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Abstract

Malaria is a life-threatening disease caused by parasites that are transmitted
to humans through the bites of infected female mosquitoes. Almost half of the
world’s population is at risk of malaria. Schistosomiasis is considered second only
to malaria as the most devastating parasitic disease, estimated to affect 237 mil-
lion people worldwide. The development, mortality and reproduction rates of the
malaria and schistosomiasis parasites and their hosts are very sensitive to tem-
perature and the availability of water bodies. The distribution and prevalence of
the diseases are most likely to be affected by climate change. The aim of this
thesis was to advance understanding of the potential effects of climate change on
malaria and schistosomiasis transmission, using non linear differential equations.
In addition, the study also sought to assess the role of mathematical models in
evaluating the impact of climate variability and change on malaria and schistoso-
miasis transmission. The work in this thesis focused on investigating the effects
of climate on malaria and schistosomiasis transmission in Africa and South Amer-
ica. Climate driven deterministic models were developed separately for malaria,
schistosomiasis and malaria-schistosomiasis coinfection. Mathematical models of
human population dynamics and the vector population dynamics were developed
for both malaria and schistosomiasis. For both diseases, temperature-dependent
stages of the parasites in their life cycles are considered. Temperature and rain-
fall were incorporated in the models to explore the effects of climate variability
and change on the diseases transmission dynamics. The equilibrium states for the

models were determined and analysed. The reproductive rates were computed for



each model and accordingly analysed. Mathematical packages (Mathematica, Mat-
lab and C++) were used to perform sensitivity analyses and numerical simulations.
Projections for future transmission dynamics were made from climate change pro-
jection models in order to inform policy makers on how to deal with the diseases in
the future. Results from the malaria model suggest that temperature range 23°C
to 38°C is ideal for malaria transmission. The reproduction number increases as
temperature increases to attain a maximum at 31.5°C, beyond which the repro-
duction number starts declining. This result suggests the optimal temperature
for malaria transmission is around 31°C'. The analytic results are also supported
by numerical simulations which show an increase in malaria cases as tempera-
ture increases to about 38°C' and a decrease thereafter. Furthermore, results from
model analysis suggest daily rainfall in the range of 15 — 17mm is ideal for the
spread of malaria. The models’ reproductive rates were simulated using climate
models for Africa to determine the current transmission patterns and to aid pre-
diction of future trends. The results of the simulated current transmission pattern
of malaria fall within the observed spatial distribution of falciparum limits on the
African continent. Results from future projections of malaria transmission suggest
that due to climate change, endemic malaria will die out on the southern fringe
of the disease map in Africa by 2040, while malaria endemicity is going to become
a problem in the African highlands. A drying trend is the likely driving force for
the reduction in malaria transmission in the regions to the south of the continent,
while a warming trend is the likely factor driving the projected increase in malaria

endemicity in the highlands, although increases in malaria incidences in these ar-
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eas can also be attributed to socioeconomic factors such as land use change and
drug resistance. The model has the following limitations: it did not consider the
role of human migration, other climate variables, in particular relative humidity
as the tropical anopheline mosquitoes prefer humidities above 60% and the role of
socioeconomic factors in malaria transmission dynamics. Despite these limitations,
the model is reasonable enough to be able to give a realistic picture of malaria in
the African continent. Thus, results from the study will be useful at various lev-
els of decision making, for example, in setting up an early warning system and
sustainable strategies for climate change adaptation for malaria vectors control
programmes in Africa. These results can be generalized to other tropical regions
outside Africa. A mathematical model to explore the impact of temperature and
rainfall (in the context of its effect on water bodies) on schistosomiasis transmis-
sion is presented as a system of differential equations and analysed. The model
analysis suggests that the optimal temperature for schistosomiasis transmission
is around 23°C. Geographical information systems (GIS) was used to map the re-
production number for Zimbabwe using temperature and rainfall data from 1950
to 2000. It was noted that high reproduction numbers, which suggest high inci-
dences of schistosomiasis, are found in the Zambezi valley catchment area and the
lowveld of the country. A mathematical model for schistosomiasis and malaria coin-
fection incorporating rainfall and temperature was developed and analysed. The
coinfection reproduction number was computed and mapped on the continents of
Africa and South America. Results from the mapping suggest that environmental

ambient conditions in the equatorial regions of Africa and Latin America promote
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malaria and schistosomiasis coinfection with a heavier burden of coinfection in
South America, especially in Brazil. Within Africa, there are some countries where
it is beneficial to target both diseases, for example Angola, Democratic Republic of
Congo and Madagascar. However there are some areas where targeting Malaria
only is warranted. In the sub-tropical regions, including Namibia, South Africa,
the greater part of Zimbabwe and the areas on the northern fringe of the Sahara,
schistosomiasis is more dominant than malaria. Results also show that coinfection
is a greater problem in general in South America than in Africa. These findings
suggest that both schistosomiasis and malaria control programmes should be in-
tensified in these regions of Africa and South America. The results of this study
can be used to identify areas which need special attention with regard to malaria
and schistosomiasis control. This can be extended to incorporate other aspects like
the terrain of the region under study to capture the real transmission dynamics of

schistosomiasis and malaria.
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Chapter 1

Introduction

1.1. Background

The impact of climate variability and change on the transmission of infectious dis-
eases is a complex and pressing public health issue. Schistosomiasis is endemic in
78 tropical and subtropical countries (WHO, 2014). The World Health Organisa-
tion estimates that globally, 779 million people are at risk of schistosomiasis and
at least 237 million people are infected with Schistosoma species (Chitsulo et al.,
2000; Steinmann et al., 2006; Vos et al., 2012; Colley et al., 2014). Africa bears
the brunt of the epidemic where more than 90% of the infections occur worldwide
(WHO, 2013). Malaria on the other hand remains endemic in 97 countries with an
estimated 214 million cases worldwide and an estimated 438 000 deaths in 2015

(WHO, 2015). It is considered one of the most important vector-borne disease re-



Introduction 2

sponsible for the fifth greatest number of deaths due to infectious diseases and is
the second leading cause of death in Africa behind HIV/ AIDS (Gubler, 1998). Glob-
ally, malaria caused an estimated 453 000 under-five deaths in 2013 of which 437

000 were from Africa (WHO, 2014).

Climate change projections show increasing temperatures across Africa (Stocker
et al., 2013), where the burden of both schistosomiasis and malaria are highly
concentrated. What remains unclear is how climate change might affect the trans-
mission potential of both malaria and schistosomiasis in different locations, given
that rainfall and temperature are key determinants of both snails and mosquitoes
geographical distribution and all aspects of their life cycles. Although the impact of
climate change on human health has received increasing attention in recent years,
current comprehension of the relationships between environmental variables, in-
cluding temperature, rainfall and hydrology and vector borne diseases is still lim-

ited (Remais, 2010 ).

The aim of this thesis was to advance understanding of the potential effects of
climate change on malaria and schistosomiasis transmission, using non linear dif-
ferential equations. Mathematical models of human population dynamics and the
vector population dynamics were developed for both malaria and schistosomiasis.
For both diseases, temperature-dependent stages of the parasites in their life cycles

are considered.
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1.2. Mathematical modelling of infectious diseases

Mathematical modelling is an attempt to describe some part of the real world phe-
nomenon using functions and equations. Mathematical models take us beyond
verbal or graphical reasoning and provide a solid frame-work upon which to build
experiments and generate hypotheses. Mathematical models have been used in
the physical, biological, and social science. The building blocks for mathematical
models have been taken from calculus, algebra, geometry and nearly every other
field within mathematics. The main thrust of creating and analysing mathemati-
cal models is to develop a clear understanding of the real world phenomenon under
investigation with aid of virtual models instead of experimenting with lives. A vir-

tual model is a mathematical model with a biological meaning.

Population dynamics are complex, non-linear systems that cannot be understood
without the help of detailed mathematical analysis. In population dynamics, pop-
ulations in different states are denoted by variables. These variables are used to
construct ordinary differential equations that describe the interactions and rela-
tionships between the different variables. After the mathematical model has been
developed, it is then analysed or is used in biological investigations from which
biological results are obtained analytically or numerically. Mathematical models

can be used to,

e understand the mechanisms through which infectious diseases spread,;

e understand, predict and control disease outbreaks;
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quantify the relative contribution of vaccination, chemotherapy and preven-

tive measures to the reduction of the disease;

determine the effectiveness of interventions currently in place;

study the impact of poverty on disease epidemiology;

explore the effects of drug interactions in situations where an individual is

co-infected with different pathogens;

determine the effects of drug-resistant strains in a population;

determine the effectiveness of current vaccines on multifactorial interaction

between different diseases;

predict the future course of an epidemic.

Mathematical models can be classified in several ways some of which are described

as

Linear and non-linear: Mathematical models are usually composed of vari-
ables, which are abstractions of quantities of interest in the described sys-
tems, and operators that act on these variables, which can be algebraic op-
erators, functions and differential operators. If all the operators in a mathe-
matical model present linearity the resulting mathematical model is defined

as linear. A model is considered to be non linear otherwise.

Deterministic and stochastic: A deterministic model is one in which every set

of variables is uniquely determined by parameters in the model and by sets
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of previous states of these variables. Therefore, deterministic models perform
the same way for a given set of initial conditions. Deterministic models are
also called compartmental models as individuals in a population are classified
into compartments depending on their status with regard to infection under
study. Usually they are classified by a string of letters that provides informa-
tion about the model structure. Conversely, in a stochastic model, random-
ness is present, and variable states are not described by unique values, but

rather by probability distributions.

In this thesis a deterministic approach is used in the modelling of malaria and
schistosomiasis dynamics. Data from published work and reasonable estimates
will be used in this thesis. Differential equations are preferred because a lot is
known about their behaviour and they are suitable to model population dynamics.
For instance given a set of parameters and particular set of differential equations,
one can predict the behaviour of the system and tell the range of parameter values
the system make biological sense and bifurcate from one state to the other. Al-
most all modern epidemic models (Anderson and May, 1991; Daley and Gani, 1999;
Hethcote, 2000) make use of a multiple-state approach, segmenting the modelled
population into a set of distinct classes, each exhibiting a different characteristic

with respect to the disease.

The states that are modelled would typically include those described in Table 1.1.

The existence (or otherwise) of each of these five states, together with the links
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between the respective states, is usually sufficient to provide a broad outline of the

particular epidemic model being used, particularly in describing acute epidemics,

which develop and spread over a short period of time. However, models for more

chronic and long-term epidemics would also need to consider births and deaths.

A further enhancement for models dealing with diseases for which vaccines have

been developed is to include a further state for those lives that have been immu-

nized against a particular disease. The states used in conventional epidemic mod-

elling are described in Table 1.1.

Symbol | Epidemic State

Description

M Passively Immune

Individuals who have acquired temporary immunity

to a particular disease without having ever
been infected. An example of this state
would be newborn infants with antibodies
against the disease passed from their mother.
These antibodies eventually disappear from
the body at which time the infant moves into
the Susceptible state.

S Susceptible

Lives who are healthy, but who could
potentially develop the disease.

E Exposed

Individuals who have been infected and with the
disease, but who are still in the latent

period (with or without symptoms of the
disease) and who cannot transmit the

disease to others.

I Infective

Individuals who are infected with the disease
(with or without symptoms of the disease)
and who are capable of transmitting the
infection to others.

R Removed

Individuals who have either died or recovered from

infection thereby acquiring immunity
(temporary or permanent) from infection.

Table 1.1: States used in conventional epidemic modelling.
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Making use of the states outlined above, it is conventional to name epidemic mod-
els after the states considered in the modelling process and the possible transitions
between the various states. For example, one of the simplest epidemic models is
called the Susceptible, Infective, and Removed (SIR) model after the 3 states con-
sidered in the modelling. Various other epidemic models, considering combinations

of the above five states are shown in Table 1.2.
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Model

Characteristics

ST

Once a susceptible member of the population (S)
has been infected with the disease,

he or she is immediately infective (I) and
capable of transmitting the infection to

others. No recovery from the disease is possible.

SIS

Same as the ST model, except that recovery from
the disease is possible. However,

upon recovery, a life is immediately susceptible
(S) once again. That is, recovery

from the disease does not confer any

immunity against future infection.

SEI

Same as the ST model, except that, following
initial exposure (£) to the disease

leading to infection, there is a latent or
incubation period during which the

disease cannot be passed on to others.

SEIS

Same as the S1.5 model, except that, following
initial exposure (F) to the disease

leading to infection, there is a latent or
incubation period during which the disease
cannot be passed on to others.

SIR

Same as the ST model, except that recovery (R)
from the disease is possible. Once

recovered from the disease, there is

lifelong immunity from reinfection.

SIRS

Same as the SR model, except that postrecovery
immunity is only temporary. Following

a period of immunity, a life may

become susceptible (S) once again.

SEIR

Same as the STR model, except that following
initial exposure (£) to the disease

leading to infection, there is a latent or
incubation period during which the disease
cannot be passed on to others.

SEIRS

Same as the SEIR model, except that postrecovery
immunity is only temporary.

MSEIR

Same as the SEIR model, with the addition of
lives who are passively immune () from
infection when they enter the population.

MSFEIRS

Same as the M SEIR model, except that
postrecovery immunity is only temporary.

Table 1.2: Conventional epidemic models.
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In many such models, there is a sharp threshold behaviour and the asymptotic dy-
namics are determined by a parameter R, known as the basic reproduction num-
ber. When R, < 1, the disease-free equilibrium is asymptotically stable (usually
globally) and when R, > 1 there exists a unique endemic equilibrium which is also
asymptotically stable. R, represents the average number of new infectious cases
caused by an infectious case in a fully susceptible population, during the entire in-
fectious period. It is worth noting here that not all SEIR-type models have an R,
threshold; see Heffernan et al. (2005) for the review of R, estimation in different

kinds of models.

The first mathematical model to predict epidemics was developed in 1760 by Daniel
Bernoulli who used mathematical methods to evaluate the effectiveness of vari-
olation of healthy people with small pox virus in an effort to tame the disease.
However deterministic epidemiology modelling seems to have started in the 20th
century. In 1906 Hamer formulated and analysed a discrete time model in an at-
tempt to understand the recurrence of measles epidemics. His model may have
been the first to assume that incidence depends on the product of the susceptibles
and infectives (Hamer, 1906). This concept of mass action in analogy to its origin
in chemical reaction kinetics is fundamental to the modern theory of determinis-
tic epidemic modelling (Roberts and Heesterbeek, 2003). The popularity of mass
action is explained by its mathematical convenience and the fact that at low pop-
ulation densities it is a reasonable approximation of a much more complex contact

process (Roberts and Heesterbeek, 2003). For a complete undestanding of the con-
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cept of mass action in epidemiological models see Roberts and Heesterbeek (2003).
Ross who was interested in the incidence and control of malaria developed a dif-
ferential equation model for malaria as a host-vector disease (Ross, 1911). Other
deterministic models were later, developed by Ross, Ross and Hudson, Martini and
Lotka (Bailey, 1975; Dietz, 1967, 1988). Kermark and McKendrick developed a
number of epidemic models starting in 1926 which show that an epidemic thresh-
old result that the density of susceptibles must exceed a critical value in order for

an epidemic outbreak to occur (Bailey, 1975).

1.3. Malaria

Malaria is a disease that is transmitted between female Anopheles mosquitoes and
mammals. Four Plasmodium parasite species are responsible for malaria infection
in humans: Plasmodium falciparum, Plasmodium vivax, Plasmodium ovale, and
Plasmodium malariae. Of the four parasites, P. falciparum causes the most severe
clinical symptoms and is responsible for the greatest number of malaria induced
deaths. Malaria is transmitted between humans through bites by infected female
Anopheles mosquitoes. The incubation period is usually 7 — 30 days; this is the
time it takes for the sporozoites from a new mosquito bite to travel to the liver
and develop into merozoites in the blood stream. Malaria is both a preventable
and treatable disease. The objective of treating is to ensure a rapid and complete
elimination of the Plasmodium parasite from the patients blood in order to prevent

progression of uncomplicated malaria to severe disease or death, and to chronic
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infection that leads to malaria-related anaemia. Treatment is meant to reduce
transmission of the infection to others, by reducing the infectious reservoir and to
prevent the emergence and spread of resistance to antimalarial medicines. Clinical
manifestations of severe infection include cerebral malaria, anaemia, respiratory

distress syndrome, and acute renal failure (Kochar et al. 2009).

The malaria parasite has two main life stages, one which requires a human host
and the other requires a mosquito host. An infectious mosquito bites a human, the
parasites in form of sporozoites in the saliva of the mosquito enter the human blood
and move to the liver. In the liver, the sporozoites invade the hepatic cells. After
some 5 — 16 days, the sporozoites develop into schizonts which contain thousands
of merozoites. The merozoites exit the liver cells and re-enter the bloodstream,
beginning a cycle of invasion of red blood cells, known as asexual replication. In
the red blood cells they develop into mature schizonts, which rupture, releasing
newly formed merozoites that then reinvade other red blood cells. The rupture
is what frees the parasite and causes it to affect other blood cells. This cycle of
invasion and cell rupture repeats every 1 — 3 days and can result in thousands
of parasite-infected red blood cells in the host bloodstream, leading to illness and
complications of malaria that can last for months if not treated. Some of the mero-

zoites differentiate into sexual forms known as gametocytes.

When a mosquito takes a blood meal from an infected human being it ingests the
gametocytes. These gametocytes fuse to form the zygote that matures to form an

ookinete which penetrates the stomach wall. The ookinete develops into an oocyst
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which in a week or more releases sporozoites. This process is ambient temperature

dependent. Some of the merozoite-infected blood cells leave the cycle of asexual

replication. Instead of replicating, the merozoites in these cells develop into sex-

ual forms of the parasite, called male and female gametocytes. In some malaria

species, young gametocytes sequester in the bone marrow and some organs while

late stage gametocytes, circulate in the bloodstream. It takes 7— 12 days for the ga-

metocytes to form new sporozoites in the mosquito but this incubation period varies

greatly depending on the environmental temperature, humidity and the species of

plasmodium. The optimal environmental conditions for development of sporozoites

are temperatures between 20°C' and 30°C' and relative humidity greater than 60%.

The malaria parasite life cycle is shown in Figure 1.1.
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Figure 1.1: Malaria parasite life cycle (Adopted from www.cdc.gov/dpdx/malaria/)
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The mosquito has four separate and distinct stages of its life cycle. The eggs re-
quire water for successful hatching. They hatch into larvae in about 2 — 3 days
depending on temperature. However, the hatching may even take weeks in cold
weather. The larvae stage requires water, they live in water for 7 — 14 days de-
pending on water temperature as they develop into pupa. Pupa requires water and
may take 1 — 4 days depending on the species and temperature. The egg, larva and
pupa stage belong to the immature stage and do not participate in the infection
cycle. This stage is water bound and depends on the existence of water bodies. The
pupa develops to an adult mosquito. The average lifespan of an adult male is about

a week while the female mosquito can live up to a month.

The adult female mosquito requires a blood meal for the protein needed to produce
eggs. After the blood meal it rests until the eggs develop and this process is temper-
ature dependent and usually lasts for 2 —3 days in tropical conditions. The lifespan
of the adult mosquito depends on temperature, humidity, sex of the mosquito and
time of the year. Temperature and moisture, in form of precipitation and relative
humidity, are critical regulators of the growth and development within each stage,
in determining the end of one stage and the beginning of the next and in regulating
the length of the gonotrophic cycle. Thus, the transition usually occurs in 10 — 14
days in tropical conditions. The development time for the mosquito depends on the
environmental conditions and on the species of the mosquito with warmer temper-

atures promoting quicker development.

To control the population of mosquitoes, people in Africa in the past, removed or
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poisoned the breeding grounds of mosquitoes and the aquatic habitats of the larva
stages by applying oil to places with standing water (Killeen et al, 2002). In re-
cent years, pesticides have been widely used to eliminate mosquitoes. The use of
mosquito nets, bedclothes and mosquito-repellent incense (indoor residual spray-
ing) also helps to minimize the biting rate, greatly reducing the chances of infec-
tion and transmission of malaria as mosquitoes are kept away from humans. There
are effective drugs for malaria treatment, Chloroquine, Quinuine, Primaquine and
combinations of some other drugs like sulfadoxine and pyrimethamine(SP) are ef-
fective medicines for treating infections caused by the malaria parasites. Once
recovered, an individual does possess temporary immunity, but it only lasts for a
short time. The road to malaria vaccine clinics has been long and filled with dark-
ness, even with the support of global funds. A completely effective vaccine has
not yet been developed for malaria infection, although several vaccines are under

clinical trials.

1.3.1. Review of mathematical models for Malaria

For over a century, mathematical models have been used to provide a framework
for understanding malaria transmission dynamics in human population. In early
1900, Sir Ronald Ross was one of the first to publish a series of papers using math-
ematical functions to study transmission of Malaria (Ross 1915 , 1916a, 1916b,
1916¢, 1916d). Ross developed a simple mathematical model, commonly known as
the Ross model (Ross 1916a), which explained the relationship between the num-

ber of mosquitoes and incidence of malaria in humans. His results showed that
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reduction of mosquito numbers below the transmission threshold was sufficient to
counter malaria. Several mathematical models have been developed as researchers
extended Ross’s model. In the 1950s George Macdonald reasserted the usefulness
of mathematical models by modifying Ross’s model by integrating the latent period
of infection in mosquitoes due to parasite development (Macdonald, 1957). Ander-
son and May also introduced latency of infection in humans in Macdonald’s model
(Anderson and May, 1991). All other models are developed from these three basic
models by incorporating different factors to make them biologically more realistic

in explaining disease prevalence and prediction.

While Ross was a pioneer in using mathematical models to understand malaria
transmission, he did not look into the aspects of climate variables and the mosquito
life cycle. The mosquito lifecycle is generally not considered in most mathemati-
cal models because eggs, larvae and pupae are not involved in the transmission
cycle. In malaria transmission, the mosquito population dynamics are strongly in-
fluenced by the environmental conditions which directly affect the juvenile stage
dynamics. Though neglecting the juvenile stage in modelling malaria transmis-
sion simplifies the modelling aspect, results of such models do not predict malaria

intensity in most malaria endemic regions (Smith and McKenzie, 2004).

1.4. Schistosomiasis

Schistosomiasis, also known as bilharzia, is a water-borne infection caused by a

microscopic worm called Schistosoma, belonging to the family of flukes. There
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are three types of human schistosomiasis, two of which occur in Africa and South
America and the other one in the Far East. Schistosoma mansoni worms live in
the veins supplying the intestine and their eggs are passed out with faeces, while
S. haematobium worms live in the veins supplying the bladder and their eggs are
voided with urine. The S. japonicum species of the Far East behave like S. man-
soni. The male and female worms are small enough to lie within blood vessels
where they feed and reproduce. The male has a groove along his body in which the
female lives. The fertilised female lays thousands of eggs in her lifetime. Some are
swept along in the bloodstream to the liver, while others find their way directly into

the intestine or bladder from where they exit the host, either in urine or faeces.

An infected human passes eggs in stool or urine in or near fresh water. The eggs
will hatch upon contact with water into tiny, hairy larvae called miracidia. The
miracidia penetrates the tissues of freshwater snails, where they multiply. After
several days, the snails shed many hundred swimming larvae called cercariae into
the water. One egg excreted in human waste can give rise to thousands of aquatic
cercariae. These larvae penetrate human skin during activities in water such as
washing clothes, bathing, swimming, planting rice and fishing which expose hu-
mans to infection by schistosome larvae. However, the deeper the water, the lower
the risk of infection as the snail host prefers shallow water with plenty of vegeta-
tion. In the water, the cercariae penetrate human skin, transforming into larvae
called schistosomulae. The schistosomulae mature into worms in the blood supply

of the liver, intestines, and bladder. These worms lay thousands of eggs that cause
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damage as they work through tissues. The eggs, released into the water in urine

or feaces, restart the cycle.

The eggs of S. mansoni and S. haematobium are equipped with a sharp spine to
enable them to burrow out of the blood vessels and penetrate into other tissues on
their migration out of the host. While most eggs find their way out of the host,
many become trapped in tissue and die before completing their journey. It is these
trapped eggs which eventually lead to tissue damage and cause problems to the
human host. S. mansoni eggs tend to lodge in the liver while S.haematobium eggs
become trapped in the bladder wall. The heavier the worm infection, the greater
the number of eggs which remain stuck. The body defenses of the host produce an
inflammatory reaction around each egg. Over time, the inflamed tissue hardens
and blockages of blood and lymph vessels occur, leading in turn to complications

for the host.

Different control measures have been used to interupt the life cycle of schistosomes.
These include improved sanitation which reduces surface water contamination by
urine or stool, construction of dams and supply of clean water which also reduces
contact with water, killing of worms in the human host through chemotherapy and
using mollucides for snail control (WHO, 1993). Schistosomiasis infection caused
by any of the schistosome human species can be treated using a single dose of

Praziquantel.
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1.4.1. Review of mathematical models for schistosomiasis

Mathematical models have been used to provide a framework for understanding
schistosomiasis transmission dynamics in the human and snail populations. The
models have been developed for evaluating possible control strategies; limitations
and uncertainties (Barbour, 1978), heterogeneities; snail dynamics; miracidia and
cercaria dynamics and acquired immunity (Anderson and May, 1985; Woolhouse,
1991). The first mathematical model for schistosomiasis transmission was devel-
oped by George MacDonald in 1965 (Macdonald, 1965). The model has shown some
potential for understanding the disease transmission and control although it was
based on oversimplified biological assumptions. Latent period in snails has been
incorporated into transmission models since 1976, (Bradley and May, 1978; Lee
and Lewis, 1976; Nasell, 1976). The latent period is epidemiologically significant
to snails since the life expectancy of snail is comparable to the length of latent
period. Mathematical models that ignore latent period would predict an unre-
alistically high prevalence of shedding snails (Bradley and May, 1978; Barbour,
1978). Mathematical models exploring the effects of temperature on schistosomi-
asis transmission have been developed (McCreesh and Booth, 2014; Martens et
al.,1995; Martens et al., 1997; Mangal et al., 2008; Zhou et al., 2008; Mas-Coma
et al., 2009). While most incorporated projected increases in mean temperature,
McCreesh developed a mathematical model of water temperature, snail population
dynamics incorporating temperature dependent stages of the parasite and snail

lifecycles (McCreesh and Booth, 2014). Some attempts have been made to develop
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more realistic models incorporating both rainfall and temperature to capture the
seasonal environmental factors in snail dynamics (Liang et al., 2002; Woolhouse
and Chandiwana, 1990). The models of Liang (Liang et al., 2002) used tempera-
ture and rainfall to formulate the effective growth rate of snail population based on
earlier work of Woolhouse and Chandiwana ( Woolhouse and Chandiwana, 1990).
These models from previous works laid a foundation for our work and shed light

on direction of our research in modeling schistosomiasis transmission.

1.5. Mathematical background

In this thesis ordinary differential equations are used. This section therefore pro-
vides a synoptic discussion of these ordinary differential equations that are used

in the formulation of the models in this work.

An ordinary differential equation system is a system of equations of the form

dx

d—tl :fl(xlax%"'?xn)?

dx

d—tz - f?(xlax%"')xn)? (11)
dx,,

% = fn(xlax% ,Ilfn),

which can be written more concisely in vector notation

dx_

= =), (1.2)
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where x and f are vectors with components x; and f;, respectively, and the functions
f; are assumed to be smooth enough so that through each point x, there passes a
unique solution of equation (1.1). It is worth noting here that the ;s correspond
to the states of the disease being modelled as shown in Table 1.1 and the system
corresponds to various epidemic models shown in Table 1.2. In disease modelling
the variables represent numbers of individuals, or fractions of the whole popula-
tion, therefore they should be positive or zero for all times ¢ > 0, and if this fails
then the model should be discarded since it violates a basic aspect of the biological

reality.

Let R" be an n-dimensional space (n > 1), and let 2 be a subset of R". We say
that Q is positively invariant for (1.1) if, when (z,(0),22(0),...,2,(0)) is in €, the
solution starting with these initial values has the property that the trajectory

(x1(t), xo(t), ..., x,(t)) isin Q for all ¢ > 0,

RY = {(x1,20,...,2,) 121 > 0,29 >0,...,2, >0}

Positive invariance of the non-negative orthant R" for any given system (1.1) will

be assured if no trajectory can leave R" by crossing through one of its faces.

In the analysis of system (1.1), often the first step is to determine whether there
are steady states or equilibria. An equilibrium is a constant vector x (that is,

x; = T;,i = 1,...,n are constant) that satisfies the equations (1.1). Since this
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solution is constant, it may be found by solving the equations

(1.3)

A set of values that satisfy (1.3) represents a system state such that if the sys-
tem is in that state at some time ¢, it remains in that state for all ¢ > ¢, in the
absence of external disturbance. The effects that these disturbances have on an
equilibrium are important, hence it is necessary to distinguish between stable and
unstable equilibria. We now describe, the analysis of finding stability by restricting

ourselves to the case n = 2, to keep the notation simple. For n = 2, equations (1.1)

are
d
% = f1($1,$2),
(1.4)
d
% = f2($1,$2)-

If (x1(t), z5(t)) is a solution of this system for ¢ > 0 such that (z;(0), z2(0)) is near an

equilibrium (74, z,), we define

() = 21 (t) — T1, walt) = x2(t) — To. (1.5)
Then
WOy + (o). 2+ )
dya(t)

= fo(T1 + y1(t), T2 + yo). (1.6)
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Assuming that the functions f; and f, are sufficiently differentiable, the expres-
sions (1.6) can be expanded in Taylor series. Since y;(¢) and y,(t) are assumed to
be small disturbances from the equilibrium, we drop terms of degree two or higher
and consider linear parts of the equations. We note that since (z;, z,) is an equilib-
rium state, fi(71,Z2) = f2(Z1,72) = 0. Therefore, the appropriate linear equations

are obtained as

d
% = any1 + a12y2,
(1.7
d
% = a21Y1 + a22Y2,

where a1, ai2, as;, as are the partial derivatives of the f; evaluated at (7, z,). Sys-

tem (1.7) can be in a more compact form as

dY
—=JY
dt ’
where Y = (y1,40)" and
%(@ ) %(fl ) ajp Q12
- x1 ) T2 ’ _
J = oh o = (1.8)
x—1(9317$2) x—2($1,$2) G21  A22

is the Jacobian matrix of system (1.4) evaluated at (7, z;). System (1.7) is called
the linearisation of (1.4) near (7, 72). Behaviour of solutions of (1.7) is determined

by the eigenvalues of .J, which are the roots A of the equation

det(J — ) = 0. (1.9)
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According to the Hartman-Grobman theorem, every solution of (1.7) has the prop-
erty that y,(¢) — 0 and y,(¢) — 0 as t — +oo if all the roots of (1.9) are negative
or are complex with negative real parts. In this case, it can therefore be proved
that any solution of (1.4) with initial value sufficiently close to (z;,Zs) will tend
to (z1,72) as t — +o0o. Then (7;,7) is said to be a locally asymptotically stable
equilibrium of (1.4). If one or both eigenvalues are positive or have positive real
parts, then most solutions of (1.7) become unboundedly large as t —+ +oc and con-
sequently most solutions of (1.4) do not remain near (7, z5), even if they start very

close and in this case, (7, 72) is said to be unstable.

We now illustrate some of the basic mathematical concepts used in modelling by
analysing a simple malaria model, which is a system of deterministic ordinary dif-

ferential equations.

1.5.1. A basic malaria transmission model

A basic model for malaria has four compartments for the human population namely
the susceptibles 5, (), latently infected (exposed) F(¢), the infectious /() individ-
uals and the recovered R, (t). The mosquito population is subdivided into suscep-
tibles S,,(t), latently infected (exposed) F,,(¢) and the infectious 7,,(¢). The total

human population is given by N, (t) = Si(t) + Ein(t) + I(t) + R (t) while the total
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mosquito population is N,,(t) = S,.(t) + E,,.(t) + L,.(t). The basic model is given by

% = Ap — MSh — 1nSn + YR,
% = M\Sh — (pn + kn) B,
% = knE — (pn + 0n + 1) 1In,
dd—}ih = Onl, — (1 + ) R (110
% = Ay — AnSim — LS,
d% = AnSm — (o + km) B,
% = kB — pi I,
with \, = %, m = % where A;, and A,, are constant human and

mosquito recruitment rates respectively; a is the mosquito biting rate and b, or
b,, is the proportion of bites by infectious mosquitoes on susceptible human or by
a susceptible mosquito on an infectious human that produce infection. k£, / &,
is the rate at which the individual leaves the latently infected class by becoming
infectious, J, is the disease induced death rate, y;, is the natural death rate of
humans while i, is the mortality rate of mosquitoes, 7 is the treatment rate of
individuals who also gain partial immunity, -, is the rate of loss of immunity as
individuals rejoin the susceptible class. We assumed that an individual becomes

infected only through contacts with infectious individuals. The initial conditions of
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model system (1.10) are given by

Sp(0) = Sho > 0, ER(0) = Epg > 0, 1,(0) = Ing, Rn(0) = Rhpo,

(1.11)
Sm(o) - SmO Z 07 Em(o) = EmO 2 07 Im(o) = 4m0 2 0.
The equilibrium states of model system (1.10) can be calculated by setting
@:@:%:dRh:dSm:dEm:dImzo' (1.12)
dt dt dt dt dt dt dt
Solving (1.12) we get
0 0 0 70 PO Q0 70 70 Ap A,
& = (Sh7Eh7]h7Rh75m7Em7Im) = Iu_7070707,u—7070 ’ (113)
h m

being the disease-free equilibrium which is defined as a situation in which there is
no infection in the population. We now determine an important threshold param-
eter in epidemic modelling known as the basic reproduction number. It is defined
as the number of new infections generated by a single infectious individual in a
completely susceptible population (Anderson and May, 1991) and mathematically
as the spectral radius of the next generation matrix (Diekman et al., 1990; van den
Driessche and Watmough, 2002). For model system (1.10), the basic reproduction
number (R,) is defined as the number of secondary malaria cases (in mosquitoes
or humans) produced by one infectious individual (human or mosquito) in a to-
tally susceptible population. We now follow the method of van den Driessche and
Watmough (2002), in using the vector notation to rewrite the equations in which

infections appear in terms of the difference between f;, the rate of appearance of
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new infections in compartment j, and v;, the rate of transfer into and out of com-
partment j by all other processes. Progression from S to Er is considered to be

new infection:

Eh(t) )\hSh (,u + k’)Eh
I (t 0 +6, +n)1;, — kp E
% n(t) = (1n n+ )1y hdLon (1.14)
E(t) AmSm (o + k) B
I,(t) 0 Ly — kB

The corresponding Jacobian matrices, F and V, describes the linearisation of the

system about the disease-free equilibrium,

0 ab, 0 O pn + Ky, 0 0 0
0 0 0 O —k + 0y + 0 0
F_ Y- h o Hh T On T Th . (1.15)
0 0 0 aby 0 0 fom + kO
0 0 0 O 0 0 —k o

and the basic reproduction number, R is given as the spectral radius of the domi-

nant eigenvalue of V! (van den Driessche and Watmough, 2002):

Ro=p(FV) =

abyky, ) ‘

aby, ko,
\/<um(km +um)> ((n+5h + ) (Ko =+ ) (1.16)

Theorem 1.1. The disease-free equilibrium is locally asymptotically stable when-

ever Ry < 1 and unstable otherwise.

Theorem 1.1 can also be proven using the Jacobian matrix as follows. The Jacobian
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matrix of model system (1.10) evaluated at disease free equilibrium is given by

— 0 0 Yh 0 0 —aby,
0 —(kn+ ) 0 0 0 0 aby,
0 Kp, —(pp + On +vn) 0 0 0 0
JE)=1] 0 0 n —(m+pn) 0 0 0
0 0 —ab,, 0 — 0 0
0 0 ab,, 0 0 —(Km+pm) O
0 0 0 0 0 Ko |
(1.17)

Finding the eigenvalues of the Jacobian matrix at £°, we set det[J(E° — A\] = 0. The
eigenvalues of J(£°) are negative whenever (—1)®det[J(£°)] > 0 and
trace[.J(£%)] < 0.

From (1.17), we have
trace[J(E°)] = —(4pn + Bptm + Kn + O + 279 + £m) < 0,

det[J(E°)] = —pnptn (W + p11) [=(@POnbm s im) A pin (11 O A i) (Bn + fan) (i + )]
(1.18)

Thus (—1)%det[J(£°] > 0 whenever,

aby, ko, abpky,

Ry =
O (ko =+ ) (7 4 0n + ) (Ko + 1)

<1 (1.19)

Thus all the eigenvalues of det[J(£° — A\] = 0 have negative real parts whenever
Ry < 1. This implies that the disease-free equilibrium point £° is locally asymptot-

ically stable whenever R, < 1.
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Numerical simulations and mapping

Numerical simulations were done with the ODE solver of Matlab, a numerical
mathematical software package. Matlab is also used to compute the partial rank
correlation coefficient, (PRCC) for sensitivity analysis. The PRCC is a very efficient
tool for identifying the most important parameters on the output variable in this
study it is the reproduction number. The PRCC have a sign (+ or —) indicating the
direction of change in the reproduction number if there is an increase or decrease

in the input parameter.

Geographic Information System (GIS) software (ArcGIS 10.1) was used to produce
maps of the distribution of malaria and schistosomiasis in terms of the reproduc-
tion number. Data on mean annual temperature and total annual precipitation for
the baseline climate (i.e, average values for the period 1950 to 2000) were down-
loaded from the worldclim database as raster grids with a spatial resolution of 30
arc-seconds (approximately 1 km at the equator) (World Climate Database, 2014).
For the future climate, we used temperature and precipitation projections of the
HadCM3 and CSIROMKS general circulation models (GCM) based on the A2a
emission scenario. Data for the future climate (average values for the 2020-2039,
hereafter 2040) were downloaded from the Inter-governmental panel on climate
change (IPCC) database in raster format at the same 30 arc-seconds spatial reso-

lution (IPCC Database, 2014 ).
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1.6. Structure of the thesis

In Chapter 2, a malaria model incorporating the juvenile mosquito population is
considered. The model is used to determine the effect of temperature on the trans-
mission dynamics of malaria. In Chapter 3, the effects of both rainfall and tem-
perature is investigated on the transmission of malaria. In this chapter, the future
dynamics of malaria transmission are considered in Africa. In Chapter 4, a schsto-
somiasis transmission model is presented. The model is used to assess the effects
of both rainfall and temperature on schistosomiasis transmission. We present in
Chapter 5, a model for malaria and schistosomiasis coinfection. Finally we present
the conclusion and possible extensions to our work in Chapter 6. Due to the com-
plexity of the models involved, global stability analysis of the equilibrium points

was not considered. Parts of Chapters 2, 3 and 4 were published as follows

1. Ngarakana-Gwasira ET, Bhunu CP & Mashonjowa E, (2014). Assessing the
impact of temperature on malaria transmission dynamics. Afrika Matem-

atika, 25:1095-1112.

2. Ngarakana-Gwasira ET, Bhunu CP, Masocha M, Mashonjowa E, (2016). Trans-
mission dynamics of schistosomiasis in Zimbabwe: A mathematical and GIS

Approach. Commun Nonlinear Sci Numer Simul, 35:137-147.

3. Ngarakana-Gwasira ET, Bhunu CP, Masocha M, Mashonjowa E, (2016). Im-
pact of climate change on malaria transmission in Africa. Malaria Research

and Treatment http://dx.doi.org/10.1155/2016/7104291



Chapter 2

Assessing the impact of
temperature on malaria

transmission dynamics

2.1. Introduction

Malaria is a major cause of morbidity and mortality, with an estimated 216 million
cases worldwide and at least 655 000 deaths in 2011 (WHO, 2011). Understanding
the role of temperature in malaria transmission is of particular importance in light
of climate change. The global mean temperature has increased by 0.7°C during the
past 100 years and is predicted to increase by an additional 1.1 — 6.4°C' during
the twenty-first century (IPCC, 2007). This additional warming is likely to affect

malaria transmission because temperature changes can alter vector development
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rates, shift their geographical distribution and alter transmission dynamics.

Temperature is known to play a major role in the life cycle of the malaria vec-
tor. The development of the three aquatic stages and their emergence to adulthood
are strongly dependent on temperature. It takes one, three and ten days for eggs
of some mosquitoes to hatch at temperatures of 30°C, 20°C and 10°C, respectively
and water temperature regulates the speed of mosquito breeding (Jia Li, 2011).
The development of the parasite within the mosquito (sporogonic cycle) depends on
temperature. It takes about nine to ten days at temperatures of 28°C, but stops
at temperatures below 16°C' (Alemu et al., 2011). The minimum temperature for
parasite development of P. falciparum approximates 18°C' and the daily survival of
the vector is dependent on temperature. At temperatures between 16°C and 36°C,

the daily survival is about 90% (Alemu et al., 2011).

Incorporating climate effects into models of disease dynamics is now very crucial
as the evidence for climate impacts on disease transmission and potential vector
distribution increases. Climate change is known to affect several parameters in
the epidemiology of malaria and hence predicting climate change effects on dis-
ease transmission requires a framework that specifically incorporates the role of
each climate sensitive parameter. Some models examining the contribution of cli-
mate change have been explored (Alonso et al., 2010; Craig et al., 1999; Hoshen
and Morse, 2005; Martens et al., 1997; Parham and Michael, 2010). However, this

study incorporates the juvenile stage of the mosquito into malaria transmission



Assessing the impact of temperature on malaria transmission dynamics 32

dynamics which is highly dependent on the environmental ambient conditions.

We begin by formulating the model, illustrating some of its basic properties, deter-
mining the equilibria and stability analysis performed in Section 2. The effect of
temperature on the dynamics of malaria is presented and the numerical simula-

tions in section 3. A discussion of the results is presented in Section 4.

2.2. Malaria transmission model

2.2.1. Model description

In developing a framework for understanding the impact of temperature on malaria
dynamics, a deterministic transmission model is developed. The human population
is subdivided into four classes: susceptible (Sy), exposed or incubating Ey, infec-
tious (/y) and recovered individuals who become partially immune (Ry). The rate
of infection of a susceptible individual is dependent on the mosquito’s biting rate
a(T) and the proportion of bites by infectious mosquitoes on susceptible humans
that produce infection b;. Blood meal taken by an infectious female anopheles
mosquito on a susceptible human will cause sporozoites to be injected into the hu-

man bloodstream and will be carried to the liver.

Upon infection, individuals will then move to the exposed class Fj;, where parasites
in their bodies are still in the asexual stages. We assume that exposed individuals
are not capable of transmitting the disease to susceptible mosquitoes as they do not

have gametocytes. Exposed humans progress at a rate xy to the infectious class,
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in which they now have gametocytes in their bloodstream making them capable
of infecting the susceptible anopheles mosquitoes. Treated individuals recover at
a rate «. A proportion p recovers with temporary immunity and the compliment
(1 — p) recovers with no temporary immunity. Temporarily immune individuals
lose immunity at a rate +. Infected individuals who do not seek treatment die from
infection at a rate . The birth rate for humans is # and individuals die naturally
at a rate uy. Both human and mosquito infections take time to develop into an in-
fectious state. Within host parasite dynamics are weather independent, but within
vector, parasite dynamics, as well as the mosquito life cycle, are weather depen-

dent.

The mosquito population is divided into the juvenile (.J);(¢)) and adult population of
which the adult population is subdivided into three classes: susceptible (S, (%)), ex-
posed E)(t) and infectious (1,,(t)). The juvenile stages describe the development of
the aquatic stages which mature to become susceptible adult mosquitoes at a rate
Bu- The rate of infecting a susceptible mosquito depends on the mosquitoes’ biting
rate a and the proportion of bites by susceptible mosquitoes on infected humans
that produce infection b,,. Susceptible mosquitoes that feed on infectious humans
will take gametocytes in blood meals, but as they do not have sporozoites in their
salivary glands, they enter into the exposed class. After fertilisation, sporozoites
are produced and migrate to the salivary glands ready to infect any susceptible
host, the vector is then considered as infectious. Mosquitoes die at a rate y,; which

is independent of infection status. Infected mosquitoes are not harmed by the in-
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fection, never clear their infection and the infective period of the mosquito ends

with its death.

A coupled mosquito-human compartmental model of malaria dynamics is presented

in Figure 2.1.
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Figure 2.1: Mosquito-human model of malaria dynamics.
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The following system of differential equations describe the model.
S}{(t) =0 — )\H(T)SH — Sy + paly + vRy,
E}{(t) = )\H(T)SH — (HH + ,uh)EH,
Iy (t) = kEy — (pn + o+ n) 1y,
Ry(t) = (1 =plady — (v + pu) Ry,
2.1)
Ji(t) = [Bs(T)Nar — ps(T) Jur)(1 — 22) — Bag(T) s,
Sh(t) = B (T)Jnr — A (T)Sar — pna (1) S,

Ey () = Au(T)Su — (ke (T) + paa (1)) B,

Iy (t) = ka(T)En — pne (T) L,

CL(T)bHIJ\/[ and )\M _ a(T)b]\/[IH

here \y =
where \y N, N,

All parameters and state variables for model system (2.1) are assumed to be non-

negative to be consistent with human and mosquito juvenile and adult populations.

2.2.2. Mathematical preliminaries

In this section, we study some basic results of the solutions of the system (2.1)

which will be very useful to use into the proof of stability and persistence results.

Let R? = (0,00) denote the set of positive vectors v = (z1, 2, ..., x,) with z; > 0 for



Assessing the impact of temperature on malaria transmission dynamics 36

j=1,2,...,n. We will use the following results in Appendix A of Thieme (2003):

Lemma 2.1. Let I : R} — R"

F(x) = (Fi(x), F3(z), ..., B, (), T = (11, T2, ..., Tp)

be continuous and have partial derivatives a—J which exist and are continuous in
Ty

R™ for all j,k =1,2,...,n. Then F is locally Lipschitz continuous in R’
Theorem 2.1. Let F' : R} — R" be locally Lipschitz continuous and for each

j=1,2,...,n satisfy
Fi(x) >0 whenever = c R’ z; =0.

Then for every x, € R, there exists a unique solution of ' = F(x),z(0) = z, with

values in R} which is defined in some interval (0,b] with b € (0,00]. If b < oo, then

Assumption 2.1. C(H),C(M) : RY — R are continuously differentiable functions

of (Su, Ex, Iy, Ry) and (Jur, Sy, Enr, Ly) respectively.

Theorem 2.2. Assume Assumption 2.1 holds.
For all SY, EY, 1%, RY,, JY;, 5%, ESy, I3, > 0, there exists
Su, By, Iy, Ry, Ja, Su, By, Iy (0,00) — (0, 00) which solve (2.1) with initial condi-

tions SH = S%,EH = E%,IH = I%,RH = R(I)iv JM = J](\)@SM = S&,EM = EJ(\)/[,]M = IJ(\)/[
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Proof. We will apply Theorem 2.1. Define

Fi(x) =0 — AgSy — uu Sy + paly + yRy,
Fy(x) = Ag Sy — (ku + pn) En,

Fy(z) = 6By — (pu + a +n) 1y,

Fy(x) = (1 —p)ady — (v + pm) R,
Fy(x) = [B7Ny — psJu] (1 — 24) — BarJu,
Fo(z) = Badm — AaSur — parSus

Fr(z) = AySyr — (kv + o) B,

Fy(z) = kB — por L

(2.2)

By Assumption 2.1 and the properties of continuity over operations, we have the

continuity of F; for all : = 1,2, ..., 8. Further

OF, _ _abuly _ =~ OR _ . OR _ - OR
81’1 N N]\/[ HH 8.7}2 - 81’3 e 8.7}4 =7
8F1 . @ . @ -0 8F1 . —abHSH

0—1'5 81’6 01'7 allfg NM

(2.3)

These partial derivatives exist and are continuous, in the same way the other par-

tial derivatives exist and are continuous. In consequence by Lemma 2.1, F is locally

Lipschitz continuous.

Let$1:SH:08.ndSL‘2:EH>O, 1‘3:]H>0, x4 =Ry >0 $5:JM>O,

:SM>0, 1’7:EM>0, xg = Iy > 0.

Then Fi(x) =0 + paly +vRy > 0.

NowletxngH:OandxleH>O, 1'3:[H>0, 1’4:RH>0, Ty =

CLbH[H
Ny

:SM>0, x7 = Fy >0, xg = Iy > 0. Thean() > 0.

Jy >0,
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Nowletxg,:IH:OandxleH>0, ZL’QZEH>0, 1’4:RH>O, ZL’5ZJM>O,,

=Sy >0, x7=FEy >0, xg = Iy > 0. Thean(x) =kyFEy > 0.

Nowlet 2y = Ry =0and xy =Sy >0, 2o =FEyg >0, 23=15 >0, x5 =Jy >0,

:SM > 0, xr = FEy > 0, xg = Iy > 0. ThenF4(9:) = (l—p)aIH > 0.

Nowlet s =Jy =0and 1 = Sy >0, 2o =FEyg >0, 23=1yg >0, 4 =Ry >0,

[L’GZSM>0,, xr = FEy >0, [L’g:IM>O.ThenF5(l’):ﬁJNM>0.

NowlethZSM:()andafleH>0, [L’QZEH>O, $3:[H>0, [L’4ZRH>O, ,

=Jy >0, x7=FEy >0, xg = Iy > 0. ThenF6(:c) :ﬁMJM > 0.

Nowleta:7:EM:0anda71:SH>O, [L'QZEH>O, $3:[H>0, [L’4ZRH>O,

by IS
:JM>0, Tg = SM>0 xg = Iy > 0. ThenF7() aM]Vﬂ>O
H

Furthermoreletzs = I,y =0andzy = Sy >0, 29 =FEyg >0, 23=1yg >0, 4 =Ry >0,

1’5:JM>0, ZL’@ZSM>0, xr = Ey > 0. Thean(x) =rwpFEy > 0.

By Theorem 2.1, for every xo = (SY, EY, Iy, RY., Jor, S8, ESy, Ihy) € RE x R x R,
there exists a unique solution of 2/ = F'(z), z(0) = x, with values in R} x R} x R}

which is defined in some interval (0; 0] with b € (0, 00]. If b < oo, then

sup (SH(T,),EH(t), IH(T,),RH(T,), JM(T,), SM<t),EM(t),IM(t)) = OQ.

0<t<b

Suppose that b < co and set Ny (t) = Su(t) + Eu(t) + Iu(t) + Ru(t), Nu(t) = Su(t) +
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EM(t) + IM(t). Then
Ny =0 —pugNy —nly <6 — pgNy.
Using the Gronwell inequality,

0
0 < Ny < — + N(0)e "
12224

where N(0) represents the initial total human population. As t — oo,

231

so N(t) is bounded, a contradiction to Theorem 2.1. As a result, b = co, implying

that solutions of model system (2.1) are positive and are defined on (0, co). O

Lemma 2.2. The model system (2.1) has solutions which are contained in the feasi-

ble region ) = Qy x Qyr x Q.

Proof. Let (Sy, En, Iy, Ry) € R, Jy € RL, (Su, Eu, In) € RE be any solution of
the system with non-negative initial conditions.
Since

T <ph— .
dt _8 NHNHa (24)

and using Birkhoff and Rota (1989) theorem on differential inequality, we have

OSNHSi.
HH

Therefore in system (2.1), all feasible solutions of the human population only are
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in the region

0
Qu ={(Su. Ex. Iy, Ry) € RL : Ny < M_} (2.5)
H

dN
dt

:5MJM _NMNM Z 0

(2.6)

Ny < ﬁMJM.

2373

dJ
dt

I

= [BsNu — psdar)(1 — ?) — By

< DB By — pgpnr) (1 — %) — Barpont]

- UM

Ju

K (prpear — BrBur)

0 < (BsBur — prtinr — Brapenr) +

(2.7

%_MM + BsBu) < BaBur — st — Buriing

K(ﬁJﬁM — Hgn — 5M,UM)
BBy — i

I <

B K (BrBar — prpiar — Bariar)

Ny <
M= pne(ByBar — fpiar)

Similarly, the feasible solutions of the juvenile and adult mosquito population only

are in the region

K(ﬂJﬁM — Hgpnm — BM,UM)
BBy — ki

QJ:{JMER}FZJMS

(2.8)

B K BBy — prtiar — Barfiar)

s = {(Sar, Enr, Ing) € R : Ny <
v = {(Sm, Enr, Inr) + M par(BrBar — peritar)

Thus all feasible solutions of model system (2.1) are positive and eventually enter
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the invariant attracting region

Q= {(Su, B, In, Ru) € RY, Jas € RL, (S, Ear, ) € RY

St, By, Iy, Ry, Ja, S, Eny I > 0;

0 K(BsBuyr — prrpiar — Barpiar) N, < Br K (ByBav — pspinr — Barfiar) }
© HH BB — papnr 7 - par(BrBar — papear))

which is a positively invariant set under the flow induced by model (2.1). Hence
system (2.1) is epidemiologically meaningful and mathematically well-posed in the
domain (). Therefore in this domain, it is sufficient to consider the dynamics of the
flow generated by model (2.1). In addition, the usual existence, uniqueness and

continuation of results hold for the system. O

Predicting the effect of temperature on malaria dynamics requires a framework
that specifically incorporates the role of each temperature sensitive parameter. The

functional forms of temperature dependent parameters are presented in Table 2.1.
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Table 2.1: Parameters of the basic malaria model in equation (2.1)

Description Symbol Value Source
Mosquito biting rate a(T) 0.0002037(T — 11.7)v/42.3 =T a*
Birth rate of juveniles B;(T)  2.325a(T) b*
Adult mosquito B (T) % b*
birth rate
Juvenille mosquito wy(T) 0.0025T7% — 0.094T + 1.0257 b*
death rate
adult mosquito pp(T)  —Inp(T) c*
death rate

p(T) ¢ TTOT AT o
Progression rate of Km TLnin d*
mosquitoes
Recruitment rate of 0 0.028 e
humans
Proportion of bites by 0.09 I

by infectious mosquitoes

on susceptible humans

that produce infection

proportion of bites by bas 0.04 fr
susceptible mosquitoes

on infected humans that

produce infection

per capita natural death 15%; 0.00004 e
rate for humans
Progression rate of Ky 1/14 e*

humans from the exposed
state to infectious

Recovery rate of humans Q@ 0.005 e*
Per capita disease induced 7 0.0004 *
death rate

Per capita rate of v S g
loss of immunity

carrying capacity K 1000000 Est
of larvae

Proportion of humans D 0.25 Est

recoverig with
temporary immunity

a* denotes parameters adapted from Paaijmans et al. (2013), b* from Rubel et al.
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(2008), ¢* from Martens et al (1995), d* from McDonald (1957), ¢* from Chiyaka et

al. (2007), f* from Parham and Michael (2010) and ¢* from Blayneh et al (2009).

2.2.3. Disease-free equilibrium and stability analysis

The disease-free equilibrium of model (2.1) is given by,

50 - (S?{?E?%IIO{?R?ﬁJZ(\)475](\)/[7E?47]Z?4>

_ (i, 0.0.0, K(BBm — psttar — Barpinr) KBui(BBm — pertiar — Barkiar) 0, 0>‘

[ BibBum — i ’ par (B Bar — ppiar)
(2.9)
The next generation operator approach as described by Diekmann (1990) is used
to define the basic reproductive number, R,,, as the number of new infections (in
mosquitoes or humans) from one infectious individual (human or mosquito) over

the duration of the infectious period, given that all other members of the population

are susceptible (Diekmann et al., 1990).

R \/<MM(T>Q(T)WH )(( a(T)baskias (T) ) (2.10)

(ke (T) + paa (1)) N =+ poar) (e + o+ 1)
Local stability of the disease-free equilibrium &,

The local stability of the disease free equilibrium can be discussed by examining

the linearised form of the system (2.1) at the steady state &,.

Theorem 2.3. The disease-free equilibrium &, is locally asymptotically stable when-

ever R,, < 1, and unstable otherwise.
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Proof. The Jacobian matrix of the model (2.1) evaluated at the disease free equi-

librium point is given by

— g 0 v y 0 0 0 —aby Q3
0 —(FLH + MH) 0 0 0 0 0 aby Q3
0 . —0, 0 0 0 0 0
0 0 « —(y+pu) O 0 0 0
0 0 0 0 Q, 0 0 0 ’
0 0 —abp Q4 0 Byv —pr 0 0
0 0 by Qs 0 0 0 —(kwtpu) O
0 0 0 0 0 0 K .
where
Q1= (v+pn+a+n)
Qs = —(11) + Bur) + 2IUJ<5JBM — pypinr — Baafenr)
BrBu — fatiar
(2.11)
Qs = 0 par (B Bar — tgtinr)
pr KBn(BBm — tapins — Barfiar)
Qs — KBum(BsBur — pwapins — Brapins) o 1

e (BaBar — papiar) 0 Qs
The first and the sixth columns have diagonal entries resulting in the diagonal

entries being two of the eigenvalues of the Jacobian. Now excluding these columns
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and the corresponding rows we calculate the remaining eigenvalues.

— (kg + pp) 0 0 0 0 abp Qs |
KH —Ch 0 0 0 0
0 Q —(vy+pg) O 0 0
0 0 0 Q2 0 0
0 abyr Q4 0 0 —(kam + par) 0
0 0 0 0 vt —pr |

Again the third and fourth columns have diagonal entries that result in other
eigenvalues. Excluding these columns and the corresponding rows we calculate

the remaining eigenvalues from

—(kg + pm) 0 0 abp Q3
KH —Q 0 0
0 aby Qs —(Kar + fenr) 0
I 0 0 KM —Hum |
Let ay = ky + py, az =0, a3 =0, a4 = aby.
In the same manner,
by =Ky, by=pg+a+mn co=aby, c3=~kKy+pyn, d3=rky, di= .

The eigenvalues are solutions of the characteristic equation of the reduced matrix

of dimension four which is given by

(b + pg + N)[(pe + o+ 04+ X)(kar + piar + ) (ar + N)] — abg (kpabaka) = 0
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which is simplified to

)\4 + Ag)\g + Ag)\2 + Al)\ + AO - 0, (212)

where

A3:a1+b2—|—03—|—d4,

Ay = 4+ d4)(by + + aidy + bacs,
2 (al )( 2 03) 104 2C3 (2.13)

Ay = e3dy(by + a1) + arbe(cs3 + dy),

AO = a1b203d4 — 0,2bH/€HKJMbM.

The Routh-Huwirtz conditions are sufficient and necessary conditions on the coef-
ficients of the polynomial (2.12). These conditions ensure that all roots of the poly-
nomial given by (2.12) have negative real parts. For this polynomial, the Routh-

Hurwitz conditions are A; >0, A, >0, A; >0, Ay > 0and

H, = A3 >0,

H3 - Al A2 A3 > 0,
0 Ay A

A; 10 O

A Ay A 1
0 Ay A A
0 0 0 A

since all A, >0, i=1,2 3.
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Note that from Ay = a1bsc3ds — a*bykkarbas the reproduction number reduces to

2

R2 — abg kb

=
a1b203d4

Henceif R,, <0, Ay > 0.

Clearly, H, = A3 > 0.

H2 = A3A2 — A1
= (bz + Cg)(bz + d4)(03 + d4) + a%(bg +c3+ d4) + Cl1(b2 +c3 + d4)2

(2.14)

which is positive.

Hy = Aj(AsAy — Ay) — AgA2

= a3(by + ¢3)(ba + dy)(c3 + dy) + bacz(ba + c3)da(by + dy)(c3 + dy) + agbycadz(by + c3 + dy)?
asbycads + b3(c3 + dy) + 203(c3 + dy)? + c3dy(cs + dy)? + ba(c3 + 4c3dy + 4esdi + d3))
b3(cs + di)* + (c3 + da) (2asbicads + 3d3) + V3(c3 + Acidy + desd] + dF)

+ai(
+a.
+2by(agbicads + c3dy(cs + dy)?)),

(2.15)

which is also positive.

It can be easily seen that H, = Ay Hs.

Therefore, all eigenvalues of the Jacobian matrix have negative real parts when
R,. < 1. However, R,, > 0 implies that A; < 0, and since all coefficients of the
polynomial (2.12) are positive, not all roots of this polynomial can have negative
real parts. This means that when R,, > 1, the disease free equilibrium point is

unstable. O
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2.2.4. Endemic equilibria and stability analysis

The endemic equilibrium point F; is a steady-state solution where the disease per-
sists in the population. The endemic equilibrium of model system (2.1) is given
by

51 = (S}k{uE}k{7II§7R}k¥75}\k/I7E}kV[7I}\k/I>7

in terms of the forces of infection Ay and \;;, where

S* — OOy +pm) (fp +pw) (o +atn)
H ™ pg(y+pm) (kg +pm) (pa+otn) g [pg () (Fpa +otn)+r g (yntpw (pp +a4n))]

E* — O (Y+pm ) (pa +otn)
H ™ Nglpa (vtpw)(pa+atn)+eg (ntpe (ke +atn)+pm (ves) (ke +pw) (pe+atn)

I — OkpAe (v+im)
H ™ Xglpu (vpw)(pa+)atn)+rmg (yntpe (e H)atn)+pa (vHpe) (ke +pm) (pe +a+n)

Rt = (1-p)abr g Am
H ™ Mglpa (vHpm) (pa+otn)+rm (ntpg (e o) e (v pe) (kg4 (pg +atn) 2

JE — KﬁM-i-N}CIBJ-i—KHJﬂ:\/(KBM+N;16J+KHJ)2—4KN]CIBJHJ

M 2pg ’

«  BulEKBa+N; B+ Kuy+y/(KBu+Ny Br+Kpg)2—4K Ny Bpg)
M 25 (Anr+par) ’
B — Bar A [KﬁM-i-N}Cfﬁj-i-KuJi\/(KﬁM-i-N}({BJ-FKuJ)Q—4KN}CfﬁJuﬂ

=

2p g (Kar+pnr)(Anr+iar) ’

I = BMHM>\M[KBM-i-Nj{{Bj+KMJi\/(KBM-i-N;[ﬁJ-FKMJP—4KN}C15JMJ}
M 2y s (Rng+pas) A +1s) ’

N* — KBn(ByBan—Bar s — ity pinr)
M wunr (ByBar—Barpnr) )

N* — _ Olotes)(patotn) Mg +em) +tea{dn (A=p)otytpn)+(y+pm) (pm +atn)}]
H ™ pg (ypm) (paHotn) Mg +pm)+rmlps (vpm) (pa +otn+dg (yn+Hpe (pe o))
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A =

abbarkp A pm (vHpm ) (B By —ppia)
KBunlpm (vrpm)(pa+at+n) Mg +pm)+ea{pg (YHum) (e +a+n)+ 3 g [(yn+pa (pa o+ H(Bs Bar—(Bar+pg ) par)

Ny — —abuBuryAmpn (v rum) (patatn) Autum)eu b (Hum) (pa tatnt A (s (pa+atn)l Al
H = 201(y+ur) (s +atm) e+ + O (L=p)atyHun )+ (b)) (s +atn) His par (as+an) Cas +1ar)

where

A= 2K (BB —(Ba+ig)inr) (2.16)
BaBa—gpnr ’

From expanding and simplifying the equation of \;, we obtain third order equation

in Ay as follows

M (B3, + BoAy + Bs) = 0, (2.17)

where
By = 2K pypmlkn (1 =p)a+y+pm)+ (v +pm) (L =p)a+n+pat )| (kar+ ) {8180 —
(B + per)par Habbark g (v + o) (BrBar — prapear) + &8s (BrBar — (Bar + por) pear) (e (y +

pi)(n+ o+ pp) + kg(yn+ pa (1= p)a+n+v+ p1m)))l,

By = 2Ky (B8 — (Bu + ) i) [CL%MHH(V + pm)(n + o+ pg)(kn + pu)pa(sa +
pinr) (B Bar — papnr) + @ Kbpbu Barkmrins (= (v + o) (0 + o+ pr) — 6 (yn + g (1 —
pla+y+n+um)(BsBu — By + s ) + KBu(n+ o+ pw ) pns (Far + ponr) (B 8m —

(Bar + pa) ) {5 (L= p)a+v 4 pu) + sapg (a4 v+ pm) + 265 (Y + ) (1 + o+
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fer) + 203 (v + pr) (0 + o+ pa) + 2K k5 (yn + (1= p)ac+ 5+ 0+ ) e s puar (Rar +

pae) BBy — (B + MJ)MM)}]

By = 2K Bunpmpng (v+pm)? (n+a+pm) (Er+im) (B By — (Bt ) i) *[—a*ba by kg +

par(Far + piar) (K + per) (0 + o+ pup)]

which reduces to

By =C(1-R;)
where C' = 2K?Byrpmps (v + pu)*(n+ o+ pg) (kg + 1) (B8 — (Ba + g piar)?

In equation (2.17), Ay = 0 corresponds to the disease free equilibrium and
FO\;) = Au(BiAy + Body + Bs) =0,

is associated with the endemic equilibria states. It is worth mentioning that B; and
C are always positive, B is either positive or negative and Bs is either positive or
negative depending on whether 1 > or < R,,. Solving for \}; in f()\};) = 0. The roots
of f(\};) = 0 are explored using Descartes rule of signs. The three possibilities are

tabulated in Table 2.2.

Case | B, |Bs|Bs| R, No of sign changes | Possible equilibria
Casel |+ |— |+ |R.<1 2 2
Case2 |+ |— |— |R,>1 1 1
Case3 |+ |+ |— |Rn>1 1 1

Table 2.2: Number of possible roots of f(\};) =0 for R,, > 1 and R,, < 1.

The analysis of the results in Table 2.2 gives the following lemma.

Lemma 2.3. The endemic equilibrium E* exists and is unique whenever R,, > 1,
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and there exists a backward bifurcation when R,, < 1.

2.3. Results

2.3.1. Effect of temperature dependant parameters on the

reproduction number

The effect of climate change is investigated by examining the effect of climate com-
ponents on the disease reproduction number. Evidence suggests that the mosquito
biting rate (a), mosquito mortality rate (u,,) and the parasite development rate
kyr are all sensitive to changes in temperature. The change in R,,, with a change
in mean temperature can be determined by the sum of the effects of temperature
on each temperature sensitive component of R,, coupled with the corresponding

change to R,,.

ARy,  da dR,,  dry dRp, n dppr ARy,

AT AT da | dT dry | dT dpay (2.18)

The mathematical relationships between R,, and the temperature-sensitive bio-

logical parameters are as follows:

R _ R
da  a
dR,, R 1
= — 1 _——

dR,, R [ 20n + K }
dpipr 2 Lpnr(Rar + poar)

The system of equations in (2.19) shows that an increase in a, and k), will have a

positive effect on R,,, while increasing ., will have a negative effect. The quanti-
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tative effect of temperature change on R,, will depend on both the individual rela-
tionships of these parameters with temperature and their combined impact within

the R,, equation.

1. Mosquito biting rate a(7")
The biting rate represents the frequency of feeding activity by mosquitoes per
day.

a(T) = 0.000203T(T — 11.7)v/42.3 — T

Hence

da  0.000406(T — 10.7)(42.3 — T) — 0.000203T(T — 11.7)

ar 2/42.3 — T (2.20)
da  —0.0006097* 4 0.0238917 — 0.18376 :
dT 20423 _T

2. Mosquito mortality rate s, (T")
um(T) = —Inp(T), where p(T') = ¢ATTIETIC is the daily survival rate. There-

fore

d/i]v[ . —(2AT+B>
dT"  (AT?+ BT + C)2

(2.21)

3. Progression rate of mosquitoes to infectious class k) = =2 where DD is
the total degree days for the parasite development, 7" is the mean temper-

ature in degrees centigrade and T} ;,, is the temperature at which parasite

development ceases.
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DD = 111 while T ;.. is 16 for plasmodium falciparum.

dli]\/[ o 1

—_— = 2.22
dT DD ( )
Substituting equations (2.19, 2.20, 2.21, 2.22) into equation (2.18) we have
R _ 3 [ Z0.00060972+0.0238017—0.18376 | 2AT+B <L 1 ) 1 < I )]
dr ~— 'vm 20/42.3—-T 2(AT24+BT+C) \ unr ' (knr+iar) 2DD (Kar+par)
0.023891T 2AT + B 1 1
ot LT, : (T
2a+/423 =T 2(AT? + BT 4+ C) \pupr (kg + poar)
L _ . and 0.0006097 - 0.18376 N 1 _
°oDD ~ ° 2av/123 T 2DD (ks + par)
Then
dR.,

ﬁ - Rm(Gl + G2 + G3 - G4)

If Gy + Gy + G3 — G4 < 0 then % < 0 and increase in temperature results in a de-

crease in R,,, typically in regions which experience extremely high temperatures.

If Gy + Gy + G35 — G4 > 0 then % > 0 and R,, increases as temperature increases

the epidemic also increases.
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2.3.2. Numerical Simulations

In Figure 2.2, the relationship between temperature and mosquito biting rate, par-
asite development rate, mosquito mortality rate, and malaria reproduction number
respectively, are illustrated. The mosquito biting rate is low at lower temperatures
but increases to a maximum as temperature increases. Mosquito mortality is high
at low temperatures, decreases to a minimum between 20 — 25°C before increasing
at temperatures beyond 25°C. The temperature range where R,, > 1 for malaria is

22.34 — 38.6°C. A maximum R,, of 3.65 occurs at 31.5°C.

Mosquito mortality

Mosquito biting rate

0 | | | | | |

I3 5
Temperature Temperature

Parasite development rate
Reproduction numbe

0 L L L L 0 L L L L L L L L L
5 ) 5 ) ) i I vo% & % 0
Temperatve

B.0%
Temperature

Figure 2.2: Simulation of (a) Mosquito biting rate, (b) Mosquito mortality rate, (c)
Progression rate of mosquitoes, (d) R,, versus temperature



Assessing the impact of temperature on malaria transmission dynamics 55

In Figure 2.3, we carry out numerical simulations using a fourth order Runge-
Kutta scheme in Matlab with the aim of verifying some of the analytical results on
the stability of the system (2.1). The parameter values that we use for numerical
simulations are in Table 2.1. The following initial values are used for the numeri-
cal simulations.

Sg =1000, Ey =300, Iy =200, Ryg=0, Jy =30000, Sy = 10000,

Ey =1000, Iy, = 1000.

The effects of varying temperature on the infected human and mosquito popula-
tions is observed. The simulations reveal both the endemic equilibrium and the
disease free equilibrium points as temperature is varied from 20 — 40°C'. In Figure
2.3, if temperatures are to average 20°C, the infected human and mosquito pop-
ulation declines to asymptotically low levels as mosquito survives at above 22°C
(McMichael etal, 1996). Furthermore, infected mosquito and human populations
tend to decline to asymptotically low levels faster when temperatures average 40°C
as compared to temperatures averaging 20°C . This may be due to increased death
rate of juvenile mosquitoes as ponds dry up quickly because of high evaporation
rates at high temperatures and mosquitoes can not survive above 40°C' (Shetty,
2009). Infected humans tend to be more at average temperatures of 35°C' as com-
pared to when 7' = 30°C' (the range of optimal temperature for malaria transmis-
sion). This is possibly due to increased mosquito biting rate and parasite develop-

ment rate at higher temperatures.
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Figure 2.3: Simulation of (a) Exposed humans, (b) Infectious humans, (c) Exposed
mosquitoes, and (d) Infectious mosquitoes as temperature varies
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Figure 2.4, sensitivity analysis is presented using the partial rank correlation coef-
ficients, (PRCC) which show the effect of parameter variations on R,,. Parameters
with positive PRCC will increase R,, when they are increased, whereas parameters
with negative PRCCs will decrease R,, when they are increased. Results from the
PRCC show that mosquito biting rate plays a more significant role in the increase
of R,, than any other factor. This suggests that mosquito biting rate promotes
malaria transmission than any other factor. Thus intervention strategies should

be tailor made to prevent mosquito bites.

Human to mosquito infection-
Disease induced death rate-
Recovery rate of humans -
Natural death rate for humansf-
Progression rate of mosquitoes|-
Mosquito mortality rate -
Mosquito to human infection-
Progression rate of humans -

Mosquito biting rate -

-0.8

Figure 2.4: Partial rank correlation coefficients.
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In Figure 2.5, Latin Hypercube Sampling and Monte Carlo simulations were used
to run 1000 simulations to illustrates the effect of varying four sample parame-
ters on the reproductive number R,,. The results demonstrate that an increase
in mosquito mortality results in a decrease in the reproduction number, while in-
creases in both mosquito biting rate and the probability of human to mosquito

infection result in an increase on the reproductive ratio.
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Figure 2.5: Monte Carlo simulations of (a) Mosquito biting rate, (b) Mosquito mor-
tality, (c) Human to mosquito infection, and (d) Recovery rate of humans
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2.4. Discussion

In this chapter, a mathematical model to explore the impact of temperature on
malaria transmission is presented as a system of differential equations and anal-
ysed. Analysis of the model suggests that temperature range 23°C' to 38°C is ideal
for malaria transmission. The reproduction number increases as temperature in-
creases to attain a maximum at 31.5°C, beyond which the reproduction number

starts declining.

This result suggests the optimal temperature for malaria transmission is around
31°C. The analytic results are also supported by numerical simulations which
show an increase in malaria cases as temperature increases to about 38°C and
a decrease thereafter. From the PRCCs, it is illustrated that the death rate of
mosquitoes has a negative impact on the reproduction number. Thus, results sug-
gest that any factor which contributes to increased mosquito death like spraying,
use of treated mosquito nets, has potential to reduce malaria transmission. Thus,
mosquito spraying, coupled with the use of treated mosquito nets has a great po-
tential to control this deadly tropical scourge. Given high incidences of tuberculosis
in Sub-saharan Africa, where malaria is also endemic, this model can be extended

to incorporate the malaria and TB coinfection.



Chapter 3

Assessing the role of climate

change in malaria transmission in

Africa

3.1. Introduction

Climate change is projected to alter the distribution of vector borne diseases and
malaria is no exception. Children under five and pregnant women continue to be at
risk. One of the key Millennium development goals was to halve, halt and reverse
the scourge of malaria by 2015. The disease has not yet been halved although a
significant reduction in malaria incidences has been recorded (WHO, 2014). These

little gains achieved to date are under threat from climate change.

Malaria is sensitive to climate change in the sense that the vector that spreads
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malaria as well as the parasite that causes the disease are sensitive to climate
variables especially rainfall and temperature. Research on the impact of climate
change on the dynamics of malaria is still ongoing (Craig et al., 1999; Martens et
al., 1997; Parham and Michael, 2010; Paaijmans et al., 2013). However most stud-
ies tend to consider the effect of temperature alone on the dynamics of malaria, ne-
glecting the impact of incorporating rainfall in the mathematical models of malaria
transmission. Understanding the role of temperature and rainfall on malaria
transmission is of particular importance in light of climate change as changes
can alter vector development rates, shift vector geographical distribution and alter
transmission dynamics. Climate change is widely expected to significantly affect
the global spread, intensity and distribution of malaria. The question is, how is cli-
mate change going to affect the gains made thus far in trying to reduce the burden

of malaria?

This study seeks to build a model that will enable prediction and mapping of the
current and potential future distribution of malaria in Africa as a result of climate
change. The study will highlight how combining regional climate models with
mathematical models of malaria transmission provides valuable tools for better
understanding future disease scenarios as climatic conditions change. We modify
our previous work in Chapter 2, to incorporate rainfall into the model. We focus
on the construction of a realistic, climate-based malaria transmission model that
captures the combined effects of both rainfall and temperature on malaria infec-

tion dynamics. This approach permits us to gain insights into the effect of climate
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change on malaria transmission.

3.2. Model description

A deterministic transmission model is developed as a framework for understand-
ing the impact of temperature and rainfall on malaria dynamics. The human pop-
ulation is subdivided into four classes: susceptible (S (t)), exposed or incubating
Ey(t), infectious (/5 (t)) and recovered individuals who become partially immune
(Rg(t)). Individuals are recruited into the susceptible class at a rate ¢ and indi-
viduals die naturally at a rate ;.. The rate of infection of a susceptible individual
is dependent on the mosquito’s biting rate (7, R) and the proportion of bites by
infectious mosquitoes on susceptible humans that produce infection b;. Once in-
dividuals are infected, they do not automatically become infectious as they do not
have gametocytes, but enter the exposed class £, where parasites in their bodies
are still in the asexual stages. Exposed humans then progress at a rate xy to the
infectious class, in which they now have gametocytes in their bloodstream mak-
ing them capable of infecting the susceptible anopheles mosquitoes. Individuals
recover through treatment at a rate a, where a proportion (1 — p) recovers with
temporary immunity and the compliment p recovers with no immunity. Temporar-
ily immune individuals lose immunity at a rate ~. Infected individuals who do not
seek treatment die from infection at a rate . Both human and mosquito infections
take time to develop into an infectious state. Within host parasite dynamics are

weather independent, but within vector parasite dynamics, as well as the mosquito
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life cycle are weather dependent.

The mosquito population is divided into the juvenile (J,,(¢)) and adult population of
which the adult population is subdivided into three classes: susceptible (Sy(t)), ex-
posed E),(t) and infectious (/),(¢)). The juvenile stages describe the development
of the aquatic stages which mature to become susceptible adult mosquitoes at a
rate (5,;. The rate of infecting a susceptible mosquito depends on the mosquitoes’
biting rate (7, R) and the proportion of bites by susceptible mosquitoes on infected
humans that produce infection b,;. Susceptible mosquitoes that feed on infectious
humans will take gametocytes in blood meals, but as they do not have sporozoites
in their salivary glands, they enter into the exposed class E;;. After fertilisation,
sporozoites are produced and migrate to the salivary glands ready to infect any
susceptible host, the vector is then considered as infectious and enters the class
Iy;. Mosquitoes die at a rate 1), which is independent of infection status. Infected
mosquitoes are not harmed by the infection, never clear their infection and the

infective period of the mosquito ends with its death. The following system of dif-
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ferential equations describe the model.
Sy(t)=0—Auy(T,R)Sy — puSuy + paly +vRy,
Ey(t) = Aa(T, R)Sy — (ki + pn) En,
Iy (t) = knEx — (pu + o+ )1,

Ry (t) = (1= p)aly — (v + pu) R,

(3.1)
Ji(t) = Bs(T, R)Ny (1 — 22) — 11y (T) oy — Bua (T, R) I,
55\4(15) = BM(T, R)JM — )\M(T, R)SM - LLM(T)SM,

Ey(t) = (T, R) Sy — (ke (T) + e (T)) B,

I44(t) = kas () Exg — puas (T) g

CL(T, R)bHIM and )\M _ a(T, R)bMIH

Ny =S5 E I R d
Nos N A H+ Ly + 1y + [ty an

Here, A\ =
Ny = Sy + Ey+ Iy X(T, R) specifies a function of temperature and rainfall while

X(T') represents a function of temperature alone.

Predicting the effect of climate change on malaria dynamics requires a framework
that specifically incorporates the role of each climate sensitive parameter. The
functional forms of temperature and rainfall dependent parameters are presented

in Table 3.1.
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Table 3.1: Parameters of the basic malaria model presented. (R) shows dependance
on rainfall and (T) represents dependance on temperature

without temp immunity

Description Symbol  Value Source
Adult mosquito birth rate Bu(T,R) Z= P(’ié}?g(%ﬂ)ff () f*
Birth rate of juveniles Bs(T,R) 10 By (T,R) b*
Mosquito biting rate a(T,R) © ‘;(52?) b*
Number of eggs laid Bg 200 f*
per adult oviposition
Daily survival probability of eggs Pr(R) 4;%9R(RL —R) I
Daily survival probability of lavae P.(T,R) R(RL_R)%?;% e f*
Daily survival probability of pupae Pp(R) 4*12%75R(RL —R) f*
Duration of egg development TE 1 f*
Duration of larvae development 71(T) (00055 4T1_0.06737) f*
Rainfall beyond which no Ry 50 fr
immature stages survive
Duration of pupae development Tp 1 f*
Juvenille mosquito death rate wy(T) 0.00257% — 0.094T + 1.0257 b*
adult mosquito death rate (1) —In p(Tl) c*
p(T) € —0.03T211317—4.4 c*
Progression rate of mosquitoes KM % d*
Recruitment rate of humans 0 0.028 e*
Proportion of bites by bu 0.09 f*
infectious mosquitoes
Proportion of bites by b 0.04 fr
susceptible mosquitoes
per capita natural death iy 0.00004 e
rate for humans
Progression rate of Ky 1/14 e*
humans from exposed
Recovery rate of humans Q@ 0.005 e
Per capita disease induced death rate 7 0.0004 e
Per capita rate of loss of immunity 0l m g
carrying capacity of larvae K 1000000 h*
Proportion humans recovering D 0.25 h*

b* denotes parameters adapted from Rubel et al.

(2008), ¢* from Martens et al

(1995), d* from McDonald (1957), ¢* from Chiyaka et al. (2007), f* from Parham
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and Michael (2010), ¢* from Blayneh et al (2009) and h* are parameters mantained

from Chapter 2.

3.2.1. Model analysis

Following Van den Driessche and Watmough [?], the treatment induced reproduc-

tion number [R,,] of the model in equation (3.1) is given by

Rm _ < CL(T, R)bH/iH ) < CL(T, R)b]\/j/i]\/j(T) ) (32)
it (T) (ke (T) + e (1)) 7 N6 + por) (o + o +1)
In the absence of treatment o = 0, then lir% R.» = Ro - the basic reproduction num-
oa—r
ber. The treatment induced reproduction number defines the average number of

new infections a single infected mosquito/ individual would produce during its/ his

(her) entire infectious period where treatment is the only intervention strategy.

3.3. Mapping transmission dynamics across Africa

We applied equation (3.2) to gridded temperature and precipitation datasets for
the baseline climate and future climate to compute R, for each pixel in Geograph-
ical information systems (GIS). The datasets used covered the entire continent of
Africa. R, was calculated separately for the baseline climate and for each GCM

model.

To determine whether falciparum malaria will persist or the disease dies out in fu-
ture, we evaluated the following boolean expressions on a pixel basis, respectively:

Ry < 1 for the baseline map and R, > 1 for the future map; R, > 1 for the baseline
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map and Ry < 1 for the future map.

This allowed us to classify an area as becoming malaria endemic or malaria free.
All the maps generated in this study are based on the Albers equal area conic pro-
jection. We clipped the R, maps by the raster maps of the digital map of dominant

vectors to exclude malaria free areas such as the sahara desert.

3.4. Results

In Figure 3.1, we plot R, for falciparum malaria as a function of rainfall and
temperature. We observe that the optimum temperature window for falciparum

malaria transmission is 30 — 32°C.

o

Reproduction number (R

Daily Temperature ( °C) Daily Rainfall (mm)

Figure 3.1: Reproduction number as a function of daily rainfall R in mm and tem-
perature T in °C

Figure 3.2 illustrates the simulated R, for falciparum malaria on the African con-

tinent based on baseline climate. We observe distinct geographic patterns in the
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intensity of falciparum malaria. The transmission intensity is highest in the trop-
ics as well as the coastal areas of East Africa. The subtropics exhibit low levels of
transmission intensity. The white areas represent areas where climatic conditions
are not suitable for malaria transmission. Our simulations fall within the observed

spatial distribution of falciparum malaria on the continent described by Gething et

al. (2011).

Basic reproduction number for falciparum malaria based on baseline climate

Basic reproduction number
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Figure 3.2: Basic reproduction number for falciparum malaria based on the base-
line climate
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Figure 3.3 shows the projected R, for falciparum malaria in Africa based on HadCM3
and CSIRO MK3 A2a climate scenarios for 2040. Compared to the simulations for
the baseline climate, we observe increases in R, in the tropics, the highland re-
gions, east Africa as well as along the northern limit of falciparum malaria. By
contrast, a decrease in R is projected to occur on the southern fringe of the disease
by 2040. These changes are similar for both HadCM3 and CSIRO MK3 A2a climate
projections.

Basic reproduction number for falciparum malaria Basic reproduction number for falciparum malaria
based on HadCM3 A=2a climate projection based on CSIROMKk3 A=za climate projection

Basic reproduction number Basic reproduction number

mo-1 Emo-1
-2 : -2
2-4 , EH2-4
4-6 a5 4-6
6-8 N 6-8
s -10 i/ s 10
B 10-12 B 10-12
.12 -7 217

0 850 1,700 3,400 km ' o 850 1,700 3,400 km 1
1 | 1 |
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Figure 3.3: 2040 Projected basic reproduction number for falciparum malaria.

In Figure 3.4 we notice that the increases in R, are sufficient to turn most areas in
the African highlands into malaria endemic areas by 2040. The northern limit of

falciparum malaria is also projected to become an endemic region.
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Areas to become malaria endemic based on HadCM3 Az2a climate projection Areas to become malaria endemic based on CSIROMk3 A2a climate projection
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Figure 3.4: 2040 Projected malaria endemic areas previously malaria free

In contrast, the decreases in R, are sufficient to turn areas that fringe the southern
limit of the disease into malaria-free zones. A similar trend is expected for isolated

areas in the African highlands as noted in Figure 3.5.

Arcas to become malaria free based on HadCM3 A2a climate projection Arcas to become malaria free based on CSIROMKk3 Aza climate projection
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Figure 3.5: 2040 Projected malaria free areas previously malaria endemic
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3.5. Discussion

A model incorporating rainfall and temperature is analysed regarding malaria
transmisssion. Results from the model suggests that the optimum temperature
window for peak falciparum malaria transmission is 30 — 32°C. This is in agree-
ment with other studies (Parham and Michael, 2010). Furthermore, results from
model analysis suggest daily rainfall in the range of 15 — 17mm is ideal for the
spread of malaria. Perhaps the most interesting but unexpected result is that by
2040 malaria is projected to die out on the southern fringe of the disease in Africa.
The fact that the same result was detected using projections from two different
GCM models makes this a key result. A drying trend is the likely driving force
for this change (Volker et al., 2012). This finding has implications for malaria
elimination in some regions of Africa. In other words, the result offers hope that

the international goal of shrinking the malaria map may be achieved in southern

Africa.

Results of this study suggest that due to climate change endemic malaria will be-
come an increasing problem in the African highlands, this seems to be in agree-
ment with other studies (Hay et al., 2002; lindsay and Martens, 1998; Parham and
Michael, 2010; Siraj et al., 2014; Thomas et al., 2004). A warming trend is the
likely factor driving the projected increase in malaria endemicity in the highlands
though socio-economic factors such as land use change and drug resistance can also

be attributed to increases in malaria incidences in highlands too.



Assessing the role of climate change in malaria transmission in Africa 72

The model has the following limitations: (i) it did not consider the role of hu-
man migration neither did it consider other climate variables in particular rela-
tive humidity as the tropical anopheline mosquitoes prefer humidities above 60%
(Martens and Thomas, 2005); (ii) the role of socio-economic factors in malaria
transmission dynamics but it would be interesting to incorporate these factors to
ascertain whether climate change in combination with these factors will amplify
malaria transmission in the highlands. Despite these limitations, the authors be-
lieve that the model is robust enough to be able to give a realistic picture of malaria
on the African continent. Thus, results from the study will be useful at various
levels of decision making, for example, in setting up an early warning and sus-
tainable strategies for climate change and adaptation for malaria vectors control

programmes in Africa.



Chapter 4

Transmission dynamics of

schistosomiasis in Zimbabwe

4.1. Introduction

Schistosomiasis also referred to as bilharzias (or snail fever) is an infectious dis-
ease caused by parasitic flatworms of the genus schistosoma. It is a major source
of morbidity affecting over 250 million people worldwide, with 85% occuring in
the developing tropical countries in Africa, Asia, South America and the Middle
East (WHO, 2015; Ukoroije et al., 2012). In terms of morbidity and mortality,
schistosomiasis is considered the second most important human parasitic disease
after malaria (Chitsulo et al., 2000). Schistosomiasis continues to drain the socio-
economic development of already impoverished rural communities of sub-Saharan

Africa.
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Schistosomiasis may localize in different parts of the body and its localization de-
termines its particular clinical profile (Sturrock, 1993). Schistosomiasis is caused
by five species of flatworms, each of which causes a different clinical presenta-
tion of the disease. Intestinal schistosomiasis is caused by Schistosoma mansoni,
urinary schistosomiasis is caused by Schistosoma haematobium and Schistosoma
japonicum and Schistosoma mekongi cause Asian intestinal schistosomiasis (De
Jesus et al., 2000). Three species of schistosomiasis, S. haematobium (prevalent in
Africa), S. japonicum (prevalent in Japan, Southeast Asia, and Western Pacific) and
S. mansoni (prevalent in Africa, Southwest Asia, Brazil and the Caribbean) are re-
sponsible for the majority of schistosomiasis infection while the other two species,
S. intercalatum and S. mekongi parasitize humans to a much lesser extent (WHO,
2002). Flatworms infect humans by penetrating the skin when exposed to con-
taminated freshwater (e.g., when wading, swimming, or bathing). The flatworms
spread in freshwater areas, such as rivers and lakes, where freshwater snails act
as intermediate hosts for the parasites larvae. As such, the habitats of the host

snails are of great importance for the spread of the disease.

The most important determinants of the population dynamics of snails are temper-
ature and rainfall (Sturrock, 1993). The best survival temperature of snails was
found to be between 20° and 25°C while at 40°C' none of the snails survived (Dagal et
al., 1986). However, snails are less sensitive to low temperatures than schistosome
parasites in snails. Uninfected snails can therefore be found in high altitude areas

of endemic countries where low temperatures inhibit larval development in snails



Transmission dynamics of schistosomiasis in Zimbabwe 75

(Brooker, 2007). Dagal et al. (1986) considered the effects of water temperatures
on hatchability of eggs and survival of snails and found that at low temperatures
15°C, none of the eggs hatched. The mean survival rate of snails between 5°C' and
10°C was found to be zero. As temperature increased, hatching rate increased but

at 35°C none of the eggs hatched.

Incorporating climate effects into models of disease dynamics is now extremely
important as there is a strong need to understand the effects of climate change.
The schistosome and snail life cycles are highly dependant on ambient conditions
and climate change is known to affect several parameters in the epidemiology of
schistosomiasis. Developing an epidemiological model to predict how these fac-
tors overally bring out the impact of climate on the dynamics of schistosomiasis
transmission is crucial. The model reproduction number is applied to gridded tem-
perature and rainfall datasets for Zimbabwe to determine the possible variation of

schistosomiasis intensity in Zimbabwe.

4.2. Model formulation

The life cycle of schistosome parasites is complicated and involves two different
hosts: human beings and snails. A model to trace the life cycle of schistosome
parasite is formulated. The model is based on monitoring the dynamics of the
populations at any time t of susceptible humans Sy (), exposed humans Ey(t), in-
fectious humans 7, miracidia M (t) (larvae of the parasite soon after hatching from

the eggs), uninfected snails U(¢), latently infected snails L(¢), patent infected snails
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(infected snails not yet releasing cercariae) /,(¢) and cercariae C(¢) (larvae released
into the water from infected snail ready to enter the human skin). Individuals are

recruited into the human population at a rate A;. Susceptible individuals acquire

BuC(t)
Co + €C<t)

a saturation constant for the cercariae and ¢ is the limitation of the growth ve-

infection at a rate \y = , where (3 is the cercarial infection rate, Cj is
locity of cercariae with the increase of cases. Upon infection, an individual does
not automatically become infectious but enters an exposed class as the incubation
period of schistosomiasis ranges from 4-8 weeks for schistosomiasis mansoni and
schistosomiasis japonicum, respectively (Cohen, 1977; Spira, 2003). Individuals
then progress to the infectious compartment at a rate ~y. Susceptible and infected
individuals suffer from natural death rate 1, but infectious individuals have an
additional host mortality §5. Adult schistosomes within infected human hosts pro-

duce eggs which hatch and develop to free-swimming miracidia at a net rate 6,,.

BsM

Miracidia either die at a rate §,, or infect uninfected snails at rate \¢ = ———.
MO + eM

Adult snails are recruited into the susceptible snail population at a rate Ag5. Upon
infection, snails enter the latently infected class from which they progress to the
patent infected class at a rate 5. Adult snails die naturally at rate Js and in-
fected adult snails also die due to parasite-induced mortality at an additional rate
«. The patent infected snails will then release a second form of free swimming lar-
vae called cercariae at a rate 6o which is capable of infecting humans. Cercariae

die naturally at the rate dc.

A compartmental model of schistosomiasis dynamics is presented in Figure 4.1.
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Figure 4.1: Model diagram of the mathematical model for schistosomiasis transmission.
Dotted lines on the diagram denote indirect interaction.

The following system of differential equations describe the model.

BuCSu

Su(t) = Aw — CoreC paS + v lu,
/ BuCS
Ey(t) = 7021_1_ eg — (ku + pu)En,

Iy(t) = kp By — (pg + 0m + vu) In,

o BsMU
M'(t) = Oy Iy Vo enr oM
(4.1)
o BsMU
Ult) = As My + eM 95U,
BsMU

/ -_—
L(t)—MO+€M (0s +a+ k)L,
I4(t) = KL — (65 + a)Is,

/ 5HCSH
C'(t) = Ocls — — 60C.

(t) = bels CoteC °°
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Table 4.1: Parameters of the basic schistosomiasis transmission model in equa-
tion (4.1) where T represents temperature and P represents rainfall. «** denotes
temperature dependant parameters designed using Datafit based on results from

*

a .

Description Symbol Value Source
Recruitment rate of humans Agy 800 j*
Cercarial infection rate Br —2.296 4 0.446In T" + 2% kr
Saturation constant Cy 9000000 J*
of cercarae
progression rate of humans rpy 0.017857 est
Natural death rate Iy 0.014 m*
of humans
Disease induced death rate dy 0.039 J*
Adult snail recruitment rate Ag(7)  100eA+ 7 +As T k**
T
Adult snail recruitment rate Ag(T,P) 0.321e 0515312 | 0,603 03 5TTE e
Miracidia infection rate Bs B + % — % + % — % + % P
Saturation constant My 100000000 g
for the miracidia
Adult snail mortality rate Og Ci — S—QT + (151"1)2 + (1110%)3 + (15;)4 k™
Additional snail mortality  « Dy + DyT?® 4+ Dge™ T m**
due to infection
Net miracidial O 500 m**
production rate
Miracidial death rate Y FTS + BT 4 B3T3 4+ B, T? + BT + Fy k*
Cercarial production rate Oc GiT? + GoT + G4 k**
Cercarial mortality rate e 0.004 n*
Within snail schistosome K H\T° + HyT* + H3T? + HT? + H;T E**
maturation rate +Hg

j* denotes parameters from Chiyaka and Garira (2009), £* from Mangal et al.
(2008), m* from Feng et al. (2002), n* from Remais et al. (2007), p* from Dagal
et al. (1986),

where A; = 351.04480681884, A; = —1925.49534415329, A3 = —85.1815135926783,
By = —8.59, B, =855, Bz =31487.35, B, =574921.12, B; = 5188906,

Bg = 18196700, (4 =11.4267, Cy =126.89, (3= 1525.29,Cy; = —960.38,
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Dy = 8.738295237E — 06, Ds = 1334.208298 Fy = 3.99E — 07, F, = —3.73E — 05,
Fy=4.97F — 04, Fy=3.99E — 02, Fy=—1.149, Fs=9.59, Gs=40.19,

Gs = —907.85, H, =297E — 06, H,=—3.699F — 04, H;=183E — 02,
H,=—045, Hs;=0538, Hg=—-25.688 a=023, b=—105,

B, =0.849, T,, =25

We make a simplification common in models with free living particles and assume
that the rate of the particle depletion by hosts or snails has negligible impact on
particle dynamics (Chiyaka and Garira, 2009). This is done to reduce the complex-

ity of the mathematics involved. In this case the interaction between the miracidia

BsMU

—~2  and the interaction between the cercariae and
Mo +eM

and the susceptible snail

BuCSu

the humans Cog O

are assumed to be negligible on pathogen dynamics. System
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(4.1) can now be written as

BuCS
Sy(t) = Ay — Cf+ Eg — puSu +vulu,
BuCSu
/ — J—
EH(t)— CO_|_eC (KH+IJLH)EH7

Iy(t) = kpEy — (o + 0 + vi)1u,

M'(t) = Ol — S M,

(4.2)
/ _ 55MU
U'(t) =As Mo 1 osU,
/ BSMU
L) = -2 L
I5(t) = kL — (05 + )15,
C'(t) = 0cls — 0cC.
All feasible solutions of model system (4.2) enter the region
r 5 AH
(SH7EH7IH) €R+ . NH S —
HH
A1€R+:AT§9MAH,
MILH
0= (4.3)
3 Ag
(U7 Lv ]S) ER-‘,— : NS < <
s
Oc\s
: <
\ CeR,:C< 500

which is positively invariant and attracting and it is sufficient to consider solutions
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in (). Existence, uniqueness and continuation results for system (4.2) hold in this
region and all solutions starting in {2 remain in there for all ¢ > 0. Hence, (4.2) is
mathematically and epidemiologically well-posed and it is sufficient to consider the
dynamics of the flow generated by the model system (4.2) in €. Also, all parameters
and state variables for model system (4.2) are assumed to be non-negative since it

monitors human, snail, miracidia and cercariae populations.

4.3. Model analysis

The parasite larval stages (represented by M and C) have relatively short lifes-

pans compared with those of worms, humans and snails. So the dynamic equa-

: . : . . Ocl
tions for M and C are replaced with their quasi-equilibrated values C* = % and
S
. Ouln . : o .
M* = . The original system (4.2) is reduced to a six dimensional form for

51\/[
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variables Sy, Ey, Iy, U, L and Ig.

BHSH%
S () =Ag — ———2— — ugSy +vuly,
H() H Co+€% HaOH T YHLIH
By Sy cts
Ey(t) = S — (g + tor) B,

- Ocls
Co + € o5

Iy(t) = kg By — (g + 0u +vu)1u,

BSUOMIH (4.4)
/ - 4
U<t)_As_m_5SU7
On
B UGJEIIH
L) = 2220 (5o v at R
0= Sor oz ~ s +a+)

I4(t) = kL — (05 + @) Is.

The equilibrium states of the basic model are obtained by setting the right hand
side of system (4.2) to zero. Model system (4.2) has two steady states. At the
disease free equilibrium, there are no infected humans and infected snail, thus the

model system (4.4) has a disease free equilibrium

A A
50: (SH7EH7]H7U7L7]S> = (—H70707_37070>'

07 ds
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The endemic equilibrium point for system (4.2) in terms of the forces of infection
A5 and A§is given by

Ay (kg + pu)(pw + 0 + Vi)

Ny + pm) (ke + pe)(pe + 05 + i) — YakEA}
N Ng (g + 05 + i)

Sii =1

B = ,
T Sp(km + pr) (N + pr) + pal (ke + ) (N + ) + v (5 + Ny + )]
o KNy A
T S (km + pr) Ny + pm) + [ (ke + ) (N + pr) + v (s + N + )]’
e S . AsAs I rsAsAs
85 + A%’ (a+ 05+ rs)(0s + X5 77 (a+dg)(a+ 05+ rg)(dg + N5

(4.5)

4.3.1. Basic reproduction number

The next generation operator approach as described by Diekmann et al (1990) is
used to define the basic reproductive number, R, as the number of new infections
(in snails or humans) produced by one infectious individual or snail over the dura-

tion of the infectious period in a naive population.

R KuksBualcAuPsOis (4.6)
s 50005H5MM055(FLH + ,uH)((Ss + o+ Iﬁs)((SS + Oé)(,LLH + 0y + ’YH).

4.3.2. Local stability of the disease-free equilibrium &,

The local stability of the disease free equilibrium can be discussed by examining

the linearised form of the system (4.4) at the steady state &,.

Theorem 4.1. The disease-free equilibrium &, is locally asymptotically stable when-

ever R, < 1, and unstable otherwise.

Proof. The Jacobian matrix of the model (4.4) evaluated at the disease free equi-
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librium point is given by

—HH 0 VH
0 —(kg+pm) 0
0 K — (o +0m +vm)
0 0 feluls
I 0 0 0

0 0 0
—dg 0 0
0 —(0s+a+ks) 0
0 Ks —(0s +a) |

The first and the fourth columns have diagonal entries resulting in these diagonal

entries being two of the eigenvalues of the Jacobian matrix —u;, and —ds. Now

excluding these columns and the corresponding rows we calculate the remaining

eigenvalues.

— (K + porr) 0
K —(pw + 0 + vmr)
0 BsOuAs
opr Modc
0 0
Let a1 = kg + pm, a4:%'

In the same manner,

_ BsOmAs

bl = K, b2 — ,[LH‘I'(;H_‘_’VH’ C2 = darModc?

0
0
—(55 +a+ Ks)

Ks

c3 =05+ + Kg,

BubcAn
0.CodH

—(53 + Oé)

d3 = Kg, d4 :5s+a.

The eigenvalues are solutions of the characteristic equation of the reduced matrix

of dimension four which is given by

(kg + g + N[ty + 0y +v5 + A)(0s + a+ ks + N)(0s + a + N)] —

K kSBuOcArBsOiAs

0.Co0mon Mods

=0
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which is simplified to

M4 AN + AN + AN+ Ag =0,

Az = ay + by + c3 + dy,

Ay = (a1 + d4)(by + ¢3) + ardy + bacs, 4.7)
Ay = c3dy(by + a1) + arba(cs + dy),

Ay = (/‘fH + ,UH)(5S + Ozlis)((;S + a)(uH + 0 + 'VH) - HH%S@?;;%‘Z@??:AS.

The Routh-Huwirtz conditions are sufficient and necessary conditions on the co-
efficients of the polynomial (4.7). These conditions ensure that all roots of the
polynomial given by (4.7) have negative real parts. For this polynomial, the Routh-

Hurwitz conditions are A3 >0, A, >0, A; >0, Ay > 0and

H, = A3 >0,

H3: Al A2 Ag >07
0 Ay A

A; 1 0 O

A Ay A 1
0 Ay A A
0 0 0 A

H,

> 0,

since all 4, >0, i=1,2,3.
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Note that from

kpksBablcAuBsOAs
0.Co0r 00 Myog

AO = (HH + /J/H)(ég -+ Oélig)(és -+ oz)(,uH + 5H —l—’)/H) —

= (FLH + LLH)(ég + Oélig)(és + oz)(,uH + 5H —|—’7H)(1 — R?g)

At disease free equilibrium, Rs < 1, which implies that A, > 0.

Clearly, H, = A3 > 0.

H2 = A3A2 - Al7
= (bg + Cg)(bg + d4)(03 + d4) + a%(bg +c3+ d4) + al(bg +c3 + d4)2

(4.8)

which is positive.

Hy = A;(A3A; — Ay) — AgA2,
= a3(by + c3)(by + da)(c3 + dy) + bacs(by + c3)da(bs + da)(cs + dy) + asbicads(by + ¢34 dy)?

+a?(asbicads + b3(c3 + dy) + 2b3(c3 + da)? + cada(cs + da)* + ba (3 + 4c3dy + desdi + d3))

(
+ay(b3(cs3 + da)? + (c3 + dy)(2aabicadz + c3d3) + b3(ch + 4c3dy + 4ezd? + d3)

—|—2b2(a4blcgd3 + ng4(03 + d4)2))
(4.9)

which is also positive.

It can be easily seen that H, = Ay Hs.

Therefore, all eigenvalues of the Jacobian matrix have negative real parts when
R, < 1. However, R, > 1 implies that A, < 0, and since all coefficients of the
polynomial (4.7) are positive, not all roots of this polynomial can have negative

real parts. This means that when R, > 1, the disease free equilibrium point is
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unstable. ]

4.4. Numerical simulations

We explore the effects of temperature and rainfall using graphical representations.
In Figure 4.2, the effects of temperature on snail recruitment rate, snail mortality
rate, basic reproduction number, miracidia death rate, miracidia infection rate and
within snail schistosome maturation rate are illustrated. The snail recruitment
rate is 0 at 15°C' and increases to a maximum at around 23°C before declining to
zero again at around 34°C. This is in agreement with Dagal et al (1986) because
no snail eggs hatch at temperatures lower than 15°C' and at temperatures greater
or equal to 35°C. The snail recruitment rate is maximum at 24°C' as the optimal
temperatures for reproduction lie between 22°C' and 26°C, in agreement with WHO
(2015). Snail mortality is high at low temperatures but decreases to a minimum
between 20°C' and 25°C before increasing again at higher temperatures. The re-
production number is zero at 10°C' and increases to become greater than unity
around 18°C. It increases to a maximum at about 22.5°C before declining to zero at
about 35°C. The reproduction number is greater than unity between 18°C' and 28°C'
making this temperature range the ideal temperature range for endemic schisto-

somiasis. Matlab codes are used to obtain the numerical simulations.
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Figure 4.2: Simulation of (a) Snail egg laying rate, (b) Snail mortality rate, (c) R,
(d) Miracidia death rate, (e) Miracidia infection rate and (f) within snail schisto-
some maturation rate using parameter functions in Table 1.
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In Figure 4.3, simulations show convergence to the endemic equilibrium point of
pre-patent snails, patent snails, exposed humans and infectious humans is illus-
trated. Results show that in the long term, the effects of temperature within the

range 20 — 25°C' on human infectivity is more or less constant.
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Figure 4.3: Simulation of infected snails and human populations with varying tem-
perature, using model system (2).
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Figure 4.4 shows different reproduction numbers across Zimbabwe. Cooler and
warmer colours represent low and high reproduction numbers respectively. Thus
based on temperature alone highest reproduction numbers are in the lower veld
and the Zambezi valley catchment area. Higher reproduction numbers signify
higher incidences of schistosomiasis. Based on these results which are temper-
ature dependant, it is shown that most major towns have very low incidence of

schistosomiasis if we are to base the results on temperature only.
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|
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Figure 4.4: Variation of reproduction number R, as a function of temperature in Zim-
babwe.

In Figure 4.5, the combined effects of temperature and rainfall patterns in Zim-
babwe from 1950-2000 were used to map the reproduction number risk map for
schistosomiasis transmission. As the intensity of the colour increases, the repro-
duction number also increases. Therefore, high reproductive numbers are found
in the lower veld of Zimbabwe and along the Zambezi valley catchment area. This

correlates with high incidence of schistosomiasis. This result is in total agreement
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with Midzi et al (2014) who obtained similar results for the cross-sectional survey of
280 primary schools country wide. The combined effect of rainfall and temperature
seem to lower the reproduction number as the reproduction number is a decreasing

function of rainfall.
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Figure 4.5: Variation of reproduction number R, as a function of temperature and rainfall
in Zimbabwe.

4.5. Discussion

In this chapter, a mathematical model to explore the impact of temperature and
water bodies taken in the context of rainfall on schistosomiasis transmission is
presented as a system of differential equations and analysed. In agreement with
Dagal et al. (1986), the model analysis suggests that the temperature range of
18°C' to 28°C' is found to be ideal for schistosomiasis transmission. The reproduc-

tion number increases as temperature increases to attain a maximum around 23°C),
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beyond which the reproduction number starts declining. This result suggests the
optimal temperature for schistosomiasis transmission is around 23°C. The ana-
lytic results are also supported by numerical simulations which show an increased
infection among snails at 22°C' as compared to at 20°C' and 25°C'. At 30°C' the infec-
tion dies out. Amongst humans however, the infection is endemic from 20 — 25°C'
and the differences in transmission in relation to temperatures are minimal. Ge-
ographical information systems (GIS) was used to map the reproduction number
on the Zimbabwe map using temperature and rainfall data from 1950-2000. It
was noted that high reproduction numbers are found in the Zambezi valley catch-
ment area and the lower veld of the country. High reproduction numbers suggest
high incidences of schistosomiasis. The results of this manuscript can be used to
identify areas which need special attention with regard to schistosomiasis control.
Chiredzi, a known irrigated sugarcane producing area and Mushandike areas in
the lowveld of Zimbabwe are among those requiring special attention in the fight
against schistosomiasis. This can be extended to incorporate other aspects like the
terrain of the country under study to capture the real dynamics of what happens

on the ground.



Chapter 5

Mapping malaria and

schistosomiasis coinfection in

Africa and South America

5.1. Introduction

Malaria and schistosomiasis are the worlds two most important parasitic infec-
tions in terms of distribution, morbidity, and mortality. Both infections are highly
endemic in tropical and sub tropical areas (Adegnika and Kremsner, 2012; Akue et
al., 2011; Brooker et al., 2007). In the tropics, Sub Saharan Africa bears the heav-
iest burden of Plasmodium infections and 90% of all schistosomiasis cases world-
wide are confined into this part of the world (Hotez and Kamath 2009; Simoonga et

al. 2009). In areas where Plasmodium and Schistosoma species are both endemic,
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coinfections are common. Research on parasitic infections has over the years been
focused on a singular disease, in recent years however there has been a growing
recognition that patients in tropical regions worldwide often experience dual in-
fections (Keusch and Migasena, 1982). In parasitic coinfection, the interactions
between diseases can cause altered immunologic and pathological outcomes com-

pared to what usually occurs with single infections (Supali et al., 2010).

Epidemiological studies have shown that heavy schistosomiasis mansoni infections
are associated with a significant increase in the incidence of malaria among school-
age children (Ndefo Mbah et al. 2014). In this chapter, we extend the work done in
Chapters 2, 3 and 4 to come up with coinfection of the two tropical infections. The
current work is focused on predicting the coinfection pattern of schistosomiasis and
malaria, laying the basis for public health management system to map interven-

tion strategies and allocate resources accordingly for eliminating the diseases.

5.2. Model formulation

A mathematical model for the interplay between malaria and S. mansoni is de-
veloped. Malaria and schistosomiasis transmission is modeled as follows: At each
point in time people can be in one of seven states: susceptible (S), malaria exposed
(Emar), malaria infectious (/y,/), recovered with temporary immunity (R), schisto-
somiasis exposed (Eyg), schistosomiasis infectious (/y5s) and schistosomiasis and

malaria coinfected (X).

Upon infection with the malaria parasite, individuals will then move to the ex-
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posed class Fy,;, where parasites in their bodies are still in the asexual stages.
Both human and mosquito infections take time to develop into an infectious state.
We assume that exposed individuals are not capable of transmitting the disease
to susceptible mosquitoes as they do not have gametocytes. Humans exposed to
the malaria parasite progress at a rate xy to the infectious class, in which they
now have gametocytes in their bloodstream making them capable of infecting the
susceptible anopheles mosquitoes. Treated individuals recover at a rate «,, with
temporary immunity and enter the class R. Temporarily immune individuals lose
immunity at a rate v and join the susceptible class. Infected individuals who do not
seek treatment die from malaria infection at a rate 7. The birth rate for humans
is # and individuals die naturally at a rate ;. Within host parasite dynamics are
weather independent, but within vector parasite dynamics, as well as the mosquito
life cycle are weather dependent. The mosquito population is divided into the juve-
nile (J/j/(t)) and adult population which is subdivided into three classes: susceptible
(S (t)), exposed Fy(t) and infectious (1,,(¢)). Adult mosquitoes are recruited from
the juvenile mosquito population at a rate A,,. The rate of infecting a susceptible
mosquito depends on the mosquitoes’ biting rate a and the proportion of bites by
susceptible mosquitoes on infected humans that produce infection b,,. Susceptible
mosquitoes that feed on infectious humans will take gametocytes in blood meals,
but as they do not have sporozoites in their salivary glands, they enter into the
exposed class. After fertilisation, sporozoites are produced and migrate to the sali-
vary glands ready to infect any susceptible host, the vector is then considered as

infectious. Mosquitoes die at a rate p,, which is independent of infection status.
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Infected mosquitoes are not harmed by the infection, never clear their infection

and the infective period of the mosquito ends with its death.

For schistosomiasis transmission, the model is based on monitoring the dynam-
ics of the populations at any time t of susceptible humans Sy, exposed humans
Eys, infected humans /55, miracidia M, susceptible snails U, prepatent snails L
patent snails /5 and the cercariae C. The susceptible population is the same pop-

ulation susceptible to malaria. Susceptible individuals acquire infection at a rate

BuC(t)

A= G eC(t)

, where [ is the cercarial infection rate, () is a saturation con-
stant for the cercariae and ¢ is the limitation of the growth velocity of cercariae with
the increase of cases. Upon infection, an individual does not automatically become
infectious but enters an exposed class as the incubation period of schistosomiasis
ranges from 4-8 weeks for schistosomiasis mansoni and schistosomiasis japonicum,
respectively (Cohen, 1977; Spira, 2003). Individuals then progress to the infectious
compartment at a rate 5. Susceptible and infected individuals suffer from natu-
ral death rate 1y, but infectious individuals have an additional host mortality §.
Treated individuals recover at a rate a, to join the class R with temporary immu-

nity. Adult schistosomes within infected human hosts produce eggs which hatch

and develop to free-swimming miracidia at a net rate #,,. Miracidia either die at a

BsM

m. Adult snails are recruited

rate §,; or infect uninfected snails at rate \g =
into the susceptible snail population at a rate Ag. Upon infection, snails enter the

latently infected class from which they progress to the patent infected class at a

rate kg. Adult snails die naturally at rate ;15 and infected adult snails also die due
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to parasite-induced mortality at an additional rate . The patent infected snails
will then release a second form of free swimming larvae called cercariae at a rate

6 which is capable of infecting humans. Cercariae die naturally at the rate Jc.

Individuals can be dually infected by malaria and schistosomiasis. We assume
that individuals who aquire malaria infection while they are already infected with
schistosomiasis will progress to being malaria infectious faster. Individuals who
are already malaria infectious cannot aquire schistosomiasis because of reduced
contact with water as they are already considered less mobile due to malaria dis-
ease. Individuals who show symptoms of schistosomiasis when further infected
with malaria parasites, quickly progress to the infectious state of malaria hence
the modification parameter p. Thus the coinfection compartment X consists of in-
dividuals who are dually infected. Individuals in the compartment X recover from
treatment of both malaria and schistosomiasis at a rate ag); to join the class R.
Individuals who are not treated from compartment X as a result of dual infection

die at a rate 7g),.

The model flow diagram is presented in Figure 5.1.
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Figure 5.1: Malaria schistosomiasis coinfection model.
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The model equations describing the dynamics of infection are as follows

Sy(t) =Ag — A (T, R)Sy — Ap(T, R)Sy — piuSu + aslys + R,

Eyy(t) = Au(T, R)Sy — (kuy + i) En,

Iy (®) = kg Epn — (pg + anr +n)1g,

Ry(t) = alyym — (v + pu )Ry,

Tat) = Ba(TYNa(1 = 20 = us(T) Jas = Bur(T)

Sy(t) = Bu(T) I — A /(T, R) Sy — 1 (T) S,

Ey(t) = M (T, R) Sy — (kar(T) + paa (T)) Eg,

I]/V[(t) = HM(T)EM - NM<T>IM7

B BHCSH (5.1)

_C()—l-EC

Eys(t) — (kus + pu)Ens,

Iys(t) = kusErs — (g + 0y +vu)lus,

M'(t) = Oy Iy — ]\Zsfgw —6u M,
U'(0) = As = L = st
L'(t) ]\Z]STZ\J — (s +a+ k)L,
I4(t) = KL — (us + )1,

C'(t) = Oclg — f{f fi g — 60,

X'(t) = A (Eus + Ins) + \gEnn — asuX — pu X,
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G(T7 R)bHIM CL(T, R)bMIHM BuC BsM
h Apj = — 21— 772777 Ay = Ag = d \¢g=—"2——.
WHETe, Aar NM ’ v NH B Co+€C an 5 M0+€M
Note that
Ny =Su+Egym + Iy + R+ Eps + Ins + X,
Ny = Sy + Ey + Iy,
v M M M (5.2)

Ng=U+ L+ Is.

5.2.1. Positivity and boundedness of solutions

Model (5.1) describes the human, juvenile mosquito, adult mosquito, snail, miracidia
and cercarea populations and therefore it can be shown that the associated state
variables are non-negative for all time ¢ > 0 and that the solutions of the model
(5.1) with positive initial data remains positive for all time ¢ > 0. We assume the
associated parameters are nonnegative for all time ¢ > 0. We show that all feasible

solutions are uniformly bounded in a proper subset ¥ = Uy x WV ; x Wy xWgx Ve x W)y,.

Theorem 5.1. Solutions of the model (5.1) are contained in the region ¥V = ¥y x

\IIJX‘I/\/X‘I/Sx\Ifo\IfM.

Proof. To show that all feasible solutions are uniformly-bounded in a proper subset
U, we split the model (5.1) into the human component (Ny), juvenile mosquito
component J),, the adult mosquito component (Ny ), the snail component (Ng), the

miracidia component (1) and the cercarea component (C') given by equations (5.2).
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Let

(St Eunes I, R, Ens, Ins, X) € RY,

be any solution with non-negative initial conditions. From the theorem by Birkhoff

and Rota (1989) on differential inequality it follows that

Taking the time derivative of Ny along a solution path of the model (5.1) gives

dN
d—tH =Ag — paNg — vl — nslas — nsmX.
Then,
dNg
— 2 < Ay —ugNy.
ar = CH TR

From the theorem by Birkhoff and Rota (1989) on differential inequality it follows
that

A
0 S NH S —H —|—NH(O)€_“Ht
HH

where Ny (0) represents the value of (5.2) evaluated at the initial values of the
respective variables. Thus as ¢t — oo, we have

A
0< Ny <22
12924

This shows that Ny is bounded and all the feasible solutions of the human only

component of model (5.1) starting in the region ¥ approach, enter or stay in the
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region, where

A
Uy = {(SHaEHMafHM;Ra Eus, Ins, X): Ny < M—Ilj} (5.3)

Similarly, let

(Sv, Ev,Iy) € RS
be any solution with non-negative initial conditions. Then

lim sup Sy (t) < &

t—o0 Hy

Taking the time derivative of Ny along a solution path of the model (5.1) gives

dN,
dt

= Ay — py Ny

The mosquito-only component (5.2) has a constant population size. Therefore,

dNy
—— < Ay — uyNy.
a = Vv — HvIVy

From the theorem by Birkhoff and Rota (1989) on differential inequality it follows

that
Ay

0 < Ny < — + Ny(0)e ",
2%

where Ny (0) represents the value of (5.2) evaluated at the initial values of the

respective variables. Thus as t — oo, we have

onggﬂ.
1947
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This shows that Ny is bounded and all the feasible solutions of the mosquito only
component of model (5.1) starting in the region ¥y approach, enter or stay in the
region, where

\I/V = {(Sv, Ev,fv) : NV S Avluv}. (54)

Similarly, let

(U L,Is) € RS

be any solution with non-negative initial conditions. Then

A
lim sup U(t) < ==,
t—o00 s

Taking the time derivative of Ng along a solution path of the model (5.1) gives

dN,
d—ts =Ag — Oz(L + Is) — ,ust.

The snails-only component (5.2) has a varying population size. Therefore,

dNg
—=2 < Ag — ugNg.
i S — MSINS

From the theorem by Birkhoff and Rota (1989) on differential inequality it follows

that

A
0 S Ns S —S + Ns(O)e_‘ust,
Hs

where Ng(0) represents the value of (5.2) evaluated at the initial values of the
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respective variables. Thus as t — oo, we have

OSNSSE.
s

This shows that Ng is bounded and all the feasible solutions of the snails only
component of model (5.1) starting in the region ¥g approach, enter or stay in the
region, where

Ag

\Ifs = {(U,L,Is) : NS S - (55)
s

All feasible solutions of model system (5.1) enter the region

( A 3\
Uy = (Su, Exsty Irat, R, Es, Ins, X) € BT : N < M—H’
H
\IIJ:JMER+IJM§K,
3 Ay
Uy = (Sy, By, Iy) €R, : Ny < —,
2%
U — . (5.6)
3 Ag
\IIS:(U,L,Is)GR+ZN5§—,
Hs
O A
Uy =MeR, : M <21
MMH
OcA
Ue=CeR,:C< -2
\ dchs )

which is positively invariant and attracting and it is sufficient to consider solutions
in V. Existence, uniqueness and continuation results for system (5.1) hold in this
region and all solutions starting in ¥ remain in there for all ¢ > 0. Hence, (5.1) is

mathematically and epidemiologically well-posed and it is sufficient to consider the
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dynamics of the flow generated by the model system (5.1) in ¥. Also, all parameters
and state variables for model system (5.1) are assumed to be non-negative since it

monitors human, mosquito, snail, miracidia and cercariae populations. O

5.2.2. Disease free equilibrium (DFE)

The disease free equilibria,

A NyK NyK A
5= (XM g 0,0, PN Dby Mo ,0,0,0,0,0,~>,0,0,0,0).

pr' T B+ K (g + Bu) i [Br 4 K (g + Bar)] Hs

The coinfection reproduction number

2
R,,, = max {\/a beJVIHnglSHSAI’ BHBSQCBAIZ'ZHSHSSHU}7

(5.7)
= max{Rm, RS},

where

Zy = pu NNy (m+ an + o) (s + o) (B + o)

and

Zy = CoModcon (vu + 6 + pr)(Kus + pm) (o + ps)(a+ ks + ps).

The parameters used for numerical simulations are taken from Tables 3.1 and 4.1

5.3. Results

Figure 5.2 shows the simulated basic reproduction numbers for malaria and schis-

tosomiasis on the African continent and the Americas based on the baseline cli-
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mate. This ideally shows the regions where the environmental ambient conditions

allow malaria endemicity alone, schistosomiasis endemicity alone or coinfection

insighted from the model.

Malaria and schistosomiasis co-infection in Africa and the Americas

Rsm

236

36-52

[ ]52-76

[176-104

B 104-164

Rs e Rm =

[ 110-24 [ 110-47

=2'4-4'2 B 470 0 1000 2000km /
42-9.7 o174

Figure 5.2: Malaria schistosomiasis coinfection pattern.
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5.4. Discussion

A mathematical model for schistosomiasis and malaria coinfection incorporating
rainfall and temperature is analysed. The coinfection reproduction number is com-
puted and mapped on the continents of Africa and South America. Results from the
mapping suggest that environmental ambient conditions in the equatorial regions
of Africa and Latin America promote malaria and schistosomiasis coinfection with
a heavier burden of coinfection in South America especially Brazil. Within Africa,
there are some countries where it is beneficial to target both diseases for example
DRC, Angola, Madagascar except the southern tip. The same pattern of coinfec-
tion is observed in South America. However there are some areas where targeting
Malaria only is warranted. In the sub-tropical regions, including Namibia, South
Africa and the greater part of Zimbabwe schistosomiasis is more dominant than
malaria. The same goes for the areas on the northern fringe of the Sahara. Results
show that coinfection is a greater problem in general in South America than in
Africa. These results also suggest that one of the reasons why malaria mortality is
higher in Africa may not necessarily be because of endemicity but of poor and fail-
ing health systems. Results of this current work also correspond with the targerted
areas of control of schistosomiasis in South America (CDC, 2012). However health
systems should target both diseases in Africa and the Americas as schistosoma

infection enhances malaria incidence (Ndeffo et al., 2014).



Chapter 6

Conclusion

6.1. Introduction

In this study, climate driven deterministic models of malaria, schistosomiasis and
a coinfection model for malaria and schistosomiasis were developed. Temperature
and rainfall were incorporated in the models to explore the effects of climate vari-
ability and change on the disease transmission dynamics. Calculated reproductive
rates of the models were mapped to determine whether results from mathematical
models agree with the situation on the ground. Projections were made for future
transmission dynamics in order to inform policy makers on how to deal with dis-

eases in the future.
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6.2. Summary and concluding remarks

In Chapter 2, a human-mosquito population model for malaria dynamics incorpo-
rating temperature dependant parameters was developed. Results from the model
suggests that temperature range 23°C to 38°C is ideal for malaria transmission.
Beyond 38°C mosquito mortality is extremely high and the reproduction number
drops below unit. The model suggests that optimal temperature for malaria trans-
mission is around 31°C. The analysed results are also supported by numerical
simulations which show an increase in malaria cases as temperature increases to
about 38°C and a decrease thereafter. Results of the partial rank correlation coeffi-
cients (PRCCs) illustrated that the death rate of mosquitoes has a negative impact
on the reproduction number. This then suggests that any factor which contributes

to increased mosquito mortality has potential to reduce malaria transmission.

In Chapter 3 the aspect of water bodies as a result of rainfall is incorporated
into the model formulated in Chapter 2. Apart from the optimal temperature
for malaria transmission being around 31°C, results from the model analysis sug-
gested a daily rainfall in the range of 15 — 17mm is ideal for the spread of malaria.
The reproduction number dependent on both temperature and rainfall is applied to
gridded temperature and rainfall datasets to determine the transmission pattern
of malaria across Africa. The results of the transmission pattern fall within the
observed falciparum limit of 2010 Gething et al. (2011). The reproduction num-
ber is also applied to projected datasets of temperature and rainfall to predict the

future impact of climate change on malaria transmission. Results from the study
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suggest that in future, malaria will die out on the southern fringe of the disease in
Africa, giving hope for malaria eradication in Southern Africa. However malaria
will remain endemic in the tropics and coastal areas of East Africa. Furthermore,
results of the study suggest an upward shift of the northern limit of falciparum

malaria and endemic malaria will become a problem in the African highlands.

In Chapter 4 a schistosomiasis transmission model with parameters related to
snails and parasite dynamics dependent on temperature is developed. The snail
recruitment rate was dependant on both temperature and rainfall. The mathe-
matical analysis of the model was done and the reproduction number for schis-
tosomiasis transmission was mapped to temperature and rainfall datasets from
Zimbabwe. Environmental ambient conditions suitable for endemic schistosomi-
asis were suggested to be in the lower veld of Zimbabwe and along the Zambezi
valley catchment area. Results of the study suggest an optimal temperature for

schistosomiasis transmission around 23°C.

In Chapter 5 a rainfall and temperature dependent malaria and schistosomiasis
coinfection model is developed. The coinfection reproduction number is also com-
puted and mapped to show the effect of climate variability on the pattern of coin-
fection in Africa and the Americas. Results from the study suggest a high burden
of schistosomiasis coinfection in Africa and Latin America along the tropics and
subtropics. These results suggest both schistosomiasis and malaria control pro-
grammes in these areas. In countries on the northern fringe of the Sahara, and the

sub tropical regions of Africa including Namibia, South Africa and the greater part
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of Zimbabwe, channelling resources towards eliminating schistosomiasis should be

a priority.

6.3. Future research directions

The results of this thesis leave room for possible future research. We propose the

following extensions.

e In this study we have gained insight into the effects of climate variability
on the dynamics of schistosomiasis and the effect of climate change on the
dynamics of malaria. The knowledge gained from this theoretical study can
be used in the implementation of a practical project, thus a possible extension
of this thesis would be to consider the implementation of practical projects in

the light of this work for African countries.

e Given that lymphatic filariasis is also a mosquito transmitted infection, its

coinfection with malaria may also be investigated in light of climate change.

e Possible extensions of this thesis are to incorporate other aspects like human
migration, relative humidity, the role of socio-economic factors and the spatial
variation of the countries under study to capture the the real transmission

dynamics of schistosomiasis and malaria.
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Appendix
The matlab code for numerical simulations in Figure 4.3 is presented below.

function dx = bilharzia(t,x) global PiH BH CO epsilon muH deltaH gammaH a K
piS deltaE thetaE lambdaM BS MO deltaM deltad thetaS deltaS kappah kappas
alpha lambdaC deltaC deltaP LambdaS dx = zeros(8,1);

T = 40;

a = 0.23;

b= —1.05;

c=0.1;

P = 30;

Bm = 0.849;

BH = (—2.2957184151497) + (0.44586818702128) xlog(T') + (2.95983357327484) / (log(T'));
C'0 = 90000000;

epsilon = 0.2;

muH = 0.00000384;

kappah = 0.017857;

deltaH = 0.0039;

gammaH = 0.006;

LambdaS = 2000%exp(351.04480681884+(—1925.49534415329) /T4 (—85.1815135926783 ) *
log(T));

kappas = 1/10 (T /(6271.093098237131 + 165.427360339652 x T + (—1946.87993772373 *
sqri(T))));

thetaF = 0.0318402041755522/(1+ (—0.0416780520469753) « T'+ 0.000577602879269135
T.xT),

lambdaM = 500;

BS = —8.59111 + 855 /T — 31487.35/T?% + 574921.12/T3 — 5188906 /T* + 18196700 /1"
MO = 100000000;

deltaM = 1/1000 * ((3.98974358865154E — 07) * T° + (—3.7263403251269F — 05) * T* +
(4.96981351536597 £ — 04) + T3 + (3.99238927794239F — 02) + T2 + (—1.14921235431391)
T + 9.58999999983625);

deltaJ = (—2.19004925774938F — 04) + (2.66513140443254E — 07). « T. « T. « T +
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(5.98522430001724E — 18). + exp(T);

thetaS = T'/(79196.0253972279 + 3446.39220863669 * T'+ (—32898.311685307) * sqrt(T));

alpha = 1/100% ((—1.333627E — 02) +8.738205237F — 06 T2.5 +1334.208298 x exp(—T));

deltaP = (8.45272006716759E—02)+(4.86602370933418 E—18) #eap(T)+(—4.00521351511864 F-
03). x (T10.5)). * log(T);

lambdaC' = 6.44999999999998 « T'. « T'+ 40.1900000000012 * T" + (—907.850000000018);

deltaC' = 0.004;

PiH = 800;

deltaS = 1/100%(11.4266138930207+(—126.890461063771) /log(T)+(525.291589814963) / (log (T))
(—960.378832397901) /(log(T))? + (654.302614387871)/(log (T))"):

dx(l) = PiH — (BH *x(8) *x(1))/(C0+ epsilon x x(8)) — muH * (1) + gammaH * x(3);

dzx(2) = (BH x z(8) x (1)) /(CO + epsilon * x(8)) — (muH + kappah) * x(2);
dx(3) = kappah x x(2) — (muH + deltaH + gammaH) * z(3);
dx(4) = LambdaS — (BS * x(7) * x(4)) /(MO + epsilon * (7)) — deltaS * x(4);
dx(5) = (BS * x(7) * x(4)) /(MO0 + epsilon * 2:(7)) — (alpha + deltaS + kappas) * x(5);
dz(6) = kappas * x(5) — (alpha + deltaS) * z(6);

(7) =

dz(7) = lambdaM * x(3) — deltaM * x(7);

dz(8) = lambdaC' * x(6) — deltaC' * x(8);

global PiH BH CO epsilon muH deltaH gammaH a K deltaE thetaE lambdaM BS
MO deltaM deltad thetaS deltaS kappah kappas alpha lambdaC deltaC deltaP

hold on

[t, x] = oded5("bilharzia’, [0.0 : 0.1 : 4000.0], [1000000.0, 5000.0, 200.0, 100000.0, 1000.0, 100.0, 100C
plot(t, x(:, 1),/ r") Linewidth', 1.5)

plot(t, x(:,2),/ V') Linewidth',1.5)
plot(t, x(:,3),)r") Linewidth’, 1.5)
plot(t,x(:,4),)r") Linewidth’, 1.5)
plot(t,x(:,5),' V") Linewidth',1.5)
plot(t, xz(:,6),/ V) Linewidth’',;1.5)
plot(t, x(:, 7)., r") Linewidth', 1.5)
plot(t, x(:,8),) ¢', Linewidth',1.5)
hold off



