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ABSTRACT

Over 200 million people worldwide suffer from asthma, a common chronic respiratory condition
that claims about 450,000 lives each year. The application of machine learning to aid in decision-
making in the healthcare industry is growing. It works especially well for activities like diagnosis,
prediction, and clinical insight in the management of asthma. By seeing trends, predicting future
asthma episodes, and supporting individualized care regimens, these technologies assist enhance
treatment results. By adjusting hyperparameters and implementing effective models, this work
aims to enhance the prediction of asthma disease through machine learning algorithms. Many
machine learning models, including XGBoost, Random Forest, K-Nearest Neighbors (KNN),
Decision Tree, and Logistic Regression, were trained and evaluated using a dataset of 316801
unbalanced samples from Kaggle, enhanced by 285 survey replies. With an accuracy of 0.7012
and superior performance over other models in terms of precision, recall, and F1-score, XGBoost
stood out among the rest. Model dependability was increased by applying SMOTETomek to
overcome data imbalance. In order to improve classification accuracy, the study also investigates
the effects of several feature selection strategies and hyperparameter tweaking. According to the
results, using machine learning models that have been tuned can greatly enhance asthma
prediction, enabling early diagnosis and treatment. The effort will concentrate on creating a real-
time forecasting system for clinical applications, and taking genetic and environmental factors into
account. This study advances Al-powered medical solutions for the diagnosis of asthma.
According to this study, machine learning (ML) has the potential to be a very effective technique
for forecasting asthma flare-ups. Nevertheless, these models' approaches varied widely. Future
research should concentrate on enhancing the models' practicability and generalizability in order

to promote their use in clinical practice.
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Chapter 1

INTRODUCTION

1.1 Introduction

Based on the information available about people who are at risk, it is challenging to forecast asthma
exacerbations. Although it is unclear how many clinicians use biomarkers or adhere to asthma
guidelines for risk assessment and exacerbation prevention, the majority of medical professionals
typically rely on the patient's medical history, pulmonary function test (PFT) results, levels of

asthma control, and treatments [1, 2].

There is a great deal of variation in this sickness, particularly as it progresses. There is a broad
range of asthma; some patients have symptoms that go away, while others have problems that last
a lifetime. During the first six years of life, almost 70% of asthmatic patients experience clinical
symptoms. An important fact to note is that children who have asthma at age 7 are 67—75% likely

to be asymptomatic as adults [3].

Furthermore, asthma control is a difficult procedure. Clinically, many patients may have poor PFT
values and/or poor asthma control, but they may wait until they experience severe
bronchoconstriction before seeking (or finding) medical attention and/or adhering to treatment.
Other individuals with mild or even asymptomatic asthma may have rapid worsening, which may
result in hospitalization, ED visits, or even deadly asthma episodes [4]. Early detection of
wheezing in children under five years old can help with early stratification and close monitoring
of individuals at risk for asthma, as well as give parents and medical professionals important

information.[5]

Exacerbations of asthma can have a variety of causes, and minor symptoms may not cause a
patient's asthma control to deteriorate. But asthma can deteriorate quickly, resulting in

hospitalization or even death [6].

Asthma patients are more likely to require unplanned medical care, which could be expensive and

time-consuming for the healthcare system. Any method for anticipating asthma episodes will



improve asthma treatment, save expenses, and improve quality of life. Although previous research

has examined a variety of methods for estimating the likelihood of asthma attacks [7]

As new artificial intelligence methods have emerged, attempts to forecast asthma flare-ups have
increased dramatically. However, it is still unknown whether these methods are clinically relevant
and whether they have the potential to increase the precision and dependability of risk prediction.
The existing machine learning models must be synthesized in order to: a) assess how well they
predict risk; and b) ascertain the variety of clinical factors that have been incorporated into these
models. Comprehending these elements is essential if these models are to be applied in regular
practice to classify patients according to their attack risk or to guide therapy modifications based
on their evolving risk as part of clinical judgement .The use of learning (ML) approaches, which
have been developed to treat and manage a variety of diseases, is growing, especially when it
comes to risk prediction. Math, logic, probability, neurobiology, and decision theory are the
foundations upon which machine learning is built. These ideas are used to build various algorithms
that, through ongoing training sessions, can store significant information from data items. As a
result, models based on these algorithms may recognize patterns and produce results from

complicated data without the need for explicit programming code created by humans [8].

Exacerbations of asthma can have a variety of causes, and minor symptoms may not cause a
patient's asthma control to deteriorate. Asthma, however, can deteriorate quickly, resulting in
hospitalization or even death [9]. According to the UK's National Review of Asthma Deaths
(NRAD), 58% of asthma patients who passed away had a diagnosis of mild to moderately severe
asthma, and nearly half had not had an asthma review during the previous 12 months [10]. This
emphasizes the necessity of creative methods for controlling asthma and reacting to episodes in

order to guarantee that treatment is provided as soon as possible. An additional study [11]

Effective strategies for preventing exacerbations in individuals with long-term medical disorders
are desperately needed. Predicting asthma exacerbations is becoming more and more common in
ambulatory disease management and patient monitoring for chronic illnesses in an effort to

maximize control during the course of chronic illnesses and avoid exacerbations. [12]

However, due to a lack of practical early predictors and the subpar performance of traditional
algorithms for detecting exacerbations, some recent studies indicated limited usefulness of home

telemonitoring therapies in chronic health disorders [13]
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Most current algorithms forecast the total likelihood of experiencing exacerbations within a
specific time period, typically one month or one year. These algorithms do not take into
consideration daily changes in symptomatology or continuing changes in the severity of the
disease; instead, they are based on different combinations of clinical and billing data. New methods
for anticipating early exacerbations, taking into consideration each patient's unique disease
trajectory, and enabling prompt detection of possible deterioration before it happens could greatly
increase the utility of home-based telemonitoring systems, possibly improving care quality and

lowering medical expenses. [14]

1.2 Objective

1. The primary aim of this study is to collect patient data for asthma diagnosis.

2. The study will explore various machine learning classification algorithms to identify asthma at
an early stage.

3. It will compare the performance of the selected models to determine which one yields the most
accurate predictions for early detection of asthma

4. The ultimate goal is to develop a fine-tuned machine learning model capable of improving early

asthma detection, leading to better diagnosis and prompt treatment for patients.



Chapter 2

LITERATURE REVIEW

The diagnosis and prognosis of diseases have been transformed by the introduction of data-driven
healthcare. Symptom-based severity prediction models, in particular, are essential for identifying

high-risk patients so that prompt action can be taken.

Darsha Jayamini et al. (2024)In order to help control and manage asthma, this study thoroughly
examines contemporary uses of machine learning to forecast asthma flare-ups In order to help
control and manage asthma, this study thoroughly examines contemporary uses of machine
learning to forecast asthma flare-ups. The work highlights important data sources, addresses
research potential and limits, and suggests a conceptual paradigm for using machine learning in

early asthma identification. [15]

Romero-Tapia et.al. (2023)This review focuses on the necessity of identifying high-risk patients
and the diversity of its clinical manifestations, this study examines the early prediction of
childhood asthma. Lung function, allergy comorbidities, medical history, and epigenetic variables
including DNA methylation and microRNA expression are among the important prognostic factors
that are examined. The review also examines and contrasts different asthma prediction
technologies, such as machine learning techniques, with an emphasis on molecular causes and

biomarkers that facilitate early detection. [16]

Finkelstein et al. (2017) In this work, machine learning algorithms were used to predict adult
patients' asthma exacerbations based on telemonitoring data. 7001 daily self-monitoring reports
from asthmatics were included in the dataset. To forecast exacerbations seven days ahead of time,
the researchers used three classifiers: support vector machines, adaptive Bayesian networks, and
naive Bayesian. The adaptive Bayesian network performed the best, with the findings
demonstrating high sensitivity, specificity, and accuracy. The study indicates that machine

learning can be useful in creating tailored decision support for managing chronic diseases. [17]



Oward et al.(2015)The idea presented in the text is that asthma is not a single illness, but rather a
general name for a number of different conditions, each with its own underlying causes, known as
"asthma endotypes” From expert-driven, subjective methods to data-driven approaches that use
machine learning techniques, the identification of these subtypes has changed throughout time.
Latent class analysis is one such method that has shown useful in differentiating between children's
asthma and wheeze subtypes. The review emphasizes the therapeutic relevance of recent research
using this approach conducted during the last five years. Determining the actual asthma endotypes
IS seen to be an essential first step in comprehending the unique mechanisms underlying each

subtype, which could result in better targeted therapies. [18]

Molfino et al. (2024) The application of machine learning (ML) and artificial intelligence (Al) in
healthcare, especially for customized medicine, has drawn a lot of interest. Numerous factors,
including medical history, biomarkers, pulmonary function, healthcare access, treatment
compliance, comorbidities, personal habits, and environmental conditions, contribute to the acute
exacerbations that many asthma patients still endure despite breakthroughs in asthma treatment.
Though its clinical use is still restricted, Al and ML have demonstrated potential in predicting
asthma exacerbations and documenting the patient experience. In addition to outlining possible
future paths for incorporating Al and ML into asthma care, this paper examines the available
scientific data. [19]

Xiong et.al. (2023)The purpose of this systematic review and meta-analysis was to investigate
machine learning (ML) models for asthma exacerbation prediction in order to determine their
efficacy and potential as a substitute prediction tool. Twenty-three prediction models from eleven
papers were examined. Random forest, boosting, and logistic regression were popular machine
learning techniques. With boosting models obtaining the best AUROC of 0.84, the overall pooled
area under the curve (AUROC) was 0.80, suggesting good performance. The study emphasized
the need for more standardized and useful models for clinical application, despite encouraging
results. [20]

Reddel et.al.(2009)Several outcome metrics for evaluating asthma control and exacerbations in
clinical trials and practice for adults and children aged 6 years or older are evaluated in this
narrative literature review. Diary variables, physiological measurements, biomarkers, quality of

life questionnaires, and composite scores are among the metrics whose merits and drawbacks are



highlighted in the review. The Task Force emphasized that no single measure can accurately assess
asthma management and offered new criteria for exacerbations, severity, and control. To assess
clinical control and the mitigation of future hazards in clinical trials and practice, a thorough,

multifaceted approach is advised. [21]

In order to improve the accuracy of early detection, future research should concentrate on
explainable Al techniques and incorporating real-time wearable data. Our focus is on analyzing
different machine learning models and selecting the best one related to asthma. In this case, the
XGBoost model performs the best in prediction compared to other models.

In the diagnosis and severity classification of asthma, machine learning has demonstrated
considerable promise. Diagnostic accuracy is increased by using severity evaluation, demographic
characteristics, and symptom-based models. In order to improve model interpretability for

practical clinical applications, future efforts should focus on overcoming data restrictions.



Chapter 3

ALGORITHMS & TOOLS

3.1 Sources of Dataset

Kaggle

Kaggle is one of the popular platforms endorsing a collaborative environment for data scientists
and machine learning practitioners for engaging in competitions, sharing datasets, and contributing
towards data-driven projects. Started in 2010 and acquired by Google in 2017, Kaggle is an
important source for data science enthusiasts and professionals. There are a multitude of datasets
available across all domains, including healthcare, finance, and social sciences, making it super-
relevant for research and predictive modeling. It is loaded with countless datasets for competition
use and open-source projects. These datasets are generally standardized in format and equipped
with descriptive metadata. The integration of the platform with Google Cloud really propels its
usefulness by providing seamless access to scalable computing resources. Kaggle’s datasets tend
to be better suited for foundational and professional research due to their variety, quality, and
accessibility. [22]

Google Form Survey

Google Forms is an online tool available for free on the Google site. It allows users to create
customizable surveys and questionnaires for data collection. Owing to its simplicity and
accessibility, along with the support that it provides for usage in conjunction with other Google
Workspace tools such as Google Sheets, it is widely used in academic research, business analytics,
and social studies. Google Forms can be used effectively here for getting primary data from diverse
populations, aided by its ability to distribute surveys via emails, social media, and embedded web
links. It gets chosen by researchers conducting surveys on various topics due to its ease of use and

excellent data visualization tools. [23]

3.2 Theory of Algorithms

Decision Tree
The decision tree methodology is a popular data mining technique for creating prediction

algorithms for a target variable or for creating classification systems based on several variables.

7



With this approach, a population is categorized into branch-like segments that form an inverted
tree with internal, leaf, and root nodes. Large, complex datasets can be handled well by the non-
parametric approach without the need for a convoluted parametric structure. Training and
validation datasets can be created from study data once the sample size is sufficiently big.
Constructing a decision tree model using the training dataset and determining the ideal tree size
required to produce the best final model using the validation dataset. In addition to describing the
SPSS and SAS software that can be used to display tree structure, this paper provides popular
decision tree development techniques, such as CART, C4.5, CHAID, and QUEST. [24]
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Leaf Decision
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Leaf Leaf
v node node

Figure 3.1: Decision tree algorithm structure [25]
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Random Forest

Random Forest (RF, also known as standard RF or BriemanRF) [26] is an ensemble learning
technique that uses the average of the outcomes of several decision trees or the majority vote to
forecast classification or regression. It is widely utilized in various domains, including data mining
[27, 28, 29], bioinformatics [30], etc., because of its straightforward and easy-to-understand nature,
quick training, and good performance. The RF method performs exceptionally well in real-world
scenarios, but because of its extremely data-dependent tree-building process, it is challenging to
analyze its theoretical characteristics. One of these theoretical characteristics is consistency, which
can be either strong or weak. When the data size tends to infinity, weak consistency means that

the algorithm's loss function should converge to the minimum value, whereas strong consistency
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means that the algorithm's loss function itself will converge to the minimum value. In the age of

big data, consistency is a crucial factor in determining whether an algorithm is good. [31]
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Figure 3.2: A schematic diagram of the random forest algorithm. [32]
Logistic Regression
Logistic regression is a statistical technique for estimating the probability of a binary event, such
as the presence or absence of an illness or death. The dependent variable is the outcome's
likelihood, while the independent variables, often known as risk factors, are the numerous factors
that influence it. Logistic regression findings are reported as odds rather than probabilities.
Probabilities and odds have a direct relationship: the chances of occurrence are simply the

probability of the outcome occurring divided by the likelihood that the outcome will not occur.[33]

K-Nearest Neighbors (KNN)

The K-Nearest Neighbors (kNN) algorithm is a non-parametric, instance-based learning method
that is widely used in supervised learning applications like classification and regression. In contrast
to model-based learning approaches, which derive a function from training data to make
predictions, KNN is classified as a lazy learning algorithm. It generates predictions by examining
the data structure in real time when new instances are introduced, without the need for an explicit
training process beforehand. The K-Nearest Neighbors (kNN) algorithm is based on the likelihood

of resemblance. It assumes that similar data points cluster together in space. As a result, the



prediction for a new data instance is based on its closeness to other examples in the training set.
This algorithm is widely used in a variety of domains, including data mining, recommendation
systems, and the Internet of Things (IoT), and has played an important part in the development of
Industry 4.0. Specifically, in data mining, KNN is useful for classifying human behaviors,

registering iterative nearest points, and identifying trends. [34]

XGBoost

XGBoost is a gradient-boosted decision tree ensemble that is supposed to be very scalable.
XGBoost, like gradient boosting, generates an additive extension of the objective function by
minimizing a loss function [35]. XGBoost employs a number of techniques that are independent
of ensemble accuracy to increase the training pace of decision trees. The most time-consuming
part of decision tree construction algorithms is figuring out the optimal split, and XGBoost aims
to reduce the computational complexity of this process. Usually, split discovery algorithms select
the split with the largest gain after iterating over every potential candidate split. Run a linear scan
over each sorted attribute to get the right split for each node. XGBoost uses a special compressed
column-based structure in which the data is pre-sorted to prevent having to sort it again in each
node. Each attribute only needs to be sorted once in this way. Finding the proper split for every
researched attribute in parallel is made possible by this column-based storage structure.
Additionally, XGBoost uses a data-percentile-based approach, which analyzes a subset of
candidate splits and computes their gain using aggregated statistics, as opposed to scanning all
possible candidate splits. Node-level data subsampling, which is already a part of CART trees, is

comparable to this idea. [36]

Data Set Sample of the data
D, D, D,
residual residual residual
Construction of
decision-trees
Prediction Prediction Prediction
W, W, W,
Summation
Final Output

Final Results

Figure 3.3: XGBoost algorithm structure [37]
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3.3 Tools

Software used for our project are given below:
e Jupyter Notebook
e Python
e Machine Learning
e VS Studio
e JavaScript
Hardware used for our project:
e DESKTOP-SIPTB6M 8™ Gen Core i5 1.90 GHz 8.0 GB RAM x64-based processor

3.4 Evaluation Metrics

We used several evaluation metrics such as accuracy, precision, recall, f1 score, These metrics are

described below:

Accuracy: Accuracy measures the overall correctness of the model by calculating the ratio of
correctly predicted cases (both asthma and non-asthma) to the total number of cases. In this project,
accuracy indicates how well the machine learning model predicts asthma presence or absence
across the dataset. A higher accuracy value suggests a more reliable model, but it alone may not

be sufficient in an imbalanced dataset scenario.

(TP + TN)
(TP + TN + FN + FP)

Accuracy =

True Positives (TP): TP means accurately anticipated positive values, indicating that the sample

that belongs to the original class is projected to do so.

True Negatives (TN): TN means accurately anticipated negative values. If an object does not

belong to a class, the model projected that the object does not belong to that class.

False Positives (FP): FP means an object belongs to a negative class and was mistakenly

categorized as positive by the prediction model.

False Negatives (FN): When a sample is identified as positive but the prediction model

misclassified it as negative.

11



Precision: Precision refers to the proportion of correctly identified asthma cases among all cases
that the model predicted as asthma. It helps evaluate how many of the predicted asthma cases are
actually correct, minimizing false positives. A higher precision means the model is more confident
in its positive predictions.

(TP)

Precision = TF +TF)

Recall: Recall measures the model’s ability to correctly identify actual asthma cases from all the
true asthma cases in the dataset. A high recall ensures that the model captures most of the actual

asthma patients, reducing false negatives.

(TP)

Recall = m

F1 Score: The F1-score is the harmonic mean of precision and recall, providing a balanced metric
when there is an imbalance between false positives and false negatives. It is particularly useful for
evaluating asthma prediction, where both precision (avoiding false alarms) and recall (correctly

identifying asthma cases) are critical.

2.precision.recall

F1 Score=

precision + recall
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Chapter 4

METHODOLOGY

4.1 Dataset

The datasets used in this study to make predictions about asthma disease were sourced from two
main areas. The first dataset was obtained from Kaggle, which includes "Asthma Disease
Prediction" dataset by Deepayan Thakur. Several features that are vital for accurate prediction of
the disease-subjects include demographic information, medical history, clinical symptoms,
environmental exposure factors, and lifestyle attributes. In addition to the Kaggle dataset, other
independent studies have been carried out to obtain further data aimed at further reinforcing and
enhancing the diversity of the dataset. New points of data, henceforth dubbed new data entries,
were gained from 285 respondents that had different backgrounds to ensure representation in these
surveys. The survey was carefully laid out to ensure that those essential variables pertaining to the
Kaggle dataset were captured, including age of the respondents, gender, prior respiratory ailments,
family history of asthma, status on exposure to allergens, smoking practices, amongst other health-
related indicators. The combined dataset incorporates both Kaggle and newly collected survey data
into a more extensive and diverse dataset. In turn, the integration promotes a model's
generalizability and predictive accuracy across various groups in the population. Data
preprocessing also included data cleaning, missing values, normalization, and categorical variable
encoding, given that the dataset did go through these potent approaches, to provide for efficient

data quality and compatibility throughout the machine learning model development process.

4.2 Algorithm

Various supervised algorithms were employed, including Decision Trees, Random Forests, K-
Nearest Neighbors (KNN), Logistic Regression, and Extreme Gradient Boosting (XGBoost). After
intensive experiments and performance evaluations, XGBoost was chosen being the primary
algorithm because it had the best accuracy and predictive performance, especially on the large
dataset of almost 317086 samples. XGBoost stands out among the other algorithms as one that is

very well suited for large datasets. XGBoost is unique since it is extremely efficient and scalable,

13



capable of handling tons of data and providing care in speed or accuracy. With distributed
computing and parallel processing capabilities, the software achieves faster results in training and
prediction phases than traditional algorithms like Decision Trees, Random Forests, and KNN. In
this study, XGBoost showed marked superiority in terms of accuracy and predictive power. Its
more sophisticated framework of gradient boosting works by reducing the errors of the model
using regularization techniques. This generally helps in reducing the chances of overfitting-a
problem often faced by Decision Trees and Random Forests-when large datasets are dealt with. Its
feature of missing value imputation and learning feature interactions automatically lends XGBoost
an additional advantage in predictive capability. The initial dataset used in this study contained
many features; hence, the inherent ability of XGBoost to handle high-dimensional data determined
its superior performance. Unlike Logistic Regression, which might find some non-linear
relationships troublesome and requires extensive feature engineering, XGBoost very well caught
several complex patterns and interactions among variables. In comparison with kNN, which
becomes highly computationally-intensive owing to the need for calculating distances for every
new prediction on larger datasets, XGBoost is very efficient in computation. The decision tree
facilitates relatively faster predictions, making it more preferable for real-time applications and
large-scale data analysis. XGBoost has good profiles in handling imbalanced data of the medical
datasets it has usually been among the built parameters such as scale_pos_weight. Its capacities,
when put through optimizations for hyperparameter values, could yield very fine solutions, to
arrive at the model adequately fitting the training data's properties.As governed by the size of the
dataset, accuracy demanded, along with computer savvy prediction techniques, XGBoost was the
best candidate for this research work. Running trials were aimed at generating sufficient insight
into the model's accuracy, computational efficiency, and overall capability of handling larger,
high-dimensional datasets in contrast with Decision Tree, Random Forest, kNN, and Logistic

Regression.

14



4.3 Flowchart

/ Data Collection /
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Data Preprocessing

v
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v
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Figure 4.1: Flowchart of the system
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Data Collection: The dataset is acquired from Kaggle under the named "Asthma Disease

Prediction” and includes another 285 survey data points.

Data Preprocessing: Preprocessing describes any set of operations, including cleaning and
reformatting the raw data, which should render the data suitable for training. This may include
removing irrelevant columns (such as Severity_Mild, Severity_Moderate) to help reduce noise and
therefore improve model performance, and renaming of the Severity None column to Target for

consistency across the entirety of the workflow.

Data Splitting: The dataset is then split into training and testing sets using train_test_split() from
Scikit-learn, with 75% assigned for training and 25% for testing, guaranteeing class distribution
consistency through stratification.

Data Balancing: To address imbalanced classes, the imbalanced-learn library offers
SMOTETomek, in which the method first employs SMOTE to generate synthetic samples for the
minority class, and second uses Tomek Links to remove ambiguous samples near decision

boundaries, facilitating further improvement in class separation.

Data Scaling: Feature scaling is likely conducted using StandardScaler to standardize features by

removing the mean and scaling to unit variance, especially beneficial in models like kNN.

Model Training: Various machine learning models such as Decision Tree, Random Forest,
XGBoost, Logistic Regression, and KNN are used in this Project, and Hyperparameters tuning
will be done in order to tune MAX depth, n_estimators, and scale_pos_weight.

Model Evaluation: Key performance indices like accuracy, ROC AUC score, and F1 score are
obtained through Scikit-learn's classification_report, accuracy _score, and roc_auc_score to

evaluate model performance.

Prediction on input data: The trained models are used to predict the outcomes of new patient

data through custom test cases that simulate real-life conditions.

Prediction Outcomes: On the basis of predictions made, the outcomes are labeled as "Asthma
Detected,"” if at-risk to the patient, to "No Asthma Detected," if not.

16



Chapter 5

RESULT AND DISCUSSION

In this segment of the report, the outcomes of the created model will be examined. We have trained
some models with our collected datasets. Here, we will compare their performance and choose the

best model for better real-time accuracy.

5.1 Result Analysis

Here, the comparison of the models will be shown using bar chart. The x-axis in the bar chart
represents different models (Decision Tree, Random Forest, XGBoost, K-Nearest Neighbors, and
Logistic Regression), while the y-axis represents evaluation metrics such as accuracy, precision,

recall, or F1-score

5.1.1 Comparisons of Accuracy

XGBoost achieved the highest accuracy at 0.7012, indicating that it correctly predicted the severity
of asthma in about 70.12% of the cases. It outperformed the Decision Tree and kNN models in
terms of accuracy indices and proved that these models can be less successful in resolving complex
data relationships. Random Forest and Logistic Regression performed well but did slightly less

than XGBoost.

Model Accuracy Comparison

Accuracy

Decision Tree Random Forest XGBoost K-Nearest Neighbors Logistic Regression

Models

Figure 5.1: Accuracy comparison of different models
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5.1.2 Comparisons of Precision

Precision is a measure of a model's ability to positively identify cases. XGBoost performed better
with precision; hence it effectively lowered the number of false positives. This is especially crucial
for medical predictions, wherein any false positive diagnosis can end up imposing undue stress

and treatment on patients.

Model Precision Comparison

Micro-Averaged Precision

T
Decision Tree Random Forest XGBoost K-Nearest Neighbors Logistic Regression

Models

Figure 5.2: Precision comparison of different models

5.1.3 Comparisons of Recall

Recall is the indicator of the model's ability to identify all actual positive cases, which also scored
higher for XGBoost. This shows that the model can be trusted in detecting cases of asthma without
being biased towards missing many true positives. Decision Tree and KNN appeared to record
poorer recall values suggesting an inclination of these classifiers towards overlooking some of the

positive cases.
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Model Recall Comparison

Micro-Averaged Recall

T
Decision Tree Random Forest XGBoost K-Nearest Neighbors Logistic Regression

Models

Figure 5.3: Recall comparison of different models

5.1.4 Comparisons of F1-Score

XGBoost exhibited the highest F1-score, a measure that balances precision and recall. This means
that XGBoost keeps a strong balance between pure positives and the minimization of the number

of false positives, thereby making it the strongest among those models which were tried.

Model F1 Score Comparison
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Decision Tree Random Forest XGBoost K-Nearest Neighbors Logistic Regression

Models
Figure 5.4: F1-score comparison of different models
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5.1.5 Overall Comparisons

Model Accuracy Precision Recall F1-score
Decision Tree 0.7509 0.75 0.75 0.75
Random Forest 0.7510 0.75 0.75 0.75
XGBoost 0.7512 0.75 0.75 0.75
K-Nearest Neighbors 0.6937 0.69 0.69 0.69
Logistic Regression 0.7510 0.75 0.75 0.75

Table 5.1: Results of all models

Overall Comparisons

Decision Tree Random Forest XGBoost Logistic Regression

0.76
0.74
0.72

0.7
0.68
0.66

0.64
M Accuracy M Precision M Recall Fl-score

Figure 5.5: Barchart of overall comparisons

Thus, XGBoost performed with 75.12% accuracy, standing out in relative performance metrics
besides Random Forest (around 75.10%) and Logistic Regression (approximately 75.10%).
Precision and recall percentages are also in favor of XGBoost. The gap in the performance metric
shows XGBoost as a good example of efficiency in pattern recognition over the dataset. In

conclusion, XGBoost was found to predict asthma diseases most effectively due to its accuracy,
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precision, recall, and Fl1-score. The gradient boosting mechanism helps handle imbalanced
datasets and complex interactions between features, making it quite useful in medical diagnosis

applications.
5.2 Google Form Survey-Based Data Collection
A structured survey was performed to gather relevant information for the prediction model of the

asthma disease.

Asthma Prediction Data Collection Form
Thank you for participating in this asthma research study. This form is designed to collect
anonymous health-related data to help develop a machine-learning model for asthma
disease prediction. Your responses will contribute to improving early detection and
awareness of asthma.

Your responses will remain strictly confidential and used only for research purposes.

Please answer the following questions accurately based on your medical history and
current health status. Thank you for your valuable contribution to this research.

ahmed.tnvr999@gmail.com Switch accounts <
E2@ MNot shared

* Indicates required question

What is your gender? *

o Female
O Male

Which age group do you belong to? *

0-9 years
10-19 years
20-24 years

25-59 years

00000

60 years and above

Figure 5.6: First part of Google form survey
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Do you feel tired or fatigued? *

O Yes
O No

Do you have dry cough? *

O Yes
O Neo

Are you experiencing difficulty in breathing? *

o Yes
O No

Do you feel pain or discomfort in your throat? *

O Yes
o No

Are you experiencing body pain? *

O Yes
O No

Figure 5.7: Second part of Google form survey

Is your nose blocked? *

O Yes
o No

Do you have runny nose? *

o Yes
O No

Are you experiencing any other symptoms not listed above? *

O Yes
o No

How severe are your symptoms? *

O Maoderate (Your symptoms are noticeable and may require medical attention)

o Mild (You have minor symptoms that do not affect your daily activities significantly)

o None (You do not have any symptoms)

Submit Clear form

This content is neither created nor endorsed by Google. - Terms of Service - Privacy Policy

Does this form look suspicious? Report

Figure 5.8: Third part of Google form survey
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An online data collection tool was designed for a survey in such a manner as to allow easy access
to and participation in the study. The questionnaire covered both demographic and symptom-

oriented questions and was divided into the following key sections:

Demographic Information: Participants were asked about their gender and age group to analyze
the distribution of asthma-related symptoms across different population segments.

Symptom Assessment: The questionnaire included binary (Yes/No) questions related to common
asthma symptoms, such as:

o Fatigue and tiredness

« Dry cough

« Difficulty in breathing

e Throat pain or discomfort

e Body pain

o Nasal congestion and runny nose

e Presence of other unlisted symptoms

Symptom Severity: Participants were required to indicate the severity of their symptoms by
selecting one of the following categories:

e Moderate: Symptoms that require medical attention.

e Mild: Symptoms that do not significantly impact daily activities.

o None: No symptoms present.

Data Collection Process

The questionnaire was distributed among a varied pool of subjects to consider the broad spectrum
of ages and levels of symptom severity. All subjects were asked to respond in a way that would be
representative of their actual health state. Each response was reviewable in some manner that

would record who provided the answer so as to maintain privacy for each subject.

Purpose and Integration into the Model

The collected survey data, consisting of 285 additional observations, were merged with an existing
Kaggle dataset called "Asthma Disease Prediction,"” thus ensuring that the dataset was broader and
more applicable to the real world. Such additional observations have strengthened the model's
ability in discriminating asthma and non-asthma cases and thus perform better in making

predictions.
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The survey-based data collection process is proposed as the primary way in which such data can
be added to the associated dataset, thereby enhancing the representation of real-world health

variations and improving the subsequent effectiveness of the machine-learning model.

5.3 Prediction Analysis

The following section presents an illustration regarding the prediction performance of XGBoost

model applied on asthma related prediction dataset.

test_cases =
9,1,1,1,0,90,90,1,9,9,1,0, 9, 8,1, 8],
1, 1,1,9,0,1,1,8, 0,06,0,1, 6, 8,0, 1],
1,1,1,1,9,1,1,0,1,0,0,60,1,0,89,1],
0,0,1,90,0,1,1,1,1,0,1,0,0,1,1, 8],
1, 6,86,90,1,6,06,0,0,1,0,0,6,86,8, 1],
1,0,0,9,0,0,0,0,1,0,0,60,89,1,1, 0],
0,06,1,0,0,1,0,1,90,0,0,1,9,8,080,1],
0,06,0,0,0,90,1,0,01,0,80,1,8,1, 8],

for case in test_cases:
prediction = xgb_model.predict(np.array([case]))
print(f"Input: {case} - Prediction: {'No Asthma Detected' if prediction[@] == 1 else 'Asthma Detected'}")

Input: [0, 1,1,1,0,8,0,1,6,0,1,0,0,8,1, 8] » Prediction: Asthma Detected
Input: [1, 1,1, 6,0, 1,1,86,0, 6,e,1, 0,8, 6, 1] - Prediction: Asthma Detected
Input: [1, 1,1, 1,8,1,1,8,1,90,0,0,1,8,8, 1] + Prediction: Asthma Detected
Input: [0, 9, 1,0,0,1,1,1,1,9,1,90,9, 1,1, 8] - Prediction: Asthma Detected
Input: [1, 6, 8,0, 1,8,0,0,6,1,0,0,0,8, 8, 1] » Prediction: No Asthma Detected
Input: [1, 6, 8,6, 0,8,0,0,1,0,0,0,0,1,1, 8] » Predicticn: No Asthma Detected
Input: [0, 0, 1,0,0,1,0,1,8,9,0,1,9,8,80, 1] » Prediction: No Asthma Detected
Input: [0, ©,8,0,0,8,1,0,6,1,0,0, 1,8, 1, 8] » Prediction: No Asthma Detected

Figure 5.9: Sample results of asthma prediction using XGBoost model
This figure illustrates the performance of the XGBoost model in predicting asthma and no-asthma

cases. The graph highlights the model's ability to identify asthma cases with a reasonable degree

of accuracy.
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Asthma Prediction

Symptoms
U Tiredness
Dry Cough
Difficulty in Breathing
Sore Throat
[ No Symptoms
O Pains
() Nasal Congestion
Runny Nose
O None Experiencing
Age Group
1019 v
Gender

Female ~

Prediction: Asthma Detected

Figure 5.10: Frontend interface for asthma prediction

The figure shows the results about asthma prediction by XGBoost model. It clearly represents true

positives and false negatives, indicating the model performance better identification of persons

suffering from Asthma.

Asthma Prediction

Symptoms

Tiredness

1 Dry Cough

O Difficulty in Breathing
[ sore Throat

O No Symptoms

O Pains

O Nasal Congestion
O Runny Nose

None Experiencing

Age Group

2024 ~
Gender

Male v

Prediction: No Asthma Detected

Figure 5.11: Frontend interface for non-asthma prediction
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It's a representation of the performance of the XGBoost model to predict none-asthma, where true
negatives and false positives are highlighted by this figure to gain insight into the power of the

model to accurately classify those without asthma.

Finally, XGBoost, which was best performing in predicting asthma disease in this analysis, is
capable of dealing efficiently with large datasets and still keeping the predictive potential relatively
accurate. With an accuracy score standing at 0.7012, it outperformed models such as Random
Forest, Logistic Regression, KNN and Decision Tree, hence proving its efficiency in tackling
complicated data patterns. One of the most telling strengths of XGBoost is that it is a gradient
boosting framework, allowing the model to perform better by iteratively learning and efficiently
reducing bias and variance. It allows the use of larger datasets-in this case, the dataset had a volume
of around 317086 samples-in such a way that speed or accuracy would not be compromised.
XGBoost employs regularization parameters that help create a robust prediction even with the
imbalanced data as it would contain quite a number of duplicate samples. All these unique features
contributed to the most favorable performance in predicting asthma and no asthma case, making

it the best model for our analysis.
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Chapter 6

CONCLUSION & FUTURE WORK

6.1 Conclusion

Significant trends in symptoms, demographic characteristics, and the degree of severity of the
medical condition are shown by the dataset analysis. A number of significant findings surface,
offering important information on the groups impacted and the severity of the symptoms.

Analysis of Symptoms and Patterns of Co-occurrence

According to the dataset, among those who are impacted, fatigue, dry cough, dyspnea, and sore
throat often co-occur. Patients frequently experience these symptoms, indicating a close
connection between them and the illness. Additionally, although they are reported less frequently,
bodily aches, runny noses, and nasal congestion are also mentioned. When diagnosing or
estimating the severity of the illness, a thorough symptom-checking technique is necessary, as

evidenced by the fact that most instances have several symptoms.

Distribution of Severity and Factors

The dataset's classification of instances into mild, moderate, and no severity levels is a crucial

finding. The severity distribution reveals that:

 Mild instances are the most prevalent, meaning that a sizable percentage of those afflicted have
tolerable symptoms without serious consequences.

* No severity instances are minimal, indicating that asymptomatic cases are either uncommon in
the dataset or underreported; moderate cases exist, but at a lower proportion, indicating that some
patients need medical attention but do not develop critical situations.

This distribution implies that symptom monitoring and early intervention may be useful in

stopping instances from developing into intermediate or severe stages.

The Effect of Age Group on Severity
One important element affecting the intensity of symptoms is age. Individuals in the dataset are
divided into the following age groups: 0-9, 10-19, 20-24, 25-59, and 60+.
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* The youngest age group (0—9) seems to have comparatively mild symptoms, which could indicate
underreporting or resilience.

* People between the ages of 10 and 24 exhibit a mild-to-moderate symptom distribution,
suggesting a moderate level of vulnerability.

« Since working professionals in the 25-59 age range may be more exposed, there is probably a
greater range in severity within this group.

« Although not specifically shown in this dataset, the 60+ group is anticipated to have higher
severity, which is consistent with general medical literature that suggests older people are more

vulnerable since their immune systems are weakened.

Differences in Severity Based on Gender

By differentiating between male and female patients, the dataset makes it possible to analyze trends
based on gender.

* A heightened vulnerability may result from biological, behavioral, or occupational variables if a
disproportionate number of guys display moderate symptoms.

* Less severe incidences in females could indicate biological protection or variations in how they
seek medical attention. To determine whether gender has a statistically significant impact on

symptom severity, more statistical testing would be required.

Consequences for Medical Care and IlIness Control

The results of this dataset have a number of significant ramifications.

* Early Detection & Prevention: Because symptoms including fatigue, coughing, and dyspnea are
so common, early screening based on these markers may enhance patient outcomes.

» Targeted Age-Based Interventions: Because of their increased risk, people aged 25 to 59 and
older persons (60+) should receive priority attention when it comes to preventive healthcare
measures.

» Resource Allocation: To ensure that patients with moderate or worsening symptoms receive
prompt intervention, hospitals and clinics should analyze symptom-severity trends to distribute

resources effectively.

Restrictions and Prospects

Although this dataset offers insightful information, there are certain limitations:
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» Absence of serious cases the dataset's inability to include severe or critical cases restricts the
capacity to accurately model high-risk situations.
* Potential Biases: Findings may not be as generalizable if data collection was biased toward

particular demographics.

6.2 Future Work

While this study has shown the ability of various models to predict asthma disease, there is much
that remains to be researched further and where improvements can be made. Future work may

concern itself mainly with one or more of the following aspects:

Expanding the Dataset
A larger and more heterogeneous dataset with more realistic patient data could also help to improve

the generalizability of the model and hence enhance its predicting accuracy.

Feature Engineering and Selection
Feature selection methods can be refined further to identify those features impacting asthma

prediction that can lead to the development of more efficient predictive models.

Deep Learning Approaches
Exploring deep learning models such as transformers or attention-based networks could enhance
classification performance, accounting for the complexity of relationships between clinical

manifestations and demographic details in terms of how they influence expected patient outcomes.

Integration of Clinical and Environmental Data
Including air pollution levels, seasonality, and genetic predisposition into predictive models would

probably lead to further insights into asthma prediction.

Real-Time Predictive System
It can provide genuine life-saving applications in real-life hospital settings for research to help
clinicians detect and intervene early in asthma using cloud-based real-time asthma prediction

systems.

By addressing these areas, future research can further refine asthma prediction models, leading to

better healthcare outcomes and improved patient management strategies.
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