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Abstract: Climate variability plays a crucial role in understanding malaria transmission
dynamics, particularly through its influence on mosquito population and the parasite’s
developmental processes. Although temperature and rainfall have long been recognized as
major climatic drivers of malaria spread, and hence most of the malaria models often overlook
the combined effects of temperature-dependent aquatic-stage development and variation in the
extrinsic incubation period of the parasite. This study develops a new temperature-dependent
malaria transmission model that incorporates mosquito maturation delays, short- and long-term
EIP routes, and an explicit aquatic-stage compartment. The model extends earlier frameworks
by integrating nonlinear temperature relationships for key mosquito life-history traits and by
distinguishing between short and long incubation processes through probabilistic weighting. This
structure provides a more realistic representation of how climatic fluctuations regulate mosquito
abundance, survival, and infectiousness. The resulting model enhances predictive accuracy
in understanding malaria seasonality and transmission potential across varying environmental
conditions. Numerical simulations demonstrate how temperature shifts alter the timing and
intensity of outbreaks, highlighting the importance of climate-sensitive modelling for malaria
surveillance and guiding adaptive vector control strategies. The proposed framework contributes
to the refinement of climate-based malaria prediction tools and supports evidence-driven public
health decision-making in endemic regions.
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1. INTRODUCTION

Understanding the influence of climate factors on malaria transmission remains a major focus
of global public health research, particularly in explaining the spatial and temporal variability
of malaria risk. Climatic variables such as temperature, rainfall, and humidity play distinct yet
interconnected roles in understanding malaria transmission. Among these, temperature has
been identified as the dominant large-scale driver of malaria transmission, directly affecting
the aquatic developmental processes of mosquitoes [1], the parasite’s extrinsic development
period [2], mosquito survival [3], and biting rate [4]. Rainfall, in turn, generates and sustains
mosquito breeding sites, increasing vector density and consequently increasing malaria
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transmission potential. However, excessive rainfall affect larval habitats and negatively affect
mosquito survival.

Several studies have demonstrated a causal relationship between rainfall and malaria
risk, highlighting the complex nonlinear relationship [5,6]. Consequently, understanding how
climatic factors influence mosquito population dynamics remains crucial for predicting and
mitigating vector-borne disease (VBD) outbreaks [7, 8]. The control of mosquito abundance
and the reduction of human-vector contact continued to be serious challenges in malaria
control strategies [9]. Hence, incorporating mosquito aquatic-stage dynamics into malaria
transmission models provides a more comprehensive understanding of disease pattern and
offers realistic routes for intervention design. Recent studies have increasingly investigated
the effects of temperature fluctuations on malaria risk, focusing on aspects such as diurnal
temperature variation, shifts in optimal temperature ranges for vector survival, and parasite
development [10–12]. Other studies have explored the joint effects of temperature and rainfall
on the spatio-temporal dynamics of malaria transmission [13, 14], as well as how climate
variability regulates vector population and transmission potential [15, 16]. For instance, non-
autonomous deterministic models have been applied to assess temperature variability and
its impact on malaria transmission dynamics [17], while climate-based models incorporating
periodic birth rates and vector age structures have been used to predict malaria outbreak
seasons and guide public health policies [18, 19]. Furthermore, compartmental models have
been deployed to investigate the role of periodic environmental changes, human mobility, and
seasonal migration on malaria dynamics [20, 21]. In addition, recent modelling frameworks
have focused on mosquito maturation delays and their sensitivity to temperature [22, 23],
exploring nonlinear birth rates and population stability under climate variability [24, 25].
Despite these advances, limited attention has been paid to the temperature-dependent effects
on the extrinsic incubation period (EIP)—the time required for malaria parasites to complete
their development within the mosquito. This period is fundamental for determining vector
infectiousness and disease persistence but is often underrepresented in climate-driven malaria
models [26, 27]. Previous research primarily emphasized the human intrinsic incubation
period (IIP) [28], which, while relevant for clinical diagnosis and outbreak detection,
contributes less directly to preventive and control mechanisms in climate-sensitive malaria
modelling [29]. Therefore, the EIP should be considered a more effective indicator for
evaluating the influence of climate variability on malaria transmission potential. Moreover,
the climate-dependent maturation delay in the aquatic stages of mosquitoes significantly
determines adult female mosquito abundance. However, existing studies often model
this rate as density-dependent, neglecting its spatio-temporal variability under changing
environmental conditions [12, 17, 24]. The absence of this consideration limits predictive
accuracy and reduces the capacity of such models to inform adaptive control strategies under
different climatic scenarios.

In this study, we address these limitations by developing a new temperature-dependent
malaria transmission model that explicitly incorporates mosquito dynamics and the extrinsic
incubation period. Building upon the framework proposed by [21], our model introduces two
categories of temperature-dependent incubation durations (short and long) for the exposed
mosquito population and integrates an aquatic-stage compartment to capture the influx of
adult mosquitoes through maturation. This design allows for an improved representation of
temperature variability on both mosquito and parasite developmental processes. The proposed
model provides deeper insights into how climatic fluctuations affect the timing and intensity
of malaria transmission and offers a route for improving predictive capacity and control
planning. Recent evidence highlights the growing importance of climate-based modelling
for malaria surveillance and control [40–43]. By integrating EIP variability and aquatic
dynamics, this study contributes to the refinement of climate-sensitive malaria models,
supporting data-driven decision-making for vector control and disease prevention in endemic
regions.
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The remainder of this paper is structured as follows. Section 2 presents the model
formulation and defines the temperature-dependent parameters. Section 3 provides the
theoretical analysis of the proposed mathematical model. Numerical simulations and
discussions are presented in Section 4. The conclusion and recommendations for future work
are presented in Section 5.

2. MODEL FORMULATION

In this section, using the schematic diagram in Fig. 2.1, we first provide a detailed description
of the malaria transmission dynamics between humans and mosquitoes. Subsequently, we
formulate the system of differential equations representing the proposed model and discuss
its epidemiological properties, including the positivity and boundedness of solutions.

Fig. 2.1. Transition model of the malaria transmission [44].

2.1. Model Description
The proposed malaria transmission model in Fig. 2.1 builds upon earlier models presented
in [12, 13, 21, 22], introducing key innovations. Specifically, it incorporates developmental
delays linked to juvenile mosquito maturation and the extrinsic incubation period (EIP)
of the parasite. These delays more accurately represent the spatiotemporal risk of malaria
transmission, as both processes are strongly influenced by environmental factors such as
temperature and rainfall [24].

2.1.1. Human and Mosquito Population Let Nh(t) denote the total human population at
time t, subdivided into four epidemiological compartments: susceptible (Sh), exposed (Eh),
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infectious (Ih), and recovered (Rh):

Nh(t) = Sh(t) + Eh(t) + Ih(t) +Rh(t) (2.1)

Similarly, the total mosquito population Nm(t) consists of immature mosquitoes (Am) and
mature mosquitoes (NA):

Nm(t) = Am(t) +NA(t) (2.2)

The mature mosquito population NA(t) is further subdivided into four compartments:
susceptible (Sm), short-term exposed (Es

m), long-term exposed (El
m), and infectious (Im).

Thus,
Nm(t) = Am(t) + Sm(t) + Es

m(t) + El
m(t) + Im(t) (2.3)

2.1.2. Aquatic Mosquito Stage Female mosquitoes require blood meals for nourishment and
egg development. Eggs are typically laid in or near water bodies, progressing through larval
and pupal stages before maturing into adults within 1–2 weeks, depending on environmental
conditions [18]. The aquatic stage is regulated by a temperature-dependent egg deposition
rate αE(T ) and limited by a carrying capacity Kc, such that:

αE(T )

[
1− Am(t)

Kc

]
(Sm(t) + Es

m(t) + El
m(t) + Im(t)).

The maturation process is delayed by τ1(T ), representing the mean development time
from egg to adult, with µa(T ) denoting the immature-stage mortality rate. The survival
probability of aquatic mosquitoes is e−µa(T )τ1(T ), and the maturation into adults is represented
as:

pEA(T̂ )Am(t− τ1(T ))e
−µa(T )τ1(T )e−Am(t−τ1(T )).

Mosquitoes become infected at a temperature-dependent transmission rate λb(T ) after
biting an infectious human. Following blood ingestion, they experience a resting phase for egg
development, during which they may die at rate µm(T ). Rainfall affects mosquito abundance
by creating or destroying breeding habitats—while moderate rainfall enhances breeding,
excessive rainfall can flush larvae from breeding sites.

2.1.3. Extrinsic Incubation Period Adult mosquitoes that ingest Plasmodium gametocytes
from infected humans become exposed but not immediately infectious. The parasite
undergoes an Extrinsic Incubation Period (EIP)—typically 10–14 days [8]—before migrating
to the mosquito’s salivary glands, after which the mosquito becomes infectious. The duration
of this period depends heavily on temperature; lower temperatures extend the EIP, whereas
higher temperatures shorten it. Consequently, EIP variation is a critical determinant of malaria
transmission potential.

To account for environmental heterogeneity, we introduce two exposed mosquito states:
short-term (Es

m) and long-term (El
m) EIPs. While a similar approach has been applied

to incubation in human [21], our formulation distinctively models mosquito incubation
dynamics as temperature-dependent.

2.1.4. Exposed Mosquitoes Dynamics Exposed mosquitoes remain in the latent stage until
they either complete their extrinsic incubation period (EIP) or die. Their population dynamics
are represented by:

Em(t) =

∫ ∞

0

βhmΦ(Sm, Ih)e
−µmuP (u) du, (2.4)

where Φ(Sm, Ih) = Sm(t− u)Ih(t− u), and P (u) denotes the probability that an exposed
mosquito remains in the latent stage at time u. The function P (u) satisfies the following

Copyright © 2025 ASSA. Adv Syst Sci Appl (2025)



58 B. MODU, S. KONUR, P. NEREIDA, A. TAUFIQ ASYHARI, Y. PENG

properties: (i) P : [0,∞) → [0, 1] is non-increasing, piecewise continuous, with P (0+) = 1
and limu→∞ P (u) = 0; (ii) The integrand of P (u) is strictly positive for u ∈ (0, 1). To
distinguish between short-term and long-term EIPs, we introduce p ∈ (0, 1) as the probability
that a mosquito experiences a short-term incubation period. Thus,

P (u) = pPs(u) + (1− p)Pl(u),

where Ps(u) and Pl(u) represent the short- and long-term EIP components, respectively. The
short-term EIP follows an exponential distribution with rate θ(T ):

Ps(u; θ(T )) = θ(T )e−θ(T )u, u > 0, (2.5)

while the long-term EIP is modelled as a step function of duration τ :

Pl(u) =

{
1, 0 ≤ u ≤ τ,
0, u > τ.

(2.6)

Substituting (2.5) and (2.6) into (2.4) yields:

Es
m(t) =

∫ ∞

0

pλb(T )Φ(Sm, Ih)e
−µmuPs(u) du,

El
m(t) =

∫ τ

0

(1− p)λb(T )Φ(Sm, Ih)e
−µmuPl(u) du.

(2.7)

Differentiating (2.7) gives the dynamic equations:

Ės
m(t) = pΓ2 − Γ1E

s
m(t),

Ėl
m(t) = (1− p)Γ2 − µm(T )E

l
m(t),

(2.8)

where Γ1 = µm(T ) + θm(T ) and Γ2 = λb(T )Sm(t)Ih(t)− λb(T )ψ(τ2, µm, T ).This formula-
tion captures both short- and long-term extrinsic incubation routes, enabling a more realistic
representation of temperature-dependent mosquito infection dynamics.

The malaria transmission dynamics in Fig. 2.1 are governed by the following system of
nonlinear differential equations:

Ṡh(t) = η − Γ6 − µhSh(t) + ωhRh(t),

Ėh(t) = Γ6 − (αh + µh)Eh(t),

İh(t) = αhEh(t)− (µh + δh + γh)Ih(t),

Ṙh(t) = γhIh(t)− (µh + ωh)Rh(t),

Ȧm(t) = Γ4 − µa(T )Am(t)− Γ5,

Ṡm(t) = Γ5 − Γ2 − µm(T )Sm(t),

Ės
m(t) = pΓ2 − Γ1E

s
m(t),

Ėl
m(t) = (1− p)Γ2 − µm(T )E

l
m(t),

İm(t) = θm(T )E
s
m(t) + (1− p)Γ3 − Γ7,

(2.9)

The parameters, Γ1, · · · ,Γ7 are rescaled from the model (2.9) to simplify the system and
reduce the complexity of its underlying dynamics.

Γ3 = λb(T )ψ(τ2, µm, T ), Γ4 = αE(T )

[
1− Am(t)

Kc

]
NA(t), Γ5 = ϕEA(T )φ(τ1, µa, T̂ ),
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Γ6 = λa(T )Sh(t)Im(t), Γ7 = µm(T )Im(t).

The initial conditions of the system (2.9) are given by:

Sh(0) > 0, Eh(0) ≥ 0, Ih(0) ≥ 0, Rh(0) ≥ 0, Am(0) > 0,

Sm(θ) = ϕsm(t) > 0, Es
m(0) ≥ 0, El

m(0) ≥ 0, Im(θ) = ϕim(t) > 0,

where ϕsm(θ) and ϕim(θ) are continuous functions for θ ∈ [−τ, 0]. For simplicity, some
differential equations in the system (2.9) are rescaled by redefining φ(τ1, µa, T̂ ) and
ψ(τ1, µm, T ) as:

φ(τ1, µa, T̂ ) = Am(t− τ1(T̂ ))e
−µa(T )τ1(T̂ )e−Am(t−τ1(T̂ )),

ψ(τ1, µm, T ) = Sm(t− τ1(T ))Ih(t− τ1(T ))e
−µm(T )τ1(T ).

(2.10)

The egg-to-adult survival probability, ϕEA(T ), is given by:

ϕEA(T ) = −0.00924T̂ 2 + 0.453T̂ − 4.77,

as reported in [10]. The transmission forces are represented by:

λa(T ) = bcm(T ) = abm, λb(T ) = acm(T ).

The definitions and numerical values of all state variables and parameters are presented
in Tables 2.1 – 3.3. In the system (2.9) and equation (2.10), all temperature-dependent
parameters are assumed to be continuous, bounded, positive, and ω-periodic. Following [13],
we define T = T (t) and T̂ = T (t) + δT to represent the air and water temperatures at time t,
respectively.

2.1.5. Temperature-Dependent Parameters Several key parameters in the model are
temperature-dependent, notably the adult mosquito biting rate cm(T ), mortality rate µm(T ),
and egg deposition rate αE(T ). Their temperature relationships are expressed as quadratic
functions [10]:

cm(T ) = −0.00014T 2 + 0.027T − 0.322,

µm(T ) = − ln(−0.000828T 2 + 0.0367T + 0.522),

αE(T ) = −0.153T 2 + 8.61T − 97.7.

(2.11)

Rainfall also influences mosquito development, especially during the aquatic stages.
Excessive rainfall can reduce survival by washing away larvae from breeding sites. The
temperature-dependent mortality rate of immature mosquitoes, µa(T ), is modelled as [28]:

µa(T ) =

8.560 + 20.654

(
1 +

(
T

19.759

)6.827
)−1

−1

. (2.12)

Equations (2.11) and (2.12) illustrate the nonlinear and interdependent effects of temperature
and rainfall on mosquito dynamics, as depicted in Fig. 2.2.
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Fig. 2.2. Nonlinear effects of temperature and rainfall on mosquito dynamics.

Table 2.1. Definition of states variable.

Symbol Definition
Sh(t) Number of susceptible humans at time t.
Eh(t) Number of exposed humans undergoing the latent period at time t.
Ih(t) Number of infectious humans at time t.
Rh(t) Number of recovered (or removed) humans at time t.
Am(t) Population of aquatic-stage mosquitoes at time t.
Sm(t) Population of susceptible adult female mosquitoes at time t.
Es

m(t) Population of exposed adult female mosquitoes undergoing short-term latency at time t.
El

m(t) Population of exposed adult female mosquitoes undergoing long-term latency at time t.
Im(t) Population of infectious adult female mosquitoes at time t.

3. MATHEMATICAL ANALYSIS

In this section, the theoretical analysis of system (2.9) and explores its fundamental analytical
properties within a biologically meaningful context.

3.1. Total Human Population
From system (2.9), the total human population is defined as

Nh(t) = Sh(t) + Eh(t) + Ih(t) +Rh(t).

The rate of change of Nh(t) is obtained as follows:

N ′
h(t) = η − µhSh − µhEh − µhIh − µhRh − δhIh

= η − µhNh − δhIh
≤ η − µhNh.

(3.13)
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Table 2.2. Definition of parameters.

Symbol Definition
η Recruitment rate of humans into the susceptible class.
ωh Rate of loss of immunity among recovered humans.
µh Natural death rate of humans.
µm Natural death rate of adult female mosquitoes.
µa Natural death rate of aquatic-stage mosquitoes.
αE Egg deposition rate per adult female mosquito.
p Probability that an exposed mosquito undergoes short-term latency.
αh Rate at which exposed humans progress to the infectious stage.
γh Recovery rate of infectious humans.
θm Rate at which exposed mosquitoes become infectious.
τ2 Incubation delay period of malaria parasites in humans.
a Probability of malaria transmission from an infectious mosquito to a susceptible human.
b Probability of malaria transmission from an infectious human to a susceptible mosquito.
cm Per capita biting rate of mosquitoes on humans.
m Ratio of mosquito population to human population.
ϕEA Recruitment rate of adult female mosquitoes from aquatic stages.
Kc Carrying capacity of the aquatic mosquito population.
τ1 Maturation delay period of immature mosquitoes.
δh Malaria-induced death rate of infectious humans.
λa Force of infection for susceptible humans.
λb Force of infection for susceptible mosquitoes.

Equation (3.13) shows that the total human population is ultimately bounded by the balance
between recruitment (η) and natural mortality (µhNh), with disease-induced deaths δhIh
further reducing population size.

3.2. Total Mosquito Population
Similarly, the total mosquito population is given by

Nm(t) = Am(t) + Sm(t) + Es
m(t) + El

m(t) + Im(t).

Differentiating with respect to time yields:

N ′
m(t) = Γ4NA(t)− µa(t)Am(t)− µm(t)

[
Nm(t)− Am(t)

]
= Γ4NA(t)− µ(t)Nm(t),

(3.14)

where µ(t) = min(µa(t), µm(t)) denotes the effective mortality rate of mosquitoes [12].

3.3. Boundedness and Positivity of Solutions
Since the system (2.9) is non-autonomous, malaria transmission is analyzed under a periodic
environmental framework. Following [14], it is assumed that the mosquito population
stabilizes at a periodic equilibrium. Hence, there exists a positive constant h0 such that:

N ′
m(t) = Γ4NA(t)− µ(t)L < 0, ∀L ≥ h0. (3.15)

Given non-negative initial conditions, the system (2.9) ensures Nh(t) > 0 for all t ≥ 0.
Consequently, it admits a unique, non-negative solution in C ([0,∞),R9

+), with all trajectories
ultimately bounded and uniformly stable.

3.4. Existence and Positivity of Solutions
Following the formulation in [16], the system (2.9) can be expressed in vector form as:

Ẋ(t) = B(X)X +H, (3.16)
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where

X = (Sh, Eh, Ih, Rh, Am, Sm, E
s
m, E

l
m, Im)

T , H = (η, 0, 0, 0, 0, 0, 0, 0, 0)T .

The matrix B(X) is a Metzler matrix, meaning that all its off-diagonal entries are non-
negative. Consequently, the system is positively invariant in R9

+; that is, any trajectory
that begins in the positive orthant remains there for all t ≥ 0. This property guarantees the
biological feasibility of the model, ensuring that all population compartments remain non-
negative over time.

By applying the comparison principle [29], the total human and mosquito populations
satisfy:

lim
t→∞

supNh(t) ≤
η

µh

, lim
t→∞

sup[Nm(t)−N∗
m(t)] ≤ 0,

where N∗
m(t) denotes the unique ω-periodic positive solution of (3.14), given by:

N∗
m(t) = e−

∫ t
0 µm(s) ds

{
Γ9 + Γ10

}
, (3.17)

with

Γ9 =

∫ t

0

αE(s)

(
1− Am(s)

Kc

)
NA(s)e

∫ s
0 µm(ω) dω ds, (3.18)

and

Γ10 =

∫ τ

0
αE(s)

(
1− Am(s)

Kc

)
NA(s)e

∫ s
0 µm(ω) dω ds

e
∫ τ
0 µm(s) ds − 1

. (3.19)

Therefore, all solutions of system (2.9) are uniformly bounded and remain positive for all
t ≥ 0 [14]. This establishes the existence, uniqueness, and biological consistency of the
model solutions.

Table 3.3. Baseline parameter values and range.

Symbol Baseline Range Reference
η 4× 10−5/day (3.91− 5)× 10−5/day [21]
ωh 1.7× 10−5/day 5.5× 10−5 − 1.1× 10−2/day [13]
µh 4× 10−5/day (3.42− 3.91)× 10−5/day [13]
µm 5× 10−2/day (4.76− 7.14)× 10−2/day [13, 36]
µa 1.04× 10−1/day 1× 10−3 − 2× 10−1/day [12–14]
αE 1.84/day 1− 500/day [12–14]
p 0.25 - [21]
αh 5× 10−3 (2− 7)× 10−3 [12]
γh 2.3× 10−3/day 1.4× 10−3 − 1.7× 10−2/day [13]
θm 9.1× 10−2/day 2.9× 10−2 − 3.3× 10−1/day [13]
τ2 10 10− 14/days [37]
a 2.4× 10−1/day 7.2× 10−2 − 6.4× 10−1/day [12, 13, 36, 38]
b 2.2× 10−2/day 2.7× 10−3− 6.4× 10−1/day [12, 13, 38]
cm 0.29/day 0.10− 1.0/day [12, 13, 36, 38]
m 2 - [21]
ϕEA 0.343/day 0.333− 1.0 [12]
Kc 4× 104 50− 3.3× 106 [12, 13]
τ1 12 10− 37days [10, 12]
δh 3.454× 10−4 0− 4.1× 10−4/day [13]
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3.5. Basic Reproduction Number
The basic reproduction number, denoted by R0, represents the expected number of secondary
infections produced by one infected individual introduced into a wholly susceptible
population. Following the next-generation matrix approach [13], we express R0 as the
spectral radius (dominant eigenvalue) of the matrix FV−1, i.e.,

R0 = ρ(FV−1). (3.20)

The analytical approximation of R0 for the malaria transmission model is given by:

R0 =

√
βmh βhm S

0
h S

0
m αh θm(T )

N2
h (αh + µh) (µh + δh + γh)µm(T )2

, (3.21)

where βmh and βhm denote the transmission probabilities per bite from mosquito to human
and human to mosquito, respectively, while θm(T ) and µm(T ) represent the temperature-
dependent mosquito progression and mortality rates. The adult mosquito mortality rate is
temperature-dependent and given by [10]:

µm(T ) = − ln
(
−0.000828T 2 + 0.0367T + 0.522

)
, (3.22)

valid for the temperature range 16◦C ≤ T ≤ 34◦C.

4. NUMERICAL ANALYSIS

In this section, we present a comprehensive numerical evaluation of the temperature-
dependent basic reproduction number, followed by simulations of the state variables and
sensitivity analysis.

4.1. Evaluation of R0

Using the baseline parameter values presented in Table 3.3 and setting βmh = cmb, βhm =
cma, and Nh = η/µh, the baseline R0 at T = 25◦C is numerically estimated as:

R0(25
◦C) ≈ 7.34.

This indicates that, under the given assumptions, one infectious individual can generate
approximately seven new secondary infections in a fully susceptible population at 25◦C,
highlighting high transmission potential under optimal conditions.

Fig. 4.3 shows the variation of R0 with temperature for three different mosquito
incubation rates θm = 0.071, 0.091, and 0.1 day−1. The results demonstrate thatR0 increases
with temperature up to approximately 22–23◦C, beyond which it declines due to elevated
mosquito mortality. The maximum transmission potential therefore occurs at moderate
temperatures.The horizontal dashed line indicates the epidemic threshold R0 = 1.

Table 4.4. Basic reproduction number R0 at different temperature levels.

Temperature (◦C) R0

18 0.72
22 1.15
25 1.45
28 1.63
32 0.98
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Fig. 4.3. Variation of the R0 and mosquito incubation rates θm.

The results presented in Table 4.4 show that the basic reproduction number, R0, varies
substantially with temperature, revealing a distinct optimal range for malaria transmission.
At lower temperatures, such as 18◦C, R0 remains below the epidemic threshold (R0 = 0.72),
indicating that transmission cannot be sustained. As temperature increases, transmission
potential improves, with R0 exceeding 1 at 22◦C and continuing to rise, reaching its peak
value of 1.63 at 28◦C, where mosquito survival, biting activity, and parasite development
are most favorable. However, at 32◦C, R0 declines to 0.98, suggesting that excessively high
temperatures begin to impair vector and parasite dynamics. Overall, the findings indicate that
malaria transmission is most efficient within the moderate temperature range of 22–28◦C,
with optimal conditions occurring near 28◦C.
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Fig. 4.4. Relationship between R0 and temperature.

Fig, 4.5 shows that shorter mosquito incubation delays lead to a rapid decline in
susceptible humans due to faster transmission, whereas longer delays result in weaker
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Fig. 4.5. Human susceptibility at different τm = 5, 7, 10, 12, 15.

transmission and a larger remaining susceptible population. The shorter incubation periods
(often at warmer temperatures) enhance malaria spread, while longer delays (associated with
cooler conditions) limit transmission.

4.2. Sensitivity Analysis
To assess the relative importance of the key parameters on the basic reproduction number
R0, a local sensitivity analysis was performed. The normalized sensitivity index for each
parameter xi is defined as [45]:

Sxi
=
∂R0

∂xi
· xi
R0

.

The indices quantifies the proportional change in R0 resulting from a 1% change in each
parameter. Table 4.5 lists the calculated elasticity values. Figure 4.6 illustrates these results

Table 4.5. Sensitivity indices of R0 with respect to model parameters.

Parameter Elasticity Value
b (βhm) 22.7276
θm 5.4946
a (βmh) 2.0834
αh 0.7937
S0
h 0.5000
S0
m 0.2500
µm −12.3150

using a bar plot. Parameters with positive elasticity values increase R0 when they rise,
whereas negative values indicate that increasing the parameter reduces R0. From Table 4.5
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and Fig. 4.6, the analysis reveals that the transmission probability from mosquito to human
(b = βhm) exerts the strongest positive influence on the basic reproduction number R0

(Sb = 22.73), indicating that even small increases in mosquito infectivity can substantially
amplify malaria transmission intensity. Similarly, the mosquito incubation rate (θm = 5.49)
and the human-to-mosquito transmission probability (a = βmh) also contribute positively to
R0, emphasizing their roles in sustaining transmission. Conversely, the mosquito mortality
rate (µm = −12.32) exhibits a strong negative elasticity, implying that higher mosquito death
rates significantly reduce the spread of infection. Other parameters, including the human
exposure rate (αh) and the initial susceptible populations (S0

h, S0
m), show moderate effects on

R0. The results suggest that control measures targeting reductions in mosquito survival and
infectivity are the most effective strategies for driving R0 below unity and curbing malaria
transmission.

5. CONCLUSION

This study presents a temperature-dependent malaria transmission model that integrates
mosquito aquatic-stage dynamics and heterogeneous extrinsic incubation periods to improve
the representation of climate–disease interactions. Through incorporating short- and long-
term EIP processes and modelling temperature-driven maturation delays, the framework
provides a better understanding of how environmental variability influences mosquito
population dynamics and transmission potential. The model captures essential nonlinear
effects of temperature and rainfall on mosquito survival, biting rates, and developmental rates,
thereby offering a more robust foundation for predicting malaria risk under changing climatic
conditions. The analytical and numerical results highlight the significance of the extrinsic
incubation period as a key driver of transmission intensity and highlight the sensitivity of
mosquito maturation and infection processes to temperature fluctuations. These findings
demonstrate that climate-based malaria models must accurately represent both vector ecology
and parasite development to provide reliable forecasts. The proposed model contributes to
ongoing efforts to develop climate-informed surveillance tools that support targeted, timely,
and effective vector control interventions. Future research may extend this framework by
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incorporating stochastic climate variability, spatial heterogeneity, aquatic dynamics, and
intervention strategies such as insecticide-treated nets and larval source management. Such
extensions will further strengthen the capacity of mathematical models to guide public health
planning and reduce the burden of malaria in endemic regions.
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