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Abstract 
Asthma is a chronic respiratory condition shaped by environmental, physiological, and 

behavioral factors. Accurate prediction of asthma severity is vital for personalized care 

and reducing exacerbations. While Machine Learning (ML) has been widely explored in 

asthma prediction, many existing models lack generalizability, robustness, or 

comprehensive integration of multiple predictors, limiting their clinical applicability. 

This study presents a robust ML-based model for classifying asthma severity by 

incorporating diverse patient and environmental features. A supervised learning approach 

was employed using a publicly available dataset of 1,010 records with 14 features, 

including demographics, clinical symptoms, and environmental indicators (temperature, 

wind speed, and humidity). The dataset was pre-processed and stratified to balance 

severity classes. Three models—Decision Tree, Support Vector Machine (SVM), and 

Random Forest (RF) were evaluated using standard metrics: accuracy, precision, recall, 

F1-score, and ROC AUC. Among them, the RF model showed superior performance, 

achieving 96.70% accuracy, a 0.9668 F1-score, and a 0.9831 ROC AUC. Feature 

importance analysis highlighted environmental factors, particularly temperature and 

humidity, as key predictors of asthma severity. These results underscore RF's 

effectiveness in providing accurate, interpretable predictions and addressing limitations 

of earlier models. The proposed model offers a data-driven framework for real-time 

severity forecasting, supporting early interventions and personalized treatment. It holds 

promise for integration into clinical decision support systems, thereby enhancing asthma 

management and optimizing healthcare resource use. It is therefore recommended that 

the proposed model be operationalized within clinical triage protocols, embedded into 
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electronic health record (EHR) infrastructures, or integrated into mobile health (mHealth) 

applications to facilitate data-driven, proactive asthma management across diverse care 

settings in Nigeria. 

 

Keywords: Asthma Severity, Machine Learning, Random Forest, Predictive Modelling, 

Healthcare Analytics 

 

 

Introduction 
Asthma is a chronic respiratory disease 

affecting millions of individuals worldwide, 

making it a significant public health concern 

(Enilari & Sinha, 2019; Serebrisky & Wiznia, 

2019). The disease is characterized by airway 

inflammation and hyper reactivity, leading to 

symptoms such as wheezing, shortness of 

breath, chest tightness, and coughing. These 

symptoms can vary in severity and 

frequency, often significantly impacting the 

quality of life for those affected. The 

prevalence of asthma has been steadily 

increasing, with factors such as urbanization, 

environmental pollution, and lifestyle 

changes contributing to this rise (Louis et al., 

2021). The World Health Organization 

(WHO) estimates that asthma affects over 

235 million people globally, and the disease 

burden is particularly high among children 

and young adults (Charles et al., 2020). 

Effective management of asthma involves a 

multifaceted approach that includes regular 

monitoring, adherence to prescribed 

medication, and timely intervention to 

prevent exacerbations (Chan et al., 2022). 

Asthma exacerbations, which are acute 

episodes of worsening symptoms, can lead to 

emergency department visits and 

hospitalizations, posing a substantial burden 

on healthcare systems (Sowah et al., 2021). 

Traditional management strategies 

emphasize the importance of patient 

education, environmental control, and the use 

of Inhaled Corticosteroids (ICs) and 

bronchodilators (Juma & Mathuva, 2023). 

Despite these measures, many patients 

continue to experience poor asthma control 

and frequent exacerbations, highlighting the 

need for improved management strategies 

(Tan et al., 2024). 

In response to this persistent challenge, there 

is a growing recognition of the need to 

explore the various factors that influence 

asthma severity, including environmental 

exposures, psychological stressors, 

physiological conditions, and behavioral 

patterns. Accordingly, this study first seeks to 

determine the primary environmental, 

psychological, physiological, and 

behavioural factors contributing to asthma 

severity, thereby providing a foundational 

understanding of the multidimensional 

triggers that exacerbate the condition. These 

insights will be critical in ensuring that any 

predictive model developed is both relevant 

and effective in real-world contexts. 

Advancements in Machine Learning (ML) 

have opened new avenues for enhancing 

healthcare outcomes, particularly in the 

management of chronic diseases like asthma. 

ML techniques involve the development of 

algorithms that can learn patterns from data,  
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and they have shown promise in various healthcare applications (Ren et al., 2022). These 

techniques can predict disease progression, personalize treatment plans, and improve patient 

outcomes by providing actionable insights to healthcare providers (Sun et al., 2022). For 

instance, ML algorithms can analyze large volumes of patient data to identify risk factors for 

asthma exacerbations, predict the likelihood of future attacks, and recommend personalized 

treatment adjustments (Yi et al., 2021). 

To leverage these capabilities, the present study is designed to gather relevant clinical data to 

establish a correlation between these contributing factors and asthma severity. By collecting 

well-structured, diverse, and high-quality datasets, the study aims to capture the variability of 

patient experiences and contextual influences on disease progression. These data will serve as 

the foundation for building a robust predictive model. 

In the context of asthma, ML can be utilized to forecast the severity of the disease and predict 

treatment outcomes, thereby enabling healthcare providers to tailor interventions more 

effectively. By integrating data from electronic health records (EHRs), wearable devices, and 

patient-reported outcomes, ML models can provide a comprehensive assessment of a patient's 

condition. These models can identify patterns and correlations that may not be apparent 

through traditional analysis, offering a more nuanced understanding of asthma dynamics 

(Menendez et al., 2016). Consequently, ML-driven approaches have the potential to enhance 

decision-making processes, reduce the incidence of severe asthma attacks, and ultimately 

improve the quality of life for patients with asthma (Kraft et al., 2021). 

Building upon this foundation, the study aims to implement the Random Forest algorithm for 

predicting asthma severity, given its effectiveness in handling high-dimensional data and its 

ability to capture non-linear relationships among variables. The model development follows a 

structured pipeline that involves training and testing the algorithm using a publicly available 

dataset of asthma patients. This approach ensures that the predictive engine remains both 

generalizable and tailored to the specific characteristics of the target population. 

The application of ML in asthma management is supported by numerous studies that 

demonstrate its efficacy. For example, ML models have been used to predict asthma 

exacerbations with high accuracy by analyzing variables such as medication usage, 

environmental factors, and physiological measurements (Ciudad-Gutiérrez et al., 2021). 

Additionally, personalized treatment plans generated by ML algorithms have been shown to 

improve medication adherence and reduce symptom severity. A study by Zein et al., (2021) 

used logistic regression and decision trees to predict exacerbations based on demographic, 

clinical, and environmental data, achieving an accuracy of 85%. Another study by Lovrić et 

al., (2021) employed a random forest algorithm to predict optimal medication regimens, 

resulting in improved symptom control and reduced exacerbations compared to standard 

guidelines. 

To ensure the reliability and clinical relevance of the model, its performance is rigorously 

evaluated using standard metrics such as accuracy, precision, recall, and F1-score. These 
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metrics provide a detailed view of the model’s classification performance, supporting its 

readiness for practical deployment in predictive asthma care. 

These findings underscore the potential of ML to transform asthma care by providing precise, 

data-driven insights that support proactive and personalized management strategies. Through 

the achievement of the outlined objectives, this study aims to contribute a novel, evidence-

based, and technically robust solution to the ongoing challenge of asthma severity prediction. 

 

Statement of the Problem  

Asthma remains a prevalent and challenging condition to manage, especially among pediatric 

populations where variability in disease presentation and response to treatment is high (Licari 

et al., 2018). Despite significant advances in treatment options and management strategies, 

predicting asthma severity and treatment outcomes remains problematic (Lovrić et al., 2021). 

Current approaches often rely on generalized guidelines that fail to account for individual 

differences, leading to suboptimal treatment outcomes and increased healthcare burdens (Do 

et al., 2019). 

The need for personalized asthma management strategies is increasingly pressing. ML offers 

a promising solution by leveraging large datasets to identify patterns and predict outcomes 

tailored to individual patients. While many studies have applied ML for asthma diagnosis and 

risk prediction (Yoon et al., 2022), most rely on static models. There remains a lack of 

dynamic, personalized exacerbation prediction attacks for asthma management (Tsang et al., 

2020). 

This study aims to address these challenges by developing robust ML-based prognostic tools 

for forecasting asthma severity. By incorporating diverse data sources and focusing on 

pediatric patients, this research seeks to improve the accuracy of predictions and enhance 

personalized treatment plans. This approach has the potential to optimize clinical decision-

making, improve patient outcomes, and reduce the overall burden on healthcare systems 

(Tiotiu, 2021). 

 

Aim and Objectives of the Study 

The study aim to develop an enhanced asthma severity predictive model using Random Forest 

algorithm, and the objectives are to:  

i. identify and analyze key environmental, psychological, physiological, and 

behavioural factors influencing asthma severity. 

ii. gather and preprocess relevant publicly available clinical datasets to explore 

correlations between these factors and asthma severity. 

iii. implement a suitable machine learning algorithm (Logistic Regression, Random 

Forest, and Support Vector Machine) for predicting asthma severity. 

iv. train and test the model using the pre-processed dataset, incorporating appropriate 

feature engineering techniques. 
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v. evaluate the model’s performances using standard metrics such as accuracy, precision, 

recall, and F1-score.   

 

Significance of the Study 

The application of machine learning in asthma management has the potential to revolutionize 

how the disease is monitored and treated. By providing accurate predictions of asthma severity 

and treatment outcomes, ML models can support healthcare providers in making informed 

decisions, leading to better patient care. Personalized treatment plans derived from ML 

predictions can enhance the efficacy of interventions, reduce the frequency of exacerbations, 

and improve the overall quality of life for asthma patients. 

Furthermore, this study contributes to the growing body of literature on the use of ML in 

healthcare, providing insights that can be applied to other chronic diseases. The findings from 

this research can also inform the development of predictive tools and decision support systems 

for asthma management. 

 

Scope of the Study 

The scope of this research encompasses the development of a machine learning model to 

predict asthma severity and treatment outcomes, with a focus on personalization. It includes 

collecting and integrating diverse datasets from electronic health records, public health 

databases, and wearable devices. The study involves thorough data preprocessing, such as 

handling missing values and normalizing variables. It also covers the development and 

optimization of the ML model through hyperparameter tuning and extensive evaluation to 

ensure accurate and individualized predictions. This research aims to enhance clinical 

decision-making and improve patient outcomes, particularly in pediatric populations. 

 

Definition of Operational Terms 

1. Asthma Severity: The level of intensity of asthma symptoms experienced by an 

individual, categorized as mild, moderate, or severe. It reflects the frequency and 

severity of symptoms like wheezing, coughing, and difficulty breathing. 

2. Forecasting: The process of predicting future outcomes or trends based on historical 

and current data. In this context, it refers to predicting the future severity of asthma 

symptoms for an individual. 

3. ML Approach: A method of data analysis that automates model building, enabling 

systems to learn from data and make predictions. In this context, it refers to using 

algorithms like Random Forest, Gradient Boosting, or others to predict asthma 

severity. 

4.  Random Forest: A machine learning algorithm that builds an ensemble of decision 

trees, where each tree is trained using randomly selected subsets of data and features. 

In regression tasks, the model outputs the average of all tree predictions, while in 

classification, the final result is determined through majority voting among the trees. 
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5. Hyperparameter Tuning: The process of adjusting the parameters of a machine 

learning model to optimize its performance. Hyperparameters are settings that are not 

learned from the data but are set before the learning process begins. 

6. Performance Metrics: Quantitative measures used to assess the effectiveness of a 

machine learning model. Common metrics include accuracy, precision, recall, F1-

score, and AUC. 

 

Asthma and Its Management 

Asthma, a prevalent chronic respiratory condition, is characterized by respiratory symptoms 

such as breathlessness (dyspnea), wheezing, cough, and chest tightness. It also involves 

increased variability in airway caliber, which fluctuates over time (Louis et al., 2023). 

Globally, asthma affects about 300 million people (Klemettila et al., 2017). While there has 

been a period of sustained high prevalence, recent trends indicate stabilization in its global 

occurrence. However, significant regional differences persist, with ongoing increases 

observed in many low- and middle-income countries (Mortimer et al., 2022) Recent studies 

report that asthma symptoms affect approximately 10% of children and adolescents worldwide 

(Aaron et al., 2018), while in adults, the prevalence ranges from 6% to 7%. These rates vary 

significantly, with some low-income countries reporting rates as low as 2–3%, contrasting 

sharply with rates of 10% in high-income countries (García-Marcos et al., 2022). 

Asthma ranks among the most common chronic illnesses in children, and research has shown 

a clear link between the severity of childhood asthma and the likelihood of developing Chronic 

Obstructive Pulmonary Disease (COPD) in adulthood. In contrast to COPD, the narrowing of 

airways in asthma can typically be reversed with proper treatment. However, when asthma is 

not managed promptly and effectively, it can progress into COPD, a condition that tends to 

deteriorate over time and may result in lasting lung damage. Research indicates that 

approximately 40% of individuals with COPD also have asthma, and this overlap becomes 

more common as patients grow older (Ali, 2022). 

A successful control of asthma depends mostly on patients’ behavior (Şanlıtürk & Ayaz-

Alkaya, 2021). These self-management behaviors include self-monitoring of symptoms, the 

effective use of an asthma action plan (individualized instructions on steps to take to prevent 

asthma from getting worse), the avoidance of environmental triggers, and the regular 

adherence with pharmacotherapy such as using proper medication with an appropriate 

inhalation device (Dhippayom et al., 2022). Promoting optimal patient adherence to asthma 

self-management guidelines has proven to be the key to success in delaying the progression 

of this disease (Saleem et al., 2022).  

There are three levels of asthma progression, which parallels the severity levels of the disease 

as presented in Figure 1.  

 

Figure 1: Asthma Progression 
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At level 1, patients need to manage their own illness based on their best knowledge of their 

conditions. This level is the lowest priority for healthcare providers. About 70-80% of asthma 

patients are in this group. It is important to delay or prevent the fast progression of the disease 

to a more severe level, as permanent damage to the lungs is irreversible. At level 2, as they are 

entering a more advanced stage of the disease, these patients will benefit from monitoring 

symptoms and assessing the severity level of their disease to make sure that the condition is 

under control and that they are taking proper medications. At level 3, the patients are entering 

into the most advanced stage of their asthmatic condition. At this level, patients need close 

monitoring to minimize unnecessary hospital admission. Successful asthma self-management 

can slow down the progression of the disease and improve the quality of life of the patient 

(Agustiyaningsih et al., 2023). 

 

Factors Contributing to Asthma 

This section addresses the first objective of the study: to determine the primary environmental, 

psychological, physiological, and behavioural factors contributing to asthma severity. The 

study employs a quantitative research design guided by ML to uncover significant patterns 

and relationships between these variables and asthma severity. The goal is to extract data-

driven insights that not only inform predictive modeling but also enhance clinical 

understanding of asthma triggers and progression. The following subsections explain the key 

factors considered under each category and their relevance to asthma severity. 

 

Environmental Factors 

Environmental factors are among the most well-documented contributors to asthma 

development and exacerbation. This study considers multiple environmental variables that 

have been empirically linked to increased asthma severity: 

Air Quality Index (AQI): This is a composite measure of air pollution levels, typically 

influenced by particulate matter (PM2.5 and PM10), ozone, carbon monoxide, nitrogen 

dioxide, and sulfur dioxide. Exposure to poor air quality has been consistently associated with 

respiratory inflammation and increased hospital admissions due to asthma. 

Particulate Matter (PM2.5 and PM10): These airborne particles can penetrate deep into the 

lungs, triggering bronchial inflammation and reduced lung function. High concentrations of 

PM2.5 are particularly dangerous for individuals with pre-existing respiratory conditions. 

Temperature and Humidity: Rapid changes in temperature and extreme humidity levels 

(both high and low) can trigger asthma symptoms. Cold air, in particular, has a constrictive 

effect on the airways, while high humidity may facilitate mold growth and allergen exposure. 

Seasonal Variations: Asthma severity often worsens during certain seasons due to increased 

exposure to pollen, viral infections, and changes in indoor/outdoor activity levels. Seasonal 

patterns can serve as useful temporal indicators for predicting exacerbation risks. 

Indoor Pollutants: Although less accessible in public datasets, indoor air quality measures 

such as dust, pet dander, mold spores, and household chemical exposure are also noted as 

influential. Where available, proxy indicators like home location or housing type may be used. 
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Psychological Factors 

Psychological well-being plays a critical role in the management and progression of chronic 

diseases, including asthma. Psychological stress can trigger neuroendocrine responses that 

lead to immune dysregulation and airway inflammation. The following psychological 

variables are considered: 

Perceived Stress Levels: This reflects the individual’s self-reported level of stress, typically 

measured using validated tools like the Perceived Stress Scale (PSS). Chronic stress has been 

linked with increased frequency of asthma symptoms and reduced response to medications. 

Anxiety and Depression: The presence of anxiety disorders or depressive symptoms can 

influence both the perception and reporting of asthma symptoms. Moreover, psychological 

distress may lead to poor self-management, non-adherence to medication, and increased 

emergency room visits. 

Sleep Quality: Disturbed or insufficient sleep is both a symptom and a trigger of asthma. Poor 

sleep quality is associated with heightened bronchial responsiveness, increased inflammatory 

markers, and decreased lung function. 

 

Physiological Factors 

Physiological characteristics provide a direct measure of the patient's respiratory function and 

overall health status. The study includes the following key physiological parameters: 

Forced Expiratory Volume in 1 Second (FEV1): FEV1 is a core spirometric measure 

representing the amount of air a person can forcibly exhale in one second. Reduced FEV1 is 

a strong indicator of airway obstruction and is used to classify asthma severity. 

Peak Expiratory Flow (PEF): PEF reflects the maximum speed of expiration and is a 

common parameter used in both home-based and clinical asthma monitoring. Significant daily 

variability in PEF is often a marker of poor asthma control. 

Oxygen Saturation (SpO₂): Low oxygen saturation levels during rest or activity indicate 

impaired gas exchange and correlate with more severe asthma cases. 

Body Mass Index (BMI): Obesity is recognized as a risk factor for both the onset and severity 

of asthma. Elevated BMI can lead to systemic inflammation, reduced lung volume, and 

increased comorbidity burden. 

Heart Rate and Respiratory Rate: Tachycardia and elevated respiratory rate may be 

indicative of ongoing or imminent exacerbation, especially in acute care settings. 

 

Behavioural Factors 

Behavioural patterns are crucial determinants of asthma control. They influence the frequency 

of symptom triggers, adherence to prescribed treatments, and overall disease trajectory. The 

following behavioural factors are examined: 

Medication Adherence: Non-adherence to controller medications (e.g., inhaled 

corticosteroids) significantly increases the risk of exacerbations and poor symptom control. 

Adherence may be inferred from pharmacy refill data, self-reports, or digital inhaler usage 

logs. 
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Smoking Status: Both active smoking and exposure to second-hand smoke are major risk 

factors for increased asthma severity. Smoking damages lung tissue and reduces 

responsiveness to anti-inflammatory treatments. 

Physical Activity: While moderate exercise is beneficial, excessive or poorly timed physical 

activity can induce bronchospasm in some individuals. Activity level may be quantified 

through wearable device data or self-report. 

Rescue Inhaler Usage: Frequent use of short-acting beta-agonists (SABA) may indicate poor 

baseline control. Over-reliance on rescue medication is a key behavioral marker of 

uncontrolled asthma. 

Diet and Nutritional Habits: While not always directly available in clinical datasets, diet 

patterns can influence systemic inflammation and immune response. Where possible, dietary 

data or BMI trends may be used as a proxy. 

The study identifies and incorporates a comprehensive set of environmental, psychological, 

physiological, and behavioural factors to determine their contribution to asthma severity. 

These variables are selected based on empirical evidence, clinical relevance, and availability 

in the data sources. The integration of these multidimensional features allows for a robust, 

data-informed approach to uncover the key drivers of asthma progression. This thorough 

exploration fulfills the first objective of the study and provides a foundation for building a 

predictive model in subsequent methodological stages.  

 

Asthma Categories 

Asthma is commonly classified into two major types: extrinsic and intrinsic. Extrinsic asthma, 

also known as allergic asthma, typically begins in childhood and represents about 90% of all 

asthma cases. In contrast, intrinsic asthma usually emerges after the age of 30 and accounts 

for approximately 10% of cases (Federico et al., 2021). An asthma episode is characterized by 

breathing difficulties caused by a combination of factors such as inflammation of the airway 

lining, muscle tightening around the airways, and excess mucus production, all of which 

restrict airflow (Fuentes et al., 2021). 

The typical symptoms include wheezing, persistent coughing, and shortness of breath. These 

symptoms may be triggered by various inhaled substances such as dust mites, pollen, pet 

dander, mold, or environmental irritants like cold air, tobacco smoke, pollutants, respiratory 

infections, physical exertion, stress, certain foods, or side effects from medications (Ramphul, 

2023). The specific triggers and severity of symptoms can differ from person to person due to 

variations in lung capacity and function, which are influenced by environmental and 

physiological factors such as age, fitness level, and body size. 

To assess lung function, the Peak Expiratory Flow (PEF) — a measure of how fast air is 

expelled from the lungs — is commonly used. When symptoms become intense and 

uncontrollable, the episode is referred to as an asthma attack or exacerbation (Ji et al., 2021), 

which may require prompt medical intervention, medication, or hospitalization for effective 

management. 
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Asthma Treatment 

This section presents key approaches to managing asthma effectively. It begins by discussing 

strategies for day-to-day monitoring and the treatment of exacerbations, followed by methods 

for assessing the severity of symptoms. The discussion then shifts to the importance of asthma 

self-management practices and concludes with techniques for avoiding environmental triggers 

that can worsen the condition. 

 

Day-to-day Monitoring and Treatment of Exacerbations 

The 2007 Guidelines for the Diagnosis and Management of Asthma denote that asthma is 

caused by the “interaction of multiple host factors such as innate immunity, genetics, and 

environmental exposures”. Currently, recommended asthma treatments focus mostly on 

considering genetic factors and environmental triggers. The report also recommends four 

components of asthma management, which are:  

i. Assessing and monitoring severity,  

ii. Controlling symptoms through elimination of triggers, in combination with treatment 

of acute / chronic commodities that impact asthma,  

iii. Including individuals with asthma as partners in care, and  

iv. Appropriate use of medications (Martin et al., 2022). 

 

Since high level of lung performance with little variability is considered as the characteristic 

of good asthma control, PEF is measured twice daily to identify the lungs’ performance. 

Symptoms assessment is another method to determine asthma severity level. Also, 

medications need to be used as a feedback mechanism to maintain steady-state control of 

symptoms (Licari et al., 2018). An efficient management of asthma requires appropriate 

medications. 

Inhaler medications are used for two main purposes:  

i. Reliever Inhalers (quick acting inhaled medication): reducing the symptoms’ 

effect. 

ii. Preventer Inhalers (long-acting Bronchodilators): preventing exacerbations.  

 

While Preventer Inhalers are used twice daily to reduce the airways' inflammation, Reliever 

Inhalers are used in emergency cases for the fast relief of symptoms. These medications are 

very effective in asthma's treatment but at the same time, they are at the high side of causing 

dose related side effects (Kachroo et al., 2022; Mosbech et al., 2023) . Especially, it is not 

good to overuse Reliever Inhalers, as these medications have been proved to speed up the 

disease progression. For that reason, the most effective treatment plan should adopt a flexible 

adjustment of the number of medications used according to the severity level of symptoms at 

a certain time (Azzi et al., 2019). 

'Step-up', 'step-down' strategy is applied so that patients can take large doses of inhaled steroids 

in the case of a patient’s episodes of poor control, and then reduce the dose when good control 
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has been gained (Cazzola et al., 2021). When an asthma attack occurs, inhaled steroid doses 

should be doubled or stronger medications may be prescribed to quickly relieve symptoms 

under the supervision of healthcare providers. High compliance with medication is crucial to 

well-controlled asthma (Beasley et al., 2020). Patients are advised to track their symptoms, 

medications, and function test results to obtain a suitable asthma action plan that could help 

prevent asthma symptoms from getting worse. Research indicates that such asthma diaries are 

invaluable in identifying asthma attacks and as an education tool to support patients learning 

about their personal triggers (Perry et al., 2017). A well-designed asthma diary must have 

characteristics such as a chart which shows the variations in peak flow rates (if recorded), 

tracking asthma management information such as asthma triggers, signs and symptoms, and 

medicines, recording feedback or comments, clearly identifying the relationships among 

triggers, medications, and other features of the condition (Sheares et al., 2015). 

 

Monitoring and Assessing Severity Level of Symptoms  

As previously noted, managing asthma effectively demands continuous monitoring to adapt 

to changes in disease progression. Although there is no universally accepted standard for 

diagnosing or tracking asthma (Hodkinson et al., 2020), healthcare professionals typically rely 

on two primary approaches: subjective evaluation of symptoms and objective measurement of 

lung function, such as Peak Expiratory Flow (PEF). However, many individuals with asthma 

are often unaware of the gradual increase in airway obstruction until they experience a full-

blown asthma attack. In fact, a significant number of patients only recognize the severity of 

their condition when acute symptoms suddenly manifest (Rosenfeld & Last, 2022). 

This delayed awareness underscores the limitations of symptom-based management for many 

patients. Regular monitoring of PEF, especially when done twice daily — in the morning and 

evening — over a two-week period, helps determine a person's personal best PEF. This method 

has proven effective for asthma control because it provides more objective insights compared 

to relying on symptoms alone. Moreover, notable fluctuations in daily PEF readings (diurnal 

variability) often signal an impending worsening of asthma (Li et al., 2022). 

While combining both symptom assessment and lung function data can improve diagnostic 

accuracy, the nonspecific nature of asthma symptoms and their subjective interpretation make 

it difficult to establish a clear link between reported symptoms and actual PEF values (Hao et 

al., 2022). However, advances in tele-monitoring technologies offer a promising solution by 

enabling real-time tracking of lung function and alerting patients when their condition 

deteriorates (Im et al., 2023). Ultimately, the primary goal of asthma care is to prevent severe 

episodes — often marked by a PEF falling below 50% of an individual's baseline. Because 

treatment responses vary greatly from person to person, consistently evaluating patient 

adherence to prescribed therapies is essential to identify those who may be at higher risk of 

poor asthma control. 

 

Asthma Self-Management 

The aging population is rapidly increasing and is estimated to reach 1 trillion people by 2030, 

which is about 13% of the whole population (Qi et al., 2023). Studies have proven that the 
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increasing of age-related chronic diseases’ prevalence will lead to a tremendous increase in 

people with disabilities all over the world. Specifically, COPD will be the fifth leading cause 

of disability after heart disease, unipolar major depression, road-traffic accidents, and 

cerebrovascular disease (Tyrovolas et al., 2022). By 2030, the proportion of the burden 

attributed to chronic diseases (incurable, non-infectious, or non-transmissible conditions such 

as heart disease, cancer, asthma, and diabetes) in low- and middle-income countries will reach 

54% while it is 89% in high-income countries (Meghji et al., 2021). The rise in the cost of 

treatment and clinician management time is significant. About 80% of healthcare providers 

are in charge of chronic conditions, and patients with such conditions or their complications 

account for over 60% of hospital days (Shiri et al., 2021). For that reason, the personalized 

healthcare system (p-Health), which focuses on the early detection of risk factors, early 

diagnosis, disease management, treatment, and home rehabilitation is presently used 

aggressively to reduce the cost and increase management quality of these chronic diseases 

(Mudiyanselage et al., 2023). Wireless, wearable medical systems that sense patients’ health 

conditions, physiological parameters, and biochemical variables have been employed to 

continuously monitor patients’ condition and provide advice or recommendations that could 

help prevent or slow down the progression of the disease (Deng et al., 2023). 

Although the usefulness of monitoring health conditions and physiological parameters in 

chronic disease self-management has been proven, patient engagement which includes three 

characteristics,  

i. Recognizing and understanding the importance of taking an active role in one’s health 

and health care. 

ii. Having the knowledge, skills, and confidence to manage health; and  

iii. Using knowledge, skills and confidence to engage in health-promoting behaviors to 

obtain the greatest benefit, is also considered as one of the factors that is critical for 

improving health outcomes (Hosseinzadeh et al., 2022).  

 

A research study by (Farzandipour et al., 2024), in which 148 older adult asthma patients were 

randomly assigned into one of three groups with a 6-month follow up: 

i. Usual care  

ii. Individualized education 

iii. Individualized education with peak flow monitoring indicated that asthma self-care 

competence scores.  

 

Asthma self-care behavior and self-efficacy scores (P < 0.001), and asthma control indicators 

(P = 0.025) are statistically significantly highest among group (3) (Walsh et al., 2022). The 

research concluded that individualized education helps older asthma patients improve self-

care behaviors, managing of asthma, and quality of life (Hashim et al., 2022). Asthma self-

management education which includes the provision of information, self-monitoring, regular 

medical review, and the provision of a PEF-based asthma management plan is considered to 

be a fundamental component of asthma care. Patient engagement is a complicated process as 
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described by its above definition, because many asthma patients face “difficulties in following 

action plans on a daily basis and have low compliance with medication regimens” (Saleem et 

al., 2022). 

 

Avoiding Environmental Triggers  

Environmental conditions such as weather changes, air pollution, and pollen exposure are 

known to significantly influence asthma symptoms. Additional factors including 

thunderstorms, high temperatures, humidity, and wind speed can also contribute to symptom 

exacerbation. However, the body’s response to these environmental triggers is highly 

individualized and may not be immediate, as some effects can take anywhere from a few 

hours to several days (up to 4 days) to manifest fully. 

A study by Maung et al. (2022) explored the impact of eight common environmental 

variables—temperature, ozone, benzene, particulate matter (PM10), humidity, pollen, 

atmospheric pressure, and nitric oxide on lung function in individuals with mild to moderate 

asthma. Although the research confirmed that these environmental elements do affect 

respiratory health, attempts to create a universal prediction model for this patient group were 

unsuccessful. This is primarily because environmental triggers influence each person 

differently, making generalized models less effective. As noted by Alharbi et al. (2021), 

personalized models that use individual-specific data are more promising for predicting Peak 

Expiratory Flow (PEF) on a daily basis. 

Still, challenges remain. The accuracy of PEF measurements can vary by as much as (10%), 

and collecting precise environmental data at each patient’s exact location poses practical 

difficulties. These limitations reduce the reliability of existing models in capturing the effects 

of weather and pollution on asthma symptoms. According to Soremekun et al. (2023), 

although predicting asthma attacks solely from PEF or symptom tracking is not currently 

feasible, recognizable patterns do exist. The authors argue that a well-designed study could 

detect these patterns more effectively. They recommend conducting large-scale studies that 

track PEF among severe asthma patients and search for warning signs, such as increasing 

variability in PEF readings in the days leading up to hospitalization or emergency visits. 

However, they also acknowledge that such studies would require significant resources due to 

the large sample size needed 

 

Artificial Intelligent in Healthcare 

The increasing availability of electronic health records (EHRs), along with advancements in 

Artificial Intelligence (AI) particularly Machine Learning (ML) has opened up new 

opportunities to enhance healthcare delivery and cut costs (Supriya & Chattu, 2021). However, 

utilizing this data effectively is not without its challenges. One major obstacle lies in the 

heterogeneity of healthcare data it is vast, generated rapidly, and varies greatly in type, format, 

and content across different medical settings. This complexity makes it difficult to integrate 

and analyze the data efficiently. Moreover, obtaining sufficient volumes of high-quality EHR 

data for training predictive models is often a significant barrier. 
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To overcome these limitations, AI researchers are developing advanced, scalable algorithms 

capable of detecting patterns and deriving meaningful insights from massive, complex 

datasets. One of the earliest and most impactful implementations of AI in the medical field 

was the Clinical Decision Support System (CDSS), designed to assist in diagnosing diseases 

based on patients' symptoms and demographic profiles (Thakur et al., 2022). 

The first-generation CDSS tools were typically narrow in scope, targeting specific patient 

groups or medical conditions. More recent systems have evolved to handle more complex 

tasks, such as answering clinical questions and identifying unusual patterns across large 

datasets. A notable example is IBM Watson, which can interpret vast volumes of unstructured 

health data including doctors’ notes, scientific publications, and patient records and use that 

information to generate diagnostic suggestions and personalized treatment recommendations. 

Watson employs probabilistic reasoning to support evidence-based medical decisions (Comito 

et al., 2022). 

In another AI-driven approach, subset scanning techniques are applied to detect anomalies in 

healthcare data. These ML methods can identify both rows (patient records) and columns 

(features) that deviate significantly from expected patterns and are associated with improved 

or worsened patient outcomes. This technique helps uncover patterns in clinical practices that 

may lead to better results. 

A historical illustration of data-driven pattern recognition can be seen in Ignaz Semmelweis’s 

discovery of the link between puerperal fever and inadequate hand hygiene among 

obstetricians. Through systematic elimination of other causes, he identified cadaveric 

contamination as the source and introduced handwashing with chlorinated lime, drastically 

reducing mortality rates. This case highlights the vital role of hypothesis generation through 

data pattern analysis. 

Today, ML and Deep Neural Networks (DNNs) are increasingly used in the management of 

chronic illnesses like asthma. These technologies enable real-time monitoring of patients’ 

health and treatment adherence. Although early attempts to use AI in predicting asthma 

exacerbations faced setbacks, recent advancements in ML and DNN techniques have 

demonstrated promising results in accurately forecasting such events (Nassif et al., 2021). 

 

Machine Learning in Healthcare 

ML is an application of AI that provides systems the ability to automatically learn and improve 

from experience without being explicitly programmed (Shaveta, 2023). There are two steps in 

a ML model: 

i. The invention of algorithms which can recognize relationships within historical data. 

ii. The use of these identified patterns to perform predictions using new data. 

Healthcare is one of the prominent industries presently being transformed by ML to increase 

the capacity to treat and diagnose disease. Computer vision (a sub-field of ML) measures space 

accurately and recognizes human organs expertly, which makes robotic surgery possible. 

Robots support surgical procedures where there is a tighter space and where finer details and 
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accuracy are required. In medical imaging ML provides early detection of disease such as 

diabetic retinopathy and macular edema in pictures of retinal fundus, Computer Aided 

Diagnosis, and functional brain mapping. ML now also informs personalized medicine with 

the prediction of medical success rates and understanding disease mechanisms, as well as the 

prediction of a disease outbreak or supporting personalized treatment of chronic diseases. 

However, the adoption of ML techniques in the medical field is slower than other specialties 

such as business, economic, insurance, and biology (Yip et al., 2023). An overview of the ML-

driven healthcare data pipeline is illustrated in Figure 2. 

 

 

Figure 2: Machine Learning in Healthcare 

 

Types of Machine Learning 

Machine Learning techniques can be broadly categorized into three main types: supervised 

learning, unsupervised learning, and reinforcement learning. Each of these categories serves 

different purposes and is suited to different kinds of problems. 

 

Supervised Learning 

Supervised learning involves training models on labeled data, where the input data comes with 

corresponding output labels. The model learns to make predictions or classify data based on 

this input-output mapping. For instance, in asthma severity forecasting, supervised learning 

can be used to predict the risk of an asthma attack based on historical health data, 

environmental factors, and other relevant parameters. Techniques such as logistic regression, 

decision trees, and deep learning (e.g., convolutional neural networks and long short-term 

memory networks) fall under this category. These techniques are beneficial when there is a 

substantial amount of labeled data available, as they can provide high accuracy in predicting 

outcomes based on learned patterns (Zein et al., 2021).  

With supervised learning, the data is labeled. A learning algorithm is trained with a dataset, 

so that the algorithm can learn to adapt to a new situation. In the field of medicine, supervised 

learning has been used to perform classification tasks or to estimate risk. With unsupervised 
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learning, the data is not labeled. The learning algorithms are used to extract patterns or 

relationships from data. Possibly, unsupervised learning gains most attention with “precision 

medicine” (El-Baz & Suri, 2021). These supervised learning techniques are discussed in the 

following sections. 

i. Logistic Regression: Often used for binary classification tasks, logistic regression 

can predict the probability of asthma exacerbations based on various features such as 

patient history, environmental factors, and medication adherence (Kumar & Gota, 

2023). 

ii. Decision Trees and Random Forests: These are powerful for understanding the 

decision rules that lead to asthma attacks. For instance, they can help identify key 

factors that increase the risk of severe asthma episodes, such as high particulate matter 

(PM) levels or specific weather conditions (Nanthakumaran & Liyanage, 2021). 

iii. Support Vector Machines (SVM): SVMs can classify asthma severity levels by 

finding the hyperplane that best separates different classes of severity in a 

multidimensional space (Wen & Mohd Aris, 2022). 

iv. Neural Networks and Deep Learning: Techniques like Convolutional Neural 

Networks (CNNs) and Long Short-Term Memory (LSTM) networks can handle large, 

complex datasets. CNNs can analyze patterns in time-series data (like PEFR 

measurements over time), while LSTMs are particularly good at handling sequential 

data, making them suitable for predicting asthma attacks based on historical patient 

data and continuous monitoring (Alzubaidi et al., 2021). 

 

Unsupervised Learning 

Unsupervised learning, on the other hand, deals with data that does not have labeled responses. 

The primary goal here is to identify hidden patterns or intrinsic structures in the input data. 

Methods like clustering (e.g., k-means clustering, hierarchical clustering) and dimensionality 

reduction (e.g., principal components analysis) are common in unsupervised learning. In the 

context of asthma, unsupervised learning can be utilized to identify subgroups of patients with 

similar symptoms or responses to treatment, which can lead to more personalized healthcare 

approaches (Sun et al., 2022). This type of learning is particularly useful when exploring new 

datasets where the relationships and groupings are not yet known. The unsupervised learning 

techniques are discussed in the following sections. 

i. K-Means Clustering: This can group patients into clusters based on similar asthma 

symptoms, treatment responses, or environmental exposures. For example, patients 

living in areas with high pollution might form a distinct cluster, indicating a shared 

risk factor for exacerbations (Reel et al., 2022). 

ii. Hierarchical Clustering: This technique builds a tree of clusters, which can help in 

understanding the hierarchy and relationships between different patient groups or 

asthma triggers (Gasiuniene et al., 2023). 

iii. Principal Component Analysis (PCA): PCA can reduce the dimensionality of 

complex datasets, highlighting the most significant variables affecting asthma 
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severity. This helps in simplifying the data while retaining its critical information, 

making it easier to visualize and analyze (Camargo, 2022). 

 

Reinforcement Learning 

Reinforcement learning focuses on decision-making by learning optimal actions through trial 

and error. It is a type of dynamic programming where an agent learns to achieve a goal in an 

uncertain, potentially complex environment. The agent receives feedback in the form of 

rewards or punishments, which it uses to improve its performance over time. For asthma 

management, reinforcement learning can be applied in developing adaptive treatment plans 

that adjust based on the patient’s response to previous treatments. For example, a 

reinforcement learning algorithm could suggest adjustments in medication dosages or lifestyle 

changes to minimize the risk of asthma exacerbations, continually learning and adapting based 

on the patient's health outcomes (Aliyu et al., 2024; Alsaihati et al., 2021). The reinforcement 

learning techniques are discussed in the following sections. 

i. Q-Learning: A model-free RL algorithm that can help in developing personalized 

medication plans by learning the best actions (e.g., medication adjustments) to 

minimize asthma attacks (Yang et al., 2023). 

ii. Deep Q-Networks (DQN): Combining Q-Learning with deep learning, DQNs can 

handle high-dimensional state spaces, making them suitable for complex decision-

making tasks in asthma management, such as optimizing long-term treatment plans 

based on continuous patient monitoring data (Skolik et al., 2022). 

iii. Policy Gradient Methods: These methods directly optimize the policy (a strategy 

that maps states to actions) to improve patient outcomes. For instance, they can adjust 

treatment protocols dynamically as new patient data is collected, ensuring that the 

management strategy is continuously refined (Viquerat et al., 2023). 

 

 

Figure 3: Various ML Models for Asthma Prediction (Aliyu et al., 2024) 
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These three types of machine learning, as shown in Figure 3: supervised, unsupervised, and 

reinforcement learning, offer diverse approaches to handling and analyzing data. Supervised 

learning is effective for predictive modeling with labeled data, unsupervised learning excels 

in uncovering hidden patterns in unlabeled data, and reinforcement learning provides robust 

decision-making strategies through iterative feedback. Each type has its unique strengths and 

applications, making them valuable tools in the development of advanced, data-driven 

solutions for asthma severity forecasting and treatment optimization. 

 

Applications in Healthcare 

ML has transformative applications in healthcare, offering innovative solutions to a range of 

complex problems. These applications include image analysis, predictive modeling, Natural 

Language Processing (NLP), and clinical decision support. Here’s a detailed look at these 

applications: 

i. Image Analysis: ML algorithms, particularly deep learning techniques like Convolutional 

Neural Networks (CNNs), are extensively used in medical image analysis. These 

algorithms can analyze and interpret complex medical images, aiding in the early detection 

and diagnosis of various diseases. For instance, CNNs have been employed to identify 

tumors in mammograms, detect lung abnormalities in chest X-rays, and diagnose retinal 

diseases from optical coherence tomography (OCT) images. By providing accurate and 

timely analysis, ML helps in early disease detection, which is crucial for successful 

treatment outcomes (Yu et al., 2023). 

ii. Predictive Modelling: Predictive modelling in healthcare involves using ML algorithms 

to analyze historical patient data and predict future health outcomes. These models can 

forecast disease progression, predict the likelihood of hospital admissions, and assess the 

risk of complications. For example, predictive models can analyze Electronic Health 

Records (EHRs) to identify patients at high risk of developing conditions like diabetes or 

heart disease. In the context of asthma, ML models can predict the risk of exacerbations 

based on factors such as medication adherence, environmental exposures, and historical 

health data. This allows for proactive management and personalized care plans to mitigate 

risks (Huang & Wu, 2021). 

iii. Natural Language Processing (NLP): NLP techniques enable the extraction and 

interpretation of information from unstructured clinical texts, such as physician notes, 

discharge summaries, and medical reports. By converting this unstructured data into 

structured formats, NLP facilitates better data analysis and integration. For instance, NLP 

algorithms can identify mentions of symptoms, medications, and diagnoses in clinical 

notes, providing a comprehensive view of a patient’s health status. This capability enhances 

the accuracy of patient records and supports more informed clinical decision-making (Bose 

et al., 2021). 

iv. Clinical Decision Support: Clinical decision support systems (CDSS) leverage ML 

algorithms to provide healthcare professionals with evidence-based recommendations and 
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insights. These systems analyze vast amounts of clinical data to assist in diagnosing 

conditions, selecting appropriate treatments, and predicting patient responses to therapies. 

For example, ML-based CDSS can recommend personalized treatment plans for cancer 

patients by analyzing genetic profiles and treatment histories. In asthma management, 

CDSS can suggest optimal medication adjustments based on real-time monitoring data and 

historical trends, improving patient outcomes and reducing the likelihood of severe 

exacerbations (Antoniadi et al., 2021). 

v. Drug Discovery and Development: ML algorithms play a crucial role in accelerating the 

drug discovery and development process. By analyzing biological data, chemical 

properties, and clinical trial results, ML models can identify potential drug candidates, 

predict their efficacy, and optimize clinical trial designs. This reduces the time and cost 

associated with bringing new drugs to market. For example, ML has been used to discover 

new antibiotics and predict the success of cancer therapies based on genetic markers 

(Antoniadi et al., 2021). 

vi. Personalized Medicine: Personalized medicine involves tailoring medical treatment to 

individual patient characteristics, such as genetic makeup, lifestyle, and environment. ML 

algorithms analyze diverse datasets to identify patterns and correlations that inform 

personalized treatment strategies. For instance, in oncology, ML models can predict how 

patients with specific genetic mutations will respond to different therapies, allowing for 

more effective and targeted treatments. In asthma care, personalized medicine enabled by 

ML can identify the most effective interventions for each patient based on their unique risk 

factors and health history. 

 

The application of machine learning in healthcare encompasses a broad spectrum of 

techniques and technologies that significantly enhance the efficiency, accuracy, and 

personalization of medical care. By leveraging the power of ML, healthcare providers can 

improve diagnostic accuracy, predict patient outcomes, optimize treatment plans, and 

ultimately deliver better patient care. The continuous advancement of ML technologies 

promises even greater innovations and improvements in the healthcare sector. 

 

Machine Learning in Asthma Management 

Recent studies have explored the use of ML to improve asthma management by predicting 

disease progression, identifying exacerbation triggers, and personalizing treatment plans. This 

section reviews key studies in this area, highlighting the methodologies used and their 

findings. 

 

Predicting Asthma Exacerbations 

Several studies have focused on predicting asthma exacerbations using ML models. For 

example, a study by (Zein et al., 2021) used logistic regression and decision trees to predict 

exacerbations based on demographic, clinical, and environmental data. Their model achieved 

an accuracy of 85%, demonstrating the potential of ML in early identification of exacerbation 

risks. 
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Personalized Treatment Plans 

Personalized treatment plans aim to tailor interventions based on individual patient 

characteristics. A study by Lovrić et al. (2021) employed a random forest algorithm to predict 

the optimal medication regimen for asthma patients. Their model considered factors such as 

age, gender, comorbidities, and medication history, resulting in improved symptom control 

and reduced exacerbations compared to standard guidelines. 

 

Integrating Wearable Devices and Mobile Health 

The integration of wearable devices and mobile health (mHealth) technologies with ML 

algorithms has gained attention in recent years. A study Alam et al. (2021) utilized data from 

wearable devices to monitor physical activity, environmental exposure, and physiological 

parameters. They developed an ML model to predict asthma control levels, providing real-

time feedback to patients and healthcare providers. 

 

Review of Related Works 

The utilization of machine learning (ML) techniques in forecasting asthma severity and 

treatment outcomes has seen significant advancements (Bhat et al., 2021). developed an 

asthma risk prediction tool implemented as a mobile-health application leveraging IoT 

resources. They utilized Convolutional Neural Networks (CNNs) to correlate indoor 

particulate matter (PM) and weather data with Peak Expiratory Flow Rates (PEFR), 

classifying asthma risk into three categories. This study demonstrated superior performance 

of the CNN model over other deep neural network techniques, showcasing the potential of 

integrating mobile technology and environmental data for effective asthma management. 

Similarly, Bhat et al. (2021) explored the feasibility of using a Long Short-Term Memory 

(LSTM) model to predict asthma risk in pediatric patients based on PEFR and indoor PM 

concentrations, finding that the LSTM model, which considers cumulative PM effects over 

time, outperformed traditional multinomial logistic regression. 

In another study, Zhang et al., (2021) focused on early detection of severe asthma 

exacerbations using daily monitoring data from the SAKURA study. By analyzing daily peak 

expiratory flow and symptom scores, their logistic regression model, enhanced by principal 

components analysis (PCA), achieved high sensitivity and specificity. This highlights the 

effectiveness of daily self-monitoring data in predicting asthma exacerbations, suggesting that 

timely interventions can improve patient outcomes. In contrast, Castner et al., (2020) 

investigated the use of fitness tracker sleep data to predict asthma-specific night-time 

wakening and daily lung function (FEV1), demonstrating good predictive value and 

illustrating the potential of integrating wearable technology into predictive models for more 

personalized asthma management. 

Tong et al., (2021) evaluated the generalizability of an ML model for predicting asthma 

hospital encounters across different healthcare systems. By examining many candidate 

features, they achieved high accuracy, sensitivity, and specificity, demonstrating the 

adaptability of ML models to diverse patient populations and healthcare settings. This 

emphasizes the potential of ML in identifying high-risk patients and optimizing care 
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management resources. Tibble et al., (2019) and Hussain et al., (2020) leveraged Electronic 

Health Record (EHR) data to predict asthma attacks, with (Tibble et al., 2019). focusing on 

creating a risk score using various ML classifiers on a large dataset from Scottish general 

practices, and Hussain et al., (2020) systematically applying multiple ML techniques on a 

longitudinal primary care database. Both studies underscore the importance of comprehensive 

health data in developing accurate predictive models for asthma. 

Finkelstein and Jeong, (2017) explored the use of telemonitoring data for predicting asthma 

exacerbations in adults, demonstrating that machine learning techniques such as naive 

Bayesian classifiers and SVM could predict exacerbations with high sensitivity and 

specificity. This research highlights the potential of telemonitoring in providing personalized 

decision support for chronic disease management. Nickovic et al., (2023) addressed the 

challenge of predicting Thunderstorm Asthma (TA) by developing a physically based pollen 

model (DREAM-POLL) which accurately predicted TA peaks during historical outbreaks, 

showcasing the utility of environmental modeling in asthma prediction. This underscores the 

need for incorporating environmental factors in predictive models to improve forecasting 

accuracy for asthma severity. 

Finally, Lisspers et al., (2021) discussed the limitations of using historical clinical data alone 

for short-term prediction of asthma exacerbations. They highlighted the need for incorporating 

additional data sources such as environmental triggers and wearable data to improve model 

performance. This research points to the necessity of integrating diverse data sources for more 

accurate predictions. Akbar et al., (2019) compared different ML algorithms for early-stage 

asthma prediction, demonstrating that Naive Bayes achieved the highest accuracy, suggesting 

that feature selection and algorithm choice are crucial for developing effective predictive 

models. Pooja et al., (2023) introduced a Weighted Feature Averaging Technique (WFAT) for 

extracting relevant features for asthma prediction, with their ensemble ML model 

outperforming individual classifiers, achieving high classification accuracy with reduced 

feature sets. This approach underscores the importance of feature selection and ensemble 

methods in enhancing predictive performance. 

Despite these significant advancements, a research gap remains in the integration and 

harmonization of multiple data sources, such as environmental data, wearable technology, and 

electronic health records, into a unified predictive framework. Future research should focus 

on developing comprehensive models that leverage the synergistic potential of these diverse 

data streams to improve the accuracy and reliability of asthma severity and treatment outcome 

predictions. The summary of the related studies are presented in Table 1. 

 

Research Gaps  

Asthma remains a complex and multifactorial chronic condition that continues to pose 

significant management challenges, particularly in pediatric populations. Despite 

advancements in therapeutic strategies and an improved understanding of disease 

mechanisms, predicting asthma severity and treatment outcomes remains elusive (Licari et al., 

2018; Lovrić et al., 2021). The variability in disease manifestation, influenced by genetic, 

environmental, and immunological factors, makes it difficult to establish a one-size-fits-all 
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treatment approach (Do et al., 2019). Consequently, children with asthma often experience 

suboptimal treatment outcomes, leading to frequent exacerbations, hospitalizations, and an 

increased economic burden on healthcare systems. 

Current asthma management largely follows standardized guidelines that, while effective at 

the population level, do not adequately address individual differences Global Initiative for 

Asthma [GINA], (2022). Personalized treatment approaches remain underdeveloped, and 

existing predictive models rely heavily on conventional statistical methods that may not 

capture the complexity of asthma pathophysiology (Yoon et al., 2022). In this regard, ML has 

emerged as a promising tool for improving asthma prognosis by leveraging large datasets to 

identify patterns that traditional models cannot discern. However, research in this domain is 

still in its early stages, with limited studies exploring the integration of ML-driven predictive 

analytics into clinical asthma management (Tsang et al., 2020). 

A significant gap exists in the application of ML to pediatric asthma prognosis. Most studies 

to date have focused on adult populations, overlooking the unique developmental and 

physiological characteristics of children that influence asthma severity and treatment response 

(Tiotiu, 2021). Moreover, many ML-based models rely on single-source data, such as 

electronic health records (EHRs) or pulmonary function tests, without incorporating a holistic 

view of the patient’s condition. The integration of multi-source data—including genetic, 

environmental, and real-time monitoring data—remains an underexplored area that could 

significantly enhance the accuracy of predictive models (Lee et al., 2023). 

Additionally, while wearable sensors and mobile health (mHealth) applications have made 

real-time patient monitoring more feasible, their use in ML-driven asthma prediction has not 

been extensively validated (Sun et al., 2022). These technologies have the potential to provide 

continuous physiological and environmental data, enabling the development of dynamic risk 

prediction models. However, studies assessing the reliability, accuracy, and long-term 

feasibility of these technologies in pediatric asthma management are lacking. Furthermore, 

challenges related to data standardization, interoperability, and patient adherence must be 

addressed before these technologies can be effectively implemented in clinical practice (Arya 

et al., 2023). 

Another critical gap is the ethical and regulatory considerations associated with the use of ML 

in asthma management. While ML models offer improved predictive power, their ‘black box’ 

nature raises concerns about interpretability and clinical decision-making (Aliyu et al., 2024). 

Physicians and healthcare providers may be hesitant to adopt ML-driven recommendations 

without clear explanations of how predictions are derived. Transparent and explainable AI 

models are necessary to foster trust and ensure that ML applications align with evidence-based 

medicine. Additionally, issues related to data privacy, security, and potential algorithmic 

biases must be thoroughly examined to prevent disparities in healthcare access and outcomes 

(Arya et al., 2023) 

Moreover, existing studies on ML in asthma management often lack external validation, 

limiting their generalizability across diverse populations and healthcare settings. Most models 

are trained on datasets from specific geographic locations, leading to potential biases that 

affect their applicability in different demographic groups (Tiotiu, 2021). Addressing these 
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limitations requires collaborative, multi-center studies that incorporate diverse patient 

populations and real-world clinical settings to ensure the robustness and applicability of ML-

driven asthma management strategies (Sun et al., 2022). 

Given these gaps, there is an urgent need for interdisciplinary research that integrates clinical 

expertise, data science, and biomedical engineering to develop comprehensive ML-driven 

prognostic tools for pediatric asthma. This study aims to bridge these gaps by developing 

robust ML models that incorporate multi-source data—including genetic predisposition, 

environmental exposures, and real-time physiological monitoring—to improve the accuracy 

of asthma severity predictions. By tailoring treatment strategies to individual patients, this 

research has the potential to revolutionize pediatric asthma management, enhance clinical 

decision-making, and ultimately improve patient outcomes while reducing the burden on 

healthcare systems. 

 

The Research Approach 

The research approach is experimental and draws on insights from a comprehensive literature 

review, empirical testing, and analysis of publicly available datasets. These components guide 

the design and evaluation of the proposed hybrid model. 

 

Prediction Model 

The trained and optimized model ready to predict outcomes (e.g., patient satisfaction levels). 

This process ensures that the dataset is properly pre-processed, the most relevant features are 

selected, and the model is optimized and validated to deliver reliable predictions as shown in 

Figure 4. The use of a random forest, logistic regression and SVM helps in capturing complex 

patterns and efficiently updating model parameters for better performance. 

 

 

Figure 4: Model Development Model 
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Mode of Data Collection 

This research used secondary mode of data collection. The source of resources includes Online 

Journals, articles, eBooks, electronic health records, public health databases, health surveys, 

environmental monitoring data and online databases. 

 

Data Collection 

The research utilized a dataset focusing on demographic information for individuals with 

asthma. This dataset encompasses diverse asthma symptoms (sore throat, pains, nasal 

congestion, etc.), patient age groups (e.g., Age_0-9, Age_10-19, etc.), gender, asthma severity 

levels (mild, moderate, and none), and concludes by indicating whether the patient has 

received an asthma diagnosis. This dataset has been sourced from Kaggle. 

 

Data Preprocessing 

The data preprocessing for the asthma demographic dataset begins by addressing missing 

values in key variable columns such as symptoms, test scores, and demographics, employing 

removal or imputation where applicable. Subsequently, categorical columns like gender and 

age group undergo encoding into numeric values using techniques such as label encoding or 

one-hot encoding. Following this, normalization and standardization are applied to numerical 

data to ensure uniform scaling for equitable modeling comparisons. 

Given the class imbalance in the historical dataset, particularly the dominance of the 0-9 age 

group, techniques like down sampling will be employed to address this issue. Towards the 

conclusion, a thorough examination of features and targets is conducted, checking for 

statistical differences between the training and test sets, and adjusting as required. Finally, the 

preprocessed dataset is divided into training and validation/test sets, emphasizing the 

maintenance of high data quality and consistency across the splits. Meticulous attention 

throughout this preprocessing phase contributes to enhanced model performance and 

facilitates meaningful analytic conclusions regarding the correlations among symptoms, 

demographics, and the ultimate asthma diagnosis. 

 

Description of the Dataset 

The initial dataset consists of 1,010 entries and 14 columns, capturing a variety of 

demographic, environmental, and behavioral factors related to asthma severity. While the 

sample size is relatively modest for machine learning research, it provides a foundational basis 

for exploratory analysis and model prototyping. The key columns in the dataset are displayed 

in Table 2. 

 

Table 2: Dataset Description 

User№ A numerical identifier for each user. 

UserID Categorical identifier for each user. 

Location Categorical data representing the user's location. 
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User№ A numerical identifier for each user. 

Age Categorical data representing the age of the user. 

Gender Categorical data representing the gender of the user. 

OutdoorJob Categorical data indicating whether the user works outdoors. 

OutdoorActivities Categorical data indicating the user's involvement in outdoor 

activities. 

SmokingHabit Categorical data indicating the user's smoking habits. 

Humidity, Pressure, 

Temperature, 

UVIndex, 

WindSpeed 

Numerical environmental factors. 

ACTScore The Asthma Control Test score, representing asthma severity. 

 

Data Sources and Types of Data Collected 

The dataset was accessed from online source (GitHub) which includes the combination of 

clinical records (e.g., ACTScore, demographic data) and environmental monitoring (e.g., 

Humidity, Temperature). The data types include: 

i. Categorical: UserID, Location, Age, Gender, OutdoorJob, OutdoorActivities, 

SmokingHabit, UVIndex. 

ii. Numerical: UserNo, Humidity, Pressure, Temperature, WindSpeed, ACTScore. 

 

Summary Statistics (e.g., mean, median, mode, standard deviation) for key variables. 

The initial dataset consisted of 1,010 observations across 14 variables, including both 

categorical and numerical data types. The numerical features such as Humidity, Pressure, 

Temperature, WindSpeed, and ACTScore were analyzed to determine central tendencies and 

variability. Summary statistics for these variables are presented in Table 3. The data showed 

a reasonable distribution across most features, with mean values falling within expected ranges 

based on existing literature on asthma and environmental factors. For instance, the mean 

ACTScore, which serves as a proxy for asthma severity, was 16.58, with a standard deviation 

of 4.67, indicating a moderate level of variability in asthma control among the patients. This 

suggests that while many patients had similar levels of asthma severity, there was also a 

significant portion with either better or worse control, reflecting the diverse range of asthma 

experiences in the population studied. 

 

Table 3: Summary statistics of the dataset 

 User №      Humidity      Pressure   Temperature     WindSpeed ACTScore 

Count 1010.00 1010.00 1010.00 1010.00 1010.00 1010.00 

Mean 3.93 81.75 1009.26 27.61 2.37 16.58 

Std 2.542293 13.542801 2.114750 2.915736 1.569837 4.67 
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 User №      Humidity      Pressure   Temperature     WindSpeed ACTScore 

Min 1.000000 40.000000 1003.000000 21.100000 0.00 8.00 

25% 3.00 70.00 1008.00 25.20 1.00 12.25 

50% 3.00 87.00 1009.00 27.50 2.100 17.00 

75% 6.00 93.00 1011.00 30.10 3.30 21.00 

Max 10.00 100.00 1014.00 34.50 6.70 25.00 

 

Data Cleaning Steps 

Before proceeding with model development, the dataset underwent rigorous cleaning to 

address missing values, outliers, and inconsistencies in the categorical data. Missing values 

were identified, with the majority appearing in the environmental variables. These were 

handled using median imputation to preserve the central tendencies of the data without 

introducing bias. Outliers, particularly in the Temperature and ACTScore variables, were 

detected using the Interquartile Range (IQR) method. These outliers were reviewed 

contextually; extreme but clinically plausible values were retained, while erroneous entries 

were adjusted or removed. Categorical data inconsistencies, such as variations in the spelling 

or capitalization of categorical variables (e.g., Gender), were standardized to ensure 

uniformity. 

 

Feature Selection and Engineering 

Feature selection was guided by the relevance of each variable to asthma severity prediction, 

as determined by both domain knowledge and preliminary correlation analyses. 

Environmental variables such as Temperature, Humidity, and WindSpeed were prioritized due 

to their known impact on respiratory conditions. Additionally, feature engineering was 

performed to enhance model performance. For example, a composite environmental index was 

created by combining Temperature, Humidity, and WindSpeed into a single feature, capturing 

their joint influence on asthma outcomes. Categorical variables were encoded using Label 

Encoding to convert them into numerical format, facilitating their integration into machine 

learning models. Irrelevant or redundant features, such as UserID, were excluded from the 

final model input to reduce noise. 

 

Splitting the Data into Training and Testing sets 

To ensure the robustness of the model evaluation, the dataset was split into training and testing 

sets, with 80% of the data allocated to training and 20% to testing. This split was performed 

using a random stratification method to maintain the proportional distribution of the target 

variable (ACTScore) across both sets. The training set was used for model development and 

hyperparameter tuning, while the testing set provided an unbiased evaluation of the model’s 

predictive performance. This approach allowed for assessing how well the model generalizes 

to unseen data, a critical factor in its applicability to real-world scenarios. 
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Logistic Regression for Asthma Severity Prediction 

Logistic Regression is a statistical method used for binary and multiclass classification 

problems. It models the probability of a categorical outcome based on input features. In the 

context of asthma, Logistic Regression can be used to predict the severity level of an asthma 

condition (e.g., mild vs. severe) based on clinical and environmental features such as lung 

function metrics, medication history, air quality, or weather data. 

The algorithm calculates a weighted sum of the input features, applies the sigmoid function, 

and outputs a probability between 0 and 1. If the predicted probability exceeds a threshold 

(commonly 0.5), the instance is classified into one of the severity levels. 

Logistic Regression is favored for its simplicity, interpretability, and efficiency when the 

dataset is linearly separable. It also serves as a strong baseline model when comparing the 

performance of more complex algorithms like Random Forests or Support Vector Machines. 

Below is a simple implementation of Logistic Regression using Python and the scikit-learn 

library: 

 

Logistic Regression Algorithm in Python Appendix  

 

 

Random Forest for Asthma Severity Prediction 

Random Forest is an ensemble learning algorithm that combines multiple decision trees to 

make robust predictions. It works by constructing a “forest” of individual decision trees during 

training and outputting the mode of the classes (classification) or mean prediction 

(regression) of the individual trees. 

In asthma prediction, Random Forest is highly effective because it can: 

i. b non-linear relationships and interactions between features, 

ii. Manage both numerical and categorical data, 

iii. Reduce overfitting through aggregation (bagging), 

iv. Provide feature importance scores, which help identify the most influential variables 

(e.g., air pollutants, symptoms, peak flow values). 
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This makes it particularly useful for complex, multi-dimensional medical data where accuracy 

and robustness are critical. 

Random Forest Algorithm in Python 

 
 

Support Vector Machine (SVM) for Asthma Severity Prediction 

Support Vector Machine (SVM) is a powerful supervised learning algorithm used for 

classification and regression. It works by finding the optimal hyperplane that separates data 

into ;]’’different classes with the maximum margin. SVM is especially useful when dealing 

with high-dimensional datasets and non-linear boundaries through the use of kernel 

functions. 

For asthma severity prediction, SVM is valuable when the relationship between features (like 

symptom frequency, medication usage, or environmental triggers) and severity is complex and 

not linearly separable. With proper preprocessing, SVM can achieve high accuracy and 

generalization performance. 

 

SVM Algorithm in Python 
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Pre-processing Modelling 

Pre-processing is crucial to ensure data quality and improve model performance 

 

Missing Values: Handling missing data using methods such as: 

a. Imputation: Replacing missing values with mean, median, or mode. 

b. Interpolation: Estimating missing values based on other observations 

 

Redundant Data: removing duplicate or highly correlated features to prevent 

multicollinearity which can distort model performance. 

 

Categorical Data: converting categorical variables into numerical values using: 

a. One-hot encoding: Creating binary columns for each category. 

b. Label encoding: Assigning a unique integer to each category 

 

Feature Scaling: Standardizing or normalizing features to ensure they contribute equally to 

the model. Common methods include: 

a. Standardization: Transforming data to have zero mean and unit variance 

using equation 1. 

( )x
z





−
=

                                  (1)
 

where  is the feature value,  is the mean, and  is the standard deviationx    

b. Normalization: Scaling features to a fixed range, usually [0, 1]. 

 

Feature Selection: Identifying the most relevant features using techniques like: 

a. Correlation Matrix: Selecting features with high correlation to the target 

variable. 
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b. Principal Component Analysis (PCA): Reducing dimensionality by 

transforming features into a new set of uncorrelated variables (principal 

components). 

 

Data Splitting 

1. Split Dataset: Dividing the data into training and testing sets to evaluate model 

performance. 

a. Hold-Out Cross Validation: Typically involves splitting the dataset into a 

training set (e.g., 80%) and a test set (e.g., 20%). 

 

Applying Optimized Approach 

1. Features Dataset: The dataset after pre-processing and feature selection, ready for 

model training. 

2. Deep Neural Network (DNN): A type of artificial neural network with multiple 

hidden layers, used for capturing complex patterns in data. The basic components 

include: 

a. Input Layer: Receives the features dataset. 

b. Hidden Layers: Comprises neurons that apply non-linear transformations to 

the inputs. Each neuron computes a weighted sum of inputs and applies an 

activation function (e.g., ReLU, sigmoid). 

c. Output Layer: Produces the final prediction. 

Mathematically,  neuron  in a  as express in equation 2.for j l  

1

1
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n

where ,  is the wes igha t  i  the ctivation from the previous layer  is the bias, 

and  is the activation functio
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i ij ja w b


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3. Adam Optimizer: An optimization algorithm that adjusts the learning rate for each 

parameter, combining the advantages of two other popular methods: AdaGrad and 

RMSProp. The updates are computed as express in equation 3. 
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 is the gradient, m  and v  are estimates of the first and second moments,  and  

are decay rates,  is the learning rate, and  is a small constant

where t t t t tg  

 
 

Experiment Setup 

In setting up an experiment for Machine Learning (ML), the process begins with data 

preprocessing, which includes handling missing values, encoding categorical variables, and 

normalizing or standardizing numerical data to ensure consistency and reliability in the 

dataset. Feature selection is then performed to identify the most relevant features that 

significantly contribute to the prediction of asthma severity and treatment outcomes.  

Next, appropriate ML algorithms such as Decision Trees, Random Forests, SVMs, or Neural 

Networks are selected based on the problem at hand and the nature of the data. The chosen 

ML models are implemented and trained using the preprocessed dataset, involving a division 

of the data into training and validation/test sets and adjustment of model parameters to 

optimize performance. Hyperparameter tuning is carried out to fine-tune parameters such as 

learning rates, tree depths, or regularization parameters, enhancing model accuracy and 

robustness. 

Evaluation of the model's performance is conducted using suitable metrics such as accuracy, 

precision, recall, F1-score, and ROC-AUC, with cross-validation techniques employed to 

ensure the model's generalizability. To ensure interpretability and transparency, tools like 

SHAP (SHapley Additive exPlanations) or LIME (Local Interpretable Model-agnostic 

Explanations) are used to interpret model predictions, and visualization of results is achieved 

through plots generated by libraries such as Matplotlib and Seaborn. 

This comprehensive approach, from data preprocessing to model evaluation, ensures a 

thorough and effective experimental setup aimed at achieving significant results in predicting 

asthma severity and treatment outcomes.  

 

Development Tools 

The following tools were used during the conduct of this research: 

i. Integrated Development Environments (IDEs): Tools such as Jupyter Notebooks 

and Visual Studio Code will be employed for coding, debugging, and interactive data 

analysis. 
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ii. Python Programming Language: Python will be the primary programming language 

due to its extensive libraries and ease of use for machine learning applications. 

iii. Data Preprocessing and Analysis Tools: Libraries such as pandas and NumPy will 

be used for data manipulation, preprocessing, and analysis. 

iv. Machine Learning Libraries: Libraries such as scikit-learn will be used for 

implementing various machine learning algorithms. 

v. Model Development and Training Tools: Keras, a high-level neural networks API 

integrated with TensorFlow, will be used for model development and training. 

vi. Visualization and Interpretability Tools: Matplotlib and Seaborn will be employed 

for visualizing data and model outputs to enhance interpretability. 

vii. Version Control and Collaboration Platform: GitHub will be used for version 

control, collaboration, and managing the codebase efficiently. 

 

Train and Validation 

The data will be split into training and testing sets. For each algorithm, cross-validation will 

be used to build a dataset that tests the model during the training phase. This approach helps 

prevent issues like overfitting and underfitting, ensuring that the model generalizes well to an 

independent dataset. Cross-validation also aids in selecting the model that performs best with 

the omitted data, providing a more robust evaluation of the model's performance. Figure 5 

illustrates the training and validation for this research, highlighting each step in the process. 



52  africascholarpublications@gmail.com                                                                               
 FEBRUARY, 2026 

 

 

Figure 5: Experiment Flowchart 

 

Model Evaluation 

The evaluation of the proposed model will prioritize accuracy, with a strong focus on 

hyperparameter tuning to enhance the predictive capabilities and overall performance of the 

model. Other performance metrics such as precision, recall, F1-score, and ROC-AUC will also 

be considered to provide a comprehensive assessment of the model's effectiveness. 

i. Accuracy (ACC): Accuracy reflects the proportion of correct predictions made by the 

model over the total number of instances. It is particularly useful in balanced datasets. 

In the context of this research, it represents how often the model correctly classifies a 

patient’s asthma severity level whether mild, moderate, or severe as shown in equation 

4. 

 
TP TN

ACC
TP TN FP FN

+
=

+ + +
 (4) 

Where: 

1. TP: True Positives 

2. TN: True Negatives 

Split Data Split Data 
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3. FP: False Positives 

4. FN: False Negatives 

ii. Precision: Precision measures the proportion of true positive predictions among all 

positive predictions made by the model as shown in equation 5. In the context of 

asthma severity prediction, precision answers the question: Of all patients predicted 

to have severe asthma, how many actually do?  

 
TP

Precision
TP FP

=
+

 (5) 

 

High precision is vital to reduce false alarms, ensuring that only relevant high-risk cases 

receive escalated medical attention. 

iii. Recall (Sensitivity): Recall evaluates the proportion of actual positive cases that the 

model correctly identifies. For this study, it indicates the model’s ability to correctly 

detect patients with actual severe asthma. This metric is critical in clinical settings 

where missing a high-severity case (false negative) can lead to delayed treatment and 

increased risk as shown in equation 6. 

 
TP

Rercall
TP FN

=
+

 (6) 

 

Optimizing recall helps fulfill the research aim of creating a sensitive and responsive model 

for asthma severity prediction. 

iv. F1-score: The F1-score is the harmonic mean of precision and recall, providing a 

balanced metric when there is a trade-off between the two as shown in equation 7. It 

is especially useful in cases of class imbalance, which is common in healthcare 

datasets. 

 
 . 

1 2.
Precision Recall

F
Precision Recall

=
+

 (7) 

 

A high F1-score ensures the model performs well not just in detecting severe cases, but also 

in minimizing false alarms, making it more trustworthy for real-world applications. 

v. Area Under the Receiver Operating Characteristic Curve (AUC-ROC): The ROC-

AUC metric is used to evaluate the model's ability to distinguish between different 

classes, for example, differentiating between severe and non-severe asthma. The ROC 

curve plots the true positive rate (TPR) against the false positive rate (FPR) at various 

threshold settings.AUC, or Area Under the Curve, quantifies the overall ability of the 

model to discriminate between classes. A model with an AUC close to 1.0 indicates 

excellent discrimination, whereas an AUC of 0.5 implies random guessing. 

This metric is particularly valuable in medical prediction tasks because it reveals how well the 

model performs across all classification thresholds, supporting its potential use in personalized 

asthma management systems.  
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Results  

This section presents the results obtained from developing and evaluating ML models, 

Decision Tree, Random Forest, and SVM for predicting asthma severity. The results are 

structured into the following: performance metrics, and visualizations that illustrate how the 

models performed. 

 

Model Performance Metrics 

The trained models were evaluated using five key classification metrics: accuracy, precision, 

recall, F1-score, and ROC AUC. These metrics were selected to provide a well-rounded 

assessment of model performance as presented in Table 4. 

 

Table 4: Evaluation of the Model's Performance and Comparison   

Model Accuracy Precision Recall F1-score ROC AUC 

Decision Tree 0.9670 0.9687 0.9670 0.9667 0.9825 

Random Forest 0.9670 0.9680 0.9670 0.9668 0.9831 

SVM 0.9620 0.9636 0.9620 0.9619 0.9764 

These metrics show that all models achieved high accuracy, with Random Forest slightly 

outperforming the others in terms of precision and F1-score. The ROC AUC scores indicate 

that all models have strong discriminative abilities, with Random Forest again showing a slight 

edge. 

 

Visualization of Results 

This section presents visual representations of the model’s performance and the distribution 

of key variables in the dataset. Graphical plots such as confusion matrices, feature importance 

charts, and prediction distributions are used to enhance the interpretability of the results and 

support deeper insights into model behavior. 

i. Confusion Matrices: To assess the classification performance of the proposed 

models, confusion matrices were generated for the Decision Tree, Random Forest and 

SVM. Each matrix illustrates the number of correctly and incorrectly classified 

instances across three target classes (0, 1, and 2). 

i. Figure 6 (Decision Tree) indicates strong predictive performance on the Very poorly 

controlled class, with 74 correct classifications, and good accuracy for the Well-

controlled class (54 correct). The Not well-controlled class shows moderate accuracy 

(29 correct), though several instances were incorrectly classified as Very poorly 

controlled or Well-controlled. The confusion between Not well-controlled and Very 

poorly controlled classes suggests overlapping clinical patterns, but the model 

generally maintains consistent discriminative ability across categories. 

ii. Figure 7 (Random Forest) shows strong performance on the Very poorly controlled 

class, with 83 correct predictions, and solid accuracy on the Well-controlled class (60 

correct). The Not well-controlled class is also reasonably well predicted (38 correct), 
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though some confusion is observed where a few instances were misclassified as Very 

poorly controlled or Well-controlled. The model demonstrates high precision for the 

majority class while maintaining balanced performance across other asthma control 

categories. 

iii. Figure 8 (SVM) demonstrates strong performance on the Very poorly controlled 

class, with 79 correctly classified samples, and good accuracy on the Well-controlled 

class (53 correct predictions). The Not well-controlled class shows reasonable 

detection (35 correct), though some overlap exists with the Very poorly controlled and 

Well-controlled categories. This indicates that while the model effectively 

distinguishes extreme cases of asthma control, moderate cases occasionally overlap, 

reflecting partial ambiguity in classification boundaries. 

 

All models achieve high accuracy on the diagonal, indicating reliable classification. However, 

misclassifications in off-diagonal elements highlight room for improvement in distinguishing 

between similar classes, particularly between class 1 and class 2 

 

 

Figure 6: Correlation matrices for Decision Tree 
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Figure 7: Confusion matrices for Random Forest 

 

 

Figure 8: Correlation matrices for SVM 

 

The confusion matrices provide a detailed comparison of the performance of the three models, 

DT, RF, and SVM. Each matrix visualizes how well the models classify the instances of each 
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asthma control category. The RF model demonstrates the highest accuracy, particularly in 

predicting the very poorly controlled and Well-controlled classes, indicating better 

generalization and stability. The DT model shows moderate performance with some 

misclassifications across overlapping classes, while the SVM model maintains consistent 

accuracy, effectively distinguishing extreme cases but showing minor confusion in borderline 

instances. These results highlight the RF as the most reliable model for early asthma control 

prediction among the three classifiers. 

ii. Feature Importance 

Figure 9 presents the feature importance rankings for the Decision Tree and Random Forest 

models: 

 

Figure 9: Feature importance plots 

The most influential features identified by the models include temperature, windspeed, 

humidity, pressure, and the UV index. These environmental variables were consistently 

ranked highest in terms of their contribution to the model's predictive accuracy, highlighting 

their critical role in determining asthma severity. Demographic and behavioral variables such 

as age, gender, smoking, and outdoor activity contributed less significantly but were retained 

to ensure model completeness. 

 

Discussion of the Results 

This section provides a detailed interpretation of the results presented earlier. It discusses the 

comparative performance of the models, explains the significance of influential features, and 

explores the implications of the learning curves. The goal is to understand not just what the 

results are, but why they matter and how they align with expectations and existing literature. 
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Comparative Performance of Machine Learning Models 

This subsection analyzes the relative performance of the three models, Decision Tree, Random 

Forest, and SVM, based on accuracy, precision, recall, F1-score, and ROC AUC. 

The Random Forest model achieved the highest overall performance among the three, slightly 

surpassing the Decision Tree and SVM in terms of F1-score and ROC AUC. Its ensemble 

structure allowed it to mitigate overfitting and improve generalization by aggregating 

predictions from multiple trees. This robustness likely contributed to its superior classification 

of asthma severity, particularly in borderline cases where individual trees might have erred. 

The Decision Tree model, while highly interpretable, exhibited slightly lower performance. 

This is likely due to its tendency to overfit the training data, as it constructs deep branches 

tailored to specific training examples. While the model performed well on the training set, its 

generalization on unseen data was not as strong as that of the Random Forest. 

The SVM model demonstrated exceptional accuracy and nearly perfect classification in the 

confusion matrix. Its polynomial kernel enabled the model to capture complex, non-linear 

boundaries between classes. However, despite its strong training performance and improved 

cross-validation scores with more data, the model showed signs of initial overfitting—

especially with smaller sample sizes. Its high sensitivity to the quantity and quality of data 

suggests that, while powerful, SVM may require extensive training data to reach optimal 

generalization. 

In summary, while all three models performed well, the Random Forest model provided the 

best balance between accuracy and generalization, making it the most reliable option for this 

task. The SVM model excelled in precision and separation of classes but showed dependency 

on data volume, whereas the Decision Tree was the most interpretable but slightly less robust. 

 

Interpretation of Feature Importance 

This subsection explores the most influential features identified by the models and explains 

their relationship to asthma severity. 

The models, particularly the Random Forest, consistently identified temperature, windspeed, 

humidity, pressure, and the UV index as the most critical predictors of asthma severity. These 

environmental variables significantly impacted model accuracy and reflect well-established 

clinical and epidemiological insights. 

Temperature emerged as the most important factor across both tree-based models. Extreme 

temperatures can influence airway reactivity and trigger inflammation, leading to worsened 

asthma symptoms. Cold air is particularly known to provoke bronchoconstriction, while high 

temperatures may increase ground-level ozone, a known asthma irritant. 

Windspeed plays a complex role by influencing the dispersion of air pollutants and allergens. 

Higher wind speeds can help clear airways of pollutants in some environments, while in others, 

they may increase the circulation of pollen and other allergens. 

Humidity affects the density and quality of inhaled air. High humidity levels may cause 

airways to swell and constrict, while low humidity can dry out respiratory membranes, both 

of which can aggravate asthma. 
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Atmospheric pressure, while moderately ranked, influences respiratory mechanics and 

weather patterns. Sudden changes in pressure can impact lung function and are often correlated 

with asthma flare-ups. 

The UV index, although less influential than temperature or humidity, still contributed to 

model accuracy. Elevated UV exposure is often linked with increased air pollution and 

respiratory distress, particularly in urban areas. 

Demographic and behavioral features such as age, gender, smoking, and outdoor activity were 

found to be of lower importance. While these factors undoubtedly influence asthma risk and 

progression, their lower predictive power in the model suggests that environmental variables 

exert a more direct and measurable impact on short-term asthma severity. 

 

Implications of Learning Curves 

This subsection interprets the learning curves of the Random Forest and SVM models, 

providing insight into the models’ ability to generalize with different dataset sizes. 

The learning curve for the Random Forest model revealed a high training score across all 

training set sizes, with steadily increasing cross-validation scores. This suggests that the model 

fits the training data well but still benefits from additional data, which improves its 

generalization. The consistent gap between training and validation performance indicates mild 

over fitting. Nonetheless, the upward trend in validation performance is promising and 

suggests that further improvements could be achieved with a larger or more diverse dataset. 

The SVM learning curve displayed a more pronounced gap between training and cross-

validation scores at smaller dataset sizes, indicating significant overfitting early on. However, 

as the number of training examples increased, the validation score improved steadily, 

eventually approaching the training score. This trajectory suggests that while SVM may 

require a larger volume of data to generalize effectively, it has the potential to outperform 

simpler models once sufficient data is available. 

Both curves emphasize the importance of data volume in machine learning model 

development. They also highlight that complex models, while powerful, must be carefully 

validated to avoid overfitting, especially in clinical prediction tasks where reliability is critical. 

 

Findings 

This section consolidates the key insights derived from the model evaluations and discussions 

in the previous sections. It outlines the comparative effectiveness of the developed machine 

learning models in predicting asthma severity, highlights their potential clinical utility, and 

critically reflects on the broader implications and limitations of the study. 

 

Predictive Capabilities of the Machine Learning Models 

The developed models, Decision Tree, Random Forest, and SVM, demonstrated high accuracy 

in predicting asthma severity, with each model offering distinct advantages. The Random 

Forest model emerged as the most effective overall, delivering consistent performance across 
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all evaluation metrics and visualizations. Its ensemble nature allowed for improved 

generalization and reduced overfitting, making it well-suited for real-world applications. 

The SVM model achieved the highest accuracy on training data and demonstrated superior 

classification capability as shown in its confusion matrix. However, its initial overfitting and 

reliance on large datasets highlight the need for more training examples to ensure stability and 

generalization. The Decision Tree model, while not as robust as the other two, offered the 

benefit of interpretability. Its performance was strong, but slightly lower due to its 

susceptibility to overfitting when used as a standalone classifier. These results confirm that 

advanced machine learning algorithms can reliably classify asthma severity levels and have 

potential to support timely clinical decision-making. 

 

Alignment with and Divergence from Existing Research 

The results of this study are largely in agreement with prior research, which has emphasized 

the strong predictive value of environmental factors in asthma forecasting. The high 

importance assigned to variables such as temperature, humidity, and wind speed confirms 

existing epidemiological evidence linking atmospheric conditions to respiratory health 

outcomes. 

However, this study also presents an interesting divergence from earlier works that often favor 

ensemble methods like Random Forest due to their robustness. In this case, the SVM model 

showed equally strong, if not superior, performance when provided with sufficient data. This 

finding suggests that SVM may be better suited to specific datasets or conditions, especially 

those involving complex, high-dimensional relationships. The results enrich current literature 

by confirming established insights and introducing new perspectives on model performance 

under different data constraints. 

 

Implications for Clinical Practice 

The findings of this study have several practical implications for healthcare providers and 

asthma management systems: 

Personalized Treatment Planning: Accurate prediction of asthma severity enables clinicians 

to customize treatment plans. High-risk patients can be identified early, allowing for proactive 

adjustments in medication or lifestyle interventions. 

Environmental Monitoring Integration: Since environmental variables proved most 

influential, healthcare systems could integrate real-time environmental data into patient 

management platforms to trigger alerts or decision rules when thresholds for temperature, 

humidity, or wind speed are exceeded. 

Risk Stratification: Machine learning models could be incorporated into digital health tools 

to stratify asthma patients by severity risk. This would optimize the allocation of clinical 

resources, ensuring that more attention is given to patients at risk of severe exacerbations. 

These implications highlight the potential for data-driven decision support systems in 

improving asthma care outcomes. 
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Study Limitations and Considerations 

While the results are promising, certain limitations must be acknowledged, as they impact the 

generalizability and real-world applicability of the models: 

Limited Dataset Size: The dataset used, though comprehensive, may not capture the full 

variability in asthma severity across different populations and regions. Small sample sizes may 

have led to model bias, particularly in minority or underrepresented severity classes. 

Data Availability: The models depend heavily on real-time environmental variables. In many 

clinical settings, such data may not be readily available or may lack the spatial resolution 

necessary for patient-level prediction. 

Model Complexity and Interpretability: While Random Forest and SVM models deliver 

high accuracy, they are less interpretable compared to simpler models like Decision Trees. In 

clinical environments, where transparency and accountability are essential, this lack of 

interpretability may hinder adoption. 

Overfitting Concerns: The SVM model, in particular, showed signs of overfitting with 

smaller training datasets. This limits its effectiveness in scenarios where data availability is 

constrained. 

These limitations emphasize the need for further validation using larger, more diverse datasets 

and possibly hybrid approaches that balance predictive accuracy with interpretability. 

The study demonstrates that machine learning models, especially Random Forest and SVM, 

can accurately predict asthma severity based on environmental, demographic, and behavioral 

data. Environmental variables were the most influential, reinforcing their central role in 

respiratory health forecasting. The findings not only support existing literature but also offer 

fresh insights into the practical deployment of predictive models in healthcare, while 

highlighting areas requiring further exploration and refinement. 

 

Summary 

The analysis revealed significant insights into the performance of different machine learning 

models such as decision trees, random forests, and SVMs in forecasting asthma severity. The 

Random Forest model demonstrated the most balanced performance across all evaluation 

metrics, including accuracy, precision, recall, F1-score, and AUC. Feature importance analysis 

highlighted environmental factors, particularly temperature, wind speed, and humidity, as 

critical determinants in predicting asthma exacerbations. The confusion matrices showed that 

all models performed well in classifying asthma severity levels, with the SVM model 

displaying slightly higher specificity in certain categories. Learning curves for Random Forest 

and SVM illustrated strong training performance, with Random Forest showing excellent 

generalization capabilities as the training set size increased. 

 

Conclusions 

This study successfully developed an enhanced asthma severity prediction model using 

machine learning techniques, particularly the Random Forest (RF) algorithm. The RF model 
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consistently outperformed other classifiers in terms of accuracy, precision, recall, and AUC, 

establishing it as a reliable tool for asthma exacerbation prediction. The analysis confirmed 

the significant influence of environmental and demographic variables—especially 

temperature, humidity, and wind speed—on asthma severity, emphasizing the value of 

incorporating multifactorial data into predictive models. The Random Forest model also 

demonstrated strong generalization and robustness across datasets, with learning curve 

analysis validating its stability across different training sizes. Despite these strengths, 

continuous optimization through regular model updates and hyperparameter tuning remains 

crucial for sustaining performance and adapting to new data patterns. 

 

Recommendations 

Based on the findings, it is recommended that healthcare professionals integrate Random 

Forest-based predictive models into clinical decision-making processes to facilitate early 

detection and personalized management of asthma. To enhance model accuracy, future 

implementations should incorporate additional data sources, including real-time 

environmental indicators such as air quality indices and pollen levels, as well as patient 

lifestyle information. Furthermore, maintaining model relevance will require regular updates 

and retraining using fresh data, given the dynamic nature of both environmental conditions 

and patient health profiles. 

 

Contributions to Knowledge 

This research contributes meaningfully to the field of asthma management and machine 

learning in healthcare by introducing a robust and interpretable Random Forest model for 

asthma severity prediction. It identifies critical environmental and demographic predictors, 

advancing understanding of the multifactorial triggers of asthma exacerbations. The study 

demonstrates the practical potential of integrating machine learning models into clinical 

workflows for real-time decision support. Additionally, it offers a methodological framework 

for evaluating and comparing ML models in medical applications, including the use of 

performance metrics and learning curve analysis. 

 

Suggestions for Further Study 

Future research should explore the application of deep learning models, such as convolutional 

and recurrent neural networks, to enhance predictive accuracy and automate complex feature 

extraction. Investigating hybrid or ensemble approaches may yield more robust and scalable 

solutions. There is also a need to develop highly personalized prediction models that leverage 

physiological and genetic patient data for tailored asthma management. Furthermore, real-

world deployment and validation of these models within clinical environments are essential to 

assess practical utility, user acceptance, and clinical impact. Finally, ethical considerations, 

particularly data privacy and algorithmic fairness, must be rigorously addressed to ensure 

responsible implementation of machine learning in healthcare. 
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