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Abstract

Malaria, an infectious disease caused by parasites and transmitted by Anopheles mosquitoes,
affects individuals of all ages globally, including Bangladesh. In this work, we develop a
transmission dynamics of malaria model between humans and mosquitoes and analyze its
properties and solutions. Using the Next-Generation Matrix methods, our estimation of the
fundamental reproduction number, Ro, shows that malaria spontaneously ends when Ro is
smaller than 1. On the other hand, malaria continues to exist within the populace if Ro is larger
than 1. We calibrate our proposed model with Bangladeshi malaria incidence data from 2010 to
2022 to estimate some model parameters. We also performed numerical analysis to support our
analytic results and explored the impact of different parameters, finding that the infection
dynamics are highly sensitive to variations in the transmission rates and the basic reproduction
number, Ry. Specifically, when Ry < 1, the disease tends to die out with lower levels of
infected individuals in both human and mosquito populations, whereas for Ry > 1, the infection
spreads rapidly, leading to higher infection levels. Furthermore, higher human-to-mosquito
transmission rates and loss of immunity significantly intensify the spread of malaria,
emphasizing the need for targeted interventions. On the other hand, increased disease-related
and recovery rates help reduce transmission. We used the sensitivity index to measure how the
model's output changes in response to its input parameters. The results indicate that the rates of
mosquito and human interaction significantly impact the prevalence of malaria. Finally, we
performed a bifurcation analysis to explore the corresponding model parameters and
demonstrated the stability of the situation. The findings of this analysis give policymakers
guidance regarding the best course of action for reducing the burden of malaria in Bangladesh.
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1. Introduction

Malaria affects over 300 million people in 90 countries worldwide, causing
approximately one million deaths each year. By 2020, more than half the
world’s population was at risk of contracting malaria. In 2022, there were 249
million malaria infections globally, an increase of 16 million cases compared to
the pre-pandemic figure of 233 million in 2019. The disease is transmitted by
female Anopheles mosquitoes and can infect both humans and insects. Four
species of the Plasmodium parasite cause malaria: Plasmodium malariae, P.
ovale, P. falciparum, and P. vivax.According to the latest World Malaria Report,
29 million people were infected with malaria in 2022, up from 24 million in
2021. The estimated number of malaria-related deaths slightly decreased, from
610,000 in 2021 to 608,000 in 2022. Annually, between 100 and 400 million
people are affected by malaria, out of the 2.5 billion at risk from Plasmodium
vivax malaria [1, 2]. While the majority of cases and deaths occur in Sub-
Saharan Africa, significant numbers are also reported in the Americas,
Southeast Asia, the Eastern Mediterranean, and the Western Pacific, according
to the World Health Organization (WHO).

Malaria is a common disease in tropical regions, with its local risk influenced
by a combination of climatic, environmental, and societal factors. Climate
conditions such as humidity, rainfall, and temperature significantly affect
mosquito growth. Current research indicates that temperature plays a significant
role in the spread of malaria in tropical and subtropical areas. According to Liu
[3], extreme temperatures extend the lifespan of mosquitoes and shorten the
time it takes for the malaria parasite to develop outside the mosquito. Rainy
seasons create breeding habitats for mosquito eggs and support the growth of
larvae that carry the disease [4]. Malaria manifests as an acute febrile illness. In
people without immunity, symptoms generally appear 10-15 days after being
bitten by an infected mosquito. Diagnosing malaria can be difficult since its
initial symptoms, including fever, headache, and chills, are mild and not specific
to the disease. As the disease progresses, symptoms can become more severe
and include intense headaches, rashes, muscle and joint pain, and a fever that
ranges from mild to incapacitating. In severe cases of Plasmodium vivax
malaria, symptoms may include reduced consciousness, repeated seizures,
extreme fatigue, abnormal bleeding, pulmonary edema (detectable via
radiology), respiratory failure (acidotic breathing), and jaundice [5]. Currently,
there is no specific treatment for malaria. The only effective way to prevent and
manage the disease is through mosquito control or by preventing human-vector
contact.

The World Health Organization (WHQ) considers malaria a significant public
health issue in Bangladesh. The Bangladeshi government tried to eliminate
malaria in the 1960s, which nearly succeeded. Although the disease was nearly
eradicated by the 1970s, it persisted in the eastern regions, particularly in areas
with tea gardens and forests. However, the effort was abandoned during the
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liberation struggle in 1971, leading to a resurgence of the disease. In response,
the National Malaria Control Program (NMCP) was established in 1977 to
control malaria. In the 1990s, malaria re-emerged as a major health concern,
and it remains a serious issue today. Malaria transmission occurs mainly in
Bangladesh's border areas for most of the year. Thirteen districts, primarily in
the east and northeast of the country, lie in the high-risk malaria zone. These
districts share borders with the Indian states of Assam, Tripura, and Meghalaya,
as well as a part of Myanmar, with adults being the most impacted.

In 2002, there were 93 reported deaths, with a case fatality rate of 1.7% [6].
However, there were frequent instances of underreporting and misclassification
of malaria cases. In 2006, routine laboratory surveillance in Bangladesh
identified only 48,248 confirmed cases out of the roughly 2.9 million reported
parasitic infections. Since 2007, NMCP efforts have accelerated significantly
due to funding from the Global Fund, collaboration with academic and research
institutions, and the support of a 21-member NGO consortium led by BRAC.
Despite these efforts, by 2014, there were 57,480 confirmed malaria cases—
almost double the number reported in 2013 [7]. The current malaria outbreak in
the country is periodic and geographically concentrated. This situation
highlights the need to study how specific malaria serotypes invade and survive
in particular areas. Epidemiological models—both deterministic and
stochastic—are valuable for analyzing the transmission dynamics of past
outbreaks, such as those seen in the mid-20th century. Models like those
developed by Tilahun et al. (2020) [8] use mathematical concepts to simulate
real-world events and predict the severity of infectious diseases. These tools are
crucial for policymakers, enabling them to evaluate health risks and gain a
deeper understanding of disease transmission dynamics.

Various mathematical frameworks have been developed and analyzed to
understand the spread of infectious diseases. One of the foundational
contributions came from Kermack and McKendrick, who used a system of
differential equations to describe disease transmission dynamics in their series
of papers published in 1927 [7-11]. They introduced the concept of a threshold
parameter that separates different dynamic regimes, with the idea that an
infectious disease can only spread in a population if the basic reproduction
number (Ro) exceeds a certain threshold. Mathematical models, due to their
stronger computational predictive power, have proven to be more useful than
statistical models for studying factors that influence the transmission of malaria
[12-14]. These models can be informed by research findings and biological
insights [15]. Different compartmentalized epidemiological models can be
expressed using continuous modeling approaches, such as ordinary differential
equations (ODEs), fractional differential equations (FDEs), and partial
differential equations (PDEs) [16-19]. Modeling has become an essential tool
in understanding malaria transmission dynamics, supporting control efforts, and
identifying factors that influence the spread of the disease. For instance, Shikha
[20] explored how population migration contributes to the rise in malaria cases.
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She suggested employing SIS (susceptible-infectious-susceptible) and SIRS
(susceptible-infectious-recovered-susceptible) epidemic models to study the
scenario. In their study, Singh et al. (2005) applied the SIR (susceptible-
infectious-recovered) model to analyze malaria transmission in Bangladesh.
This approach allows a better understanding of how the disease spreads within
the population and provides valuable insights for disease control and prevention
efforts.

The spread of malaria in Bangladesh’s cities can be estimated using
mathematical models. These models enhance our understanding of genetic
differences in infectious pathogens and the factors essential for diagnosis and
treatment [21-27]. By defining the necessary criteria for disease elimination,
mathematical models can also improve infectious disease surveillance and
inform health policy [27-29]. Mathematical models play a crucial role in
controlling malaria by identifying the extent of transmission and offering
insights for epidemic control and prevention. They can help predict future
outbreaks and enhance prevention strategies to avoid endemic diseases. Several
factors, such as geographic expansion, increased transmission intensity in
endemic regions, local climate variability, and habitat conditions, have
contributed to a rise in malaria cases in Bangladesh. Combining pharmaceutical
therapy with vector control is the most effective way to achieve a swift reduction
in malaria cases. Doran et al. (2018) developed a malaria model that included
these prevention strategies and performed a cost-effectiveness analysis [30]. To
better understand malaria transmission in Bangladesh, Rahman et al. (2020)
created a model showing that socioeconomic factors, such as education, play a
critical role in developing and mitigating the disease [6]. Koutou et al. (2018)
designed a malaria model to study global patterns of virus transmission and the
vector-borne population, finding that the basic reproduction number (Ro) is key
to understanding malaria dynamics in both endemic and epidemic stages [31].

Understanding the transmission dynamics of malaria is essential for devising
effective control strategies. This study presents a mathematical model that
incorporates non-linear infection rates, bifurcation analysis, and sensitivity
analysis to provide insights into malaria control efforts. We developed and
analyzed a human-mosquito malaria model consisting of two compartments for
mosquitoes and three for humans. The model was examined both analytically
and numerically from mathematical and biological perspectives. A key factor
controlling the system's dynamics was identified, and the basic reproduction
number was calculated using the next-generation matrix approach. We outlined
the conditions under which malaria persists or is eradicated, emphasizing the
model's behavior at different stages. To validate and support our analysis, we
numerically solved the model’s equations and studied the epidemic’s trajectory
across a range of plausible parameter values and initial conditions. First, we
applied the Routh—Hurwitz criteria to assess the local stability of both endemic
and disease-free equilibria. Next, we conducted a sensitivity analysis to
determine the parameters that impact malaria prevalence most. Finally,
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computational simulations and graphical interpretations were performed to
examine the effects of key factors, including disease transmission rate, mortality
rate, recovery rate, and immunity loss. Additionally, bifurcation analysis was
conducted to gain a deeper understanding of the system’s stability.

The structure of the paper is as follows: Sections 2 and 3 present the theoretical
representation of the model, along with the necessary assumptions and
solutions. Sections 4 and 5 cover the stability analysis and estimation of the
model’s parameters, respectively. Numerical simulations are provided in
Section 6 to support the analytical findings. In Section 7, we carried out the
bifurcation analysis. Sensitive analysis is performed in section 8. Finally, the
model's results, discussion, and conclusion are presented in section 9.

2. Methods and Materials

We develop a compartmental model that classifies humans into susceptible,
infectious, and recovered groups, while mosquitoes are categorized as
susceptible and infectious. The model accounts for transmission dynamics,
recovery, and immunity loss. The governing equations are derived using
ordinary differential equations (ODEs) and incorporate biologically relevant
parameters.

2.1. Model descriptions and analysis

Two mathematically deterministic models were developed: one for the human
compartment, following a Susceptible-Infected—Recovered—Susceptible
(SIRS) structure, and another for the mosquito compartment, following a
Susceptible—Infected (SI) structure.

Mh Ny

Hy Hv

Fig. 1: A flow chart representing the computational representation of malaria.
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The entire human population, represented by N (t), is divided by the model into
the subsequent sub-classes: individuals with a higher risk of malaria S; (t), those
who exhibit symptoms of malaria I (t), and those who have recovered from
malaria Ry, (t). The entire number of people at any given moment t is specified
as

Nh(® = Sp(® + IL(® + Ry(D), (1)

which is said to be erratic, with people mixing at random. Susceptible
mosquitoes (Sy) and infectious mosquitoes (I,). make up the two
subpopulations of the entire mosquito population, represented as N (t). The
mosquitoes have no recovered class and are always contagious [32, 33].
Therefore, at every given moment t, the overall number of mosquitoes in the
population is provided by,

Ny(® = S;(t) + L (D), (2

Assumed in this instance is that a contagious female anopheles mosquito I, (t),
bites vulnerable people, Si (t), and uses its beak to pierce the skin and inject a
salivary enzyme that enters the circulation to keep the victim's blood from
clotting. A fraction of those exposed develop active malaria and migrate at a rate
of Bx to the affected human compartment I (t). On the other hand, the disease-
related mortality rate for active malaria cases is O0n. After a short period, the
malaria cases that infected individuals recover at a pace of ® and move on to
the section reserved for recovered participants Ry (t). The pace of loss of
immunity causes an amount y from the cured individuals' section Ry, (t)to shift
into the entirely susceptible human section Sy, (t).

Concurrently, upon the bite of a contagious person by the vulnerable mosquito,
Sy (t), with a likelihood ., the parasite combines with the mosquito, causing the
mosquito to migrate from its susceptible compartment S, (t) to the mosquito-
infected chamber I, (t). Nevertheless, 0, is the disease-related death rate of the
affected mosquito. Natural mortality occurs at a rate p, for human populations
and p,for mosquito populations. Figure 1 displays the model flow diagram.

The following two nonlinear ordinary equations describe the model, which
derives the transmission of mosquito and human populations from the above:

(% = UhNp + YRp = BuSnly — HnSh
dd% = BnSuly — (@ + 8y + pp)ly

\ % = oly = (v + un)Rp )
S = 1Ny = BySulh — 1Sy

(S = B,SuIh — (8 + 1)Ly
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Given the aforementioned system's non-negative beginning conditions:
SL(0) = Spo, [h(0) = I},0, Rh(0) = Ry, Sy(0) = Sy, 1,(0) = I, forall t > 0.

With non-negative initial conditions, it is evident that all state variables will stay
non-negative for t > 0. Furthermore, by summing Egs. (3), we observe that the
total population of humans, Ny, (t), and mosquitoes, Ny (t), remain consistent over
time
dN

dN
—B=0and—

dt dt =0.

Integrating these equations, we find

N, = constant and N,, = constant.

This shows that the total human and mosquito populations are constant and it
naturally follows that each compartment states Sy, I, Ry, and Sy, [ are bounded.

2.2. Basic reproduction number

The model comprises three uninfected states (S, Ry, and Sy )and two infected
states, (I, I,). Despite the fact that the model has five states and a fluctuating
overall population number. Since I =19 = Ry, = 0 at the disease-free steady
state, S, = N, and S, = N,.. Only through Ny and N, either explicitly or
implicitly, do the state variables S}, and S, in Eq. (1) arise. S, Sy and Rydo not
occur with other state variables as a result, (I, I,), we have the following
system:

dr
—& = BuSnly = (@ + 8y + Iy

dl,
at = BySylh — (8V + lvlv)lv

“4)

The differential equations (4) belong to the category of infectious subsystems
since they solely account for creating new infections and modifying existing
infections' states. Assuming that XT = (I, I,)T, T stands for transposition, we
should now express the infection subsystem as follows:

X = (F + V)X (5)
The transmission matrix is represented by F, and transitions by matrix V. The

matrices are obtained from the system of Equation (4) by separating the
transmission events from other events. Concerning the afflicted states indicated
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by indexes i and j, where i, j € 1, 2, entry Vj; represents how frequently those

residing in an infected state j procreate inside the system with humans in an
infected state i. Thus, for Equation (4), we get

P :[ 0  PBuSh
BySy O

and

The next generation matrix, K, is presented in [10], with attention to the crucial
negative sign,

( 0 ShBn \‘
K=-FVl=F-v=| ¢ Oy + Hy
\ vPv 0 /
W+ &, + up

The fundamental reproduction numbers of malaria, or the median number of
additional infections created by an infected individual, are represented by the
dominating eigenvalues of K. Therefore, the fundamental reproduction number
is

NhthBhNvHyBy
= . 6
Ro \/ (8y + Iy)(® + 8y + Ity) ©

In (6), shows how long the human infectious phase usually lasts;

(wh+8p+in)
Hy
(8v+uy)

is the likelihood that mosquitoes will remain exposed and spread the

disease. Let Ro, the fundamental reproduction number, be expressed as

Ry = 2V, RonRoy (7

NpHhBh Ny py By
here Ry, = —————and Ry, = ———
where Ron = 0 5 a4 Rov = G o)

The total number of people in a fully susceptible human population that an
infected mosquito infects throughout its expected infection period is represented
by Ron in this case, however, Ro, represents the entire number of mosquitoes
within a susceptible population that contract an illness from a single infected
person within the duration of the infection.
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3. Model analysis

Here, we list the fundamental characteristics of the suggested malaria model (3).
3.1. Equilibrium analysis

This system yields two distinct types of equilibria. First, the disease-free
equilibrium occurs when the basic reproduction number R, is less than one (i.e,
Ry < 1), indicating that the disease cannot sustain itself in the population.
Conversely, when R exceeds one (i.e., Ry > 1), the system reaches an endemic
equilibrium, signifying a stable presence of the disease. Importantly, a disease-
free equilibrium always exists in the equations specified in (3)

Eo = (Son Ion»Ron»Sovs Iov) = (Np, 0, 0,Ny, 0).
We may also determine the disease-endemic equilibrium from Equation (3)

E* = (S;,1;, R}, Sy, Iy)at which malaria continues to exist in populations
of mosquitoes and humans:

* N *
(Si ==z Byl + 1y)

I;=Nh”h(1_w)[w+(w+8h+uh)— - ]_1

R3 R3 Y+Hn
{R* = % (8)
h
N uyNy

v Bylh+uy
I* — BVSVIE
v Sy+iy

\

According to Equation (8), in all of the above-mentioned components ( Sy, ,
Ry, Sy, Iy), getting Ry > 1 is an adequate prerequisite for the non-negative
status of the Indigenous community Ij. This is because the endemic
equilibrium zone in which the criterion Ij; > Oneeded Ry > 1. Thus,
Equation (3) has an endemic equilibrium E* = (S}, 1}, R}, Sy, Iy ) if Rg >
1.

4. Stability analysis

The equilibria of Equation (1) are investigated for stability, and the following
findings are made.

4.1. Disease-free equilibrium

The model's disease-free equilibrium is analyzed using the Jacobian matrix
and Routh-Hurwitz criteria, confirming local stability when Ro < 1.
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Lemma 1: Ro < 1 indicates the local stability of the model's disease-free
equilibrium, whereas Ro > 1 indicates instability.

Proof: We derive the Jacobian matrix from Equation (3), which results in

J

—(Buly + mn) 0 Y 0 —BnSh
Bnly —(up + 6 + w) 0 0 BnSh
= 0 w —(y + 1) 0 0
0 _BVSV 0 _(IJ-V + Bvlh) 0
0 BVSV 0 Bvlh _(I-’-v + 8v)

which, at Eo, the equilibrium without illness, decreases to

/—Hh 0 Y 0 —BuNy \

0 —(pnh+8h+w) 0 0 BnNn
J(E%) = \ 0 ® ~(y+m) O 0 )

0 _BVNV 0 — Uy 0

0 BVNV 0 0 _(p-v + 6v)

To confirm the stability of E°, all eigenvalues of J(E®) must be shown to have
negative real parts. Since in the first and fourth columns, only the diagonal
elements are shown that makeup —p;, and —p,, the two negative eigenvalues.
Similarly, the only diagonal term in J(E®)'s third column is —(y + uy), which
is a negative eigenvalue. Using the corresponding characteristic equation, the
next four eigenvalues are found:

A+ o+ 6y + ) A+ 6y + 1) — NpNyBpBy = 0 )
Consider, A; = w + &, + ppand A, = 8§, + Uy, then (9) becomes

BiA+ B, =0 (10)
where, By = (Ay + A;) and By = AjA; — NNy BuBy = A1A; —
ShSyPBnBv (11)

Additionally, modifying B, in relation to Ry, the basic reproduction number
produces,

By = A1A;(1 — Rf) (12)

The Routh-Hurwitz criteria [34, 35] is utilized, indicating that fori=1, 2, every
root of the polynomial (10) includes negative real portions if and only if all the
coefficients Bjare positive as well as the matrices H; > 0. It may be concluded
that if B; > 0, then all A;’s are positive. Furthermore, (12) implies that By >
0if Ry < 1. Moreover, it is revealed that the polynomial (10) has positive
Hurwitz matrices.

Thatis, H; = By > 0Oand H, = [By Bi] > 0.

BRADLEYA -



ISSN:0265-086X Vol. 43 (n. 5, 2025)

As a result, the disease-free equilibrium state is steadily stable locally, and
every eigenvalue of the Jacobian equation matrix J(E,) has the negative real
component when Ry < 1. But when Ry > 1, we observe that By < 1, and
according to Descartes's rule of terms [34], the arrangement of the polynomial's
coefficients,B;, By, changes by exactly one sign. Therefore, the equilibrium
point free from sickness will be unstable if only one positive eigenvalue exists.

4.2. Disease endemic equilibrium

Lemma 2: Regional stability states that native equilibria E* are stable when Ro
> 1.

Proof: We compute the Jacobian matrix from the system of Equation (3) at E*,
which results in

—(Buly + 1n) 0 Y 0 —BnSh
( Bulv —(pp + 8 + w) 0 0 BnSh \
] = 0 w —(y + 1) 0 0
\ 0 —BvSy 0 —(uy + Byln) 0 /
0 Bvsv 0 Bvlh _(“v + 6v)

The equation for J* (E*) features is defined as follows:

IJ"(E") — All = 0

|—([3th +pp) — A 0 Y 0 —BnSh |
Bhlv _(P-h + Sh + (.l)) - 7\ 0 0 BhSh
= 0 w —(y+u)—A 0 0 =0
0 —BySy 0 —(uy + Buln) =2 0
0 BVSV 0 Bvlh _(uv + 6v) —-A
= A + PA* + P,A2 + ;A2 + PA+Po=0 (13)
where

P1=IhBV+ IVBh+ 2|JV+ 8h+ 3up + o + 8V+Y

P, = IhlyBnBy — SuSyBnBy + InkyBy + In6nBy + 3By + hByw + InBy6y
+ ZIVIJ'VBh + IVBhSh + 2IVBhHh + IVBh(‘O + IVBh‘SV + YIhBV
+ YIuBh + BE + 208h + 6pyiy + 200 + By Sy + 28,y
+ 8p8y + 3uE + 2ppw + 3ppd, + w8, + 2y, + vy
+ 2yp, + yo + y8,
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P3 = IhIVIJ'VBhBV + IhIVBhShBV + ZIhIVBhBVI’lh + IhIVBhBVO‘) + IhIVBhBVSV

++++++++++

SthHvBth - ZShSVBhBVI’J‘h + YIhIVBhBV + IhI’J‘VShBV
3lnpyBybtn + ThiyBye + 21n84Bykn + Ih8hPySy + 3InBykf
ZIhBVIJ-hw + 3IhBV|J‘h6V + IhBV(’~)8V + IVIJ-\ZIBh + ZIVHVBhSh
4IvuvBhUh + ZIVHVBhw + Ivl-’-vBhSV + IVBhShIJ'h + IvBh8h6v
IvBhl’lﬁ + Ivﬁhuhw + ZIVBhI’thV + IVBhO‘)SV - YShSVBhBV
YIhUVBv + YIhShBV + ZYIthP—h + thBV‘*) + YIhBVSV

2yl iyBr + YIyBndn + YIyBnun + YIyBrw + Y1 Bpdy + uid,
3udup + MW + 4y Spn + Hy8hSy + 6UyHf + 4y lpw
BiyHpSy + My w8y + Spuf + 28pupdy + pi + piw + 38,
208y + YRS + 2YRy 8y + 4ypyiy + 2y, + Vi Sy
Yt + Y818y + Yui + Yo + 2yppd, + ywd,

Py, = Iy BrdnBy + 2Ih I BrByunky + InlyuyBrByw + Iyl BrénByun

+
+

+ 4+ +++ A+t +

BRADLEYA

InlyBrSnBySy + InlyBnByki + InlyBnByknw
ZIthBthuhSV + IthB‘th(’o&v - ZSthMvBthMh
SthBhBVU}Zl + YIthHvBth + thIVBhShBV

thIVBhBVI‘lh + thIvBthw + thIVBhBVSV

2In iy 8pBybtn + 3lnpyBubth + 2InkyBybh + 118k Bykf
21hShB‘VlvthV + IthHﬁ + Ithulzl(*) + BIhBVMIZISV
2IpBykn @8y + L uEBhdh + 2 HEBnHn + [HEBrw
Zlvuvﬁhshuh + IVMVBhShSV + ZIVHVBhulZl + ZIvuvBhuhw
Zlvuvﬁhuhsv + Ivuvﬁhwsv + IVBhShuhSV + IVBhuﬁSV
Ivﬁhlvlh(’L)Sv - yShSVI"lVBhBV - YShSVBhBVUh

YIheOnBy + 2YInpyBytn + YInHyByw + YInShBykn
YIn8hBy8y + YInBylth + YInByino + 21y Byity8,
YIhByw8y + VI uGBh + 2YIyiyBrdn + 2YI 1y Bty
ZYIVIJVBh(D + yIVHVBh(Sv + YIVBhGhSV + YIvBhuhSV
YIBrhwSy + 2158pu, + 3pdpp + 2p5pn0 + 20,8, pp
2|~1v8h|-1h8v + ZP-VP-% + zuvuﬁw + Buvuﬁ(gv + zuvuhwsv
ShHRESy + My + MEwS, + VRIS, + 2ypip, + yHim
2y 8nitn + YHy8hSy + 2YHylf + 2YiyHpw

ZYHthSV + yuvaV + YShUhSV + yau}216v + YthGV

208
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Ps = Ihly iy BndnByy + Inly iy BrdnBytn + InlyuyBuByYun + InlyiyBrByyw
+ IhIVI’lVBhBVI‘llzl + IhIV“‘VBhBVIJ'hO‘) + IhIVBhShBVYSV
+ IhIVBhShBVUhSV + IhIVBhBVyuhSV + IhIVBhBVywSV
+ IhIVBhBVMIZISV + IhIVBhBVI’J‘hO‘)SV - ShSVU‘VBhBVyuh
- ShSVMVBhBVMIZI + Ih“vshﬁvyuh + IhHVSthli}Zl
+ IhuvaYHﬁ + thvaYth + IthBvHﬁ + IthBlezlw
+ IhSthYUhSV + IhSthuﬁSV + IhBVYUﬁSV
+ IhBVYP—thV“l' IthP—}318v+ IthHﬁ‘DSv‘F IVU\Z/'BhShY
+ IuiBndnin + LoudBpyin + LypndBryw + L u3Bnug
+ IV”\Z/'BhP-h‘D + IV“‘VBhShYSV + IVUVBhShUhSV
+ IVUVBhyuhSV + IvuvBhywSV + IVU’VB]’IMIZISV
+ [y Brkn @8y + Wo8pYHn + WE8HHE + piyHE + Wy
+ Wih + WoHRw + WyShyinSy + HyHES, + Ky YIRS,
+ W YHR 08y + WSy + HyMRwS, + uE8y iy + 1S YHR
+ 1 Yin® + Hy8h YHRSy + Ky YIRS, + Wy YHR0S,

Based on the above relations, we can analyze as follows:

Pi>0,P>>0,P:>0,Ps>0and Ps> 0 if Sy, Sy, I, I, > 0. From Equation (8), it
is also clear that Sy, S, I, and I, are favorable if Ro > 1. The virus's endemic
point of equilibrium E* is therefore stable locally for Ro > 1 according to the
Routh—Hurwitz stable criteria.

5. Estimation of the model's parameters

In this section, we use malaria incidence data collected by the National Malaria
Control Program (NMCP) from 2010 to 2022 to estimate the model parameters.
Table 1 presents parameter values used to fully parameterize the simulation of
malaria transmission from mosquitoes to humans. The remaining parameters
were determined using the least-square fitting method, which involves
minimizing the error between the model (3) solution and the observed malaria
incidence data from 2010 to 2022 (refer to Figure 2). The multi-start approach
with 1000 points of departure was used to fit the model in the MATLAB
computer language. The following objective function is employed in the
parameter estimation:

~

0 = argmin YL, (BnLy - datati)2 (14)

where data, represents the model solution at the time tjand the malaria

incidence data and n are the number of available data points. Table 1 tabulates
the model’s associated parameters (3).
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Fig. 2. Data on reported cases of malaria (red dot line) and the associated

best fit (blue solid line).

Table 1: Parameter values, signs, potential values, and citations are listed.

Parameter description Signs | Value Citations
Human population in 2020 Ny 164689383 | [36]
Mosquito population Ny 19080000 | [37]
Human birth or death rates per capita Uh 0.0095 Variable
Mosquitos birth or death rates per Ly 0.0085 Variable
capita

The likelihood of infection in humans B 0.0506 Fitted
The likelihood of infection in By 0.0506 Fitted
mosquitos

Human progression rate from I to Ry, ® 0.35 Variable
Human mortality rate due to illness On 0.095 Variable
Mosquito mortality rate due to illness Oy 0.12 Variable
Rate of deterioration of human Y 0.45 Variable
immunity
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6. Sensitive Analysis

Sensitivity indices are computed to identify key parameters influencing malaria
transmission. The results indicate that human-to-mosquito and mosquito-to-
human transmission rates, as well as immunity loss, have the most significant
impact on Ro. This process helps devise effective management strategies and
prevents inaccurate public health predictions. Additionally, sensitivity analysis
highlights areas requiring further research to enhance the model's predictive
accuracy. For disease transmission modeling, it serves as a valuable tool for
developing control strategies and improving public health outcomes. In this
section, using the parameter values from Table 2, we assess the sensitivity
indices for the basic reproduction numbers (Ro, for mosquitoes and Ron for
humans). By analyzing two factors influencing disease transmission, our study
aims to determine whether the malaria epidemic will persist or eventually fade.
The sensitivity index assesses the relationship between key parameters and
disease transmission among susceptible individuals, thus helping in the
development of policies to mitigate the spread of malaria. The mathematical
expression below can be used to represent the sensitivity index of the basic
reproduction number in relation to the involved parameters.

_ 9Roh  Bn_
Sgn = 9Bn Ron (15)

The parameters involved in the calculation of the fundamental reproduction
numbers Ro, and Roy are represented by fi in this case.

Table 2. Sensitivity indices to the parameters for the model

Parameter Sensitivity Parameter Sensitivity index
index (Roh) (Rov)
Bn +1 By +1
Sn -0.20902 Sy -0.93385
-0.514
@ -0.77008 Hy 051477
Hh -0.04599
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Figure 3 illustrates that the parameter By has a vital part in increasing the
infectious state of humans (I,*), while the parameters ., ®, and 6 significantly
contribute to reducing this state. Likewise, as illustrated in Figure 4, the
parameter P is instrumental in the spread of the infectious state in mosquitoes
(I*). Conversely, parameters such as p, and &, help decrease the number of
infectious states.

7. Bifurcation Analysis

Bifurcation analysis is conducted to examine how parameter variations affect
disease stability. Forward bifurcations are observed, indicating that a reduction
in transmission rates below a critical threshold ensures malaria eradication.

The bifurcation analysis of the system described in Equations (3) is discussed
both mathematically and graphically here.

Theorem 7.1: The proposed model Equations (3) has forward bifurcation at
Bn = B at Ro=1, whenever a < 0.

Proof: Consider S, = x; and similarly, [, = x5, Ry, = X3, Sy = x4, [y = Xs.
Then the system described in (3), can be written as

% = f; = unNp + vx3 — BpxiXs — UnXq

% = f; = BnX1Xs — (0 + 8y + up)x;

b=y = wx, — (Y + un)xs (16)
% = f, = PNy — BuXaXy — UyXy

% =% = ByXsXp — (8y + 1y)Xs

The bifurcation parameter is identified as the transmission rate among the
susceptible population that has not been vaccinated, with the condition that Ro
= 1. Choose B}, = By, as a bifurcation parameter. Solving for Bj, from Ro = 1
gives
B* _ (SV + uv)(“) + 8h + Hh)

h Nh uhNVIJ'VBV

So, the disease-free equilibrium points for the transformed system

EC = (x?,x3,x9,x2,x2) = (N, 0,0,N,, 0)

The Jacobian matrix of the system (16) evaluated at the disease-free equilibrium
E® with B}, = By, is given by
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—Hn 0 4 0 —BnNn
0 —(up+8h+w) 0 0 BruNh
J =1 o0 w —(y+m) 0 0
\ 0 _BVNV 0 —Hy 0
0 BVNV 0 0 _(IJ-V + 8v)

The Jacobian J* of the linearized system has a simple zero eigenvalue with all
other eigenvalues having negative real parts. In the scenario of Ro = 1, using the
technique [38], it can be shown that the matrix J* has a right eigenvector
(corresponding to the zero eigenvalues), given by w = [wyw,wsw,ws]T |
where

2
+ip (Y+8p+ @) +Y8 +
W, = — Hh+Hh(Y+8ph+w)+y by, Wy=ws;>0, w,= (v Hh)w3’ W, =
WUy u)
Ny (Y+up) (kn+8h+0)(Y+1n)
_ ByNv(y+up wa, and wg = Hh+8h NY Hh .
Hy @ ®BhNp

Similarly, the components of the left eigenvector of J* (corresponding to the
zero eigenvalue), denoted by v = [v;v,v3v,vs]T, are given by

BhNn
vi=Vv3=vVv,=0,v, =v, >0and vi = ——vV,.

1 3 4 2 2 5 = Quy+5,) V2
So, the bifurcation coefficients a and b are

_ V5 0%f;
a= Zmnl 1 VIWmWp 9%y 0Xp

_ _ ByNy(up+8h+w)(y+un)? [quvBh{uh(uh+5h+w)+V(Y+uh)}+Rz]
tp N pZ w2 (Mn+6p+w)(Y+un) (My+8y)

62f
andb Zlk 1VkW1 0%, 0B Bh 2Wg > 0.

After computing the partial derivative of the modified function (), inserting the
associated rate values for the parameters, and substituting the appropriate values
of w = (W1, W2, W3, W4, Ws) and v = (V1, V2, V3, Va4, Vs), we notice the forward
bifurcation at Ro = 1. When Ro >1, the forward bifurcation situation has an
unstable disease-free equilibrium and a stable disease-endemic equilibrium
point (see Figure 5). The bifurcation parameter is identified as the transmission
rate among the susceptible population, with the condition that Ro = 1.
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Fig. 5. A bifurcation graphic that illustrates how the stability of Ro improves as
Ro goes from 0 to 2.

Bifurcation analysis explores how the system's behavior changes with variations
in the basic reproduction number Ro. Our malaria model helps identify the point
at which the system transitions from an endemic state to a disease-free state.
When Ro <1, the system is in a stable disease-free equilibrium, meaning malaria
will eventually disappear. Conversely, when Ro exceeds 1, the system reaches
an endemic equilibrium, where the disease persists. This analysis highlights the
importance of keeping Ro below 1 for malaria eradication, as values above 1
lead to continuous transmission.

Theorem 7.2: Consider the malaria transmission model described by the system
(16), where R, is the basic reproduction number and 8, is the mosquito-to-
human transmission rate. At the critical value 3, = [, corresponding to Ry, =
1, the disease-free equilibrium (DFE) undergoes a bifurcation.

If the bifurcation coefficients a < 0 and b > 0, the following conclusions can
be drawn:

1. For Ry < 1, the DFE is locally asymptotically stable, and no endemic
equilibrium exists.

2. For Ry > 1, the DFE becomes unstable, and a unique stable endemic
equilibrium emerges.

This behavior indicates that the system exhibits a forward bifurcation, where
the stability of the DFE changes at R, = 1, and the endemic equilibrium
smoothly branches off as R, increases beyond 1.

Proof: Given R, = 1, solve for the critical value of B, = By in terms of the
model parameters:
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g = vt (@t 8y + )
v Nhuthuva

The Jacobian matrix J* of the system evaluated at E® with B, = B} is:

—Hn 0 Y 0 —BuNn
0 —(lh+dp+w) 0 0 BnNn
J'=1 0 ‘*’ ~(y+u) O 0
0 —ByNy 0 —Hy 0
0 B:;Nv 0 0 _(IJ-V + 8v)

This matrix has a simple zero eigenvalue, with all other eigenvalues having
negative real parts at Ry = 1.

Using the Castillo-Chavez and Song methodology, compute the eigenvectors
associated with the zero eigenvalue.

Right eigenvector w = [wy, w,, w3, w,, we]T:

2
_ Hptun(y+8p+w)+ySy _ _ (y+un)
W1 -_ W3,W3 —W3 > 0, WZ —_W3,
WUy w
¥Ny (y+ +8p+w)(y+
W, = — ByNv(y+un) ws, and wg = (hn+8n+@) (Y+hn) Ws.
Hy® wByNp

Left eigenvector v = [vy,V,, V3, Vs, vs]T:

vi=v3=v,=0,v, =v, > 0andvs =%V2.
The coefficient a is given by

2
— V5 0°fy
a= Zm,n,lzl VleWn aXm aXn

After substituting expressions for v, w, and second derivatives of f;, we find:

By + 89) (kn + 8 + @) (v + pn)* [HENGBY (n + 8 + @) + y(¥ + 1)
ipNp g w? (M + 8p + @) (v + ) (uy + 8y)

+ R3|.

Since a < 0, the bifurcation is forward.

The coefficient b is given by:

5

b= z asz
— £, "Yigy o

ik=1
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After substituting the appropriate terms:

b = Byvews >0

8. Numerical Simulations

This section presents the application of the proposed model, using specified
initial conditions, to perform numerical simulations and visualize the dynamics
of disease transmission. The simulation aims to support decision-making and
investigate how various control strategies can mitigate the transmission of
infectious diseases, specifically malaria, in Bangladesh. We perform a
comprehensive numerical analysis using the ODE45 solver in MATLAB, which
validates the analytical findings and assesses the effects of key factors such as
immunity loss, human infection rate, recovery rate, and disease-induced
mortality on malaria incidence. We used various initial conditions for each
population to evaluate the stability of the model's equilibrium points. The model
suggests that malaria will gradually disappear from the population if the basic
reproduction number, Ro, is less than 1. However, if Ro is greater than 1, malaria
will persist in the population. We compared the human-infected population with
the mosquito-infected population by applying several initial conditions to the
system. The parameter values used in the numerical simulations were taken
from Table 1. These methods allow us to solve the model and obtain the desired
results.

100

70 |
60 - .
50
40 | .

30 1

Infected Mosquito population

20 1

10 7

0 10 20 30 40 50 60 70 80 20 100
Infected Human population

Fig. 6. Relationship between infected Mosquito population vs Human

population when Ro< 1.
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Fig. 7. Relationship between infected Mosquito population vs Human

population when Ro>1.

The trajectories of the model, using various initial values for all
compartmental variables, are depicted in Figures 6 and 7, which illustrate
the transmission patterns for both the disease-free and endemic equilibria.
In Figure 6, the disease transmission gradually declines to zero, as the
trajectories converge to the disease-free equilibrium point, signifying that
the disease will fade out from the population when Ry < 1. In contrast,
Figure 7 highlights the progression of the disease under endemic conditions
for Rg > 1. The trajectories stabilize at positive values for both infected
human and mosquito populations, demonstrating the persistence of the
disease within the population. This figure shows how, in the context of a
high transmission rate, the infectious agent spreads and stabilizes,
maintaining endemicity over time. This study presents malaria incidence
alongside various rate factors and the basic reproduction number (Ry). In,
prevalence refers to the proportion of individuals in the population who are
infected at a given time. Monitoring this prevalence is crucial for tracking
the spread of the disease and informing public health strategies aimed at
controlling and preventing further transmission.
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Fig. 8. The behaviour of infected humans for the different values of

transmission rate () when Ro >1.
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Fig. 9. The behaviour of infected humans for the different values of

disease-related death rate(dy,) when Ro > 1.

BRADLEYA' o




ISSN:0265-086X Vol. 43 (n. 5, 2025)

3

3

- i
N e
Q Qo

T T

Infected Mosquito Population
8

40

20 L= : ' ' : . :
60 80 100 120 140 160 180 200
Infected Human Population
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Figures 8-11 illustrate the system's behavior under various model parameter
values. By keeping the other parameters from Table 1 constant and ensuring
that the basic reproduction number is greater than one, Figures 8 and 9
demonstrate how changes in the transmission rate and disease-related mortality
rate impact the infected population. Specifically, Figure 8 indicates that an
increase in the transmission rate (f3;,) is associated with a higher prevalence of
malaria. In contrast, Figure 9 shows that an increase in the disease-related
mortality rate (8,,) reduces overall malaria prevalence. This study highlights
the importance of managing the rate of disease spread to effectively implement
various intervention strategies, including public awareness campaigns,
diagnostic initiatives, and health education programs. Figures 10 and 11
illustrate the effects of the recovery rate (o) and loss of immunity (y) on the
human population. The computational models presented in Fig. 10 indicate that
an increase in the recovery rate () leads to a decrease in infected individuals.
Conversely, Figure 11 shows that a decline in the immunity rate (y) increases
the infected population. Implementing intervention strategies, such as timely
medical treatment, transfeminine-based combination therapy, and measures to
prevent chronic infections, is expected to reduce human infections and enhance
recovery rates. Therefore, lowering the transmission rate is essential for
executing different intervention strategies, including public awareness
campaigns, diagnostic programs, and health education initiatives.

9. Discussion and Conclusion

Malaria is a severe global health threat, with millions affected worldwide,
particularly in low- and middle-income regions such as sub-Saharan Africa and
parts of South Asia. Despite global efforts for control and elimination, malaria
remains a leading cause of morbidity and mortality, placing a considerable
burden on healthcare systems and affecting economic growth. Vulnerable
groups, including young children and pregnant women, are disproportionately
impacted. Understanding malaria transmission dynamics is critical to
developing effective strategies for reducing its global burden, as this disease
continues to hinder socio-economic progress in affected regions.

Malaria significantly impacts health, education, and economic development in
endemic areas. The disease's burden extends beyond immediate health effects,
as recurrent infections impede cognitive development in children, limit
educational attainment, and reduce workforce productivity, leading to
substantial economic costs for families and communities. Malaria also
overwhelms healthcare facilities, especially in rural regions with limited
resources, further emphasizing the need for effective control strategies to break
the cycle of poverty and illness in affected populations.

In Bangladesh, malaria remains a prominent public health issue, particularly in
hilly and border areas like the Chattogram Hill Tracts, Sylhet, and Mymensingh.
These regions, characterized by dense forests and conducive environmental
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conditions, are highly susceptible to transmission. Limited healthcare access in
these marginalized communities exacerbates malaria's effects, increasing
mortality and complicating efforts to control outbreaks. Cross-border
population movement and regional ecological factors further challenge
containment efforts, underscoring the importance of a coordinated, region-
specific approach to malaria control in Bangladesh.

In this study, we developed and analyzed a compartmental model to represent
the non-linear dynamics of malaria transmission between humans and
mosquitoes. The proposed model categorizes humans into susceptible,
infectious, and recovered groups, while mosquitoes are classified as susceptible
or infectious, as they remain infected for life. By incorporating non-linear forces
of infection with saturated incidence rates, model results differed from
traditional models, which typically employed standard incidence rates or basic
mass-action approaches. The results of the model were validated both
epidemiologically and mathematically for a specific region, with a disease-free
equilibrium point identified.

Our findings underscore the critical role of the basic reproduction number (R;)
in determining malaria dynamics, consistent with previous studies [1, 2].
Similar to the work of Gebremeskel et al. (2023) [41], our bifurcation analysis
highlights the importance of maintaining R, < 1 to achieve malaria
eradication. Moreover, the sensitivity analysis confirms that targeted
interventions, such as those outlined by Asamoah et al. (2022) [42], can
significantly reduce transmission rates and disease prevalence. These results
reinforce the value of mathematical modeling in guiding public health strategies
and contribute to the growing body of research emphasizing the interplay
between transmission dynamics and control measures in endemic regions.

Our model aims to encourage future researchers to explore natural treatments
for reducing malaria transmission, devise strategies for local and national
malaria control, and enhance public awareness of prevention methods. Public
health education and social media campaigns can play a critical role in fostering
effective community engagement to combat malaria. Furthermore, policy
options addressing environmental and socioeconomic factors could contribute
to more sustainable solutions for malaria control and elimination in Bangladesh
and comparable regions.
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