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Abstract: Malaria and coronavirus disease (COVID-19) have been shown to exhibit
clinical and pathological resemblances. The overlap in their characteristic symptoms
led to the loss of many lives during the COVID-19 pandemic due to misdiagnosis
and wrong treatment. In this paper, co-circulation and co-infection of malaria and
coronavirus disease in a malaria-endemic population are modeled through a system of
nonlinear ordinary differential equations, and the impact of wrong treatments on the
dynamics of the two diseases and their co-infection is determined. The disease-free
equilibrium of the model is shown to be both locally and globally asymptotically
stable when the basic reproduction number is less than one. Sensitivity analysis
reveals that wrong treatments positively impact the spread of malaria and COVID-19
in the population, which agrees with the result from numerical simulation. Moreover,
numerical simulation shows that those infected with malaria dominate the infection
space. This can be naturally attributed to the endemicity of malaria in the population.
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1. Introduction

Malaria is a mosquito-borne disease that spreads among humans through bites of infected female Anopheles
mosquitoes. It has been reported that Malaria has caused millions of deaths among children and pregnant women
alike in sub-Saharan Africa and other countries where the disease is endemic [1,2]. It is estimated that there are
about 247 million cases of malaria globally, with over 619,000 malaria-related deaths. In these numbers, tropical
regions in Africa accounted for 92% cases and 93% deaths, respectively, out of which Nigeria had the highest with
25% and Uganda the lowest with 4% [3,4]. Symptoms of malaria such as fever, headache, nausea, and muscular
discomfort or weariness have been shown to mimic those of coronavirus disease (COVID-19), a disease believed to
have emanated in Wuhan, China [5–7]. This overlap of symptoms of the two diseases has led to the loss of many
lives due to misdiagnosis and wrong treatments, especially in countries where there is a shortage of sophisticated
diagnostic equipment to clearly identify and differentiate between the two diseases [8,9].

Co-infection occurs when a host, whether human, animal, or plant, gets infected by two or more different
germs (virus, bacteria, or parasite) at the same time or right after the other [10]. Co-infection can affect how sick the
host becomes, make symptoms more difficult to read, or even make the host much sicker than a single germ would.
Common co-infections include HIV and Tuberculosis, Flu and bacterial pneumonia, COVID-19 and flu, malaria
and bacterial infection, Malaria and Zika virus, Ebola and malaria, Dengue and Zika virus, etc [11–13].

There have been documented cases of co-infection of malaria and COVID-19 in the areas where malaria is
endemic [14–16]. Co-infection of malaria and COVID-19 occurs when a person is simultaneously infected with
plasmodium that causes malaria and SARS-CoV-2 that causes COVID-19. This presents major health challenges
with potential severe consequences. For example, Mohamed et al [17] presented a comprehensive and systematic
review of clinical outcomes of co-infection of the two diseases. The review discovers that most patients who were
co-infected with the two diseases experienced short-term hospitalization and mild to moderate disease severity.
In Lopez et al [18], a population-based study about COVID-19 and malaria in Burkina Faso during the
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first wave of the COVID-19 pandemic is presented. The study confirms a reasonable frequency of occurrence of
co-infection of malaria and COVID-19 in African countries. In [19], there is a documentation of predominance of
severe COVID-19 and a high proportion of adverse maternal-fetal outcomes among women who are co-infected
with malaria and COVID-19. All these confirm the existence of co-infection of COVID-19 and malaria in the areas
where the two diseases co-circulate. It is therefore obvious that the interaction between these two diseases can impose
challenges in terms of diagnosis, treatment, and control. Hence, understanding the dynamics of the two diseases and
their co-infection is important for developing effective control measures and optimizing health care strategies.

Mathematical models have been used over the past decades as a valuable tool for understanding the transmission
dynamics of infectious diseases. Mathematical modeling of infectious diseases involves dividing the population
under study into compartments based on the disease status, and using nonlinear differential equations to model
the rates at which the compartments change at each time. Transmission dynamics of Individual diseases and their
co-infections with one another have been modeled in this way, and important results have been obtained through
rigorous model analyses and simulations. Since the outbreak of COVID-19 in 2019, many mathematical models
have been proposed and used to understand the transmission dynamics of the disease. Some of the models can be
found in [20–25] and the references therein. In Ojo and Goufo [26], the impact of COVID-19 on a malaria-endemic
region is examined using a mathematical model. The major finding in this work is that COVID-19 cases will
predominate in the populace and drives malaria to extinction when Rm < 1 < Rc, whereas malaria will drive
COVID-19 to extinction when Rc < 1 < Rm where Rc and Rm are the basic reproduction numbers for COVID-19
and malaria, respectively. The work further identifies that at endemic equilibrium, the two diseases will co-circulate,
with the one with the higher reproduction number predominating but not eradicating the other. It is also shown that
COVID-19 will invade a population where malaria is endemic if its invasion reproduction number is greater than
unity. In Ren and Xue [27], co-infection of malaria and COVID-19 is modeled to understand the dynamics of the
two diseases. The model is extended to optimal control using prevention and treatment as control measures for
COVID-19 and malaria, respectively. The result of the optimal control analysis indicates that applying each control
strategy alone has the capability of reducing the rate of co-circulation, but using prevention for COVID-19 increases
the rate of malaria infection, and using prevention for malaria prolongs the period of COVID-19 infection.

To better capture the dynamics of COVID-19, many authors have extended the classical integer-order system
of nonlinear differential equations to fractional-order systems, which have been proved to better capture memory
effects and anomalous diffusion in disease transmission. Some notable fractional-order ordinary differential equation
models for COVID-19 can be found in [28–30], and many others.

For a better understanding of the dynamics of malaria COVID-19 co-infection, we develop a mathematical
model that incorporates the key aspects of both diseases, such as rates at which individuals get wrong treatment for
either disease, endemicity of malaria in the population, etc. Simulation of the model will help to gain insight into
the spread of the diseases, and also help to identify factors that contribute to the simultaneous spread of the diseases.

This research work is organized as follows: In Section 2, the model, with its analysis, is presented. The
analysis performed on the model includes determination of the basic reproduction number of the disease, local and
global asymptotic stability analyses of the disease-free equilibrium, and sensitivity analysis of the basic reproduction
number. Simulation of the model is done in Section 3, and the work is summarized and concluded in Section 4.

2. Formulation of the Co-Infection Model

We consider a typical human and mosquito populations where malaria is endemic, and there is an outbreak of
COVID-19. To model the dynamics of the two diseases and their possible co-infection, we divide the human and
mosquito populations into eight (8) compartments and two (2) compartments, respectively. In human population,
we have the susceptible class (Sh), the exposed class(Eh), those infected with malaria only (Ihm), those infected
with COVID-19 only (Ihc), those co- infected with malaria and COVID-19 (Ihmc), those infected with malaria but
wrongly treated for COVID-19(Tc), and those infected with COVID-19 but wrongly treated for malaria (Tm), and
the recovered class (Rh). In the mosquito population, we have mosquitoes (Sv) that are susceptible to plasmodium
infection, and mosquitoes (Iv) that are infected with the parasite. We assume that malaria infection starts in the
human population when infected mosquitoes, Iv bite susceptible humans and infect them with malaria parasite.
On the other hand, COVID-19 infection begins when the proportion (ϵ1 + ϵ2) of the susceptible class becomes
infected with coronavirus through successful contact with those in the compartments Ihc, Ihmc and Tm, with λ, as
the contact rate. Due to the prevalence of malaria in the population under study, it is assumed that the exposed
class, in general, is made up of 3 categories of persons: those already infected with malaria (ϵ1Sh), and are
therefore exposed to COVID-19, those not infected with malaria already (ϵ2Sh), but are exposed to COVID-19
only, and those not infected with malaria, and are therefore exposed to malaria only, (ϵ3Sh). This subdivision of
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the exposed class to reflect heterogeneous infection backgrounds follows a rationale analysis to compartmental
structures in delayed epidemic models, where distinct exposed sub-populations reflect varying disease histories [31].
The compartments, Ihm, Ihc and Ihmc respectively comprises of the proportions pmEh, pcEh and pmcEh, who are
infected with malaria only, COVID-19 only, and both diseases, respectively. Co-infection of malaria and COVID-19
occurs when those infected with malaria become infected with COVID-19, and vice versa. We assume that those
in the class Ihm may become co-infected with COVID-19 at the rate, αmc to join the class, Ihmc, while those in
the class Ihc joins the class after being co-infected with malaria at the rate αcm. Additionally, individuals in the
compartment, Ihm may be wrongly treated for COVID-19, at the rate τ ′c to join the class, Tc, while those in the
class Ihc, may experience wrong treatment at the rate τ ′m, to join the class, Tm. Individuals in the compartments,
Ihm and Tc can recover from malaria at the rate, γm, with or without treatment, while Ihc and Tm can recover from
COVID-19 at the rate γc. The class of co-infected individuals has a separate recovery rate given by γmc. Those that
recover from the diseases, especially malaria, may become reinfected at the rate, δ. It is the assumption of the model
that all the categories of humans experience the same natural death rate, σn, while the infected compartments suffer
additional disease-related deaths at the appropriate rates. In the mosquito population, the susceptible mosquitoes
become infected with malaria parasite when they successfully bite humans in the compartments Ihm, Ihmc and Tc. The
mosquito biting rate is β, while the probabilities of transmission of the malaria parasite from humans to mosquito, and
from mosquito to human are αhm and αmh respectively. The mosquitoes die naturally at the rate, σv. Table 1 shows
the meaning and values of the parameters used in this model. These assumptions on the dynamics of the two diseases
and their co-infection give rise to the flow diagram (Figure ??) and the system of ordinary differential equations:

dSh(t)

dt
= πh + µhNh + δR− λ(ϵ1 + ϵ2)(Ihc + Tm + Ihmc)

Sh

Nh
− ϵ3αmhβIv

Sh

Nv
− σnSh,

dEh(t)

dt
= λ(ϵ1 + ϵ2)(Ihc + Tm + Ihmc)

Sh

Nh
+ ϵ3αmhβIv

Sh

Nv
− (pm + pmc + pc + σn)Eh,

dIhm(t)

dt
= pmE − (αmc + τ ′c + γm + σn + σm)Ihm,

dIhc(t)

dt
= pcE − (αcm + τ ′m + γc + σn + σc)Ihc,

dIhmc(t)

dt
= pmcE + αmcIhm + αcmIhc − (γmc + σmc + σn)Ihmc,

dTc(t)

dt
= τ ′cIhm − (γm + σn + σm)Tc,

dTm(t)

dt
= τ ′mIhc − (γc + σn + σc)Tm,

dRh(t)

dt
= γm(Tc + Ihm) + γc(Ihc + Tm) + γmcIhmc − (δ + σn)Rh,

dSv(t)

dt
= πv + µvNv − αhmβ(Ihm + Tc + Ihmc)

Sv

Nh
− σvSv,

dIv(t)

dt
= αhmβ(Ihm + Tc + Ihmc)

Sv

Nh
− σvIv,

(1)

with the initial conditions; Sh(0) > 0, Eh(0) ≥ 0, Im(0) ≥ 0, Ihc(0) ≥ 0, Ihmc(0) ≥ 0, Tc(0) ≥ 0, Tm(0) ≥ 0,

Rh(0) ≥ 0, Sv(0) > 0, Iv(0) ≥ 0. The total human population, Nh and total mosquito population Nv satisfy the
following differential equations

dNh(t)

dt
= πh + (µh − σn)Nh − σm(Ihm + Tc)− σc(Ihc + Tm)− σmcIhmc,

dNv(t)

dt
= πv + (µv − σv)Nv

with Nh(0) > 0, Nv(0) > 0. Therefore, the populations of humans and mosquitoes are not closed.
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Figure 1. Flow diagram of compartment model

Table 1. Parameters used in the model.

Parameter Meaning Value Source

ϵ1 proportion of humans susceptible to COVID-19 only 0.2 assumed
ϵ2 proportion of humans susceptible to malaria and COVID-19 0.5 assumed
ϵ3 proportion of humans susceptible to malaria only 0.3 assumed
πh rate of recruitment of humans 1000 assumed
πv rate of recruitment of mosquitoes 1000 assumed
αhm probability of transmission of plasmodium from humans to mosquitoes 0.25 [32]
αmh probability of transmission of plasmodium from mosquitoes to humans 0.48 [32]
β mosquito biting rate 0.56 assumed
σn natural death of humans 0.00005 [33]
σm malaria-induced death in humans 0.0019 [27]
σc death due to COVID-19 0.015 [27]
σmc death due to co-infection of the two diseases 0.5 assumed
λ rate of contact between infectious and susceptible humans 0.4531 [34]
pm proportion of humans that are infected with malaria only 0.8333 [32]
pmc proportion of humans that are co-infected with malaria and COVID-19 0.25 assumed
pc proportion of humans that are infected with COVID-19 only 0.6 [35]
τ ′m rate at which humans are wrongly treated for malaria 0.34 assumed
τ ′c rate at which humans are wrongly treated for COVID-19 0.34 assumed
γm rate of recovery from malaria 0.25 [33]
γc rate of recovery from COVID-19 0.3 [36]
γmc rate of recovery from co-infection 0.025 [37]
σv natural death of mosquitoes 0.048 [33]
µh rate of birth for humans 0.024 assumed
µv rate of birth for mosquitoes 0.0126 assumed
δ rate at which recovered humans become susceptible again 0.28 assumed

αmc proportion of malaria-infected humans that are co-infected with COVID-19 0.08333 [37]
αcm proportion of COVID-19-infected humans that are co-infected with malaria 0.4 [37]
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2.1. Basic Reproduction Number

The disease-free equilibrium of the co-infection model is the steady state of the model system where
there is no malaria, COVID-19, and their co-infection in the population. This is denoted by Emc

0 , and given
by Emc

0 = (S∗
h, 0, 0, 0, 0, 0, 0, 0, S

∗
v , 0), where S∗

h = πh

σn−µh
, S∗

v = πv

σv−µv
, where σn > µh, σv > µv. With the

disease-free equilibrium and application of the next-generation matrix(NGM) method, the basic reproduction
number of co-infection of malaria and COVID-19 is

Rmc =
R′

0c +
√
R′2

0c + 4R′
0m

2
(2)

where

R′
0c =

λ(ϵ1 + ϵ2)(αmcpmk3k6 + αcmpck2k6 + k2k3k6pmc + k2k4k6pc + k2k4pcτ
′
m)

k1k3k4k6

and

R′
0m =

ϵ3αmhαhmβ2(αmcpmk3k5 + αcmpck2k5 + k2k4k5pmc + k3k4k5pm + k3k4pmτ ′c)

k1k2k4k5σv

with k1 = pm + pmc + pc + σn, k2 = τ ′
c + αmc + γm + σn + σm, k3 = τ ′

m + αcm + γc + σn + σc,

k4 = γmc + σn + σmc, k5 = γm + σn + σm, k6 = γc + σn + σc. The expression (2) for the reproduction number
is obtained as the spectral radius of the next generation matrix(NGM);

FV −1 =



A1
λ(ϵ1+ϵ2)αmc

k2k4
A3

λ(ϵ1+ϵ2)
k4

0 λ(ϵ1+ϵ2)
k6

ϵ3αmhS
∗
h

N∗
vσv

0 0 0 0 0 0 0

0 0 0 0 0 0 0

0 0 0 0 0 0 0

0 0 0 0 0 0 0

0 0 0 0 0 0 0

A2 A4
αhmαcmS∗

v

N∗
hk3k4

αhmS∗
v

N∗
hk4

αhmS∗
v

N∗
hk5

0 0


(3)

where

A1 =
λ(ϵ1 + ϵ2)

k1

[
pc
k3

+
pmc

k4
+

pcτ
′
m

k3k6
+

αmcpm
k2k4

+
αcmpc
k3k4

]
,

A2 =
αhmS∗

v

N∗
hk1

[
pm
k2

+
pmc

k4
+

pmτ ′c
k2k5

+
αmcpm
k2k4

+
αcmpc
k3k4

]
,

A3 =
λ(ϵ1 + ϵ2)

k3

[
1 +

αcm

k4
+

τ ′m
k6

]
,

A4 =
αhmS∗

v

N∗
hk2

[
1 +

αmc

k4
+

τ ′c
k5

]
.

The matrices F and V are given by

F =



0 0 λ(ϵ1 + ϵ2) λ(ϵ1 + ϵ2) 0 λ(ϵ1 + ϵ2) ϵ3αmhβ
S∗
h

N∗
v

0 0 0 0 0 0 0

0 0 0 0 0 0 0

0 0 0 0 0 0 0

0 0 0 0 0 0 0

0 0 0 0 0 0 0

0 αhmβ
S∗
v

N∗
h

0 αhmβ
S∗
v

N∗
h

αhmβ
S∗
v

N∗
h

0 0



https://doi.org/10.53941/ams.2026.100018 5 of 13

https://doi.org/10.53941/ams.2026.100018


Anyanwu and Duru Appl. Math. Stat. 2026, 3(2), 18

and V =



k1 0 0 0 0 0 0

−pm k2 0 0 0 0 0

−pc 0 k3 0 0 0 0

−pmc −αmc −αcm k4 0 0 0

0 −τ ′c 0 0 k5 0 0

0 0 −τm 0 0 k6 0

0 0 0 0 0 0 σv


, respectively.

The next generation matrix (3) has two nonzero eigenvalues namely, R′
0c+

√
R′2

0c+4R′
0m

2 and R′
0c−

√
R′2

0c+4R′
0m

2 ,

It is obvious that R′
0c+

√
R′2

0c+4R′
0m

2 >
R′

0c−
√

R′2
0c+4R′

0m

2 since R′
0c <

√
R′2

0c + 4R′
0m. Hence, (2) is obtained.

• The basic reproduction number (2) gives explicitly, the average number of persons that can be infected with
malaria, COVID-19 or both, by one index case of malaria and one index case of COVID-19, in their infectious
lifetimes when introduced in a purely susceptible population. This form of the basic reproduction number is
different from what is found in the literature, where the reproduction number of co-infection of two diseases is
obtained as the maximum of the reproduction numbers of the individual diseases [38–40].

• Note that R′
0c can be written in terms of R0c as

R′
0c = (ϵ1 + ϵ2)

kcovid1

k1

k′3
k3

R0c +
(ϵ1 + ϵ2)λ

k1

(
pmc

k4
+

pcτ
′
m

k3k6
+

αmcpm
k2k4

+
αcmpc
k3k4

)
where kcovid1 = pc + σn, k′3 = γc + σn + σc. Here, R0c = λpc

(pc+σn)(γc+σn+σc)
is the basic reproduction

number of COVID-19. and R′
0m can be written in terms of R0m

R′
0m = ϵ3

kmalaria
1

k1

k′2
k2

R2
0m +

ϵ3αmhαhmβ2

k1σv

(
pmc

k4
+

pmτ ′c
k2k5

+
αmcpm
k2k4

+
αcmpc
k3k4

)

where kmalaria
1 = pm + σn, k′2 = γm + σm + σn. Here, R0m =

(
αmhαhmβ2pm

σv(pm+σn)(γm+σm+σn)

) 1
2

is the basic
reproduction number of malaria.

• In Rmc, if there is no malaria, i.e R′
0m = 0, then Rmc =

R′
0c

2 +
R′

0c

2 = R′
0c. Furthermore, in the absence

of malaria, ϵ1 = 0, ϵ2 = 1, pm = pmc = τ ′m = αcm = αmc = 0. Also, pm = pmc = 0 ⇒ k1 = kcovid1 , and
τ ′m = 0 ⇒ k3 = k′3. In this case, Rmc reduces to R0c, the basic reproduction number of COVID-19.
On the other hand, if there is no COVID-19 infection in the population, then R′

0c = 0, and Rmc =
√

R′
0m.

Furthermore, ϵ3 = 1, pmc = pc = τ ′c = αcm = αmc = 0. Also, pm = pmc = 0 ⇒ k1 = kmalaria
1 , and

τ ′c = 0 ⇒ k2 = k′2. In this case, Rmc reduces to the basic reproduction number of malaria, R0m.

2.2. Local Stability of the Disease-Free Equilibrium

In the Jacobian matrix of the model system, we delete the rows and columns that correspond to non-diseased
classes, Sh, R and Sv , since their diagonal entries are the only entries in their respective columns and are all negative.
Hence, we work with the submatrix

J(Emc
0 ) =



−k1 0 λ(ϵ1 + ϵ2) λ(ϵ1 + ϵ2) 0 λ(ϵ1 + ϵ2) ϵ3αmhβ
S∗
h

N∗
v

pm −k2 0 0 0 0 0

pmc 0 −k3 0 0 0 0

pc αmc αcm −k4 0 0 0

0 τ ′c 0 0 −k5 0 0

0 0 τ ′m 0 0 −k6 0

0 αhmβ
S∗
v

N∗
h

0 αhmβ
S∗
v

N∗
h

αhmβ
S∗
v

N∗
h

0 −σv


,

Observe that J(Emc
0 ) = F − V , where F and V are as obtained in Subsection 4.1. Hence, by Theorem 2 in [41],

all the eigenvalues of J(Emc
0 ) have negative real part if Rmc := ρ(FV −1) < 1. This shows local asymptotic

stability of Emc
0 if Rmc < 1. This implies that malaria, COVID-19, and their co-infection can be controlled if the

initial number of infected humans and mosquitoes are in the basin of attraction of the disease-free equilibrium.

2.3. Global Stability of Disease-Free Equilibrium

Consider the system
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dSh(t)

dt
= πh + (µh − σn)Sh + δR,

dRh(t)

dt
= −(σn + δ)Rh(t),

dSv(t)

dt
= πv + (µv − σv)Sv,

(4)

involving only the uninfected population, and the system

dEh(t)

dt
= λ(ϵ1 + ϵ2)

(Ihc + Tm + Ihmc)

Nh
Sh +

ϵ3αmhβIvSh

Nv
− (pm + pmc + pc + σn)Eh,

dIhm(t)

dt
= pmE − (αmc + τ ′c + γm + σn + σm)Ihm,

dIhc(t)

dt
= pcE − (αcm + γc + τ ′m + σn + σc)Ihc,

dIhmc(t)

dt
= pmcE + αmcIhm + αcmIhc − (γmc + σn + σmc)Ihmc,

dTc(t)

dt
= τ ′cIhm − (γm + σn + σm)Tc(t),

dTm(t)

dt
= τ ′mIhc − (γc + σn + σc)Tm(t),

dIv(t)

dt
=

αhmβ(Ihm + Tc + Ihmc)

Nh
Sv − σvIv,

(5)

involving only the infected populations. The solution to (4) is easily obtained as

Sh(t) = S∗
h − (S∗

h − S(0)−Rh(0)) e
−(σn−µh)t −R(0)e−(δ+σn)t

Rh(t) = Rh(0)e
−(δ+σn)t

Sv(t) = S∗
v − (S∗

v − Sv(0)) e
−(σv−µv)t

(6)

From the subsystem (5), we have that

J(Emc)− Φ(Eh, Ihm, Ihc, Ihmc, Tc, Tm, Iv) =



ϵ3αmhβIv

(
S∗
h

N∗
v
− Sh

Nv

)
+ λ(ϵ1 + ϵ2)(Ihc + Tm + Ihmc)

(
S∗
h

N∗
h
− Sh

Nh

)
0

0

0

0

0

αhmβ(Ihm + Tc + Ihmc)
(

S∗
v

N∗
h
− Sv

Nh

)


(7)

where Φ(Eh, Ihm, Ihc, Ihmc, Tc, Tm, Iv) is the right-hand side of (5). It is easy to see that (7) is nonnegative
since from (6), Sh(t) ≤ S∗

h, Nh(t) ≤ N∗
h , Nv(t) ≤ N∗

v and Sv(t) ≤ S∗
v , where S∗

h = N∗
h = πh

σn−µh
and

S∗
v = N∗

v = πv

σv−µv
. More so, we note that as t → ∞, the solution to (4) tends to the disease-free equilibrium,(

πh

σn−µh
, 0, πv

σv−µv

)
of the subsystem because e−(σn−µh)t → 0, e−(σv−µv)t → 0 as t → ∞. Hence, by theorem

in Section 3 of [42], the disease-free equilibrium of the co-infection model is globally asymptotically stable.
This shows that malaria, COVID-19, and their co-infection can be eradicated with appropriate control measures
irrespective of the initial population of infected humans and mosquitoes.

2.4. Sensitivity Analysis of Rmc

To investigate the impact of rate of wrong treatments and other parameters on the dynamics of the diseases, we
perform a sensitivity analysis of Rmc with respect to τ ′c and τ ′m, and other parameters in the basic reproduction
number. The normalized forward sensitivity index of the reproduction, Rmc that depends on the parameter say, x is
given by SRmc

x = ∂Rmc

∂x × x
Rmc

. Using chain rule, and the fact that
√
R′2

0c + 4R′
0m = 2Rmc −R′

0c, we have that

SRmc

τ ′
c

=
∂Rmc

∂τ ′c
× τ ′c

Rmc
=

∂Rmc

∂R′
0m

× ∂R′
0m

∂τ ′c
× τ ′c

Rmc
=

ϵ3αmhαhmβ2pmτ ′ck3k5pm(k1k3k
2
4k

′
2 − k4 − αmc)

k21k
2
2k

2
3k

2
4k

2
5σ

2
v

√
R′2

0c + 4R′
0mRmc

=
ϵ3αmhαhmβ2pmτ ′ck5pm(k1k

2
4k

′
2 − k4 − αmc)

k21k
2
2k

2
4k

2
5σ

2
v(2Rmc −R′

0c)Rmc
,
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SRmc

τ ′
m

=
∂Rmc

∂τ ′m
× τ ′m

Rmc
=

∂Rmc

∂R′
0c

× ∂R′
0c

∂τ ′m
× τ ′m

Rmc

=
1

2

(
1 +

R′
0c√

R′2
0c + 4R′

0m

)
(ϵ1 + ϵ2)λpcτ

′
mk2k6pc(k1k

2
4k

′
3 − k4 − αcm)

k21k
2
3k

2
4k

2
6Rmc

=
(ϵ1 + ϵ2)λpcτ

′
mk2k6pc(k1k

2
4k

′
3 − k4 − αcm)

k21k
2
3k

2
4k

2
6(2Rmc −R′

0c)

SRmc
αmh

=
∂Rmc

∂αmh
× αmh

Rmc
=

1

2
× 4

2
× 1√

R′2
0c + 4R′

0m

× R′
0m

αmh
× αmh

Rmc
=

R′
0m

Rmc

√
R′2

0c + 4R′
0m

= SRmc
αhm

= SRmc
ϵ3

SRmc
αhm

=
∂Rmc

∂αhm
× αhm

Rmc
=

1

2
× 4

2
× 1√

R′2
0c + 4R′

0m

× R′
0m

αhm
× αhm

Rmc
=

R′
0m

Rmc

√
R′2

0c + 4R′
0m

SRmc

β =
∂Rmc

∂β
× β

Rmc
=

1

2
× 4

2
× 2β√

R′2
0c + 4R′

0m

× R′
0m

β
× β

Rmc
=

2R′
0m

Rmc

√
R′2

0c + 4R′
0m

SRmc
ϵ1 =

∂Rmc

∂ϵ1
× ϵ1

Rmc
=

∂Rmc

∂R′
0c

× ∂R′
0c

∂ϵ1
× ϵ1

Rmc
=

1

2

(
1 +

R′
0c√

R′2
0c + 4R′

0m

)
× R′

0c

ϵ1 + ϵ2
× ϵ1

Rmc

=
1

2

(
2Rmc −R′

0c +R′
0c

2Rmc −R′
0c

)
× R′

0c

ϵ1 + ϵ2
× ϵ1

Rmc
=

R′
0c

2Rmc −R′
0c

ϵ1
ϵ1 + ϵ2

= SRmc
ϵ2

SRmc

λ =
∂Rmc

∂λ
× λ

Rmc
=

∂Rmc

∂R′
0c

× ∂R′
0c

∂λ
× λ

Rmc
=

1

2

(
1 +

R′
0c√

R′2
0c + 4R′

0m

)
× R′

0c

λ
× λ

Rmc

=
1

2

(
2Rmc −R′

0c +R′
0c

2Rmc −R′
0c

)
=

R′
0c

2Rmc −R′
0c

SRmc
σv

=
∂Rmc

∂σv
× σv

Rmc
=

∂Rmc

∂R′
0m

× ∂R′
0m

∂σv
× σv

Rmc
= − R′

0m

k1k2k4k5σv

√
R′2

0c + 4R′
0m

× σv

Rmc

= − R′
0m

k1k2k4k5Rmc(2Rmc −R′
0c)

In Table 2, we have the numerical values of the sensitivity indices of these and other model parameters in the
basic reproduction number. From the table, the most sensitive parameter is λ; the rate of contact between those
infected with COVID-19 and the susceptible class. This indicates the need to reduce the contact rate in order to
reduce the spread of COVID-19. Other important parameters are the mosquito biting rate (β), the probabilities
of transmission of the malaria parasite from mosquito to human, and vice versa, and the rates of co-infections
(αmc, αcm). The values of the parameters with positive sensitivity index should be reduced in order to manage
the spread of malaria and COVID-19. The sensitivity index for death rate (σv) of mosquitoes, indicates the need
to increase the rate at which mosquitoes are eliminated. Hence, more efforts should be centered on killing adult
mosquitoes, and more importantly, on destroying those at their early stages of development.

Table 2. Sensitivity indices of some parameters in the basic reproduction number.

Parameter Index Parameter Index

λ 0.9 β 0.55
αmh 0.03 αhm 0.03
pm 0.08 pc 0.02
pmc 0.012 ϵ1 0.03
ϵ2 0.007 ϵ3 0.032
αmc 0.15 αcm 0.0158
σv −0.004 τ ′c 0.025
τ ′m 0.14

3. Numerical Simulation and Discussion

In this section, the model is simulated using the parameter values in Table 1. The simulation tracks the
dynamics of infectious populations under three different epidemiological scenarios: Malaria-only, COVID-19-only,
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and their co-infection in a malaria-endemic population. Each scenario provides insights into how these diseases
interact in a malaria-endemic setting and their respective impacts over time. The results of the numerical experiments
are presented in Figures 2 and 3, to display the long-term behavior of malaria and COVID-19 in malaria-endemic
population. The graphs show that in a malaria-endemic population, the number of persons infected with malaria
only is the highest compared to those infected with COVID-19 or both. This is followed by those that are co-infected
by the two diseases. Figure 4 displays the dynamics of those that are wrongly treated for malaria (Tc) and those
that are wrongly treated for COVID-19 (Tm). The graphs show that the number of persons who have malaria but
are treated for COVID-19 is higher than the number of those who are infected with COVID-19 but are treated for
malaria. This agrees with Figures 2 and 3, where it is shown that the number of persons that are infected with
malaria outnumbers those that are infected with COVID-19. Figure 5 shows the effect of the rates (τ ′c) and (τ ′m) of
applying wrong treatments to the Ihm and Ihc, respectively. The graphs confirm that an increase in the rate, (τ ′c), of
wrong treatment increases the number of those who are infected with malaria. Similarly, as the rate, (τ ′m), of wrong
treatment increases, the number of persons that are infected with COVID-19 as increases. In the case of malaria, as
wrong treatments are applied to Ihm, they remain infectious with malaria, and still infect susceptible mosquitoes,
which become infectious and infect susceptible humans. This increases the number of persons in the compartment,
Ihm. Similarly, in the case of COVID-19, as wrong treatments are applied to Ihc, they remain infectious, and infect
humans that are susceptible to COVID-19 in the population. Thereby, increasing the number of those who are
infected with COVID-19.
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Figure 2. (a) Graph showing Ihm, Ihc and Ihmc for T = 30; (b) Graph showing Ihm, Ihc and Ihmc for T = 100.
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Figure 3. (a) Graph showing Ihm, Ihc and Ihmc for T = 300; (b) Graph showing Ihm, Ihc and Ihmc for T = 1000.
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Figure 4. (a) Graph showing Tc and Tm for T = 60; (b) Graph showing Tc and Tm for T = 120.
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Figure 5. (a) Effect of wrong treatment rate (τ ′
c) on Ihm; (b) Effect of wrong treatment rate (τ ′

m) on Ihc

4. Summary and Conclusions

In this paper, a system of nonlinear ordinary differential equations is used to model the transmission dynamics
of malaria, COVID-19, and their co-infection in the human population where malaria is endemic. The basic
reproduction is obtained, which gives the average number of persons that can be infected with malaria, COVID-19,
or both, by one infectious mosquito and an index case of COVID-19, in their entire infectious lifetime when
introduced in a disease-free human and mosquito population. The disease-free equilibrium is both locally and
globally asymptotically stable when the basic reproduction number is less than one. This points to the possibility of
eradicating the disease, irrespective of the initial sizes of the infected population, if appropriate control measures
are applied. Sensitivity indices of the parameters in the basic reproduction number reveal that reducing the rate
of contact between susceptible and infected humans can help reduce the spread of COVID-19. Furthermore, the
negativity of the sensitivity index of mosquito death rate confirms mosquito eradication as an effective control for
stopping the menace of malaria. Numerical simulations ultimately reveal the endemicity of malaria in the population
under study by showing the dominance of those infected with malaria, followed by those co-infected with malaria
and COVID-19. This further shows that in a population where two or more infectious diseases co-circulate, those
that are co-infected with the diseases cannot be more than those that are infected with the individual diseases.

In conclusion, this research contributes to the broader understanding of malaria and COVID-19 co-infection
dynamics. Future research directions could be to integrate real-world data to improve the accuracy and predictive
capabilities of co-infection models, thereby giving the opportunity for the development of targeted health care and
health intervention strategies for effective management of the diseases. Based on the outcome of the sensitivity
analysis, it is possible to extend the model in this paper by including the various control measures necessary for
combating malaria and COVID-19. Optimal control and cost-effective analyses can be performed to optimally apply
the different control measures for effective management of the diseases.
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