled multiscale model of malaria infectious disease system will use the combination of these two
groups of type II vector-borne disease systems. The objective of this chapter is to investigate the influence
of the mosquito life cycle on the multiscale model of the malaria disease system. Our multiscale model of
malaria disease system with mosquito life cycle consists of three parts which are: (a) immature mosquito
population, (b) mature mosquito population (within-mosquito scale and between-mosquito scale, and (c)

human population (within-human scale and between-human scale).

The studies done on the mathematical models of mosquito life cycle are as follows: Abdelrazec [86]
developed a mathematical model on transmission mechanism theory that incorporates the dynamics of
immature and female adult Anopheles mosquitoes. They assess the impact of changes in temperature and
rainfall on the density of mosquitoes in the community. White [87] develops a mathematical model us-
ing transmission mechanism theory to compare the influence of vector interventions applied against adult
mosquitoes using long-lasting treated nets (LLNs), indoor residual spraying (IRS), and also used against
immature mosquito stages, alone and in combination with mature mosquito density. These studies were
only concentrated on transmission mechanism theory on the mosquito life cycle. Koutou ([88] presented
a mathematical model of malaria disease system on transmission mechanism theory. Their model is an
autonomous system constructed by considering two models, which are (i) model of vector population
which includes immature and adult population, and (ii) model of pathogen transmission using the trans-
mission mechanism theory on the between-host scale. The model on transmission mechanism theory in
[89] present a mathematical model of malaria transmission dynamics with age-structured for the vector
population (that is, immature and adult female Anopheles mosquitoes) and aperiodic biting rate of female
Anopheles mosquitoes. In the human population, they use the between-host scale model where they di-
vided the population into two major categories which are: the most vulnerable called non-immune, and
the least vulnerable called semi-immune. We found out that majority of the models developed of malaria
disease systems that include the mosquito life cycle focused on a single scale infection, that is, between-

host (mosquito and human) scale.

From the previous works on pathogen replication transmission relativity theory of type II vector-borne dis-
eases, there is none that consider the work on immature and adult mosquito stages (that is, within-mosquito
scale and between-mosquito scale) in the control of malaria disease dynamics. Although most models on
mosquitoes and vertebrate hosts dynamics are usually neglected the immature mosquito stage that could
have an influence on malaria disease incidence in both spatial and temporal scales. There are models
which are among the most significant novelties that address multiscale models (that is, pathogen repli-
cation transmission relativity theory) of the malaria parasite population dynamics within-infected human

scale that includes human immunity and progression from infection of the individual host to between-host
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scale [90]. The studies were done in [35] and [24] demonstrate on pathogen replication transmission rel-
ativity theory on malaria infectious disease dynamics, of which none address the influence of immature

mosquito stage on the progression of malaria disease system.

Based on our coupled multiscale mode, we apply the intervention methods that will target stages in the
mosquito life cycle that is the immature and the adult mosquitoes. and parasite life cycle. For intervention
method for the immature mosquito stage will target the eggs, larva, and pupa. Intervention method tar-
geted at the adult mosquito using community sporozoite load as a measure of intervention effectiveness.
The intervention method targeted the human host population using the community gametocyte load as a
measure of intervention effectiveness. The intervention method targeted the gametocytes and merozoites
within the infected human scale, which helps to investigate the efficacy of the different drug interventions
acting on multiple stages. These intervention methods have an impact on the reduction in transmission of
malaria disease within the community. These will help to understand the impact of the mosquito life cycle

on the multiscale model of the malaria disease system.

7.2 Model formulation

When the Anopheles mosquitoes get blood meal from biting human host population, they migrate to
aquatic environment to lay their eggs, after about two-three days the eggs hatch into larval. The immature
phase of the mosquito population is observed as the source of malaria disease system. The mosquito to
pass through four separate and different phases of its life-cycle and these stages are as follows: eggs,
larval, pupa and adult. Each of these phases can be easily recognised by its special appearance. All the
female anopheles mosquitoes lay their eggs in a variety of water surfaces (aquatic environment). Anophe-
les mosquitoes can either lay their eggs one at a time or in groups called a raft every ten to fourteen days.
Most eggs can survive the winter and hatch in spring. Most eggs hatch within a period of two days of
being laid, the mosquito eggs hatch into larvae. The larvae live at the surface of the water and breathe
through an air tube called a siphon. As they grow and develop, the larvae shed their skin several times.
In the final underwater phase of development, the larvae develop into pupae, this process lasts between
four to five days. They float to the surface of the water and breathe through the two small tubes called
trumpets. At the end of this stage, the pupae encase themselves within a pupal case where they transform
into adult mosquitoes. The complete developed mosquito then crawls to a protected place and rests while
its external skeleton hardens. Once dry, the mature mosquito flies away to feed and seek a mate. While
males feed on plants juices with their shorter mouth parts, females feed on human and animal blood with
their longer mouth parts (proboscis). After feeding the females lay their eggs and the cycle will continues
if the female Anopheles mosquito lives. Adult mosquito most especially anopheles’ mosquito cannot sur-
vive in the absence of human and vertebrate host. When the human population and the female Anopheles

mosquito population interact cause malaria which leads to serious sickness and death to the human host
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population.

This model describes a mathematical dynamic model for mosquito-vector population, where their life-
cycle is divided into two phases, the acquatic environment that is immature mosquito is divided into three
subpopulation: eggs (Eg(t)), larval (Ly(t)) and pupal (Pps(t)), the aerial environment that is adult
mosquito is divided into two sub-populations: Susceptible mosquito populations Sy (), infected mosquito
populations (Iy/(¢)) and community sporozoites load (Py (t)), within-infected mosquito variables: popu-
lation of gametocytes within infected adult mosquito (G, (t)), population of gametes (G, (t)), population
of zygotes (Z,(t)), population of ookynetes (O, (t)), and population of sporozoites within infected adult
mosquito (P, (t)), between-humans population includes: susceptible human populations (S (t)), infected
human populations (17 (¢)) and community gametocytes load G (t) and within-infected human variables
includes: uninfected red-blood cells (R (s)), infected red blood cells (R, (s)), merozoites populations
(Mp(s)) and gametocytes populations within infected-humans (G, (s)). This multiscale model of malaria

disease system with mosquito life cycle has the following assumptions:

(a) There is no vertical transmission of the malaria disease system.

(b) The transmission of malaria disease is only caused through mosquito bites when the mosquito takes a

blood meal, which is direct transmission.

(¢) The infected mosquito population does not recover naturally from their infection, whilst the infected

human population recovers naturally from their infection.

(d) All the newly supplied humans are assumed to be healthy and have not been previously contacted or
exposed to malaria disease and also the newly supplied susceptible mosquitoes are assumed to be

healthy and have been previously exposed to malaria disease.
(e) The supply of susceptible mosquito population are only mature female Anopheles mosquitoes.

(f) The supply of eggs is from both susceptible and infected mosquito populations, that is, the total pro-

duction of eggs from the total population of mosquitoes (Ny/).

Based on the assumptions above and the flow diagram displayed in (7.1), the coupled multiscale model
of malaria disease system with mosquito cycle is given by the system of non-linear ordinary differential

equations given in system of equation (7.2.0.1).
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Figure 7.1: A conceptual diagram of the multiscale model of malaria disease dynamics with mosquito life

cycle
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L. dECZ(t) = Ap— (up +0p)EEg(t),
2 PO g pa(t) — G+ aaw + 0w (1)
3. dPC]\li(t) = awLw(t) - (NM + oy + 5M)PM(t),
dSy (1) anPu(t)  BuGu(t)Sy(t)
4. gt _ Qum 2M _ Iéo i GH(Vt) — py Sy (t),
5. el BeBHOD Gy + a1 0),
dGy(t) BuGu(t)(Sv(t) —1)
6 dt  (Go+Gu(t)ev(Iv(t)+1) (@9 pg) Gu (D)
7. dGC’;(t) = NyayGy(t) — [as + pis] G (L), (7.2.0.1)
8. dZ;t(t) _ %asGm(t) s+ 1] Zo(1),
9. dO;t(t) — . Zy(t) — [+ 1] Ou(1),
10. dl:;t(t) = NearOu(t) — [t + 0] Po(0).
TR ;t(t) — Py(t)an(Iv(t) + 1) — av Py (b).
12. dSC[;t(t) = Ag— w — ,uHSH(t) —l—’)/HIH(t),
13. dlgt(t) = w — (g + v+ 0m)In(t),
14. dehS(S) = Ah — ﬁth(S)Mh<S> — uth(S),
15. CZR;?;(S) (1= 18R () Mi(5) — am Ron(s),
16. d]\fl’;(s) = NopamBon(5) — ptmMp(s),
17. dGJS(S) = 7ORL(s)Mp(s) — [ + ] Gr(s),
18. dGCZ O Gus)anTn(t) — anGult).

The first equation in system of equation (7.2.0.1) describe the dynanics of mosquito egg stage (Eyy (t)).
The first term on the right hand side of the mosquito egg stage is the supply of eggs from the total mosquito
population Ny () at a rate Ag. The mosquito egg stage is reduced by the natural decay at a rate up and
also by developing into larval at a rate 8. The second equation of the model (7.2.0.1) demonstrate the
dynamics of mosquito larval stage (Ly(¢)). The mosquito larval stage increase through the egg devel-
opment at a rate 0 and decrease by natural decay at a rate py, by other species that feeds on larval
mosquitoes at a rate dyy, and through the development of larval into pupa at a rate ayy. The third equation

of the model (7.2.1.1) describe the dynamics of mosquito pupa stage (Pys(t)). The first term on the right
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hand side of the mosquito pupa stage increase through the larval development into pupa at a rate ayy
and decrease through natural decay at a rate u s, through species that feeds on mosquito pupa at a rate
0y, and through development of pupa into adult mosquito at a rate «py;. The fourth equation of model
(7.2.0.1) demonstrate the dynamics of adult susceptible mosquito population (Sy (¢)). The adult suscep-
tible mosquito population is supplied by constant term 0471\/[’ which is the rate of development of pupal

mosquito into adult female Anopheles mosquito. The adult susceptible mosquito population is depleted

BuGu(t)Sv(t)
Go+ Gu(t)

constant rate uy/, where S is the contact rate of susceptible mosquito with the human infectious reservoir.

through infection of adult susceptible mosquito at a variable rate and natural death at a
The fifth equation in system (7.2.0.1) demonstrates the dynamics of infected mosquitoes. This equation
increase through the infection of susceptible mosquitoes and also decreased through natural death rate py

and also disease induced death rate dy,.

The sixth equation in system (7.2.0.1) demonstrates the dynamics of gametocytes infected erythrocytes
within an infected mosquito after a mosquito gets a blood meal from an infected human. The first term

on the right-hand-side of this equation is the new infection at an individual mosquito at a variable rate
BuGu(t)(Sv(t) —1)

(Go+ Gu(t))(Iy(t) +1)
erythrocytes within an infected mosquito 1, and also through o the rate at which gametocyte infected

This equation depleted through natural decay rate of gametocyte infected

erythrocytes burst releasing sex cells called gametes. The seventh equation (7.2.0.1) describes the dynam-
ics of the population of gametes within an infected mosquito. The first term of this equation is the rate
of increase of gametes within an infected mosquito. The gametes decay at a rate s and also depleted
through male and female gametes fusing to form zygotes at a constant rate «,. The eighth equation of
system (7.2.0.1) demonstrates the dynamics of zygotes. The equation increase through gametes fuse to
form zygotes at a rate % and depleted through natural decay p, and also through develop into oocysts
at a rate ;. The ninth equation of system (7.2.0.1) illustrates the dynamics of the population of oocysts
in an infected mosquito. The first term in the right-hand-side of the ninth equation represent the rate of
increase where the ookinetes transform into early oocysts. The second term is the rate of reduction of this
population through either natural decay at a rate ;. or burst and release sporozoites at a rate «. The tenth
equation of system (7.2.0.1) describes the dynamics of sporozoites population in an infected mosquito.
The first term of the RHS of the tenth equation is given by each oocysts bursts at a rate o, releasing an
average of NNy sporozoites upon bursting. Therefore, the rate of increase in sporozoites within an infected
mosquito is given by NyaiO,. The tenth equation is reduced through either natural decay at a rate «,,
or through the rate at which sporozoites mature and become infectious to humans and migrate to sali-
vary glands of the infected mosquito. The eleventh equation of system (7.2.0.1) describes the community
sporozoites load Py . The equation increase by the up-scaling of within-host scale excretion/shedding of
pathogen which is given by P, (Ily + 1) and reduced by ay the rate of sporozoites eliminated from

geographical area/ community area.

The twelveth equation in system (7.2.0.1) describes the dynamics of uninfected humans (susceptible)
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Sy (t). The population is assumed to increase at a constant rate Ay through birth and immigrants and

also increase through natural recovered of infected individual at a rate yg. This population is reduced
BV Py (t)

Py + Py (t)

munity sporozoite load Py (t) per unit time, P is the community sporozoite load that yields 50% chance

through infection of susceptible humans at a rate to , where (3, is the contact rate to a com-

of getting a human host infected with malaria after a bite by a mosquito in a particular community. This
equation also decreased by natural death at a constant rate pz7. The thirteenth equation in system (7.2.0.1)
demonstrates the dynamics of infected individuals. The equation increases through infection of suscepti-
ble humans and also depleted through natural death rate 1 f7, recovery of the infected individual at rate gy
and through disease induced death rate §f7. The eighteenth equation in system (7.2.0.1), demonstrates the
dynamics of the community gametocyte load (Gf7). The first term in the right-hand-side of this equation
describes the total number of gametocytes load contributed by all infected individuals from within-host
process to the community gametocytes load pool, where N}, = évh is defined as the measure of the total
volume of gametocytes produced within an infected host throughout the entire period of host infectious-

ness and oy, is the proportion of individuals who are infected. oy is the rate of degradation of this class.

The fourteenth equation in the system of equations (7.2.0.1), describes the dynamics of uninfected red
blood cells within infected human (Rp,(s)). The population of uninfected red blood cells is assumed to
increase through the supply of red blood cells from the bone marrow at a rate A, and the population of
uninfected red blood cells decrease through the infection of red blood cells. (3 Ry, (s) My (s) models the
rate at which the merozoites get contact with the uninfected red blood cells, where (5, is the infection
rate or contact rate. The susceptible erythrocytes are also reduced through natural decay at a constant
rate . The fifteenth equation of sub-model (7.2.0.1) illustrates the dynamics of merozoites infected red
blood cells within infected human (R, (s)). The dynamics of merozoites infected red blood cells increase
through infection of susceptible red-blood cells with a propotion of (1—7) and reduced through bursting of
infected red blood cells to produce merozoites at a rate «,,. The sixteenth equation of sub-model (7.2.0.1)
demonstrate the dynamics of population of merozoites. The dynamics of merozoites increase through
the average number of merozoites releasedm in the human blood stream through bursting of infected red
blood cells at a rate N, v, Ry, (s). The population of merozoites reduced through natural decay at a rate
tm. The last equation of sub-model (7.2.0.1) describe the dynamics of the population of gametocytes.
The population of gametocytes increase through the population of gametocyte infected erythrocytes at a
proportion 7 and the sub-model decrease through natural decay of gametocytes at a rate u; and through

shedding/excretion of gametocytes at a rate ay.
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7.2.1 Simplification of the multiscale model

We adapt the simplifaction method in chapter 3 and the simplified multiscale model of model (7.2.0.1) is

given by
Lo PO (s 0m)Bs(),
2 VO mp) — (uw + aw + 0w ) L)
3 O L (0) — uar + s+ a0) Pur(t),
LI P BiGuOS )
. = TR TCL
R Gt e 1 e G0
7. dGZl’;(t) = NyayGy(t) — [as + ps] Gm(t), (7.2.1.1)
s A0 LGt~ fos + ) Zu00),
9. dO;t(ﬂ = a:Zy(t) — [an + ] Ou(t),
w0, PO Na0u0) ~ [0+ m] P,
TR gt(t) — Pu(B)au(Iy(t) + 1) — ay Py ().
2. R g PO o)+ a)
13, dlgt(t) = w — (u#r +va + 1) In (D),
14, dei O Npanlu(t) — anGu(),

where [V}, is a composite parameter that summarise the disease dynamics within an infected individual
host. Np, models the average number of within-human host malaria parasite load available to be excreted
into the between-host scale by each infected humanat a rate «,. We make use of N}, obtained in chapter

3. Where
0 (1 - 7"')J\[m/BhAh — Hblm
(1-m) N B (an + pn)

N, =G = (7.2.1.2)

7.2.2 Positivity of Solutions

The system of equations (7.2.1.1) illustrates the dynamics of human, mosquito and parasite populations
and it is essential to show that these populations are positive for all time ¢ > 0. We have to prove the

following theorem.
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Theorem 7.1. The solutions of the system of equations (7.2.1.1) satisfy the following initial conditions
with strictly positive components i.e. (Eg > 0, Ly > 0, Pyy > 0, Sy > 0,1y >0, G, > 0, G,, > 0,
Zy>00,>0,P, >0 Py >0, >01y>0and Gg > 0) forallt > 0.

Proof. We prove that the solution of system of equations (7.2.1.1) of which the solution starts from a

strictly positive point, all components are positive for 0 < t < ¢

The equation can be solved by the separation of variables as follows

dEg(t)
Eg(t)

=> —(ug + 0g)dt, (7.2.2.1)
By letting

t = sup{t>0:FEg>0,Ly >0, Py>0_Sy>01I,,G, >0G, >0 2,>0,
O, >0,P,>0,Py,Syg >0,Ig >0,Gg >0} €0,¢],

and integrating equation (7.2.2.1), and we obtain

In(Egp(t)) —(pe +0E)t + In(EE(0)),
Eg(t) > Ep(0)exp{—(ug +0p)t}
0

v

\

It implies that
im i > 0.
tlg& inf(Eg(t) >0

Using the similar method , it can be shown that

tlggo inf(Lw(t)) > 0,
tliglo inf(Py(t)) > 0
Using the similar method, we obtain
t
Sy(t) > SV(O).eXp{— <uvt+ / AH(f)df)}, (72.2.2)
tliglo inf(Sy(t)) > 0. ’ (7.2.2.3)
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Using the similar method, we obtain
> Iy (0). exp{—(uvt + oy (1)}, (7.2.2.4)
lim inf(Iy(¢)) > 0 (7.2.2.5)
t—00

Using the same principle, it can be shown that

lim inf(G, (1) >
linolomf(Gm(t)) >
Jim inf(Z,(t)) >
lim inf(0, (1) >
lim inf(P,(1) >
lim inf(Py (1) >
lim inf(Sx (1)) >
lim inf(l () >
lim inf(Gg(t)) >

o o O o o o o o O

Thus, when starting with non-negative initial value conditions in the systems of equations (7.2.1.1), the

solutions of the model will remain non-negative for all ¢ > 0, and this completes the proof. U

7.2.3 Feasible region of the equilibrium of the model

All the parameters and state variables for the model system (7.2.1.1) are assumed to be non-negative to be

consistent with human and mosquito populations. Further, it can be verified that for system of equations

(7.2.1.1), all solutions with non-negative initial conditions remain bounded and non-negative. We define

Ny as the total mosquito population, Ny as the total human population and they are given by

dNy (t)
dt

IN

dSy (1) , dly (1)

Ny = Sy+1Iy
Ny = Syg+Ig.

aw

(7.2.3.1)

OeAE

war + o + 0 pw + aw + 0w pE + 0g

aw

— py Ny (t) = dvly(t), (7.2.3.2)
0pAE

N — N~

war + o + 0 pw + aw + 0w pE + 0g

— py Ny (t).
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11 oy Ry
2y par + an + O prw + o + 0w e + 0

Therefore tgnoo Sup(Ny (t))

dNg(t) dSH(t)+dIH(t)
dt - dt dt =’
ANy (¢
CZ() = Ag —paNu(t) —orlu(t), (7.2.3.3)

< Ap —puaNu(t).

A
Therefore lim Sup(Ng(t)) = =
t—>o0

H
Therefore all feasible solutions of the model system (7.2.1.1) are positive and eventually enter the invariant

attracting region
Q= (EE7 LW7 PM7 SV7 IV7 Gva Gm7 ZU7 O’U?-Pva PV7 SH7]H7 GH): (7234)

where

11 Q)N aw QEAE
O v v S o Tt & o1 o - aw +ow iz + 05
1 BH(OzMaweEAE—A) GH
T oag+ g Aoy (Iy + 1) Go+ Gy’
0 < Gm< Ngag 1 ﬁH(aManEAE—A) GH
- T oag+ g s+ s Apy (Iy + 1) Go+ Gy’
1 Ngag Qg 1 BH (aMaWGEAE—A) GH
2 g + fig s + s + pis Apy(Iy +1) Go+ G’
1 Ngag Qg Qy 1 ﬂH (OCMOéV[/HEAE—A) GH
2 g+ fug s+ s 0+ pz O F g Apy (Iy +1) Go+ Gy
Bu (apowbpAp —A) Gy
Agbv([v—i—l) Go—FGH’
Nyay, B (apawbpAp — A) Gy
ay Agy Go+ Gy’

A
0 < Sp+1Iy<=2
HH

Npoap A
S h hiH?
ag pH

@)
IA
N
IA

(aw]
(VAN
Q
<

INA

,(7.2.3.5)

)
IA
v
I

Ny

0 < Py <

0 < Gy

where

A = 2uy(pn + an + 0ur) (pw + aw + ow)(pE + 0r),

(7.2.3.6)
1 Nyay Qg Q, Niay, 1
2 (g + g g + s O+ flz O+ g O+ [y

© University of Venda



L
>

(o

= \yn

iversity of Venda
Creating Future Leaders

,
L

Chapter 7 254

7.2.4 Disease free Equilibrium

The disease free equilibrium point of the system of equations (7.2.1.1) is obtained by setting the right
hand sides of differential equations (7.2.1.1) to zero and and assume that I[yy = Gy = Iy = Py = G, =
Gm = Z, = O, = P, = 0. We obtain

E° = (BEY LY, Py, S, IV, GY, 8%, 1%, P),G°, G0, 79,00, PY). (7.2.4.1)
A
= (BY%, LYy, Py, 5%,0,0,=20,0,0,0,0,0,0),
KH
Where
Ag
EY = ———
E (ug + 0g)
10— Ap 25
W (re +0E) (pw + aw + ow)
AE HE aw
P = 7.2.42
M (pe +0g) (uw + aw + ow) (1 + anr + Oar) ( )
SO _ 37 aw 9E‘ AE
0 =

2uy (uar + ang + 0ar) (pw + aw + ow) (ue +0g)
7.2.5 Reproductive Number

We use the next-generation operator approach to compute the basic reproductive number and we use the

[71]’s approach. The systems of equations (7.2.1.1) can be written in the form

dX

— = XY 7

dt f( y Ly )7

dY

7l 9(X,Y, Z), (7.2.5.1)
dZ

— = h(X,Y,Z

dt ( ) )7

where

i. X = (Eg, Lw, Py, Sy, Sg) represents the compartments of susceptible individuals.

ii. Y =Uv,Iy,Gy,Gn, Zy, 0y, P,) represents compartments of infected individuals that are not infec-

tious.

iii. Z = (Gy, Py) represents compartments which are infectious who are capable of transmitting other

diseases.
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We define g(X™, Z) by

5 = Bu Sy GH
(nv +0v) (Go + Gu)’
~ _ L Bu(Sy—-1) Gg
g2 = ,
ag + pg dv(Iv +1) (Go + Gr)
G = Ngoyg 1 BulSv—-1) Gnu
Qg+ fig s + s ov(Iy + 1) (Go + Gu)’
- 1 Nyoy Qg 1 B (Sy —1) G
T Ray g as tpsas + s dv(Iv +1) (Go+ Gr)' (7.2.5.2)
g5 = L Noag _ as i 1 Bu(Sv—-1) Gu

204+ pg s + s 0z + ply g+ g ov(Iy +1) (Go—i—GH)’

~ Ny Bu(Sv-1) Gy
 dv (Iv+1) (Go+Gp)’
~ BvSu Py

(we + v +01) (Po+ Py)’

dGu

dP
Let hp = and hy = ditv and we obtain

Ny, BvAr Py
- — auGy, 7253
! /~LH+’7H+5H LE (P0+Pv) HYH ( )
Ba(Sy —1) Gpg
ha = Nyay
? oV (Go+Grm)

We assume that A can be written in the form A = M — D, where M > 0 and D > 0, a diagonal matrix.

Oh1  Oh

(26, op
A=t By |

oGy OPy

then

Npap 1 ByAg

_aH

— MH+'7H+5HPO WEH
A= Nvav /BHq1 —ay
ov 2puvGoge
We deduce matrices
0 Npap 1 ByAg
— pa +va +0n Py pu
M= Nvav 5Hq1 0
ov 2puyGog
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and
L 0
0 =
D= — p=|o | | (7.2.5.4)
0 ay 0o —
ay

The basic reproductive number is the special radius (dominant eigenvalue) of the matrix M D" that is

Ry = p(MD™Y (7.2.5.5)
B [1 Ny 115VAH] [ Npo 1 1 Buq
2 (pe +0p)(pw + aw +0w)(um + an + ) Poav  pu pr + e+ 0g Go ag pvoy |’
Ry = +RoveRonuv.
(7.2.5.6)
where
N — 1 Ngay  Nypay o Qg 1
! 2ag+/~‘gak+ﬂka2+uzas+,U/sav+,uv?
@ = (amowbpAp —2uv(pe + ) (pw + aw + 0w ) (1ar + anr + 0ar)),
apyowlpAy > 2MV(/1«E+0E)(MW+04W+5W)(,U«M + ap +5M),, (7.2.5.7)
1 Nyay, 11 BVAH
Rove = 5 >
2 (pe +0p)(pw + aw +0w)(uym + an +6n) Poav
R B Npay, 1 1 Baq
oHV = —

(i + v+ 0m Go oy py by

We deduce that the basic reproductive number has components of immature mosquito parameters, adult
mosquito parameters and human parameters and also have the components of both within-host (mosquito

and human) scale parameters and between host (mosquito and human) scale parameters.

7.2.6 Endemic equilibrium Points

The equilibrium points are obtained by setting the right-hand-side of systems of equations (7.2.1.1) to zero

and we obtain
E* = (B, Ly, Pa, Sy, Iy, G, Gy, 23, Oy Py Py Sty Iy Gy

where
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Ag
By = —2_,
g ue +0g
« 1 OpAE
LW == b
pw + aw + 0w ug + 0g
. 1 ayy OrAE
PM =

L + oy + Oar pw + aw + 0w pe + 05’
ayowlepAg [Nyoy Sy Ag Py + agGolay (Po + Pyy) + ax Py ]

= [NhonBuAn P B+ ) + pvarGolar (Po + Py) + asPp]]’
(7.2.6.1)
L o= NpanBroanaw0eApBy Ag Py
az(pv + 6v) [NnanBvAu Py (Bu + pv) + pvanGolar (Po + ) + a2 Py]]’
G — 1 NyonBu By Au Py [b1 Py + bo]
ag + pg aspy (I + 1) [bs P + pyapaGoRy) [baPy + agaiGoPy]’
G = Ngay 1 NpanBu By A P b1 Py + bs]
g + g as + ps azdy (I + 1) [b3 Py + pyapa1GoPo| [baPy + apaiGoPs]’
P 1 Ngag s 1 Nypoon BBy A P (b1 Py + ba]
v 2 g + pig s+ s @z + piz azdy (I + 1) [b3 Py + pyvaparGoPo| [baPy + apaiGoPy]’
o - 1 Ngog o o 1 NyanfBupvAuP b1 P + by)
Y 2 g + pig s A pis oz F pz o+ g agdy (I + 1) [b3 Py + pyapaGoPol [baP 4+ agaiGoRy)’
P~ N, NponBr By Au Py [by Py + ba)
aspv (I + 1) [bs Py + pvagaiGoPo| [baPy + apai1GoPy)’
s: = Ap(pw + v +0m)(Po+ P)
ar(Py + Py) + a2 Py ’
I, = BvAu Py
ar(Po+ Py) + a2 Py’
G = Npon v Ag Py 7

aH[al(Po + P‘*}) + CLQP{”

pr o etV 5 — 4cics
v = )

C
261
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where
a1 = pp(pm +va +0m),
az = PBv(um +dm),
a3 = 2(purr 4 an +0u)(pw + aw + ow) (ke + 0r),
by = NpapBvAulamawbleAe —a3(Bu + pv)] + anGolar + az)[apmawbpAs — azpy] > 0,
by = agaGoPolayawlpAp — aspy] > 0, (7.2.6.2)
by = NpapBvAu(Bu + pv) + pyvapGo(ar +az) > 0,
by = NpapfvAg+apgGo(ar +ag) >0,
¢ = ayoyazbsby >0,
c2 = NpapBvAnarazpyayapdyGoPo[2 — R + aF,G3(a1 + az)arazuy ay ¢y Po[2 — RE],
+NranasBy Au B [av pvarazapGoPy + Nyaw NpanSuBvAnl,
3 = —pyayéyazaiahGEPZR: —1] <0.

Therefore Py is positive when Ry > 1, ¢; > 0, c3 < 0 and ¢y could be either positive or negative.

Therefore, we conclude that there exist a positive endemic equilibrium points when Ry > 1.

7.3 Stability analysis

7.3.1 Local stability of disease free equilibrium (DFE)

In this sub-section, we determine the local stability of the DFE of the coupled multiscale model (7.2.1.1),
where we linearize the multiscale model in order to obtain a Jacobian matrix. We examine the Jacobian

matrix at the DFE.

Ey = (EEo, Lwo, Pmo, Svo, Ivo, Gro, SHos IH0, Pvo, Guvo, Gmos Zvo, Ovo, Puo). (7.3.1.1)
A
= (EE07LW077PM07SV0707077H7O707O70707070)7
HH
Where
Ag
Epo = ——F
o (ne +0E)
I B Ap )
o (te +0) (pw + aw + ow)
Ag ) aw
P, = 7.3.1.2
M (e +08) (uw + aw + dw) (puar + anr + dar) ( )
ang aw Ok Ag
Svo =

2uy (pnr + o + 0ur) (pw + aw + 6w) (ke +0E)
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We denote the DFE of the multiscale model (7.2.1.1). For examining the stability analysis, we use the
basic reproductive number Ry, where Ry is a threshold value that is used in public health to assess the

transmission of a disease in a given community.

The Jacobian matrix of the model (7.2.1.1) computed at the DFE is given by J(FEy) =

—F 0 0 0 0 0 0 0 0 0 0 0 0
. —F» O 0 0 0 0 0 0 0 0 0 0
0 aw —F3 0 0 0 0 0 0 0 0 0 0
0 0 O‘TM —uy 0 0 o 0 0 0 0 0 0
0 0 0 0 —Fy 0 0 0 0 0 0 0 0
0 0 0 0 0 —F; 0 0 0 0 0 0 0
0 0 0 0 0 Nyoy Fs 0 0 0 0 0 0
0 0 0 0 0 0 0.5y —F% 0 0 0 0 0
0 0 0 0 0 0 0 a, —Fy 0 0 0 0
0 0 0 0 0 0 0 0 Npap —FEy 0 0 0
0 0 0 0 P,a, 0 0 0 0 Qy —ay 0 0
0 0 0 0 0 0 0 0 0 0 @ YH
0 0 0 BVPSZHO 0 —Fy
0 0 0 0 0 0 0 0 0 0 0 0 Npay,
(7.3.1.3)
where

Fy=0p+pup, F»=aw+ow+pw, F3=an+ 0y -+, Fy =6y + py,

F5 = ag + pg, Fs = as + ps, Fr = a; + pz, Fg = oy + pg,

Fy=ay+uy Fro=0m+vu+pu, Glzﬁzsvo, G2=5H(5‘/0_1).

0 l%
The characteristic equation at the equilibrium Ej is given by
|J(Eo) — M| = 0,
(Fy + XN (Fa + A (Fs 4+ A) (Fy+ XN (pv + M) (g + A) [N+
DIAT + DoA® + b3A® + badt + b5 AP + A% + b A+ bs] = 0, (7.3.1.4)
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where

bl = 04H+Ozv+F5+F6+F7+F8+F9+F10, (7.3.1.5)
bo = apgay +agFsapgls+aglr +agFs+agly+ agFio+ ayFio + ay Fs + ay Fg

= tavFr+ayls+avFy+ayFio+ FsFe + FsFr + FsFg + FsFy + F5Fio + FoFr
+FgFg + FgFy + FgFg + FrFg + FrFy + FrFyg + FgFy + FgFig + FoF, (7.3.1.6)
by = apayFs+agayls+agaylr +agayFs+ agayFy + agay Fio + ag F5Fg
+agFsFr +apgFsFs + agFsFy + agFsFio + agFsFr + agFeFs + ag FsFy +
agFeFio+agFrFs +agFrFy + agFrFo+ agFsFy + ag s+ agFyFio +
ayF5Fs + ay FsFr + ay FsFy + ay Fs Fy + ay FsFig + ay FsFr + ay FsFs + ay FgFy
+ay FeFio + ay FrFg + av FrFy + av FrFio + ay FgFy + ay FyFig + ayv FoFio +
ayFF7 + ay FeFg + ay Feby + F5FoFr + F5FoFg + FsFgly + FsFoFio + FsFrEg +
FsFrFy + FsFrFio + F5sFyFy + FsFoFio + FFrFy + FFrFy + FeFrFig + FrFgFy +
FrFsFio + FrFoFio + FsFoFio,
by = agayvF5Fs+ agoayFs5F; + agayFsFy +agay FsFy + agay F5Fig + agay FgFr +
apgay FgFs + agay FgFy + agay FgFg + agay FrFy + agay FrFy + agay FrFig
+agay FyFy + agay FgFig + agay FoFyg + ag FsFsFr + ag FsFFs + ag F5FgFy +
agbsFelo + apgFsFrFs + apgFsFrFg + agFsFrFyg + apgFsFsFy + ag Fs FgFio +
agbsFolo + apgFeb7Fs + apFeFrFg + agFeFrFi + apFeFsFy + ag FeFgFio +
aglFglFoFyg + agbrFsFy + apg FrFsFio + agFrFoFg + ag FsFoFioay F5Fg Fr +
agFsFeFs + agFsFeFy + ay FsFgFi9 + ayv F5FrFs + ay Fs FrFy + ay Fs FrFig +
ay FsFgFg + ay FsFgFio + ay FsFoFiog + ay FeFrFg + ay FeFrFg + ay Fg FrFio +
ay FeFgFy + ay FeFsF + ay FsFoFio + ay FrFgFg + ay FrFgFio + ay FrFgFio +
ay FgFoF + F5Fe 7 Fg + FsFeFrFy + FsFoErFig + FsFoFsFo + FsFsFsFio + F5FsFyFig
+E5F7FsFo + FsFrFgFio + FsFrFoFig + FsFgFolFh + FeFrFgFo + FelrFgFig + FeFrEgFi
+FsFy Pyl + FrFgFyFh, (7.3.1.7)
bs = apgayFs5FsFr + agay FsFgFs + agay F5FgFy + agay FsFgFig+ agay FsFrFg +
agoay FsFrFy + agay FsFrFig + agay FsFsFy + agay FsFsFg + agay FsFoFig +
agayFslrFs + agay FslrFy + agay FsFrFig + agay FsFsFy + agay FgFgFip +
agay FeFoFg + agay FrFsFy + agay FrFsFig + agay FrFoFio + agay FsFoFio +
apgFsFsFrFs + agFsFeFrly + ap FsFoFrFio + apFsFeFsFog + ap Fs FeFsFio +
agkFsFsFoFio + agFsFrFgFy + ag F5FrFsFio + ag FsFsFoFig + ag FsFrFgFy +
apbsFrFgFio+ apbsFrFoFio + apFeFsFoFio + agFrEFsFoFg + av FsFeFrFg +
ay FsFgFrFy + ay FsFeF7 Frg + ay Fs FgFsFy + ay FsFgFsFhg + ay FsFgFoFhg +
ay FsFrFgFg + ay FsFrFyFg + ay Fs FsFyF g + ay FgFrFgFo + ay Fg Fr FyFg +
ay FsFrFoFio + ay FeFsFoFig + av FrFsFoFig + Fs FoFrFsFy + FsFgFrFgFig +

F5FgFrFoFyo + Py L FﬁFIO.+ F5F7FgFoFyg +fF§7F8F9 105 (7.3.1.8)
nmversmtyﬂ enda
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be = apgayFs5FsFrFy+ agay FsFgFrFy + agay F5FgFrFig+ agay FsFgFgFy +
agayEsFgEFoFyg + agay FsFrFgFy + agay FsFrFsFio + agay FsFrFoFg +
agay FsFgFyFig + agay FeFrFgFg + agay FeFrFsFig + agay FeFrFoFio +
agay FsFsFyFio + agoay FrEsFgFio + ag Fs FeFrFgFog + ag Fs Fs FrFsFig +
agFsFsFrFolo + apFsFsFsFoFg + apFsFrFsFoFig + apFeFrFsFoFip +
ay FsFeFrFsFy + ay FsFeFrFgFo + ay FsFeFrFoFio + ay F5FeFyFoFio +
ay Fsl7FgFygFig + ay FgFrFgFolhg + FsFsFr FsFyFyg, (7.3.1.9)
by = agayF5FgFrFsFy + agay FsFgFrFsF g+ agay FsFsFrFgFhg +
agay F5FsFsFoFyo + agay F5sFrFsFoFyg + agay FgFrFsFoFg +
agFsFgFrFgFoF g + oy FsFgFr FsFyFig, (7.3.1.10)
by = amay(ag+ pg)(as + ps)(az + p2)(aw + ) (o + o) O + v + par) (1 — B3 1.11)

The eigenvalues are given by

)\1:—F1, )\2:_F27
A3 = —F3, Ay = —Fy,
)\5 = —uy, )\8 + bl)\7 + b2)\6 + bg)\5 + b4)\4 + b5)\3 + b6)\2 + b7)\ + bg =0

The disease free equilibrium is stable when all the eigenvalues obtain from J(Ej) are negatives or have
negative real parts. A1, A2, A3, A4 and A5 are strictly negatives and the disease free equilibrium points are

stable if and only if
A8 AT 4 BaAG + gAD + byt 4+ b5 A2+ bgAZ + by + bg =0 (7.3.1.12)

has negative eigenvalues. The polynomial have negative eigenvalues if by > 0, by > 0, b3 > 0, by > 0,
bs > 0, bg > 0, by > 0 and bg > 0. Therefore the coefficients by, ba, b3, b4, bs, bg and by are clearly
positive and coefficient bg > 0 when Ry < 1.

Table 7.1: Possible number of positive roots of equation (6.2.5.2)

| (b o b [bs [bs [t [b2 [b [ ]

Ry <1 + + + + + + + 0 positive roots
Ro>1 + + + + + + - 1 positive roots
F) + + + + + + + 0 positive roots
F(=X) + - + - + + 8 or 6 or 4 or 2 or 0 negative eigenvalues

Using descartes sign rule of change show that when Ry < 1, there is no change of sign of the characteristic

equation and conclude that there are no positive roots. When Ry > 1, we observe that there is only one

© University of Venda
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change of sign and conclude that the characteristics has one positive root. When we find f()), we notice
that there is no change of sign which mean that there is no positive roots. f(—\) has 8 change of sign
which means that the characteristic equation has 8 negative eigenvalues. Therefore, the DFE is locally

asymptotically stable when %y < 1 and unstable when Ry > 1.

7.3.2 Global Stability of the disease free equilibrium

We obtain the global stability of disease free equilibrium of system of equations 7.2.1.1 using the next

generation operator [71]. We can rewrite the system of equations 7.2.1.1 in the form

dXx

= = F(X.,Z

dt (X 2),

% = G(X,2), (7.3.2.1)
G(X,0) = 0.

where
X = (Eg,Lw, Py, Sv,SH)

comprises of the uninfected components and
Z = (IV7 Gv; Gma Zw OU7 Pv, PV7 IH7 GH)

comprises of the infected and infectious components.

We let
EO - (X*70)7
N < AE 1 QEAE 1 aw (QEAE
 \ g + thetag pw + oy + 0w pr + 08 i + o + Oar pw + aw + ow pE + 05
1 OpA A
oM w L 70a0a0a07070707Ha0a0>7
20y par + anr + Oy pw + aw + Sw e + 0 MH

represent the disease-free equilibrium (DFE) of the system of equations 7.2.1.1. Where for X™ to be
globally asymptotically stable, the following conditions H1 and H2 must be satisfied.

H1. For d—)t( = F(X,0), X™ is globally asymptotically.

H2.G(X,Y)=AZ - G(X,Z),G(X,Z) > 0for (X, Z) € R, where A = DzG(X*,0), which is an

© University of Venda
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M-matrix and Rf is the region where the model makes biological sense.

Agp — (ug +08)EE

OepAE

_— ow )L
P (pw + aw + ow)Lw

aw 0rAE
F(X,0) = — (s + ang +60) Py | 7322
( ) uw + aw + 0w ug + 0 (iar + anr + 9n1) Pt ( )

ang ayy OeAE

1
- — S
2 ups + apr 4+ oy pw + aw + ow pE + 0 Hvov
i Ag — pySH ]
and the matrix A is given by
—Fy 0 0 0 0 0 0 0 Gy |
0 —Fy 0 0 0 0 0 Gy
0 Nyagb —F; 0 0 0 0 0 0
0 0 % B0 0 0 0 0
A= 0 0 0 a -F 0 0 0 0 |, (7.3.2.3)
0 0 0 0 Nroy, —Fy 0 0 0
0 0 0 0 0 Oy ay 0 0
0 0 0 0 0 Pv S ~Fiy O
Py
0 0 0 0 0 0 0 N -ay
and
G(X,Z) = AZ-G(X,2) (7.3.2.4)
r 1 an aw OpAE Sy i
BuGu -
2uvGo pv + am +0m pw +aw +ow pe +0p  Go+ G
BuGn [(5\0/ -1 (Sy —1) ]
ov Go (G0+GH)(]H+ 1)
0
0
- 0
0
0
Ay SH
P _
vy paPo  Py+ Py
0
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Since [ M aw OpAE > Sy ] [(59/ —1) > (Sy —1)
2y Go par + ang + Oy pw + aw + 0w pug +0g — Go+Gu |’ Go ~ (Go+Gu)Iy+1)

A S A

and [ L 1 it clear that G(X,Z) > 0forall (X, Z) € RI. Itis also clear that A is an M-
uabPy = Po+ Py

matrix, since the off diagonal elements of A are non-negative. So, we state a theorem which summarises

the above results.

Theorem 7.2. The fixed point
Ey = (X*a 0)7

is global asymptotically stable equilibrium of the system of equations (7.2.1.1) when Rg < 1 and then the
assumptions (H1) and (H2) are satisfied.

7.3.3 Local stability of endemic equilibrium

We establish a local stability of the endemic equilibrium state by applying the center manifold theory
[50, 91], as illustrated in [74]. We use the center manifold theory to obtain the local asymptotic stability

of the endemic equilibrium points.

By applying the center manifold theory, We then introducing the change of variables. We let Eg = x1,
Ly = 9, Pyp = 23, Sy = x4, Iy = x5, Gy = x6, Gy = X7, Zy = 78, Oy = T9, Py = 710, Pv = 711,
Sy = w12, Iv = 213, Gy = 114, * = By and By = kBy and let 8 be the bifurcation parameter.
We denote = = (x1, x2, T3, T4, T5, Te, T7, T8, L9, 10, L11, L12, T13, $14)T, then the model (7.2.1.1) can

be written in the form

dX

T (f1, fas f35 f4, f5, fos 1, s fos fr0, f11, fiz, fiz, f1a)T

© University of Venda
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as follows
dx
fl = 7751 :AE—(,U;E‘FGE)IEL
dx
fo = d—; = 0px1 — (uw + aw + 0w )2,
dz
f3 = d—tg :awl‘z—(MM+04M+5M)x3v
; dry  oapry kf*riamy
— —_— = - - x
4 dt 2 Py + 14 HvEs
drs  kf*x1474
= -_— = — 5
fs dt Py + x4 (kv =+ dv)es,
dzg kB*x14(wq — 1)
- 2 — (g + X6,
Jo dt (Po + x14)dy (w5 + 1) (0 F 119)0
dx
fr = (Tt? = Nyagwe — (s + ps)z7 (7.3.3.1)
dz QT
fs = dTSZ 827_(04z+ﬂz>9387
dx
fg = CT; = QT8 — (ak + uk)$97
dx
fio = Ww = Npagxg — (o + py) 10,
dx
fm = WH = xloav(xg) + 1) — ayrii,
dzis B*ri1212
= —=Ay———""2—
hz dt B Povan TV T
B*r11712
= e +yu +0m)r13,
f13 P+ z11 (:U/H YH H) 13
dx
f14 = WM = Npapx13 — agris.

By considering Ry = 1, and solving for 3*, we obtain

B = \/[Q(ME+9E)(MW+aw+5w)(uM+aM+5M)Po04VMH] |:NH+'YH+5HGO0¢H¢VMV

Noow, 1 1 Ay Npap 1 1 kq

(7.3.3.2)
where
@ = agowlpAp — 2uy(pe + 08)(uw + aw + 6w)(par + an + 65),  (7.3.3.3)
N, — LNy Neap o L (7.3.3.4)
2ag+ pg ag + pE 0t e s fls Qo+
1 — )Ny BnAp —

N, — T (1 — )N BrAp — tptom . (7.3.3.5)

(1—-m) N (o + pn)

We linearize matrix of system of equations (7.3.3.1) around the DFE when By = ( and By = kBy
which is similar to J(Ep) in system (7.3.1.3). The right eigenvector are associated with zero eigenvalue

and is given by W = (w1, wa, w3, wy, ws, we, wr, w*, wy, w11, w1z, w13, wi4)’ . We determine the right

© University of Venda
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eigenvector by saying (J(Ep))W = 0. We obtain
w = W2 =wWs= 0,
kB*xd
wy = ———,
Gopy
kB*xd
Wy = SV,
Go(pv +dv)
1 kB (a2 —1)
we = )
ag+pg  Gogy
Nyoy 1 k(2% -1)
wy =
Qg + Mg s + s GO(bV
1 N, 1 k(a9 —1
wy = -—9% 9 Frlai=1) (7.3.3.6)
2o +pgastpsaz+p, Gopy
1 Ngag  as ay 1 kB —-1)
w9 = = ’
2ag+ﬂga5+,usaz+,uzak+;uk Gooy
1 Ngay o . Niay 1 kB*(x-1)
wio = 3 ’
2ag+ugas+,ufsaz+,ufzak+/~tkav+,u/v GO(ZSV
1 Nyoy Ol o, Nyoy, oy 1 kB*(29—1)
wyp = = —
H 2ag+ pg os + fus 0 F iy 0 F e O+ fly QY Goov
o — 1 Nyay Qg o Ny, Qy wH +0n Lkﬂ*(wg —1) g XY,
. 20g + g Qs+ s 0 + o Qg + ik Qo + oy g + Y 0 @y Gody Py’
1 Ngyay ol o Npoy, I 1 1 kB*(29 —1) g*zf,
w1z = Z - )
20y + pg os + s 0+ Qg F g Qo+ oy i+ + 05 oy Gody Py
W14 = 1.
We denote

/ T
V = (v1,v2,v3,v4, U5, Vs, U7, U8, VgU10, V11, V12, V13, V14)

as the left eigenvector associated with zero eigenvalue. To find V', we employ

VT(J(Eo,B8%)) =0,

where J(EO0; 5%) is the Jacobian matrix at the disease free equilibrium point when Ry = 1, where 0 is the

ZEeTro Vector.

v] = vy =v3 =114 = V5=1019,
Ngag

Vg = )

Qg+ fig
v = 1,

0 0
y Nyay Npap, Niay Oz ay, kB (zy —1) Brajy
8 p—

Ngyayg Ny ay, Niay a, kB9 —1) g*aY,

g+ pig hH +YH + 05 g + g o + e Godvan  av Py’

Vg =

© University of Venda
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T Nyoy Npap, a,  kB*(29 —1)B*2Y,
Qg + fig fbi +YH + 05 0y + 1y Godvan oy Py’
T Ngag Nhah k/B*(l‘g - 1) ,B*$?2
Qg+ pig b + e + 0 Godvam avPy’
Ngyayg Nyop kB* (2 —1)
V13 =

g+ g poir +vu + 90 Godvoan

N, EB* (29 —1
vig = 2% RO (2 ), (7.3.3.8)
ag+pg Godvan

where
20— 1 an aw OrAEg
! 2uy par + anr + 0 pw + ow + 0w pe +0g’
A
Ty = -1 (7.3.3.9)
HH

The bifurcation coefficients, a and b are defined as follows

2
0 fr
a = Z VR 5~ 8w](E0), (7.3.3.10)
k,,j=1
14

% fx
= Ik (B, 3.3.11
b k;.zlvkw’axﬁ/@( 0) (7.3.3.11)

Since v1 = v2 = v3 = v4 = v5 = v12 = 0, we have to compute the non-zero partial derivatives of F' at

disease free equilibrium are given by

Pl g o ) kS Pl gy — W51
8.%'48%‘14 81’1481‘4 qﬁvGo’ 8 X1y G%(]SV ’
9% fo 9% f kB*(a§ — 1) 9 fu & ful
o (Eo) = - ——(Eo) = — Eo) = 2T (By) = au,
6$56$14 0 81’1481’5 0 Go(ﬁv ’ 81‘56%’10 0 895108955( 0) @
9 f13 26* 29, 0 f13 9 f13 B
En) = — 712 (B = —= _(E,) = =—
81‘%1( 0) P02 ’ axuaxlg 0 81’1281’11 0 P()’
Pho ()~ K1) hs o Xh
0v110B" " T Gody dxndp " T Ry
It follows that
02 fe 5 0%fe 9 fe 9 f13
a = v6w4wl4m(Eo) =+ ’UG’LUM8 (E()) + v6w5w14m(Eo) -+ ’1)132011 O 2 (Eo)
9 fu 9? f13
Y (B I
+v11WsW10 8:1:58:1:10( 0) + vizwiiwy2 915021
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Ngog  kB* k] 0 k(=] — 1)
a - 5 +2(xy - 1)+ ———=——
g+ pg vGy L pv pv + 0y
1 ( Nyay kpB* (2§ — 1))3 NpapB*ad, < Ny a, Qs y 1 )2
2 O‘g"_ug GO(z)V NH+7H+5H ak+ﬂkaz+ﬂzas+ﬂsav+ﬂvaVP0
1 ( Nyay kpB* (2§ — 1))2 Ny oy, Ny o Ol y Lkﬁ*zx(l)z [
2 O‘g_'_ug G0¢V /LH+'YH+5HO%+,ukaz+,ufzas+ﬂsav+,uvav GOPO '
Nyow B*(2§—1)  pm+éu  af } (733.12)
ay  Pypvag pg -+ +6ég pv 4oy
a < 0
when
Nyay /8*(372 - 1) HH + OH > 332
av  Popvay pu+va+0n — py + oy
It also follows that
9% fo 9 f13
b = E E
VeW14 97140 (Eo) + ”13“’“83:1185( 0)
N k(z$ -1
_ Mooy kg —1) 1+ (7.3.3.13)
ag +pg  Gogv
1 Nyay kB*(x9 — 1) Nyop Nyoy, o, s ay [y
2ag+,ug G0¢V //LH""‘}/H"‘(SHOU@+Mkaz+ﬂzas+ﬂsav+ﬂvpoav ’

b > 0.

Thus, @ < 0 and b > 0, it follows that the model will undergo a trans-critical bifurcation at Ry = 1. By
using item (7v) of Theorem (4.1). in [74], we can conclude that the endemic equilibrium points of system
of equations (7.2.1.1) is locally asymptotically stable when Ry > 1 but close to 1. We summarize the

results using the following theorem.

Theorem 7.3. The presents of malaria infection equilibrium is locally asymptotically stable when Ry > 1

but close to 1.

7.4 Numerical results

In this section, we display out numerical simulations of the mosquito life cycle model for malaria infec-
tious disease systems, with the aim of validating some of the critical results of the coupled multiscale
model (7.2.1.1). We perform numerical simulations using Python program version 2.7 and Matlab version
2019, using the windows operating system (Windows 10). We utilise a package called odeint function in
the python-scipy that solve any system of differentiated equations. The parameter values utilised in the
model simulations are in Tables (7.2, 7.3, 7.4 , 7.5, 7.6). The parameter values employed in this study
were taken from published literatures on mathematical and computational models and some parameter

values were estimated from empirical studies.
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Table 7.2: Between-mosquito scale parameter values and their description.
Parameter Description Initial Value | Range Units Source
By Contact rate of susceptible humans with | 0.52135 2.7x107%.0.64 dayi1 [35]
the infectious reservoir of mosquitoes.
ny Natural death rate of mosquitoes. 0.12 0.033-0.3 dagfl [24]
Sy induced death rate of infected | 0.00000426 | 4.26 x 107% — | day™" | [24]
mosquitoes. 5.33 x 107°
Py Half saturation constant associated with | 1 x 10% 17 -5 x 10° dagfl [24]
the infection of humans.
v Proportion of new infected mosquitoes | 0.0001 0.0001-0.01 day™" assumed
in the total infected mosquito popula-
tion.
ay Rate of clearance of community sporo- | 0.3 0.09-0.99 day™" [24]
zoite load.
Table 7.3: Immature mosquito parameter values and their description.
Parameter Description Initial Value | Range Units Source
Ag Rate at which mosquitoes lay eggs. 200 100-4000 Eggs per day Assumed
Ok Hatching rate of eggs into larvae. 0.6 0.01-0.6 day_1 [88]
UE Mortality rate of eggs. 0.3 0.01-0.56 day™" [88]
aw The rate at which larvae develops into | 0.4 0.14-0.4 day™* [88]
pupae.
ww Natural death rare of larvae. 0.3 0.05-0.3 dagfl [88]
ow The rate at which larvae reduced by | 0.08 0.01-0.1 day™* Assumed
other species.
am The rate at which pupae develops into | 0.25 0.25-0.5 day™" [88]
adult.
173 Mortality rate of pupae. 0.15 0.15-0.37 day™" [88]
om The rate at which pupae reduced by | 0.08 0.01-0.1 day™" Assumed
other species.
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Table 7.4: Between-human scale parameter values and their description.
Parameter Description Initial Value | Range Units Source
Ag Rate of recruitment of Susceptible hu- | 400 10-800 Humans  per | [35]
mans. day
Bu Infection rate of susceptible | 0.356 0.072-0.64 day ™ ! [35]
mosquitoes.
WH Natural death rate of humans. 0.00004 0.00001- day~ ! [24]
0.00008
om Disease induced death rate of humans. 0.003454 1 x 107" — dayi1 [35]
41x107"
YH Natural recovery rate of humans. 0.0092 0.0014-0.017 dagf1 [35]
Go Half saturation constant associated with | 5 x 10° 1x10%-1x10° day~ ! [24]
the infection of mosquitoes.
0328 Proportion of new infected humans in | 0.0001 0.0001-0.01 day71 Assumed
the total infected human population.
aH Rate of clearance of community game- | 0.0000913 0.0000467- day™" [24]
tocyte load. 0.000274
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Table 7.5: Within-mosquito scale parameter values and their description.
Parameter Description Initial Value | Range Units Source
A, The rate of supply of gametocytes | 300 100-300 Gametocytes [24]
within infected mosquitoes. per day
Qg Rate at which gametocyte infected ery- | 96 90-100 day™" [24]
throcytes burst within ifected mosquito.

Ly Decay rate of gametocytes within in- | 0.0625 0.0326-0.0725 day_1 [24]
fected mosquito.

Ny Number of gametes produced per ga- | 2 1-3 Gametes  per | [24]
metocyte infected erythrocyte within day
infected mosquito.

a, Rate at which zygote develop into | 0.4240 0.01-0.5 day™" [24]
0oCysts.

Lz Natural death rate of zygote. 1 1-4 day™" [24]

Qs Fertilisation of gametes. 0.08 0.01-0.2 day_1 [24]

s Natural death rate of gametes. 58 40-129 day™" [24]

Qg Bursting rate of oocysts to produce | 0.2 0-1 day™" [24]
sporozoites.

Ny Number of sporozoites produced per | 3 000 1000-10000 Sporozoites per | [24]
bursting oocysts. day

Uk Natural death rate of oocysts. 0.01 0.071-0.143 day_1 [24]

Oy Rate at which sporozoites become in- | 0.025 0.0167-1 dagfl [24]
fectious to humans.

s Natural death rate of sporozoites. 0.0001 0.0001-0.01 day_1 [24]
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Table 7.6: Within-human scale parameter values and their description.

Parameter Description Initial Value | Range Units Source

Ap Rate of supply of uninfected red blood | 200 100-300 Cells per day [24]
cells.

B Rate of infection of red blood cells (ery- | 0.1 2% 107°-0.2 day™* [24]
throcytes).

ap Rate at which gametocytes develop and | 0.02 0.01-0.9 day_1 [24]
become infectious within infected hu-
man.

L, Natural death rate of gametocyte in- | 0.0625 0.0600-0.0625 day_1 [24]
fected erythrocytes within infected hu-
man.

I Natural decay rate of red blood cells. 0.0083 0.006-0.1 day™" [24]

Lm Natural decay rate of free merozoites 0.001 0.001-0.5 day™"

m Proportion of gametocytes infected ery- | 0.1 0.1-0.5 day™ ! [24]
throcytes.

Nn, Number of merozoites produced per | 16 10-30 Merozoites per | [24]
bursting erythrocytes. day

Qm Rate at which erythrocytes burst to pro- | 0.5 0.1-1.0 day™" [24]

duce merozoites.

7.4.1 Sensitivity Analysis

This subsection provides some results concerning the sensitive of the model reproductive number (Ry)
along with the community sporozoites load (Py;) and community gametocytes load (G7;) when the multi-
scale model parameters changes. By using the partial rank correlation coefficients (PRCCs), we investigate
the sensitivity of model parameter variations on Ry, Py, and G;. PRCCs rank each parameter by the im-
pact it has on the results when all other parameters are kept at median values. We explore the influence of
each model parameters on the model Ry, P;; and G7;. The solutions of the simulations of global sensi-
tivity analysis of parameters on Ry, Py, and G; are shown I the tornado plots diagrams in Figures (7.2),

(7.3) and (7.4), respectively.

From Figure(7.2)-figure (7.4), we present the degree of sensitivity of every parameter on Ry, Py, and
Gy, respectively. We observed that some of the parameters have positive PRCCs and some have negative
PRCCs. The parameters with having positive PRCCs will increase the value of Ry, Py and G}; when the
parameter values are increased, whilst the parameters with negative PRCCs will reduce the value of Ry,

Py and G}; when the parameter values are increased.
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Figure 7.2: Global Sensitivity for Reproductive number (Ry)

In Figures (7.2), we present the global sensitivity analysis of R using the tornado plot. The parameters
Bv, Ag, Ag, B, 7, as, Ny and a, have the high impact in in raising the value of Ry when these pa-
rameters values are increased. The parameters uy, Py, ¢v, av, uv, vv, Go, agm, i, and pus have the
high effect in reducing the value of Ry when these parameter values are increased. The parameter values
may have either positive or negative PRCCs, it is important to notice whether there is an increasing or

decreasing trend when parameter values are varied.

In Figure (7.3), we present the tornado plot which showing the PRCCs of the community sporozoites load
(Py). The parameters Py, Ag, 0, Ny, oz, a, o and Ny, have more influence in increasing the value of
Py when these parameter values are increased. Whilst these parameters Sy, uy, v, av, g, bw, Ow,

Bh, s and p, have more impact on reducing the value of Py, when the parameter values are increased.

Figure (7.4) illustrates on tornado plot which showing the PRCCs of the G 7. The parameters Sy, Ay, ™
and Aj, have the influence in raising the value of Gy when the parameter values are increased. Whereas
the parameters oy, v, Po, ¢ and ayp have more influence in reducing the value of Gy when these

parameter values are increased.
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Figure 7.3: Global Sensitivity analysis for Community Sporozoites Load (Py)
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Figure 7.4: Global Sensitivity analysis for Community Gametocytes Load (G g )
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7.4.2 The Influence of Immature Mosquito Parameter on Within-Mosquito Scale Vari-

ables

In this sub-section, we examine through numerical simulation of the coupled multiscale model (7.2.1.1)
the influence of immature mosquito parameters on the withi-mosquito scale sub-model dynamics of
malaria. Figure (7.5)-figure (7.13) present the evidence of influence in the variation of immature mosquito
scale parameters on the dynamics of within-mosquito variables ((a) population of gametocytes G, (b)

population of gametes G, (¢) population of zygotes Z,,, and (d) population of sporozoites P,).
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Figure 7.5: Graphs of numerical results of multiscale model (7.2.1.1) presenting the influence of variation

of hatching of mosquito eggs into larvae at constant rate (6x) at the within-mosquito scale dynamics of

(a) population of gametocytes GG, (b) population of gametes G, (c) population of zygotes Z,,, and (d)
population of sporozoites P, for different values of 0g: 0 = 0.2, 0 = 0.4 and 0 = 0.6

Figure (7.5) demonstrates the results of numerical simulation presenting the dynamics of (a) populations
of gametocytes &, (b) population of gametes GG, (c) population of zygotes Z,,, and (d) population of
sporozoites P, for different values of hatching of eggs into larvae at a rate 0g: g = 0.2, 0 = 0.4, and
0r = 0.6. The results present that as the hatching of eggs into mosquito larvae increase, there is also vis-
ible increase in the malaria infection at the within-mosquito scale (that is, (a) population of gametocytes
Gy, (b) population of gametes G, (¢) population of zygotes Z,,, and (d) population of sporozoites P,).
The results indicate that control measures that reduce the hatching of eggs or increase the mortality of laid

eggs has an impact in reducing the malaria infection at both within-mosquito scale and at community-level.

Figure (7.6) illustrates the solutions of numerical simulation showing the dynamics of (a) population of

gametocytes GG, (b) population of gametes G,,, (c) population of zygotes Z,, and (d) population of
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sporozoites P, for different values of development of pupae into adult mosquito at a constant rate a;s:
ay = 0.25, aps = 0.35, and arpy = 0.45. The results present that as the rate of development of pupae into
adult mosquito increase, there is a significant increase in the dynamics of (a) population of gametocytes
Gy, (b) population of gametes G, (c) population of zygotes Z,,, and (d) population of sporozoites P,,.
The results suggest that interventions that kills the pupae have an impact of reducing the mosquito density

which has an influence in reducing malaria infection at both within-hosquito scale and between host scale.
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Figure 7.6: Graphs of numerical results of multiscale model (7.2.1.1) presenting the influence of variation
of pupae develops into adult mosquito at a constant rate («ps) at the within-mosquito scale dynamics of
(a) population of gametocytes GG, (b) population of gametes G,,, (c) population of zygotes Z,, and (d)

population of sporozoites P, for different values of (aps): apr = 0.25, apr = 0.35 and oy = 0.45

Figure (7.7) presents variations in (a) population of gametocytes G,,, (b) population of gametes G, (c)
population of zygotes Z,, and (d) population of sporozoites P, for different values of development of
larvae into mosquito pupae at a rate aryy: oy = 0.2, apr = 0.4, and oy = 0.6. From the results in figure
(7.7), we observe that as the rate of development of larvae into mosquito pupae increase, we also observe
an increase in the malaria infection on the dynamics of (a) population of gametocytes G, (b) population
of gametes G, (c) population of zygotes Z,, and (d) population of sporozoites P,. The results suggest
that control measures that targets the killing of larvae have an impact of reducing malaria infection at

within-mosquito scale and also at population-level.
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Figure 7.7: Graphs of numerical results of multiscale model (7.2.1.1) presenting the influence of variation
of larvae develops into pupae (ayy ) at the within-mosquito scale dynamics of (a) population of gameto-
cytes G, (b) population of gametes G,,, (c) population of zygotes Z,,, and (d) population of sporozoites

P, for different values of (aw): aw = 0.2, ay = 0.4 and ay = 0.6

Figure (7.8) illustrates the variations in (a) population of gametocytes (¢, (b) population of gametes G,
(c) population of zygotes Z,,, and (d) population of sporozoites P, for different values of pupae reduced
by other species feed on them at a constant rate dp;: 37 = 0.008, o5y = 0.08, and d5; = 0.8. From the
results in figure (7.8), we observe that as the rate of pupae reduced by other species feed on them increase,
there is a visible reduction in the malaria infection on the dynamics of within mosquito variables (that is,
(a) population of gametocytes GG, (b) population of gametes G,,, (c) population of zygotes Z,, and (d)
population of sporozoites P,). The results suggests that interventions that aimed at increase the mortality
of pupae have an impact in reducing the density of mosquitoes which results in reduction of malaria in-

fection at both within-mosquito scale and at community-level.

Figure (7.9) demonstrates the dynamics of (a) population of gametocytes G, (b) population of gametes
Gm, (c) population of zygotes Z,, and (d) population of sporozoites P, for differet values of reduction
of larvae by other species that feeds on them at a rate dy: dyy = 0.008, dyy = 0.08, and dy = 0.8.
The results present that as the rate of larvae being reduced by other species that feeds on them increase,
there is a significant reduction on the dynamics of (a) population of gametocytes G, (b) population of
gametes Gy, (¢) population of zygotes Z,,, and (d) population of sporozoites P,. The results suggest that
the intervention that increase the mortality of the larvae have an impact of reducing the mosquito density
which have an effect in reducing the malaria infection at both within-mosquito scale and at population

level.
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Figure 7.8: Graphs of numerical results of multiscale model (7.2.1.1) presenting the influence of variation

of pupae reduced species that feeds on them at a rate () at the within-mosquito scale dynamics of

(a) population of gametocytes GG, (b) population of gametes G,,, (c) population of zygotes Z,,, and (d)
population of sporozoites P, for different values of (d57): 57 = 0.008, 3y = 0.08 and §5; = 0.8

Figure (7.10) demonstrates the dynamics of (a) population of gametocytes Gy, (b) population of gametes
G, (c) population of zygotes Z,, and (d) population of sporozoites P, for different values of which
mosquitoes lay eggs at a constant rate Ag: Ap = 100, A = 200, and Ag = 300. The results in figure
(7.10) pictures that as the rate at which mosquitoes lay eggs increase, there is visible increase in the dy-
namics of within-mosquito scale (that is, (a) population of gametocytes GG, (b) population of gametes G,
(c) population of zygotes Z,, and (d) population of sporozoites F,). The results suggest that interventions
that destroys the laid eggs has an impact of reducing the mosquito density which also have influence in

reduction of malaria infection on within-mosquito scale and at community level.

Figure (7.11) displays the dynamics of (a) population of gametocytes G, (b) population of gametes G,
(c) population of zygotes Z,, and (d) population of sporozoites P, for different values of natural mortal-
ity rate Figure (7.10) demonstrates the dynamics of (a) population of gametocytes Gy, (b) population of
gametes G, (c) population of zygotes Z,, and (d) population of sporozoites P, for different values of
which mosquitoes lay eggs at a constant rate Ag: Ag = 100, Ap = 200, and A = 300. The results
in figure (7.10) pictures that as the rate at which mosquitoes lay eggs increase, there is visible increase
in the dynamics of within-mosquito scale (that is, (a) population of gametocytes G, (b) population of
gametes G, (¢) population of zygotes Z,,, and (d) population of sporozoites P, ). The results suggest that

interventions that destroys the laid eggs has an impact of reducing the mosquito density which also have
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influence in reduction of malaria infection on within-mosquito scale and at community level.

Figure (7.11) displays the dynamics of (a) population of gametocytes GG, (b) population of gametes G/,
(c) population of zygotes Z,,, and (d) po of mosquito eggs pg: ug = 0.3, ug = 0.6, and up = 0.9. The
results present that as the natural mortality of mosquito eggs increase, there is a significant reduction in
the malaria dynamics of within-mosquito scale (that is, (a) population of gametocytes G, (b) population
of gametes G, (c) population of zygotes Z,,, and (d) population of sporozoites F,). The results imply
that the interventions that aimed at the killing of the mosquito eggs have an influence in reducing the
density of mosquitoes which have an effect of reducing the malaria infection in within-mosquito scale and

at community-level.
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Figure 7.9: Graphs of numerical results of multiscale model (7.2.1.1) presenting the influence of variation

of larvae reduced by species that feeds on them at a rate (dy) at the within-mosquito scale dynamics of

(a) population of gametocytes GG, (b) population of gametes G,,, (c) population of zygotes Z,, and (d)
population of sporozoites P, for different values of (dy): oy = 0.008, dyy = 0.08 and dyy = 0.8

Figure (7.12) Presents the dynamics of (a) population of gametocytes (=, (b) population of gametes G,
(c) population of zygotes Z,, and (d) population of sporozoites P, for different values of natural mortality
rate of pupae pas: par = 0.15, ppr = 0.35, and ppr = 0.55. From the results in figure (7.12) show as the
natural mortality of pupae increase, we also notice that there is reduction in the dynamics of (a) population
of gametocytes G, (b) population of gametes G,,, (c) population of zygotes 7, and (d) population of
sporozoites P,. The results indicate that interventions that targets the killing of mosquito pupae has an
impact in reducing the mosquito density which have influence in the reduction of malaria infection in both

within-mosquito scale and between-host scale.

© University of Venda



L
>

) (o

&) University of Venda
) Creating Future Leaders
C

Chapter 7 280
20 60
© A =100 v Ap =100
s — A =200 50 — A =200
15 == A, =300 == A =300

T LT
40 o*

=
S

The Population of Gametes (G,,)

v

Infected erythrocytes Gametocytes (;

0 0
0 500 1000 1500 2000 2500 3000 0 500 1000 1500 2000 2500 3000
Time in days Time in days
20 60000
» A =100 v A =100 gemTns
DA T T
— A =200 50000 ot
=15 == Ay =300 "E .

N L

o S 40000
H §
:
N X 2

5 % 30000
] s
s s

ES 2 20000
& 2
o

S 10000} 3
0
500 1000 1500 2000 2500 3000 0 500 1000 1500 2000 2500 3000
Time in days Time in days

Figure 7.10: Graphs of numerical results of multiscale model (7.2.1.1) presenting the influence of vari-

ation of mosquitoes lay eggs at a rate (Ag) at the within-mosquito scale dynamics of (a) population of

gametocytes G, (b) population of gametes G, (c) population of zygotes Z,,, and (d) population of sporo-
zoites P, for different values of (Ag): Ap = 100, Ag = 200 and A = 300

Figure (7.13) presents the dynamics of (a) population of gametocytes G, (b) population of gametes G,
(c) population of zygotes Z,, and (d) population of sporozoites P, for different values of natural death
rate of mosquito larvae uy: pw = 0.1, uyw = 0.3, and pyw = 0.5. The results desplay that as the
natural decay of mosquito larvae increase, there is a visible reduction on the dynamics of (a) population
of gametocytes (G, (b) population of gametes G,,, (c) population of zygotes Z,,, and (d) population of
sporozoites P,. The results indicate that the health interventions that target the killing of larvae that is use

of larvicides which have an impact in reducing the density of mosquitoes.
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Figure 7.11: Graphs of numerical results of multiscale model (7.2.1.1) presenting the influence of variation

of mortality rate of eggs (ug) at the within-mosquito scale dynamics of (a) population of gametocytes

G, (b) population of gametes G,,,, (c) population of zygotes Z,,, and (d) population of sporozoites P, for

different values of (ug): pg = 0.3, ug = 0.6 and up = 0.9
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Figure 7.12: Graphs of numerical results of multiscale model (7.2.1.1) presenting the influence of variation

of mortality rate of pupae (up) at the within-mosquito scale dynamics of (a) population of gametocytes

G, (b) population of gametes G, (c) population of zygotes Z,, and (d) population of sporozoites P, for

different values of (par): par = 0.15, par = 0.35 and ppy = 0.55
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Figure 7.13: Graphs of numerical results of multiscale model (7.2.1.1) presenting the influence of variation

of natural death rate of larvae (uy) at the within-mosquito scale dynamics of (a) population of gameto-

cytes G, (b) population of gametes G, (c) population of zygotes Z,,, and (d) population of sporozoites
P, for different values of (uw): pw = 0.1, py = 0.3 and pyw = 0.5

7.4.3 The Influence of Immature Mosquito Parameters on Between-Host Scale Variables.

In this sub-section, we use numerical results to demonstrate the influence of immature mosquito param-
eters on the between-host scale variables ((a) population of infected humans I, (b) community gameto-
cytes load G, (c) population of infected mosquitoes Iy, and (d) community sporozoites load Py-). The
immature mosquito parameters were used to demonstrate the effect of immature mosquito on between-
host scale malaria infection dynamics. Figures (7.14)—(7.19), showing the evidence of the impact for
immature-mosquito scale parameters (0, ans, aw, Oar, 0w, Ag, g, ar, ) on between- human scale
variables ((a)infected-human populations (/) and (b) community gametocytes load (G)) and also on
between-mosquito scale variables ((c)infected-mosquito populations (/i) and (d) community sporozoites

load (Py)) using the coupled multiscale model (7.2.1.1) for malaria disease systems.

Figure (7.14) demonstrates the changes in (a) population of infected humans Iz, (b) community game-
tocytes load Gz, (c) population of infected mosquitoes Iy, and (d) community sporozoites load Py for
different values of hatching of mosquito eggs 0: 0 = 0.02, 0 = 0.04, and 05 = 0.06. The results in
figure (7.14) present that the increase in the hatching of mosquito eggs has an impact in the increasing the

dynamics of (a) population of infected humans /7, (b) community gametocytes load Gz, (c) population

© University of Venda



L
>

) (o

K.) University of Venda

Creating Future Leaders
@)

Chapter 7 283

of infected mosquitoes Iy, and (d) community sporozoites load Py-. The results suggest that any inter-
vention that increase the mortality of mosquito eggs have an impact in reducing malaria transmission at

between-host scale.
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Figure 7.14: Simulation of multiscale model (7.2.1.1) presenting changes in population of infected humans
(Ig), community gametocytes load (G ), population of infected mosquitoes (/i) and community sporo-
zoites load (Py ) for distinct values of hatching rate of eggs into larvae (0g): 0 = 0.02, 0.04 and 0.06.

Figure (7.15) demonstrates the numerical simulation of multiscale model (7.2.1.1) presenting the dynam-
ics of (a) population of infected humans Iz, (b) community gametocytes load G, (c) population of
sporozoites load Iy, and (d) community sporozoites load Py, for different values of development of pupae
into adult mosquitoes aps: aps = 0.25, apy = 0.35, and apy = 0.45. From the results in Figure (7.15)
present that as the rate of progression of pupae into adult mosquitoes increase, there is visible increase on
the dynamics of (a) population of infected humans /7, (b) community gametocytes load Gy, (c) popula-

tion of infected mosquitoes Iy, and (d) community sporozoites load Py .

Figure (7.16) demonstrates the numerical simulation of multiscale model (7.2.1.1) presenting the dynam-
ics of (a) population of infected humans [, (b) community gametocytes load G, (c) population of
sporozoites load Iy, and (d) community sporozoites load Py, for different values of the progression rate
of larvae into mosquito pupae ayy: aw = 0.2, ay = 0.4 and ayy = 0.6. These results in figure (7.16)
present that as the progression rate of larval mosquito into pupae increases, we notice that malaria trans-
mission at between-human scale and between-mosquito scale also increases. Therefore, any intervention
that targets the larval and reduce the progression of larval into pupae have impact in reducing malaria

transmission at population-level.
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Figure 7.15: Simulation of multiscale model (7.2.1.1) presenting changes in population of infected

humans (Iz), community gametocytes load (Gg), population of infected mosquitoes (/) and com-

munity sporozoites load (Py) for distinct values of rate at which pupae develop into adult (ay):
ap = 0.25, 0.35 and 0.45.

Figure (7.17) illustrates the numerical simulation of multiscale model (7.2.1.1) presenting the dynamics
of (a) population of infected humans /7, (b) community gametocytes load G, (c) population of sporo-
zoites load Iy, and (d) community sporozoites load Py, for different values of mortality of pupae due to
species that feeds on them dps: 63y = 0.008, 93y = 0.08, and §3; = 0.8. From the results in figure (7.8),
we observe that as the mortality of pupae due to species that feeds on them increase, there is also visible
reduction in the dynamics of (a) population of infected humans /7, (b) community gametocytes load G g,
(c) population of infected mosquitoes Iy, and (d) community sporozoites load Py,. These results suggest
that use of pupacides has an impact of increasing the mortality of pupae have an impact on reducing the
malaria transmission at the between-human-scale dynamics (that is, (a) population of infected humans and
(b) community gametocyte load) and between-mosquito scale (i.e., (c) population of infected mosquitoes

and (d) community sporozoites load).

Figure (7.18) describes the numerical simulation of multiscale model (7.2.1.1) presenting the changes (a)
population of infected humans 7, (b) community gametocytes load G, (c) population of sporozoites
load Iy, and (d) community sporozoites load Py for different values of mortality rate of larval due to
species feeds on them dyy: dyr = 0.008, dyy = 0.08 and dyy = 0.8. The results in figure (7.18) present that
an increase in the mortality of larvae due to species feeds on them has an impact on the reduction of malaria
transmission on the dynamics of (a) population of infected humans Iz7, (b) community gametocytes load

G, (c) population of infected mosquitoes [y, and (d) community sporozoity load Py . The results suggest
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that the use of larvicides or interventions that increase the mortality of larval have an influence of reducing

malaria transmission at the population-level.
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Figure 7.16: Simulation of multiscale model (7.2.1.1) presenting changes in population of infected

humans (Iz), community gametocytes load (Gg), population of infected mosquitoes (/) and com-

munity sporozoites load (Py) for distinct values of rate at which larvae develop into pupae (ayy):

aw = 0.2, 0.4 and 0.6.

eggs has an effect of reducing the malaria transmission at population-level.
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Figure (7.19) demonstrate the numerical simulation of multiscale model (7.2.1.1) presenting changes in
(a) population of infected humans Iy, (b) community gametocytes load Gz, (c) population of sporozoites
load Iy, and (d) community sporozoites load Py for different values of mosquitoes laying eggs Ag:
Ag = 1000, A = 2000 and A = 3000. The results in figure (7.19) present that increasing the rate of
mosquito laying eggs has an effect of increasing the malaria transmission dynamics of (a) population of
infected humans Iz, (b) community gametocytes load Gz, (c) population of sporozoites load Iy, and (d)

community sporozoites load Py . Therefore, the intervention that increasing the mortality of the mosquito
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Figure 7.17: Simulation of multiscale model (7.2.1.1) presenting changes in population of infected hu-

mans (Iz), community gametocytes load (G ), population of infected mosquitoes (/i) and commu-

nity sporozoites load (Py ) for distinct values of rate at which pupae reduced by other species (das):
dpr = 0.008, 0.08 and 0.8.
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Figure 7.18: Simulation of multiscale model (7.2.1.1) presenting changes in population of infected hu-

mans (Iz), community gametocytes load (Gg), population of infected mosquitoes (/i) and commu-

nity sporozoites load (Py) for distinct values of rate at which larvae reduced by other species (dyy):
0w = 0.008, 0.08 and 0.8.
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Figure 7.19: Simulation of multiscale model (7.2.1.1) presenting changes in population of infected

humans (1), community gametocytes load (Gg), population of infected mosquitoes (/) and com-

munity sporozoites load (Py) for distinct values of rate at which mosquitoes lay eggs (Ag): Ap =
1000, 2000 and 3000.

7.5 Extended Model

We extend the multiscale model (7.2.1.1) and to incorporates the effects of three malaria health interven-
tions: (i) larvicides and pupacides, (ii) long-lasting insecticidal bed nets (LLINs) and (iii) artemisinin-
based combination therapy (ACT). These malaria health interventions are employed at different scale
domains of malaria infectious disease systems with larval source management functioning at immature
mosquitoes population, LLINs functioning at between-host scale for adult mosquitoes and humans, and
ACT functioning at within-infected human. In this section, we need the best strategies for controlling
malaria disease systems by targeting immature and adult mosquitoes and treatment of infected humans.
We extend model (7.2.1.1) for the dynamics of mosquito-human population and malaria transmission
to includes: control strategies in targeting immatures mosquito population, control strategies in targeting
adult mosquito population and also protection of humans from contacts with human populations and lastly
treatment of infected-humans (i.e. within human-host scale). The number of malaria infected population
increases due to the growth of mosquito population. We illustrate what will happen if we destroy the im-
mature mosquitoes by drawing stagnant water where mosquitoes lay their eggs, control adult mosquitoes
and protecting and treating the human population. The controlling of immature and adult mosquitoes is

for aiming to reduce the mosquito vector population.
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The control strategy of larval source management involves the methods such as the destroying of breeding
sites of mosquitoes to reduce the densities of mosquitoes. These will result in experience an increase in
eggs, larvae and pupae mortality rates. Destroying immature stages at eggs, larval and pupal stages has
an impact in reducing the density of mosquitoes. By preventing their successful development into adult

mosquito will also results in reduction of malaria transmission in the area or community.

The second control strategy is long-lasting insecticides-treated bed nets (LLINs) which reduce the trans-
mission of malaria between human-populations and adults mosquito populations. We assume that LLINs
have the influences on the adult mosquito populations. (i) It has impact on directly killing of adult
mosquitoes that come to contact with nets, (ii) repelling of adult mosquitoes from house and diverting
them to an animal blood meal host due to insecticides irritation or physical blockades of nets and (iii)

increasing the duration of the gonotrophic cycle that directing to a reduction of oviposition rate.

The third and last control strategy that we are going to employ to our work is artemisinin-based combi-
nation therapy (ACT) which is the treatment process of within-infected humans. ACT has an impact on
killing gametocytes and also killing merozoites populations. These will have an influence in reducing the
malaria transmission in the community.The parameters of coupled multiscale model system (7.2.1.1)are

modified as follows:

(i) Larvicides and pupacides: Killing effects on eggs by r., then g is modified such that up — pp(1+
re). Killing effect on larva by r,, then uy is modified such that py — pw (1 + ). Killing
effect on pupa 7y, then ppr — par(1+ 7).

(ii) Long-lasting insecticide-treated nets.

(a) Directly killing of mosquitoes with killing efficacy of x, then uy is modified to gy — py (14
K),

(b) The effect of mosquito repellent of v, Sy is modified to By — By (1 —v), and Sy is modified
to S — Bu(l—v),

(c) Protective efficacy of humans from mosquito bites ¢, Sy is modified to Sy — Sy (1 — @),
and By is modified to Sy — Bu (1 — ¢).

(iii) First line treatment by ACT

(a) Killing efficacy on gametocytes is given by g, p, is modified to pp, — pp(1 + g).
(b) Kkilling efficacy on merozoites is given by m, p,,,] is modified to 1, — (1 + m)
(c) Emergent effect on reducing the disease induce death rate, 6y — (1 — p).

(d) Emergent effect on increase the patient’s recovery rate, vz — v (1 + 0).
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The model below is an extension of model (7.2.1.1) which incorporates the impacts of malaria health

interventions, which is given by

1. dECZ(t) = Ap— (ue(l+7re)+0r)Eg(t),
9 de(t) — 9.E B
: g = 02Ee(t) = (mw(l+710) +aw + ow)Lw (),
3. dPC]Z(t) = awLw(t) = (ua (1 +rm) + an + ) Pu(t),
4. dsc‘i/;t) _ aM];M(t) _ BH(l _ Ué(ol—i__g;((;t;[(t)s‘/(t) — pv (1 + K)Sy (),
sl PSR AN )+ 801
dGy(t)  Bu(l—v)A —p)Gu(t)(Sv — 1)
0 e (Go+ Gu)ov(Iy +1) = oo ] Gult),
7. ng;(t) = NyagGy(t) — [os + ps] G (1), (7.5.0.1)
8. dZ;t(t) _ %asGm(t) o + 112 Z(0),
0. T2 Zut) s+ ) Oul0),
0. PO N00,0) o+ ] PO,
TR ;t(t) = Pyay(Iy(t) +1) — ay Py (t).
2. Bl RO IO i) + 1+ 0) (),
1. ) SO m SISO (1 46) 4 0l ) In )
14. dGz(t) = NheOéhIH(t) — OéHGH(t),

where N}, is the effective amount of malaria pathogens produced, during the entire period of host infec-
tiousness after implementing the various health interventions and is given by
m (1= 7m)NuBrAn — popin (1 +m)

Npe = . 7.5.0.2
e E T | NoBalan + an(L+9)) (7:502)

The reproductive number of extended model (7.5.0.1) is given by

Rg =+ RvuRpv. (7.5.0.3)
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where
1Nyay, 1 1 By(1—v)(1—¢)Ay
Rve = 5 > ;
2 Qp Pyavy HH
Ry = Npeap, 1 1 Bu(l—v)(1—¢)ge
pr +ya(1+0)+05(1—p)Goag  pv(1+r)oy
N, = 1 Do Neaw @ a1 (7.5.0.4)
2ag+:ugak+,ukaz+ﬂzas+ﬂsav+ﬂv
qe = (apawbpAp —2uv (14 £)Qp),
apyawbpAy > 2uv(1+K)Qp,
Qp = [up(l+re)+0p]lpw(l+ry) + aw + dw]lua (1 4 7m) + anr + S,

where Ry is the effective reproductive number with various malaria health interventions which is derived

from model (7.5.0.1), Ry g is vector to human effective reproductive number with various malaria heath

interventions and Ry, is human to vector effective reproductive number with various malaria health in-

terventions.

The disease free equibrium state of extended model (7.5.0.1) is given by

EO

Where

(E%» Liv, Py, SV, IV, GO, G, 2., 00, P P, Sy, Ty, Gy). (7.5.0.5)
(E%, LYy, Py, 5Y,,0,0,0,0,0,0,0, S%,0,0),
(e +0E8)’
 Ag 0
(ne +0) (pw + aw + ow)’
A 0
_ E E aw , (7.5.0.6)
(e +0E) (pw + aw + ow) (par + aar + Oar)
ay ow o) Ap
2uy (uar + o + o) (pw + aw + 0w) (e +0E)’
_ Ax
NH'

The malaria health intervention induced endemic equilibrium states is given by

E = (EEyzW7PMa§V7TV)§vaémaZvaﬁUaPV)gvaHuéH)7
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where
Ep = ,
E NE(l + 7’@) + HE
— 1 O0pAE
LW = )
pw (L +ry) +aw + 0w pp(l+ 1) + g
— aWHEAE
Py = ———,
M Qp
5, - anowbpAp [NpeonBy (1 —v)(1 — o)Ay Py + agGolaie(Po 4+ Py) + aze Py
v azeQn 7
(7.5.0.7)
I, = NpeanBu(l —v)(1 — @)apawlpApby (1 —v)(1 —@)Ag Py
ase(py (14 K) + 0v)Qum ’
o 1 NpeapBu(l1—0)?(1 — 9)?BvAg Py [bic Py + bac]
Qg + fig azedv Iy +1)Qn ’
o Nyay 1 NpeapBu(l—v)2(1 — ¢)?BvAuPy[b1e Py + ba]
" Qg + g Os + s 036¢V<IV + 1>QN ’
7, — 1 Nyag  as 1 NpeapBu(l—v)*(1 _ip)25VAHFV (b1 Py + bae]
20+ pg s+ s 0 + azedv(Iv +1)Qn
0, — 1 Ngag  as a; 1 NpeanBu(l—v)%(1 _f)2/BVAHFV[blePV + bae|
2ag+,uag Qs+ Us Oy + Wy O + Uk CL36¢V(IV+1)QN ’
B - N Npeon (1 —v)*(1 — ¢)? By Ag Py [b1e Py + ba]
! azedv (Iv +1)QN ’
P, — et 3. — 40166367
2016
5, — Aals+ya(+0)+0u(l —p)(P+ Pv)
a1e(Py + Py) + a2 Py ’
TH _ ,3{/(1 — U)(l — (P)AHPV
a1e(Po + Py) + age Py’
o, — Neeanfv(1-v)(1- @) APy
H

aglare(Po + Py) + aze Py]
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where

Qu = Npeanfv(l —v)(1 = @)AgPy(Bu(l —v)(1—¢)+py(1+rK))
+uv (1 + K)agGolaie(Po + Py) + a2 Pv]
Qn = [b3ePv + py(1 + K)agaieGoRy| [bicPy + apa1cGoP)
are = pulpn +ya(1+0)+0(1—p)],
aze = Pv(l—=v)(1 = @)|[ua +ou(l—p)],
aze = 2Qp,
bie = NueanByv(l—v)(1 —p)AnlapawblpAp —az(Bua(l —v)(1—¢) +py (1 + k)]
+apgGo(are + aze)[aprawbpAp — asepy (1 + k)] > 0,
bee = apgarGoPolayawlpAs — asepy (14 k)] >0, (7.5.0.8)
bse = Npeanfv(l—v)(1—)Ag(Bu(l—v)(1—¢)+pv(l+k))
+pv (1 + k)agGo(ate + aze) > 0,
bie = Npeanfyv(l—v)(1 —¢)An + anGo(aie + aze) >0,
Cle = ay@yazebgebse >0,
e = NpeanBy(1—v)(1 —@)Agaicasepy (1 + r)ayapdyGoPo[2 — Ry] + 0 Gj(ae + age) %
areazefty (14 K)ay ¢y Po[2 — RE] + NheanaseBy (1 — v)(1 — )’ Ap By lov ¢y areaseanGoPy
+Nyay Npean B (1 — v)*(1 — )* By An]

cze = —py(l+ /@)avqbvagea%ea%IG%Pg[R% —-1] <o0.

From model (7.5.0.1) we also deduce that there exist a unique positive endemic equilibrium state when-

ever Rp > 1.

The comparative effectiveness of the different malaria health interventions in this model is assessed using
Rp, Py and G of equations (7.5.0.3) and (7.5.0.7), as an indication of the effectiveness of the interven-
tion. We specially use these quantities (Rg, Py and G ) to relate the efficiency at the individual level
to population/ community level relative effectiveness of the health interventions against malaria disease
system and certain results from combined interventions. We calculate the percentage reduction (%age) of
Ry, Pj; and G'3; due to interventions that reduce them to R, Py and G at three different efficiency lev-
els, which (a) is the comparative effectiveness at low efficacy (CEL ) of 0.3, (b) comparative effectiveness
at medium efficacy (CEM) of 0.6 and comparative effectiveness at high efficacy (CEH) of 0.9 using the

different health interventions utilising the expressions
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%age reduction of Ry = RO_RE] x 100,
L Ro
pPs —P
%age reduction of Py = VPV} x 100, (7.5.0.9)
L \%4
%age reduction of G = GHG_GH} % 100,
L H

where Rp, Py and Gy are the effective reproductive number, the intervention induced endemic value of
community sporozoites load and the intervention induced endemic value of the community gametocytes
load, respectively. We assess the influence of health intervention components for malaria disease system
by comparing their effectiveness when they are individual and even when they are combined using R,
Py and Gy as indicators. For each efficiency level, we rank the reduction percentages of Ry, P; and
G’y in ascending order from 1 to 37 corresponding to the different combinations of 8 health interventions

considered in this work.

7.5.1 The impact of health intervention strategies against malaria disease using Ry as

indicator of intervention effectiveness

Table (7.7) indicates the results of assessment of the comparative effectiveness of single and combined
health intervention strategies of the percentage reduction of Ry when the efficacy of each single and
combined health intervention components are set to (a) comparative effectiveness at low efficacy level,
(b) comparative effectiveness at medium efficacy level, and (c) comparative effectiveness at high efficacy

level.

(i) From the results in the table (7.7), we can easily observe that when each of the health intervention
components efficacy are set to CEL efficacy level, CEM efficacy level, and CEH efficacy level,
respectively. The effect of mosquito repellent and protective efficacy of humans by the use of
LLINs have the highest efficacy and equal comparative effectiveness whereas killing of merozoites
by treating within within-infected human using ACT has the least comparative effectiveness that
can lead a reduction of Ry. The killing of merozoites by using ACT does not show the influences

of using this health intervention component.

(i) The results from the table (7.7) also shows the assessment of the effectiveness of the combination of
two health intervention strategies on the percentage reduction of Ry when each of the health inter-
vention components efficacy are set at (a) CEL efficacy level, (b) CEM efficacy level, and (c) CEH
efficacy level. Comparing the results of the effectiveness of the possible combination of two health
intervention components, we observe that the combination of direct killing of adult mosquitoes and
protective efficacy of humans intervention strategies have highest comparative effectiveness in each

efficacy level, followed by the combination of the killing effects on eggs for immature mosquitoes
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(ii1)

(iv)

and the efficacy of mosquito repellents by LLINs, followed by combination of killing effects on
pupa for immature mosquitoes and the protective efficacy of humans by LLINs. The least combina-
tion of two health intervention components are killing efficacy on gametocytes and killing efficacy

on merozoites by the ACT.

The results shows that the assessment of the comparison of combined three health intervention
strategies for malaria disease system and when all interventions are combined on the reduction of
Ry, when each of the combination interventions efficacy are set at (a) CEL efficacy level, (b) CEM
efficacy level, and (c) CEH efficacy level. By comparing the outcome of the effectiveness of the pos-
sible combination of three health intervention components and we can easily identify that when the
combination of killing efficacy of eggs of immature mosquitoes, the effects of mosquito repellent by
LLINs and killing efficacy of merozoites by ACT has the highest comparative effectiveness that can
lead to the reduction of Ry, whilst the least comparative effectiveness have a combination of health
intervention components which are the killing efficacy of eggs for immature mosquitoes, killing

efficacy of larval of immature mosquitoes and the killing efficacy of pupa of immature mosquitoes.

When we consider all eight health intervention components are implemented together at a time, we
observe from the table (7.7) that this combination has the highest comparative effectiveness that
lead to the reduction of 7 than any other combination interventions which were presented in this

work for assumed efficacy level.
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Table 7.7: Results of the assessment of comparative effectiveness of Malaria interventions using percent-
age reduction of basic reproductive number (Ry) as the indicator of intervention effectiveness when each

of the interventions is assumed to have: (a) low efficacy of 0.30, (b) medium efficacy of 0.60, and (c) high

efficacy Of 0.90. rate.

No. | Indicator of Inter- | Calculated CEL | Calculated CEM | Calculated CEH
vention effective- | Ro-L-eff Ro-M-eff Ro-H-eff
ness

1 Ry 0.0 1 0.0 1 0.0 1
2 R, 4.69 6 8.77 6 12.38 6
3 R, 5.35 7 9.93 7 13.91 7
4 R, 441 5 8.29 5 11.74 5
5 Ry 12.38 13 21.1 13 27.67 12
6 R, 30.0 25 60.0 25 90.0 25
7 R, 30.0 25 60.0 25 90.0 25
8 R 0.0 1 0.0 1 0.0 1
9 Ry 1.97 3 3.82 3 5.58 3
10 Rrory, 9.79 11 17.85 11 24.6 11
11 Rror,, 8.89 9 16.35 9 22.69 9
12 Ry 9.53 10 17.41 10 24.04 10
13 Rr.« 16.5 16 28.06 16 36.69 15
14 Ry v 33.28 28 63.51 28 91.24 28
15 R« 17.08 17 28.97 17 37.8 17
16 Rrym 5.35 7 9.93 7 13.91 7
17 Rr0 33.09 27 63.32 27 91.17 27
18 Ry, 38.67 30 68.44 30 92.77 30
19 Rpg 1.97 3 3.82 3 5.58 3
20 Rrorprm 13.78 14 24.68 14 335 14
21 Rrorpr 20.98 19 35.25 19 45.59 19
22 Rrprp s 20.19 18 34.06 18 442 18
23 Ry vm 33.28 28 63.51 28 91.24 28
24 Rroryrme 24.48 21 40.67 21 52.09 21
25 Rroryre 44.69 32 74.1 32 94.56 32
26 Rroryrg 22.53 20 37.72 20 48.63 20
27 Ryorymg 11.56 12 20.99 12 28.8 13
28 Ry orprmev 47.14 33 76.27 33 95.21 33
29 Rroryrmng 25.97 23 42.94 23 54.76 23
30 Ry oryrmeg 40.83 31 71.03 31 93.72 31
31 Rr ryrmmg 15.47 15 27.56 15 37.21 16
32 Rroryrmrove 63.0 35 90.51 35 99.52 35
33 Ry rrmrom 24.48 21 40.67 21 52.09 21
34 Rrorprmrmg 25.97 23 42.94 23 54.76 23
35 R riprmrvem 63.0 35 90.51 35 99.52 35
36 Rirorprmromg 48.18 34 77.18 34 95.48 34
37 Riorprmrvemg 63.72 37 90.87 37 99.55 37
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7.5.2 The impact of health intervention strategies against malaria disease using commu-

nity sporozoite load as indicator of intervention effectiveness

In this subsection, we investigate the impact of the health intervention components for malaria disease
system by comparative effectiveness using the %age reduction in endemic value of community sporozoite
load (Fy7) as an indicator. We compar the effectiveness of the health intervention components when they
are single and even when they are combined using Pj; as an indicator. Table (7.8) shows the results
of assessment of the comparative effectiveness of the 37 different combinations of malaria interventions
which are considered. We assess the effectiveness of single and combined health intervention strategies
on the %age reduction of Py when the efficacy of each of the health intervention components are set to
(a) CEL efficacy level, (b) CEM efficacy level, and (c) CEH efficacy level.

(i) From the single interventions, we observe that when each of the health intervention components are
set to low, medium, and high efficacy level, respectively: the killing efficacy on larva has the highest
comparative effectiveness on CEL efficacy level whilst the effect of mosquito repellent and protec-
tive efficacy of humans by the LLINs have the highest and equal comparative effectiveness on CEM
and CEH efficacy levels, that can lead to the reduction of Py,. We also notice that killing efficacy
on merozoites and killing efficacy on gametocytes by ACT interventions has the least comparative

effectiveness in all efficacy levels that can lead to reduction of Py

(ii) When considering the combination of two health interventions at the same time, where each combi-
nation is coming from the eight individual health intervention strategies, we observe that the combi-
nation of killing efficacy of eggs of immature mosquitoes and killing efficacy of larva of immature
mosquitoes has the highest comparative effectiveness on CEL efficacy level whilst the combination
of direct killing efficacy of adult mosquitoes and the protective efficacy of humans by LLINs has the
highest comparative effectiveness on CEM and CEH efficacy levels that can lead to the reduction of
Py. Tt then followed by the ranking of two health interventions, the combination of killing efficacy
of larva and killing efficacy of pupa for immature mosquitoes in the CEL efficacy level whilst the
combination of killing efficacy of eggs for immature mosquitoes and the effect of adult mosquito
repellent by LLINs has the second highest comparative effectiveness on CEM and CEH efficacy
levels that can lead to the reduction of Pj;. Whereas the combination of killing efficacy of mero-
zoites and killing efficacy of gametocytes has the least comparative effectiveness in the reduction of
Py

(iii)) When we take into account three health intervention strategies at the same time with each combina-
tion of three interventions coming from the eight individual malaria health intervention components,
we observe that the combination of the killing efficacy of eggs, the killing efficacy of larva and the
killing efficacy of pupa for immature mosquitoes has the highest compative effectiveness on CEL
and CEM efficacy levels while the combination of killing efficacy of eggs for immature mosquitoes,

the efficacy of adult mosquito repellent by LLINs and killing efficacy of merozoites by ACT has the
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highest comparative effectiveness on CEH efficacy level in the reduction of P};. The combination
of the killing efficacy of eggs for immature mosquitoes, the efficacy of adult mosquito repellent by
LLINs and the killing efficacy of merozoites by ACT has the least comparative effectiveness on
CEL and CEM efficacy level whilst the combination of killing efficacy of eggs, killing efficacy of
pupa for immature mosquitoes and the direct killing of adult mosquitoes by LLINs has the least

comparative effectiveness on CEH efficacy level in the reduction of Py;.

Lastly, when we take into account the comparative effectiveness of malaria interventions when all
the eight malaria intervention components are implemented at a time, we observe from the results
that this combination has the highest comparative effectiveness in all efficacy levels in the reduction
of Py
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Table 7.8: Results of the assessment of comparative effectiveness of Malaria interventions using per-

centage reduction of endemic value of community sporozoites load (Py) as the indicator of intervention

effectiveness when each of the interventions is assumed to have: (a) low efficacy of 0.30, (b) medium
efficacy of 0.60, and (c) high efficacy 0f 0.90. rate.

No. | Indicator of Inter- | Calculated CEL | Calculated CEM | Calculated CEH
vention effective- | Py -L-eff Py -M-eff Py -H-eff
ness

1 Py 0.0 1 0.0 1 0.0 1
2 Py, 9.34 9 17.12 7 23.71 7
3 Py, 10.63 10 19.26 8 26.42 8
4 Py, 8.81 6 16.22 6 22.55 6
5 Py, 7.22 5 135 5 19.0 5
6 Py, 9.19 7 26.54 10 68.84 25
7 Py, 9.19 7 26.54 10 68.84 25
8 Py, 0.0 1 0.0 1 0.0 1
9 Pyy 0.0 1 0.0 1 0.0 1
10 Pvrory, 19.0 20 33.18 16 44.03 14
11 Pvror, 17.35 15 30.64 14 41.06 12
12 Pvryro, 18.52 19 3245 15 43.18 12
13 Py 15.91 12 28.37 12 38.33 10
14 Pvr.o 17.62 17 38.97 19 76.1 28
15 Pvryx 17.11 13 30.23 13 40.54 11
16 Pvrym 10.63 10 19.26 8 26.42 8
17 Pyvr, o 17.14 14 38.32 18 75.74 27
18 Pyryp 17.43 10 42.6 24 81.72 30
19 Pvmg 0.0 1 0.0 1 0.0 1
20 Pvirrprm 26.18 25 44.16 25 56.92 19
21 Pvroryr 24.89 23 42.32 22 54.89 17
22 Pvrormk 23.35 22 40.12 21 52.47 16
23 Pvroom 17.62 17 38.97 19 76.1 28
24 Pvroryrme 31.56 27 51.86 27 65.4 21
25 Pvroryre 33.06 32 61.49 32 89.67 32
26 Pvroryrg 24.89 23 42.32 22 54.89 17
27 Pvrorymg 19.0 20 33.18 16 44.03 14
28 Pvrrprm s 38.96 33 67.74 33 92.0 33
29 Pvroryrmeg 31.56 27 51.86 27 65.4 21
30 Pvroryrmeg 32.82 31 58.59 31 86.26 31
31 Pvroryrmmg 26.18 25 44.16 25 56.92 19
32 Pvroryrmrve 473 35 82.52 35 99.09 35
33 Py ryrmeom 31.56 27 51.86 27 65.4 21
34 Pvroryrmrmg 31.56 27 51.86 27 65.4 21
35 Pvr vy rmrvem 47.3 35 82.52 35 99.09 35
36 Pvroryrmromg 38.96 33 67.74 33 92.0 33
37 Py ryrmrvemg 47.3 35 82.52 35 99.09 35
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7.5.3 The impact of health intervention strategies against malaria disease using commu-

nity gametocyte load as indicator of intervention effectiveness

In this subsection, we assess the impact of the eight health intervention components for malaria disease
system by comparing their effectiveness when they are single and even when they are combined using the
endemic value of community gametocyte load (G7;) as an indicator of intervention effectiveness. Table
(7.9) shows the results of the assessment of the comparative effectiveness of the malaria health intervention
components using the %age reduction in the community gametocyte load as an indicator of intervention
effectiveness. Community gametocyte load is a measure of the total infectious reservoir in humans, which
we also propose in this study as an appropriate measure for public health to assess the overall performance
of malaria health interventions targeted at the human host [24]. Community gametocyte load is useful in
targeting the control and elimination of malaria in a given geographical environment as an indication of

infectivity and the likelihood that malaria can be transmitted to mosquitoes.

a. By take into account the use of Larvicides and pupacides which has (i) killing efficacy on eggs,
(i1) the killing efficacy on larva and (iii) the killing efficacy on pupa for immature mosquitoes.
The results indicate that the killing efficacy on larva has the highest comparative effectiveness,
followed by the killing efficacy on eggs while the killing efficacy of pupa have the least comparative

effectiveness on larvicides and pupacides as a malaria health intervention.

b. When we take into account the use of LLINs as the only malaria health intervention, this inter-
vention has three components which are (i) directly killing of adult mosquitoes, (ii) the effect of
mosquito repellent and (iii) the protective efficacy of humans from mosquito bites. The results indi-
cates that the effect of mosquito repellent and the protective efficacy of humans from mosquito bites
have the highest but equal comparative effectiveness while the directly killing of adult mosquitoes

has the least comparative effectiveness in reducing the G7;.

c. When we consider the use of ACT as the only malaria health intervention, we observe that this
intervention has two components which are (i) the killing efficacy on gametocytes, and (ii) the
killing efficacy of killing merozoites. We notice that the killing efficacy on gametocytes have higher

comparative effectiveness than the killing efficacy of merozoites.

d. When we consider the comparative effectiveness of two components at a time of the malaria health

interventions we observe the following results:

i. The combination of the killing efficacy of merozoites and the killing efficacy of gametocytes
has highest comparative effectiveness on CEL and CEM efficacy levels and the combination
of directly killing of adult mosquitoes and the protective efficacy of humans from mosquito

bites has also the highest comparative effectiveness on CEH efficacy level.

ii. We consider the combination of the killing efficacy of eggs of immature mosquitoes and the

effect of mosquito repellent on CEL and CEH efficacy levels and the combination of the direct
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iv.

direct killing of adult mosquitoes and the protective efficacy of humans from mosquito bites on
CEM efficacy level has the second highest comparative effectiveness that can lead to reduction

of G.

We consider the combination of directly killing of adult mosquitoes and the protective efficacy
of humans from mosquito bites on CEL efficacy level, and on the other side the combination
of the killing effecacy on eggs for immature mosquitoes and the effect of mosquito repellent
on CEM efficacy level, and the combination of killing efficacy on pupa and the protective effi-
cacy of humans from mosquito bites on CEH efficacy level has the third highest comparative

effectiveness that can lead to the reduction of G7;.

Furthermore, we observe that the combination of the killing efficacy of larva and the killing
efficacy of merozoites has the lowest comparative effectiveness that can lead to the reduction
of G3;.

e. When we take into account the comparative effectiveness of three intervention components which

will be implemented at the same time of malaria health interventions, we observe the following

results. The combination of the killing efficacy on eggs, the effect of mosquito repellent, and the

killing efficacy on merozoites has the highest comparative effectiveness that can lead to the re-

duction of G7;. Whilst the combination of the killing efficacy on eggs, killing efficacy on pupa

for immature mosquitoes and the directly killing of adult mosquitoes has the lowest comparative

effectiveness that can lead to the reduction of G7;.

f. Lastly, when we consider the comparative effectiveness of all the intervention components of malaria

health interventions are implemented at a time, we observe from the results that this combination

has the highest comparative effectiveness compared to other combinations.
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Table 7.9: Results of the assessment of comparative effectiveness of Malaria interventions using percent-

age reduction of endemic value of community gametocytes load (G7;) as the indicator of intervention

effectiveness when each of the interventions is assumed to have: (a) low efficacy of 0.30, (b) medium
efficacy of 0.60, and (c) high efficacy 0f 0.90. rate.

No. | Indicator of Inter- | Calculated CEL | Calculated CEM | Calculated CEH

vention effective- | G -L-eff G -M-eff G -H-eff

ness
1 Gu 0.0 1 0.0 1 0.0 1
2 Gar, 0.19 5 0.37 5 0.56 5
3 GHry, 0.21 6 0.43 6 0.64 6
4 Grr,, 0.17 4 0.35 4 0.52 4
5 GHek 0.14 3 0.28 3 0.42 3
6 GHo 1.15 18 4.58 18 37.08 25
7 GHe 1.15 18 4.58 18 37.08 25
8 GHm 0.0 1 0.0 1 0.0 1
9 GHyg 39 26 7.5 24 10.84 18
10 GHryry 0.42 12 0.89 12 14 12
11 GHrorm, 0.38 10 0.79 10 1.24 10
12 GHryrm 0.41 11 0.86 11 1.35 11
13 GHrox 0.34 8 0.71 8 1.11 8
14 GHrov 1.44 22 5.71 21 43.36 28
15 GHryr 0.37 9 0.78 9 1.22
16 GHrym 0.21 6 0.43 6 0.64
17 GHrome 1.42 20 5.64 20 43.0 27
18 GHre 1.43 21 6.12 23 49.95 30
19 GHmyg 39 26 7.5 24 10.84 18
20 GHroryrm 0.64 15 1.41 15 2.33 15
21 GHroryr 0.6 14 1.31 14 2.15 14
22 GHrormr 0.55 13 1.2 13 1.96 13
23 GHroom 1.44 22 5.71 21 43.36 28
24 GHrorgrme 0.83 16 1.91 16 33 16
25 GHrorgre 2.13 24 94 31 63.76 32
26 GHrorgrg 4.47 29 8.71 27 12.76 21
27 GHrergymg 43 28 8.32 26 12.09 20
28 G Hroryrmsv 2.49 25 11.23 32 69.41 33
29 GHrorgrmeg 4.69 31 9.27 29 13.79 23
30 GHroryrmeyg 5.93 35 15.57 33 61.64 31
31 GHrorgrmmg 4.51 30 8.8 28 12.92 22
32 GHrorgrmrvp 5.22 33 39.17 35 99.5 35
33 GHrorgrmrom 0.83 16 1.91 16 33 16
34 GHrorgrmrmg 4.69 31 9.27 29 13.79 23
35 GHrorgrmrvem 5.22 33 39.17 35 99.5 35
36 GHrorgrmromg 6.29 36 17.89 34 72.72 34
37 GHrorgrmroemg 8.91 37 43.74 37 99.55 37
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7.6 Summary

In this chapter, we developed a multiscale model that described the replication-transmission multiscale
cycle of type II- vector-borne disease system at the host level, and that incorporates the mosquito life
cycle that is, immature mosquitoes and adult mosquitoes, using malaria as a reference. We applied the
embedded multiscale on mosquito dynamics to investigate the effect of super-infection, whereas at human
dynamics we used the nested multiscale model as a way to investigate the influence of initial infection
on the multiscale model malaria disease system. The multiscale model was developed based on the com-
bination of type I reciprocal influence between macro-scale and micro-scale on the human host, where
there is a pathogen replication cycle at the within-host scale, and also based on type II reciprocal influ-
ence of between macro-scale and micro-scale, where there is no pathogen replication at the within-host
scale. We performed the global sensitivity analysis of the basic reproductive number the community ga-
metocytes load, and the community sporozoites load. We conducted the global sensitivity analysis as a
way of identifying the parameters which have an influence on increasing or decreasing the disease dy-
namics. The results from mathematical analysis and numerical analysis present that immature mosquitoes
have an influence on the dynamics of the malaria disease system. We extended the multiscale model of
malaria disease dynamics with the mosquito life cycle by incorporating malaria health interventions. This
multiscale model present allowed us to use the comparative effectiveness of malaria health interventions
with associated of three different perspectives: (i) ACTs were applied at a within-human scale for killing
merozoites and gametocytes which is a way of reducing or preventing the pathogen replication cycle pro-
cess, (i) LLINs were used at between-host scale for preventing the transmission cycle process, and (iii)
the use of larvicides and pupacides targeted at the immature mosquitoes. In addition, we examined the
effects of different possible combinations of malaria health interventions on the replication-transmission
multiscale cycle of malaria among individuals in the community, and we learn that the combination of
all three malaria health interventions can lead to significant elimination of malaria infections. The results
of comparative effectiveness of malaria health interventions imply that the use of LLINs has the highest
comparative efficacy, followed by the use of larvicides and pupacides and finally the use of ACT. The
results of this study are useful for policymakers and members of the community in malaria-endemic areas

to use better strategies in improving disease management.
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Chapter 8

Conclusion and Future Research Direction

8.1 Conclusion

In this chapter, we summarized all the findings of this study and offer some recommendations that can
be considered for preventing and controlling the pathogen replication-transmission and spread of malaria
transmission at the individual level and at the population level. This study aimed at developing cou-
pled multiscale models of type II vector-borne disease system that consider the replication-transmission
relativity theory. We developed coupled multiscale models of type II vector-borne disease systems that
demonstrate the pathogen replication-transmission multiscale cycle using the malaria disease system as
an example. The coupled multiscale model developed has a combination of two other categories of mul-
tiscale models, which are as follows: (i) nested multiscale model and (ii) embedded multiscale model.
We selected coupled multiscale model for the type II vector-borne disease system because of the complex
life cycle which needs multiple hosts infection e.g., for malaria disease needs two hosts (human host and
mosquito host) for the parasite to complete the life cycle of the infectious disease system. These coupled
multiscale models considered the combination of sub-models with the following reciprocal influences:
(1) type I reciprocal influence between the macroscale and microscale and this type of reciprocal influ-
ence has a replication cycle at the micro-scale, and (ii) type II reciprocal influence between-macroscale
and microscale and this type of reciprocal influence has no pathogen replication at the microscale. This
coupled multiscale model of the malaria disease system was derived from a general multiscale model of

vector-borne diseases [18] and a coupled multiscale model of malaria disease [24].
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In Chapter 2, we presented a single-scale model that was formulated based on the transmission mecha-
nism theory of type II vector-borne disease systems. The single-scale models demonstrate the traditional
methods which were used previously, and which can be tracked to Sir Ronald Ross. We introduced the
disease dynamics transmission mechanism theory. We discuss the transmission mechanism’s limitations
and suggest a new modeling science for directly transmitted infectious diseases that is similar to an exist-
ing science for environmentally transmitted infectious diseases that considers pathogen load in both the
host and the environment. We introduced a new epidemiological variable called community pathogen load
(CPL), which is then utilized to define the force of infection and transmission probability. The single-scale
model used Ny and N, as the phenomenological parameters which were the production of community
pathogen load coming from the within-infected host scale. The traditional method concentrates only on
the transmission process which takes place at the microscale and neglects the replication process which
happens at the microscale. The numerical results of the single-scale model were carried out based on the
parameters which were more sensitive to the reproductive number Ry and the endemic of the community

pathogen loads (G and Py).

In Chapter 3, we presented a basic coupled multiscale model of the malaria disease system, with the main
objective of the study is to examine the influence of super-infection in mosquitoes has on the dynamics
of type II vector-borne disease transmission without pathogen replication-cycle at the microscale and also
to investigate the influence of initial infection in humans has on the dynamics of a multiscale model of
malaria disease system with pathogen replication cycle at the microscale. This model presented described
the application of pathogen replication-transmission relativity theory which incorporates events (that is,
pathogen replication) that give rise to the transmission and thus accommodate variation in time and space.
We analyzed the multiscale model on a fast-slow time scale by reducing the dimensions of the full nested
multiscale model into a simplified multiscale model. We proved the feasible region where the model is
mathematical well-posed. The equilibrium states were determined and the local stability of the model
was established using the basic reproductive number. From the numerical simulation, we discovered
that the nested multiscale model has a unidirectional flow of information, that is, the within-human scale
influences the between-host scale throughout the infection whereas the between-host scale influences the
within-human scale through initial infection and the within-human pathogen load is then maintained by the
pathogen replication cycle. On the embedded multiscale model, we observed that there is a bi-directional
flow of information, that is, the within-mosquito scale influences the between host scale throughout the

infection, whilst the between-host scale influences the within-host scale through super-infection.

In Chapter 4, we presented a coupled multiscale model of the malaria disease system, with the objective of
the study being to examine the influence of the human liver stage on the multiscale model for the malaria
disease system. We proved the invariant region and feasible region where the model is mathematical

well-posed. The multiscale model has a weakness in expressing the endemic equilibrium state in terms
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of explicit parameters and the known reproductive number. We extended the multiscale model by incor-
porating the vaccine health intervention and used the comparative effectiveness on three subunits which
are: (i) erythrocytic vaccine, (ii) blood-stage vaccine, and (iii) transmission-blocking stage vaccine. The
results indicated that the combination of these vaccine interventions has the highest impact of reducing
the reproductive number Ry. The combination of all three vaccine interventions has the transmission on

both individual-level and at population-level.

In Chapter 5, we presented a coupled multiscale model of the malaria disease system with the human im-
mune system. We used a coupled multiscale model of malaria with a combination of two nested multiscale
models in human-host where there is pathogen replication cycle at the within-human scale and mosquito-
host where there is no pathogen replication at the within-mosquito scale. We used the fast-slow time scale
analysis to reduce the dimensions of the full-nested multiscale model into a simplified nested multiscale
model. The role played by immune cells is to fight against the malaria parasite. From the numerical
results, we discovered that the immune cells parameters have an influence on the reduction of malaria
transmission at the community level. The results will help to identify the vaccines that boost the immune
cells in the fight against malaria parasite at three sub-units stages which has an impact in reducing malaria
at the individual level and at the population level. The results also suggested that malaria transmission can
be controlled by reducing the rate of sporozoites that invades the human liver cells, which will lead to the

reduction of merozoites that invade the red blood cells.

In Chapter 6, we presented a coupled multiscale model of the malaria disease system to explore the ef-
fect of temperature changes on the malaria pathogen replication transmission using a system of ordinary
differential equations. The multiscale model formulated in this study explicitly traces the malaria para-
site life cycle between two hosts (human host and mosquito host) and on two interacting scales (that is,
within-host scale and between host scale). It was established with the aid of Castillo-Chavez’s approach
that the infection-free state is globally asymptotically stable when the basic reproductive number (Ry) is
less than unity and also proved that the infection-free state is locally asymptotically stable when the basic
number is less than unity. It was also proved with the aid of fixed point theory that the endemic equilib-
rium state is asymptotically stable when the IRy is greater than unity. The existence and uniqueness of the
endemic equilibrium state were proved. The numerical simulation of the multiscale model was conducted
to explore the influence of temperature on the malaria transmission dynamics at the individual level and
at the population level. From the numerical simulation, we observed that as the temperature increases,
malaria transmission also increases at the population level and reaches a maximum when the temperature
is between 32°C' and 34°C. When the temperature continues to increase above 34°C' then the malaria
transmission begins to decline at the population level. Therefore, the temperature changes influence in-
creasing or reducing the malaria parasite replication and transmission cycle. The recommended control
measures in areas of high temperatures are the use of LLINS to prevent the transmission of malaria and

also the use of ACTs drugs and vaccines which are more effective on the within-human scale to prohibit
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the replication cycle.

In Chapter 7, we presented a coupled multiscale model of the malaria disease system that incorporates
the mosquito life cycle (that is, immature mosquitoes and adult mosquitoes). We examined the influ-
ence of the mosquito life cycle on the multiscale model of malaria transmission at the individual level
and the population level. The mathematical properties of the multiscale model were investigated. The
local stability and global stability of the disease-free equilibrium state were analyzed whenever Rj is less
than unity. The conditions for the existence and uniqueness of the endemic equilibrium state were well-
posed. The result from the center Manifold theory shows that the model has endemic equilibrium which
is asymptotically stable whenever the IRy is greater than unity. The numerical results show that as the rate
of immature mosquitoes developed to adult mosquitoes increased has an impact of increasing the density
of mosquitoes, which will result in an increase in malaria transmission at the population level. The nu-
merical results suggested that as more mosquitoes being mature there are more cases of malaria infection
at the community level. Therefore, to rescue the life of the community, in the fight against malaria by
reducing the number of mosquitoes from breeding sites by destroying eggs, larvae, and pupae, the use
of recommended chemicals for protection, use of LLINs, and ACTs. The model suggests that the use of
health interventions for malaria has an impact on reducing the transmission of malaria and the associated
disease burden. We extended the multiscale model of the malaria disease system with mosquito life cycle
by incorporating the three malaria health interventions: (i) larvicides and pupacides, (ii) LLINs, and (iii)
ACTs. We used the comparative effectiveness of the combination of malaria health interventions targeting
immature and adult mosquitoes, and humans, where these interventions work on both the within-host scale
and between-host scale. From the results, the comparative effectiveness of the combination of all malaria
health interventions (ACTs, LLINs, and larvicides/pupacides) has the greatest impact on the control of

malaria transmission at the individual and population level.

8.2 Future Research Directions

Since the aim of this study was on development of coupled multiple models of malaria disease system.
There are various aspects of the malaria disease system that are not considered in this study. Future

research directions in which the following aspects can be taken into account:

1. Taking into account the immune response in humans and vectors against parasites. Since vectors

have DNA like humans, they develop antibodies against malaria diseases.

2. Itis important to study the coupled multiscale model of malaria disease system with multiple malaria
patches that is when considering multiple geographical environments that have influence on con-

trolling imported pathogens from other communities or countries.
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3. The multiple scale model of chapter 4 did not take into account the other environmental effects
that determine the dynamics of malaria disease such as precipitation and humidity, which play an
important role in the population density of the vector. Since the rainfall plays an important role in

the reproduction of vectors.

4. Inclusion of resistance to malaria drugs or consideration of multiple pathogen infections in disease
dynamics. This includes the development of a multi-scale model of malaria parasites that studies
the role of an antimalarial drug concentration gradient on the evolutionary dynamics of malaria

parasites.
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