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Abstract

Malaria continues to be a major public health problem on the African conti-
nent, particularly in Sub-Saharan Africa despite the ongoing efforts and sig-
nificant progress that has been made. In the case of Burundi, malaria remains
a major public health concern in the general population. In the literature,
there are limited malaria prediction models for Burundi knowing that such
tools are much needed for intervention design. In this study, deep-learning
models are built to estimate malaria cases in Burundi. The forecast of malaria
cases was carried out both at the provincial and national levels. Long short
term memory (LSTM) model, a type of deep learning model, has been used to
achieve best results using climate-change related factors such as temperature,
rainfall, relative humidity, together with malaria historical data and human
population. With this model, the results showed that different parameter
tuning can be used to determine the minimum and maximum expected ma-
laria cases. The univariate version of that model (LSTM), which learns from
previous dynamics of malaria cases, gives more precise estimates, but both
univariate and multivariate models have the same overall trends at the prov-
ince level and country level.

Keywords

Malaria, Prediction, Deep Learning, Long-Short-Term Memory (LSTM),
Burundi

1. Introduction

Malaria is an infectious disease caused by the Plasmodium falciparum parasite,

transmitted by the bite of the female Anopheles mosquito. There are four main
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types of malaria parasites: Plasmodium falciparum, Plasmodium vivax, Plasmo-
dium malariae, and Plasmodium ovale. Plasmodium falciparum is the most
dangerous, with a long incubation period of 6 - 14 days [1], and it is the primary
cause of malaria in Burundi, accounting for nearly 90% of cases [2].

According to the World Health Organisation (WHO) report [3], estimated
malaria cases increased from 213 million to 228 million, and deaths increased
from 534,000 to 602,000 in the WHO African Region between 2019 and 2020.
This region accounted for approximately 95% of all cases and 96% of all deaths
globally, children under the age of five account for 80% of all deaths in this re-
gion.

In Burundi, malaria infection is among the main public health concerns after
diarrhoea diseases, neonatal disorders, and tuberculosis [3]-[6]. During the re-
cent malaria outbreak in 2017 [7]-[9], World Vision International assumed that
climate change, population density, change in agricultural methods, food short-
ages and a lack of information and action to prevent malaria were the main
driving factors contributing to the prevalence of the disease in Burundi [10].

On a global scale, coordinated initiatives to minimize the malaria epidemic
are being planned as part of the millennium development goals. In Burundi, the
package of interventions for malaria control during pregnancy includes the
promotion and use of ITN, IPTp with sulfadoxine-pyrimethamine under direct-
ly observed treatment, and fast and successful treatment. The NMCP has yet to
follow WHO recommendations from 2016, which increased the recommended
number of prenatal care visits from four to eight. With Malaria Operational Plan
(MOP) funds from Fiscal Year (FY) 2021 [11], the team proposes to trial an evi-
dence-based group prenatal care strategy to enhance IPTp uptake (according to
DHIS2, 54% of women received the recommended three doses at U.S. Govern-
ment-supported health centers in the first quarter of FY 2021). Although mas-
sive efforts have already been deployed, Malaria still prevails. Thus, this project
aims to understand the contributions of climate by using machine learning
models to predict the cases of Malaria.

In recent years, there has been a great deal of interest in the development and
application of machine learning (ML) in the field of infectious diseases [12]. Not
only as a catalyst for academic studies but also as a critical means of detecting
pathogenic microorganisms, implementing public health surveillance, investi-
gating host-pathogen interactions, discovering drug and vaccine candidates, etc.
According to one survey, ML is used in 77% of the products we use today. Ma-
chine learning (ML) is a subfield of Artificial Intelligence (AI) that is an im-
portant tool in bioinformatics [13]. When confronted with a range of large and
complex data sets that must be analyzed, ML may employ sophisticated algo-
rithms and efficient models to extract meaningful information from vast
amounts of complex data-sets [14]-[16]. Machine learning extracts useful infor-
mation from enormous amounts of data by using algorithms to recognise pat-

terns and learn in an iterative process. Instead of relying on any preconceived
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equation that may serve as a model, ML algorithms use computing methods to
learn directly from data [17]. The union of mathematics and computer science
in ML has shown significant potential as a breakthrough in science and technol-
ogy, and it has been applied to a wide range of scientific fields, including biology.
Deep learning models which are part of machine learning relies on multiple
hidden layers to learn powerful representations of the input data that has been
used in order to predict a DNA sequence function [18], the authors used a con-
volution neural network combined with LSTM while they used random dropout
for improvement. However, the study was limited in its ability to determine the
optimal range of dropout.

A number of studies have already been conducted on the prediction of malar-
ia in Burundi, and machine learning techniques, such as artificial neural net-
works, have been applied [19]. The authors investigated malaria in different
groups of ages and the impact of meteorological factors on the high number of
malaria cases during some seasons. Different degrees of precision were reported
from previous investigations. Nevertheless, the paper did not show the predic-
tion on a province level which may contribute during intervention or emergency
cases on what part of the country needs more attention in a specific moment.
The overarching goal of this research is to investigate malaria case predictions
based on meteorological data in order to help future intervention teams on what
part of the country may need more attention due to its high number of malaria
cases that may contribute to the country becoming an endemic situation.
Hence, LSTM will be used to forecast the incidence of malaria in all five prov-
inces. This study may help improve public health measures, especially at the

district level.

2. Material and Methods

In the following section, we discuss the data we used and how we built the deep
learning models. All data used was from Burundi, and data analysis, and the
models were processed using Python Language (version 3.6.5) [20].

It is worth noting that, before choosing the best deep learning model we used
in this work, we explored so many different deep learning models such as deci-
sion trees and artificial neural. However, these alternative models were unable to

achieve the same level of accuracy as the LSTM model.

2.1. Data Description

The study was carried out using monthly data, collected from different sources,
namely: Geographical Institute of Burundi (Institut Geographique du Burundi,
IGEBU), the Institute of Statistics and Economic Studies of Burundi Institut de
Statistiques et d’Etudes Economiques du Burundi, ISTEEBU and Burundi’s Na-
tional Malaria Control Programme (NMCP). The data was collected for all the
eighteen provinces of the country. Since it’s national data they are not available

for the public.
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2.2. Data Extraction

Data collected from IGEBU were on a monthly scale from 2010 to 2022 with pa-
rameters such as relative humidity, rainfall, and temperature with their maxi-
mum and minimum values. The average was calculated and inserted in the da-
ta-set. Historical malaria data was obtained at the NMCP Burundi on a monthly
scale from January 2010 to December 2022 for all 18 provinces. The human
population feature was available online on ISTEEBU website and the human

population was calculated annually.

2.3. Data Processing

The data collected was on a different time scale monthly and annually, thus the
human population was considered constant throughout the year. The meteoro-
logical data contained some missing values that were filled using an algorithm
called miss Forest [21]. The experiments were done on 80% of the data set while
the testing was done on the rest of the data set which means 20%. The mean
squared error was used for loos function and bacthe size was 12. This algorithm
was judged to be suitable since it takes into account the possible relation between
variables. The data were normalized before being fed into the neural networks.
Recently, the communes, zones, and hills/neighbourhoods of the Republic of
Burundi have been the subject of administrative regrouping [22]: Bujumbura
(west part), Buhumuza (east part), Gitega (central part), Burunga (southern
part) and Butanyerera (northern part) are the five provinces of the country in
the new delimitation of provinces. This grouping is mainly based on the
so-called natural regions of Burundi, which exhibit differences in terms of cli-
mate conditions, agriculture, landscape, and social life in those areas.

In this reform, the provinces were regrouped as follow: Bujumbura included
all the commune of Bujumbura Mairie, Bujumbura Rural, Bubanza and Cibi-
toke. Gitega assembled all the commune of Gitega, Mwaro, Karuzi and Mu-
ramvya. Buhumuza grouped together all the communes of Cankuzo, Muyinga
and Ruyigi. Butanyerera aggregated all the communes of Kirundo, Ngozi and
Kayanza. Finally, Burunga included all the communes of Bururi, Makamba,
Rumonge and Rutana. Therefore, the data-set of these new delimited provinces
were the mean of the old provinces regrouped per month for the meteorological
data and the sum for the human population and malaria cases data.

After processing the data, we start to build the neural network models. The
prediction model was built with four layers and several units. Nevertheless, the
performance was not good, hence a different approach was taken in order to find

good results.

2.4. Building ML Models

Since the data set was on a monthly scale, a different model that took into ac-
count the previous information seems to be appropriate for this study. The kind

of algorithm that takes into account previous information in a chronological
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manner is a recurrent neural network. This kind of neural network, unlike oth-
ers, has feedback connections. The network connection weights and biases
change once per training episode, similar to how physiological changes in syn-
aptic strengths store long-term memories; the network’s activation patterns
change once per time step, similar to how the brain’s electrical firing patterns
change moment-to-moment to store short-term memories. Recurrent neural
networks are frequently used in multiple domains to predict future events based
on previous experience. Long-Short-Term Memory (LSTM) is a type of recur-
rent neural network (RNN) architecture that is particularly well-suited for han-
dling sequences of data. It was introduced by Hochreiter and Schmidhuber in
1997 [23] and has since become one of the most popular and widely used archi-
tectures for tasks involving sequential data. The model was implemented using
Tesnsorflow and Keras. The LSTM model architecture consisted of one layer of
LSTM with 5 units, followed by a dense layer.

For instance, Long Short Term Memory (LSTM) model can be used for tasks
like connected, unsegmented handwriting recognition, video games, speech
recognition, automated translation, healthcare, Speech activity detection and
Robotics. In the healthcare system, it has been used for cardiovascular prediction
analytics, where it yields the best accuracy among other machine learning mod-
els [24]. Since LSTM has been shown to perform well in aiding in rational deci-
sion making, it was used in this study to predict malaria cases.

In Figure 1, a long short term memory cell is depicted where the square rep-
are hidden

state vectors and X; are input vector to the LSTM unit and 4; is hidden state

resents the layers, the ellipse is the component wise operation, C;

vector also known as output vector Yy, of the LSTM unit.

Y
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Figure 1. Long short term memory (LSTM) cell.

In Figure 2, a univariate LSTM model is shown in a sequential manner with
previous states alongside the input vectors X; and outputs Y;. The previous
malaria cases are the input vector and the output vector is the actual malaria

cases. The Multivariate LSTM model is represented in Figure 3 with the multiple
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input vector X, upto X,  and the target Y, .In the multivariate LSTM model
the input vectors are the climate data, human population and previous malaria

cases, and the output vectors are the current malaria cases.
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Figure 2. Univariate long short term memory.
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Figure 3. Multivariate long short term memory.

After tuning the data-set in the ML models we obtained results which are pre-

sented in the following section.

3. Results

After running and fitting the data to the models, the error between the actual
and predicted cases was calculated using the root mean square error (RMSE).
From the results obtained are observed in Table 1, overall, the univariate LSTM
model got the smallest RMSE while the multivariate got the biggest RMSE. In
Bujumbura province, the multivariate error is nearly four times as big as the
univariate error. In the case of Gitega province, the error gap is three times big
between multivariate and univariate and this is the same for Butanyerera prov-
ince as well. In Burunga province, the multivariate error is twice bigger than the
univariate error. For Buhumuza province, the error gap was huge, the multivari-
ate error was about eight times bigger than the univariate one. In the coun-

try-level prediction, the multivariate error disparity was three times larger than
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the univariate one.

Table 1. RMSE of malaria cases between Univariate LSTM and Multivariate LSTM.

RMSE
Provinces
Univariate LSTM Multivariate LSTM

Bujumbura 4868.69 16777.17
Gitega 10943.18 31012.00
Burunga 6403.33 12964.48
Butanyerera 8288.07 25187.09
Buhumuza 5664.18 44893.25
Country level: Burundi 31635.95 119724.68

Table 2. Number of malaria cases predicted by Univariate LSTM and Multivariate LSTM
and observed.

Malaria Cases

Provinces
Observed Univariate LSTM  Multivariate LSTM

Bujubura 2,253,588 2,232,670 2,280,516
Gitega 2,395,666 2,444,657 2,338,582
Burunga 1,901,832 1,890,808 1,974,578
Butanyerera 3,568,702 3,507,692 3,808,420
Buhumuza 2,772,583 2,808,850 3,567,723
Country level: Burundi 12,892,371 12,841,653 15,215,766

3.1. Province-Level Predictions

The prediction of malaria cases on the province level is shown in Figure 4 from
October 2020 to September 2022. In univariate LSTM prediction, the curve
trends are followed in most cases with the observed cases being slightly higher
than the expected ones. In the multivariate LSTM prediction, the curve trends
are not coordinated except for the country level prediction. The difference be-
tween the observed and predicted cases is seen in Table 2. The total number of
malaria cases in Gitega province during that time period was higher than pre-
dicted by the multivariate model but lower than predicted by the univariate
model. The observed malaria cases in Burunga province were somewhat higher
than the multivariate prediction and lower than the univariate prediction. The
multivariate model in Buhumuza province had a much greater number of in-
stances than the actual cases, but the observed cases during that time were
slightly fewer than the number predicted by the univariate model. The multivar-
iate for Butanyerera was substantially higher than the observed instances, despite
the fact that the actual cases were only marginally higher than the univariate

forecast. The multivariate LSTM model predictions were marginally higher than
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the actual instances, however the observed malaria cases in the Bujumbura
province were slightly higher than the Univariate LSTM model projections.

(Figures 4-13)

Gitega Prediction using LSTM
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Figure 4. Univariate LSTM Gitega Prediction.

Gitega Prediction using LSTM
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Figure 5. Multivariate LSTM Gitega Prediction.

Bujumbura Prediction using LSTM
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Figure 6. Univariate LSTM Bujumbura Prediction.
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Bujumbura Prediction using LSTM
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Figure 7. Multivariate LSTM Bujumbura Prediction.

Burunga Prediction using LSTM

120000

100000

Malaria Cases

Sept20 Oct20 Nov20 Dec20 Jan2i Feb21 Mar21 Apr21 May21 Jun2i Jul21 Aug21 Sep2i Oct21 Nov21 Dec21 Jan22 Feb22 Mar22 Apr22 May22 Jun22 Jul22 Aug22 Sep22

Date
Figure 8. Univariate LSTM Burunga Prediction.
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Figure 9. Multivariate LSTM Burunga Prediction.

3.2. Country-Level Predictions

After predicting malaria cases at the provincial level, the country-level predic-
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tion was made. The results are depicted in Figure 14 and Figure 15. The data-set
of the country level was the mean of all provinces for the climate data and the

Buhumuza Prediction using LSTM
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Figure 10. Univariate LSTM Buhumuza Prediction.

Buhumuza Prediction using LSTM
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Figure 11. Multivariate LSTM Buhumuza Prediction.

Butanyerera Prediction using LSTM
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Figure 12. Univariate LSTM Butanyerera Prediction.
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Butanyerera Prediction using LSTM
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Figure 13. Multivariate LSTM Butanyerera Prediction.
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Figure 14. Univariate LSTM Burundi Prediction.

Burundi Prediction using LSTM
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Figure 15. Multivariate LSTM Burundi Prediction.

sum for the human population and malaria cases. The curve trends were coor-
dinated with the actual trend in all models. Nevertheless, the multivariate pre-

dicted more malaria cases than observed one while the univariate predicted less.
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In comparison to the univariate model prediction, there were approximately
100,000 more malaria cases reported in the nation during that time period.
However, compared to actual reported instances, the multivariate LSTM model
projected a much higher number of cases, more than 2.5 million cases, than

what was actually reported as seen in Table 2.

4. Discussion

In general, the multivariate LSTM model predicted more malaria cases at the
country level as well as at the province level. Specifically, when examining spe-
cific provinces, the multivariate LSTM tended to overpredict cases in the north-
eastern provinces of Butanyerera and Buhumuza. Conversely, in the southeast-
ern provinces of Bujumbura and Burunga, the predictions aligned with the ob-
served trend until October 2021 but started decreasing in 2022. In Gitega prov-
ince, located in the central part of the country, the predicted cases of the multi-
variate LSTM model were significantly lower than the observed cases. However,
the univariate LSTM model demonstrated the best precision, with the predicted
curve following the trend at the country and province levels. The model predic-
tions provided a confidence interval 95%, indicating that if the process was re-
peated, 95% of malaria cases would fall within the range defined by the lower
and upper bounds, as shown in Figures 4-15. This predictive model proved val-
uable in forecasting potential outbreaks. However, it is crucial to emphasize the
importance of up-to-date information gathering and sharing, as the accuracy of
the models relies on the most current data. Figure 14, Figure 15 illustrate that
the univariate LSTM results capture the overall trends of malaria cases and pro-
vide more precise estimates at the province level. While the univariate model
outperformed the multivariate model, this aligns with previous research findings
[25] suggesting that the univariate model tends to excel in short term predic-
tions, while multivariate models perform better with longer prediction horizons.
This could be due to the fact that the meteorological data may not directly in-
fluence the outbreak, but over time it can impact the environmental factors that
contribute to the outbreak. The consistent trends observed across the models,
particularly at the country level, confirm the significant influence of climate
conditions on malaria outbreaks within the country over the long term. Com-
bining the models could improve prediction accuracy at different time steps, as
noted in [26]. The confidence interval for malaria cases utilized in this study
enables researchers, policymakers, and healthcare professionals to assess plausi-
ble value ranges and make informed decisions based on the estimated range.
Quantifies the uncertainty associated with the estimate and provides a measure
of precision of the findings. Furthermore, investigating the effects of climate
change on disease outbreaks extends beyond the dynamics of malaria transmis-
sion. This study integrated meteorological factors with historical data such as
human population and total monthly malaria cases. Future work could focus on

daily predictions using multivariate models to explore the possible impacts of

DOI: 10.4236/jamp.2024.128173

2915 Journal of Applied Mathematics and Physics


https://doi.org/10.4236/jamp.2024.128173

D. Sakubu et al.

climatic conditions, as previous studies have demonstrated the superiority of

multivariate models in very short-term predictions [27]. Despite artificial neural

networks often being perceived as black boxes, the results obtained highlight the

importance of meteorological data in outbreak prediction, particularly at the

country level where the highest number of cases were predicted. The use of deep

learning models such as recurrent neural networks shows promise in predicting

malaria outbreaks, which continue to pose challenges in sub-Saharan Africa.

Expanding the application of artificial intelligence will facilitate collaboration

among different intervention teams in the healthcare system, especially in re-

sponding to predicted increases or decreases in malaria cases.
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