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Abstract

Introduction: This study aims to develop a neural network (NN) that can serve as a useful tool for early diagnosis of complicated malaria.

Materials and methods: In this study, a feedforward NN was developed, incorporating 10 clinical variables in the input nodes, hidden layer, and output node. The
data were included in the input layer. Various validation techniques such as V-cross, Random V-cross, Modified Holdout, and Proportional Percentage Sample were
applied to train and validate the network using data from 412 patients.

Results: The variables included in the analysis were mean arterial pressure, hemoglobin, leukocyte count, platelet count, total bilirubin, presence of dyspnea,
vomiting, previous history of malaria, prior use of malaria medication, and persistent fever. The V-cross technique, Random V-cross Validation, Modified Holdout
Validation, and Proportional Percentage Sample Validation were utilized to evaluate the performance of a NN in diagnosing malaria. Sensitivity values varied from
13% to 47%, with positive predictive value values ranging from 37% to 88%. Specificity remained consistently high, ranging from 79% to 90%.

Discussion: Sensitivity, specificity, and positive predictive values varied across techniques: V-cross and random V-cross validation showed narrower sensitivity
ranges with strong specificities, while modified holdout validation exhibited wider sensitivity variability.
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Aplicacion de la inteligencia artificial en la Prediccion de Complicaciones en pacientes con Malaria

Resumen

Introduccién: Este estudio tiene como objetivo desarrollar una red neural (RN) que pueda servir como una herramienta util para el diagnéstico temprano de la
malaria complicada.

Materiales y métodos: En este estudio, se desarrollé una red neural feedforward, incorporando 10 variables clinicas en los nodos de entrada, la capa oculta y el
nodo de salida. Se aplicaron diversas técnicas de validacion como V-cross, V-cross Aleatorio, Retencion Modificada y Muestra Proporcional de Porcentaje para
entrenar y validar la red utilizando datos de 412 pacientes.

Resultados: Las variables incluidas en el analisis fueron la presion arterial media, hemoglobina, recuento de leucocitos, recuento de plaquetas, bilirrubina total,
presencia de disnea, vomitos, historial previo de malaria, uso previo de medicamentos para la malaria y fiebre persistente. Se utilizaron las técnicas de V-cross,
Validacién Cruzada Aleatoria, Validacion de Retencién Modificada y Validacion de Muestra Proporcional de Porcentaje para evaluar el rendimiento de una RN en el
diagnéstico de la malaria. Los valores de sensibilidad variaron del 13% al 47%, con valores predictivos positivos que oscilaron entre el 37% y el 88%. La especificidad
se mantuvo consistentemente alta, variando del 79% al 90%.

Discusién: La sensibilidad, la especificidad y los valores predictivos positivos variaron segln las técnicas: la validacion cruzada en V y la validacion cruzada alea-
toria en V mostraron rangos de sensibilidad mas estrechos con fuertes especificidades, mientras que la validacion con retencion modificada exhibié una mayor
variabilidad en la sensibilidad.
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Introduction

Malaria is an infectious disease that affects a significant num-
ber of people worldwide. Recent studies have identified over
100 countries where malaria is endemic, affecting approxi-
mately 207 million people annually'=. In the Americas alone,
up to 170 million people are at risk of contracting malaria.
The disease is caused by various types of Plasmodium parasi-
tes, with Plasmodium vivax and Plasmodium falciparum being
the most common in Latin America*®. The estimated morta-
lity rate worldwide is around 1%°. However, malaria deaths
increased rapidly after 1990, peaking at 232 million cases in
2003 and resulting in 1.2 million deaths in 2004%, According
to the World Health Organization (WHO), malaria is classified
into complicated (severe) and uncomplicated forms'. Com-
plicated or severe malaria occurs when parasites cause seve-
re organ failure. Uncomplicated malaria, on the other hand,
manifests as symptomatic infection with parasites present in
the blood, typically following a benign course',

The clinical diagnosis of malaria, although somewhat impre-
cise, remains pivotal in managing febrile patients in high-
risk areas' . Therefore, accurately and promptly identifying
the parasite in high-risk patients, particularly those prone to
severe malaria, is crucial for reducing mortality'®. However,
predicting whether an individual will develop severe malaria
can be challenging. Some symptoms and laboratory findings
associated with severe malaria are well-described. The pro-
gression to severe malaria in infected patients involves pro-
gressive dysfunction of various organs, which may manifest
in diverse clinical presentations'.

Computational methods such as neural networks (NN) have
significantly enhanced the diagnosis of various medical
conditions using clinical variables. An NN comprises inter-
connected units (or nodes) that mimic neurons, forming a
network'”"°, Leveraging this computational tool could be ins-
trumental in accurately diagnosing and categorizing malaria
infections. While there are several types of neural networks, a
commonly used architecture involves a three-layer structure:
the first layer with input units, an intermediate or hidden la-
yer, and a third layer housing the output units. Depending on
the input information, the network processes data through
the hidden layer to yield a classification response®'®. When
appropriately developed, NNs can effectively differentiate
patients who may develop complicated malaria from those
who will not™. This study aims to develop a multilayer neural
network using basic clinical and paraclinical characteristics in
malaria patients, serving as a prognostic tool to identify tho-
se at risk of developing severe malaria.

Materials and methods
This retrospective observational study was conducted on
malaria-infected patients admitted to a tertiary care hospi-

tal in Bogot4, Colombia, between 2005 and 2013. The study
focused on describing a neural network tool with high sensi-
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tivity for detecting complicated cases. It was categorized as
minimal risk and approved by the institutional ethics com-
mittee in accordance with the Helsinki Declaration and data
protection guidelines.

Eligibility Criteria

Patients of any gender and age with confirmed malaria diag-
nosis via thick blood smear were eligible. Exclusions applied
to those with a history of convulsive syndrome, neurological
sequelae from any cause, advanced-stage or acute exacerba-
tion of renal, hepatic, hematological, or pulmonary diseases.
The study included 412 malaria-infected patients, of whom
68 developed complications (including cardiovascular, renal,
respiratory issues, multiple organ failure, and death), cate-
gorized as "Complicated” (Class 1), while the remaining 344
were labeled as “Non-complicated” (Class 0) (see Supple-
mentary Figure 1).

Construction and Architecture of the Neural Network

A feedforward neural network was constructed using the
neural network training tool in Matlab 20132®, comprising
input nodes, output node, and a hidden layer (see Supple-
mentary Figure 2). The training termination criteria for the
neural network included a learning rate of 0.025, 1000 epo-
chs, or a minimum gradient of 1 x 10-6.

Input Nodes

Ten clinical variables were chosen as input nodes, recorded
at the time of diagnosis and easily accessible in the emer-
gency department. These variables—mean arterial pressure
(mmHg)', hemoglobin (g/dL) [20, 21], leukocyte count (cells/
pL)%, platelet count (x1043/uL)3>2", total bilirubin (mg/dL)?'3,
presence of dyspnea?3, vomiting?', previous history of malaria
infection’, previous use of antimalarial or antipyretic medica-
tions, and persistent fever?>—reflect multiorgan involvement
and indicate potential complications of the disease.

Output Node

The goal proposed for this network aims to improve classi-
fication results between complicated and non-complicated
malaria. Therefore, the output node corresponds to the diag-
nosis of a patient with complicated malaria (Class 1) or non-
complicated malaria (Class 0).

Hidden Layer

Using the pyramidal geometric rule proposed by T. Masters?,
the number of neurons in the hidden layer was determined
as shown in expression (1). Where HN is the hidden layer,
n is the number of inputs, and m is the number of outputs.
Number of outputs was 2, one for each class.

HN=+vnm (1)
HN = J/(10)(D)

HN =+10
HN =3,16 = 4
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Randomization for Patient Data Selection in the Training
and Validation Groups

Various techniques, including V-cross validation, random
V-cross validation, modified holdout, and proportional per-
centage sample, were employed to partition the data of 412
patients into training and validation sets®.

V-cross Validation

To implement this technique, the entire database was initia-
lly randomly reorganized and divided into 10 groups, with
9 groups containing 41 data points each and 1 group con-
taining 43 data points. The neural network (NN) was then
trained and validated 10 times, with each iteration using a
different group for training and the remaining groups for va-
lidation (see Supplementary Figure 3). Additionally, a secon-
dary validation was conducted for each iteration using the 10
selected clinical variables from all patients.

Random V-cross Validation

Similar to V-cross validation, this technique involved random
reorganization of the database for each iteration. However,
the data from the first group of patients were consistently
used as the training set for each repetition (see Supplemen-
tary Figure 4).

Modified Holdout Validation

This technique grouped patients based on their hospital dis-
charge diagnosis, with 68 patients classified as complicated
malaria and 344 as uncomplicated malaria (see Supplemen-
tary Figure 5). Subsequently, 50 patients from each group
were randomly selected to form the training set, while the
remaining patients constituted the initial validation set. This
procedure was repeated 5 times.

Proportional Percentage Sample Validation

In this technique, the training and validation groups were
created based on the incidence of malaria complications in
the database, which was 17% in this study. Similar to mo-
dified holdout validation, the training set included 83% of
patient data randomly selected from each class (complicated
and uncomplicated malaria), while the initial validation set
comprised the remaining patient data (see Supplementary
Figure 6). A secondary validation was performed using all pa-
tient data. This process was repeated 5 times.

Implementation of the NN with Incremental Neuron
Progression in the Hidden Layer

According to the pyramidal rule, the ideal number of neurons
in the hidden layer of the NN was 4. However, the number of
neurons was incrementally increased in multiples of 4 up to
24 to assess the NN's performance with varying hidden layer
configurations.

Performance Evaluation of the Network

The diagnostic performance of each of the methods used
in our study is processed based on the precision, sensitivity,
specificity, positive predictive value (PPV) and negative pre-

dictive value (NPV) calculated from the confusion matrix?>.
Receiver Operating Characteristic (ROC) curves were utilized
to assess NN performance, focusing on the maximum point
of these curves in this study.

Results

V-cross Validation

The implementation of the NN using the V-cross technique
yielded sensitivity values ranging from 13% to 47%, and PPV
values ranged from 37% to 66% (Table 1). Additionally, spe-
cificity ranged between 79% and 85%. Regarding NN perfor-
mance evaluation, results from validation group 1 indicated
superior performance with 24 neurons in the hidden layer,
whereas validation group 2 showed optimal performance
with 4 neurons (Supplementary Figure 7).

Random V-cross Validation

Sensitivity values ranged from 13% to 31%, and PPV values
ranged from 45% to 65% (Table 2). Furthermore, specificity
ranged between 80% and 85%. Regarding NN performance,
validation group 1 exhibited better results with 24 neurons in
the hidden layer, while validation group 2 showed superior
performance with 16 neurons (Supplementary Figure 8).

Modified Holdout Validation

When implementing the NN using modified holdout valida-
tion, sensitivity values ranged from 34% to 72%, and NPV
ranged from 21% to 59% (Table 3). Specificity ranged bet-
ween 80% and 88%. In validation group 1, optimal results
were observed with 4 neurons in the hidden layer, while va-
lidation group 2 achieved the best outcome with 16 neurons
(Supplementary Figure 9).

Proportional Percentage Sample Validation

Sensitivity values ranged between 16% and 44%, and PPV
values ranged from 54% to 88% (Table 4). Additionally, spe-
cificity ranged between 85% and 90%. The NN performance
was superior with 8 neurons in the hidden layer for validation
group 1 and with 12 neurons for validation group 2 (Supple-
mentary Figure 10).

Discussion

In this study, we systematically evaluated the performance
of a neural network in diagnosing complicated malaria using
various validation techniques. We developed an NN with the
aim of serving as a useful tool for the early diagnosis of com-
plicated malaria. Specifically, we found that the NN configu-
red with 16 neurons in the hidden layer, using the modified
Holdout technique and validation group 2, achieved the hig-
hest performance (see Table 1). The implementation of this
NN could be particularly beneficial in remote or underserved
areas where healthcare services are limited. Its application
has the potential to significantly enhance diagnostic proces-
ses, especially in cases requiring critical decisions to ensure
timely treatment for affected patients.
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Table 1. Neural network results using V cross validation.

number
lidati PPV
of validation Se (%) Sp (%)
group
neurons

1 23 97 60 86 84
4

2 47 89 55 90 82

1 13 93 44 84 80
8

2 18 96 58 86 83

1 29 89 37 86 79
12

2 25 95 66 87 84

1 21 92 33 86 81
16

2 18 97 58 86 84

1 26 93 53 87 83
20

2 29 96 63 87 85

1 44 91 55 90 84
24

2 22 96 56 86 84

Notes: Se: sensitivity; Sp: Specificity; PPV: Positive predictive value; NPV:
Negative predictive value: E: Accuracy.

Table 2. Neural network results using random V-cross validation.

number validation
of Se (%) Sp (%)
group
neurons
1 17 95 49 85 82
4
2 22 96 56 86 83
1 13 94 39 85 81
8
2 19 98 53 86 85
1 14 94 50 84 80
12
2 28 94 65 87 83
1 14 97 52 85 83
16
2 31 90 37 87 81
1 16 96 51 85 83
20
2 18 97 55 86 84
1 19 97 54 86 84
24
2 13 96 45 85 82

Notes: Se: sensitivity; Sp: Specificity; PPV: Positive predictive value; NPV:
Negative predictive value: E: Accuracy.

Complicated malaria represents a medical emergency; there-
fore, early diagnosis is crucial to prevent multi-organ involve-
ment and potential fatalities?. Currently, there is no consensus
on severity criteria for diagnosing complicated malaria. The
most commonly utilized criteria are those established by the
World Health Organization?29, focusing on systemic involve-
ment alongside parasite presence. However, these criteria have
faced criticism for their high sensitivity in detecting extremely
severe cases but low specificity, limiting their utility in clinical
decision-making by not identifying lower severity levels®’. Our
system has a very low sensitivity along with good specificity,
which could be complementary to the current criteria.
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Epidemiological studies have not identified a standard marker
enabling early diagnosis of complicated malaria. Tobdn-Cas-
tafio et al., developed a prediction model with a sensitivity of
45% and a specificity of 92.8%, using clinical and parasitolo-
gical signs?'. In the same year, researchers from Oxford eva-
luated PfHRP2 (Plasmodium falciparum histidine-rich protein
2) and pLDH (plasmodium lactate dehydrogenase) as rapid
diagnostic tests for complicated malaria in children from Tan-
zania and Mozambique. PfHRP2 showed a sensitivity of 94%
and a specificity of 70.9%, while pLDH showed a sensitivity of
88% and a specificity of 88.3%>'. In contrast, the NN develo-
ped in our study did not rely on parasitology for diagnosis
and achieved a sensitivity of 72% and a specificity of 82%, de-
monstrating improved sensitivity and specificity compared to
the aforementioned studies. Importantly, the neural network
is a cost-effective and rapid tool suitable for use in endemic
areas lacking advanced diagnostic technology.

The mortality associated with complicated malaria remains
significant, affecting 10% to 50% of patients, primarily due to
resource scarcity, underdiagnosis, and delayed treatment ini-
tiation®1°, Patients with complicated malaria require treatment
in high-level hospitals, often in intensive care units®™. A re-
liable tool that aids physicians in determining the need for
hospitalization can significantly improve the identification of
patients requiring such care, thereby reducing costs associa-
ted with unnecessary hospitalizations and ensuring timely
treatment for those with complicated malaria®™.

In contrast, patients with uncomplicated malaria typically re-
quire only oral chloroquine treatment and do not necessitate
hospitalization, unlike cases of complicated malaria where
parenteral administration of antiparasitics is essential®2%%, In
Colombia, sodium artesunate is recommended as the first-
line intravenous treatment, followed by quinine dihydrochlo-
ride as a second option also administered intravenously. The-

Table 3. Neural network results using modified holdout validation

number of validation PPV NPV

% % E (%
neurons group Se (%) Sp (%) (%) (%) &)
1 56 85 21 97 83
4
2 34 91 53 88 82
1 44 90 35 96 88
8
2 65 86 53 93 83
1 49 86 21 96 83
12
2 55 85 45 91 80
1 43 87 21 96 85
16
2 72 84 47 94 82
1 51 90 25 97 88
20
2 65 90 59 93 86
1 50 91 26 97 88
24
2 62 87 49 92 83

Notes: Se: sensitivity; Sp: Specificity; PPV: Positive predictive value; NPV:
Negative predictive value: E: Accuracy.
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Table 4. Neural network results using the proportional sample technique by
percentage

number of validation o PPV NPV
% % E (%
neurons group Se (%) Sp (%) () (%) %)

1 22 98 65 87 86

4
2 31 98 81 88 87
1 38 94 55 89 85

8
2 21 99 88 86 86
1 22 97 56 87 85

12
2 44 99 68 90 90
1 29 98 63 88 87

16
2 30 99 85 88 88
1 34 94 54 88 85

20
2 16 99 62 86 85
1 26 97 58 88 86

24
2 26 99 69 87 87

Notes: Se: sensitivity; Sp: Specificity; PPV: Positive predictive value; NPV:
Negative predictive value: E: Accuracy.

refore, accurate diagnosis is crucial to distinguish between
complicated and uncomplicated malaria, as treatment varies
in terms of antimalarial drugs, route of administration, and
hospital care. Any delay in referral or initiation of parenteral
therapy can significantly impact patient outcomes by redu-
cing complications™. In this context, a tool such as a neural
network can play a crucial role in preventing mortality, com-
plications, and unnecessary hospitalizations associated with
complicated malaria.

Regarding the neural network configuration that yielded the
best results according to the study’s objectives, an NN with
16 neurons in the hidden layer using the modified Holdout
technique with validation group 2 achieved the highest sen-
sitivity value (72%) and also generated a specificity value of
82%. Overall, irrespective of the validation group used, this
configuration consistently demonstrated superior sensitivi-
ty and specificity. Furthermore, it is noteworthy that there is
no linear relationship between the number of neurons in the
hidden layer and the increase in diagnostic metrics.

Regarding the validation group, it is evident that using group
2 consistently improves indicator values across all validation
techniques. Lower specificity values are observed with valida-
tion group 1, while higher sensitivity values are consistently
achieved with group 2. Finally, it is important to highlight
that the overall efficiency, assessed through all validation
techniques and varying numbers of neurons in the hidden
layer, ranges from a minimum of 79% to a maximum of 90%.
This underscores the effectiveness of the NN architecture, in-
cluding its input nodes, output nodes, and even with a mini-
mal number of neurons in the hidden layer.

Our sample may be unbalanced, which is normal due to the
prevalence of complicated malaria. The NN may have had a
bias towards classifying non-complicated patients, which is

reflected in the low and variable sensitivity values across all
the network architectures evaluated. Furthermore, we con-
ducted a second validation of the included variables, which
may be biased because the samples used for training were
also included in the system evaluation. While further studies
are needed to demonstrate the NN's impact on reducing
mortality in malaria patients, a well-trained NN using patient
data from various medical centers holds promise for impro-
ving prognostic classification and treatment outcomes:°,

As conclusions, in this study, a NN was assessed using four
validation techniques V-cross, random V-cross, modified
holdout, and proportional percentage sample to diagnose
complicated malaria. Sensitivity, specificity, and positive pre-
dictive values varied across techniques: V-cross and random
V-cross validation showed narrower sensitivity ranges with
strong specificities, while modified holdout validation exhi-
bited wider sensitivity variability. Optimal NN configurations,
such as the number of neurons in the hidden layer, varied
by validation group, highlighting the influence of dataset
partitioning on performance outcomes. Overall, these results
emphasize the NN's potential as a versatile diagnostic tool
for complicated malaria, warranting further optimization and
validation in diverse clinical settings.
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