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Abstract
Background: Malaria is considered the most deadly and difficult parasitic disease in
the world. This study aims to use Markov chains to predict the probability patterns of
stability or change in malaria incidence and deaths.
Methods: Markov chains were used to analyze the data on malaria incidence and
deaths through the Windows Quantitative Systems for Business (WINQSB) program.
Data was obtained from the Ministry of Health, Gazira State, Health Information Centre,
Sudan. The data is a time series, from 2001 to 2021 per year, according to three cases
of decrease, stability, and increase. A transitional matrix is built for the three cases.
Results: The results revealed that the probability that malaria incidence and deaths
will reach a stable state in one year and in the long run; the probability of transitioning
to an increased state was 0.66 of malaria incidence; and the probability of moving to
a decreased state was 0.52 of malaria deaths.
Conclusion: The results show that the malaria incidence will increase and malaria
deaths will decrease in the short and long run from 2022 to 2030 in Gazira State. It is
necessary to reinforce means and resources for case management and to investigate
the determinants of the situation. Thus, strategies are urgently needed to arrest the
unacceptably high incidence and death rates.
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1. Introduction

In 1907, A. Markov first introduced the fundamental
concepts of Markov Chains. Soon after, prominent
mathematicians like A. Kolmogorov and W. Feller
further developed this theory. However, it wasn’t
until the 1960s that the true significance of
Markov Chains for natural, social, and other applied
sciences was fully recognized. This powerful
mathematical system is known for its perplexity
and burstiness, transitioning between a finite or
countable number of possible states. It is a
memoryless random process, where the next state
depends solely on the current state and is not
influenced by previous events. Markov chains have
multiple practical applications as statistical models
for real-world processes [1].

Many studies have been conducted in the form
of time series to predict malaria incidence and
deaths, but very few have used Markov chains for
the prediction. Moreover, no study has analyzed
the effectiveness of Markov chains in predicting
malaria incidence and deaths.

Malaria has long been one of the world’s
major health challenges, particularly in tropical
and subtropical countries. It is a leading cause of
death in Africa. Malaria remains a serious obstacle
to Africa’s socioeconomic development and is
estimated to be the cause of approximately 90% of
deaths in Africa [2]. According to the WHO [3], an
estimated 247million cases of malaria and 619,000
malaria deaths were reported in 2021. Overall, in
2021, Africa was home to 95% of malaria cases and
96% of malaria deaths. Children under five years of
age accounted for 80% of all malaria deaths in the
region.

Therefore, this study aimed to predict themalaria
incidence and deaths and examine three cases
of the exchange rate (decrease, stability, and

increase) using Markov chains. The methodology
used is analytical using Markov chains.

Malaria is considered the most deadly and
difficult parasitic disease in the world [4]. Although
malaria mortality is down worldwide, the incidence
rate is increasing in several nations. Due to a variety
of physical and social environmental conditions,
groups within a country experience malaria in
varied ways in terms of both time and space.
A nation’s malaria patterns are not country-wide;
rather, they differ among communities for a variety
of physical and socioenvironmental reasons [3].

1.1. Related works

1. The study of Akter Akhi et al. [5], which deals
with a continuous-time Markov chain and
stochastic differential equations approach
for modeling malaria propagation, discusses
a transient numerical simulation and their
outcomes strongly correlate with the actual
scenario.

2. The study of Osman Mohammad [6] deals
with Markov chains for forecasting the proba-
bilities of the exchange rate of the Sudanese
pound against the US Dollar for 1999–2015
and which concludes that the probability of
moving to the stable state in the annual
exchange rate matrix will arrive after one
year if the current conditions continue. The
probability of moving to decrease, stability,
and increase states in the exchange rate
are 0.29, 0.00, and 0.71 respectively for the
Sudanese pound against the US dollar.

3. Kadium Hamza et al. [7] conducted a Markov
chain-based exchange rate forecasting of the
Iraqi Dinar against the USDollar. The outcome
showed that the likelihood of an increase is
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0.0698, that of stability is 0.9302, and that of
a decline is zero.

4. The study of Hussien et al. [8], which deals
with the Statistical Methods for Predicting
Malaria Incidences using data from Sudan,
revealed that malaria is the leading cause of
illness and death in Sudan. Malaria epidemics
pose a threat to the entire society, placing a
tremendous cost on both the populace and
the government. The objective of this study
was to create useful and comprehensible time
series models for forecasting levels of inci-
dence in the future. The findings indicate that
in Gadaref, Gazira, North Kordofan, and Nord,
the transform approach outperforms other
methods by a substantial margin, whereas
in Khartoum, the moving average model
outperforms other models by a significant
margin. Of all the previous studies, this study
is the only one, to the best of the authors’
knowledge, in which Markov chains were
used to predict infection and deaths from
malaria.

2. Materials and Methods

This study uses Markov chains to predict the
probabilities of malaria incidence and deaths
because it is suitable for the nature of the data
as it is discrete and a new method for prediction.

If the future state of a stochastic process
is dependent on the current state unaffected
by previous processes, it is referred to be a
Markov process. The kind of state space and the
kind of time parameters are used to categorize
Markov processes. A Markov process can have
a discrete state or a continuous state in state
space. Consequently, there are four fundamental
kinds of Markov processes: [6] Markov chain in

discrete time, Markov chain in continuous time,
Markov process discrete, and Markov process in
continuous time [9].

2.1. The structure of Markov processes

A stochastic process that alternates between
discrete states at predetermined or arbitrary times
is called a jump process. The system enters a
state during such a procedure and remains in it
for a predetermined period, known as the holding
time. The process’ sample path remains constant
between T𝑘 and T𝑘+1 if the number of hops is T0 =
0<T1 <T2 <... A jump chain is created if the jump
times are discrete. The stochastic processes can
be Markov processes if the status in the future
does not depend on past situations, but only on the
present status [10]. If the following three conditions
are met, the random process {X𝑛: n : ∈ T} is called
aMarkov chain requirement [11]: The case space for
this process is separated, the parameter space for
this process is separated, if the process depends
only on current circumstances and is independent
of past circumstances. The transition probability
matrix (TPM) is as follows:

𝑃 =

⎛
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎝

𝑝11 𝑝12 𝑝13 ⋯𝑝1𝑛
𝑝21 𝑝22 𝑝23 ⋯𝑝2𝑛
⋮ ⋮ ⋮ ⋮

𝑝𝑛1 𝑝𝑛2 𝑝𝑛3 𝑝𝑛𝑛

⎞
⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎠

→ (1).

1. The TPM conditions are [12]: Square matrix,
nonnegative elements as 1 ≥ 𝑝𝑖𝑗 ≥ 0 , total
row equal one ∑𝑗∈𝑇 𝑝𝑖𝑗 = 1

1. One-step (TP) [11]: Transition probability from
case to case by one step as:

𝑝(𝑛, 𝑛+1)𝑖𝑗 = 𝑃 (𝑋𝑛+1 = 𝑗 𝑋𝑛 = 𝑖) ,
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𝑖, 𝑗 = 0, 1, 2, ...,→ (2).

1. Stability transition probabilities: Transition
probability from situation 𝑖to situation𝑗 in step
is stable if it does not depend on𝑛, and it is
represented by𝑝𝑖𝑗 in this case:

𝑝𝑖𝑗 = 𝑃 (𝑋𝑛+1 = 𝑗 𝑋𝑛 = 𝑖) , ∀ 𝑛 → (3).

2. Homogeneous Markov chain: Markov chain
is homogeneous if it has stable transition
probabilities.

1. The n-step transition probability [11]: It is
represented by 𝑝(𝑛)𝑖𝑗 as follows:

𝑝(𝑛)𝑖𝑗 = 𝑃 (𝑋𝑛+𝑚 = 𝑗 𝑋𝑚 = 𝑖) ,

𝑛 ≥ 0, 𝑖, 𝑗 = 0, 1, 2, ...,→ (4).

It can be written in a matrix as:

𝑃 (𝑛) =

⎛
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎝

𝑝(𝑛)00 𝑝(𝑛)01 𝑝(𝑛)02 ⋯

𝑝(𝑛)10 𝑝(𝑛)11 𝑝(𝑛)12 ⋯

𝑝(𝑛)20 𝑝(𝑛)21 𝑝(𝑛)22 ⋯

⋮ ⋮ ⋮ ⋮

⎞
⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎠

→ (5).

1. Chapman–Kolmogorov equation [11]: Deter-
mines transition probabilities from one state
to another after n events.

p𝑖𝑗
(𝑛) = p𝑖𝑘

(𝑚) p𝑘𝑗
(𝑛−𝑚)1 ≤ m ≤ n−1 → (6).

2.2. Stationary and steady state

The term “stationary” means that the statistical
properties of a random process do not change over
time. A steady state occurs when the stochastic

process continues until the transition number ratio
stabilizes at some value in each case, in which case
we call it steady-state probability [13]. When P is the
TPM of a stochastic process with m finite cases,
then:

lim
𝑚→∞

𝑃 𝑚 = 𝑉 =

⎡
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎣

𝑣

𝑣

.

.

.

𝑣

⎤
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎦

→ (7).

Since the only probability vector is: 𝑣0 =
(𝑣1, 𝑣2, ..., 𝑣𝑛), where: ∑𝑚

𝑖=1 𝑣𝑖 = 1 and 0 ≤ 𝑣𝑖 ≤ 1.

The Stationary distribution for the coming term
is computed by: 𝑣 = 𝑣.𝑃 → (8).

When m approximates to ∞, the transition
probabilities p𝑖𝑗

(𝑚) with m steps will depend on
the final step and not depend on the primary step,
this means that after the large number of trials, the
chain will be stationary [14].

3. Results

This study is based on yearly and annual data of
malaria incidence, obtained from the Ministry of
Health, Gazira State - Health Information Centre,
Sudan. The data is a time series from 2001 to
2021. The data were analyzed using the Markov
chains theory to make a forecast and other
related analyses through the WINQSB program.
The study examines three cases of the exchange
rate (decrease, stability, and increase), and the data
represented in Appendix (1).
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3.1. The analysis of malaria incidence
by years from 2001 to 2021

Table 1 presents malaria incidence as a series of
Markov chains by sample space.

Based on the data in Table 2, we can estimate
the transition probabilities to move from case 𝑖 to
case𝑗 using the following relationship:

𝑝𝑖𝑗 =
𝑁𝑖𝑗

∑𝑘∈𝑆 𝑁𝑖𝑘
∀ 𝑖, 𝑗 ∈ 𝑆.

Thus, the estimated TPM becomes:

𝑃 =
⎡
⎢
⎢
⎣

2
7

5
7

5
14

9
14

⎤
⎥
⎥
⎦
=
⎡
⎢
⎢
⎣

0.29 0.71

0.3 0.64

⎤
⎥
⎥
⎦
.

The initial vector 𝑣0 can get it out of rows sum
in Table 2 as follows:

𝑣0 = (
7
21

14
21) = (0.330.67) .

The prediction of any situations under study for
the next period (next year) comes by multiplying
the initial vector 𝑣0by TPM (P).

The case of stability and stationery: The case
can reach the state of stability and stationery by
using the formula (8) through the WINQSB program
for accurate results and reduce the time as follows:

𝑣𝑛 = 𝑣𝑛−1𝑃 .

The predictable situations under study for the next
period (one year) are as follows:

𝑣1 = 𝑣0𝑃 ,

where

𝑣0 = (0.330.67)

and

𝑃 =
⎡
⎢
⎢
⎣

0.29 0.71

0.3 0.64

⎤
⎥
⎥
⎦

. Then, 𝑣1 = 𝑣0𝑃 = ( 0.34 0.66 ).

The predictable situations under this study for
the next period (two years) are as follows:

𝑣2 = 𝑣1𝑃 = ( 0.34 0.66 ) .

The predictable situations under this study for
the next period (30 years) are as follows:

𝑣30 = 𝑣29𝑃 = ( 0.34 0.66 ) .

It is clear from the above vector that a case of
stability and stationery can be accessed after one
year and the possibilities may continue indefinitely
(if current conditions persist).

3.2. The Analysis of malaria deaths by
years from 2001 to 2021

Malaria death represents a series of Markov chains
by sample space, as in the following table.

We can estimate the transition probabilities to
move from case𝑖 to case𝑗 using the data given in
Table 4 by using the following relationship:

𝑝𝑖𝑗 =
𝑁𝑖𝑗

∑𝑘∈𝑆 𝑁𝑖𝑘
∀ 𝑖, 𝑗 ∈ 𝑆.

Thus, the estimated TPM becomes:

𝑃 =

⎛
⎜
⎜
⎜
⎜
⎜
⎝

4
11

1
11

6
11

0
0

0
0

1
1

7
9

0
14

2
9

⎞
⎟
⎟
⎟
⎟
⎟
⎠

=

⎛
⎜
⎜
⎜
⎜
⎜
⎝

0.36 0.09 0.55

0.0 0.0 1.00

0.78 0.0 0.22

⎞
⎟
⎟
⎟
⎟
⎟
⎠

.

The initial vector 𝑣0 can get it out of rows sum
in Table 2 as follows:

𝑣0 = ( 11
21

1
21

9
21
) = ( 0.52 0.05 0.43 ) ,

where the prediction of any situations under study
for the next period (next year) comes by multiplying
the initial vector 𝑣0by TPM (P).
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Figure 1: Malaria incidence by years.

Table 1: Malaria incidence as a series of Markov chains by sample space.

2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011

I I I D I I D I I D D

2012 2013 2014 2015 2016 2017 2018 2019 2020 2021

I I I D D I I I D I

D: decrease; S: stability; I: increase.

Table 2: The construction of the Transitional Probability Matrix by finding the sum of cases in Table 1.

𝑗 𝑁𝑖𝑗

I D

5 2 D 𝑖
9 5 I

N𝑖𝑗 : number of times to move from case𝑖 i o case j.

Figure 2: Malaria deaths by years.

Table 3: Malaria deaths as a series of Markov chains by sample space by years.

2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011

I D D I D D D S I D I

2012 2013 2014 2015 2016 2017 2018 2019 2020 2021

D I I D I D D I D I

D: decrease; S: stability; I: increase.

The case of stability and stationery: The case
can reach the state of stability and stationery by

using the formula (8) through the WINQSB program
for accurate results and reduce the time as follows:

𝑣𝑛 = 𝑣𝑛−1𝑃 .
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Table 4: The construction of the Transitional Probability Matrix by finding the sum of cases in Table 1.

𝑗 𝑁𝑖𝑗

I S D

6 1 4 D 𝑖
1 0 0 S

2 0 7 I

𝑁𝑖𝑗 represent several times to move from case𝑖 𝑖to case𝑗.

The predictable situations under study for the next
period (one year) are as follows:

𝑣1 = 𝑣0𝑃 ,

where

𝑣0 = ( 0.52 0.05 0.43 )

and

𝑃 =

⎛
⎜
⎜
⎜
⎜
⎜
⎝

0.36 0.09 0.55

0.0 0.0 1.00

0.78 0.0 0.22

⎞
⎟
⎟
⎟
⎟
⎟
⎠

.
Then, 𝑣1 = 𝑣0𝑃 = ( 0.52 0.05 0.43 ).
The predictable situations under this study for

the next period (two years) are as follows:

𝑣2 = 𝑣1𝑃 = ( 0.52 0.05 0.43 ) .

The predictable situations under this study for the
next period (30 years) are as follows:

𝑣30 = 𝑣29𝑃 = ( 0.52 0.05 0.43 ) .

It is clear that from the above vector that the
case of stability and stationery can be accessed
after one year and the possibilities may continue
indefinitely (if the current conditions persist).

4. Discussion

The significance of this study lies in its use
of Markov chains to predict the likelihood of

stability or change in malaria infection patterns
and death rates. Markov chains are known for
their high accuracy in prediction compared to
other statistical forecasting tools such as time
series. Between the years 2001 and 2021, Figure
1 shows that the highest incidence occurred in
2014 and the lowest in 2011. Table 1 shows
that malaria incidence increased by 67%. Table 2
shows the estimated TPM results as follows: 0.29
probability that malaria incidence changes from
decrease to decrease; 0.71 probability that malaria
incidence changes from decrease to increase; 0.30
probability that malaria incidence changes from
increase to decrease; 0.64 probability that malaria
incidence changes from increase to increase. Also,
the results of an initial vector (𝑣0) can get it
out of rows sum in Table 2 as follows: 0.33
probability that all malaria incidence will move
to a decrease state and 0.67 probability that all
malaria incidence will move to an increase state.
The predictable situations under this study, that is,
malaria incidences from 2022 to 2030, reach the
state of stability and stationery by using formula
(8) through the WINQSB program, as follows: 0.66
probability of transitioning to a state of increased
malaria incidence in the period 2022–2030. Also,
Figure 1 shows the highest malaria deaths in
2001 and the lowest in 2012. Table 3 shows that
malaria deaths decreased by 52%. Table 4 shows
the estimated TPM results by finding the sum of
cases in Table 3 as follows: 0.36 probability that
malaria deaths change from decrease to decrease;
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0.09 probability that malaria deaths change
from decrease to stability; 0.55 probability that
malaria deaths change from decrease to increase;
0.00 probability that malaria deaths change
from stability to decrease; 0.00 probability that
malaria deaths change from stability to stability;
1.00 probability that malaria deaths change from
stability to increase; 0.78 probability that malaria
deaths change from increase to decrease; 0.00
probability that malaria deaths change from
increase to stability; and 0.22 probability that
malaria deaths change from increase to increase.
Also, the results of an initial vector (𝑣0) can get it out
of rows sum in Table 4 as follows: 0.52 probability
that all malaria deaths will move to a decrease
state. The predictable situations under this study of
malaria death from 2022 to 2030 reach the state of
stability and stationery by using formula (8) through
the WINQSB program, as follows: 0.52 probability
of transitioning to a state of decreased malaria
deaths from 2022 to 2030. The study agrees
with Hussien et al. [8] that malaria is one of the
leading causes of disease and deaths in Sudan. In
addition, the study agrees with Osman Mohammad
[6] in predicting the probability of transition to an
increased state, but disagrees with the study of
Kadium Hamza and others [7] in predicting the
probability of transition to a stable state. The results
of this study indicate an urgent need to strengthen
malaria control programs in Sudan, as it is a major
cause of incidence and death. Health policymakers
can use these findings to develop more effective
strategies to reduce the spread of malaria and
improve healthcare provided to those infected.
It also highlights the importance of developing
early warning systems to predict the escalation of
malaria cases and act quickly to reduce its spread.

5. Conclusion

The results show that the malaria incidence has
increased and malaria deaths have decreased in
the short and long run from 2022 to 2030 in
Gazira State. First, the probability that malaria
incidence will reach a steady state after 2021
or in the period 2022–2030 is as follows: 0.34
probability of transitioning to a state of decreased
malaria incidence by 34%, and 0.66 probability
of transitioning to a state of increased malaria
incidence by 66%. Second, the probability that
malaria deaths will transition to a steady state
after 2021 or in the period 2022–2030 is as
follows: 0.52 probability of transitioning to a state of
decreased malaria deaths by 52%; 0.05 probability
of transitioning to a state of stability in malaria
deaths by 5%; and 0.43 probability of transitioning
to a state of increased malaria deaths by 43%. This
study differed from previous studies in that it dealt
with predicting the probabilities of infection and
deaths from malaria using Markov chains, while
previous studies used other methods, and some
of them dealt with predicting Markov chains in
economic topics. The results indicate that Markov
chain prediction is useful for ongoing intervention
strategies by governmental and non-governmental
agencies in Gazira State to effectively control the
disease. It is necessary to reinforce means and
resources for case management and to investigate
the determinants of that situation. So, strategies are
urgently needed to arrest the unacceptably high
incidence and death rates.

Limitations

This study did not take into account all social,
economic, and environmental factors that may
affect the prevalence of malaria. For future
research, more comprehensive studies should be
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conducted that include a wider range of data and
different factors that influence malaria incidence
and mortality. Predictive models using Markov
chains that take into account social, economic, and
environmental variables should also be developed.
The study relies on ready data on malaria
infection and deaths for the period 2001–2021,
and the probabilities of increase or decrease were
predicted without specifying numbers.
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Appendix 1

Table 5: Malaria incidence by years for 2001–2021.

Year Incidence Death Year Incidence Death Year Incidence Death

2001 18695 387 2008 23369 69 2015 24472 75

2002 23582 215 2009 26311 81 2016 20666 116

2003 27815 168 2010 19310 49 2017 23349 105

2004 23582 215 2011 16584 55 2018 32295 59

2005 24236 92 2012 19856 42 2019 34667 68

2006 25899 75 2013 26222 71 2020 22995 64

2007 20691 69 2014 36224 97 2021 28326 74

The table was prepared using the data obtained from the Ministry of Health, Gazira State - Health
Information Centre, Sudan.
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