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Abstract

Asthma is a common chronic disease in children, contributing to significant morbidity
and healthcare utilization worldwide. The integration of artificial intelligence (AI) and
machine learning (ML) into pediatric asthma care is rapidly advancing, offering new
opportunities for early diagnosis, risk stratification, and personalized management. AI-
driven tools can analyze complex clinical, genetic, and environmental data to identify
asthma phenotypes and endotypes, predict exacerbations, and support timely interventions.
In pediatric populations, these technologies enable non-invasive diagnostic approaches,
remote monitoring through wearable devices, and improved medication adherence via
smart inhalers and digital health platforms. Despite these advances, challenges remain,
including the need for pediatric-specific datasets, transparency in AI decision-making, and
careful attention to data privacy and equity. The integration of AI in pediatric asthma care
and into the clinical decision system can offer personalized treatment plans, reducing the
burden of the disease both for patients and health professionals. This is a narrative review
on the applications of AI and ML in pediatric asthma care.
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1. Introduction
1.1. Asthma as a Global Health Concern

Asthma represents a significant challenge to public health worldwide, impacting peo-
ple of all ages and backgrounds. According to the Global Asthma Report, the prevalence
of asthma stands at 9.1% among children, 11.0% among adolescents, and 6.6% among
adults [1]. The prevalence of asthma varies widely between countries and regions. Such
disparities are largely influenced by genetic factors, environmental exposures, and dif-
ferences in healthcare access, but the prevalence of asthma has continued to rise steadily
all over the world. Asthma-related morbidity and mortality contribute substantially to
global public health burdens. When asthma is inadequately managed, individuals may
experience frequent hospital admissions, increased absenteeism from school or work, and
a diminished quality of life [2].

Therefore, optimising asthma management and control is vital to mitigating its overall
impact. Effective strategies include early and right diagnosis, identifying those at increased
risk of exacerbation, improvement of adherence to treatment, managing timely exacerba-
tions, monitoring patients, and selecting appropriate and personalized treatment plans [3].
Artificial intelligence (AI)-driven tools have the potential of implementing these strategies.
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1.2. The Transformative Role of Artificial Intelligence

In recent years, the role of AI in medicine has been rapidly expanding, revolutionizing
various aspects of healthcare and improving the efficiency and accuracy of diagnosis
and treatment.

At present, AI technology is part of diagnostic procedures, helping identify diseases
more quickly and accurately using advanced imaging and pattern recognition. For example,
computer reading of electrocardiograms or analysis of cutaneous lesions has become
a reality and been integrated into daily practice. AI is also used to retrieve a huge amount
of medical information to diagnose rare and common diseases.

These processes often require a person who supervises the interpretation of these
data, but by learning, reasoning, and self-correcting, AI can provide valuable insights to
healthcare professionals. AI applied to machine learning (ML) shows promise in many
different aspects of healthcare. ML is either supervised, using algorithms based on ex-
isting categories, or unsupervised, where algorithms create new patterns or categories
independently [4].

ML algorithms help identify at-risk patients, improve the accuracy of diagnosis in
complex medical conditions, make predictions, and develop personalized treatments by
analysing vast amounts of genetic, clinical, and environmental data. By processing large
healthcare datasets, including the omics, ML reveals patterns that might be missed by
humans [5–7].

Within this context, AI offers profound opportunities to reshape asthma care. The
integration of AI into asthma management means the advent of precision medicine, where
complex datasets, including clinical, genetic, and environmental information, will be
leveraged to deepen understanding of asthma’s heterogeneity and progression. AI can
analyze these “big data”, uncovering different pheno- and endotypes, departing from the
“one-size-fits-all” approach and moving towards tailored-made precision medicine with
the potential of offering personalized treatments to different patients.

AI-driven technologies may not only enhance diagnostic accuracy by identifying
underlying patterns but can also predict acute exacerbations and improve asthma control.
The prevention of asthma attacks can be achieved through specific AI-based models that
integrate data coming from apps and wearable technology like lung function, oxygen
saturation or respiratory rate. In addition, these systems can promote communication
between patient and physician, leading to earlier interventions and targeted therapy.

The digital evolution of AI in asthma also translates into active support of the patient
in performing therapies, therefore improving asthma control. The use of smart inhalers
promotes the correct use of the devices and a good inhalation technique. This can reduce
the individual burden associated with asthma and supports the development of proactive,
patient-centered strategies that adapt to the dynamic nature of this condition. Herein, we
will review the applications of AI in asthma care.

1.3. Methods

In this narrative review of the literature, we analyzed the current evidence in the
field of AI and ML in pediatric asthma. Searches were performed in PubMed up to
September 2025. Search terms included AI and ML in combination with asthma and
children. Case reports, case series, original research studies, review articles, letters to the
editor, randomized controlled trials (RCTs), non-RCTs, and cohort studies (prospective or
retrospective) were considered. Only studies reporting on subjects aged 0–18 years were
considered, and the search was limited to results in English.
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2. AI Applications in Asthma Management
2.1. Diagnosis and Pheno-Endotyping of Asthma

Starting from the diagnosis, AI integrated into digital stethoscopes can help the
clinician to recognise asthma, especially in young children, in low-resource settings, or
where long distances prevent rapid in-person clinical examinations [8]. A systematic review
found that AI algorithms integrated into stethoscopes can accurately diagnose pediatric
respiratory diseases from cough sounds, often outperforming traditional methods [9].

Asthma is a heterogeneous disease with overlapping and evolving phenotypes [10].
Traditional phenotypes are usually described on the basis of parental reports and clinical
features, and these do not always reflect the underlying biological mechanism (the endo-
types), leading to incorrect treatments. Identifying endotypes and therefore the molecular
pathogenesis of asthma can be very helpful in understanding the disease and guiding
treatment, but especially in children, this can be challenging [10,11]. In children, induced
sputum is difficult to obtain, and bronchoscopies are often procedures reserved for ter-
tiary specialized centers. Non-invasive biomarkers are needed to better understand the
underlying mechanism of asthma pathogenesis and to assess response to treatment.

AI with ML can analyze several factors like medical history, exacerbations, biomarkers,
clinical signs, pulmonary function, comorbidities, genomics, allergic status, and environ-
mental conditions in an unsupervised manner to accurately describe different clusters of
patients. These large, multi-dimensional datasets, including both clinical and molecular
features, can uncover hidden patterns that traditional methods cannot detect.

The repeated analysis of these data can also predict the evolution of the disease and
build predictive models for proactive and personalized asthma treatment. AI and ML
challenge the traditional ‘one-size-fits-all’ method, where all patients are treated in the
same way and can enable tailored treatments based on individual data.

Data-driven techniques, including a certain number of variables, can uncover en-
dotypes using statistical and machine learning techniques such as latent class analysis
(LCA) [12] or cluster analysis [13].

In children with severe wheeze where airway inflammation cannot distinguish be-
tween episodic viral and multiple-trigger wheeze, the data-driven unbiased analysis of
bronchoalveolar lavage revealed four different clusters described as (1) atopic (17.9%),
(2) nonatopic with a low infection rate and high use of inhaled corticosteroids (31.3%),
(3) nonatopic with a high infection rate (23.1%), and (4) nonatopic with a low infection rate
and no use of inhaled corticosteroids (27.6%) [14]. The identification of four clusters sug-
gested that each cluster may respond to different treatments. The combination of objective
biomarkers like sensitization, peripheral eosinophilia, and lower airway microbiology may
be used as potential biomarkers to stratify treatment.

Since clustering patients with clinical features alone cannot give information on the
underlying biologic mechanism, the Unbiased Biomarkers for the Prediction of Respiratory
Disease Outcomes (U-BIOPRED) study performed with transcriptomics and genomics an
unsupervised clustering of differentially expressed genes in the sputum of 104 eosinophilic
and non-eosinophilic adult asthma patients to identify the driving mechanisms that lead to
the different inflammatory profiles. Unbiased hierarchical clustering of 508 differentially
expressed genes identified three distinct transcriptome-associated clusters (TACs). TAC1
was distinguished by a predominant Th2 signature, including elevated expression of in-
terleukin (IL)-33, innate lymphoid cells (ILC) type 2, and IL-13 genes, and was associated
with eosinophilic airway inflammation and severe asthma. TAC2 was characterized by
increased expression of interferon and tumour necrosis factor-α genes, along with neu-
trophilic airway inflammation. TAC3 displayed enrichment for genes involved in metabolic
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pathways and mitochondrial function, exhibited moderately elevated sputum eosinophils,
and maintained better preserved lung function [15].

A transcriptomic analysis of sputum samples after 1 year showed that severe asthma
molecular phenotypes were unstable in about half of patients, with many shifting from
TAC1 or TAC3 to TAC2 [11]. Hence, underlying mechanisms of asthma can vary in certain
subgroups of patients, suggesting that treatment may be less effective over time and needs
to be changed accordingly.

Identifying these molecular profiles will help characterize patients and guide the
selection of the most effective, personalized treatment plan.

However, the derived clusters may not always describe reliable asthma endotypes.
The different methods used in ML algorithms or the use of different algorithms for the
same database can modify the results [16]. Furthermore, analyzing the data in a supervised
or unsupervised manner can also affect the findings. In children, wherein studies often
include small cohorts of patients, heterogeneity can also influence the differences between
different studies.

2.2. Identification of Subjects at Risk of Asthma Development

Each individual follows their own lung function trajectory starting in childhood, going
through to adulthood and old age. This trajectory can be influenced by factors like smoke
exposure or effective disease management in patients with asthma. Those with the lowest
lung function trajectories are at higher risk of developing chronic obstructive pulmonary
disease (COPD) in later life [17].

Identifying individuals at risk of asthma may enable timely intervention during the
so-called “window of opportunity,” a period during childhood in which lung function
trajectory may still be influenced and eventually improved. Accurately predicting asthma
onset prior to clinical manifestation presents a significant opportunity for effective primary
prevention of the disease. ML algorithms can predict childhood asthma at 5 years by
analyzing early-life risk factors collected from birth cohort studies; the method can identify
these factors as targets for intervention. Using the CHILD Cohort Study, 132 variables
were measured in 1754 children followed up since birth to 4 years of age. Wheezing,
atopy, antibiotic exposure, lower respiratory tract infections, and maternal asthma were the
strongest predictive factors for asthma diagnosis at 5 years [18].

Hu et al. assessed a predictive real-life model for early detection of asthma in preschool-
aged children by employing seven distinct ML algorithms that incorporated impulse
oscillometry, fractional exhaled nitric oxide (FeNO), and various clinical characteristics.
Six asthma predictors were identified: wheezing frequency, allergy history, FeNO, airway
resistance (R5), and airway reactance (X5) at 5 Hz. The authors then provided the clinicians
with an online tool including all of these traits to predict asthma risk in young patients
who present with wheezing [19].

A recent meta-analysis of 89 studies examining childhood asthma and allergy tra-
jectories through ML techniques identified four primary patterns: early-onset persistent,
mid-onset persistent, early-onset early-resolving, and early-onset mid-resolving wheezing.
Male sex was linked to an increased risk of most wheezing trajectories; both prenatal and
postnatal exposure to tobacco smoke were similarly associated with all of the trajectories,
highlighting the massive negative impact of smoke exposure on wheeze development.
Additionally, lower respiratory tract infections during infancy were correlated with most
wheezing trajectories [20].

Liu et al. conducted a study evaluating an ML model’s capability to predict future
chronic lung diseases, including asthma and COPD, using gut microbiome data from adult
subjects. The results demonstrated that the model achieved greater predictive accuracy com-
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pared to models relying solely on conventional risk factors [21]. Multiple sources of data
can better identify at-risk subjects and potentially suggest primary preventive treatment.

Variables used by AI algorithms to describe asthma patients are listed in Table 1.

Table 1. Variables taken into consideration by AI algorithms to predict asthma exacerbations.

Demographic Factors Biomarkers

Ethnicity [22] Allergy sensitization [22]

Age [22–24]

Eosinophils [25]

Lung function [24,26]

Respiratory rate [26]

Clinical history Medications

Comorbidities (allergic rhinitis, eczema) [22] Reliever medication usage [26]

Diagnosis of moderate-to-severe asthma [27] Use of long-acting β agonists [24]

Asthma-related primary care visits [27] Use of high-dose inhaled steroids [23,24]

Asthma-related emergency department visits [27] Oral steroid courses [23,24]

Total number of asthma-related visits [22,27]

Non-asthma-related emergency department visits [27] Environmental factors

Exacerbation in the previous year [28]

Outdoor air quality [27,28]

Outdoor allergens [28]

Influenza season [28]

2.3. Assessment of Exacerbation Risk

AI facilitates the analysis and interpretation of extensive datasets, thereby supporting
clinicians in identifying patients at higher risk, recommending tailored treatments, and
tracking therapeutic responses in real time. Devices equipped with AI can provide ongoing
outcome prediction and further enable the customization of treatment strategies.

The variability in asthmatic patients makes this condition particularly suitable for
predictive and targeted therapeutic approaches.

Numerous studies have established the efficacy of ML in forecasting asthma exacerba-
tions. Gorham and colleagues conducted a retrospective analysis involving 26,008 pediatric
patients with asthma aged 2 to 18 years, resulting in the development of the Asthma Emer-
gency Risk (AER) score, an algorithm designed to predict emergency department visits due
to asthma attacks.

The AER score was determined based on eight distinct predictors: (1) use of inhaled
steroids, (2) age under 5 years, (3) asthma-related emergency department visits within the
previous year, (4) diagnosis of moderate-to-severe asthma, (5) oral steroid use in the past
year, (6) non-asthma-related emergency department visits in the past year, (7) persistent
asthma, and (8) asthma-related primary care visits within the last year [23].

Association rule mining, an interpretable method for analysing the effects of multiple
exposures, was employed to develop an algorithm designed to predict the risk of asthma
attacks in relation to outdoor air quality. The authors determined that exposure to ozone,
and particularly to chemical mixtures on the day preceding an asthma attack, was associated
with increased harm and a higher likelihood of asthma exacerbations [27]. These findings
confirm that exposure to ozone and other chemicals is harmful for young asthmatic subjects.
The use of apps with an alert system can be very helpful to monitor air quality and advise
when the level of pollution is harmful for asthmatic subjects.
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Hurst et al. investigated the effectiveness of a model to predict asthma exacerbations
in 5982 pediatric asthma patients. This model integrates spatiotemporally detailed climate
data, such as pollution, allergens, and influenza case numbers, with common individual
electronic health records (EHRs). The strongest predictive factor identified was having had
an asthma exacerbation in the previous year [28]. These results carry significant implications
for the development and deployment of clinical decision support systems to identify
patients who may benefit from targeted interventions to prevent asthma exacerbations.

A study involving 60,302 adults with asthma used an ML algorithm trained on outpa-
tient data (demographics, comorbidities, laboratory results, and medications) to predict
non-severe asthma exacerbations that would require a course of oral glucocorticoids,
emergency department visits, and hospitalizations. Risk factors associated with all three
outcomes included younger age, the use of long-acting β agonists, high-dose inhaled
steroids, and a prior course of oral steroid therapy. Subgroup analysis of 9448 patients
with spirometry data identified low forced expiratory volume in the first second (FEV1)
and a reduced FEV1/forced vital capacity (FVC) ratio as prominent risk factors for asthma
exacerbation, emergency department visits, and hospitalization [24]. Bose et al. developed
several ML models to distinguish between children with early-life asthma diagnoses who
would continue to experience persistent asthma symptoms beyond 5 years of age and those
who would not. The data for this study were obtained from the EHR of 9934 pediatric
patients. Given clinical information up to age 5 years, five ML models were trained to
differentiate individuals without further asthma-related visits (i.e., transient diagnosis)
from those with asthma-related visits between ages 5 and 10 (i.e., persistent diagnosis).
Important identified features were age of last asthma diagnosis under 5 years, total number
of asthma-related visits, self-identified Black ethnicity, allergic rhinitis, and eczema. The
authors concluded that ML models demonstrate strong predictive capabilities in identifying
individuals at risk of persistent asthma. These models could potentially assist clinicians
and parents in making informed decisions regarding early childhood asthma [22].

A recent meta-analysis systematically assessed and quantified the performance of ML
algorithms in predicting the risk of hospitalization and emergency department admission
for acute asthma exacerbations in children. The authors concluded that ML models can
accurately predict asthma exacerbations and therefore be extremely helpful in helping
parents and clinicians in predicting and treating these events. However, future studies
are needed to improve their generalizability through external validation, as well as their
successful applicability in clinical practice [29].

A study utilizing wearable technology in children with asthma demonstrated that
home monitoring of physiological parameters aligned closely with pediatrician-assessed
asthma control. The resulting multivariate model was able to identify nearly 90% of all
cases of uncontrolled asthma. Statistically significant differences were observed between
controlled and uncontrolled asthma in terms of lung function variability, wake-up time,
reliever medication usage, and respiratory rate recovery time following exercise [26].

Although cost and access to wearable devices may currently restrict the applicability
of such studies in real life, the rapid integration of technology in our daily lives could soon
make them widely available.

A recent pilot study involving young children with recurrent wheezing used both
supervised ML and decision tree models to predict future wheeze attacks. The study
found that an eosinophil value greater than 4% obtained through finger-prick sampling,
along with a symptom score below 75 on the Test for Respiratory and Asthma Control
(TRACK) questionnaire, could forecast wheeze attacks over the following three months.
Incorporating atopic status or blood neutrophil counts did not enhance the accuracy
of the classification performance [25]. Applying these findings in clinical practice may
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facilitate the identification of at-risk children for whom timely intervention with appropriate
treatment can help prevent future episodes.

2.4. Patient Engagement and Medical Support

In recent years, various e-Health technology solutions have been introduced to en-
hance the efficiency of healthcare delivery and promote education and engagement among
patients and caregivers.

Mobile applications equipped with AI algorithms are increasingly utilized to deliver
therapy reminders, recommendations, and feedback based on data collected from home
spirometry or wearable devices, including smart inhalers. These applications can increase
adherence to daily treatment, notify parents of potential exacerbations, and propose pre-
ventive measures or the need for medical consultation.

For adults and children with asthma, adherence to prescribed treatment should be
greater than 75% to be considered acceptable [30]. However, in asthmatic children, esti-
mated treatment adherence rates vary from 49% to 71% [31].

The implementation of smart inhalers in daily practice has the potential to transform
asthma management by integrating advanced technology with conventional devices. These
inhalers incorporate sensors capable of monitoring and recording both usage patterns and
medication adherence, as well as measuring patients’ inspiratory flow. The data collected
can be transmitted to a connected application, enabling real-time feedback for both patients
and healthcare providers. Furthermore, smart inhalers can deliver reminders to patients
regarding medication schedules, thereby reducing the likelihood of missed doses and
enhancing overall adherence to asthma treatment regimens. Patient engagement is crucial
for the effective management of asthma, as it empowers individuals to take an active role
in their own health and treatment decisions. Involved patients are more likely to adhere to
medication regimens, recognize and avoid triggers, and monitor their symptoms regularly.

In the Outerspace trial, adult asthma patients who received tailored education and
training using a digital smart spacer demonstrated a 26.2% reduction in daily inhalation
errors, whereas the usual care group exhibited a 14.6% increase in such errors. Notably,
there were no observed changes in lung function between the groups [32].

In children with difficult-to-treat asthma, the use of electronic monitoring with smart
inhalers revealed a group of patients who had poor adherence and poor control, suggesting
that this subgroup did not have true severe asthma but modifiable factors to address [33].
These findings can be extremely helpful for the clinician to stratify asthma patients and
avoid useless increases in asthma therapies.

AI tools are also capable of producing informative content for the public and can act
as a supplementary resource in patient education.

Socially, AI-powered robots have already been used in asthma management. They
boost motivation and engagement with treatment but also enhance patient education and
training [34].

In children robots specifically trained for patients with asthma assist with pre-scribed
therapy by offering accurate instructions on what asthma is and act as trainers for inhalation
techniques, resulting in general satisfaction among parents and children [35].

These technologies can simplify complex medical information, make personalized
recommendations, and support understanding of asthma management strategies.

However, they do not substitute for professional medical advice. It remains essential
that healthcare professionals critically evaluate AI-generated information before applying
it in clinical practice.

In a recent study, ChatGPT was asked asthma-related questions, and although Chat-
GPT performed well, the answers were superficial and less accurate than those provided
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by the specialist [36]. Another study assessed the effectiveness of AI chatbots, including
ChatGPT, Bard, and Copilot, in addressing asthma-related inquiries submitted by patients.
The findings indicated that while these tools show potential for providing useful informa-
tion to the public, their accuracy and completeness varied depending on the question, with
some tools performing better than others [37].

As digital solutions become increasingly integrated into healthcare practices, their
ability to provide reliable help and guidance to clinicians has the potential to improve
medical performance, complementing traditional clinical support and resources.

In 167 young children with wheezing, a digital stethoscope was given to the families
to recognize wheeze and allow the clinician to make the diagnosis remotely, thereby pro-
moting shared decision-making. These instruments are AI-driven and can identify normal
breath sounds, crackles and wheezing not only in the hands of professional operators [38]
but also in a home setting [39].

The integration of AI into smart devices such as phones, stethoscopes, or digital
inhalers allows physicians to access patient data in real time to provide proactive care,
suggesting the right treatment and possibly reducing the risk of loss of control.

AI has also been widely utilized in the analysis of radiological images. ML algorithms
are capable of accurately evaluating high-resolution computed tomography (HRCT) scans
in adult patients, identifying distinguishing features of severe asthma such as bronchial
wall thickness, and stratifying disease severity [40].

In summary, the progressive advancement of AI in asthma care will depend on collab-
oration among clinicians, researchers, technologists, and patients. As the body of evidence
expands and practical experience accumulates, the prudent and responsible incorporation
of AI into routine clinical practice may improve pediatric asthma management.

Figure 1 illustrates the various applications of AI in the context of asthma.

Figure 1. Applications of artificial intelligence (AI) in asthma: examples of apps and serious games,
digital platforms, AI chatbots, robots, machine learning, and wearable devices.
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3. Limitations of AI and Barriers to the Implementation of AI in Pediatric
Clinical Practice

While AI and ML can enhance asthma diagnosis by analysing large datasets to identify
at-risk individuals and precise pheno- and endotypes and can optimize management
through wearable devices and patient records, their application in pediatric healthcare
presents specific risks and limitations.

ML models, especially those based on deep learning models, can operate as “black
boxes,” making it challenging to understand how they arrive at their conclusions. This lack
of transparency and interpretability in the decision-making process can lead to incorrect
diagnoses, biases, or unfair treatment recommendations. To mitigate these risks, thorough
clinical validation is essential. Furthermore, most ML models are trained on adult datasets,
which are easier to access and less complex to use and interpret. In contrast, one of the
barriers to implementing AI in children with asthma care is the lack of validation of AI in
the small and fragmented pediatric datasets. Child-specific datasets are often smaller and
less varied than adult datasets; this heterogeneity reduces the accuracy and generalizability
of ML models.

Additionally, as children develop, their physiological and developmental characteris-
tics continue to change, which further restricts the generalizability of the data [41]. External
validation is essential because models frequently exhibit reduced accuracy when tested
on independent datasets, underscoring the need for robust generalizability. Additionally,
heterogeneity across datasets, populations, and outcome definitions poses significant chal-
lenges, as distribution shifts and inconsistent labeling can lead to biased or unreliable
predictions unless mitigated through domain adaptation and fairness-aware strategies [42].

Ethical considerations are also important. ML systems depend on extensive datasets
from numerous patients, often sourced through data platforms. This raises important
concerns regarding data privacy and security. This is particularly important in vulnerable
populations like children and young people due to the complex issue of consent [41].

Some children, particularly minorities or those in underserved areas, often face limited
digital literacy and unequal access to technology. Resource limitations in some healthcare
systems hinder access to advanced computational infrastructure. In addition, AI applica-
tions often require clinicians to interpret algorithmic outputs, integrate predictive insights
into decision-making, and adjust workflows accordingly. However, many healthcare pro-
fessionals have limited exposure to specific training. Training programs are scarce and
time-intensive, making it difficult for clinicians to acquire the necessary skills without
disrupting clinical duties [43].

The ACCEPT-AI framework seeks to regulate AI use for children and youth by recom-
mending age-appropriate communication, informed consent, data protection, and equity
across socioeconomic, racial, and gender factors [44].

4. Conclusions
The integration of AI into clinical practice presents both significant opportunities and

notable challenges in the management of asthma. The implementation process is complex
due to barriers and intrinsic limitations of AI applied to pediatric care. Gaps include limited
and fragmented datasets, poor external validation, and a lack of generalizability. Integration
into clinical workflows remains challenging due to ethical and regulatory barriers, privacy
risks, and insufficient clinician training.

On the other hand, some AI technologies are already offering unique benefits for
individuals with asthma. These include apps, web platforms, home spirometers, and smart
inhalers that are already deployed in clinical settings and need to be promoted worldwide.
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These technologies can improve the accuracy and efficiency of diagnosis, enabling
healthcare providers to predict the likelihood of asthma exacerbations, allowing for timely
interventions and potentially reducing the severity and frequency of attacks.

Priorities for AI development in pediatric care are integrating AI into the clinical
decision system to offer personalized treatment plans. Patients must trust AI technologies
and AI-driven tools to enhance engagement and provide support and continuous feed-
back. Robust validation processes are necessary to confirm the safety and efficacy of AI,
supporting informed clinical decision-making.

Author Contributions: Conceptualization, V.F.; methodology, C.C.; writing—original draft prepara-
tion, V.F.; writing—review and editing, V.F., C.C. and S.E.; supervision, S.E. All authors have read
and agreed to the published version of the manuscript.

Funding: This research received no external funding.

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: No new data were created or analyzed in this study. Data sharing is
not applicable to this article.

Conflicts of Interest: The authors declare no conflicts of interest.

References
1. The Global Asthma Report 2022. Int. J. Tuberc. Lung Dis. 2022, 26, 1–104. [CrossRef]
2. Yuan, L.; Tao, J.; Wang, J.; She, W.; Zou, Y.; Li, R.; Ma, Y.; Sun, C.; Bi, S.; Wei, S.; et al. Global, regional, national burden of

asthma from 1990 to 2021, with projections of incidence to 2050: A systematic analysis of the global burden of disease study 2021.
eClinicalMedicine 2025, 80, 103051. [CrossRef]

3. Global Initiative for Asthma. Global Strategy for Asthma Management and Prevention, 2025. Updated May 2025. Available online:
www.ginasthma.org (accessed on 1 October 2025).

4. Habehh, H.; Gohel, S. Machine learning in healthcare. Curr. Genom. 2021, 22, 291–300. [CrossRef]
5. Haug, C.J.; Drazen, J.M. Artificial Intelligence and Machine Learning in Clinical Medicine, 2023. N. Engl. J. Med. 2023, 388,

1201–1208. [CrossRef] [PubMed]
6. Liang, H.; Tsui, B.Y.; Ni, H.; Valentim, C.C.S.; Baxter, S.L.; Liu, G.; Cai, W.; Kermany, D.S.; Sun, X.; Chen, J.; et al. Evaluation and

accurate diagnoses of pediatric diseases using artificial intelligence. Nat. Med. 2019, 25, 433–438. [CrossRef] [PubMed]
7. Schork, N.J. Artificial intelligence and personalized medicine. Cancer Res. Treat. 2019, 178, 265–283.
8. Kevat, A.C.; Kalirajah, A.; Roseby, R. Digital stethoscopes compared to standard auscultation for detecting abnormal paediatric

breath sounds. Eur. J. Pediatr. 2017, 176, 989–992. [CrossRef]
9. Ibrahim Abdelhalim, A.A.; Osman, H.M.M.; Sadaka, S.I.H.; Mohammed, M.A.Y.; Eissa, E.; Abdalla, R.; Hassan, D.H.M. Predictive

Ability of Artificial Intelligence Algorithms in Pediatric Respiratory Disease Diagnosis Using Cough Sounds: A Systematic
Review. Cureus 2025, 17, e88457. [CrossRef]

10. Foppiano, F.; Schaub, B. Childhood asthma phenotypes and endotypes: A glance into the mosaic. Mol. Cell. Pediatr. 2023, 10, 9.
[CrossRef]

11. Kermani, N.Z.; Pavlidis, S.; Xie, J.; Sun, K.; Loza, M.; Baribaud, F.; Fowler, S.J.; Shaw, D.E.; Fleming, L.J.; Howarth, P.H.; et al.
Instability of sputum molecular phenotypes in U-BIOPREDsevere asthma. Eur. Respir. J. 2021, 57, 2001836. [CrossRef]

12. Fitzpatrick, A.M.; Bacharier, L.B.; Jackson, D.J.; Szefler, S.J.; Beigelman, A.; Cabana, M.; Covar, R.; Guilbert, T.; Holguin, F.;
Lemanske, R.F.; et al. Heterogeneity of mild to moderate persistent asthma in children: Confirmation by latent class analysis and
association with 1-year outcomes. J. Allergy Clin. Immunol. Pract. 2020, 8, 2617–2627.e4. [CrossRef]

13. Deliu, M.; Yavuz, T.S.; Sperrin, M.; Belgrave, D.; Sahiner, U.M.; Sackesen, C.; Kalayci, O.; Custovic, A. Features of asthma which
provide meaningful insights for understanding the disease heterogeneity. Clin. Exp. Allergy J. Br. Soc. Allergy Clin. Immunol. 2018,
48, 39–47.

14. Robinson, P.F.M.; Fontanella, S.; Ananth, S.; Martin Alonso, A.; Cook, J.; Kaya-de Vries, D.; Polo Silveira, L.; Gregory, L.; Lloyd, C.;
Fleming, L.; et al. Recurrent Severe Preschool Wheeze: From Prespecified Diagnostic Labels to Underlying Endotypes. Am. J.
Respir. Crit. Care Med. 2021, 204, 523–535. [CrossRef]

https://doi.org/10.3390/jpm16010043

https://doi.org/10.5588/ijtld.22.1010
https://doi.org/10.1016/j.eclinm.2024.103051
http://www.ginasthma.org
https://doi.org/10.2174/1389202922666210705124359
https://doi.org/10.1056/NEJMra2302038
https://www.ncbi.nlm.nih.gov/pubmed/36988595
https://doi.org/10.1038/s41591-018-0335-9
https://www.ncbi.nlm.nih.gov/pubmed/30742121
https://doi.org/10.1007/s00431-017-2929-5
https://doi.org/10.7759/cureus.88457
https://doi.org/10.1186/s40348-023-00159-1
https://doi.org/10.1183/13993003.01836-2020
https://doi.org/10.1016/j.jaip.2020.02.032
https://doi.org/10.1164/rccm.202009-3696OC
https://doi.org/10.3390/jpm16010043


J. Pers. Med. 2026, 16, 43 11 of 12

15. Kuo, C.S.; Pavlidis, S.; Loza, M.; Baribaud, F.; Rowe, A.; Pandis, I.; Sousa, A.; Corfield, J.; Djukanovic, R.; Lutter, R.; et al. T-helper
cell type 2 (Th2), non-Th2 molecular phenotypes of asthma using sputum transcriptomics in U-BIOPRED. Eur. Respir. J. 2017,
49, 1602135. [CrossRef] [PubMed]

16. Prosperi, M.C.; Sahiner, U.M.; Belgrave, D.; Sackesen, C.; Buchan, I.E.; Simpson, A.; Yavuz, T.S.; Kalayci, O.; Custovic, A.
Challenges in identifying asthma subgroups using unsupervised statistical learning techniques. Am. J. Respir. Crit. Care Med.
2013, 188, 1303–1312. [CrossRef]

17. Bui, D.S.; Lodge, C.J.; Burgess, J.A.; Lowe, A.J.; Perret, J.; Bui, M.Q.; Bowatte, G.; Gurrin, L.; Johns, D.P.; Thompson, B.R.; et al.
Childhood predictors of lung function trajectories and future COPD risk: A prospective cohort study from the first to the sixth
decade of life. Lancet Respir. Med. 2018, 6, 535–544. [CrossRef]

18. He, P.; Moraes, T.J.; Dai, D.; Reyna-Vargas, M.E.; Dai, R.; Mandhane, P.; Simons, E.; Azad, M.B.; Hoskinson, C.; Petersen, C.; et al.
Early prediction of pediatric asthma in the Canadian Healthy Infant Longitudinal Development (CHILD) birth 750 cohort using
machine learning. Pediatr. Res. 2024, 95, 1818–1825. [CrossRef]

19. Hu, Y.; Hu, Y.; Dong, M.; Zheng, S.; Chen, Z.; Zhou, P.; Li, X.; Liao, W. Integrating clinical phenotypes, impulse oscillometry and
fractional exhaled nitric oxide: A robust machine learning model for early asthma prediction in preschool children. Respir. Med.
2025, 247, 108290. [CrossRef]

20. Lisik, D.; Özuygur Ermis, S.S.; Milani, G.P.; Spolidoro, G.C.I.; Ercan, S.; Salisu, M.; Odetola, F.; Ghiglioni, D.G.; Pylov, D.;
Goksör, E.; et al. Machine learning-derived asthma and allergy trajectories in children: A systematic review and meta-analysis.
Eur. Respir. Rev. 2025, 34, 240160. [CrossRef]

21. Liu, Y.; Teo, S.M.; Méric, G.; Tang, H.H.; Zhu, Q.; Sanders, J.G.; Vázquez-Baeza, Y.; Verspoor, K.; Vartiainen, V.A.; Jousilahti, P.; et al.
The gut microbiome is a significant risk factor for future chronic lung disease. J. Allergy Clin. Immunol. 2023, 151, 943–952.
[CrossRef] [PubMed]

22. Bose, S.; Kenyon, C.C.; Masino, A.J. Personalized prediction of early childhood asthma persistence: A machine learning approach.
PLoS ONE 2021, 16, e0247784. [CrossRef]

23. Gorham, T.J.; Tumin, D.; Groner, J.; Allen, E.; Retzke, J.; Hersey, S.; Liu, S.B.; Macias, C.; Alachraf, K.; Smith, A.W.; et al. Predicting
emergency department visits among children with asthma in two academic medical systems. J. Asthma 2023, 60, 2137–2144.
[CrossRef]

24. Zein, J.G.; Wu, C.P.; Attaway, A.H.; Zhang, P.; Nazha, A. Novel Machine Learning Can Predict Acute Asthma Exacerbation. Chest
2021, 159, 1747–1757. [CrossRef]

25. Hillson, K.; Fontanella, S.; Almeida, H.; Pavlou, B.; Lajunen, K.; Irving, S.; Testa, I.; Bingham, Y.; Oritz, K.M.; Lacbay, S.; et al.
Point-of-Care Blood Eosinophils to Predict Preschool Wheeze Attacks. Allergy 2025, 80, 1038–1046. [CrossRef]

26. van der Kamp, M.R.; Klaver, E.C.; Thio, B.J.; Driessen, J.M.M.; de Jongh, F.H.C.; Tabak, M.; van der Palen, J.; Hermens, H.J.
WEARCON: Wearable home monitoring in children with asthma reveals a strong association with hospital based assessment of
asthma control. BMC Med. Inform. Decis. Mak. 2020, 20, 192. [CrossRef] [PubMed]

27. Toti, G.; Vilalta, R.; Lindner, P.; Lefer, B.; Macias, C.; Price, D. Analysis of correlation between pediatric asthma exacerbation and
exposure to pollutant mixtures with association rule mining. Artif. Intell. Med. 2016, 74, 44–52. [CrossRef] [PubMed]

28. Hurst, J.H.; Zhao, C.; Hostetler, H.P.; Ghiasi Gorveh, M.; Lang, J.E.; Goldstein, B.A. Environmental and clinical data utility in
pediatric asthma exacerbation risk prediction models. BMC Med. Inform. Decis. Mak. 2022, 22, 108. [CrossRef]

29. Votto, M.; De Silvestri, A.; Postiglione, L.; De Filippo, M.; Manti, S.; La Grutta, S.; Marseglia, G.L.; Licari, A. Predicting paediatric
asthma exacerbations with machine learning: A systematic review with meta-analysis. Eur. Respir. Rev. 2024, 33, 240118.
[CrossRef]

30. Klok, T.; Kaptein, A.A.; Duiverman, E.J.; Brand, P.L. It’s the adherence, stupid (that determines asthma control in preschool
children)! Eur. Respir. J. 2014, 43, 783–791. [CrossRef]

31. Desager, K.; Vermeulen, F.; Bodart, E. Adherence to asthma treatment in childhood and adolescence—A narrative literature
review. Acta Clin. Belg 2018, 73, 348–355. [CrossRef]

32. Dierick, B.J.H.; Achterbosch, M.; Eikholt, A.A.; Been-Buck, S.; Klemmeier, T.; van de Hei, S.J.; Hagedoorn, P.; Kerstjens, H.A.;
Kocks, J.W.; van Boven, J.F. Electronic monitoring with a digital smart spacer to support personalized inhaler use education in
patients with asthma: The randomized controlled OUTERSPACE trial. Respir. Med. 2023, 218, 107376. [CrossRef]

33. Jochmann, A.; Artusio, L.; Jamalzadeh, A.; Nagakumar, P.; Delgado-Eckert, E.; Saglani, S.; Bush, A.; Frey, U.; Fleming, L.J.
Electronic monitoring of adherence to inhaled corticosteroids: An essential tool in identifying severe asthma in children. Eur.
Respir. J. 2017, 50, 1700910. [CrossRef]

34. Licari, A.; Ferrante, G.; Marseglia, G.L.; Corsello, G.; La Grutta, S. What is the impact of innovative electronic health interventions
in improving treatment adherence in asthma? The pediatric perspective. J. Allergy Clin. Immunol. Pract. 2019, 7, 2574–2579.
[CrossRef]

35. Sangngam, J.; Rungamornrat, S.; Santipipat, R.; Ponthanee, K. A Companion Robot for Children With Asthma: Descrip-tive
Development and Feasibility Pilot Study. JMIR Pediatr Parent. 2025, 8, e68943. [CrossRef] [PubMed] [PubMed Central]

https://doi.org/10.3390/jpm16010043

https://doi.org/10.1183/13993003.02135-2016
https://www.ncbi.nlm.nih.gov/pubmed/28179442
https://doi.org/10.1164/rccm.201304-0694OC
https://doi.org/10.1016/S2213-2600(18)30100-0
https://doi.org/10.1038/s41390-023-02988-2
https://doi.org/10.1016/j.rmed.2025.108290
https://doi.org/10.1183/16000617.0160-2024
https://doi.org/10.1016/j.jaci.2022.12.810
https://www.ncbi.nlm.nih.gov/pubmed/36587850
https://doi.org/10.1371/journal.pone.0247784
https://doi.org/10.1080/02770903.2023.2225603
https://doi.org/10.1016/j.chest.2020.12.051
https://doi.org/10.1111/all.16500
https://doi.org/10.1186/s12911-020-01210-1
https://www.ncbi.nlm.nih.gov/pubmed/32795352
https://doi.org/10.1016/j.artmed.2016.11.003
https://www.ncbi.nlm.nih.gov/pubmed/27964802
https://doi.org/10.1186/s12911-022-01847-0
https://doi.org/10.1183/16000617.0118-2024
https://doi.org/10.1183/09031936.00054613
https://doi.org/10.1080/17843286.2017.1409684
https://doi.org/10.1016/j.rmed.2023.107376
https://doi.org/10.1183/13993003.00910-2017
https://doi.org/10.1016/j.jaip.2019.08.008
https://doi.org/10.2196/68943
https://www.ncbi.nlm.nih.gov/pubmed/40549929
https://pmc.ncbi.nlm.nih.gov/articles/PMC12208348
https://doi.org/10.3390/jpm16010043


J. Pers. Med. 2026, 16, 43 12 of 12

36. Cerqueira, B.P.; Leite, V.C.D.S.; França, C.G.; Leitão Filho, F.S.; Faresin, S.M.; Figueiredo, R.G.; Cetlin, A.A.; Caetano, L.S.B.;
Baddini-Martinez, J. Evaluation of the accuracy of ChatGPT in answering asthma-related questions. J. Bras. Pneumol. 2025,
51, e20240388. [CrossRef]

37. Nigro, M.; Aliverti, A.; Angelucci, A.; Braido, F.; Canonica, G.W.; Bossios, A.; Pinnock, H.; Boyd, J.; Powell, P.; Aliberti, S. Artificial
Intelligence Responses on Asthma Study Task Force. Artificial Intelligence-Generated Answers to Patients’ Questions on Asthma:
The Artificial Intelligence Responses on Asthma Study. J. Allergy Clin. Immunol. Pract. 2025, 13, 2390–2396. [CrossRef]

38. Cheng, Z.R.; Zhang, H.; Thomas, B.; Tan, Y.H.; Teoh, O.H.; Pugalenthi, A. Assessing the accuracy of artificial intelligence enabled
acoustic analytic technology on breath sounds in children. J. Med. Eng. Technol. 2022, 46, 78–84. [CrossRef]

39. Dramburg, S.; Dellbrügger, E.; van Aalderen, W.; Matricardi, P.M. The impact of a digital wheeze detector on parental disease
management of pre-school children suffering from wheezing-a pilot study. Pilot Feasibility Stud. 2021, 7, 185. [CrossRef]

40. De Filippo, M.; Fasola, S.; De Matteis, F.; Gorone, M.S.P.; Preda, L.; Votto, M.; Malizia, V.; Marseglia, G.L.; La Grutta, S.; Licari, A.
Machine learning-enhanced HRCT analysis for diagnosis and severity assessment in pediatric asthma. Pediatr. Pulmonol. 2024, 59,
3268–3277. [CrossRef]

41. Cheung, C.R.; Butler, M.; Cooper, C.; Dhanoa, H. Using Artificial Intelligence and Machine Learning to Promote Child Health
Equity. Pediatrics 2025, 156, e2025070739L. [CrossRef]

42. Aung, Y.Y.M.; Wong, D.C.S.; Ting, D.S.W. The promise of artificial intelligence: A review of the opportunities and challenges of
artificial intelligence in healthcare. Br. Med. Bull. 2021, 139, 4–15. [CrossRef] [PubMed]

43. Tan, L.D.; Nguyen, N.; Lopez, E.; Peverini, D.; Shedd, M.; Alismail, A.; Nguyen, H.B. Artificial Intelligence in the Management of
Asthma: A Review of a New Frontier in Patient Care. J. Asthma Allergy 2025, 18, 1179–1191. [CrossRef] [PubMed]

44. Muralidharan, V.; Burgart, A.; Daneshjou, R.; Rose, S. Recommendations for the use of pediatric data in artificial intelligence and
machine learning ACCEPT-AI. NPJ Digit. Med. 2023, 6, 166. [CrossRef] [PubMed]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.3390/jpm16010043

https://doi.org/10.36416/1806-3756/e20240388
https://doi.org/10.1016/j.jaip.2025.04.051
https://doi.org/10.1080/03091902.2021.1992520
https://doi.org/10.1186/s40814-021-00917-w
https://doi.org/10.1002/ppul.27183
https://doi.org/10.1542/peds.2025-070739L
https://doi.org/10.1093/bmb/ldab016
https://www.ncbi.nlm.nih.gov/pubmed/34405854
https://doi.org/10.2147/JAA.S535264
https://www.ncbi.nlm.nih.gov/pubmed/40851769
https://doi.org/10.1038/s41746-023-00898-5
https://www.ncbi.nlm.nih.gov/pubmed/37673925
https://doi.org/10.3390/jpm16010043

	Introduction 
	Asthma as a Global Health Concern 
	The Transformative Role of Artificial Intelligence 
	Methods 

	AI Applications in Asthma Management 
	Diagnosis and Pheno-Endotyping of Asthma 
	Identification of Subjects at Risk of Asthma Development 
	Assessment of Exacerbation Risk 
	Patient Engagement and Medical Support 

	Limitations of AI and Barriers to the Implementation of AI in Pediatric Clinical Practice 
	Conclusions 
	References

