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Dynamical Analysis of Malaria Transmission with Temporary Immunity and Fuzzy
Parameters through Mathematical Modeling

Sakshi Singh, Shashank Goel and Alka Tripathi

ABSTRACT: Malaria is one of the most prevalent mosquito-borne diseases across the globe, which is contracted
through an Anopheles mosquito bite and continues to pose a major threat to human health in tropical and
subtropical regions of the world. The vaccine for malaria has not been developed yet to provide full immunity
from the infection of the disease. So, the spread of malaria can be reduced by effective treatment and
monitoring the duration of immunity in the recovered individual. In view of this, to examine the dynamics
of malaria transmission, we incorporated fuzzy theory to account for the uncertainty in disease dynamics
caused by fluctuations in viral loads. Thus, the novel fuzzy SIRSI compartmental epidemic model for malaria
disease transmission has been proposed, including the rate of disease transmission, rate of acquired temporary
immunity, and rate of disease-induced mortality as functions of the viral load. The positivity and boundedness
of the epidemic model have been established. A mathematical analysis of the epidemic model has been
conducted, where equilibrium points, basic reproduction number, and fuzzy basic reproduction number have
been obtained, and stability analysis for equilibrium points has been performed. The bifurcation threshold
formula for viral load has been derived. Also, fuzzy global stability has been carried out by using the approach
of graph theory. Numerical simulations have been performed to verify the analytical findings of the epidemic
model. Latin hypercube sampling and partial rank correlation coefficients have been used to perform global
sensitivity analysis for the basic reproduction number. These results emphasize the need for policymakers and
public health professionals to put preventative measures into place to control the spread of malaria in society
when disease dynamics are ambiguous.
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1. Introduction

Malaria is a vector-borne disease that is caused by the protozoan genus Plasmodium: Plasmodium
Vivax, Plasmodium Falciparum, Plasmodium Malaria, Plasmodium Ovale and Plasmodium Knowlesi
[11]. Out of these five categories, Plasmodium Vivax and Falciparum are considered to be the most
dangerous protozoans. An infected Anopheles mosquito bites the person and injects a parasite called
sporozoites, which then settles in the hepatocytes (liver cells), where they multiply asexually to form
merozoites. These merozoites are released into the bloodstream when the infected liver cells rupture.
Once in the blood, the merozoites invade erythrocytes (red blood cells) and continue to multiply until
the host cell bursts. This cyclical destruction of red blood cells leads to recurring symptoms such as
chills, fever, and sweating [20].

Malaria is a chronic illness that imposes a substantial social, economic, and health burden. Despite
being studied for centuries, it remains a major public health challenge. According to the WHO Malaria
report 2024 [55], nearly 263 million malaria cases were estimated worldwide in 2023. This represents an
increase of 11 million cases over 2022. In the 108 countries where malaria was prevalent in 2000, the
expected yearly number of malaria cases stayed constant between 2000 and 2019, ranging between 227
million and 248 million. Further, malaria cases have been rising gradually since 2020, with the majority of
this rise occurring in nations in the WHO Eastern Mediterranean Region (15.5%) and the WHO African
Region (89.7%). Ethiopia was the primary nation responsible for the rise in cases (+4.5 million) between
2022 and 2023.

The World Health Organization (WHO) has approved numerous control measures that target Anophe-
les mosquitoes such as indoor residual spray (IRS), long-lasting insecticide-treated nets (LLINs), lotions,
and house nets but malaria is still a burden for human society. The intended impact on malaria pre-
vention has been hampered by several factors, including non-adherence, treatment failure, resistance to
insecticide, low public knowledge, and household related restriction, despite efforts involving community
participation, prompt diagnosis, drug treatment, and disease surveillance [2].

Immunity is the body’s natural defense system that protects against harmful pathogens such as
bacteria, viruses, and parasites. It involves a complex network of cells, tissues, and organs that work
together to identify and eliminate foreign invaders. Immunity to a disease can be acquired at birth by
vaccination, infection, or maternal antibodies (for infants born to immune mothers). It must be increased
through immunization or infection exposure, but it diminishes with time. Malaria disease incidence tends
to decrease consistently with age, meaning that children in the 5-9 age group have noticeably fewer
episodes than those in the 1-4 age group [32].

In regions of Africa where malaria has been common for a long time, people get infected so often
that they gain some immunity to the disease and may become asymptomatic carriers of the infection [3].
They may have liver and spleen enlargement due to persistent infection as a result of extensive malaria
exposure. Sterile immunity is probably never achieved by this gradual process, which might take years
or decades to develop [19]. Low-level infection exposure, on the other hand, is crucial because it serves
as a vaccination and builds disease resistance [16]. People who use mosquito nets at night, for instance,
are typically immune to the disease because the few bites they get outside the nets are insufficient to
spread it; instead, the brief exposure to infection builds immunity. Humans are therefore vulnerable
to reinfections since their immune systems may not be completely protected (partial immunity) or may
gradually deteriorate (temporary immunity).

Over the years, mathematical modeling has been used to understand how infectious illnesses propagate
within a population. The first deterministic SIR compartmental model was presented by Kermack and
McKendrick in 1927 [21], which sparked interest in mathematical models that use complex presumptions
and methods to comprehend disease dynamics. Additional instances of advancements in the field of com-
partmental epidemic models include a vaccination method in an SIR model [45], a vertical transmission
SEIR model [25], an SIR model that incorporates immigration and age structure [15], a delayed SEIQR
model to investigate COVID-19 dynamics [8], and an SDIQR model using migrants who are infected [43].
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Working for the Indian Medical Service in the 1890s, Sir Ronald Ross identified the malaria parasite’s
life cycle in mosquitoes. He was also one of the first to publish a number of studies [41,42] in the early
1900s that used mathematical functions to analyze malaria transmission. The SIR model, put forth by
Kermack and Mckendrick [21] in 1927, aided in the development of a mathematical model of infectious
diseases. Numerous individuals have been working on this concept with improvements ever since. The
SEIRS model is put forth by Ngwa and Shu [37] to investigate the spread of disease between human and
mosquito populations. Based on the reproduction number, they presented their findings. The authors of
[40] presented a seven-dimensional ordinary differential equation model of human-mosquito transmission
of Plasmodium falciparum malaria, including nonlinear infectivity as saturation incidence. The authors of
[24] employed simple stage-structured mosquito populations and metamorphic stages in their populations.
Researchers examine SEIR models with transient immunity and non-linear saturation occurrence in [22].
Over time, numerous researchers have also been using mathematical modeling for the dynamic analysis
of malaria transmission.

Connection to existing work and motivation: In 2011, a statistical modeling approach to malaria
was introduced by Mandal et al. [30]. In 2012, Chitnis et al. [10] concentrated on modeling mosquito-
borne malaria transmission. In 2013, Ghosh [17] created a malaria model that included elements of
treatment function. In 2017, Osman et al. [35] presented a transmission SEIR model and applied
it to malaria transmission between mosquitoes and humans. Traoré et al. [49] investigated malaria
transmission while taking seasonality into account and organized vector populations. In 2018, a model
involving two age groups in the human population was created by Beretta et al. [7], whereas Bakary et
al. [4] investigated malaria in a periodic context. Olabisi et al. [39] examined the asymptotic stability
of a malaria model, and Koutou et al. [23] looked at human population transmission, and a thorough
analysis of the literature on malaria modeling was presented by Eikenberry [14]. In 2019, White et al.
[54] concentrated on designing model-based strategies for the eradication of malaria. In 2020, Demasse
et al. [13] made a contribution to the analysis of malaria transmission, and in a different study, Traoré
et al. [48] analyzed the spread of malaria while taking variable temperature and mosquito population.
The scope was expanded in 2021 by Tchoumi et al. [46] to incorporate optimal management in situations
where COVID-19 and malaria co-infect. A mathematical model was developed by Nwankwo et al. [38]
in 2022 to study malaria population dynamics with a focus on temperature-dependent control strategies.
A mathematical model was proposed by Tchoumi et al. [47] in 2023 to examine the relationship between
childhood malnutrition and malaria. In 2024, Haringo et al. [18] developed a mathematical model
of malaria transmission that takes into account treatment interventions and media awareness. Lastly,
in 2025, a unique malaria transmission model that incorporates socioeconomic structure into disease
dynamics is presented in this work by Ullah et al. [51].

The authors [50] presented vital (birth and death) dynamics in both mosquito and human populations.
Since immunization to malaria requires ongoing exposure to reinfection, infected persons either develop
some immunity or become susceptible once again. The disease may potentially cause them to pass away.
Therefore, the susceptible-infective-immune SIRS in the human population and SI for the mosquito
vector population served as the foundation for the model. The pace at which parasites were removed
from the human host as a result of treatment was known as the recovery rate. In order to investigate
the dynamics of malaria over extended periods of time, the authors developed an endemic model, where
vulnerable humans were renewed as a result of births and immunity loss. To re-enter the vulnerable
class, the authors included both immune humans who have lost their immunity to the disease and some
diseased humans who recovered from infection. There was no vertical transmission, and all newborns
were vulnerable to the transmission. Thus, the proposed model in [50] is as follows:

dSH abS’HIV
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where the susceptible humans, infected humans, partial immune humans, susceptible mosquitoes, and
infected mosquitoes in a society at time t are represented by Sp(t), Iu(t), Ru(t), Sy (t), and Iy (t),
respectively. The following is a description of the parameters used in the model system (1.1) and their
significance: Np: total human population, Ny : total mosquito population, a: the average daily biting
rate on man by a single mosquito (infection rate), b: the proportion of bites on man that produce an
infection, c: the probability that a mosquito becomes infectious, y: the per capita rate of loss of immunity
in human hosts, r: the rate at which human hosts acquire immunity, : the per capita death rate of
infected human hosts due to the disease, v: the rate of recovery of human hosts from the disease, Ap: the
per capita natural birth rate of humans, A,: the per capita natural birth rate of the mosquitoes, py: the
per capita natural death rate of the humans, u,: the per capita natural death rate of the mosquitoes.

Now, the natural question arises here that ‘What is the effect of the parameters on the dynamics
of the disease when the parameters become uncertain?’. To answer this question, DE Barros et al.
[5] created SI compartmental models with a fuzzy transmission parameter to account for heterogeneity.
Fuzzy theory has been used in a growing number of mathematical models in recent years to describe
uncertain processes. Fuzzy parameters were used by Bassanezi and De Barros [6] to address an ecological
model. Massad et al. [33] provided studies investigating the use of fuzzy theory in epidemiology, which
was the advancement in the field of fuzzy epidemic models. As a result of the developments, models
like a fuzzy epidemic model for worm transmission in a computer network have been created (Mishra
and Pandey [34]), fuzzy disease transmission and treatment rates in a SIS model (Mondal et al. [36]), a
fuzzy SIR model that has an asymptotic transmission rate [53], fuzzy uncertainty is incorporated into an
ecological model (Das et al. [12]) and a model of an epidemic that treats fuzzy impreciseness (Mahato et
al. [29]). A fuzzy SIR model for COVID-19 dissemination in Indonesia was presented by Abdy et al. [1],
taking recovery rates, disease-induced mortality, and disease transmission as fuzzy factors. Therefore,
we incorporated Zadeh’s [56] fuzzy theory into model (1.1), which allows us to depict the uncertainity of
the parameters that play a significant role of disease’s propogation in the society . Hence, we propose a
fuzzy SIRSI model with temporary immunity of Malaria transmission as described in section 2.

2. Mathematical Model

The human population N(t) is divided into three mutually exclusive compartments: S(t), I(t), and
R(t) denote the class of susceptible human population at time ¢, the class of infected human population
at time ¢, and the class of temporarily immune human population at time ¢, respectively. The mosquito
vector population Ny (t) is also divided into two compartments, Sy (t) and Iy (t), which signify the
number of susceptible mosquito vectors at time ¢ and the number of infected mosquito vectors at time ¢,
respectively.

The model formulation and the flowchart (shown in fig.1), capturing the movement of human popu-
lation and mosquito population in the sub-compartments, are given below:

ds B(0)STv

dl  B(o)SIv

TN (a+7(0) +0(0) + )1,

dR

2 =@ = (y+ R, (2.1)
Sy YSyI
o Ay N pvSv,
aty _usvl

a N v

The description of the parameters of the system (2.1) is given in Table 1.
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Table 1: Description of parameters of the model (2.1)

Parameter Interpretation

P Transmission rate from infected human to susceptible
mosquito

vy Rate of loss of temporary immunity in human hosts

o Recovery rate of human hosts from the disease without im-
munity

A Natural birth rate of humans

Ay Natural birth rate of the mosquitoes

I Natural death rate of humans

Wy Natural death rate of the mosquitoes

Since the chances of transmission of the disease from one individual to the other would be increased
if the viral load is present higher in the system, the recovery of individuals declines accordingly. As a
result, the transmission rate from infected mosquito to susceptible human 3, the temporary immunity
rate of recovered individual r, and the induced death rate § are taken as functions of viral load p. Thus,
the parameters 8(p), r(o), and d(p) are defined as the membership functions of viral load ¢ [5, 53],
which are explained in the subsections (2.1), (2.2), and (2.3), respectively. The following assumptions
are considered to derive the model (2.1):

All parameters described in Table 1 are positive.

Malaria transmission begins when an infectious Anopheles mosquito bites a individual person.
Bites from an infected Anopheles mosquito on an already infected people are disregarded.
Mosquitoes bite to individual at random, regardless of the hosts’ infection status.

Recovered individuals after treatment acquire temporary immunity, which may wane over time,
making them susceptible to reinfection.

All newborns enter the population as susceptible individuals, with no vertical transmission (trans-
mission of infection from infectious mother to new born child).

Mosquitoes do not recover from infection; instead, the infection is resolved only through the death
of the infected individuals.

The total populations of both humans and mosquitoes are allowed to vary over time.
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r(ed)ly

Figure 1: Schematic diagram of Fuzzy SIR-SI Malaria Model (2.1).

2.1. Membership function of the transmission rate from infected mosquito to susceptible
human (5(¢))

The fuzzy membership function for transmission rate 3(g) was introduced by L.C. de Barros [5] in
the epidemic model, which is defined as follows:

0 — Omi .
B(o) = — ;A Omin < 0 < o, (2.2)
OM — Omin
1a if om <@ S Omax-

The membership function (2.2) is defined that the possibility of transmission from infected mosquito to
susceptible human is negligible when the parasite load is less than or equal to 0y;n. In other words, a
minimum quantity of parasites is required for malaria transmission to occur. When the parasite load
o lies within the range [0nr, Omaz] the probability of transmission reaches its maximum. Additionally,
for parasite levels between 9,,;» and ops, there is a moderate chance of transmission. The membership
function describing the 5(p) is illustrated in fig. 2a.

2.2. Membership function of the disease-induced death rate (§(p))

The function 0(p) increases with the viral load g, as a higher viral load corresponds to a greater
likelihood of succumbing to the infectious disease. It reaches its maximum value of 1 — n at a specific
viral load level, denoted by gps. This membership function, depicted in fig. 2b, is defined [53] as follows:

(1—m) —do .
——————0+d, if0<0<on,
8(0) = o 27 ¢=eM (2.3)

17773 1f9>@M

2.3. Membership function of rate at which humans acquire temporary immunity (r(g))

Unlike the preceding two membership functions, the rate at which humans acquire temporary im-
munity decreases with increasing amounts of viral load p. Thus, this behavior arises from the inverse
relationship between the temporary immunity rate and viral load. As the viral load in an infected in-
dividual rises, the probability of temporary immunity from the disease correspondingly declines. The
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membership function displayed in fig. 2c is defined [53] as follows:

(ro—1)o .
— + ]-7 if 70 S S ’
ro) =4 ou e (2.4
0, if o> onm.
B(e)
é(e)
1
1—n
)
0 . e 0
Qmi n QM gmﬂx QH Q
(a) Transmission rate (b) Induced Death rate
r(e)
1
L
0 g
om '

(c) Temporary immunity rate

Figure 2: Membership functions of model (2.1).

2.4. Non-Negativity and boundedness of the solutions

At the boundary S = 0, we have
ds
— =A I+~R.
7 +al+vy

e Case 1: I >0, R >0 then p > 0.

> 0.

as
t
oCaseQ:I:O,R>0then§
S

OCase3:1>O,R:0thend > 0.

dt
. ds
Thus, in each cases, we get ' >0.

Now, at the boundary I = 0, we have
dI _ B(e)Sly
dt N
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dI
e Case 1: IfS>OandIv>OthenE>0.

dl

e Case 2: IfS>0andIV:OthenE

dl

e Case 3: IfS:OandIV>OthenE

=0.

Thus, in each of these cases, we get — > 0.
And, at the boundary R = 0, we have

e Case 1: If]>0then%>0.

e Case 2: IfIzOthen%zO.

R
Thus, r > 0. In a similar way, one can also check the non-negativity of Sy (t) and Iy (t).

Now, we determine the boundedness of the solution of model (2.1).
Let the population function of host N(t) at any time ¢ be given as

N(t) = S(t) + I(t) + R(t). (2.5)
Differentiating (2.5) and using (2.1), we obtain

‘% — A — uN(t) — 5I(2).

Since I(t) < N(t) and I(t) > 0V t > 0, therefore we get

A= (n+ N < B < A~ uN (1) (2.6)

On integrating (2.6) and taking limit as ¢ — oo, we obtain

A N <

U+ 0 t—ooo

Similarly,

i < —.

Therefore, a feasible region s will be given below to analyze system (2.1), where

A A
n{(S,I,R,SV,IV)GRi:0§S+I+R§M andOﬁSerIvSMV}.
\%4

From the above explanation, we have the following theorem:

Theorem 2.1 The feasible region k is positively invariant for the system (2.1).
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3. Mathematical Analysis of the Model

Since S+ I+ R = N and Sy + Iy = Ny, we consider following system for the stability analysis of
the model (2.1):

dN
S A - uN - 8(o)I
o p ()1,
ar _
dt
dR
o — @l = (r+ kR, (3.1)

ANy I
BV Ay —b(Ny = Iy) = — uy(Ny — T
o v — (Ny V)N pyv (Ny — Iy),
dly I

— =U(Ny — Iy)— — Iy.

7 Y(Ny V)N puv Iy

3.1. Disease free equilibrium points

BO)(N — T~ R)2% (a4 (o) +6(0) + w1,

The disease free equilibrium point for the system (3.1) is given by:

A A
Eo = (N°I° RO, N 10) = (,0,0, ",0) .
2 wv

3.2. Basic reproduction number

Now, to find the basic reproduction number, Ry (o), of the model (3.1), we use next generation matrix
method [9, 52]. The two matrices § and V from the model (3.1) as follows:

5= o1 nx)
Y(Ny — Iv) %
and
Vo [(Oz +r(e) + () + u)f] '
v Iy
Let F and V be the Jacobian of the matrices § and V respectively, at the disease free equilibrium
point Ey. Then, we get

0
F_ [W 5%@)}
nyv A

and
_ |(a+r(o)+0(0) +p) O
y— [ ! W} |

The basic reproduction number, Ry(p), is obtained by evaluating the spectral radius of (F V_l). Then,
we get Ro(o) as follows:

_ Blo)upAy
Fiole) = \/ @+ (o) + 0(0) + I A

3.3. Existence of endemic equilibrium point

(3.2)

The endemic equilibrium point of the system (3.1) satisfies the following algebraic equations:

AN dl _ dR __ dNy __ dly _
E*O’E*O’ dt*O’ dt =0, dt =0

Then, the system (3.1) has an endemic equilibrium point E*(N*,I*, R*, N{;, I3;), where

N* ) )
Jz pty s pv (PI* + py N*)
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and I* is the root of the following quadratic equation:

fI) = A% + Aol + Ay = 0, (3.3)
where
) é
Al:(a+41m+;§m+ﬂﬂ(gnwu_uvéwn’
é A 6 A
Az = =5 (Ro (0~ a-+r(0) + 6l0) + i - LOLRY (14 ML) ot T MO ),
p2py v By p
A — Apy (e +r(e) +6(0) + 1) (Ro(0)* — 1)
3= 2 .
h A . A
For N* to be positive, we need I* < m So, we consider the range of I as 0 < I < W to find the
0 o
root of the equation (3.3).
Since A; is positive for ¢u > 1,,0(0) and
A?py (o +r(0) +8(0) + p)(Ro(0)® — 1) ( A ) A {ﬂ(@)wl\v ( r(o) )}
0) = A5 — CF( ) = A = 1+ .
f(0) = A4s 2 "\ 50 T | Aty
A
Now, f (5( )) < 0 and f(0) > 0 for Ro(e) > 1. Since the equation (3.3) is quadratic, so it has atmost
0
two roots that lie between 0 < I < W and must have a unique positive root for Ry(g) > 1.
o
A
When Ryp(9) < 1, f(0) < 0 and f <6()) < 0. So, there is probability of two positive roots or no
0

A

roots of the equation (3.3) in the interval <0, (5()) But, since A; > 0 and A3 < 0 for Ro(o) < 1
0

and thus by applying the Descartes rule of signs, there is a unique positive root of equation (3.3) which

A
contradicts the existence of two positive roots in the interval <0, (5())
4

Therefore, it can be established that there is no positive root of the equation (3.3) lying between 0

A
and —— when Rg(0) < 1 and there is a unique positive root for Rg(o) > 1.

i(e)
3.4. Fuzzy basic reproduction number Rg(g)

The basic reproduction number Rg(0) depends on the parasitic viral load o. Now, we investigate that
how Rg(p) varies with different amount of viral load.
Case 1: When 9 < gpmin, then 8(0) =0, r(g) > 0 and §(o0) > 0. Under these conditions, Ry(g) = 0,
indicating that malaria is not present in the population. Consequently, the disease is eliminated.
Case 2: When 9,,in < 0 < our, then B(p) = M, r(0) > 0 and 6(p) > 0. Thus the basic
OM — Omin
reproduction number is as follows:

_ 0 — Omin wAVM
0< Ro(o) = \/(QM _ Qmin) (a+7(0) +d(0) + p)ud A

Case 3: When o5 < 0 < 0maz, then 8(0) = 1, 7(0) > 0 and §(p) > 0. Thus the basic reproduction
number is as follows:

YAy
0 < Ro(o) < \/<a +7(0) +6(0) + p)uP A’

So, we observe that the Ry(g) increases as the parasitic viral load g increases (as shown fig. 5) and also a

YAy
(a+r(0) +6(0) + p)ui A

bounded function with a finite upper bound \/ > 0. Therefore, Ry(p) can be
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considered as a fuzzy variable, and its expected value, represented by E[Ro(0)], is also be well-defined.
The fuzzy number Ry(p) is given as:

_ 0 — Omin w/’LAV wl’LAV
fole) = (0’ \/(QM - gmm> (a+7(0) + (o) + ppi A’ \/(a +r(0) +d(0) + #Wﬂ\) ’

which is characterized as a triangular fuzzy number. Thus, fuzzy basic reproduction number R{; (o) for
the above triangular fuzzy number Ry(p) can be obtained on the similar argument of using expected
value of fuzzy variable as introduced by B. Liu and Y.-K. Liu in [26, 27, 28].

Proposition 1 (Fuzzy basic reproduction number, (R} (¢)): The fuzzy basic reproduction num-
ber R(J;(g) for the model (2.1) is defined as:

Rf(0) = E[Ro(0)]

1 0 — Omin ) ,(/)/’LAV
= |2,/ ———™" 411 , for 0 > omin-
4 ( OM — Omin \/(a +1(0) + () + p)pi A

Here, E[.] represents the expected value of a fuzzy number.

3.5. Bifurcation Threshold Formula for Viral Load (o*)

The bifurcation point of model (3.1) is provided by the condition Ry(0*) = 1. In this subsection, our
goal is to identify a critical viral load value ¢* such that Ro(g) > 1 for all ¢ > ¢* and Ro(p) < 1 for all
0 < o*. Since equation (3.2) shows that Ro(g) depends on p, we adopt the approach used by [1] and treat
o* as the bifurcation point of model (3.1).

By setting equation (3.2) equal to 1, we derive:

(r(0) + o+ (o) + )y A = B(e)Av. (3.4)

Substituting the membership function expressions from (2.2), (2.3), (2.4) into (3.4), we obtain the fol-
lowing expression for p*:

. _ oM OminOAv 1L+ on (00 — Omin) Apd (14 o+ 6o + 1)
oAy — Apd (oar — 0min)(a — o — 1)

(3.5)

3.6. Local Stability

Theorem 3.1 At the disease-free equilibrium point Eg, the system is asymptotically stable when Ry(g) <
1 and is unstable when Ro(p) > 1.

Proof: For the system (3.1), the Jacobian matrix J; at disease free equilibrium point
Eo(N°,0,0,0,N{,0) is as follows:

[—n —d(0) 0 0 0 7
0 —(a+r(o)+d(e)+p) 0 0 Blo)
0 r(o) —(y+p) 0 0
J1 = YAy u
0 - 0 —hv o pv
pv A
0 YAy 0 0
A —Hv
L /LvA .

The three eigen values of J; are —pu, —(y + p), —py and the remaining eigen values of J; are the root of
the following quadratic equation:
N4+ KA+ Ky, =0, (3.6)

where

K1 = ((a+7(0) +6(0) + p) + pv) and Ko = ((a +1(0) + (o) + pw)pv)(1 — Rp). (3.7)
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Since

K1 >0and Ky >0 for Ry < 1,

then by Routh-Hurwitz criteria, the equation (3.6) will have negative roots or roots with negative real
parts and so the disease free equilibrium point Fy is locally asysmptotically stable when Ry(g) < 1
whereas Ky < 0 for Ry(p) > 1 and so consequently, Fy is unstable when Rg(0) > 1.

Theorem 3.2 The endemic equilibrium point E* of model (3.1) is locally asymptotically stable for
Ro(o) > 1, if the following conditions are satisfied:

1. X1 >0,
2. X4 >0,
3. X1X5— X3>0,
4. X1XoX3 — X2 — X3 X2 >0,
where X;,1=1,2,3,4 are stated in proof of the theorem.

Proof: The Jacobian matrix Jo of system (3.1) evaluated at the endemic equilibrium point
E*(N*,I*, R*, N{,, I;) can be expressed as follows:

—u —6(0) 0 0 0
0 —a2 —ags3 0 ags
J2=10 r(e —(y+u O 0
aq1 Q42 0 —Q44 Q44
as1  aso 0 asy  —a44
where,

I" R* 1, Blo) Iy Blo) Iy
az1 = B(o) [N*g*'N*z} Iy s ax = N*V +(a+r(e) +6(0) + ) ;a3 = N*V :
B -I— R

25 N
an =1 |:Nl/2 - N‘:Q:l I 7a42:ﬁ[IV_NV] ) a44=w+/iv ,a51:%
Ny — I3 I*
-1

* *

The one eigen value of Jo is —uy and remaining eigen values are the root of the biquadratic equation
given as follows:

M XN+ XA+ XA+ X, =0, (3.8)
where
X1 =a +2a14 +7+
Xo = 2as0a44 + a3y — a25a52 — Aaaa54 + az37 + az2(y + 1) + 2a44(y + p),

2 2
X3 = a22a3, — 25044052 — 25042054 — A22044054 + 20230447 + 2022044 (77 + 1) + aZy (v + 1)
— G250527 — Q44054 (7Y + 1),

Xy = a23ai4r — 230440547 + 022a4214(7 + 1) — agsagaase (v + @) — assagzasa(y + p)
— 22044054 (7Y + 1).

According to the Routh-Hurwitz criterion, all roots of the biquadratic equation (3.8) will have negative
real parts under the following conditions:

X;>0, X4>0, X1Xo—X3>0, X;XoX3— X7 — X4X7 >0. (3.9)

Hence, the endemic equilibrium point E; of model (3.1) is locally asymptotically stable for Ry(g) > 1
provided the conditions in (3.9) are satisfied.
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3.7. Fuzzy Global stability of endemic equilibrium point

Theorem 3.3 The Endemic Equilibrium Z*(S*,I*, R*, Sy, I{;) € int (k) of system (2.1) exhibits global
asymptotic stability within the interior of the positively invariant compact set k when 9 > Omin (i.€
Omin < 0 < oM 0T Om < 0 < Omazx) and Ro(o) > 1.

Proof: The classical Lyapunov function-based analysis is employed to determine fuzzy global asymptotic
stability at the equilibrium point Z* of the system (2.1). This is a classical graph-theoretical approach
introduced by Shuai and Driessche [44]. The Lyapunov function of system (2.1) is constructed as:

D;:w— R, ic{1,2,34,5},

where

s I R
:S—S*—S*ln(S*>,D2:I—I*—I*1n<l*>,D3:R—R*—R*ln(R*>,
I
Dy =Sy —S§ — Svln<§*> Ds = Iy — Iy — I}/In <IZ).

1

The standard inequalities 1 —z+1Inz < 0 and 2—x— — < 0, for x > 0 are being used in the differentiation
x

of D; with respect to t, where i = 1,2,3,4,5.

aD, (| _ST\dS (1 S (,_ B@Sh .
i —<1 S)dt_<1 S)(A N +al +vR —uS

< SIS (; NN LA %>+7R<1SR+S+ R>

- N S I3 SR* S R*

Blo)IsS* (I, S* 5+ s R S R
< POIST (v 57 ) v 5" N A2
s— N \@p g bty )Rt g Ty

= a15G15 + a13G13.
dD

Do (- 2Y 5= (-5 (P vt 40 )

BloIys* (SIy I . SL,  I*
< S P .
SN \sn 1 M hp) T ombw

ddlz?’=<1—IZ)C§=<1—§>(TI—(V+M)R)

(I R R I
S?"I <I* - R +1DR* —IDI*> :a32G32.

dDy St & Sy Syl
i = (5) s (o5 (v s

I*S¥ I ¥ I
< vI Sy < Sy SV) = a43Ga3.

[\v]

N

~ 2V _jp— —In
=N \I* S Ir s

dDs I\ Sy I
= (o n ) fem (3p) (57 o)
o I* I I I I
< 5y vl Iy _ In Sy V) = a54Gsa.
N \sr I Usir Iy
dDy dDy
Case 1: If ¢ < gpin, then we have 5(0) = 0 and r(9) > 0 and §(p) > 0 and so g and o become as:

dD, S* R S* R dDo
R[4 E 2 ) = 22y,
0 ’}/R ( g + R n g HR*> a13G13 and L 0
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The corresponding weighted directed graph (G, A) is illustrated in fig. 3. Based on this digraph, the
conditions of Theorem 3.5 [44] are not satisfied. Consequently, a Lyapunov function for system (2.1)
cannot be constructed. Thus, the system (2.1) is not globally asymptotically stable at equilibrium point
Z* when o < Omin-

®5
1

2

2 32

s]

Figure 3: The weighted directed graph (G, A) when ¢ < g,in, where 32 = asy , 43 = a43 , 54 = as4 and
13 = ais.

Case 2: If 90 > omin, (i-€., Omin < 0 < om OF 001 < 0 < Omaz), then we have (o) > 0, 7(9) > 0 and
0(p) > 0. Fig. 4 illustrates the corresponding weighted digraph (G, A) for this case.

5

*4
sl

<5 p2

27

3
32

*2

Figure 4: The weighted directed graph (G, A) when ¢ > gpin, where 21 = ag1, 15 = a5, 54 = asg,
43 = a4s, 13 = ais and 32 = asg.

The weights of the digraph are:

15S*
a2 = 15 = %, a3 = YR,

* Tk
, Sy 1
agze =711", as3=ass = N

Now, consider the weighted matrix A = [a;;]5x5, where each element a;; > 0 denotes the weight of the
arc from node j to node i. It is observed that Gs1 + G5 + G34 + G31 = 0 and G2 + G31 + Goz = 0.
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Thus, digraph satisfies the Theorem 3.5 [44], then there exists ¢;, i = 1,2,3,4,5, such that
L= ClLl + CQLQ + C3L3 + C4L4 + C5L5 (310)

is a Lyapunov function for the system (2.1). The relationships among the values of ¢;, i = 1,2,3,4,5 are
derived (by applying the approach of Theorems 3.3 and 3.4 [44] as follows: c1a15 = ¢5a54, C5a54 = C4041,
€1a13 = C3Q32, C2a21 = czagze and ¢4 = 0. Then, the Lyapunov function L given in (3.10) becomes:

L=c1Li+cylo+ c3Ls—+ c5L5. (3.11)
Thus, the fact that L=c1Li+colo+ 03L3 + c5L5 < 0 implies Z = Z*. So, the largest invariant set for

dL
system (2.1), where s 0 is the singleton set Z*. This proves the uniqueness and global asymptotic

stability of Z* in the interior of x under the condition Ry(g) > 1.

4. Numerical Results and Simulation

In this section, we carry out numerical simulations of model (2.1) in order to validate our theoretical
results.

Table 2: Assumed numerical values or parameters of model (2.1).

Parameters P 0 Q A Ay w wy

Baseline/ Values | 0.55 | 0.05 | 0.002 | 1000 | 0.085 | 0.125 | 0.002

We use the parametric values provided in table 2 and the range of state variable p is assumed between
10 to 100. The initial values are taken to be as: S(0) = 1, I(0) = 0.5, R(0) = 0.25, Sy (0) = 2 and
Iy (0) = 1. The values of membership functions S(g), §(o), r(¢) and the basic reproduction number
Ry(p) for increasing values of p, ranging from g, to oas (10 and 100, respectively) are given in table
3. Using Eq. (3.5), we calculated the critical viral-load value ¢* when Rg(9¢) = 1 and it is found to be
approximately 62.465. This evaluation is supported graphically by fig.5 and quantitatively by table 3.
Further, fig.5 and table 3 show that Rg(g) falls below 1 for viral-load values below ¢* and rises above 1
for viral-load values above ¢*.

1.4+

1.2+

0.2F

10 20 30 40 50 60 70 80 90 100
Q

Figure 5: The basic reproduction number Ry(o) w.r.t viral load p.
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Table 3: The values of membership functions 8(o), r(0), 6(0) and Ry(p) for different values (ranging
between 10 to 100) of viral load .

Simulation | omin | oum 0 Ble) | r(o) é(0) Ro(0)
1 10 [ 100 | 25 | 0.1667 | 0.7625 | 0.13625 | 0.487214
2 10 | 100 | 45 | 0.3889 | 0.5725 | 0.23325 | 0.780452
3 10 | 100 | 62.465 | 0.5829 | 0.4065 | 0.31795 | 1.00006
4 10 [ 100 | 78 | 0.7556 | 0.2590 | 0.3933 | 1.19014
5 10 | 100 | 100 1 0.05 0.5 1.469

The Routh-Hurwitz criteria in Theorem 3.1 for disease free equilibrium point is validated graphically
by fig.6 which shows that K7 and Ky are positive w.r.t viral load g < ¢*, i.e, when Ry(g) < 1. The fig.7
depicts the stability of model (2.1) at disease free equilibrium point Ey at ¢ = 55 when Ry(p) < 1.

x10-3
0.9}
0.5}
0.95
X ) 1k
1 >
1.05} - 151
. . , , . ol
10 20 30 40 50 60 . . . . .
e 10 20 30 40 50 60

4

(a) (b)

Figure 6: Routh-Hurwitz conditions for stability at disease free equilibrium points Fy (Theorem 3.1)
(a) K7 w.r.t viral load g, (b)K2 w.r.t to viral load .

In order to ascertain whether or not the endemic equilibrium point E* is unique when Ry(o) > 1

A
in the interval (O, 5(Q)>7 we have determined the values of the coefficients A1, As and Az of the cubic

A
polynomial in Eq.(3.3) and the value of Ay = f <5()
0

o > 0% = 62.465 as shown by fig.9a and As is always negative by the expression given in section 3.3 when
Ro(p) > 1. Tt is observed that the value of Az(= f(0)) is positive w.r.t the viral load ¢ > ¢* = 62.465

). Since A; is positive w.r.t the viral load

A
when Ry(0) > 1 which is depicted by fig.9b. Also, we observed that A4 = f 5000 is negative w.r.t
the viral load ¢ > p* = 62.465 which is depicted by fig.9c when Ry(g) > 1. Therefore, the endemic
A
5(9)) when Ry(g) > 1. The model (3.1) exhibits

forward bifurcation shown by fig.8 (when A = 10 and other parameters are taken as table 2).

equilibrium point E* is unique in the interval (0,



DYNAMICAL ANALYSIS OF MALARIA TRANSMISSION 17

2000 T T T

1500

1000

Population

500

0 50 100 150 200
Time

Figure 7: The graph shows the stable behaviour of epidemic model (2.1) around the disease-free equlib-
rium point Ey w.r.t time when Ry(0) = 0.8614 < 1 (at o = 55).
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Figure 8: Forward Bifurcation for the model (3.1)
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. . . . , . . 10 —— : r . . . .
145}
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14}
135} 1 61 1
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1.3F 1 4t i
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12}
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x105
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Figure 9: The values of coefficients of cubic polynomial (3.3), (a) A; w.r.t viral load o > p* = 62.465, (b)
A

As w.r.t viral load g > o* = 62.465 and (c) the value of Ay = f ((5()) w.r.t viral load ¢ > ¢* = 62.465.
o



From table 5, we observed that the Routh-Hurwitz conditions in Theorem 3.2 at equilibrium point
E* X1 >0, X,>0, X1Xo— X3 >0and X; X5X3 —X§ — X, X? > 0 at different values of viral load when
0 > 0" = 62.465 when Ry(p0) > 1. Thus, the Routh-Hurwitz conditions in Theorem 3.2 are validated
quantitatively for stability at equilibrium point E* in table 5 along with the population values in table 4
of model (2.1) at endemic equilibrium level of each compartment corresponding to the specified value of
viral load ¢ > p* = 62.465. The fig.10 shows the stability of model (2.1) at endemic point E* at o = 75

when Ro(g) > 1.

Table 4: Population values of model (2.1) at endemic equilibrium levels at different values of viral load

o > o = 62.465.

DYNAMICAL ANALYSIS OF MALARIA TRANSMISSION

0 5% I R* Sy I
62.465 | 81.1847 | 1349.73 | 3135.86 | 0.0.00020037 | 42.4998
65 | 76.9266 | 1359.55 | 2971.59 | 0.000198928 | 42.4998
75 | 63.2747 | 1399.07 | 2298.47 | 0.000193309 | 42.4998
85 | 53.14 | 1440.17 | 1584.19 | 0.0001877993 | 42.4998
95 | 45.2828 | 1483.22 | 826.365 | 0.000182342 | 42.4998

Table 5: Routh-Hurwitz conditions in Theorem 3.2 at different values of viral load o > p* = 62.465,

where L1 = X1X2 - X3 and L2 = X1X2X3 — Xg — X4X12

0 X1 X4 Ly Ly
62.465 | 1.36101 | 0.00005006 | 0.619305 | 0.0311257
65 1.36384 | 0.00005155 0.6312 0.0326694
75 1.38955 | 0.00005890 | 0.699943 | 0.0413996
85 1.41491 | 0.00006495 | 0.762235 | 0.0497227
95 1.46944 | 0.00007333 | 0.87074 | 0.0641501
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Figure 10: The graph shows the stable behavior of epidemic model (2.1) around endemic equilibrium
point E* w.r.t time when Ry(g) = 1.1533 > 1 (at ¢ = 75).

4.1. Variation between basic reproduction number Rj(g) and fuzzy reproduction number
Rg(g) w.r.t viral load o

The behavior of fuzzy basic reproduction number R{;(g) and the basic reproduction number Ry(p)
for various amounts of parasites g is shown in fig. 11. It can be observed that both are increasing w.r.t
parasites g. But as the amount of parasites ¢ approaches to gas, the basic reproduction number Ry(p)
become more than 1 although the fuzzy basic reproduction number Rg (o) still remains less than 1. The
fuzzy basic reproduction number jo (0) become more than 1 when amount of parasite ¢ exceeds gp.
Thus, the behavior of basic reproduction number Ry(p) is more sensitive as compared to the behavior of
fuzzy basic reproduction number Rg (0) w.r.t amount of parasite g, which help us to take effective control
measures to stabilize the system in early stage when the amount of parasite ¢ below gp;.

14F ]
— Ro(0)

— R} i

N
N
T

© o o

2 o o -
T T T T
1 L L 1

Basic Reproduction Number

o
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T
1

10 20 30 40 50 60 70 80 90 100
4

Figure 11: The variation of basic reproduction number Ry (p) and fuzzy basic reproduction number Rg (0)
for omin < 0 < oy w.r.t viral load o.

4.2. Impact of different parameters on Ry(p)

Fig.12 illustrates the behavior of Ry(g) w.r.t rate of recovery («) of human host from the disease at
different values of viral load p. It is observed that Rg(o) decreases significantly with increasing movement
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of individual from infected class to the susceptible class after recovery even though the amount of viral
load ¢ is more than critical value ¢* (i.e when Ry > 1). In such a scenario, we can make system stable
by increasing the rate of recovery (a) when the amount of viral load g exceeds its critical value p*.

14 T T T T
0%=62.465
1.3F — =75 -
0=85
1.2F 0=95 N
1.1
S
54
0.9
0.8
0.7
0.6 1 1 1 1
0 0.2 0.4 0.6 0.8 1
a

Figure 12: The basic reproduction number Ry(g) w.r.t recovery rate without immunity («).

Fig.13 illustrates the behavior of Ry(0) w.r.t transmission rate % from infected human to susceptible
mosquito at different values of viral load p. It is observed that Ry(o) increases significantly with increasing
rate of transmission (1) from infected individual to susceptible mosquito. It is also noticed that when the
amount of viral load g is at it’s critical value p* = 62.465 (i.e., where Ry(p) is approximately equal to 1),
the value of Ry(p) exceeds 1 w.r.t ¢). This means that when the amount of viral load is below its critical
value but the transmission rate from infected individual to susceptible mosquito is being increased then
the spreading of the infection of disease excessively in the society.

Fig.14 outline the impact of various parameters on Ry(g) to quantify its role in controlling the spread
of infection. From fig.14a, it can be concluded that Ry(p) increases as ¢ increases (keeping « constant).
Whereas, Ry(g) decreases if « increases keeping ¢ constant. This reflects that when rate of recovery («)
is fixed but o is increasing at constant rate then it leads to more spreading of infection in the human
society. Further, it can be seen that when « and p are at their highest level the infection still exist in the
society but at moderate level. Fig.14b, depicts that there is no much effect on Ry(9) by only increasing
the value of either p or v. But when both the parameters increases simultaneously, then the value of
Ro(p) exceeds 1. Thus, in this scenario the system become highly unstable and so the spread of infection
at its highest level in the society.
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Figure 13: The basic reproduction number Ry(9) w.r.t transmission rate from infected human to suscep-
tible mosquito (v).
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(a) Effect of ¢ and v on Ro(0) (b) Effect of ¢ and 3 on Ro(o).

Figure 14: The graph shows the combined impact of various parameters on Ry(g).

4.3. Impact of parameter on disease prevalence

In this section, we have plotted the infected population with respect to time by taking different values
of viral load (g) and recovery rate («) to see the effect of these parameters on the behavior of disease
propagation in the system.

In fig.15, it is observed that on increasing the value of p, the equilibrium level of infected population
will also increase, i.e., when the viral load () is high, a larger number of people will contract the disease
by coming into contact with infected mosquitoes. Hence, there will be an increase in infected individuals
in the population. Therefore, it is suggested that measures have to be taken to control the viral load in
the society.
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Figure 15: The variation of infected individuals I(¢) w.r.t time at different values of viral load o.

From fig.16, we observe that as a value of « increases, the equilibrium level of the infected population
will decrease initially, but in the later stage, the increasing value of o does not create so much impact
on the decline in the infected population, which is true as the « is the rate of recovery of human hosts
from the disease without immunity, and so, the people once recovered without immunity directly move
into the susceptible class again and have chances of being infected again.
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Figure 16: The variation of infected I(¢) individuals w.r.t time for different values of o at o = 75 > p*.

4.4. Simultaneous effect of o and ¢ on Ry(p) and p*

In this section we examined the simultaneous effect of parameters (recovery rate («) and transmission
rate (¢)) on Ro(p) at o = o* = 62.465 and on bifurcation value ¢*, provided by eqn. (3.5).

In fig.17, we have plotted the Rg(p) with respect to the transmission rate (¢) from infected individual
to susceptible mosquito and recovery rate (). We observe that when the transmission rate (1)) is kept
at its highest value and the recovery rate («) increases, there is a decline in the behavior of Rg(0) and
makes it below 1. On keeping recovery rate (a) between 0 to 1 and increasing the transmission rate (1),
then the Ry(p) would increases significantly. It is concluded that from fig.19, the transmission rate ¢
would not make so much burden on the society whenever there is increase in the rate of recovery rate

(@).
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Figure 17: Simultaneous effect of « and 1) on Ry(p) at ¢ = 0* = 62.465.

In fig.18, we have plotted the bifurcation value o* with respect to transmission rate () from infected
individual to susceptible mosquito and recovery rate («). It can be observed that when both the param-
eters ¢ and « are at their lowest value, the p* is below 50 and when both are at their highest value, the
o* is approximately 100. Also, when % at its minimum value but « at its maximum value than the value
of p* is more than 200. Since, the bifurcation value p* is that value where Ry(0) become more than 1
when g exceeds p*. Therefore, it can be inferred from fig.18 that increasing the rate of recovery («) will

increase the value of ¢*, thereby boosting system stability.

200

100

'] 05 0 a

Figure 18: Simultaneous effect of a and v on p*.

4.5. Global sensitivity analysis for Ry(p)

The basic reproduction number depends on a number of several uncertain factors. The key parameters
associated to basic reproduction number Rg(g) as per our model (2.1), are viral load (g), recovery rate
(o) and transmission rate (¢) from infected human to susceptible mosquito. Thus, to see the effects of
these parameters on Rg(o), we therefore perform the global sensitivity analysis of Ry(¢). Using suitable
uncertainty ranges for each parameter at the same time, we use the Latin Hypercube Sampling (LHS)
technique to effectively examine the amount that each of the parameters affects Ro(g) (Marino et al.
[31]). Further, to determine the degree of association between Ry(g) and each parameter, we calculate
the Partial Rank Correlation Coefficients (PRCCs) for each parameter. The PRCC value fall between -1
and 1. The stronger the correlation between a particular parameter and Rg(g), the higher its absolute
PRCC value; a significant change in that parameter is correlated with a similarly significant change in
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Ry(p). The sign of the PRCC value indicates the direction of correlation. Positive (or negative) values
indicate a positive (or negative) correlation of the parameter with the Ry(g) which implies that the
positive (or negative) correlated parameters will increase (or decrease) the value of Ry(p) as positive (or
negative) change in the parameters.

We first convert the expression of Ry(g) given in eqn. (3.2) in terms of viral-load g, to determine the
extent to which the viral-load influences Ry(p). So, the membership functions §(g), d(o), and r(p) from
eqn. (2.2), (2.3), and (2.4), respectively, are substituted in eqn. (3.2). We calculate the PRCC values
using 1000 simulations per run, assuming that the parameters having uniform distribution. It is evident
that from fig.19, measured PRCC values for each parameter, v, u, Ay and o show the positive correlation
with R(g). It is observed that viral load ¢ exhibits the strongest positive correlation with the Ry(o). Also,
it is noted that (), (uy) and (A) show the negative correlation with Rg (o). This means it is important to
implement strategies to lower the parametric values of ¥, u, Ay, g; and enhance the parametric values
of py, a, A, to control the spread of infection in the society.
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Figure 19: The global sensitivity analysis of basic reproduction number Ry(p).

5. Conclusion

In order to investigate the impact of viral load and immunity (zero or temporary) on the transmission
of malaria disease in the society, a compartmental fuzzy SIRSI model has been proposed and is extensively
analyzed in the paper. Repeated exposure to malaria, particularly in highly endemic areas, can lead to
a type of temporary or ”partial” immunity. This doesn’t provide sterile protection, meaning the person
can still be infected with the malaria parasite, but it can reduce the severity of symptoms and the risk
of developing severe, life-threatening disease.

Mathematically, we have derived various analytical results for the system (2.1). Firstly, we have
obtained the positivity and boundedness of the solutions of the system (2.1). Steady-state solutions of
the system (2.1); the disease-free Ey as well as the endemic E* equilibrium points have been obtained.
The basic reproduction number Ry(o) in (3.2) has also been evaluated. We have performed stability
analysis of the equilibrium points. We have proved that the disease-free equilibrium point Ej is locally
asymptotically stable if Ry(0) < 1 and is unstable if Ro(o) > 1, which has also been numerically verified
as seen in fig.7, and the Routh-Hurwitz criteria given in Theorem 3.1 for the disease-free equilibrium
point is validated graphically by fig.6. Under certain conditions, the endemic equilibrium point E* is
proved to be locally asymptotically stable, which has also been numerically validated, as seen in fig.10.
We have proved that the endemic equilibrium point E* is locally asymptotically stable if Ryo(0) > 1 and
satisfies the Routh-Hurwitz criteria in Theorem 3.2, which is validated by table 5. In theorem 3.3, we
established fuzzy global stability of system (2.1) by using the approach of graph theory. The bifurcation
value has been evaluated as ¢* = 62.465 at which the Rg(0) becomes 1 and verified graphically in fig.5.
The values of Ry(p) < 1 for points ¢ < ¢* and Rg(o) > 1 for points o > p* are provided by the table 3.
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Fig.11 illustrates how the basic reproduction number Ry(p) and fuzzy basic reproduction number
R{; (0) behave for varying viral load (g) concentrations. We have plotted the basic reproduction number
Ry(p) w.r.t. recovery rate without immunity («) and transmission rate from infected human to susceptible
mosquito (1), depicted by fig.12 and fig.13, respectively, at different values of viral load 9. With the help
of contour plots, we have discussed the combined effect of (o, o) and (¥, 0) on Ry(p), which can be
seen in fig.14a and fig.14b, respectively. We have plotted the graph of infected individuals I(t) w.r.t (¢)
time at different values of p in fig.15 and at different values of « in fig.16. With the help of surface
plots, we observed the variation in the behavior of Ry(p) and (¢*) w.r.t the @ and ¢ by fig.17 and fig.18
respectively.

Being already aware of the fact that the basic reproduction number Ry(g) plays a vital role in de-
ciding the dynamics of the disease, we performed global sensitivity analysis of the basic reproduction
number Ry (o) that is based on the concepts of Partial Rank Correlation Coefficients (PRCCs) and Latin
Hypercube Sampling (LHS), to determine the dependence of Ry(9) on the different model parameters.
From fig.19, the transmission rate from infected human to susceptible mosquito (1) and viral load (o)
play a crucial role for the disease propagation in the society, and so if we need to control the spreading
of the disease, our goal must be to control the v and p.

In view of the above, we conclude that by implementation of fuzzy logic in epidemic models, we
can improve our comprehension of how to develop successful preventative measures by reducing the
uncertainty in disease dynamics brought on by differences in viral loads among population.
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