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Abstract

Malaria remains a persistent public health challenge in endemic and resource-limited regions. This
study develops a mathematical model of malaria transmission tailored to Jigawa State, Nigeria,
incorporating key interventions such as bed-net usage, insecticide spraying, and preventive
chemotherapy. Theoretical analysis shows that the disease-free equilibrium is stable when the basic
reproduction number is less than one, while an endemic equilibrium exists when it exceeds one. The
model is calibrated using local malaria case data to evaluate the relative effectiveness of these control
strategies. Results indicate that chemoprevention contributes to reducing malaria transmission by
protecting high-risk populations and lowering the number of susceptible individuals. However, its
impact is gradual compared to interventions that directly reduce mosquito density and human-
mosquito contact. The findings further show that the effectiveness of chemoprevention is significantly
enhanced when combined with high bed-net compliance and consistent insecticide spraying. Under
such integrated strategies, the basic reproduction number can be reduced to Ry =~ 0.103, with the
potential for malaria elimination within 15 to 20 years. In general, the study demonstrates that while
chemoprevention alone may not interrupt transmission, it remains an essential component of a
comprehensive malaria control strategy. By integrating chemoprevention with vector control measures,
this work provides a data-driven framework for optimizing intervention strategies and supporting
policy decisions aimed at accelerating malaria elimination in endemic settings such as Jigawa State.

Keywords: Malaria, Chemoprevention, Compartmental Model, Bed-net Compliance,
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INTRODUCTION

Malaria remains a major public health concern, particularly in endemic and resource-limited
regions. Despite global efforts toward control and elimination, the disease continues to
impose a significant burden, especially in sub-Saharan Africa. Recent reports indicate that
malaria cases and deaths remain high, with countries such as Nigeria, the Democratic
Republic of Congo, Tanzania, and Niger accounting for a large proportion of global cases
(WHO, 2022). In Nigeria, sustained efforts through programs such as the National Malaria
Strategic Plan (NMPS) and the National Malaria Elimination Program (NMEP) aim to
significantly reduce prevalence and mortality, with elimination targeted in the coming years.
Chemoprevention has emerged as an important strategy in malaria control, particularly for
protecting high-risk populations. While it provides substantial individual-level protection, its
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overall impact on transmission dynamics, especially when combined with other interventions,
remains an area of active research. Existing mathematical models have contributed
significantly to understanding malaria transmission; however, many do not adequately
incorporate the temporary protection provided by chemoprevention or rely heavily on
theoretical assumptions without calibration to real-world data. Motivated by these gaps, this
study develops a data-driven mathematical model tailored to Jigawa State, Nigeria. The
model integrates chemoprevention with key control measures such as bed-net usage and
insecticide spraying to evaluate their combined impact on malaria transmission, aiming to
provide a realistic framework for assessing intervention strategies and supporting evidence-
based decision-making.

Malaria is a vector-borne disease caused by Plasmodium parasites, transmitted through the
bite of infected female Anopheles mosquitoes (WHO, 2023a). The main species affecting
humans include Plasmodium falciparum, Plasmodium vivax, Plasmodium ovale, and
Plasmodium malariae, with P. falciparum being the most widespread and deadly. After
transmission, the parasite develops within the mosquito and is then passed to humans, where
it undergoes further development, leading to symptoms such as fever, headache, vomiting,
and fatigue. Vulnerable groups include young children and pregnant women.

Globally, malaria trends have fluctuated over time. While there was a general decline in cases
from 2000 to 2019, progress was disrupted by factors such as the COVID-19 pandemic (WHO,
2022). In 2020 and 2021, both cases and deaths increased, highlighting ongoing challenges in
malaria control. In Nigeria, the burden remains particularly high, with millions of cases
reported annually, including significant incidence in states such as Jigawa (WHO, 2023b). The
state, located in north-western Nigeria, is among the regions with a high malaria burden,
especially among children under five years of age (WHO, 2023b). Jigawa is largely rural, with
environmental conditions such as vegetation, open drainage systems, and farming activities
that promote mosquito breeding. Climatic factors further contribute to transmission
dynamics, with mean annual rainfall ranging between 1000 and 1100 mm and average
temperatures around 26°C, rising above 30°C during the hot season (March to June). The state
experiences two main seasons: dry and rainy, with malaria incidence increasing significantly
during the rainy season between April and October (WHO, 2023b).

To combat malaria, several interventions have been implemented in Jigawa State, including
intermittent preventive treatment in pregnancy (IPTp), seasonal malaria chemoprevention
(SMC), intermittent preventive treatment in school-aged children (IPTsc), and the use of
insecticide-treated bed nets (ITNs). The state government also supports malaria research
through an entomological surveillance unit at the Federal University Dutse, recognized by the
World Health Organization (WHO, 2021). These combined efforts emphasize the importance
of integrated control strategies in high-burden settings.

Chemoprevention refers to the use of drugs or chemical agents to prevent or reduce the risk
of disease. In malaria control, this involves administering antimalarial drugs, commonly
sulfadoxine and amodiaquine, to protect at-risk populations from infection and its
complications. The World Health Organization has introduced several chemoprevention
strategies over time, including IPTp, intermittent preventive treatment in infants (IPTi, now
known as perennial malaria chemoprevention, PMC), SMC, post-discharge malaria
chemoprevention (PDMC), IPTsc, and mass drug administration (MDA). These interventions
have shown strong community acceptance and effectiveness in reducing malaria incidence,
particularly in high-transmission settings. However, their impact depends on factors such as
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drug efficacy, resistance, and coverage levels. Although concerns exist regarding potential
reductions in naturally acquired immunity, the overall benefits of chemoprevention outweigh
these risks.

Several mathematical models have been developed to understand malaria transmission
dynamics and evaluate control strategies. Classical models by Ross, Macdonald, and
Anderson and May provide the foundational framework for analyzing disease spread (Ross,
1915; Macdonald, 1957; Anderson & May, 1991). Subsequent studies have extended these
models to incorporate drug resistance (Mackinnon, 2005; Chiyaka & Dube, 2009; Koella &
Antia, 2003), environmental factors (Anderson & May, 1991; Parham & Michael, 2010), age
and immunity (Aron & May, 1982; Aron, 1988; Filipe et al., 2007), and migration (Torres-
Sorando & Rodriguez, 1997).

In this context, the present study evaluates the feasibility and effectiveness of
chemoprevention as part of an integrated malaria control strategy in Jigawa State. By
combining epidemiological data with a mathematical modeling framework, the study aims to
provide insights into how preventive chemotherapy can contribute to reducing malaria
transmission in endemic regions.

Model Formulation

The model is based on the classical SIR framework (Aron, 1988; Anderson and May, 1991),
which is extended to include a chemoprevention class representing individuals who receive
interventions such as seasonal malaria chemoprevention (SMC), intermittent preventive
treatment in pregnancy (IPTp), intermittent preventive treatment in school-aged children
(IPTsc), and perennial malaria chemoprevention (PMC). The system considers two interacting
populations: humans and mosquito vectors (Anopheles species).

The human population is divided into four compartments: susceptible individuals (Sy),
infected individuals (), individuals who received chemoprevention (P,), and recovered
individuals (Ry). The mosquito population is partitioned into susceptible (S,,) and infected
(I,n) classes. Both populations are assumed to be open, with susceptible individuals having
equal risk of infection. Temporary immunity may arise either from recovery or from
chemoprevention. The effectiveness of these interventions depends on drug efficacy.
Additionally, infection rates may be reduced through compliance with insecticide-treated bed
nets, while vector control efforts can lower mosquito populations. These assumptions are
intended to provide a realistic representation of malaria transmission dynamics.

The force of infection from mosquitoes to humans is defined as

Ah — Bhe(lN T)Im ’ (1)
h
while the force of infection from humans to mosquitoes is given by
1. = .BmEIh (2)
m Nh )

where € represents the mosquito-human contact rate, §, and f3,,, denote the transmission
probabilities from mosquito to human and human to mosquito, respectively, and t represents
the level of compliance with insecticide-treated bed-net usage. A schematic diagram of the
model is shown in Figure 1, and detailed descriptions of the variables and parameters are
provided in Table 1.
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Figure 1: Schematic diagram of the developed model (1), showing the interactions among the different compartments.
ds
— L =7+ WPy + Ry — 2nSp — (Yo + p)Sh,

dt
dP,

- YoSp — (w + pp) Py,

dl,
i ApSp — (v + pp + Oy,

dR, 3)
—— =yl — (¢ + pp)Rp,

dt
dSm
dr = A= LS — (0P + W) Sm,
dl,,
dt = AmSm — (0p + um) .

Table 1: Description of the variables and parameters used in the model (1).

Variable Description
Ny, Total human population
Py Preventive chemotherapy of human
Sh)Sm Susceptible humans and mosquitos respectively
In, I Infected humans and mosquitoes respectively
R Recovered humans
A Am Mosquito to human and human to mosquito infection rate respectively
Parameter
T, A Recruitment rate of human and mosquito respectively
Uns U Natural death rate of human and mosquito respectively
B, Bm Probability of malaria transmission of human and mosquito respectively
0 Rate of spraying
p Effectiveness of the insecticide
¢ Rate of becoming susceptible after recovery
Y Rate of receiving preventive chemotherapy
o Efficacy of chemoprophylaxis
y Treatment rate
K Drug effectiveness
€ Mosquito-human contact rate
T Bed-net usage compliance
) Prevention waning rate
) Malaria induced death rate of human
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Invariant Region

The positively invariant is the region in which all state variables (compartments) are
nonnegative and bounded, representing realistic population sizes. It ensures the mathematical
model remains consistent with biological reality.

Positivity of the Solutions
Lemma 1: Assume nonnegative initial data Sy (0), P,(0),1,(0),R,(0), 5, (0),1,,(0) = 0, and that
all rates are nonnegative for nonnegative states (in particular A, (t) = 0 and A,,(t) = 0). Let m, =
W+ pp, My =YK+ up+6, and my = ¢ + pup, ms = 0p + py,. Then each compartment remains
nonnegative for all t > 0.
Proof: We derive, for each variable, a differential inequality whose right-hand side is linear,
and compare with the corresponding linear ODE.
From the first equation of the system (1),

S, = m+wP,+¢R, — Ay + Yo + pup) Sy

Sy, = —au(t) Sy +m where ap(t) = A, (t) +Yo+u, = 0. )
Consider the linear comparison problem
y'(®) =—apn(®)y@® +m  y(0) =S,(0) 2 0. 5)
By the integrating-factor method,
t t t
y(t) = S, (0)exp (—f ay (1) dr) +f T eXp <—f ay (1) d’l’> ds = 0. (6)
0 0 s

Since S, satisfies S, (t) = y'(t) with S,(0) = y(0), the comparison theorem yields Sy (t) =
y(t) =0forallt = 0.
From the second equation of the system (Py)

P, = YaS, — (w+pup)P, = —myPy.

z'(t) = —myz(t), z(0)=P,(0)=0> z(t) =P,(0)e ™t>0 ™
Hence P, (t) = z(t) = 0.
Similarly, for I;, and Ry, we have,
I,(t) = I,(0)e~™st > 0, Ry (t) = R, (0)e~™at > 0, €©))
For the susceptible mosquito equation with mg = 6p + u,,,
Sm=A—2ApSm—msSy, = —(Ay + ms)Sy, + A 9
Let a;, (t) = 4,4 (t) + ms = 0 and compare with
V() = =amOym(@®) + 4, ym(0) = 5,(0) =0, (10)
whose integrating-factor solution is
t t t
Y () = S, (0)exp <—f am> +f Aexp (—f an, (1) dr) ds = 0. (11)
0 0 s

Hence S,,,(t) = y,,(t) = 0.
Similarly, for the infected mosquito

I, = ApSy — Msly = —mslpy = Ly(t) = L,(0)e™™st >0 (12)
In every case the comparison function is nonnegative for all t > 0, and the original state
variable dominates it from below; hence each compartment remains nonnegative forall t > 0.
Theorem 1: Let N, = Sy, + Py + Iy, + Ry, and Ny, = Sy, + Iy, denote the total human and mosquito
populations, respectively. The biologically feasible region is

r= {(Sh, Pis I R S ) € RE: Ny (8) < —, N (£) < i}. (13)
Hn Hm

With initial data in I, the solutions of system (1) remain nonnegative and satisfy Ny (t) < m/uy and
Ny (t) < A/, forall t = 0, hence I' is positively invariant.

Proof: From Lemma 1, we established that the solutions of the state variables with positive
initial conditions remain positive for all t > 0. The theorem holds if we can also show that the
system is bounded.
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Let the total human population be defined as Ny, (t) = S, (t) + Pn(t) + I(t) + Rp(t) and the
total mosquito population as N,,, (t) = Sy, (t) + L, (2).
From the human equations in (1), summing the derivatives gives

at ar Tar Tar tar (14)
=1 — MhNh - 6Ih,
<mT-— ,Llh_Nh.
This is a linear differential inequality. Solving it gives
Ny () < =+ (Nh(O) - 5) e—hnt, (15)
Un Un
Thus, if Ny < Z—h, then N(t) < th, so the solution remains in T'. If Ny > th, then N(t) > ﬂlh for all

t > 0, butlim,,,N(t) = #1 implying that solutions starting outside I' eventually enter it (Wu

hl
et al., 2025).
Similarly, for the mosquito population,
ANy,  dSy,  diy

dt_dt+dt'

= A — Uy Ny, (16)
A
= Nyt <—.
Um

Hence, the region I' is positively invariant implying biologically feasible.

Disease-Free Equilibrium
At the disease-free equilibrium (DFE) I, = I, = 0. Setting the derivative of Sy, Py, Ry, Sy, to
zero, we obtained
0 T (w + pp) 0 Yo 0 A

Sp = Py = JRp=0,Sp, =——. 17)
Pttt mtw+odw’ " ™ 0p +
Thus, the disease-free equilibrium, £° is given by:
£%=(Sp,P2,0,0,59,0). (18)

Basic Reproduction Number
We adopted the method in Ahmad et al., (2024). Let the vector of infected compartments be

X = (Ih'lm)T-

We have the following.
€fr(1—1)!
Fi1 = WSp = N—msh'vl = (yK + pp + 6Ip,
5 (19)
_ _ eﬁmlh _
Fy = Amsm - N—hSm'VZ - (9p + .um)lm-
The Jacobian matrices F and V at the DFE are
0 €Bn(1—1)Sp
NO
_ . h , V:yk+#h+6 0 ] (20)
€fmSY, 0 0 Op + um
Ny
The next generation matrix is FV ™1 is
0 €Bn(1—1)Sp
NP (0
Fy-1= . n (0P + )| 21)
EﬁmSm

0
NR (i + pp, + 68)

The basic reproduction number R, is the spectral radius of FV~1, given by
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R = €2BpPm (1 — T)SPSY,
O (N2 (v + pp + 8)(Op + )

or

R, J €2 (1 —7) - (@ + )Mty 22

(up + @ + Yo)m(yr + pp + 6)(6p + phy)?

Local Stability of the DFE
Theorem 2: The disease-free equilibrium (DFE) &, is locally asymptotically stable if Ry < 1 and
unstable if Ry > 1.
Proof: This prove can be achieve if the eigenvalues of the Jacobian matrix of system (1) at the
disease-free are all negative (Mustapha et al., 2023). Let the state variables be ordered as

x = (Sn, P Iy Riy S L)
The Jacobian matrix of the full system at a general point x is

0(f1, f2: f3 far S50 fo)

_ , 24
SO = 5Py B Sy ) @
where f; denotes the right-hand side of the i-th equation. Evaluating at the DFE yields
Bh ESO
—(o + pn) w 0 ¢ 0 YL -
h
Yo —(@ + pp) 0 0 0 0
€S
0 0 —(yx + pp + 8) 0 0 ﬂ’l‘vo"
J(E) = '
0 0 YK —(¢ + pup) 0 0
€Sy
0 0 —ﬁmom 0 —(6p + pt) 0
Ny
€Sy
0 0 & nzlvo - 0 0 —(6p + ph)
h

This Jacobian is block-structured: four eigenvalues correspond to the uninfected
compartments (Sy, Pp, Rp, Siy) and are strictly negative:

—Wo+un), —(w+p), —(@+u), —(6p+um). (26)
The remaining two eigenvalues come from the infected-subsystem (I, I,;,) block
BresSy
~(rr+un+8)
Ji = 0 " (27)
NO _(HP + .um)
h
The characteristic equation of J; is
A?+bA+c=0, (28)
where
b= (yx+up+8)+(Op+upn) >0,
€2, Bm (1 —1)S2S2 29
¢ = k(1 = qy) + pp + 8)(6p + ) — — m(NO)Z L (29
h

From equation (8), we have
2 _ €2BnPm (1 — 1) - (w + pp)App
O (up + 0 +YoOIr(yrc + pp + 8)(Op + um)?

SO
¢ = (yr + pp + 8)(Op + ) (1 — RF). (30)
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Thus from, (13)

o If Ry <1, then ¢ >0 and both roots of the quadratic have negative real parts;
combined with the four negative eigenvalues from the uninfected block, all
eigenvalues of J(£°) have negative real parts, so £° is locally asymptotically stable.

e IfRy>1, then c <0 and the quadratic has one positive root, implying that £° is
unstable.

Therefore, the DFE is locally asymptotically stable if and only if Ry < 1 and unstable if R, >
1.

Global Stability of the Disease-Free Equilibrium (DFE)
Theorem 3: The disease-free equilibrium (DFE) &, is globally asymptotically stable if Ry < 1 and
unstable if Ry > 1.
Proof: Let the disease-free equilibrium (DFE) of system (1) be given by
Ey = (S8, PP,0,0,5%,0),
where
S0 = (@ + n) , PO = VoS so - (31)
(@ + up) o + pp) — how W+ fp 0p + pim

To establish global stability, we construct a Lyapunov function focusing on the infected classes:

L£L=1y+cl, (32)
where ¢ > 0 is a constant to be determined.
Differentiating £ along the solutions of system (1), we obtain

e dl, dl,

E = q + CW. (33)
Substituting from the system,
ar
E = AhSh - (VK +up t 6)1h + C(Am'sm - (Hp + :um)lm)- (34)
Using the bounds Sj, <SP and S,,, < S, we obtain
ar
=7 S S = (v + i+ Ol + cnSm = (09 + pm) n)- (35)
Substituting the forces of infection,
1 = Bhe(l B T)Im 1. = ﬁmEIh
h Nh ) m Nh )
we obtain
ar e(1—1)8? €Sy
I s <ﬁ"(N—)h> Lm — (v + pp + )l + ¢ <B’” =1, — (6p + um)lm)- (36)
h
Choosing
e(1—1)Sp
b -Dsh -
(6p + tm)Np
we simplify to obtain
ar
PT S (yk+pup + )R — DI, (38)
where R is the basic reproduction number.
Thus,
ar
a <0 whenever R, <1,

with equality only when I, = I,,, = 0.
By LaSalle’s Invariance Principle, the disease-free equilibrium £° is globally asymptotically
stable whenever Ry < 1.
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Existence of the Endemic Equilibrium

We investigate the conditions for the existence of the disease-persistent steady state. For
convenience, letm; = Yo+ up, my = w + up, Mg =yk +up +6, my = ¢ + up, and mg = 6p +
Um- Also, let Sy, Py, I, Ry, S, Iy, denote the endemic steady states such that I, # 0 and I, # 0.
Then, the steady-state solution in terms of A;, and Ay, is given as follows:

o = MmyMmsmy, T
" (my(my + A;l)m3 —mgz ¢ AZ)mz — My WM3zMy '
V* m1 m3m4T[
h = * " ’
(my(my + A3)mz — m3 ¢ Ap)my — my w mymy
. mymmyAy
" (my(my + A;l)m3 —mgz ¢ AZ)mz — My WM3zMy ' 39
RY = k3 myAy (39)
h (my(my + 3)mz — m3 § A )m, —my w mymy, '
Sy A
m = msg + A:n ’
A A
I, UL

- ms(ms + A’
At the endemic equilibrium, the total population is given by
Ny =S, +P,+ 1, +Rj,+ Sy + 1,
N = (((m3 +Ap)my + Ay Ky )m2 +y 0m3m4) T (40)
h (my(Ap + mmz — Ak py)Imy; —mgmuopw '’
while the forces of infection are

., PBre(1—1); . PBmelp
After substituting I, into Ay,, 47, into I, and Iy, into 4}, we simplify the equation for 4; to
X, (ary +ba, +¢) =0, (41)

The solution to equation (21) gives A;, = 0, which corresponds to the DFE, and the quadratic
equation (alflz + b2}, + ¢ = 0) corresponds to the endemic equilibrium, where
a = —mims(y kms + B €my + mams) (¥ ke, + (un + 5)my) <0,
b = —mgmymg(m, + o) (¥ kpp + (up + 8)my) — mymamapun, (v kms + By €my + myms)
(s +$0) = B €2(1 = DM (y K1y + Myma)fi T4 < 0, #2)

¢ = —pp(mgmyms(m; + lpa))z(l — RP).
The solution to the quadratic equation (endemic equilibrium) depends on the number of sign
changes, according to Descartes” rule of signs (Andrawus et al., 2024). The rule states that the
number of positive roots of a polynomial equation is equal to the number of sign changes in its terms.
From equation (22), we observe that a < 0 and b < 0. When ¢ < 0 & R < 1, the system
admits no positive root, whereas when ¢ > 0 & R% > 1, the system admits a unique positive
root. We therefore state the following theorem.

Theorem 4. The endemic equilibrium of system (1) exists and is unique if and only if the reproduction
number is greater than one.

Model Fittings and Parameter Estimation

The malaria transmission model in equation (1) was fitted to mortality data for Jigawa State
(2010-2022) extracted from the Malaria Atlas Project (MAP) Explorer (Subnational Malaria
Data: Jigawa State, Nigeria [2010-2022], 2010).
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Figures 2 show the fitted mortality per 100,000 population, extracted from the MAP. The fitted
outputs closely match the observed data, with mean of approximately 380.

The parameter values obtained from the fitting process were used for future numerical
analysis. Demographic data from WHO (WHO, 2022) were used to estimate uy, p,,, @, and ;
parameters A and o were assumed and adjusted for the best fit; and k and p were taken from
literature. The initial conditions (Sy, Py, In, Ry) were estimated from demographic data as
follows: P, = 0 (no SMC in 2010), I, from incidence cases in 2010, Rj, using a literature-based
recovery rate of 70%, and Sy, = N, — P, — I, — Ry,.

Model fitting was implemented in MATLAB using the ode45 solver with a nonlinear least
squares approach to minimize the error between observed and predicted cases. The computed
basic reproduction number at the fitted parameter values is Ry, = 0.1030. All estimated and
assumed parameter values are presented in Table 2.

Table 2: Model parameter values with their sources.
Parameter Value (year™) Source

b3 83544 (WHO: Malaria Report, 2022)
A 500000 Assumed

B 0.1148 fitted
Bm 0.5536 fitted

€ 0.5008 fitted

T 0.7 (WHO: Malaria Report, 2022)
y 0.7 fitted

K 0.85 (Okell et al., 2008)

) 0.0001 fitted

Un 0.019 (Danyjin et al., 2018)

0 0.0399 fitted

p 0.8 (Chitnis et al, 2008)
Um 0.1440 (Central Mass Mosquito Control Project, 2025)
P 0.0087 fitted

o 1.0000 Assumed

w 0.8237 fitted

¢ 0.5 fitted

Fitting Malaria Mortality with Constant SMC
1451

. Observed
Fitted

o
B
[=]

-
=
o

-
w
=3

-
[
o

120 |

Malaria Mortality (per 100,000)

-
oy
oW

10 & L L L L L P
2010 2012 2014 2016 2018 2020 2022
Year

Figure 2: Model fitting results compared with the observed data.
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RESULTS AND DISCUSSION
Global Stability of the Infection
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Figure 3: Global convergence of malaria infection to the disease-free steady state under varying parameter combinations: (a)
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The global convergence of the infection-free equilibrium presented in figure 3(a) to (d) while
the endemic equilibrium in figure 4 (a) and (b) is simulated for different values of 7, y, A, and
0 to assess endemicity with respect to these parameters.

Figure 3 (a) shows that, under the current conditions, malaria infection could potentially be
eliminated within 15 to 20 years if bed-net compliance remains at 70% or greater, the treatment

rate at 70%, insecticide spraying at 3.99%, and the yearly vector recruitment rate at 500,000. In
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Figure 3 (b), bed-net compliance, treatment rate, and insecticide spraying are reduced to 20%,
30%, and 0.399%, respectively, while the vector recruitment rate is increased tenfold. Under
these values, the convergence point occurs after more than 100 years. Figure 3 (c) takes the
same values as in Figure 3 (a) except for 8 = 0.00399.

In contrast, figure 4 shows the convergence of the malaria infection to the endemic equilibrium
state. This occurs when bed-net usage compliance, treatment rate, insecticide spraying
decreases while vector recruitment increases.

Based on these figures, malaria elimination could be achieved within at least 15 years if bed-
net usage compliance, treatment rate, and insecticide spraying are maintained at high levels.
In general, improving bed-net compliance, treatment rates, and insecticide spraying intensity
can lead to malaria eradication.

Assessment of Preventive Chemotherapy

The SMC data for Jigawa State was fitted using the parameters in Table 2, considering both
piecewise (constant) and logistic coverage functions. The results show that both functions
perform equally well, allowing us to continue using the constant coverage function for
subsequent simulations.

Figure 6 (a) is a 3D-plot showing the combined effect of the preventive chemotherapy and its
waning rate on the reproduction number. Figure 6 (b) highlight the individual effect of
preventive chemotherapy on R,. The figure show that chemoprevention is effective but
slowly decreasing the reproduction number. Also, in figure 9 (a), the impact of the
chemoprevention in reducing the yearly susceptibility is less significant.

Observed that even with 100% coverage, it just reduces the reproduction number at a slower
rate. Additionally, different coverage was tried on the global convergence of the steady states
in figure 3 and 4 but there are no significant changes observed on the convergence behavior.
Figure 5 depicts the illustration of the Seasonal Malaria Chemoprevention fitted to the
piecewise linear and logistic coverage.

Seasonal Malaria Chemoprevention {(SMC) Coverage in Jigawa State

Piecewise Linear SMC Coverage
Logistic SMC Coverage Fit
1.2 @ Reported Data (WHO)
SMC Active Rollout
1.0 - /
£ o8 yd
g i
@
3 0.6
o
(=]
=
z
0.4
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Figure 5: Figure illustrating the Seasonal Malaria Chemoprevention fitted to the piecewise linear and logistic coverage
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Figure 6: (a) 3D plot of R, with respect to chemoprevention and waning rate (b) 2D plot of Ry with respect to
chemoprevention rate

Impact of Bed-net Usage Compliance

According to local and global sensitivity analysis, bed-net usage compliance is the most
sensitive parameter for reducing malaria transmission. In addition, figure 3 and 4 illustrated
how the global convergence changes as t decreases from 0.7 to 0.2. Figure 7 (a) highlights the
individual effect of bed-net compliance on R, with fitted values (b) (a) Figure highlighting the
individual effect of bed-net compliance on R, withy = 0.3,A = 5 X 10° (c) Combined effect
of bed-net compliance and contact rate.
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Figure 7: (a) Figure highlighting the individual effect of bed-net compliance on Ry with fitted values (b) Figure highlighting
the individual effect of bed-net compliance on Ry withy = 0.3,A4 = 5 x 10° (c) Combined effect of bed-net compliance and
contact rate.

¢ (Contact Rate)

Impact of Insecticide Spraying

The global convergence of the malaria equilibrium steady states in Figure 3 shows a strong
dependence on the parameter 6, which represents the insecticide spraying rate. In Figure 8(a),
we simulated the reproduction number as a function of 8 while keeping all other parameters
at their fitted values. The results show that at 8 = 0.0399, the reproduction number is R, =
0.1030, which corresponds to the value obtained using the fitted parameters.
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Figure 8: Illustration of the impact of insecticide spraying on Ry (1) A =5x10° (b)) A =5% 10 () T = 0.2,y =
03,A=5x10°(d)1=02,y=0.3,4=5x10°

To further highlight the impact of 8, we increased the vector recruitment rate while
maintaining all other parameters at their fitted values in Figure 8(b). In Figures 8(c) and (d),
we modified 7, y, and €. In Figure 8(d), the reproduction number crosses the critical threshold
Ry, =1 and reaches approximately 1.5; however, increasing the insecticide spraying rate
reduces it to a value close to zero.
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Figure 9: Illustration of the impact of (a) ¥ (b) w (c) y and (d) k on susceptible humans

From the above discussion, the findings of this study both align with and diverge from
previous literature. Consistent with Oke et al. (2020), bed-net usage and insecticide spraying
emerge as the most impactful interventions, reinforcing the central role of vector control in
malaria elimination. However, unlike Adom-Konadu et al. (2022), who found that 40%
chemoprevention coverage combined with 40% treatment could eradicate the disease, the
present study suggests that chemoprevention plays a more limited population-level role,
serving primarily as a complementary strategy for vulnerable groups. This difference may
reflect local epidemiological conditions in Jigawa State. The estimated Ro ~ 0.103 aligns with
the optimistic outlook of Al Basir and Abraha (2023), indicating that elimination is achievable
with current interventions. While Adegbite et al. (2023) emphasized the role of malaria
importation, this study, focused on a sub-national region, did not explicitly model mobility,
representing an area for future work. Overall, these comparisons highlight the context-
dependent nature of malaria control and affirm that vector control remains foundational, with
chemoprevention playing a supporting role.

CONCLUSION

This study developed a data-driven mathematical model tailored to Jigawa State, Nigeria, to
determine which combination of available interventions can most effectively reduce malaria
transmission in an endemic, resource-constrained setting. The findings indicate that malaria
elimination is achievable with the current mix of interventions, as the estimated basic
reproduction number (Ro ~ 0.103) falls below the threshold for sustained spread. Among the
strategies considered, bed-net usage and insecticide spraying are the most impactful, with
simulations showing that maintaining bed-net compliance above 70% alongside consistent
spraying could eliminate malaria within 15 to 20 years. Preventive chemotherapy, while
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valuable for protecting vulnerable groups, has a more limited population-level impact and is
best used as a complementary rather than primary strategy. The key recommendation is to
sustain high levels of vector control measures, as weakening them considerably slows
progress and may allow transmission to persist for decades.

Future work should address the limitations of this study, including the use of aggregated
state-level data and the assumption of homogeneous mixing, which may not fully capture
localized transmission variations or differences in intervention uptake. Incorporating more
detailed spatial data and cost-effectiveness analyses would strengthen the policy relevance of
the findings. Nevertheless, the main conclusions remain clear: by aligning resources with the
most impactful strategies, particularly high bed-net coverage and consistent insecticide
spraying, meaningful progress toward malaria elimination is possible in endemic regions
such as Jigawa State.
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