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ABSTRACT 

Malaria is one of the most devastating infectious disease that is transmitted to human through the bite of 

mosquitoes. In many African countries such as Nigeria, malaria remains a significant threat to life and is 

impacting negatively on the economy. One area that requires more attention in terms of malaria burden is 

spreading awareness campaign for people to adopt certain protective measures against the disease. Using 

ordinary differential equations (ODE), we formulated a modified deterministic mathematical model of malaria 

transmission dynamics incorporating effects of awareness campaign and bed-net usage. The model was extended 

to study the effects of environmental variability through incorporation stochastic perturbations into the ODE 

model. We then formulated and distributed some questionnaires that enabled us to estimate some of the model 

parameters to suit Hong local government area. We investigated some basic properties of the model to show that 

the models are physically meaningful. The disease-free equilibrium point of the model is shown to be locally 

asymptotically stable if a certain threshold quantity, called reproduction number is smaller than unity. The 

numerical simulation of the models confirmed some of the theoretical analyses conducted. We studied the global 

sensitivity analysis of the model parameters to identify the parameters that have high impact on the reproduction 

number. Our results show that level of awareness of malaria in Hong local government area is above average, 

and about 64% of the people in the area are using bed-nets. We also find that the results of simulations for the 

deterministic model generally underestimates the corresponding stochastic results. Our sensitivity analysis 

results show that increasing mosquitoes death rates have more significants impacts on the reproduction number 

and hence, the disease burden.  

Keywords:  Awareness level,  Environmental, fluctuations,  Partial, Rank, Correlation Coefficients, Hong, 

local, government and Perturbations.  

INTRODUCTION 

Malaria remains one of the most devastating vector-borne diseases worldwide, claiming hundreds of thousands 

of lives annually. In Nigeria, malaria is a  significant public health concern, responsible for significant 

morbidity, mortality, and economic burdens. [2, 15, 9, 32, 1]. About 231 million cases of malaria were reported 

in the year 2017 alone by World Health Organization (WHO), occurring in 106 countries, of which, around 81% 

occurred in African regions resulting in about 91% death of the infected persons [9]. In 2018, there were 228 

million reported cases of malaria globally, of which about 91% were in the African continent [9]. In 2021, WHO 

reported that African region accounted for almost 95% (234 million) of all malaria cases and 96% (593,000) of 

all deaths due to the disease. In the same year, Nigeria was reported to have recorded about 68 million cases of 

malaria with 194 000 deaths, [5, 27, 20]. Over the years, various interventions, such as insecticide-treated bed 
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nets (ITNs) and antimalarial medications, have contributed to reducing malaria transmissions. However, a 

number of factors complicate malaria control efforts in the malaria endemic regions such as Nigeria. Typical 

among them are lack of awareness of the disease burden, and attitudes towards the use of ITNs. As reported in 

[9, 18, 14, 13] awareness plays a critical role in preventing and controlling the transmission of the disease. To 

this end, raising awareness about malaria transmission, prevention, and treatment is essential for promoting 

behavioral change, improving health outcomes, and reducing the disease’s socioeconomic impacts. When 

individuals and communities are informed about malaria, they are more likely to adopt protective measures, seek 

prompt medical attention when symptoms arise, and support malaria control initiatives. Awareness campaigns 

have been reported to play a significant role in promoting the use of ITNs, which is one of the most effective 

ways to prevent malaria transmission through reduction in human-mosquitoes contact, see [13] for more details.  

Mathematical modeling of infectious diseases has proved to play an important role in understanding the insights 

of the transmission dynamics and appropriate control strategies of infectious diseases. Sir Ross published the 

first model in 1911 to demonstrate the development of malaria [33, 26]. Since then, many such models have 

been developed over the years by many researchers to study disease dynamics. For instance, [26] studies the 

dynamics of malaria incorporating travelers and uses optimal control in the model analysis, and [19] studies the 

dynamics of COVID-19 in high and low-risk populations. Some other models of infectious diseases can be found 

in [29, 3, 6, 8, 25]. Modeling of malaria has helped in understanding the transmission dynamics of the disease, 

including appropriate control strategies to mitigate it, for instance [25, 12, 11, 17]. There are instances of real-

life situations where an awareness campaign was conducted to aid in reducing the menace of malaria. For 

example, a study conducted by the London School of Hygiene and Tropical Medicine, where it was found that 

a combination of social media-based awareness campaigns and Optimal control methods represents the most 

cost-effective approach to managing malaria, a study by the World Health Organization (WHO) found that social 

media campaigns can increase knowledge of malaria prevention and control measures by up to 40%, see [23] 

and the references therein. Other instances of awareness campaigns in real life can be found in [24, 28]. 

Mathematical and other models of disease transmission incorporating awareness have been developed by many 

researchers, see for instance [33, 9, 5, 23, 18, 14]. From the report in [9], the authors formulated a mathematical 

model of malaria transmission incorporating awareness assuming the disease transmission rates from vector to 

human and from human to vector, are decreasing functions of level of awareness. The authors concluded that 

awareness and proportion of bed-net usage and residual spray should be priorities and be increased to at least 

75% for the possible elimination of malaria. 

Seasonal variations in climate and mosquito abundance significantly influence malaria transmission patterns. To 

this end, several studies have focused on incorporating seasonality into mathematical models through the 

introduction of some key time-dependent parameters or through the formulation of stochastic models, see [10, 

4, 30, 23] as examples. These model attributes help in identifying periods of high transmission risk and 

explaining, environmental variability in disease transmission. Thus, enabling more targeted intervention 

strategies. In this report, we propose a deterministic and stochastic model of malaria transmissions incorporating 

awareness and ITN usage. We incorporate a biting function that depends on the proportion of ITN users into the 

model’s biting rate. We developed a questionnaire that was administered to some residents of Hong local 

government area to assess their level of awareness of malaria transmission and to use the responses from the 

questionnaire to estimate some parameter values in our model. 

MATERIAL AND METHODS 

Study Area 

Hong is a town and a Local Government Area in Adamawa State, Nigeria. Hong Local Government Area was 

created in 1991 and is bounded by Mubi to the East, Gombi to the West, Song and Maiha Local Government 

Areas to the South, and Askira-Uba Local Government Area to the North, see Figure 1 for pictorial description. 

Hong Local Government Area has a land area of about 117,240    𝑘𝑚 2 with a projected population of 226, 

100. The area falls within the Sudan Savannah zone and has a tropical wet and dry climate. The dry season lasts 

for five months (November to March) while the wet season lasts from April to October (7 months). The major 

occupation of people in the area is farming, few are traders and civil servants. The major crops grown in the area 

include; groundnut, sorghum, maize, rice, and millet. The dominant and ruling tribe of Hong is the Kilba (Hoba).  
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Figure  1:  Map showing Hong and its neighbouring towns. Source from  

Study Design 

This study consist of two parts   

1.  designing and administering questionnaire to examine the level of awareness and utilization of insecticide-

treated bed nets among the people of Hong’s local government area as measures for reducing malaria episodes 

in the area.  

2.  Formulating a deterministic and a stochastic malaria transmission model of malaria transmission, and using 

the information obtained to estimate some of the model parameters.  

Thus, we concentrated in some selected localities (survey site) in both the northern and southern parts of the 

local government area. In the northern zone, the survey site includes Munga Kwarhi, and Mijili, while in the 

southern zone, the survey site includes Hong town, Kala,a, and Pella. Questionnaire was designed to help 

estimate some of the model parameters. A sample of 357 male and female respondents resident in the Hong 

Local Government area was selected using a random sampling technique. The designed questionnaire is broken 

into two for the purpose of this report and presented on Tables 1 and 2. The outputs from the questionnaires will 

be used to estimate some model parameters that will help in providing a better understanding on malaria 

transmission in the study area.  

Table  1: KEY: SA = Strongly agree, A = Agree, N = Neutral, D = Disagree, SD = Strongly disagree. 

 Question SA A N D SD 

1.Malaria is transmitted to human through mosquitoes bite.      

2. Stagnant water are common breeding sites of mosquito.      

3. Headache are some symptoms of malaria.      

4. There is adequate level of awareness and sensitization on the importance of 

ITN use. 

     

5. There is adequate level of awareness and sensitization on malaria 

prevention. 

     

6.Reducing human-mosquito contact reduces malaria infection.      

7. Use of ITN reduces contacts between human and mosquito.      

8. ITN need to be replaced after sometime.      

9. I believe ITNs are safe to use for everyone.      
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 10. The government and healthcare providers promote ITNs effectively in 

my area. 

     

11. I trust information about malaria prevention provided by health 

authorities. 

     

12. Mosquito nets that are not treated with insecticide are equally effective as 

ITNs in preventing malaria. 

     

13. ITNs are more effective than using mosquito coils or sprays.      

14. Malaria transmission is a significant health issue in my community.      

15. I would recommend the use of ITNs to friends and family.      

16. I believe more awareness about ITNs and malaria prevention is needed in 

my area. 

     

Table  2: Second part of the questionnaire used in estimating some parameters. 

Question    

Q17: Do you have ITN now?  Yes No  

Q18: If answer to 17 is yes, how 

often do you use it? 

Always Sometimes Never 

Q19: When did you start using it 

in the last two years? 

More than a year ago Less than a year ago  

Q20: Did you have in the last two 

years? 

Yes No  

 Q21: Why did you stop using it? I do not think it will 

prevent malaria 

It is not distributed by 

Government/other organizations 

Other 

reasons 

Formulation of the Models 

We formulate a deterministic mathematical model to study the impact of awareness on malaria transmission 

dynamics. We feel that real-world dynamics of diseases are not governed by fixed parameter values due to 

random variability in the environment. Thus, the deterministic model was later extended into a stochastic model 

to study the impacts of environmental perturbations through the introduction of white-noise.  

Formulation of the deterministic model 

In the modeling development, it is assumed that the media campaigns increase the level of awareness regarding 

self-protection and the methods for reducing the mosquito population. This is captured by the parameter 𝑀. 
Other assumptions includes;   

• The dynamics of the transmission is fast enough so that the exposed classes are omitted.  

• No vertical transmission in both humans and mosquitoes population.  

• All infected individuals who survive, must move to the recovery class.  

• Recruitment into both humans and mosquitoes populations are at constant rates.  

We used compartmental modelling approach to drive the model equations. The flow diagram, given on Figure 2 

is used as an aid to explain model derivation. 
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The proposed deterministic model consist of two interacting populations, the human population as hosts and the 

mosquitoes as vectors. The host population has a total population size 𝑁 = 𝑆𝑎 + 𝑆𝑢 + 𝐻𝑖 + 𝑅 grouped into four 

compartments (classes) namely; susceptible aware class (𝑆𝑎), which contains susceptible humans who are aware 

of malaria infection and use preventive measures against the disease, the unaware susceptible humans (𝑆𝑢), 

consist of susceptible humans who do not take preventive measures against malaria, the infectious class (𝐻𝑖), 

consist of humans who are infected and can infect susceptible mosquitoes and the recovered class (𝑅), containing 

people that have recovered from malaria and enjoying immunity for some time. The vector population with a 

total population size given by 𝑁𝑣 = 𝑆𝑣 + 𝑉𝑖 , is grouped into two compartments namely; susceptible mosquitoes 

(𝑆𝑣 ,) and infectious mosquitos (𝑉𝑖 .).  

It is assumed that all recruitment into the human population either by birth or immigration is through the 

susceptible unaware class at a rate Λℎ . The human populations experiences natural mortality at a rate 𝜇ℎ . We 

assume that individuals in the susceptible aware class experiences reduction in malaria transmission as a result 

of ITN usage due to awareness. We modelled this using the human-mosquito contact rate 𝑝1 = 𝛽𝑚𝑎𝑥 −
𝑏(𝛽𝑚𝑎𝑥 − 𝛽𝑚𝑖𝑛 . This biting rate was formulated by [2], where 𝑏 is the proportion of ITNs usage, 𝛽𝑚𝑎𝑥 and 

𝛽𝑚𝑖𝑛  represent the maximum and minimum mosquitoes biting rates respectively. The susceptible unaware 

population have contact rate 𝑓2 = 𝛽𝑚𝑎𝑥 . The force of infection for susceptible unaware and aware humans are 

modeled as 𝜆𝑢 =
𝑞1𝑓2𝑉𝑖

𝑁
,  𝜆𝑎 =

𝑞1𝑝1𝑉𝑖

𝑁
.  Here 𝑞1  is the probability of infection from infected mosquitoes to 

suscebtible humans. We modelled the force of infection from infected human to susceptible mosquitoes as 𝜆𝑣 =
(𝑝1+𝑓2)𝑞2𝐻𝑖

𝑁
, where 𝑞2 is the probability of infection from infected humans to susceptible mosquitoes. The class 

𝑆𝑢 increases with the constant growth rate Λℎ , a fraction 𝜂 of recovered people that loss immunity and join the 

unaware population at a rate 𝜎𝜂𝑅,  and a rate 𝜃2 =
𝜔𝑎

1+𝑀
  at which aware people become unaware due to 

negligience. This class 𝑆𝑢 decreases through natural death, rate 𝜃1 =
𝜔𝑢𝑀

1+𝑀
 at which unaware people become 

aware, and through becoming infected at a rate 𝜆𝑢 .  

The class 𝑆𝑎 increases with a fraction 𝜉 = 1 − 𝜂 of recovered people that loss immunity and join the aware 

population at a rate 𝜉𝜎, and a rate 𝜃1 at which unaware people become aware. It decreases through natural 

death, also a rate 𝜃2 at which aware people become unaware, and through becoming infected at a rate 𝜆𝑎 . The 

class 𝐻𝑖 increases with the transmission rates 𝜆𝑢 and 𝜆𝑎 . It decreases through natural death, disease induced 

death rate 𝛿, and recovery at a rate 𝛾. The population of the recovered class 𝑅, increases with the number of 

infectious people that recover at a rate 𝛾. It decreases through natural death, and the number of individuals that 

looses immunity at a rate 𝜎.  

We assume all recruitments into the mosquitoes populations are through the susceptible class 𝑆𝑣 at a rate Λ𝑣 . 
The population of the susceptible mosquitoes decreases through natural death at a rate 𝜇𝑣 , through infectious 

contacts with infected humans at a rate 𝜆𝑣 ,  and also throguh death due to destruction of breeding 

sites/insecticides spray at a rate 𝜏𝑀.  The infectious mosquitoes population 𝑉𝑖  increases at a rate 𝜆𝑣  and 

decreases through natural death rate and death through insecticide spray and other forms of protections. The flow 

diagram of the model is given in Figure 2, the description of the state variables and model parameters are given 

in Tables 2 and 4 respectively. The model equations are given by (1).  

   

Figure  2: Flow diagram of the model 
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Table 3: State Variables of the model and their descriptions 

Variable  Description  

𝑆𝑢 , 𝑆𝑎  Susceptible unaware and aware humans respectively 

𝐻𝑖  Infected humans 

𝑅 Recovered humans  

𝑆𝑣 Susceptible mosquitoes  

𝑉𝑖 Infected mosquitoes 

Table 4: Model parameters and their descriptions 

Parameter  Description 

Λℎ , Λ𝑣  Recruitment rates susceptible unaware human and mosquito populations respectively 

𝜔𝑎 Rate at which susceptible aware humans become unaware due to negligence  

𝜔𝑢  Rate at which susceptible unaware humans become aware due to awareness campaign  

𝑞1 Probability of infection from infected mosquitoes the susceptible humans 

𝑞2 Probability of infection from infected human to susceptible mosquitoes 

𝜇𝑣 , 𝜇ℎ Natural death rates of mosquito and human populations respectively 

𝜎  Recovery rate for human 

𝜂 Proportion of humans that recover into susceptible unaware human 

𝛾  Recovery rate for infected humans 

𝜏 Rate at which mosquitoes are eliminated due to awareness 

𝛿  Disease induced death rate 

𝛽𝑚𝑎𝑥 , 𝛽𝑚𝑖𝑛  Maximum and minimum mosquitoes biting rates  

𝑀  Level of awareness 

 𝑆̇𝑢 = 𝜂 𝜎 𝑅 +
𝑆𝑎𝜔𝑎

1+𝑀
−

𝑆𝑢𝑞1𝑓2𝑉𝑖

𝑁
− 𝜇ℎ𝑆𝑢 −

𝑆𝑢𝜔𝑢𝑀

1+𝑀
+ Λℎ , 

 𝑆̇𝑎 = 𝜉 𝜎 𝑅 −
𝑆𝑎𝑞1𝑝1𝑉𝑖

𝑁
− 𝜇ℎ𝑆𝑎 −

𝑆𝑎𝜔𝑎

1+𝑀
+

𝑆𝑢𝜔𝑢𝑀

1+𝑀
, 

 𝐻̇𝑖 =
𝑆𝑎𝑞1𝑝1𝑉𝑖

𝑁
+

𝑆𝑢𝑞1𝑓2𝑉𝑖

𝑁
− 𝐻𝑖(𝛾 + 𝜇ℎ + 𝛿), 

 𝑅̇ = −𝑅(𝜎 + 𝜇ℎ) + 𝛾 𝐻𝑖 ,, (1) 

 𝑆̇𝑣 = −𝜏 𝑆𝑣𝑀 −
𝑆𝑣(𝑝1+𝑓2)𝑞2𝐻𝑖

𝑁
− 𝜇𝑣𝑆𝑣 + Λ𝑣 , 
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 𝑉̇𝑖 =
𝑆𝑣(𝑝1+𝑓2)𝑞2𝐻𝑖

𝑁
− 𝑉𝑖(𝑀𝜏 + 𝜇𝑣) 

Formulation of the Stochastic Model 

Stochastic models could be a more suitable for modeling epidemics in many circumstances. This is because they 

capture environmental fluctuations which inherent in real-life scenario, [10]. There are many approaches for 

formulating stochastic models. We follow the approach in [10] by assuming that the environmental stochastic 

perturbation in our model is a white noise type that is directly proportional to some random pertubations and to 

each state variable given by a 6-dimensional standard Brownian motion 

𝐵 = (𝜖1𝑑𝑊1 , 𝜖2𝑑𝑊2, 𝜖3𝑑𝑊3, 𝜖4𝑑𝑊4 , 𝜖5𝑑𝑊5, 𝜖6𝑑𝑊6)
𝑇  where 𝜖𝑖 , 𝑖 = 1⋯6  are the intensities of the 

pertubations. We let the stochastic variables be given by (𝑋1, 𝑋2, 𝑋3, 𝑋4, 𝑋5, 𝑋6) = (𝑆𝑢 , 𝑆𝑎 , 𝐻𝑖 , 𝑅, 𝑆𝑣 , 𝑉𝑖). Thus, 

a stochastic system arising from model (1) is given by (2).  

 𝑑𝑋1 = (𝜂 𝜎 𝑋4 +
𝑋2𝜔𝑎

1+𝑀
−

𝑋1𝑞1𝑓2𝑋6

𝑁ℎ
− 𝜇ℎ𝑋1 −

𝑋1𝜔𝑢𝑀

1+𝑀
+ Λℎ) 𝑑𝑡 +𝜖1𝑋1𝑑𝑊1(𝑡), 

 𝑑𝑋2 = (𝜉 𝜎 𝑋4 −
𝑋2𝑞1𝑝1𝑋6

𝑁ℎ
− 𝜇ℎ𝑋2 −

𝑋2𝜔𝑎

1+𝑀
+

𝑋1𝜔𝑢𝑀

1+𝑀
) 𝑑𝑡 +𝜖2𝑋2𝑑𝑊2(𝑡), 

 𝑑𝑋3 = (
𝑋2𝑞1𝑝1𝑋6

𝑁ℎ
+

𝑋1𝑞1𝑓2𝑋6

𝑁ℎ
− 𝑋3(𝛾 + 𝜇ℎ + 𝛿))𝑑𝑡 + 𝜖3𝑋3𝑑𝑊3(𝑡), 

 𝑑𝑋4 = (−𝑋4(𝜎 + 𝜇ℎ) + 𝛾 𝑋3)𝑑𝑡 + 𝜖4𝑋4𝑑𝑊4(𝑡), (2) 

 𝑑𝑋5 = (−𝜏 𝑋5𝑀 −
𝑋5(𝑝1+𝑓2)𝑞2𝑋3

𝑁ℎ
− 𝜇𝑣𝑋5 + Λ𝑣) 𝑑𝑡 + 𝜖5𝑋5𝑑𝑊5(𝑡), 

 𝑑𝑋6 = (
𝑋5(𝑝1+𝑓2)𝑞2𝑋3

𝑁ℎ
− 𝑋6(𝑀𝜏 + 𝜇𝑣))𝑑𝑡 + 𝜖6𝑋6𝑑𝑊6(𝑡). 

It is worthwhile to mention that model (2) differ from model (1) only through the stochastic pertubations. That 

is, if 𝜖𝑖 = 0, 𝑓𝑜𝑟 𝑖 = 1⋯6,  the two models are the same. Note that model (2) will be used to study the 

dynamics of environmental variability on malaria transmission dynamics via numerical simulation only.  

Non-negativity and boundedness of solution of the dterministic model 

In this section, some basic properties of model (1) will be explored.  

Theorem 1  The solution of the equations in model (1) with non-negative initial conditions will remain non-

negative for all 𝑡 > 0.  

Proof.  

𝑡1 = 𝑠𝑢𝑝{𝑡 > 0: 𝑆𝑢(𝑡) > 0, 𝑆𝑎(𝑡) ≥ 0, 𝐻𝑖(𝑡) ≥ 0, 𝑅(𝑡) ≥ 0, 𝑆𝑣(𝑡) > 0, 𝑉𝑖(𝑡) ≥ 0}. 

 From the first equation of model (1) we have  

 
𝑆𝑢

𝑑𝑡
≥ Λℎ − 𝜔𝑢  𝑆𝑢 −

𝑞1𝑓2𝐻𝑣𝑆𝑢

𝑁
− 𝜇ℎ𝑆𝑢 = Λℎ − 𝑆𝑢𝑦(𝑡), 

where 𝑦(𝑡) = −(𝜔𝑢 +
𝑞1𝑓2𝐻𝑣

𝑁
+ 𝜇ℎ). By using integrating factor, it can be shown that  

 𝑆𝑢(𝑡1) ≥ 𝑆𝑢(0)exp(−∫
𝑡1

0
𝑦(𝑢)𝑑𝑢) 
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 +exp (−∫
𝑡1

0
𝑦(𝑢)𝑑𝑢) × ∫

𝑡1

0
Λℎexp(−∫

𝑥

0
𝑦(𝑢)𝑑𝑢)𝑑𝑥 > 0. 

 It also follows from the 5th equation of model (1) that  

 𝑆𝑣(𝑡1) ≥ 𝑆𝑣(0)exp (−∫
𝑡1

0
𝑦1(𝑢)𝑑𝑢) 

 +exp (−∫
𝑡1

0
𝑦1(𝑢)𝑑𝑢) × ∫

𝑡1

0
Λ𝑣exp(−∫

𝑥

0
𝑦1(𝑢)𝑑𝑢)𝑑𝑥 > 0, 

where 𝑦1(𝑡) = −(
(𝑞1+𝑓2)𝑞2𝐻𝑖

𝑁
+ 𝜇𝑣 + 𝜏𝑀). Using similar arguments it can be shown that the solutions for all 

other state variables are non-negative for all non-negative initial conditions, as required.  

Theorem 2 The closed set  

 Ω = {(𝑆𝑢 , 𝑆𝑎 , 𝐻𝑖 , 𝑅, 𝑆𝑣 , 𝑉𝑖) ∈ ℝ+
6 : 𝑆𝑢 + 𝑆𝑎 + 𝐻𝑖 + 𝑅 ≤

Λℎ

𝜇ℎ
, 𝑆𝑣 + 𝑉𝑖 ≤

𝜆𝑣

𝜇𝑣
} 

 is positively-invariant and attracting for the model (1).  

Proof. By adding the first 4 equations of model (1) and the last two equations respectively have we  

 𝑁̇ ≤ Λℎ − 𝜇ℎ𝑁, 

 𝑁̇𝑣 ≤ Λ𝑣 − 𝜇𝑣𝑁𝑣 . 

 It then follows that 𝑁 ≤
Λℎ

𝜇ℎ
   𝑎𝑛𝑑   𝑁𝑣 ≤

Λ𝑣

𝜇𝑣
.  Hence, the total human and mosquitoes populations are 

bounded. The rest of the proof follows from [16] 

In what follows, we consider the following parameter groupings; 𝑝2 = 𝛾 + 𝜇ℎ + 𝛿,  𝑝3 = 𝜎 + 𝜇ℎ ,  and 𝑝4 =
𝑀𝜏 + 𝜇𝑣 . 

Theorem 3  Model (1) has a unique solution in 𝛺.  

Proof. To prove Theorem 3, we evaluated the norm of the Jacobian matrix of model (1) as  

 ∥ 𝐽 ∥∞= max (𝛾 + |𝑝3|, |
𝑆𝑣(𝑓2+𝑝1)𝑞2

𝑁
| + |𝑀𝜏 +

(𝑓2+𝑝1)𝑞2𝐻𝑖

𝑁
+ 𝜇𝑣|, 

 |
𝑆𝑣(𝑓2+𝑝1)𝑞2

𝑁
| + |

(𝑓2+𝑝1)𝑞2𝐻𝑖

𝑁
| + |𝑝4|, |𝜔𝑢| + |

𝑞1𝑝1𝑉𝑖

𝑁
+ 𝜇ℎ + 𝜔𝑎| 

 +|𝜉 𝜎| + |
𝑆𝑎𝑞1𝑝1

𝑁
| , |

𝑞1𝑓2𝑉𝑖

𝑁
| + |

𝑞1𝑝1𝑉𝑖

𝑁
| + |𝑝2| + |

𝑆𝑎𝑞1𝑝1

𝑁
+

𝑆𝑢𝑞1𝑓2

𝑁
|, 

 |
𝑞1𝑓2𝑉𝑖

𝑁
+ 𝜇ℎ + 𝜔𝑢| + |𝜔𝑎| + |𝜂 𝜎| + |

𝑆𝑢𝑞1𝑓2

𝑁
|) 

 Since the state variables are bounded, we let |
𝑆𝑣

𝑁
| ≤ 𝐿1 and |

𝑉𝑖

𝑁
| ≤ 𝐿2, then  

 ∥ 𝐽 ∥≤ max(𝛾 + |𝑝3|, |𝐿1(𝑓2 + 𝑝1)𝑞2| + |𝑀𝜏 + (𝑓2 + 𝑝1)𝑞2 + 𝜇𝑣|, 

 |𝐿1(𝑓2 + 𝑝1)𝑞2| + |(𝑓2 + 𝑝1)𝑞2| + |𝑝4|, |𝜔𝑢| + |𝑞1𝑝1𝐿2 + 𝜇ℎ + 𝜔𝑎| 

 +|𝜉 𝜎| + |𝑞1𝑝1|, |𝑞1𝑓2𝐿2| + |𝑞1𝑝1𝐿2| + |𝑝2| + |𝑞1𝑓2 + 𝑞1𝑝1|, 

 |𝑞1𝑓2𝐿2 + 𝜇ℎ + 𝜔𝑢| + |𝜔𝑎| + |𝜂 𝜎| + |𝑞1𝑓2|) = 𝐿, 
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where 𝐿 is a Lipschitz constant. Thus, by Lemma 2.2 and Theorem 2.4 of [22], model (1) has a unique solution 

in Ω.  

Disease Free Equilibrium Point and its Stability 

Model (1)has a Disease Free Equilibrium Point (DFE) given by  

𝐸0 = (𝑆𝑎
0, 𝑆𝑢

0, 𝐻𝑖
0 , 𝑅0, 𝑆𝑣

0, 𝑉𝑖
0) = (

Λℎ𝜔𝑢

𝜇ℎ(𝜔𝑢+𝜔𝑎+𝜇ℎ)
,

(𝜔𝑎+𝜇ℎ)Λℎ

𝜇ℎ(𝜔𝑢+𝜔𝑎+𝜇ℎ)
, 0,0,

Λ𝑣

𝑀𝜏+𝜇𝑣
, 0).  

Reproduction Number 

The disease classes are 𝐻𝑖 , and 𝑉𝑖 , it then follows that 𝐹 and 𝑉 matrices for the new infection and transfer 

terms are given by  

 𝐹 = [
0

𝑆𝑎
0 𝑞1𝑝1𝜇ℎ

Λℎ
+

𝑆𝑢
0 𝑞1𝑓2𝜇ℎ

Λℎ

𝑆𝑣
0 (𝑓2+𝑝1)𝑞2𝜇ℎ

Λℎ
0

], (3) 

  𝑉 = [
𝑝2 0
0 𝑝4

] (4) 

 respectively. The eigenvalues of 𝐹𝑉−1 are  

 𝜌(𝐹𝑉−1) =

[
 
 
 √

𝑆𝑣
0 𝑞1𝑞2(𝑓2+𝑝1)(𝑆𝑎

0 𝑝1+𝑆𝑢
0 𝑓2)𝜇ℎ

2

𝑝2𝑝4Λℎ
2

−√
𝑆𝑣

0 𝑞1𝑞2(𝑓2+𝑝1)(𝑆𝑎
0 𝑝1+𝑆𝑢

0 𝑓2)𝜇ℎ
2

𝑝2𝑝4Λℎ
2 ]

 
 
 

. (5) 

 We define the reproduction number as  

 𝑅0 = √
𝑆𝑣

0 𝑞1𝑞2(𝑓2+𝑝1)(𝑆𝑎
0 𝑝1+𝑆𝑢

0 𝑓2)𝜇ℎ
2

𝑝2𝑝4Λℎ
2 . (6) 

Theorem 4 The disease free equilibrium point of model (1) is locally asymptotically stable if 𝑅0 < 1  and 

unstable otherwise.  

Proof. We begin the proof by evaluating the Jacobian of model (1) at the DFE to get 

𝐽 =

[
 
 
 
 
 
 
 
 
 −𝜇ℎ − 𝜔𝑢 𝜔𝑎 0 𝜂 𝜎 0 −

𝑠𝑢 𝑞1𝑓2𝜇ℎ

Λℎ

𝜔𝑢 −𝜇ℎ − 𝜔𝑎 0 𝜉 𝜎 0 −
𝑠𝑎 𝑞1𝑝1𝜇ℎ

Λℎ

0 0 −𝑝2 0 0
𝑠𝑎 𝑞1𝑝1𝜇ℎ

Λℎ
+

𝑠𝑢 𝑞1𝑓2𝜇ℎ

Λℎ

0 0 𝛾 −𝑝3 0 0

0 0 −
𝑠𝑣 (𝑓2+𝑝1)𝑞2𝜇ℎ

Λℎ
0 −𝑀𝜏 − 𝜇𝑣 0

0 0
𝑠𝑣 (𝑓2+𝑝1)𝑞2𝜇ℎ

Λℎ
0 0 −𝑝4 ]

 
 
 
 
 
 
 
 
 

. (7) 

Four eigenvalues of the Jacobian matrix (7) are 𝑌 = −𝑝3,  𝑌 = −𝜇ℎ ,  𝑌 = −(𝜔𝑢 + 𝜔𝑎 + 𝜇ℎ),  𝑌 = −(𝜏𝑀 +
𝜇𝑣). The remaining eigenvalues are the roots of the polynomial  

 𝐵 = Λℎ
2(𝑌2 + (𝑝2 + 𝑝4))𝑌 − (𝑓2 + 𝑝1)(𝑆𝑎

0 𝑝1 + 𝑆𝑢
0 𝑓2)𝑆𝑣

0 𝜇ℎ
2𝑞2𝑞1 + Λℎ

2𝑝2𝑝4. (8) 

 We simplify the terms in the polynomial (8) to get  
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 𝐵 = Λℎ
2(𝑌2 + (𝑝2 + 𝑝4))𝑌 + Λℎ

2𝑝2𝑝4(1 − 𝑅0
2). (9) 

By Descarte’s rule of sign, the roots of the polynomial in (9) have negative real parts if 𝑅0 < 1. Hence, the 

proof.  

Parameters estimation and Numerical Simulations 

In view of the importance of sample size in research, we used the Fisher’s formula    𝑠𝑎𝑚𝑝𝑙𝑒  𝑠𝑖𝑧𝑒 =
(𝑧−𝑠𝑐𝑜𝑟𝑒)2𝜎1(1−𝜎1)

𝑐𝑓2 = 369,  at 95% confidence interval ( 𝑧 − 𝑠𝑐𝑜𝑟𝑒 = 1.6, ) standard deviation 𝜎1 = 0.6, 

confidence interval 𝑐𝑓 = 0.05 see [31] and the references therein for more details. In the work reported in [28], 

the authors conducted their research using sample population size of 400 in a much larger setting than we are 

considering here. Thus, a sample population size of 357 is quite reasonable for our work. 

How do we quantify level of awareness, rate at which aware people become unaware using questionnaire 

responses? In this work, we adopt the following simple approach. The responses to the questions (supplied by 

the respondents) in Table 1 are assigned some weights as shown and summarised on Table 5, the frequency of 

the options and their weighted values are also shown. Using likert-scale analysis, see [21], the mean weight of 

the options (sentiment score) is 3.32. Thus, we approximated the parameter 𝑀 = 3.32, and this value will be 

used in both the deterministic and the stochastic model simulations. 

Table  5: Summary of the responses to the questions in Table 1 and the weight assigned to the options. 

Response option Weight Frequency Weighted value 

Strongly disagree   1   531   531  

Disagree   2   571   1142  

Neutral   3   371   1113  

Agree   4   989   3956  

Strongly agree   5   868   4340  

Sum     3330   11082  

From the responses to the questions on Table 2, we find that 234 people possess ITN and 129 of them are using 

it always and the remaining are using it sometimes. To estimate 𝑏, the proportion of ITN users, we assigned 

weight 1 to those using ITN always and 0.5 for others. Thus we estimated 𝑏 =
129+0.5×105

357
= 0.51. We also find 

that the number of people that have started using ITN recently (less than a year ago) are 56. We use this 

information to estimate the rate at which unaware individual become aware per day as 𝜔𝑢 =
56

357×365
=

0.00043   𝑑𝑎𝑦   −1. In similar manner, we estimated the rate at which aware become unaware using the 

fact that 129 of the people who are previously using ITNs have stopped using it completely and 105 are using it 

partially. Thus we estimated 𝜔𝑎 =
129+0.5×105

357×365
= 0.00119   𝑑𝑎𝑦   −1.  

We obtained the values of the other parameters from the literature to get the baseline values given on Table 6. 

We then used the baseline values to estimate the parameter ranges by reducing and increasing the baseline values 

by 65% to get the lower and the upper bounds respectively as shown on the Table, see [8] for more details. These 

values are then used in the our simulations and sensitivity analysis.  

Table  6: Parameter values used in the simulations and sensitivity analysis 

Parameter  Baseline Value  Source Parameter Range 

Λℎ   90  assumed [45,135] 

Λ𝑣  1000  [15] [650,1350] 
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𝜔𝑎  0.001186  estimated [0.000593,0.001779] 

𝜔𝑢  0.00043   

 estimated [0.00021,0.00064]  

𝑞1 0.01  [5] [0.005,0.015] 

𝑞2 0.83  [7] [0.415,1] 

𝜇ℎ  4.63 × 10−5  estimated [2.31481,6.9444] × 10−5 

𝜇𝑣  0.01  [23] [0.005556,0.01667] 

𝜎  0.037  assumed [0.1873,0.5618] 

𝜂 0.7 assumed [0.35,1] 

𝛾  0.012 [5] [0.0006,0.0018] 

𝜏   0.003 [23] [0.0015,0.0045] 

𝛿 0.00035  [23] [0.00415,0.01245] 

𝛽𝑚𝑎𝑥 0.6334  [8] [0.3167,0.9501] 

𝛽𝑚𝑖𝑛  0.0696 [8] [0.0348,0.1044] 

𝑀 3.33  estimated [1.665,4.995] 

𝑏  0.645  estimated [0.255,0.765] 

RESULTS AND DISCUSSION 

Results 

We conducted numerical simulations using the parameter values shown on Table 6. The results of such 

simulations are now described. 

Figure 3 depicts the simulation results for the deterministic and stochastic models for susceptible unaware 

humans using 4 different initial conditions and the intensities of fluctuations as shown. It is clear that the 

population continue to grow with time for both the stochastic and the deterministic simulations. It can also be 

observed that there is no much difference between the stochastic and the deterministic simulations.  

  

Figure  3: Simulation showing unaware humans population using 4 different initial conditions  
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(𝑆𝑢 , 𝑆𝑎 , 𝐻𝑖 , 𝑅, 𝑆𝑣 , 𝑉𝑖) = (500,350,200,20,1200,1350), (1000,650,600,100,2000,1800), 
(2000,900,480,200,3000,500), (100,700,100,78,1400,2000)  and stochastic intensities 𝜖1, 𝜖2, 𝜖3, 𝜖5, 𝜖6 =
50, 𝜖4 = 0.5,  

Figure 4 depicts both results for deterministic and stochastic simulations for susceptible aware humans, using 

the four different initial conditions and the same values of stochastic perturbations used in Figure 3. The results 

show variations between the number of individuals in the stochastic and the deterministic simulations. Since the 

stochastic fluctuations are introduced to mimic environmental variability, one can say that environmental forcing 

play key role in population dynamics.  

   

Figure  4: Simulation results for models (1) and (2) for susceptible aware humans.  

Figure 5 depicts both results for deterministic and stochastic simulations for infected humans, using 4 different 

initial conditions and the same values of stochastic perturbations used in Figure 3. One may say that the results 

on this Figure show similar trends to those observed in Figure 3.  

   

Figure  5: Simulation of the models showing the dynamics of the infected humans under different initial 

conditions. 

Figure 6 depicts both results for deterministic and stochastic simulations for recovered humans, using 4 different 

initial conditions and the same values of stochastic perturbations used in Figure 3. One noticeable feature of the 

results is that the number of individuals in the recovered class will reaches zero at some time, then rises again. 

The time in which the number of individuals reaches zero probably corresponds to the time in which the number 

of susceptible mosquitoes is at peak as shown on Figure 7.  
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Figure  6: Simulation of the models showing the dynamics of the recovered humans under different initial 

conditions. 

Figure 7 depicts both results for deterministic and stochastic simulations for susceptible mosquitoes using 4 

different initial conditions and the same values of stochastic perturbations used in Figure 3. The results on this 

Figure shows that under the given conditions, the number of susceptible mosquitoes reaches a peak value then 

falls and stabilize after sometime. Good agreement is also exhibited between the stochastic and the deterministic 

results.  

   

Figure  7: Simulation of the models showing the dynamics of the susceptible mosquitoes under different initial 

conditions. 

Figure 8 depicts both results for deterministic and stochastic simulations for susceptible infected mosquitoes, 

using 4 different initial conditions and the same values of stochastic perturbations used in Figure 3. One may 

say that the results on this Figure are similar to those depicted for infected humans. 
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Figure  8: Simulation of the models showing the dynamics of the infected mosquitoes under different initial 

conditions. 

Uncertainties in model parameters always exists. These might be due to wrong inputs/outputs, inaccurate 

measurements, environmental fluctuations and so on. To quantify the effects of uncertainties on the parameters 

in 𝑅0, we conducted a global sensitivity analysis by taking 1000 samples from each parameter range shown on 

Table 6 that appear in 𝑅0 using Latin Hypercube Sampling (LHS). This corresponds to sample size of 1000 ×
15 matrix where, each row corresponds to unique parameter set. A partial Rank Correlation Coefficients (PRCC) 

of the parameters was calculated and tornado plot of the results is presented on Figure 9. 

  

Figure  9: Sensitivity analysis of the model parameters, showing the results for partial rank correlation 

coefficient 

The top 5 parameters in terms of sensitivities are 𝛽𝑚𝑎𝑥 , 𝜇𝑣 . 𝑞2, Λℎ , 𝜇ℎ , and 𝑀. The implication of the PRCC 

results is that increasing the level of awareness, death of mosquitoes, using ITNs, as well as increasing the rate 

at which susceptible unaware becomes aware will reduce the malaria burden through reduction in 𝑅0. On the 

other hand, decreasing the recruitment rate into mosquito population, decreasing probabilities of infections given 

that there are contacts, will reduce malaria transmission in the area.  

DISCUSSION 

In this work, we formulated a deterministic and stochastic model of malaria models to study the impacts of 

awareness and bed-nest usage in Hong. We estimated some parameter values for the simulation of the models. 

The results for the aware humans clearly indicate some differences between the stochastic and the deterministic 
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models. One can say that the outputs from the deterministic model underestimate the corresponding outputs of 

the stochastic model. In other words, there could be a huge difference between predictions using models with 

fixed parameter values and those with random parameter values. Fluctuations in output can be used to explain 

the impacts of environmental factors such as temperature and rainfall. 

From the analysis of the questionnaire using a five-point likert scale, we find a weighted mean value on a scale 

of 5, for Hong local government. This mean value suggests that the inhabitants of the local government agree 

that an average level of awareness about malaria is available. This finding is important but should be used with 

caution because it may depend on the structure of the questionnaire and the weights assigned to the options. 

Nevertheless, our method hashas provided a way in which the level of awareness, which is a non-numerical 

value, can be quantified. Our sensitivity analysis results have confirmed that increasing the level of awareness 

and bed-net usage can lead decrease in the menace of malaria through the reduction in the value of the threshold 

parameter  Thus, we suggest that policymakers in Hong local government should strive harder to provide more 

awareness on malaria to the inhabitants of the area. The local government authorities and other concerned 

citizens should put emphasis on awareness programs that are vital for malaria prevention, early symptom 

recognition, timely treatment, and empowering families to take proactive measures. The appearance of the 

recruitment rate into the human population as one of the parameters with high sensitivity in the model output 

requires further attention. It will be interesting to devise a means of estimating of estimating the value of this 

parameter in the area using real-life data.  

One potential drawback in our current formulation is that we cannot study the impacts of environmental factors 

such as temperature and rainfall individually in the current state of the models. This is because the variability 

introduced into the stochastic model is designed to capture general environmental variabilities rather than a 

specific one. Another drawback that can be noticed is the constant recruitment used in the models. Although 

such usage is common in Mathematical models of disease dynamics, it only serves as a trade-off between 

mathematical tractability and reality. To this end, robust stochastic modeling of malaria transmission dynamics 

in Hong local government and beyond is required. The model may be formulated to incorporate;   

1.  Demographic data of the area to provide an enhanced estimate of the recruitment rate into the population of 

the area.  

2.  Malaria drug treatment.  

3.  Impacts of stagnant water on malaria dynamics in the area.    

CONCLUSION 

In this study, we formulated a deterministic and a stochastic mathematical models to study the impacts of 

awareness and bed-net usage to mitigate the impacts of malaria transmission in Hong local government of 

Adamawa state, Nigeria. We administered 357 questionnaires to some inhabitants of Hong in other to assess the 

level of awareness of malaria as a public heath problem, and ownership and usage of bed-nets. We used five 

point likert scale to analyse the responses from the questionnaire. We estimated the values of some of the model 

parameters from the questionnaire responses. We find that the level of awareness in the area is good but requires 

improvement and that about 51% of the people in the area are using bed-nets in the night to mitigate the menace 

of malaria transmission. Numerical simulations of our indicates that rising awareness level can lead to increase 

in destruction of mosquitoes breeding sites or killing them leading to significant reduction in the number of 

mosquitoes and hence, reduction in malaria transmission. We believe that estimating model parameters through 

administration of questionnaires is crucial for generating accurate predictions and designing effective control 

strategies for malaria transmission. Our study confirms that the dynamics of environmental variability play a 

significant role in shaping malaria dynamics and that malaria transmission is largely influenced by the basic 

reproduction number 𝑅0.  Our investigations further reveal that for malaria transmission to be effectively 

managed in Hong, awareness level through social media and other channels should be raised to higher level than 

it is now. This might lead to more people to use bed-nets, and to reduce the availability of mosquito breeding 

sites in Hong local government. Finally we hope that our methodology for parameter estimation can be 

adopted/improved by other researchers in their various area of research.  
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