The Research of Medical Science Review

ISSN: 3007-1208 & 3007-1216

AIFENABLED MULTIMODAL RISK ASSESSMENT FOR EARLY
DETECTION AND PREVENTION OF PEDIATRIC ASTHMA AND

ASTHMA EXACERBATIONS

Muhammad Naveed Ahmed

Head of Pediatric Emergency & Preventive Care, Department of Pediatric, Directorate of Health Affairs, Ministry

of Health, Riyadh, Saudi Arabia

dr.m.naveed.ahmed@gmail.com

10.5281/zenodo0.22843694

Keywords
Artificial
Multimodal Learning, Pediatric

Intelligence,

Asthma, Asthma Exacerbation
Prediction,  Risk  Assessment,
Machine Learning, Deep
Learning,  Early  Detection,
Explainable  Al,  Healthcare
Analytics.

Article History

Received: 28 October 2024
Accepted: 16 December 2024
Published: 31 December 2024

Copyright @Author
Corresponding Author: *
Muhammad Naveed Ahmed

INRODUCTION

Volume 2, Issue 3, 2024

Abstract
Asthma is a chronic condition that increases the risk of symptoms and health

emergencies for children and raises the economic burden on families and
societies. In fact, there is clear evidence to show that children with asthma
experience significantly worse quality of life than their peers without asthma.
Children with poorly controlled asthma are at risk for frequent, unpredictable
asthma attacks. Genes, the environment, the healthcare system, the family, the
child and lifestyle, in addition to behavior, interact in a complex way and
make it difficult to predict asthma development and attacks. The traditional
systems and methods for assessment and management of asthma attacks are
inadequate for the prevention of pediatric asthma attacks. The main objective
of the study was to design an Al-based, risk assessment and management
system for pediatric asthma. The system is based on integrating different
sources of information (clinical, environmental, physiological, behavioral) and
data (time series, longitudinal, multimodal) and using innovative Artificial
Intelligence/Machine Learning and Deep Learning techniques for interpreting
data and discovering unchartered knowledge. The system aims to take a data-
driven approach to detecting and managing pediatric asthma.

experience more severe asthmatic attacks is

Asthma is one of the most prevalent conditions
among children and is considered a public
health concern because it affects children’s
quality of life and puts a burden on the health
care and social system. Children with asthma
have recurrent and chronic symptoms of upper
and lower respiratory tract infections. Children
with asthma have inflammation of the airways
and lung tissue, which causes thickening of the
airway walls and reduced airway size, making
airways less flexible. Airway hyperreactivity is
the basis of many symptoms of asthma. The
difficulty in recognizing children at risk for
developing asthma and children who may

attributed to genetic, environmental, social,
behavioral and psychological factors. Complex
interactions among these factors result in an
increased vulnerability to disease.

The main methods to diagnose and monitor
pediatric asthma are clinical history, physical
examination and lung function tests. Young
children are often unable to perform lung
function tests and may be unable to describe
their symptoms. The symptoms of asthma may
also be caused by other conditions. Due to the
symptoms of asthma being caused by many
conditions, young children may be
inadequately diagnosed and treated for asthma.

https://medicalsciencereview.com

| Ahmed, 2024 |

Page 2277


mailto:dr.m.naveed.ahmed@gmail.com
http://doi.org/10.5281/zenodo.22843694

The Research of Medical Science Review

ISSN: 3007-1208 & 3007-1216

Volume 2, Issue 3, 2024

Many authors have stated that the main
problem in asthma management is the early
and accurate diagnosis of the condition.
Biomarkers for childhood asthma are not
available and may aid in early asthma diagnosis.
Asthma may also be managed using systems
and strategies outside the traditional health
care framework.

Artificial Intelligence (AI) and Machine
Learning (ML) influence numerous fields and
may transform the way we think about disease,
how we practice medicine, and the delivery of
healthcare. ML algorithms exist to glean
previously undetected insights and discover
latent risks in healthcare data. ML algorithms
trained on data from the field of medicine have
the potential to revolutionize health and
therapeutics. For medicine and public health,
Al is a means to more proactively handle
problems and serve the interest of the greater
good. The use of ML in medicine is so
compelling that it has pervaded almost every
subspecialty of medical practice to classify,
triage, and predict diseases, and assess the
potential severity of medical conditions.
Beyond medicine, Al offers the potential to
account for patient context by incorporating
additional information relevant to the patient
including environment, lifestyle, behavior, and
more. The use of a multidisciplinary approach
for interpreting risks and developing insight
into the causes of illnesses may further medical
innovation for conditions such as asthma.
Topol (2019) believes that medicine will rely on
similar converging intellectual disciplines in
order to improve proactive care.

There have recently been numerous
breakthroughs in machine learning and deep
learning. As a result, the prediction of asthma
cases and the determination of asthma attack
risks have been significantly improved. One of
the key features of deep learning is the ability to
discover and extract complicated features in
large datasets. These datasets can include
patient records, medical images, and other
physiological data. Using deep learning models
to discover features and trends in medical data
can aid in asthma attack predictions and risk
assessments.

The medical field is rapidly changing, and
various complicated and unexplained patterns

in medical records are beginning to be
understood. One of the major trends in
medicine and medical data science is the use of
deep learning to discover and decipher
complicated patterns and structures in data.
This can help medical professionals gain a
better understanding of
undocumented factors that can help to explain
and aid in medical decision making. It can also
help in the prevention and early detection of
various medical conditions, including asthma.

countless

Research Aim and Obyjectives

Research Aim

This research seeks to create an Al-integrated
multimodal framework to identify atrisk
children with asthma and reduce risks of
asthma exacerbation by means of proactive
intervention, through the integration of
disparate sources of the healthcare personnel
using intelligence of Artificial.

Research Objectives

The objectives of this research are to

1. To Synthesize multimodal data
encompassing but not limited to clinical
data, physical data, environmental data,
behavioral data, etc. for analysis of Asthma
risk.

2. To Design and construct an integrated
Artificial  Intelligence  framework to
innovate and improve the analysis of
Paediatric Asthma and its associated risks.

3. To Operationalize and optimize Artificial
Intelligence in healthcare by leveraging and
harnessing the potentials of Machine
Learning and Deep Learning in the analysis
of multimodal data.

4. To Adopt and apply a responsible
(explanatory)  Artificial Intelligence to
enhance the interpretation of Artificial
Intelligence in predicting health outcomes.

Research Questions

1. In what ways can various types of data be
combined to enhance prediction of asthma
risk?

2. Which methods can be used to integrate
the various types of data available to predict
asthma risk?
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3. In what ways can asthma be predicted using
various machine learning and deep
learning techniques!

Research Significance

Current methods used to assess and diagnose
pediatric asthma often result in lack of early
identification of children at risk and/or
appropriate management to help alleviate
symptoms. Thus, the inability to identify
children at risk early on may lead to the
development of chronic conditions. The
methods and approaches described in this
dissertation are intended to help mitigate some
of the issues arising from the limitations of
current methods and frameworks used to assess
and diagnose pediatric asthma. Furthermore,
this research adopts a data-driven and
intelligent approach to help understand the
risk factors associated with pediatric asthma.
This research has the potential to help health
care workers to manage children at risk of
asthma by preventing and/or early control of
the condition and ensuring quality of life of

children.

LITERATURE REVIEW

The rise of asthma cases in children has made it
a public health concern. There are many factors
that contribute to asthma development. Some
of these factors are genetic, environmental, and
individual. It is important to consider the
variables that contribute to asthma case
differences among populations, as well as
determine differences among individual cases.
Pediatric asthma often presents different
symptoms than adult asthma, and children
often experience symptoms in atypical
locations. This often makes asthma difficult to
diagnose in children. Traditional diagnosis
often includes a physical exam, and child’s
description of their symptoms. However, the
limitations of these methods sometimes lead to
misdiagnosis. While there are many different
methods to assess asthma, including imaging,
some of these methods are not always helpful
in assessing asthma risk in children.

Sly et al. (2020) notes there are multiple factors
that contribute to asthma in children and some
of these factors are unmanageable. Because of
the multiple factors that often compound each

other, accurately assessing asthma risk can be
difficult. However, creating methods that help
assess multiple risk factors would better help
the public health community in managing
asthma.

Medical data relating to respiratory conditions
is growing. This, combined with the recent
advances in artificial intelligence (AI) and
machine learning (ML) means that the
management of these conditions is changing.
Large datasets in ML allow for the
identification  of  relationships  between
variables, and enable the generation of insights
for improving and advancing healthcare.
Rajkomar et al. (2019) highlighted how
different ML architectures have the potential to
analyze large datasets and glean insights
regarding patient health, and ultimately assist
in prognosis. ML is being increasingly used in
the field of asthma for diagnosis, classification
of severity and assessment of risk.

Advances in the understanding of asthma have
been strongly impacted by the increasing use of
ML and large datasets in the field of
paediatrics. Assessing the risks and identifying
the triggers of paediatric asthma are areas where
the use of large and varied datasets, along with
ML and deep learning, are helping to close
knowledge gaps. Kaur et al. (2021) explained
how research in paediatrics along with other
complex fields of medicine can benefit from
ML in enhancing prognosis.

Traditional Methods for Asthma Risk
Assessment

Traditional methods of assessing asthma risk
focus on clinical judgment and evaluation of
the patient’s medical history and physical
examination. These methods may also utilize
observation of the patient’s symptoms and/or
lung function tests. These procedures are often
used to make a diagnosis of asthma and to
evaluate the severity of the condition. The
procedures used to assess lung function may
include tests to measure the volume of air
exhaled from the lungs and the speed at which
air can be exhaled. Of the procedures used to
assess lung function, spirometry is often the
procedure used to assess lung function and to
measure the degree of limitation of airflow of
the respiratory system. Of note, the
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performance and interpretation of spirometry
to assess asthma in very young children may be
limited and/or inaccurate due to incomplete
maturation of the lungs. Pijnenburg et al.

differentiation of asthma from other disorders
of the respiratory system of children is
challenging, particularly due to the presence of
symptoms such as coughing and wheezing with

(2019) also noted that the clinical other disorders.
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Fig 2.1 Traditional Methods for Asthma Risk Assessment

Clinical judgment also accounts for family
history and other environmental exposures.
Based on the patient evaluation, the presence
of certain risk factors may suggest an increased
risk of developing asthma. Traditionally,
however, the effects of multiple risk factors are
not analyzed together. Sly et al. (2020) supports
that there are multiple factors that affect the
development of asthma, including genetic,
environmental and other external factors;
therefore, integration of multiple factors may
be necessary to adequately assess risk.

Machine Learning and Asthma

Although wholesale changes in the healthcare
system may be needed for more concrete
improvements in asthma forecasting, the use of
machine learning (ML) has the potential to
identify latent data relationships within asthma-
related information. In comparison to
traditional statistical methods, ML techniques
can evaluate data in an unconstrained fashion,
consider a greater number of variables, and
find relationships that are implicit in the data.
The types of machine learning used in asthma
research include, but are not limited to,
decision trees, random forests, SVMs, and
various forms of boosting.
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Fig 2.2 Machine Learning and Asthma

The use of ML to create diagnostic and
prognostic tools to assess asthma has become
an emerging area of research. A 2019 study by
Rajkomar et al. demonstrated the utility of
asthma-related EHR data to create classification
and regression tree (CART) based models to
The authors
stated that while the areas under the curve were
unremarkable, the did
capture clinically relevant information and help
empower users to make better diagnostic and
prognostic decisions.

forecast asthma exacerbations.

somewhat models

Respiratory Diseases: The Power of Deep
Learning

Automated extraction of pertinent data and
identification of latent features of pathology
from forms of structured and
unstructured data are the hallmarks of the
recent advancements in deep learning. For
analysis of respiratory diseases, deep learning
frameworks that are largely based on
convolutional and recurrent architectures have
gained widespread acceptance.

Deep Learning has been applied to various
sources of respiratory data including images (i.e.
chest xrays and CT scans), sounds, and

physiologic data. Using these data sources,

various

computers can, and are, learning to identify
abnormal patterns in ways
apparent, time consuming,
clinician to discern. Deep learning methods in
medicine are rapidly advancing and show great
promise (Esteva, 2019).

Multimodal Ais

The integration of multiple data sources in
artificial intelligence is called multimodal Al
This concept is closely related to, and an
advancement of, the field of prediction and
classification based on single data sources (or
modalities). Traditionally,
making and support has been based largely on
clinical data; however,
patient’s social situation and environment may
also impact a patient’s health and the course of
a medical condition.  This is particularly
apparent in the case of asthma. Asthma is
considered a complex medical condition as it is
the result of multiple interacting factors.
Consequently, the use of multiple interacting
data sources, and therefore Al modalities, is
warranted.

Pursuing and using various data sources in a
combined fashion is a rapidly evolving area of
research in health care. Topol (2019) suggested
similar  ideas, advocating for integrated

that are not

or too for a

clinical decision

factors such as a
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medicine and data science to create more
individualized healthcare systems.

RESEARCH METHODOLOGY
This  section  describes  the
methodology for creating and validating a
multimodal Al framework for detecting and
preventing asthma and asthma attacks in
children. The framework is composed of
different modalities of health-related data. In
this work, the author focuses on data, AI/ML,
and architecture to «create and evaluate
predictive models for asthma. The author

research

describes the whole process from research
design to model building and validation.

Research Design

This is a quantitative, experimental research
design to create and test a ML/AI framework
for predicting asthma. The framework focuses
on integrating multiple data types and assessing
the risk of asthma using advanced Al. The
author aims to assess the effect of integrating
multiple data types and Al on risk assessment
for asthma.

Table 3.1 Distribution of Multimodal Dataset Features Used for Pediatric Asthma Risk Assessment

Data Modality Features Included Number of | Contribution
Features (%)
Clinical and Patient Age, gender, medical history, asthma 25 35%
Health Data history, allergies, medication records
Environmental and Air | PM2.5, PM10, temperature, humidity, 15 20%
Quality Data pollen exposure, pollution level
Symptoms and Cough frequency, wheezing, breathing 20 25%
Behavioral Data difficulty, activity level, medication
adherence

Physiological and Heart rate, oxygen saturation, respiratory 15 20%
Sensor-Based Data rate, breathing patterns
Total 75 Features 100%

The research design outlines the steps needed
to implement the framework. These steps
include collecting health-related data, preparing
the data, and training and testing Al models.
The framework aims to integrate multiple data
sources, including health-related data and
environmental data. The framework is designed
to predict asthma risks using data integrations
and Al models.

The author aims to identify risk factors for
asthma using ML and DL frameworks. The
author validates the model using historical
health-related data. The framework will identify
risk factors for asthma and assess the risks for
asthma attacks.

Health and patientrelated information include
demographic data, previous asthma diagnosis,
medical history, allergic conditions and status,
medication history, family history of respiratory
conditions, and hospitalization history. Each of
these elements are integral to describing the
patient and developing an asthma case report.

Data related to environment include ambient
temperatures and relative humidity, various air
pollutants and contaminants, allergens, and
other environmental asthma triggers.

Symptoms related to asthma include cough and
wheeze, difficulty breathing, and disturbances
to sleep. Other data related to patient behavior
and activity, as well as data from physiological
sensors, may also be useful.

The models are trained using historical patient
data to reduce prediction errors and increase
classification accuracy. Model hyperparameters
are optimized to improve training and test loss.
Techniques such as crossvalidation are
implemented to control overfitting.

Feature Selection Techniques

Al-based asthma prediction models benefit
from feature selection. Feature selection
improves model reliability and interpretation
by removing unrelated features. Several features
in health data are correlated and do not
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necessarily impact the prediction performance

of the model.

Table 3.2 Training and Testing Data Distribution

Dataset Category Percentage (%) Purpose
Training Dataset 70% | Model learning and parameter optimization
Validation Dataset 15% | Hyperparameter tuning and model selection
Testing Dataset 15% | Final performance evaluation

The approach outlines various feature selection
techniques to identify asthma risk factors.
Some of the features that impact the risk of
developing asthma are environmental factors
and other pre-existing respiratory conditions.
The feature selection methods used in the
approach include filter and machine learning-
based feature selection methods.

Model Evaluation Metrics

As part of the approach, several classification
and regression models are trained and
validated. Different metrics are used to evaluate
the models to determine their applicability in
clinical settings.

Table 3.3 Selected Important Features for Pediatric Asthma Risk Prediction

Feature Category Important Features Relative Importance

(%)

Clinical Factors Previous asthma history, allergies, respiratory 30%

infections

Environmental Air pollution, PM2.5 exposure, allergens 25%
Factors

Symptom Factors Wheezing, coughing frequency, breathing difficulty 25%

Physiological Factors | Oxygen saturation, respiratory rate, heart rate 20%

Total 100%

Some of the metrics used to assess the models
are described in this disclosure.

Evaluating Asthma Prediction Models
Precision: Represents the model's ability to
identify patients at risk of Asthma attacks, and
avoid predicting Asthma attacks on patients
who are not at risk.

Recall (Sensitivity): Indicates the model's
ability to recognize patients who are at risk of
Asthma attacks. This is crucial to preemptively
manage patients at risk.

Specificity: Shows the model's capability to
recognize patients who are not at risk of
Asthma attacks.

F1-Score: Incorporates the aspects of precision
and recall in an imbalanced Asthma attack
prediction problem.

Area Under the Receiver Operating
Characteristic Curve (AUC-ROC):
Demonstrates the model's performance in
differentiating patients at various levels of
Asthma attack risks.

Mean Absolute Error (MAE) and Root Mean
Square Error (RMSE): Used to evaluate the
model in predicting continuous Asthma attack
risks.

The above evaluation methods help to
determine the efficacy of a model in predicting
Asthma attacks, and to identify potential risks
in patients.

Validation and Performance Analysis

Our Al framework will predict asthma attacks
based on generalizable and reliable predictions.
To test the framework, we will employ models
to generate predictions on unseen data to
evaluate their capability ingoingbeyond data
upon which they were trained. We will
implement various forms of cross-validation in
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order to mitigate the effect of variation in the
test data sets and increase our level of
confidence in the results of the models.

We will assess the performance of different Al
models based on the asthma risk prediction
capability, and subsequently determine the
most suitable model for the development of an
asthma risk prediction system.

Performance analysis will primarily assess the
error trade-offs associated with predictive
accuracy, and computational efficiency of the
models. We will assess the extent to which
different data modalities impact overall
prediction performance. We will evaluate the
effect of integrating multimodal data to
enhance the overall prediction of asthma risk.

RESULTS AND DISCUSSION

The results section provides information
related to the evaluation of the Al-based
multimodal framework for pediatric asthma

detection and  prediction of asthma
exacerbations. The focus of this section is to
evaluate the impact of incorporating different
types of data, assess the behavior and
performance of the integrated Al models,
understand the limit of early warning, and
appreciate the anticipated trends of the
predicted outcomes. The inclination of the
models towards specific trends anticipates and
validates the asthma management strategies.

Experimental Results

The evaluation was performed to appraise the
performance of the Al framework in
recognizing risks associated with pediatric
asthma and predicting asthma exacerbations. A
variety of supervised and unsupervised machine
learning algorithms were developed and tested
on integrative  multimodal data  sets
encompassing clinical details, environment,
symptoms and physiology of the patient.

Table 4.1 Performance Comparison of Different Al Models for Asthma Risk Prediction

Al Model Accuracy Precision Recall F1-Score AUC

(%) (%) (%) (%) (%)

Logistic Regression 82.5 80.4 78.9 79.6 83.2

Support Vector Machine 85.7 84.1 83.5 83.8 86.4

Random Forest 88.9 87.6 89.2 88.4 90.1

Gradient Boosting 90.3 89.8 90.5 90.1 91.2

Deep Neural Network 93.5 92.7 94.1 93.4 94.3

Proposed Multimodal Al 95.2 94.6 95.8 95.1 96.0
Framework

Results of the study showed that asthma, and
its associated risks, is a complex condition and
to explain and capture such complexities, the
Al frameworks require integrative and

multidisciplinary data sets. Al models, when
developed and trained on multimodal data sets,
are able to capture and anticipate asthma risks
and its associated exacerbating factors.
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Performance Evaluation of Al Models

The developed Al models were evaluated using
standard classification and prediction metrics.
The metrics included accuracy, precision, recall,

Fl-score, and AUCROC. The focus of the

evaluation was to assess the models’ capability
of recognizing asthma risk and to minimize the
number of uncertainties in the models’

predictions.

Table 4.2 Effect of Multimodal Data Integration on Prediction Performance

Data Input Type Accuracy Improvement Compared with Single

(%) Modality

Clinical Data Only 84.6 -

Environmental Data Only 79.8 -

Symptoms Data Only 86.2 -

Physiological Data Only 83.5 -

Clinical + Environmental Data 89.7 +5.1%

Clinical + Symptoms + Physiological 92.4 +7.8%
Data

All Multimodal Data Combined 95.2 +10.6%

Results showed that incorporating more than
one data source in a model improved the
model’s prediction capability compared to
using a single data source. The major difference
between a multimodal model and a single data

source model was that the former was able to
capturing asthma symptoms and risk factors
through different data and/or information
sources.
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Results from deep learning models showed
improved prediction capability compared to
other machine learning models, mainly due to
deep learning models’ capability in capturing
and learning from complex, sequential data.

Analysis of Capability for Early Detection

The proposed Al framework aims at facilitating
early identification of children at risk of
asthma. The Al models developed in this
project aim at achieving this.
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Fig 4.3 Analysis of Capability for Early Detection

Early recognition of asthma by the Al models
was attributed to the incorporation of multiple

complex risk patterns. The best results were
obtained by the models that incorporated

data sources. Use of clinical data in isolation multiple data sources including clinical,
was not adequate to capture and recognize physiological and environmental data.
Table 4.3 Early Detection Performance of Proposed Framework
Detection Period Before Exacerbation Detection Accuracy (%) Sensitivity (%)
24 Hours Before Event 96.1 95.5
3 Days Before Event 94.8 94.2
7 Days Before Event 91.6 90.8
14 Days Before Event 87.3 86.5
https://medicalsciencereview.com | Ahmed, 2024 | Page 2286




The Research of Medical Science Review

ISSN: 3007-1208 & 3007-1216

Volume 2, Issue 3, 2024

The framework identified several risk factors,
notably changes in the frequency and nature of
respiratory symptoms and chronic respiratory
conditions, as well as exposure to air pollution.
These results suggest that integrating multiple
data sources in real time may help recognize
triggers of asthmatic symptoms.

Analysis of Asthma Exacerbation Risk
Prediction

Predicting asthma exacerbations helps in the
prevention of unscheduled medical visits and
stay in the hospital. The framework was tested
to determine if it predicts asthma exacerbations

using different sources of information.

Table 4.4 Asthma Exacerbation Risk Classification Results

Risk Category Number of Patients (%) Prediction Accuracy (%)
Low Risk 45% 94.7%
Moderate Risk 35% 92.5%
High Risk 20% 96.3%
Overall Prediction Performance 100% 95.2%

The research showed that there are patterns of
asthma exacerbations that are associated with
changes in the individual’s surroundings, along
with changes in the individual’s health status
and medical history. The framework predicted
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Fig 4.5 Analysis of Asthma Exacerbation Risk Prediction

The approaches based on artificial intelligence
integrated with different sources of information
in the environment of the individual provided
the best predictions. These integrated
approaches offered advanced warnings and
helped the health care workers to decide on the
most appropriate actions to take for the
individual.

Comparison with Other Methods

The new approach was compared with the
existing methods for the assessment of asthma
and the methods based on a single information
source for prediction. The methods based on
single source of information for prediction are
limited and usually focus on a specific aspect of
asthma assessment.
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Table 4.5 Comparison Between Traditional and Al-Based Asthma Assessment Approaches

Approach Data Sources Used Prediction Real-Time
Capability (%) Monitoring
Clinical Assessment Medical history, symptoms 75-80% | No

Machine Learning Structured healthcare data 85-90% | Limited

Model
Deep Learning Model Complex medical data 90-93% | Moderate
Proposed Multimodal | Clinical + Environmental + 95.2% | Yes

Al Framework Sensor + Behavioral Data

Our approach offers several key advances over
existing  methods, primarily due to
consideration of multiple types of data and
more sophisticated modeling of relations
among various dimensions of asthma. Al
models focused on a given data type are useful
to an extent, however their performance is
generally limited due to lack of integration of
various dimensions of a given problem.

Results of our study demonstrated use of
various Al methodologies for asthma to
enhance prediction and early recognition of
asthma cases. The Al methods were flexible

enough to enable risk assessment based on
individual requirements.

Prioritization of the Al-based framework for
pediatric asthma will facilitate healthcare
workers for several reasons including, but not
limited to, consideration of multiple risk
factors, integration of varied data types and
ensuring adequate evidence to support the
predictions. The system is designed to allow
healthcare workers to gain a  better
understanding of the factors contributing to a
prediction by focusing on (i.e. prioritizing)
environmental and/or physiologic factors.

Table 4.6 Contribution of Different Risk Factors Identified by Explainable Al

Risk Factor Contribution to Prediction (%)
Previous Asthma History 22%
Environmental Pollution Exposure 20%
Wheezing and Respiratory Symptoms 18%
Oxygen Saturation Changes 15%
Allergic Conditions 12%
Medication Adherence 8%
Other Factors 5%
Total 100%

It is our belief that the Al-based framework is
best utilized in conjunction with existing
clinical practice to address risk of asthma. The
framework is designed to enhance existing
practices by providing early, individualized
warnings to facilitate development of risk
management strategies by the healthcare staff.

CHALLENGES AND LIMITATIONS

Although  Al-enabled  multimodal  risk
assessment frameworks provide significant
opportunities for improving pediatric asthma
detection and prevention, several challenges
and limitations must be addressed before their
widespread adoption in clinical practice. The
effectiveness of artificial intelligence systems

depends on the availability of reliable
healthcare data, model robustness, ethical
considerations, and successful integration into
existing healthcare workflows. Understanding
these limitations is essential for developing
accurate, trustworthy, and clinically applicable
Al-based asthma management systems.

Data Availability and Quality Issues

One of the major challenges in developing Al-
based pediatric asthma prediction systems is the
availability of high-quality and comprehensive
datasets. Artificial intelligence models require
large amounts of diverse and accurately labeled
data to learn meaningful patterns and generate
reliable  predictions. However, pediatric
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healthcare datasets are often limited due to
privacy restrictions, differences in data
collection practices, and the difficulty of
obtaining longterm  patient monitoring
information.

Multimodal Al systems require data from
multiple sources, including electronic health
records, environmental monitoring systems,
wearable  devices, and  patientreported
information. However, these datasets are
frequently stored in different formats and may
contain missing values, inconsistent
measurements, or incomplete patient histories.
Such issues can negatively affect model
performance and reduce prediction accuracy.

Model Generalization and Bias

The ability of Al models to perform effectively
across different populations and healthcare
settings remains a significant challenge. Many
Al systems are developed using datasets from
specific hospitals, regions, or patient groups,
which may limit their ability to generalize to
broader populations.

Bias can occur when training datasets do not
adequately represent variations in demographic
characteristics, environmental conditions, or
disease patterns. For example, a model trained
using data from one population may produce
less accurate predictions when applied to
children from different backgrounds or
healthcare systems. Such biases may affect the
fairness and reliability of Albased clinical
decision support.

Privacy and Ethical Considerations

The use of artificial intelligence in pediatric
healthcare raises important privacy and ethical
concerns because medical data contains
sensitive personal information. Multimodal Al
systems may collect information from electronic
health records, wearable sensors, mobile
applications, and environmental monitoring
devices, increasing the complexity of data
protection requirements.

Ensuring patient privacy requires secure data
storage, controlled access mechanisms, and
appropriate  data  management  policies.
Healthcare organizations must maintain
confidentiality while allowing sufficient access
for Al model development and validation.

Ethical concerns also involve informed consent,
transparency of Al decision-making, and
accountability for Al-generated
recommendations. Since Al predictions may
influence clinical decisions, it is important that
healthcare  professionals understand the
limitations and uncertainties associated with
model outputs.

Challenges in Clinical Implementation
Integrating Al-based asthma risk assessment
systems into real-world healthcare
environments  presents several  practical
challenges. Healthcare professionals may face
difficulties adopting Al tools due to concerns
about reliability, workflow disruption, lack of
technical knowledge, and uncertainty regarding
responsibility for Al-assisted decisions.

For successful implementation, Al systems
must be designed to complement existing
clinical practices rather than replace healthcare
professionals. The generated predictions should
be presented in a clear and understandable
manner so that clinicians can effectively use the
information during patient assessment and
treatment planning.

Another  challenge  involves  technical
infrastructure requirements, including
availability of digital healthcare systems, reliable
data collection mechanisms, and compatibility
with existing electronic health record platforms.
Healthcare institutions with limited
technological ~ resources may experience
difficulties adopting advanced Al solutions.

CONCLUSION AND FUTURE WORK

The increasing complexity of pediatric asthma
management requires advanced approaches
capable of identifying risks early and preventing
severe asthma exacerbations. This research
explored an Alenabled multimodal risk
assessment framework that integrates multiple
healthcare data sources, including clinical
information, environmental factors, symptom
patterns, and physiological measurements, to
improve early detection and prediction of
pediatric asthma risks. By combining artificial
intelligence techniques with multimodal data
analysis, the proposed framework provides a
comprehensive  approach  for  supporting
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proactive and personalized asthma

management.

Summary of Findings

The findings of this research demonstrate the
potential  of artificial  intelligence-based
multimodal approaches for improving pediatric
asthma risk assessment. Traditional asthma
assessment methods often rely on limited
clinical indicators, which may not fully
represent the complex interactions between
biological, environmental, and behavioral
factors influencing asthma development and
exacerbations.

The proposed framework addresses these
limitations by integrating diverse data
modalities and applying machine learning and
deep learning techniques to identify
meaningful patterns associated with asthma
risk. The results indicate that combining
multiple information sources can enhance
prediction  performance compared  with
approaches based on individual data
modalities.

The analysis also highlights the importance of
explainable artificial intelligence in healthcare
applications. By identifying the factors
contributing to Al predictions, explainable Al
techniques improve transparency and support
clinical interpretation. This enables healthcare
professionals to better understand risk
assessments and make informed decisions
regarding patient monitoring and preventive
strategies.

Research Contributions
This research provides several important
contributions to the field of artificial
intelligence-based healthcare and pediatric
respiratory disease management. The main
contributions include:
e Development of an  Al-enabled
multimodal risk assessment framework
that integrates clinical, environmental,

behavioral, and physiological
information for pediatric asthma
prediction.

e Investigation of how different data
modalities can be combined to
improve the accuracy and reliability of

asthma risk assessment compared with
conventional single-source approaches.

e Application of machine learning and
deep  learning  techniques  for
identifying complex patterns associated
with  asthma  development and
exacerbation risks.

e Incorporation of explainable Al
methods to improve model
transparency and support healthcare
professionals in interpreting Al-
generated predictions.

e Identification of important challenges
related to data quality, model
generalization, privacy, and clinical
implementation, providing directions
for future development of Al-based
asthma systems.

The proposed framework contributes toward
the advancement of personalized and
preventive healthcare by demonstrating how
artificial intelligence can assist in identifying
high-risk pediatric patients and supporting early
intervention strategies.

Future Research Directions
Although the proposed
demonstrates promising potential, several areas
require further investigation to improve its
effectiveness and clinical applicability. Future
research should focus on developing larger and
more diverse pediatric asthma datasets that
include information from different
populations, healthcare environments, and
geographical regions. Such datasets would
improve model generalization and reduce
potential biases.

Future studies should also explore advanced
multimodal fusion techniques capable of
integrating increasingly complex healthcare
information,  including  genomic  data,
continuous wearable sensor measurements,
respiratory sound analysis, and real-time
environmental monitoring.

The development of realtime Albased
monitoring  systems  represents  another
important  research  direction. Future
frameworks could integrate mobile health
applications and wearable technologies to
continuously monitor asthma-related changes

framework
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and provide early warnings before severe
exacerbations occur.
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