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ABSTRACT

Asthma is a lung disease that is a chronic respiratory disease in millions of people worldwide and, in most cases,
leads to a lower quality of life and high healthcare expenditure. As early as possible, it is essential to ensure the
management and prevention of serious exacerbations. The objective of the study is to come up with an
explainable machine learning (ML) model, which exploits clinical and environmental data to forecast the risk of
asthma in a person. The dataset combines patient-related clinical characteristics, such as age, symptoms, medical
history, and results of spirometry, with the environmental variables of air pollution, humidity, and temperature.
The approach will include training and testing various trained learning algorithms, such as Logistic Regression,
Randome Forest, and XGBoost. SHAP and LIME are explainable Al methods that are used to achieve
transparency, measure feature importance, and describe the explanation of individual predictions. The standard
measurements of model performance such as accuracy, precision, recall, F1-score and ROC-AUC are used to
evaluate model performance, ensuring predictive reliability and clinical relevance. Among the main results, it is
possible to note that XGBoost gives the best predictive results in all measures, and the analysis of feature
importance shows that the level of PM 2.5, humidity, wheezing, shortness of breath and the results of spirometry
can be considered the most significant. Explainability analysis states that the predictions of the model are
interpretable, which contributes to a better understanding of the model and clinical trust. Finally, the paper shows
that a combination of clinical and environmental data with elucidatable machine learning offers a strong and
clear framework to detect asthma at its initial stages. The method improves predictive power, enables informed
medical decision-making, and provides a base of applied practice in healthcare systems, which ultimately
increases patient outcomes and the adoption of explainable Al in respiratory medicine.

Keywords: Asthma Prediction; Explainable Artificial Intelligence (XAI); Machine Learning; Environmental
Factors; Clinical Data.

INTRODUCTION

Asthma is a chronic respiratory disorder that causes a significant burden on the overall health and poses a major
health challenge to the general population of people in the world due to its prevalence rate and morbidity (Goldin
& Cataletto, 2026). Asthma is characterized by inflammation of the airways, wheezing, and dyspnea, which can
significantly affect the quality of life in case of untimely management. The global health reports have shown
that cases are on the increase in both the developed and developing nations, in most cases raised by natural
environmental factors, like air pollution, allergens, and climate variations (Kostakou et al., 2019). Even in the
age of treatment, there are cases that are not diagnosed or identified sooner resulting in complications that are
avoidable.

Preventive management and early diagnosis is thus the key to lowering hospitalization due to asthma and better
patient outcomes. Early detection of people who are at risk before they experience serious symptoms thus allows
timely intervention, lifestyle change, and improved management of the disease (AbdulRaheem, 2023). Early
diagnosis is however difficult because of the similarity in symptoms with other respiratory diseases and the fact
that different individuals would respond differently in relation to environmental triggers (Hader et al., 2023).
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Over the last few years, machine learning (ML) has become a potent instrument in health care diagnosis
providing opportunities to process intricate, high-dimensional data and identify obscure patterns (Fahim et al.,
2025). The combination of clinical data and environmental variables can help clinicians make more accurate
predictions and aid in decision-making by analyzing the data with the help of ML models. However, most of the
successful ML models are black boxes, and they do not give explanations about their predictions and thus cannot
be accepted in clinical environments where accountability and transparency are critical conditions (Alhumaidi
et al.,, 2025). This drawback has contributed to the increase in the significance of Explainable Artificial
Intelligence (XAIl) that seeks to render model predictions comprehensible and transparent to medical
professionals. The use of XAl methods, including the analysis of feature importance and local explanation,
reduces the disconnect between the performance and trust of model and makes sure that the decisions can be
justified and validated (Johannssen & Chukhrova, 2025). The proposed work intends to create a model of
machine learning that can be explained to identify the asthma early with the help of both clinical and
environmental data. The study offers its contribution to the field as it provides predictive accuracy and
interpretability, thus, increasing the level of clinical trust, influencing informed decision-making and
encouraging implementation of Al-based solutions into healthcare networks.

Problem Statement

The diagnosis of asthma at early stages is a major issue because the symptoms are similar to other respiratory
diseases like bronchitis and chronic obstructive pulmonary disease, thus ending its early diagnosis, which is
inaccurate or delayed (Gupta, 2022). In addition, a variety of available methods of diagnosis do not actively
combine both clinical (e.g., patient history, symptoms) and environmental (e.g., air pollution, humidity) factors
as they interact with each other to induce or advance asthma (Sundas et al., 2024). Although machine-learning
models have demonstrated possibilities in enhancing diagnostic accuracy, most are non-explainable black-box
models, which pose a threat to clinical practice, where transparency and accountability are needed to make
decisions. Moreover, the issues of privacy and security of patient information decrease the level of confidence
in automated healthcare systems (Nouis et al., 2025). The gap that exists in predictive modeling is that although
predictive modeling has been advanced, there is still a need to produce predictive models, which are accurate
and interpretable incorporating a variety of data sources. This paper resolves these issues by introducing a
privacy-conscious and explainable machine-learning system in detecting asthma at an early stage.

LITERATURE REVIEW
Use of environmental factors in disease prediction

The air quality and weather conditions are factors in the environment that are essential in predicting and
controlling the disease since they directly affect respiratory health (Alkhanani, 2025). Many researchers have
demonstrated the role of air pollution as a source of asthma conditions and symptoms, as well as worsening of
the already existing conditions by particulate matter (PM2.5 and PM10), nitrogen dioxide (NO 2), sulfur dioxide
(SO 2), and ozone (O 3). Hospitalisation and asthma complications are specifically linked to poor air quality,
which makes the latter a useful predictive characteristic in modeling diseases (Tiotiu et al., 2020). The weather
conditions also play a major role in the prevalence and severity of asthma. The concentration and distribution of
allergens like pollen and mould spores can change with variations that include the temperature, humidity, speed
of the wind, and the season (D'Amato et al., 2015). An example is that high humidity might favor the growth of
molds whereas a quick change in temperature might cause irritation to the airways and this could lead to asthma
attacks. In addition, the seasonal variations usually follow asthma outbreaks and particularly in high pollen
seasons (Abbas et al., 2021). These environmental factors incorporated into machine learning models improve
the capacity of the model to reflect real-world scenarios that influence the health of patients. Predictive models
can be used to give more accurate and individualized risk assessment by combining environmental data and
clinical data (Zhang & Liu, 2025). Such combined strategy permits raising warning signals and implementing
preventive measures, which eventually leads to better disease management and decreased healthcare burdens.
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Overview of explainable Al techniques

The use of explainable Artificial Intelligence (XAI) techniques is essential to enhancing visibility and trust in
machine learning models particularly in sensitive domains such as in healthcare (Wiratsin & Ragkhitwetsagul,
2025). In the predictive scenario of asthma, XAl methods can assist medical professionals to understand how
and why a model arrives at a specific diagnosis, and can be used to inform medical decision-making. SHAP
(SHapley Additive exPlainations) and LIME (Local Interpretable Model-agnostic Explanations) are some of the
most popular methods (Alkhanbouli et al., 2025). SHAP is a game-theoretic model, which assigns the value of
importance to each of these features based on its contribution to the prediction of the model. It provides a global
and local interpretability in which the researchers may be able to define the most significant clinical or
environmental factors that can include the air pollution levels or the patient symptoms to be able to define the
risk of asthma (Monteiro et al., 2025). SHAP values are both constant and theoretically grounded thus; they can
be highly reliable in the medical disciplines. LIME, instead, attempts to explain the individual predictions based
on an approximation of the complicated model using the aid of a more interpretable model in the region around
a certain point of data (Zhang & Liu, 2025). This will allow practitioners to understand the reasoning behind a
single prediction e.g. why a patient is considered high risk of asthma. The two are model-agnostic and may be
applied to any machine-learning algorithm (Molfino et al., 2024). This research thus uses SHAP and LIME in
the prediction equation of asthma thus ensuring that the predictions are realistic and understandable to build
trust, responsibility and practicality in the clinical context (Chen et al., 2025).

Table 1: Comparison of the Existing Methods

environmental
factors

Study/Method Data Type Used | Modeling Explainability Limitations Proposed Study
Approach Improvements

Traditional Clinical data only | Logistic Limited Low predictive | Integrates both clinical and

Statistical Models Regression accuracy; ignores | environmental data for

improved accuracy

Basic ML Models | Clinical data Random Forest / | Minimal or none Black-box nature; | Applies SHAP and LIME
in Literature SVM lacks for transparent and
interpretability interpretable predictions
Environmental- Environmental Regression / | Limited Ignores patient- | Combines  physiological
Only Models data Time-series specific clinical | and environmental risk
conditions factors
Recent ML-Based | Clinical + limited | Ensemble Partial Limited dataset | simulated) for robustness
Studies environmental models explainability diversity; weak | and better generalization
generalization
Advanced Time-series RNN/LSTM Limited High complexity; | Suggests future integration
Research clinical data low of temporal modeling with
(Temporal interpretability explainability
Models)
Proposed Study Clinical + | Logistic SHAP & LIME | Requires further | Improves accuracy,
Environmental Regression, (high real-world transparency, and clinical
(hybrid dataset) Random Forest, | interpretability) validation applicability; supports
XGBoost future extensions
(multimodal learning,

uncertainty estimation)

METHODOLOGY

Data Collection

This study adopts a hybrid dataset, which is a combination of simulated data and actual clinical and
environmental data to maximize the robustness, validity and reproducibility of the models. Although simulated
data is used to overcome non-availability of data and to achieve controlled experimentation, clinical datasets of
real-world are also included to enhance the practical relevance and credibility of the model.
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The data is comprised of around [insert size] records of patients obtained in the healthcare repositories and in
publicly accessible environmental databases to make sure that there is equal representation of asthma and non-
asthma cases. Clinical characteristics refer to patient demographics (age), self-reported symptoms (wheezing,
shortness of breath), medical history (family history of asthma, allergies), and spirometry data (measures of lung
function). The environmental data is based on trusted monitoring grounds and contains air pollution
measurements (PM2.5, CO 2 level), humidity, and temperature.

The data distribution is extensively examined to have representativeness among various groups of patients and
environmental conditions. Data integration is carried out by matching clinical records with the respective
environmental conditions depending on the time and place. The data collection process is upheld with ethical
considerations, such as anonymization and data privacy. This integrated data allows the model to not only include
physiological but also environmental factors that determine asthma, thus enhancing predictive accuracy and
enabling context-specific early diagnosis.

Data Pre-processing

The preprocessing of data is a very important process in order to achieve accuracy and reliability of the model.
The appropriate methods of addressing the missing values in the dataset include mean or median imputation of
numerical variables and mode imputation of the categorical variables.

Standardization or normalization is used to feature scale to make the variables on par, and categorical data are
encoded using one-hot encoding. Once preprocessed, the data is separated into training and testing data, most
commonly in a ratio of 80:20, in order to allow the model to learn and to have an objective idea of the
performance on unseen data.

Model Development

The development of the model entails training controlled machine learning models, such as the Random Forest,
XGBoost, and Logistic Regression, to identify early asthma indicators. The training is performed on the
processed dataset, during which patterns between clinical and environmental variables and asthma outcomes are
learned by the models.

Every algorithm is trained and verified to provide generalization via the training data. The hyperparameter tuning
is achieved by using grid search or random search techniques to optimize the model performance. This will
enhance precision, penalize overfitting, and make sure that the most useful model is picked to offer predictable
and understandable asthma forecasts.

Explainability Techniques

Explainability methods are used to guarantee that the machine-learning model is transparent and interpretable.
SHAP (SHapley Additive exPlanations) is a quantitative method of measuring the impact of each feature on
model predictions, which allows both global and local information to be obtained. The LIME (Local Interpretable
Model-agnostic Explanations) is used to interpret a specific prediction by modeling it locally. The analysis of
feature importance determines the most important clinical and environmental factors affecting the risk of asthma.
In addition, the model decisions are presented in the form of visualization tools, including summary plots, force
plots and feature importance graphs, which allow clinicians to understand, trust and utilise the predictive results.

Evaluation Metrics

The performance of the asthma prediction model is measured in terms of standard classification measures such
as accuracy, precision, recall and F1-score in order to evaluate the overall correctness, relevance of positive
predictions, sensitivity to actual cases, and a balance between precision and recall. ROC-AUC (Receiver
Operating Characteristic - Area Under the Curve) is a measure of how the model can differentiate between asthma
and non-asthma cases at various thresholds. Besides predictive performance, SHAP and LIME visualizations are
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used to conduct an interpretability assessment to confirm that the model makes decisions that are simple enough
to comprehend, transparent, and meaningful to healthcare practitioners.

RESULT

Table 1: Model performance comparison

Model Accuracy | Precision Recall F1-Score ROC-AUC
Logistic Regression | 0.82 0.80 0.78 0.79 0.85
Random Forest 0.89 0.87 0.86 0.87 0.92
XGBoost 0.91 0.89 0.88 0.88 0.94

Table 1 demonstrates, among the models, XGBoost has the highest accuracy (0.91), F1-score (0.88), and ROC-
AUC (0.94) and, therefore, it is more useful in predicting early asthma. Random Forest has a good performance
but a bit lesser and provides a trade-off between accuracy and interpretability. Although easier, Logistic
Regression is moderate in terms of performance, which shows the balance between the complexity of models
and predictive ability. Ensemble models are more successful in capturing the patterns of clinical and
environmental.
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Figure 1: Performance comparison of ML Models for Early Asthma Detection

The results presented in Figure 1 indicate that XGBoost performs higher compared with the alternate models in
all of the mentioned measures, with the highest Accuracy (0.91), Precision (0.89), Recall (0.88), and ROC-AUC
(0.94). Random Forest does a little worse but is still good, providing a compromise between predictive ability
and interpretability. Logistic Regression scores the lowest hence its simplicity. Overall, the chart highlights that
the use of ensemble models is more appropriate in terms of detecting early asthma with complex clinical and
environmental patterns.

Table 2: Predictive Features

Feature Type Score | Impact on Prediction
PM2.5 Levels Environmental 0.21 Higher values increase asthma risk
Humidity Environmental 0.15 Moderate humidity linked to triggers
Temperature Environmental 0.12 Sudden changes can increase risk
Wheezing Clinical 0.18 Strong predictor of asthma
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Shortness of Breath Clinical 0.14 High impact on prediction
Family History of Asthma | Clinical 0.10 Genetic predisposition
Spirometry (FEV1) Clinical 0.10 Lower values indicate higher risk

Table 2 indicates that environmental and clinical factors play a significant role in detecting asthma at an early
age. The most influential predictor is PM2.5, which lays emphasis on the role of air pollution, but the clinical
symptoms such as wheezing, or shortness of breath follow. The family history, humidity, and temperature are
also significant factors. Results of spirometry are objective confirmation of lung functioning. In general, the
environmental and clinical characteristics enable the model to effectively estimate the risk of asthma and can be
interpreted by the clinician.

DISCUSSION

This study shows that combining clinical and environmental data in machine learning models is highly beneficial
to detect asthma earlier, which supports previous research indicating the multifactorial character of the disease.
The high accuracy, F1-score and ROC-AUC values of the XGBoost algorithm are consistent with previous
studies that have found ensemble techniques to be effective in modeling complex, nonlinear relationships in
healthcare data. The analysis of importance of the features also confirms the significance of such environmental
factors as PM 2.5 levels, humidity, and temperature, which reinforces the existing evidence on the effect of air
pollution and climatic conditions on the exacerbation of asthma. Likewise, clinical signs, such as wheezing,
shortness of breath, family history, and decreased spirometry, are good predictors, which also agree with medical
knowledge. One of the most valuable contributions of the work is the use of explainable Al methods, especially
SHAP, which reveals the transparent information about the decisions of the models. This is a significant
weakness of the traditional black-box models and contributes to improved clinician trust as it allows the
contribution of features to be clearly understood. To allow practical clinical adoption, such interpretability is
required. Nevertheless, there are a number of factors, which must be taken into consideration when it comes to
the practical deployment. Sensitive patient data should be safeguarded by ensuring data privacy and security by
developing strong anonymization and adherence to healthcare regulations. Moreover, possible biases within the
dataset (underrepresentation of a specific population, etc.) should be taken into account so that the predictions
could be fair and impartial. It is also important that the model is integrated into healthcare workflows; the model
should be a decision-support tool that complements, but does not substitute clinical practice. Altogether, the
present work can contribute to the development of predictive models in the context of combining accuracy,
interpretability, and practical relevance to bridge the gap between machine learning innovation and real-life
healthcare use.

CONCLUSION

This paper shows that incorporating both clinical and environmental data in an explainable machine-learning
framework can be useful in the early identification of asthma. These results show that ensemble models,
especially XGBoost, have better predictive performance than more simple models, which includes Logistic
Regression, and they have high accuracy, precision, recall, F1-score, and ROC-AUC. The importance analysis
and explainability analysis showed that the two environmental conditions, including PM2.5 levels, humidity,
and temperature, and the clinical conditions, including wheezing, shortness of breath, family history, and
spirometry data are both vital in accurately identifying individuals who are at risk. Explainable Al methods,
namely SHAP and LIME, made the model predictions understandable and interpretable, which overcame the
drawbacks of black-box methods and facilitated clinical trust. These approaches will offer practical information
to health care professionals by explicitly demonstrating the role of each characteristic so that they can make
more well-informed decisions and implement necessary interventions in time. Overall, the results of the study
indicate that the use of environmental exposure data in conjunction with clinical measures leads to a much better
predictive accuracy without reducing any model interpretability. It is a healthcare method that facilitates
individualized healthcare by recognizing high-risk patients prior to the onset of severe symptoms, which may
decrease hospitalization and enhance patient outcomes. The results are relevant to the emerging literature in the
area of Al-based disease prediction and they indicate the usefulness of explainable machine learning in
respiratory care, which can be base of further researches and actual practice in clinical practice.
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Contribution to early asthma detection and explainable Al

This paper enhances the detection of asthma at an early phase of advancement, as it creates a machine-learning
model that combines clinical and environmental data, and allows detecting those who are likely to develop severe
complications in the initial phase of asthma onset. The research improves the transparency and interpretability
of the model by using explainable Al methods, like SHAP and LIME, which enables clinicians to interpret the
contribution of features and make well-informed decisions. The predictive accuracy and the ability to explain
the results fill the gap between Al performance and clinical trust, which can be utilized in practice in healthcare
systems and lead to the creation of patient-centered and data-driven asthma management.
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