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A B S T R A C T

Objectives: This study aims to identify significant symptoms and nonsymptom-related factors for malaria
diagnosis in endemic regions of Indonesia.
Methods: Medical records are collected from patients suffering from malaria and other febrile diseases
from public hospitals in endemic regions of Indonesia. Interviews with eight Indonesian medical doctors
are conducted. Feature selection and machine learning techniques are used to develop malaria classifiers
for identifying significant symptoms and nonsymptom-related factors.
Results: Seven significant symptoms (duration of fever, headache, nausea and vomiting, heartburn, severe
symptom, dizziness, and joint pain) and patients’ history of malaria as a nonsymptom-related factor
contribute most to malaria diagnosis. As a symptom, fever duration is more significant than temperature
or fever for distinguishing malaria from other febrile diseases. Shivering, fever, and sweating (known to
indicate malaria presence in Indonesia) are shown to be less significant than other symptoms in endemic
regions.
Conclusions: Three most suitable malaria classifiers have been developed to identify the significant
features that can be used to predict malaria as distinct from other febrile diseases. With extensive
experiments on the classifiers, the significant features identified can help medical doctors in the clinical
diagnosis of malaria and raise public awareness of significant malaria symptoms at early stages.
© 2020 The Author(s). Published by Elsevier Ltd on behalf of International Society for Infectious Diseases.
This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-

nd/4.0/).

Introduction

In spite of global efforts toward combatting malaria, this disease
is still one of the major health issues in the world, especially in
tropical countries. The World Health Organization (WHO) esti-
mated that 219 million cases of malaria occurred worldwide in
2017, which claimed around 435,000 lives (WHO, 2018). Indonesia,
as a tropical country, suffers from malaria. The most common
Plasmodium species in Indonesia were Plasmodium falciparum and
Plasmodium vivax with around 63% and 37% in 2017, respectively
(WHO, 2017). Between 2016 and 2017, malaria cases reached
nearly 250,000 (WHO, 2018). It was also reported that malaria
mortality in 2016 was over 2500 people (WHO, 2017).

Even though East Nusa Tenggara Province is the second largest
endemic province in Indonesia after Papua, knowledge about
malaria among the society is not well developed, thus hampering

malaria detection at early stages. According to the results of the
interview with the doctors conducted in this study, although other
symptoms might also appear at early stages, there is a tendency to
use the combination of shivering, fever, and sweating as the three
main symptoms and consider other related symptoms as the
supporting symptoms. This notion is manifested by the three
stages of shivering (cold stage), fever (hot stage), and sweating
(sweating stage) in tertian malaria caused by P. vivax and
Plasmodium ovale (Mitsuda et al., 2010; Bartoloni and Zammarchi,
2012). In endemic areas, in addition to shivering, fever, and
sweating, malaria patients may have other symptoms such as
headache, nausea, vomiting, diarrhea, limpness, and muscle pain
(Barcus et al., 2007; Murhandarwati et al., 2015; WHO, 2018). There
are also some cases where malaria patients are asymptomatic and
do not have any identifiable symptoms (Agan et al., 2010; Shimizu
et al., 2020), which is another unaddressed problem in malaria
diagnosis.

Malaria shares similar symptoms with other febrile diseases
such as dengue fever, typhoid fever, common cold, respiratory tract
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infection, dyspepsia, and pneumonia. Parasitological tests, in the
form of a microscopic test and a rapid diagnostic test (RDT), are
necessary to confirm whether potential patients suffer from
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alaria. However, in areas where parasitological tests for malaria
re not readily available, the complexity of malaria diagnosis may
ead to misdiagnosis and inappropriate presumptive treatment. As
pecified by WHO, in situations such as rural areas where there is
o parasitological test available within 2 h of presenting for
reatment in medical centers, medical doctors can provide a
rognosis using a clinical examination and physical examination to
reat suspected patients (WHO, 2018). Consequently, suspected
atients would be presumptively treated, and there is a possibility
f misdiagnosis due to lack of sufficient knowledge about
ignificant malaria symptoms (other than shivering, fever, and
weating) and nonsymptom-related factors for clinical diagnosis of
alaria. This could increase the use of unnecessary antimalarial
rugs, which have side-effects and increase the spread of
esistance to the drugs (WHO, 2015). This important issue has
otivated us to conduct this study to investigate significant
alaria symptoms that can be used to help medical doctors in the
linical diagnosis of malaria.
Machine learning techniques have been used as tools to identify

mportant risk factors for predicting diseases (Du et al., 2014; Filho
t al., 2016; Weiner and Kaufmann, 2016). Machine learning
echniques have also been used for malaria prediction (Zhou et al.,
014; Modu et al., 2017; Wang et al., 2019). Varying numbers of
ymptoms have been used in these studies, e.g., 12 symptoms
Uzoka et al., 2016), 22 symptoms (Uzoka et al., 2011), and 8
ymptoms (Rastogi et al., 2014). Despite their contribution to
alaria diagnosis research, these studies do not specifically

dentify significant or important symptoms. Some studies focus
nly on identifying risk factors of malaria (e.g., Ramdzan et al.,
020; Shimizu et al., 2020). However, existing malaria diagnosis
tudies usually consider symptoms only, without considering
onsymptom-related factors such as patients’ previous history of
alaria, age, and gender. To fill this gap, this study aims to identify
ignificant features including symptoms and nonsymptom-related
actors that can be used for the clinical diagnosis of malaria and
elp with patient prognosis at early stages (Croft et al., 2015).
Over the past decade, malaria research in Indonesia has been

one in the areas of diagnostic testing (RDT and microscopy;
ransisca et al., 2015), malaria management and control (Sya-
ruddin et al., 2009; Kaisar et al., 2013; Sitohang et al., 2018), and
ntimalarial drugs (Asih et al., 2009). A malaria diagnosis study,
sing symptoms and nonsymptom-related factors, has never been
one in Indonesia due to lack of resources, data, and funding. This
tudy aims to fill this important gap in malaria research in
ndonesia. The findings of this study can be used to raise public
wareness of significant malaria symptoms and nonsymptom-
elated factors for malaria diagnosis at early stages within
ndonesian societies vulnerable to malaria.

In subsequent sections, we first present the research materials
nd methods used to conduct this study. We then discuss the study
esults and significant features identified for malaria diagnosis,
ncluding symptoms and nonsymptom-related factors. We finally
ummarize new findings of this study.

aterials and methods

ata collection — medical records

Medical records of patients diagnosed with malaria or other
ebrile diseases such as dengue fever, typhoid fever, common cold,

Indonesia. These records comprised 261 malaria cases and 113
nonmalaria cases (i.e., other febrile diseases). All the malaria cases
were confirmed using blood tests, microscopic tests, and/or RDTs.

Data characteristics

From the collected medical records of patients diagnosed with
malaria and other febrile diseases, we identify 20 features, which
are referred to as the malaria feature set (MFS) in this study. As
shown in Table 1, the 20 features of the MFS are divided into two
groups: symptoms and nonsymptom-related factors. Numeric
values are summarized using the mean and standard deviation.
Binary values are represented using numbers (n) and percentages
(%).

As shown in Table 1, the 17 malaria symptoms comprise fever,
shivering, sweating, nausea and vomiting, headache, dizziness,

Table 1
Characteristics of the MFS based on collected medical records (n = 374).

Notation Feature n %

Symptoms
S1 Duration of fever Mean 3.53, SD 1.99
S2 Nausea-vomiting

Yes 232 62.03
No 142 37.97

S3 Severe symptom
Yes 37 9.89
No 337 90.11

S4 Heartburn
Yes 66 17.65
No 308 82.35

S5 Headache Mean 2.38, SD 3.96
S6 Dizziness

Yes 54 14.44
No 320 85.56

S7 Joint pain
Yes 27 7.22
No 347 92.78

S8 Back pain
Yes 12 3.21
No 362 96.79

S9 Abdominal pain
Yes 57 15.24
No 317 84.76

S10 Spinal pain
Yes 10 2.67
No 364 97.33

S11 Sweating
Yes 6 1.60
No 368 98.40

S12 Limpness
Yes 64 17.11
No 310 82.89

S13 Shivering
Yes 44 11.76
No 330 88.24

S14 Loss of appetite
Yes 110 29.41
No 264 70.59

S15 Temperature Mean 38.06, SD 1.1
S16 Diarrhea

Yes 51 13.64
No 323 86.36

S17 Fever
Yes 374 100.0
No 0 0.0

Nonsymptom-related factors
F1 History of malaria
Yes 121 32.35
No 253 67.65

F2 Age Mean 18.74, SD 20.01
F3 Gender

Female 176 47.06
Male 198 52.94

SD: standard deviation.
s well as respiratory tract infection, dyspepsia, and pneumonia
ere collected for the years 2012–2018. We excluded medical
ecords with asymptomatic cases since this study was based on
ymptoms and nonsymptom-related factors. In total, 374 valid
ecords were obtained from two public hospitals in endemic
egions (East Sumba and Lembata) in East Nusa Tenggara,
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diarrhea, back pain, abdominal pain, spinal pain, joint pain,
limpness, heartburn, loss of appetite, duration of fever, tempera-
ture, and severe symptoms of advanced malaria. The three
nonsymptom-related factors consist of patients’ history of malaria,
age, and gender. The actual diagnosis result (positive or negative)
was used to indicate whether a patient suffered from malaria or
not. The fever feature was not useful for classification as all patients
had a fever. The value of the temperature feature was the value
recorded on the first day when patients were admitted to hospital.
We treated different types of severe symptoms (including
jaundice, anemia, loss of consciousness, black urine, and enlarged
spleen) as severe symptom (S3) since the presence of each type of
severe symptoms is equally important in malaria diagnosis. We
also considered nausea and vomiting as one binary symptom,
nausea-vomiting (S2), since nausea and vomiting are highly
correlated. For the gender feature, female is indicated as 0 and
male is indicated as 1.

Data collection — interviews

Interviews were conducted with eight medical doctors to
obtain their knowledge on malaria diagnosis in Indonesia using a
structured format. Interview questions were related to main,
supporting, and severe symptoms of malaria and nonsymptom-
related factors that could contribute to malaria diagnosis. Tables 2
and 3 summarize the interview results. The main symptoms that
are commonly used by the medical doctors for clinical diagnosis of
malaria are fever, shivering, and headache. The commonly used
supporting symptoms are nausea and/or vomiting, dizziness, loss
of appetite, diarrhea, joint pain, limpness, abdominal pain, and
heartburn. Moreover, according to the medical doctors, malaria can
also be identified using severe symptoms such as loss of
consciousness, anemia, jaundice, enlarged spleen, seizures, and
shortness of breath.

Feature selection

We used three commonly used feature selection techniques,
including recursive feature elimination (RFE), feature importance
(FI), and Pearson’s correlation coefficient (PCC) to select features
for building malaria classifiers. The RFE technique recursively
removes features of least significance. The remaining features are
used to build the model. The features are ranked based on their
contribution to the model accuracy. In the FI selection technique,
XGBoost was used to estimate the importance of features based on
importance scores. The larger the score, the more important the
feature. The PCC technique shows the correlation coefficient
between each feature and the diagnosis result. A value closer to 1
implies a stronger positive correlation.

The features selected from the three feature selection
techniques were used to create feature sets for building malaria
classifiers. Table 4 shows the number of each feature’s occurrences
in the three techniques and their selection results. As shown in the
first two columns of Table 5, we can create the baseline feature sets
(FS_RFE, FS_FI, FS_PCC) and extended feature sets (FS1 to FS7) based
on the combination of the number of occurrences of features in
each technique. FS1 includes all the features that are selected in all
the three feature selection techniques (the number of occurrences
is 3 or FS1 = {S1, S2, S3, S4, F1}). FS7 includes all the features from the
three feature selection techniques (FS7 = {FS1, S5, S6, S7, F2}). We
then examined each feature set including symptoms and non-
symptom-related factors that can be used by malaria classifiers to
best predict whether a patient suffers from malaria or not.

Results

Developing malaria classifiers

To develop the most suitable malaria classifiers for the 10
feature sets in column 1 of Table 5, we conducted extensive
experiments using commonly used machine learning techniques
including logistic regression (LR), support vector machines (SVMs),
k-nearest neighbors (KNNs), linear discriminant analysis, Naïve
Bayes, decision trees, and random forests (James et al., 2013; Modu
et al., 2017). To ensure that the positive and negative cases in the
training and test sets are proportional to the cases in the dataset, a
stratified five-fold cross-validation approach was used. The mean
F1 score was used to evaluate the performance of machine learning
techniques on the 10 feature sets. Based on the experiments, we
identified three most suitable machine learning techniques,
namely, LR, SVMs, and KNNs, because they yielded the highest
mean F1 scores, all being higher than 85%.

Three malaria classifiers were developed using the three most
suitable machine learning techniques (LR, SVMs, and KNNs)
identified for the medical records collected. These three techniques
have been used for medical decision classification (Li et al., 2011;
Ozcift, 2012), medical predictions (Ribas et al., 2012; Hou et al., 2014;
Dinh et al., 2019), image classification (Das et al., 2015; Park et al.,
2016), and disease classification (Chen et al., 2013) respectively.

To find the best feature set for malaria classification, we
compared the performance of the three most suitable malaria
classifiers, using each of the 10 feature sets as inputs respectively.
The output was the prediction of a positive or negative diagnosis.

Performance evaluation of malaria classifiers

To evaluate the classifiers developed for medical research, recall
(sensitivity) and precision (positive predictive value) are

Table 2
Malaria symptoms identified by eight medical doctors (D1–D8) for clinical diagnosis of malaria.

Symptom D1 D2 D3 D4 D5 D6 D7 D8

Main
symptoms

Fever, shivering,
headache

Fever,
headache

Fever for 3–5
days,
headache,
shivering

Fever for 3–5
days,
headache,
shivering

Fever,
shivering,
muscle pain

High fever, shivering, and
sweating

Fever, shivering,
headache

Fever 5–7 days

Supporting
symptoms

Body aches,
nausea and
vomiting,

Nausea,
vomiting, loss
of appetite,

Abdominal
pain, joint
pain, nausea

Abdominal
pain, joint
pain, nausea

Sweating,
headache,
nausea,

Headache, limpness,
nausea, vomiting,
heartburn, loss of appetite,

Dizziness, muscle
pain, nausea,
vomiting, left

Shivering,
abdominal pain,
nausea, vomiting,
dizziness,
heartburn

pain, diarrhea and vomiting and vomiting vomiting,
diarrhea

muscle, and joint pain abdominal pain dizziness, sweating

Severe
symptoms

None None None None Jaundice,
enlarged
spleen, loss of
consciousness

Loss of consciousness,
seizures, anemia,
shortness of breath

Seizure, loss of
consciousness,
anemia, and
jaundice

Jaundice, anemia
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ommonly used (Lalkhen and McCluskey, 2008; Parikh et al.,
008). In this study, the F1 score is used to measure a harmonic
ean of recall and precision. Recall refers to the ability of the
lassifiers to correctly identify patients with malaria. Precision
efers to the likelihood that patients have malaria, given that the
redicted result is positive. In addition, accuracy is included to
ndicate how often the classifiers are correct overall.

We conducted experiments by splitting the dataset into the

Identifying the significant symptoms and nonsymptom-related factors

According to Table 5, FS5 is the best feature set as inputs to all
three classifiers. With the eight features (S1–S7 and F1) in FS5 as
inputs, the classifiers will have the most accurate and stable
performance, as shown in Figure 1. This outcome suggests that the
eight features in FS5 should be used to develop malaria classifiers
for clinical diagnosis of malaria, which have an average 84%
accuracy. They are the most significant symptoms and non-
symptom-related factors for distinguishing malaria patients from
other febrile diseases (i.e., nonmalaria) patients. The eight features
in FS5 are duration of fever (S1), nausea and vomiting (S2), severe
symptoms (S3), heartburn (S4), headache (S5), dizziness (S6), joint
pain (S7), and history of malaria (F1). Severe symptoms identified
from the medical records are jaundice, anemia, black urine,
enlarged spleen, and loss of consciousness.

Comparison of significant symptoms and factors identified by the
medical doctors interviewed

As shown in Tables 2 and 3, the symptoms and nonsymptom-
related factors used by the eight medical doctors interviewed for
clinical diagnosis of malaria are quite different among themselves
and are also different from the eight features in the best feature set
(FS5) identified in this study. As a comparison, Table 6 shows the
eight medical doctors’ opinions in relation to the eight significant
symptoms and nonsymptom-related factors in FS5. A “Y” indicates
that the feature is identified by the doctor as a main symptom, a
supporting symptom, or a significant nonsymptom-related factor.
As shown in Table 6, only one symptom (S2) is consistently used by
all eight doctors for the clinical diagnosis of malaria, although all
eight features are used by one or more doctors. The inconsistencies
in the use of symptoms and nonsymptom-related factors among
the eight doctors for the clinical diagnosis of malaria are probably
due to their different backgrounds and experience.

able 3
onsymptom-related factors identified by eight medical doctors (D1–D8) for clinical diagnosis of malaria.

D1 D2 D3 D4 D5 D6 D7 D8

Living in endemic areas or not Living in endemic areas or not None None Living in endemic areas
or not

Living in endemic areas None Living in endemic areas

Pregnancy Age (the elderly, children,
pregnancy)

History of travelling to
endemic areas

History of travelling to
endemic areas

History of travelling to
endemic areas

History of travelling to endemic
areas

History of malaria (type of
parasite)

History of family members
suffering from malaria

History of family members
suffering from malaria
Having guests from endemic
areas

able 4
umber of occurrences of features in the three feature selection techniques and
heir selection results.

Feature Notation RFE FI PCC Number of
occurrences

Duration of fever S1 v 0.27a 0.39b 3
History of malaria F1 v 0.09a 0.24b 3
Nausea and vomiting S2 v 0.08a 0.22b 3
Severe symptom S3 v 0.08a 0.22b 3
Heartburn S4 v 0.07a 0.18b 3
Headache S5 0.09a 0.22b 2
Dizziness S6 v 0.11a 0.10 2
Joint pain S7 v 0.03 0.09 1
Age F2 0.04 0.14b 1

: Selected feature for RFE.
a Selected feature for FI.
b Selected feature for PCC.

able 5
erformance comparison of malaria classifiers using each of 10 feature sets as
puts.

Feature set (FS) Feature LR (%) SVMs (%) KNNs (%)

Acc F1 Acc F1 Acc F1

FS_RFE FS1, S6, S7 84.0 89.7 78.7 91.1 82.3 86.4
FS_FI FS4 84.0 89.5 78.7 86.0 80.0 86.7
FS_PCC FS3, F2 84.0 89.5 72.0 82.1 77.3 85.0
FS1 S1, S2, S3, S4, F1 81.3 87.5 76.0 84.5 74.7 83.5
FS2 FS1, S5 84.0 89.5 77.3 84.7 80.0 86.7
FS3 FS1, S6 82.7 88.7 81.3 87.7 80.0 86.7
FS4 FS1, S5, S6 84.0 89.5 78.7 86.0 80.0 86.7
FS5a FS1, S5, S6, S7 86.7 91.1 81.3 87.9 82.7 88.9
FS6 FS1, S5, S6, F2 82.7 88.7 72.0 82.1 66.7 77.5
FS7 FS1, S5, S6, S7, F2 80.0 87.0 72.0 82.1 66.7 77.5

cc: Accuracy, F1: F1 score.
old values: The best feature set that yields the most stable performance results in
erms of the accuracy and F1 score.
a The best feature set that yields the most stable performance results in terms of
he accuracy and F1 score.
Figure 1. Accuracy (%) of three malaria classifiers (LR, SVMs, and KNNs) using each
of 10 feature sets.
raining set and the test set (80%:20%) using a stratified five-fold
ross-validation approach. The performance of the three malaria
lassifiers on the test set was evaluated using the accuracy and F1
core. Table 5 shows the performance of the three malaria
lassifiers (LR, SVMs, and KNNs) in terms of their accuracy and F1
core using each of 10 feature sets as inputs.
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Performance comparison of malaria classifiers using different feature
sets

To facilitate and support our discussions in the Discussion
section about the significant symptoms and nonsymptom-related
factors identified in this study, we conducted further experiments
on the performance of the malaria classifiers using different
feature sets. These experiments aim to examine the significance of
FS5 over other feature sets such as using symptoms only from FS5
and MFS, and using shivering, fever, and sweating only. Table 7
shows the performance comparison results using these feature
sets (FS8–FS10). The classifiers using FS5 as inputs outperform the
classifiers using any other feature sets.

Discussion

In this section, we discuss the significant features identified in
this study for malaria diagnosis. We also discuss the notion of
“shivering, fever and sweating,” which is commonly used to
identify malaria in Indonesia.

Significant symptoms and nonsymptom-related factors

The duration of fever (S1) is regarded as the most significant
feature in malaria diagnosis based on the FI and PCC feature
selection techniques. This means that the duration of fever has the
highest importance score and the strongest correlation with
malaria diagnosis. In this study, the duration of fever is more
significant than fever or temperature for distinguishing malaria
patients from nonmalaria patients. As shown in Table 4, fever or
temperature is not selected as a feature.

The feature of nausea and vomiting (S2) has a strong
relationship with the presence of malaria. Vomiting is one of
the symptoms considered in the clinical diagnosis of malaria
(Choge et al., 2014; Demissie and Ketema, 2016). Moreover, all
doctors agree that nausea and vomiting are significant symptoms
that help them make an initial prediction for a malaria case.

Another way to differentiate malaria from other febrile diseases
is by finding some severe symptoms (S3) related to malaria. The
PCC result shown in Table 4 indicates that the severe symptom

feature (S3) has a high correlation with malaria diagnosis. It is a
significant feature to easily identify malaria cases at late stages.
Usually, severe symptoms are related to the dysfunction of vital
organs and easily identified by the clinical diagnosis/physical
examination or laboratory test (WHO, 2014). A study on the
correlation between malaria and anemia shows that a delay of
diagnosis leads to anemia (Choge et al., 2014; Álvarez et al., 2015).
This is because malaria parasites invade the blood cells causing
shortened survival or death of erythrocytes (Dondorp et al., 2000).
Moreover, four out of the eight medical doctors interviewed state
that it is much easier to predict potential patients suffering from
malaria if some severe symptoms appear. According to the medical
records collected, severe symptoms manifest in various forms such
as loss of consciousness, jaundice, anemia, black urine, and
enlarged spleen.

Interestingly, even though heartburn (S4) is not generally
considered in the literature to have a correlation with malaria
diagnosis, this symptom plays an important role in the diagnostic
process. As shown in Table 4, this symptom is selected as a
significant feature using the three feature selection techniques.
Table 5 also shows that the performance of the three classifiers is
higher if the feature sets used include heartburn (S4). Two doctors
interviewed also identify this symptom as one of the supporting
symptoms for the clinical diagnosis of malaria.

Headache (S5) is another significant feature for malaria
diagnosis. Some malaria studies and Indonesian guidelines about
malaria treatment include headache as a malaria symptom
(Trampuz et al., 2003; Diggle et al., 2014; WHO, 2015). Five
doctors also regard headache as one of the main symptoms in the
clinical diagnosis of malaria, while two doctors consider it a
supporting symptom.

Dizziness (S6) also plays an important role in the clinical
diagnosis of malaria. This symptom usually appears in malaria
patients (Trampuz et al., 2003; Metta et al., 2014). This is also
stated by three doctors interviewed. As shown in Table 4, this
symptom has the second highest score using the FI feature
selection technique, and it is considered an important feature
using the RFE technique.

Joint pain (S7) is also identified as a significant symptom in this
study. Some studies include joint pain as a symptom to identify
malaria patients (Ndyomugyenyi et al., 2007; Choge et al., 2014;
Metta et al., 2014). Three doctors interviewed also include this
symptom as one of the supporting symptoms for clinical diagnosis
of malaria.

It is noteworthy that the performance of the classifiers using all
seven symptoms discussed above from the best feature set (FS5) is
not as good as the classifiers using the whole FS5 including the
nonsymptom-related factor, history of malaria. As shown in
Table 7, the classifiers using the whole FS5 outperform the
classifiers using the seven symptoms only (FS8) and the classifiers
using all the 17 symptoms (FS9). This result suggests that patients’
history of malaria (F1) should be considered, in addition to their
symptoms, for the clinical diagnosis of malaria.

Table 6
Eight medical doctors’ opinions in relation to significant features in FS5.

Feature D1 D2 D3 D4 D5 D6 D7 D8 Total Y

S1: Duration of fever N N Y Y N N N Y 3
S2: Nausea and vomiting Y Y Y Y Y Y Y Y 8
S3: Severe symptom N N N N Y Y Y Y 4
S4: Heartburn Y N N N N Y N N 2
S5: Headache Y Y Y Y Y Y Y N 7
S6: Dizziness Y N N N N N Y Y 3
S7: Joint pain N Y Y N N Y N N 3
F1: History of malaria Y Y N N N N N N 2

N: No, Y: Yes.

Table 7
Performance comparison of malaria classifiers using different feature sets.

Feature set (FS) Feature LR (%) SVMs (%) KNNs (%)

Acc F1 Acc F1 Acc F1

FS a Significant features FS (7 symptoms and 1 factor) 86.7 91.1 81.3 87.9 82.7 88.9
5 5

FS8 7 significant symptoms FS5 80.0 87.0 80.0 87.6 74.7 83.8
FS9 17 symptoms from MFS 81.3 87.3 76.0 84.5 73.3 81.5
FS10 Shivering, fever, and sweating 74.7 85.5 74.7 85.5 74.7 85.5

Acc: Accuracy, F1: F1 score.
Bold values: The best feature set that yields the most stable performance results in terms of the accuracy and F1 score.

a The best feature set that yields the most stable performance results in terms of the accuracy and F1 score.
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The PCC result shown in Table 4 indicates that a patient’s history
f malaria (F1) has a strong relationship with malaria diagnosis. As
. vivax has a dormant stage in the liver (Trampuz et al., 2003;
orres, 2010), it will relapse once a person has an immunity
eficiency (Dondorp et al., 2000; Chu and White, 2016). This
uggests that patients with a previous history of malaria are more
ikely to suffer from malaria when they present with certain
ymptoms. Furthermore, two experienced doctors interviewed
onfirm that inappropriate and incomplete malaria treatment
ight lead to a relapse in the future. Therefore, it is important to
now patients’ history of malaria.

hivering, fever, and sweating

As shown in Table 7, the performance of the three classifiers
sing FS10 (shivering, fever, and sweating) is worse than that of the
ight significant features in FS5. This indicates that the notion of
shivering, fever and sweating” is not really applicable in
ndonesia’s endemic regions for predicting whether a patient
uffers from malaria. As confirmed by an experienced medical
octor interviewed, these three symptoms will be shown only on
atients who suffer from malaria for the first time or live in
onendemic areas.

onclusions

There are three important findings of this study. First, out of the
0 features in the MFS obtained from the medical records collected
rom two Indonesian hospitals, eight features, including seven
ymptoms and one nonsymptom-related factor, are found to be
ignificant for malaria diagnosis. The seven symptoms are duration
f fever, headache, nausea and vomiting, heartburn, joint pain,
izziness, and severe symptoms. The nonsymptom-related factor
s patients’ history of malaria. Malaria classifiers using both
ignificant symptoms and patients’ history of malaria perform
etter than the classifiers using only significant symptoms. This
uggests that medical doctors should not only focus on patients’
ymptoms but also consider their history of malaria for the clinical
iagnosis of malaria. Second, as a malaria symptom, the duration of
ever is more significant than temperature or fever for distinguish-
ng malaria from other febrile diseases. This suggests that medical
octors need to pay more attention to how long a patient has had a
ever than the patient’s current temperature or whether the
atient has a fever for the clinical diagnosis of malaria. Third,
hivering, fever, and sweating, perceived as malaria symptoms by
he general public in Indonesia, are shown to be less significant
han the eight significant features identified in this study for
alaria diagnosis. This suggests that the general community in

ndonesia especially in endemic regions need to pay more
ttention to the combination of eight significant features than
hivering, fever, and sweating for malaria diagnosis at early stages.
These findings can be used to raise the public awareness of

ignificant malaria symptoms and patients’ history of malaria for
alaria diagnosis at early stages. These findings can also be used to
ssist unexperienced medical doctors in focusing on significant
eatures for the clinical diagnosis of malaria especially in rural
reas, where the availability of parasitological tests is scarce. For
uture research, these findings can be used to develop an
ntelligent malaria diagnosis system for early-stage diagnosis of
alaria.
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before the interviews.
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