JIKO (Jurnal Informatika dan Komputer) Accredited KEMENDIKBUD RISTEK, No.105/E/KPT/2022
Vol. 7, No. 1, April 2024, pp. 58-64 p-1SSN: 2614-8897
DOI: 10.33387/jiko.v7i1.7873 e-ISSN: 2656-1948

EVALUATING HYBRID NEURAL NETWORK ARCHITECTURES FOR
PREDICTING SLEEP DISORDERS FROM STRUCTURED DATA

Gregorius Airlangga®

1Atma Jaya Catholic University of Indonesia
*Email: gregorius.airlangga@atmajaya.ac.id

(Received: 24 April 2024, Revised: 26 April 2024, Accepted: 29 April 2024)
Abstract

The accurate diagnosis of sleep disorders is crucial for effective treatment and management, yet current methods
often rely on subjective assessments and are not always reliable. This research examines the efficacy of various
neural network architectures, including dense networks, convolutional neural networks (CNNSs), recurrent neural
networks (RNNSs), and innovative hybrid models, in predicting sleep disorders from structured health data. Our
study focuses on comparing the performance of these models using metrics such as accuracy, precision, recall, and
F1 score across a dataset comprising 400 individuals with detailed sleep and lifestyle data. Our findings
demonstrate that while traditional models like dense networks and CNNSs for structured data yield robust results,
hybrid models, particularly the CNN-Transformer, significantly outperform others. This model effectively
integrates convolutional layers with Transformer’s attention mechanisms, excelling in handling complex data
interactions and providing superior predictive accuracy with an F1 score and accuracy reaching as high as 0.91.
Conversely, RNN models, designed to capture temporal data dependencies, showed less efficacy, underscoring
the importance of model selection aligned with data characteristics. This suggests that for datasets not exhibiting
strong temporal features, models leveraging spatial relationships or advanced attention mechanisms are more
suitable. This study not only advances our understanding of neural network applications in medical diagnostics
but also highlights the potential of hybrid models in enhancing diagnostic accuracy. These insights could lead to
significant improvements in the early detection and treatment of sleep disorders, thereby enhancing patient
outcomes and contributing to the broader field of medical informatics.
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Extensive documentation exists in the literature

1. INTRODUCTION on the exploration of sleep patterns through data-
In recent years, the prevalence of sleep disorders driven approaches. Techniques ranging from Support

has increasingly become a concern, affecting public Vector Machines (SVMs) to Random Forests have
health significantly [1]-[3]. Disorders such as been utilized to classify sleep stages from
insomnia and sleep apnea not only degrade polysomnography data [13]-[15]. More recently,
individuals' quality of life but are also linked with advanced deep learning models, including
various chronic diseases, including cardiovascular Convolutional Neural Networks (CNNs) and
diseases, diabetes, and obesity [4]-[6]. Traditional Recurrent Neural Networks (RNNSs) variants [16],
methods for monitoring and analyzing sleep patterns have emerged as powerful tools for uncovering
typically rely on subjective self-reports and clinical complex patterns, and especially in sleep-related data
observations, which are often inaccurate and [17]. These models have shown a capacity to
cumbersome [7]-[9]. However, the rise of machine significantly enhance accuracy and efficiency over
learning (ML) and deep learning (DL) technologies traditional statistical methods, adeptly managing large
offers a promising avenue for revolutionizing the field datasets enriched with multiple input variables [18].
of sleep research by enabling more precise and The escalating global incidence of sleep disorders and
insightful analysis of sleep health data [10]-[12]. their severe health repercussions underscore the
urgency to advance research in this domain [19].
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Accurate diagnosis and effective treatment of sleep
disorders are critically dependent on the capability to
analyze and predict individual sleep patterns and
disturbances accurately [20]. Traditional diagnostic
methods, heavily reliant on direct observation and
patient self-reporting, demand considerable resources
and are prone to inaccuracies [21]. This situation
underscores a critical need for more sophisticated,
automated analytical tools [22].

The cutting edge of sleep research is defined by
hybrid neural network models that combine the
capabilities of both CNNs and RNNSs, aiming to
harness their respective strengths. CNNs excel in
extracting spatial hierarchies from data, suitable for
processing time-series inputs like those prevalent in
sleep data. In contrast, RNNSs are particularly effective
in capturing temporal dependencies and sequences,
essential for understanding patterns over time.
Moreover, Transformer models, which utilize self-
attention mechanisms, are also gaining popularity for
their ability to process sequential data without the
limitations inherent to traditional RNNs, offering
potentially superior performance in sequence
modeling tasks. The principal aim of this research is to
develop and assess the effectiveness of hybrid neural
network models in predicting sleep disorders based on
lifestyle and physiological data. While existing studies
have often explored isolated aspects of sleep using
either CNNs or RNNSs, they rarely combine these
approaches in a cohesive model. This research gap
highlights an opportunity where the synergistic
potential of these models has not been fully explored
in a unified framework to analyze sleep health data
comprehensively. Additionally, most current models
do not sufficiently incorporate lifestyle factors such as
physical activity and stress levels, which are crucial for
a holistic understanding of sleep patterns and
disorders.

This research intends to fill these gaps by
implementing and comparing two innovative hybrid
models: a CNN-RNN model and a CNN-Transformer
model. These models are uniquely designed to
capitalize on the spatial feature extraction prowess of
CNNs and the sequential modeling strengths of RNNs
or Transformers, thereby providing a comprehensive
analytical tool for sleep health. This integrative
approach, which combines various data dimensions
including physiological measurements and lifestyle
factors into a coherent predictive framework, is a novel
contribution to the field. The remainder of the article
will detail the methodology employed, including data
preparation, a description of the hybrid models, and
the experimental setup for model training and
validation. It will then present the experimental results,
highlighting model performance metrics such as
accuracy, precision, recall, and F1-score. Following
this, the discussion will interpret the results, discuss
their implications, and compare the performance of
our proposed models with traditional models. The
article will conclude by summarizing the research
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contributions and suggesting potential directions for
future research in this vibrant area.

2. RESEARCH METHOD

The Sleep Health and Lifestyle Dataset used in
this research comprises data from 400 individuals,
with each record containing 13 different variables
related to demographics, lifestyle, and physiological
measurements. Key features include gender, age,
occupation, sleep duration, quality of sleep, physical
activity level, stress levels, BMI category, blood
pressure, heart rate, daily steps, and the presence or
absence of sleep disorders like Insomnia and Sleep
Apnea. Dataset can be downloaded from [23].

2.1 Data Preprocessing

In this research, data preprocessing forms a
critical foundation for building reliable predictive
models. The initial step involves a meticulous
selection of features from the Sleep Health and
Lifestyle Dataset, which contains a diverse array of
variables related to personal demographics, lifestyle
habits, and physiological measures. The objective here
is to refine the dataset to ensure that only relevant
variables are fed into the neural networks, thereby
enhancing the models’ learning efficiency and
predictive accuracy.

First, feature selection, in this phase, the dataset
was carefully curated to remove columns that do not
contribute meaningfully to the predictive modeling
process. For instance, 'Person ID' was eliminated as it
represents arbitrary identifiers assigned to individuals,
offering no intrinsic predictive value regarding sleep
disorders. Similarly, 'Age_bin', a derived categorical
variable representing age groups, was also excluded.
This decision was based on preliminary analyses
which suggested that direct age values provide more
granular and thus potentially more insightful data for
modeling than categorized age groups. The selection
process ensures that the models are trained in features
that directly impact sleep quality and disorders, such
as sleep duration, physical activity levels, and stress.
Furthermore, encoding categorial variable, The 'Sleep
Disorder' column, which categorizes the type of sleep
disorder diagnosed in individuals, was processed using
label encoding. This technique converts categorical
text data into a numerical format, assigning an integer
to each category of disorder. For instance, 'None' may
be encoded as 0, 'Insomnia’ as 1, and 'Sleep Apnea’ as
2. This numeric transformation is crucial as it allows
mathematical operations to be performed on the data
during model training.

Following label encoding, the numerically
represented sleep disorders were further transformed
into a one-hot encoded format. One-hot encoding is a
process where each numerical value is converted into
a binary vector with all zeros except for a single one at
the index of the integer label. This is done to
accommodate the neural network’s output layer,
which is designed to predict the probability of each



category. This method prevents the model from
misinterpreting the ordinal numbers as having some
form of hierarchical value, which is not the case with
nominal categorical data.

2.2 Model Development

The concept of a "hybrid" in neural network
terminology refers to the integration of distinct types
of neural networks into a single cohesive model. Each
type of network offers unique advantages: CNNs excel
in processing data with spatial relationships, making
them ideal for analyzing image data or structured
datasets where inputs can be treated as images; RNNs
are adept at handling sequential data, offering
advantages when the order of data points is crucial,
such as time-series analysis or speech recognition;
Transformers provide significant improvements in
handling long-range dependencies within data,
surpassing traditional RNNs in tasks that require
understanding the context from large input sequences.

By combining these architectures, hybrid models
can leverage the specific strengths of each network
type, thereby enhancing the model's ability to
understand complex, multifaceted data structures. For
instance, in sleep disorder diagnostics, patient data
often contains both structured data points (like heart
rate or blood pressure readings) and sequential data
(like changes in sleep quality over time), necessitating
a model capable of interpreting these diverse data
types effectively. In this study, we have developed
three  sophisticated  hybrid  neural  network
architectures to explore the predictive potential of
different combinations of neural network technologies
for diagnosing sleep disorders. Each model is tailored
to leverage unique aspects of the data, focusing on
extracting, and analyzing both spatial and temporal
features to robustly predict sleep-related issues.

input_1 input: | [(None, 128, 1)]

InputLayer | output: | [(None, 128, 1)]

4

convld | input: | (None, 128, 1)
ConvlD | output: | (None, 126, 32)

max_poolingld | input: | (None, 126, 32)

(None, 63, 32)

MaxPoolinglD | output:

Istm input:
LSTM | output:

(None, 63, 32)
(None, 64)

dense | input: | (None, 64)
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Figure 1. CNN-RNN Hybrid Method
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The first of the proposed models as presented in
figure 1 is the CNN-RNN Hybrid, which is designed
to integrate the strengths of Convolutional Neural
Networks (CNNs) and Recurrent Neural Networks
(RNNs). The CNN layers at the beginning of the
model serve to extract spatial features from the dataset.
These layers use convolutional filters that effectively
identify patterns and characteristics in the input data,
which are spatially correlated. Following the CNN
layers, MaxPooling is employed to reduce the
dimensionality of the data. This reduction not only
helps in reducing the computational load but also
minimizes the risk of overfitting by abstracting the
features and retaining only the most significant ones.

The extracted features are then fed into Long
Short-Term Memory (LSTM) units, a type of RNN
that is particularly adept at processing sequences of
data. LSTMs are designed to remember important
information for long periods, which is critical in
understanding the temporal dynamics of sleep
patterns. This combination allows the model to capture
both the immediate (spatial) and historical (temporal)
dependencies inherent in the data, making it well-
suited for complex pattern recognition tasks like sleep
disorder diagnosis.

The second model as presented in the figure 2, the
CNN-Transformer Hybrid, begins similarly with CNN
layers that process the input data to capture spatial
dependencies. These initial layers prepare the data by
highlighting essential features before they are
processed by the more complex components of the
model. The transformative aspect of this model is the
incorporation of a Transformer block, which follows
the CNN layers. Transformers utilize attention
mechanisms that allow the model to weigh and
prioritize different parts of the input data based on their
relevance to the task at hand.
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‘ max_poolingld 1 | input: ‘ (None, 128, 32) ‘
| MaxPooling1D Iou:pu(: [ (None, 64, 32) ‘

‘ convld_2 ‘ input: | (None, 64, 32) ‘
[ ConvlD ‘ output: [(Nane, 64, 64) ]

[ tayer_normalization | input: | (None, 64, 64) |
[ LayerNomalization | output: | (Nove, 64, 64) |

[ mult_head_auention [ inpur: | (None, 64, 64) |
‘ MultiHeadAttention | output: ‘ (None, 64, 64) ‘

| global_average poolingld | input: ‘ (None, 64, 64) |
| Global AveragePooling1D |ou(pu(: ‘ (None, 64) |

o 61
o 50

Figure 2. CNN-Transformer Hybrid Method




This mechanism is highly beneficial for modeling
long-range interactions in data, as it can assess and
connect distant points within the input sequence,
thereby providing a more nuanced understanding. The
multi-head attention within the Transformer can
simultaneously process different subsets of the input
data, offering a comprehensive overview that enhances
the model's ability to make informed predictions.

To provide a benchmark for evaluating the
performance of the hybrid models, a deeper CNN
model was also developed. This control model relies
solely on multiple layers of CNNs, each designed to
delve deeper into the extracted features from the
preceding layer. By stacking more convolutional and
pooling layers, the model can learn increasingly
abstract representations of the input data. The deeper
layers can identify complex patterns that simpler
models might overlook. This architecture concludes
with Flatten and Dense layers, which transform the
multidimensional CNN outputs into a format suitable
for classification.

These three models collectively encompass a
broad spectrum of neural network technologies, from
basic CNNs to advanced combinations with RNNs and
Transformers. Each model is expected to offer unique
insights into the predictive analysis of sleep disorders,
providing a robust comparative analysis that will help
determine the most effective architectural approach for
this type of data. The development of these models
represents a significant step forward in applying
artificial intelligence to improve diagnostic accuracies
in the medical field, particularly in understanding and
treating sleep disorders.

In this research, data preprocessing forms a
critical foundation for building reliable predictive
models. The initial step involves a meticulous
selection of features from the Sleep Health and
Lifestyle Dataset, which contains a diverse array of
variables related to personal demographics, lifestyle
habits, and physiological measures. The objective here
is to refine the dataset to ensure that only relevant
variables are fed into the neural networks, thereby
enhancing the models’ learning efficiency and
predictive accuracy.

2.3 Model Training and Evaluation for Sleep
Disorder Prediction

The training and evaluation of our models are
pivotal components of this research, designed to
rigorously test the robustness and generalizability of
each neural network architecture developed for
predicting sleep disorders. To achieve this, we adopted
a systematic approach involving cross-validation,
performance metric assessment, and comprehensive
statistical analysis.

The dataset was split into a training set (80%) and
a testing set (20%) using stratified sampling to
maintain the proportion of categories in both sets. In
the field of machine learning, cross-validation is a
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critical methodology for validating model stability and
generalizability. For this study, a 10-fold cross-
validation was employed, a technique where the
dataset is split into ten separate subsets. Each subset
serves as the test set during one iteration of the model
evaluation, with the remaining subsets used for
training. This method is instrumental in mitigating any
biases that might arise from a singular division of data
into training and test sets, as each subset is used
exactly once as a test set. By rotating through different
combinations of training and testing groups, the
models are tested under varied conditions, enhancing
the reliability of the evaluation results.

After conducting the 10-fold cross-validation, the
results from all iterations were aggregated to calculate
the mean and standard deviation for each performance
metric. These statistics are crucial as they offer a
comprehensive view of the model's performance
across different data subsets, indicating the
effectiveness and stability of each model.
Furthermore, a comparative analysis was performed to
delineate the performance differences between the
hybrid models and the traditional deeper CNN model.
This comparison highlights the strengths and potential
limitations of each architectural approach, providing
valuable insights into their practical applications. The
analysis not only underscores the models' predictive
capabilities but also their robustness, ensuring that the
findings are not merely artefacts of data splits or
specificities of the dataset used. Through this
meticulous training and evaluation process, the study
aims to establish a solid foundation for the deployment
of these models in real-world scenarios, contributing
to the ongoing efforts to enhance diagnostic accuracies
in the healthcare domain, especially in sleep health.

In evaluating the effectiveness of each model
comprehensively, a range of performance metrics was
employed to gauge their capabilities thoroughly.
Accuracy as presented in the equation 1 was utilized
to measure the overall correctness of the model,
reflecting the proportion of true result: both true
positives and true negatives among the total cases
examined. This metric serves as a fundamental
indicator of the model's performance across the
spectrum of test data. Precision as presented in the
equation 2 was another critical metric, focusing on the
purity of positive identifications. It is defined as the
ratio of correctly predicted positive observations to the
total predicted positives, thus highlighting the model's
effectiveness in producing relevant results without
overgeneralizing to incorrect classifications.

A _ Number of Correct Predictions (1)
ceuracy = Total Number of Predictions Made

Precision True Positives 2
recision = True Positives + False Positives
(©)]
True Positives
Recall =

True Positives + False Negatives



4

Precision X Recall
F1Score =2 X ——————
Precision + Recall

Recall, or sensitivity, as presented in the equation
3 is crucial for understanding the model’s ability to
identify all relevant instances within the dataset. It is
calculated as the ratio of correctly predicted positive
observations to all observations in the actual class,
offering insight into how well the model captures the
necessary cases without neglecting those that are
crucial. The F1 Score as presented in the equation 4
integrate both precision and recall into a single
measure by representing their harmonic mean. This
metric is especially valuable in conditions where the
data might be imbalanced, ensuring that the model's
efficacy in identifying positive cases is balanced
against its precision, thus avoiding a skew towards
over-predicting minor classes or under-representing
major ones.

These metrics collectively provide a nuanced
view of model performance, detailing not only the
accuracy but also the models' capabilities in
identifying and classifying various classes of sleep
disorders correctly. Such comprehensive measurement
assists in determining the practical applicability of the
models in clinical settings, where accurate diagnosis is
paramount.

3. RESULT AND DISCUSSION

This study offers a thorough assessment of
various neural network architectures aimed at
predicting sleep disorders, providing insights into their
performance across multiple metrics: accuracy,
precision, recall, and F1 score. The discussion
explores the implications of these findings for the
future of diagnostic models in sleep health,
highlighting the comparative  strengths  and
weaknesses of each tested model.

Table 1. Deep Learning Comparison Results

Model Avg Avg Avg Avg
Accuracy  Precision Recall F1
Score

Deeper CNN 0.91 0.92 0.91 0.91
Complex RNN 0.84 0.86 0.84 0.83
CNN-RNN Hybrid  0.87 0.89 0.87 0.87
CNN-Transformer 091 0.92 091 091
Hybrid

Dense Network 0.90 0.90 0.90 0.90
CNN 0.90 0.90 0.90 0.90
RNN 0.83 0.84 0.83 0.82

As presented in the table 1, the dense network
and CNN for structured data models both exhibited
robust performance metrics, with accuracy, precision,
recall, and F1 scores hovering around 0.90. This high
level of effectiveness suggests that both models
adeptly classify sleep disorders when structured data
inputs are optimally processed. Interestingly, the
similar performance metrics between these two
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models indicate that the additional convolutional
layers in the CNN do not significantly outperform the
simpler densely connected layers of the dense
network. This could be due to the dataset's lack of
complex spatial relationships that convolutional layers
are best suited to capture.

In contrast, the RNN model designed for
structured data demonstrated lower performance, with
accuracy and F1 scores around 0.83. This
underperformance may be attributed to the RNN's
emphasis on capturing temporal dynamics, which are
potentially less relevant for this dataset. This finding
suggests that for datasets not characterized by
significant time-dependent behaviors, simpler or
different architectural focuses may be more effective.
The deeper CNN model showed an improvement over
its simpler counterpart, achieving average accuracy
and F1 scores of about 0.91. This suggests that deeper
network architectures, which are capable of capturing
more complex data patterns, might be necessary when
dealing with intricate datasets. This model’s enhanced
feature extraction capabilities seem to capture subtle
nuances in the data, which simpler models may
overlook. The complex RNN model performed
similarly to the basic RNN model, with average scores
around 0.84 for accuracy and 0.83 for F1. Like its
simpler counterpart, the complex RNN is naturally
suited to datasets with strong temporal correlations,
which might not be dominant in this dataset, hence its
comparatively lower performance.

The hybrid models, particularly the CNN-
Transformer, achieved impressive results. The CNN-
RNN hybrid balanced performance with average
scores around 0.87 across metrics, benefiting from the
combined spatial and temporal feature extraction
capabilities. However, the CNN-Transformer model
was particularly effective, matching the highest scores
with 0.91 on both accuracy and F1. This model's
success indicates that the integration of convolutional
layers with the global perspective provided by
Transformer’s attention mechanisms can be highly
beneficial, especially in complex datasets where
relationships between features extend beyond simple
sequences. The superior performance of the CNN-
Transformer hybrid model has significant implications
for developing diagnostic tools for sleep disorders.
This model's ability to efficiently handle complex
patterns suggests that future diagnostic models could
become more sophisticated and accurate, capable of
interpreting intricate datasets effectively. Moreover,
the relative ineffectiveness of the RNN models in this
context underscores the importance of matching model
architecture with the dataset's nature, particularly
concerning the presence or absence of temporal
dynamics. For non-sequential datasets, models that
focus on spatial relationships or integrate attention
mechanisms might be more effective.

4. CONCLUSION



This study embarked on an exploration of various
neural network architectures to identify the most
effective models for predicting sleep disorders from
structured data. Through rigorous evaluation of dense
networks, CNNs, RNNs, and innovative hybrid
models such as CNN-RNN and CNN-Transformer
combinations, we have gained profound insights into
the capabilities and performance of these advanced
computational tools in the context of sleep health
diagnostics. The findings reveal that while traditional
dense networks and CNNs for structured data perform
robustly, achieving high accuracy and other key
performance metrics, the hybrid models, particularly
the  CNN-Transformer,  demonstrate  superior
effectiveness. This model excels in integrating the
strengths of convolutional layers with the advanced
processing capabilities of Transformer’s attention
mechanisms, thereby effectively handling the
complexities inherent in medical datasets.

The less-than-optimal performance of RNN
models in this study highlights the importance of
aligning model architecture with the specific
characteristics of the dataset. This observation
underscores the critical need for a nuanced approach
to model selection, where the temporal or sequential
nature of the data must be considered to maximize
diagnostic accuracy and efficiency. Looking ahead,
the potential of hybrid neural network architectures in
transforming diagnostic processes is immense. The
ability of these models to accurately predict sleep
disorders can significantly aid in early diagnosis and
treatment, ultimately improving patient outcomes.
Moreover, the insights derived from this research can
guide future studies in  enhancing model
interpretability and in exploring the integration of
diverse and complex datasets.

Acknowledgment

We express our deepest gratitude to Atma Jaya
Catholic University of Indonesia for the unwavering
support and resources provided throughout the
duration of this research project. Our sincere thanks
also extend to the Information System Study Program,
whose rigorous academic environment and
collaborative ethos have been instrumental in
facilitating our work.

5. REFERENCE

[1] C. M. Morin and D. C. Jarrin, “Epidemiology of
insomnia: prevalence, course, risk factors, and
public health burden,” Sleep Med. Clin., vol. 17,
no. 2, pp. 173-191, 2022, doi:
http://dx.doi.org/10.1016/j.jsmc.2013.05.002.

[2] K. Ramar et al., “Sleep is essential to health: an
American Academy of Sleep Medicine position
statement,” J. Clin. Sleep Med., vol. 17, no. 10,
pp. 2115-2119, 2021, doi:
https://doi.org/10.5664/jcsm.9476.

[3] N. Salari et al., “The prevalence of sleep

Airlangga, Evaluating Hybrid Neural Network ... 63

disturbances among physicians and nurses facing
the COVID-19 patients: a systematic review and
meta-analysis,” Global. Health, vol. 16, pp. 1-14,
2020, doi: https://doi.org/10.1186/512992-020-
00620-0.

[4] A.-A. AL A. Al-Abed, “Obesity-Linked Diseases
(Comorbidities),” Obes. its Impact Heal., pp. 97—
116, 2021, doi: https://doi.org/10.1007/978-981-
33-6408-0_8.

[5] A. Alterki, M. Abu-Farha, E. Al Shawaf, F. Al-
Mulla, and J. Abubaker, “Investigating the
relationship between obstructive sleep apnoea,
inflammation and cardio-metabolic diseases,” Int.
J. Mol. Sci., vol. 24, no. 7, p. 6807, 2023, doi:
https://doi.org/10.3390/ijms24076807.

[6] X. Tao, R. Niu, W. Lu, X. Zeng, X. Sun, and C.
Liu, “Obstructive sleep apnea (OSA) is associated
with increased risk of early-onset sarcopenia and
sarcopenic obesity: Results from NHANES 2015-
2018,” Int. J. Obes., pp. 1-9, 2024, doi:
https://doi.org/10.1038/s41366-024-01493-8.

[71 G. P. Dunster, J. Swendsen, and K. R.
Merikangas, “Real-time mobile monitoring of
bipolar disorder: a review of evidence and future
directions,” Neuropsychopharmacology, vol. 46,
no. 1, pp. 197-208, 2021, doi:
https://doi.org/10.1038/s41386-020-00830-5.

[8] H. Tian, X. Kang, and J. Zhang, “Application of
Fuzzy Rough Sets in Patterns Recognition of
Bearing,” no. 3, pp. 731-734, 2012, doi:
https://doi.org/10.1109/ICQR2MSE.2012.62463
33.

[9] K. Edgley, A. W. Horne, P. T. K. Saunders, and
A. Tsanas, “Symptom tracking in endometriosis
using digital technologies: Knowns, unknowns,
and future prospects,” Cell Reports Med., vol. 4,
no. 9, 2023, doi:
https://doi.org/10.1016/j.xcrm.2023.101192.

[10]A. Motwani, P. K. Shukla, and M. Pawar,
“Ubiquitous and smart healthcare monitoring
frameworks based on machine learning: A
comprehensive review,” Artif. Intell. Med., vol.
134, p. 102431, 2022, doi:
https://doi.org/10.1016/j.artmed.2022.102431.

[11]O. Cohen, V. Kundel, P. Robson, Z. Al-Taie, M.
Suérez-Farifias, and N. A. Shah, “Achieving
Better Understanding of Obstructive Sleep Apnea
Treatment Effects on Cardiovascular Disease
Outcomes  through Machine Learning
Approaches: A Narrative Review,” J. Clin. Med.,
vol. 13, no. 5 p. 1415 2024, doi:
https://doi.org/10.3390/jcm13051415.

[12]Z. Amiri et al., “The personal health applications
of machine learning techniques in the internet of
behaviors,” Sustainability, vol. 15, no. 16, p.
12406, 2023, doi:
https://doi.org/10.3390/su151612406.

[13] Q. Pan, D. Brulin, E. Campo, and others, “Current
status and future challenges of sleep monitoring
systems: Systematic review,” JMIR Biomed. Eng.,



vol. 5 no. 1, p. 20921, 2020, doi:
https://doi.org/10.2196/20921.

[14] A. Bandyopadhyay and C. Goldstein, “Clinical
applications of artificial intelligence in sleep
medicine: a sleep clinician’s perspective,” Sleep
Breath., vol. 27, no. 1, pp. 39-55, 2023, doi:
https://doi.org/10.1007/s11325-022-02592-4.

[15]B. Zhai, “Towards automated sleep stage
assessment  using  ubiquitous = computing
technologies,” Newcastle University, 2023.

[16]D. Hindarto, N. Afarini, and others, “Comparison
Efficacy of VGG16 and VGG19 Insect
Classification Models,” JIKO (Jurnal Inform. dan
Komputer), vol. 6, no. 3, pp. 189-195, 2023, doi:
https://doi.org/10.33387/jiko.v6i3.7008.

[17]M. Elgart, S. Redline, and T. Sofer, “Machine and
deep learning in molecular and genetic aspects of
sleep research,” Neurotherapeutics, vol. 18, no. 1,
pp. 228-243, 2021, doi:
https://doi.org/10.1007/s13311-021-01014-9.

[18]M. Yazdi, M. Samaee, and D. Massicotte, “A
Review on Automated Sleep Study,” Ann.
Biomed. Eng., pp. 1-29, 2024, doi:
https://doi.org/10.1007/s10439-024-03486-0.

[19]C. C. Hampo, L. H. Schinasi, and S. Hoque,
“Surviving indoor heat stress in United States: A
comprehensive review exploring the impact of
overheating on the thermal comfort, health, and
social economic factors of occupants,” Heliyon,
2024, doi:
https://doi.org/10.1016/j.heliyon.2024.e25801.

[20]A. R. Schwartz et al., “Brief digital sleep
questionnaire powered by machine learning
prediction models identifies common sleep
disorders,” Sleep Med., vol. 71, pp. 66-76, 2020,
doi: https://doi.org/10.1016/j.sleep.2020.03.005.

[21]P. J. Fracica and E. A. Fracica, “Patient safety,”
Med. Qual. Manag. Theory Pract., pp. 53-90,

2021, doi: https://doi.org/10.1007/978-3-031-
49865-7.
[22]A. E. 1. AlBashayreh, “Evaluating patient-

centered outcomes in palliative care and advanced
illness using natural language processing and big
data analytics,” The University of lowa, 2022,
doi: https://doi.org/10.25820/etd.006727.

[23]U. of Michigan, “Sleep Health and Lifestyle
Dataset.” 2023.

Airlangga, Evaluating Hybrid Neural Network ... 64



