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Abstract17

Background: Seasonal malaria chemoprevention (SMC) is the intermittent administra-18

tion of sulfadoxine-pyrimethamine plus amodiaquine to children (between age 3 and 5919

months) at high risk of severe malaria living in areas with seasonal transmission during20

the period when malaria transmission is highest. In 2025, SMC had been implemented in21

21 Nigerian states (including the Federal Capital Territory) where malaria transmission22

is intense and highly seasonal. This study assessed the overall population level impact of23

SMC beyond the targeted population on malaria dynamics in six implementing states in24

Nigeria.25

Methods: A deterministic compartmental model that captured the SMC-administered26

population was formulated. The model incorporates long-lasting insecticide treated nets27

(LLINs) and artemisinin-based combination therapy (ACT) as baseline interventions. The28

model was fitted to routine malaria data (January 2015 - December 2024) and SMC29

coverage data from Bauchi, Yobe, Kebbi, Zamfara, Plateau and Nasarawa States using30

the nonlinear least squares method. Uncertainties in the estimated parameters and model31

trajectories were quantified using a parametric bootstrap method. Global sensitivity32

analysis (GSA) was performed to identify key drivers of malaria prevalence across the six33

study states.34

Results: The estimated reduction in confirmed uncomplicated malaria cases over post-35

SMC implementation period in the six states ranged from 14.5% (95% CI: 9.6 – 20.7%)36

in Nasarawa to 26.9 % (95% CI: 23.6 – 39.8%) in Yobe. GSA showed that malaria37

prevalence is primarily driven by vector-related parameters. The mosquito biting rate,38
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mosquito recruitment rate, and transmission probabilities between mosquitoes and hu-39

mans were strongly positively correlated with malaria prevalence, whereas the mosquito40

natural mortality rate showed a strong negative correlation, suggesting that increased41

mosquito mortality can significantly reduce malaria. Further analysis suggests that while42

increasing SMC coverage consistently leads to decline in malaria cases, its effectiveness is43

strongly affected by high mosquito biting rates and low mosquito mortality.44

Conclusion: The findings demonstrate that SMC significantly lowers malaria morbidity45

beyond the targeted population, with varying impact across states. However, its effec-46

tiveness is strongly dependent on underlying vector dynamics. Integrating SMC with47

complementary vector control interventions such as LLINs or indoor residual spray (IRS)48

that reduce mosquito biting and increase mosquito mortality is essential to achieve sus-49

tained malaria control in high-transmission settings.50

Keywords: Malaria, Seasonal malaria chemoprevention, Parameter estimation, Sensitivity analysis,51

Mathematical modelling, Nigeria52

1 Background53

Malaria is a vector-borne disease transmitted through the bite of infected female adult Anopheles54

mosquitoes [1]. It remains a major public health challenge, particularly in sub-Saharan Africa, where55

the burden of disease is disproportionately high [2]. In 2022, an estimated 249 million malaria cases56

and 608,000 deaths were reported globally, with over 95% occurring in Africa [3]. Children under five57

years of age bear the greatest burden, accounting for the majority of malaria-related mortality in the58

region [2]. The disease is highly seasonal in the Sahel and parts of northern Nigeria, where a large59

proportion of annual cases occur within a few months of the rainy season [4].60

Nigeria carries the highest malaria burden globally, contributing approximately 27% of global cases61

and 31% of deaths [5]. Malaria transmission occurs throughout the country, with marked spatial and62

seasonal heterogeneity, ranging from perennial transmission in the south to highly seasonal transmis-63

sion in the northern regions [6]. Despite sustained malaria control efforts by the National Malaria64

Elimination Programme, including chemoprevention, long-lasting insecticidal nets (LLINs), and im-65

proved case management, malaria remains a leading cause of mortality, particularly among children66

under five years of age [7].67

Seasonal malaria chemoprevention (SMC) has emerged as a key intervention for reducing malaria bur-68

den in areas with highly seasonal transmission [8]. Recommended by the World Health Organization in69

2012, SMC involves the intermittent administration of sulfadoxine-pyrimethamine plus amodiaquine70

(SPAQ) to children aged 3–59 months during peak transmission periods [8]. Clinical and observational71

studies have demonstrated that SMC can reduce malaria incidence in this target group by up to 75%72

when administered monthly during the transmission season [9, 10].73

In Nigeria, SMC was introduced in 2014 following successful pilot implementation in 2013 and has74

since been scaled up substantially, reaching millions of children annually across eligible states [11].75

Recent programme reports indicate expansion to 21 states (including the Federal Capital Territory),76

with increasing coverage and operational scale [12]. During each SMC cycle, treatment is administered77

over three consecutive days. Community drug distributors (CDDs) deliver the first dose through door-78

to-door visits, after which the remaining doses are left with caregivers for administration on the second79

and third days [11, 13]. Two dosing regimens of sulfadoxine–pyrimethamine plus amodiaquine (SPAQ)80

are used based on age. SPAQ 1, consisting of 250 mg/12.5 mg of SP and 75 mg of AQ, is administered81

to infants aged 3-11 months, while SPAQ 2, comprising 500 mg/25 mg of SP and 150 mg of AQ, is82

given to children aged 12-59 months [14, 15].83

Mathematical modelling provides a powerful framework for investigating the transmission dynamics84

of infectious diseases and evaluating the potential impact of intervention strategies under different85

scenarios [16]. In the context of malaria, mechanistic models have been widely used to simulate86
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malaria transmission dynamics and assess the effectiveness of control interventions [17]. Several mod-87

elling studies have applied mathematical frameworks to Nigerian data to explore malaria transmission88

dynamics and evaluate intervention impacts [18, 19, 20, 21, 22].89

Existing studies on SMC in Nigeria and other parts of sub-Saharan Africa have largely focused on90

SMC’s effectiveness in reducing malaria incidence among children under 5, using clinical trials, obser-91

vational studies, and statistical analyses [23, 24, 25, 26, 27]. While SMC’s effectiveness in reducing92

malaria incidence in children 3-59 months has been well-established in these studies, the public health93

impact on the broader population beyond the targeted children has largely remain unknown. Further-94

more, existing studies assessing SMC’s impact in Nigeria, to our knowledge do not explicitly capture95

the transmission dynamics of malaria in the country.96

This study therefore aims to fill this gap by assessing and quantifying the effectiveness of SMC in the97

presence of existing interventions on malaria burden across the entire population in six implementing98

states in Nigeria. Specifically, the study addresses two research questions. First, to what extent has99

SMC reduced malaria cases across the general population in selected SMC-implementing states in100

Nigeria? Second, which epidemiological factors influence the effectiveness of SMC in reducing malaria101

transmission and case burden in selected SMC-implementing states in Nigeria? To address these102

questions, a deterministic compartmental model was developed and fitted to malaria incidence data103

from six SMC-implementing states in Nigeria. The model is used to quantify the impact of SMC104

on malaria morbidity under observed and counterfactual scenarios, and to explore the sensitivity of105

transmission dynamics to key epidemiological parameters.106

The remainder of the paper is structured as follows. The Materials and Methods section describes107

the study area, data sources, and modelling framework. The Model Parameterization section outlines108

the estimation of model parameters and initial conditions. The Results section presents the main109

findings, followed by a Discussion of their implications. Finally, the Conclusion summarizes the key110

contributions of the study.111

2 Materials and methods112

2.1 Study setting113

The study is focused on 6 states out of the 21 states where SMC is currently being implemented in114

Nigeria. The 6 states are drawn from the three main geo-political zones in Nigeria where SMC is115

being implemented. The selected states include: Bauchi and Yobe in North-East Nigeria; Kebbi and116

Zamfara in North-West Nigeria; and Plateau and Nasarawa in North-Central Nigeria. These states117

were selected in the 3 Northern geopolitical zones due to their high malaria prevalence in children118

according to WHO [28]. Furthermore, Plateau, Nasarawa and Bauchi were also chosen for their119

five-cycle SMC implementation.120

Bauchi State, located in the North-Eastern geopolitical zone of Nigeria borders Kano and Jigawa to121

the north, Taraba and Plateau to the south, Gombe and Yobe to the east, and Kaduna to the west122

[28]. In 2015, Bauchi’s estimated population was 6,603,199 [29]. SMC was first introduced in Bauchi123

State in 2020 with four monthly cycles. By 2022, the number of cycles had increased to five in ten124

local government areas [11, 30].125

Yobe State, also located in the North-Eastern zone of Nigeria borders the Republic of Niger to the126

north, Borno and Adamawa to the east and south [28]. The State’s estimated population was 3,067,883127

in 2015 [29]. Yobe State experiences two distinct seasons: the dry season (October/November to128

April/May) and the rainy season (May/June to September/October), with mean annual rainfall of129

around 547.2 millimeters [28]. SMC was first launched in Yobe in 2019 in only 6 LGAs with full130

coverage starting in 2020 [11, 31].131

Kebbi State is located in Nigeria’s North-Western Region. It shares borders with Sokoto and Zamfara132

to the east and north, Niger to the south, and the Republic of Benin and the Republic of Niger to133
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YobeZamfara

Figure 1: Map of Nigeria showing the six selected states. The map was generated

using shapefiles and geospatial data, processed and visualized with R software.

the west. According to estimates, the State’s population was 4,377,770 in 2015 [29]. The State has134

two distinct seasons: the dry season from November to March and the rainy season from April to135

October, with an average annual rainfall of approximately 845.9 millimeters [28]. SMC, with four136

monthly cycles was introduced in Kebbi State in 2020 [28, 31].137

Zamfara State is located in the North-Western Region of Nigeria. It borders the Republic of Niger138

to the north, Kaduna to the south, Katsina to the east, and Sokoto, Kebbi and Niger States to the139

west [28]. The State’s estimated population was 4,686,636 in 2015 [29]. The State experiences two140

distinct seasons: the dry season (October to April) and the rainy season (May to September) with141

annual rainfall averaging around 813.6 millimeters [28]. SMC was first implemented in Zamfara State142

in 2015 reaching only seven local governments with four monthly cycles [28].143

Plateau State is located in the North-Central Region of Nigeria. It is bordered by Bauchi to the144

northeast, Kaduna to the northwest, Nasarawa to the southwest, and Taraba to the southeast [28]. In145

2015, the estimated population of the State was 4,005,406 [29]. The State has two distinct seasons: the146

dry season from September to April and the rainy season from May to August. The average annual147

rainfall is approximately 1,042.7 millimeters [28]. SMC was introduced in Plateau in 2021 with five148

monthly cycles [30, 31].149

Nasarawa State is located in Nigeria’s North-Central Region. To the east, it is bordered by Taraba150

and Plateau; to the north, by Kaduna; to the south, by Kogi and Benue; and to the west, by the151

Federal Capital Territory [28]. In 2015, the State’s estimated population was 2,347,955 [29]. The State152

has two distinct seasons: the dry season from November to February and the rainy season from March153

to October with an average annual rainfall of approximately 1,217.4 millimeters [28]. Five monthly154

cycles of SMC were implemented in Nasarawa in 2022 [30]155
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2.2 Data description156

Monthly reported malaria cases data for the selected states spanning a period of ten years from157

January 2015 to December 2024 was considered. Additionally, SMC coverage data from the start of158

implementation in each state up to 2024 was used. The data were obtained from the National Malaria159

Data Repository (NMDR) owned by NMEP. The monthly reported malaria cases data contains 120160

observations and 14 variables which includes information such as number of children aged 3-59 months161

who received SP+AQ, confirmed uncomplicated malaria, severe malaria cases etc.162
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Figure 2: Time series plots of confirmed uncomplicated malaria cases in Bauchi, Yobe, Kebbi,
Zamfara, Plateau and Nasarawa States from January 2015 to December 2024.

2.3 Model description and formulation163

A deterministic, compartmental ShMcEhAhIhSh−SvEvIv model that incorporates the SMC-administered164

class is developed. The model is stratified into two major sub-groups: the human population and the165

mosquitoes population, both divided into mutually exclusive compartments. The population of hu-166

man is divided into susceptible human Sh(t), SMC-administered children Mc(t), pre-infectious human167

Eh(t), asymptomatic infectious human Ah(t), and symptomatic infectious human Ih(t). The mosquito168

population is divided into susceptible mosquitoes Sv(t), pre-infectious mosquitoes Ev(t) and infectious169

mosquitoes Iv(t).170

Thus, the total human population at any time t, denoted by Nh(t), is given as,171

Nh(t) = Sh(t) +Mc(t) + Eh(t) +Ah(t) + Ih(t). (2.1)

And the total mosquito population at any time t, denoted as Nv(t), is given as172

Nv(t) = Sv(t) + Ev(t) + Iv(t). (2.2)
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We assume that recruitment into the susceptible class Sh is through birth at a rate Λh. Since SMC173

treatment is targeted at children between age 3-59 months, eligible children transit from the suscep-174

tible human compartment to the SMC-administered compartment at the rate ξt. SMC treatment175

wanes at rate η and children in SMC-administered class become susceptible again at that rate. Symp-176

tomatic individuals, after being treated with ACT recover and return to being susceptible again. The177

population of susceptible humans gets depleted when susceptible individuals become infected at a rate178

λh(t) = (1− u)
b(t)βvhIv

Nh

,

where (1 − u), (0 ≤ u < 1) denotes the reduction in transmission as a result of LLIN, and βvh is179

the probability of transmission from an infectious female Anopheles mosquito to a susceptible human.180

b(t) is the seasonally forcing function introduced in the mosquito biting rate in order to account for181

the seasonal patterns observed in the data, and is given as182

b(t) = b0

(

1 + b1 cos

(

2π(t− ϕ)

12

))

, (2.3)

where b0 is the baseline biting rate of mosquitoes, b1 is the amplitude and ϕ is the phase shift. The183

susceptible human population further decreases due to natural death at rate µh. Thus, the rate of184

change of the susceptible human population at any given time t is given as185

dSh

dt
= Λh − (λh(t) + ξt + µh)Sh + ηMc + αIh. (2.4)

Recruitment into the SMC-administered class comes from three sources, the susceptible class, the pre-186

infectious class and the asymptomatic class. We let Sh +Eh +Ah be the total population of humans187

who are susceptible, pre-infectious or asymptomatic infectious. Only a fraction of these individuals188

(children aged 3-59 months) are eligible for SMC treatment. We denote this fraction by f , 0 < f < 1.189

Thus, the number of eligible children at time t is given by Pc = f(Sh +Eh +Ah). Given that SMC is190

administered at a coverage rate of ψt, then the recruitment rate into the SMC-administered class is191

given by ξt = fψt. The protective effectiveness of SMC treatment wanes off (due to poor adherence192

to the 3-day regimen, poor administration, drug quality, or drug resistance [23]) and eligible children193

leave the SMC class at a rate η and become susceptible again. Since SMC does not confer 100%194

protection, children in the SMC class can still become infected, albeit at a reduced rate (1− τ)λh(t)195

and transit to the pre-infectious class. The parameter (1 − τ), 0 < τ < 1, reduces the transmission196

of the parasite from an infectious female Anopheles mosquito to children in the SMC compartment.197

τ = 1, implies that SMC treatment offers perfect protection, and no child in the SMC-administered198

class will be infected. On the other hand, if τ = 0, then SMC provides no protection, and children in199

the SMC-administered class have the same rate of infection as the individuals in the susceptible class.200

The population of SMC treated class is further reduced through natural death of children between201

3-59 months. Thus, the rate of change of SMC-administered class is given as202

dMc

dt
= ξt(Sh + Eh +Ah)− [(1− τ)λh(t) + η + µh]Mc. (2.5)

Inflow into the pre-infectious class occurs when susceptible humans and children in SMC class get203

infected at rates λh(t) and (1 − τ)λh(t) respectively. Individuals remain in the pre-infectious com-204

partment for an average duration 1
ρh

(the period of time when sporozoites transform into merozoites205

inside the human liver). A proportion q of the pre-infectious human transit to the symptomatic com-206

partment while the remaining proportion (1 − q) progress to the asymptomatic compartment. The207

pre-infectious compartment is further reduced via natural death and when eligible children in that208

class get SMC treatment and move into the SMC treated class at rate ξt. The rate of change of the209

pre-infectious class is thus given as210

dEh

dt
= λh(t)Sh + (1− τ)λh(t)Mc − (ξt + ρh + µh)Eh. (2.6)
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The asymptomatic compartment is increased when a proportion (1− q) moves from the pre-infectious211

class and become asymptomatic at the rate ρh. The asymptomatic infectious population is depleted as212

a result of more infectious bites and thus becoming symptomatic at rate γλh(t), and via natural death213

at rate µh. Furthermore, eligible children in the asymptomatic compartment get SMC treatment and214

transit to SMC class at rate ξt. Thus, the rate of change of the asymptomatic infectious population215

at time t is given as216

dAh

dt
= (1− q)ρhEh − (γλh(t) + ξt + µh)Ah. (2.7)

Similarly, the symptomatic infectious compartment is increased when a proportion q transit from the217

pre-infectious class and become symptomatic at rate ρh. The population of symptomatic infectious218

human is further increased when asymptomatic individuals get more infectious bites and become219

symptomatic at rate γλh(t). Individuals in the symptomatic infectious class recover due to treatment220

at rate α and subsequently return to the susceptible class. Furthermore, the symptomatic infectious221

class is reduced due to malaria induced mortality at rate δ and natural death at rate µh. Consequently,222

the rate of change of the symptomatic infectious population at time t is given as223

dIh

dt
= qρhEh + γλh(t)Ah − (α+ µh + δh)Ih. (2.8)

Female Anopheles mosquitoes (male mosquitoes are excluded from the transmission dynamics since224

they do not feed on blood meals) are recruited into the susceptible compartment through birth at rate225

Λv. Susceptible female Anopheles mosquitoes transit to the pre-infectious class (after biting either a226

symptomatic or asymptomatic infectious human and ingesting parasites called gametocytes) at rate227

λv(t) = (1− u)
b(t)βhv(σIh +Ah)

Nh

,

where βhv is the probability of transmission from an infectious human to a susceptible mosquito. The228

parameter σ (0 < σ < 1) accounts for the reduced infectivity of symptomatic individuals relative229

to asymptomatic individuals, due to typically lower mature gametocyte densities in symptomatic230

infections [32, 33]. The population is further depleted due to natural death at rate µv. Thus, the rate231

of change of the susceptible mosquito population is given as232

dSv

dt
= Λv − (λv(t) + µv)Sv. (2.9)

The pre-infectious female Anopheles mosquito compartment is increased when susceptible female233

Anopheles mosquito become infected at rate λv(t). Pre-infectious mosquitoes remain in the pre-234

infectious class for a (latent) period of about 10-18 days before sporozoites (another form of the par-235

asites) migrate to the mosquitoes’ salivary gland [1] when the mosquitoes becomes infectious. Thus,236

this population is depleted when pre-infectious female Anopheles mosquito either become infectious,237

progressing to the infectious female Anopheles mosquito compartment at a rate ρv, or die naturally238

at a rate µv. Consequently, the rate of change of the population of pre-infectious female mosquito is239

given as240

dEv

dt
= λv(t)Sv − (ρv + µv)Ev. (2.10)

The infectious female Anopheles mosquito compartment increases as pre-infectious mosquitoes progress241

to the infectious stage at a rate ρv. It decreases due to natural death at a rate µv. Therefore, the rate242

of change of the infectious female Anopheles mosquito population is given by:243
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dIv

dt
= ρvEv − µvIv. (2.11)

The model used to investigate the transmission dynamics of malaria in this study is described by the244

systems of nonlinear differential equations given in equation (2.12).245

dSh

dt
= Λh − (λh(t) + ξt + µh)Sh + ηMc + αIh,

dMc

dt
= ξt(Sh + Eh +Ah)− [(1− τ)λh(t) + η + µh]Mc,

dEh

dt
= λh(t)Sh + (1− τ)λh(t)Mc − (ξt + ρh + µh)Eh,

dAh

dt
= (1− q)ρhEh − (γλh(t) + ξt + µh)Ah,

dIh

dt
= qρhEh + γλh(t)Ah − (α+ δh + µh)Ih,

dSv

dt
= Λv − (λv(t) + µv)Sv,

dEv

dt
= λv(t)Sv − (ρv + µv)Ev,

dIv

dt
= ρvEv − µvIv.

(2.12)

Subject to the following initial conditions:246

Sh(0) > 0,Mc(0) > 0, Eh(0) ≥ 0, Ih(0) > 0, Ah(0) > 0, Sv(0) > 0, Ev(0) ≥ 0, Iv(0) > 0. (2.13)

The time-dependent forces of infection λh(t) := λh(t) and λv(t) := λv(t) for human and mosquitoes247

populations are respectively given as:248

λh(t) = (1− u)
b(t)βvhIv

Nh

, λv(t) = (1− u)
b(t)βhv(σIh +Ah)

Nh

. (2.14)

The complete description of the state variables and parameters of model (2.12) is given in Table 1249

while the schematic diagram is depicted in Figure 3.250

3 Model parameterization and initial conditions251

In this section, we describe the process of obtaining all parameter values and initial conditions of252

model 2.12 used in this study. The model has a total of 22 parameters. Some parameters were derived253

from the demographic data of each state, others from malaria epidemiological information and existing254

literature, while the remaining parameters were estimated using malaria incidence and SMC coverage255

data from each of the six states. The fixed baseline parameters are presented in Table 2 while the256

estimated parameters are presented in Tables 3 and 4.257

3.1 Demographic parameters258

The natural death rates for human and mosquito are given as µh = (average human lifespan)−1 and259

µv = (average mosquito lifespan)−1 respectively. The average lifespan of human in 2015 for each of260

the six states is given as 50.9 years = 610.8 months for Bauchi, 48.6 years = 583.2 months for Yobe,261

56.5 years = 678 months for Kebbi, 54.8 years = 657.6 months for Zamfara, 49.8 years = 597.6 months262

for Plateau and 54.3 years = 651.6 months for Nasarawa. Thus, µh is given as 0.00164 per months263

(Bauchi), 0.00171 per months (Yobe), 0.00147 per month (Kebbi), 0.00152 per months (Zamfara),264

0.00153 per months (Nasarawa) and 0.00167 per months (Plateau). The average lifespan of female265

8



Table 1: Description of Variables and Parameters.

Variable Description
Sh, Sv Population of susceptible human and susceptible female Anopheles mosquitoes
Mc Population of SMC-administered children
Eh, Ev Population of pre-infectious human and pre-infectious female Anopheles mosquitoes
Ih, Iv Population of symptomatic infectious human and infectious female Anopheles mosquitoes
Ah Population of asymptomatic infectious human
Parameter Description
Λh,Λv Recruitment rates into human and mosquito population respectively
βvh Probability that a bite results in transmission of sporozoites from an

infectious mosquito to a susceptible human
βhv Probability that a blood meal results in transmission of gametocytes from an

infectious human to a susceptible mosquito
τ Protective effectiveness of SMC treatment
b0 Baseline biting rate of mosquitoes
ψt Rate at which children are administered SMC
η SMC treatment waning rate
ρh, ρv Rates at which pre-infectious human and mosquitoes respectively become infectious
f Proportion of human that are eligible for SMC treatment
α Recovery rate of symptomatic human due to treatment
q Proportion of pre-infectious human that become symptomatic upon infection
(1− q) Proportion of pre-infectious human that become asymptomatic upon infection
σ Reduction of infectivity from symptomatic human to susceptible mosquito
µh, µv Natural death rates
δh Disease induced death rate
u Protective effectiveness of LLINs
γ Probability of asymptomatic individuals becoming symptomatic due to more infectious bites
b1 Amplitude
ϕ Phase shift.
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Figure 3: Schematic diagram for malaria transmission between human population

and mosquitoes. The black solid arrows show the transition of human and mosquitoes through
the different stages of malaria disease at the rates indicated beside the arrows, the light blue solid
arrows indicate deaths due to malaria, and red dashed arrows indicate disease transmission.

Anopheles mosquitoes is taken to be 15 days = 0.5 months [1]. Hence, µv is given as 2 per months266

for each of the six states. We assume a constant human and mosquito recruitment rates computed267

using the formula Λh = µh × Nh(0) and Λv = µv × Nv(0) respectively, where Nh(0) and Nv(0) are268

the respective initial total human and female Anopheles mosquito populations for each state. We also269

assume that the initial population size of female Anopheles mosquitoes is three times that of humans,270

i.e, Nv(0) = 3 × Nh(0). Thus, by taking the product of initial population size in 2015 for each of271

the states as presented in subsection 2.1 and µh for each state, the human recruitment rate is given272

as follows: 10,829.25 per month (Bauchi), 5,246.08 per month (Yobe), 6,435.32 per month (Kebbi),273

7,123.69 per month (Zamfara), 3592.37 per month (Nasarawa) and 6689.03 per month (Plateau).274

Similarly, the mosquito recruitment rates for Bauchi, Yobe, Kebbi, Zamfara, Nasarawa and Plateau are275

respectively computed as 39,619,194 mosquito per month, 18,407,298 mosquito per month, 26,266,620276

mosquito per month, 28,119,816 mosquito per month, 14,087,730 mosquito per month and 24,032,436277

mosquito per month.278

3.2 Malaria epidemiological parameters279

The latent period ( 1
ρh
) of P. falciparum malaria in humans is given as 10 days = 1

3 months [34]. Thus,280

the rate at which pre-infectious humans progress to being infectious, ρh = 3 per month across the six281

states. Similarly, with latent period ( 1
ρv
) of P. falciparum malaria in mosquitoes given as 11 days = 11

30282

months [34], ρv is taken as 2.727 per months. The recovery rate due to ACT is given by α = − loge(1−p)
∆t

283

where p is the product of the efficay of ACT (ϵa) and ACT treatment coverage (ca), and ∆t is the284

time taken for ACT to clear the parasite from the blood. We set ∆t = 28 days = 0.93 months which285

is the minimum follow-up days during therapeutic efficacy studies (TES) for artemether-lumefantrine286

(AL), the frontline treatment for uncomplicated Pf malaria in Nigeria [35]. We take ϵa = 96% to287

be the average efficacy of ACT treatment in Nigeria [36]. For each of the six states, we obtain ca288

by determining the proportion of confirmed uncomplicated malaria treated with ACT obtained from289

the NMDR platform. The protective effectiveness of LLINs, denoted by u, is defined as u = ϵl × cl,290

where ϵl represents the LLIN efficacy and cl denotes the LLIN coverage (defined as access to and use291

of LLINs). The LLIN efficacy ϵl was assumed to be 0.90 for each of the six states. The 2015 LLIN292

coverage values cl of 0.592, 0.559, 0.376, 0.563, 0.384, and 0.444 for Bauchi, Yobe, Kebbi, Zamfara,293
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Plateau, and Nasarawa, respectively, were obtained from [37]. Consequently, the corresponding values294

of u are 0.5328, 0.5031, 0.3384, 0.5067, 0.3456, and 0.3996 for Bauchi, Yobe, Kebbi, Zamfara, Plateau,295

and Nasarawa, respectively. The disease-induced death rate δh was obtained from [38] using 2015 as296

the baseline year. The malaria death rates across the six states are given as 7.58× 10−5, 6.22× 10−5,297

1.27× 10−4, 8.24× 10−5, 7.57× 10−5 and 8.24× 10−5 per months for Bauchi, Yobe, Kebbi, Zamfara,298

Plateau, and Nasarawa respectively.299

3.3 SMC-related parameters300

SMC coverage rate ψt is computed from the SMC coverage data obtained from NMEP. The reported301

number of eligible children who received SMC often exceeds the estimated target population, making302

coverage levels exceeding 100%. Possible reasons for this include age-ineligible children inadvertently303

receiving SMC doses or underestimation of the target population size due to migration or internal304

displacement [39]. In order to avoid unrealistic coverage rates in the model, coverage was rescaled305

using the annual maximum number of children reached as the denominator and capped at 90%. SMC306

coverage rates where then calculated using ψt = − loge(1−Ψ)
∆t

where Ψ is the proportion of eligible307

children reached. ψt is described as a piecewise function and is given by:308

ψt =

{

ψp, if t ∈ SMC campaign months

0, otherwise.
(3.1)

where ψp is the SMC pulse rate. Figure 4 presents the computed SMC coverage rates by year of309

implementation and cycle.310
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Figure 4: Heatmaps showing the computed SMC coverage rates by implementation cycle and
year across the six study states. Each tile represents a specific SMC cycle within a given year,
with colour intensity denoting the magnitude of the coverage rate

The protective effectiveness of SMC, τ = 0.75 is obtained from the product of SMC’s efficacy of 83.1%311
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[11] and SMC’s coverage of 90%. The proportion of SMC-eligible children in the population, f is taken312

to be 20% [29].313
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Table 2: Fixed baseline parameter values of the model (2.12)

Parameter Bauchi Yobe Kebbi Zamfara Plateau Nasarawa Range Dimension Source
Λh 10829.25 5246.08 6435.32 7123.69 6689.03 3592.37 - Human/Month Derived
Λv 39619194 18407298 26266620 28119816 24032436 14087730 - Mosquitoes/Month Derived
βvh 0.1030 0.0387 0.0217 0.1086 0.0109 0.0386 0.010 - 0.27 1 [23]
βhv 0.0554 0.0757 0.1027 0.0284 0.0407 0.1592 0.0072 - 0.64 1 [23]
τ 0.83 0.83 0.83 0.83 0.83 0.83 0.691 - 0.908 1 [23]
b0 14 15 13 15 12 13 10 - 21 Month−1 [34]
ρh 3 3 3 3 3 3 2 - 6 Month−1 [34]
ρv 2.727 2.727 2.727 2.727 2.727 2.727 0.87 - 9.9 Month−1 [34]
α 3.7190 2.6709 3.2845 2.1125 2.8146 3.3693 - Month−1 Derived
q 0.2 0.2 0.2 0.2 0.2 0.2 0.15 - 0.25 1 Assumed
µh 0.00164 0.00171 0.00147 0.00152 0.00167 0.00153 - Month−1 [29]
µv 2 2 2 2 2 2 1 - 3 Month−1 [34]
δh 7.58× 10−5 6.22× 10−5 1.27× 10−4 8.24× 10−5 7.57× 10−5 8.24× 10−5 - Month−1 [38]
f 0.20 0.20 0.20 0.20 0.20 0.20 0.17 - 0.22 1 [29]
u 0.5328 0.5031 0.3384 0.5067 0.3456 0.3996 - 1 Derived
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3.4 Initial conditions314

To obtain the initial values of the model for each of the states, we take the total population in 2015315

Nh(0) to be 6,603,199, 3,067,883, 4,377,770, 4,686,636, 4,005,406, and 2,347,955 in Bauchi, Yobe,316

Kebbi, Zamfara, Plateau, and Nasarawa, respectively [29]. The initial symptomatic infectious human317

population Ih(0) is taken to be the number of reported uncomplicated malaria cases across the states318

in January 2015. Thus, Ih(0) = 20, 328 for Bauchi, 13,006 for Yobe, 177 for Kebbi, 9,204 for Zamfara,319

577 for Plateau and 3,635 for Nasarawa. In line with studies suggesting that 73–98% of P. falciparum320

infections are asymptomatic [33], we assume that 80% of infections are asymptomatic and take Ah(0) =321

4Ih(0). The initial pre-infectious Eh(0) is assumed to be 6Ih(0). Prior to the implementation of SMC322

in the states, the SMC-administered class is 0, so that Mc(0) = 0. Consequently, the initial number323

of susceptible humans is obtained as Sh(0) = Nh(0)− (Mc(0) +Eh(0) +Ah(0) + Ih(0)). Following the324

introduction of SMC, the SMC-administered compartment is initialized at the time of the first SMC325

cycle, denoted by tc. Thus, Mc(tc) represents the number of children who received the first round of326

SMC treatment during the first implementation cycle in each state. These values are given as 666,418,327

737,264, 1,109,571, 296,528, 754,951, and 838,800 for Bauchi, Yobe, Kebbi, Zamfara, Plateau, and328

Nasarawa, respectively.329

Since there are no available data for the initial conditions of the vector population, we assume that330

the initial total population of female Anopheles mosquito is 3 times the total human population, that331

is, Nv(0) = 3Nh(0) = 19, 809, 597. The initial pre-infectious mosquito population is assumed to be332

Ev(0) = 100, 000, while the initial infectious mosquito population is taken to be Iv(0) = 500, 000333

across the six states. Thus, the initial susceptible mosquito population is obtained as Sv(0) = Nv(0)−334

(Ev(0) + Iv(0)).335

3.5 Model fitting and parameter estimation336

To calibrate the model to the observed data of each of the states, we employ the nonlinear least squares337

method. The method is achieved by finding the set of parameters Θ̂ = (θ̂1, θ̂2, ..., θ̂k) that minimizes338

the sum of squared differences between the observed data yti = yti , yti , ..., yti at time ti, i = 1, 2, ..., k,339

and the corresponding model solution denoted by h(ti,Θ) [40]. Thus, the objective function is given340

by341

Θ̂ = argmin
k

∑

i=1

[h(ti,Θ)− yti ]
2 . (3.2)

Consequently, the model solution h(ti, Θ̂) provides the best fit to the observed data yti . In order342

to quantify uncertainty in the estimated parameters and the corresponding model trajectories, we343

implement a parametric bootstrap procedure following [40].344

Using the fitted model solution h(ti, Θ̂), synthetic datasets are generated under an assumed observation345

error. Exploratory analysis of the incidence time series revealed substantial overdispersion, as the346

empirical variance exceeded the mean. Accordingly, the reported incidence is modeled using a negative347

binomial distribution with mean equal to the model-predicted incidence.348

Specifically, for each time point ti, let349

µi = h(ti, Θ̂)

denote the fitted incidence. For each bootstrap realization s = 1, 2, . . . , S, a synthetic dataset350

{y
∗(s)
i }ki=1 is generated according to351

y
∗(s)
i ∼ NegBin(µi, κ), (3.3)

where κ is the dispersion parameter estimated from the empirical mean–variance relationship of the352

observed incidence data.353
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Each synthetic dataset is subsequently re-fitted using the nonlinear least squares procedure described354

above, yielding a new parameter estimate Θ̂(s). Repeating this process for 500 realizations produces355

the collection356
{

Θ̂(1), Θ̂(2), . . . , Θ̂(500)
}

,

which provides an empirical approximation to the sampling distribution of the estimator.357

Parameter uncertainty is quantified using the percentile method: for each parameter, the 95% confi-358

dence interval is obtained from the 2.5th and 97.5th empirical percentiles of its bootstrap distribution.359

To propagate uncertainty to model outputs, each bootstrap parameter set Θ̂(s) is substituted into360

the transmission model to generate the corresponding epidemic trajectory h(t, Θ̂(s)). The ensemble361

of trajectories obtained from all bootstrap realizations defines an empirical distribution of plausible362

epidemic dynamics. Pointwise 95% predictive intervals are constructed from the empirical quantiles363

of this ensemble at each time point, while the median trajectory is reported as the central estimate.364

Figure 5 shows the model calibration to monthly malaria cases from the six study states.365
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Figure 5: Model calibration to monthly malaria cases data in each of the six implementing states
under consideration from January 2015 to December 2024. The red dots indicate the observed
data while the blue line indicates the predicted model (median). The steelblue band represent
the 95% CI.

4 Results366

4.1 Quality of the model fit367

Performance evaluation of model 2.12 was carried out using the Index of Agreement (Willmott’s d),368

which measures the degree of model prediction error relative to the observed variability [41, 42]. Let369
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Table 3: Estimated modification parameter (σ), probability of asymptomatic individuals becom-
ing symptomatic due to re-infection (γ) and amplitude (b1) with 95% confidence interval

State σ γ b1

Bauchi 0.1567 (0.0010, 0.9900) 0.0954 (0.0703, 0.1641) 0.2467 (0.1768, 0.3189)
Yobe 0.3448 (0.1690, 0.5132) 0.2568 (0.1007, 0.8695) 0.3396 (0.2135, 0.4602)
Kebbi 0.0015 (0.0010, 0.2041) 0.1467 (0.0819, 0.4409) 0.1915 (0.1143, 0.2788)
Zamfara 0.4997 (0.2832, 0.5919) 0.4466 (0.1822, 0.6386) 0.2074 (0.0943, 0.3029)
Plateau 0.1131 (0.0613, 0.2226) 0.4274 (0.2709, 0.5425) 0.1861 (0.0402, 0.3152)
Nasarawa 0.4315 (0.1464, 0.6844) 0.0947 (0.0788, 0.2133) 0.2003 (0.1304, 0.2905)

Table 4: Estimated phase shift (ϕ) and waning rate of SMC treatment (η) with 95% confidence
interval

State ϕ η

Bauchi 7.9193 (7.5501, 8.2952) 1.0696 (0.0985, 1.0700)
Yobe 8.2655 (7.7397, 8.7958) 0.1470 (0.0145, 0.5000)
Kebbi 7.9607 (7.3969, 8.5883 0.0962 (0.0010, 0.5000)
Zamfara 7.4623 (6.7170, 8.0886) 0.0977 (0.0100, 0.6381)
Plateau 6.9612 (6.2429, 7.6211) 0.1206 (0.0100, 0.4471)
Nasarawa 7.2328 (6.6621, 7.9150) 0.9513 (0.1596, 1.0700)

yi denote the reported uncomplicated malaria cases, ŷi the model’s predicted cases, and ȳ denoting370

the mean of yi. The Index of Agreement d is defined as:371

d = 1−

∑n
i=1(yi − ŷi)

2

∑n
i=1 (|ŷi − ȳ|+ |yi − ȳ|)2

. (4.1)

The value of d ranges between 0 and 1, where d = 1 indicates perfect agreement between model372

predictions and observed data, while d = 0 indicates no agreement between the model and observed373

data. The Index of Agreement, d was computed for each of the six states to assess the goodness-of-fit374

of the model. Table 5 presents the Index of Agreement d with d > 0.75 across all states suggesting375

strong degree of agreement between the data and the model.376

Table 5: Index of Agreement for Selected States

State Index of Agreement (d)
Bauchi 0.8231
Yobe 0.7625
Kebbi 0.9151
Zamfara 0.7938
Plateau 0.8850
Nasarawa 0.8351

Furthermore, the quality of the model fit to the data was assessed by analyzing the temporal variation377

of the residuals as a function of time. The residuals, defined as the difference between the best fit of378

the model and the observed data is expressed mathematically as [40]:379

res(ti) = h(ti, Θ̂)− yti , (4.2)
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where h(ti, Θ̂) is the model prediction and yti is the observed data at time ti. Figure 6 shows the380

temporal variation of residuals as a function of time. The random patterns of the residuals across the381

six states confirms that the model offers a reasonably good fit.382

−50000

0

50000

100000

2015 2016 2017 2018 2019 2020 2021 2022 2023 2024
Time (Months)

R
es

id
u

al
s

Bauchi

−50000

0

2015 2016 2017 2018 2019 2020 2021 2022 2023 2024
Time (Months)

R
es

id
u

al
s

Yobe

−20000

0

20000

2015 2016 2017 2018 2019 2020 2021 2022 2023 2024
Time (Months)

R
es

id
u

al
s

Kebbi

−1e+05

−5e+04

0e+00

2015 2016 2017 2018 2019 2020 2021 2022 2023 2024
Time (Months)

R
es

id
u

al
s

Zamfara

−20000

−10000

0

10000

20000

30000

2015 2016 2017 2018 2019 2020 2021 2022 2023 2024
Time (Months)

R
es

id
u

al
s

Plateau

−20000

0

20000

2015 2016 2017 2018 2019 2020 2021 2022 2023 2024
Time (Months)

R
es

id
u

al
s

Nasarawa

Figure 6: Temporal variation of residuals as a function of time with the random pattern of the
residuals suggesting that the model offers a good fit

4.2 Estimation of malaria cases averted due to SMC383

The impact of SMC was assessed from the commencement of implementation in each of the six384

study states by comparing model outcomes with a counterfactual scenario in which SMC was not385

implemented over the same time period. Figure 7 presents the scenario analysis of simulated malaria386

incidence across the six implementing states under two scenarios - without SMC (No SMC) and with387

SMC implementation. For Bauchi State, SMC was estimated to avert 1,077, 911 cases (95% CI:388

572,225 – 1,534,358), corresponding to 18.0% reduction (95% CI: 10.3 – 24.3%) in malaria incidence389

between 2020 and 2024. For Yobe State, SMC was estimated to avert 804,712 cases (95% CI: 587,809390

– 1,273,920), corresponding to 26.9 % reduction (95% CI: 23.6 – 39.8%) in malaria incidence between391

2020 and 2024. An estimated 1,021,874 malaria cases (95% CI: 741,370 – 1,318,286) were averted in392

Kebbi State, corresponding to a 23.9% reduction (95% CI: 19.5 – 26.9%) in malaria incidence between393

2020 and 2024. Between 2015 and 2024 when SMC was implemented in Zamfara State, an estimated394

2,258,356 cases (95% CI: 1,205,684 – 3,794,694) was averted, corresponding to 24.1% reduction (95%395

CI: 14.3 – 37.1%) in malaria incidence in the state. For Plateau State, SMC was estimated to avert396

377,733 cases (95% CI: 132,061 – 752,552), corresponding to 21.1% reduction (95% CI: 12.1 – 28.0%)397

in malaria incidence between 2021 and 2024. Lastly, for Nasarawa State, SMC was estimated to avert398

232,597 cases (95% CI: 156,162 – 343,903), corresponding to 14.5% reduction (95% CI: 9.6 – 20.7%)399

in malaria incidence between 2022 and 2024. These results are clearly presented in Table 6.400
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Figure 7: Simulated malaria incidence in the six implementing states under two scenarios:
without SMC (No SMC) and with SMC implementation. The red lines represent the model-
predicted incidence in the absence of SMC while the blue lines represent the model-predicted
incidence with SMC implementation. The black dashed lines indicate the commencement of
SMC implementation in each state. The shaded regions denote the corresponding 95% confi-
dence intervals.

4.3 Global sensitivity analysis401

In order to quantify how the dynamics of malaria transmission and prevalence in each of the six study402

states is being influenced by model parameters, we carry out a global sensitivity analysis (GSA). GSA403

is used to assess how uncertainty in model input parameters influences variability in model outcomes404

within a specified parameter space [43, 44, 45]. The method gives insights into which parameter exerts405

the greatest influence on model outcomes and helps to identify key drivers of malaria prevalence in406

order to guide and prioritise malaria intervention strategies [45]. In this study, GSA was performed407

using the Latin Hypercube Sampling (LHS) method in combination with Partial Rank Correlation408

Coefficient (PRCC).409

Following the framework used in [44], plausible ranges for each of the model parameters were defined410

by allowing a variation of ±33% around their baseline values with the assumption that each of the411

parameter follows a uniform probability distribution. The LHS, a stratified Monte Carlo sampling412

method [43] was used to divide each of the parameter’s range into 1000 equal sub-intervals and ran-413

domly draws a single sample from each sub-interval. The model output considered was the average414

number of symptomatic infectious humans (Ih) during the post-SMC implementation period, repre-415

senting the mean malaria prevalence post-SMC implementation period. The sensitivity of malaria416

prevalence to each model parameter was then quantified using PRCC. The PRCC index measures417

the relative influence of the parameters on the model output and also indicates the direction of their418

relationship [43]. PRCC values range from -1 to +1, with values closer to ±1 indicating that the419

parameter has a strong influence on the model output [43].420
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Table 6: Estimated malaria cases averted and percentage reduction in incidence due to SMC
across study states.

State Implementation period Cases averted (95% CI) % Reduction (95% CI)
Bauchi 2020 - 2024 1,077,911 (572.225, 1,534,358) 18.0 (10.3 - 24.3)
Yobe 2020 - 2024 804,712 (587,809, 1,273,920) 26.9 (23.6 - 39.8)
Kebbi 2020 - 2024 1,021,874 (741,370, 1,318,286) 23.9 (19.5 - 26.9)
Zamfara 2015 - 2024 2,258,356 (1,205,684, 3,794,694) 24.1 (14.3 - 37.1)
Plateau 2021 - 2024 377,733 (132,061 - 752,552) 21.1 (12.1 - 28.0)
Nasarawa 2022 - 2024 232,597 (156,162 - 343,903) 14.5 (9.6 - 20.7)

GSA identified the set of parameters that strongly influence malaria prevalence during the post-SMC421

implementation period. Across all six states, the baseline mosquito biting rate b0 is shown to have the422

strongest positive influence on malaria prevalence, with PRCC values ranging from 0.8956 in Bauchi423

to 0.9237 in Plateau. Similarly, the mosquito recruitment rate Λv and the transmission probabilities424

βvh and βhv exhibit strong positive correlations with the model output..425

On the other hand, the natural death rate of mosquitoes µv shows a strong negative correlation with426

the model output across all states with absolute PRCC values ranging between 0.9263 in Bauchi and427

0.9458 in Plateau indicating that higher mosquito mortality reduces malaria transmission substantially.428

The effectiveness of LLINs u and the recovery rate of symptomatic humans due to treatment α also429

exhibit strong negative correlations. Parameters such as ρv and q show moderate positive correlations430

while the remaining parameters show relatively low PRCC values and therefore have weak influence431

on the model output. To visualise the influence of each model parameters on malaria prevalence across432

the six study states, tornado plots are shown in Figure 8.433
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Figure 8: Tornado plots showing the sensitivity of malaria prevalence to model parameters
across the six study states.
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Furthermore, we evaluate the combined effects of SMC coverage ψt and the two most sensitive model434

parameters - the (baseline) mosquito biting rate (b0) and the mosquito natural mortality rate (µv)435

on total malaria incidence during the post-SMC implementation period. The incidence heatmaps in436

Figure 9 and Figure 10 use a colour gradient to represent total malaria cases. Blue denotes lower437

incidence while yellow indicates higher incidence.438

Figure 9 shows the mosquito biting rate and SMC coverage interaction across the six study states. At439

low biting rates (between 5 to 10 bites per month), increasing SMC coverage results in a significant440

decline in total malaria cases in all the states. At very high mosquito biting rate, i.e 20 - 25 bites per441

month, the heatmaps indicate persistently high incidence even at higher SMC coverage rates. Figure442

10 presents the combined effect of mosquito natural mortality µv rate and SMC coverage rate ψt on443

total malaria incidence across the study states. As µv increases from 1.5 to 5 per months, the colour444

gradient changes from yellow to deep blue, indicating a substantial decline in total malaria cases. At445

very low mortality rate (longer mosquito lifespan), malaria incidence remains very high even at higher446

SMC coverage levels.447
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Figure 9: Variation in total malaria cases as a function of SMC coverage rate ψt and mosquito
biting rate b0.

5 Discussion448

Results from our modelling study revealed that the implementation of SMC across all six study states449

led to a consistent reduction in malaria incidence, although the magnitude of impact differed from450

state to state. Overall, reductions in malaria morbidity ranged from approximately 15% to 27%,451

indicating that SMC has had a significant population-level public health impact in Nigeria.452

The largest reduction due to SMC was seen in Yobe State (26.9%), followed by Zamfara, Kebbi and453

Plateau States, where the incidence of malaria decreased by more than 20%. In contrast, Bauchi and454

Nasarawa States showed relatively smaller reductions (14.5 - 18.0%). In absolute terms, the total455

20



1.50

1.75

2.00

2.25

2.50

2 3 4 5
µv

ψ
t

Total Cases

2,500,000

5,000,000

7,500,000

10,000,000

Bauchi

1.50

1.75

2.00

2.25

2.50

2 3 4 5
µv

ψ
t

Total Cases

1,000,000

2,000,000

3,000,000

4,000,000

Yobe

1.50

1.75

2.00

2.25

2.50

2 3 4 5
µv

ψ
t

Total Cases

2,000,000

4,000,000

6,000,000

Kebbi

1.50

1.75

2.00

2.25

2.50

2 3 4 5
µv

ψ
t

Total Cases

2,500,000

5,000,000

7,500,000

10,000,000

Zamfara

1.50

1.75

2.00

2.25

2.50

2 3 4 5
µv

ψ
t

Total Cases

1,000,000

2,000,000

3,000,000

Plateau

1.50

1.75

2.00

2.25

2.50

2 3 4 5
µv

ψ
t

Total Cases

500,000

1,000,000

1,500,000

2,000,000

2,500,000

Nasarawa

Figure 10: Variation in total malaria cases as a function of SMC coverage rate ψt and mosquito
natural mortality rate µv.

number of cases averted was quite substantial, especially in Zamfara State where over two million456

cases were averted and Kebbi State, where over one million cases were averted.457

These differences in magnitude of impact may reflect variations in transmission intensity, seasonality,458

implementation timing, or operational coverage across the states. In particular, earlier introduction459

of SMC in some states may have contributed to greater cumulative reductions in malaria burden over460

time. These findings highlight the population-level impact of sustained SMC implementation and are461

consistent with previous studies [25, 26] demonstrating the effectiveness of SMC in reducing malaria462

burden in states with seasonal transmission in Nigeria, and underscore the importance of continued463

scale-up and optimization of SMC in Nigeria.464

The results of the global sensitivity analysis highlights key public health implications for the prevention465

and control of malaria in each of the six study states. The analysis reveals that malaria transmission466

dynamics in the study states are strongly driven by parameters associated with the vector population467

and transmission processes. In particular, b0, the baseline mosquito biting rate is shown to exert the468

greatest influence on malaria burden across all states. This highlights the critical role of vector-human469

contact in sustaining malaria transmission and suggests that interventions that limits mosquito biting470

rates, such as LLINs and other vector control strategies, can significantly reduce malaria burden. The471

mosquito recruitment rate Λv and the transmission probabilities βvh and βhv also showed strong pos-472

itive correlations with malaria prevalence. These parameters determine the rate at which mosquitoes473

are being recruited into the population and the efficiency with which the parasite is transmitted be-474

tween humans and mosquitoes. This strong influence emphasizes the importance of vector control and475

environmental management measures geared at reducing mosquito breeding sites.476

The strong negative correlation exhibited by uv, the natural mortality rate of mosquito and the model477

output across all states implies that increasing mosquito mortality can reduce malaria transmission478

substantially, further supporting the need for scale-up of vector control interventions such as LLINs.479

21



The effectiveness of LLINs and the recovery rate of symptomatic humans due to treatment were480

also negatively associated with malaria prevalence. This highlights the significance of both malaria481

preventive measures and effective case management in reducing malaria transmission.482

These findings suggest that malaria control interventions targeting mosquito biting behaviour, mosquito483

population size, and transmission probability are likely to have the greatest impact on reducing malaria484

burden in the study states.485

The study is however not without some limitations. Firstly, the confirmed uncomplicated malaria486

cases data used in the study are mostly from public health institutions, and may not reflect the487

accurate malaria incidence in the states under consideration. As a result, cases managed in private488

institutions and pharmaceutical stores may not be reported, potentially leading to an underestimation489

of the total disease burden and, consequently, the impact of SMC. Secondly, the SMC coverage data490

used in this study indicated that, in some cycles, the number of children reported to have received491

SMC exceeded the estimated target population, resulting in coverage values greater than 100%. To492

address this, coverage levels were capped at 90%. While this adjustment seemed reasonable, it does493

not accurately reflect the true coverage levels for eligible children. Consequently, this may lead to494

either underestimation or overestimation of the true impact of SMC.495

Also, the model did not incorporate climatic factors such as rainfall and temperature which are known496

to influence seasonal malaria transmission. This may limit the ability of the model in capturing the497

seasonal and climatic variability in transmission, which could affect the accurate estimation of SMC’s498

impact. Incorporating climatic factors in future studies may improve the accuracy of the model and499

provide a more comprehensive assessment of SMC’s effects.500

Despite these limitations, the study provides policymakers with useful insights into the population-501

level impact and effectiveness of SMC in Nigeria. It offers data-driven roadmap for integrating SMC502

with other vector control interventions.503

6 Conclusion504

A deterministic compartmental model was developed to assess the effects of seasonal malaria chemo-505

prevention (SMC) on malaria incidence in six implementing states in Nigeria. The findings show that506

SMC is highly effective and has substantially reduced millions of malaria cases in Nigeria. These re-507

sults provide evidence-based support for the continued implementation and scale-up of SMC in states508

with highly seasonal transmission, as it offers both direct protective effects among eligible children509

and indirect population-level benefits across the wider community. Therefore, sustained investment in510

SMC implementation and strengthened program delivery systems are essential to preserve and extend511

these gains.512

In addition, The findings in this study also provide important context for SMC implementation.513

The effectiveness of SMC programs in preventing malaria in Nigeria can be greatly enhanced when514

combined with vector control interventions, including improved LLIN coverage and usage, and larva515

source management. Integrating SMC with sustained vector control and effective case management is516

therefore essential for achieving significant reductions in malaria burden in the study states.517

In conclusion, this study provides evidence to guide public health policy in Nigeria, emphasizing that518

sustained reductions in malaria incidence requires coordinated investment in integrated interventions519

that combine SMC and vector control measures.520
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