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Abstract 

Background  Malaria remains one of the most significant global health challenges, particularly in tropical and sub-
tropical regions. Despite ongoing control efforts, malaria transmission persists due to complex biological, environ-
mental, and socio-economic factors. Traditional malaria models have primarily focused on vector-borne transmission, 
overlooking the growing importance of non-vector transmission pathways, such as blood transfusions, congenital 
transmission, and human-to-human transmission through healthcare settings.

Methods  A novel mathematical model was developed to integrate both vector-borne and non-vector transmission 
routes. The model expands the traditional Susceptible-Exposed-Infectious-Recovered (SEIR) framework by incorporat-
ing compartments for vaccinated and non-vector exposed human populations, as well as dynamics for both human 
and mosquito populations. Numerical simulations were performed using MATLAB to evaluate the impact of vaccina-
tion, vector control, non-vector control, and treatment strategies.

Results  The results indicate that vaccination significantly reduces susceptibility to malaria, with numerical simula-
tions showing an approximate 43% reduction in the susceptible human population. However, vector control remains 
critical in limiting exposure, and non-vector transmission pathways including blood transfusions, congenital transmis-
sion, and direct human-to-human transmission pose a substantial risk even in regions with effective mosquito control. 
This underscores the need for integrated strategies that address both vector and non-vector transmission routes.

Conclusions  Combining vaccination efforts with robust vector control, improved healthcare practices, and strin-
gent non-vector transmission prevention measures is essential to effectively reduce malaria transmission. Sustained 
interventions, including improved blood screening and safe medical practices, are necessary to prevent malaria 
resurgence, particularly in high-transmission settings. This model provides valuable insights into malaria dynamics 
and offers a framework for designing more effective public health policies and strategies for malaria eradication.

Keywords  Malaria transmission dynamics, Vector transmission, Non-vector transmission, SEIR model, Mathematical 
modeling

Background
Malaria continues to be one of the most significant global 
health challenges, causing extensive morbidity and mor-
tality worldwide. According to the World Health Organi-
zation (WHO), malaria caused over 247 million cases 
and 619,000 deaths globally in 2021, with the majority 
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of cases concentrated in sub-Saharan Africa. Vulner-
able populations, including young children and pregnant 
women, are disproportionately affected, further exac-
erbating existing health inequities[1]. Malaria is caused 
by protozoan parasites of the genus Plasmodium, pri-
marily transmitted through the bites of infected female 
Anopheles mosquitoes [2]. Despite the significant pro-
gress achieved through interventions such as insecticide-
treated nets (ITNs), indoor residual spraying (IRS), and 
antimalarial medications, malaria persists due to its com-
plex transmission dynamics and the interplay of biologi-
cal, environmental, and socio-economic factors [3, 4].

Malaria has traditionally been understood as a vector-
borne disease, with Anopheles mosquitoes playing the 
primary role in its transmission [5, 6]. Mathematical 
models, particularly those employing the Susceptible-
Exposed-Infectious-Recovered (SEIR) framework, have 
been instrumental in simulating the interactions between 
human and mosquito populations, offering insights into 
the dynamics of disease spread and the impact of control 
strategies [7]. These models have guided interventions 
such as insecticide-treated nets (ITNs), indoor residual 
spraying (IRS), and antimalarial medications, which have 
significantly reduced transmission rates in many endemic 
regions [4, 8]. However, this vector-centric approach, 
while effective, overlooks other important pathways 
through which malaria is transmitted.

Non-vector transmission routes, including blood trans-
fusions, congenital transmission, and organ transplants, 
have been increasingly recognized as critical contribu-
tors to malaria persistence in specific contexts [9, 10]. For 
instance, in areas where mosquito control measures are 
successful, the risk of malaria transmission via blood trans-
fusions or organ transplants becomes more prominent, 
particularly when screening protocols are inadequate. 
Congenital transmission, though less common, poses sig-
nificant risks to infants born to infected mothers and can 
lead to severe complications if undiagnosed or untreated 
[11]. Additionally, shared needles or improper sterilization 
in healthcare settings can serve as a pathway for malaria 
transmission. These non-vector modes are particularly 
relevant in healthcare settings and regions where mos-
quito-borne transmission has been controlled but malaria 
persists due to lapses in healthcare protocols [12].

Despite their importance, non-vector transmission 
pathways are often underrepresented in mathematical 
models of malaria. Most existing models focus exclu-
sively on mosquito-borne transmission, which creates 
gaps in understanding malaria dynamics, particularly 
in controlled environments where healthcare-associ-
ated transmission is more likely [13, 14]. Recent studies 
highlight the limitations of current models that focus on 
relapse mechanisms and asymptomatic carriers without 

incorporating the non-vector pathways that can sustain 
disease transmission [14, 15]. This oversight underscores 
the necessity of integrating non-vector transmission 
routes into existing frameworks to provide a more accu-
rate representation of malaria dynamics.

To address these gaps, this study develops an expanded 
SEIR-based mathematical model that incorporates both 
vector and non-vector transmission pathways. Thus, this 
study introduces a novel malaria transmission model that 
uniquely integrates both vector-borne and non-vector 
transmission pathways within a modified SEIR frame-
work. Unlike traditional models, which largely emphasize 
mosquito exposure, our approach incorporates vaccina-
tion efficacy, human-to-human transmission risks in 
healthcare settings, and the impact of blood transfusions. 
This refined model provides a more comprehensive and 
realistic simulation of malaria transmission dynamics, 
allowing for improved intervention strategies.

The human population is categorized into compart-
ments for susceptible, vaccinated, exposed (via both vec-
tor and non-vector pathways), infectious, treated, and 
recovered individuals, while mosquitoes are classified 
into susceptible, exposed, and infectious populations. 
This model accounts for key factors such as vaccina-
tion efficacy, immunity loss, and progression rates from 
exposure to infection. By incorporating non-vector trans-
mission pathways, the study aims to enhance the under-
standing of malaria transmission dynamics in diverse 
contexts.

The primary objectives of this study are to:

•	 Formulate a modified SEIR-based mathematical 
model that integrates both mosquito-borne and 
non-vector transmission routes, such as blood trans-
fusions, congenital transmission, and organ trans-
plants.

•	 Analyze the stability of the model’s equilibria, includ-
ing disease-free equilibrium state, to determine the 
conditions under which malaria can be controlled or 
eradicated.

•	 Investigate how incorporating non-vector transmis-
sion routes affects overall disease dynamics and eval-
uate the contributions of different transmission path-
ways to the disease burden.

•	 Generate insights and recommendations for public 
health policies and practices based on the model’s 
findings.

By addressing the limitations of traditional vector-
focused models, this study contributes to a more holistic 
approach to malaria management. The findings aim to 
guide policymakers in designing integrated control strat-
egies that target both vector and non-vector transmission 
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routes, ultimately advancing efforts toward the global 
goal of malaria eradication.

Methods
To address the limitations of traditional malaria trans-
mission models and provide a more comprehensive 
understanding of malaria dynamics, this study employs 
an advanced mathematical framework that incorporates 
both vector-borne and non-vector transmission routes. 
This section details the methodology used to develop, 
analyze, and validate this enhanced SEIR-based model.

Mathematical model formulation
The research work builds upon the SEIR model, which 
traditionally includes Susceptible (S), Exposed (E) and 
Infectious (I) compartments [7] for both human and 
mosquito populations and additional Recovered (R) com-
partment for human population. This model is expanded 
to include additional compartments for the human popu-
lation: vaccinated individuals and non-vector exposed 
individuals, to account for non-vector transmission path-
ways in addition to the vector exposed individuals.

This model is formulated based on the following 
assumptions:

•	 The population is considered homogeneous in terms 
of susceptibility and exposure to malaria, meaning 
every individual has the same probability of being 
exposed to Plasmodium parasites and developing 
malaria [16].

•	 The rate at which malaria is transmitted from mos-
quitoes to humans remains constant over time. This 
implies that environmental and seasonal variations 
are not accounted for in the model [7].

•	 The distribution of malaria vectors (e.g., Anoph-
eles mosquitoes) is uniform across the study area. 
This assumes that mosquito populations are evenly 
spread, which might not account for spatial heteroge-
neity [17].

•	 Birth and death rates in the population are fixed 
and do not vary with the prevalence of malaria. This 
means that demographic changes are not explicitly 
modeled [18].

•	 There is no migration or movement of individuals 
between areas with different malaria transmission 
rates. This simplifies the model by not considering 
the impact of human mobility on disease spread [2].

•	 The progression of malaria within an infected indi-
vidual follows a fixed pattern, with a defined time 
from infection to the appearance of symptoms, treat-
ment, and eventual recovery or death [19].

•	 The density of malaria vectors remains constant over 
time. This assumption ignores fluctuations in mos-

quito populations due to seasonal changes or inter-
ventions [20].

•	 Resources for malaria treatment (such as diagnostic 
tools and medical treatment) are evenly distributed 
across the population. This means that variations in 
access to healthcare services are not considered [21].

•	 Despite effective treatment, recovered individuals 
remain susceptible to reinfection if exposed to the 
parasite again. This is crucial in high-transmission 
settings where malaria recurs frequently (endemic 
areas) even after successful treatment [22].

•	 There is no vaccination for the human population 
that is free from malaria; vaccination is only present 
in the population where malaria is endemic [15].

Malaria model description
The malaria model formulated herein is subdivided into 
ten compartments of human and mosquito (vector) 
populations put together: Malaria Susceptible Human 
SH (t) , Malaria Vaccinated Human VH (t) , Malaria vector 
Exposed Human EH1(t) , Malaria non-vector Exposed 
Human EH2(t) , Malaria Infectious Human IH (t) , Malaria 
treated Human TH (t) , Malaria Recovered Human RH (t) , 
Malaria Susceptible Mosquito SM(t) , Malaria Exposed 
Mosquito EM(t) and Malaria Infectious Mosquito IM(t) 
Classes. Thus, the total population is given as;

where;

 and

The Malaria susceptible human population class SH (t) 
is created by the birth rate π(1− k) through with πk as 
the fraction of π that are already vaccinated, the popula-
tion increases by the Malaria Vaccinated human loss of 
immunity rate θ , the Malaria recovered human immunity 
loss rate γ , the Malaria susceptible population reduces 
by having active contact rate with infectious vector β2 , 
by having active contact rate with infectious non-vector 
ways α2 and also by natural death rate µ1 . The Malaria 
Vaccinated human class VH (t) is created through vacci-
nated π at the rate kπ with k as the fraction of π that are 
Malaria vaccinated, the Malaria vaccinated human popu-
lation reduces by immunity loss rate θ , by having active 
contact rate with infectious vector β1 , by having active 
contact rate with infectious non-vector ways α1 and 
also by natural death rate µ1 .. These people move up to 
Malaria vector exposed human class EH1(t) and Malaria 

NHM(t) = NH (t)+ NM(t)

NH (t) = SH (t)+ VH (t)+ EH1(t)+ EH2(t)+ IH (t)+ TH (t)+ RH (t)

NM(t) = SM(t)+ EM(t)+ IM(t)
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non-vector exposed human class EH2(t) when a Malaria 
exposed person in EH1(t) and EH2(t) exhibits clinical 
symptoms, they are moved into the Malaria infectious 
human class IH (t) at the rate τ1 and τ2 respectively, which 
causes both exposed classes to decrease while they also 
decrease by natural death rate µ1 . Some of those moved 
into the Malaria infectious human class IH (t) are moved 
into the Malaria treated human class TH (t) at the rate 
σ , when an infectious person in IH (t) recovers, they are 

moved into the Malaria recovered human class RH (t) at 
the rate  ω which causes both IH (t) and TH (t) classes to 
decrease while they can also decrease by natural death 
rate µ1 and disease related death at the rate δ1 . The Recov-
ered human class RH (t) reduces by losing immunity and 
relapsing at the rate γ and natural death rate µ1 . The 
Malaria susceptible mosquito (vector) population class 
SM(t) is created by the birth rate � and reduces by having 
active contact at the rate β3 and also by natural death rate 
µ2 . These mosquitoes move up to Malaria exposed mos-
quito class EM(t) when exposed mosquitoes becomes 
infectious, they are moved into the malaria infectious 
mosquitoes class IM(t) and they can die natural death at 
the rate µ2.Where those in malaria infectious mosquito 
class IM(t) can die natural death at the rate µ2.

The model flow diagram is presented as Fig. 1 below;
With the following terms defined as follows;

The variable and parameter descriptions are presented 
in Tables 1 and 2 respectively.

The malaria model equations
Based on the flow diagram in Fig.  1, the description of 
the malaria dynamics is depicted by the following set of 
equations in Eq. (2) below:

With Initial Condition:

(1)β1 = ηV IM , β2 = ηSIM , α1 = ξV IH , α2 = ξSIH and β3 = ρIH

(2)

(1)
dSH

dt
= π(1− k)+ θVH + γRH − (µ1 + β2 + α2)SH

(2)
dVH

dt
= πk − (µ1 + θ + β1ε + α1)VH

(3)
dEH1

dt
= β2SH + β1εVH − (µ1 + τ1)EH1

(4)
dEH2

dt
= α2SH + α1VH − (µ1 + τ2)EH2

(5)
dIH

dt
= τ1EH1 + τ2EH2 − (µ1 + δ1 + σ)IH

(6)
dTH

dt
= σ IH − (µ1 + δ1 + ω)TH

(7)
dRH

dt
= ωTH − (µ1 + γ )RH

(8)
dSM

dt
= �− (µ2 + β3)SM

(9)
dEM

dt
= β3SM − (µ2 + φ)EM

(10)
dIM

dt
= φEM − µ2IM

(3)

SH0 ≥ 0, VH0 ≥ 0,EH10 ≥ 0,EH20 ≥ 0, IH0 ≥ 0,

TH0 ≥ 0, RH0 ≥ 0, SM0 ≥ 0, EM0 ≥ 0 and IM0 ≥ 0

}

Fig. 1  Malaria model schematic diagram

Table 1  Malaria model variables description

Variables Description

SH Malaria Susceptible human popula-
tion

VH Malaria Vaccinated human popula-
tion

EH1 Mosquitoes (Vectors) Malaria 
Exposed human population

EH2 Non – Mosquitoes (Non-vectors) 
Malaria Exposed human population

IH Malaria Infectious human popula-
tion

TH   Malaria Treated human population

RH Malaria Recovered human popula-
tion

SM Malaria Susceptible Mosquitoes 
population

EM Malaria Exposed Mosquitoes 
population

IM Malaria Infectious Mosquitoes 
population
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Analysis of the malaria model
This analysis subsection focuses on evaluating the 
dynamics of the malaria transmission model through 
mathematical analysis.

Invariant region
In analyzing the model, establishing an invariant region 
is critical in other to ensure that the model’s solutions 
are biologically meaningful. Because an invariant region 
guarantees that the state variables remain within realistic 
bounds and do not exceed the total population size.

Theorem 1  The closed region

is a positively invariant set and attract all positive solu-
tions of the model (2).

Proof  We proceed with the proof by showing that the 
total population in both the human and mosquito com-
partments remains bounded over time.

Considering the human population;

By standard comparison theorem [23] we see that;

By integrating factor, we have;

So that in particular,

Which shows that;

Thus, the total human population remains bounded 
as t → ∞ and the solution stays within the region 
SH (t)+ VH (t)+ EH1(t)+ EH2(t)+ IH (t)+ TH (t)+ RH (t) ≤ NH.

Similarly,

Considering the mosquito population;

� =

{

(SH ,VH ,EH1,EH2, IH ,TH ,RH , SM ,EM , IM ) ∈ R
10
+ : NH (t) ≤

π

µ1

,NM (t) ≤
�

µ2

}

NH (t) = SH (t)+ VH (t)+ EH1(t)+ EH2(t)+ IH (t)+ TH (t)+ RH (t)

NH (t)

dt
=

SH (t)

dt
+

VH (t)

dt
+

EH1(t)

dt
+

EH2(t)

dt
+

IH (t)

dt
+

TH (t)

dt
+

RH (t)

dt

NH (t)

dt
= π − µ1NH − δ1(IH + TH )

NH (t)

dt
≤ π − µ1NH

NH (t)

dt
≤

π

µ1

+

[

NH (0)−
π

µ1

e−µ1t

]

If NH (0) ≤
π

µ1

then NH (t) ≤
π

µ1

NH (t) ≤
π

µ1

NM(t) = SM(t)+ EM(t)+ IM(t)

NM(t)

dt
=

SM(t)

dt
+

EM(t)

dt
+

IM(t)

dt

NM(t)

dt
= �− µ2NM

Table 2  Malaria model parameters description

Parameters Description

π Human Population birth rate

k Vaccination rate

µ1 Human Population Natural death rate

θ Rate of vaccine immunity loss due to vaccine 
failure

ε Rate of Vaccine Efficacy

ηV Effective contact rate of Human Vaccinated 
individuals with infected mosquitoes 
through bloodmeals

ηS Effective contact rate of Human susceptible 
individuals with infected mosquitoes 
through bloodmeals

ξV Effective contact rate of Human Vac-
cinated individuals with infected humans 
through other non-mosquitoes’ ways (non-
vector pathways) of malaria infectivity

ξS Effective contact rate of Human suscep-
tible individuals with infected human 
through other non-mosquitos’ ways (non-
vector pathways) of malaria infectivity

τ1 Human Population Progression rate 
from exposed to infectious for mosquitos’ 
malaria exposed individuals

τ2 Human Population Progression rate 
from exposed to infectious for non-mosqui-
tos’ (non-vector pathways) malaria exposed 
individuals

δ1 Human Population Malaria disease death 
rate

σ Human Population progression rate 
from infected to treated

ω Human Population progression rate 
from treated to recovered

γ Human recovered Population rate of immu-
nity loss

� Mosquitoes Population birth rate

ρ Effective contact rate of susceptible mosqui-
toes with infected humans through blood-
meals

φ Mosquitoes Population Progression rate 
from exposed to infectious

µ2 Mosquitoes Population Natural death rate
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By standard comparison theorem [23] we see that

By integrating factor, we have;

Which shows that

Thus, the total mosquito population remains bounded 
as t→∞ and the solution stays within the region

Therefore, � is positively invariant and an attractor. So 
that no solution path leaves through any boundary of � . 
Thus, the set � will have solutions that are positive for all 
times. This means that the model (1) is epidemiologically 
well posed and biologically meaningful in the region �.

Malaria model disease free equilibrium ( Et)
Disease Free Equilibrium (DFE) of the model refers to a 
state where no individuals are infected with the malaria 
parasite in a given population, and the disease is absent 
from the population. It is a critical concept in mathemati-
cal epidemiology for understanding whether an infection 
will die out or persist in the long term. The malaria model 
DFE point is obtained by setting the number of infected 
individuals to zero.

Using the Malaria model system (2), at equilibrium or 
steady state the right-hand side of the equation is set to 
zero. Thus, at equilibrium Eq. (2) is given as;

The malaria disease classes for human and mosquito 
populations are defined as EH1,EH2, IH ,TH ,RH ,EM , IM 
and in the absence of malaria disease 
EH1 = EH2 = IH = TH = RH = EM = IM = 0.

NM(t)

dt
≤ �− µ2NM

NM(t)

dt
≤

�

µ2

+

[

NM(0)−
�

µ2

e−µ2t

]

NM(t) ≤
�

µ2

SM(t)+ EM(t)+ IM(t) ≤ NM .

(4)

(1) π(1− k)+ θVH + γRH − (µ1 + β2 + α2)SH = 0

(2) πk − (µ1 + θ + β1ε + α1)VH = 0

(3) β2SH + β1εVH − (µ1 + τ1)EH1 = 0

(4) α2SH + α1VH − (µ1 + τ2)EH2 = 0

(5) τ1EH1 + τ2EH2 − (µ1 + δ1 + σ)IH = 0

(6) σ IH − (µ1 + δ1 + ω)TH = 0

(7) ωTH − (µ1 + γ )RH = 0

(8)�− (µ2 + β3)SM = 0

(9) β3SM − (µ2 + φ)EM = 0

(10) φEM − µ2IM = 0



































































































With the assumption that in the absence of malaria in 
the population there will be no vaccine. We have, VH = 0 
also at malaria disease free equilibrium.

Adding Eqs. (1)− (7) in (3) above we have

Thus,

so that

Adding Eqs. (8)− (10) in (3) above we have

Thus,

So that

From the above, the malaria disease free equilibrium 
point of the malaria model (2) is given as;

Therefore, Et represents the equilibrium state in which 
there is no malaria infection (absence of malaria) in the 
population.

Malaria model basic reproduction number (R0)
The basic reproduction number denoted by R0 is a param-
eter which its value is used to determine how long a dis-
ease like malaria will prevail in a particular population. If 
R0 < 1 , it implies that an infected individual produces in 
average less than one infected person in a population and 
by that it means that with time the disease will die out of 

π − µ1NH − δ1(IH + TH ) = 0

Where NH = SH + EH1 + EH2 + IH + TH + RH

And VH = EH1 = EH2 = IH = TH = RH = 0

π − µ1SH = 0

π − µ1S
t
H = 0 where StH = SH at malaria disease free equilibrium state

⇒ StH =
π

µ1

�− µ2NM = 0

WhereNM = SM + EM + IM

And EM = IM = 0

�− µ2SM = 0

�− µ2S
t
M = 0 Where StM = SM at malaria disease free equilibrium state

⇒ StM =
�

µ2

E
t
=

{

S
t
H ,E

t

H1,E
t

H1, I
t
H ,T

t
H ,R

t
H , S

t
M ,E

t
M , I

t
M

}

=

{

π

µ1

, 0, 0, 0, 0, 0, 0,
�

µ2

, 0, 0

}
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the population. But if R0 > 1 , it implies that an infected 
individual produces more than one infected person in a 
population and by that it means that with time surely the 
disease will not die out of the population. Thus, for any 
disease such as malaria to die out of any population R0 
must be less than one (unity). The method used to cal-
culate this is called the next generation method which 
was used in [24]. Applying the next generation method 
to our malaria model (2) considering the infective classes 
EH1,EH2, IH ,TH ,EM , IM we have Fi and Vi are defined as 
follows;

Linearizing the matrix, we obtained the Jacobian 
Matrix of the partial derivatives of Fi with respect to 
EH1,EH2, IH ,TH ,EM , IM at disease free equilibrium point 
Et given as;

Using MATLAB Software, we computed V−1 , F ∗ V−1 
and obtained;

We also obtained the eigenvalue of  FV−1 as follows;

Fi =



























ηS IMSH + ηV IMεVH

ξS IH SH + ξV IHVH

0

0

ρIH SM

0



























and Vi =



























(µ1 + τ1)EH1

(µ1 + τ2)EH2

(µ1 + δ1 + σ)IH − τ1EH1 − τ2EH2

(µ1 + δ1 + ω)TH − σ IH

(µ2 + φ)EM

µ2IM − φEM



























F =





















0 0 0 0 0 a1

0 0 a2 0 0 0

0 0 0 0 0 0

0 0 0 0 0 0

0 0 a3 0 0 0

0 0 0 0 0 0





















and V =





















a 0 0 0 0 0

0 b 0 0 0 0

−g −h c 0 0 0

0 0 −n d 0 0

0 0 0 0 e 0

0 0 0 0 −m f





















where,

a1 = ηSS
t
H , a2 = ξSS

t
H , a3 = ρStM , a = (µ1 + τ1), b = (µ1 + τ2), c = (µ1 + δ1 + σ), d = (µ1 + δ1 + ω),

e = (µ2 + φ), f = µ2, g = τ1, h = τ2,m = φ, n = σ .

V−1 =



























1

a 0 0 0 0 0

0
1

b
0 0 0 0

g
ac

h
bc

1

c 0 0 0

ng
dca

nh
dcb

n
dc

1

d
0 0

0 0 0 0
1
e 0

0 0 0 0
m
ef

1

f



























and FV−1 =



























0 0 0 0
a1m
ef

a1
f

a2g
ac

a2h
bc

a2
c 0 0 0

0 0 0 0 0 0

0 0 0 0 0 0

a3g
ac

a3h
bc

a3
c 0 0 0

0 0 0 0 0 0



























where the eigenvalues are as follows;

R0 = ρ
(

FV−1
)

 is given as the largest eigenvalue of 
FV−1 which in this case is �6.

Therefore,

Simplifying we have,

Malaria model endemic equilibrium ( Es)
The Endemic Equilibrium (EE) of the malaria model 
refers to the state where the malaria disease persists in 
the population at a constant level, without either increas-
ing or decreasing over time. This equilibrium occurs 

when the basic reproduction number is greater than 
unity, meaning that each infected individual, on aver-
age, causes more than one new infection. We obtain the 
endemic equilibrium point by setting the time derivatives 
of the model compartments to zero as in Eq. (3) and solve 
simultaneously to obtain the endemic equilibrium point 
as;

eig
�

FV−1
�

=























0

0

0

0

efaha2−
�

�

e2f 2a2h2a2
2
+4acb2efa1ma3g

�

2abcef

efaha2+
�

�

e2f 2a2h2a2
2
+4acb2efa1ma3g

�

2abcef























�1 = 0, �2 = 0, �3 = 0, �4 = 0, �5 =
efaha2 −

√

(

e2f 2a2h2a2
2
+ 4acb2efa1ma3g

)

2abcef
and

�6 =
efaha2 +

√

(

e2f 2a2h2a2
2
+ 4acb2efa1ma3g

)

2abcef

R0 =
efaha2 +

√

(

e2f 2a2h2a22 + 4acb2efa1ma3g
)

2abcef

R0 =
1

2





a2h

bc
+

�

�

a2h

bc

�2

+ 4

�

a1ma3g

acef

�



 and R0 =
1

2

�

R01 +

�

R2
01

+ 4R02R03

�

where

R01 =
a2h

bc
=

ξSπτ2

µ1(µ1 + τ2)(µ1 + δ1 + σ)
, R02 =

a1g

ac
=

ηSπτ1

µ1(µ1 + τ1)(µ1 + δ1 + σ)
and R03 =

a3m

ef
=

ρ�

µ2
2(µ2 + φ)

E
s =

{

S
s
H ,V

s
H ,E

s

H1,E
s

H1, I
s
H ,T

s
H ,R

s
H , S

s
M ,E

s
M , I

s
M

}

�= {0, 0, 0, 0, 0, 0, 0, 0, 0, 0}
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With;

Seeing that the Susceptible, Exposed, Treated and 
Recovered human populations depends on the infec-
tious human population and the Susceptible and Exposed 
mosquito population depends on the infectious mosquito 
population while both human and mosquito infectious 
populations depends on their force of infection. This 
implies that at this equilibrium point there will always be 
malaria in the population at all time.

Local stability of the malaria model DFE ( Et)
Local stability analysis near the malaria model DFE ( Et ) 
provides insight into the early stages of malaria transmis-
sion, where only a small number of infected individuals 
are introduced into a susceptible population. Analyzing 
the local stability of the DFE is crucial because it allows 

T
s
H =

σ I s
H

(µ1 + δ1 + ω)
,R

s
H =

ωσ I s
H

(µ1 + γ )(µ1 + δ1 + ω)
,V

s
H =

πk

(µ1 + θ + β1ε + α1)
= B, S

s
H =

H +M + Z I
s
H

A
,

where;

H = π(µ1 + γ )(µ1 + δ1 + ω)(µ1 + θ + β1ε + α1)(1− k),M = θ(µ1 + γ )(µ1 + δ1 + ω),Z = γωσ

and A = (µ1 + β2 + α2)(µ1 + γ )(µ1 + δ1 + ω)(µ1 + θ + β1ε + α1)

E
s

H1 =
β2(H +M + Z I

s
H
)+ β1εBA

A(µ1 + τ1)
,E

s

H2 =
α2(H +M + Z I

s
H
)+ α1BA

A(µ1 + τ2)
, I

s
H =

D

C − Z(τ1β2 + τ2α2)
,

where;

D = (H +M)(τ1β2 + τ2α2)+ AB(τ1β1ε + τ2α1) and C = A(µ1 + τ1)(µ1 + τ2)(µ1 + δ1 + σ).

S
s
M =

µ2(µ2 + φ)I s
M

φβ3
, E

s
M =

µ2I
s
M

φ
and I

s
M =

φβ3�

µ2(µ2 + β3)(µ2 + φ)
.

us to understand under what conditions a disease can 
invade or die out within a population.

Theorem 2  The malaria DFE point ( Et ) of the malaria 
model Eq. (2) is Locally Asymptotically Stable (LAS) 
whenever R0 < 1 and unstable when otherwise.

Proof  Applying eigenvalue analysis and the Routh-Hur-
witz criterion [25] we linearize the model system of dif-
ferential Eqs. (2) around its DFE and the resulting Jaco-
bian matrix is given as;

The characteristic equation |J10 − �I10| admits five (5) 
eigenvalues as

J10 =





























−µ1 0 0 0 −a2 0 γ 0 0 −a1
0 −µ1 0 0 0 0 0 0 0 0

0 0 −a 0 0 0 0 0 0 0

0 0 0 −b a2 0 0 0 0 0

0 0 g h −c 0 0 0 0 0

0 0 0 0 n −d 0 0 0 0

0 0 0 0 0 p −q 0 0 0

0 0 0 0 −a3 0 0 −µ2 0 0

0 0 0 0 a3 0 0 0 −e 0

0 0 0 0 0 0 0 0 m −f





























where

a1 = ηSS
t
H , a2 = ξSS

t
H , a3 = ρStM , a = (µ1 + τ1), b = (µ1 + τ2), c = (µ1 + δ1 + σ), q = (µ1 + γ ),

d = (µ1 + δ1 + ω), e = (µ2 + φ), f = µ2, g = τ1, p = ω, h = τ2, n = σ ,m = φ.

�1 = −µ1 < 0, �2 = −µ1 < 0, �3 = −µ2 < 0, �4

= −d < 0 and �5 = −q < 0
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With the remaining eigenvalues determined from the 
submatrix

Using MATLAB software, we obtained the characteris-
tic polynomial of J5as

Thus,

According to Routh-Hurwitz criteria [25], it can be 
seen that the characteristic polynomial F(�) has all nega-
tive real roots whenever R0 < 1 . Therefore, the DFE point 
( Et ) is locally asymptotically stable whenever R0 < 1 . 
But unstable when otherwise. Epidemiologically, this 
means that the malaria transmission in the population 
can be controlled when R0 < 1 and uncontrollable when 
otherwise.

Results
In this section, we perform the malaria model numeri-
cal analysis presenting the key findings and interpreting 
their significance within the broader context of malaria 
transmission modeling. This section provides summary 
of the result derived from the model numerical simula-
tions. The parameter values for the numerical analysis 
were sourced and recorded in Table 3 with their sources 
referenced.

Using MATLAB Software, the numerical simulation of 
the malaria model was performed with the following ini-
tial values;

The results obtained are as follows;
The dashed curve shows a declining trend in the sus-

ceptible human population as more individuals get 

J5 =











−a 0 0 0 a1
0 −b a2 0 0

g h −c 0 0

0 0 a3 −e 0

0 0 0 m −f











F(�) = A0�
5 + A1�

4 + A2�
3 + A3�

2 + A4�
1 + A5�

0

where;

A0 = 1 > 0, A1 = a+ b+ c + e + f > 0,

A2 = ab+ ac + ae + af + be + bf + ce + cf + ef + bc(1− R01) > 0 when R01 < 1,

A3 = abe + abf + ace + acf + aef + bef + cef +
(

abc + bce + bcf
)

(1− R01) > 0 when R01 < 1,

A4 = aef
(

b+ c(1− R02R03)+ bc
(

ae + af + ef
)

(1− R01)
)

> 0 when R01 < 1 and R02R03 < 1,

A5 = abcef (1− (R01 + R02R03)) > 0 when R01 < 1 and R02R03 < 1.

A0 > 0 and A1 > 0 with

A2 > 0,A3 > 0,A4 > 0 and A5 > 0 whenever R0 < 1.

SH = 800, VH = 50,EH1 = 30,EH2 = 20, IH = 15,

TH = 10, RH = 5, SM = 5, EM = 5 and IM = 5.

exposed to malaria. The solid green curve represents 
individuals already exposed to malaria through mosquito 
bites but not yet infectious known as the vector exposed 
human population. The red curve accounts for those 
exposed to malaria through non-vector means known as 
the non-vector exposed human population. The overall 
graph trend shows an initial rise in the exposed popula-
tions while the susceptible population decreases due to 
new infections Figs. 2 and 3.

The blue dashed curve represents individuals that are 
receiving vaccination, which may increase initially before 

stabilizing. The red curve shows a rapid increase in the 
infections human population, reaching a peak before 
declining, likely due to recovery, treatment, or immu-
nity. The interaction between these two groups highlights 
how vaccination contributes to slowing down of malaria 
infection spread but does not immediately eradicate the 
disease.

These results indicate that vaccination significantly 
reduces susceptibility to malaria, with numerical simu-
lations showing an approximate 43% reduction in the 
susceptible human population. This demonstrates the 
effectiveness of vaccination in reducing the overall dis-
ease burden, though it does not entirely eliminate the risk 
of transmission Fig. 4.

The blue dashed curve represents individuals that are 
receiving treatment, which initially increases as infec-
tions increase. The red curve shows the number of indi-
viduals who recover and develop immunity over time. 
The overall trend indicates that treatment leads to a 
steady increase in recovered individuals, contributing to 
the malaria disease control Fig. 5.

The blue dashed curve represents uninfected mosqui-
toes capable of transmitting malaria. The green curve 
shows mosquitoes that have acquired the malaria para-
site but are not yet infectious. The red curve rises initially 
as more mosquitoes become infectious before declining, 
due to natural mortality or control interventions. The 
trend in infectious mosquitoes closely follows human 
infections, emphasizing the importance of vector control 
in the mitigation of malaria disease Fig. 6.
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Table 3  Parameter values and their sources

Parameters Value References

π 0.012 per day (annual birth rate) [26]

k 0.60—0.90 (estimate based on vaccination campaigns) [27]

µ1 0.0002 per day (India’s average human mortality rate) [28]

µ2 0.1 per day (based on mosquito lifespan) [28]

� 0.02 per day (estimate for malaria-endemic areas) [26]

ε 0.3—0.5 [28, 29]

θ 0.1—0.2 [28, 29]

τ1 0.05 per day (based on incubation period of 14 days) [28]

τ2 0.05 per day (same as vector-exposed) [26]

σ 0.10 per day (estimate based on treatment coverage) [26]

ω 0.05 per day [28]

γ 0.01 per day (varies by region and immunity) [27]

δ1 0.002 per day [28]

� 0.10 per day [28]

ηV 0.001—0.005 per day [30]

ηS 0.005—0.02 per day [27]

ξV 0.0005—0.002 per day [28]

ξS 0.001—0.003 per day [26]

ρ 0.01—0.05 per mosquito [28]

Fig. 2  Graph of susceptible, vector-exposed, 
and non-vector-exposed human populations

Fig. 3  Graph of vaccinated humans and infected humans 
populations
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This plot shows how the number of vector exposed 
humans changes over time for different values of ξS . 
The number of vector exposed individuals initially rises, 
peaks, and then declines as time progresses. Higher val-
ues of ξS ​ result in a lower peak, while lower ξS results 
in higher peak. This suggests that when ξS ​ is high, more 
infections occur directly between humans, meaning 
fewer susceptible individuals get exposed through mos-
quitoes. As a result, mosquitoes have fewer chances to 
acquire the pathogen from infected humans, leading to 
a smaller vector-exposed population. Lower ξS Means 
Greater Dependence on Vector Transmission. When 
human-to-human transmission ξS is low, the main infec-
tion route is mosquito-mediated transmission. This 
increases mosquito exposure to infected humans, leading 
to a higher vector-exposed population (since more mos-
quitoes are acquiring the infection) Fig. 7.

This plot represents the vector-exposed human popula-
tion with varying effect of ηS . These are individuals who 
were bitten by an infected mosquito but are not yet infec-
tious. The number of vector-exposed humans increases, 
peaks early, and then decline over time. Higher values of 
ηS lead to a higher exposure peak, indicating that higher 
mosquito -to-human exposure will increase the num-
ber of newly vector exposed individuals. The lowest ηS 
shows the lowest peak, indicating that lower mosquito-
to-human exposure will lead to smaller number of newly 
vector exposed individuals Fig. 8.

This plot represents humans exposed to malaria 
through non-mosquito sources (e.g., congenital trans-
mission or blood transfusion) over time. Higher values 
of ξS ​ increases the peak exposure in non-vector trans-
mission routes, suggesting that higher human-to-human 
exposure increases both mosquito and non-mosquito 
transmission routes. The smallest ξS​has the lowest peak, 
showing that when human-to-human exposure is mini-
mal, non-vector exposure reduces significantly Fig. 9.

This plot tracks the effect of varying ηS on non-vector-
exposed individuals over time. Infections increase, peak, 
and then gradually decline for each varying value of ηS . 
Higher ηS ​ values lower the infection peak, suggesting that 
as ηS increases, the peak of the non-vector exposed pop-
ulation decreases. This also shows that mosquito-borne 
transmission is becoming the dominant infection route, 
diverting individuals away from the non-vector exposed 
category Fig. 10.

This plot shows how the number of infectious human 
changes over time for different values of ξS . The infec-
tious human population initially rises, reaching a peak 
before gradually declining. Higher values of ξS lead to a 
higher peak and a prolonged infection period, suggest-
ing that ξS plays a role in increasing the infection rate 
or transmission intensity. Lower values of ξS result in a 

Fig. 4  Graph of treated humans and recovered humans populations

Fig. 5  Graph of susceptible, exposed, and infectious mosquito 
populations
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slower rise and a lower peak, indicating reduced trans-
mission or progression to infection Fig. 11.

This plot illustrates how changes in ηS ​ impact the infec-
tious human population over time. The number of infec-
tious humans initially rises, peaks, and then declines. 
Higher values of ηS result in a higher peak and a faster 
decline, suggesting that increasing ηS increases infection 
levels. Lower values of ηS ​ reduces the infectious period 
and lead to a lesser infection burden Fig. 12.

This plot shows how the infectious mosquito popula-
tion evolves over time with different values of ξS . The 
infectious mosquito population initially increases and 
then stabilizes. Higher ξS values lead to a greater ini-
tial rise, indicating a stronger impact of ξS on mosquito 
infection dynamics. This suggests that ξS ​ influences the 
transmission cycle between mosquitoes and humans. 
The stabilization phase indicates a balance between new 
infections and natural mortality or recovery Fig. 13.

This plot examines the impact of varying ηS on the 
infectious mosquito population over time. Unlike the 
human infection case, the mosquito population shows 
a relatively uniform decline across all ηS values, with 
minimal differences between the curves. This suggests 
that ηS primarily affects human infection dynamics, with 

limited direct influence on the mosquito population. The 
observed decline indicates that infected mosquitoes are 
either dying or aging out of the infectious stage Fig. 14.

This plot shows how the number of treated humans 
changes over time for different values of ξS . The treated 
population initially rises as more individuals receive 
treatment, reaching a peak before gradually declining. 
Higher values of ξS ​ lead to an earlier and higher peak, 
suggesting that increasing ξS enhances the rate at which 
infected individuals seek or receive treatment. Lower val-
ues of ξS result in a slower rise and lower peak, indicating 
delayed or reduced treatment uptake Fig. 15.

This plot illustrates the effect of varying ηS ​ on the 
treated human population over time. The treated popula-
tion follows a similar trend to Fig. 17, with an initial rise 
followed by a gradual decline. Higher ηS values result in 
a lower peak and a faster decline, indicating that increas-
ing ηS might lead to quicker recovery or reduced need 
for prolonged treatment. Lower values of ηS cause a sus-
tained increase in the treated population, suggesting a 
longer duration of treatment dependency Fig. 16.

This plot shows the growth of the recovered human 
population over time for different values of ξS ​. The 
number of recovered individuals increases steadily, with 
minor variations across different ξS values. Higher ξS 
values lead to a slightly faster accumulation of recovered 

Fig. 6  Effect of Varying ξS on Vector Exposed Human Population

Fig. 7  Effect of Varying ηS on Vector Exposed Human Population
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individuals, indicating that increasing ξS enhances the 
transition from infection or treatment to recovery. How-
ever, the overall difference between the curves remains 
small, suggesting a more gradual and stable effect Fig. 17.

This plot examines how changes in ηS influence the 
recovered human population over time. Similar to 
Fig.  16, the recovered population steadily increases. 
Higher values of ηS lead to a slightly faster recovery rate, 
suggesting that ηS positively affects the transition from 
infection or treatment to full recovery. However, the dif-
ferences between the curves remain minimal, indicat-
ing that while ηS influences recovery, its impact is more 
gradual.

Discussion
The findings from the model simulations presented in the 
results section provide valuable insights into the dynam-
ics of malaria transmission and the effectiveness of con-
trol interventions. Specifically, the dynamics of both 
human and mosquito populations were analyzed, taking 
into account both vector-borne and non-vector transmis-
sion pathways.

Impact of vaccination on susceptibility
Impact of Vaccination on Susceptibility: The analysis of 
the susceptible human population and the vaccinated 
human population highlights the critical role of vacci-
nation in reducing malaria susceptibility. The numerical 
results indicate a 43% reduction in malaria susceptibility 
among vaccinated individuals, confirming the protective 
effect of vaccination. However, the persistence of infec-
tious individuals suggests that vaccination alone is insuf-
ficient for eradication and must be complemented by 
robust vector control and non-vector transmission inter-
ventions. The model shows that increasing vaccination 
coverage significantly reduces the number of suscep-
tible individuals, which in turn helps limit the spread 
of malaria. However, the results also underscore the 
challenges in achieving complete vaccination coverage, 
especially in regions with logistical barriers or vaccine 
hesitancy. The results align with existing literature, which 
suggests that while vaccination can significantly reduce 
malaria transmission, it must be part of a broader, inte-
grated strategy that includes other interventions like vec-
tor and non-vector control.

Fig. 8  Effect of Varying ξS on Non-Vector Exposed Human Population
Fig. 9  Effect of Varying ηS on Non-Vector Exposed Human 
Population
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Fig. 10  Effect of Varying ξS on Infectious Human Population

Fig. 11  Effect of Varying ηS on Infectious Human Population

Fig. 12  Effect of Varying ξS on Infectious Mosquito Population

Fig. 13  Effect of Varying ηS on Infectious Mosquito Population
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Vector and non‑vector transmission dynamics
The dynamics of the vector-exposed human population 
and the non-vector exposed human population indicate 
that both mosquito-borne and non-mosquito pathways 
contribute to malaria transmission. The significant role 
of non-vector transmission, such as through blood trans-
fusions or congenital transmission, highlights the limita-
tions of focusing solely on vector control. While effective 
vector control can reduce mosquito exposure, non-vec-
tor transmission routes may sustain the disease in areas 
where mosquito populations are under control. This sup-
ports recent studies [9, 10] that emphasize the need for 
broader interventions that address both vector and non-
vector transmission pathways.

Infectious human and mosquito populations
The infectious human population and infectious mos-
quito population demonstrate the ongoing risk of malaria 
transmission even when a large portion of the popula-
tion has been vaccinated or treated. The persistence of an 
infectious pool in both humans and mosquitoes under-
scores the importance of rapid response interventions to 
reduce infectiousness, particularly during outbreaks. The 
model suggests that mosquito control measures, such 
as the use of insecticide-treated nets (ITNs) and IRS, 

Fig. 14  Effect of Varying ξS on Treated Human Population

Fig. 15  Effect of Varying ηS on Treated Human Population

Fig. 16  Effect of Varying ξS on Recovered Human Population
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remain crucial, as the infectious mosquito population is 
the primary vector for transmission.

Treated and recovered populations
The dynamics of the treated human population and the 
recovered human population show the effectiveness 
of treatment in reducing infectiousness and providing 
immunity. However, the model also indicates that recov-
ered individuals are still at risk of reinfection, particularly 
in high-transmission settings. This finding highlights the 
need for continuous surveillance and maintenance of 
control measures even in areas where the disease burden 
has been reduced. The results are consistent with studies 
indicating that immunity to malaria is not always lifelong 
and that reinfection can occur [22].

Implications for malaria control and eradication
The results from this model provide several important 
insights for malaria control and eradication efforts:

Integrated control strategies
The findings underscore the importance of integrating 
multiple interventions to achieve effective malaria control. 
Vaccination, vector control, non-vector control and treat-
ment must be implemented together, as each interven-
tion targets different aspects of the disease dynamics. This 

integrated approach can help reduce malaria transmission 
more effectively than any single intervention alone.

Non‑vector transmission
The model emphasizes the significance of addressing 
non-vector transmission routes (pathways). Even with 
effective vector control, non-vector transmission can sus-
tain malaria transmission. Strategies such as improving 
healthcare access, blood screening, and maternal care are 
essential in high-risk settings.

Sustained efforts
The persistence of infectious individuals and the fluctuat-
ing trends in susceptible populations highlight the need 
for sustained intervention efforts. Malaria control is not 
a one-time effort but requires long-term commitment to 
maintain low transmission rates and prevent resurgence.

Policy implications
The results suggest that policymakers should prioritize 
the scaling up and provision of vaccination campaigns, 
particularly in regions with high transmission rates, and 
continue to invest in mosquito and non-mosquito  con-
trols and healthcare infrastructure. Addressing both vec-
tor and non-vector transmission pathways should be a 
key component of malaria eradication strategies.

Comparison with existing literature
The results of this study align with previous research on 
the importance of combining vector control with vacci-
nation to reduce malaria transmission. Studies have dem-
onstrated that insecticide-treated nets and IRS are highly 
effective in reducing transmission when used together 
[4]. However, the growing recognition of non-vector 
transmission[9] is reflected in the model’s inclusion of 
non-vector pathways, which is a novel contribution to 
the field. Additionally, the study supports findings from 
other models [12, 13] that show how integrating multiple 
pathways can provide a more accurate representation of 
malaria dynamics.

Limitations and future directions
While this study provides valuable insights, there are limi-
tations to the model that should be addressed in future 
research. The assumptions of homogeneous population 
and no migration simplify the model but do not capture 
the complexity of real-world malaria dynamics. Future 
studies should consider spatial heterogeneity and migra-
tion patterns, as these factors can significantly influence 
disease spread and control efforts. Additionally, the model 
could be enhanced by incorporating drug resistance and 
the emergence of new malaria strains, which are critical 
factors for long-term malaria management.

Fig. 17  Effect of Varying ηS on Recovered Human Population
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Conclusion
This study presents a novel mathematical model for 
malaria transmission, integrating both vector-borne and 
non-vector transmission pathways. The model effec-
tively simulates the dynamics of human and mosquito 
populations and highlights the critical role of vaccina-
tion, vector control, and treatment in reducing malaria 
transmission. By addressing the limitations of traditional 
vector-focused models, this research provides a more 
comprehensive understanding of malaria dynamics, par-
ticularly in contexts where non-vector transmission (e.g., 
blood transfusions, congenital transmission) plays a sig-
nificant role. The results emphasize the importance of 
integrated malaria control strategies. The combination 
of vaccination campaigns, vector control measures, and 
effective treatment is essential for reducing the suscep-
tible and infectious populations, ultimately contributing 
to the goal of malaria eradication. However, the findings 
also underscore the challenges in achieving complete 
vaccination coverage and maintaining effective vector 
control, especially in high-transmission settings. Further-
more, the study reveals the significant role of non-vector 
transmission pathways, a growing concern in malaria 
control. The model demonstrates that even with effec-
tive mosquito control, non-vector pathways can sustain 
transmission, thus highlighting the need for broader 
interventions, including improvements in healthcare 
access, blood screening, and maternal care. While the 
model provides valuable insights, it also points to areas 
for future research, including the incorporation of spa-
tial heterogeneity, migration, and drug resistance, which 
can further refine predictions and improve the accuracy 
of malaria control strategies. In conclusion, this study 
underscores the need for a holistic approach to malaria 
control, one that combines multiple intervention strate-
gies to effectively reduce transmission and mitigate the 
impact of the disease. By providing a more detailed and 
integrated framework for understanding malaria dynam-
ics, this research contributes to the development of more 
effective public health policies and strategies aimed at 
malaria eradication.
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