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Abstract

Fever is a change in the body temperature of a human being, between the minimum and maximum temperature.

The cause and type of fever ranges from communicable to non-communicable diseases.

Yellow fever is a

hemorrhagic fever caused by the yellow fever virus. It has resulted in about 127,000 severe cases and about
45,000 deaths and almost 90% of these reported cases occurring in Africa. In this study a Multilayer Perceptron
Neural Network (MPNN) Classifier was proposed for diagnosing yellow fever. The MPNN consider seven
physiological symptoms for diagnosing yellow fever. The system had a prediction accuracy of 88%. The high
accuracy achieved in this study, if implement it will assist doctor in the accurate prediction of yellow fever and
reduce the mortality rate of yellow fever patients in African nations.
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INTRODUCTION

Fever is a change in the body temperature of a human
being, between the minimum and maximum
temperature. A patient suffering from fever usually
experiences cold or muscle spasm (Raiz, 2011 and
Barone, 2009). Despite the fact that there is disparity
in the typical human temperature, fever happens to
occur at body temperature between the range of 41 to
46 °C (James et al, 2014 and Niven et al, 2015).The
cause and type of fever ranges from communicable to
non-communicable diseases. The most common types
of fever frequently reported are dengue fever,
malaria, typhoid fever, Lassa fever, and yellow fever
(WHO, 2017). These diseases have similar symptoms
and treatment. Yellow fever is a hemorrhagic fever
which is caused by the yellow fever virus, is a disease
transmitted by various species of Aedes and
Haemagogus mosquitoes (Tolle, 2009). 127,000
severe cases of yellow fever and 45,000 deaths from
yellow fever was recorded in 2013 and about 90% of
these recorded cases occurred in Africa (WHO,
2017).

Yellow fever is not transmitted by direct contact with
an individual suffering from the ailment. However
infected humans with the yellow fever virus can
transmit the virus to an uninfected mosquito before
the signs of yellow fever manifesting in such
individual. (Cathey et al, 2014). The symptoms of
yellow fever includes; fever, jaundice, body pain and
vomiting and in severe cases bleeding and organ
(Liver and Kidney) failure may also develop (Cathey
et al, 2014, Souza et al, 2010 and Bigon, 2014).

The diagnosis of yellow fever requires specialized
testing, plaque reduction neutralization test, to
confirm the presence of yellow fever virus in the
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blood. Because of the cost of these laboratory test
most medical practitioner often use physiological
symptoms in diagnosing patients of yellow fever
(Bigon, 2014). The similarity between physiological
symptoms of the various kinds of fever makes
diagnosis of yellow feverusing physiological
symptoms very difficult (Darlington, 2018). Artificial
intelligence techniques has been applied in disease
diagnostic and some studies have shown that the
technique can enhance accurate diagnosis (Duodu et
al, (2014), Donfack et al.(2012) and Obot et al
(2016)). In 2017 Ighoyota et al, designed a fuzzy
web-based multi-fever symptom classifier diagnosis
model. The system was capable of diagnosing lassa
fever, malaria, dengue fever, typhoid fever and
yellow fever.  The fuzzy classifier had two phases.
The first phase determines the type of fever using
symptoms, while the second phase determines the
degree of fever. The dataset used in the study
contained 50 patients different types of fever. Also
Varinder (2015) designed a fuzzy expert system for
diagnosing dengue fever. The system had 5 inputs
and 1 output. The triangular membership function
was used to map linguistic variables into fuzzy sets.
The result of the system showed that the system had
100% prediction accuracy for dengue fever. In 2012
Prihatini et al, designed a web based fuzzy system for
diagnosing tropical infectious diseases. The system
was capable of diagnosing Dengue Fever, Typhoid
Fever and Chikungunya. The system had 11 inputs
which were the symptoms used in diagnosing the
diseases. The triangular membership function was
used to map linguistic variables into fuzzy sets. The
system had a total of 841 rules in the fuzzy rule base
and the weighted method was used in the
defuzzification layer to convert fuzzy values into
crisp output. The result of the system showed that the
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system had 91.07% diagnostic accuracy. In 2011
Olabiyisi et al. proposed a fuzzy base system for
diagnosing tropical diseases. The system is capable of
diagnosing typhoid fever, malaria, tuberculosis,
yellow fever, sexually transmitted infections (STI),
leprosy, urinary tract infection, chicken pox and
hepatitis-B. The dataset used in the study was
collected from a private hospital and the state hospital
in Lagos State Nigeria. The system had 12 inputs
which were the symptoms feed into the system and
they scaled between 1 and 9. The triangular
membership function was used to map linguistic
variables into fuzzy sets and the weighted method
was used in the defuzzification layer to convert fuzzy
values into crisp output. The result of the system
showed that the system had 99% diagnostic accuracy.
Although these systems had high accuracy prediction
they are all incapable of learning and can only
generate diagnosis based on the fuzzy rules stored in
its knowledge based. To overcome these challenges
an Artificial Neural Network (ANN) was proposed.
The ANN will help to overcome the challenges faced
by the current systems and greatly assist doctors in
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Figure 1. Workings in each layer of an ANN network

where

X1, X2,X3,N1,,N2,N3,N4, My,my and y are signals
Wi, Wz, W3, 01, Gz, Gs, Ga, 1 and 1, are weights
F1, F, F3, F4, Fsand F6 is a transfer function
bl: bz, b3, b4, b5and b6 is hias
ny = filwyx; +by)

ny = fo(wyxy + by)

ny = f(wox; + by)

ny = f3(wsxz + b3)

equation 1

my = fy(an, + qon, + by)

equation 2
my = fo(qang + qyng + b3) 9

Table 1: Ten (10) samples from the dataset
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more accurate predictions of yellow fever using
physiological symptoms. ANN was specifically
chosen, because of its longstanding successful
application in health related application.

Avrtificial Neural Network

An Artificial Neural Network (ANN) is a model that
mimics the structure and functionality of neurons in
the human brain. The basic component of an ANN is
the artificial neuron. An ANN model has three layers
the input layer; hidden layer and the output layer.
Each having to perform distinct set of operation
which are multiplication, summation and activation
respectively. In the input layer each neuron is
weighted and multiplied by the value of the input. In
the hidden layer the summation of all the neuron
from the input layer is computed and in the output
layer generates the output by performing activation
function on the inputs from the hidden layer. Figure 1
shows the workings in each layer of an ANN network
while equation 1, 2 and 3 shows the working in the
input, hidden and output layer respectively

Output

Output
Layer

. Single neuron

y = fe(nm, +r,m, +b,) equation 3
MATERIALS AND METHODS

Dataset Description

The dataset used in this study was obtained from the
UCI repository. It contained 75 cases of which 53
are males and 22 are female. The dataset contained
seven symptoms which was used in diagnosing
yellow fever. The symptoms were; Fever, Body pain,
Headache, Vomiting, Jaundice, Bleeding, and Organ
Failure. Table 1 shows a sample of the dataset.

Sample No Fever Body pain Headache Vomiting Jaundice Bleeding Organ Failure
Sample 1 0.06 4.03 5.63 6.15 4.08 2.16 3.6
Sample 2 1.55 0.63 5.48 7.75 8.6 0.65 2.86
Sample 3 5.06 9.51 3.24 4.63 8.82 4.78 8.05
Sample 4 8.03 5.33 6.44 7.26 3.51 4.67 3.35
Sample 5 8.57 0.39 7.81 2.98 2.16 3.11 0.19
Sample 6 5.31 2.22 1.87 1.97 0.31 7.93 2.54
Sample 7 6.33 9.8 9.85 1.21 0.29 8.2 5.05
Sample 8 8.1 6.95 4.52 8.29 4.11 4.12 9.47
Sample 9 7.32 0.77 1.91 7.54 7.29 0.94 1.18
Sample 10 3.9 3.31 3.44 5.27 9.63 0.09 9.31
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Multilayer Perceptron Neural Network Classifier validate the MPNN. The MPNN was designed to
The multilayer perceptron neural network (MPNN) utilize a sigmoid transfer function and a back
was designed using neuroph studio. The MPNN had propagation learning rule. It was trained with a
7 neuron in the input layer and 14 neurons in the maximum error tolerance of 0.01 with a learning rate
hidden layer and a neuron in the output layer. The of 0.2 and a momentum of 0.7.Figure 2 shows the
dataset was converted into an input vector and fed multi-layer perceptron neural network for predicting
into the MPNN. Fifty cases of the dataset was used yellow fever.

to train the MPNN and the remainder was used to
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Figure 2 Multilayer perceptron neural network for predicting yellow fever.

RESULT AND DISCUSSION the MPNN. Out of the 25 cases used in testing the
Result system. The following information was obtained

The multilayer perceptron neural network was trained True Positive (TP)= 15,  False Positive (FP)=2 ,
for two iteration with a maximum error tolerance of True Negative (TN)=7, False Negative (FN)=1
0.01.Upon completion of the training the MPNN had Accuracy of the MPNN= (TP+TN)/25

a total network error of 0.006 and a total mean square = (15+7) /25

error of 0.18187748886987287 these are clearly =0.88

shown in Figure 3 and Figure 4. Figure 3 shows the Error Rate= (FP+FN)/25

total network error graph while figure 4 shows the =(2+1) /25

Total Mean Square Error chart. The confusion =0.12

matrix was also used in measuring the efficiency of
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Machine learning and artificial intelligence Barone J. E. (2009) "Fever: Fact and fiction". J
techniques have been applied by various researcher in Trauma 67(2), 406-409
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diagnosing tropical infectious diseases especially Bigon L(2014), '"Transnational Networks of
fever. In this work a Multilayer Perceptron Neural Administrating  Disease and  Urban
Network (MPNN) Classifier was employed in Planning in West Africa: The Inter-
predicting yellow fever. The result from our study Colonial Conference on Yellow Fever,

shows that the MPNN has a classification accuracy of
88% and an error rate of 12%. Although experiment
conducted by Varinder (2015) using fuzzy gave an
accuracy of 100% percent in the diagnosis of dengue
fever and similar experiment conducted by Prihatini
et al, in 2012 and Olabiyisi et al, 2011 gave an
accuracy of 91.07 and 99% for respectively.
Although with these systems having higher accuracy
than ours, however it is worthy to note that they are
incapable of learning and they can only generate
diagnosis based on fuzzy rules imbedded in them.

CONCLUSION

Yellow fever is a hemorrhagic fever caused by the
yellow fever virus which has resulted in about 45,000
deaths and of which almost 90% of these reported
cases occurring in Africa. In this study a Multilayer
Perceptron Neural Network Classifier was proposed
for diagnosing yellow fever. The MPNN consider
seven physiological symptoms for diagnosing yellow
fever. The system had a prediction accuracy of 88%.
The high accuracy achieved in this study, if
implemented would assist doctors in the accurate
prediction of yellow fever and reduce the mortality
rate of yellow fever patients in African nations.
Further study should incorporate a larger dataset as it
willimprove the accuracy of the model.
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