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Background: Availability and opportunity of epilepsy diagnostic services is a significant
challenge, especially in developing countries with a low number of neurologists. The most
commonly used test to diagnose epilepsy is electroencephalogram (EEG). A typical EEG
recording lasts for 20 to 30 minutes; however, a specialist requires much more time to read it.
Furthermore, no evidence was found in the literature on open-source systems for the cost-
effective management of patient information using electronic health records (EHR) that
adequately integrate EEG analysis for automatic identification of abnormal signals.
Objective: To develop an integrated open-source EHR system for the management of the
patients’ personal, clinical, and EEG data, and for automatic identification of abnormal EEG
signals.

Methods: The core of the system is an EHR and telehealth service based on the OpenMRS
platform. On top of that, we developed an intelligent component to automatically detect
abnormal segments of EEG tests using machine learning algorithms, as well as a service to
annotate and visualize abnormal segments in EEG signals. Finally, we evaluated the intel-
ligent component and the integrated system using precision, recall, and accuracy metrics.
Results: The system allowed to manage patients’ information properly, store and manage
the EEG tests recorded with a medical EEG device, and to detect abnormal segments of
signals with a precision of 85.10%, a recall of 97.16%, and an accuracy of 99.92%.
Conclusion: Digital health is a multidisciplinary field of research in which artificial
intelligence is playing a significant role in boosting traditional health services. Notably, the
developed system could significantly reduce the time a neurologist spends in the reading of
an EEG for the diagnosis of epilepsy, saving approximately 65-75% of the time consumed. It
can be used in a telehealth environment. In this way, the availability and provision of
diagnostic services for epilepsy management could be improved, especially in developing
countries where the number of neurologists is low.

Keywords: clectroencephalogram, electronic health record, machine learning, diagnostic
support system, EEG, EHR

Introduction
Around 50 million people worldwide suffer from epilepsy, thus becoming one of
the most common neurological diseases around the globe.! Nearly 80% of people
with epilepsy live in low and middle-income countries (LMIC)." Higher incidence
in LMIC is likely due to exposure to the disease risk factors, eg, endemic infections,
injuries, socioeconomic factors, as well as lack of access to health care.”

The low availability of neurologists in LMIC causes some consequences such as
the low coverage of health services for epilepsy.> In Colombia, for instance, only
231 neurologists were available in 2011 (around one neurologist for every 200,000
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inhabitants),* while in the USA, the number of neurolo-
gists in 2012 was 16,366 (around one neurologist per
19,000 inhabitants).” The lack of available specialists in
LMIC affects the epilepsy diagnosis due to the complexity
and the required time to analyze the diagnostic test.

Epilepsy is more frequently in children than in adults.
The incidence of the disease in children under 18 years is
85.9 per 100,000, while in adults over 19 years is
64.81 per 100,000.° Generally, adults and children present
the same types of seizure, though some may be more
common in childhood than adulthood.” In addition, child-
focused detection of epilepsy allows early detection to
carry out adequate patient treatment during adulthood.
Despite of this, there is less research efforts focused on
epilepsy in children. Due to the above reasons we consider
important to focus our research on pediatric patients.

EEG is the most used test to confirm epilepsy cases.
Nevertheless, it has been demonstrated that it is possibly
managing epilepsy without EEG. Examples include guide-
lines from the National Institute for Health and Care
Excellence (NICE) covering diagnosis, treatment and man-
agement of epilepsy and seizures in children, young people
and adults in primary and secondary care.® Another example
is the classification of chronic epilepsy into focal and gen-
eralized cases reliably made in most patients based upon their
clinical information alone.” EEG is required to determine
seizure type enabling the correct prognosis, also to assess
the risk of seizure recurrence. Likewise, EEG is helpful when
epilepsy diagnosis is unclear after the clinical assessment is
performed or in case when surgery is necessary.”

EEG signals are collected by placing electrodes on the
scalp in order to record brain electrical activity.
Commonly, the specialist visually inspects the EEG signal
by pages (a page of EEG usually contains 10 seconds
recording), trying to identify abnormal segments in the
signal. The American Clinical Neurophysiology Society
recommends a minimum of 20 minutes of artifact-free
recording to evaluate baseline wakefulness, and the
International League Against Epilepsy recommends
recording at least 30 minutes. In line with these recom-
mendations, many routine EEG last 20-30 minutes.'’

In Colombia, routine EEG records last around 30 min-
utes, and these are interpreted by a neurologist in approxi-
mately 30-60 minutes because the specialist must read
each page carefully. In such a way, an EEG record has
around 180 pages, and each page contains the information
of several channels. Neurologists must determine any
abnormality in any of the channels. This reading must be

rigorous because some abnormalities such as spikes are
only 20-70 milliseconds in length and cannot get unno-
ticed. Commonly, an EEG test can contain several pages
without any abnormality. Hence, a neurologist spends
a great deal of time reading rigorously pages of the EEG
test that have no abnormalities. A system that prevents the
neurologist reviewing EEG pages without any apparent
abnormality, and that also alerts to the neurologist only
in the specific seconds in which there is possibly an
abnormality, is called a decision support system. That
system could support the diagnosis of epilepsy without
eliminating the essential role of a neurologist in reading,
revising, and providing a diagnosis based on the EEG
records.

Epileptic signals from EEG records are highly dynamic
and non-linear, which makes the visual inspection of spe-
cialists more complex. However, artificial intelligence (AI)
technologies, such as machine learning, are becoming
useful for identifying abnormal segments of EEG signals.

EEG waveform is considered abnormal when irregular
brain activity is detected on continuous intervals. The
abnormal EEG waveform is differentiated as epileptic
and non-epileptic seizures.'' Epileptiform transients such
as spikes and sharp waves are the inter-ictal (period
between seizures) marker of a patient with epilepsy and
are the EEG sign of a seizure focus.'? Therefore, the
identification of spikes in the EEG tests is relevant for
the diagnosis of epilepsy.

In addition to the EEG waveform, a patient’s informa-
tion management is significant to perform a more efficient
and accurate diagnosis and treatment of epilepsy or any
other disease. EHR systems facilitate proper management
of patient’s information.

The term EHR is widely used in many countries with
variations in its definition and scope. In order to ade-
quately describe the system proposed in this study, which
is constrained to clinical settings use, we use the generally
accepted definition of EHR as a longitudinal health record
managed by healthcare professionals during patients visits
to multiple healthcare facilities.'® In other words, EHRs
contain the medical history of the patient, which can be
retrieved at any time to support a clinical decision. It
might include information about patient’s illnesses, opera-
tions, medications, allergies, and lab results.'* EHR Sys-

tems have some benefits such as:!>!*

e Uniquely identified patients,
¢ Clinical documentation at the point of care,
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e Use of standard terminologies and vocabulary to
guaranty interoperability,

e Decision support and secondary data analysis,

e The efficiency of healthcare processes, including
increased cost-effectivity of clinical services.

There are a variety of platforms on the market that allow
the use of EHRs. However, especially in the context of
LMIC, “open-source” platforms must be available. In this
way, health care institutions dealing with EEG and epi-
lepsy management would not have to invest large amounts
of money in using private EHRs.

Lack of access to epilepsy health care in LMIC occurs
mainly in isolated rural areas, so telehealth and patient
scheduling are also essential aspects. Telehealth refers to
the use of medical (health) information that is exchanged
from one site to another through electronic communication
to improve a patient’s health.'> The objective of combin-
ing telehealth and patient scheduling is that trained per-
sonnel using certified EEG devices can reach specific rural
locations for taking diagnostic EEG tests. At the same
time, trained personnel can register EEG recordings and
patient information in an EHR system. Later, the medical
specialists (neurologists) can review the tests (usually in
medical centers of capital cities distributed throughout the
territory) and provide diagnostic results. Therefore, the
EEG tests and patient’s information must be appropriately
stored for secure remote access and management.

Currently, there are medical assistance systems, mainly
used in developed countries, which are responsible for
performing the analysis of an EEG in a short time and
issue an automatic diagnosis for the verification of the
specialist in neurology. The aim of our approach is not to
diagnose epilepsy automatically but to support the medical
specialist in the diagnostic process. Therefore, to eliminate
the time spent in the revision of EEG pages without
abnormal signals and directing the neurologist’s attention
to EEG pages where there are probable abnormalities to be
confirmed.

A variety of systems have been proposed in the litera-
ture that works as remote or telehealth platforms to con-
nect health care workers with medical doctors and to
transmit data from the patients to physicians.'®!” These
approaches also incorporate EHR systems but are not
focused on epilepsy management, so they do not provide
an EEG repository either allow automatic detection of
abnormalities in EEG records.

On the other hand, some approaches address the auto-
mated EEG-based epilepsy diagnosis or the automated
detection of epileptic seizures.'®2° However, these
approaches do not use EHR for the patient’s information
management. Additionally, some of them are not diagnos-
tic support systems. In the context of our work, specialists
consider that the contribution of neurologists in the diag-
nosis of epilepsy is not expendable. We highlight that the
procedure that we use for the feature extraction varies
concerning the three mentioned works. Besides, our work
is focused on the detection of ictal and inter-ictal spikes in
EEG records, not only on seizure detection.

Some other authors have analyzed epileptic EEG sig-
nals applying different features to differentiate normal
signals of ictal and inter-ictal signals.”' >* Still, they did
not consider abnormalities associated with epileptic
spikes. Our research explores these signals in the time
and time-frequency domains, with features based on
energy, entropy, and chaotic dynamic.

Finally, to the best of our knowledge, no system in the
literature integrates both a telehealth EHR system for
epilepsy management and an intelligent component to
identify epileptiform EEG events automatically.

This paper describes the implementation of an open-
source EHR and telehealth system for the management of
the patients” personal, clinical, and EEG data, appointment
scheduling, and the automatic identification of abnormal
EEG signals based on an intelligent component. This
system would allow the neurologist to perform epilepsy
diagnosis more efficiently and accurately, and it could
operate in a telehealth environment.

In the following sections, the methods and procedures
followed in system development are described; then, the
obtained results with the use of the system are shown;
finally, discussions, conclusions, and acknowledgments
are included.

Methods and Procedures

We performed the development of the system in three
stages. In the first stage, we developed the component
responsible for the management of patients’ personal and
clinical information, ie, the electronic health record (EHR)
system. This system was based on OpenMRS, open-source
software for building EHR systems. This first component
was developed, taking into account the type of EEG
recording device to be used and the file format of the
EEG record generated by the device.
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In the second stage, we developed an intelligent com-
ponent that allows the detection of abnormal signals in
EEG records using machine learning algorithms. Finally,
in the third stage, we integrated the intelligent component
into the EHR system, so the specialist could adequately
observe the detected abnormal segments.

The dataset used in the implementation of the intelligent
component was collected from 100 pediatric patients. The
human subjects study (collection of EEG records) was
reviewed and approved by the Ethical Committee of the
University of Cauca, Colombia (http://vri.unicauca.edu.co/

index.php/comite-de-etica), and the subjects signed informed

consent forms.

This article principally details what it is described in
stages two and three, because most of what it is described
in stage one, corresponds to previous work.** Once the
system was developed, it was evaluated using EEG
records collected from some patients.

The system development and evaluation stages are
described below.

Development of the EHR System
The development of this component is described in a previous
paper by some of the authors;** however, some relevant
details are given hereafter. To identify software requirements,
we did in-depth interviews with a neuro-pediatrician and an
EEG technician, as well as a visit to an EEG clinic. The
objective of the interview was to understand the conventional
procedure of collecting and managing both clinical and EEG
data in the context of the diagnosis of epilepsy, as well as to
know the needs of the neuro-pediatrician concerning the
diagnosis of epilepsy in a telehealth environment. As
a result of the in-depth interviews, system requirements
were identified, such as the patients’ personal (Figure 1) and
clinical (Figure 2) information to be collected.

Bahmni (https://www.bahmni.org) was used for the

EHR implementation; it is an open-source distribution of
the OpenMRS (http://www.openmrs.org) framework.

EHR Requirements

Functional requirements were described in detail using
“user stories”. System requirements include: management
of patients’ personal and clinical data, EEG records regis-
tration, results reporting of EEG tests, and appointments
scheduling and management. The system should allow
health workers (EEG technicians) to take EEG tests on
patients in different rural areas, and it also should allow
neurologists to review the patients’ personal, clinical, and

EEG data. In such a way, the system should allow
a telehealth service deployment.

The system’s user interface should be in Spanish
because this work is part of the NeuroMoTIC project,
developed by the University of Cauca, Colombia. The
project aims to propose and develop a system that allows
the collection, management, and classification of patients’
clinical information and EEG signals to support the diag-
nosis of epilepsy in rural areas in Colombia.

The system should differentiate three users. The first
user is the EEG technician (health care worker), who is
responsible for recording patients’ personal, clinical, and
EEG data, and for appointments management. The second
user is the neurologist, who inspects patients’ clinical data
and EEG tests to provide test results. The third user is the
system administrator, who creates and manages user
accounts for users to can access and use the system.

The EEG device chosen for signals recording was Brain
Wave II (BWII-EEG) from the provider Neurovirtual (Ft.
Lauderdale, FL, USA). This device record signals at
a sampling frequency of 200 Hz in 18 channels, and it can
export EEG records to EDF (European Data Format) file
format.

EHR Platform

This component was developed using the OpenMRS fra-
mework. OpenMRS is an EHR, open-source framework
written in Java programming language.*” It provides a data
model and an API (Application Programming Interface) to
access it. This system allows add-on modules created by
users to add or remove functionality from the system.
OpenMRS is the most used open-source EHR, and it also
has an active community of developers and support. This
system was selected as the EHR base system for imple-
mentation for the reasons mentioned above.

The open-source distribution of OpenMRS that we
used specifically was Bahmni. This distribution was built
as a JavaScript application on top of the OpenMRS data
model and API.

Development of the Intelligent
Component for Abnormal EEG Signals
Detection

The development of this component was divided into two
phases: training and testing. In the training phase, a model
was constructed using a training dataset, which allows
binary classification of EEG signals. In the testing phase,
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NEW PATIENT

Patient name
Gender

Age

Date of birth
ID Type

ID
Municipality
Address
Phone number
E-mail

Cellphone number

*  Fernando Sotelo
*  Male
*  Years 9 Months Days

21/02/2009
%* ID Card
* 1766652123
*  Popayan
* Calles#8-10
8223422

fernandoso@gmail.com

3112342345

Figure | Registration of patient personal data in the EHR system (fictitious data).

EEG Test

Weight (Kg) @ 28

Height (Cm) @ 125

Current medications

Health care provider

Clinic history

Type of EEG test

v Valproic acid
Carbamazepine
Phenobarbital

Lamotrigine

Asmet salud
Coomeva

v Saludvida

Sodium divalproate
v Oxcarbazepine
Levetiracetam

Primidone

Cafesalud
Emssanar

Sanitas

Magnesium Valproate
Phenytoin
Topiramato

Ethosuximide (3,4)

Caprecom

Nueva EPS

The patient has involuntary movements and loss of consciousness.

Awake

v Asleep

EEGrecord @

Visualize EEG test

Upload EEG file
Download EEG test

Figure 2 Registration of EEG and patient clinical data in the EHR system (fictitious data).
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the performance of the model was evaluated using
a testing dataset, ie, unseen data. Each of the two phases
had the following steps: dataset configuration, feature
extraction, training/testing, and evaluation. The mentioned
steps are detailed below.

Dataset Configuration

The EEG dataset was collected from 100 children, between
one month and 17 years old, with suspected epilepsy.
Following bioethics standards, informed consent was
obtained from patients’ carer before the EEG signals collec-
tion. The Ethics Committee approved the consent men-
tioned above of the Universidad of Cauca, Colombia. The
acquisition device was the BWII-EEG, and the used soft-
ware was BWAnalysis.?® A pediatric neurologist reviewed
each EEG test, and results were registered according to
events of interest (epileptiform abnormalities).

The abnormalities to be detected by the intelligent com-
ponent were spikes, poly-spikes, and spikes with slow-waves.
We could not take into account other abnormalities (such as
acute waves) because the dataset did not include them.

Each EEG test was segmented in windows of
one second (each window includes 200 samples, according
to the sampling frequency of the device).?” This window
duration was selected because the spikes are approximated
70ms time long. Besides, the window resolution allowed
that the signal processing could be performed in less than
three minutes (larger windows sizes could represent more
time in signal processing). Extracted segments were
divided into two groups:

e Training dataset (50 EEGs) with 1477 EEG seg-
ments, 845 normal, and 632 abnormal.

e Testing dataset (50 EEGs) with 370 EEG segments,
220 normal, and 150 abnormal.

Feature Extraction
The feature extraction was performed in the time domain,
frequency domain, and time-frequency domain. In the time
domain, the signals were analyzed only by its amplitude.
In the frequency domain, the Fast Fourier Transform
(FFT) was applied to the signals. Additionally, in the time-
frequency domain, the Discrete Wavelet Transform
(DWT) was used.

In total, 32 features were selected and used by the

described method (more details are presented in another

article by some of the authors).?® The principal selected

features were:

e In Time Domain: minimum, maximum, kurtosis,
energy, and Shannon entropy.

¢ In Frequency Domain: median.

e In Time-Frequency Domain: variance (cA4, cD4,
cD3), energy (cA4, cD4, cD3, ¢cD2), Shannon entropy
(cA4, cD4, cD3, cD2), activity (cA4, cD4), Henry
entropy (cD4, cD3, cD2, cDl1), Hurst exponent
(cD4), standard deviation (cD3, cD2), approximate
entropy (cD3), minimum (cD2, c¢D1), maximum
(cD2, ¢D1) and kurtosis (cD2). Note that cA and cD
stand for approximation coefficient and detail coeffi-
cient from DWT, respectively.

Training

Five different supervised classification algorithms were
implemented using the training dataset for constructing
the model for EEG signals classification. The implemented
algorithms were: multinomial logistic regression (MLR),
K-nearest neighbors (K-NN), random forest (RF), support
vector machine (SVM) and multilayer perceptron neural
network (MLP). The parameters were adjusted for each
algorithm, and the classification model was selected by the
10-folds cross-validation method.

Evaluation

The performance of the model was evaluated through the
confusion matrix and accuracy (Acc), precision (Pr), and
recall (r) metrics. As acceptance criterion, the evaluated
model must have a high recall, to reduce the probability
that the component does not detect some signals in the
EEG records that are effectively abnormalities.

Integration of the Intelligent Component
into the EHR System

The developed intelligent component receives as input
(sent from the EHR system) the EEG test file in EDF
format, this file has a duration of 30 minutes. Then, it is
processed for approximately three and a half minutes.
Finally, the intelligent component delivers, as a result, an
EDF file with annotations containing information about
the EEG abnormalities found, detailing the channel, and

the exact second in which they were presented.
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The intelligent component was developed using the
Python programming language, and it was deployed as
a web service. This web service can be consumed by the
EHR system to analyze an EDF file (EEG record) and get
this file annotated with the abnormalities found. In such
a way, the EHR system can graphically present to the
neurologist the segments of the EEG record that were
identified as abnormalities.

Evaluation of the Integrated System

Fifty EEG tests were used to evaluate the integrated sys-
tem. These tests are different from those utilized in the
training and evaluation phases of the development of the
intelligent component.

First, the automatic analysis of EEG records was per-
formed by the intelligent component. Then, the abnormal-
ities identified by the component were visualized and
confirmed or rejected by a neurologist.

It should be taken into account that some of the identi-
fied abnormalities may correspond to the same instant of
time (in different channels); therefore, the number of sig-
nal segments that the neurologist should check is com-
monly less than the number of identified abnormalities.

Results

Next, the EHR and telehealth system for the management
of clinical data and automatic detection of abnormalities in
EEG tests is presented, as well as the results obtained in
the training and evaluation phases of the development of
the intelligent component. Finally, we report the integrated
system evaluation results.

EHR System for Clinical Data
Management and Automatic Detection of
EEG Abnormalities

System Architecture

The architecture of the entire developed system is pre-
sented in Figure 3. The main functionalities of the system
are described in the next sections.

Registration of Patient Data and EEG Tests

Initially, a technician (health care worker) registers the
patient personal data in the EHR system (Figure 1).
Afterward, the technician records the EEG signals from
the patient using the BWII-EEG medical device and the
BWAnalysis software. After the EEG signals have been
collected, the technician registers the patient clinical infor-
mation, and upload the EDF file (EEG record) in the
system (Figure 2). At this stage, the clinical data and the
EEG test is available in the system for revision by
a neurologist in a telehealth context if needed.

Reading and Analysis of EEG Tests

Once the technician has recorded an EEG test, the neurol-
ogist can access the patient’s personal, clinical, and EEG
data through the EHR system. The neurologist can read the
EEG record page by page. However, instead of doing that,
the neurologist also can use the analysis feature, which is
performed by the intelligent component.

When using the analysis feature, the system automati-
cally identifies abnormalities in the EEG record. The ana-
lysis of a 30-minutes EEG test lasts approximately 3.5
minutes. When the analysis is finished, the system presents

Clinical and EEG

Client (User’s computer)

Web server (CentOS)
HTTP

data management

EHR System
~| (HTML5, JavaScript, AngularJS) |e

Intelligent component
(REST API, Python)

-| HTTP

. BWAnalysis » Apache Web Server
User Start, stop EEG (Software for EEG recording)
recording v
OpenMRS Server
v (REST API, Java)
BWII-EEG
(EEG device) v

Figure 3 Architecture of the entire system.

OpenMRS Data Base
(MySQL)
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graphically to the neurologist a list of each abnormality
identified, detailing the second and channels where it
occurred (Figure 4). The EEG analysis feature allows
a neurologist to visualize EEG abnormality alerts in
order to confirm or reject them.

The neurologist can register annotations in the EHR
system such as normal body movements, blinking, or
abnormal signals related to epilepsy, while he/she is read-
ing the EEG test.

EEG Reporting

Once the EEG test revision is completed (page by page
revision or alerts revision) the neurologist can register an
EEG results report. This report describes the neurologist’s
revision concept of the EEG test (normal or abnormal
EEG) and whether or not the patient has suffered epileptic
seizures during the test. The neurologist can download the
report as a PDF file.

Appointments Management

The system allows a technician to define the services
provided by the health care institution, ie, dates, locations,
and opening and closing hours for EEG tests service. It
also allows a technician to schedule an appointment for
EEG tests, registering in the system appointment data such
as patient information, location, date, and time. This fea-
ture is especially useful if the system is intended to be
used in a telehealth environment.

2019-09-20 02:56:04

A

02:56:06 - 02:56:08

Figure 4 Visualization of abnormal EEG signals found by the intelligent component.

Table | Training Metrics of Machine Learning Algorithms by 10-
Fold Cross-Validation Method

Training Data

Model Recall (%) Accuracy (%) Precision (%)
MLR 94,31 £ 1,81 94,65 + 1,68 94,80 * 1,67
K-NN 95,95 + 1,57 96,28 + 1,38 96,50 + 1,23
RF 96,53 £ 1,15 96,67 £ |11 96,69 + 1,14
SVM 94,82 + 1,27 95,12 £ 1,20 95,28 + 1,26
MLP 97,09 £ 1,03 97,22 £ 1,03 97,26 £ 1,10

Abbreviations: MLR, multinomial logistic regression; K-NN, K-nearest neighbors;
RF, random forest; SVM, support vector machine; MLP, multilayer perceptron neural
network.

Training and Evaluation Results of the
Intelligent Component for Abnormal EEG

Signals Detection
Through the method of 10-fold cross-validation applied to the
training dataset, it was obtained the recall (r), accuracy (Acc),
and precision (Pr) metrics of the trained models. The best
model was obtained with the training of the Multilayer
Perceptron Neural Network (MLP). The results are presented
in Table 1. According to Table 1, the MLP model presented the
highest levels of precision, accuracy, and recall in the training
phase.

Furthermore, the evaluation of the models was per-
formed using the testing dataset, calculating the confusion
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Confusion Matrix
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- 75
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- 25
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@@@

Predicted

Figure 5 Confusion matrix of MLP model.

matrix (Figure 5), and the same performance metrics as the
training phase (Table 2).

Multi-layer Perceptron (MLP) is a supervised learning
algorithm that learns the function shown in Equation 1 by
training on a dataset, where m is the number of dimensions
for input and o is the number of dimensions for output.

SC):R" = R (M
Given the set of features shown in Equation 2 and a target

Y, the MLP algorithm can learn a non-linear function

approximator for either classification.

Table 2 Evaluation Metrics of Machine Learning Algorithms

Test data

Model Recall (%) Accuracy (%) Precision (%)
MLR 96,54 96,75 96,73

K-NN 97,86 97,83 97,67

RF 97,32 97,56 97,63

SVYM 96,64 96,75 96,64

MLP 95,81 95,40 94,95

Abbreviations: MLR, multinomial logistic regression; K-NN, K-nearest neighbors;
RF, random forest; SVM, support vector machine; MLP, multilayer perceptron neural
network.

X = X152 X )

The MLP algorithm is made of an input layer with several
nodes equal to the number of features, and a hidden layer
where the values of the previous layer are transformed into
a weighted linear sum, followed by a non-linear activation
function. It also contains an output layer, which receives
the values of the hidden layer and transforms the output
values.”

In this work, the Limited-Memory-Broyden—Fletcher—
Goldfarb—Shanno (LBFGS) method was applied for train-
ing of MLP algorithm, with the Relu activation function,
a tolerance of 1 x 10>, one hidden layer, and 29 neurons.

Evaluation of the Integrated System

The system performance was evaluated by comparing
the EEG abnormalities detected by the component ver-
sus the abnormalities found by the neuro-pediatrician.
For this evaluation, 50 EEG tests that were not used in
the training and evaluation phases of the classification
model were used. 49 of 50 tests were normal, only 1 of
them was abnormal. The results are presented in Tables
3 and 4.
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Table 3 Evaluation of the Integrated System Concerning Neuro-
Pediatrician Revision of EEGs (Normal Tests)

Table 4 Evaluation of the Integrated System for Neuro-
Pediatrician Revision of EEGs (Abnormal Test)

Exam number Accuracy (%) Exam number | Recall (%) | Accuracy (%) | Precision (%)
| 99,97 50 85,10 97,16 99,92
2 99,69
3 96,66
4 99,25 The intelligent component was evaluated using only the
3 98,96 accuracy metric on the normal EEG tests because they did
67’ :Z’j; not have abnormalities. The average accuracy was 99.24%,
8 99:97 and the average error was 0.077% (Table 3). On the other
9 99,45 hand, the precision, recall, and accuracy metrics were calcu-
10 99,01 lated on the abnormal EEG test. As a result, the system was
I 99,79 able to identify 588 abnormal segments due to the high recall
12 99,52 design. Only 39 false negatives were detected, representing
:j :3‘7’9 an error of 0.08% (Table 4).
15 99,69 Additionally, the time spent by the neurologist at read-
16 99,67 ing the abnormal signals detected in EEG records by the
17 98,65 intelligent component was measured. This time was com-
18 99,91 pared to the time a neurologist takes to read a complete
19 99.71 30-minute EEG test, ie, 30—60 minutes.
i? ZZZ; The time the neurologist spent to read an EEG test
2 99:57 using the system described is 10—15 minutes. The compar-
23 99,36 ison between the two revision approaches showed an
24 99,3 average saving of approximately 65-75% of the time
25 98,54 when the EEG analysis feature of the EHR system is
26 99,96 used. This saving of time is significant enough to achieve
i; Z:;i improvements in the availability and opportunity of the
29 97.36 epilepsy diagnostic service.
30 98,7
31 99,1 Discussion
32 99,85 We have described the implementation process of an open-
33 99.2 source EHR system for the management of patients’ per-
34 98,17 .. . . . .
35 99.42 sonal and clinical information related to epilepsy, appoint-
36 98,75 ment scheduling, EEG data, and the intelligent detection of
37 98,77 abnormal segments in EEG records. This system has been
38 98,81 proved to allow neurologists to perform the identification
39 99,29 of abnormal signals with an average accuracy of 99.24%
40 99,48 in normal EEG tests and 99.92% in abnormal EEG tests.
41 98,88 .. .
o 99.51 Some preliminary results demonstrate that the neurologist
43 98,44 could reduce the time to read an EEG by 65%—75%. This
44 99,08 reduction in time occurred because the neurologist did not
45 99,89 have to invest time reviewing large sections of an EEG test
46 99,65 that had no apparent abnormality. Instead, the neurologist
47 99,76 revision could be focused on the abnormal segments auto-
:z :Z:‘;z matically detected by the analysis feature of the EHR
system.
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The developed system has relevant functionalities that
facilitate the management of epileptic patients’ informa-
tion, and it also supports the diagnostic process making it
more efficient. However, we consider that the system has
some aspects of being improved, which are discussed
below.

It is crucial that the system can identify all types of
abnormalities, which requires a dataset that includes
abnormalities such as sharp waves and other types of
abnormalities that have not been analyzed so far. With
the dataset mentioned above, it would be possible to adjust
the intelligent component model and allow the detection of
all types of abnormalities. However, the inclusion of new
types of abnormalities could affect the percentage of sys-
tem detection errors.

Although the percentage of error in the detection of
abnormalities can be considered relatively low (0.08%), it
is essential to identify some aspects that could improve
accuracy, such as a change in the features extraction pro-
cess. The detailed analysis of the false positives in the
detection, in a considerable number of EEG, can help to
identify these aspects to improve.

It is also important to mention a technical problem
identified in the operation of the system. Occasionally,
the neurologist may request the technician to take an
EEG with different configurations (regarding the quantity
and location of the sensors on the patient). The informa-
tion on the configuration of the used assembly at the time
of taking the EEG is not included in the EDF file (EEG
record) that is generated through BWAnalysis, the record-
ing software of the EEG device. For this reason, to achieve
proper functioning of the intelligent component, it is
necessary that before generating the EDF file in the
recording software, the technician previously selects the

2

type of assembly called “banana.” This restriction is
necessary to take it into account when operating the sys-
tem and try to solve it in another way later; it is an
integration problem that will arise in any specific EEG
device configuration.

It would also be worthwhile to be able to carry out
subsequent experiments with a higher number of neurolo-
gists. This because the reading of the EEG tests was made
only with the participation of a neuro-pediatrician, which
can skew the obtained results. The participation of a more
significant number of neurologists in another experiment
would give the system greater reliability.

The multidisciplinary approach that we used in our
work involved the collaboration between a computer

scientist and a neurologist in the process of epilepsy diag-
nosis. We were able to understand that the system was not
focused on trying to perform an automatic diagnosis of
epilepsy because this requires a much higher scope than
the one proposed in this work. The developed system
allows the neurologist to focus her attention on the sec-
tions where there is an abnormality to confirm or rule
it out.

We consider it is essential to mention that the auto-
matic, online, and real-time detection of the abnormalities
of an EEG in our system could be possible, because the
detection made by the system is done with short segments
of the signal, lasting one second. The restriction for this
functionality is because the user interface of the EEG
device generates the EDF file once the EEG exam is
finished. Possibilities should be evaluated, with a new
version of the selected EEG device, or with other devices,
or with another integration process, to ensure that the
signal can be analyzed segment by segment in real-time.

The developed system was designed to operate in
a telehealth context, more precisely in a Tele-EEG service.
Tele-EEG refers to the transmission of EEG recordings to
a distant center for remote interpretation; this transmission
could be done off-line (transmission of EEG as complete
file) or on-line (transmission of EEG in real-time).***! In
such a way, the proposed system also fits into a Tele-EEG
system category.

As mentioned earlier, the developed system could be
extended to include real-time transmission and analysis of
EEG segments supported on Artificial Intelligence (AI)
algorithms. This extension could enable additional Tele-
EEG applications and services, ie, to monitor seizures in
a natural environment, operating theatre, or intensive care
unit (ICU).*" The real-time analysis could improve the
decision-making process of neurologists to identify abnor-
mal segments.

There are many works describing approaches for auto-
matic seizure detection using Al. Some of them state that
their approaches are enabled to support tele-EEG systems.*
These approaches can analyze EEG records off-line to
provide automatic seizure detection. In another way, several
semi-automatic detection algorithms are available on con-
tinuous EEG monitoring devices to facilitate the interpreta-
tion of EEG.>* These devices and algorithms can be used in
a tele-EEG context for on-line analysis. Some works con-
firm the relevance of using automatic seizure detection in
tele-EEG systems for seizure recognition and classification,
seizure prediction, pathological pattern detection, and
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automated alerts.**>*>° Bearing in mind what described
above, it can be concluded that Al can play an essential
role in the improvement of tele-EEG services.

As future work, we propose the possibility of training
health workers in rural areas to record the EEG tests.
Training in basic computer skills is also necessary.’’*®
Additionally, we propose carrying out campaigns in rural
areas to move an EEG device temporarily, since due to the
high costs of the device, it is not possible to keep it in the
health centers of these areas. In this way, when the EEG
device is transferred to rural areas, trained personnel will
be available to take the EEG tests to patients in the area,
making possible the operation of telehealth services; these
tests will be scheduled in advance.

Conclusion

The developed system allows the adequate management of
patients’ personal, clinical, and EEG information (using
open-source EHR technology). It also performs automatic
detection of abnormalities in EEG exams with a precision
of 85.10%, a recall of 97.16%, and an accuracy of 99.92%,
which helps to speed up the diagnostic process of epilepsy
disease, by reducing the required time by neurologists to
review EEG exams.

The selected algorithm for the intelligent component of
the system was MLP, which produced the best results.

The evaluation of the integrated system made it possi-
ble to identify that a neurologist could significantly reduce
the reading time of an EEG for the diagnosis of epilepsy,
saving approximately 65-75% of the time. The above,
considering that he/she should no longer read all the seg-
ments of the EEG, but only the abnormal segments that
our system identifies automatically.

The use of our system to support the diagnostic pro-
cess, not only improves the efficiency in the performed
process by neurologists (reducing the time required to
review an EEG and giving them the possibility to review
a higher number of EEG exams in a specific time). It also
provides the possibility that neurologists can review some
EEG exams in other locations at regional, national or
international levels. Therefore, the system can be used in
a telehealth environment where it is possible to access
remotely to the clinical and the EEG data.
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