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Abstract

The KwaZulu Natal (KZN) province is the front runner for malaria elimination in South Africa.
It accounts for a small proportion of the total number of malaria cases diagnosed in the whole
country in recent times. This study focused on the key localities in the province, Ndumo, and
Shemula which reported the highest number of local malaria cases between the years, 2014 and
2018. The study aimed at investigating and assessing the most influential factors that drive
malaria in the localities and to represent the malaria key features such as treatment, imported
cases, vector spraying, and vector/human relationships. The model used in the study examines
the malaria behaviour at a smaller scale as other models mainly look at larger population sizes
such as district level and provinces to find the most effective strategies as we move closer to
elimination. The purpose of this was to understand how malaria will change in the future if
the existing strategies change. It also aimed at studying impact these changes would have on
the existing cases, as to whether there will be a rise or a drop with the existing intervention
coverages. This was achieved by formulating an 11 compartmental population-based, non-
linear stochastic ordinary differential equation model that will be used to simulate malaria
transmission in the two localities to assess the potential impact of various policy interventions
that may be used to achieve malaria elimination. It was also developed to assess the impact
of policy interventions on imported infections, seasonal spraying, the effectiveness of reducing
the current coverages over time, and to reach the goal of malaria elimination.

Based on our analysis, we deduced that to maintain a low number of malaria cases, it would
be sufficient to employ the current coverages but to reduce the number of cases, we need to
consider finding ways to increase the IRS efficacy. Thus, for IRS, we conclude that, to reduce
the malaria cases to its minimum (even further to 0), we need to consider increasing both the
IRS coverage and its efficacy closer to 100%.

With imported cases having a big impact on local cases, we concluded that we could reduce
the number of local cases if we can control imported cases from other areas. Strategies such as
the border clinics, screening at the border etc, would result in significant impact in the local
malaria cases as we would eliminate one of the major contributors to existing malaria cases.

In conclusion, we believe that increasing our efforts on the existing interventions, would result

i



in a further decrease in the number of cases. Although one would argue that the investment is
not worthwhile and that the decrease is redundant, and because of this, it is worth considering
moving all those efforts towards the prevention of the more concerning variable; imported cases.
In terms of local cases, we would then consider maintaining the current coverages. In that case,
we should only treat those who require the treatment and spray the areas that still report

cases.
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Chapter 1

Introduction

Malaria is one of the most prevalent and deadly parasitic diseases in the whole world, affecting
children under the age of 5, pregnant women, patients with human immunodeficiency virus
(HIV) and the acquired immune deficiency syndrome (AIDS), tuberculosis, non-immune mi-
grants, mobile populations and travellers [3], [32]. This life-threatening disease caused by the
parasite is transmitted to humans through the infected female Anopheles mosquitos’ bites re-
ferred to as malaria vector. There are only 5 species of parasites that spread and infect humans,
with only two that pose the greatest threat to humans. The first is the Plasmodium falciparum
(P.falciparum), the most prevalent malaria parasite on the African continent which is respons-
ible for most malaria-related deaths in the whole world. The second is the Plasmodium vivax
(P.vivax), the dominant malaria parasite in most countries outside of sub-Saharan Africa [1].
In the early stages, a person infected with malaria displays symptoms such as fever or head-
ache. The symptoms usually appear within 10-15 days of being bitten by an infected mosquito.
Following the appearance of symptoms, malaria can lead to death if not treated within 24

hours[3].

Malaria transmission is seasonal, limited to the warm and rainy summer months, cases start
to rise in October, peaking in January and February, and waning towards May. Malaria is
considered unstable and epidemic-prone. Malaria is sensitive to the climate, with Rainfall and
Temperature acting as the main factors that drive the malaria epidemic. The number and
survival of mosquitoes are affected by these climatic conditions which vary over time [2], [3].
Studies suggest that excessive rainfall has a major effect on malaria transmission and is known

to increase transmission in the following ways [34], [35];

e with mosquitoes breeding in water, rainfall provides more opportunities for mosquitoes
to breed as there are more water pools during rainy seasons, which leads to an increase

in malaria vector population,



e due to high temperatures and humidity which is often associated with high rainfall, people
tend to spend nights in cooler areas outside their houses or indoors with open windows,

thereby increasing the change of being bitten by infected mosquitoes.

e and lastly, too much rain results in flooding and bad roads which in turn to hamper the

movement of the teams that conduct the IRS in some communities.

Scaling up of interventions such as treatment, diagnosis, and prevention has reduced malaria
burden by 11% globally from 239 to 219 million cases with incidence rate from 72 to 59 cases per
1000 population at risk, while the incidence at risk remained at 219 cases per 1000 population
at risk in the sub-Saharan region between 2010 and 2017 [2], [I]. In 2018, the World Health
Organisation (WHO) reported an estimate of 228 million malaria cases worldwide, with the
number of deaths standing at approximately 405000. As stated, pregnant women and children
are more at risk. Immunity to malaria in a pregnant woman is reduced by pregnancy, making
her more vulnerable to the infection and putting her at a higher risk of contracting an illness,
severe anaemia, and death. Maternal malaria delays the foetus growth which in turn increases
the risk of immature delivery and low birth weight. Maternal malaria has been known as the
leading cause of child mortality [2]. The WHO reported 11 million women that contracted
malaria in areas of medium and high disease transmission in sub-Saharan Africa in 2019. As
a result of this, approximately 900 thousand children were born with low birth-weight [2].
Children under the age of 5 were the most vulnerable affected by malaria. It was estimated
that 271350 children died of malaria before their fifth birthday, accounting for 67% of the total
deaths. The Africa region is reported to be the carrier of most of the cases reported in the
world. During this period, the region was home to about 93% of malaria cases and 94% of

malaria deaths.

Malaria in South Africa is identified as being substantially less prevalent than in other African
regions. In South Africa malaria mainly takes place at the low-altitude areas of the north-
ern and eastern parts of the country along the border with neighbouring countries including
Mozambique, eSwatini, and Zimbabwe, with transmission taking place mainly in Limpopo,
Mpumalanga and KwaZulu Natal provinces [I]. According to Silal et al. [3], approximately
95% of confirmed malaria cases are due to infections with Plasmodium falciparum in the coun-
try. Limpopo province has been reported with the highest incidence in the country because
of its position in the high-risk malaria transmission zone bordering Mozambique, Zimbabwe,
and Botswana, and KwaZulu Natal reported the least number of cases. The transmission is
constant, peaking during and after warm rainy seasons, between September and May [4]. Tts
rate may vary in and between years depending on factors such as the amount of rain, air tem-

perature, and other climatic conditions that could create a conducive environment [5].



In recent years, there was an expected and substantial increase in malaria-related morbidity and
mortality in endemic regions of South Africa, with malaria cases increasing from 1377 in 2016
to 30558 in 2017 [6], despite all efforts that had been made in the country to control malaria
over the past years (pre 2016), which lead to a significant decline in morbidity and mortality
in the malaria risk regions [7]. Over the years, South Africa made use of several strategies to
manage the malaria vector. These included epidemic preparedness, disease surveillance, indoor
residual spraying, malaria advocacy and information, education, and communication.

Several studies stated that of the three malaria-endemic provinces in South Africa, the KwaZulu
Natal Province (KZN) had the lowest number of reported malaria cases. Over the past dec-
ade, the province reported the fewest number of malaria cases diagnosed in South Africa each
year, with most of these cases diagnosed in Umhlabuyalinga Municipality, a local municipal-
ity located at the eastern border of uMkhanyakude District, along the border with eSwatini
and Mozambique. Several studies suggested that most of these cases are a result of imported
malaria cases reported in the province each year. The province is the front runner for malaria
elimination, it presented a steady decline in local cases over the years, from 102 to 35 malaria
cases in the June 2010/July 2011 and June 2016/July 2017 seasons respectively [§]. This num-
ber continued to decrease until a rapid increase was noticed in 2018. This increase is suspected
to have been influenced by the increase in cases reported in the neighbouring country, mostly

Mozambique.

KZN is the closest to its target of eliminating malaria, as evidenced the fewest number of malaria
cases out of the three provinces. Ndumo and Shemula localities were the biggest contributors to
the malaria cases between 2014 and 2018 in the province. The two localities are in Jozini local
municipality, located in uMkhanyakude district. In this study, we evaluated the impact any
change in the interventions we have in place would have on malaria transmission as we move
closer elimination. This was achieved by formulating a population-based, non-linear stochastic
ordinary differential equation model that was used to simulate malaria transmission in the
KwaZulu Natal province and assess the potential impact on malaria transmission of various
policy interventions that may be used to achieve malaria elimination. This model was also
used to assess the impact of policy interventions on imported infections, seasonal spray, the
effectiveness of reducing the current coverages over time, and the goal of malaria elimination.
This dissertation aims to model the malaria transmission within the two localities, and assess

impact on transmission in the following actions were to be carried out:
e Reducing/increasing Indoor residual (IRS) as the localities move towards elimination.
e Reducing/increasing the number of imported cases into the localities.

Research questions




e What impact would the reduction in IRS coverage have on the local cases within the two

localities? Would it result in malaria transmission persisting or remain the same?

e How much change would a reduction in the number of imported cases have on the local
cases reported in the two localities? Would it result in fewer cases reported in the local-

ities?



Chapter 2

Literature review

Malaria

Malaria is a global burden mostly affecting underdeveloped regions, especially sub-Saharan
Africa despite scaling up interventions to reduce the malaria burden. The World Health Or-
ganisation (WHO) malaria report [3] states that at least 70% of the global malaria cases that
occur, 67% resulted in deaths in 2019, mostly affecting young children and pregnant women. It
was also stated that 229 million malaria cases were reported in 91 countries with approximately

409000 deaths [2], [1].

Biology of malaria

Malaria is a transmittable disease that occurs when a malaria parasite is transferred to a hu-
man through a female malaria-infected Anopheles mosquito bite, which simultaneously injects
sporozoites into the skin. The process consists of 3 cycles which work concurrently, as shown
in Figure 2.1] These cycles are referred to as Exo-erythrocytic (1 — 4 cycles), Erythrocytic (5
— 7 cycles) and Sporogonic cycles (8 — 12 cycles). The mosquito bite and sporozoites injection
mentioned above are in cycles 1 and 2, respectively.

Once the sporozoites reach the liver, they invade hepatocytes and later sporozoites develop
into liver schizonts and replicate asexually (3). After approximately 7 days of development, the

schizotes rapture and release merozoites which later enter the peripheral bloodstream (4).
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Figure 2.1: Malaria Life Cycle [30]

As soon as merozoites enter the bloodstream, they invade the circulating red blood cells. This
causes the asexual cycle to start over (5). At stage 6, merozoites are raptured and released
into circulation, starting a new process of asexual reproduction. This happens when the para-
site progresses through the ring and trophozoite stages before replicating into about 8 to 32
daughter merozoites at the schizont stage within the period of 48 hours. In each cycle, few
parasites produce progeny which differentiate the cycle into gametocytes (i.e. male and female
forms) after splitting from the asexual replication. The parasites leave the cycle (B) and enter
the extravascular space of the bone marrow, where gametocytes mature and progress within a
period of 8-10 days (gametocytogenesis) (7). Even though the primary location of immature
gametocytes is the bone marrow, they can be also found in other parts of the human body (i.e.
spleen).

In stage 8, an Anopheles mosquito ingests gametocytes from an infected human during a blood
meal in which a male and female gametocyte rapidly mature into gametogenesis (gametes).
The male gametocyte divides into up to eight flagellated microgametes, whereas the female
gametocyte develops into a single macrogamete (9). Fertilization of a macrogamete by a mi-
crogamete results in the formation of a zygote, which undergoes meiosis and develops into an
invasive ookinete that penetrates the mosquito gut wall (10). The ookinete forms an oocyst

within which the parasite asexually replicates, forming several thousand sporozoites (sporo-



gony) (11). Upon oocyst rupture, these sporozoites migrate to the salivary glands, where they

can be transmitted back to the human host during a blood meal (12).

Interventions against malaria

South Africa and eSwatini, both low transmission countries, are aiming to eliminate malaria
by 2020 and 2023 respectively [17, [I8]. The two countries share a border with a southern coast
country, Mozambique; a country with a high burden of malaria [I9]. Overs the years, several
interventions have been made available to mitigate and control malaria transmission, particu-
larly in the South African endemic provinces, to eliminate malaria [I]. With these interventions
in place, a significant decrease in the total number of local cases has been noticed [24]. These
interventions include the Cross-border malaria control initiative which was mainly introduced
to control malaria transmission and reduce the spread of Arteminism-resistant Malaria at the
border districts. It is aimed at successful malaria control and elimination. The second initiative
is called the Lubombo Spatial Development Initiative (LSDI). The programme was introduced
in 1999 as a collaborative project to address the issue of high malaria transmission in economic

and agricultural developing areas [16]. The programme aimed at:

e Reducing malaria incidence at the border areas of South Africa and eSwatini from 250,/1000

to less than 20/1000 population,

e Reducing malaria infections rate from 625/1000 to 200/1000 population within the period

of 3 years of initiative post its introduction,
e Developing a regional malaria control programme to cover 200000 sq. km,

e Developing a regional geographic information system (GIS)-based malaria information

system (MIS) in the three countries,

e And establishing an effective treatment and definitive diagnosis through the roll-out of
rapid diagnostic tests (RDTs) and artemisinin-based combination therapy (ACT) at all
public health facilities [13], 21].

The malaria control initiative objectives were achieved within five years of its initial implement-
ation [2I]. It made a substantial decline in the malaria burden, improved the health quality of
the targeted populations, and contributed to the economic productivity [22]. Due to financial
constraints, the initiative was terminated in Mozambique in 2011, although the programme

made a significant difference on malaria transmission.

After the termination of the LSDI, a substantial increase in the number of malaria cases was

noticed and reported in different parts of the MOSASWA regions (Mozambique, South African,



and eSwatini), despite the sustained in-country implementation of malaria interventions in
South Africa and eSwatini [11]. Few years post the LDSI termination, the MOSASWA initiative
was introduced. It was built on the solid foundation of the LSDI, from which capacity still
exists in all three affected countries for the implementation of strategies and management of
the initiative. Although malaria cases in the MOSASWA region increased in the 2012 - 2017
period, numbers remain relatively low [I3]. This initiative formed part of the border Elimination
Eight (E8) which was a collaboration of eight southern countries that aimed at achieving a zero
local malaria transmission in the four front-line countries (Botswana, Namibia, South Africa,
and eSwatini) by 2020 and in the second line countries (Angola, Mozambique, Zambia, and

Zimbabwe) by 2030.

Due to the implemented interventions in the three countries, a large decrease in malaria burden
was noticed and is now limited to the border districts of South Africa and eSwatini. It was
recognized that imported cases from malaria-endemic areas near these three countries were the
main contributor that leads to an increase in the total number of diagnosed cases in different
parts of the countries [I3]. Despite all optimal malaria control that has been in place, there
has been ”increasing consensus that the disease incidence could only be further reduced by a
regional approach to control” [I3]. Indoor residual spraying (IRS) which is the main strategy
used for vector control is undertaken in the three malaria-endemic provinces of South Africa.
IRS is conducted yearly in the 3 malaria-endemic provinces (i.e. KwaZulu Natal, Limpopo, and
Mpumalanga). The spraying season commences in August each year and ends the following
year in March. The IRS malaria programme consists of two different types of chemical insect-
icides: dichloro-diphenyl-trichloroethane (DDT) and a synthetic pyrethroid. Both insectides
are approved by World Health Organisation for malaria vector control. DDT and pyrethroids
are used to spray walls made of porous materials such as mud or wood and plastered or painted

walls respectively [20], 28].

In 2001, South Africa implemented rapid diagnostic tests (RDT) to diagnose malaria in endemic
areas [0]. RDT is most effective in a primary care setting and is known as being easy to use
as it does not need complicated technology and gives quick results [7]. Its ability to give
precision and functionality can be affected by many factors which include storage, transport,

manufacturing defects, and end-user performance [§].

Elimination

South Africa alone has malaria programmes that have been active for decades, with several
interventions’ available country-wide to eliminate and control malaria transmission [I]. These

programmes were aimed at eliminating malaria in the whole country by 2018. The programmes



defined four elimination phases.

The step by step phases are explained as follow;
e To control to less than 5 positive cases per 1000 persons presenting with fever,
e To reduce to less than 1 case per 1000 persons at risk per year,

e To combine both phases listed above to prevent re-introduction aiming to maintain 0

malaria cases per 1000 persons at risk per year.
An illustration is shown below [40, [41]:

WHO
SPR <51 000 <1 casef1 000 0 locally acquired  certification
fever cases population at risk/year Cases

Control
and

consolidation

15t program 2nd program
regrientation reorientation

Figure 2.2: Malaria Elimination Phases [3§]

The interventions used in the four listed phases include;
e Indoor residual house spraying (IRS),

e Treatment of uncomplicated malaria with Artemisinin Combination Therapy [ACT] as
they are rapidly and reliably effective i.e. lumefantrine, chlorproguanil/dapsone, amodi-

aquine, mefloquine, piperaquine and sulfadoxine/pyrimethamine.

It has been reported that scaling up of these interventions could help in eliminating malaria
and achieving the goal of maintaining zero malaria cases in South Africa [I]. The consensus at
this point is finding the right places to treat and knowing which intervention is more effective
to achieve the elimination goal. Malaria can be prevented using mosquito coils and repellents,
spraying the insides of houses (where most Anopheles species feed and rest) with insecticides
(indoor residual spraying) and by sleeping under the bed nets that have been treated with
long-lasting insecticides [9]. Mass screening and treatment (MSAT) with effective anti-malarial

drugs can also reduce malaria transmission [10].



Malaria Incidence and Control in Ndumo and Shemula, KZN

History

Since the last malaria epidemic that occurred in 2000, malaria incidence has decreased substan-

tially in South Africa. By 2012, the country had already met the malaria elimination threshold
of less than 5 cases per 1000 population at-risk set by the World Health Organisation (WHO)

[12]. Several studies state that within the three malaria-endemic provinces in the country

(South Africa), the KwaZulu Natal Province (KZN) is known to have the lowest number of

reported malaria cases.

\\\\\\\\\\\\\\\ \\\\Zlﬁ‘i\\BﬁﬁiﬂJE

k-

\:\\ X
® Alldays 1

@ Swartwater Maria
[ ]
Louis Trichard® Thohoyande

° edzi
Giyani
®Ellisras Tzaneen 2/
Po!okavane e o
Phalabo
Limpapa , ¥ IMOZAMBIQUE
Thabazimbi Fﬂl—fji?:ru-
L ; neczi
® Nylstroom
Bil grime:Ré t
le
ydenburf' El o

r4
(12 1]
en White*Ri
North-West, Ne@gm
Tnﬂslgmf’manwlly reduce ynur nsk. take ) ?ﬂiddelhurg Bll‘g
bites throughout the yeal In ALL RISI'& areas

Il wsiwrin Risk Ares Mpumalang "

Artimalanal diugs® are ecommendad
feom ODedober bo May for all travelien. Padiculardy
Puigh rigk araas include Hdumu & Temba gamae mserves

® Ermelo

[ it it Rigk: Arams

High tigh pemsors® are advised 1o

take anbimalarial drugs from
Detobar thraugh Ma

A1 b ]

0 o Risk Arans

Antimalasial drags are

et rhemmandad

=

JQZII’I?

*lb omb'o

E Consull coundry specific map
[ Moz mbiqus

Veioin o e mrisdma
dnge” e meommerded

EBR svasitand Hiabisa
.:;"""";1:.%::;.«_-3." = Mahlabatini :

Ulundi 22

* Meflequing OR Daxyorcline (OR
Chiomquing PLUS Fraguanil

KwaZulu-Natal

Esho’e

** High il pationg 3ré childis < 5 ya i,
pregnant women & immunocompramised
paople (8.9 HIV, & purisn who hag had 4

Splenectamy, orwlho k5 on |mmenssuppressant DD[ir‘lngp [ ] .

madisation) ugela

@ Tosns d KNP Resd Camps

l:l Game Ro-snn.-es

ATarineen sy

3. umwe memeviy (i I Teman

3wt B L Kl B

£ S i) b Durban

& Tt 1E Bodura

I Tramean 1 faer i e

. e . e

] I pme

11 frger dmtors P
MIRC
=T

Figure 2.3: SA with neighbouring countries

Over the past decade, KZN reported the fewest number of malaria cases diagnosed in South
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Africa each year, and most of these cases were diagnosed in uMhlabuyalinga Municipality, a
local municipality located at the eastern border of uMkhanyakude District, along the border
with eSwatini and Mozambique [I]. It was suggested that most of these cases are a result of
imported malaria cases reported in the province each year. The Malaria Elimination 8 report
[32] stated that approximately 77% of total malaria cases are diagnosed in travellers from
neighbouring countries each year (imported cases). Malaria transmission in KZN is constant

(seasonal), peaking during and after warm rainy seasons, between September and May [4].

Most of the malaria cases diagnosed in South Africa are Plasmodium Falciparum cases and
are suspected to be associated with a severe and fatal disease. It was stated in some studies
that most South Africans are non-immune to malaria which then puts them more at risk of
contracting severe malaria [61), 62]. In the early 2000, malaria was a threat to human life in
South Africans, and with this as an issue, several interventions were put in place to diagnose
and manage the disease. The choice of antimalarial agents was dependent on the severity of the
illness and the pattern of drug resistance of the parasite in the geographical area where malaria
was acquired. South African public health uses a rapid diagnostic test to test whether an in-
dividual is malaria positive or negative. A theoretical detection threshold of 200 parasites/uL
is employed. The test usually takes up to 20 minutes of processing time. Another strategy
called Active case detection is used to identify the source of the infection which enables further
screening and treating of symptomatic people. South Africa has changed treatment for symp-
tomatic patients 3 times between 2002 and 2006 to cater for the increase in gametocyte, from
sulphadoxine-pyrimethamine (SP) to SP-artesunate followed by SP-artesunate [I3]. Indoor

residual spraying (IRS) is one of the most used vector controls in the country [15].

Over the past decade, the local cases diagnosed in KwaZulu Natal have been making up only a
small proportion of the total number of cases, with most of the cases being recorded as being
imported from outside the borders of the country, mainly sourced from Mozambique (Figure
2.4). It is these imported cases that also cause secondary cases within the province. This
is evidenced by the fact that as imported cases have increased, so have the number of local
cases even though there was a marginal increase in the reported number of local cases in the
last three malaria seasons [36]. Ndumo and Shemula localities are small regions located in the
uMkhanyakude district. These localities were reported with the highest number of malaria
cases between 2014 and 2018. It is suspected that the reason for the high incidence of malaria
in the two regions may have been due to being close to the Mozambican border. Figure 2.3

shows the two localities.
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Figure 2.4: Number of KZN local and imported cases

Mathematical Modelling Epidemiology

Since the development of the first dynamic model of smallpox by Bernoulli in 1760, various
mathematical models have been employed to study infectious diseases [17] to reveal the under-
lying spread mechanisms that influence the transmission and control of these diseases. Among
them, Kermack and Mckendrick [I8] initiated the famous Susceptible, Infected and Recovered
(SIR) type of compartmental model in 1927 for the plague studies in Mumbai and succeed
in unveiling its epidemiological transition. Since then, mathematical modelling has become
an important and useful tool to study the transmission and spread of epidemic diseases. The

underlying equations for the SIR model are as follows:

s

:§¥f — -—[3.£;h[

dl 1
zzz - %3.5;“[ - Z;.]
dR 1

@ ol

Where S is the susceptible population at risk of contracting malaria, I is the infectious popu-
lation capable of infecting others, R is the recovered population and t is the time. § and 1/«
can be explained as the number of contacts per unit time and the rate of recovery, respectively.

The model assumes the following about its population. That

e modelled population is a fixed population (N = S + I + R), where the members interact

with one another equally.

e immigration and emigration are not permitted as it may accelerate the dynamics of the
disease and death processes. Any inherent age, demographic and spatial structure are

also ignored.
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e immunity is permanent (i.e. once an infected individual recover from the disease, re-

infections is not possible.
e all susceptible people within the population are equally likely to get infected.

e the incubation period of the infectious agent is instantaneous and the duration of infectiv-
ity is the same as the duration of the disease (one can be infectious only if one has the

disease).
e that all the members that reside in one compartment are identical.
e that its proportions that flow through the compartments are continuous.

e the rate of recovery is fixed for everyone within the population; hence the average duration

of infectiousness is «.

The SIR model was later extended to other models to consider other factors such as stages
of immunity, vector/[athogen dynamics, super-infection, birth processes, death processes, age,
gender, drug therapy, vaccines, vector control and spatial structure, migration [19]. The fol-

lowing are some examples of extensions to the SIR model:
e Susceptible-Infectious (SI) model, a model that does not take account of for Immunity,

e Susceptible-Exposed-Infectious-Recovered (SEIR) model, a model that allows individuals

to be exposed to the disease before being infected, and

e Susceptible-Infectious-Recovered-Susceptible (SIRS) model. It allows individuals to have

temporal immunity.

It is worth noting that the models of the same disease can be modelled with different structures

etc.

Mathematical Modelling of Malaria

Over the years, researchers in biology have become aware of the importance and the role
of mathematical modelling in modelling infectious disease and proving an explicit framework
for understanding the disease transmission dynamics within and between hosts and parasites.
Mathematical models incorporate several known clinical and biological information or features
that are known to be important to the problem being investigated in the disease progression

and dynamics.
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Figure 2.5: Evolution and grouping of different types of SEIR malaria models. Subscripts
'h and 'm’ stands for human and mosquito. Double-folded boxes are for both the human &
mosquito population, and single fold boxes are only for human. First time addition of a new
compartment is shown in red. The subscript j’ = 1,2, 3 indicates further subdivision of the
corresponding compartment. Three models inside the big grey box are considered as the Basic
malaria models. Dotted arrows show the incorporation of complex factors in different models
or specific compartments (circle). Total population size is constant for all models, except the
ones inside the dashed box [22].

A model structure is dependent on the process being studied and aimed for extrapolation which
then acts as an approximation to the complex reality. Based on the investigations done, these
models can be fitted to observed cases, and further, make predictions on how the disease will
occur in the future. Epidemiologists have widely made use of mathematical models as tools to
predict infectious diseases epidemics and as a tool for guiding research for the eradication of

malaria at present [16], 21].

Since a single infection does not guarantee permanent immunity, there has been a need to
incorporate a flow between the recovered to the susceptible compartments (resulting in the
SIRS model) and found the need to modify the basic Ross model to explain the effect of the
age structure of prevalence [16], migration and visitation of people [24]. Several models were also
put forward after Macdonald’s model by combining additional complexities of human immunity;,
parasite diversity, and resistance, to explain large amounts of epidemiological data collected in
Africa and other parts of the world [26, 28]. Figure demonstrates these models which
looks at different malaria aspects [22]. These aspects could include factors such as movement

between populations (i.e. migration and/or immigration), drug therapy, socio-economic and
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environmental factors. Several models have been published by several scientists that attempt
to capture such complex factors as those described above. Examples of these models include

those of:

e Yang, SEIR models for hosts and vectors (incorporating dynamics in an SEI model for

mosquitoes) that incorporated socio-economic and environmental factors,

e Auger et al who extended the Ross-Macdonald model to several patches in a meta-

population compartment,

e Torres-Sorando and Rodriguezwhich included the migration and visitation to the SIS

model,

e Koella and Antia [14] which incorporated resistance to drug therapy and super-infection

to the SIRS model.

Building a mathematical model that closely approximates reality is a complex task. To achieve
this, one would have to include factors such as: how time progression in a human population is
measured (i.e. discretely versus continuously), time-dependent rates and the degree of mixing
in the model, randomness in the model, and/or how the population is described (individual
membership or proportions of a population), etc [29]. There exist several population groups,
each having a different behaviour and different abilities to transmit infection. Population-level
models assume that populations are large enough to average out any deviations caused by the
heterogeneity in individual behaviour. This assumption does not always stand, particularly
if a rare disease is being modelled or in the case of malaria when elimination of the last-
remaining infections is being explored. Unlike population models, Individual-Based Modelling
(IBM) models the behaviour of individuals, thereby allowing the heterogeneous behaviour of

individuals to be captured by the model [23].

Mathematical Modelling in Malaria in South Africa

Over the years, South Africa has made use of mathematical modelling in its goal to elimin-
ate malaria. With KwaZulu Natal province as the front runner in eliminating malaria in the
country, mathematical modelling has played a major role. Climate change is known as one
of the contributors to new infections in the Sub-Saharan region (including a region containing
KwaZulu Natal). Numerous climate-based malaria models have been developed to study mal-
aria transmission. Examples of such applications were done in previous studies of Martens et
al [33], Jetten et al [35], and Lindsay and Martens [34]. Climate data were used to simulate

the relationship between climate variables and the basic reproduction rate of malaria.

In this study, we developed a model to study malaria transmission in the two most malaria-
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endemic localities in KwaZulu Natal (Ndumu and Shemula localities) as they move near elim-
ination. The model explores the different factors that drive infection in the two localities. Since
malaria transmission is dependent on a vector (mosquitoes) and host (human) populations, we
incorporated as many factors as possible which influence the change in malaria transmission.
The focus of the modelling exercise is to understand the impact of importations and change
in indoor spray. The aim was to build a model that mimics the nature of malaria to enable
ourselves to understand how malaria transmission changes over time and how the measures
put in place to reduce transmission and other factors that stimulate growth in the number of

cases.



Chapter 3

Data Analysis

This chapter is aimed at reviewing the number of malaria cases reported in the most malaria-
endemic localities in the KwaZulu Natal province, Ndumo and Shemula between 2010 and 2018
to acquire a better view of how malaria cases have changed as malaria interventions improved
over time. To achieve this, we will evaluate the number of malaria cases diagnosed in South
Africa, focusing on imported cases as they are known to have an immense impact on some
areas in the country. We also review some of the factors that may have resulted in the increase
in the total number of malaria cases towards the end of the period (between 2017 and 2018).
To understand the incidence in the two localities, we evaluate malaria incidence dynamics over
time, hence the review from the total of malaria cases diagnosed in the whole country zooming

down to the cases in the two localities of interest.

Cases in South Africa

Figure [3.1] illustrates the number of malaria cases diagnosed in South Africa between 2010 and
2018. The dotted red line shows the total number of cases diagnosed in the country, regardless
of the source of infection. The solid red line shows the number of only locally sourced cases
diagnosed in South Africa. The blue line represents the proportion of locally sourced cases to

the total number of cases in the province.

17
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Figure 3.1: Malaria diagnosed in SA

The above plot shows that the total number of cases remained low over time, showing seasonality
over time until a significant increase was noticed between 2017 and 2018. This may suggest
an epidemic occurred during that period. Imported cases were almost equal to the local cases
during the years of peak infection 2017 and 2018, however, they were the majority contributor
for all the other years. Based on the number of locally sourced cases, shown in solid blue
imported cases were the majority contributor to the number of cases diagnosed in the country,
except for 2015 and the last two peaks shown in the graph. This suggests that imported cases
are a problem in the country. The proportions show that when there was an increase in the
whole country, the majority contributor were local malaria cases which were approximately
80% of the total number of cases diagnosed. This may have resulted from several factors such
as incorrectly recording of the source of infection, where is an imported case is recorded as a
local case when is it a sourced case. These errors can occur when a SA resident travels, then
gets tested in SA but do not report the correct source of infection when asked. Despite the

possible errors in the data, we will interpret the numbers as they are presented.

Imported cases

Imported malaria cases have become a threat in South Africa (SA) as they contribute a sig-
nificant number of cases in the country and they act as a reservoir to many regions in the

country. These cases can occur in several ways. Firstly, when an infected individual enters
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the country (SA) without getting tested or when the individual is still in the asymptomatic
stage, and who later gets bitten by a mosquito which then bites another person or persons
resulting in the person or persons getting infected. Secondly, when a person residing in SA
visits another region outside of SA and then gets infected before returning to the country and

ends up infecting persons in SA upon return.

Figure [3.2] shows the number of imported cases diagnosed in South Africa between 2010 and
2018. The plot shows that there was a rise in the number of imported cases at the end of each
year. This rise is higher than of the locally sourced malaria cases. This suggests that there
is correlation between the increase in imported cases and locally sourced cases. A rise in the
number of imported cases result in an increase in local cases as shown in figure [3.1] This was

motivated by the lag which appears between the local and imported peaks.

Number of imported malaria cases diagnosed in SA between 2000 & 2018
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Figure 3.2: Imported cases diagnosed in SA

This plot also shows that imported cases contributes greatly to local cases as we can see that
the number of sourced cases is way higher as compared to local sourced cases. This supports the
hypothesis made that without imported cases, the goal of eliminating malaria in the country
would easier to achieve. Although these numbers are much lower than cases diagnosed in the
neighbouring countries (mostly Mozambique), these cases are high given that there are controls

in place to prevent imported cases from entering the countries.
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Malaria in KwaZulu Natal

Malaria Cases diagnosed in the whole of the KZN province

The KwaZulu Natal (KZN) province is the front runner for malaria elimination in South Africa.
It accounts for a small proportion of the total number of malaria cases diagnosed in the whole
country in recent times. Figure[3.3]shows the number of deaths (solid blue), severe cases (dashed
blue) and malaria incidence (solid red) reported in the KwaZulu Natal province (KZN) between
the years 2010 and 2018. The plot shows that the reported cases remained low between 2012
and the beginning of 2017 inclusively until a significant increase was noticed in the middle of
2017 and 2018. The rise in the number of KZN local cases seem to be proportional to the
total number of imported cases diagnosed in the country as shown in Figure [3.2] Based on the
plot, there is a lag between imported and local cases, suggesting that the rise of local incidence
resulted from an increase in the number of imported cases. This then suggests that imported
cases play a big role in the local incidence and without them, it seems safe to assume KZN

would be able to eliminate malaria.

The plot (Figure also shows that there were very few malaria death-related cases reported
in KZN between 2010 and 2018. This demonstrates that malaria is manageable with existing
interventions and controls in the province. As a result of data unavailability, the graph only
illustrates severe malaria cases reported between 2015 and 2018. The data shows a constant
behaviour in the number of malaria cases reported over time, except for a spike in 2014 and 2015
and an even larger spike in 2018 in both complicated (severe) and uncomplicated (symptoms
show after 7-10 days after mosquito bite) cases. The malaria incidence and death behaviour

are seasonal.
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Figure 3.3: Malaria cases diagnosed in KZN

Based on the results shown in figures and [3.3] similar patterns exist between imported
and local cases, which indicate that imported cases have had a negative impact on local cases.
By this is meant that when the other countries experience an increase in the number of mal-
aria cases, the province realizes a rise in its incidence. It is important to note that most of

Mozambique sourced cases diagnosed in the whole province were detected in Durban.

Imported cases sourced from the malaria-endemic regions outside of KZN are known to be
the main source/contributor that drives infection in the province. These cases are known
to have been sourced from malaria-endemic provinces within South Africa and International
African countries, with the majority sourced from Mozambique. Figures and study
the relationship between the locally sourced and imported cases to understand the impact of
imported cases over time, mainly focusing on how local and imported cases have contributed

to the total number of cases diagnosed in KZN.

The plot shows that in the late 90s and early 2000s, local cases were the majority contributor
to the total number of malaria cases reported in KwaZulu Natal. They accounted for approx-
imately 74% in 1998 and this number decreased overtime to 13% in the year 2018. This shows
that when the number of locally transmitted cases drop, the number cases is expected to be sig-
nificantly low (approximately zero) that transmission may even be considered eliminated. This
also suggests that if we continue with the same control or put more effort, malaria transmission

will be eliminated, more so if imported cases has dropped or prevented early.
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Figures and illustrate the proportion contributed by both KZN local cases and impor-
ted cases from Mozambique diagnosed in KZN. It shows that about 20 years ago, locally sourced
cases were the biggest contributor to the KZN malaria incidence. This number continued to
drop over the years. By the beginning of 2018, the number had dropped by approximately
60%. In 2018, Mozambique imported cases had contributed about 70% to the total number of
local cases. Based on the behaviour shown in the plot, it seems like this number will continue
to rise in the future, meaning that Mozambique will be the main reservoir to the local cases. If
this does not change, malaria elimination will be close to being impossible. The two subplots
show the same thing; one shows the proportion contributed by local cases versus imported cases

monthly and the other on an annual basis.

Locally vs. Mozambique sourced cases over time Locally vs. Mozambique sourced cases over time
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Figure 3.4: Distribution of local cases reported in KZN from January 2010-May 2018, grouped
by method of detection, years and notification area for the top 5 localities)

Top 5 localities (2014 — 2018)

With malaria being a transmittable disease, the transmission rate in different areas depending
on the location of the area in endemic areas, availability of preventative measures, how endemic
the region is, etc.). It then makes sense that some localities in KwaZulu Natal will have more
malaria cases than others. Below is a table that illustrates the top 5 localities reported with the
highest number of local malaria cases reported between the years 2010 and 2018. The localities
are Shemula (8.1%), Ndumo (7.9%), Mamfene (7.6%), Magwangwa (4.6%) and Othobothini
(4.6%). The order ranks from the largest number of local malaria cases reported between 2014
and 2018 to the least number of cases reported. It also reports the total number of cases reported
in the 5 localities within the period of 2010-2018 and 2014-2018, where the total number of

cases includes imported cases sourced from other malaria-endemic international countries and
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South African provinces.

Localities | Total cases Local cases

2010-2018  2014-2018 | 2010-2018  2014-2018
Shemula 66 A7 46 32
Ndumo 101 67 50 31
Mamfene 75 55 44 30
Magwanga 28 21 25 19
Othobothini 43 36 20 18

Table 3.1: Top 5 localities: Number of cases reported in the top 2010 to 2018, grouped by year
and area

Based on the results, the province is very close to elimination given that the more endemic
localities were reported with only an average of 37 local cases within a period of 7 years and
5 months. Out of the top 5 localities, 4 are located in the uMhlabuyalingana local municip-
ality of uMkhanyakude district and has the highest number of cases in the province while the
fifth, Othobothini is located in Jozini local municipality. All 5 localities are located along the
Mozambique border. Overall, the 5 localities accounted for about 33% of the total local cases

diagnosed in KZN.

Figure shows the malaria incidence (red) and the number of malaria-related deaths (dark
blue) reported in the top 5 localities. It shows that Shemula, Ndumo, and Othobothini localities
did not report any deaths due to malaria during this period and very few deaths for the other 2
localities (Ndumo and Mamfene). Based on the plot, there were very few malaria death-related
cases in the province between 2010. It also shows that malaria incidence was also low over the
years, up until recent years where there was a rise in cases. This increase was not big given
that the highest number reported was 14 cases. These results show that malaria incidence in

the province is very low.
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Figure 3.5: Deaths and incidence reported in the top 5 localities between 2010 and 2018

Ndumo and Shemula localities

Based on the above sub section, Ndumo and Shemula localities were the most malaria endemic
areas in the province, accounting for approximately 16% of the total number of locally sourced
cases between 2014 and 2018. The highest number reported during this period was 13 cases in
both localities.

In this section, we aim at evaluating the two localities to better understand how malaria cases
changed over time, focusing on both local and imported malaria cases. Figure [3.6a] observes
the number of locally sourced and imported cases diagnosed in Ndumo localities between 2010
and 2018. The plot shows that the number of local and sourced cases remained low between
2010 and towards the end of February 2018 until a sudden increase occurred in March 2018.
Based on these results, imported cases seem to have had an indirect impact on several local
cases since the increase was only realised on local cases. This indirect impact may have resulted
from the free movement between regions (i.e. no borders: SA residents being allowed to move
any were in the country. An example could be citizens seeking resources from other nearby
areas). It is worth taking this factor into account since we are studying small populations. The
majority of cases diagnosed in KZN were diagnosed in Durban, one of the biggest and busiest
cities in the province. Since people move between regions, individuals residing in Ndumo could
have contracted malaria during a visit to the city or other areas, and since an individual is

diagnosed in Ndumo, it may be assumed the cases are local whereas it is imported cases.
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Figure 3.6: Number of malaria cases at a locality level (Ndumo and Shemula)

Figure |3.6|illustrates the number of malaria cases reported in Shemula between 2010 and 2018.
It shows that malaria cases reported in Shemula remained low with no dramatic increase over
time, including sourced cases from other areas diagnosed in the locality. This suggests that the
controls used to maintain low malaria incidence in the locality are effective, although it seems
difficult to eliminate malaria (0 cases). It also suggests that there may be a gap in the controls
which still introduces new cases. This may require an evaluation of the controls to understand
why malaria cases still exist. This is even more important to look at, given that the most
effective intervention, Indoor Residual Spraying (IRS) is employed in the localities and that its
coverage is almost at its maximum (100%). Figure shows the Ndumo and Shemula’s IRS
coverage over time. It shows that the Ndumo’s coverage was approximately 100% during all
spraying seasons, except for the year 2016 when the spraying coverage was reduced. By the
end of the period we are focusing on, the coverage had gone back to 100%. On the other hand,
the Shemula spraying coverage remained high throughout the whole period. It is worth noting
that coverage between 2010 and 2012 remained at 0%. This might not mean that spraying did

not occur during that period but rather missing data.
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IRS coverage applied in Ndumo and Shemula localites between 2010 & 2018
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Figure 3.7: IRS coverage - Ndumo and Shemula

Data analysis summary

This chapter analyses malaria dynamics in the KwaZulu Natal province between 2010
and 2018 to better understand the transmission in the 5 localities with the highest local

malaria cases

According to the data, most of the cases detected in KZN are imported cases from other
areas outside of KZN. As malaria needs a reservoir of infection for transmission to persist,

imported infections are contributing to the spread of local malaria.

Malaria incidence in KZN is dispersed along the border, with few localities with local

transmission.

There have been very few imported cases that were detected reactively, though several
were detected pro-actively. This suggests that many imported infections may be asymp-
tomatic. Therefore, the infected do not feel sick and do not seek treatment, and therefore

unknowingly contribute to the infectious reservoir. These may be the key drivers to why

local infection persists in KZN.

As can be seen from the Figures above, we have a seasonal pattern in the five localities
though the peak of the season can be seen to occur at different times. A possible reason for

this includes proximity to a national border or a large percentage of imported infections

driving the local transmission.



Chapter 4
Dynamic Compartmental Model

The model is a deterministic non-linear differential equation representing the dynamics of the
human population. We aim at employing this model to simulate malaria transmission in the

top 2 malaria-endemic localities in KwaZulu Natal, Ndumo, and Shemula.
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Figure 4.1: Model

The total population N, (t) is subdivided into distinct classes or compartments, for the in-
fection and treatment stages. Each compartment is characterised by a heterogeneous mixing

of individuals within it, while there is a homogeneous interaction of individuals between the




28

non-intersecting classes. Thus, each susceptible individual is assumed to have an equal chance

of being infected by an infectious individual.

Formulation

The diagrammatic structure in Figure [4.1] represents a 13 compartmental dynamical system
which is also represented by a set of Ordinary Differential Equations (ODE) with assumptions

and determined parameters from previous studies and some estimated from collected data.
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Model equations

The dynamical system described in Figure [4.1] is represented by the following ODE equations.
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Where;

ASym + Sym + Seve +Tr + Tr a1 + Trsey
N,

Aw = (1 = IRSup % IRSes;) Br-Br. (4.1)

By = Blamplit(1+cos(2m(t—¢)))] is used as the seasonality function to simulate the model from
1950 to 1997 which assumes a periodic behaviour over time. The purpose of this was to stabilize
the model before fitting it to the reported cases in the localities. Once the model has stabilized,
we employ a rainfall driven model. This was achieved by standardising collected data from the
two localities between 2010 and 2018 and employing a spline function build-in R to act as
our seasonality function over time, with time and standardised rainfall data as arguments. The
motive behind this was to make use of a factor that drives malaria in the localities to best
mimic malaria incidence over time. Once the model has stabilized, this function acts as our
seasonality function (f;) from 2010. This was motivated by the similarities noticed between
malaria incidence and rainfall in the localities, shown in Figure 5.7 The rainfall data is at a
district level (uMkhanyakude district) as data at the locality level is unavailable. This then
acts as a proxy of rainfall data to each locality, since rainfall in a district level is not far off to

a locality level.

With regards to imported cases, we initially assumed that the proportion of imported cases are

divided into the following buckets;
e 10% are untreated asymptomatic individuals that enter the locality,
e 40% are untreated Symptomatic individuals and

e 50% are treated individuals.
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Model Variable definitions

The compartments includes:

Variable Description
S Susceptible population, individuals that are still naive to malaria.
L Liver stage after infection for naive individuals
ASym Asymptomatic stage
Sym Clinical infection (Symptomatic)
Sev, Malaria severe stage
Tr Population with clinical malaria in treatment (i.e. Coartem)
Trse Severe malaria population in treatment (i.e. Quinine or Artesunate)
T7 ol Asymptomatic population that failed treatment
R Recovered population from malaria
L, Represents secondary infection liver stage
D Malaria related deaths
Mozimport Malaria cases sourced from Mozambique
MozpopexitingNdumo | The Mozambique population exiting the Ndumo locality

The total adult population at any given time ¢, is thus given by:

N, =S+ L+ ASym+ Sym + Seve +Tr + Trsey, + Trpei + R + Lo

(4.2)
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Parameter Description Value Source
N, Locality population size 5631 [31]
L, Average life expectancy of the population 62 [37]
Ny,
1 Natural birth rate — Calculated from spe-
" cified parameters
1
o Mortality rate I Calculated from spe-
cified parameters
15} Duration of the infection to the liver stage 2.5 days  Estimated from model
fitting process
By, The transmission probability per contact from an 0.25% Assumed
infectious human to a susceptible mosquito
a Rate of movement from the liver to Asymptomatic 7.5 days  [54]
stage
o Rate of movement from the Asexual to the Gam- 7 days [46, 47]
etocyte stage stage
G Proportion of patients that move from the liver to  90% [49]
the Symptomatic stage
€1 Rate of movement from the liver stage to Sympto- 0.7 [57]
matic stage weeks
e Proportion of clinical infection that progresses to a;*0.125 Derived from data
Severe malaria
T Time to seek treatment for a patient in the Symp- 0.3
tomatic stage weeks
n Proportion of Symptomatic patients that receive 70% Derived from data
treatment (Coartem)
vy Proportion of recovered individuals that become 9.88% [54]
susceptible to malaria again
€2 Rate of natural recovery to an Asymptomatic pa- 26 weeks [55]
tients
z Rate of movement from the Symptomatic to the 10 days  [10} 55]
Asymptomatic stage
Wy Time for a patient with severe malaria to be 55 days  [27], 39

treated with Quinine

Continued on next page
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Parameter Description Value Source
wa Time for a patient with severe malaria to be 10 days [27]
treated with Artesunate
Kgi Proportion of patients with severe malaria treated a; x  Derived from data
with Quinine 0.8804
K Ai Proportion of patients with severe malaria that are a; x  Derived from data
treated with Artesunate 0.1194
x; Proportion of patients with untreated severe mal- a; * 0.8 Derived from data
aria dying due to malaria
V Death rate for patients with untreated severe mal- 4.5 days Estimated from model
aria fitting process
W Time taken by a severe malaria patient to recover 26 weeks [55]
naturally
i Proportion of patients that failed treatment mov- 70% Estimated from model
ing back to the Symptomatic stage fitting process
by Duration of treatment (Coartem) failure 8 days Estimated from model
fitting process
) Proportion of patients that recover from treatment 96% Derived from data
(Coartem)
01 Proportion of patients who were treated with 5% [51]
Coartem that became Asymptomatic
w1 Rate of movement for patients that failed treat- 4 days Estimated from model
ment which progresses to the severe stage fitting process
K1 Proportion of patients that failed treatment that 12.5% Derived from data
progress to the severe stage
Recovery of recovery from treatment (Coartem) 7 days
h Rate of movement for patients under treatment 18 days
(Coartem) moving to the Asymptomatic stage
p Duration of clinical immunity 5 years  [25]
X1 Time taken for a patient with severe malaria under 5 weeks  Estimated from model
treatment (Quinine) to die of malaria fitting process
X2 Time taken for a patient with severe malaria under 6 weeks  Estimated from model

treatment (IV Artesunate) to die of malaria

fitting process

Continued on next page
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Parameter Description Value Source
01 Probability that treated severe malaria progresses 22% (7 43, 144]
to death (Quinine)
o Probability that treated severe malaria progresses 15% (7 143, 144]
to death (IV artesunate)
19 Recovery rate for patients with severe malaria un- 55 days |27, 39
der treatment
Q9 Probability of a secondary mosquito bite 22.22%
0 Proportion of patients that disease recurrence 90% [56]
moving from the liver to the asymptomatic stage
r Rate at which patients that are having malaria 19 days  Estimated from model
again move back to the Asymptomatic stage (from fitting process
liver stage)
e Rate at which patients that are having malaria 18 days  Estimated from model
again move back to the clinical stage (from liver fitting process
stage)
ho Rate of movement for patients that failed treat- 70 days  Estimated from model
ment (Coartem) move back to the Asymptomatic fitting process
stage
09 Proportion of patients that failed treatment move 17.5% Derived from data
back to the Asymptomatic stage
Y Time taken for a patients that failed treatment to 28 days
die of malaria
IRScss Indoor Residual Spraying (IRS) efficacy 38% [51]
amplit Amplitude of seasonal variation 2.7 na Fitted by model
Imp,op, Proportion of Asymptomatic patients that moved 10% Derived from data
to Ndumo from Mozambique 1998-2018
Impyrop, Proportion of Symptomatic patients that moved 40% Derived from data
to Ndumo from Mozambique 1998-2018
Impprop, Proportion of Symptomatic patients on treatment 50% Derived from data

that moved to Ndumo from Mozambique 1998-
2018
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i ={1,2,3,4} where 1= 1998 — 2007,2 = 2008 — 2015,3 = 2016 — 2018(3),4 = 1988 — 1997
The rate of movement for patients under treatment (Coartem) the asymptomatic stage, where
a patient is from a treatment stage to not showing any signs of malaria is also incorporated in
the model. This instance could be a case where a patient stops taking treatment before the

pathogens clears up.
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Model Building

There have been several studies done which aimed at finding the best strategies to help reduce
and even eliminate the deadly disease that is malaria which have claimed people’s lives for years.
These studies have found that malaria is dependent on several factors including environmental
factors [51] [64]. Factors that have shown to have a greater impact and thus labelled as the main
drivers of malaria transmission are temperature, rainfall, and imported cases. Studies suggest
that malaria can be managed by having control measures available to reduce transmission. In
this study, we aim at building a tool that can help in finding the best solution in treating malaria
towards its elimination in Ndumo and Shemula localities in KZN by making use of previous
studies and data. The model uses a combination of both parameters from previously published
sources and parameters estimated from the model. It aims at mimicking the malaria cases
reported in the locality to predict future malaria cases still to occur. The model incorporates
factors such as rainfall, IRS coverage, treatment coverage, and imported malaria cases. We
employed a parameter estimation technique to estimate the unknown parameter. The technique
aimed at obtaining the most suitable parameters that would ensure coherence between model
output and clinically observed data through modelling simulation. Even though many of the
parameter values are clinically or experimentally estimated, the unknown parameters were
obtained by fitting the model to real data, by employing scientific packages, built-in R. These

packages are:

e the deSolve is for solving the initial value problems (IVP) of ordinary differential equa-
tions (ODE), differential algebraic equations (DAE), partial differential equations (PDE)
and delay differential equations (DeDE). The system of differential equations is written as
a function. The solvers may be used as part of a modeling package for differential equa-
tions, or for parameter estimation using any appropriate modelling tool for non-linear
models in R such as the optim function. This is a package used to model a compart-

mental model over time.

e themaxLik which comprises a set of convenience tools and wrappers focusing on Maximum
Likelihood (ML) analysis, and other optimization tasks, offering easy access to likelihood-
specific features like standard errors or information matrix equality. It also comprises
utilities that extract standard errors from the estimates. The package is used for model

fitting purposes,

e the bbmle which is designed to simplify maximum likelihood estimation and analysis in
R, extends and modifies the mle function and class in the stats4 package that comes

with R by default.
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The model was simulated using several assumed parameters, within realistic biological and
epidemiological ranges. We restricted our simulation to the particular incidence of malaria
in the two malaria-endemic localities in KZN, for which some parameters are known. IThe
parameters include demographic parameters such as: u, 0 and 3. The model was ran on date
from 1950 to reach a steady-state before being fitted to data from 2010. The model with the
estimated parameter values is then run for a further three years to be further validated by

comparison to data between 2018 and 2020.

Model assumptions
Several assumptions were made in the model:

e The liver stage of the infection acts as a delay in the flow between the susceptible and

blood-stage compartments.

e An asymptomatic case while infectious, does not seek treatment but will just recover at

an assumed recovery rate.

e With KZN being a low transmission environment, immunity and super-infection are rare

and are excluded from the model.

e The types of imported cases that were detected or reported in the localities are untreated
(asymptomatic and symptomatic) and treated infected cases. This assumption is based
on the fact that asymptomatic travellers do not feel sick and will not seek treatment.
Additionally symptomatic travellers may not always have access to or feel comfortable to
make use of public health facilities owing to xenophobia/illegal travel status. Since we
are interested in malaria, we disregarding malaria-free individuals entering the locality as

they do not possess any threats.

e Although the seasonal nature of transmission is incorporated in the model, the mosquito
population is not modelled directly as it is assumed that the mosquito dynamics operate
on a faster time-scale than the human dynamics and as such, the mosquito population

can be considered to be at equilibrium concerning changes in the human population.
Assumptions made about the model parameters:

e With rainfall being one of the main drivers of the mosquito population, we have allowed
rainfall to be the driver of infection in the model over time as a mosquito would have
to bite a human for a case to occur. This was further supported by observed rainfall
data that shows that there is volatility in the reported number of cases which mimics

the volatility in rainfall (i.e. an increase in rainfall leads to an increase in the reported
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number of cases and vice versa, with a lag). We have therefore allowed the two localities
past rainfall data to be our seasonality function. The relationship is shown in Figure [5.7]
This is at a district-level data. The data was supplied by the department of health, SA.

Treatment coverages; for both severe and clinical malaria cases are fixed over three dif-
ferent periods, with each coverage fixed for a period of time (years). We assumed that
symptomatic and severe cases had the same treatment coverage for all three periods.
Figures aligning these assumptions are as follow: The coverages prior 2010, between 2010
& 2016 and post 2016 are assumed to be 60%, 80% and 95% respectively. This assumes
that the treatment coverages were kept constant during these periods, regardless of the
disease level in the different areas within the two localities. The data was supplied by the

department of health, SA.

The assumptions made about treatment in the model are based on existing and used treat-
ment types, Coartem, Artesunate and Quinine. Coartem is used to treat symptomatic

patients whereas Artesunate and Quinine treat severe cases.

The Indoor Residual Spraying (IRS) efficacy has been kept constant at 38% (provided by

an expect) for the whole period.

We have assumed that only patients that die due to malaria are patients with severe
malaria, who are either on treatment, not on treatment, or patients who have failed

treatment. The fatality rates are assumed to vary over time.

Patients who have had malaria before cannot be susceptible but will be on the second kind
of the liver stage (i.e. Stage Ly on Figure [4.1)). This then means patients with the second
infection can only move from liver stage to either being symptomatic or asymptomatic.

At this stage, patients are assumed to have immunity:.

Since the KwaZulu Natal province has effective controls available, a higher malaria inter-
vention coverage, and a high detection rate to reduce malaria transmission as compared

to Mpumalanga and Limpopo, we have assumed that reporting rate to be 100%.

Figure illustrates the relationship between Rainfall recorded in Ndumo locality and
malaria incidence reported in Ndumo and Shemula localities between 2010 and 2018.
The purpose of this graph is to illustrate the similar behaviour between the rainfall
and incidence in the localities. This association suggests that the mosquito population
increases when there are large pools of water available for mosquitoes to breed, which
then leads to malaria incidence increasing. The opposite applies when there is very little

or no rainfall available. Given that other factors play a role in the change in the number
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of cases recorded every year, we have also included other factors such as interventions,

importation, etc.

The relationship between Rainfall and Incidence in Ndumo locality
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Figure 4.2: Relationship between cases reported in Ndumo, Shemula and rainfall recorded
overtime

Transmission Model

This chapter aims at demonstrating the results produced from the malaria transmission model
described in Chapter @] The model assumes that the individuals within each compartment
in the two populations have a homogenous behaviour. Imported malaria from neighbouring
countries and localities are incorporated into the model. This is important as imported cases
comprise a large proportion of reported cases. The model is built to model the two localities
namely, Ndumo and Shemula, respectively. These two localities are the top 2 localities in KZN
which were reported with the highest number of cases between 2014 and 2018. The model is
developed for both localities with each divided into 13 compartments representing the different
stages individual(s) would go through during the stages of an infection. The stages includes
stages such as an individual(s) that is susceptible (S) to malaria, liver stages (L), treatment

stages (1'r, T'rsqi) ete (please refer to Figure . As much as the behaviour between the two
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localities is very closely related since they are very close to each other, the model parameters
are different. However, some parameters used are assumed to be the same because of data

unavailable such as rainfall which is available at district level but not at a locality level.

To mimic the seasonality behaviour that shows in the reported malaria cases in both localities,
we have used a cos function in the model which assumes fixed and unfixed parameters for the
purposes of stabilizing the model before the model simulation starts. This was done to allow
the model to reach a steady-state, where the model stabilizes. As a result of our data being
available as of the beginning of 1998, we started our simulation from 1998 to 2018. After the
model had stabilized, we used available data for the main factors that drive malaria infection
which incorporates Indoor Residual Spraying, imported cases, rainfall, and malaria treatment.
It is crucial to include such factors as there is a directly proportional relationship between

malaria cases and interventions used to reduce the number of cases.

The model illustrated in Figure [4.1] is built to model different compartments that represent
population sizes for the different model is the force of infection, which is the rate at which
susceptible individuals acquire malaria. In our model, we have formulate malaria stages that
occur over time. A key component of the transmissiond the force of infection for 2 time periods,
before and after 1998. The force of infection function is presented as ;. Before 1998 we used
the cos function to achieve the malaria seasonality depicted by the malaria incidence. The

seasonal function is represented as follow:

Br = Blamplit(1 + cos(2m(t — ¢)))]

and as of January 1998, we fitted a cubic smoothing spline (i.e. spline() function in R) to
the standardized rainfall data using a Maximum Likelihood approach. Based on how rainfall
behaved in the district the 2 localities are located in, we have used the UmKhanyakude district
rainfall as the seasonality function for both localities. The parameter ), (see Equation
which represent the force of infection is estimated through the data fitting process with initial
values from previously published sources. Therefore, rainfall acts as a seasonal function in the

model for both localities. See Chapter {4| for more information.



Chapter 5

Results

Background

The KwaZulu Natal (KZN) province has been for more than a decade a front runner to malaria
elimination, with the fewest malaria cases reported in the 3 malaria-endemic province in South
Africa. Within KZN, Ndumo and Shemula localities ranked the highest number of cases between
2014 and 2018 which makes them the top 2 localities in the province. Both these localities are
located in the uMhlabuyalingana municipality which is located in the uMkhanyakude district.
uMkhanyakude district is located along the borders of the most malaria prevalent countries,
eSwatini and Mozambique. The objective of this chapter is demonstrate the model illustrated
in figure that is fitted to the top-ranked localities in the province. We were aiming at fitting
a model to the data for the 2 localities with fixed and estimated parameters. The goal was to
fit a model to the data that we could use in the future to assist in finding the best strategies

to eliminate malaria in the 2 localities and the province as a whole.

Data fitting

The model is fitted to monthly treated case data from January 2010 to March 2018, and
validated with data from April 2018 to June 2020. The data was provided by the department
of health and the ethical approval was obtained.

Ndumo locality

Ndumo locality reported the highest number of malaria cases between 2014 and 2018. Although
this locality had the highest number of cases, the number of cases remained low over the years,
with a maximum of 13 malaria cases reported in March 2018.

The table showing all the parameters fitted by the model, with their corresponding simulated

41
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interval, the range at which the parameter can vary during simulation. The confidence bands

represent the interval within which a model parameter value can vary without the model re-

turning unrealistic values.

Parameter Description Value Sim interval

By, The transmission probability per contact from 9.65% [5.3%, 14.0%]
an infectious human to a susceptible mosquito

G Proportion of patience that move from the liver 67.24% [40.3%, 94.1%)
to the Symptomatic stage

€1 Rate of movement from the liver stage to Symp- 0.14 weeks  [306.5,459.7]
tomatic stage

T Proportion of clinical infection that progresses 0% [0.0%,0.0%
to Severe malaria (1998-2007)

o Proportion of clinical infection that progresses 11.93% [9.5%, 14.3%)]
to Severe malaria (2008-2015)

T3 Proportion of clinical infection that progresses 2.65% [2.1%, 3.2%)
to Severe malaria (2016-2018(3))

4 Proportion of clinical infection that progresses 99.92% [99.9%), 99.9%)]
to Severe malaria (1988-1997)

n Proportion of Symptomatic patience that re- 91.4% (82.3%, 100%)
ceive treatment (Coartem)

ol Proportion of recovered individuals that be- 1.33% [0.7%,1.9%)]
come susceptible to malaria again

€ Rate of natural recovery to an Asymptomatic 1.05 weeks [1.05,1.05]
patients

z Rate of movement from the Symptomatic to the 2.5 days [117.7,176.5]
Asymptomatic stage

Wy Time for a patient with severe malaria to be 8.68 days — [42.1,42.1]
treated with Quinine

wa Time for a patient with severe malaria to be 1.27 days  [287.1,287.1]
treated with Artesunate

Kql Proportion of patients with severe malaria 15.19% [8.4%,22.0%)
treated with Quinine(1998-2007)

Kg2 Proportion of patients with severe malaria 72.55% [72.3%, 72.3%)

treated with Quinine (2008-2015)

Continued on next page
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Parameter Description Value Sim interval

Kq3 Proportion of patients with severe malaria 98.59% 197.6%, 97.6%)
treated with Quinine(2016-2018(3))

Kqd Proportion of patients with severe malaria 0.47% [0.3%,0.67%]
treated with Quinine(1988-1997)

KAl Proportion of patients with severe malaria 24.42% [13.4%, 35.4%]
treated with Artesunate (1998-2007)

K A2 Proportion of patients with severe malaria 16.10% [8.9%, 23.3%]
treated with Artesunate (2008-2015)

K A3 Proportion of patients with severe malaria 7.29% [7.3%, 7.3%)]
treated with Artesunate (2016-2018(3))

K A4 Proportion of patients with severe malaria 0.52% [0.29%, 0.76%]
treated with Artesunate (1988-1997)

T Proportion of patients with untreated severe 69.30% [55.2%), 83.2%)
malaria dying due to malaria (1998-2007)

X9 Proportion of patients with untreated severe 51.43% [51.3%, 51.3%)
malaria dying due to malaria (2008-2015)

T3 Proportion of patients with untreated severe 25.80% [25.1%, 25.1%)
malaria dying due to malaria (2016-2018(3))

Ty Proportion of patients with untreated severe 73.99% [59.2%, 88.8%)
malaria dying due to malaria (1988-1997)

V Death rate for patients with untreated severe 6 days [59.9, 59.9]
malaria

(0 Time taken by a severe malaria patient to re- 0.2 weeks [253.7,253.7]
cover naturally

T Rate of movement for patients that failed treat- 94.23 days  [95.3,251.3]
ment moving to the Symptomatic stage

m Proportion of patients that failed treatment 91.14% [82.3%, 100%)
moving back to the Symptomatic stage

) Duration of treatment (Cortem) failure 2.96 days  [67.8,178.8]

1 Proportion of treated (Coartem) patients that 3.20% 2.6%, 3.8%]
become Asymptomatic again

wy Rate of movement for patients that failed treat- 12 days (16.7,44.1)

ment that progresses to the severe stage

Continued on next page
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Parameter Description Value Sim interval

K1 Proportion of patients that failed treatment 10.45% [8.36%, 12.5%)
that progress to the severe stage
Recovery of recovery from treatment (Coartem) 2.59 days  [1.8,4.7]

h Rate of movement for patients under treatment 14.7 days [10.1,26.7]
(Coartem) moving to the Asymptomatic stage

1 1

p Duration of clinical immunity #34 years 103 54

X1 Time taken for a patient with severe malaria 1.4 weeks  [1.1,1.7]
under treatment (Quinine) to die of malaria

X2 Time taken for a patient with severe malaria 1.7 weeks  (1.4,2.0)
under treatment (IV Artesunate) to die of mal-
aria

o1 Probability that treated severe malaria pro- 3.84% [3.1%, 4.6%)]
gresses to death (Quinine)

09 Probability that treated severe malaria pro- 3.69% [3.0%, 4.4%)
gresses to death (IV artesunate)

£ Recovery rate for patients with severe malaria 192.49 [132.8, 350.0]
under treatment days

o Duration before an individual gets a mosquito 37.56% [30.1%, 45.1]
bite again

0 Proportion of patients that get a recurrence of 99.03% [99.0%, 99.0%)]
the disease moving from the liver to the clinical
stage

r Rate at which patients that are having malaria  2.92 days  [2.0,5.3]
again move back to the Asymptomatic stage
(from liver stage)

e Rate at which patients that are having malaria 158.64 [109.4, 288.4]
again move back to the clinical stage (from liver days
stage)

ha Rate of movement for patients that failed treat- 0.30 days  [0.2,0.6]

ment (Coartem) move back to the Asympto-

matic stage

Continued on next page
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Table 5.1 — Continued from previous page

Parameter Description Value Sim interval

ds Proportion of patients that failed treatment 0.6% [0.5%, 0.7%)]
move back to the Asymptomatic stage
¥ Time taken for a patients that failed treatment 30.71 [25.6, 38.4]

to die of malaria
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Figure 5.1: Reported malaria cases reported in Ndumo vs. fitted model

Figure [5.1] shows the mathematical model fitted to the number of malaria cases diagnosed
in Ndumo locality between 2010 and 2018. The objective of this plot is to demonstrate the
method that fits the model to the data best, between Maximum likelihood and Poisson distri-
bution methods. The Maximum Likehood method is a ”statistical technique which is aimed
at estimating the parameters of a probability distribution by maximizing a likelihood function,
so that under the assumed statistical model the observed data is most probable” [59]. The
Poisson distribution fitting method is also a statistical method that ”expresses the probability
of a given number of events occurring in a fixed interval of time or space if these events occur
with a known constant mean rate and independently of the time since the last event” [60]. The
method is used to overlook the discrete cases that occur on a monthly basis.

Based on the results, the maximum likelihood method is the best fit for the model. We used
the Akaike information criterion (AIC) [50] which estimates the likelihood of a model to pre-
dict and estimate the future values. It is an estimator of prediction error and thereby relative
quality of statistical models for a given set of data. The AIC estimates the relative amount of
information lost by a given model: the less information a model loses, the higher the quality of

that model [58]. Because the AIC of the Maximum Likelihood method was lower than of the
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Poisson method, it is the best method between the two (744.2 vs. 1750.4, respectively). The

two plots illustrate the cumulative and monthly cases reported in the locality, respectively.

Through model fitting, the following fit represented by Figure was achieved. The fit is an
approximation of the reported Ndumo malaria cases. At the end of the period, the cases seem
to have changed and an increase is realised. This could mean that one of the factors mentioned
above has had a significant impact on the existing malaria cases reported. As much as the
number of imported malaria cases reported in the locality remained low, a significant rise in
the number of imported cases was noticed in KZN as a whole. It is worth noting that just
because the majority of malaria cases were not diagnosed in the Ndumo locality, there could
have been interactions between individuals from Ndumo locality and from surrounding areas
that reported the highest number of imported cases. This could then mean that there was an

issue with reporting.
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Figure 5.2: Mathematical model fitted to reported malaria cases in Ndumo locality between
2010 and 2018

With IRS being one of the most effective techniques used to prevent and reduce the malaria
burden, it is worth analysing the behaviour as changes are expected to occur in the future.
Figure |5.3| and Figure [5.4] explore these possible adjustments in malaria cases as the IRS cover-
ages and its efficacy vary using the best-fitted parameter values. Figure is a magnification
of the plots in covering the period from May 2018 to December 2022. Malaria elimination
has been a long-lived dream in the country, hence we are very interested in understanding how
much an increase in the IRS coverage will impact the local cases. Based on the calculations
from the obtained data, the maximum reported IRS coverage was 62%. The plots in Figure

b.3| and Figure [5.4] show how malaria cases in the locality will change as the IRS coverage is
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increased to 80% solid red and 100% dashed red, while keeping the IRS efficacy at the reported
proportion of 38% during the spraying seasons. The model shows that there would be a re-
duction in the number of malaria cases if the coverage were increased to 80%. This is also the
case when coverage is increased to 100% (meaning that all households are sprayed). However,
the decrease is not substantial. This suggests that spraying more structures in the locality
while everything else is kept constant will not help eliminate malaria but will help in reducing
existing cases. Similarly, it would be interesting to see how the number of malaria cases would
change if spraying no longer took place in the locality while everything else was kept the same.
This is represented by the dotted red line in the plot. The plot shows that this would result
in the number of cases rising. It suggests that there would be an insignificant rise in the local

cases when the IRS coverage is low in the first few years but over time, it would be significant.
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Figure 5.3: IRS scenario analysis

In the interest of seeing real change in the number of reported cases, we must carry out an
analysis of the efficacy of the techniques employed to fight the malaria burden. Based on results,
we can conclude that the impact made when the spraying coverage is increased whilst the other
methods (including the efficacy not changing) remain the same, is somewhat redundant as it
may result in wastage of resources. This is based on the fact that the change in the number of
cases in the locality does not change even when the IRS coverage and its efficacy have increased.
Therefore, we have also analysed the impact that would have been made when the IRS coverage
would be kept at 80% while the efficacy is also fixed at 80% (represented by ). Note
that in the dotted and solid red lines in the plot, the efficacy is kept at 385%. We also looked
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at the case when the coverage is kept at 100% and efficacy is also kept at 100% (represented by
) respectively. The model suggests that a big change would occur in the number of
malaria cases when the coverage and efficacy would be increased at the same time. This shows
that to achieve a significant reduction in the number of local malaria cases, we need to invest
time and money in improving the IRS efficacy. The analysis showed that if we only invest in
increasing the IRS coverage, we there will not be an impact made as the results showed that
not much change would occur if the change is made to IRS coverage. This, of course, would not
only happen with the IRS coverage, the other methods need more attention and to be reviewed
further to understand how best we can use our intervention to manage low local cases and to
reach the stage of elimination.
Overall, the number of malaria cases in the locality remained low. This shows that strategies
used in the locality and the province as a whole have been effective in reducing the disease
spread and local cases influenced by imported cases. However, we can see that if we were to
keep our efforts the same over a long period we would either stand a chance of maintaining the
existing malaria cases or risk an increase in the number of cases as the population will have low
immunity. In that case, we need to find the best ways to use the strategy in which we would
be able to maintain the existing cases or better still reduce cases without additional resources

e.g. 100% IRS coverage and 100% efficacy.
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Figure 5.4: A zoomed-in plot to show the unclear plots in figure
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To further our analysis, we took into account the number of imported cases in the locality which
heavily depend on the prevalence of malaria cases in the neighbouring regions and countries.
Figure illustrates how an increase in the number of imported cases might impact local
cases in the Ndumo locality in the future. The results show that as the imported cases rise,
the higher chances of the local malaria cases increasing. Although the increase will be lower
when the IRS coverage and efficacy are high, there will still be a rise in the number of malaria
cases. This shows that we should not only focus on the interventions that prevent transmissions
within the province but also invest in preventing imported cases from rising.

The analysis explores and compares the predicted local cases when the imported cases are 10
and 20 times larger than current cases to find out how much impact do imported cases have on
local case.It was also show how the number of local cases would change if imported cases were
to be eliminated. These values for the two scenarios were chosen over using proportions due to
the low number of imported cases in the locality. The results clearly show that with a further
rise in imported cases, an increase in the number of local cases can be expected in the future.
This can prolong the time to malaria elimination. This scenario demonstrates how sensitive

the local transmission is to imported malaria at this stage of the path to malaria elimination.

= Ndumo cases

= Fitted model

12
1

Impoted cases increase by 10 times

—— |mpoted cases increase by 20 times

Number of cases

T T T T T T T
2010 2012 2014 2016 2018 2020 2022

Time (years)

Figure 5.5: Mathematical model demonstrating local cases as imported cases rise
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The parameters were obtained from published sources and model fitting and are presented in

the table below:

Parameter Description Value Sim interval

g Duration of the infection to the liver stage 44.4 days  [2.2,86.6]

By, The transmission probability per contact 3.1% [0.2%, 6.1%)]
from an infectious human to a susceptible
mosquito

G Proportion of patience that move from the 100.0% [100.0%, 100.0%]
liver to the Symptomatic stage

€1 Rate of movement from the liver stage to 52.8 weeks [, 52.8,52.8]
Symptomatic stage

1 Proportion of clinical infection that pro- 100% [100.0%, 100.0%]
gresses to Severe malaria (1998-2007)

o Proportion of clinical infection that pro- 0.06% [0.0%, 0.1%)]
gresses to Severe malaria (2008-2015)

4 Proportion of clinical infection that pro- 99.85% 199.8%,99.8%)
gresses to Severe malaria (1988-1997)

T Time to seek treatment for a patient in 0.011 [0.01,0.011]
the Symptomatic stage weeks

n Proportion of Symptomatic patience that 1.1 x [1.1 x 1078%,2.3 x
receive treatment (Coartem) 107% 107%%]

0% Proportion of recovered individuals that 70.27% [42.2%), 98.4%)]
become susceptible to malaria again

€9 Rate of natural recovery to an Asympto- 2.6 x 107 [1.3x 10710 5.1 x 1077
matic patients weeks

z Rate of movement from the Symptomatic 0.009 days [0.007,0.01]
to the Asymptomatic stage

wa Time for a patient with severe malaria to 0.37 days  [0.3,0.6]
be treated with Artesunate

Kql Proportion of patients with severe malaria  99.9% 199.9%, 99.9%)]
treated with Quinine(1998-2007)

Kq2 Proportion of patients with severe malaria 27.91% [0.6%, 55.3%]

treated with Quinine (2008-2015)

Continued on next page
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Parameter Description Value Sim interval

Kq3 Proportion of patients with severe malaria 1.1 X [22 x 107222 x
treated with Quinine(2016-2018(3)) 10718% 10718%)

Kqd Proportion of patients with severe malaria  23.98% [0.5%, 47.5%]
treated with Quinine(1988-1997)

KAl Proportion of patients with severe malaria 1.24% [0.0%, 2.4%)
treated with Artesunate (1998-2007)

K A2 Proportion of patients with severe malaria 1.02% [0.0%, 2.0%)]
treated with Artesunate (2008-2015)

K A4 Proportion of patients with severe malaria  99.99% [100.0%, 100.0%]
treated with Artesunate (1988-1997)

) Proportion of patients with untreated 1.5 x [3.0 x 107%%,3.0 x
severe malaria dying due to malaria (1998- 107%% 10~4%]
2007)

To Proportion of patients with untreated 35.53% [0.7%, 70.4%)]
severe malaria dying due to malaria (2008-
2015)

T3 Proportion of patients with untreated 99.41% [99.4%, 99.4%]
severe malaria dying due to malaria (2016-
2018(3))

Ty Proportion of patients with untreated 2.0 X [2.0 x 107%%,4.0 x
severe malaria dying due to malaria (1988- 107%% 107 8%]
1997)

() Time taken by a severe malaria patient to 93.7 weeks  [48.1, 150]
recover naturally

T Rate of movement for patients that failed 1.13 days [0.7,3.8]
treatment moving to the Symptomatic
stage

T Proportion of patients that failed treat- 1.1 x (1.1 x 1078%,2.3 x
ment moving back to the Symptomatic 107%% 1075%]
stage

) Proportion of patients that recover from 99.41%

treatment (Coartem)

Continued on next page
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Parameter Description Value Sim interval

1 Proportion of treated (Coartem) patients 99.99% [100.0%, 100.0%]
that become Asymptomatic again

w Rate of movement for patients that failed 0 days (0.0, 0.004]
treatment that progresses to the severe
stage

K1 Proportion of patients that failed treat- 100.00% [100.0%, 100.0%]
ment that progress to the severe stage

Q Recovery of recovery from treatment 0.0052 [0.005, 0.005]
(Coartem) days

h Rate of movement for patients un- 0.0682 [0.07,0.07]
der treatment (Coartem) moving to the days
Asymptomatic stage

1 1 1

p Duration of clinical immunity 154 years [45—4, 45—4]

X1 Time taken for a patient with severe mal- 0.1489 [0.08,7.45]
aria under treatment (Quinine) to die of weeks
malaria

X2 Time taken for a patient with severe mal- 0.2526 [0.13,5.05]
aria under treatment (IV Artesunate) to weeks
die of malaria

) Probability that treated severe malaria 0.10% [0.0%, 0.2%)]
progresses to death (Quinine)

o Probability that treated severe malaria 22.65% [22.7%, 22.7%]
progresses to death (IV artesunate)

an Duration before an individual gets a mos- 32.5% [16.3%), 48.8%)]
quito bite again

6 Proportion of patients that get a recur- 88.80% 88.8%), 88.8%]
rence of the disease moving from the liver
to the clinical stage

r Rate at which patients that are having 0.0015 [0.0015,0.0015]
malaria again move back to the Asymp- days

tomatic stage (from liver stage)

Continued on next page
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Table 5.2 — Continued from previous page

Parameter Description Value Sim interval

e Rate at which patients that are having 0 days 0,0]
malaria again move back to the clinical

stage (from liver stage)

09 Proportion of patients that failed treat- 6.8 x 6.8 x 1072%,14 x
ment move back to the Asymptomatic 10719% 1079%]
stage

¥ Time taken for a patients that failed treat- 0.0203% [0.02,0.02]

ment to die of malaria

With the use of packages available in R, we were able to fit the model in to the data
representing the number of malaria cases reported in Shemula between 2010 and 2018. The
charts 7?7 and ??illustrate the results fitting the model to the data using the maximum likelihood

estimation and Poisson distribution method.

40 | — Shemula cumulative cases 8 7 — Shemula recorded cases
—— Model with initial parameters 7 —— Model with initial parameters
35 7 — - Modelfitted to a Max_Likelihood dist ,,-‘{ — = Modelfitted to a Max. Likelihood dist
Model fitted to a Poisson dist }_,/ 6 Modelfitted to a Poisson dist

Cumulative cases
Number of cases

sl

T T T T T T T T T T T T T
2010 2011 2012 2013 2014 2015 2016 2017 2018 2010 20M 2012 2013 2014 2015 2016 2017 2018

Time (years) Time (years)
(a) Malaria cummulative cases (b) Monthly malaria cases

Figure 5.6: Reported malaria cases reported in Shemula vs. fitted model

Figure shows the cumulative cases for the 8-year period. The plot compares he quality of
fit obtained for manual, maximum likelihood and Poisson distribution fitting. Figure [5.6b| on
the other hand compares the performance of the three models to model the monthly malaria
cases recorded in the Shemula locality over time. Based on the results, the Maximum likelihood
method produces more accurate results as compared to the Poisson distribution method since
the AIC (510.2) for the Maximum Likelihood method was lower than of the Poisson method
(560.3). As a result, we will use the model produced by the Maximum likelihood method in



54

terms of both predicting and carrying out sensitivity analysis.

Looking at how the total number of malaria cases in the locality has changed over the years,
the number of cases reported in the respective years have decreased significantly, with monthly
cases ranging between 0 and 6, with 6 cases being the maximum number of malaria cases
reported between 2010 and 2018. Figure shows how well the predictions of the best fitted

model compare with the actual recorded malaria cases in Shemula between 2010 and 2018.

—— Shemula reported cases

© — — Fitted Model

number of malaria cases

T I I I I
2010 2012 2014 2016 2018

Time (years)

Figure 5.7: Mathematical model fitted to reported malaria cases in Shemula locality overtime

As for the Ndumo locality, we also carried out an analysis to understand any changes that
would occur when the Indoor Residual Spraying (IRS) would be adjusted. Based on the results
produced in figure [5.8] the impact would be very similar to the one of the Ndumo locality;
an increase in the IRS coverage results in a decrease in the number of reported malaria cases
and vice versa. Although there is a positive change in the number of cases, the impact is
insignificant. However, when its efficacy is high, there seems to be a significant change in the
number of cases reported. This then suggests that it is important to also invest time in making
sure that the strategy is effective instead of putting more effort into spraying more structures in
the surrounding areas. Moreover, since the strategy has been effective for decades, it is critical

that we enforce the existing interventions to prevent reinfection.
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Figure 5.8: IRS scenario analysis closer to the predictions

95

Figure [5.9] aims at showing a better view of the results produced in figure [5.8] starting from

May 2018 to December 2022

MNumber of cases
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0.0
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IRScov=100%
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IRScov=100%, IRS eff=100%
IRS Averaged, IR3=90%

20185 2019.0 20195 20200 20205 20210 20215

Time (years)

Figure 5.9: A zoomed-in plot to show the unclear plots in figure
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Figure [5.10] shows how Shemula locality malaria cases would change if the reported number of
imported cases were to increase in the future. The analysis mainly focused on imported cases as
they would have a major impact on the existing cases. Similarly to the results obtained in the
Ndumo locality model, the local malaria cases seem to decrease as the IRS coverage is increased
and vice versa. However, the difference is insignificant. Based on the analysis, for the results
to drop significantly, it is crucial that we also consider increasing the IRS efficacy as higher
efficacy has proven to have a positive impact on the number of local cases. It is crucial that
we also improve other interventions in place to achieve total elimination of the disease. As the
population in the country and from the neighbouring countries interact as they move from one
place to the next for jobs and others for other reasons, a rise in the number of imported cases is
expected. Therefore, the country as whole needs to increase its effort to prevent transmission
caused by movement between different regions. We do believe that instead of only preventing
the local infections, we also assist neighbouring countries that still have high numbers of cases
to reduce the prevalence. This would be beneficial as we would prevent the problem at the

source.

The results also showed that local malaria tend to increase as the number of imported cases rise.
However, the increase for Shemula locality would be lower than it is for the Ndumo locality.
The analysis showed that for the number of local cases to increase as a result of a rise in the
number of imported, there would have to be a significant rise in the number of imported cases,
more especially if the controls in place are still as effective. This further shows that investing
more time in our controls, increases the chances of preventing imported cases from affecting

local cases. Therefore, it is worthwhile maintaining the existing strategies and interventions.

© - = Fitted cases based on averaged values
— Fitted model
= Imported cases - scenario 1

w - Imported cases - scenario 2

MNurmber of cases

N L/

T T T T T T
2010 2012 2014 2016 2018 2020

Time (years)

Figure 5.10: Mathematical model demonstrating local cases as imported cases rise

2022
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Summary

For over a decade, the malaria prevalence remained low in the two provinces. Although the
number of malaria cases reported in KZN increased at the beginning of 2018, the cases reported
in the two localities remained low. We could assume that the rise in imported cases reported
in the province did not impact the local malaria cases. However, there was an increase in the
number of cases reported in the Ndumo locality. Since most of the imported cases were reported
in the busiest cities in the province, e.g. Durban, there could have been indirect transmissions
that lead to malaria rising. In the analysis, we explored these possibilities to build the model
with real-life situations. Some of the imported cases were likely asymptomatic meaning that
they could not have been detected during testing. Based on the analysis done which explores
how the cases will change from March 2018 to the end of 2022 as the Indoor Residual Spraying
change over time. The results show that only increasing our effort in spraying while the efficacy
remains the same, will not eliminate malaria in the two localities, but will reduce it by a small
proportion. This then further show that it is important that we distribute the effort evenly
between the most effective interventions when considering increasing coverages and the efficacy
of each strategy. As the results have shown, we will achieve a significant reduction in the
number of malaria cases when both the IRS coverage and its efficacy is high. It is, however,
important to keep the number of imported cases low as they will affect the number of local
cases. To keep the imported cases low, we would also have to increase our efforts in the border

clinics as they play a major role in preventing malaria cases from entering the country.



Chapter 6

Sensitivity Analysis

In determining the best model parameters for the two localities, it is necessary to know the
relative importance of the different factors responsible for malaria transmission. Sensitivity
indices enable us to measure the relative change in a state variable when a parameter change
occurs. The normalized forward sensitivity index of a variable to a parameter is the ratio of the
relative change in the variable to the relative change in the parameter.[47]. The transmission
is mainly driven by the force of infection (f3;), which is driven by other factors such as rainfall
data. To study the sensitivity of the model parameters, we made use of the uniform distribution
method which enabled each parameter be varied within 45% of its fitted value. These indices
will assist in telling us how crucial each parameter is to disease transmission and prevalence.
Sensitivity analysis is mostly used to understand how robust the model is to the predicted
parameter values. This is of great importance since there are usually errors in data collection

and presumed parameter values).

Figure illustrates the sensitivity analysis plot which shows the 95% confidence band for
the number of malaria cases reported in Ndumo locality. The 95% confidence interval for the
malaria incidence was generated in a simulation in which all parameters in the model were
varied about their fitted values by randomly sampling from appropriate uniform distributions.

The confidence interval computation was obtained by making use of the following formula:

_ S
X+7—
v

where;

e X is the mean value of the incident values produced by the randomised model at every

time point,

o8
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o 7 = 1.96 is the Z-value (from the Z-table),

e sis the standard deviation calculated from the incident values produced at each time step

and

e n = 144 is the number of observations (number of months between January 2010 to

December 2020)

15

10

Mumber of cases

I I I I
2010 2014 2018 2022

Time (years)

Figure 6.1: Ndumo Sensitivity Analysis Plot

Figure shows the 95% confidence interval results of the model sensitivity based on 100
simulation runs. The plot shows how much the malaria incidence varied as the parameter
values changed. The sensitivity analysis shows that out of the 60 parameter values, 5 parameters
values were the most sensitive parameters as they led to unrealistic values whenever a change
occurred within each parameter value. These are the parameters; ¢, w,, wa, ka3 and V' (please
see Table 4| for definitions). The model also shows moderate sensitivity to changes in parameter
values based on proportion (%). These include €y, €3, X1, 6, 2, 03, kgs and kg (see Table 4 for

definitions).
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The parameter simulations assisted us in understanding how much the estimated malaria cases
as of March 2018 will vary as each parameter change as per the given interval. The results
illustrated in Figure [8.1] show that some parameters are more sensitive than others, and also
with some that are not sensitive at all. During the analysis, we realised that any change in the
fitted parameter lead to the model producing unrealistic values. These are parameters such
as Y, Kgs, Kas etc. Some of the parameters vary more often during the simulation. These are
parameters such as By, €, 7, G etc. It also showed that some parameters are not sensitivity
at all; L,,, h, ¢41. The baseline value to the sensitivity analysis was 13, the estimated cases for

March 2018. Please refer to Table |4] for parameter definitions.

Below, Figure illustrates the impact each parameter have on the model as each parameter
value changes in the Ndumo locality model. The plot shows how the number of estimated
cases varies as each parameter value changes randomly, with the values moving up and down
within the defined range. This was done at a parameter level. This was to investigate which

parameters are sensitive to change which would result to the model being unstable.
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which simulates the model parameters

The same method used for the Ndumo locality in studying the sensitiveness of the model

parameters is also employed in the Shemula locality. The results show that there are some

parameter values to which the model tends to be sensitive. This happens at different levels. It

shows to be extremely sensitive to some of the model parameters whilst it is just mild sensitive

to some parameter values and others not showing any sensitiveness.

Figure (6.3 shows the

sensitivity plot that aims at illustrating the confidence band of the fitted malaria cases as the

model parameters are randomly being generated from a uniform distribution and fitting the

model at each time step (100 times).
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Figure 6.3: Shemula Sensitivity Analysis Plot

Figure [6.3] aimed at demonstrating the sensitiveness of each parameter as they vary on the

respective parameter intervals.

During model simulation (Figure , all parameter values were varied several times for over a
specified interval to investigate the sensitiveness of parameter values. Although the parameter
values were varied and chosen randomly from the interval, we found that for some parameters
values there was a little or no change in the number of estimated cases whereas for other
parameters the estimated cases would be more distributed. For example for 6 the estimated
cases ranged between 13 and 18 when the parameter was allow to vary whereas for n; the value

remained as 14.

Below, figure illustrates the impact each parameter have on the model as each parameter
value changes in the Shemula locality model. The results show that an increase or a decrease
in the parameter may either result to an increase or decrease in the estimated monthly cases.

It also shows that the estimated value can be random as the parameter value changes.
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Figure 6.4: A multivariate sensitivity analysis plot which simulates the model parameters
several times - Parameter impact to model




Chapter 7

Discussion and Conclusion

The results show that there is potential for a rise in the number of malaria cases should there
be a decrease in the current coverages. For instance, if the Indoor Residual Spraying would
stop completely, the impact would be significant. Conversely, throughout the analysis, we have
realised that there is a possibility to reach the goal of malaria elimination in the two localities,
Ndumo and Shemula, even in the whole province. For this to happen, we would have to put
in more effort in using the most effective strategies available. The results show that most of
the strategies in place have had a significant impact on the number of cases since they have
managed to maintain a low number of malaria cases in the top 2 malaria prevalent localities in
the KwaZulu Natal province with a maximum of 13 monthly cases. To maintain low numbers
of malaria cases going forward, we have to retain and/or reinforce the current coverages. This
is important given that the change in the number of cases depends on factors such as Indoor

Residual Spraying (IRS), IRS efficacy, Rainfall, and Imported Cases.

Firstly, we try to understand how an increase of IRS coverage from the current maximum of 62%
to 80% and 62% to 100% would impact the number of cases. The results show that, everything
else remaining the same, increasing the IRS coverage from 62% to 80% results in a significant
impact on the number of local cases, however the impact is relatively indistinguishable to that
of increasing the IRS coverage from 62% to 100%. As much as an increase in the current
coverages would result in a decrease in the number of local cases in the future, we need to
consider applying strategies that will be impactful without any wastage of resources. Based
on this, it would be economical to have a coverage of 80% than 100%. Moreover, we deduce
that, to maintain the low number of malaria cases, it would be sufficient to use the current
coverages but to reduce the number of cases, we need to consider finding ways to increase the
IRS’s efficacy. Thus, for IRS, we conclude that, to reduce the malaria cases to its minimum

(even further to 0), we need to consider increasing both the IRS coverage and its efficacy closer
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to 100%.

Secondly, we studied the impact of imported cases on the number of local cases. Imported
cases have been known to be one of the major contributors to malaria transmission in the
country. Thus, it is worth analysing the effect it has had in the past and how it would affect
the local number of cases in the future as the existing strategies adjust. During our analysis, we
considered instances where imported cases increase and instances where there are 0 imported
cases meaning that individuals who travel from other regions would be screened and treated
before entering the localities (100% efficacy in imported cases prevention). The results showed
that if there would be a rise in the number of cases in the neighbouring malaria prevalent regions
(neighbouring countries and South African regions), there would be an increase in the number
of malaria-infected individuals entering the region, which would result in a rise in the number
of local cases. This is likely to happen if the coverages of existing strategies are dropped. To
prevent a major increase in the number of local malaria cases, it is vital that we either maintain
or increase our efforts in preventing imported cases from affecting local cases. This may even
result in the number of local cases decreasing as there are other techniques in place which
aim at reducing local cases. Moreover, to reduce the probability of local cases increasing as a
result of a rise in the number of cases in the neighbouring countries, we need to ensure 100%
enforcement of existing strategies which are aimed at ensuring that all individuals entering the
country are screened and treated to avoid any possible transmissions. These are strategies such
as the border clinics. This would have a significant difference in the local malaria cases as we
would eliminate one of the major contributors to existing malaria cases. This may even lead

to the elimination of malaria in the two localities.

In conclusion, it is important that we increase our efforts in ensuring that we retain and/or
strengthen the existing strategies. As the results have shown that there is both potential of
an increase and a decrease in the number of local malaria cases, and the number of cases
being consistent in the future depending on several factors. These possibilities can occur when
the efforts in the strategies in place have either increased, decreased, or remained the same,
respectively. This then shows us that since we have managed to maintain a low number of
cases over the years until March 2018 (when a sudden increase occurred), we can continue
maintaining low cases by continuing to make use of the existing strategies provided that the
number of cases in the neighbouring regions remains low and/or strategies used to prevent
imported cases also do not change. It is concerning to know that there is a possibility of a
rise in the number of cases. To avoid this from happening we need to invest in increasing our
coverages and find ways to increase the efficacy of our strategies. The model showed that this

would have a significant impact on the existing number of cases as they would move closer to
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0 cases a month. It is also worth noting that malaria cases in each locality in KZN are very
low. This then means that an investment of more money and time would result in a further
decrease in the number of cases. One would argue that the investment is not worthwhile and
that the decrease is redundant, and because of this, it is worth considering moving all that
effort towards the prevention of the more concerning variable; imported cases. In terms of local
cases, we would then consider maintaining the current coverages. In that case, we should only

treat those who require the treatment and spray the areas that still report cases.

Limitations

The model in this study particularly aimed at a closer view of the monthly local malaria
cases in the two key localities in KZN. Although other models, mainly look at larger regions
such as districts and provinces, the model focused on representing the key features of malaria
vector/human relationship, treatment, imported cases, and vector spraying. This is crucial as
having a bird eyes view might not always give a clear idea of the malaria behaviour over time.
This also plays a major role in terms of finding the best ways to reduce malaria transmission.
The data analysis showed that the averaged monthly cases are very low as some localities
have reported very low malaria cases. When averaging, we miss out on several factors that
result in a rise to the existing cases. This could occur as localities reach elimination. The
impact of imported cases, spraying, etc are more likely to be affected by random events than
average trends. Therefore, a granular approach ensures that we find strategies that prevent the
transmission at the source by understanding how malaria cases change in the key localities and

in understanding the factors that resulted in the localities having high malaria cases.

The model has some limitations; as the localities are extremely small relative to the size of the
province with a population of 5831 (Ndumo) and 2495 (Shemula), it becomes a challenge in
building a model that mimics the malaria cases. This is even more of a challenge as data for
some of the parameters such as Rainfall data were not available at a locality level but rather
at a district level. For future work, we would recommend the use of locality level specific data
as it would give more accurate results. Also, since we are aware that malaria transmission
can occur as a result of movement between different regions, it is worth looking at building a
meta-population model that would include movement between the neighbouring localities and
countries such as Mozambique. Another limitation of the study was we did not evaluate the

impact of increasing coverage of the other interventions for several such as of data unavailability.
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Chapter 8

Appendix A. Sensitivity Analysis
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Chapter 9

Appendix B. Model Code

9.1 Model Fitting

library (deSolve)

library (readxl)

library (xlsx)

library (maxLik)

library (bbmle)

library ("openxlsx™)

#Data fitting

rm(list=ls())

data<—read . xlsx (”C:/Users/mandi/OneDrive — University of Cape Town/
Dissertation/Thesis Work/Model building/Start Afresh/Total_local._
casesl _Shemula.xlsx” | sheet = 1, startRow = 1, colNames = TRUE)

data _l<—read.xlsx (”C:/Users/mandi/OneDrive — University of Cape Town
/Dissertation/Thesis Work/Model building/Start Afresh/Total_local
_casesl _1_Shemula.xlsx”, sheet = 1, startRow = 1, colNames = TRUE
)

climatedata<—read . xlsx ("C:/Users/mandi/OneDrive — University of Cape
Town/Dissertation/Thesis Work/Model building/Start Afresh/chirps
_Shemula. xlsx”, sheet= 1, startRow = 1, colNames = TRUE)

climatedata _l<—read.xlsx (”"C:/Users/mandi/OneDrive — University of
Cape Town/Dissertation/Thesis Work/Model building/Start Afresh/
chirps_1_Shemula.xlsx” | sheet= 1, startRow = 1, colNames = TRUE)

82
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climatedatal<—read.xlsx ("C:/Users/mandi/OneDrive — University of
Cape Town/Dissertation/Thesis Work/Model building/Start Afresh/
chirps _Shemula.xlsx” | sheet= 2, startRow = 1, colNames = TRUE)

climatedatal 1<—read.xlsx ("C:/Users/mandi/OneDrive — University of
Cape Town/Dissertation/Thesis Work/Model building/Start Afresh/
chirps_1_Shemula.xlsx” | sheet= 2, startRow = 1, colNames = TRUE)

data _IRScov<—read .xlsx ("C:/Users/mandi/OneDrive — University of Cape
Town/Dissertation/Thesis Work/Model building/Start Afresh/IRScov
data incompletel _averrm8_Shemula.xlsx”, sheet = 1, startRow = 1,
colNames = TRUE)

data _IRScov_l<—read.xlsx ("C:/Users/mandi/OneDrive — University of
Cape Town/Dissertation/Thesis Work/Model building/Start Afresh/
IRScov data incompletel _averrm8_1_Shemula.xlsx”, sheet = 1,
startRow = 1, colNames = TRUE)

Imported _shemula<—read . xlsx ("C:/Users/mandi/OneDrive — University of

Cape Town/Dissertation/Thesis Work/Model building/Start Afresh/
Malaria cases imported diagnosed in Shemula.xlsx”, sheet = 1,
startRow = 1, colNames = TRUE)

Imported -shemula _l<—read.xlsx ("C:/Users/mandi/OneDrive — University
of Cape Town/Dissertation/Thesis Work/Model building/Start Afresh
/Malaria cases imported diagnosed in Shemula_1.xlsx”  sheet = 1,
startRow = 1, colNames = TRUE)

Multi<—read . xlsx (”C: /Users /mandi/OneDrive — University of Cape Town/
Dissertation/Thesis Work/Model building/Start Afresh/Incidence
multiplier.xlsx”, sheet = 1, startRow = 1, colNames = TRUE)

Multi_l<—read . xlsx (”C:/Users/mandi/OneDrive — University of Cape
Town/Dissertation/Thesis Work/Model building/Start Afresh/
Incidence multiplier _1.xlsx”, sheet = 1, startRow = 1, colNames =

TRUE)

# Defining functions for Vector dynamics
climatedata$ts <— with(climatedata , seq(0,30.33333,1/12))
climatedata _1$ts <— with(climatedata_1, seq(0,8.33333,1/12)

)

climatedatal$ts <— with(climatedatal , seq(0,30.33333,1/12))
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climatedatal _1$ts <— with(climatedatal 1, seq(0,8.33333,1/
12))

data _IRScov$ts <— with (data_IRScov, seq(0,30.33333,1/12))

data _IRScov_1$ts <— with(data _IRScov_1, seq(0,8.33333,1/12)
)

Imported _shemula$tsl <— with (Imported _shemula, seq(0,30.34,1/12))
Imported _shemula_1$ts1l <— with (Imported shemula_1, seq(0,8.34,1/12))
Multi$tsl <— with(Multi, seq(0,30.33333,1/12))

Multi_1$ts1 <— with(Multi_1, seq(0,8.33333,1/12))

R_interpol_s <— with(climatedata ,approxfun (ts,
Umkhanyakude _rain , rule=1,method="1linecar "))

R_interpol_s_1 <— with(climatedata _1,approxfun (ts,
Umkhanyakude _rain , rule=1,method="1linear "))

R_stdinterpol _s <— with(climatedatal ,approxfun (ts,
Umkhanyakude _std , rule=1,method="1linecar "))

R_stdinterpol _s_1 <— with(climatedatal 1, ,approxfun(ts,
Umkhanyakude _std , rule=1,method="1linear "))

IRSinterpol _s <— with (data _IRScov,approxfun(ts, Shemula
,rule=1,method="linear "))

IRSinterpol _s_1 <— with (data_TRScov_1,approxfun(ts,
Shemula , rule=1,method="linear "))

Imported _shemula_s <— with(Imported shemula ,approxfun(tsl ,Shemula,
rule=1,method="lincar "))

Imported _shemula_s_1 <— with(Imported _shemula_1,approxfun(tsl
Shemula , rule=1,method="linear "))

Multi_s <— with(Multi,approxfun(tsl,Multi X, rule=1,method="linear ")
)

Multi_s_1 <— with(Multi_1,approxfun(tsl , Multi_X, rule=1,method="

linear ’))

require (deSolve)
sir <— function (t,x,parms){
Sn <— x[1];L <— x[2];ASynx—x [3];Sym<—x [4]; Tr<—x[5]; Trfail<—x[6];
Ssev<—x [7]; Trsev<—x [8];D<—x[9];Rn<—x[10];LV<—x [11]; CumIne<—x
[12]
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with(as.list (parms),

R_s = R_interpol _s(t)

R_s_std = R_stdinterpol _s(t)

IRScov = IRSinterpol _s(t)

Moz _Imported -Shemula= Imported _shemula_s(t)
Multiplier = Multi_s(t)

#print (R_s_std)

[=ASynm+Sym+Ssev+Tr+Trfail+Trsev

N=Sn+IA4AASym+Sym+Ssev+Tr+Trfail+Trsev+Rn+LV

# Fix the driver of infection as it will be the determiner
of how change infections changes over t

betat<— betax((amplit*(l+cos(2xpix(t—phi))))*x(t<10) + (t
>=10)% (R_s_std)) #«(spline(t[577:820] ,R_s_std ,xout=(t—
phi))$y)))

lambdamh.n <— Multiplierx(1—IRScov*irseff)«Bhxbetat(I/N)
#Conditions on the treatment coverages

if(t>= 10 & t< 22) {x_sev=xtl}

else if (t>=22 & t<28) {x_sev=xt2}

else if (t>=28 & t<=30.25) {x_sev=xt3}

else (x_sev=xt4)

if (t >=10 & t< 22) {kappa_g=kappa_qtl}

else if (t>=22 & t<28) {kappa_q=kappa_qt2}
else if (t>=28 & t<=30.25) {kappa_g=kappa_qt3}
else (kappa_q=kappa_qt4)

if( t >=10 & t< 22) {kappa_A=kappa_Atl}

else if (t>=22 & t<28) {kappa_A=kappa_At2}
else if (t>=28 & t<=30.25) {kappa_A=kappa_At3}
else (kappa_A=kappa_At4)

if(t >=10 & t< 22) {eta=etatl}
else if (t>=22 & t<28) {eta=etat2}
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else if (t>=28 & t<=30.25) {eta=ectat3}
else (eta=etat4)

if(t >=10 & t< 22) {pii=piitl}

else if (t>=22 & t<28) {pii=piit2}

else if (t>=28 & t<=30.25) {pii=piit3} #else if (t==66 & t
<=68.4) {pii=piit3}

else (pii=piit4)

dSn  <— (N/Ln) + (gamma)s*rho*Rn — lambdamh.nxSn — (1/Ln)=*
Sn — Moz _Imported _Shemula

dL <— lambdamh.n*Sn — (G)x*alphalxL — (1-G)=*alphaxL — (1/
Ln)*L

dASym <— (1-G)=xalpha*L + (I—eta—pii)xepsolonl*Sym + (1—
delta—deltal )*«hxTr + (delta2)«h2xTrfail 4+ (thetha)s*rxLV
— epsolon2*ASym — (1/Ln)*ASym + 0.1%Moz_Imported _
Shemula

dSym <— (G)xalphal*L + (etal)xtaulx*Trfail + (1—thetha)xex
LV — (pii)*z*Sym — (eta)xtau*xSym — (l—eta—pii)*epsolonlx
Sym — (1/Ln)*Sym + 0.4%Moz_Imported _Shemula

dTr <— (eta)xtauxSym — (delta)*OmegaxTr — (deltal)*Sigmax
Tr — (1—delta—deltal)*xh«Tr — (1/Ln)*Tr + 0.5xMoz_
Imported _Shemula

dTrfail <— (deltal)xSigmaxTr — (etal)sxtaulxTrfail — (kappal
)xomegal*xTrfail — (delta2)*xh2xTrfail — (1—etal—kappal—
delta2)xSigmal*Trfail — (1/Ln)xTrfail

dSsev <— (pii)=*z+Sym + (kappal)xomegal*xTrfail — (kappa_q)=x
omega _q*Ssev — (kappa_A)sxomega_AxSsev — (x_sev)*VkSsev —
(1—x_sev—kappa_q—kappa_A)xpsii*Ssev — (1/Ln)xSsev

dTrsev <— (kappa_q)*omega_qxSsev + (kappa_A)xomega AxSsev —
(phi_dl)=*chii_dl1«Trsev — (phi_-d2)*chii_d2xTrsev — (1—
phi_dl—phi_d2)sxi*Trsev — (1/Ln)xTrsev

dD <— (phi_dl)xchii_dl*Trsev + (phi_d2)*chii_d2«Trsev +
(x_sev)xVxSsev +(l—etal—kappal—delta2)*SigmalxTrfail

dRn  <— (1-x_sev—kappa_q—kappa_A)*psii*xSsev + epsolon2x
ASym + (1—phi_dl—phi_d2)x*xi*xTrsev + (delta)*Omega*xTr — (
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gamma) *rho*Rn — (1—gamma)s*alpha2+Rn — (1/Ln)=*Rn

dLV <= (1—gamma)*alpha2+Rn — (1—thetha)xexLV — (thetha)xr
«LV — (1/Ln)=*LV

dCumlnc <— lambdamh.n*(Sn+Rn) # this needs attention

res <— c¢(dSn, dL, dASym, dSym, dTr, dTrfail, dSsev, dTrsev,
dD, dRn, dLV, dCumlnc)

list (res)

al = 0.6; a2 = 0.8;a3 = 0.95; a4 = 0.05
parms <— c(beta=365.25/62,Bh=0.25,psii=52/26,gamma=0.0988  tau=52/
0.3,Ln=62,alphal =365.25/7,alpha=365.25/7.5,G=0.9,delta=0.96,h
=365.25/18,
epsolon1=52/0.9,epsolon2=52/26,2=365.25/10,etatl=al ,etat2
=a2,etat3=a3d,etatd=ad  kappa_qtl=alx0.8804 , 6 kappa_qt2=a2
x0.8804,
kappa_qt3=a3%0.8804 ,kappa_qt4=a4%0.8804 ,kappa_Atl=alx
0.1196 ,kappa_At2=a2%0.1196 ,kappa _At3=a3x0.1196 ,kappa_
Atd=ad%0.1196,
omega _q=365.25/55 ,omega _A=365.25/10,x1=365.25/55,0mega
—365.25/70,V=365.25/4.5, chii _d1=52/5, chii .d2=52/6,xt1
=0.8%0.8,
xt2=0.7%0.8 ,xt3=0.6%0.8 ,xt4=0.95%0.8 , piit 1 =0.7%0.125,
piit2=0.6%0.125,piit3=0.5%x0.125,piit4=0.8%x0.125,phi_d1
—0.22,phi_d2=0.15,
deltal=0.05,Sigma=365.25/8  kappal=0.125,omegal =365.25/4,
etal=0.70,taul=365.25/7,delta2=0.175,h2=365.25/70,
thetha=0.9,alpha2=1/4.50,
r=365.25/19,e=365.25/18,Sigmal =365.25/28 ,;tho=1/5,irseff
=0.38,phi=0.005/12,amplit=2.7)
ts <— seq(0,30.33333,1/12)
x0 <— ¢(2495-20-2-10,2,0,20,10,0,0,0,0,0,0,0)
stateMatrix <— ode(y=x0, ts, sir, parms)
colnames (stateMatrix) <— c(7t”7,”Sn”, "L”, "ASym”, "Sym”, "Tr”, 7
Trfail”, ”Ssev”, "Trsev”, "D”, "Rn”, "LV”, "Cumlnc”)
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plot (stateMatrix[,”t"], stateMatrix[,”Sn" ], type="1", lwd=2,
xlab="1t", ylab="Population Size” ,ylim:c(l ,3500))

stateMatrix [,”t” L], col="red”, lwd=2)

,77t77

lines ] [,
] [

67 ], stateMatrix [, 7Sym” ], col="cyan” | lwd=2)
] [,
] [

, stateMatrix |,

lines (stateMatrix , stateMatrix[,"ASym” ], col="green” | lwd=2)

lines (stateMatrix

[
[
lines (stateMatrix[,”t”7], stateMatrix[,”Tr”], col="blue” | lwd=2)
lines (stateMatrix [’ , stateMatrix[,” Trfail”], col="yellow”, lwd

)
lines (stateMatrix [,”t”], stateMatrix[,” Ssev”], col="orange” | lwd=2)

lines (stateMatrix[,”t”], stateMatrix[,” Trsev’], col="darkblue”, lwd

I
N

I
[\
~—~~ N ~ N N ~~ N /N /N N

, col="pink” | lwd=2)
|, col="darkgrey”, lwd=2)
|, col="brown”, lwd=2)

lines (stateMatrix[,”t”], stateMatrix[,”D"]
stateMatrix[,”t"], stateMatrix[,”Rn”
lines (stateMatrix[,”t" ], stateMatrix [, LV”
#lines (stateMatrix [,” t
=2)
legend (" topright” , ¢(”Sn”, "L”, "ASym” , ”Sym”, "Tr”, ” Trfail”, ”Ssev

7
)

lines

Y Y
7], stateMatrix[,” Cumlnc”], col="brown”, lwd

"Trsev”, "D”, "Rn”, "LV"), col=c(”black” ,”red” ,” green” ,”cyan”
"blue” " yellow” ;”orange” ,” darkblue” ,” pink” ;" darkgrey” ,” bisque” ),

lwd=1, horiz = T)

tim = seq (0, 30.2,1/12)
inc<—c(stateMatrix [1,” Cumlnc”])
for (tt in 2:length (tim)){
inc<—c(inc,stateMatrix [tt ,”Cumlnc” ] — stateMatrix[tt —1,” Cumlnc” )
}
par (mfrow=c (1,1))
plot _t<— seq(1988+1/12, 2018+2/12,1/12)
plot _tl<— seq (2010, 2018+2/12,1/12)
# plot (plot_t,data$§Shemula[1:364], type = 70”7, col="blue’, lwd=2,lty
=1,ylim=c (0,185))
# lines (plot_t[1:364],inc[1:364], col="red’, ty = ’o’, lwd=2,1ty=1)
# abline (h=95)

#Cummulative Incidence
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par (mfrow=c (1,1))
plot (plot _t[1:363], cumsum(data$Shemula[1:363]), type="1", lwd=2,

xlab="Time” | ylab="1Incidence” ;ylim=c(0,11000)) #cum incidence

lines (plot _t[1:363], stateMatrix[1:363,13], ty="1", col="red” lwd=3,
lty=2) #first fit

cumbombay <— cumsum (data_1$Shemula[1:100]) #cumsum (bombay)
weeks _fit <— seq(0,8.2,1/12)

sir _fit <— function(t,x,parms){
Sn <— x[1];L <= x[2];ASym<—x [3];Sym<—x [4]; Tr<—x[5]; Trfail<—x[6];
Ssev<—x [7]; Trsev<—x [8];D<—=x[9];Rn<—x[10];LV<—x [11]; Cumlne<—x

[12]
with (as.

{

list (parms) ,

R_s_1 = R_interpol _s_1(t)

R_s_std_1 = R_stdinterpol _s_1(t)

IRScov_1 = IRSinterpol_s_1(t)

Moz _Imported _Shemula 1= Imported shemula_s _1(t)

Multiplier = Multi_s_1(t)

#print (R_s_std)

[=ASym+Sym+Ssev+Tr+Trfail+Trsev

N=Sn-++ASym+Sym+Ssev+Tr+Trfail+Trsev+Rn+L.V

# Fix the driver of infection as it will be the determiner
of how change infections changes over t

betat<— R_s_std_1 #betax((amplit*(l4+cos(2xpi*x(t—phi))))=*(t
<10) + (t>=10)*R_s_std_1) #=(spline (t[577:820] ,R_s_std,
xout=(t—phi))$y)))

lambdamh.n <— Multiplier*(1—IRScov_1xirseff)«Bhxbetat(I/N)

#Conditions on the treatment coverages

if( t <= 6) {x_sev=xt2}

else (x_sev=xt3)

if (t <= 6) {kappa_qg=kappa_qt2}
else (kappa_gq=kappa_qt3)
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if( t <= 6) {kappa_A=kappa_At2}
else (kappa_A=kappa_At3)

if( t <= 6) {eta=etat2}
else (eta=etat3)

if( t <= 6) {pii=piit2}
else (pii=piit3)

dSn  <— (N/Ln) + (gamma)s*rho*Rn — lambdamh.nxSn — (1/Ln)=*
Sn — Moz _Imported Shemula _1

dL <— lambdamh.n*Sn — (G)x*alphalxL — (1-G)=*alphaxL — (1/
Ln)*L

dASym <— (1-G)=xalpha*L + (I1—eta—pii)xepsolonl*Sym + (1—
delta—deltal )*«hxTr + (delta2)«h2xTrfail 4+ (thetha)s*rxLV
— epsolon2*ASym — (1/Ln)*ASym + 0.1%Moz_Imported _
Shemula _1

dSym <— (G)xalphal*L + (etal)xtaulxTrfail + (1—thetha)xex
LV — (pii)*z*Sym — (eta)xtau*xSym — (l—eta—pii)*epsolonlx
Sym — (1/Ln)*Sym + 0.4*Moz_Imported Shemula _1

dTr <— (eta)xtauxSym — (delta)*OmegaxTr — (deltal)*Sigmax
Tr — (1—delta—deltal)*xh«Tr — (1/Ln)*Tr + 0.5xMoz_
Imported _Shemula _1

dTrfail <— (deltal)xSigmaxTr — (etal)sxtaulxTrfail — (kappal
)xomegal*xTrfail — (delta2)*xh2xTrfail — (1—etal—kappal—
delta2)xSigmal*Trfail — (1/Ln)xTrfail

dSsev <— (pii)=*z+Sym + (kappal)xomegal*xTrfail — (kappa_q)=x
omega _q*Ssev — (kappa_A)sxomega_AxSsev — (x_sev)*VkSsev —
(1—x_sev—kappa_q—kappa_A)xpsii*Ssev — (1/Ln)xSsev

dTrsev <— (kappa_q)*omega_qxSsev + (kappa_A)xomega AxSsev —
(phi_dl)=*chii_dl1«Trsev — (phi_-d2)*chii_d2xTrsev — (1—
phi_dl—phi_d2)sxi*Trsev — (1/Ln)xTrsev

dD <— (phi_dl)xchii_dl*Trsev + (phi_d2)*chii_d2«Trsev +
(x_sev)xVxSsev +(l—etal—kappal—delta2)*SigmalxTrfail

dRn  <— (1-x_sev—kappa_q—kappa_A)*psii*xSsev + epsolon2x
ASym + (1—phi_dl—phi_d2)x*xi*xTrsev + (delta)*Omega*xTr — (



91

gamma) *rho*Rn — (1—gamma)s*alpha2+Rn — (1/Ln)=*Rn

195 dLV <= (1—gamma)*alpha2+Rn — (1—thetha)xexLV — (thetha)xr
«LV — (1/Ln)=*LV

196 dCumlnc <— lambdamh.n*(Sn+Rn) # this needs attention

197 res <— c¢(dSn, dL, dASym, dSym, dTr, dTrfail, dSsev, dTrsev,
dD, dRn, dLV, dCumlnc)

198 list (res)

199 1)

200}

201

202 require (bbmle)

203 # likelihood function

200 sirLL <— function (logbeta ,1Bh,logpsii ,lgamma,logtau ,logln, logalphal ,

logalpha ,1G,ldelta ,logh ,logepsolonl ,logepsolon2 ,logz ,letatl ,
letat2 ,letat3 ,letat4 ,lkappa_qtl,
205 lkappa_qt2,lkappa_qt3,lkappa_qt4,lkappa _Atl,lkappa
_At2 ,lkappa _At3, lkappa _At4,logomega _q,logomega _
A logxi ,logOmega,logV ,logchii _dl,logchii_d2,

206 Ixt1,1xt2 ,1xt3 , Ixt4 , Ipiitl ,1piit2 , 1piit3 , lpiitd |
Iphi_d1,1phi_d2,ldeltal ,logSigma ,lkappal,
logomegal ,letal ,logtaul ,ldelta2 ,logh2 ,Ithetha ,

207 lalpha?2 ,logr ,loge ,logSigmal ,Irho ,lirseff ,Iphi,

logamplit ,logSn0 ,logL0 ,logSym0,logTr0) {

208 parms <— c(beta=exp(logbeta) ,Bh=plogis (1Bh), psii=exp(logpsii),
gamma—=plogis (lgamma) ,tau=exp (logtau) ,Ln=exp (logLn) ,alphal=exp (
logalphal) ,alpha=exp(logalpha),

200 G=plogis (1G) ,delta=plogis(ldelta) h=exp(logh) , epsolonl=
exp(logepsolonl) ,epsolon2=exp (logepsolon?2) ,z=exp (
logz) ,etatl=plogis (letatl)  etat2=plogis(letat2),

210 etat3=plogis(letat3d)  etatd=plogis(letatd) kappa_qtl=
plogis (lkappa_qtl) ,kappa_qt2=plogis (lkappa_qt2),
kappa_qt3=plogis (lkappa_qt3) ,kappa_qtd=plogis (lkappa
—qt4),

211 kappa_Atl=plogis (lkappa _Atl)  kappa_At2=plogis (lkappa _
At2) ,kappa_At3=plogis (lkappa_At3) ,kappa_Atd=plogis (
lkappa _At4) ,omega_q=exp (logomega _q) ,omega_A=exp (
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logomega _A) |
xi=exp (logxi) ,Omega=exp (logOmega) ,V=exp (logV) , chii _dl=
exp(logchii_dl),chii_d2=exp(logchii_d2),xtl=plogis(
Ixt1l) ,xt2=plogis (1xt2) ,xt3=plogis (Ixt3) ,xtd=plogis (
Ixt4),
piitl=plogis (lpiitl),piit2=plogis(lpiit2),piit3=plogis(
lpiit3),piitd=plogis(lpiit4) ,phi_dl=plogis(lphi_dl),
phi_d2=plogis(lphi_d2),deltal=plogis(ldeltal) , Sigma=
exp (logSigma) ,
kappal=plogis (lkappal) ,omegal=exp (logomegal) jetal=
plogis(letal)  taul=exp(logtaul) , h delta2=plogis (
ldelta2) ,h2=exp(logh2) ,thetha=plogis(lthetha)  alpha2
=plogis (lalpha2),
r=exp (logr) ,e=exp(loge) ,Sigmal=exp (logSigmal) rho=
plogis(lrho) ,irseff=plogis(lirseff) phi=plogis(lphi)
,amplit=log (logamplit))
x0 <— c(Sn=exp (logSn0), L=exp(logL0) ,0, Sym=exp (logSymO0), Tr=exp (
logTr0) ,0,0,0,0,0,0,0)
out <— ode(y=x0, weeks_fit , sir_fit , parms)
SD <— sqrt (sum ((cumbombay—out |[,13]) "2)/length (weeks_fit) ) #The
scale of 1 to 99 was removed for the second approx. to run.
Rewrite it again once it hs worked!!!

—sum (dnorm (cumbombay, mean=out|,13], sd=SD, log=TRUE))

fit <— mle2(sirLL ,start=list (logbeta=log(365.25/62) ,1Bh=qlogis (0.25)

,logpsii=log(52/26) ,lgamma=qlogis (0.0988) ,logtau=log(52/0.3) ,
logLn=log (62), #1:6
logalphal=log (365.25/7) ,logalpha=log (365.25/
7.5) ,1G=qlogis (0.9) ,1ldelta=qlogis (0.96) ,
logh=log (365.25/18), #7:11
logepsolonl=log(52/0.9) ,logepsolon2=log(52/
26) ,logz=log (365.25/10) ,letatl=qlogis (al),
letat2=qlogis (a2), #12:16
letat3=qlogis (a3),letatd=qlogis (a4) , lkappa_
qtl=qlogis (alx0.8804) ,lkappa_qt2=qlogis (a2
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x0.8804) ,1kappa_qt3=qlogis (a3%x0.8804), #
17:21

lkappa_qt4=qlogis (a4%x0.8804) ,lkappa _Atl=
qlogis (al%x0.1196) ,lkappa _At2=qlogis (a2x
0.1196) ,l1kappa_At3=qlogis (a3%0.1196), #
22:25

lkappa _Atd=qlogis (a4%0.1196) , #26

logomega qg=log (365.25/55) ,logomega A=log
(365.25/10) ,logxi=log (365.25/55) ,logOmega=
log (365.25/70), #27:30

logV=log (365.25/4.5) ,logchii _dl=log(52/5),
logchii_d2=log(52/6), #31:33

Ixtl=qlogis (0.8%0.8) ,1xt2=qlogis (0.7%0.8) ,
Ixt3=qlogis (0.6%0.8) , #34:36

Ixtd=qlogis (0.95%0.8) ,1piitl=qlogis (0.7
0.125) ,1piit2=qlogis (0.6x0.125) , 1piit3=
qlogis (0.5%0.125) ,1piitd=qlogis (0.8%0.125)
. #37:41

Iphi _dl=qlogis (0.22) ,Iphi _d2=qlogis (0.15) ,
ldeltal=qlogis (0.05) ,logSigma=log (365.25/
8) ,lkappal=qlogis (0.125) ,logomegal=log
(365.25/4), #42:47

letal=qlogis (0.70) ,logtaul=log (365.25/7),
ldelta2=qlogis (0.175) ,logh2=log (365.25/70)
,1thetha=qlogis (0.9) ,lalpha2=qlogis (1/
4.50), #48:53

logr=log (365.25/19) ,loge=log (365.25/18)
logSigmal=log (365.25/28) ,Irho=qlogis(1/5),
lirseff=qlogis (0.38) ,lphi=qlogis (0.005/12)
, logamplit=log (2.7), #54:60

logSn0=log(2495—-20—-2-10) ,logL0=log (2) ,logSymO0
=log (20) ,logTr0=log (10)), #61:64

method=" Nelder—Mead” |
control=list (maxit=1E5, trace=0),

trace=FALSE)
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200 # Save a single object to a file

21 saveRDS ((fit ), "Shemula Max_Fit.rds”)

242 # Restore it under a different name

23 my_data <— readRDS(”Shemula Max_Fit.rds”)

25 theta <— as.numeric(c(exp(coef(fit)[1]),plogis(coef(fit)[2]) , exp(
coef(fit)[3]),plogis(coef(fit)[4]) ,exp(coef(fit)[5:8]),plogis(
coef(fit)[9:10]),

246 exp(coef(fit)[11:14]) ,plogis(coef(fit)[15:26])

,exp (coef (fit)[27:33]) ,plogis(coef(fit)
[34:44]) ,exp(coef(fit)[45]) ,plogis(coef(fit

) [46])

247 exp(coef(fit)[47]),plogis(coef(fit)[48]) ,exp(
coef (fit)[49]) ,plogis(coef(fit)[50]) ,exp(
coef(fit)[51]),plogis(coef(fit)[52:53]),

248 exp(coef(fit)[54:56]) ,plogis(coef(fit)[57:59])
, exp(coef(fit)[60:64])) )

249

550 parms_1 <— c(beta=theta[l] ,Bh=theta[2], psii=theta [3], gamma=theta [4],
tau=theta [5] ,Ln=theta [6] ,alphal=theta [7],alpha=theta [8] ,G=theta
[9] , delta=theta [10] ,h=theta[11],

251 epsolonl=theta[12],epsolon2=theta[13],z=theta[14], etatl=
theta[15],etat2=theta[16],etat3=theta[l7],etatd=theta
[18] ,kappa_qtl=theta[19], 6 kappa_qt2=theta [20],

252 kappa_qt3=theta[21], kappa_qtd=theta [22], kappa_Atl=theta
[23] ,kappa_At2=theta [24] ,kappa_At3=theta [25] ,kappa_At4
=theta [26] ,omega_qg=theta [27] ,omega_A=theta [28],

253 xi=theta [29] ,Omega=theta [30] ,V=theta[31], chii_dl=theta
[32], chii_d2=theta [33],xtl=theta[34],xt2=theta[35], xt3
=theta [36] ,xtd=theta [37], piitl=theta[38],

254 piit2=theta [39], piit3=theta [40], piitd=theta [41],phi_dl=
theta [42],phi_d2=theta [43],deltal=theta[44],Sigma=
theta [45] ,kappal=theta [46],omegal=theta [47],etal=theta
48],

255 taul=theta [49],delta2=theta [50] ,h2=theta[51],thetha=theta
[52],alpha2=theta [53],r=theta[54],e=theta [55],Sigmal=
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theta [56] ,rho=theta [57],irseff=theta [58], phi=theta
[59] ,amplit=theta [60])

par_comparison <— cbind (parms,parms_1) #comapare parameters before
and after before fitting model

times <— seq (0, 8.2,1/12)

x0_1 <— c¢(theta[61:62],0,theta[63:64],0,0,0,0,0,0,0)

stateMatrixl <— ode(y=x0_1, times, sir_fit, parms_1)

colnames (stateMatrixl) <— c(”time” ["Sn”, "L7, "ASym” , "Sym”, "Tr” 7
Trfail”, ”Ssev”, "Trsev”, "D’ "Rn”, "LV”, ”Cumlnc”)

tim <— 1:99
inc_l<—c(stateMatrix1[1,” Cumlnc”])
for (tt in 2:length (tim)){
inc _l<—c(inc_1,stateMatrixl [tt ,”Cumlnc”| — stateMatrixl [tt —1,"
Cumlnc” ])

plot _time<— seq(1988+1/12, 201843/12,1/12)

plot _timel<— seq (2010, 2018+2/12,1/12)

par (mfrow=c (1,1))

plot (plot _timel [1:99], cumbombay[1:99], type="0", lwd=2, xlab="Time”
, ylab="Incidence” ylim=c (0,50)) #cum incidence

lines (plot _timel [1:99], stateMatrix1[,13], type="0",col="green”) #
MLE fit

#Incidence

plot (plot _time[264:363], data$Shemula[264:363], type="1", lwd=2,
xlab="Time” | ylab="1Incidence” Jylim=c(0,8)) #cum incidence

#lines (plot _time [264:363], inc[264:363], ty="1", col="red” ,lwd=3,l1ty
=2) #first fit

lines (plot _timel [1:99], (inc_1[1:99]), type="1" col="green” /lwd=3,
lty=1) #AILE fit

)

#Maximum Likelihood second FIT
fit2 <— mle2(sirLL ,
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start=as.list (coef(fit)),
fixed=list (logSnO=coef (fit)[61],

logLO=coef (fit)[62],
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logSymO=coef (fit)[63],
logTrO0=coef (fit)[64]),

summary (fit2)

(coef (fit2)[3])
(coef(fit2)[9:10]),

method=" Nelder—Mead” ,

control=list (maxit=1E5, trace=2),

trace=TRUE)

theta_ 2 <— as.numeric(c(exp(coef(fit2)[1])
,plogis (coef (fit2)[4]) ,exp(coef(fit2)[5:8]) ,plogis

,plogis (coef (fit2)[2]) ,exp

exp(coef(fit2)[11:14]) ,plogis(coef(fit2)
[15:26]) ,exp(coef(fit2)[27:33]) ,plogis(coef
(fit2)[34:44]) ;exp(coef(fit2)[45]),plogis(
coef (fit2)[46])

exp(coef(fit2)[47]),plogis(coef(fit2)[48]) ,exp
(coef(fit2)[49]) ,plogis(coef(fit2)[50]) ,exp
(coef(fit2)[51]) ,plogis(coef(fit2)[52:53]),

exp(coef (fit2)[54:56]) ,plogis(coef(fit2)
[57:59]), exp(coef(fit2)[60:64])) )

parms_2 <— c(beta=theta_2[1],Bh=theta_2[2]
theta _2[4],tau=theta_2[5] ,Ln=theta _2[6]
theta_2[8] ,G=theta _2[9]

, psii=theta _2[3] ,gamma=
,alphal=theta _2[7],alpha=

,delta=theta_2[10] ,h=theta_2[11],

epsolonl=theta _2[12],epsolon2=theta_2[13],z=theta _
2[14] ,etatl=theta_2[15],etat2=theta_2[16],etat3=
theta_2[17],etatd=theta_2[18],kappa_qtl=theta_2[19],
kappa_qt2=theta _2[20],

kappa_qt3=theta _2[21],kappa_qtd=theta_2[22] kappa_Atl=
theta _2[23],kappa_At2=theta_2[24], kappa_At3=theta _
2(25] ,kappa_Atd=theta_2[26] ,omega_q=theta _2[27],

omega_A=theta _2[28],



97

301 xi=theta_2[29],0mega=theta _2[30],V=theta_2[31],chii_dl=
theta_2[32],chii_d2=theta_2[33],xtl=theta_2[34], xt2=
theta_2[35],xt3=theta_2[36],xtd=theta_2[37], piitl=
theta_2[38],

302 piit2=theta_2[39], piit3=theta_2[40], piitd=theta_2[41],

phi_dl=theta_2[42],phi_d2=theta_2[43],deltal=theta_
2[44] ,Sigma=theta_2[45] ,kappal=theta_2[46] ,omegal=
theta_2[47],etal=theta_2[48],
303 taul=theta _2[49],delta2=theta_2[50],h2=theta_2[51],
thetha=theta_2[52],alpha2=theta_2[53],r=theta_2[54],
e=theta _2[55],Sigmal=theta _2[56],rho=theta _2[57],
irseff=theta_2[58],phi=theta_2[59],amplit=theta_
2(60])
304
30 par _comparison <— cbind (parms,parms_1,parms_2) #comapare parameters
before and after before fitting model
s times <— seq (0, 8.2,1/12)
sr x0_2 <— c¢(theta_2[61:62],0,theta_2[63:64],0,0,0,0,0,0,0)
208 stateMatrix2 <— ode(y=x0_2, times, sir _fit , parms_2)
300 colnames (stateMatrix2) <— c¢(”time” ,”Sn”, "L”, "ASym” , "Sym”, "Tr” 7
Trfail”, ”Ssev”, "Trsev”, "D’ "Rn”, "LV”, "Cumlnc”)
310
s inc _2<—c(stateMatrix2 [1,” Cumlnc”|)
siz for (tt in 2:length (tim)){
313 inc _2<—c(inc_2,stateMatrix2 [tt ,”Cumlnc”| — stateMatrix2[tt —1,"
Cumlnc” )
w )
315
sis plot (plot _timel [1:99], cumbombay, type="1", lwd=2, xlab="Time” | ylab
="Incidence” ;ylim=c (0,40)) #cum incidence
sir plot (plot _time[264:362], stateMatrix[264:362,13], ty="1", col="red”,
lwd=3,1ty=2) #first fit
sis lines (plot _timel [1:99], stateMatrix1[,13], type="1" col="green”) #
MLE fit
s lines (plot _timel [1:99], stateMatrix2[,13], type="1",col="blue”) #AILE

second fit
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320
321 #Incidence
320 plot (plot _timel [1:99], data_1$Shemula[1:99], type="1", lwd=2, xlab="
Time” ; ylab="Incidence” ;ylim=c (0,10)) #cum incidence

223 lines (plot _time[1:99], inc[264:362], ty="1", col="red” /lwd=3,1ty=2)
#tirst fit

32 lines (plot _timel [1:99], inc_1, type="1" ,col="green” lwd=3,1ty=2) #
MLE fit

25 lines (plot _timel [1:99], inc_2, type="1",col="blue”  lwd=3,lty=1) /AILE

second fit

326

s2r #Possion distriution method

28 sirLL2 <— function (logbeta ,1Bh,logpsii ,lgamma,logtau ,logln ,logalphal

,logalpha ,1G,ldelta ,logh ,logepsolonl ,logepsolon2 ,logz ,letatl ,
letat2 ,letat3 ,letat4 ,lkappa_qtl,

329 lkappa _qt2 ,lkappa_qt3,lkappa_qt4 ,lkappa _Atl,

lkappa _At2,lkappa _At3,lkappa _At4d logomega _q,
logomega A, logxi ,logOmega ,logV ,logchii _dl,
logchii _d2,

530 Ixt1,1xt2 ,1xt3 , Ixt4 , Ipiitl ,1piit2 ,Ipiit3 ,lpiitd

Iphi _dl1,1phi_d2,ldeltal ,logSigma ,lkappal ,
logomegal ,letal ,logtaul ,1delta2 ,logh2 ,lthetha ,

331 lalpha2 [ logr ,loge ,logSigmal ,lrho ,lirseff  [Iphi,

logamplit ,logSn0 ,logL0 ,logSym0 ,logTr0) {

332 parms_2 <— c(beta=exp(logbeta) ,Bh=plogis (1Bh) , psii=exp(logpsii),
gamma=plogis (lgamma) ,tau=exp (logtau) ,Ln=exp (logln) ,alphal=exp (
logalphal) ,alpha=exp(logalpha)

533 G=plogis (1G) ,delta=plogis(ldelta)  h=exp(logh),

epsolonl=exp (logepsolonl) , epsolon2=exp(logepsolon2
) ,z=exp(logz) ,etatl=plogis(letatl ), etat2=plogis(
letat2),

334 etat3=plogis(letat3d)  etatd=plogis(letatd) kappa_qtl=
plogis (lkappa_qtl) ,kappa_qt2=plogis (lkappa_qt2),
kappa_qt3=plogis (lkappa_qt3) ,kappa_qtd=plogis (
lkappa_qt4) ,
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335 kappa_Atl=plogis (lkappa _Atl)  kappa_At2=plogis (lkappa _
At2) ,kappa_At3=plogis (lkappa_At3) ,kappa_Atd=plogis
(lkappa_At4) ,omega_qg=exp (logomega _q) ,omega _A=exp (
logomega _A) |

336 xi=exp (logxi) ,Omega=exp (logOmega) ,V=exp (logV ), chii _dl
—exp (logchii_dl),chii_d2=exp(logchii_d2)  xtl=
plogis (lxtl) ,xt2=plogis (1xt2) ,xt3=plogis (1xt3) ,xt4
=plogis (1xt4),

337 piitl=plogis(lpiitl),piit2=plogis(lpiit2),piit3=
plogis (1piit3),piitd=plogis(1lpiit4d),phi_dl=plogis(
Iphi_d1) ,phi_d2=plogis (lphi_d2),deltal=plogis (
ldeltal) ,Sigma=exp (logSigma) ,

338 kappal=plogis (lkappal) ,omegal=exp (logomegal) ,etal=
plogis(letal) ,taul=exp (logtaul) ,h delta2=plogis (
ldelta2) ,h2=exp(logh2)  thetha=plogis (lthetha),
alpha2=plogis (lalpha2)

339 r=exp (logr) ,e=exp(loge) ,Sigmal=exp (logSigmal) rho=
plogis (Irho) ,irseff=plogis(lirseff) phi=plogis(
Iphi) ,amplit=log (logamplit))

340 x0 <— c¢(Sn=exp(logSn0), L=exp(logL0),0, Sym=exp (logSym0), Tr=exp (

logTr0) ,0,0,0,0,0,0,0)

341 out <— ode(y=x0, weeks_fit , sir_fit , parms_2)

s —sum( dpois (cumbombay[1:99], lambda=out[1:99,13], log=IRUE))

s}

344

ss fit . pois <— mle2(sirLL2,

316 start=list (logbeta=log (365.25/125) ,1Bh=qlogis (0.25)

,logpsii=log(52/26) ,lgamma=qlogis (0.0988) ,logtau
=log(52/0.3) ,logLn=log (62), #1:6
347 logalphal=log (365.25/7),
logalpha=log (365.25/7.5) ,
1G=qlogis (0.9) ,1delta=
qlogis (0.96) ,logh=log
(365.25/18), #7:11
348 logepsolonl=log(52/0.9),
logepsolon2=log (52/26),



349

350
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352
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354

355

356
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logz=log (365.25/10) ,letatl
=qlogis(al),letat2=qlogis (
a2), #12:16
letat3=qlogis(a3), letatd=
qlogis (a4) ,lkappa_qtl=
qlogis (al%0.8804) ,lkappa_
qt2=qlogis (a2x0.8804) ,
lkappa _qt3=qlogis (a3x
0.8804), #17:21
lkappa_qt4=qlogis (a4%0.8804) ,
lkappa _Atl=qlogis (alx
0.1196) ,lkappa_At2=qlogis (
a2%0.1196) ,1kappa_At3=
qlogis (a3%0.1196) , #22:25
lkappa _Atd=qlogis (a4%x0.1196) ,
496
logomega _g=log (365.25/55) ,
logomega _A=log (365.25/10) ,
logxi=log (365.25/55),
logOmega=log (365.25/70) , #
27:30
logV=log (365.25/4.5) ,logchii_
dl=log(52/5) ,logchii _d2=
log (52/6), #31:33
Ixtl=qlogis (0.8%0.8) ,1xt2=
qlogis (0.7%0.8) ,1xt3=
qlogis (0.6%0.8) , #34:36
Ixtd=qlogis (0.95%0.8) ,1piitl=
qlogis (0.7%0.125) ,1piit2=
qlogis (0.6%0.125) ,1piit3=
qlogis (0.5%0.125) , Ipiitd=
qlogis (0.8%0.125), #37:41
Iphi_dl=qlogis (0.22) ,Iphi_d2=
qlogis (0.15) ,ldeltal=
qlogis (0.05) ,logSigma=log
(365.25/8) ,l1kappal=qlogis
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(0.125) ,logomegal=log
(365.25/4), #42:47

letal=qlogis (0.70) ,logtaul=
log (365.25/7) ,ldelta2=
qlogis (0.175) ,logh2=log
(365.25/70) ,1thetha=qlogis
(0.9) ,lalpha2=qlogis (1/
4.50), #48:53

logr=log (365.25/19) ,loge=log
(365.25/18) ,logSigmal=log
(365.25/28) ,Irho=qlogis (1/
5),lirseff=qlogis (0.38),
Iphi=qlogis (0.005/12),
logamplit=log (2.7), #54:60

logSn0=log (2495—20—2—10)
logL0=log (2) ,logSymO=log
(20) ,logTr0=log (10)), #
61:64

method=" Nelder—Mead” ,
control=list (maxit=1E5, trace=0),

trace=FALSE)

summary ( fit . pois)

theta_3 <— as.numeric(c(exp(coef(fit.pois)[1]),plogis(coef(fit.pois)
[2]) ,exp(coef(fit.pois)[3]),plogis(coef(fit.pois)[4]) ,exp(coef(
fit .pois)[5:8]) ,plogis(coef(fit.pois)[9:10]),
exp(coef(fit.pois)[11:14]) ,plogis(coef(fit.
pois)[15:26]) ,exp(coef(fit.pois)[27:33]),
plogis (coef(fit.pois)[34:44]) ,exp(coef(
fit .pois)[45]),plogis(coef(fit.pois)[46])
exp(coef(fit.pois)[47]),plogis(coef(fit.pois
) [48]) ;exp(coef(fit.pois)[49]),plogis(
coef(fit.pois)[50]) ,exp(coef(fit.pois)
[51]) ,plogis (coef(fit.pois)[52:53]),
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exp(coef(fit.pois)[54:56]) ,plogis(coef(fit.
pois) [57:59]), exp(coef(fit.pois)[60:64])
) )

parms_3 <— c(beta=theta_3[1],Bh=theta_3[2], psii=theta_3[3],gamma=
theta_3[4],tau=theta_3[5],Ln=theta_3[6],alphal=theta_3[7],alpha=
theta_3[8] ,G=theta_3[9],delta=theta_3[10],h=theta_3[11],
epsolonl=theta _3[12],epsolon2=theta _3[13],z=theta _
3[14] ,etatl=theta_3[15],etat2=theta_3[16], etat3=
theta_3[17],etatd=theta_3[18],kappa_qtl=theta_3[19],
kappa_qt2=theta _3[20],
kappa_qt3=theta_3[21],kappa_qtd=theta_3[22], kappa_Atl=
theta _3[23],kappa_At2=theta_3[24],kappa_At3=theta _
3[25] ,kappa_Atd=theta_3[26],omega_qg=theta_3[27],
omega _A=theta _3[28],
xi=theta _3[29],0mega=theta_3[30] ,V=theta _3[31], chii_dl=

[29]
theta_3[32],chii_d2=theta_3[33],xtl=theta_3[34],xt2=
theta_3[35],xt3=theta_3[36],xtd=theta_3[37], piitl=
theta_3[38],

piit2=theta_3[39], piit3=theta_3[40], piitd=theta_3[41],
phi_dl=theta_3[42],phi_d2=theta_3[43],deltal=theta_
3[44],Sigma=theta_3[45] ,kappal=theta_3[46],omegal=
theta_3[47],etal=theta_3[48],

taul=theta _3[49],delta2=theta_3[50],h2=theta_3[51],
thetha=theta_3[52],alpha2=theta_3[53],r=theta_3[54],
e=theta 3[55],Sigmal=theta _3[56],rho=theta _3[57],
irseff=theta_3[58],phi=theta_3[59],amplit=theta_
3[60])

par _comparison <— cbhind (parms,parms_3) #comapare parameters before
and after before fitting model

times <— seq(0, 8.2,1/12)

x0_3 <— c¢(theta_3[61:62],0,theta_3[63:64],0,0,0,0,0,0,0)

stateMatrix3 <— ode(y=x0_3, times, sir _fit , parms_3)

colnames (stateMatrix3) <— c(7t”,”Sn”, "L”, "ASym” , "Sym”, "Tr”, 7
Trfail”, ”Ssev”, "Trsev”, "D”, "Rn”, "LV”, "Cumlnc”)
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stateMatrix <— ode(y=x0, times, sir_fit, parms)

colnames (stateMatrix) <— c(7t”,”Sn”, "L”, "ASym” , "Sym”, "Tv” 7
Trfail”, ”Ssev”, "Trsev”, "D”, "Rn”, "LV”, ”Cumlnc”)

tim = seq (0, 8.2,1/12)

inc<—c(stateMatrix [1,” Cumlnc” |)

for (tt in 2:length (tim)){

inc<—c(inc,stateMatrix [tt,” Cumlnc” ] — stateMatrix[tt —1,” Cumlnc”|)

inc_3<—c(stateMatrix3[1,” Cumlnc”])
for (tt in 2:length (tim)){
inc _3<—c(inc_3,stateMatrix3 [tt ,”Cumlnc”| — stateMatrix3 [tt —1,"
Cumlnc” )

#Poission Likelihood second FIT
fit.pois2 <— mle2(sirLL2,
start=as.list (coef(fit.pois)),
fixed=list (logSnO=coef (fit.pois)[61],
logLO=coef (fit.pois)[62],
logSymO=coef (fit .pois)[63],
logTrO=coef (fit.pois) [64]),
method=" Nelder—Mead” |
control=list (maxit=1E5, trace=2),

trace=TRUE)
summary ( fit . pois2)

theta_4 <— as.numeric(c(exp(coef(fit.pois2)[1]),plogis(coef(fit.
pois2)[2]) ,exp(coef(fit.pois2)[3]),plogis(coef(fit.pois2)[4]) ,exp
(coef(fit.pois2)[5:8]) ,plogis(coef(fit.pois2)[9:10]),
exp(coef(fit.pois2)[11:14]) ,plogis(coef(fit.
pois2)[15:26]) ,exp(coef(fit.pois2)
[27:33]) ,plogis (coef(fit.pois2)[34:44]),
exp(coef(fit.pois2)[45]),plogis(coef(fit.
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) [46]) ,
exp(coef(fit.pois2)[47]),plogis(coef(fit.
) [48]) ,exp(coef(fit.pois2)[49]),

pois?2

pois2

[4
plogis (coef(fit.pois2)[50]) ,exp(coef(fit.
pois2)[51]) ,plogis(coef(fit.pois2)
[52:53]),

exp(coef(fit.pois2)[54:56]) ,plogis(coef(fit .
pois2)[57:59]), exp(coef(fit.pois2)
[60:64])) )

parms_4 <— c(beta=theta_4[1] ,Bh=theta_4[2], psii=theta _4[3],gamma=
theta_4[4],tau=theta_4[5] ,Ln=theta_4[6],alphal=theta_4[7],alpha=
theta_4[8] ,G=theta_4[9],delta=theta_4[10] ,h=theta_4[11],

416

417

418

419

420

421

epsolonl=theta_4[12],epsolon2=theta_4[13],z=theta_
4[14] ,etatl=theta_4[15],ctat2=theta_4[16], ctat3=
theta_4[17],etatd=theta_4[18],kappa_qtl=theta_4[19],
kappa_qt2=theta _4[20],

kappa_qt3=theta_4[21],kappa_qtd=theta_4[22], kappa_Atl=
theta_4[23],kappa_At2=theta_4[24],kappa_At3=theta _
4125] ,kappa_Atd=theta _4[26] ,omega_q=theta _4[27],
omega_A=theta _4[28],

xi=theta_4[29] ,0mega=theta _4[30],V=theta_4[31], chii_dl=
theta_4[32], chii_d2=theta_4[33],xtl=theta_4[34],6 xt2=
theta_4[35],xt3=theta_4[36],xt4d=theta_4[37], piitl=
theta _4[38]

piit2=theta _4[39], piit3=theta _4[40], piitd=theta _4[41],
phi_dl=theta_4[42],phi_d2=theta_4[43],deltal=theta_
4144] ,Sigma=theta_4[45] ,kappal=theta_4[46] ,omegal=
theta_4[47],etal=theta_4[48],

taul=theta _4[49],delta2=theta _4[50],h2=theta _4[51],
thetha=theta_4[52],alpha2=theta_4[53],r=theta_4[54],
e=theta _4[55],Sigmal=theta _4[56],rho=theta_4[57],
irseff=theta_4[58],phi=theta_4[59],amplit=theta_
4[60])
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par_comparison <— cbind (parms,parms_1,parms_2 ,parms_3, parms_4) #
comapare parameters before and after before fitting model

x0_3 <— c(theta_4[61:62],0,theta_4[63:64],0,0,0,0,0,0,0)

stateMatrix4 <— ode(y=x0_3, times, sir _fit , parms_4)

colnames (stateMatrix4) <— c(”"time” ,”Sn”, "L”  "ASym”, "Sym”, "Tr”
Trfail”, ”Ssev”, "Trsev”, "D”, "Rn”, "LV”, ”Cumlnc”)

inc_4<—c(stateMatrix4 [1,” Cumlnc” |)
for (tt in 2:length(tim)){
inc _4<—c(inc_2,stateMatrix4 [tt ,”Cumlnc”| — stateMatrix4 [tt —1,"
CumlInc” ])

9.2 Model Prediction Scenarios

library (deSolve)

library (readxl)

library (xlsx)

library (maxLik)

library (bbmle)

library ("openxlsx™)

#Data fitting

rm(list=1s())

data_l<—read.xlsx (”C:/Users/mandi/OneDrive — University of Cape Town
/Dissertation/Thesis Work/Model building/Start Afresh/Scenarios._
NDUMO/ Total _local _casesl -1 _Ndumo. xlsx”, sheet = 1, startRow = 1,
colNames = TRUE)

climatedata _l<—read.xlsx ("C:/Users/mandi/OneDrive — University of
Cape Town/Dissertation/Thesis Work/Model building/Start Afresh/
Scenarios NDUMO/chirps_1.xlsx” | sheet= 1, startRow = 1, colNames
= TRUE)

climatedatal _1<—read.xlsx ("C:/Users/mandi/OneDrive — University of
Cape Town/Dissertation/Thesis Work/Model building/Start Afresh/
Scenarios NDUMO/chirps_1.xlsx” | sheet= 2, startRow = 1, colNames
= TRUE)

data _IRScov_l<—read.xlsx ("C:/Users/mandi/OneDrive — University of
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Cape Town/Dissertation/Thesis Work/Model building/Start Afresh/
Scenarios NDUMO/IRScov data incompletel _averrm8_1.xlsx”, sheet =
1, startRow = 1, colNames = TRUE)

13 #data _IRScov_l<—read.xlsx ("C:/Users/mandi/OneDrive — University of
Cape Town/Dissertation/Thesis Work/Model building/Start Afresh/
Scenarios NDUMO/IRScov data incompletel _averrm8_1_0.0%.xlsx”,
sheet = 1, startRow = 1, colNames = TRUE)

1 #data _IRScov_l<—read.xlsx ("C:/Users/mandi/OneDrive — University of
Cape Town/Dissertation/Thesis Work/Model building/Start Afresh/
Scenarios NDUMO/IRScov data incompletel _averrm8_1_80%.xlsx”,
sheet = 1, startRow = 1, colNames = TRUE)

15 #data _IRScov_l<—read.xlsx ("C:/Users/mandi/OneDrive — University of
Cape Town/Dissertation/Thesis Work/Model building/Start Afresh/
Scenarios NDUMO/IRScov data incompletel _averrm8_1_100%.xlsx”,
sheet = 1, startRow = 1, colNames = TRUE)

16 #lmported Ndumo_l<—read . xlsx ("C:/Users/mandi/OneDrive — University
of Cape Town/Dissertation/Thesis Work/Model building/Start Afresh
/Scenarios NDUMO/Malaria cases imported diagnosed in Ndumo_1_
Increase.xlsx”, sheet = 1, startRow = 1, colNames = TRUE)

17 Imported Ndumo_l<—read.xlsx ("C:/Users/mandi/OneDrive — University of
Cape Town/Dissertation/Thesis Work/Model building/Start Afresh/
Scenarios NDUMO/Malaria cases imported diagnosed in Ndumo_-1_
Original.xlsx”, sheet = 1, startRow = 1, colNames = TRUE)

18

1v # Defining functions for Vector dynamics

20 climatedata _1$ts <— with(climatedata _1, seq(0,12—1/12,1/12)
)

o1 climatedatal _1$ts <— with(climatedatal -1, seq(0,12—1/12,1/
12))

22 data _IRScov_1$ts <— with(data _IRScov_1, seq(0,12—1/12,1/12)

)
23 Imported Ndumo_1$ts1 <— with (Imported Ndumo_1, seq(0,12—1/12,1/12))

24
25 R_interpol_s_1 <— with(climatedata _1,approxfun(ts,
Umkhanyakude _rain , rule=1,method="linear "))

26 R_stdinterpol _s_1 <— with(climatedatal _1,approxfun(ts,
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Umkhanyakude _std , rule=1,method="1linecar "))

IRSinterpol _s_1 <— with (data_TRScov_1,approxfun(ts,
Nduml, rule=1,method="1linear "))

Imported Ndumo_s_ 1 <— with(Imported Ndumo_1,approxfun(tsl ,Ndumo,

rule=1,method="linear "))

cumbombay <— cumsum (data _1$Ndumo) #cumsum (bombay )
weeks_fit <— seq(0,12—2/12,1/12) #seq (0. 12-1/12.1/12)
times <— seq (0, 12—1/12,1/12) #seq (0, 12—1/12,1/12)
tim <— 1:144 #1:144

sir _fit <— function(t,x,parms){

Sn <— x[1];L <= x[2];ASym<—x [3];Sym<—x [4]; Tr<—x[5]; Trfail<—x[6];
Ssev<—x [7]; Trsev<—x [8];D<—x[9];Rn<—x [10];LV<—x[11]; CumIne<—x
[12]

with(as.list (parms),

{
R_s_std_1 = R_stdinterpol _s_1(t)
[RScov_1 = IRSinterpol _s_1(t)
Moz _Imported Ndumo_1= Imported Ndumo_s_1(t)
[=ASynm+Sym+Ssev+Tr+Trfail+Trsev
N=Sn+IA4AASym+Sym+Ssev+Tr+Trfail+Trsev+Rn+LV

#Conditions on the treatment coverages
if( t <=6) {x_sev=xt2}

else (x_sev=xt3)

if (t <= 6) {kappa_q=kappa_qt2} #This is the problem
else (kappa_gq=kappa_qt3)

if ( t <= 6) {kappa_A=kappa_At2}
else (kappa_A=kappa_At3)

if( t <= 6) {eta=etat2}
else (eta=etat3)
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if( t <= 8.33333333) {irseff=0.38}
else (irseff=0.9)

if( t <= 6) {pii=piit2}
else (pii=piit3)

if( t <= 6) {aa=1}

else (aa=1)

if( t >= 7.83333333 & t< 7.91666667) {mult=2.4}

else if(t >= 8.16666667 & t<= 8.25) {mult=5.3} #
else if(t >= 0 & t<= 0.58333333) {mult=1} #

else if(t > 8.25 & t<= 8.33333333) {mult=2.9} #

else if(t > 8.33333333){mult=1.4}

else (mult=1.3)

#Fix the driver of infection as it will be the determiner
of how change infection changes over t

betat <— mult*R_s_std _1 #betax((amplit*(l+cos(2xpix(t—phi))
) )*x(t<10) + (t>=10)*R_s_std_1) #=*(spline(t[577:820] ,R_s_
std , xout=(t—phi))8$y)))

lambdamh.n <— (1-IRScov_lxirseff)s«mult«Bhxbetatx(I/N)

dSn <~ (N/Ln) + (gamma)s*rho*Rn — lambdamh.n*Sn — (1/Ln)=x
Sn — aaxMoz_Imported Ndumo_1

dL <— lambdamh.n*Sn — (G)x*alphalxL — (1-G)=*alphaxL — (1/
Ln)*L

dASym <— (1—-G)=alphaxL 4+ (1—eta—pii)=*epsolonl*Sym + (1—
delta—deltal )«h«Tr + (delta2)«h2«Trfail + (thetha)xr«LV
— epsolon2xASym — (1/Ln)*ASym + 0.1xaa*Moz_Imported _
Ndumo_1

dSym <— (G)xalphal*L + (etal)xtaulxTrfail + (1—thetha)xex
LV — (pii)*z*Sym — (eta)xtauxSym — (l—eta—pii)*epsolonlx
Sym — (1/Ln)*Sym + 0.4*aaxMoz_Imported Ndumo_1

dTr <— (eta)xtauxSym — (delta)*OmegaxTr — (deltal)*Sigmax
Tr — (1—delta—deltal )«h«Tr — (1/Ln)«Tr + 0.5*aaxMoz_
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Imported Ndumo _1

83 dTrfail <— (deltal)xSigma*xTr — (etal)xtaulxTrfail — (kappal
)xomegal*x Trfail — (delta2)+xh2xTrfail — (1—etal—kappal—
delta2)*SigmalxTrfail — (1/Ln)xTrfail

84 dSsev <— (pii)=*z+Sym + (kappal)xomegal*Trfail — (kappa_q)=*
omega _q*xSsev — (kappa_A)sxomega_AxSsev — (x_sev)*VkSsev —
(1—x_sev—kappa_q—kappa_A)*xpsii*Ssev — (1/Ln)x*Ssev

85 dTrsev <— (kappa_q)*omega_qxSsev + (kappa_A)xomega AxSsev —
(phi_dl)*chii_dl1xTrsev — (phi_-d2)*chii_d2«Trsev — (1—
phi_dl—phi_d2)sxi*Trsev — (1/Ln)xTrsev

86 dD <— (phi_dl)*chii _dl*Trsev + (phi_d2)xchii_d2*Trsev +
(x_sev)*VxSsev +(l—etal—kappal—delta2)*SigmalsTrfail

87 dRn  <— (1—-x_sev—kappa_q—kappa_A)*psii*xSsev + epsolon2x
ASym + (1—phi_dl—phi_d2)xxi*Trsev 4+ (delta)+*OmegaxTr — (
gamma)*xrho*Rn — (1—gamma)*alpha2«Rn — (1/Ln)*Rn

88 dLV ~ <— (1—gamma)*alpha2+Rn — (1—thetha)*exLLV — (thetha)x*r
LV — (1/Ln)=LV

89 dCumlnc <— lambdamh.nx(Sn+Rn) # this needs attention

90 res <— c¢(dSn, dL, dASym, dSym, dTr, dTrfail, dSsev, dTrsev,
dD, dRn, dLV, dCumlnc)

91 list (res)

92 })

%}

94

os #For saved parameters purposes

96 Max_Ndumo_1 <— read.xlsx (7C:/Users/mandi/OneDrive — University of
Cape Town/Dissertation/Thesis Work/Model building/Start Afresh/
Scenarios NDUMO/ Fitted _Parameter _values Maxl _Ndumo. xlsx” , sheet =

1, startRow = 1, colNames = FALSE)

o7 7f

9s Max_Ndumo_1_par <— as.vector (Max_Ndumo_1[,1])

9o theta <— as.numeric(c((Max_Ndumo_1_par[1]) ,(Max_Ndumo_1_par[2]) ,(Max
_Ndumo_1_par [3]) ,(Max_Ndumo_1_par [4]) ,(Max_Ndumo_1_par [5:8]) ,(Max
_Ndumo_1_par[9:10]) ,

100 (Max_Ndumo_1_par[11:14]) ,(Max_Ndumo_1_par

[15:26]) ,(Max_Ndumo_1_par[27:33]) ,(Max_
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Ndumo_1 _par[34:44]) ,(Max_Ndumo_1_par[45]) ,(
Max_Ndumo_1 _par [46]) ,

(Max_Ndumo_1_par [47]) ,(Max_Ndumo_1_par [48]) ,(
Max_Ndumo_1_par[49]) ,(Max_Ndumo_1_par[50])
,(Max_Ndumo_1_par[51]) ,(Max_Ndumo_1_par
[52:53]),

(Max_Ndumo_1_par [54:56]) ,(Max_Ndumo_1_par
[57:59]), (Max_Ndumo_1_par[60:64])))

parms_1 <— c(beta=theta[1] ,Bh=theta [2], psii=theta [3],gamma=theta [4],
tau=theta [5] ,Ln=theta[6],alphal=theta [7], alpha=theta [8] ,G=theta
(9], delta=theta [10] ,h=theta[11],

epsolonl=theta[12],epsolon2=theta[13],z=theta[14], etatl
=theta[15],etat2=theta[16],etat3=theta[17], etatd=
theta [18],kappa_qtl=theta[19],6 kappa_qt2=theta [20],

kappa_qt3=theta[21] ,kappa_qtd=theta[22], kappa_Atl=theta
(23], kappa_At2=theta [24] , kappa_At3=theta [25] , kappa_
Atd=theta [26] ,omega_g=theta [27],omega _A=theta [28],

xi=theta [29] ,0Omega=theta [30] ,V=theta [31], chii _dl=theta
[32], chii _d2=theta[33],xtl=theta [34], xt2=theta [35],
xt3=theta [36] ,xt4d=theta [37], piitl=theta[38],

piit2=theta [39], piit3=theta[40], piitd=theta[41],phi_dl=
theta[42],phi_d2=theta[43],deltal=theta[44],Sigma=
theta [45] ,kappal=theta [46] ,omegal=theta [47]  , etal=
theta [48],

taul=theta [49],delta2=theta [50] ,h2=theta[51],thetha=
theta[52],alpha2=theta[53],r=theta [54],e=theta[55],
Sigmal=theta [56] ,rho=theta [57],irseff=theta[58], phi=
theta [59] ,amplit=theta [60])

x0_1 <~ c(theta[61:62],0,theta[63:64],0,0,0,0,0,0,0)
stateMatrixl <— ode(y=x0_1, times, sir_fit, parms_1)
colnames (stateMatrixl) <— c(”time” ,”Sn”, L7 7ASym”, "Sym”, "Tr”

Trfail”, ”Ssev”, "Trsev”, "D”, "Rn”, "LV”, ”Cumlnc”)

)

inc _l<—c(stateMatrix1 [1,” Cumlnc”|)
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for (tt in 2:length(tim)){
inc _l<—c(inc_1,stateMatrix1l [tt ,”Cumlnc”| — stateMatrixl [tt —1,"
Cumlnc” )

plot _time<— seq (2010, 2018+4/12,1/12)
plot _timel<— seq (2010, 2022—1/12,1/12) #2022-1/12.1/12)
plot _time2<— seq(2018+4/12, 2022—1/12,1/12) #2022-1/12.,1/12)

par (mfrow=c (1,1))

plot (plot _timel, stateMatrix1[1:144,"Cumlnc”], type="1", lwd=2, xlab
="Time"” , ylab="Incidence” |ylim=c(0,84)) #cum incidence

lines (plot _time , cumbombay[1:101], type="1" col="green”) #ILE fit

#Incidence

plot (plot _timel, (inc_1), type="1", col="darkblue” lwd=3,lty=1, xlab

7

="Time (years)”, ylab="Number of cases” ylim=c(0,14)) #cum
incidence
#IRS Coverage and Efficacy

lines (plot _time, data_1$Ndumo[1:101], type="1" col=1,lwd=3,1ty=1) #

IRS cov = Averaged over the last 3 years

lines (plot _time2 ,inc_1[101:144], type = 71”7, col="red”, lwd=3,pch
=20,1ty=3) # IRS cov = 0%

lines (plot _time2 ,inc_1[101:144], type = "1”7, col="red”, lwd=3,pch
=20, 1ty =1) #IRS cov = 80%

lines (plot _time2 ,inc_1[101:144], type = 71”7, col="red”, lwd=3,pch
=20,1ty=2) #IRS cov = 100%

lines (plot _time2 ,inc_1[101:144], type = "17, col="green”, lwd=3,pch
=20,1ty=1) #IRS cov = 80%, irs eff = 80%

lines (plot _time2 ,inc_1[101:144], type = 717, col="green” | lwd=3,pch

=20,1ty=2) #IRS cov = 100%, irs eff = 100%
lines (plot _time2 ,inc_1[101:144], type = "17, col="cyan”, lwd=3,pch
=20,1ty=1) #IRS cov = Averaged, irs eff = 90%
legend (" topleft”, ¢(”Ndumo cases”, "Fitted model” ,”IRScov=0%",”
IRScov=80%",” IRScov=100%" ,” IRScov=80%, IRS eff=80%",” IRScov=100%,
IRS eff=100%"), col=c(”black” ,”darkblue” ,”red” ,”red” ,”red”,”
green” [“green”), lty=c(1,1,3,1,2,1,2),lwd=3, horiz = F,bty="n" ,x.
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intersp = 0.5,cex=0.9)

s #Imported cases change

139 lines (plot _time2 ,inc_1[101:144], type = 717, col="red”, lwd=3,pch
=20,1ty=1) # Increase by times 20

1o lines (plot _time2 ,inc_1[101:144], type = "17, col="cyan”, lwd=3,pch
=20,1ty=1) #Reduction by 70%

w lines (plot _time2 ,inc_1[101:144], type = 717, col="green” | lwd=3,pch
=20,1ty=2) #Increase by times 20, while IRS cov = 20%, eff = 38%

12 legend (" topleft”, c¢(”Fitted cases based on averaged values”, ”"Fitted
model” ,” Impoted cases increase by 10 times” ,”Impoted cases
increase by 20 times”), col=c(”black”,”darkblue” ,” green” "red”),

lty=c(1,1,2,1),lwd=3, horiz = F,bty="n" ;x.intersp = 0.5,cex=0.9)

143

14s #Zoom out the plot

s F#Flncidence

us plot (plot _time2, (inc_1[101:144]), type="1", col="darkblue” /lwd=3,
lty=1, xlab="Time (years)”, ylab="Number of cases”  ylim=c(0,2)) #
cum incidence

ur #IRS Coverage and Efficacy

us lines (plot _time2 ,inc_1[101:144], type = 717, col="red”, lwd=3,pch
=20,1ty=3) # IRS cov = 0%

uo lines (plot _time2 ,inc_1[101:144], type = 717, col="red”, lwd=3,pch
=20,1ty=1) #IRS cov = 80%

10 lines (plot_time2,inc_1[101:144], type = 717, col="red”, lwd=3,pch

=20,1ty=2) #IRS cov = 100%

51 lines (plot _time2,inc_1[101:144], type = "17, col="green”, lwd=3,pch
=20,1ty=1) #IRS cov = 80%, irs eff = 80%

152 lines (plot _time2 ,inc_1[101:144], type = "17, col="green” , lwd=3,pch
=20,1ty=2) #IRS cov = 100%, irs eff = 100%

153 lines (plot _time2,inc_1[101:144], type = 71”7, col="cyan”, lwd=3,pch
=20,1ty=1) #IRS cov = Averaged, irs eff = 90%

5 legend (" topleft” , ¢(”Fitted model” ,;”TRScov=0%" ,” IRScov=80%",” IRScov
=100%" ,” IRScov=80%, IRS eff=80%",”IRScov=100%, IRS eff=100%",
Averaged current IRS cov., IRS eff=90%"), col=c(”darkblue” ,”red”,
“red” ["red” " green” " green” ["cyan”), lty=c(1,3,1,2,1,2,1),lwd=3,

horiz = F,bty="n" ;x.intersp = 0.5,cex=0.9)
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#Incidence

g_rangel<—range (0,seq(0,14,2))

plot (inc_1[1:100], type = 717, col="darkblue” ;ylim = g_rangel ,

lwd=3, axes=F,ann=F,pch=20,1ty=1)

axis (1, at=0:12%12, lab=c (720107, 720117 ,72012” ,72013", "2014”, "
20157, "2016”, "2017”, "2018”,72019”, "2020”, "2021”, "2022"))

axis (2,las=1, at=2x0:g_rangel [2],col.axis="black”)

axis (4,las=1, at=2x0:g_rangel [2],col.axis="black”)

lines (data_1$Ndumo[1:100], type = "17, col="red”, lwd=3,pch=20,lty
:1)

box ()

legend (" topleft” , ¢(”Ndumo reported cases”, "Fitted Model”), col=c(”
black” " darkblue”), lty=c(1,1),lwd=2, horiz = F)

#title (main="Local and Imported cases diagnosed in Ndumo”, col.main
="black” ,font.main=1)

title (ylab="Number of cases”)

title (xlab = "Time (years)”)

#lines (inc_1[101:144], type = 717, col="red”, lwd=3,pch=20,1ty=1)

#Plot with confidence bends

# confidence interval of the best predictions:

cl <— 0.95 # confidence level

cl <= (1 — ¢cl) / 2

time _points <— seq (2010, 2018+3/12,1/12)

best _predictions <— inc_1[1:100]

Inc_data <— data_1$Ndumo[1:100]

SD <— sqrt (sum((Inc_data—best _predictions)"2)/length (weeks_fit
[1:100)))

lwr <— qnorm(p = c¢l, mean = best_predictions , sd = SD)

upr <— qunorm(p = 1 — ¢l, mean = best_predictions , sd = SD)

# layout of the plot:

plot (time _points, time_points, ylim = ¢(0, max(upr)), type = "n”,

xlab = "Time (years)”, ylab = "number of malaria cases”)
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# adding the predictions’ confidence interval:

sel <— time_points >= 1 # predictions start from the second data
point

polygon (¢ (time_points[sel], rev(time_points[sel])), c(upr[sel], rev(
lwr [sel])),

border = NA, col = adjustcolor("red”, alpha.f = 0.2))

# adding the model’s best predictions:

lines (time _points , best_predictions, col = "red” | lwd=3)

lines (time _points , data_1$Ndumo[1:100], type="p”, pch =19, col ="~
black” jcex =1.35)

legend (" topleft”, ¢(”Ndumo reported cases”, ”Fitted Model”), col=c(”
black” "red”) ,lwd=2, horiz = F, bty="n" ,x.intersp = 0.5)

colnames (stateMatrixl) <— c(7t”,”Sn”, "L”, "ASym” , "Sym”, "Tr”, 7
Trfail”, ”Ssev”, "Trsev”, "D”, "Rn”, "LV”, ”Cumlnc”)

plot (stateMatrix1|[,2], col="black”  lwd=2, ylim=c(—200,5200) ,ty="1")
lines (stateMatrix1[,3], col="red”, lwd=2,ty="1")

lines (stateMatrix1[,4], col="green”, lwd=2,ty="1")

lines (stateMatrix1[,5], col="cyan”, lwd=2,ty="1")

lines (stateMatrix1[,6], col="yellow”, lwd=2,ty="1")

lines (stateMatrix1[,7], col="orange”, lwd=2,ty="1")

lines (stateMatrix1[,8], col="darkblue”, lwd=2ty="1")

lines (stateMatrix1[,9], col="pink”, lwd=2,ty="1")

lines (stateMatrix1[,10], col="darkgrey”, lwd=2,ty="1")

lines (stateMatrix1[,11], col="brown”, lwd=2,ty="1")

Value_1 <— read.xlsx(”C:/Users/mandi/OneDrive — University of Cape
Town/Dissertation/Thesis Work/Model building/Start Afresh/
Scenarios NDUMO/ Fitted _Parameter _values Maxl _Ndumo. xlsx” , sheet =

2, startRow = 1, colNames = TRUE)

lower<—Value_1$“Value_5°

upper<—Value 1$Upper_value

analysis_factor <— 5

#Sensitivity Analysis
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for (i in l:analysis_factor){
parms_e <— c(beta=runif(1,lower[1],upper[1]) ,Bh=runif(1,lower
[2] ,upper [2]) ,psii=runif(1l,lower [3],upper[3]) ,gamma=runif (1
lower [4] ,upper [4]) ,tau=runif (1,lower [5] ,upper [5]) ,Ln=runif (1
lower [6] ,upper [6]) ,alphal=runif(1,lower[7],upper[7]) ,alpha=
runif (1,lower [8],upper[8]) ,G=runif(1,lower[9],upper[9]) ,delta
=runif(1,lower[10],upper[10]) ,h=runif(1,lower[11],upper[11]),
epsolonl=runif(1,lower [12],upper[12]), epsolon2=runif
(1,lower [13],upper[13]) ,z=runif(1,lower[14],upper
[14]) ,etatl=runif(1,lower[15],upper[15]) , etat2=
runif (1,lower[16],upper[16]) ,etat3=runif(1,lower
[17] ,upper[17]) ,etatd=runif(1,lower[18],upper[18])
,kappa_qtl=runif (1,lower [19] ,upper[19]) ,kappa_qt2=
runif(1,lower [20],upper[20]),
kappa_qt3=runif(1,lower[21],upper[21]) ,kappa_qtd=
runif (1,lower [22],upper[22]) ,kappa_Atl=runif (1
lower [23] ,upper [23]) ,kappa_At2=runif (1,lower[24],
upper [24]) ,kappa_At3=runif (1,lower [25] ,upper [25]) ,
kappa_Atd=runif (1,lower [26] ,upper[26]) ,omega_q=
runif (1,lower [27],upper[27]) ,omega _A=runif(1,lower
[28] ,upper [28]) ,xi=runif (1,lower[29],upper[29]),
Omega=runif (1,lower [30] ,upper [30]) ,V=runif(1,lower
[31] ,upper[31]),chii_dl=runif(1l,lower[32],upper
[32]) ,chii_d2=runif(1,lower[33],upper[33]) ,xtl=
runif (1,lower [34],upper[34]) ,xt2=runif(1,lower
[35] ,upper [35]) ,xt3=runif (1,lower [36],upper[36]),
xtd=runif (1,lower [37],upper[37]),piitl=runif(1
lower [38] ,upper [38]) ,piit2=runif(1,lower[39], upper
[39])
piit3=runif(1,lower[40],upper[40]), piitd=runif (1
lower [41] ,upper[41]) ,phi_dl=runif(1,lower [42],
upper [42]) ,phi_d2=runif (1,lower [43] ,upper[43]),
deltal=runif(1,lower [44],upper[44]) ,Sigma=runif (1
lower [45] ,upper [45]) ,kappal=runif(1,lower [46],
upper [46]) ,omegal=runif (1,lower [47] ,upper [47]),
etal=runif(1,lower[48],upper[48]) ,taul=runif (1,
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lower [49] ,upper [49]) ,
delta2=runif(1,lower [50],upper[50]) ,h2=runif (1,lower
[51] ,upper[51]) ,thetha=runif(1,lower[5
[52]) ,alpha2=runif (1,lower [53],upper [5

2] ,upper

3]) ,r=runif
(1,lower [54] ,upper[54]) ,e=runif(1,lower[55],upper
[55]) ,Sigmal=runif (1,lower[56],upper[56]) ,rho=
runif (1,lower [57],upper[57]) ,irseff=runif(1,lower
[58] ,upper [58]) ,phi=runif(1,lower[59],upper[59]),

amplit=runif (1,lower [60] ,upper[60]))

run _d<— ode(y=x0_1, times, sir_fit, parms_e)

lines (run_d[,2], col="black” lwd=2)

|, col="red”, lwd=2)

|, col="green” | lwd=2)

|, col="cyan” | lwd=2)

|, col="yellow”, lwd=2)
|, col="orange” , lwd=2)
|, col="darkblue” , lwd=2)
|, col="pink” | lwd=2)

0], col="darkgrey”, lwd=2)
1]

, col="brown” | lwd=2)

Cldata<—NULL
for (i in l:analysis_factor){

parms <— c(beta=runif(1,lower[1],upper[1]) ,Bh=runif(1,lower[2],

upper [2]) ,psii=runif(1,lower [3],upper[3]) ,gamma=runif (1,lower
[4] ,upper [4]) ,tau=runif(1,lower [5],upper[5]) ,Ln=runif(1,lower
[6] ,upper [6]) ,alphal=runif(1,lower [7],upper[7]) ,alpha=runif (1
lower [8] ,upper [8]) ,G=runif (1,lower[9],upper[9]) ,delta=runif (1
lower [10] ,upper [10]) ,h=runif(1,lower [11],upper|[11]),
epsolonl=runif(1,lower[12],upper[12]), epsolon2=runif
(1,lower [13],upper[13]) ,z=runif(1,lower[14],upper
[14]) ,etatl=runif(1,lower[15],upper[15])  , etat2=
runif (1,lower [16],upper[16]) ,etat3=runif(1,lower
[17] ,upper[17]) ,etatd=runif(1,lower[18],upper[18])
,kappa_qtl=runif (1,lower [19] ,upper[19]) ,kappa_qt2=
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runif (1,lower[20],upper[20])

238 kappa_qt3=runif (1,lower [21] ,upper[21]) ,kappa_qtd=
runif (1,lower[22],upper[22]) ,kappa_Atl=runif (1
lower [23] ,upper [23]) ,kappa_At2=runif(1,lower[24],
upper [24]) ,kappa_At3=runif (1,lower [25] ,upper[25]),
kappa_Atd=runif (1,lower [26] ,upper[26]) ,omega_q=
runif (1,lower [27],upper[27]) ,omega_A=runif(1,lower
[28] ,upper [28]) ,xi=runif(1,lower [29],upper[29]),

239 Omega=runif (1,lower [30] ,upper [30]) ,V=runif(1,lower
[31] ,upper[31]),chii_dl=runif(1,lower[32],upper
[32]) ,chii _d2=runif(1,lower[33],upper[33]) ,xtl=
runif (1,lower [34],upper[34]) ,xt2=runif(1,lower
[35] ,upper [35]) ,xt3=runif (1,lower[36],upper[36]),
xtd=runif (1,lower [37],upper[37]),piitl=runif(1
lower [38] ,upper [38]) ,piit2=runif(1,lower[39],upper
[39])

240 piit3=runif(1,lower[40],upper[40]) ,piitd=runif (1,
lower [41] ,upper [41]) ,phi_dl=runif (1,lower [42],
upper [42]) ,phi_d2=runif(1,lower [43] ,upper[43]),
deltal=runif(1,lower [44],upper[44]) ,Sigma=runif (1
lower [45] ,upper [45]) ,kappal=runif (1,lower [46],
upper [46]) ,omegal=runif (1,lower [47] ,upper[47]),
etal=runif (1,lower [48] ,upper[48]) ,taul=runif (1,
lower [49] ,upper [49]) ,

241 delta2=runif(1,lower [50],upper[50]) ,h2=runif (1,lower
[51] ,upper[51]) ,thetha=runif(1,lower[5
[52]) ,alpha2=runif (1,lower [53],upper [5

2], upper
3]) ,r=runif
(1,lower [54],upper[54]) ,e=runif(1,lower[55],upper
[55]) ,Sigmal=runif (1,lower[56],upper[56]) ,rho=
runif (1,lower[57],upper[57]) ,irseff=runif(1,lower
[58] ,upper [58]) ,phi=runif(1,lower[59],upper[59]),
amplit=runif (1,lower [60],upper[60]))
242 run _d<— ode(y=x0_1, times, sir_fit , parms)
243 Cldata<—cbind (Cldata ,run_d[,13])
2a1 }

245
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Incidence <-NULL
for (i in 1:analysis_factor){
inc_l<—c(Cldata[l,i])
for (tt in 2:144){
inc_l<—c(inc_1,Cldata[tt ,i] — Cldata[tt—1,i])
}

Incidence<—cbind (Incidence ,inc_1)

plot _time<— seq (2010, 2018+4/12,1/12)
plot _timel<— seq (2010, 2022—1/12,1/12) #2022-1/12.1/12)

#Incidence
plot (plot _timel ,Incidence[,1], type="1", col="darkblue” lwd=3,1ty=1,

xlab="Time (years)”, ylab="Number of cases”  ylim=c()) #cum
incidence

for(j in 2:analysis_factor){

lines (plot _timel , Incidence[,j], type="1" col=j,lwd=3,1ty=1) # IRS

cov = Averaged over the last 3 years

Clsd<—Cluci<—CIlci<—NULL

CIMean<—rowMeans (Incidence)

for (i in 1:(dim(Incidence)[1])){
Clsd|[i]<—sd(Incidence]i,])
Cluci[i]<—CIMean[i]+1.96«CIsd[i]/sqrt(analysis_factor)
Cllci[i]<—CIMean[i]—1.96*%CIsd[i]/sqrt(analysis_factor)

plot (plot _timel , CIMean, type="1" ylim=c(0,18), ylab="Number of
cases” , xlab="Time (years)” lwd=1)

lines (plot _timel , Cllci, col="red2” lwd=1)

lines (plot _timel , Cluci, col="red” lwd=1)

9.3 Sensitivity Analysis
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library (deSolve)

library (readxl)

library (xlsx)

library (maxLik)

library (bbmle)

library ("openxlsx™)

#Data fitting

rm( list=1s())

data_l<—read.xlsx (”C:/Users/mandi/OneDrive — University of Cape Town
/Dissertation/Thesis Work/Model building/Start Afresh/Scenarios._
NDUMO/ Total _local _casesl _1 _Ndumo. xlsx” | sheet = 1, startRow = 1,
colNames = TRUE)

climatedata _l<—read.xlsx ("C:/Users/mandi/OneDrive — University of
Cape Town/Dissertation/Thesis Work/Model building/Start Afresh/
Scenarios NDUMO/chirps _1.xlsx”, sheet= 1, startRow = 1, colNames
= TRUE)

climatedatal _1<—read.xlsx (”"C:/Users/mandi/OneDrive — University of
Cape Town/Dissertation/Thesis Work/Model building/Start Afresh/
Scenarios NDUMO/chirps_1.xlsx”, sheet= 2, startRow = 1, colNames
= TRUE)

data _IRScov_l<—read.xlsx ("C:/Users/mandi/OneDrive — University of
Cape Town/Dissertation/Thesis Work/Model building/Start Afresh/
Scenarios NDUMO/IRScov data incompletel _averrm8_1.xlsx”, sheet =
1, startRow = 1, colNames = TRUE)

#data _IRScov_l<—read . xlsx ("C: /Users/mandi/OneDrive — University of
Cape Town/Dissertation/Thesis Work/Model building/Start Afresh/
Scenarios NDUMO/IRScov data incompletel _averrm8_1_0.0%.xlsx”,
sheet = 1, startRow = 1, colNames = TRUE)

#data _IRScov_l<—read . xlsx ("C: /Users/mandi/OneDrive — University of
Cape Town/Dissertation/Thesis Work/Model building/Start Afresh/
Scenarios NDUMO/IRScov data incompletel _averrm8_1_80%.xlsx”,
sheet = 1, startRow = 1, colNames = TRUE)

#data _IRScov_l<—read . xlsx ("C: /Users/mandi/OneDrive — University of
Cape Town/Dissertation/Thesis Work/Model building/Start Afresh/
Scenarios NDUMO/IRScov data incompletel _averrm8_1_100%.xlsx”,
sheet = 1, startRow = 1, colNames = TRUE)



16

17

18

19

20

21

22

23

24

25

26

27

28

29

30

31

32

33

34

35

120

#Imported Ndumo_l<—read . xlsx ("C:/Users/mandi/OneDrive — University
of Cape Town/Dissertation/Thesis Work/Model building/Start Afresh
/Scenarios NDUMO/Malaria cases imported diagnosed in Ndumo_1_
Increase.xlsx”, sheet = 1, startRow = 1, colNames = TRUE)

Imported -Ndumo_1l<—read . xlsx ("C:/Users/mandi/OneDrive — University of
Cape Town/Dissertation/Thesis Work/Model building/Start Afresh/
Scenarios NDUMO/Malaria cases imported diagnosed in Ndumo_1_

Original.xlsx”, sheet = 1, startRow = 1, colNames = TRUE)

# Defining functions for Vector dynamics

climatedata _1$ts <— with(climatedata_1, seq(0,12—1/12,1/12)
)

climatedatal _1$ts <— with(climatedatal -1, seq(0,12—1/12,1/
12))

data _IRScov_1$ts <— with(data _IRScov_1, seq(0,12—1/12,1/12)

)
Imported Ndumo_1$ts1l <— with (Imported Ndumo_1, seq(0,12—1/12,1/12))

R_interpol_s_1 <— with(climatedata _1,approxfun(ts,
Umkhanyakude _rain , rule=1,method="1linear "))

R_stdinterpol _s_1 <— with(climatedatal _1,approxfun(ts,
Umkhanyakude _std , rule=1,method="1linear "))

IRSinterpol_s_1 <— with(data_IRScov_1,approxfun(ts,
Nduml, rule=1,method="linecar "))

Imported Ndumo_s_1 <— with(Imported Ndumo_1,approxfun (tsl ,Ndumo,

rule=1,method="linear "))

cumbombay <— cumsum (data_1$Ndumo) #cumsum (bombay )
weeks_fit <— seq(0,12—2/12,1/12) #seq (0, 12—1/12.1/12)
times <— seq (0, 12—1/12,1/12) #seq (0, 12-1/12,1/12)
tim <— 1:144 #1:144

sir _fit <— function(t,x,parms){
Sn <— x[1];L <— x[2];ASym<—x [3];Sym<—x [4]; Tr<—x[5]; Trfail<—x[6];
Ssev<—x [7]; Trsev<—x [8];D<—x[9];Rn<—x[10];LV<—x[11]; Cumlnce<—x
[12];CumTr<—x[13]
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with(as.list (parms),

R_s_std_1 = R_stdinterpol_s_1(t)

[RScov_1 = IRSinterpol _s_1(t)

Moz _Imported Ndumo_1= Imported Ndumo_s_1(t)
[=ASym+Sym+Ssev+Tr+Trfail+Trsev
N=Sn+IAASym+Sym+Ssev+Tr+Trfail+Trsev+Rn+LV

#Conditions on the treatment coverages
if( t <=6) {x_sev=xt2}

else (x_sev=xt3)

if (t <= 6) {kappa_q=kappa_qt2} #This is the problem

else (kappa_gq=kappa_qt3)

if ( t <= 6) {kappa_A=kappa_At2}
else (kappa_A=kappa_At3)

if( t <= 6) {eta=etat2}
else (eta=etat3)

if( t <= 8.33333333) {irseff=0.38}
else (irseff=0.38)

if( t <= 6) {pii=piit2}
else (pii=piit3)

if( t <= 6) {aa=1}

else (aa=l)

if( t >= 7.83333333 & t< 7.91666667) {mult=2.4}

else if(t >= 8.16666667 & t<= 8.25) {mult=5.3} #
else if(t >= 0 & t<= 0.58333333) {mult=1} #

else if(t > 8.25 & t<= 8.33333333) {mult=2.9} #

else if(t > 8.33333333){mult=1.4}

else (mult=1.3)
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#Fix the driver of infection as it will be the determiner
of how change infection changes over t

betat <— mult*R_s_std _1 #betax((amplit*(l+cos(2xpix(t—phi))
))x(t<10) + (t>=10)*R_s_std_1) #=*(spline(t[577:820] ,R_s_
std , xout=(t—phi))8$y)))

lambdamh.n <— (1—-IRScov_lxirseff)s«mult«Bhxbetatx(I/N)

dSn <~ (N/Ln) + (gamma)s*rho*Rn — lambdamh.n*Sn — (1/Ln)=x
Sn — aaxMoz_Imported Ndumo_1

dL <— lambdamh.n*Sn — (G)x*alphalxL — (1-G)=*alphaxL — (1/
Ln)*L

dASym <— (1-G)=alphaxL 4+ (1—eta—pii)=*epsolonl*Sym + (1—
delta—deltal)xh*Tr + (delta2)«h2xTrfail + (thetha)xr«LV
— epsolon2xASym — (1/Ln)*ASym + 0.1xaa*Moz_Imported _
Ndumo_1

dSym <— (G)xalphal*L + (etal)xtaulxTrfail + (1—thetha)xex
LV — (pii)*z*Sym — (eta)xtauxSym — (l—eta—pii)*epsolonlx
Sym — (1/Ln)*Sym + 0.4*aaxMoz_Imported Ndumo_1

dTr <— (eta)xtauxSym — (delta)*OmegaxTr — (deltal)*Sigmax
Tr — (1—delta—deltal)«h«Tr — (1/Ln)«Tr + 0.5*aaxMoz_
Imported Ndumo _1

dTrfail <— (deltal)=SigmaxTr — (etal)xtaulxTrfail — (kappal
)xomegal*xTrfail — (delta2)*xh2xTrfail — (1—etal—kappal—
delta2)*SigmalxTrfail — (1/Ln)*Trfail

dSsev <— (pii)*zxSym + (kappal)sxomegalxTrfail — (kappa_q)=x
omega _q*Ssev — (kappa_A)somega_AxSsev — (x_sev)*VkSsev —
(1—x_sev—kappa_q—kappa_A)xpsii*Ssev — (1/Ln)xSsev

dTrsev <— (kappa_q)*omega_qxSsev + (kappa_A)xomega AxSsev —
(phi_dl)xchii _dl*Trsev — (phi_d2)*chii_d2xTrsev — (1—
phi_dl—phi_d2)*xixTrsev — (1/Ln)x*Trsev

dD <— (phi-dl)xchii_dl*Trsev + (phi_-d2)xchii_d2*Trsev +
(x_sev)*VxSsev +(l—etal—kappal—delta2)*Sigmal*Trfail

dRn  <— (1—-x_sev—kappa_q—kappa A)xpsiixSsev + epsolon2x
ASym + (1—phi_dl—phi_d2)xxi*Trsev 4+ (delta)*OmegaxTr — (
gamma)*rho+*Rn — (1—gamma)xalpha2+Rn — (1/Ln)xRn
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dLV ~ <— (1—gamma)*alpha2+Rn — (1—thetha)*exLLV — (thetha)x*r
«LV — (1/Ln)=LV

dCumlnc <— lambdamh.nx(Sn+Rn) # this needs attention

dCumTr = (eta)xtauxSym + (kappa_q)=xomega_q*xSsev + (kappa_A)
xomega _AxSsev

res <— c¢(dSn, dL, dASym, dSym, dTr, dTrfail, dSsev, dTrsev,
dD, dRn, dLV, dCumlnc, dCumTr)

list (res)

Max_Ndumo_1 <— read.xlsx ("C:/Users/mandi/OneDrive — University of

Cape Town/Dissertation/Thesis Work/Model building/Start Afresh/
Scenarios NDUMO/ Fitted -Parameter _values _Maxl _Ndumo. xlsx” , sheet =
1, startRow = 1, colNames = FALSE)

Max_Ndumo_1_par <— as.vector (Max_Ndumo_1],1])
theta <— as.numeric(c((Max_-Ndumo_1_par[1]) ,(Max_Ndumo_1_par[2]) ,(Max

_Ndumo_1_par [3]) ,(Max_Ndumo_1_par [4]) ,(Max_Ndumo_1_par[5:8]) ,(Max
_Ndumo_1_par[9:10]) ,
(Max_Ndumo_1 _par[11:14]) ,(Max_Ndumo_1_par
[15:26]) ,(Max_Ndumo_1_par[27:33]) ,(Max_
Ndumo_1 _par[34:44]) ,(Max_Ndumo_1_par[45]) ,(
Max_Ndumo_1_par [46]) ,
(Max_Ndumo_1_par [47]) ,(Max_Ndumo_1_par [48]) ,(
Max _Ndumo_1_par [49]) ,(Max_Ndumo_1_par [50])
,(Max_Ndumo_1_par[51]) ,(Max_Ndumo_1_par
[52:53]) ,
(Max_Ndumo_1_par [54:56]) ,(Max_Ndumo_1_par
[57:59]), (Max_Ndumo_1_par[60:64])))

parms_1 <— c¢(beta=theta[1l] ,Bh=theta [2], psii=theta[3],gamma=theta [4],

tau=theta [5] ,Ln=theta[6],alphal=theta [7], alpha=theta [8] ,G=theta
(9] ,delta=theta[10] ,h=theta[11],
epsolonl=theta[12],epsolon2=theta[13],z=theta[14], etatl
=theta[15],etat2=theta[16],etat3=theta[17], etatd=
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theta [18],kappa_qtl=theta[19],6 kappa_qt2=theta [20],
kappa_qt3=theta[21] ,kappa_qtd=theta[22], kappa_Atl=theta
(23], kappa_At2=theta [24] , kappa_At3=theta [25] , kappa_
Atd=theta [26] ,omega_qg=theta [27],omega A=theta [28],
xi=theta [29] ,0Omega=theta [30] ,V=theta [31], chii _dl=theta
[32], chii _d2=theta[33],xtl=theta [34],xt2=theta[35],
xt3=theta [36] ,xt4d=theta [37], piitl=theta[38],
piit2=theta [39], piit3=theta [40], piitd=theta[41],phi_dl=
theta [42] ,phi_d2=theta[43], deltal=theta[44], Sigma=
theta [45] ,kappal=theta [46] ,omegal=theta [47] 6 etal=
theta [48],
taul=theta [49], delta2=theta [50] ,h2=theta[51],thetha=
theta [52],alpha2=theta [53],r=theta [54] ,e=theta[55],
Sigmal=theta [56] ,rho=theta [57],irseff=theta[58], phi=
theta [59],amplit=theta[60])

x0_1 <— c(theta[61:62],0,theta[63:64],0,0,0,0,0,0,0,0)

run_d <— ode(y=x0_1, times, sir_fit , parms_1)

pop<—run _d[,2]4+run_d[,3]+run_d[,4]4+run_d[,5]+run_d[,6]4+run_d[,7]+run
~d[,8]+run_d[,9]+run_d[,10]+run_d[,11]+run_d[,12]

plot _time<— seq (2010, 2018+44/12,1/12); plot_timel<— seq (2010, 2022—1
/12,1/12) #2022-1/12,1/12)
plot _time2<— seq(2018+4/12, 2022—1/12,1/12) #2022-1/12.1/12)

plot (plot _timel ,run _d[,2], col="red”, ylim=c(0,15000), type="1",
main="Ndumo Model”)
lines (plot _timel ,run_d[,3], col="blue”)
lines (plot _timel , run_d[,4], col="green”)
lines (plot _timel ,run _d[,5], col="cyan”)
lines (plot _timel ,yun_d[,6], col="hblue”)
7

lines (plot-timel ,run._d| col="yellow")

lines

lines (plot _timel ,run_d|[,

]
]
7]
plot _timel , run_d[,8], col="orange”)
], col="darkblue”)
0
1

(
(
(
(
( ,
( 9],
lines (plot _timel ;run_d[,10], col="pink”)
( 11]

lines (plot _timel ,run_d[, , col="darkgrey”)
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lines (plot _timel ;run_d[,12], col="bisque”)

lines (times ,pop,type="1")

legend (" topright”, ¢(”Sn”, "L”, 7ASym” , "Sym”, ”"Tr”, ” Trfail”, ”Ssev
7, "Trsev”, ”D”, "Rn”, "LV"),

col=c(” black” ;"red” ,” green” ,”cyan” ,” blue” ;" yellow” ;” orange” ,”
darkblue” ,” pink” ;" darkgrey” ,” bisque” ), lwd=1, horiz = T)

#0Outcomes

plot (plot _timel ,run_d[,13],type="1")

lines (plot _timel ,run_d[,14], col="red”)

plot (plot _timel ;run_d[,14]/run_d[,13], col="purple”, type="1")

trtprop<—run_d[length (run_d[1:143,1]) ,14]/run_d[length (run_d
[1:143,1]) ,13]

Value_1 <— read.xlsx(”C:/Users/mandi/OneDrive — University of Cape
Town/Dissertation/Thesis Work/Model building/Start Afresh/
Scenarios NDUMO/ Fitted _Parameter _values _Maxl_Ndumo. xlsx”, sheet =

2, startRow = 1, colNames = TRUE)

lower<—Value _1$ ‘Value _5°

upper<—Value _1$Upper_value

analysis_factor <— 100

#One at a time sensitivity analysis
betasens<—NULL
for (i in 1l:analysis_factor){
parms <— c(beta=runif(1,lower[1],upper[1l]) ,Bh=theta[2], psii=theta
[3] ,gamma=theta [4] ,tau=theta [5] ,Ln=theta [6] ,alphal=theta [7],
alpha=theta [8] ,G=theta [9], delta=theta [10] , h=theta[11],
epsolonl=theta[12],epsolon2=theta[13],z=theta[14], etatl
=theta[15],etat2=theta[16],etat3=theta[17], 6 etatd=
theta [18],kappa_qtl=theta[19], 6 kappa_qt2=theta [20],
kappa_qt3=theta[21] ,kappa_qtd=theta[22], kappa_Atl=theta
[23] ,kappa_At2=theta [24] ,kappa_At3=theta [25] , kappa_
Atd=theta [26] ,omega_qg=theta [27],omega_A=theta [28],
xi=theta [29] ,0Omega=theta [30] ,V=theta [31], chii _dl=theta
[32], chii_d2=theta[33],xtl=theta[34],xt2=theta[35],
xt3=theta [36] ,xt4d=theta [37], piitl=theta[38],
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150 piit2=theta [39], piit3=theta [40], piitd=theta[41],phi_dl=
theta [42],phi_d2=theta [43],deltal=theta[44],Sigma=
theta [45] ,kappal=theta [46] ,omegal=theta [47] 6 etal=
theta [48],

151 taul=theta [49], delta2=theta [50] ,h2=theta[51],thetha=
theta [52],alpha2=theta [53],r=theta[54],e=theta[55],
Sigmal=theta [56] ,rho=theta [57],irseff=theta [58], phi=
theta [59],amplit=theta[60])

152 run _d<— ode(y=x0_1, times = times, func = sir _fit , parms = parms)

153 betasens<—rbind (betasens, c(parms[l],run_d[length(run_d[1:143 ,1])

,14] /run _d[length (run_d[1:143,1]) ,13]))

.

155

156 Bhsens<—NULL

7 for (1 in 1:analysis_factor){

155 parms <— c(beta=theta[l] ,Bh=runif(1,lower [2],upper[2]), 6 psii=theta
[3] ,gamma=theta [4] ,tau=theta [5] ,Ln=theta [6] ,alphal=theta [7],
alpha=theta [8] ,G=theta [9],delta=theta[10] h=theta[l1],

159 epsolonl=theta[12],epsolon2=theta[13],z=theta[l4],etatl
=theta[15],etat2=theta[16],etat3=theta [17],etatd=
theta [18] ,kappa_qtl=theta[19] , kappa_qt2=theta[20],

160 kappa_qt3=theta[21] ,kappa_qtd=theta [22], kappa_Atl=theta
(23], kappa_At2=theta [24] ,kappa_At3=theta [25] , kappa_
Atd=theta [26] ,omega_qg=theta [27],omega A=theta [28],

161 xi=theta [29] ,0Omega=theta [30] ,V=theta [31], chii_dl=theta
[32], chii _d2=theta[33],xtl=theta [34],xt2=theta[35],
xt3=theta [36] ,xtd=theta [37], piitl=theta[38],

162 piit2=theta [39], piit3=theta[40], piitd=theta[41],phi_dl=
theta [42],phi_d2=theta [43],deltal=theta[44],Sigma=
theta[45],kappal=theta[46] ,omegal=theta [47], etal=
theta [48],

163 taul=theta [49], delta2=theta [50],h2=theta[51],thetha=
theta [52] ,alpha2=theta [53],r=theta[54],e=theta[55],
Sigmal=theta [56] ,rho=theta [57],irseff=theta [58], phi=
theta [59] ,amplit=theta [60])

164 run _d<— ode(y=x0_1, times = times, func = sir _fit , parms = parms)
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Bhsens<—rbind (Bhsens, c¢(parms|[2],run_d[length(run_d[1:143,1]) ,14]/
run _d[length (run_d[1:143,1]) ,13]))

psiisens<—NULL
for (i in 1l:analysis_factor){
parms <— c(beta=theta[1],Bh=theta[2], psii=runif(1,lower[3], upper
[3]) ,gamma=theta [4] , tau=theta [5] ,Ln=theta [6] ,alphal=theta [T7],
alpha=theta [8] ,G=theta [9], delta=theta[10] ,h=theta[11],

epsolonl=theta[12],epsolon2=theta[13],z=theta[14], etatl
=theta[15],etat2=theta[16],etat3=theta[17], 6 etatd=
theta [18],kappa_qtl=theta[19],6 kappa_qt2=theta [20],

kappa_qt3=theta[21] ,kappa_qtd=theta [22], kappa_Atl=theta
(23], kappa_At2=theta [24] , kappa_At3=theta [25] , kappa_
Atd=theta [26] ,omega_qg=theta [27],omega A=theta [28],

xi=theta [29] ,0Omega=theta [30] ,V=theta [31], chii _dl=theta
[32], chii _d2=theta[33],xtl=theta [34],xt2=theta[35],
xt3=theta [36] ,xt4d=theta [37], piitl=theta[38],

piit2=theta[39], piit3=theta [40], piitd=theta[41],phi_dl=
theta [42] ,phi_d2=theta[43], deltal=theta[44], Sigma=
theta [45] ,kappal=theta [46],omegal=theta [47] 6 etal=
theta [48],

taul=theta [49], delta2=theta [50],h2=theta[51],thetha=
theta [52] ,alpha2=theta [53],r=theta[54],e=theta[55],
Sigmal=theta [56] ,rho=theta [57],irseff=theta[58], phi=
theta [59],amplit=theta [60])

run _d<— ode(y=x0_1, times = times, func = sir _fit, parms = parms)
psiisens<—rbind (psiisens , c¢(parms[3],run_d[length(run_d[1:143 1])
,14] /run_d[length (run_-d[1:143,1]) ,13]))

gammasens<—NULL

(i in 1l:analysis_factor){

parms <— c(beta=theta[1] ,Bh=theta[2], psii=theta[3],gamma=runif (1,
lower [4] ,upper [4]) ,tau=theta [5] ,Ln=theta [6] , alphal=theta [7],
alpha=theta [8] ,G=theta [9],delta=theta[10] h=theta[l1],



183

184

185

186

187

188

189

190

191

192

193

194

196

197

tausens<—NULL
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epsolonl=theta[12],epsolon2=theta[13],z=theta[14], etatl
=theta[15],etat2=theta[16],etat3=theta[17], ctatd=
theta [18] , kappa_qtl=theta [19]  kappa_qt2=theta [20],

kappa_qt3=theta[21] ,kappa_qtd=theta[22], kappa_Atl=theta
(23], kappa_At2=theta [24] , kappa_At3=theta [25] , kappa_
Atd=theta [26] ,omega_qg=theta[27],omega_A=theta [28],

xi=theta [29] ,0Omega=theta [30] ,V=theta [31], chii_dl=theta
[32], chii _d2=theta[33],xtl=theta [34], xt2=theta [35],
xt3=theta [36] ,xtd=theta [37], piitl=theta[38],

piit2=theta [39], piit3=theta [40], piitd=theta [41],phi_dl=
theta [42],phi_d2=theta [43],deltal=theta[44],Sigma=
theta[45] ,kappal=theta[46] ,omegal=theta [47], etal=
theta [48],

taul=theta [49],delta2=theta [50] ,h2=theta[51],thetha=
theta[52],alpha2=theta[53],r=theta [54],e=theta[55],
Sigmal=theta [56] ,rho=theta [57],irseff=theta [58], phi=
theta [59] ,amplit=theta [60])

run _d<— ode(y=x0_1, times = times, func = sir _fit , parms = parms)
gammasens<—rbind (gammasens, c(parms[4],run_d[length (run_d

[1:143,1]) ,14] /run_d[length (run_d[1:143,1]) ,13]))

for (i in 1:analysis_factor){
parms <— c(beta=theta[1l],Bh=theta[2], psii=theta[3],gamma=theta [4],
tau=runif (1,lower [5] ,upper[5]) ,Ln=theta [6],alphal=theta [7],
alpha=theta [8] ,G=theta [9], delta=theta [10] , h=theta[11],

epsolonl=theta[12],epsolon2=theta[13],z=theta[14], etatl
=theta[15],etat2=theta[16],etat3=theta[17], 6 etatd=
theta [18],kappa_qtl=theta[19], 6 kappa_qt2=theta [20],

kappa_qt3=theta[21] ,kappa_qtd=theta[22], kappa_Atl=theta
(23], kappa_At2=theta [24] , kappa_At3=theta [25] , kappa_
Atd=theta [26] ,omega_qg=theta [27],omega_A=theta [28],

xi=theta [29] ,0Omega=theta [30] ,V=theta [31], chii _dl=theta
[32], chii _d2=theta[33],xtl=theta [34], xt2=theta [35],
xt3=theta [36] ,xt4d=theta [37], piitl=theta[38],
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198 piit2=theta [39], piit3=theta [40], piitd=theta[41],phi_dl=
theta [42],phi_d2=theta [43],deltal=theta[44],Sigma=
theta [45] ,kappal=theta [46] ,omegal=theta [47] 6 etal=
theta [48],

199 taul=theta [49], delta2=theta [50] ,h2=theta[51],thetha=
theta [52],alpha2=theta [53],r=theta[54],e=theta[55],
Sigmal=theta [56] ,rho=theta [57],irseff=theta [58], phi=
theta [59],amplit=theta[60])

200 run _d<— ode(y=x0_1, times = times, func = sir _fit , parms = parms)

201 tausens<—rbind (tausens , c(parms[5],run_d[length (run_d[1:143,1])

,14] /run _d[length (run_d[1:143,1]) ,13]))

.

203

204 Lnsens<—NULL

205 for (i in 1:analysis_factor){

206 parms <— c(beta=theta [1] ,Bh=theta[2], psii=theta[3],gamma=theta [4],
tau=theta [5] ,Ln=runif (1,lower [6] ,upper [6]) ,alphal=theta [7],
alpha=theta [8] ,G=theta [9],delta=theta[10] h=theta[l1],

207 epsolonl=theta[12],epsolon2=theta[13],z=theta[l4],etatl
=theta[15],etat2=theta[16],etat3=theta [17],etatd=
theta [18] ,kappa_qtl=theta[19] , kappa_qt2=theta[20],

208 kappa_qt3=theta[21] ,kappa_qtd=theta [22], kappa_Atl=theta
(23], kappa_At2=theta [24] ,kappa_At3=theta [25] , kappa_
Atd=theta [26] ,omega_qg=theta [27],omega A=theta [28],

209 xi=theta [29] ,0Omega=theta [30] ,V=theta [31], chii_dl=theta
[32], chii _d2=theta[33],xtl=theta [34],xt2=theta[35],
xt3=theta [36] ,xtd=theta [37], piitl=theta[38],

210 piit2=theta [39], piit3=theta[40], piitd=theta[41],phi_dl=
theta [42],phi_d2=theta [43],deltal=theta[44],Sigma=
theta[45],kappal=theta[46] ,omegal=theta [47], etal=
theta [48],

211 taul=theta [49], delta2=theta [50],h2=theta[51],thetha=
theta [52] ,alpha2=theta [53],r=theta[54],e=theta[55],
Sigmal=theta [56] ,rho=theta [57],irseff=theta [58], phi=
theta [59] ,amplit=theta [60])

212 run _d<— ode(y=x0_1, times = times, func = sir _fit , parms = parms)
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213 Lnsens<—rbind (Lnsens, c(parms[6],run_d[length(run_d[1:143,1]) ,14]/
run _d[length (run_d[1:143,1]) ,13]))
214 }

215

216 alphalsens<—NULL

a7 for (i in 1:analysis_factor)({

218 parms <— c(beta=theta[1],Bh=theta[2], psii=theta[3],gamma=theta [4],
tau=theta [5] ,Ln=theta [6] ,alphal=runif(1,lower [7],upper[7]),
alpha=theta [8] ,G=theta [9], delta=theta [10] ,h=theta[11],

219 epsolonl=theta[12],epsolon2=theta[13],z=theta[14], etatl

=theta[15],etat2=theta[16],etat3=theta[17], 6 etatd=
theta [18],kappa_qtl=theta[19],6 kappa_qt2=theta [20],

220 kappa_qt3=theta[21] ,kappa_qtd=theta [22], kappa_Atl=theta
(23], kappa_At2=theta [24] , kappa_At3=theta [25] , kappa_
Atd=theta [26] ,omega_qg=theta [27],omega A=theta [28],

221 xi=theta [29] ,0Omega=theta [30] ,V=theta [31], chii _dl=theta
[32], chii _d2=theta[33],xtl=theta [34],xt2=theta[35],
xt3=theta [36] ,xt4d=theta [37], piitl=theta[38],

222 piit2=theta[39], piit3=theta [40], piitd=theta[41],phi_dl=
theta [42] ,phi_d2=theta[43], deltal=theta[44], Sigma=
theta [45] ,kappal=theta [46],omegal=theta [47] 6 etal=
theta [48],

223 taul=theta [49], delta2=theta [50],h2=theta[51],thetha=
theta [52] ,alpha2=theta [53],r=theta[54],e=theta[55],
Sigmal=theta [56] ,rho=theta [57],irseff=theta[58], phi=
theta [59],amplit=theta [60])

224 run _d<— ode(y=x0_1, times = times, func = sir _fit, parms = parms)

225 alphalsens<—rbind (alphalsens, c(parms|[7],run_d[length (run_d
[1:143,1]) ,14] /run_d[length (run_d[1:143,1]) ,13]))

oo }

207
228 alphasens<—NULL
220 for (i in 1:analysis_factor){
230 parms <— c(beta=theta 1] ,Bh=theta[2], psii=theta[3],gamma=theta [4],
tau=theta [5] ,Ln=theta [6] ,alphal=theta [7],alpha=runif(1,lower
[8] ,upper [8]) ,G=theta[9], delta=theta[10] ,h=theta[11],
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231 epsolonl=theta[12],epsolon2=theta[13],z=theta[l4],etatl
=theta[15],etat2=theta[16],etat3=theta[17], ctatd=
theta [18] , kappa_qtl=theta [19]  kappa_qt2=theta [20],

232 kappa_qt3=theta[21] ,kappa_qtd=theta[22], kappa_Atl=theta
(23], kappa_At2=theta [24] , kappa_At3=theta [25] , kappa_
Atd=theta [26] ,omega_qg=theta[27],omega_A=theta [28],

233 xi=theta [29] ,0Omega=theta [30] ,V=theta [31], chii_dl=theta
[32], chii _d2=theta[33],xtl=theta [34], xt2=theta [35],
xt3=theta [36] ,xtd=theta [37], piitl=theta[38],

234 piit2=theta [39], piit3=theta [40], piitd=theta [41],phi_dl=
theta [42],phi_d2=theta [43],deltal=theta[44],Sigma=
theta[45] ,kappal=theta[46] ,omegal=theta [47], etal=
theta [48],

235 taul=theta [49],delta2=theta [50] ,h2=theta[51],thetha=

theta[52],alpha2=theta[53],r=theta [54],e=theta[55],
Sigmal=theta [56] ,rho=theta [57],irseff=theta [58], phi=
theta [59] ,amplit=theta [60])
236 run _d<— ode(y=x0_1, times = times, func = sir _fit , parms = parms)
237 alphasens<—rbind (alphasens, c(parms[8],run_d[length (run_d
[1:143,1]) ,14] /run_d[length (run_d[1:143,1]) ,13]))
25}

239

200 Gsens<—NULL

21 for (i in 1l:analysis_factor){

242 parms <— c(beta=theta[1l],Bh=theta[2], psii=theta[3],gamma=theta [4],
tau=theta [5] ,Ln=theta[6],alphal=theta[7], alpha=theta [8] ,G=runif
(1,lower [9] ,upper[9]) ,delta=theta[10], h=theta[11],

243 epsolonl=theta[12],epsolon2=theta[13],z=theta[l4],etatl

=theta[15],etat2=theta[16],etat3=theta[17], 6 etatd=
theta [18],kappa_qtl=theta[19], 6 kappa_qt2=theta [20],
244 kappa_qt3=theta[21] ,kappa_qtd=theta[22], kappa_Atl=theta
(23], kappa_At2=theta [24] , kappa_At3=theta [25] , kappa_
Atd=theta [26] ,omega_qg=theta [27],omega_A=theta [28],
245 xi=theta [29] ,0Omega=theta [30] ,V=theta [31], chii _dl=theta
[32], chii _d2=theta[33],xtl=theta [34], xt2=theta [35],
xt3=theta [36] ,xt4d=theta [37], piitl=theta[38],



246

247

248
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piit2=theta [39], piit3=theta [40], piitd=theta[41],phi_dl=
theta [42],phi_d2=theta [43],deltal=theta[44],Sigma=
theta [45] ,kappal=theta [46] ,omegal=theta [47] 6 etal=
theta [48],

taul=theta [49], delta2=theta [50] ,h2=theta[51],thetha=
theta [52],alpha2=theta [53],r=theta[54],e=theta[55],
Sigmal=theta [56] ,rho=theta [57],irseff=theta [58], phi=
theta [59],amplit=theta[60])

run _d<— ode(y=x0_1, times = times, func = sir _fit , parms = parms)
Gsens<—rbind (Gsens, c(parms[9],run_d[length(run_d[1:143,1]) ,14]/
run _d[length (run_d[1:143,1]) ,13]))

deltasens<—NULL
for (i in 1:analysis _factor){
parms <— c(beta=theta [1] ,Bh=theta[2], psii=theta[3],gamma=theta [4],
tau=theta [5] ,Ln=theta[6] ,alphal=theta [7],alpha=theta [8] ,G=theta
[9] , delta=runif(1,lower[10],upper[10]), h=theta[l1l],

256

257

259

260

epsolonl=theta[12],epsolon2=theta[13],z=theta[14] 6 etatl
=theta[15],etat2=theta[16],etat3=theta [17],etatd=
theta [18] ,kappa_qtl=theta[19] , kappa_qt2=theta[20],

kappa_qt3=theta[21] ,kappa_qtd=theta [22], kappa_Atl=theta
(23], kappa_At2=theta [24] ,kappa_At3=theta [25] , kappa_
Atd=theta [26] ,omega_qg=theta [27],omega A=theta [28],

xi=theta [29] ,0Omega=theta [30] ,V=theta [31], chii_dl=theta
[32], chii _d2=theta[33],xtl=theta [34],xt2=theta[35],
xt3=theta [36] ,xtd=theta [37], piitl=theta[38],

piit2=theta [39], piit3=theta[40], piitd=theta[41],phi_dl=
theta [42],phi_d2=theta [43],deltal=theta[44],Sigma=
theta[45],kappal=theta[46] ,omegal=theta [47], etal=
theta [48],

taul=theta [49], delta2=theta [50],h2=theta[51],thetha=
theta [52] ,alpha2=theta [53],r=theta[54],e=theta[55],
Sigmal=theta [56] ,rho=theta [57],irseff=theta [58], phi=
theta [59] ,amplit=theta [60])

run _d<— ode(y=x0_1, times = times, func = sir _fit , parms = parms)
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275

276

277

278

hsens<—NULL
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deltasens<—rbind (deltasens , c(parms[10],run_d[length (run_d
[1:143,1]) ,14] /run _d[length (run_d[1:143,1]) ,13]))

for (i in 1l:analysis_factor){
parms <— c(beta=theta[1],Bh=theta[2], psii=theta[3],gamma=theta [4],
tau=theta [5] ,Ln=theta [6] ,alphal=theta [7],alpha=theta[8] ,G=theta
[9],delta=theta[10], h=runif(1,lower[11],upper[11]),

epsolonl=theta[12],epsolon2=theta[13],z=theta[14], etatl
=theta[15],etat2=theta[16],etat3=theta[17], 6 etatd=
theta [18],kappa_qtl=theta[19],6 kappa_qt2=theta [20],

kappa_qt3=theta[21] ,kappa_qtd=theta [22], kappa_Atl=theta
(23], kappa_At2=theta [24] , kappa_At3=theta [25] , kappa_
Atd=theta [26] ,omega_qg=theta [27],omega A=theta [28],

xi=theta [29] ,0Omega=theta [30] ,V=theta [31], chii _dl=theta
[32], chii _d2=theta[33],xtl=theta [34],xt2=theta[35],
xt3=theta [36] ,xt4d=theta [37], piitl=theta[38],

piit2=theta[39], piit3=theta [40], piitd=theta[41],phi_dl=
theta [42] ,phi_d2=theta[43], deltal=theta[44], Sigma=
theta [45] ,kappal=theta [46],omegal=theta [47] 6 etal=
theta [48],

taul=theta [49], delta2=theta [50],h2=theta[51],thetha=
theta [52] ,alpha2=theta [53],r=theta[54],e=theta[55],
Sigmal=theta [56] ,rho=theta [57],irseff=theta[58], phi=
theta [59],amplit=theta [60])

run _d<— ode(y=x0_1, times = times, func = sir _fit, parms = parms)
hsens<—rbind (hsens, c¢(parms[11],run_d[length(run_d[1:143 1]) ,14]/
run _d[length (run_d[1:143,1]) ,13]))

epsolonlsens<—NULL
for (i in 1l:analysis_factor){
parms <— c(beta=theta 1] ,Bh=theta[2], psii=theta[3],gamma=theta [4],
tau=theta [5] ,Ln=theta [6] ,alphal=theta [7],alpha=theta [8] ,G=theta
[9] ,delta=theta [10], h=theta[11],
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epsolonl=runif(1,lower[12],upper[12]), epsolon2=theta
[13] ,z=theta [14],etatl=theta[l5],etat2=theta[l6],
etat3=theta[17],etat4d=theta [18] , kappa_qtl=theta[19],
kappa_qt2=theta [20],

kappa_qt3=theta[21] ,kappa_qtd=theta[22], kappa_Atl=theta
(23], kappa_At2=theta [24] , kappa_At3=theta [25] , kappa_
At4=theta [26] ,omega_g=theta [27],omega_A=theta [28],

xi=theta [29] ,0Omega=theta [30] ,V=theta [31], chii _dl=theta
[32], chii _d2=theta[33],xtl=theta [34],xt2=theta [35],
xt3=theta [36] ,xt4d=theta [37], piitl=theta[38],

piit2=theta [39], piit3=theta[40], piitd=theta[41],phi_dl=
theta[42],phi_d2=theta[43],deltal=theta[44], Sigma=
theta [45] ,kappal=theta [46] ,omegal=theta [47]  etal=
theta [48],

taul=theta [49], delta2=theta [50] ,h2=theta[51], thetha=
theta[52],alpha2=theta[53],r=theta [54],e=theta[55],
Sigmal=theta [56] ,rho=theta [57],irseff=theta[58], phi=
theta [59] ,amplit=theta [60])

run _d<— ode(y=x0_1, times = times, func = sir _fit , parms = parms)
epsolonlsens<—rbind (epsolonlsens, c¢(parms[12],run_d[length (run_d

[1:143,1]) ,14] /run_d[length (run_d[1:143,1]) ,13]))

epsolon2sens<—NULL
for (i in 1l:analysis_factor){
parms <— c(beta=theta[1l],Bh=theta[2], psii=theta [3],gamma=theta [4],
tau=theta [5] ,Ln=theta [6] ,alphal=theta [7],alpha=theta [8] ,G=theta
[9] ,delta=theta [10], h=theta[l1],

epsolonl=theta[12],epsolon2=runif(1,lower[13],upper
[13]) ,z=theta[14],etatl=theta[l5], etat2=theta[16],
etat3=theta[17],etatd=theta[18] 6 kappa_qtl=theta[19],
kappa_qt2=theta [20],

kappa_qt3=theta[21] ,kappa_qtd=theta[22], kappa_Atl=theta
(23], kappa_At2=theta [24] ,kappa_At3=theta [25] , kappa_
Atd=theta [26] ,omega_qg=theta [27],omega A=theta [28],

xi=theta [29] ,0Omega=theta [30] ,V=theta[31], chii_dl=theta
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zsens<—NULL
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[32], chii _d2=theta[33],xtl=theta [34],xt2=theta [35],
xt3=theta [36] ,xt4d=theta [37], piitl=theta[38],

piit2=theta[39], piit3=theta[40], piit4d=theta[41],phi_dl=
theta[42],phi_d2=theta[43],deltal=theta[44],Sigma=
theta [45] ,kappal=theta [46] ,omegal=theta [47]  , etal=
theta [48],

taul=theta [49],delta2=theta [50] ,h2=theta[51],thetha=
theta[52],alpha2=theta[53],r=theta [54],e=theta[55],
Sigmal=theta [56] ,rho=theta [57],irseff=theta [58], phi=
theta [59] ,amplit=theta [60])

run _d<— ode(y=x0_1, times = times, func = sir _fit , parms = parms)
epsolon2sens<—rbind (epsolon2sens, c(parms[13],run_d[length (run_d

[1:143,1]) ,14] /run _d[length (run_d[1:143,1]) ,13]))

for (i in 1l:analysis_factor){
parms <— c(beta=theta[1l] ,Bh=theta[2], psii=theta[3],gamma=theta [4],
tau=theta [5] ,Ln=theta [6] ,alphal=theta [7],alpha=theta[8] ,G=theta
[9],delta=theta[10], h=theta[11],

epsolonl=theta[12],epsolon2=theta[13],z=runif(1,lower
[14] ,upper[14]) ,etatl=theta[l5],etat2=theta[16],
etat3=theta[17],etatd=theta[18] 6 kappa_qtl=theta[19],
kappa_qt2=theta [20],

kappa_qt3=theta[21] ,kappa_qtd=theta [22], kappa_Atl=theta
(23] ,kappa_At2=theta[24] ,kappa_At3=theta [25] ,kappa_
Atd=theta [26] ,omega_qg=theta [27],omega A=theta [28],

xi=theta [29] ,0Omega=theta [30] ,V=theta [31], chii_dl=theta
[32], chii _d2=theta[33],xtl=theta [34],xt2=theta[35],
xt3=theta [36] ,xtd=theta [37], piitl=theta[38],

piit2=theta [39], piit3=theta [40], piitd=theta[41],phi_dl=

theta [42],phi_d2=theta [43],deltal=theta[44],Sigma=
theta [45] ,kappal=theta [46] ,omegal=theta [47] 6 etal=
theta [48],

taul=theta [49], delta2=theta [50] ,h2=theta[51], thetha=

theta [52],alpha2=theta [53],r=theta[54],e=theta[55],
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Sigmal=theta [56] ,rho=theta [57],irseff=theta [58], phi=
theta [59] ,amplit=theta [60])
run _d<— ode(y=x0_1, times = times, func = sir _fit , parms = parms)
zsens<—rbind (zsens, c(parms[14],run_d[length(run_d[1:143,1]) ,14]/
run _d[length (run_d[1:143,1]) ,13]))

etatlsens<—NULL
for (i in 1:analysis_factor){
parms <— c(beta=theta[1l] ,Bh=theta[2], psii=theta[3],gamma=theta [4],
tau=theta [5] ,Ln=theta[6],alphal=theta [7],alpha=theta [8] ,G=theta
[9] ,delta=theta[10], h=theta[11],
epsolonl=theta[12],epsolon2=theta[13],z=theta[14], etatl
=runif (1,lower[15] ,upper[15]) ,etat2=theta[16],etat3=
theta[17],etatd=theta [18] , kappa_qtl=theta[19], kappa_
qt2=theta [20],
kappa_qt3=theta[21] ,kappa_qtd=theta[22], kappa_Atl=theta
(23], kappa_At2=theta [24] , kappa_At3=theta [25] , kappa_
Atd=theta [26] ,omega_qg=theta [27],omega A=theta [28],
xi=theta [29] ,0Omega=theta [30] ,V=theta [31], chii _dl=theta
[32], chii _d2=theta[33],xtl=theta [34],xt2=theta[35],
xt3=theta [36] ,xt4d=theta [37], piitl=theta[38],
piit2=theta [39], piit3=theta [40], piitd=theta[41],phi_dl=
theta [42] ,phi_d2=theta [43], deltal=theta[44], Sigma=
theta [45] ,kappal=theta [46] ,omegal=theta [47] 6 etal=
theta [48],
taul=theta [49], delta2=theta [50],h2=theta[51],thetha=
theta [52] ,alpha2=theta [53],r=theta[54],e=theta[55],
Sigmal=theta [56] ,rho=theta [57],irseff=theta[58], phi=
theta [59],amplit=theta[60])
run _d<— ode(y=x0_1, times = times, func = sir _fit , parms = parms)
etatlsens<—rbind (etatlsens, c(parms[15],run_d[length (run_d
[1:143,1]) ,14] /run_d[length (run_d[1:143,1]) ,13]))

etat2sens<—NULL



325

326

327

328

329

330

331

332

333

334

335

336

337

338

339

for

137

(i in 1l:analysis_factor){

parms <— c(beta=theta [1] ,Bh=theta[2], psii=theta[3],gamma=theta [4],

tau=theta [5] ,Ln=theta[6],alphal=theta [7],alpha=theta [8] ,G=theta
[9],delta=theta[10], h=theta|[11],

epsolonl=theta[12],epsolon2=theta[13],z=theta[14], etatl
=theta[15],etat2=runif(1,lower[16],upper[16]) ,etat3=
theta [17],etatd=theta[18] , kappa_qtl=theta[19], kappa_
qt2=theta [20],

kappa_qt3=theta[21] ,kappa_qtd=theta[22], kappa_Atl=theta
(23], kappa_At2=theta [24] , kappa_At3=theta [25] , kappa_
Atd=theta [26] ,omega_g=theta[27],omega A=theta [28],

xi=theta [29] ,0Omega=theta [30] ,V=theta [31], chii _dl=theta
[32], chii _d2=theta[33],xtl=theta[34], xt2=theta [35],
xt3=theta [36] ,xt4=theta [37], piitl=theta[38],

piit2=theta[39], piit3=theta [40], piitd=theta[41],phi_dl=

theta[42],phi_d2=theta[43],deltal=theta[44], Sigma=
theta [45] ,kappal=theta [46] ,omegal=theta [47] 6 etal=
theta [48],

taul=theta [49], delta2=theta [50],h2=theta[51],thetha=
theta [52] ,alpha2=theta [53],r=theta[54], , e=theta[55],
Sigmal=theta [56] ,rho=theta [57],irseff=theta[58], phi=
theta [59] ,amplit=theta [60])

run _d<— ode(y=x0_1, times = times, func = sir _fit, parms = parms)

etat2sens<—rbind (etat2sens, c(parms[16],run_d[length (run_d

[1:143,1]) ,14] /run_d[length (run_d[1:143,1]) ,13]))

etat3sens<—NULL

for

(i in 1:analysis_factor){

parms <— c(beta=theta[1] ,Bh=theta[2], psii=theta[3],gamma=theta [4],

tau=theta [5] ,Ln=theta [6] ,alphal=theta [7],alpha=theta [8] ,G=theta
[9] ,delta=theta [10], h=theta[1l1],

epsolonl=theta[12],epsolon2=theta[13],z=theta[14], etatl
=theta[15],etat2=theta[16],etat3=runif(1,lower[17],
upper [17]) ,etatd=theta [18], kappa_qtl=theta[19], kappa
_qt2=theta[20],
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340 kappa_qt3=theta[21],kappa_qtd=theta[22], kappa_Atl=theta
(23], kappa_At2=theta [24] , kappa_At3=theta [25] , kappa_
Atd=theta [26] ,omega_g=theta [27],omega_A=theta [28],

341 xi=theta [29] ,0Omega=theta [30] ,V=theta [31], chii _dl=theta
[32], chii _d2=theta[33],xtl=theta [34], xt2=theta [35],
xt3=theta [36] ,xt4d=theta [37], piitl=theta[38],

342 piit2=theta [39], piit3=theta[40], piitd=theta[41],phi_dl=
theta[42],phi_d2=theta[43],deltal=theta[44],Sigma=
theta [45] ,kappal=theta [46] ,omegal=theta [47]  , etal=
theta [48],

343 taul=theta [49],delta2=theta [50] ,h2=theta[51],thetha=
theta[52],alpha2=theta[53],r=theta [54],e=theta[55],
Sigmal=theta [56] ,rho=theta [57],irseff=theta [58], phi=
theta [59] ,amplit=theta [60])

344 run _d<— ode(y=x0_1, times = times, func = sir _fit , parms = parms)

345 etat3sens<—rbind (etat3sens, c(parms[17],run_d[length (run_d
[1:143,1]) ,14] /run _d[length (run_d[1:143,1]) ,13]))

w0}

347

sis etat4dsens<—NULL

a0 for (1 in 1:analysis_factor){

350 parms <— c(beta=theta[1],Bh=theta[2], psii=theta[3],gamma=theta [4],
tau=theta [5] ,Ln=theta [6] ,alphal=theta [7],alpha=theta[8] ,G=theta
[9],delta=theta[10], h=theta[11],

351 epsolonl=theta[12],epsolon2=theta[13],z=theta[14], etatl
=theta[15],etat2=theta[16],etat3=theta[17], 6 etatd=
runif (1,lower [18] ,upper[18]) ,kappa_qtl=theta[19],
kappa_qt2=theta [20],

352 kappa_qt3=theta[21] ,kappa_qtd=theta [22], kappa_Atl=theta
(23], kappa_At2=theta [24] , kappa_At3=theta [25] , kappa_
Atd=theta [26] ,omega_qg=theta [27],omega A=theta [28],

353 xi=theta [29] ,0Omega=theta [30] ,V=theta [31], chii_dl=theta
[32], chii _d2=theta[33],xtl=theta [34],xt2=theta[35],
xt3=theta [36] ,xtd=theta [37], piitl=theta[38],

354 piit2=theta [39], piit3=theta [40], piitd=theta[41],phi_dl=
theta [42],phi_d2=theta [43],deltal=theta[44],Sigma=
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theta[45] ,kappal=theta[46] ,omegal=theta [47], etal=
theta [48],

355 taul=theta [49], delta2=theta [50] ,h2=theta[51],thetha=
theta[52],alpha2=theta[53],r=theta [54],e=theta[55],
Sigmal=theta [56] ,rho=theta [57],irseff=theta [58], phi=
theta [59] ,amplit=theta [60])

356 run _d<— ode(y=x0_1, times = times, func = sir _fit , parms = parms)

357 etat4dsens<—rbind (etat4sens, c(parms|[18],run_d[length (run_d

[1:143,1]) ,14] /run_d[length (run_d[1:143,1]) ,13]))

s}

359

30 kappa_qtlsens<—NULL

s for (1 in 1:analysis_factor)({

362 parms <— c(beta=theta[1l],Bh=theta[2], psii=theta[3],gamma=theta [4],

tau=theta [5] ,Ln=theta [6] ,alphal=theta [7],alpha=theta[8] ,G=theta
[9] ,delta=theta[10], h=theta[11],

363 epsolonl=theta[12],epsolon2=theta[13],z=theta[14], etatl
=theta[15],etat2=theta[16],etat3=theta[17], etatd=
theta [18],kappa_qtl=runif(1,lower[19],upper[19]),
kappa_qt2=theta [20],

364 kappa_qt3=theta[21] ,kappa_qtd=theta[22], kappa_Atl=theta
(23], kappa_At2=theta [24] , kappa_At3=theta [25] , kappa_
Atd=theta [26] ,omega_qg=theta [27] ,omega A=theta [28],

365 xi=theta [29] ,0Omega=theta [30] ,V=theta [31], chii _dl=theta
[32], chii _d2=theta[33],xtl=theta [34],xt2=theta[35],
xt3=theta [36] ,xt4d=theta [37], piitl=theta[38],

366 piit2=theta [39], piit3=theta [40], piitd=theta[41],phi_dl=
theta [42] ,phi_d2=theta [43], deltal=theta [44], Sigma=
theta [45] ,kappal=theta [46] ,omegal=theta [47] 6 etal=
theta [48],

367 taul=theta [49], delta2=theta [50] ,h2=theta[51], thetha=
theta [52] ,alpha2=theta [53],r=theta[54],e=theta[55],
Sigmal=theta [56] ,rho=theta [57],irseff=theta [58], phi=
theta [59],amplit=theta[60])

368 run _d<— ode(y=x0_1, times = times, func = sir _fit , parms = parms)

360 kappa_qtlsens<—rbind (kappa_qtlsens, c(parms[19],run_d[length (run_d
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[1:143,1]) ,14] /run_d[length (run_d[1:143,1]) ,13]))
w0}
am1
a2 kappa_qt2sens<—NULL
sa for (1 in 1:analysis_factor){
374 parms <— c(beta=theta[1l] ,Bh=theta[2], psii=theta[3],gamma=theta [4],
tau=theta [5] ,Ln=theta[6],alphal=theta [7],alpha=theta [8] ,G=theta
[9],delta=theta[10], h=theta[11],
a7s epsolonl=theta[12],epsolon2=theta[13],z=theta[l4],etatl
=theta[15],etat2=theta[16],etat3=theta[17], ctatd=
theta [18] ,kappa_qtl=theta[19], kappa_qt2=runif (1,
lower [20] ,upper [20]) ,

376 kappa_qt3=theta[21] ,kappa_qtd=theta[22], kappa_Atl=theta
(23], kappa_At2=theta [24] , kappa_At3=theta [25] , kappa_
Atd=theta [26] ,omega_qg=theta [27],omega A=theta [28],

ar7 xi=theta [29] ,0Omega=theta [30] ,V=theta [31], chii _dl=theta
[32], chii _d2=theta[33],xtl=theta [34],xt2=theta[35],
xt3=theta [36] ,xt4d=theta [37], piitl=theta[38],
a8 piit2=theta[39], piit3=theta [40], piitd=theta[41],phi_dl=
theta [42] ,phi_d2=theta[43], deltal=theta[44], Sigma=
theta [45] ,kappal=theta [46],omegal=theta [47] 6 etal=
theta [48],

379 taul=theta [49], delta2=theta [50],h2=theta[51],thetha=
theta [52] ,alpha2=theta [53],r=theta[54],e=theta[55],
Sigmal=theta [56] ,rho=theta [57],irseff=theta[58], phi=
theta [59],amplit=theta [60])

380 run _d<— ode(y=x0_1, times = times, func = sir _fit, parms = parms)

381 kappa_qt2sens<—rbind (kappa_qt2sens, c¢(parms[20],run_d[length (run_d
[1:143,1]) ,14] /run_d[length (run_d[1:143,1]) ,13]))

w2}

383

ssa kappa_qt3sens<—NULL

sss for (1 in 1:analysis_factor){

386 parms <— c(beta=theta 1] ,Bh=theta[2], psii=theta[3],gamma=theta [4],
tau=theta [5] ,Ln=theta [6] ,alphal=theta [7],alpha=theta [8] ,G=theta
[9] ,delta=theta [10], h=theta[11],



387

388

389

390

391

392

393

394 }

395

396
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epsolonl=theta[12],epsolon2=theta[13],z=theta[14], etatl
=theta[15],etat2=theta[16],etat3=theta[17], ctatd=
theta [18] , kappa_qtl=theta [19]  kappa_qt2=theta [20],

kappa_qt3=runif(1,lower [21],upper[21]) ,kappa_qtd=theta
[22] , kappa_Atl=theta [23] , kappa_At2=theta [24] , kappa_
At3=theta [25] ,kappa_Atd=theta [26] ,omega_qg=theta [27],
omega _A=theta [28],

xi=theta [29] ,0Omega=theta [30] ,V=theta [31], chii _dl=theta
[32], chii _d2=theta[33],xtl=theta [34],xt2=theta [35],
xt3=theta [36] ,xt4d=theta [37], piitl=theta[38],

piit2=theta [39], piit3=theta[40], piitd=theta[41],phi_dl=
theta[42],phi_d2=theta[43],deltal=theta[44], Sigma=
theta [45] ,kappal=theta [46] ,omegal=theta [47]  etal=
theta [48],

taul=theta [49], delta2=theta [50] ,h2=theta[51], thetha=
theta[52],alpha2=theta[53],r=theta [54],e=theta[55],
Sigmal=theta [56] ,rho=theta [57],irseff=theta[58], phi=
theta [59] ,amplit=theta [60])

run _d<— ode(y=x0_1, times = times, func = sir _fit , parms = parms)
kappa_qt3sens<—rbind (kappa_qt3sens, c¢(parms[21],run_d[length (run_d
[1:143,1]) ,14] /run_d[length (run_d[1:143,1]) ,13]))

kappa_qt4sens<—NULL

sr for (i in 1:analysis_factor){

398

399

400

401

parms <— c(beta=theta[1l],Bh=theta[2], psii=theta [3],gamma=theta [4],
tau=theta [5] ,Ln=theta [6] ,alphal=theta [7],alpha=theta [8] ,G=theta
[9] ,delta=theta [10], h=theta[l1],

epsolonl=theta[12],epsolon2=theta[13],z=theta[14], etatl
=theta[15],etat2=theta[16],etat3=theta [17], etatd=
theta [18],kappa_qtl=theta[19],6 kappa_qt2=theta [20],

kappa_qt3=theta[21],kappa_qtd=runif(1,lower [22],upper
[22]) ,kappa_Atl=theta [23] , kappa_At2=theta [24] 6 kappa_
At3=theta [25] , kappa_Atd=theta [26] ,omega_qg=theta [27],
omega _A=theta [28],

xi=theta [29] ,0Omega=theta [30] ,V=theta[31], chii_dl=theta
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[32], chii _d2=theta[33],xtl=theta [34],xt2=theta [35],
xt3=theta [36] ,xt4d=theta [37], piitl=theta[38],

102 piit2=theta [39], piit3=theta[40], piit4=theta[41],phi_dl=
theta[42],phi_d2=theta[43],deltal=theta[44],Sigma=
theta [45] ,kappal=theta [46] ,omegal=theta [47]  , etal=
theta [48],

403 taul=theta [49],delta2=theta [50] ,h2=theta[51],thetha=

theta[52],alpha2=theta[53],r=theta [54],e=theta[55],
Sigmal=theta [56] ,rho=theta [57],irseff=theta [58], phi=
theta [59] ,amplit=theta [60])
104 run _d<— ode(y=x0_1, times = times, func = sir _fit , parms = parms)
405 kappa_qt4sens<—rbind (kappa_qt4sens, c(parms[22],run_d[length (run_d
[1:143,1]) ,14] /run _d[length (run_d[1:143,1]) ,13]))
ws

407

108 kappa_Atlsens<—NULL

wo for (i in 1:analysis_factor){

410 parms <— c(beta=theta[1l] ,Bh=theta[2], psii=theta[3],gamma=theta [4],
tau=theta [5] ,Ln=theta [6] ,alphal=theta [7],alpha=theta[8] ,G=theta
[9],delta=theta[10], h=theta[11],

an epsolonl=theta[12],epsolon2=theta[13],z=theta[14], etatl
=theta[15],etat2=theta[16],etat3=theta[17], 6 etatd=
theta [18],kappa_qtl=theta[19],6 kappa_qt2=theta [20],

112 kappa_qt3=theta[21], kappa_qtd=theta[22], kappa_Atl=runif
(1,lower [23],upper[23]) ,kappa_At2=theta [24] ,kappa_
At3=theta [25] ,kappa_Atd=theta [26] ,omega_g=theta [27],
omega _A=theta [28],

413 xi=theta [29] ,0Omega=theta [30] ,V=theta [31], chii_dl=theta
[32], chii _d2=theta[33],xtl=theta [34],xt2=theta[35],
xt3=theta [36] ,xtd=theta [37], piitl=theta[38],

414 piit2=theta [39], piit3=theta [40], piitd=theta[41],phi_dl=

theta [42],phi_d2=theta [43],deltal=theta[44],Sigma=
theta [45] ,kappal=theta [46] ,omegal=theta [47] 6 etal=
theta [48],

415 taul=theta [49], delta2=theta [50] ,h2=theta[51], thetha=

theta [52],alpha2=theta [53],r=theta[54],e=theta[55],
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Sigmal=theta [56] ,rho=theta [57],irseff=theta [58], phi=
theta [59] ,amplit=theta [60])
416 run _d<— ode(y=x0_1, times = times, func = sir _fit , parms = parms)
417 kappa_Atlsens<—rbind (kappa_Atlsens, c(parms[23],run_d[length (run_d
[1:143,1]) ,14] /run_d[length (run_d[1:143,1]) ,13]))
s}

419

120 kappa_At2sens<—NULL

w21 for (i in 1l:analysis_factor){

422 parms <— c(beta=theta[1l] ,Bh=theta[2], psii=theta[3],gamma=theta [4],

tau=theta [5] ,Ln=theta[6],alphal=theta [7],alpha=theta [8] ,G=theta
[9] ,delta=theta[10], h=theta[11],

423 epsolonl=theta[12],epsolon2=theta[13],z=theta[l4],etatl
=theta[15],etat2=theta[16],etat3=theta[17], etatd=
theta [18],kappa_qtl=theta[19],6 kappa_qt2=theta [20],

124 kappa_qt3=theta[21] ,kappa_qtd=theta[22], kappa_Atl=theta
(23], kappa_At2=runif (1,lower [24] ,upper [24]) ,kappa_
At3=theta [25] ,kappa_Atd=theta [26] ,omega_qg=theta [27],
omega _A=theta [28],

425 xi=theta [29] ,0Omega=theta [30] ,V=theta [31], chii _dl=theta
[32], chii _d2=theta[33],xtl=theta [34],xt2=theta[35],
xt3=theta [36] ,xt4d=theta [37], piitl=theta[38],

426 piit2=theta [39], piit3=theta [40], piitd=theta[41],phi_dl=
theta [42] ,phi_d2=theta [43], deltal=theta[44], Sigma=
theta [45] ,kappal=theta [46] ,omegal=theta [47] 6 etal=
theta [48],

427 taul=theta [49], delta2=theta [50],h2=theta[51],thetha=
theta [52] ,alpha2=theta [53],r=theta[54],e=theta[55],
Sigmal=theta [56] ,rho=theta [57],irseff=theta[58], phi=
theta [59],amplit=theta[60])

428 run _d<— ode(y=x0_1, times = times, func = sir _fit , parms = parms)

420 kappa_At2sens<—rbind (kappa_At2sens, c(parms[24],run_d[length (run_d

[1:143,1]) ,14] /run_d[length (run_d[1:143,1]) ,13]))
w0}

431

132 kappa_At3sens<—NULL



433

434

436

437

438

439

440

441

442

443

444

445

446

447

448

for
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(i in 1l:analysis_factor){

parms <— c(beta=theta [1] ,Bh=theta[2], psii=theta[3],gamma=theta [4],

tau=theta [5] ,Ln=theta[6],alphal=theta [7],alpha=theta [8] ,G=theta
[9],delta=theta[10], h=theta|[11],

epsolonl=theta[12],epsolon2=theta[13],z=theta[14], etatl
=theta[15],etat2=theta[16],etat3=theta[17], etatd=
theta [18] ,kappa_qtl=theta [19] , kappa_qt2=theta[20],

kappa_qt3=theta[21] ,kappa_qtd=theta[22], kappa_Atl=theta
(23], kappa_At2=theta [24] ,kappa_At3=runif (1,lower
[25] ,upper [25]) ,kappa_Atd=theta [26] ,omega_qg=theta
[27] ,omega A=theta [28],

xi=theta [29] ,0Omega=theta [30] ,V=theta [31], chii _dl=theta
[32], chii _d2=theta[33],xtl=theta[34], xt2=theta [35],
xt3=theta [36] ,xt4=theta [37], piitl=theta[38],

piit2=theta[39], piit3=theta [40], piitd=theta[41],phi_dl=

theta[42],phi_d2=theta[43],deltal=theta[44], Sigma=
theta [45] ,kappal=theta [46] ,omegal=theta [47] 6 etal=
theta [48],

taul=theta [49], delta2=theta [50],h2=theta[51],thetha=
theta [52] ,alpha2=theta [53],r=theta[54], , e=theta[55],
Sigmal=theta [56] ,rho=theta [57],irseff=theta[58], phi=
theta [59] ,amplit=theta [60])

run _d<— ode(y=x0_1, times = times, func = sir _fit, parms = parms)

kappa_At3sens<—rbind (kappa_At3sens, c(parms[25],run_d[length (run_d

for

[1:143,1]) ,14] /run_d[length (run_d[1:143,1]) ,13]))

kappa _At4dsens<—NULL

(i in 1l:analysis_factor){

parms <— c(beta=theta[1] ,Bh=theta[2], psii=theta[3],gamma=theta [4],

tau=theta [5] ,Ln=theta [6] ,alphal=theta [7],alpha=theta [8] ,G=theta
[9] ,delta=theta [10], h=theta[1l1],

epsolonl=theta[12],epsolon2=theta[13],z=theta[14], etatl
=theta[15],etat2=theta[16],etat3=theta [17],etatd=
theta [18] ,kappa_qtl=theta[19] , kappa_qt2=theta[20],

kappa_qt3=theta[21] ,kappa_qtd=theta [22], kappa_Atl=theta
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(23], kappa_At2=theta [24] ,kappa_At3=theta [25] , kappa_
Atd=runif (1,lower [26],upper[26]) ,omega_qg=theta[27],
omega_A=theta [28],

449 xi=theta [29] ,0Omega=theta [30] ,V=theta [31], chii _dl=theta
[32], chii _d2=theta[33],xtl=theta [34], xt2=theta [35],
xt3=theta [36] ,xt4d=theta [37], piitl=theta[38],

450 piit2=theta [39], piit3=theta[40], piitd=theta[41],phi_dl=
theta[42],phi_d2=theta[43],deltal=theta[44],Sigma=
theta [45] ,kappal=theta [46] ,omegal=theta [47]  , etal=
theta [48],

151 taul=theta [49],delta2=theta [50] ,h2=theta[51],thetha=
theta[52],alpha2=theta[53],r=theta [54],e=theta[55],
Sigmal=theta [56] ,rho=theta [57],irseff=theta [58], phi=
theta [59] ,amplit=theta [60])

452 run _d<— ode(y=x0_1, times = times, func = sir _fit , parms = parms)

453 kappa_Atdsens<—rbind (kappa_Atdsens, c(parms[26],run_d[length (run_d
[1:143,1]) ,14] /run _d[length (run_d[1:143,1]) ,13]))

w )

155

156 omega _ gsens<—NULL

w7 for (i in 1:analysis_factor){

458 parms <— c(beta=theta[1],Bh=theta[2], psii=theta[3],gamma=theta [4],
tau=theta [5] ,Ln=theta [6] ,alphal=theta [7],alpha=theta[8] ,G=theta
[9],delta=theta[10], h=theta[11],

459 epsolonl=theta[12],epsolon2=theta[13],z=theta[14], etatl

=theta[15],etat2=theta[16],etat3=theta[17], 6 etatd=
theta [18],kappa_qtl=theta[19],6 kappa_qt2=theta [20],

160 kappa_qt3=theta[21] ,kappa_qtd=theta[22], kappa_Atl=theta
(23], kappa_At2=theta [24] , kappa_At3=theta [25] , kappa_
Atd=theta [26] ,omega_qg=runif(1,lower [27] ,upper[27]) ,
omega _A=theta [28],

461 xi=theta [29] ,0Omega=theta [30] ,V=theta [31], chii_dl=theta
[32], chii _d2=theta[33],xtl=theta [34],xt2=theta[35],
xt3=theta [36] ,xtd=theta [37], piitl=theta[38],

162 piit2=theta [39], piit3=theta [40], piitd=theta[41],phi_dl=
theta [42],phi_d2=theta [43],deltal=theta[44],Sigma=
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theta[45] ,kappal=theta[46] ,omegal=theta [47], etal=
theta [48],

463 taul=theta [49], delta2=theta [50] ,h2=theta[51],thetha=
theta[52],alpha2=theta[53],r=theta [54],e=theta[55],
Sigmal=theta [56] ,rho=theta [57],irseff=theta [58], phi=
theta [59] ,amplit=theta [60])

164 run _d<— ode(y=x0_1, times = times, func = sir _fit , parms = parms)

165 omega _qsens<—rbind (omega_qsens, c(parms[27],run_d[length (run_d

[1:143,1]) ,14] /run_d[length (run_d[1:143,1]) ,13]))

wo

167

168 omega _Asens<—NULL

wo for (i in 1:analysis_factor){

470 parms <— c(beta=theta[1l],Bh=theta[2], psii=theta[3],gamma=theta [4],

tau=theta [5] ,Ln=theta [6] ,alphal=theta [7],alpha=theta[8] ,G=theta
[9] ,delta=theta[10], h=theta[11],

an epsolonl=theta[12],epsolon2=theta[13],z=theta[14], etatl
=theta[15],etat2=theta[16],etat3=theta[17], etatd=
theta [18],kappa_qtl=theta[19], 6 kappa_qt2=theta [20],

a72 kappa_qt3=theta[21] ,kappa_qtd=theta [22], kappa_Atl=theta
(23], kappa_At2=theta [24] , kappa_At3=theta [25] , kappa_
Atd=theta[26] ,omega_qg=theta [27],omega_A=runif (1,
lower [28] ,upper [28]) ,

473 xi=theta [29] ,0Omega=theta [30] ,V=theta [31], chii _dl=theta
[32], chii _d2=theta[33],xtl=theta [34],xt2=theta[35],
xt3=theta [36] ,xt4d=theta [37], piitl=theta[38],

474 piit2=theta [39], piit3=theta [40], piitd=theta[41],phi_dl=
theta [42] ,phi_d2=theta [43], deltal=theta [44], Sigma=
theta [45] ,kappal=theta [46] ,omegal=theta [47] 6 etal=
theta [48],

a7 taul=theta [49], delta2=theta [50] ,h2=theta[51], thetha=
theta [52] ,alpha2=theta [53],r=theta[54],e=theta[55],
Sigmal=theta [56] ,rho=theta [57],irseff=theta [58], phi=
theta [59],amplit=theta[60])

476 run _d<— ode(y=x0_1, times = times, func = sir _fit , parms = parms)

ar omega_Asens<—rbind (omega_Asens, c(parms[28],run_d[length (run_d
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[1:143,1]) ,14] /run_d[length (run_d[1:143,1]) ,13]))
478 }

479

a0 xisens<—NULL

w1 for (i in 1:analysis_factor){

182 parms <— c(beta=theta[1l] ,Bh=theta[2], psii=theta[3],gamma=theta [4],
tau=theta [5] ,Ln=theta[6],alphal=theta [7],alpha=theta [8] ,G=theta
[9],delta=theta[10], h=theta[11],

483 epsolonl=theta[12],epsolon2=theta[13],z=theta[l4],etatl

=theta[15],etat2=theta[16],etat3=theta[17], ctatd=
theta [18],kappa_qtl=theta[19], 6 kappa_qt2=theta [20],
184 kappa_qt3=theta[21],kappa_qtd=theta[22], kappa_Atl=theta
(23], kappa_At2=theta [24] , kappa_At3=theta [25] , kappa_
Atd=theta [26] ,omega_g=theta[27],omega_A=theta [28],
485 xi=runif (1,lower [29],upper[29]) ,Omega=theta [30] ,V=theta
[31], chii _dl=theta[32], chii _d2=theta[33],xtl=theta
[34] ,xt2=theta [35],xt3=theta [36] ,xtd=theta[37], piitl

=theta[38],
486 piit2=theta [39], piit3=theta [40], piitd=theta[41],phi_dl=
theta | ,phi_d2=theta [43],deltal=theta [44], Sigma=

42]

theta [45] ,kappal=theta [46],omegal=theta [47] 6 etal=
theta [48],

187 taul=theta [49], delta2=theta [50],h2=theta[51],thetha=
theta [52] ,alpha2=theta [53],r=theta[54],e=theta[55],
Sigmal=theta [56] ,rho=theta [57],irseff=theta[58], phi=
theta [59],amplit=theta [60])

188 run _d<— ode(y=x0_1, times = times, func = sir _fit, parms = parms)

489 xisens<—rbind (xisens , c(parms[29],run_d[length(run_d[1:143,1]) ,14]

Jrun_d[length (run_d[1:143,1]) ,13]))
w0}

491

192 Omegasens<—NULL

w3 for (i in 1:analysis_factor){

494 parms <— c(beta=theta 1] ,Bh=theta[2], psii=theta[3],gamma=theta [4],
tau=theta [5] ,Ln=theta [6] ,alphal=theta [7],alpha=theta [8] ,G=theta
[9] ,delta=theta [10], h=theta[11],
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495 epsolonl=theta[12],epsolon2=theta[13],z=theta[l4],etatl
=theta[15],etat2=theta[16],etat3=theta[17], ctatd=
theta [18] , kappa_qtl=theta [19]  kappa_qt2=theta [20],

196 kappa_qt3=theta[21] ,kappa_qtd=theta[22], kappa_Atl=theta
(23], kappa_At2=theta [24] , kappa_At3=theta [25] , kappa_
Atd=theta [26] ,omega_qg=theta[27],omega_A=theta [28],

497 xi=theta [29] ,0Omega=runif (1,lower[30],upper[30]) ,V=theta
[31], chii _dl=theta[32], chii _d2=theta[33],xtl=theta
[34] ,xt2=theta [35] ,xt3=theta [36] ,xtd=theta [37], piitl

=theta[38],
498 piit2=theta [39], piit3=theta[40], piitd=theta[41],phi_dl=
theta [ ,phi_d2=theta [43],deltal=theta[44], Sigma=

42]
theta [45] ,kappal=theta [46] ,omegal=theta [47]  etal=
theta [48],
499 taul=theta [49], delta2=theta [50] ,h2=theta[51], thetha=
theta[52],alpha2=theta[53],r=theta [54],e=theta[55],
Sigmal=theta [56] ,rho=theta [57],irseff=theta[58], phi=
theta [59] ,amplit=theta [60])
500 run _d<— ode(y=x0_1, times = times, func = sir _fit , parms = parms)
501 Omegasens<—rbind (Omegasens, c¢(parms[30],run_d[length (run_d
[1:143,1]) ,14] /run_d[length (run_d[1:143,1]) ,13]))

503
500 Vsens<—NULL
sos for (i in 1:analysis_factor){
506 parms <— c(beta=theta[1l],Bh=theta[2], psii=theta [3],gamma=theta [4],
tau=theta [5] ,Ln=theta [6] ,alphal=theta [7],alpha=theta [8] ,G=theta
[9] ,delta=theta [10], h=theta[l1],
507 epsolonl=theta[12],epsolon2=theta[13],z=theta[14], etatl
=theta[15],etat2=theta[16],etat3=theta [17], etatd=
theta [18],kappa_qtl=theta[19],6 kappa_qt2=theta [20],
508 kappa_qt3=theta[21] ,kappa_qtd=theta [22], kappa_Atl=theta
(23], kappa_At2=theta [24] , kappa_At3=theta [25] , kappa_
Atd=theta [26] ,omega_qg=theta [27],omega A=theta [28],
509 xi=theta [29] ,0Omega=theta [30] ,V=runif (1,lower[31], upper
[31]) ,chii_dl=theta[32], chii_d2=theta[33],xtl=theta



510

512
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[34] , xt2=theta [35] ,xt3=theta [36] ,xtd=theta [37], piitl
=theta[38],

piit2=theta[39], piit3=theta[40], piit4d=theta[41],phi_dl=
theta[42],phi_d2=theta[43],deltal=theta[44],Sigma=
theta [45] ,kappal=theta [46] ,omegal=theta [47]  , etal=
theta [48],

taul=theta [49],delta2=theta [50] ,h2=theta[51],thetha=
theta[52],alpha2=theta[53],r=theta [54],e=theta[55],
Sigmal=theta [56] ,rho=theta [57],irseff=theta [58], phi=
theta [59] ,amplit=theta [60])

run _d<— ode(y=x0_1, times = times, func = sir _fit , parms = parms)
Vsens<—rbind (Vsens, c(parms[31],run_d[length(run_d[1:143,1]) ,14]/
run _d[length (run_d[1:143,1]) ,13]))

chii_dlsens<-NULL
for (i in 1l:analysis_factor){
parms <— c(beta=theta[1l] ,Bh=theta[2], psii=theta[3],gamma=theta [4],
tau=theta [5] ,Ln=theta [6] ,alphal=theta [7],alpha=theta[8] ,G=theta
[9],delta=theta[10], h=theta[11],

519

520

521

522

523

epsolonl=theta[12],epsolon2=theta[13],z=theta[14], etatl
=theta[15],etat2=theta [16],etat3=theta[17], etatd=
theta [18],kappa_qtl=theta[19],6 kappa_qt2=theta [20],

kappa_qt3=theta[21] ,kappa_qtd=theta[22], kappa_Atl=theta
(23], kappa_At2=theta [24] , kappa_At3=theta [25] , kappa_
Atd=theta [26] ,omega_g=theta[27],omega A=theta [28],

xi=theta [29] ,Omega=theta [30] ,V=theta [31], chii _dl=runif
(1,lower [32] ,upper[32]),chii_d2=theta[33],xtl=theta
[34] ,xt2=theta [35],xt3=theta [36] ,xtd=theta [37], piitl
=theta [38],

piit2=theta [39], piit3=theta [40], piitd=theta[41],phi_dl=

theta [42],phi_d2=theta [43],deltal=theta[44],Sigma=
theta [45] ,kappal=theta [46] ,omegal=theta [47] 6 etal=
theta [48],

taul=theta [49], delta2=theta [50] ,h2=theta[51], thetha=

theta [52],alpha2=theta [53],r=theta[54],e=theta[55],
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Sigmal=theta [56] ,rho=theta [57],irseff=theta [58], phi=
theta [59] ,amplit=theta [60])
524 run _d<— ode(y=x0_1, times = times, func = sir _fit , parms = parms)
525 chii _dlsens<—rbind(chii_dlsens, c¢(parms[32],run_d[length (run_d
[1:143,1]) ,14] /run_d[length (run_d[1:143,1]) ,13]))

526 }

52 chii_d2sens<—NULL
s20 for (i in 1:analysis_factor)({
530 parms <— c(beta=theta[1l] ,Bh=theta[2], psii=theta[3],gamma=theta [4],
tau=theta [5] ,Ln=theta[6],alphal=theta [7],alpha=theta [8] ,G=theta
[9] ,delta=theta[10], h=theta[11],
531 epsolonl=theta[12],epsolon2=theta[13],z=theta[l4],etatl
=theta[15],etat2=theta[16],etat3=theta[17], etatd=
theta [18],kappa_qtl=theta[19],6 kappa_qt2=theta [20],
532 kappa_qt3=theta[21] ,kappa_qtd=theta[22], kappa_Atl=theta
(23], kappa_At2=theta [24] , kappa_At3=theta [25] , kappa_
Atd=theta [26] ,omega_g=theta [27],omega _A=theta [28],
533 xi=theta [29] ,0Omega=theta [30] ,V=theta [31], chii _dl=theta
[32], chii _d2=runif(1,lower [33],upper[33]) ,xtl=theta
[34] ,xt2=theta [35],xt3=theta [36] ,xtd=theta [37], piitl

=theta[38],
534 piit2=theta [39], piit3=theta [40], piitd=theta[41],phi_dl=
theta | ,phi_d2=theta [43],deltal=theta[44], Sigma=

42]

theta [45] ,kappal=theta [46] ,omegal=theta [47] 6 etal=
theta [48],

535 taul=theta [49], delta2=theta [50],h2=theta[51],thetha=
theta [52] ,alpha2=theta [53],r=theta[54],e=theta[55],
Sigmal=theta [56] ,rho=theta [57],irseff=theta[58], phi=
theta [59],amplit=theta[60])

536 run _d<— ode(y=x0_1, times = times, func = sir _fit , parms = parms)

537 chii _d2sens<—rbind (chii_d2sens, c(parms[33],run_d[length (run_d

[1:143,1]) ,14] /run_d[length (run_d[1:143,1]) ,13]))
s

539

520 Xt1lsens<—NULL



541

542

543

544

545

546

547

548

549

550

551

552

553

555

556

for
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(i in 1l:analysis_factor){

parms <— c(beta=theta [1] ,Bh=theta[2], psii=theta[3],gamma=theta [4],

tau=theta [5] ,Ln=theta[6],alphal=theta [7],alpha=theta [8] ,G=theta
[9],delta=theta[10], h=theta|[11],

epsolonl=theta[12],epsolon2=theta[13],z=theta[14], etatl
=theta[15],etat2=theta[16],etat3=theta[17], etatd=
theta [18] ,kappa_qtl=theta [19] , kappa_qt2=theta[20],
kappa_qt3=theta[21] ,kappa_qtd=theta[22], kappa_Atl=theta
(23], kappa_At2=theta [24] , kappa_At3=theta [25] , kappa_
Atd=theta [26] ,omega_g=theta[27],omega_A=theta [28],
xi=theta[29] ,0Omega=theta [30] ,V=theta [31], chii_dl=theta
[32], chii _d2=theta[33],xtl=runif(1,lower [34],upper
[34]) ,xt2=theta [35],xt3=theta [36] ,xtd=theta [37],
piitl=theta [38],
piit2=theta[39], piit3=theta [40], piitd=theta[41],phi_dl=

theta[42],phi_d2=theta[43],deltal=theta[44], Sigma=
theta [45] ,kappal=theta [46] ,omegal=theta [47] 6 etal=
theta [48],

taul=theta [49], delta2=theta [50],h2=theta[51],thetha=
theta [52] ,alpha2=theta [53],r=theta[54], , e=theta[55],
Sigmal=theta [56] ,rho=theta [57],irseff=theta[58], phi=
theta [59] ,amplit=theta [60])

run _d<— ode(y=x0_1, times = times, func = sir _fit, parms = parms)

xtlsens<—rbind (xtlsens, c(parms|[34],run_d[length(run_d[1:143,1])

xt2sens<—NULL

for

,14] /run_d[length (run_d[1:143,1]) ,13]))

(i in 1:analysis_factor){

parms <— c(beta=theta[1] ,Bh=theta[2], psii=theta[3],gamma=theta [4],

tau=theta [5] ,Ln=theta [6] ,alphal=theta [7],alpha=theta [8] ,G=theta
[9] ,delta=theta [10], h=theta[1l1],

epsolonl=theta[12],epsolon2=theta[13],z=theta[14], etatl
=theta[15],etat2=theta[16],etat3=theta [17], etatd=
theta [18] ,kappa_qtl=theta[19] , kappa_qt2=theta[20],

kappa_qt3=theta[21] ,kappa_qtd=theta [22], kappa_Atl=theta
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564

565

567

568

569

570
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(23], kappa_At2=theta [24] ,kappa_At3=theta [25] , kappa_
Atd=theta [26] ,omega_qg=theta[27],omega _A=theta [28],
xi=theta [29] ,0Omega=theta [30] ,V=theta [31], chii_dl=theta
[32], chii _d2=theta[33],xtl=theta [34],xt2=runif (1,
lower [35] ,upper [35]) ,xt3=theta [36],xtd=theta [37],
piitl=theta [38],
piit2=theta [39], piit3=theta[40], piitd=theta[41],phi_dl=
theta[42],phi_d2=theta[43],deltal=theta[44],Sigma=
theta [45] ,kappal=theta [46] ,omegal=theta [47]  , etal=
theta [48],
taul=theta [49],delta2=theta [50] ,h2=theta[51],thetha=
theta[52],alpha2=theta[53],r=theta [54],e=theta[55],
Sigmal=theta [56] ,rho=theta [57],irseff=theta [58], phi=
theta [59] ,amplit=theta [60])
run _d<— ode(y=x0_1, times = times, func = sir _fit , parms = parms)
xt2sens<—rbind (xt2sens, c(parms|[35],run_d|length(run_d[1:143,1])
,14] /run _d[length (run_d[1:143,1]) ,13]))

xt3sens<—NULL
for (i in 1:analysis_factor){
parms <— c(beta=theta[1],Bh=theta[2], psii=theta[3],gamma=theta [4],
tau=theta [5] ,Ln=theta [6] ,alphal=theta [7],alpha=theta[8] ,G=theta
[9],delta=theta[10], h=theta[11],
epsolonl=theta[12],epsolon2=theta[13],z=theta[14], etatl
=theta[15],etat2=theta[16],etat3=theta[17], 6 etatd=
theta [18],kappa_qtl=theta[19],6 kappa_qt2=theta [20],
kappa_qt3=theta[21] ,kappa_qtd=theta[22], kappa_Atl=theta
(23], kappa_At2=theta [24] , kappa_At3=theta [25] , kappa_
Atd=theta [26] ,omega_qg=theta [27],omega A=theta [28],
xi=theta [29] ,0Omega=theta [30] ,V=theta [31], chii _dl=theta
[32], chii _d2=theta[33],xtl=theta [34],xt2=theta[35],
xt3=runif (1,lower [36] ,upper[36]) ,xtd=theta[37], piitl
=theta [38],
piit2=theta [39], piit3=theta [40], piitd=theta[41],phi_dl=
theta [42],phi_d2=theta [43],deltal=theta[44],Sigma=
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584

585

xt4sens<—NULL

153

theta[45] ,kappal=theta[46] ,omegal=theta [47], etal=
theta [48],

taul=theta [49], delta2=theta [50] ,h2=theta[51],thetha=
theta[52],alpha2=theta[53],r=theta [54],e=theta[55],
Sigmal=theta [56] ,rho=theta [57],irseff=theta [58], phi=
theta [59] ,amplit=theta [60])

run _d<— ode(y=x0_1, times = times, func = sir _fit , parms = parms)
xt3sens<—rbind (xt3sens, c(parms[36],run_d[length(run_d[1:143,1])
,14] /run _d[length (run_d[1:143,1]) ,13]))

for (i in 1:analysis_factor){
parms <— c(beta=theta[1l],Bh=theta[2], psii=theta[3],gamma=theta [4],
tau=theta [5] ,Ln=theta [6] ,alphal=theta [7],alpha=theta[8] ,G=theta
[9] ,delta=theta[10], h=theta[11],

epsolonl=theta[12],epsolon2=theta[13],z=theta[14], etatl
=theta[15],etat2=theta[16],etat3=theta[17], etatd=
theta [18],kappa_qtl=theta[19], 6 kappa_qt2=theta [20],

kappa_qt3=theta[21] ,kappa_qtd=theta [22], kappa_Atl=theta
(23], kappa_At2=theta [24] , kappa_At3=theta [25] , kappa_
Atd=theta [26] ,omega_g=theta [27],omega_A=theta [28],

xi=theta [29] ,0Omega=theta [30] ,V=theta [31], chii _dl=theta
[32], chii _d2=theta[33],xtl=theta[34],xt2=theta [35],
xt3=theta [36],xtd=runif(1,lower [37],upper[37]),piitl
=theta [38],

piit2=theta [39], piit3=theta [40], piitd=theta[41],phi_dl=
theta [42] ,phi_d2=theta [43], deltal=theta [44], Sigma=
theta [45] ,kappal=theta [46] ,omegal=theta [47] 6 etal=
theta [48],

taul=theta [49], delta2=theta [50] ,h2=theta[51], thetha=
theta [52] ,alpha2=theta [53],r=theta[54],e=theta[55],
Sigmal=theta [56] ,rho=theta [57],irseff=theta [58], phi=
theta [59],amplit=theta[60])

run _d<— ode(y=x0_1, times = times, func = sir _fit , parms = parms)

xt4sens<—rbind (xt4sens, c(parms|[37],run_d[length(run_d[1:143,1])
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,14] /run _d[length (run_d[1:143,1]) ,13]))
586 }

587

sss piitlsens<—NULL

ss9 for (1 in 1:analysis_factor)({

590 parms <— c(beta=theta[1l] ,Bh=theta[2], psii=theta[3],gamma=theta [4],
tau=theta [5] ,Ln=theta[6],alphal=theta [7],alpha=theta [8] ,G=theta
[9],delta=theta[10], h=theta[11],

591 epsolonl=theta[12],epsolon2=theta[13],z=theta[l4],etatl

=theta[15],etat2=theta[16],etat3=theta[17], ctatd=
theta [18],kappa_qtl=theta[19], 6 kappa_qt2=theta [20],
592 kappa_qt3=theta[21],kappa_qtd=theta[22], kappa_Atl=theta
(23], kappa_At2=theta [24] , kappa_At3=theta [25] , kappa_
Atd=theta [26] ,omega_g=theta[27],omega_A=theta [28],
593 xi=theta [29] ,0Omega=theta [30] ,V=theta [31], chii _dl=theta
[32], chii _d2=theta[33],xtl=theta [34],xt2=theta [35],
xt3=theta [36] ,xt4d=theta [37], piitl=runif(1,lower[38],

upper [38]) ,
594 piit2=theta[39], piit3=theta [40], piitd=theta[41],phi_dl=
theta | ,phi_d2=theta [43],deltal=theta [44], Sigma=

42]

theta [45] ,kappal=theta [46],omegal=theta [47] 6 etal=
theta [48],

595 taul=theta [49], delta2=theta [50],h2=theta[51],thetha=
theta [52] ,alpha2=theta [53],r=theta[54],e=theta[55],
Sigmal=theta [56] ,rho=theta [57],irseff=theta[58], phi=
theta [59],amplit=theta [60])

596 run _d<— ode(y=x0_1, times = times, func = sir _fit, parms = parms)

597 piitlsens<—rbind (piitlsens , c(parms[38],run_d[length (run_d

[1:143,1]) ,14] /run_d[length (run_d[1:143,1]) ,13]))
s}

599

60 piit2sens<—NULL

o1 for (i in 1:analysis_factor){

602 parms <— c(beta=theta 1] ,Bh=theta[2], psii=theta[3],gamma=theta [4],
tau=theta [5] ,Ln=theta [6] ,alphal=theta [7],alpha=theta [8] ,G=theta
[9] ,delta=theta [10], h=theta[11],



603

604

605

606

607

608

609

610

611

612

613

614

615

616

617

155

epsolonl=theta[12],epsolon2=theta[13],z=theta[14], etatl
=theta[15],etat2=theta[16],etat3=theta[17], ctatd=
theta [18] , kappa_qtl=theta [19]  kappa_qt2=theta [20],

kappa_qt3=theta[21] ,kappa_qtd=theta[22], kappa_Atl=theta
(23], kappa_At2=theta [24] , kappa_At3=theta [25] , kappa_
Atd=theta [26] ,omega_qg=theta[27],omega_A=theta [28],

xi=theta [29] ,0Omega=theta [30] ,V=theta [31], chii_dl=theta
[32], chii _d2=theta[33],xtl=theta [34], xt2=theta [35],
xt3=theta [36] ,xtd=theta [37], piitl=theta[38],

piit2=runif(1,lower[39],upper[39]),piit3=theta[40],
piit4=theta[41],phi_dl=theta[42],phi_d2=theta[43],
deltal=theta[44], Sigma=theta [45] ,kappal=theta [46],
omegal=theta [47],etal=theta [48],

taul=theta [49],delta2=theta [50] ,h2=theta[51],thetha=
theta[52],alpha2=theta[53],r=theta [54],e=theta[55],
Sigmal=theta [56] ,rho=theta [57],irseff=theta [58], phi=
theta [59] ,amplit=theta [60])

run _d<— ode(y=x0_1, times = times, func = sir _fit , parms = parms)
piit2sens<—rbind (piit2sens , c(parms[39],run_d[length (run_d
[1:143,1]) ,14] /run_d[length (run_d[1:143,1]) ,13]))

piit3sens<—NULL
for (i in 1:analysis_factor){
parms <— c(beta=theta[1l],Bh=theta[2], psii=theta[3],gamma=theta [4],
tau=theta [5] ,Ln=theta[6],alphal=theta [7],alpha=theta [8] ,G=theta
[9],delta=theta[10], h=theta[11],

epsolonl=theta[12],epsolon2=theta[13],z=theta[14], etatl
=theta[15],etat2=theta[16],etat3=theta[17], 6 etatd=
theta [18],kappa_qtl=theta[19], 6 kappa_qt2=theta [20],

kappa_qt3=theta[21] ,kappa_qtd=theta[22], kappa_Atl=theta
(23], kappa_At2=theta [24] , kappa_At3=theta [25] , kappa_
Atd=theta [26] ,omega_qg=theta [27],omega_A=theta [28],

xi=theta [29] ,0Omega=theta [30] ,V=theta [31], chii _dl=theta
[32], chii _d2=theta[33],xtl=theta [34], xt2=theta [35],
xt3=theta [36] ,xt4d=theta [37], piitl=theta[38],
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618 piit2=theta [39], piit3=runif(1,lower[40],upper[40]),
piit4=theta[41],phi_dl=theta[42],phi_d2=theta[43],
deltal=theta [44],Sigma=theta[45],kappal=theta[46],
omegal=theta [47],etal=theta [48],

619 taul=theta [49], delta2=theta [50] ,h2=theta[51],thetha=
theta [52],alpha2=theta [53],r=theta[54],e=theta[55],
Sigmal=theta [56] ,rho=theta [57],irseff=theta [58], phi=
theta [59],amplit=theta[60])

620 run _d<— ode(y=x0_1, times = times, func = sir _fit , parms = parms)

621 piit3sens<—rbind (piit3sens , c(parms[40],run_d[length (run_d

[1:143,1]) ,14] /run _d[length (run_d[1:143,1]) ,13]))

o )

623

624 piitdsens<—NULL

o5 for (i in 1:analysis_factor){

626 parms <— c(beta=theta [1] ,Bh=theta[2], psii=theta[3],gamma=theta [4],

tau=theta [5] ,Ln=theta[6] ,alphal=theta [7],alpha=theta [8] ,G=theta
[9] ,delta=theta [10], h=theta[11],

627 epsolonl=theta[12],epsolon2=theta[13],z=theta[l4],etatl
=theta[15],etat2=theta[16],etat3=theta [17],etatd=
theta [18] ,kappa_qtl=theta[19] , kappa_qt2=theta[20],

628 kappa_qt3=theta[21] ,kappa_qtd=theta [22], kappa_Atl=theta
(23], kappa_At2=theta [24] ,kappa_At3=theta [25] , kappa_
Atd=theta [26] ,omega_qg=theta [27],omega A=theta [28],

629 xi=theta [29] ,0Omega=theta [30] ,V=theta [31], chii_dl=theta
[32], chii _d2=theta[33],xtl=theta [34],xt2=theta[35],
xt3=theta [36] ,xtd=theta [37], piitl=theta[38],

630 piit2=theta [39], piit3=theta[40], piitd=runif(1l,lower
[41] ,upper[41]) ,phi_dl=theta[42],phi_d2=theta[43],
deltal=theta[44], Sigma=theta [45] ,kappal=theta [46],
omegal=theta [47],etal=theta [48],

631 taul=theta [49], delta2=theta [50],h2=theta[51],thetha=
theta [52] ,alpha2=theta [53],r=theta[54],e=theta[55],
Sigmal=theta [56] ,rho=theta [57],irseff=theta [58], phi=
theta [59] ,amplit=theta [60])

632 run _d<— ode(y=x0_1, times = times, func = sir _fit , parms = parms)
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633 piitdsens<—rbind (piit4dsens , c(parms[41],run_d[length (run_d
[1:143,1]) ,14] /run _d[length (run_d[1:143,1]) ,13]))

o}

635

636 phi_dlsens<—NULL

e for (i in 1:analysis_factor)({

638 parms <— c(beta=theta[1],Bh=theta[2], psii=theta[3],gamma=theta [4],
tau=theta [5] ,Ln=theta [6] ,alphal=theta [7],alpha=theta[8] ,G=theta
[9],delta=theta[10], h=theta[11],

639 epsolonl=theta[12],epsolon2=theta[13],z=theta[14], etatl

=theta[15],etat2=theta[16],etat3=theta[17], 6 etatd=
theta [18],kappa_qtl=theta[19],6 kappa_qt2=theta [20],

640 kappa_qt3=theta[21] ,kappa_qtd=theta [22], kappa_Atl=theta
(23], kappa_At2=theta [24] , kappa_At3=theta [25] , kappa_
Atd=theta [26] ,omega_qg=theta [27],omega A=theta [28],

641 xi=theta [29] ,0Omega=theta [30] ,V=theta [31], chii _dl=theta
[32], chii _d2=theta[33],xtl=theta [34],xt2=theta[35],
xt3=theta [36] ,xt4d=theta [37], piitl=theta[38],

642 piit2=theta[39], piit3=theta [40], piitd=theta[41],phi_dl=
runif(1,lower [42],upper[42]) ,phi_d2=theta[43], deltal
=theta[44],Sigma=theta [45] ,kappal=theta [46],omegal=
theta [47],etal=theta [48],

643 taul=theta [49], delta2=theta [50],h2=theta[51],thetha=
theta [52] ,alpha2=theta [53],r=theta[54],e=theta[55],
Sigmal=theta [56] ,rho=theta [57],irseff=theta[58], phi=
theta [59],amplit=theta [60])

644 run _d<— ode(y=x0_1, times = times, func = sir _fit , parms = parms)

645 phi_dlsens<—rbind (phi_dlsens, c(parms[42],run_d[length (run_d
[1:143,1]) ,14] /run_d[length (run_d[1:143,1]) ,13]))

oo}

647

s1ss phi_d2sens<—NULL

60 for (i in 1:analysis_factor){

650 parms <— c(beta=theta 1] ,Bh=theta[2], psii=theta[3],gamma=theta [4],
tau=theta [5] ,Ln=theta [6] ,alphal=theta [7],alpha=theta [8] ,G=theta
[9] ,delta=theta [10], h=theta[11],
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660
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665
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epsolonl=theta[12],epsolon2=theta[13],z=theta[14], etatl
=theta[15],etat2=theta[16],etat3=theta[17], ctatd=
theta [18] , kappa_qtl=theta [19]  kappa_qt2=theta [20],

kappa_qt3=theta[21] ,kappa_qtd=theta[22], kappa_Atl=theta
(23], kappa_At2=theta [24] , kappa_At3=theta [25] , kappa_
Atd=theta [26] ,omega_qg=theta[27],omega_A=theta [28],

xi=theta [29] ,0Omega=theta [30] ,V=theta [31], chii_dl=theta
[32], chii _d2=theta[33],xtl=theta [34], xt2=theta [35],
xt3=theta [36] ,xtd=theta [37], piitl=theta[38],

piit2=theta [39], piit3=theta [40], piitd=theta [41],phi_dl=
theta [42],phi_d2=runif(1,lower [43],upper[43]) ,deltal
=theta [44] ,Sigma=theta [45] ,kappal=theta [46] ,omegal=
theta [47] ,etal=theta [48],

taul=theta [49],delta2=theta [50] ,h2=theta[51],thetha=
theta[52],alpha2=theta[53],r=theta [54],e=theta[55],
Sigmal=theta [56] ,rho=theta [57],irseff=theta [58], phi=
theta [59] ,amplit=theta [60])

run _d<— ode(y=x0_1, times = times, func = sir _fit , parms = parms)
phi_d2sens<—rbind (phi_d2sens, c(parms[43],run_d[length (run_d
[1:143,1]) ,14] /run_d[length (run_d[1:143,1]) ,13]))

deltalsens<—NULL
for (i in 1:analysis_factor){
parms <— c(beta=theta[1l],Bh=theta[2], psii=theta[3],gamma=theta [4],
tau=theta [5] ,Ln=theta[6],alphal=theta [7],alpha=theta [8] ,G=theta
[9],delta=theta[10], h=theta[11],

epsolonl=theta[12],epsolon2=theta[13],z=theta[14], etatl
=theta[15],etat2=theta[16],etat3=theta[17], 6 etatd=
theta [18],kappa_qtl=theta[19], 6 kappa_qt2=theta [20],

kappa_qt3=theta[21] ,kappa_qtd=theta[22], kappa_Atl=theta
(23], kappa_At2=theta [24] , kappa_At3=theta [25] , kappa_
Atd=theta [26] ,omega_qg=theta [27],omega_A=theta [28],

xi=theta [29] ,0Omega=theta [30] ,V=theta [31], chii _dl=theta
[32], chii _d2=theta[33],xtl=theta [34], xt2=theta [35],
xt3=theta [36] ,xt4d=theta [37], piitl=theta[38],
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666 piit2=theta [39], piit3=theta [40], piitd=theta[41],phi_dl=
theta [42],phi_d2=theta [43], deltal=runif(1,lower[44],
upper [44]) ,Sigma=theta [45] , kappal=theta[46] ,omegal=
theta[47],etal=theta [48],

667 taul=theta [49], delta2=theta [50] ,h2=theta[51],thetha=
theta [52],alpha2=theta [53],r=theta[54],e=theta[55],
Sigmal=theta [56] ,rho=theta [57],irseff=theta [58], phi=
theta [59],amplit=theta[60])

668 run _d<— ode(y=x0_1, times = times, func = sir _fit , parms = parms)

669 deltalsens<—rbind (deltalsens, c(parms[44],run_d[length (run_d

[1:143,1]) ,14] /run _d[length (run_d[1:143,1]) ,13]))

o}

671

o2 Sigmasens<—NULL

es for (i in 1:analysis_factor){

674 parms <— c(beta=theta [1] ,Bh=theta[2], psii=theta[3],gamma=theta [4],

tau=theta [5] ,Ln=theta[6] ,alphal=theta [7],alpha=theta [8] ,G=theta
[9] ,delta=theta [10], h=theta[11],

675 epsolonl=theta[12],epsolon2=theta[13],z=theta[l4],etatl
=theta[15],etat2=theta[16],etat3=theta [17],etatd=
theta [18] ,kappa_qtl=theta[19] , kappa_qt2=theta[20],

676 kappa_qt3=theta[21] ,kappa_qtd=theta [22], kappa_Atl=theta
(23], kappa_At2=theta [24] ,kappa_At3=theta [25] , kappa_
Atd=theta [26] ,omega_qg=theta [27],omega A=theta [28],

677 xi=theta [29] ,0Omega=theta [30] ,V=theta [31], chii_dl=theta
[32], chii _d2=theta[33],xtl=theta [34],xt2=theta[35],
xt3=theta [36] ,xtd=theta [37], piitl=theta[38],

678 piit2=theta [39], piit3=theta[40], piitd=theta[41],phi_dl=
theta [42],phi_d2=theta [43],deltal=theta[44],Sigma=
runif (1,lower[45],upper[45]) ,kappal=theta[46],omegal
=theta [47],etal=theta [48],

679 taul=theta [49], delta2=theta [50],h2=theta[51],thetha=
theta [52] ,alpha2=theta [53],r=theta[54],e=theta[55],
Sigmal=theta [56] ,rho=theta [57],irseff=theta [58], phi=
theta [59] ,amplit=theta [60])

680 run _d<— ode(y=x0_1, times = times, func = sir _fit , parms = parms)
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681 Sigmasens<—rbind (Sigmasens , c(parms[45],run_d[length (run_d
[1:143,1]) ,14] /run _d[length (run_d[1:143,1]) ,13]))

o2}

683

ssa kappalsens<—NULL

ess for (i in 1:analysis_factor)({

686 parms <— c(beta=theta[1],Bh=theta[2], psii=theta[3],gamma=theta [4],
tau=theta [5] ,Ln=theta [6] ,alphal=theta [7],alpha=theta[8] ,G=theta
[9],delta=theta[10], h=theta[11],

687 epsolonl=theta[12],epsolon2=theta[13],z=theta[14], etatl

=theta[15],etat2=theta[16],etat3=theta[17], 6 etatd=
theta [18],kappa_qtl=theta[19],6 kappa_qt2=theta [20],

688 kappa_qt3=theta[21] ,kappa_qtd=theta [22], kappa_Atl=theta
(23], kappa_At2=theta [24] , kappa_At3=theta [25] , kappa_
Atd=theta [26] ,omega_qg=theta [27],omega A=theta [28],

689 xi=theta [29] ,0Omega=theta [30] ,V=theta [31], chii _dl=theta
[32], chii _d2=theta[33],xtl=theta [34],xt2=theta[35],
xt3=theta [36] ,xt4d=theta [37], piitl=theta[38],

690 piit2=theta[39], piit3=theta [40], piitd=theta[41],phi_dl=
theta [42] ,phi_d2=theta[43], deltal=theta[44], Sigma=
theta [45] ,kappal=runif (1,lower[46],upper[46]) ,omegal
=theta[47],etal=theta [48],

691 taul=theta [49], delta2=theta [50],h2=theta[51],thetha=
theta [52] ,alpha2=theta [53],r=theta[54],e=theta[55],
Sigmal=theta [56] ,rho=theta [57],irseff=theta[58], phi=
theta [59],amplit=theta [60])

692 run _d<— ode(y=x0_1, times = times, func = sir _fit, parms = parms)

693 kappalsens<—rbind (kappalsens, c(parms[46],run_d[length (run_d
[1:143,1]) ,14] /run_d[length (run_d[1:143,1]) ,13]))

o1}

695

so0s omegalsens<—NULL

sor for (i in 1:analysis_factor){

698 parms <— c(beta=theta 1] ,Bh=theta[2], psii=theta[3],gamma=theta [4],
tau=theta [5] ,Ln=theta [6] ,alphal=theta [7],alpha=theta [8] ,G=theta
[9] ,delta=theta [10], h=theta[11],
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epsolonl=theta[12],epsolon2=theta[13],z=theta[14], etatl
=theta[15],etat2=theta[16],etat3=theta[17], ctatd=
theta [18] , kappa_qtl=theta [19]  kappa_qt2=theta [20],

kappa_qt3=theta[21] ,kappa_qtd=theta[22], kappa_Atl=theta
(23], kappa_At2=theta [24] , kappa_At3=theta [25] , kappa_
Atd=theta [26] ,omega_qg=theta[27],omega_A=theta [28],

xi=theta [29] ,0Omega=theta [30] ,V=theta [31], chii_dl=theta
[32], chii _d2=theta[33],xtl=theta [34], xt2=theta [35],
xt3=theta [36] ,xtd=theta [37], piitl=theta[38],

piit2=theta [39], piit3=theta [40], piitd=theta [41],phi_dl=
theta [42],phi_d2=theta [43],deltal=theta[44],Sigma=
theta [45],
upper [47]) ,etal=theta [48],

taul=theta [49],delta2=theta [50] ,h2=theta[51],thetha=
theta[52],alpha2=theta[53],r=theta [54],e=theta[55],
Sigmal=theta [56] ,rho=theta [57],irseff=theta [58], phi=
theta [59] ,amplit=theta [60])

kappal=theta [46] ,omegal=runif(1,lower [47],

run _d<— ode(y=x0_1, times = times, func = sir _fit , parms = parms)
omegalsens<—rbind (omegalsens, c(parms[47],run_d[length (run_d

[1:143,1]) ,14] /run_d[length (run_d[1:143,1]) ,13]))

etalsens<—NULL
for (i in 1:analysis_factor){
parms <— c(beta=theta[1l],Bh=theta[2], psii=theta[3],gamma=theta [4],
tau=theta [5] ,Ln=theta[6],alphal=theta [7],alpha=theta [8] ,G=theta
[9],delta=theta[10], h=theta[11],

epsolonl=theta[12],epsolon2=theta[13],z=theta[14], etatl
=theta[15],etat2=theta[16],etat3=theta[17], 6 etatd=
theta [18],kappa_qtl=theta[19], 6 kappa_qt2=theta [20],

kappa_qt3=theta[21] ,kappa_qtd=theta[22], kappa_Atl=theta
(23], kappa_At2=theta [24] , kappa_At3=theta [25] , kappa_
Atd=theta [26] ,omega_qg=theta [27],omega_A=theta [28],

xi=theta [29] ,0Omega=theta [30] ,V=theta [31], chii _dl=theta
[32], chii _d2=theta[33],xtl=theta [34], xt2=theta [35],
xt3=theta [36] ,xt4d=theta [37], piitl=theta[38],
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piit2=theta [39], piit3=theta [40], piitd=theta[41],phi_dl=
theta [42],phi_d2=theta [43],deltal=theta[44],Sigma=
theta [45] ,kappal=theta [46] ,omegal=theta [47] 6 etal=
runif (1,lower [48] ,upper[48]),

taul=theta [49], delta2=theta [50] ,h2=theta[51],thetha=
theta [52],alpha2=theta [53],r=theta[54],e=theta[55],
Sigmal=theta [56] ,rho=theta [57],irseff=theta [58], phi=
theta [59],amplit=theta[60])

run _d<— ode(y=x0_1, times = times, func = sir _fit , parms = parms)
etalsens<—rbind (etalsens, c(parms[48],run_d[length(run_d[1:143,1])
,14] /run _d[length (run_d[1:143,1]) ,13]))

taulsens<-NULL
for (i in 1:analysis _factor){
parms <— c(beta=theta [1] ,Bh=theta[2], psii=theta[3],gamma=theta [4],
tau=theta [5] ,Ln=theta[6] ,alphal=theta [7],alpha=theta [8] ,G=theta
[9] ,delta=theta [10], h=theta[11],

epsolonl=theta[12],epsolon2=theta[13],z=theta[14] 6 etatl
=theta[15],etat2=theta[16],etat3=theta [17],etatd=
theta [18] ,kappa_qtl=theta[19] , kappa_qt2=theta[20],

kappa_qt3=theta[21] ,kappa_qtd=theta [22], kappa_Atl=theta
(23], kappa_At2=theta [24] ,kappa_At3=theta [25] , kappa_
Atd=theta [26] ,omega_qg=theta [27],omega A=theta [28],

xi=theta [29] ,0Omega=theta [30] ,V=theta [31], chii_dl=theta
[32], chii _d2=theta[33],xtl=theta [34],xt2=theta[35],
xt3=theta [36] ,xtd=theta [37], piitl=theta[38],

piit2=theta [39], piit3=theta[40], piitd=theta[41],phi_dl=
theta [42],phi_d2=theta [43],deltal=theta[44],Sigma=
theta[45],kappal=theta[46] ,omegal=theta [47], etal=
theta [48],

taul=runif (1,lower[49] ,upper[49]) ,delta2=theta[50], 6 h2=
theta [51],thetha=theta [52],alpha2=theta [53],r=theta
[54] ,e=theta [55],Sigmal=theta [56] ,rho=theta [57],
irseff=theta[58],phi=theta[59],amplit=theta[60])

run _d<— ode(y=x0_1, times = times, func = sir _fit , parms = parms)
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taulsens<—rbind (taulsens, c(parms[49],run_d[length(run_d[1:143,1])
,14] /run _d[length (run_d[1:143,1]) ,13]))

delta2sens<-NULL
for (i in 1l:analysis_factor){
parms <— c(beta=theta[1],Bh=theta[2], psii=theta[3],gamma=theta [4],
tau=theta [5] ,Ln=theta [6] ,alphal=theta [7],alpha=theta[8] ,G=theta
[9],delta=theta[10], h=theta[11],

epsolonl=theta[12],epsolon2=theta[13],z=theta[14], etatl
=theta[15],etat2=theta[16],etat3=theta[17], 6 etatd=
theta [18],kappa_qtl=theta[19],6 kappa_qt2=theta [20],

kappa_qt3=theta[21] ,kappa_qtd=theta [22], kappa_Atl=theta
(23], kappa_At2=theta [24] , kappa_At3=theta [25] , kappa_
Atd=theta [26] ,omega_qg=theta [27],omega A=theta [28],

xi=theta [29] ,0Omega=theta [30] ,V=theta [31], chii _dl=theta
[32], chii _d2=theta[33],xtl=theta [34],xt2=theta[35],
xt3=theta [36] ,xt4d=theta [37], piitl=theta[38],

piit2=theta[39], piit3=theta [40], piitd=theta[41],phi_dl=
theta [42] ,phi_d2=theta[43], deltal=theta[44], Sigma=
theta [45] ,kappal=theta [46],omegal=theta [47] 6 etal=
theta [48],

taul=theta [49],delta2=runif (1,lower[50],upper[50]) ,h2=
theta [51],thetha=theta[52],alpha2=theta [53],r=theta
[54] ,e=theta [55],Sigmal=theta [56] ,rho=theta [57],
irseff=theta[58],phi=theta[59],amplit=theta [60])

run _d<— ode(y=x0_1, times = times, func = sir _fit, parms = parms)
delta2sens<—rbind (delta2sens , c(parms[50],run_d[length (run_d
[1:143,1]) ,14] /run_d[length (run_d[1:143,1]) ,13]))

(i in 1l:analysis_factor){

parms <— c(beta=theta[l]| ,Bh=theta [2], psii=theta[3],gamma=theta [4],
tau=theta [5] ,Ln=theta [6] ,alphal=theta [7],alpha=theta [8] ,G=theta
[9] ,delta=theta [10], h=theta[11],
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epsolonl=theta[12],epsolon2=theta[13],z=theta[14], etatl
=theta[15],etat2=theta[16],etat3=theta[17], ctatd=
theta [18] , kappa_qtl=theta [19]  kappa_qt2=theta [20],

kappa_qt3=theta[21] ,kappa_qtd=theta[22], kappa_Atl=theta
(23], kappa_At2=theta [24] , kappa_At3=theta [25] , kappa_
Atd=theta [26] ,omega_qg=theta[27],omega_A=theta [28],

xi=theta [29] ,0Omega=theta [30] ,V=theta [31], chii_dl=theta
[32], chii _d2=theta[33],xtl=theta [34], xt2=theta [35],
xt3=theta [36] ,xtd=theta [37], piitl=theta[38],

piit2=theta [39], piit3=theta [40], piitd=theta [41],phi_dl=
theta [42],phi_d2=theta [43],deltal=theta[44],Sigma=
theta[45] ,kappal=theta[46] ,omegal=theta [47], etal=
theta [48],

taul=theta [49], delta2=theta [50] ,h2=runif (1,lower[51],
upper [51]) ,thetha=theta [52],alpha2=theta[53],r=theta
[54] ,e=theta [55],Sigmal=theta [56] ,rho=theta [57],
irseff=theta[58],phi=theta[59],amplit=theta [60])

run _d<— ode(y=x0_1, times = times, func = sir _fit , parms = parms)
h2sens<—rbind (h2sens, c¢(parms[51],run_d[length(run_d[1:143,1]) ,14]
/run_d[length (run_d[1:143,1]) ,13]))

thethasens<—NULL
for (i in 1:analysis_factor){
parms <— c(beta=theta[1l],Bh=theta[2], psii=theta[3],gamma=theta [4],
tau=theta [5] ,Ln=theta[6],alphal=theta [7],alpha=theta [8] ,G=theta
[9],delta=theta[10], h=theta[11],
epsolonl=theta[12],epsolon2=theta[13],z=theta[14], etatl
=theta[15],etat2=theta[16],etat3=theta[17], 6 etatd=
theta [18],kappa_qtl=theta[19], 6 kappa_qt2=theta [20],
kappa_qt3=theta[21] ,kappa_qtd=theta[22], kappa_Atl=theta
(23], kappa_At2=theta [24] , kappa_At3=theta [25] , kappa_
Atd=theta [26] ,omega_qg=theta [27],omega_A=theta [28],
xi=theta [29] ,0Omega=theta [30] ,V=theta [31], chii _dl=theta
[32], chii _d2=theta[33],xtl=theta [34], xt2=theta [35],
xt3=theta [36] ,xt4d=theta [37], piitl=theta[38],
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piit2=theta [39], piit3=theta [40], piitd=theta[41],phi_dl=
theta [42],phi_d2=theta [43],deltal=theta[44],Sigma=
theta [45] ,kappal=theta [46] ,omegal=theta [47] 6 etal=
theta [48],

taul=theta [49], delta2=theta [50] ,h2=theta[51],thetha=
runif(1,lower [52],upper[52]) ,alpha2=theta[53], r=
theta [54] ,e=theta [55],Sigmal=theta[56],rho=theta
[57],irseff=theta[58],phi=theta[59],amplit=theta
[60])

run _d<— ode(y=x0_1, times = times, func = sir _fit , parms = parms)
thethasens<—rbind (thethasens, c(parms[52],run_d[length (run _d
[1:143,1]) ,14] /run_d[length (run_d[1:143,1]) ,13]))

alpha2sens<—NULL

(i in 1:analysis_factor){

parms <— c(beta=theta [1] ,Bh=theta[2], psii=theta[3],gamma=theta [4],
tau=theta [5] ,Ln=theta[6] ,alphal=theta [7],alpha=theta [8] ,G=theta

,delta=theta [10], h=theta[1l1],

epsolonl=theta[12],epsolon2=theta[13],z=theta[14], etatl
=theta[15],etat2=theta[16],etat3=theta[17], etatd=
theta [18] ,kappa_qtl=theta [19] , kappa_qt2=theta [20],
kappa_qt3=theta[21] ,kappa_qtd=theta[22], kappa_Atl=theta
(23], kappa_At2=theta [24] , kappa_At3=theta [25] , kappa_
Atd=theta [26] ,omega_g=theta[27],omega_A=theta [28],
xi=theta [29] ,0Omega=theta [30] ,V=theta [31], chii_dl=theta
[32], chii _d2=theta[33],xtl=theta [34],xt2=theta [35],
xt3=theta [36] ,xtd=theta [37], piitl=theta[38],
piit2=theta [39], piit3=theta [40], piitd=theta[41],phi_dl=

theta[42],phi_d2=theta[43],deltal=theta[44],Sigma=
theta[45] ,kappal=theta[46] ,omegal=theta [47], etal=
theta [48],

taul=theta [49],delta2=theta [50] ,h2=theta[51],thetha=

theta[52],alpha2=runif(1,lower [53],upper[53]) ,r=
theta [54] ,e=theta [55],Sigmal=theta [56],rho=theta
[57],irseff=theta [58],phi=theta [59],amplit=theta
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[60])
776 run _d<— ode(y=x0_1, times = times, func = sir _fit , parms = parms)
777 alpha2sens<—rbind (alpha2sens, c(parms[53],run_d[length (run_d
[1:143,1]) ,14] /run_d[length (run_d[1:143,1]) ,13]))
s}

779

780 rsens<—NULL

s for (i in 1l:analysis_factor)({

782 parms <— c(beta=theta [1] ,Bh=theta[2], psii=theta[3],gamma=theta [4],

tau=theta [5] ,Ln=theta[6],alphal=theta [7],alpha=theta [8] ,G=theta
[9] ,delta=theta [10], h=theta[1l1],

783 epsolonl=theta[12],epsolon2=theta[13],z=theta[l4],etatl
=theta[15],etat2=theta[16],etat3=theta[17],etatd=
theta [18] ,kappa_qtl=theta [19] , kappa_qt2=theta[20],

784 kappa_qt3=theta [21], kappa_qtd=theta [22] ,kappa_Atl=theta
(23], kappa_At2=theta [24] , kappa_At3=theta [25] , kappa_
Atd=theta [26] ,omega_g=theta[27],omega _A=theta [28],

785 xi=theta [29] ,0Omega=theta [30] ,V=theta [31], chii_dl=theta
[32], chii _d2=theta[33],xtl=theta [34],xt2=theta [35],
xt3=theta [36] ,xtd=theta [37], piitl=theta[38],

- piit2=theta [39], piit3=theta [40], piitd=theta[41],phi_dl=
theta [42],phi_d2=theta [43],deltal=theta[44],Sigma=
theta[45] ,kappal=theta [46] ,omegal=theta [47], etal=
theta [48],

787 taul=theta [49],delta2=theta [50] ,h2=theta[51],thetha=

theta [52],alpha2=theta [53],r=runif (1,lower [54], upper
[54]) ,e=theta [55] ,Sigmal=theta [56] ,rho=theta [57],
irseff=theta[58],phi=theta[59],amplit=theta[60])
788 run _d<— ode(y=x0_1, times = times, func = sir _fit , parms = parms)
789 rsens<—rbind (rsens, c(parms[54],run_d|[length(run_d[1:143,1]) ,14]/
run_d[length (run_d[1:143,1]) ,13]))
w0}

791
792 esens<—NULL
3 for (i in 1:analysis_factor){

794 parms <— c(beta=theta[1l] ,Bh=theta[2], psii=theta[3],gamma=theta [4],
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tau=theta [5] ,Ln=theta [6] ,alphal=theta [7],alpha=theta [8] ,G=theta
[9] ,delta=theta [10], h=theta[1l1],

795 epsolonl=theta[12],epsolon2=theta[13],z=theta[14], etatl
=theta[15],etat2=theta[16],etat3=theta [17], etatd=
theta [18] ,kappa_qtl=theta [19] , kappa_qt2=theta[20],

796 kappa_qt3=theta[21] ,kappa_qtd=theta[22], kappa_Atl=theta
(23], kappa_At2=theta [24] , kappa_At3=theta [25] , kappa_
Atd=theta [26] ,omega_qg=theta [27] ,omega A=theta [28],

797 xi=theta [29] ,0Omega=theta [30] ,V=theta [31], chii _dl=theta
[32], chii _d2=theta[33],xtl=theta [34],xt2=theta[35],
xt3=theta [36] ,xt4d=theta [37], piitl=theta[38],

798 piit2=theta [39], piit3=theta [40], piitd=theta[41],phi_dl=
theta [42] ,phi_d2=theta [43], deltal=theta [44], Sigma=
theta [45] ,kappal=theta [46] ,omegal=theta [47] 6 etal=
theta [48],

799 taul=theta [49], delta2=theta [50],h2=theta[51],thetha=
theta [52] ,alpha2=theta [53],r=theta[54],e=runif (1,
lower [55] ,upper [55]) ,Sigmal=theta[56] ,rho=theta [57],
irseff=theta[58],phi=theta[59],amplit=theta[60])

800 run _d<— ode(y=x0_1, times = times, func = sir _fit , parms = parms)

501 esens<—rbind (esens, c(parms[55],run_d[length(run_d[1:143,1]) ,14]/

run _d[length (run_d[1:143,1]) ,13]))
w2}

503

soa Sigmalsens<—NULL

sos for (i in 1l:analysis_factor){

806 parms <— c(beta=theta 1] ,Bh=theta[2], psii=theta[3],gamma=theta [4],

tau=theta [5] ,Ln=theta[6] ,alphal=theta [7], alpha=theta [8] ,G=theta
[9] ,delta=theta [10], h=theta[1l1],

807 epsolonl=theta[12],epsolon2=theta[13],z=theta[l4],ctatl
=theta[15],etat2=theta[16],etat3=theta[17],etatd=
theta [18] ,kappa_qtl=theta[19] , kappa_qt2=theta[20],

808 kappa_qt3=theta[21] ,kappa_qtd=theta[22], kappa_Atl=theta
(23], kappa_At2=theta [24] ,kappa_At3=theta [25] , kappa_
Atd=theta [26] ,omega_qg=theta [27],omega A=theta [28],

509 xi=theta [29] ,0Omega=theta [30] ,V=theta[31], chii_dl=theta



810

811

812
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[32], chii _d2=theta[33],xtl=theta [34],xt2=theta [35],
xt3=theta [36] ,xt4d=theta [37], piitl=theta[38],
piit2=theta[39], piit3=theta[40], piit4d=theta[41],phi_dl=

theta[42],phi_d2=theta[43],deltal=theta[44],Sigma=
theta [45] ,kappal=theta [46] ,omegal=theta [47]  , etal=
theta [48],

taul=theta [49],delta2=theta [50] ,h2=theta[51],thetha=

theta[52],alpha2=theta[53],r=theta [54],e=theta[55],
Sigmal=runif (1,lower[56],upper[56]) ,rho=theta[57],
irseff=theta[58],phi=theta[59],amplit=theta [60])

run _d<— ode(y=x0_1, times = times, func = sir _fit , parms = parms)
Sigmalsens<—rbind (Sigmalsens, c¢(parms[56],run_d[length (run_d
[1:143,1]) ,14] /run _d[length (run_d[1:143,1]) ,13]))

rhosens<—NULL
for (i in 1l:analysis_factor){
parms <— c(beta=theta[1l] ,Bh=theta[2], psii=theta[3],gamma=theta [4],
tau=theta [5] ,Ln=theta [6] ,alphal=theta [7],alpha=theta[8] ,G=theta
[9],delta=theta[10], h=theta[11],

819

820

821

822

823

epsolonl=theta[12],epsolon2=theta[13],z=theta[14], etatl
=theta[15],etat2=theta[16],etat3=theta[17], 6 etatd=
theta [18],kappa_qtl=theta[19],6 kappa_qt2=theta [20],
kappa_qt3=theta[21] ,kappa_qtd=theta[22], kappa_Atl=theta
(23], kappa_At2=theta [24] , kappa_At3=theta [25] , kappa_
Atd=theta [26] ,omega_g=theta[27],omega A=theta [28],
xi=theta [29] ,0Omega=theta [30] ,V=theta [31], chii _dl=theta
[32], chii _d2=theta[33],xtl=theta [34],xt2=theta[35],
xt3=theta [36] ,xt4d=theta [37], piitl=theta[38],
piit2=theta[39], piit3=theta [40], piitd=theta[41],phi_dl=
theta[42],phi_d2=theta[43],deltal=theta[44], Sigma=
theta [45] ,kappal=theta [46] ,omegal=theta [47] 6 etal=
theta [48],
taul=theta [49], delta2=theta [50],h2=theta[51], thetha=
theta [52] ,alpha2=theta [53],r=theta[54],e=theta[55],
Sigmal=theta [56] ,rho=runif(1,lower [57] ,upper[57]),
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irseff=theta[58],phi=theta[59],amplit=theta[60])
824 run _d<— ode(y=x0_1, times = times, func = sir _fit , parms = parms)
825 rhosens<—rbind (rhosens, c(parms[57],run_d[length(run_d[1:143,1])
,14] /run _d[length (run_d[1:143,1]) ,13]))
w0}

s27

s2s irseffsens<—NULL

s20 for (i in 1l:analysis_factor)({

830 parms <— c(beta=theta [1] ,Bh=theta[2], psii=theta[3],gamma=theta [4],

tau=theta [5] ,Ln=theta[6],alphal=theta [7],alpha=theta [8] ,G=theta
[9] ,delta=theta [10], h=theta[1l1],

831 epsolonl=theta[12],epsolon2=theta[13],z=theta[l4],etatl
=theta[15],etat2=theta[16],etat3=theta[17],etatd=
theta [18] ,kappa_qtl=theta [19] , kappa_qt2=theta[20],

832 kappa_qt3=theta [21], kappa_qtd=theta [22] ,kappa_Atl=theta
(23], kappa_At2=theta [24] , kappa_At3=theta [25] , kappa_
Atd=theta [26] ,omega_g=theta[27],omega _A=theta [28],

833 xi=theta [29] ,0Omega=theta [30] ,V=theta [31], chii_dl=theta
[32], chii _d2=theta[33],xtl=theta [34],xt2=theta [35],
xt3=theta [36] ,xtd=theta [37], piitl=theta[38],

- piit2=theta [39], piit3=theta [40], piitd=theta[41],phi_dl=
theta [42],phi_d2=theta [43],deltal=theta[44],Sigma=
theta[45] ,kappal=theta [46] ,omegal=theta [47], etal=
theta [48],

835 taul=theta [49],delta2=theta [50] ,h2=theta[51],thetha=

theta [52],alpha2=theta [53],r=theta[54],e=theta[55],
Sigmal=theta [56] ,rho=theta [57],irseff=runif(1,lower
[58] ,upper [58]) ,phi=theta [59] ,amplit=theta [60])
836 run _d<— ode(y=x0_1, times = times, func = sir _fit , parms = parms)
837 irseffsens<—rbind (irseffsens , c(parms[58],run_d[length (run_d
[1:143,1]) ,14] /run_d[length (run_d[1:143,1]) ,13]))
w5}

839
840 phisens<—NULL
s for (i in 1:analysis_factor)({

542 parms <— c(beta=theta[1l] ,Bh=theta[2], psii=theta[3],gamma=theta [4],
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tau=theta [5] ,Ln=theta [6] ,alphal=theta [7],alpha=theta [8] ,G=theta
[9] ,delta=theta [10], h=theta[1l1],
epsolonl=theta[12],epsolon2=theta[13],z=theta[14], etatl
=theta[15],etat2=theta[16],etat3=theta [17], etatd=
theta [18] ,kappa_qtl=theta [19] , kappa_qt2=theta[20],
kappa_qt3=theta[21] ,kappa_qtd=theta[22], kappa_Atl=theta
(23], kappa_At2=theta [24] , kappa_At3=theta [25] , kappa_
Atd=theta [26] ,omega_qg=theta [27] ,omega A=theta [28],
xi=theta [29] ,0Omega=theta [30] ,V=theta [31], chii _dl=theta
[32], chii _d2=theta[33],xtl=theta [34],xt2=theta[35],
xt3=theta [36] ,xt4d=theta [37], piitl=theta[38],
piit2=theta [39], piit3=theta [40], piitd=theta[41],phi_dl=
theta [42] ,phi_d2=theta [43], deltal=theta [44], Sigma=
theta [45] ,kappal=theta [46] ,omegal=theta [47] 6 etal=
theta [48],
taul=theta [49], delta2=theta [50],h2=theta[51],thetha=
theta [52],alpha2=theta [53],r=theta[54],e=theta[55],
Sigmal=theta [56] ,rho=theta [57],irseff=theta [58], phi=
runif (1,lower [59],upper[59]) ,amplit=theta [60])
run _d<— ode(y=x0_1, times = times, func = sir _fit , parms = parms)
phisens<—rbind (phisens, c(parms[59],run_d[length(run_d[1:143,1])
,14] /run_d[length (run_-d[1:143,1]) ,13]))

amplitsens<—NULL
for (i in 1:analysis_factor){
parms <— c(beta=theta 1] ,Bh=theta[2], psii=theta[3],gamma=theta [4],
tau=theta [5] ,Ln=theta[6] ,alphal=theta [7], alpha=theta [8] ,G=theta
[9] ,delta=theta [10], h=theta[1l1],
epsolonl=theta[12],epsolon2=theta[13],z=theta[l4],ctatl
=theta[15],etat2=theta[16],etat3=theta[17],etatd=
theta [18] ,kappa_qtl=theta[19] , kappa_qt2=theta[20],
kappa_qt3=theta[21] ,kappa_qtd=theta[22], kappa_Atl=theta
(23], kappa_At2=theta [24] ,kappa_At3=theta [25] , kappa_
Atd=theta [26] ,omega_qg=theta [27],omega A=theta [28],
xi=theta [29] ,0Omega=theta [30] ,V=theta[31], chii_dl=theta
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[32], chii _d2=theta[33],xtl=theta [34],xt2=theta [35],
xt3=theta [36] ,xt4d=theta [37], piitl=theta[38],
piit2=theta [39], piit3=theta [40], piitd=theta [41],phi_dl=

theta [42],phi_d2=theta [43], deltal=theta [44], Sigma=
theta[45] ,kappal=theta[46] ,omegal=theta [47], etal=
theta [48],

taul=theta [49],delta2=theta [50] ,h2=theta[51],thetha=
theta[52],alpha2=theta[53],r=theta [54],e=theta[55],
Sigmal=theta [56] ,rho=theta [57],irseff=theta [58], phi=
theta [59] ,amplit=runif (1,lower[60],upper[60]))
run _d<— ode(y=x0_1, times = times, func = sir _fit , parms = parms)
amplitsens<—rbind (amplitsens , c(parms[60],run_d[length (run_d
[1:143,1]) ,14] /run _d[length (run_d[1:143,1]) ,13]))

par (mfrow=c (3,4))
hist (betasens|,2], xlim=c(5,25), main="heta”, xlab=" ")
hist (Bhsens[,2], xlim=c(5,25), main="Bh”, xlab=" ")

2], xlim=c( 5, 25), main="kappa_qtl”, xlab=" ")

(
hist (psiisens[,2], xlim=c(5,25), main="psii”, xlab=" ")
hist (gammasens|,2], xlim=c(5,25), main="gamma” , xlab=" ")
hist (tausens|[,2], xlim=c( 5, 25), main="tau”, xlab=" ")
hist (Lnsens[,2], xlim=c( 5, 25), main="Ln" , xlab=" ")
hist (alphalsens[,2], xlim=c( 5, 25), main="alphal”  xlab=" ")
hist (alphasens[,2], xlim=c( 5, 25), main="alpha” 6 xlab=" ")
hist (Gsens[,2], xlim=c( 5, 25), main="G", xlab=" ")
hist (deltasens[,2], xlim=c( 5, 25), main="delta”, xlab=" ")
hist (hsens[,2], xlim=c( 5, 25), main="h", xlab=" ")
hist (epsolonlsens[,2], xlim=c( 5, 25), main="epsolonl”  xlab=" ")
hist (epsolon2sens[,2], xlim=c( 5, 25), main="epsolon2”  xlab=" ")
hist (zsens[,2], xlim=c( 5, 25), main="z", xlab=" ")
hist (etatlsens[,2], Xhm:c( 5, 25), main="ectatl”  xlab=" ")
hist (etat2sens|[,2], xlim=c( 5, 25), main="ctat2”, xlab=" ")
hist (etat3sens[,2], xlim=c( 5, 25), main="ctat3”, xlab=" ")
hist (etatdsens[,2], xlim=c( 5, 25), main="ctatd” K xlab=" ")
(
(

hist (kappa_qtlsens|
[

2
hist (kappa_qt2sens[,2], xlim=c( 5, 25), main="kappa_qt2”, xlab=" ")



sss hist (kappa_qt3sens|[,2], xlim=c( 5, 25), main="kappa_qt3”, xlab="
sss hist (kappa_qtdsens|[,2], xlim=c( 5, 25), main="kappa_qt4”, xlab="
ss7 hist (kappa_Atlsens[,2], xlim=c( 5, 25), main="kappa_Atl”  xlab="
sss hist (kappa_At2sens[,2], xlim=c( 5, 25), main="kappa_At2”, xlab="
sso hist (kappa_At3sens[,2], xlim=c( 5, 25), main="kappa_At3", xlab="
so0o hist (kappa_Atdsens[,2], xlim=c( 5, 25), main="kappa_At4” | xlab="
g1 hist (omega_qsens[,2], xlim=c( 5, 25), main="omega_q”, xlab=" ")
so2 hist (omega_Asens[,2], xlim=c( 5, 25), main="omega A" xlab=" ")
so3 hist (xisens|[,2], xlim=c( 5, 25), main="xi", xlab=" ")

soa hist Omegasens[ 2], Xlim:C< 5, 25), IIlELiIl:”()111egaf’7 xlab=" w)
sos hist (Vsens|[,2], xlim=c( 5, 25), main="V", xlab=" ")
(5, 25), main="chii_dl”, xlab=" ")
(5

25), main="chii_d1”, xlab=" ")

sos hist (chii_dlsens[,2], xlim=c

sor hist (chii_d2sens[,2], xlim=c

sos  hist (xtlsens[,2], xlim=c( 5, 25), main="xt1", xlab=" ")
soo hist (xt2sens|[,2], xlim=c( 5, 25), main="xt2", xlab=" ")
w0 hist (xt3sens[,2], xlim=c( 5, 25), main="xt3", xlab=" ")
oo hist (xtdsens|[,2], xlim=c( 5, 25), main="xt4" xlab=" ")

[,2], xlim=c( 5, 25), main="piit1”, xlab=" ")
o3 hist (piit2sens|,2], xlim=c( 5, 25), main="piit2", xlab=" ")
os hist(piit3sens[,2], xlim=c( 5, 25), main="piit3", xlab=" ")
oos hist (piitdsens]|,2], xlim=c( 5, 25), main="piitd”  xlab=" ")
oos hist (phi_dlsens|[,2], xlim=c( 5, 25), main="phi_dl”, xlab=" ")
oor hist (phi_d2sens|[,2], xlim=c( 5, 25), main="phi_d2", xlab=" ")
os hist (deltalsens][,2], xlim=c( 5, 25), main="deltal” xlab=" ")
o0o hist (Sigmasens]|,2], xlim=c( 5, 25), main="Sigma” , xlab=" ")
o0 hist (kappalsens|[,2], xlim=c( 5, 25), main="kappal” 6 xlab=" ")
o hist (omegalsens[,2], xlim=c( 5, 25), main="omegal” , xlab=" ")

o1 hist (etalsens[,2
o3 hist (taulsens][,2], xlim=c(

(
(

|, xlim=c( 5, 25), main="ctal”, xlab=" ")
5, 25), main="taul” | xlab=" ")
(

914 hlSt deltaQSenS [ 2] s Xlim:C , 25) , mainzw (1011?32“ , Xlab:M 77)
) main="he” , xlabe’ 7)
9 25) 9 IIla:lIl:R t}let}la ” s Xlab:‘ 77)

5
o5 hist (h2sens|,2] 5
5
5, 25), main="alpha2”  xlab=" ")
)
)
5

o6 hist (thethasens][,2], xlim=c
[

oir hist (alpha2sens|,2], xlim=c

, main="1r" | xlab=" ")

o190 hist esens[ ] Xlim:C< 5, . main="¢", xlab=" :-,)

(
(
(
(
(
(
(
(
(
(
(
(
(
(
(
(
(
o2 hist(piitlsens
(
(
(
(
(
(
(
(
(
(
(
(
(
(
(
(
(
(

(
(
ois hist (rsens[,2], xlim=c( 5, 2
2
(

o0 hist (Sigmalsens[,2], xlim=c , 25), main="Sigmal” , xlab=" ")
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hist (rhosens[,2], xlim=c( 5, 25), main="rho”, xlab=" ")

(

hist (irseffsens|[,2], xlim=c( 5, 25), main="irseff”, xlab=" ")

hist (phisens[,2], xlim=c( 5, 25), main="phi”, xlab=" ")
(

hist (amplitsens|[,2], xlim=c( 5, 25), main="amplit”, xlab=" ")

par (mfrow=c (3,4))
plot (betasens[,1],betasens[,2], main="heta” | xlab="Parameter value”
ylab="Estimated cases”)

plot (Bhsens[,1],Bhsens|,2], main="Bh” | xlab="Parameter value”  ylab=
?Estimated cases”)

plot (psiisens[,1], psiisens[,2], main="psii”’, xlab="Parametervalue”
ylab="Estimated cases”)

plot (gammasens|[,1], gammasens[,2], main="gamma” , xlab="Parameter
value” | ylab="Estimated cases”)

plot (tausens[,1], tausens[,2], main="tau”, xlab="Parameter value”,
ylab="Estimated cases”)

plot (Lnsens[,1], Lnsens[,2], main="Ln", xlab="Parameter value”  ylab
=" Estimated cases”)

plot (alphalsens[,1], alphalsens[,2], main="alphal”, xlab="Parameter
value” | ylab="Estimated cases”)

plot (alphasens|[,1], alphasens[,2], main="alpha” , xlab="Parameter
value” ; ylab="Estimated cases”)

plot (Gsens[,1], Gsens|,2], main="G", xlab="Parameter value”  ylab="
Estimated cases”)

plot (deltasens|[,1], deltasens[,2], main="delta” , xlab="Parameter
value” , ylab="Estimated cases”)

plot (hsens[,1], hsens[,2], main="h", xlab="Parameter value”  ylab="
Estimated cases”)

plot (epsolonlsens|[,1], epsolonlsens|,2], main="epsolonl” xlab="
Parameter value”, ylab="Estimated cases”)

plot (epsolon2sens|,1], epsolon2sens|,2], main="epsolon2”  xlab="
Parameter value” | ylab="Estimated cases”)

plot (zsens[,1], zsens][,2], main="2", xlab="Parameter value”  ylab="
Estimated cases”)

plot (etatlsens|[,1], etatlsens[,2], main="ctatl”  xlab="Parameter

value” | ylab="Estimated cases”)
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sz plot(etat2sens|,1], etat2sens|[,2], main="ctat2”  xlab="Parameter
value” | ylab="Estimated cases”)

sz plot(etat3sens|,1], etat3sens|[,2], main="etat3”  xlab="Parameter
value” , ylab="Estimated cases”)

saa plot (etatdsens[,1], etatdsens[,2], main="ctatd”, xlab="Parameter
value” | ylab="Estimated cases”)

as plot (kappa_qtlsens[,1], kappa_qtlsens[,2], main="kappa_qtl”, xlab="
Parameter value”, ylab="Estimated cases”)

7

as plot (kappa_qt2sens|[,1], kappa_qt2sens[,2], main="kappa_qt2”, xlab="
Parameter value” | ylab="Estimated cases”)

sar plot (kappa_qt3sens[,1], kappa_qt3sens[,2], main="kappa_qt3”, xlab="
Parameter value” , ylab="Estimated cases”)

7

aus plot (kappa_qtdsens|[,1], kappa_qtdsens[,2], main="kappa_qt4”, xlab="
Parameter value” | ylab="Estimated cases”)

a0 plot (kappa_Atlsens[,1], kappa_Atlsens[,2], main="kappa_Atl”  xlab="
Parameter value” , ylab="Estimated cases”)

o0 plot (kappa_At2sens[,1], kappa_At2sens[,2], main="kappa_At2”, xlab="
Parameter value” | ylab="Estimated cases”)

51 plot (kappa_At3sens[,1], kappa_At3sens[,2], main="kappa_At3”, xlab="
Parameter value”, ylab="Estimated cases”)

o2 plot (kappa_Atdsens[,1], kappa_Atdsens[,2], main="kappa_Atd”, xlab="
Parameter value” | ylab="Estimated cases”)

o3 plot (omega_qsens[,1], omega_qgsens|[,2], main="omega_q”, xlab="
Parameter value”, ylab="Estimated cases”)

50 plot (omega_Asens[,1], omega_Asens[,2], main="omega A" xlab="
Parameter value”, ylab="Estimated cases”)

o5 plot(xisens|[,1], xisens[,2], main="xi", xlab="Parameter value”  ylab
=" Estimated cases”)

056 plot (Omegasens|,1], Omegasens|,2], main="0Omega” , xlab="Parameter
value” , ylab="Estimated cases”)

os7 plot (Vsens|[,1], Vsens[,2], main="V"  xlab="Parameter value”, ylab="
Estimated cases”)

oss plot(chii_dlsens[,1], chii_dlsens[,2], main="chii_dl”, xlab="
Parameter value”, ylab="Estimated cases”)

050 plot(chii_d2sens[,1], chii_d2sens[,2], main="chii_d2” 6 xlab="

Parameter value” | ylab="Estimated cases”)
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o0 plot(xtlsens|[,1], xtlsens[,2], main="xt1", xlab="Parameter value”
ylab="Estimated cases”)

o1 plot(xt2sens|,1], xt2sens[,2], main="xt2", xlab="Parameter value”
ylab="Estimated cases”)

o2 plot (xt3sens|,1], xt3sens[,2], main="xt3", xlab="Parameter value”
ylab="Estimated cases”)

o3 plot (xtdsens|,1], xtdsens[,2], main="xt4" | xlab="Parameter value”
ylab="Estimated cases”)

sa plot(piitlsens]|,1], piitlsens|[,2], main="piitl" xlab="Parameter
value” | ylab="Estimated cases”)

o5 plot (piit2sens[,1], piit2sens[,2], main="piit2", xlab="Parameter
value” | ylab="Estimated cases”)

s plot(piit3sens]|,1], piit3sens|[,2], main="piit3", xlab="Parameter
value” | ylab="Estimated cases”)

o7 plot (piitdsens[,1], piitdsens[,2], main="piit14"7  xlab="Parameter
value” | ylab="Estimated cases”)

ss plot (phi_dlsens[,1], phi_dlsens][,2], main="phi_dl”, xlab="Parameter
value” | ylab="Estimated cases”)

oo plot (phi_d2sens[,1], phi_d2sens[,2], main="phi_d2”, xlab="Parameter
value” | ylab="Estimated cases”)

oo plot (deltalsens[,1], deltalsens][,2], main="deltal”, xlab="Parameter
value” ; ylab="Estimated cases”)

o plot (Sigmasens|,1], Sigmasens|,2], main="5Sigma” , xlab="Parameter
value” | ylab="Estimated cases”)

o2 plot (kappalsens|,1], kappalsens|,2], main="kappal”, xlab="Parameter
value” , ylab="Estimated cases”)

oa plot (omegalsens|,1], omegalsens|,2], main="omegal” , xlab="Parameter
value” | ylab="Estimated cases”)

oa plot (etalsens|,1], etalsens[,2], main="etal”, xlab="Parameter value”
, ylab="Estimated cases”)

ors plot (taulsens|,1], taulsens|[,2], main="taul”, xlab="Parameter value”
, ylab="Estimated cases”)

os plot (delta2sens[,1], delta2sens][,2], main="delta2”, xlab="Parameter
value” , ylab="Estimated cases”)

o7 plot (h2sens|[,1], h2sens[,2], main="h2"  xlab="Parameter value”  ylab

=" Estimated cases”)
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plot (thethasens|[,1], thethasens[,2], main="

value” | ylab="Estimated cases”)

plot (alpha2sens|[,1], alpha2sens[,2], main="

value” , ylab="Estimated cases”)

plot (rsens|,1], rsens[,2], main="1r", xlab="

Estimated cases” )

plot (esens[,1], esens[,2], main="e¢" | xlab="

Estimated cases”)

plot (Sigmalsens|,1], Sigmalsens[,2], main="

value” | ylab="Estimated cases”)
plot (rhosens[,1], rhosens[,2], main="rho” |

ylab="Estimated cases”)

plot (irseffsens[,1], irseffsens[,2], main="

value” | ylab="Estimated cases”)
plOt(phisens [ ’1] ) phisens [ 72] 9 main=" Dhil/7 )

ylab="Estimated cases”)

plot (amplitsens|[,1], amplitsens[,2], main="

value” | ylab="Estimated cases”)
#Multivariate sensitivity
data<—NULL
#runs

for (i in 1:10){
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thetha” , xlab="Parameter

alpha2”, xlab="Parameter

Parameter value”, ylab="

Parameter value”, ylab="

Sigmal” , xlab="Parameter

xlab="Parameter value”,

irseff”, xlab="Parameter

xlab="Parameter value”

Y

ampit” , xlab="Parameter

parms <— c(beta=theta[l] ,Bh=theta [2], psii=theta[3],gamma=theta [4],
tau=theta [5] ,Ln=theta[6] , alphal=theta [7], alpha=theta [8] ,G=theta

[9] ,delta=theta [10], h=theta[11],

epsolonl=theta[12],epsolon2=theta[13],z=theta[14], etatl
=theta[15],etat2=theta[16],etat3=theta[17],etatd=
theta [18] ,kappa_qtl=theta[19]  kappa_qt2=theta[20],

kappa_qt3=theta[21] , kappa_qtd=

theta [22] ,kappa_Atl=theta

[23] ,kappa_At2=theta [24] , kappa_At3=theta [25] , kappa_
Atd=theta [26] ,omega_qg=theta [27],omega A=theta [28],
xi=theta [29] ,0Omega=theta [30] ,V=theta[31], chii _dl=theta
[32], chii_d2=theta [33],xtl=theta[34],xt2=theta[35],
xt3=theta [36] ,xtd=theta [37], piitl=theta[38],
piit2=theta [39], piit3=theta [40], piitd=theta[41],phi_dl=
theta [42],phi_d2=theta [43],deltal=theta[44],Sigma=
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theta[45] ,kappal=theta[46] ,omegal=theta [47], etal=
theta [48],
taul=theta [49], delta2=theta [50] ,h2=theta[51],thetha=
theta[52],alpha2=theta[53],r=theta [54],e=theta[55],
Sigmal=theta [56] ,rho=theta [57],irseff=theta [58], phi=
theta [59] ,amplit=runif(1,lower[60],upper[60]))
run _d<— ode(y=x0_1, times = times, func = sir _fit , parms = parms)

data<—rbind (data, trtprop=c(parms,run_d[length(run_d[1:143,1])

,13]))

Iml<—lm(data[,14] "data],1:13], data=as.data.frame(data))
library (QuantPsyc)

Im2<—Im. beta (lml)

stdcoeff<—cbind (sort (abs(lm2), decreasing = T))

stdcoeff
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