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Abstract – Due to industrialization and 

urbanization, most of the developing countries now see 

air pollution as a major health threat, and 

governments are working hard to monitor and control 

air pollution. The Air Quality Index (AQI) measures 

air quality over a given period of time for a given area. 

The index measures air cleanliness by identifying 

various toxic chemicals and other particles with 

negative impacts on public health. Such pollutants can 

cause irritation or respiratory problems. A large 

amount of data must be analyzed for air pollutant 

concentrations to measure air quality. The AQI is a 

combination of the pollutant concentration expressed 

as a single number to define air quality and is 

calculated based on major air pollutants regulated by 

the Clean Air Act, including ground-level ozone, 

particle pollution, nitrogen dioxide, carbon monoxide, 

and sulfur dioxide. Prolonged consumption of polluted 

air with harmful pollutants can lead to serious diseases, 

and air pollutants may harm plants, crops, and 

animals. Therefore, monitoring and forecasting the 

AQI is essential for the environment and society. This 

study uses air quality data from major cities in the U.S. 

using five machine learning algorithms to forecast 

primary pollutants including NO2 and O3. The dataset 

is analyzed and compared for algorithm performance, 

and the experimental results show that the support 

vector machine for regression outperforms other 

algorithms, followed by the radial basis function 

regression and the multi-layer perceptron. 
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1. Introduction 
 

The AQI is an indicator measuring the quality of 

air for a given period of time in a given area. This 

index measures the cleanliness of air by identifying 

various toxic chemicals and other particles in the air 

that have negative impacts on people’s health. Such 

health effects include skin irritation or even 

respiratory problems. Air quality is generally the 

highest at the beginning of the day and worsens over 

time due to factories and vehicles, which release 

pollutants. Air quality may also vary over the course 

of the year depending on the geographic location. 

Winter months reflect negatively on air quality in 

cities with heavy fossil fuel use for heating. Other 

factors include wind speed, stagnant air, or chemical 

reaction between air pollutants [1]. In addition, the 

AQI varies across countries, but it is difficult to 

compare air quality across locations.  

The AQI is also referred to as the Air Pollution 

Index [2, 3, 4] or the Pollutant Standards Index [5, 6]. 

Air pollution problems occur mainly in urban areas. 

A large amount of data must be analyzed for air 

pollutant concentration to measure air quality. The 

AQI is a combination of pollutant concentration 

expressed as a single number to define air quality [7] 

and is calculated based on major air pollutants 

regulated by the Clean Air Act, including ground-

level ozone, particle pollution, carbon monoxide, and 

sulfur dioxide [8]. 
 

Table 1. Six levels of health concern based on the AQI 

Air Quality Index 

(AQI) Values 

Levels of Health 

Concern 
Colors 

0 to 50 Good Green 

51 to 100 Moderate Yellow 

101 to 150 
Unhealthy for 

Sensitive Groups 
Orange 

151 to 200 Unhealthy Red 

201 to 300 Very Unhealthy Purple 

301 to 500 Hazardous Maroon 

Source: The Environmental Protection Agency 
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The Environmental Protection Agency (EPA) has 

established national standards for air quality to 

protect public health. The AQI can vary from 0 to 

500, where an index value of 0-50 indicates a good 

level of health concern and the range of 301-500, a 

hazardous level. Each section is symbolized by its 

own color in Table 1. [9]. 
 

2. Causes of Poor Air Quality and Health 

Hazards 
 

Understanding the cause of air pollution is a key 

to improving air quality. Source appointment and 

chemical compositions are often analyzed to reveal 

contributions to local and regional levels for 

emission sources. However, they still cannot explain 

the difference between air quality across various 

cities. It is thus not possible to produce a 

unique solution, but it is possible to obtain a unified 

solution to improve air quality and reduce air 

pollution at regional and national levels. On the other 

hand, many studies investigate factors causing air 

pollution. Most pollutants are caused by human 

activity and include urbanization rates, population 

size and density, GDP, industrial structure, energy 

consumption, and vehicle numbers [10].  

Previous studies provide impact analysis of 

socioeconomic factors [11], regional economic 

activity [12], geographic factors [13], and influential 

factors [14], among others. In terms of micro 

perspectives, studies evaluate variations in ambient 

particulate matter source contributions [15] or focus 

on chemical constituents together with sources of 

ambient particulate air pollution [16]. 

Ice crystals, molecular clusters, liquid drops, 

pollen, silicates, fluorides, oxides, nitrates, chlorides, 

sulphates, and other metal particles are found in dust 

aerosol [17], and these tiny pollutants are another 

cause of air pollution. Ozone, depending on its 

occurrence, can be good (protection from ultraviolet 

rays and radiation) or bad (chemical reaction of 

pollutants from factories and vehicles). This process 

often occurs in warm weather due to reaction in the 

sunlight. Carbon monoxide and sulfur dioxide are 

other forms of pollution. The former is an odorless, 

invisible gas that can enter the bloodstream through 

the lung and reduce the amount of oxygen carried by 

blood cells. The latter occurs mainly near large 

industrial complexes [9]. 
 

Health Hazards Due to Imbalance of Air Quality 
 

Although the AQI is designed to measure air 

pollution concentration, it is not directly related to 

health issues. Here an important complement to the 

AQI is the Air Quality Life Index (AQLI). The AQLI 

focuses on consequences of human exposure to air 

pollution based on potential impacts from health-

related factors. The AQLI converts particulate 

concentration into life span impact and is a reliable 

measure of life expectancy based on standards set by 

international health organizations [18]. 

Another indicator of health issues is the Air 

Quality Health Index (AQHI), which makes use of 

the relationship between exposure and response in 

health implications of air pollution based on time-

series data from 12 major cities. The AQHI considers 

the relationship between ambient air pollutants and 

short-term mortality [19]. Ambient air pollution can 

lead to death from cardiovascular or respiratory 

problems. Health outcomes of changes in air 

pollution and quality also include acute myocardial 

infraction, heart failure, stroke, and asthma, among 

others [20]. 

Particle pollutants compose a large part of air 

pollution, and long exposure to high concentrations 

of these pollutants can increase cardiopulmonary and 

lung cancer mortality. Ground-level ozone may have 

toxic morphologic and immunologic effects on 

humans. Carbon monoxide levels over 40% may be 

fatal, and high sulfur dioxide concentrations may 

harm the skin, respiratory tract, and mucous 

membranes. Other health complications include 

respiratory disorder and cardiovascular dysfunction 

[21]. 
The rest of this paper is organized as follows: 

Section III provides a literature review. Section IV 

discusses machine learning for air quality analysis 

and forecasting, and Section V explains the materials 

and methods. Section VI discusses the results, and 

Section VII concludes. 
 

3. Literature Review 
 

Ott and Thorn [26] conduct a survey of air 

pollution indices based on data from state, local, and 

provincial air pollution control officials in the U.S. 

and find 35 of the 55 states to use a daily air 

pollution index. They also find great diversity and a 

lack of consistency in the way quality control is 

reported to the public. The researchers use a 

classification system to compare various pollution 

indices. 

Murena [27] focuses on a daily pollution index 

for Naples, Italy, using data from nine monitoring 

stations for the 2001-2002 period and applies the 

proposed pollution index. The index measures the 

status of air pollution for human health effects. A 

procedure for evaluating the pollution index for each 

monitoring site and for the overall urban area is 

described. The proposed pollution index is found to 

sufficiently measure air quality in the urban area of 

Naples. The need for the synthesis of data on 

pollutant concentrations collected from air-

monitoring networks suggests a need for more 

effective air quality indices. 
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The EPA [28] proposes the pollutant standard 

index to provide accurate and timely information on 

daily air pollution levels. The index measures major 

air pollutants, and once their levels are measured, the 

index is reported for all metropolitan areas of the 

U.S. with populations exceeding 200,000. Bishoi et 

al. [29] propose quality indices of urban air pollution, 

and proposed the USEPA index assesses air quality 

but does not include combined effects of major air 

pollutants. The study proposes that the higher the 

index, the greater the pollution. The main objective 

of the study is to determine a stress index with no 

established standards but with advantages of self-

consistency. 

Zhao et al. [30] consider socioeconomic factors 

in air quality in the context of environmental 

planning and management. Using data from 85 long-

term daily monitoring cities in China based on 

AOFDAQ-A Annual Occurrence Frequency of Daily 

Air Quality Level III, the study finds improved air 

quality for the 2000-2009 period. Using linear 

regression, the study identifies 21 significant 

variables from 72 explanatory variables, quantifying 

air quality effects. With a 16.6% independent 

contribution, the population group had the main 

effect on air quality. 

Hrdlickova et al. [31] provides a statistical 

analysis of data on dust aerosol PM10 from four 

monitoring stations in the city of Brno using a 

generalized autoregressive linear model with the 

gamma distribution of response variables and log-

link function. Patel [32] emphasizes environmental 

exposure for disease-related phenotypes and suggests 

a need for new analytical methods and larger samples 

for a better analysis. Bellinger et al. [33] measure air 

pollutants and public health through a literature 

review and data analysis and interpretations methods, 

generalizing the hypothesis using data mining 

techniques and k-mean algorithm to identify patterns 

in air pollutant data. Atarodi et al. [34] emphasize air 

pollution sources near doors as a main cause of 

reduced air quality in indoor locations. They identify 

various factors affecting indoor air quality and find 

21% of all staff members view workplace 

environment conditions as not appropriate, citing 

dusty air and fatigue. They also show O3, VOC, 

PM10, PM2.5, CO, CO2, and formaldehyde to be of 

standard levels.  

Zhu et al. [35] propose a forecasting model of air 

quality using machine learning approaches with 

respect to hourly concentrations of ozone, PM2.5, 

and sulfur dioxide. They select machine learning to 

efficiently train the model based on big data using 

large-scale optimization algorithms, proposing a 

useful regularization by making prediction models of 

consecutive hours to be close to each other and 

comparing it to several traditional regularizations, 

including standard Fresenius norm regularization, 

nuclear norm regularization, and 2, 1-norm 

regularization. Lanzafame et al. [36] consider air 

quality in urban areas with respect to vehicle traffic, 

focusing on the exchange of information between 

networks and individual air pollution monitoring 

stations. They evaluate changes in the frequency of 

AQI agglomeration and rank AQI values for each 

station for six levels of pollution, and they 

successfully assess air quality from frequency 

variations in each level for the 2010-2014 period. 

Stingone et al. [37] implement machine learning 

methods to simultaneously assess the effects of air 

pollutants on health outcomes based on a two-stage 

data-driven approach for the relationship between air 

pollutant exposure and children’s cognitive skill.  

 

4. Machine Learning for Air Quality Analysis 

and Prediction 
 

      The literature review suggests that air pollution is 

a complex topic. Toxic components have detrimental 

impacts on people’s health and life expectancy. 

Therefore, there is an urgent need to better forecast 

air pollution concentrations. Accurate forecasting can 

reduce peak pollution levels. Several approaches can 

be taken to forecast the air quality, including box, 

Gaussian, and linear statistical models. These models 

are implemented easily, and because of their 

simplicity, they often cannot describe real 

relationships, which actually are not linear. 

Therefore, forecasts are likely to be of low reliability. 

This is the reason behind the popularity of machine 

learning methods, which originate from the artificial 

intelligence field, in forecasting air quality [22]. 

Machine learning can identify health hazards and 

outcomes using high-dimensional exposure data [23]. 

A data-driven approach can be taken to identify early 

exposure profiles, and a two-stage approach 

incorporates machine learning in environmental 

health research using various methods including the 

classification and regression tree (CaRT) for the 

identification of pollutant profiles. Epidemiologic 

methods for interaction effects can quantify the 

magnitude of combined effects from pollutant 

profiles. Machine learning can be implemented as a 

first-stage approach for the identification of air 

pollutant profiles and informed hypothesis 

generation. Regression trees based on actual data can 

be more predictive than others from randomized data 

and better visualize complex combinations of 

pollutants for a second-stage analysis [24]. 

Classification and regression trees can help overcome 

challenges in multiple chemical interactions [25]. 

Therefore, machine learning algorithms are effective 

for integrating knowledge and practices and 

producing reliable forecasts for air pollution. 
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5. Materials and Methods 

       This study’s data are downloaded from 

https://www.kaggle.com/sogun3/uspollution, a good 

source of data for analyzing air pollutants and the 

AQI. The dataset in this experiment is US Pollution 

2000-2016, which has 17,46,661 instances and 29 

columns with detailed information on 4 major air 

pollutants NO2, O3, SO2, and CO. Each pollutant has 

5 columns (units, mean, 1
st
 Max value, 1

st
 Max Hour) 

and the corresponding AQI. The dataset also has 

other information on the location of sample 

collection and dates. 

       A dataset with several missing values for SO2 

and CO is identified, and therefore NO2 and O3 are 

used to analyze and forecast pollutants using the 

WEKA forecast tool. The complete dataset is the 

pollution database of all states and cities in the U.S. 

for the 2000-2016 period.  WEKA is used to 

preprocess data, remove unused attributes, and 

duplicate instances using filters, and the resulting 

dataset is used for the analysis. WEKA is used to 

extract data on 7 cities for analysis, and 5 cities with 

no missing data are considered after cleaning and 

removing extra columns in the data. After 

preprocessing, the resulting dataset includes 3 

columns (date, NO2 AQI, and O3 AQI) for each of 

the 5 cities considered. The AQI is considered the 

maximum value for air pollutants given by the 

following:  
 

AQI = max (I No2, IO3, ISO2, ICO). 
 

       The final dataset with NO2 AQI for 8 cities in 

different states is tabulated with the number of 

instances, minimum value, maximum value, median, 

and standard deviation, as shown in Table 2. 
 

Table 2. NO2 AQI data statistics of 8 cities 
 

  

City 

NO2 AQI 

# 

instances Min Max Median Std.Dev 

Scottsdale 2176 0 132 41.988 15.856 

Tucson 5813 3 73 27.822 10.306 

Valrico 639 0 40 11.646 6.441 

Winter 

Park 5833 0 109 16.908 10.13 

Chicago 283 11 97 46.896 14.459 

Cicero 2702 1 94 37.6 14.597 

East Saint 

Louis 5174 1 105 25.089 9.562 

Dallas 5187 3 97 27.087 13.148 

 

Table 2. shows Scottsdale, Winter Park, and East 

Saint Louis as recording higher NO2 AQI values, 

indicating poor NO2 air quality. The final dataset for 

O3 AQI for 8 cities in different states is tabulated 

with the number of instances, minimum value, 

maximum value, median, and standard deviation as 

shown in Table 3. 
 

Table 3. O3 AQI data statistics of 8 cities 

  

City 

O3 AQI 

# 

instances Min Max Median Std.Dev 

Scottsdale 2176 1 106 31.46 11.927 

Tucson 5813 6 124 38.383 12.962 

Valrico 639 12 122 37.814 16.111 

Winter 

Park 5833 2 150 35.725 14.954 

Chicago 283 1 42 17.519 9.215 

Cicero 2702 1 161 32.336 16.11 

East Saint 

Louis 5174 1 190 33.128 19.951 

Dallas 5187 0 206 37.075 23.169 
 

Table 3. shows that all 8 cities except for Chicago 

have higher O3 AQI values, indicating that a 

majority of air pollution is from ozone. Among the 8 

cities, 5 cities of Chicago, Scottsdale, Winter Park, 

Tucson, and Dallas are considered for the analysis. 
 

6. Results and Discussions 

For the analysis of air pollutant data and the 

forecasting of air pollutant content, 5 machine 

learning algorithms are used to evaluate their 

performance and forecast pollutant content. The 5 

machine learning algorithms considered are labeled 

as follows: 
 

 Linear Regression Algorithm (LR) 

 Multi-Layer Perceptron (MLP) 

 Radial Basis Function Network (RBFN) 

 Radial Basis Function Regressor (RBFR) 

 Support Vector Machine Regressor (SMOR) 
 

      These 5 machine learning algorithms are applied 

to the dataset as the input in the WEKA forecast tool 

for the time-series data. The mean absolute error 

(MAE) and the root mean squared error (RMSE) are 

evaluated for all 5 learning algorithms for all 5 city 

datasets. For Scottsdale, the analysis is conducted 

using the 5 machine learning algorithms by 

considering 1-step-ahead, 2-steps-ahead, 3-steps-

ahead, 4-steps-ahead, and 5-steps-ahead forecasting, 

and the results are tabulated in Table 4.  

  The results in Table 4. show the MAE and RMSE 

results for the 5 learning algorithms for NO2 and O3 

with 1- to 5-steps ahead. The results suggest that the 

support vector machine regressor outperforms all 

other algorithms. Similarly, the algorithms are 

applied to NO2 AQI and O3 AQI for remaining cities 

and tabulated in Tables 5., 6., 7., 8., and 9. 
 

https://www.kaggle.com/sogun3/uspollution
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Table 4. Performance of 5 algorithms for Scottsdale with 1- to 5-steps-ahead forecasting

  

City Scottsdale 

Algorithm Error 
1-Step ahead 2-Steps ahead 3-Steps ahead 4-Steps ahead 5-Steps ahead 

NO2 

AQI 

O3 

AQI 

NO2 

AQI 

O3 

AQI 

NO2 

AQI 

O3 

AQI 

NO2 

AQI 

O3 

AQI 

NO2 

AQI 

O3 

AQI 

L R 
MAE 7.3259 5.5306 8.2446 6.2878 8.4955 6.494 8.599 6.58 8.622 6.6366 

RMSE 9.3571 7.7068 10.660 8.6534 10.967 8.955 11.07 9.17 11.107 9.2965 

MLP 
MAE 8.0343 5.4276 9.9295 6.2427 10.776 6.487 11.06 6.63 11.362 6.7974 

RMSE 10.562 7.3818 12.929 8.4668 13.755 8.771 14.03 9.07 14.356 9.5182 

RBN 
MAE 9.8319 8.5495 9.7864 8.5968 9.7541 8.626 9.719 8.66 9.6759 8.6778 

RMSE 14.789 11.696 14.705 11.752 14.62 11.78 14.50 11.8 14.388 11.839 

RBFR 
MAE 7.2915 5.5242 8.1588 6.2557 8.3757 6.465 8.499 6.56 8.5359 6.6309 

RMSE 9.317 7.6687 10.527 8.5831 10.771 8.870 10.84 9.08 10.862 9.2264 

SMOR 
MAE 7.2374 5.5012 8.1816 6.2708 8.4408 6.472 8.567 6.57 8.6006 6.6429 

RMSE 9.437 7.7505 10.799 8.7112 11.155 9.02 11.30 9.23 11.344 9.3788 

 

 Table 5. Performance analysis for Chicago                Table 6. Performance analysis for Dallas 

Chicago  NO2 AQI O3 AQI 

Algorithm MAE RMSE MAE RMSE 

L R 10.2249 13.0663 6.0082 7.6463 

MLP 7.278 9.4607 4.5639 5.5936 

RBN 11.0363 14.4653 6.7787 8.4686 

RBNR 9.7299 12.5253 5.5738 7.0285 

SMOR 9.804 13.3502 5.5701 7.4622 
 

Dallas  NO2 AQI O3 AQI 

Algorithm MAE RMSE MAE RMSE 

L R 8.2384 10.4072 8.2384 10.4072 

MLP 8.096 10.3763 8.096 10.3763 

RBN 10.4167 12.5862 10.4167 12.5862 

RBNR 8.1833 10.3515 8.1833 10.3515 

SMOR 8.104 10.5659 8.104 10.5659 
 

 

Table 7. Performance analysis for Tucson 

 

Table 8. Performance analysis for Winter Park 

Tucson  NO2 AQI O3 AQI 

Algorithm MAE RMSE MAE RMSE 

L R 5.5215 7.0425 5.5215 7.0425 

MLP 6.6067 8.3 6.6067 8.3 

RBN 7.9829 9.7124 7.9829 9.7124 

RBNR 5.4996 7.0178 5.4996 7.0178 

SMOR 5.4856 7.0785 5.4856 7.0785 
 

WinterPark  NO2 AQI O3 AQI 

Algorithm MAE RMSE MAE RMSE 

L R 5.6121 7.5207 5.6121 7.5207 

MLP 5.6047 7.4896 5.6047 7.4896 

RBN 7.1238 9.2452 7.1238 9.2452 

RBNR 5.601 7.5001 5.601 7.5001 

SMOR 5.5188 7.6092 5.5188 7.6092 
 

 

Table 9. Performance analysis for Scottsdale 

 

 

City  Scottsdale  NO2 AQI O3 AQI 

S.No Algorithm MAE RMSE MAE RMSE 

1 Linear Regression 7.3259 9.3571 5.5306 7.7068 

2 Multi Layer Perceptron 8.0343 10.5627 5.4276 7.3818 

3 RBF Network 9.8319 14.7894 8.5495 11.6962 

4 RBF Regressor 7.2915 9.317 5.5242 7.6687 

5 SMOReg 7.2374 9.437 5.5012 7.7505 
 

 

 These tables show MAE and RMSE results for 

the 5 machine learning algorithms. The results show 

differences in these results across the algorithms, 

indicating significant differences also in forecast 

performance. To evaluate the above algorithm, 

graphs are plotted in Figs.1, 2, 3, and 4. 

Figs. 1. and 2. show the MAE and RMSE results for 

NO2 AQI, and Figs. 3. and 4. plot the results for O3 

AQI. These figures indicate that the SMOR 

algorithm outperforms the others with lower MAE 

and RMSE values for both NO2 and O3. 
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Fig.1. ML algorithm vs.NO2AQI MAE Fig.2. ML algorithm vs.NO2 AQI RMSE 

  

Fig.3. ML algorithm vs.O3AQI-MAE Fig.4. ML algorithm vs.O3AQI-MAE 

.  

 

Fig. 5. 1-step ahead prediction for linear regression at 95% confidence interval 

  

Actual and predicted NO2 AQI values from linear 

regression are shown in Fig. 5. The plot shows the 

actual and predicted values to coincide with no major 

outliers. Similarly, each algorithm produces a plot 

with actual and predicted values for the AQI for NO2 

and O3. 

 The predicted and actual values of NO2 AQI using 

the support vector machine regressor for 1-step- 

 

ahead prediction at 95% confidence interval are 

shown in Fig. 6. 

The results show that the support vector machine 

regression outperforms the other algorithms with 

lower MAE and RMSE values. The radial basis 

function regression and the multi-layer perceptron 

follow the support vector machine in the forecasting 

of air pollutants.  
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Fig. 6. 1-step ahead prediction for NO2 AQI support vector machine regressor at 95% confidence interval 

   

7. Conclusion 

Monitoring and forecasting air quality is a major 

concern for any country. Increasing numbers of 

people check various air quality indices before 

traveling to or residing in a particular location, and 

many governments rank cities are based on these 

indices. The air quality index constantly varies 

according to traffic volume, industrial activity, 

populations, and pollution, among other factors. The 

mixture of air pollutants keeps increasing, making it 

difficult for people to breathe. As a result, more 

people are interested in air quality and pollution 

levels in their surroundings. This study uses the 

WEKA data mining tool to analyze and forecast NO2 

and O3 using machine learning algorithms. The 

results suggest that the support vector machine 

regression outperforms all other algorithms 

considered with lower MAE and RMSE values, 

followed by the radial basis function regression and 

the multi-layer perceptron, in forecasting air 

pollutants. 
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