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ABSTRACT
Objective: Sleep is a natural activity of humans that affects physical and mental health;
therefore, sleep disturbance may lead to fatigue and lower productivity. This study exam-
ined 1 million samples included in the Taiwan National Health Insurance Research Database
(NHIRD) in order to predict sleep disorder in an asthma cohort from 2002–2010.
Methods: The disease histories of the asthma patients were transferred to sequences and
matrices for the prediction of sleep disorder by applying machine learning (ML) algorithms,
including K-Nearest Neighbors (KNN), Support Vector Machine (SVM), and Random Forest
(RF), and deep learning (DL) models, including Recurrent Neural Network (RNN), Long Short-
Term Memory (LSTM), Gated Recurrent Units (GRU), and Convolution Neural Network (CNN).
Results: Among 14,818 new asthma subjects in 2002, there were 4469 sleep disorder sub-
jects from 2002 to 2010. The KNN, SVM, and RF algorithms were demonstrated to be suc-
cessful sleep disorder prediction models, with accuracies of 0.798, 0.793, and 0.813,
respectively (AUC: 0.737, 0.690, and 0.719, respectively). The results of the DL models
showed the accuracies of the RNN, LSTM, GRU, and CNN to be 0.744, 0.815, 0.782, and
0.951, respectively (AUC: 0.658, 0.750, 0.732, and 0.934, respectively).
Conclusions: The results showed that the CNN model had the best performance for sleep
disorder prediction in the asthma cohort.

ARTICLE HISTORY
Received 6 September 2019
Revised 20 December 2019
Accepted 9 March 2020

KEYWORDS
Sleep disorder; asthma;
machine learning;
deep learning

Introduction

In recent years, the era of the fourth industrial revolu-
tion has been touted to be upon us, with the rise in
intelligent manufacturing processes and the expansion
of many technologies (1–3) and scientific fields such
as big data, Internet of Things (IoT), Artificial
Intelligence (AI), and technologic applications in
health care (4–7). AI was founded in 1956, but has
been practically applied and its power developed in
recent years. Its use has exploded since 2015 with the
development of the graphics processing unit (GPU),
which enables faster, more powerful, cheaper, and
broader parallel processing (8). AI has many successful
applications, such as face recognition by Facebook (9),
AlphaGo of Google (10), and product recommenda-
tions by Amazon (11). With the boom in big data has
arisen an increasing demand for improved analysis
and predictive methods. In fact, machine learning
(ML), a subfield of AI, with many algorithms such as

K-Nearest Neighbors (KNN), Support Vector Machine
(SVM) and Random Forest (RF), can adjust itself
through structured data toward better results without
the need for human interference. These ML models
have increasingly shown superiority in terms of per-
formance. In addition, deep learning (DL), a subset of
ML, consists of many neural network layers to imitate
the functions of the neural network in the human
brain. Models using traditional ML algorithms or
deep neural networks are built through training on
useful characteristics extracted from data.
Furthermore, the advent of DL technology has over-
come some limitations of traditional ML techniques,
and DL can be deployed to build even better predict-
ive models (12–16). ML and DL techniques have been
implemented in recent years for the analysis of vari-
ous types of data, such as electronic health records,
imaging, -omics, sensor data, text data for automated
disease detection and prediction to improve health-
care, medical services, and quality of human life.
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When human health is being considered, we need
to assess physical activities, sleep quality, and diseases,
as many studies have indicated that physical activities
and sleep affect physical and mental health (17–21).
Sleep is typically a natural action of humans, compris-
ing two states: rapid eye movement (REM) and non-
REM (NREM) (22). When people sleep, they will not
respond to the environment, a reversible behavioral
state of perceptual disengagement (23), and sufficient
sleep is required to recover and maintain health. Sleep
deprivation may negatively impact cognitive health
functioning as well as physical health (24), and in
more serious cases sleep disorder is diagnosed.
Previous studies indicated that there are many internal
and external factors that affect sleep quality, such as
sleep environment, events, and diseases. One disease
that affects sleep quality is asthma, as attacks incite
breathlessness, wheezing and obstructive sleep apnea,
resulting in difficulty in getting to sleep (25,26).
Therefore, this study applied ML and DL for the pre-
diction of sleep disorder in an asthma cohort based
on their disease history from 2002–2010. When sleep
disorder is predicted in patients with asthma at an
early stage, better treatment choices are available, and
health can be improved.

Materials and methods

Sleep disorder

Sleep disorder is a disease related to problems such as the
timing, quantity, and quality of sleep. Patients with sleep
disorder have difficulty falling asleep, with no apparent
cause, and the disorder may disturb normal physical,
mental, social and emotional functioning (27). This dis-
ease may affect safety, as well as quality of life, including
the patient’s ability to drive safely, and may increase the
risk of development of other health problems (28,29).

Recurrent neural network

Recurrent Neural Networks (RNNs) are a type of arti-
ficial neural network, the essence of which is that they
employ recurrence, basically using information from a
previous forward pass over the neural network. RNNs
are flexibly applied for speech recognition (30), lan-
guage modeling (31), language translation (32), image
captioning (33) and healthcare (34).

Some special kinds of RNN are Long Short-Term
Memory (LSTM) and Gated Recurrent Units (GRU),
which were introduced in 1997 (35,36) and 2014 (37,38),
respectively. LSTM can remember information for
long periods of time, while RNN may not be able to

remember for such a long time (39). While standard
RNNs have a simple structure, such as a tanh layer,
LSTM has four different structures that interact in a
special way. LSTM has the ability to remove or add
information to the cell state by gates. Gates are com-
posed of a sigmoid layer (forget gate layer) and a
pointwise multiplication operation. GRU is a variation
of LSTM in which the forget gate is combined with an
input gate to form a single “update gate”. The cell state
is also combined with a hidden state. GRU often yields
better performance for analysis of smaller datasets (40).

Convolutional neural network

Convolution Neural Network (CNN) is a type of arti-
ficial neural network that has been applied to many
areas, such as computer vision, recommender systems,
and natural language processing. A CNN consists of a
number of convolutional and subsampling layers,
optionally followed by fully-connected layers (41).
Convolution is a mathematical operation to merge
two sets of information. In this case, the convolution
is applied to the input data using a convolution filter
(kernel) to produce a feature map. The kernel is slid
on input data with element-wise matrix multiplication,
and the result is summed at every respective location.
After a convolution operation, an m subsampling
operation via a pooling layer is performed to reduce
the number of parameters. The most common type of
pooling layer is max pooling, which means taking the
max values in each pooling window. The convolution
and pooling layers extract features and reduce the
number of parameters from the input data. After that,
fully-connected layers are applied, and outputs corre-
sponding to the number of classes that it needs to
classify are generated (42–44).

Data source

This study used a Taiwan National Health Insurance
Research Database (NHIRD) dataset that included
1,000 000 random samples from approximately 27.38
million contained in the Registry of Beneficiaries (ID)
in 2010. No significant differences in gender distribu-
tion were noted between the population data and the
sampling data (45–49) (data approval number: NHIRD-
104–183). Retrospective records of the one-million sam-
ples obtained in 2010 were retrieved from 2000 using
the Longitudinal Health Insurance Database (LHID).

The aim of the study was to build a sleep disorder
prediction model for patients for use from the first
time they were diagnosed with asthma. We therefore
analyzed asthma subjects that were newly-diagnosed in
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2002, but excluded asthma subjects already diagnosed
in 2000 and 2001. These new asthma subjects were
studied prospectively during the period of 2002–2010
to form a new asthma fixed cohort for the prediction
of sleep disorder. Asthma and sleep disorder were iden-
tified according to the International Classification of
Diseases Revision 9 (ICD-9) codes 493x and 7805x,
respectively. For asthma patients diagnosed with sleep
disorder, the history of diseases included all diseases
(ICD-9: 001–999) diagnosed prior to sleep disorder,
while for asthma patients not diagnosed with sleep dis-
order, all diseases diagnosed from 2002 to 2010 were
included in the disease history (Figures 1 and 2).

Data processing

Transforming disease histories to sequences
Patients were diagnosed with diseases by doctors based
on their symptoms and from the results of examina-
tions such as ultrasound, x-ray and CT. Sometimes, it
is necessary to consider a patient’s disease history in
order to diagnose new diseases. Many diseases are life-
threatening, but are very difficult to treat, or cause
severe sequelae such as stroke and cancer; however, if

these diseases are predicted at an early stage, and a
warning is given, the chances of prevention or success-
ful treatment are increased. Indeed, there are many
methods by which to predict the onset of a disease,
such as examinations, prognosis, and diagnosis, espe-
cially based on the disease history of the patient.
Therefore, in this study, we proposed a prognostic
approach based on patient disease history using
NHIRD data and a deep neural network.

In the NHIRD, the International Classification of
Diseases, ninth revision, Clinical Modification (ICD-
9-CM) codes for diagnosis are used, which classify
by disease groups 001 to 999, V01–V91, and
E000–E999 (50). We used the disease group including
001 to 999, with a total of 999 disease groups. The dis-
ease codes of each patient were reorganized into a

Sleep disorder 
(ICD: 7805x) 

Yes 

No 

LHID2010 data-subset: One million beneficiaries enrolled in year 2010 randomly sampled 
from the year 2010 Registry for Beneficiaries (ID) of the NHIRD 
(LHID2010 were retrospectively during the period of 2000-2009) 

New asthma patients (ICD9: 493x) in 2002 
N=14,818 (Male: 7412, Female: 7406)  

27.38 million beneficiaries of Taiwan’s NHI and foreigners in 2010  

Exclude patients with asthma in 2000 - 2001 

Collected all diseases (ICD9: 001 - 
999) from 2002 to 2010 

Collected all diseases (ICD9: 001 - 999) 
before sleep disorder 

95% of the distribution of NTD in history 
N= 14,061 (Male: 7049, Female: 7012, Sleep disorder: 4059) 

New asthma cohort in 2002 
N=14,788 (Male: 7398, Female: 7390; Sleep disorder: 4469) 

Figure 1. Study sample flowchart.

01022002

Sleep disorder

Sleep disorder

01022002 Non -sleep disorder

Disease history

Disease history

Figure 2. History of disease.
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sequence for application of the RNN. Table 1 presents
the examples of patients P1 and P2, who were diagnosed
with diseases over a period of time with three main
disease codes (ACODE_ICD9_1, ACODE_ICD9_2,
ACODE_ICD9_3), along with the dates on which the
patients were diagnosed (FUNC_DATE).

The disease histories of the patients were sorted by
date (FUNC_DATE), and the numbers of the first
three disease codes were transformed into a sequence.
The order of the disease codes was ACODE_ICD9_1,
ACODE_ICD9_2, ACODE_ICD9_3, following the date
values in the FUNC_DATE column (P1: 368 465 368
571, label: 1; P2: 682 616 465 536 … 703, label: 0).

Transforming disease histories into matrices
NHIRD data were embedded into 2D matrices n�m,
in which n was the number of months from January
2002 to December 2010, and m was the number of
the ICD-9 code third group (50) based on three digits
from 001 to 999. The values of data xt,i (t 2 n, i 2 m)
were calculated as 0 or 1 based on the diagnosis of
disease i at time t.

For example, a patient was diagnosed with a dia-
betic disease (ICD-9¼ 250x) on 2002/01/06 and 2005/
02/17. Here, we used the monthly time dimension, so
the cell at row 1 (2002/01) and row 48 (12 � 3þ 2) of
column 250 (diabetic disease code) will be 1.

Statistical analysis

Besides using SPSS Ver.22 to perform statistical meth-
ods for the analysis of data, we also used ML methods
to evaluate the performance of the models. Some stand-
ard coefficients were employed, including accuracy
(Acc), sensitivity (Sen), specificity (Spec), Matthews’s
correlation coefficient (MCC), precision (Pre), F1 Score

(F1), area under the curve (AUC), true positive (TP),
false positive (FP), true negative (TN), and false nega-
tive (FN) values.

Sensitivity ¼ TP
TPþ FN

(2)

Specificity ¼ TN
TNþ FP

(3)

Accuracy ¼ TPþ TN
TPþ FPþ TNþ FN

(4)

MCC ¼ TP� TN� FP� FNffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiðTP þ FPÞðTP þ FNÞðTN þ FNÞðTN þ FNÞp
(5)

Precision ¼ TP
TPþ FP

(6)

F1� Score ¼ 2TP
2TPþ FPþ fn

(7)

There are different ways in which to implement a
DL model. However, building a DL model with a
large training dataset requires a high-performance
system and takes a long time. In this study, the DL
model was implemented using Python 3.6 (open-
source projects) with Anaconda 1.9.2, TensorFlow
1.11, Keras (51) and GPU: ROG-STRIX-GTX1080TI-
O11G-GAMING, CPU: Intel Core i7 Processor 7700
in Ubuntu 18.04.1 LTS operation system environ-
ment. The dataset was partitioned into the training
part (67%) and testing part (33%) using scikit-
learn 0.21.2.

Ethical approval and consent for participation and
publication

This study was approved by the Institutional Review
Board (IRB) of Taipei Hospital, Taiwan, certificated
by the Ministry of Health & Welfare, Taiwan (IRB
approval number: TH-IRB-0015–0003).

Results

Demographic characteristics of the new asthma
cohort in 2002

Of the one-million random samples in the NHIRD in
2010, there were 14 818 new asthma subjects (asthma

Table 1. A sample of diagnostic histories in NHIRD.
ID FUNC_DATE ACODE_ICD9_1 ACODE_ICD9_2 ACODE_ICD9_3

P1 20020208 36813
P1 20020402 4659
P1 20020408 36813
P1 20020430 5719 7805
P1 … … … …
P1 20020715 36813
P2 20020230 6829
P2 20020324 61611
P2 … … … …
P2 20021230 4659 5369 7031

xt, i ¼ 1 : if the patient was diagnosed with disease i at time t
0 : if the patient was not diagnosed with disease i at time t

�
(1)
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subjects who were diagnosed in 2002, excluding those
already diagnosed in 2000 and 2001) and 741 135
non-asthma subjects in 2002. Among this new asthma
cohort, there was a significantly higher proportion
(30.52%, p< 0.001) of children, but there was no sig-
nificant difference in gender (50.02% male, 49.98%
female, p< 0.001) (Table 2).

In the new asthma cohort of 2002, 4469 subjects
were diagnosed with sleep disorder from 2002 to
2010, increasing year after year from 8.29% in 2002 to
10.21% in 2010 (Table 3). In particular, a greater pro-
portion of female asthma patients (61.58%) were diag-
nosed with sleep disorder. However, after the data
were filtered by 95% of the distribution of the number
of times disease was recorded (NTD) from 2002–2010,
4059 (female, 62.16%) asthma patients were diagnosed
with sleep disorder (Table 4).

Sleep disorder prediction in the new asthma
cohort from 2002–2010

Distribution of sleep disorder in the new
asthma cohort
The new asthma cohort was used to predict sleep dis-
order using the DL model. However, the distribution
statistic of this group showed many outlier values.
Accordingly, we filtered the dataset by using 95% of
the distribution of data for elimination of outlier val-
ues. After filtering out 95% of the distribution of the
NTD, the new asthma cohort contained 4059 asthma
subjects with sleep disorder and 10 002 asthma sub-
jects without sleep disorder (Table 5). The NTD
according to records of disease history ranged from 8
to 723 diseases (8–722 for sleep disorder and 8–723
for non-sleep disorder), with a mean of 140.21 (SD:
134.68) and a median of 97 for sleep disorder, and a
mean of 224.99 (SD: 145.16) and a median of 191 for
the non-sleep disorder group (Table 5).

Sleep disorder prediction in the new asthma cohort
based on the sequence of disease history
The datasets for ML and RNN, LSTM and GRU were
built from the disease history of the asthma patients
as a sequence of ICD-9-CM codes. For sleep disorder
subjects, the data included all diseases prior to the
diagnosis of sleep disorder. Contrarily, for subjects
without sleep disorder, the data included all ICD-9-
CM codes for diseases. The disease history of each
new asthma patient was transferred to a sequence of
text, with a label value of 0 (non-sleep disorder) or 1
(sleep disorder). The sequence of ICD-9-CM codes
was split into 2 parts: 67% for the training, 33% for
the test. The KNN (number of neighbors k¼ 30),
SVM (kernel ¼ ‘rbf’, c ¼ 0.001), and RF (number of
estimator trees n¼ 50) algorithms indicated an accur-
acy of 0.798, 0.793, and 0.813, respectively; while the
AUC values were 0.737, 0.690, and 0.719, respectively
(Table 6).

The sequence of disease history of the new asthma
cohort from 2002–2010 was transformed into a vector
with 300 dimensions by embedding a layer of Keras
before being placed into the RNN, LSTM, and GRU
layers. The results of these three models showed the
accuracies of the RNN, LSTM, and GRU to be 0.744,
0.815, and 0.782, respectively (MMC: 0.343, 0.533,
0.469; AUC: 0.658, 0.750, 0.732, respectively)
(Table 6).

Sleep disorder prediction in the new asthma cohort
based on the matrix
The new asthma cohort data were preprocessed before
being placed into the CNN model. Each subject was
transformed into a 108� 999 matrix (108months, 999
ICD-9-CM codes). The labels were defined by [0, 1];
value 0 represented asthma patients without sleep dis-
order from 2002 to 2010, while value 1 represented
asthma patients with sleep disorder in the same
period. When a patient was diagnosed with sleep dis-
order, the label value would be set to 1, and all the
disease history would be set to 0. All 2D matrices of
all asthma patients were converted into a 1D matrix
(108� 999) and stored in a file for training and test-
ing of the CNN models. We employed three models
CNN1, CNN2, CNN3, with accuracies of 0.943, 0.951,
and 0.923, respectively, and AUC values of 0.926 (95%
CI: 0.920, 0.938), 0.934 (95% CI: 0.925, 0.942), and
0.885 (95% CI: 0.874, 0.897), respectively (Table 6).
The CNN2 model had the highest performance, with
a structure consisting of an input layer (108� 999),
three 2D convolution (Conv2D) layers with ReLU
activation function, kernels ((5� 5) – (3� 3) –

Table 2. Demographic characteristics of new asthma cohort
in 2002.

New asthma patients in the year 2002

Asthma Non- Asthma

N % N % Chi-Square Test

Subject 14,818 100.00 741,135 100.00
Gender
Female 7,406 49.98 386,146 52.10 0.000
Male 7,412 50.02 354,989 47.90

Age
0–15 4,523 30.52 166,242 22.4 3 0.000
16–30 2,376 16.03 191,898 25.89
31–45 2,133 14.39 190,415 25.69
46–60 2,416 16.30 122,481 16.53
>¼61 3,370 22.74 70,099 9.46
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(3� 3)), max-pooling (MP) layers ((4� 4) – (4� 4) –
(2� 2)), dropout layers (rate: 0.25, 0.25, 0.4, 0.3),
Flatten, Dense layers, and Adam optimization (52).
These types of layer (output shape) were built as fol-
lows: Conv2D (none, 104, 995, 128), MP (none, 26,
248, 128), Dropout, Conv2D (none, 24, 246, 62), MP
(none, 6, 61, 62), Dropout, Conv2D (none, 4, 59, 62),
MP (none, 2, 29, 62), Dropout, Flatten (none, 3596),
Dense (none, 32), Dropout, Dense (none, 2).

Discussion

A study applied CNN (53) for the detection of dia-
betic retinopathy and diabetic macular edema based
on 128 175 retinal images of 69 573 patients in the

United States and India. The model was validated by
two image data sets, EyePACS-1, which consisted of
9,963 retinal fundus images from 4,997 patients, and
Messidor-2, which included 1748 retinal fundus
images from 874 patients. The results showed that the
prediction models were of high sensitivity and specifi-
city (for EyePACS-1: 97.5%, 93.4%; for Messidor-2:
96.1%, 93.9%, respectively) (54). Our study also used
CNN models to predict sleep disorder, with high
accuracy (> 92.3%). The daily activities of elderly
people in their home were converted into sequences
of activities, which were then used to build a predict-
ive model based on a non-linear autoregressive net-
work with exogenous (NARX) RNN, with excellent
results in terms of identifying the temporal relation-
ships of the input data (55). In particular, Electronic
Health Record (EHR) data represent another type of
data to which DL can be applied for building predic-
tion models. Edward Choi proposed the Med2Vec
model, which can represent the sequences of both visit
times and medical codes in EHR data. This model
showed significant improvement in both predictive
accuracy and clinical interpretation (56). In addition,
EHR data were represented for every patient as a tem-
poral matrix, which has a time dimension and event
dimension. Then, CNN was applied to build a model
with four layers for the extraction of phenotypes and
performance of chronic disease prediction (57). The
RNN model with the GRU was used to detect rela-
tions among event time series and predict heart failure

Table 3. The number of sleep disorder subjects in new asthma cohort from 2002–2010.
Year 2002 2003 2004 2005 2006 2007 2008 2009 2010

Asthma 14,818 14,601 14,592 14,570 14,414 14,396 13,712 14,341 14,323
Sleep disorder (%) 1,229 (8.29) 1,174 (8.04) 1,302 (8.92) 1,351 (9.27) 1,336 (9.27) 1,344 (9.34) 1,328 (9.68) 1,434 (10.00) 1,462 (10.21)

Table 4. Sleep disorder in new asthma cohort from 2002 to 2010.
Sleep disorder in the new asthma cohort from 2002–2010 95% of the distribution of NTD from 2002–2010

N % N %

Subject 4469 100.00 4059 100
Female 2752 61.58 2523 62.16
Male 1717 38.42 1536 37.84

NTD: times a disease was recorded.

Table 5. Description statistic of NTD in new asthma cohort.
NTD in new asthma cohort before sleep disorder

All (N¼ 14,788) 95% of the distribution (N¼ 14,061)

Sleep disorder (N¼ 4469) Non-Sleep disorder (10,319) Sleep disorder (N¼ 4059) Non-Sleep disorder (10,002)

Minimum 1 2 8 8
Maximum 1762 2365 722 723
Mean 140.26 247.12 140.21 224.99
Median 88 197 97 191
Standard Deviation 165.86 144.10 134.68 145.16

NTD: times a disease was recorded.

Table 6. Result of machine learning algorithms and deep
learning models.
Model Accuracy Sensitivity Specificity Precision F1-score MCC AUC

KNN 0.798 0.595 0.880 0.669 0.630 0.493 0.737
SVM 0.793 0.489 0.933 0.732 0.556 0.453 0.690
Random

forest
0.813 0.497 0.941 0.775 0.606 0.551 0.719

RNN 0.744 0.453 0.862 0.580 0.508 0.343 0.658
LSTM 0.815 0.593 0.907 0.725 0.725 0.533 0.750
GRU 0.782 0.614 0.851 0.631 0.622 0.469 0.732
CNN1 0.943 0.885 0.966 0.913 0.899 0.859 0.926
CNN2 0.951 0.893 0.974 0.933 0.913 0.879 0.934
CNN3 0.923 0.796 0.975 0.927 0.856 0.807 0.885

KNN: K-Nearest Neighbors; SVM: Support Vector Machine; RNN: Recurrent
Neural Network; LSTM: Long Short-Term Memory network; GRU: Gate
Recurrent Unit; CNN: Convolution Neural Network; MCC: Matthews’s cor-
relation coefficient; AUC: area under the curve.
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based on EHR data. The results were compared for
multilayer perceptron (MLP), SVM, and KNN with
12-month and 18-month observation windows.
According to the results, the DL model attained the
highest AUC as compared with the other models for
the detection of heart failure with both a 12-month
and an 18-month observation window (0.764 and
0.883, respectively) (58). DL models using EHR data
can support decision-making and advance clinical
research. A study of data of 700 000 patients obtained
from the Mount Sinai data warehouse also employed
DL, and that model improved the clinical prediction
performance for diabetes, schizophrenia, and various
cancers (59). In this study, we converted the disease
history of a new asthma patient cohort from
2002–2010 into sequences of text and then utilized
ML algorithms (KNN, SVM, RF) and deep learning
(RNN, LSTM, GRU, and CNN) techniques to predict
sleep disorder, with a high performance. ML algo-
rithms and DL were also applied to a Hospital
Information System (HIS) and an electronic medical
record (EMR) database in a Chinese study, and the
results showed that the deep neural network model
achieved a higher performance than previous predict-
ive models (60). Our experimentally-confirmed results
showed that DL models attained a better performance
than traditional ML models.

Conclusions

Several ML algorithms and some DL models were
applied for the prediction of sleep disorder in a new
asthma patient cohort from 2002 to 2010. The results
showed that CNN models had the best performance
(Acc > 92.3%, MCC > 0.80 and AUC > 0.88). In our
next study, we will continue to apply DL models for
the prediction of other serious diseases, such as cancer
and stroke; nevertheless, this method may not work
for other diseases. In addition, we will use DL models
to build decision support systems to predict some dis-
eases at an early stage.
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