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ABSTRACT
Background: Pediatric asthma and respiratory irregularities are challenging to
diagnose due to symptom variability and environmental influences. Timely and
accurate detection is essential to ensure effective management and minimize
long-term complications. Traditional diagnostic approaches often fall short in
providing continuous, real-time monitoring, creating a need for innovative,
technology-driven solutions in pediatric respiratory care.
Methods: A unique artificial intelligence (AI)-powered diagnostic system for
pediatric asthma and respiratory irregularities (AI-PARI) was introduced in this
study. The deep learning (DL) methods and wearable senor data were integrated in
this AI-PARI. Thus, continual, and real-time monitoring of respiratory conditions
are facilitated by this integration in the AI-PARI. Current methods are not effective,
as they mostly utilize conventional medical techniques. Crucial diagnostic method
was offered by the AI-PARI, as it utilizes lung sound analysis. An effective diagnostic
tool named lung sound analysis is utilized by AI-PARI. The dataset from Kaggle
named Pulmonary Sound Dataset is utilized. Diverse, labeled sound recordings from
various respiratory conditions are all included in this dataset. Then, respiratory rate,
oxygen saturation, airflow patterns, and heart rate variability are monitored in a
non-invasive way. This dataset is utilized for training these neural networks.
Respiratory patterns, medical treatment, and background data like air quality and
humidity are all included in this dataset. Real-time insights and predictive analytics
are offered by the healthcare tool named cloud-hosted diagnostic dashboard (C-DB);
doctors are greatly aided from this C-DB tool. Then, the data of the patient are
secured by federated learning (FL). This FL facilitates customized model training
over devices.
Results: In the detection of asthma cases and respiratory abnormalities, the
efficiencies of AI models and standard methods like Artificial Intelligence for
Intellectual and Developmental Disabilities (AI-IDD), Supervised Machine Learning
(SML), Artificial Intelligence Model (AIM) and Artificial Intelligence–Powered
Screening Framework (AI-PSF) are evaluated. From the outcomes, it is clear that the
suggested AI model attains 95% accuracy in detecting such asthma cases and
respiratory abnormalities. Thus, it is clear that AI framework attains superior
performance compared to the baseline approaches. Early detection is facilitated by
this system, as it offers real-time insights. So, it reduces the need of visiting hospital
for an emergency situation. It also offers a scalable, cost-effective solution for
improving pediatric asthma management through intelligent, wearable technology.
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Future directions include enhancing model generalization, integrating multi-sensor
data fusion, and expanding real-world clinical validation.

Subjects Algorithms and Analysis of Algorithms, Artificial Intelligence, DataMining andMachine
Learning, Embedded Computing, Neural Networks
Keywords Pediatric asthma, AI diagnostics, Wearable sensors, Deep learning, Respiratory health,
Machine learning, Predictive analytics, Convolutional neural networks, Recurrent neural networks,
Smart healthcare

INTRODUCTION
In pediatric medicine, asthma and various respiratory problems challenge numerous
children and complicate diagnosis (Goel & Neduncheliyan, 2024a). Although early and
accurate identification of many diseases is crucial for ideal treatment, traditional diagnostic
methods often rely on individual symptom reporting and infrequent clinical examinations
(Goel & Neduncheliyan, 2024b). The erratic nature of the symptoms, which are influenced
by environmental factors such allergens, air pollution, and humidity, already makes
diagnosis and treatment asthma challenging (Wang et al., 2024). The pediatric respiratory
health monitoring was improved by artificial intelligence (AI), and advancements in
wearable sensor technologies. Because novel opportunities for enhancing monitoring are
offered by the integration of AI and advancements in wearable sensor technologies (Ali
et al., 2025). In real-time, large amounts of biological data were analyzed by the AI-driven
diagnostics with the support of deep learning (DL) models. An accurate and constant
monitoring of breathing patterns is also facilitated by this analysis (Sachdeva et al., 2024).
Significant signs are identified by the advancements in the wearable biosensors. Those
signs are oxygen saturation, heart rate variability, airflow patterns, and respiratory rate
(Xing et al., 2024).

Irregular respiratory patterns are identified by integrating convolutional neural network
(CNN) and recurrent neural network (RNN) in AI models (Feehan et al., 2021). There is
no need of human analysis in differentiating regular respiratory patterns and abnormal
patterns related to asthma (Liu et al., 2025b). Timely insights are offered by the application
of cloud-based technologies, because it facilitates real-time data processing and predictive
analytics. These timely insights may support the clinicians in giving a prompt treatment
(Sahal, Alsamhi & Brown, 2022). Improvements in model customization is done via the
federated learning (FL) framework. The patient’s data is confidentially secured by this FL
model (Jiang et al., 2024). The way of diagnosis in respiratory problems of pediatric is
revolutionized by this AI-enhanced diagnostic tool (Roy, Meena & Lim, 2022). Early
detection symptoms, and continual surveillance are not offered by standard, conventional
peak flow monitoring and spirometry methods (Liu et al., 2025a).

The above-mentioned limitations are effectively resolved by implementing AI-driven
solutions, as it offers early detection, and diagnosis (Chatterjee et al., 2024). Through a
precision of more than 95%, AI systems taught on large pediatric datasets were
demonstrated to identify asthma flare-ups (Shepherd & Jacob, 2025). This method executes
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better than the conventional diagnostic methods in terms of reliability and efficiency
(Jacob, 2024). AI-enabled diagnostics enhance patient outcomes by reducing the need for
ER visits and facilitating early treatment initiatives (Almadani et al., 2025). Due to its
affordability, wearable technology can be widely applied in home and hospital
environments (Dumas, Pedersen & Smith, 2022). Given the increasing global rates of
pediatric asthma, integrating AI with innovative healthcare solutions becomes
immediately necessary (Gbobaniyi, Tincani & Emelone, 2024). Multi-sensor fusion
systems offer significant potential to enhance diagnostic accuracy by combining multiple
physiological and environmental traits (Yingngam, Navabhatra & Sillapapibool, 2024).
Expanding clinical studies helps assess and improve AI-driven models for practical use
(Guérin et al., 2024). Respiratory health monitoring made possible by AI has long-term
goals, including reducing healthcare obligations, enhancing the quality of life for young
patients, and increasing the agency of caregivers.

Motivation: Many youngsters still wind up in the emergency room as their asthma is
not being closely watched or diagnosed. Using conventional methods, real-time
detection of respiratory anomalies is lacking. Wearable sensors driven by AI offer a
novel approach to enable continuous monitoring, early intervention, and tailored
therapy, thereby improving children’s respiratory health and reducing the frequency of
disorders.

Problem statement: Pediatric asthma diagnosis is often delayed due to environmental
variability, poor symptom reporting, and intermittent surveillance. Since conventional
methods cannot identify or predict events in real time, many flare-ups and emergency
room visits occur. This project aims to develop an AI-driven diagnosis system utilizing
embedded sensors and DL to enhance asthma’s early detection, continuous monitoring,
and proactive management.

The significant contributions of this article are;

. This research develops a sophisticated learning-based diagnostic system using CNNs
and RNNs to identify respiratory anomalies and pediatric asthma with high accuracy
(>95%), enabling early intervention and reducing emergency room visits.

. The presented study offers real-time physiological indicator monitoring using
non-invasive wearable biosensors, facilitated by AI-powered diagnostic system for
pediatric asthma and respiratory irregularities (AI-PARI). The goal is to improve asthma
control through constant data analysis.

. Using FL, the proposed system might enhance customized models while safeguarding
patient data, allowing safe and flexible AI-driven respiratory health monitoring.

The remainder of the article is structured as follows: “Related Works” reviews the
research on conventional methods for enhancement cognitive intelligence. “Proposed
System Reviews” the suggested AI-PARI approach. “Results and Analysis” discusses and
examines the proposed system’s effectiveness. In “Conclusion and Future Work”, the
report concludes by discussing potential areas for future research.
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RELATED WORKS
Among the ways AI is transforming healthcare are wearable biosensors, strong predictive
analysis, and machine learning (ML) models. Research on AI-data-driven decision-
making, nanomedicine, immunological disorders, and sensor textiles is underway. This
literature review examines the key findings, technical advancements, and ethical dilemmas
associated with AI-driven healthcare solutions.

AI in immunologic disease diagnosis (AI-IDD)
This article by Khan et al. (2024) reviews the opportunities of AI, including ML and DL, in
the context of immunological ailments diagnosis and management. Integrating AI into
clinical practice will help improve diagnosis abilities, clinical research, and disease
monitoring. The study highlights the revolutionary potential of AI in healthcare, enabling
more accurate and faster diagnosis of immune-related diseases.

AI-powered sensor fabrics for real-time health monitoring (AI-PSF)
This study by Sarker (2025) focuses on sensor textiles that incorporate AI to provide
continuous, real-time health monitoring. With biosensors, these wearable devices can
track vital signs, including heart rate, blood sugar, and respiratory rate. Case studies
demonstrate the effectiveness of these strategies in remote patient monitoring, hospital
adoption, and patient outcomes, which help enhance healthcare efficiency and reduce
hospital readmissions.

AI’s transformative impact on healthcare
Zeb et al. (2024) describe several applications of AI in healthcare, including robotic
surgery, medication research, customized treatment, and diagnostics. It raises questions
about ethical concerns, such as computational bias, data integrity, patient privacy, and the
potential benefits of AI in improving the accuracy of surgical and disease detection. The
study highlights the potential impact of AI on medical research and treatment.

AI and wearable sensors in nanomedicine
As this study by Ahmad & Muhmood (2024) suggests, one approach in which AI and ML
can enhance nanomedicine is by utilizing advanced sensors for on-site data collection.
Using real-time biochemical data, wearable gadgets fueled by AI significantly improve
healthcare decision-making. Furthermore, the research also addresses the challenges of
overcoming computational blind spots and legal constraints that hinder the
implementation of AI-assisted nanomedicine in clinical settings.

Ethical considerations in AI-powered disease diagnosis
Concerns regarding AI-driven disease diagnosis include algorithmic prejudice, data
privacy, and consent. The article by Shah (2023) highlights how wearable technology, AI,
and ML can enhance early diagnosis while maintaining fair and reliable healthcare
systems. The report emphasizes that AI-powered healthcare solutions depend on a
compromise between technical development and ethical problems.

Lin et al. (2026), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.3382 4/25

http://dx.doi.org/10.7717/peerj-cs.3382
https://peerj.com/computer-science/


AI in diagnostic tools and predictive analytics
This article by Dangi, Sharma & Vageriya (2025) explores how AI technologies, including
robotics and ML, improve the precision of surgical operations, predictive analytics, and
diagnostics. The article highlights how AI can aid in early disease detection and
personalized treatment planning in resource-constrained settings. It highlights how AI can
help mitigate shortcomings and enhance healthcare outcomes.

Supervised machine learning (SML) in healthcare
This work by Roy, Meena & Lim (2022) investigates the impacts of SML in healthcare
applications, including disease diagnosis, personalized therapy, remote monitoring, and
drug discovery. It emphasizes the need for data quality awareness and highlights the
importance of understandable AI for biological researchers. The article also addresses
potential innovations and ethical issues related to SML in healthcare.

AI-powered mobile health (AIM) for disease management
The current scoping review tracks studies on AI-driven mobile health apps using wearable
sensor technologies and smartphones by Bhatt et al. (2022). It highlights how DL and FL
facilitate the development of forecasting models for treating chronic illnesses. Particularly
during the COVID-19 pandemic, the article emphasizes how AIM solutions are
increasingly utilized for handheld health monitoring, which depends on safe data
interchange in healthcare.

The literature study highlights how predictive modeling, real-time monitoring, and
improved diagnosis accuracy enabled by AI can transform healthcare. Wearable gadgets
driven by AI, FL, and DL models enhance patient care and disease detection using our
proposed method, AI-PARI, compared to other traditional methods, including AI-IDD,
AI-PSF, SML, and AIM.

Traditional clinical methods, such as physical examination, patient history, and manual
spirometry, are commonly used to diagnose and manage pediatric asthma. However, these
methods have limitations regarding real-time monitoring and detecting subtle, early-stage
asthma exacerbations. ML models for pulmonary diagnostics have been the subject of
numerous investigations; however, these studies have predominantly focused on static,
clinical data or short-term recordings, rather than continuous, real-time data.
Additionally, most current solutions are limited in their predictive power and ability to
provide real-time feedback, as they rely on symptom-based evaluations or single-modality
data, such as imaging or physical examinations. To overcome this limitation, the
AI-powered diagnostic system for pediatric asthma and respiratory abnormalities
(AI-PARI) utilizes data from wearable sensors, specifically lung sounds, to train a DL
model to track the respiratory system in real-time without requiring intrusive procedures.
To identify asthma exacerbations and abnormalities early on, AI-PARI records changes in
lung acoustics (such as wheezing or crackling) in real-time, unlike conventional diagnostic
devices. To further enhance its generalizability and accuracy, the proposed system is
trained on a large and diversified dataset using the Pulmonary Sound Dataset from Kaggle.
This dataset comprises different and labelled lung sound recordings.
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PROPOSED SYSTEM
Pediatric asthma and respiratory anomalies can be challenging to diagnose due to the
complex interplay of environmental factors and symptom differences. The DL models and
wearable sensor technology are integrated in an AI-driven diagnostic system, so it has the
potential to detect vital signs in real-time. For pediatric respiratory health, early detection,
and prediction analytics are facilitated by the system utilizing FL, CNN, and RNN.
The AI-PARI differs from other system in many ways. Conventional diagnostic methods
mostly depend on periodic visits or manual evaluations. Continuous and real-time
monitoring was offered by the AI-PARI system with wearable sensors. For conditions
like asthma symptoms or irregular respiratory rates, this AI-PARI with wearable sensors
offers more ways for proactive intervention, early detection was also facilitated by this
method. Unique breathing patterns of the pediatrics is detected by the DL methods in this
system. A flexible, and patient-specific treatment is facilitated. The possibilities of
asthma exist; its occurrence are predicted by the AI-PARI. Through this prediction,
this tool helps clinicians in providing immediate care. Worsening the condition is
prevented by this system. The system constantly learns with the support of feedback
loops. When it learns more data, the more will be the accuracy. The real-time
monitoring with customized AI models, predictive analytics, and adaptive learning are
integrated in AI-PARI, thus a novel method is developed for the management of asthma in
pediatrics.

Pediatric respiratory health diagnostic framework powered by AI
Pediactric with asthma and respiratory disorders are greatly benefitted from early
detection and immediate care. This facilitation will prevent the condition from becoming
worse.

The AI-powered pediatric respiratory health diagnostic model continuously monitors
respiratory health of prediatric, because it integrates wearable sensor technology and novel
DL models.

Unusual breathing patterns related to asthma attacks and other respiratory conditions
are effective detected by the system with the support of CNN and RNN. Then, abnormal
patterns are detected earlier to avoid severe risks, so crucial signs like respiration rate,
oxygen saturation, airflow patterns, and heart rate variations were detected by the system
in real-time. It is illustrated in Fig. 1. Thus, predictive insights are offered by this AI system,
as it analyses data. These insights may support the doctors in providing preventive therapy
before the condition gets worse. The integration of wearable sensor technology and novel
DL models in the suggested AI-powered diagnostic system enhances the monitoring of
respiratory health of pediatrics. Improved accuracy, reliability, and applicability are some
of the benefits that are offered by these technologies. The complex, and high-dimensional
data may result from the signals collected from wearable sensors, and these complicated
and high-dimensional data are effectively handled by the potential of DL models.
Conventional methods fail to detect those hidden patterns in the data but, these models
have the ability to detect such patterns effectively.
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DL methods are able to manage large respiratory patterns and health marker datasets,
and they offer customized predictions. So, these DL methods are adaptable to the specific
health profile of every pediatric patient. The respiratory problems or asthma cases are
accurately detected by the system with DL methods, and it also supports in proving
immediate treatment. In contrast, wearable sensors enable the continuous monitoring of
vital signs, including respiratory rate, lung capacity, oxygen saturation, and cough
frequency, through a non-invasive, real-time data collection system. Wearable sensors are
superior to conventional diagnostic procedures for children because they can collect

Figure 1 Overview of AI-PARI in healthcare. Full-size DOI: 10.7717/peerj-cs.3382/fig-1
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continuous, high-frequency data without interfering with the patient’s everyday activities.
To intervene quickly before an assault or other catastrophic event occurs, constant
monitoring helps identify early indications of anomalies. DL offers robust, predictive
insights, while wearable sensors facilitate continuous, real-time data collection. The
AI-PARI is an integrated method, that is effective for managing pediatric asthma, and
respiratory irregularities. Improvements in model customization is done via the FL
framework. The patient’s data is confidentially secured by this FL model.

ct psð Þ ¼
X
bp

rpsds ctð Þ � 2�
bp
2 � q 2�msSm�msð Þ: (1)

Determining if a specific pulmonary signal ðpsÞ matches with standard or disordered
breathing patterns bp is done by the classification tools ctð Þ in the AI models using Eq. (1).
The sleep apnea, bronchitis, and asthma are distinguished by their symptoms by these DL
models. Then, respiratory conditions are effectively treated by a novel data-driven medical
solutions 2�ms when 2�msSm�msð Þ: Thus, it analyses the revolutionary possibilities rps of
AI-powered diagnostics ds:Z

PC rdð Þj j2dt ¼
X
ba

PCrs prtð Þj j2þ
P

wb
ir: (2)

In Eq. (2), the historical data PC rdð Þj j2 and present physiological aspects ba are
integrated, and this integration may support in predicting the chances of a pediatric child
developing a respiratory disease. For prompt action, and preventive treatment, it assists in
offering risk assessments PCrs: The integration of DL models and modern wearable
biosensors in the AI-PART may facilitate in promoting real-time monitoring and early
identification of respiratory irregularities.

RD spð Þ ¼
X
i

dtv cmð Þj j2 þ � 2�diba� sp
� �

: (3)

For respiratory data RD, pulse patterns, basic components, and temporal variations dtv
are some of significant properties spð Þ are generated by the AI framework, and it is defined
in the procedure given in Eq. (3). These features enter the classification model cmð Þ to
ensure exact diagnosis of breathing anomalies by � 2�diba� sp

� �
.

The pediatric respiratory irregularities are detected by the system that utilizes wearable
sensors for collecting real-time physiological data, and it is presented in Algorithm 1. It
sorts heart rate, oxygen saturation in the airflow, and breathing rate using predefined
threshold values. It utilizes sensor data to detect hypoxia, constricted airways, and
abnormal heart rates, which can aid in the early diagnosis of asthma.

The first step is to monitor the patient’s breathing patterns, oxygen saturation, lung
capacity, and other respiratory parameters in real-time using wearable sensors. After that,
the data is safely sent to the system, where a DL model that can identify patterns of
children’s breathing problems or asthma episodes processes it. The system’s DL algorithms
examine the data for outliers or precursors to anticipate such issues before they escalate.
Caregivers and healthcare professionals can intervene proactively and modify therapy by
receiving real-time notifications based on these forecasts. Over time, the AI-PARI system
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improves accuracy and refines predictions by incorporating input from caregivers and
healthcare experts.

Wearable biosensor integration for real-time monitoring
Wearable biosensors are crucial in pediatric respiratory health monitoring, as they enable
noninvasive and continuous tracking of vital physiological data. Constant health
monitoring made possible by these biosensors helps identify respiratory anomalies and
asthma episodes early.

Real-time data is securely sent to a remote server, where AI systems identify anomalies,
as shown in Fig. 2. This perfect integration of devices raises patient engagement by
permitting remote monitoring and reducing the need for frequent hospital visits.

Clinical professionals and caretakers may give an immediate care, and it was facilitated
by the application of cloud-based dashboard, as it offers real-time notifications of any
variations. This condition is effectively managed; it also reduces the risk of the condition
and hospital visits.

S0oðmoÞi ¼ hrdðhp � dsÞrtp; rtp ¼ 1; 2; . . . ; f m; mi 2 pdf g: (4)

In Eq. (4), outputs of many sensors S0o are presented. Monitoring oxygen levels mo,
heart rate hrd , and airflow are integrated in S0o. Thus, a whole health profile hp was

Algorithm 1 Wearable sensors to detect respiratory difficulties in youngsters.

if resp_rate < 15:
resp_status = “Low Respiration”

elif 15 <= resp_rate <= 30:
resp_status = “Normal Respiration”

else:
resp_status = “High Respiration”

if oxygen_saturation < 90:
oxygen_status = “Severe Hypoxia”

elif 90 <= oxygen_saturation < 95:
oxygen_status = “Mild Hypoxia”

else:
oxygen_status = “Normal Oxygen Levels”

if airflow < 0.5:
airflow_status = “Restricted Airflow (Possible Wheezing)”

else:
airflow_status = “Normal Airflow”

if heart_rate < 80:
heart_status = “Bradycardia”

elif 80 <= heart_rate <= 120:
heart_status = “Normal Heart Rate”

else:
heart_status = “Tachycardia”

return {
“respiration”: resp_status,
“oxygen”: oxygen_status,
“airflow”: airflow_status,
“heart”: heart_status
}

sensor_output = process_sensor_data(35,92,0.4,130)
print(sensor_output)
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facilitated by this integration. Then, real-time rtp physiological data pd are also ensured by
this diagnostic system ds.

f t gfð Þi ¼ sri � ns
Y
i

 !
�
ZZ

rdidg; i ¼ 1; 2; . . .N: (5)

Equation (5) explains the technique of filtering f t used to eliminate remnants eri � ns
and noise from sensor readings sri. Consequently, rdi the AI model seems more likely to
generate a correct diagnosis dg given reliable data. To identify irregular breathing patterns
associated with asthma and other respiratory disorders, healthcare providers and
caregivers can access real-time alerts and predictive insights through a cloud-based
diagnostic dashboard, which processes these data streams.

Srs ¼ sl
X
j

ef � CM ndð Þi
 !

<
X
j

rt � srs acð Þi
�����

�����: (6)

Equation (6) manages the secure sl and efficient data transport ef based on gadgets with
sensors and sensor reporting system (SRS) to server hardware in the cloud. By
continuously monitoring data without delay CM ndð Þi, guarantees real-time alerts rt in
case of respiratory crisis rp by comparing these two values like srs acð Þ.

Combining sensor technology with AI-driven analytics provides a scalable, cost-
effective, and efficient approach to pediatric asthma management. The proposed system

Figure 2 Integration of wearable biosensor. Full-size DOI: 10.7717/peerj-cs.3382/fig-2
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detects heart rate variability, oxygen saturation, airflow patterns, respiratory rate, and
respiration rate in real-time using wearable devices coupled with contemporary biosensors.

The wearable sensors played a crucial role in continuously monitoring the patient’s
oxygen saturation, breathing rate, and lung capacity, among other respiratory parameters.
These sensors provide non-invasive, continuous monitoring and a wealth of data to
identify respiratory abnormalities early. The asthma cases or real-time irregularities are not
effectively predicted by the system without sensors. So, the collected data are sent to DL
models. Because, the patterns, and irregularities are effectively detected by the DL model,
and it also have the potential to predict future occurrences via past histories. When
comparing the DL models with conventional models, the conventional methods fail to
detect such irregularities, but these DL models effectively detect with data analysis and
prediction processes. One can ensure that the prediction is precise by training the
algorithm on large datasets, and it supports in customizing those predictions to suit every
patient-specific health profile. Then, feedback given by healthcare providers, and
professionals via the feedback loop facilitates in improving the accuracy of the system for
long time. Thus, the predictive abilities of the system are improved.

DL models for respiratory pattern analysis
For analysing irregularities in pediatric respiratory patterns, this AI model is crucial. The
real-time physiological data are collected by wearable biosensors. For analysing these data,
RNN and CNN are suggested.

Large dataset is utilized for training a model. The child airflow signals, clinical
diagnoses, and environmental factors, including humidity and air quality are all
included in this dataset, and it was presented in Fig. 3. The utilization of large datasets
supports the AI models in detecting respiratory problems more effectively. DL enables the
system to identify minute variations in respiratory patterns, allowing for a proactive
response.

qð2�msSm�msÞ ¼
Z

PC rdð Þj j2dt :! cm: (7)

Equation (7) allows one to officially identify patterns Sm�ms of visual interest from
respiratory data as q 2�msSm�msð Þ using convolutional neural networks (CNNs)

PC rdð Þj j2. In toddlers with asthma, it helps identify irregularities in airflow dt :! cm. A
significant step forward in pediatric respiratory treatment, this AI-powered system
provides a scalable and cost-effective solution.X
bp¼T=cs

rp prð Þ :! BPðtf � dsÞi þ
X
j

es � bp aað Þi: (8)

In order to detect abnormal breathing patterns BPðtf � dsÞi, an RNN uses a paradigm
shown in Eq. (8) to handle sequential respiratory data, including variations over time asP

bp¼T
cs
rp prð Þ. It makes it possible to spot early on the signs that can aggravate asthma �

bpðaaÞi.ZZ
rdidg ¼ hrdðhp � dsÞrtp þ CMðndÞi: (9)
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Completing this calculation will help us to select the aim operations that most effectively
ðhp � dsÞrtp balances the actual values of the respiratory rdidg condition forecasts with

their accuracy with Eq. (9). When the training CM ndð Þi is increased, the prediction
efficiency of the framework increased. Early symptoms of respiratory problems and
accurate detection of asthma symptoms are offered by the integration in this system.

When compared to conventional diagnostic methods, the AI-driven approach is
scalable, accurate, and effective. While CNNs excel at identifying spatial features in airflow
patterns, RNNs analyze sequential data to detect fluctuations in breathing patterns,
enabling the detection of respiratory anomalies over time.

Cloud-based predictive analytics and federated learning
The suggested strategy integrates a cloud-based predictive analytics framework to offer
real-time access and raise diagnostic accuracy. The cloud platform utilizes data from

Figure 3 Deep learning models for pattern analysis. Full-size DOI: 10.7717/peerj-cs.3382/fig-3
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wearable biosensors to evaluate trends suggestive of respiratory discomfort using AI
techniques.

This method guarantees strict security and enhances customization while remaining
compliant with healthcare regulations, as shown in Fig. 4. Due to analytics that utilize the
cloud and storage, which also help the system remain scalable, it is ideal for large-scale
installations. The proposed approach utilizes FL to improve AI models by optimizing
diagnosis accuracy and flexibility.

AD pz0 � hi00ð Þ ¼ eps� f d00ð Þ � iq s� ef if 00ð Þ: (10)

Assessing the trends in one’s airflow data ADðpz0 � hi00Þ, this Eq. (10) reveals one
method to estimate potential hazards for health ps� f d00. This allows doctors to act before
major asthma episodes even begin iq s� ef if 00ð Þ. Analytical foresight and FL, taken
together, increase the safety and efficiency of asthma therapy for children.

Vd rd � sg 00ð Þ ¼ ðf i0 � daðpr � sr00ÞÞ � f lðiv � pd00Þ: (11)

Figure 4 Predictive analysis using cloud. Full-size DOI: 10.7717/peerj-cs.3382/fig-4
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All algorithms trained on various devices create Vd a single global sg 00 model without
exchanging any raw data rd using this Eq. (11); this is the federated instructional f i0

process defined by this equation. It improves diagnostic accuracy da while ensuring
privacy pr. sr00 FL f l allows for the refining of individualized models iv and the protection
of personal data pd00 without sacrificing security. This technology enhances disease care
and reduces the need for emergency hospital visits by outperforming conventional
diagnostic methods.

X
j

es � bp aað Þi �
ZZ

rdidg þ CM ndð Þi: (12)

Equation (12) drives the regular upgrades
P

j es � bp aað Þi of cloud-based AI modelsRR
rdidg using recently acquired data gathered by wearable devices CM ndð Þi. It assures us

that it never stops and that the diagnostic precision increases with time.
This AI-powered approach examines processed sensor data using a risk-based scoring

system to diagnose respiratory illnesses. Weighing abnormalities such as low oxygen levels,
fast breathing, and airflow restrictions helps us understand them using Algorithm 2. The
cumulative risk score enables caregivers to obtain an AI-based diagnosis in real-time,
allowing for proactive intervention in situations of pediatric asthma.

Predictive analytics informs caregivers and medical professionals about possible
medical emergencies, enabling quick response. An essential component of the system is

Algorithm 2 AI model-based classification of pediatric respiratory conditions.

Assigning risk scores based on sensor readings
risk_score = 0
if resp_status == “High Respiration”:
risk_score += 3

elif resp_status == “Low Respiration”:
risk_score += 2

if oxygen_status == “Severe Hypoxia”:
risk_score += 4

elif oxygen_status == “Mild Hypoxia”:
risk_score += 2

if airflow_status == “Restricted Airflow (Possible Wheezing)”:
risk_score += 3

if heart_status == “Tachycardia”:
risk_score += 2

elif heart_status == “Bradycardia”:
risk_score += 1

if risk_score >= 8:
diagnosis = “Severe Asthma Attack Detected - Immediate Medical Attention Required”

elif 5 <= risk_score < 8:
diagnosis = “Moderate Asthma Symptoms - Medical Consultation Recommended”

elif 2 <= risk_score < 5:
diagnosis = “Mild Respiratory Irregularities - Monitor Closely”

else:
diagnosis = “Normal Respiratory Condition”

return diagnosis
diagnosis_result = ai_diagnosis(“High Respiration”,“Mild Hypoxia”,“Restricted Airflow (Possible

Wheezing)”,“Tachycardia”)
print(diagnosis_result)
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that FL guards patients’ privacy by allowing AI models to be trained across numerous
devices without sharing any raw patient data.

Predictive analysis of the proposed system
Evaluation of the proposed AI-driven diagnostic system’s performance will help assess its
effectiveness in identifying young respiratory diseases. Using significant performance
metrics such as recall, precision, and F1-score, we evaluate the system’s accuracy in
identifying bouts of asthma and breathing irregularities. The proposed approach aims to
transform pediatric respiratory treatment by continually refining and utilizing scalable
AI-powered solutions.

Ac ri0 � bf pð Þ ¼ Un pt � rtð Þ � cs AC00 � bf pð Þ: (13)

Equation (13) gauges the appliance’s accuracy Ac in spotting respiratory infections ri0 by
restricting both false negatives bf p and unintended positives Un pt � rtð Þ. This helps one
to compare the model AC00 � bf pð Þ with accepted clinical standards cs.

prf � st rc� pr0ð Þ :! ml � dl pr:ddl00ð Þ: (14)

The approach described above combines prf recall rc alongside preciseness into one
statistic st to provide a more realistic view of the performance pr0 of the AI model ml � dl
with this Eq. (14). It ensures the procedure will attain a dependable diagnosis level as
ðpr:ddl00Þ the DDL.
Nev0 rd � ysð Þ ¼ da gt � seðhr0ð ÞÞ � ½if 0 � uyq�: (15)

Equation (15) above defines the numerical evaluation Nev0 of the AI model’s
performance on the unavailability of respiration datasets rd. It guarantees it can adapt to
several types of surroundings uyq and many sorts of youngsters ys. The initial findings if 0

reveal that the detection accuracy da rate is far greater than gt the outcomes of
conventional diagnostic techniques gt � seðhr0ð ÞÞ.

This system’s ability to outperform conventional diagnostic procedures has reduced
reliance on emergency room visits and enhanced illness management. Future upgrades will
optimize the framework’s usefulness and scalability in pediatric cardiopulmonary
healthcare, including combination multiple sensors, model abstraction, and large-scale
clinical trials.

A novel method is created by integrating AI and wearable biosensors with DL. This
novel method is effective in detecting pediatric asthma cases and respiratory problems.
RNN and CNN are suggested for analysing those real-time physiological data. The
simulation was conducted by comparing AI-PARI with current methods. The AI-PARI
attains 95% detection accuracy and it is superior when compared to conventional
diagnostic methods.

MATERIALS AND METHODS
Computing infrastructure
The computer runs with multiple operating systems like Windows 11 Professional and
Ubuntu 22.04 Long-Term Support was executed in this analysis. NVIDIA RTX 3060/3070
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graphics processing unit (GPU) with CUDA support for accelerated DL research, 32
gigabytes of DDR4 RAM, and an Intel Core i7 11th Generation central processing unit
(CPU) or an AMD Ryzen 7 5800X were included in this hardware configuration. The
efficacy of the system is improved by all these components. The storage system was
upgraded with a 512 GB NVMe solid-state drive (SSD) to handle large amounts of model
weights and sensor data efficiently. This was done to maintain the system working
smoothly. Python 3.8 was used to build all the ML processes. Libraries such as TensorFlow
2.8, NumPy 1.21, Pandas 1.3, Scikit-learn 1.0, and SciPy 1.7 were utilized.

Data preprocessing
Synthetic multi-sensor data have been designed to represent four vital physiological
characteristics, replicating juvenile respiratory function in a real environment. Some of the
criteria in this evaluation are breathing rate, oxygen saturation, heart rate variability, and
airflow patterns. Every sample has four features and 100 steps added to it. Before the model
received instructions, every single sensor input was subjected to a low-pass Butterworth
filter with an order of three and a cutoff frequency of 3 Hz. It was intended to eliminate
ambient artifacts and high-frequency noise, making the data on breathing patterns as
accurate as possible. Data normalisation came next to bring all sensor values within the
range of [0, 1]. This led to the standardization of input across several signal types. The data
was then standardized. A split ratio of 80:20 divided the last dataset into training and
testing sets. Stratified sampling helped to achieve this. This maintains a harmonic balance
between regular and abnormal breathing patterns.

Deep learning model
A hybrid architecture has been employed to create the core of the AI diagnostic system.
The system consisted of a RNN and a CNN. The layers of the CNN have been assigned
tasks to obtain spatial features from the filtered sensor inputs. To do this, it was necessary
to collect localized patterns that indicated respiratory anomalies. After completing the
feature extraction approach, long short-term memory (LSTM) layers were used to capture
the temporal correlations inherent in sequential breathing data. These layers were included
following the feature extraction procedure. The model’s architecture consists of two
convolutional layers, each with 64 and 128 filters, respectively, followed by max-pooling
operations and a single LSTM layer with 64 hidden units. The model was then trained
using the model. The last output of the dense layers produced was a sigmoid activation
function, employed for binary classification (normal versus disordered breathing). The
model was trained for 20 epochs using the Adam optimizer by employing a batch size of
thirty-two. The loss function in this work represented a binary cross-entropy value.

Federated learning framework simulation
An FL system was implemented to simulate distributed learning environments and
safeguard people’s privacy. Five simulated consumers shared the training dataset, each
receiving a distinct fraction of the data. Without sharing any raw sensor data with the
central server, each client autonomously trained a local instance of the CNN-RNN model
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on its private data. After completing each training cycle, the server received the modified
model weights; these were then aggregated and updated using federated averaging. A
global model was produced by repeating this procedure. This approach safeguarded
patient data confidentiality and mimicked the restrictions in the actual world, where
wearable gadgets spread data throughout the sector. There was no direct data transfer
between the clients and the central node; therefore, the confidentiality of the data was
maintained during the simulation.

The evaluating approach
Several distinct criteria—including accuracy, precision, recall, and F1-score—were used to
evaluate the effectiveness of the AI-driven diagnostic system. The model was assessed once
the training procedure finished using the testing dataset set aside to gauge its predictive
ability. The predictions produced by the model were compared with the ground-truth
labels using typical classification assessment methods. A categorization report covered
every class’s accuracy, recall, and F1-scores. Understanding and validating the consistency
and stability of a federated learning (FL) system depends on analysing the mean and
standard deviation of data across simulated federated clients.

RESULTS AND ANALYSIS
Dataset description: The records of breathing sounds that are linked to lung diseases are
included in the Pulmonary Sound Dataset on Kaggle. Among these ailments are chronic
obstructive pulmonary disease (COPD), bronchitis, pneumonia, and asthma. The
collection includes labeled audio recordings that capture various breathing patterns,
including crackles and wheezes, which aid in identifying respiratory diseases. These sounds
were recorded using digital stethoscopes and then examined for possible clinical relevance
in Table 1. This dataset is invaluable when creating AI models to detect anomalies in
respiratory sounds, thereby improving the early diagnosis of lung diseases and asthma in
children (Kagglecom, 2025). Key features of the dataset include a wide range of sound

Table 1 The simulation environment.

Metrics Description

Google
Colab

Provides a cloud-based platform for running simulations of AI-driven pediatric respiratory diagnostic models. Enables researchers to
leverage GPU/TPU resources for DL-based analysis of respiratory health patterns. Supports TensorFlow and PyTorch for training AI
models using real-time patient data.

Kaggle Offers a Jupyter notebook environment with access to respiratory health datasets. Facilitates benchmarking AI models against existing
clinical datasets to optimize predictive accuracy for early disease detection and diagnosis.

TensorFlow Enables DL-based modeling for respiratory disease classification, focusing on feature extraction from biosensor data, anomaly detection,
and predictive analytics for pediatric respiratory conditions.

PyTorch Supports adaptive learning techniques, allowing real-time respiratory health monitoring and personalized diagnostic model
development. Facilitates reinforcement learning-based optimization of pediatric health predictions.

MATLAB Assists in complex signal processing and mathematical modeling of respiratory biomarkers. Supports real-time data visualization,
feature extraction from biosensor data, and statistical analysis of disease progression patterns.

Simulink Provides system-level simulation of AI-powered respiratory diagnostic frameworks, enabling modeling of real-time physiological
responses, optimization of sensor-based feedback loops, and personalized health recommendations.
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categories (normal and abnormal), temporal attributes like sound duration and frequency,
and a high sampling rate that captures fine-grained details crucial for distinguishing subtle
irregularities in breathing patterns.

Analysis of signal patterns
Wearable sensors record respiratory signals; our work aims to extract pertinent data from
these signals using AI-PRAI, achieving an output of 93.1% (Fig. 5). Signal processing
approaches enable the identification of variations in oxygen saturation, respiratory rate,
and airflow using cloud-hosted diagnostic dashboard (C-DB), with an output of 93.8%.
The irregularities that are related to asthma cases are effectively detected by the patterns
obtained. It provides early detection and effective clinical care.

SP � f c00ð Þ ¼ rd bp0 � sið Þ � rf an :! as0 ¼ 0f g: (16)

The frequency components from respiratory data rd was extracted by the application of
signal processing algorithm SP � f c00ð Þ, and it may support in detecting aberrant breathing
patterns bp0 � si in Eq. (16). To detect asthma-related anomalies an :! as0, DL methods
transform the chaotic sensory information rf into a more realistic form.

Analysis of AI model performance
Testing the performance of the AI model ensures the system’s accuracy in identifying
respiratory issues, as shown in Table 2. Essential steps include precision, recall, and
F1-score, which evaluate detection accuracy, minimizing false positives and negatives with
an optimized output. The normal respiratory pattern and abnormal respiratory pattern are

Figure 5 Signal patterns analysis. Full-size DOI: 10.7717/peerj-cs.3382/fig-5
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effectively distinguished by these DL models with two crucial features like precision
consistency, and robustness, and it was demonstrated by this analysis.

i:ef a0 �m:rc00ð Þ½ � ¼ ce0 � Rp pp� xi00ð Þ: (17)

In Eq. (17), correct evaluation ce0 is ensured by assessing the accuracy a0, recall m:rc00,
and F1-score by the application of an identification effectiveness i:ef . Thus, the capacity of
the AI model to identify pediatric respiratory problems Rp is also ensured. The ratio of
accurate forecasts pp� xi00ð Þ to those that turn out to be incorrect can be found using this
equation.

Analysis of sensor accuracy
In real-time, reliable data was offered by the precise wearable sensors, and it is crucial for
monitoring asthma in pediatrics. Calibration processes take into account ambient factors
like temperature and humidity using the method C-DB, that produces an output of 95.2%
and ensures consistent physiological results for the suggested AI system, which has an
output of 94.1% in Fig. 6. The analysis of sensor dependability utilizing error detection and
repair procedures improves data quality, and it supports in preventing misdiagnoses
caused by sensor drift or external disturbances.

s as:lme00f g ¼ dr00 < pm� rtcc00 > � dt hr � rh0ð Þf g: (18)

Data reliability s as:lme00f g and measurement errors dr00 are reduced by using a sensor
assurance in Eq. (18). The physiological measures pm� rtcc00h i collected in real-time are
consistent, and this is ensured by this equation, with a consideration of environmental
variations. The metrics that are used to assess the efficiency of models, are recall, accuracy,
and F1-score. When compared to the traditional diagnostic techniques dt, the AI model’s
efficiency is assessed. From the outcomes, it is clear that the AI models effectively manage
respiratory health hr � rh0ð Þ with a high detection accuracy of more than 95%.

Analysis of FL efficiency
Without impacting the privacy of patient data, this FL supports in customizing model.
When AI models are trained across multiple devices, efficiency analysis evaluates data
integration, computational costs, and convergence rate (Table 3). Since the system adapts
to various patient conditions while maintaining safe and distributed learning, AI-driven
diagnostics are scalable and privacy-preserving.

Table 2 Model performance analysis.

System Recall (%) Accuracy (%) Precision (%)

AI-IDD (Khan et al., 2024) 78.5 81.2 79.8

AI-PSF (Sarker, 2025) 80.3 83.4 81.5

SML (Roy, Meena & Lim, 2022) 84.7 86.9 85.2

AIM (Bhatt et al., 2022) 88.9 90.5 89.3

AI-PARI (Proposed) 92.1 94.3 93.0
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if 0 � uyq½ � � st rc� pr0ð Þ þ
ZZ

rdidg: (19)

The optimal Eq. (19) for shared learning drives if 0 � uyq½ � updates to prototypes on
distributed devices st rc� pr0ð Þ, guaranteeing data privacy. Consequently, autonomous
learning systems converge effectively without sharing raw data and AI model
customization is improved. DL models can identify respiratory system anomalies with
high degree of accuracy by effectively digesting physiological inputs from wearable
biosensors

RR
rdidg. The AI system sends real-time alerts to healthcare professionals and

caregivers that surpass traditional diagnosis methods.

Analysis of clinical validation
Clinical validation is the only way to verify the effectiveness of the AI system in real-world
healthcare settings, using the proposed method AI-PARI, with an average value of 95.5%

Figure 6 Sensor accuracy analysis. Full-size DOI: 10.7717/peerj-cs.3382/fig-6

Table 3 FL accuracy.

System Processing
speed (ms)

Robustness
(Score out of 10)

Scalability
(Score out of 10)

Adaptability
(Score out of 10)

AI-IDD (Khan et al., 2024) 120 6.5 6.0 6.8

AI-PSF (Sarker, 2025) 105 7.5 7.0 7.8

SML (Roy, Meena & Lim, 2022) 98 8.2 8.5 8.4

AIM (Bhatt et al., 2022) 90 9.0 9.2 9.0

AI-PARI (Proposed) 75 9.8 9.7 9.6
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(Fig. 7). By comparing the outcomes of expert clinical assessments with those of
AI-generated diagnoses, statistical validation techniques assess the accuracy and
consistency of the expert clinical assessments. This article confirms that the proposed
AI-based diagnostic approach complies with medical standards, as demonstrated by C-DB,
with an output of 95.7%, fostering trust and adoption in pediatric respiratory care.

rf an :! as0 ¼ p pp� xi00ð Þf g :! s as:lme00f g: (20)

Contrary to hypothesis testing rf , a statistically proven Eq. (20) is applied in opposing
AI forecasts and as an :! as0 true ground truth clinical diagnosis p pp� xi00ð Þ. This
equation gauges the relevance s as:lme00f g of AI-driven diagnosis to ensure that model
recommendations complement expert medical evaluations.

According to the findings, the AI-powered method for diagnosing childhood asthma is
accurate and efficient. The performance evaluation results of the system AI-PARI confirm
the system’s reliability, as its F1-score exceeds industry standards.

CONCLUSION AND FUTURE WORK
The proposed AI-driven pediatric respiratory wellness diagnostic framework offers an
innovative approach for monitoring and managing children’s respiratory illnesses. The
system utilizes DL models with wearable biosensors to analyze data in real-time, identify
problems early on, and deliver predicted insights that enable prompt medical action. This
model can help enhance the long-term respiratory wellness management of pediatric
patients and reduce the frequency of emergency visits.

Figure 7 Clinical validation analysis. Full-size DOI: 10.7717/peerj-cs.3382/fig-7
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Future study will incorporate multi-sensor fusion approaches to improve model
generalizability and enable more thorough physiological evaluations. Expanding
real-world clinical trials can confirm the approach’s success in varied demographics.
Developments will enhance the system’s reliability and clinical use, improving clarity and
regulatory compliance in AI.

FL has been employed to improve model personalisation while preserving accurate data
privacy, solving one of the key issues in current healthcare AI applications. The findings
show that, across several performance criteria, AI-PARI surpasses conventional diagnostic
methods in speed and accuracy, achieving high diagnosis accuracy (>95%). Cloud-based
predictive analytics integration enables scalable deployment and proactive healthcare
treatments as well. It relies on simulation data and a controlled environment, which cannot
fully represent real-world variation, thus limiting this work’s applicability. Moreover,
further testing in actual deployment with different datasets is required to ensure greater
general applicability and robustness.

NOMENCLATURE
AI Artificial Intelligence

AI-PARI asthma and respiratory irregularities

AI-IDD AI in Immunologic Disease Diagnosis

SML Supervised Machine Learning

AIM AI-Powered Mobile Health

AI-PSF AI-Powered Sensor Fabrics for Real-Time Health Monitoring

ADDITIONAL INFORMATION AND DECLARATIONS

Funding
This project is funded by Longyan Science and Technology Project, 2023LYF17068. The
funders had no role in study design, data collection and analysis, decision to publish, or
preparation of the manuscript.

Grant Disclosures
The following grant information was disclosed by the authors:
Longyan Science and Technology Project: 2023LYF17068.

Competing Interests
The authors declare that they have no competing interests.

Author Contributions
. Jinliang Lin analyzed the data, prepared figures and/or tables, and approved the final
draft.

. Yijing Tan conceived and designed the experiments, authored or reviewed drafts of the
article, and approved the final draft.

Lin et al. (2026), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.3382 22/25

http://dx.doi.org/10.7717/peerj-cs.3382
https://peerj.com/computer-science/


. Yuming Lin performed the experiments, prepared figures and/or tables, and approved
the final draft.

. Xuewen Qiu performed the computation work, authored or reviewed drafts of the article,
and approved the final draft.

Data Availability
The following information was supplied regarding data availability:

The code is available in the Supplemental Files.

Supplemental Information
Supplemental information for this article can be found online at http://dx.doi.org/10.7717/
peerj-cs.3382#supplemental-information.

REFERENCES
Ahmad F, Muhmood T. 2024. Clinical translation of nanomedicine with integrated digital

medicine and machine learning interventions. Colloids and Surfaces B: Biointerfaces 14:114041
DOI 10.1016/j.colsurfb.2024.114041.

Ali AT, Abohany AA, Thabet M, Farhat A. 2025. The role of AI in modern healthcare
innovations: a literature review. Damanhour Journal of Intelligent Systems and Informatics
1(1):1–14 DOI 10.21608/djis.2025.351495.1005.

Almadani B, Kaisar H, Thoker IR, Aliyu F. 2025. A systematic survey of distributed decision
support systems in healthcare. Systems 13(3):157 DOI 10.3390/systems13030157.

Bhatt P, Liu J, Gong Y, Wang J, Guo Y. 2022. Emerging artificial intelligence-empowered
mhealth: scoping review. JMIR mHealth and uHealth 10(6):e35053 DOI 10.2196/35053.

Chatterjee S, Fruhling A, Kotiadis K, Gartner D. 2024. Towards new frontiers of healthcare
systems research using artificial intelligence and generative AI. Health Systems 13(4):263–273
DOI 10.1080/20476965.2024.2402128.

Dangi RR, Sharma A, Vageriya V. 2025. Transforming healthcare in low-resource settings with
artificial intelligence: recent developments and outcomes. Public Health Nursing
42(2):1017–1030 DOI 10.1111/phn.13500.

Dumas S, Pedersen C, Smith S. 2022. Hybrid healthcare will lead the way in empowering women
across emerging markets: reimagine and revolutionise the future of female healthcare. In: Impact
of Women’s Empowerment on SDGs in the Digital Era. IGI Global, 251–275
DOI 10.4018/978-1-6684-3637-0.ch011.

Feehan M, Owen LA, McKinnon IM, DeAngelis MM. 2021. Artificial intelligence, heuristic
biases, and the optimization of health outcomes: cautionary optimism. Journal of Clinical
Medicine 10(22):5284 DOI 10.3390/jcm10225284.

Gbobaniyi O, Tincani D, Emelone P. 2024. The strategic efficacy of artificial intelligence (AI) in
medical tourism. In: Impact of AI and Robotics on the Medical Tourism Industry. IGI Global,
99–138 DOI 10.4018/979-8-3693-2248-2.ch005.

Goel A, Neduncheliyan S. 2024a. With the convergence of blockchain, AI, and the Internet of
Medical Things (IoMT). In: Proceedings of the Machine Learning Algorithms: First International
Conference, ICMLA 2024. February 23–24, 2024. Himachal Pradesh, India, Vol. 2238, Springer
Nature, 194 DOI 10.1007/978-3-031-75861-4.

Goel A, Neduncheliyan S. 2024b. Pioneering healthcare innovations with the convergence of
blockchain, AI, and the Internet of Medical Things (IoMT). In: International Conference on

Lin et al. (2026), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.3382 23/25

http://dx.doi.org/10.7717/peerj-cs.3382#supplemental-information
http://dx.doi.org/10.7717/peerj-cs.3382#supplemental-information
http://dx.doi.org/10.7717/peerj-cs.3382#supplemental-information
http://dx.doi.org/10.1016/j.colsurfb.2024.114041
http://dx.doi.org/10.21608/djis.2025.351495.1005
http://dx.doi.org/10.3390/systems13030157
http://dx.doi.org/10.2196/35053
http://dx.doi.org/10.1080/20476965.2024.2402128
http://dx.doi.org/10.1111/phn.13500
http://dx.doi.org/10.4018/978-1-6684-3637-0.ch011
http://dx.doi.org/10.3390/jcm10225284
http://dx.doi.org/10.4018/979-8-3693-2248-2.ch005
http://dx.doi.org/10.1007/978-3-031-75861-4
http://dx.doi.org/10.7717/peerj-cs.3382
https://peerj.com/computer-science/


Machine Learning Algorithms. Cham: Springer Nature Switzerland, 194–208
DOI 10.1007/978-3-031-75861-4_17.

Guérin RN, Hofmeijer EI, Kester LM, Sensmeier LW. 2024. The responsible implementation of
artificial intelligence in childcare. In: Code and Conscience: Exploring Technology, Human Rights,
and Ethics in Multidisciplinary AI Education. Cham: Springer Nature Switzerland, 113–133
DOI 10.1007/978-3-031-52082-2_8.

Jacob AA. 2024. A detailed investigation on digital technology. In: Future of Digital Technology and
AI in Social Sectors, 33–62 DOI 10.4018/979-8-3693-5533-6.ch002.

Jiang M, Zhao Q, Li J, Wang F, He T, Cheng X, Yang BX, Ho GW, Fu G. 2024. A generic review
of integrating artificial intelligence in cognitive behavioral therapy. ArXiv
DOI 10.48550/arXiv.2407.19422.

Kagglecom. 2025. A dataset of lung sounds. Available at https://www.kaggle.com/datasets/arashnic/
lung-dataset (accessed 28 July 2025).

Khan M, Banerjee S, Muskawad S, Maity R, Chowdhury SR, Ejaz R, Kuuzie E, Satnarine T.
2024. The impact of artificial intelligence on allergy diagnosis and treatment. Current Allergy
and Asthma Reports 24(7):361–372 DOI 10.1007/s11882-024-01152-y.

Liu Y, Cao X, Chen T, Jiang Y, You J, Wu M, Wang X, Feng M, Jin Y, Chen J. 2025a. From
Screens to Scenes: a survey of embodied AI in healthcare: techniques, applications, and
opportunities. ArXiv DOI 10.48550/arXiv.2501.07468.

Liu H, Sun W, Cai W, Luo K, Lu C, Jin A, Zhang J, Liu Y. 2025b. Current status, challenges, and
prospects of artificial intelligence applications in wound repair theranostics. Theranostics
15(5):1662–1688 DOI 10.7150/thno.105109.

Roy S, Meena T, Lim SJ. 2022. Demystifying supervised learning in healthcare 4.0: a new reality of
transforming diagnostic medicine. Diagnostics 12(10):2549 DOI 10.3390/diagnostics12102549.

Sachdeva RK, Bathla P, Vij S, Dishika JM, Kumar L, Ghantasala GP, Ahuja R. 2024. Emerging
technologies in healthcare systems. In: Mahajan S, Raj P, Pandit AK, eds. Deep Reinforcement
Learning and Its Industrial Use Cases: AI for Real-World Applications. Vol. 14. Beverly, MA:
Scrivener Publishing, 375–394 DOI 10.1002/9781394272587.ch16.

Sahal R, Alsamhi SH, Brown KN. 2022. Personal digital twin: a close look into the present and a
step towards the future of personalised healthcare industry. Sensors 22(15):5918
DOI 10.3390/s22155918.

Sarker MTH. 2025. Case study analysis of AI-powered sensor fabrics for continuous health
monitoring in chronic disease management. Strategic Data Management and Innovation
2(1):160–180 DOI 10.71292/sdmi.v2i01.18.

Shah HH. 2023. Early disease detection through data analytics: turning healthcare intelligence.
International Journal of Multidisciplinary Sciences and Arts 2(4):252–269
DOI 10.47709/ijmdsa.v2i2.2995.

Shepherd BT, Jacob AA. 2025. A detailed investigation on digital technology and AI in social
sectors. In: Future of Digital Technology and AI in Social Sectors. IGI Global, 33–62
DOI 10.4018/979-8-3693-5533-6.ch002.

Wang B, Shi X, Han X, Xiao G. 2024. The digital transformation of nursing practice: an analysis of
advanced IoT technologies and smart nursing systems. Frontiers in Medicine 11:1471527
DOI 10.3389/fmed.2024.1471527.

Xing Y, Yang K, Lu A, Mackie K, Guo F. 2024. Sensors and devices guided by artificial intelligence
for personalized pain medicine. Cyborg and Bionic Systems 5(10289):0160
DOI 10.34133/cbsystems.0160.

Lin et al. (2026), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.3382 24/25

http://dx.doi.org/10.1007/978-3-031-75861-4_17
http://dx.doi.org/10.1007/978-3-031-52082-2_8
http://dx.doi.org/10.4018/979-8-3693-5533-6.ch002
http://dx.doi.org/10.48550/arXiv.2407.19422
https://www.kaggle.com/datasets/arashnic/lung-dataset
https://www.kaggle.com/datasets/arashnic/lung-dataset
http://dx.doi.org/10.1007/s11882-024-01152-y
http://dx.doi.org/10.48550/arXiv.2501.07468
http://dx.doi.org/10.7150/thno.105109
http://dx.doi.org/10.3390/diagnostics12102549
http://dx.doi.org/10.1002/9781394272587.ch16
http://dx.doi.org/10.3390/s22155918
http://dx.doi.org/10.71292/sdmi.v2i01.18
http://dx.doi.org/10.47709/ijmdsa.v2i2.2995
http://dx.doi.org/10.4018/979-8-3693-5533-6.ch002
http://dx.doi.org/10.3389/fmed.2024.1471527
http://dx.doi.org/10.34133/cbsystems.0160
http://dx.doi.org/10.7717/peerj-cs.3382
https://peerj.com/computer-science/


Yingngam B, Navabhatra A, Sillapapibool P. 2024. AI-driven decision-making applications in
pharmaceutical sciences. In: Using Traditional Design Methods to Enhance AI-Driven Decision
Making. IGI Global Scientific Publishing, 1–63 DOI 10.4018/979-8-3693-0639-0.ch001.

Zeb S, Nizamullah FN, Abbasi N, Fahad M. 2024. AI in healthcare: revolutionizing diagnosis and
therapy. International Journal of Multidisciplinary Sciences and Arts 3(3):118–128
DOI 10.47709/ijmdsa.v3i3.4546.

Lin et al. (2026), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.3382 25/25

http://dx.doi.org/10.4018/979-8-3693-0639-0.ch001
http://dx.doi.org/10.47709/ijmdsa.v3i3.4546
http://dx.doi.org/10.7717/peerj-cs.3382
https://peerj.com/computer-science/

	Artificial intelligence-enhanced diagnostics for pediatric asthma and respiratory irregularities using deep learning and wearable sensors ...
	Introduction
	Related works
	Proposed system
	Materials and Methods
	Results and analysis
	CONCLUSION AND FUTURE WORK
	Nomenclature
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile (None)
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Average
  /ColorImageResolution 300
  /ColorImageDepth 8
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /FlateEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Average
  /GrayImageResolution 300
  /GrayImageDepth 8
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /FlateEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Average
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


