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Abstract: Malaria is a long-standing disease and one of the top life-threatening diseases, yet its
treatment has not changed, while the world has already embraced the Fourth Industrial Revolution
(4IR). A wave of research on digitizing monitoring mechanisms of such a deadly disease has surfaced.
Automated malaria screening is one of the detection processes which are gaining popularity in the
research domain. However, the process needs to be coupled with other processes aiming a nationally
or regionally contextualised malaria monitoring system. This paper proposes a digital malaria
monitoring system in the context of an African country or region. One advantage of such a digital
system is that is enables a novel disease spread forecasting model based on the dynamics of different
malaria types. The architecture of the diagnosis system is described, and the disease spread model is
mathematically modelled in terms of a SPITR (Susceptible- Protected- Infected-Treated- Recovered)
epidemic model which is further analysed. The forecasting model is expressed and analysed whereas
experiments are conducted using a Monte Carlo simulation method. The design of the monitoring
system has inspired how predictions can be made in the complex cases such as mixed infections.
Results show that reinforcing the model parameter makes a significant improvement on the disease
prediction.
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1. Introduction

Technology has been widely used to mitigate many issues caused by the COVID-19
pandemic while contributing to the pandemic control and treatment. This inspires us
to revisit how digital technology may be used with existing diseases for more efficient
management. This paper revisits a malaria monitoring and treatment and then look at hte
role of digital technology in more accurately forecasting spread of the disease.

Malaria is a long-standing disease caused by a plasmodium parasite transmitted
through the biting of an infected female Anopheles mosquito. The severity of such a
disease depends on the involved types of transmitted parasites, which may be Plasmodium
falciparum, Plasmodium vivax, Plasmodium ovale curtisi, Plasmodium ovale wallikeri,
Plasmodium malariae and the very rare Plasmodium knowlesi, as reported in [1].

Malaria is one of the most life-threatening diseases which is, however, curable. In
2021, 241 millions cases have been recorded and a total of 627 thousand malaria-deaths
have been estimated. Africa has been the most affected region having 90% of the total
global cases and 90% of the malaria deaths have been found in Africa. Of these death,
77% were children under 5 years old [2]. On the other hand, since 2009, many African
countries have required that all malaria cases need to be confirmed through parasitology
tests, using light microscopy. However, microscopy is a time-consuming process whose
efficacy varies based on many factors including the viral load, the course of infection, and
the skill of the technician. While skilled technicians can detect malaria with a Plasmodium
density of 30 parasites per micro litre of smeared blood, novice ones may require up to 100
parasites per micro litre to be present [3]. With such a wide variance, it is unsurprising that
a meta-analysis on the comparative effectiveness of different malaria parasitology tests
found that light microscopy missed up to 50% of cases (diagnosed via real-time Polymerase
Chain Reaction Tests i.e. PCR) [4].
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Despite this, using microscopy on stained blood smears remains the best choice for
malaria diagnosis in resource-limited environments for several reasons:

• It is less costly than PCR and rapid diagnostic tests (RDTs).
• It can be more accurate than RDTs.
• It can provide an actual count of the number of Plasmodium species in a blood smear,

potentially indicating the degree of severity of the illness and allowing more accurate
treatment from the onset.

• It can identify the different species of Plasmodium, unlike RDTs which only confirm
the presence or absence of Plasmodium.

• Identifying the species of Plasmodium allows more precise treatment and modeling
of malaria infections.

In recent years, researchers have focused on developing automated malaria screening
tools to enable the provision of time-sensitive and high-accuracy diagnostics. Usually,
artificial intelligence is used to detect, and sometimes quantify, plasmodium in Giemsa-
stained thick and thin Giemsa-stained blood smear images. In [5], the authors developed
an Android application which is capable of capturing high-resolution images via the
smartphone’s camera, detecting plasmodium Falciparum, visualizing and locally storing
results for future upload. The smartphone itself is mounted on the light microscope. In a
test with 50 patients, they achieved a sensitivity of 94.7% and specificity of 97.2% for thin
smears and 79.33% and 74% for thick smears.

The application constitutes a promising diagnosis model, but further field trials are
needed to assess its efficacy with a larger set of test data and under differing contexts, as
preparation of slides can vary from place to place and from person to person.

There are several benefits of using automated malaria screeners:

• First, the screeners can be used to support training of technicians in screening for
Plasmodium. Trainee technicians can use the tool to verify that their manual counts
and draw attention to Plasmodium that may have been erroneously counted or missed.

• Second, the screeners can be deployed in the field for limited time periods to monitor
and evaluate how well field technicians in different locations are performing in malaria
diagnosis. This can ensure corrective measures such as retraining are quickly provided
to those who need them.

• Finally, the screeners can be deployed in areas where technicians may be scarce. In
these settings, any health worker can take the image of the blood smear and get
an automated result of the potential severity of the malaria infection (based on the
Plasmodium count) and of the type of Plasmodium species causing infection, allowing
better prescriptions to be provided.
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Figure 1. Malaria Screening Tool by Yu et al (2020)[5]

Furthermore, malaria automated screeners can be complemented with storage, com-
munication and computation capabilities to aggregate slide sample data and make more
accurate spread predictions on malaria cases.

The spread of a disease has been a subject of mathematical modelling. Many thanks
go to the authors in [6] who introduced the, so-called, SIR model for a disease spread
in general which partitions the population into three compartments namely Susceptible,
Infected and Recovered. The model is a system of ordinary differential equations where
constant coefficients have been assumed. This model has inspired other various spread
models with various applications, including, wireless technologies [7,8], Economics [9],
etc., but a great emphasis has been put in disease modelling.

One such model has been developed for malaria [10]. Here, people have been grouped
in terms of Susceptible (S), Exposed( E), Infected(I) and Recovered (R). Susceptible people
are defined as those who host the disease, Exposed are people who are infected by the
pathogen but cannot pass on the infection to others, Infected people are those who may
give rise to more infected people through interaction and finally, the recovered people are
those who have recovered from the disease. In different implementations of this model,
some models have assumed constants parameters while others have estimated the param-
eters based on existing data. However, the assumption that some people could, directly,
pass on malaria to each other has been incorrectly made as malaria is not contagious [1].
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Furthermore, although data could be used to validate the models [11], reinforcement and
prediction of the parameters could have been used to ensure more efficient forecasting mod-
els. Here, the effect of external conditions such as seasonality patterns [12,13], temperature
and rainfall [14], socio-economic factors [15–20], population immunity [21], etc. [11,22–27],
could be analysed in a number of models, but it has been mentioned in [10] that, no model
could successfully combine all the conditions. This shows that efficient malaria forecasting
would depend on local settings such as national or regional with specific determinants,
where coefficients would need to be frequently updated.

On the other hand, several models for collecting malaria data have surfaced. It is
nowadays possible to capture the microscope images, analyse and use them to digitally test
malaria [4]. This approach can benefit from existing data collection and transport models
such as [28–30] to be aggregated on a national or regional level, where they can further be
processed for a prediction, reinforcement and visualisation.

This paper first proposes a central system for malaria data collection, delivery, stor-
ing, preprocessing and visualisation. Various operations on the system, aiming the data
analysis, update and model reinforcement, are explained. Building on such a modern data
management system, this paper further proposes a predictive model which considers a
mixture of malaria variants. The model is complimented with a well defined reinforce-
ment scheme for precision purpose. Lastly, the proposed model is analysed and related
experiments are conducted in a multi-regional space.

The rest of this paper is organise as follows. Section 2 covers the architecture of the
proposed digital system, in Section 3 the proposed epidemic model is detailed, the system
performance is studied in Section 4 and Section 5 concludes the paper, while suggesting
future works.

2. Proposed architecture

In this section, we propose the architecture of a data management system aiming the
efficient data collection and process for improving the aspects of malaria forecasting. Here,
we are inspired by a Cyber-Physical system which is dependable for Internet of Things
(IoT) applications, as proposed in [31]. The system consists of an IoT system which enables
data collection for the system forecasting purpose.

On the other hand, the World Health Organisation (WHO) has illustrated a digital
system model for malaria surveillance in [32]. Here, a data and information flow systems
has been briefly described for national decision making purpose. However, the mecha-
nisms and technology to enable the system, in the African context would complement the
proposed work.
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Figure 2. Proposed model

This section describes the system as an object of five main components (instances) and
7 main operations (methods). we discuss them as follows.

2.1. The system components

The system components include the networked medical centres, health data office,
a data management system, a repository and a public interface for data reporting and
visualisation.

2.1.1. Networked medical centres

It is well known that Africa is the least connected continent [33]. Consequently, the
communication network of all medical centres is not necessarily efficient for digital data
routing. This is why medical centres may be connected as a network G(N, L, s), where N is
the set of all medical centres, L is the set of all possible inter-centres communication links.
Here, the communication links may be electronic, terrestrial roads (which could be used
by vehicles to move data from one centre to the other) and the aerial possible roads which
might be used by the Unmanned Aerial Vehicles (UAVs). Finally, s is the health data office
where digital data from medical centres are delivered for further processes. The network
may be organised for efficient performance. For instance, medical centres may be clustered
based on the optimal cost of communication [29,30,34].

2.1.2. Health data office

The health data office consist of computational and communication tools operated by
Data Scientists. As proposed in [35,36], the performance and reliability are two main issues
to consider while designing such office.

2.1.3. Data management system

This is the database system where all delivered data are gathered. This system is
designed as a Cloud storage and computing, where various Quantity of Services are
ensured. These include, resource allocation, data modelling, data availability, data security,
etc. [37].
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2.1.4. Data Repository

Gathered data are cleaned and classified/categorised in a cloud native repository [38].
Part of such clean data may be visualised to the authenticated public and another part to
the Data Scientists for further processes and recommendations.

2.1.5. Public interface

The public interface is where all public reports, dashboards, maps and statistics are
visualised for the authenticated public. The Graphic User Interfaces (GUIs) [39,40] are to
be explored for more efficient and user friendly interfaces.

2.2. The system operations
2.2.1. Operation 1: Data collection and delivery

Digital datasets are captured from medical centres. These could be the patients’ details
together with their digitised blood samples (images for example). Based on communication
constraints, data may be locally captured and analysed to assist patients. Available means,
such as electronic [41,42], aerial vehicles (UAVs [28,43–47] or terrestrial vehicles, may be
used to deliver the data to the health data centres for further processes.

2.2.2. Operation 2: Data aggregation

Captured datasets are stored in a database [48], where they may be accessed by Data
Scientists for further processes and analysis.

2.2.3. Operation 3: Data classification

Categorisation methods such as deep learning methods [49] may be used to classify
collected images (data). Two classifications are important here: positive or negative cases
and identifying which type of the involved parasite(s) for each positive case. Cases may be
clustered in terms of age, demography etc., to inform various policy makers [50].

2.2.4. Operation 4: Queries responding

Test results, preliminary neural networks and clusters are communicated back to the
health data center and forwarded them to the medical centre for local malaria diagnosis.
Filtering capabilities, such as the model proposed in [51], may be made available to ease
queries responses.

2.2.5. Operation 5: Treatment reporting

For each positive case, treatment details may be communicated to the health data
center for reporting purpose.

2.2.6. Operation 6: Repository update

This consists of reinforcing neural networks [52,53] and clustering [53] models while
aggregating the treatment related data. Furthermore, disease related model may be re-
inforced by updating their parameters, based on the new records. For further disease
analysis, it is important to record treatment details in the data repository.

2.2.7. Operation 7: launching public information and services

Now that all the malaria datasets are well organised in the repository, they may
be visualised, on a well designed GUI, for public or authenticated users for future use.
Furthermore, recorded data may be used for further analysis such as forecasting.

3. Disease modelling and prediction

Using the data processing model described in Section 2, available data may be used for
forecasting purpose. In this section, a mathematical model is proposed and explained for
malaria forecasting purpose. We have been inspired by the SPITR (Susceptiple, Protected,
Infected, Treated and Recovered) model proposed in [54], which is an epidemic model
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for malaria. In this paper, the model has been extended by considering various types of
malaria determined by different mixture of parasites species. Emphasis has been limited to
the data which may be made available by the proposed system and hence, the issues of
natural death, population motions and dynamics have not been considered.

3.1. Disease compartments

The proposed spread model assumes 5 compartments, namely, Susceptible, Infected,
Recovered, Protected, Treated. In this section, we describe the compartments and their
interaction in the case of mixed infection.

The number of species of malaria parasites varies with countries, and changes with
time. This is why we assume, without loss of generality, that the number of species in a
country is a constant denoted by N. A malaria type is determined by the kind of one or
many parasite species present in someone’s blood.

Proposition 1. The number of malaria types. Given that the number of malaria parasites in a
region is N ≥ 0, if any subset of the parasites can live in an individual’s blood, the number of
malaria types in that region is

n = 2N − 1 (1)

For example, in a region where only two parasite species exist, n = 22 − 1 = 3. These
three types correspond to the following scenarios.

1. Scenario 1: it consists of the malaria type where only the first parasite is observed.
2. Scenario 2: it consists of the malaria type where both the first and the second parasite

are observed.
3. Scenario 3: it consists of the malaria type where only the second parasite is observed.

It is important to note that Proposition 1 is justified by the fact that The number of
subsets of N elements (species in our case) is 2N. So, removing the empty set (absence of
any parasite species) leaves n = 2N − 1.

It is important to note that in the case where two or more parasites can not live together
to make a mixed infection, the number of malaria type in the corresponding region, as
suggest in Proposition 1 may be restricted to such constraint.

Based on the types of malaria, we define the spread compartments as follows.

1. Susceptible people (S): The set S consists of people who are exposed to the disease.
The cardinality of the set is defined by a column matrix S whose jth entries corresponds
to the number of susceptible humans of the jth type of the disease.

S = {si}n
j=1

Where n is the number of disease types.
2. Protected (P): Some of susceptible people may consider to take some protective

measures such as IRS and or ITN to be immune for a period of time and once such a
period elapses, some of these people may be susceptible again. The cardinality for
such a set is expressed by the following column matrix.

P = {pi}n
j=1

3. Infected people (I): it is the set of people who have been contaminated. These are
the people who have been either susceptible or protected and their protection period
elapsed.

I = {ij}n
j=1

4. Treated people (T ): this is the set of people who have been contaminated and are
consuming medicines. It is here assumed that such people cannot be exposed to the
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same disease for which they are being taking medicines. After treatment, people may,
immediately, take protection measures for them to remain protected for some time.
The number of Treated people may be expressed in terms of the following column
vector.

T = {tj}n
i=1

It is important to note that malaria treatment is not always type oriented. That is,
various malaria variants my be treated at the same time even if one variant has been
detected.

5. Recovered people (R): it is the set of people who have been successfully cured
because of the medical treatment or traditional healing. Here, it is important to
mention that in deep villages, some people may use some plants and successfully
cure malaria. In this case we assume that all malaria variants have been cured. Such
treatment may be recorded using local health advisors, who are nationally recognised
("Abajyanama b’ubuzima" for example, in the case of Rwanda). These people may
become protected for a small period, and later, they may consider taking protection
measures. Furthermore, such people may become exposed to the disease again. The
cardinality of Recovered people is expressed by the following column matrix.

R = {rj}n
j=1

Note that people may die from any compartment due to various reasons other than
malaria. Furthermore, Infected and Treated people may die due to malaria. Infected
people die because of limited access to medical attention, and Treated people die
because of poor treatment timing or uncontrolled patient metabolisms. The proposed
system in this paper does not cover death as it is hard to quantify malaria-dead people,
in a developing world. Here, death causes are investigated mostly when they are
court cases involved, and this makes it difficult to record malaria-dead people. We,
therefore, reserve this important compartment for future research.

3.2. Spread modelling

Figure 3. Spread model.

Figure 3 shows the spread rates, expressed as compartment migration rates. For
example, the rate of migrating from Susceptible to Infected is denoted by d and from
Treated to Protected, the rate is denoted by w.
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Taking account to all cases discussed in Section 3, we obtain the following difference
equation. 

S′j = −djSj − cjSj + bjPj + vjRj

P′j = cjSj − ajPj − bjPj + wjTj + ejRj

I′j = djSj + ajPj − fjIj

T′j = −ujTj −wjTj + fjIj

R′j = ujTj − viRi − eiRi

(2)

Note that Sj, Pj, Ij, Tj and Ri are functions of time t for each variant j. The negative
rates in the model represent a decrease, whereas the positive ones represent an increase.

Considering the Hadamard product (element wise multiplication of matrices) Equa-
tion 2 becomes 

S′ = bP + vR− dS− cS
P′ = −aP− bP + cS + eR + wT
I′j = aP + dS− fI

T′j = fI− uT−wT

R′ = uT− vR− eR,

(3)

where the parameters a, b, c, d, e, f, u, v and w are vectors of parameters whose
entries correspond to the variants of the disease.

3.3. Stability analysis

We study the stability of the system represented in Equation 2. This is done by first
computing the Disease-Free Equilibrium (DFE) based on which the basic reproduction
number R0 is computed.

3.3.1. Disease-Free Equilibrium (DFE)

Equation 2 may be written in the following simplified forms.

S′j = (−dj − cj)Sj + bjPj + vjRj

P′j = cjSj + (aj + bj)Pj + wjTj + ejRj

I′j = djSj + ajPj − fjIj

T′j = (−uj + fj)Ij −wjTj

R′j = ujTj − (vi + ei)Ri

(4)

Alternatively, the equation may be written in a matrix form.

D′ = MD (5)

M =


(−dj − cj) bj 0 0 vj

cj (aj + bj) 0 wj ej
dj aj −fj 0 0
0 0 (−uj + fj) −wj 0
0 0 0 uj −(vi + ei)

, and D =


Sj
Pj
Ij
Tj
Rj


The DFE points are solution to Equation 6.

MD = 0, Ij = 0 (6)

The determinant of M is clearly not trivially zero. This is why there may be the
following two cases.

Case1:
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If detM 6= 0, then (Sj, Pj, Ij, Tj, Rj) = (0, 0, 0, 0, 0) is the unique solution of Equation
6. This is the case where no human in any compartment exists in the corresponding
region and hence no human exists in the region at all, as we assumed that any existing
human have to belong in one of the disease compartments.

Case2:
If detM = 0, then the system of equations 6 has infinitely many solutions, and thus the
system will have infinite number of DFE points whose form is E = (S∗j , P∗j , 0, T∗j , R∗j ),
where the other components may not all be zero.

3.4. Stability at DFE

We study stability using the basic reproduction number R0. We calculate R0 using the
next-generation matrix approach as described in [55].

From Equation 4, we deduce the transmission (Fj) and transition (Vj) subsystems,
respectively as follows.

Fj(S∗j , P∗j , 0, T∗j , R∗j ) =



0
0
djS∗j + ajP∗j
0
0

(7)

Vj(S∗j , P∗j , 0, T∗j , R∗j ) =



(−dj − cj)S∗j + bjP∗j + vjR∗j
cjS∗j + (aj + bj)P∗j + wjT∗j + ejR∗j
−fjI∗j
(−uj + fj)I∗j ,−wjT∗j
ujT∗j − (vi + ei)R∗i

(8)

The next-generation matrix is K = FV−1, where F and V are the Jacobian matrices of
F and V respectively, evaluated at the DFE.

Case1:
If detM 6= 0, the DFE is E0 = (S∗j , P∗j , 0, T∗j , R∗j ) = (0, 0, 0, 0, 0), and the Jacobian of F
evaluated at E0 is
Fij(E0) =

∂Fi
∂ej

(E0) and it is the zero matrix.

Consequently, the matrix K = FV−1 is the zero matrix. The eigenvalues of the matrix
K are all zero and hence the basic reproductive number is R0 = 0. Since R0 < 1,
the DFE E0 is globally stable. This means that the region with no human, will never
witness new infections. Instead of this observation only showing the stability of the
system, it rather shows the accuracy of the system.

Case2:
If detM = 0, then the system of equations (6) has more than one solutions, and thus
the system will have more than one DFE points denoted by (S∗j , P∗j , 0, T∗j , R∗j ).

F =


0 0 0 0 0
0 0 0 0 0
dj aj 0 0 0
0 0 0 0 0
0 0 0 0 0

 (9)
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V =


(−dj − cj) bj 0 0 vj

cj (aj + bj) 0 wj ej
0 0 −fj 0 0
0 0 (−uj + fj) −wj 0
0 0 0 uj −(vi + ei)

 (10)

Using Sage math [56], the basic reproduction number for the malaria type j, denoted
by Rj

0 is calculated as follows.

Rj
0 = Trace(FjV−1

j ) =

dj


(fj−uj)uj

 bj

(
ej+

cjvj
cj+dj

)
(

aj+bj+
bjcj

cj+dj

)
(cj+dj)

−
vj

cj+dj


(ej+vj)fjwj

+
bj(fj−uj)(

aj+bj+
bjcj

cj+dj

)
(cj+dj)fj


+ aj

 fj−uj(
aj+bj+

bjcj
cj+dj

)
fj
+

(
ej+

cjvj
cj+dj

)
(fj−uj)uj(

aj+bj+
bjcj

cj+dj

)
(ej+vj)fjwj

.

So, the basic reproduction number R0 for the corresponding region is calculated as
follows.

R0 =
2N−1

∑
j=1

Rj
0

If R0 > 1, the new infections are expected and if R0 < 1, no new infection would be
expected.

Note that R0, algebraically, only depends on the coefficients, which are the transmis-
sion rates. However, these rates are implicitly related to the DFE and time. To clarify this,
we discuss the way these rates may be periodically reinforced.

Assume that the previous period (previous day for example), the system has been
operating for ti > 0 periods, and the total number of people who migrated from one
compartment to the other is mi. In this case the migration rate would be

αi =
mi
ti

(11)

On the other hand, assuming that the following period, new si migration cases for the same
states have been observed (recorded in the system as proposed in Section 2). This means
that the new migration rate would be

αi+1 =
mi + si
ti + 1

. (12)

Using Equation 6 to substitute mi in Equation 13, the new migration rate becomes,

αi+1 =
tiαi + si
ti + 1

. (13)

It is important to mention that,

lim
ti−→∞

αi+1 = αi.

This shows that keeping on reinforcing the migration rates, gives a more accurate
prediction model. This is why the parameters may not be assumed to be constant nor the
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may be accurately approximated by some data. This highlights the fact that reinforcing the
migration rates implies the reinforcement of the prediction model.

4. Performance evaluation

We use Monte Carlo simulation for experiment. In this section, we explain the setup of
the experiment. We consider a region where 4 different plasmodium species are observed
(the case of Rwanda for example). According to Proposition 2, the number of possible
malaria types, in this case, is, mathematically n = 24 − 1 = 15. In reality, all possible types
may not be observed in a region. This is due to the particularity of a region and the fact that
some plasmodium species cannot naturally live together. This is why even if 15 different
types of malaria may occur, we consider a case where only 6 of them have been recorded.

The aim, here, is to investigate the effect of periodically reinforcing the proposed
model.

Simulation has been done using Python packages (Mathplotlib, Numpy and Random).
Here, a numerical solution has been first computed using Euler method [57] run 360 times
and the time period considered is dt = 0.1 day = 2 hours 24 minutes = 144 minutes.

4.1. Initial conditions

Table 1 represents the numbers of individuals in each compartment, for each malaria
type. The letter M stands for Million (2M stands for two millions).

Table 2 shows the initial migration rates considered for each malaria type. Furthermore,
we consider a case of a region containing five main medical centres (five sub regions).
Subregions are named as Noth, South, East, Ouest and Main City as it is done to name
provinces in many African countries (Rwanda for example). For each subregion, the
interval of expected malaria test is shown in Table 3. The table also contains the expected
chance of positive test and the probability of suffering each malaria type. A random
number of daily (turnout) tests is chosen in the Test interval column, and the probabilities
are applied to know the infection status (positive or negative and which malaria type in
case the test is positive) of the corresponding individual.

Table 1: Initial compartments and corresponding species.

Compartment/ Species V1 V2 V3 V4 V5 V6
Susceptible 2M 2M 2M 2M 2M 2M
Protected 2M 2M 2M 2M 2M 2M
Infected 56 60 80 70 30 40
Treated 90 80 20 80 80 50
Recovered 4 86 300 700 800 670

The reason for no variety for Susceptible and Protected, is that, we have assumed that
many people may, initially, be susceptible or protected for each malaria type.

Table 2: Initial migration rates.

Rates/ Compartment V1 V2 V3 V4 V5 V6
a 0.12 0.13 0.2 0.14 0.15 0.16
b 0.21 0.12 0.23 0.11 0.11 0.13
c 0.16 0.17 0.21 0.13 0.14 0.15
d 0.16 0.13 0.21 0.15 0.14 0.12
e 0.14 0.15 0.23 0.11 0.12 0.10
f 0.11 0.15 0.22 0.31 0.51 0.41
u 0.1 0.1 0.1 0.1 0.1 0.31
v 0.1 0.1 0.1 0.72 0.41 0.11
w 0.1 0.19 0.81 0.2 0.1 0.1
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Table 3: Parameters configuration.

Medical Center/ quantities Test + chance V1 V2 V3 V4 V5 V6
Main city 0 - 3 80% 1

10
2

10
3

10
1

10
2

10
1

10
North 0- 50 85% 1

10
1

10
1

10
2

10
2

10
3

10
South 0- 20 90% 1

10
1

10
1

10
2

10
2

10
3

10
Est 0-15 79% 2

10
2

10
2

10
2

10
1

10
1

10
Ouest 0-12 75% 1

10
2

10
1

10
2

10
1

10
3

10

4.2. Effect of constant rates

We first consider the case where all migration rates are constant to visualise the initial
predictions, aiming further comparisons.
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(a) Susceptible. (b) Protected.
Figure 4. Susceptible and Protected.

Figures 4a and 4b shows that for all considered malaria types, the number of sus-
ceptible, firstly decreases sharply towards a converging point. Figure 4a shows that the
susceptibility of malaria of type V6 converges first and V2 converges last. On the other
hand Figure 4b shows that in terms of susceptibility, the type V3 converges first and V1
converges last. The convergence here is influenced by all the compartments and rates and
hence can be observed rather than predicted.

(a) Infected. (b) Treated.
Figure 5. Infected and Treated.

Figures 5a and 5b show the trend of the number of infected and treated, respectively.
For both figures, some types correspond to an increase and then a convergence but other
types show an increase up to the maximum, followed by a short decrease towards a
converging point. This highlights the fact that the trends vary from type to type. Hence,
the figures show that there is no single trend to describe all malaria types.

Figure 6. Recovered.
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Figure 6 shows the variation of the number of recovered for each malaria type. The
figure shows that for all types, there is an increase towards a converging point, though
they do not converge at the same time nor at the same point. This confirms the difference
in the trends for each type of malaria.

4.3. Effect of reinforced rates

We use the number of new infections to update the migration rate d from susceptible
to infected. We explain the practicality of updating the rates based on the system proposed
in Section 2. Although the same could be done on the remaining parameters, we have
limited to one parameter for two reasons: first, we would trace the effect of updating one
parameter on all the compartments, and secondly, we would reduce the number of scenario
settings.

(a) Susceptible. (b) Protected.
Figure 7. Susceptible and Protected.

Figure 7a shows that the number of susceptible individuals for each malaria type
decreases quicker than in the case Figure 4a, towards the convergence. The figure also
shows that for all malaria types, the convergence points are all lesser. On the other
hand Figure 7b reveals that the trend shown in Figure 4b has not much changed, though
noticeable. However, the convergence points gets lesser for all types of the disease.

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 29 July 2022                   doi:10.20944/preprints202207.0461.v1

https://doi.org/10.20944/preprints202207.0461.v1


16 of 19

(a) Infected.
(b) Treated.

(c) Recovered.
Figure 8. Infected, Treated and Recovered.

Figures 8a, 8b and 8c show that although the trends are almost similar to the case
when rates are constants, the convergence points are significantly different.

(a) Compartmental variation with constant
rates

(b) Compartmental variation with rein-
forced rates.

Figure 9. Compartmental variation.

Adding all numbers for each compartment, Figures 9a and 9b reveal more clearly the
differences. In fact, no curve remains the same, no convergence remains the same, the rates
of increase or decrease change and most importantly, the values for each compartment at
a given time are significantly different. This highlights the fact that reinforcing the rates
provides a significant change in the prediction of the malaria statuses.

4.4. Variation of infectiousness

We use Figure 10 to study the variation of the infectiousness as measured by the
parameter d. In fact, Figure 10a shows that, the infectiousness starts by stochastically and
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(a) Variation of d in terms of time.
(b) Variation of si in terms of time.

(c) Variation of d in terms of si and time.
Figure 10. Infectiousness variation.

quickly increasing for all malaria variants, until a point where the increase rate significantly
decreases. As the time goes, the parameter change decreases for all malaria types. Note that
the interdependence and relationship of the different components corresponding to d is not
noticeable as the corresponding curves cross each other in significantly many occasions.
Note that the number of new infections si does not show a steady increase or decrease,
though stochastic, as shown in Figure 10b. On the other hand, Figure 10c shows that the
variation of d is shuffled by the randomness of s.

5. Conclusion

This paper has provided a dependable digital system model for predicting malaria
statuses in the case of mixed infection. The architecture of the data management system
has been described and based on it, a predictive model has been proposed. The stability
of the system has been studied and the rate reinforcement scheme has been explained
and analysed. Results have revealed that there is a significant difference in adopting the
rate reinforcements and this emphasises the need for such a digital system for malaria
diagnosis. Furthermore, the case of mixed infection may rise some visualisation issues,
due to multiple malaria types observable. This also brings up the need for an advanced
visualisation system with filtering capabilities.
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