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Abstract

In recent years, air quality has become a critical concern for human health, with the rise of industrialization
and urbanization significantly contributing to air pollution. This paper explores the prediction of air quality
and its impact on public health through a comprehensive analysis of various air quality parameters,
including PM2.5, PM10, NOx, SO2, CO, and ozone (O3), among others. Furthermore, the study introduces
a Health Impact Score to quantify the adverse health effects caused by deteriorating air quality, particularly
focusing on respiratory and cardiovascular diseases. Through correlation analysis and the use of real-world
data, we aim to provide an accurate model to predict both the Air Quality Index (AQI) and the Health
Impact Score, which can guide policy makers and public health organizations in addressing the
environmental health challenges posed by poor air quality.

Keywords: Air Quality Prediction, Air Quality Index (AQI), Health Impact Score, Machine Learning,
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1. Introduction

The air we breathe has a direct and profound effect
on human health. While industrialization and
technological advancement have improved many
aspects of modern life, they have also led to
significant environmental challenges, with air
pollution being one of the most pressing. Fine
particulate matter, nitrogen oxides, sulfur dioxide,
and ground-level ozone are among the key
pollutants that contribute to respiratory and
cardiovascular diseases. Monitoring and predicting
air quality levels are vital to safeguarding public
health, especially in densely populated urban areas.
Air pollution was not a significant global concern a
century ago, but today, its long-term effects are
evident, leading to severe health issues and even
premature deaths. The Air Quality Index (AQI) is an
essential tool used to communicate the severity of
pollution to the public, correlating pollutant
concentrations to potential health impacts. This
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study goes beyond just air quality prediction by
introducing a novel approach to predicting the
health impact of air pollution, quantifying this risk
through a Health Impact Score. The score
incorporates key environmental parameters such as
temperature, humidity, and wind speed, along with
health-related  factors like  respiratory and
cardiovascular ~ cases, providing a  more
comprehensive understanding of how air quality
influences public health [1-10]

2. Literature Review

Over the past decade, numerous studies have
focused on predicting air pollution levels and their
health impacts, utilizing a variety of machine
learning and statistical techniques. Traditional
models have primarily relied on regression
techniques to predict pollutant concentrations and
AQI. For instance, Patil et al. explored various
methodologies for predicting AQI and emphasized
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the critical role of machine learning in achieving
accurate predictions of pollutant levels [2]. Ameer et
al. conducted an evaluation of multiple regression
techniques, including Decision Tree, Gradient
Boosting, and Multilayer Perceptron, for predicting
PM2.5 levels and AQI. The study concluded that
Random Forest Regression provided superior
performance compared to other models, particularly
for urban areas like Beijing [1]. Similarly, Maleki et
al. utilized an Artificial Neural Network (ANN)
model for predicting various pollutants like NO2
and SO2, noting that neural networks could handle
non-linear relationships between air quality
parameters and their health effects [3]. More recent
studies have focused on integrating environmental
factors such as temperature and humidity into air
quality models. Zhang et al., for example, applied a
Long Short-Term Memory (LSTM) model to predict
air pollution, incorporating meteorological data to
improve prediction accuracy [5].  Studies by
Bougoudis et al. and Kingsy et al. further highlight
the importance of hybrid models that combine
pollutant data with meteorological variables,
improving the accuracy of AQI predictions while
also reducing execution time [4]. To extend your
literature review based on the research papers you
have, here’s a structured approach with potential
subheadings to create a comprehensive 5-page
survey. The extension will focus on air quality
prediction models, health impact analyses, and the
use of machine learning.

2.1 Introduction to Air Quality and Health

Impacts

Air quality has long been recognized as a crucial
determinant of public health. With increasing
urbanization and industrialization, pollutants such as
PM2.5, PM10, NO2, and O3 have posed significant
risks to respiratory and cardiovascular health. The
studies emphasize the need for accurate prediction
models to manage the rising levels of air pollution
and their consequences on public health. [1] In
particular, PM2.5 is highlighted as one of the most
dangerous pollutants, as it can penetrate deep into
the lungs and even enter the bloodstream, leading to
spatial distribution of pollutants and their health
implications. [8 & 16 & 17]
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a variety of health complications, including asthma
and chronic lung diseases. [1 — 3 & 18]
2.2 Machine Learning in Air
Prediction
The role of machine learning in improving air
quality prediction models has been extensively
discussed in recent literature. Studies such as those
by Patil et al. and Ameer et al. emphasize the
superiority of machine learning models, especially
in  handling complex relationships between
pollutants and environmental factors. Regression
techniques like Random Forest, Gradient Boosting,
and Neural Networks have been instrumental in
predicting AQI and specific pollutant levels with
high accuracy. Ameer et al. noted that Random
Forest regression outperforms others in urban
settings like Beijing, making it a preferred model in
densely populated regions. [4-6] Furthermore, the
integration of meteorological data, such as
temperature, humidity, and wind speed, has proven
crucial in improving the predictive accuracy of these
models. Recent advancements in deep learning, such
as Long Short-Term Memory (LSTM) models, have
also shown promise in capturing temporal
dependencies in air quality data, which is vital for
real-time predictions. [6] relationships between air
quality parameters and their health effects
2.3 Statistical Methods for Air
Analysis
In addition to machine learning, non-parametric
statistical methods have been used to analyze air
quality, particularly in the assessment of PM2.5
concentrations. Hernandez et al. applied statistical
inference techniques like the Kruskal-Wallis and
Wilcoxon signed-rank tests to measure health risks
associated with PM2.5 in urban parks. These
methods are particularly useful in cases where the
data does not follow a normal distribution and
exhibit many outliers, as is common in
environmental data. [10&15] By using these
methods, the study concluded that urban parks,
especially those with dense vegetation, act as natural
filters, significantly reducing pollution levels. Such
statistical models offer valuable insights into the
including Decision Tree, Gradient Boosting, and in
the solution.
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Quality
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2.4 Comparative Studies On Air Quality
Models

Several comparative studies have explored the
performance of different machine learning and
statistical models in air quality prediction. Al-Eidi et
al. conducted a comprehensive analysis comparing
Random Forest, Linear Regression, and Decision
Tree models, finding that Decision Tree regression
provided superior results in terms of both accuracy
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and computational efficiency. [3&9] Similarly,
Zhang et al. applied a hybrid approach combining
LSTM with traditional machine learning methods to
improve the accuracy of AQI predictions. Their
findings highlighted the importance of considering
multiple pollutants and environmental factors to
enhance prediction reliability. [5] Figure 1 shows
Air Quality Trends After Industrial Evolution.

NO
150 -

100 -

50 -

emissions [Tg NO, year™']

0- ase®’>

1750 1800 1850 1900 1950 2000

NMVOC

150 -
100 -

50 -

emissions [Tg NMVOC year™']

1800 1850 1900 1950 2000

1750

Latin America

 Africa

Former Soviet Union

International

Figure 1 Air Quality Trends After Industrial Evolution

2.5 Health Impact Score: A Novel Metric
Moving beyond air quality prediction, this paper
introduces the Health Impact Score as a novel
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approach to quantify the effects of air pollution on
public health. While traditional models focus on
pollutant levels and AQI, the Health Impact Score
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incorporates  epidemiological data related to
respiratory and cardiovascular diseases, offering a
more comprehensive assessment of air quality’s
impact on health [11&17& 20]. In line with studies
that have examined correlations between air
pollutants and health outcomes, such as the works of
Maleki et al. and Bougoudis et al., the Health Impact
Score builds upon these findings by integrating real-
time health data, allowing for more targeted
interventions by policymakers. [11 & 12]

2.6 Challenges and Future Directions
Despite the advancements in air quality prediction
models, several challenges remain. A critical issue
highlighted in recent studies is the lack of extensive
datasets covering multiple pollutants. Most models,
especially those in urban settings, focus primarily on
PM25 and PM10, neglecting other important
pollutants like NOx, SO2, and O3, which also
significantly impact health [6&13&19]. Future
research should address this limitation by
developing comprehensive models that incorporate
multiple pollutants and more diverse datasets.
Moreover, the integration of cloud computing
technologies could further enhance the real-time
processing capabilities of air quality models,
enabling faster and more accurate predictions. [7 -
10] The literature underscores the potential of
machine learning techniques to improve air quality
prediction models. However, there remains a
significant gap in studies that directly correlate air
quality with health outcomes. This paper addresses
that gap by introducing a predictive model for
Health Impact Score, utilizing both air quality and
health data to infer public health risks from air
pollution. [7 & 10 & 17].
3. Air Quality Prediction
The Air quality is actually measured relative to
human health, where we measure how each follows
constituent of the air, influences the human
constituent of the air, influences the human health.
The primary constituents of the surrounding air are,
Nitrogen
Oxygen
Argon
Carbon dioxide
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Water Vapor
Trace gases
Aerosols
Particulate matter

3.1 Air Quality Index (AQI)

The Air Quality Index (AQI) is a standardized
system used to report daily air quality levels and
their potential health effects. The higher the AQI, the
greater the level of air pollution and the health
concerns. [11-20]

3.2 Influential Parameters of AQI
The AQI typically focuses on the following key
pollutants, which are known to have significant
impacts on human health:

3.3 Particulate Matter (PM2.5 and PM10)
PM2.5 refers to fine particles with a diameter of 2.5
micrometers or less, which can penetrate deep into
the lungs and even enter the bloodstream. PM10
refers to particles with a diameter of 10 micrometers
or less. Why Chosen: Both PM2.5 and PM10 are
linked to respiratory and cardiovascular diseases.
Fine particles are especially dangerous due to their
ability to reach deep into the lungs.

3.4 Ground-level Ozone (O3)

Ozone at ground level is formed by the reaction of
sunlight with pollutants like volatile organic
compounds (VOCs) and nitrogen oxides (NOX).
Why Chosen: Ozone irritates the respiratory system,
aggravates asthma, and can reduce lung function. It
is a common problem in urban areas due to vehicle
emissions and industrial activity.

3.5 Nitrogen Dioxide (NO-)

NO: is a key component of smog and is primarily
emitted from vehicle exhaust and industrial
processes. Why Chosen: It aggravates respiratory
conditions like asthma and bronchitis and is also a
precursor to ozone and particulate matter. The term
integration of cloud computing technologies

3.6 Sulfur Dioxide (SO-)
SO: is produced from burning fossil fuels like the
coaland oil and from industrial processes. Why
Chosen: It causes respiratory problems and is
particularly harmful to individuals with asthma. SO-
also reacts with other compounds in the atmosphere
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to form fine particles. Carbon Monoxide (CO) CO is
produced by incomplete combustion of fossil fuels,
especially from motor vehicles. Why Chosen: CO
interferes with the oxygen-carrying capacity of the
blood, which can lead to heart and respiratory
issues, particularly for people with cardiovascular
condition

4. Correlation Analysis

4.1 Correlation Analysis of AQI

Here is the correlation analysis of AQI with the
influential parameters using the real world data.
From the above Figure 2 correlation analysis, for the
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target variable AQI, these parameters show strong
correlation. Addition to the above parameter AQI,
which is predicted from air constituents, other
parameters are also used to predict the Health Score,
to infer the impact of the air quality on public health
Table 1 shown Parameter and Correlation. While
traditional models focus on pollutant levels and
AQI, the Health Impact Score incorporates
epidemiological data related to respiratory and
cardiovascular  diseases, offering a more

comprehensive assessment of air quality’s impact on
health

Correlation Heatmap of AQI and Influential Parameters
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Figure 2 Correlation Analysis of AQI parameter

Table 1 Parameter and Correlation

Parameter Correlation %
PM10 80
CoO 68
PM2.5 66
NO2 54
NOx 49
S02 49
NO 45
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4.2 Correlation Analysis of Health Impact
Score

Here is the correlation analysis of the target
parameter and the influencing parameters, using the
real world data from the below correlation analysis,
for the target variable Health impact score, these
parameters show strong correlation incomplete
combustion of fossil fuels, especially from motor
vehicles. Why Chosen: CO interferes with the target
oxygen-carrying capacity of the blood
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Figure 4 Correlation Analysis Heat Map of Health Impact Score

Table 1 Parameter and Correlation

Parameter Correlation %
AQI 61
Temperature -10
Wind speed -30
Respiratory cases 20

5. Health Impact Score
A health score predicted using the AQI and other
parameters is essentially a quantitative assessment
of the potential health risks associated with air
quality [18]. Target Parameter: Health impact score
Other Parameters

e Temperature

e Humidity

e Wind speed

e Respiratory cases

e Cardio-vascular cases

International Research Journal on Advanced Engineering Hub (IRJAEH)

e Hospital Admissions

5.1 Temperature
Temperature affects air quality, and extreme
temperatures (both high and low) exacerbate health
issues, particularly respiratory and cardiovascular
conditions. Higher temperatures can increase the
formation of ground-level ozone (Os), which
worsens air quality, leading to more hospital
admissions and  higher  respiratory  cases.
Conversely, cold temperatures can increase the risk
of respiratory infections. Effect: High temperatures
correlate with increased health risks, and thus a
higher Health Impact Score, due to heat stress and
aggravated pollution.

5.2 Humidity
Humidity influences the concentration of pollutants
in the air. High humidity can trap particulate matter
(PM2.5, PM10), making the air more difficult to
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breathe, while very low humidity can dry out
respiratory tracts, increasing vulnerability to
infections.  Furthermore, the combination of
humidity and temperature can exacerbate the impact
of pollutants like ozone. Effect: High or low
humidity levels can increase respiratory issues,
leading to higher health risks and thus, a higher
Health Impact Score.

5.3 Wind Speed
Wind speed plays a crucial role in dispersing or
concentrating pollutants. Low wind speeds can lead
to pollutant accumulation, particularly in urban
areas, leading to higher levels of harmful pollutants.
Conversely, high wind speeds can disperse
pollutants, improving air quality. Effect: Low wind
speeds often correlate with higher pollution
concentrations and worse health outcomes, leading
to an increased Health Impact Score.

5.4 Respiratory Cases
Respiratory cases (e.g., asthma, bronchitis, COPD)
are directly impacted by poor air quality. Higher
concentrations of pollutants like PM2.5, PM10, and
ozone aggravate respiratory conditions, leading to
more hospital admissions and increased morbidity.
Effect: As respiratory cases rise due to poor air
quality, the Health Impact Score increases
proportionally, reflecting the heightened health risk.

5.5 Cardiovascular Cases
Air pollution is closely linked to cardiovascular
problems, including heart attacks, strokes, and
hypertension. Long-term exposure to pollutants like
PM2.5 and CO increases cardiovascular risk, and
episodes of poor air quality often correlate with
spikes in cardiovascular admissions. Effect: An
increase in cardiovascular cases is directly related to
a rise in the Health Impact Score, as it indicates a
higher impact of pollution on health.

5.6 Hospital Admissions
Hospital admissions (both for respiratory and
cardiovascular issues) are used as a direct measure
of health impacts from environmental factors. An
increase in admissions signals a higher health
burden from air pollution and other stressors. Effect:
As hospital admissions rise due to worsening air
quality or environmental conditions, the Health
Impact Score reflects a higher health risk[14 & 17].
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6. Model Prediction
6.1 Random Forest Regression

Test Sample Input
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Figure 5 Test Sample Input

Random Forest Regression is a powerful ensemble
learning technique that combines multiple decision
trees to create a more robust and accurate predictive
model. It works by training a collection of decision
trees on different subsets of the training data and
aggregating their predictions [12]. Figure 5 shows
Test Sample Input.

6.2 Model Working
The Random Forest Regression model used in this
project is designed to predict the Air Quality Index
(AQI) and the Health Impact Score based on various
environmental parameters. The model is trained on a
dataset that includes air pollutant levels, such as
PM2.5, PM10, NO, NO2, and other gases, as well as
environmental factors like temperature, humidity,
and wind speed.
The model works in two parts:

e AQI Prediction Model: This model takes
pollutant concentrations as inputs and
predicts the AQI.

e Health Impact Score Prediction Model:
This model uses the predicted AQI along
with temperature, humidity, and wind speed
to predict a Health Impact Score. This score
is then classified into different impact levels
like "Very Low,” "Low," "Moderate,"
"High," and "Very High."[13 & 14 & 19].

7. Experimental Results

7.1 Dataset Overview
The dataset used in this project consists of air
quality data from various Indian cities over multiple
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years. The key pollutants monitored include PM2.5,
PM10, NO2, SO2, O3, and CO, along with the
computed Air Quality Index (AQI). Table 1
summarizes the features of the dataset:

e PM25: Fine particulate matter (< 2.5

pm) concentrations.

e PM10: Coarse particulate matter (< 10
pm) concentrations.
NO2: Nitrogen dioxide levels.
SO2: Sulfur dioxide concentrations.
0O3: Ground-level ozone.
CO: Carbon monoxide concentrations.
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The dataset includes over 29,000 records (specific
breakdown shown below):

e Number of features: 16

e Number of samples: 29,531
A preview of the dataset (see FIGURE 1) shows that
data has missing values for certain pollutants,
especially in the early years of data collection,
which required appropriate handling through
imputation methods. Table 1 shows City and Date
details.

Table 1 City and Date details

City Date | PM25 | PM10 | NO2 | SO2 cO AQI
Ahmedabad  |2015-01-01 | 17.4 | 29.70 | 29.07 | 30.70 | 0.47 41
Visakhapatnam |2020-07-01 | 15.00 | 66.00 | 26.85 | 9.84 | 0.59 50

7.2 Data Pre-processing
Handling missing values was a critical task before
model training. For this, the dataset underwent the
following steps:

e Null value replacement: Missing values
were replaced with mean or median values
based on pollutant concentration.

e Normalization: Each feature was scaled to
bring the values within a similar range to
improve model training performance.

A heat map (FIGURE 2) visualizes the missing
values across different features, revealing that
certain pollutants like benzene and xylene had a
higher percentage of missing data, leading to their
exclusion from the final model [16].

7.3 Model Training and Performance

Evaluation

Three machine learning models were evaluated to
predict the Air Quality Index (AQI):

e Linear Regression

e Random Forest Regressor

e Decision Tree Regressor

Each model was trained using 70% of the dataset for
training and the remaining 30% for testing. The
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performance was evaluated using Mean Absolute
Error (MAE), R2 score, and Root Mean Square Error
(RMSE) [19]. Table 2 shows Random Forest
Regressor

Table 2 Random Forest Regressor

Model MAE |RMSE |R? Score
Linear Regression {12.34 | 15.21 0.76
Random Forest | 8.56 | 10.23 0.89
Decision Tree  [11.87 | 14.02 0.82

As shown in Table , the Random Forest Regressor
outperformed the other models with the lowest error
rates and the highest R? score, indicating better
prediction accuracy.
7.4  Feature Importance Analysis

An analysis of feature importance (FIGURE
4) using the Random Forest model showed that
PM2.5, NO2, and CO had the highest influence on
AQI prediction. This finding aligns with the
understanding that fine particulate matter (PM2.5)
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and nitrogen dioxide are key contributors to air
quality degradation.
Conclusion
The study compared the performance of three
machine learning models—Linear Regression,
Decision Tree, and Random Forest—in predicting
the Air Quality Index (AQI) based on key air
pollutants such as PM2.5, NO2, SO2, and CO.
Among these, the Random Forest model
demonstrated superior performance with the lowest
error rates (MAE: 8.56, RMSE: 10.23) and the
highest R2 score (0.89), indicating better predictive
accuracy than the other models. The Linear
Regression model, while simple and interpretable,
showed the weakest performance, with an R2 score
of 0.76, struggling to capture the complex
relationships between the pollutants and the AQI.
The Decision Tree model performed moderately
well, but its higher error rates compared to Random
Forest highlighted its sensitivity to overfitting. A
feature importance analysis revealed that PM2.5 and
NO2 were the most significant contributors to AQI,
reaffirming their critical role in air pollution's
adverse health effects. This insight underscores the
need for focused mitigation efforts targeting these
pollutants to improve air quality. In conclusion, the
Random Forest model not only offers better
accuracy but also robustly handles the intricacies of
air quality prediction. Future work can further
enhance these predictions by incorporating more
comprehensive datasets and additional
environmental variables such as meteorological
data.
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