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Introduction: Asthma is a respiratory disease, the severity of which is affected
by air pollutants and environmental factors. Predicting asthma severity can
help in disease monitoring and control. The objective of this research is to
develop a model for predicting the severity of asthma based on environmental
and demographical factors using machine learning.

Materials and methods: Data was obtained from different districts in
Uttarakhand, India, from government sources. Asthma severity was the
output feature or dependent feature, while the input features or independent
features were air pollutants such as Particulate Matters (PM,,, PM ),
Nitrogen dioxide (NOz), Sulfur dioxide (SO2), Ozone (Os), Carbon monoxide
(CO), environmental factors (temperature, humidity, wind speed) and socio-
economic factors (age, gender) in addition to a pollution index. Logistic
Regression, Random Forest and XGBoost machine learning models were
used for multi-class classification. The metrics for model performance were
accuracy, precision, recall and F1-score.

Results: Logistic Regression had the highest accuracy (98%) compared to
Random Forest and XGBoost (both 89%). It had goo) with an F1-score of
0.00 (support=1).

Conclusion: Our findings show the potential of machine learning models,
especially class performance with F1-scores of 0.99 (class 0) and 0.96 (class
1). But all models could not predict the minority class (class 2). Logistic
Regression, to predict asthma severity from environmental data. But it has
limitations due to the exclusion of various factors like smoking, obesity,
genetics, previous asthma, and medication.
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Introduction

Asthma, a chronic respiratory condition, is still
a major global health issue, affecting millions of
individuals and imposing a huge health burden
worldwide [1]. Air pollution, for instance, has
been studied exhaustively on its relationship
with asthma incidence and severity, for it is
among the most influential factors outside the
body affecting this illness. Particulate matter
(PM, . and PM, ), NO2, SO, CO, and Os are all
associated with the worsening of asthma [2-8].
Studies have shown that these pollutants lead
to airway inflammation and hyperresponsivity
to develop symptoms that include wheezing,
coughing and shortness of breath [9-15].
These pollutants are mainly from automobiles,
emissions from industries and garbage dumps,
and thus, asthma is common in urban and
industrialized regions with dumping sights [16].
Apart from air pollution, other environmental
conditions, including temperature, humidity and
wind speed, have been known to affect asthmatic
conditions' triggering and severity. For instance,
high temperatures raise respiratory distress
while high humidity fosters mould growth; dust
mites and other allergens which are associated
to asthma. The same applies to wind speed that
also helps in spreading airborne allergens and
pollution, worsening asthma situation in the
affected regions. Because asthma is a multifaceted
condition, environmental factors present known
potential to raise the rates of attacks [17-18].
Information and communication technology
GIS/RS was found to be suitable in providing
a geographic approach to asthma distribution
and environmental connection in public health
research [19]. Using GIS, the investigator is
capable of studying spatial distribution of asthma
occurrence and identifying high-risk zones and
finding environmental quality factors associated
with those zones. On this basis, making use of
health data combined with pollution and climate

data GIS can mark out asthma-susceptible
areas and furnish appropriate information to
care providers and legal authorities. RS assists
GIS by offering holdings on spatially, large,
satellite-derived data on air quality, vegetation,
temperature, and other such factors which can
be used to measure the effects made over time
with references to asthma. Advanced analysis has
made drastic changes in risk measures of Asthma
using ML since they deal with sizeable data work
and establish unproportional relations between
environmental characteristics and Asthma
occurrence. Other techniques like RF, xgBoost,
Bagging, AdaBoost and Stacking techniques
have been found useful in asthma related studies
because of their high performance and collection
of huge amounts of data in environmental health
studies [19]. These algorithms can be used to
analyze virtually all types of data with respect
to asthma risk factors including air parameters,
meteorological characteristics, and demographic
data such as age and gender, which may not
be identified using more traditional analytical
techniques. This makes the application of the
GIS and ML-based techniques quite special,
especially for asthma risk prediction as it
obtains or produces a perfect spatial ratio that
can distinguish risky areas and forecast future
asthma risky zones. Using air quality index,
temperature, humidity and other meteorological
factors, these models can predict the incidence of
asthma. Moreover, it can also consider temporal
dependencies as the time-lag effect of pollutant
exposure on asthma exacerbations [20]. This
skill is essential to help identify looming asthma
threats to healthcare practitioners and public
health agencies, so action can be taken. Many
researchers have established the possibility of
applying machine learning in asthma-related
research. For example, linear regression models,
RF, and LASSO were employed to measure each
of the pollutants’ contribution to asthma hospital
visits while using Bayesian models in mapping
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the distribution of asthma about environmental
risk factors [21]. Research done on a cross-section
of cities, starting from New York to Karachi, also
identified strong positive associations between
the prevalence of asthma and PM, . levels, while
GIS analysis was employed to establish spatial
patterns [22]. This paper[23] looked at the role
of exposure to air pollution in the prevalence of
asthma in adulthood. It was a cross-sectional study
between November 2015 and February 2016 with
a population of 3,172 persons aged 2044 years
in Tehran, Iran. Face-to-face interviews using a
standardized European Community Respiratory
Health Survey (ECRHS) questionnaire were used
in collecting data on asthma prevalence. Data on
the concentration of air pollutants throughout
Tehran was acquired at the Air Quality Control
Company (AQCC), and the individual exposure
levels were estimated using the GIS-based spatial
analysis.To test the hypothesis of the relationship
between asthma symptoms and air pollution,
the crude and adjusted logistic regression were
performed, and the results were expressed in
terms of Odds Ratios (OR) and Confidence
Intervals (CI). The results showed that prevalence
of asthma in adults in Tehran was 11.73% which
is greater than the national prevalence rate of
8.9%. Even though the prevalence rate of asthma
among the males (6.43%) seemed to be higher
than among the females (5.26%), the difference
was not statistically significant (P = 0.29).The
aim of the study[24] was to determine the effect
of air pollution and environmental noise on the
incidence of asthma in children in Tehran, Iran.
A standardized questionnaire was used to collect
the data; either by parents of children aged 67
years or by adolescents aged 1314 years. It was
found that the prevalence of asthma was 8.8%
among children aged 67 and 17.44% among
children aged 1314. It was found that there is a
strong positive relationship between the exposure
to certain pollutants and the symptoms associated
with asthma. As an example, the association

between the higher levels of Carbon monoxide
(CO) and the ever wheezing in adolescents (1314
years old) was significant (OR = 1.84; 95% CI:
1.053.25). Increased frequency of wheezing
attacks (4 to 12 episodes) was linked to sulfur
dioxide (SO2) (OR = 1.39; 95% CI: 1.04-1.91)
and fine particulate matter (PM2.s) concentrations
(OR=1.38; 95% CI: 1.05-1.98 for ages 67, and
OR = 1.13; 95% CI: 0.98-1.39 for ages 13—-14).
Also, the presence of sleep disturbances at least
once a week in younger children (67 years) were
significantly associated with the level of Nitrogen
dioxide (NO,). The research found that there is
a huge interaction between environmental noise
and PM, levels, which means that the combined
exposure to both factors increases the symptoms
ofasthma. In general, the findings indicate that not
only air pollution but also noise are contributing
to the further increase in the prevalence of asthma
in children in Tehran, and that the combination
of the two is further worsening the situation.
Subsequently, environmental pollution and noise
containment are crucial actions that would ensure
the minimization of the symptoms of asthma.
This work has found that asthma can be managed
differently using machine learning algorithms
and geographical analysis as the world becomes
more urbanized and industrialized leading to
high pollution levels in different regions [25].
In other words, GIS, RS, and machine learning
provide a holistic model of asthma's spatial and
environmental aspects [26]. These technologies
can affect the planning of the cities, provide
information for health treatments, and, in the long
run, assist in decreasing morbidity and mortality
rates of asthma by predicting and explaining
the environmental factors of the disease [27].
With developments in real-time data and model
predictions, this merged approach can open
new avenues to more preventive asthma care
management with critical relevance for global
health, especially in asthmatic susceptible cities
[28-29].
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Geographic Information Systems (GIS) have
been widely used to map spatial patterns of
asthma and its link to environmental factors
in recent studies. Novel research in Israel
combined spatial databases with childhood
asthma occurrences, and determined air pollution
and vegetation as crucial factors. Other GIS-
aided research in New York City and Karachi
also indicated strong positive links between
asthma and air pollution, specifically PM, ; but
also negative links with vegetation. Succeeding
studies validated that pollutants like PM and CO,
are reliable input features of asthma occurrence,
and mapping techniques have been successful
in mapping high-risk areas and urban hotspots.
Public health related studies also confirm strong
relationships between indoor and outdoor air
pollution and asthma. The pollutants PM, , PM
NO:, SO: and Os, especially those associated
with the vehicle emissions, have been found
to raise asthma risk in various age groups.
Chronic exposure, especially in early life, mostly
increases the risk. Residential pollutants such as
solid fuel burning and passive smoking also play
a vital role. Additionally, latest studies on genetic
factors and gene-environment interactions
suggest that people have different levels of
vulnerability to asthma stimulated by pollution,
based on their biological attributes. Geographic
Information System (GIS) methodologies are
useful for mapping spatial patterns and location
at risk, but are not significantly predictive. On
the other hand, machine learning models, mainly
ensemble models like Random Forest, have been
shown to address complex relationships between
environmental and demographic factors. Such
models have shown great capability in predicting
environmental patterns and can be applied to
asthma. But there is a need for more hybrid
prediction models that include air pollutants,
environmental and demographic variables to
improved predictive asthma severity, which this
study focuses. This study develops a new data-

driven model for asthma severity prediction that
,$PM, ,NOz2, SO,
0s, CO), environmental conditions (temperature,
humidity, wind speed) and individual features
(age and sex).

This research enhances upon preceding works
that have mainly specific on GIS-based
spatial assessment and/or asthma intensity,

include air pollutant levels (PM

by Emphasizing multi-class asthma severity
prediction via machine learning. This Approach
Investigates and Differentiate various models
such as Logistic Regression, Random Forest and
XGBoost to interpret the relationships between
environmental features and asthma intensity.
The initial purpose of this study is to create and
examine machine learning models for estimation
of asthma intensity levels using environmental
and demographic features. Our analytical
outcomes indicate that Logistic Regression is
the best implementing model with an accuracy
of 98% (Random Forest and XGBoost 89%).
Moreover, correlation analysis presents a
strong link between pollution index and asthma
intensity, recommend the role of the environment
in the advancement of asthma. The effect of this
research is that it can support validation-based
decision-making in healthcare, enabling early
diagnosis of at-risk groups and novel techniques
toward asthma handling. The implementation
of a predictive model based on environmental
data helps to improve public health monitoring
in areas with pollution. But limitation such as
class Disproportion and lack of evaluation of
confounding variables (e.g., smoking, obesity)
point to future research directions.

Materials and methods

The research was carried out in the state of
Uttarakhand in India covering various districts
that represented urban, semi-urban and rural
regions. It combines environmental and

demographic information in order to predict the
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risk of asthma. Air quality data were acquired via
the Uttarakhand Pollution Control Board, which
includes major pollutants such as PM, ,, PM1.0,
SO,,CO,NO, and O, inaddition to meteorological
parameters such as temperature, humidity and the
speed of wind. These measurements were taken
at hourly and daily intervals and summarized
to make analysis. The demographic data were
obtained in the form of census and public
health records, which included demographic
information such as age and gender. The data set
is representative of district level spatial coverage,
and reflects seasonal changes. Understanding of
environmental exposure patterns was achieved
by using descriptive statistics like mean, range,
and variability of pollutant concentrations. On
the whole, this combined data can be a good
starting point to create machine learning models
to determine the risky areas and populations at
risk of asthma.

Data set description

For our research on asthma prediction, we
have gathered extensive environmental and
demographic data from numerous government
sources across multiple districts in Uttarakhand.
Fig. 1 describes the daily average levels of air

pollutants including PM,, PM, , SOz, CO, Os,
and NO: and some meteorological conditions
with examined threshold levels for respiratory
health such as temperature, humidity, and wind
speed. Furthermore, information including age
and gender was collected to enable a low risk
assessment of asthma in the community. Data
regarding air quality and other environmental
variables were collected from the Uttarakhand
Pollution Control Board along with the required
meteorological departments. These agencies
provided the hourly and daily favoured
measurements to enable comparison of fluctuating
pollutant and weather variations over the time and
across the seasons. The contingency of age and
gender distributions was obtained from public
health records coupled with census data to match
these factors with health parameters pertaining to
asthma cases. By constructing a rich dataset, we
were able to provide the groundwork for machine
learning model training and validation, with
the goal of predicting asthma susceptibility in
a variety of environments. The precision of this
data, together with its large district-level coverage
across Uttarakhand, improves the reliability and
application of our findings in identifying asthma-

prone locations and populations.

PM25  PM10  NO2 S02 03 €O Temperature Humidity s‘:m Age Gender N"I'f;‘:: Asthma  Severity
0 81162623 71837220 29.862040 54143537 90079423 3996992 25930278 23.103956 28810717 41 Male 55.180306 0 0
1 190.635718 171732265 28462986 63937830 122760526 4787013 6895454 34941802 27491320 65 Female 97.052723 0 1
2 149078849 264424834 91.094185 20786964 116422530 8560019 34895783 86499664 3830168 38  Male 108394564 1 1
3 123745112 225022968 28706889 50365054 31545987 3466043 24524650 81341469 36902896 74 Female 77.142009 0 0
4 39643542 245837121 30835224 46167933 30894926 8709532 6288155 48051415 22738888 21  Male 67.014713 0 0

Fig. 1. Data set description

http://japh.tums.ac.ir



188 P. Kotlia, et al. Empowering data analysis and ...

Machine learning algorythms

Machine learning methods for asthma prediction
employ statistical and computational tools
to examine complicated data sets containing
environmental and demographic elements that
influence asthma risk. In our research we have
used 3 algorithms -

Logistic regression- Logistic regression is a
type of statistical technique used in machine
learning to predict one of two possible outcomes
(e.g., "yes" or "no," "disease" or "no disease").
Logistic regression, unlike linear regression,
predicts probabilities rather than continuous
values. It applies the logistic function, often
known as the sigmoid function, to map
predictions to a probability scale ranging from
0 to 1. The model assigns the outcome to one
of two categories based on a predetermined
threshold (often 0.5). Logistic regression
identifies the best-fitting line (or decision
boundary) that separates the data points of the
two classes by estimating coefficients for each
feature in the dataset, making it frequently
used in applications such as medical diagnosis,
spam detection, and credit scoring [30-35].
Random Forest: Random Forest is an extension
of the bagging model of ensemble learning
systems that uses multiple decision trees in
order to make better predictions on the results.
They are all trained on a random sample of
the data and make an independent prediction
on the test data. In the case of classification,
the Random Forest algorithm arrives at an
aggregate conclusion by casting the votes
and choosing the most common [36-39]. For
regression problem it simply calculates average
of all trees prediction. The influence of a least
squares method is that it results in overfitting
because each tree is trained to different sections
of the data set, gather various pattern while
cutting out outlier. As said earlier, Random

Forest is widely used for disease prediction
such as Asthma because of its ability to work
well even when dealing with large data set and
also because variation is reduced.

XGBoost: XGBoost or Extreme Gradient
Boosting is the state-of-the-art machine learning
algorithm from the gradient boosting family.
This ensures that it supports high, light and
fast model creating and is perfect for modeling
tasks such as classification and regression [40-
46]. XGBoost builds decision trees in teams in
a sequent manner, which in turns tries to correct
the errors of the previous tree. It also uses
this repeated approach to develop an ability
that helps it identify complex patterns within
the data. Regularization techniques is used to
curb overfitting, which boosts the algorithms
ability to generalize. The speed with which
XGBoost deals with very large data sets and
its integrated cross validation have made it
very popular in data science competitions and
practical data analysis especially where the
problem involves predicting outcomes given
several characteristics of the data [47-48].

Proposed methodology

The primary purpose of this study is to assess
asthma risk using various ensemble learning
The with
collecting air quality and demographic data,

algorithms. technique begins
which is then preprocessed to remove any
attributes with missing values, errors, noise, or
discrepancies. To construct a classifier model
and evaluate its performance, we divide the
improved dataset into two parts: a training set
and a test set. Ensemble learning techniques
are applied to improve asthma prediction
accuracy by revealing underlying patterns in
the data. The findings are then analyzed. Figure
1 displays the research framework, methods

for forecasting asthma risk, and the method's
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step-by-step procedure. Because the data came
from various sources, the primary goal was to
organize it in a way that could be analyzed with
Python. This section concisely summarizes the
steps outlined in the technique [49-53].
Preprocessing- Data Preprocessing scans the
data for non-numeric values as well as the
unknown values and negated that there were
no abnormalities in the asthma data set. For
example, any missing variable can be replaced
with mean value. Standard normalization of
the data can be done using standard normal
equations [54-58]. This data was then pre-
processed and cut into training and testing
datasets.

Construct the prediction model - Section 3.2
described the Ensemble Learning prediction
models, which used data from the previous
stage. Ensemble learning models were used to
predict asthma risk, accounting for PM, _, PM,,
NOs2, SOz, Os, CO, temperature, humidity, wind
speed, age, and gender [59-64].

Assessment of the prediction model: The
expected outcomes from the preceding phase
were compared to real asthma incidence
data.
was assessed using several metrics, including

The predictive model's performance

precision, recall, Fl-score, support, and
accuracy [65-66].

The accuracy and efficiency of the proposed
machine learning models were measured using
standard classification metrics, including
accuracy, precision, recall, and F1-score. The
input data was divided into training and testing
sets using a hold-out validation technique to
assess model generalization. Each model—
Logistic Regression, Random Forest, and
XGBoost—was trained on the training set and
evaluated on the unobserved test data.

The final assessment of models was based

initially on accuracy, supported by class-wise

precision, recall, and F1-score to ensure stable
assessment across different severity classes.
highest
overall accuracy of 98%, while Random Forest

Logistic Regression achieved the

and XGBoost achieved 89%. However, class-
wise assessment showed that all models failed
to predict the minority class due to severe class
instability, which affects the reliability of the
assessment.

The pair plot evaluation was conducted and
demonstratedinFig.2toexaminethedistribution
and pairwise associations of air quality features
across distinct severity levels. The diagonal
show that
pollutant features such as PM

maximum
. PM,, NO,
SO, and Os have significant overlap among

concentration plots

severity classes, shows that their individual
distributions are not appropriately separated
to independently classify severity levels.
Correspondingly, the off-diagonal scatter plots
explain weak or complex relationships among
major feature pairs, with data points from
different classes showing highly combined and
lacking clear separation margins. These results
suggest that the dataset is irregularly separable
and that individual features possess limited
selective ability. Hence, severity prediction is
likely dependent on the consolidated effect and
interaction of different features rather than any
single pollutant measure, Validating the need
for multivariate and complex machine learning
models for impactful classification.
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Fig. 3 demonstrates the correlation matrix
explains the relationships between different air
pollutants, environmental features, asthma, and
severity levels. A strong positive correlation is
monitored between Pollution Index and Severity
(r=0.80), implying that overall pollution feature
is the most impactful factor in evaluating
severity. Among individual pollutants, PM
(r=0.61) and PM, , (r = 0.39) show moderate to
strong relationship with severity, followed by
05 (r=0.31), recommending their considerable
contribution to unfavorable outcomes. In
contrast, variables such as CO, temperature,
humidity, wind speed, age, and gender exhibit

negligible correlations (r = 0), show limited
direct influence. Moreover, asthma shows a
moderate correlation with severity (r =0.40)
and with Pollution Index (r=0.53), indicating
that individuals with asthma are more likely to
face higher severity under elevated pollution
vulnerability. It is important to differentiate
that asthma is a input features, whereas severity
denotes the output features indicating the
intensity of health impact. Overall, the analysis
emphasis that pollution-related features,
usually composite indices and particulate
matter, perform a leading role in severity
prediction.

http://japh.tums.ac.ir



Journal of Air Pollution and Health (Spring 2026); 11(2):183-200

191

Correlation Heatmap
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Fig. 3. Correlation matrix illustrating the relationships between air pollutants, environmental factors, health
indicators (asthma), and severity levels

Fig. 4 consists of three graphs of different air
pollutant characteristics (PM, ., PM,;, NO,, SO,,
etc). These plots are used in EDA to visualize
the mean, median, mode, standard deviation,
normality and data spread. Here's a breakdown
of the graphs:

Density plot with histogram (Leftmost column)
— This indicates the density of each feature. The
horizontal bar (blue bars) shows the distribution
of the data in the form of frequency. The density
curve shown by the blue line smooths it by giving
the points' density. The value obtained shows
where the distribution lies, if it is normal (close
to zero), positively skewed (>) or negatively
skewed (<). Example: The results show that
PM, . has a skewness of 0.04, which suggests
that the data is normally distributed.

Boxplot (Middle column) displays data
distribution, including the median, the range of
values, and other observations of data outside
the range of interquartile range limits. The box

represents the interquartile range, the difference
between the first quartile, Q1 and the third
quartile, or Q3. The one drawn in the line in
the box is the median. Outliers have data points
beyond 1.5xIQR; whiskers extend to show
them. Any point outside this range is regarded as
an outlier. Example: A few more features could
be identified as having outliers, but none of the
selected features seem to exhibit these strongly.
Probability Plot (Q-Q Plot) (Rightmost
column) Checks if the feature follows a normal
distribution. The x-axis represents theoretical
quantiles from a normal distribution, while the
y-axis represents observed quantiles. Points
falling close to the red diagonal line indicate
normality.

We also observe reasonably low skewness for
all the features, suggesting that the features are
symmetrically distributed. No feature has it
shown that is particularly above or below the
mean or significantly spiked.
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Fig. 4. Continued

Results and discussion

In the above section, Figs. 1-4 illustrate descriptive
statistics, data visualization, and correlation. The
following step includes a detailed data analysis of
how air pollution and environmental factors affect
asthma. We used Jupyter Notebook to develop
Machine Learning models. The data set is separated
into training and testing segments using a 0.7
split factor. 70% of the data is required for model
training, with the remaining 30% for testing. We
created the model using logistic regression, random
forest, and XGBoost machine learning approaches.
Random Forest and XGBoost obtained 89% and
89% accuracy, respectively, whereas Logistic
Regression achieved 98% accuracy on our dataset.
Figs. 5, 6, and 7 show the confusion matrix and
the classification reports for Logistic Regression,
Random Forest and XGBoost, respectively.

The confusion matrix examines the model's

performance across asthma severity classes,

highlighting areas with accurate and inaccurate
predictions. The categorization report assesses
the model's accuracy, recall, and F1 scores at
each level of severity. The linear regression,
Random Forest, and XGBoost models are all
excellent at predicting asthma risk based on
air pollutants and environmental factors, with
linear regression performing particularly well.
The slight discrepancy in accuracy between the
three models reveals variances in their predictive
capabilities, which can be investigated further via
feature significance analysis and hyperparameter
adjustment. The successful application of machine
learning algorithms for asthma risk prediction
has far-reaching consequences for healthcare and
policy. Accurately predicting asthma risk from
pollutants (PM, ,, PM,;, NO2, SO, Os, CO) and
environmental factors (temperature, humidity, wind
speed) allows health agencies and policymakers to
improve preventative measures, allocate resources
efficiently, and reduce health risks from air pollution.
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Logistic Regression Classification Report:

precision  recall fl-score support

0 0.99 0.98 0.99 202

1 0.95 0.98 0.96 97

2 0.00 0.00 0.00 1

accuracy 0.98 300
macro avg 0.65 0.65 0.65 300
weighted avg 0.97 0.98 0.98 300

True label

Confusion Matrix - Logistic Regression

4 0
2 405 0
0 il 0
0 1. 2

Predicted label

Fig. 5. Classification report and confusion matrix of logistic regression

Random Forest Classification Report:
recall fl-score support

precision
0 0.92 0.92 0.92
1 0.82 0.82 0.82
2 0.00 0.00 0.00
accuracy 0.89
macro avg 0.58 0.58 0.58
weighted avg 0.88 0.89 0.89

202
97
1

300
300
300

Confusion Matrix - Random Forest

(0] 186 16 o]
K]
=
2 17 80 o
g
=
2 0 ) 0
0 1 2

Predicted label

Fig. 6. Classification report and confusion matrix of random forest

XGBoost Classification Report:

precision  recall fl-score support

0 0.93 0.92 0.92 202

1 0.82 0.86 0.84 97

2 0.00 0.00 0.00 1

accuracy 0.89 300
macro avg 0.58 0.59 0.59 300
weighted avg 0.89 0.89 0.89 300

True label

Confusion Matrix - XGBoost

17 0
14 83 )
) 1 )
0 1 2

Predicted label

Fig. 7. Classification report and confusion matrix of XGBoost
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Our data set has three different target classes.
Table 1 describes the comparison of Logistic
Regression, Random Forest and XGBoost.

As for the results produced by the models

Logistic

Regression

Random

Forest

XGBoost

class

class

class

developed in this work, Graphs of bars and line
plots have been used as the Python visualization
technique required to analyze trends in data

pertaining to investigations of Asthma and factors

Table 1. Comparison of proposed models

Precision Recall
0.99 0.98
0.95 0.98
0.00 0.00

ACCURACY-98%

Precision Recall
0.92 0.92
0.82 0.82
0.00 0.00

ACCURACY- 89%

Precision Recall
0.93 0.92
0.82 0.86
0.00 0.00

ACCURACY- 89%

in air quality and the environment.

F1-score Support
0.99 202
0.96 97
0.00 1

F1-score Support
0.92 202
0.82 97
0.00 1

F1-score Support
0.92 202
0.84 97
0.00 1
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0 Accuracy Comparison of Machine Learning Models Accuracy Comparison of Machine Learning Models
i 1.04 098 —e— Accuracy
T _ogs
0.8 08
5067 =06
Lo =
0.2
Logistic Regression Random Forest XGBoost u?g'?stic Regression Random Forest XGBoost
Models Models
Fig. 8. Accuracy comparison of machine learning models
Conclusion as confounding features and affect the predictive
capability of the models. Moreover, an important
This research explains the capability of  weakness of this research is the elimination of

machine learning approaches in predicting
asthma severity based on air pollution and
environmental features. Logistic Regression,
Random Forest, and XGBoost models were
executed on a preprocessed dataset, attaining
classification accuracies of 98%, 89%, and 89%,
respectively, with Logistic Regression illustrates
relatively excellent performance. The evaluation
metrics, incorporating confusion matrices and
classification reports, shows that the models
are effective in differentiating between severity
classes, although performance may be impacted
by class imbalance. The results highlight the
notable contribution of key pollutants such
as PM,, PM,, NOz, SOz, Os, and CO, along
with environmental features like temperature,
humidity, and wind speed, in determining asthma
severity levels.

Though, it is essential to note that asthma
severity is impacted by multiple features beyond
environmental exposure. Critical features such
as obesity, genetic predisposition, prior medical
history of asthma, and medication usage were not
incorporated inthe presentresearch, whichmay act

smoking-related features, containing smoking
history, intensity, and passive exposure, due
to the lack of availability of data. Smoking is a
well-known confounding features in asthma-
associated research and may considerably affect
both the occurrence and severity of the disease.
This missing feature may affect the reliability and
applicability of the model outcomes.

Future research should concentrate on integrating
these clinical and lifestyle features, managing
class 1imbalance, and examining advanced
modeling approaches. Moreover, combination of
real-time air quality and meteorological features
could elevate the applicability of the model
for early warning systems and public health
decision-making. With enhanced availability of
data and model optimization, these techniques
can contribute to more accurate evaluation and
management of asthma severity across assorted
populations.
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