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Resumo 

Bancos de dados espaço-temporais estão se tornando cada vez mais comuns e a busca por 

técnicas mais relevantes que considerem restrições de tempo e relações espaciais na mineração 

dos dados, torna a tarefa mais complexa. Embora alguns estudos tenham identificado padrões 

interessantes, eles não lidam de forma apropriada com intervalos de tempo, com diferentes 

durações e frequências, o que permite encontrar padrões mais significativos e estimar sua 

relevância ao longo do tempo. Para entender a situação atual da poluição do ar em todo o Estado 

de São Paulo, esta tese investiga padrões espaciais e temporais multipoluentes (MP10, MP2,5, 

NO2, SO2, O3 e CO), envolvendo 56 estações com monitoramento de qualidade do ar, com 

cobertura de áreas urbanas, litoral e interior, o que torna o estudo mais abrangente e conclusivo, 

incluindo áreas menos citadas em outros trabalhos. O uso da técnica de agrupamento levou à 

descoberta de padrões interessantes, na busca por (dis)similaridades no tempo para encontrar 

padrões de comportamento dos poluentes em séries temporais. O agrupamento revelou 

disparidades na distribuição espacial dos poluentes e sazonalidades, permitindo caracterizar e 

identificar espacialmente a poluição atmosférica de toda região, com a qualidade avaliada pelo 

coeficiente de silhueta de 0,26 a 0,72. Na avaliação espacial, os grupos severamente poluídos 

localizavam-se na região metropolitana, no litoral e, algumas cidades do interior, por emissões 

industriais, veiculares, queimadas, agrícolas e outras. O agrupamento mostrou uma forte 

presença de O3 e PM2.5 em 65% e 72% das estações monitoradas em diversas regiões do Estado. 

Os grupos de PM10 e NO2 estavam geograficamente distantes, enquanto PM2.5, CO, SO2 e O3 

mais próximos, sugerindo uma relação espacial de exposição. A partir dos grupos de séries 

temporais encontrados, regras de associação foram aplicadas para encontrar possíveis 

coocorrências entre episódios críticos de poluição e variáveis meteorológicas (temperatura do 

ar, umidade relativa do ar, velocidade do vento, índice pluviométrico e radiação solar global). 

As regras de associações permitiram identificar os elementos que ocorreram simultaneamente, 

com suporte e confiança significativos, superiores a 80%. As condições meteorológicas que 

contribuíram para os episódios críticos de poluição foram baixa temperatura e umidade, baixa 

pluviosidade e vento mais ameno associados ao aumento de concentração dos poluentes. Como 

as regras de associação clássicas não refletem a dimensão tempo, este trabalho implementa e 

valida o algoritmo ARMADA para: (i) busca de padrões associados a intervalos de tempo para 

identificar padrões mais frequentes e (ii) representar relações temporais por regras de associação 

baseadas nos padrões encontrados. A partir das regras de associação temporais geradas avalia-



 

se a relação de curto prazo entre os eventos críticos de poluição, para os poluentes de maior 

influência nas internações por doenças respiratórias. Nos resultados, as internações foram 

recorrentes na transição do verão para os períodos mais frios. Em aproximadamente 35% do 

total de dias com internação maior que a média anual, um ou mais poluentes tiveram alta 

concentração. As regras mostraram que os poluentes PM2.5, PM10 e O3 estão fortemente 

associados ao aumento de internações na cidade de São Paulo (PM2.5 e PM10 com 38,5% de 

suporte e 77% de confiança), em Campinas (PM2.5 com 66,1% de suporte e 94% de confiança) 

e o poluente O3 com suporte máximo de 17,5%. No litoral (cidade de Santos), o SO2 esteve 

relacionado às altas internações (43,85% de suporte e 80% de confiança). Com a duração de 

cada padrão, a Álgebra Intervalar de Allen (AIA) avaliou as relações temporais e indicou em 

quais intervalos de dias houve elevação no número de internações e por quanto tempo elas se 

sustentaram, bem como os efeitos na hospitalização após a exposição. As regras mais frequentes 

e robustas apresentaram que exposição a altas concentrações dos poluentes PM2,5 e PM10 gerou 

internações no mesmo dia e novas admissões nos dias seguintes. Os poluentes que causaram o 

aumento das internações permanecem por três dias acima dos limites, oscilando em internações 

menores no 1º dia e novamente maiores no 2º e 3º dias. Paralelamente, mostra que menor 

concentração de todos os poluentes em dias seguintes ao pico de poluição, ainda mantém um 

alto índice de internações. Portanto, a pesquisa é de interesse amplo porque investiga a 

exposição da população à poluição do ar em uma grande massa de dados, que revela a 

representatividade espacial e padrões temporais de poluentes, bem como condições 

meteorológicas desfavoráveis à difusão, além de implementar algoritmos que exploram técnicas 

de mineração de dados por agrupamento de dados e regras de associação e evoluir cada um 

deles na abordagem espacial e temporal, abordando experimentos originais e passíveis de 

reprodução. 

 

 

Palavras-chave: Poluentes Atmosféricos; Agrupamentos; Regras de Associação; Condições 

meteorológicas; Regras de Associação Temporais; Doenças respiratórias. 

 

  



 

Abstract 

Spatiotemporal databases are becoming more and more common and the search for more 

relevant techniques that consider time constraints and spatial relationships in data mining, 

makes the task more complex. Although some studies have identified interesting patterns, they 

do not properly deal with time intervals, with different durations and frequencies, which allows 

finding more significant patterns and estimating their relevance over time. To understand the 

current situation of air pollution throughout the State of São Paulo, this thesis investigates multi-

pollutant spatial and temporal patterns (PM10, PM2.5, NO2, SO2, O3 and CO), involving 56 

stations with air quality monitoring, with coverage of urban, coastal and inland areas, which 

makes the study more comprehensive and conclusive, including areas less cited in other works. 

The use of the clustering technique led to the discovery of interesting patterns, in the search for 

(dis)similarities in time to find behavior patterns of pollutants in time series. The grouping 

revealed disparities in the spatial distribution of pollutants and seasonality, allowing the spatial 

characterization and identification of atmospheric pollution throughout the region, with quality 

assured by the silhouette coefficient from 0.26 to 0.72. In the spatial evaluation, the severely 

polluted groups were located in the metropolitan region, on the coast and, in some cities in the 

interior, due to industrial, vehicular, burning, agricultural and other emissions. The grouping 

showed a strong presence of O3 and PM2.5 in 65% and 72% of the monitored stations in different 

regions of the State. The PM10 and NO2 groups were geographically distant, while PM2.5, CO, 

SO2 and O3 were closer, suggesting a spatial exposure relationship. From the groups of time 

series found, association rules were applied to find possible co-occurrences between critical 

episodes of pollution and meteorological variables (air temperature, relative humidity, wind 

speed, rainfall index and global solar radiation). The association rules allowed identifying 

elements that occurred simultaneously, with significant support and confidence, greater than 

80%. The meteorological conditions that contributed to the critical episodes of pollution were 

low temperature and humidity, low rainfall and milder wind associated with increased 

concentration of pollutants. As the classic association rules do not reflect the time dimension, 

this work implements and validates the ARMADA algorithm to: (i) search for patterns 

associated with time intervals to identify more frequent patterns and (ii) represent temporal 

relationships by association rules based on the patterns found. From the temporal association 

rules generated to evaluate the short-term relationship between critical pollution events, for the 

pollutants with the greatest influence on hospitalizations due to respiratory diseases. In the 



 

results, hospitalizations were recurrent in the transition from summer to colder periods. In 

approximately 35% of the total days with hospitalization greater than the annual average, one 

or more pollutants had a high concentration. The rules showed that the pollutants PM2.5, PM10 

and O3 are strongly associated with the increase of hospitalizations in the São Paulo city (PM2.5 

and PM10 with 38.5% support and 77% confidence), in Campinas (PM2.5 with 66.1% support 

and 94% confidence) and the pollutant O3 with maximum support of 17.5%. On the coast 

(Santos city), SO2 was related to high hospitalizations (43.85% support and 80% confidence). 

With the duration of each pattern, Allen's Interval Algebra (AIA) evaluated the temporal 

relationships and indicated in which intervals of days there was an increase in the number of 

hospitalizations and for how long they were sustained, as well as the effects on hospitalization 

after exposure. The most frequent and robust rules showed that exposure to high concentrations 

of PM2.5 and PM10 pollutants generated admissions on the same day and new admissions on the 

following days. The pollutants that caused the increase in hospitalizations remain for three days 

above the limits, oscillating in smaller hospitalizations on the 1st day and again higher on the 

2nd and 3rd days. At the same time, it shows that a lower concentration of all pollutants in the 

days following the pollution peak still maintains a high rate of hospitalizations. Therefore, the 

research is of broad interest because it investigates the population's exposure to air pollution in 

a large body of data, which reveals the spatial representativeness and temporal patterns of 

pollutants, as well as meteorological conditions unfavorable to the diffusion, in addition to 

implementing algorithms that explore data mining techniques by data clustering and association 

rules and evolve each one of them in the spatial and temporal approach, addressing original and 

reproducible experiments. 

 

Keywords: Air pollutants; Association Rules; Meteorological conditions; Temporal 

Association Rules; Respiratory diseases. 
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1. Introduction 

 

Air pollution is a threat to global health, responsible for more than 70% of all deaths in 

the world from causes directly related to high levels of pollution, equivalent to 41 million 

people, of which 85% in developing countries (NABIZADEH et al., 2019; CHEN and HOEK, 

2020; PRANATA et al., 2020; WHO, 2021; POLEZER et. al, 2022). The Pan American Health 

Organization (PAHO, 2018) states that air pollution is still a significant challenge for Brazilian 

cities and states, increasingly urbanized, responsible for high death rates annually. In urban 

centers, there are high-level emissions, which include land, air, and water transport sources, 

industry and power generation, and biomass burning, among others, which explain at least 40% 

of the emission of fine particulate matter (PM2.5) in six Brazilian states, including São Paulo 

(ANDRADE et al., 2012; CORÁ, LEIRIÃO, MIRAGLIA, 2020). 

Although it is known that the air quality in the metropolises presents high levels of 

pollution, the countryside of the State of São Paulo has stood out in the search for urgent 

containment measures, which reflects industrial sources specific areas, intense traffic points or 

more general sources, such as fires and burning of agricultural residues, with resuspension 

(SOUZA, SCUR, HILSDORF, 2018; POLEZER et. al, 2022). Squizatto et. al (2021) states that 

68% of the world's population lives in rural areas or small to medium-sized cities, impacted by 

distant sources of air pollution and Kawashima et al. (2020) demonstrate that for Brazil, 

atmospheric emissions from stationary sources play a fundamental role in the concentrations of 

atmospheric pollutants. 

The World Health Organization (WHO), in September 2021 established new Global Air 

Quality Guidelines (AQG) what became more restrictive regarding safe levels, with even lower 

pollutant concentration values. This is an important milestone, considering that the previous 

update took place in 2005. However, many countries establish different standards, generally 

below the set limits (WHO, 2021; SANTANA et al., 2021). In  the State of São Paulo, despite 

of the government implementing initiatives and setting targets to contain critical episodes of 

pollution, concentration levels still frequently exceed national limits (SÃO PAULO, 2013; 

CONAMA, 2018) and constantly international ones (WHO, 2021). 

In the literature, 92% of monitoring stations indicates concentrations above the annual 

averages for PM2.5 (CETESB, 2020; CORÁ, LEIRIÃO, MIRAGLIA, 2020). Abe and Miraglia 

(2018) report a reduction in the concentration of PM2.5, by approximately 25.45%, in the city 
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of São Paulo, from 2000 to 2011 due to actions to contain the increase in the automotive fleet. 

However, according to the Institute of Energy and Environment - IEMA is still above the 

recommended by the WHO in the last 22 years, mainly due to particulates (PM2.5 and PM10), 

O3, and NO2 (IEMA, 2022). Andrade et al. (2017) presented the evolution of pollutants in the 

RMSP (Metropolitan Region of São Paulo) over the last thirty years. They indicated a small 

reduction in primary pollutants, such as CO, NO, SO2, and PM10, but the biggest challenge is 

the control of pollutants O3 and PM2.5. 

The Environmental Company of the State of São Paulo - CETESB issues, daily, an air 

quality bulletin determined by the pollutant that has the highest daily concentration index, 

among the main atmospheric pollutants (WHO, 2021). However, the indices indicate when the 

concentrations reach a level where health is threatened. In a recent past, monitoring air quality 

was synonymous of managing it. However, management alone may not be enough. For the 

control and mitigation of high pollution levels, it is important to analyze the data at these levels, 

such as, for example, the analysis of pollutant levels that occurs simultaneously and the analysis 

of the relationship between pollutant emissions and diseases (GALVÃO et al., 2022). 

Most studies focus on microdata, focused on the local topography of some cities and 

few pollutants, and most places of political relevance or industrial complexity (BELLINGER 

et al., 2017; RYBARCZYK, ZALAKEVICIUTE, 2018; SOMPORNRATTANAPHAN et al., 

2020; BERGMANN et al., 2020). For this reason, this study considers most stations with 

automatic air monitoring by CETESB, which makes it more comprehensive, including less 

documented areas. With a multi-pollutant concentration analysis (PM10, PM2.5, NO2, SO2, O3 

and CO), which integrates the effects of one or more pollutants based on concentration, with 

spatial parameters of latitude and longitude, this study focuses on distribution and not just on 

concentration thresholds. 

Some studies apply statistical methods to interpret air pollutant data and probabilistic 

models (RYBARCZYK, ZALAKEVICIUTE, 2018; AMEER et al., 2019; REPRESA et al., 

2019; BERGMANN et al., 2020). For example, the Bayesian confidence interval was used in 

Thailand to assess the PM2.5 variation and road transport pollution from monitoring stations 

(THANGJAI et al., 2021). In China, the use of Poisson regression showed the association 

between lung cancer mortality and exposure to PM2.5, PM10, and NO2 together with the 

occurrence of some meteorological factors (CHUNG et al, 2021). 

The literature also indicates that data mining algorithms in atmospheric pollution 

generally treat time as a simple numerical attribute extracted from sequential data, ordered 
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linearly in time (KAM, FU, 2000; LAXMAN, SASTRY, 2006; WINARKO, RODDICK, 2007; 

MITSA, 2010). Few algorithms include time and space factors and consider time constraints 

and spatial relationships in extracting patterns in data intervals, making the execution more 

complex. Even so, some researchers have tried to adapt existing techniques for this (KAM, FU, 

2000; MITSA, 2010; SHAHEEN, SHAHBAZ, GUERGACHI, 2013). 

In addition to the lack of studies that take into account time and space factors in the 

analysis of pollutant data, most studies were carried out in the northern hemisphere, according 

to the systematic reviews by Bellinger et al. (2017) and Rybarczyk and Zalakeviciute (2018) 

and the least explored data mining techniques are data clustering (26%) and association rules 

(15%). Therefore, this study extends the existing literature by developing a temporal and spatial 

analysis and expands the application of the clustering techniques and association rules 

employed. 

Temporal data can be represented by events (occurrence in time), time series (events 

based on regular intervals), or time intervals (different durations and frequencies) (WANG, 

SMITH, HYNDMAN, 2006; MITSA, 2010; WANG et al., 2018). When we deal with facts that 

last for a period of time, instead of analyzing the data as an instantaneous occurrence in 

chronological order, we consider the temporality of the data in time intervals, which allows 

finding more meaningful patterns and a better understanding of the relationships between 

intervals but requires computational complexity to estimate the relevance of a pattern over time. 

Most works opt for data chained in univariate time series, such as the maximum daily 

concentrations of a pollutant (KAM, FU, 2000; WINARKO, RODDICK, 2007; RAJ, 

PRASAD, BALAKRISHNAN, 2022). 

The data clustering technique can be used to discover temporal patterns through the 

search for similarity in a given time interval, which allows for finding patterns of behavior in 

temporal series (KAM, FU, 2000; WINARKO, RODDICK, 2007; MITSA, 2010; 

AGHABOZORGI et al., 2015). In addition to the temporal aspect, the data mining technique 

by clustering allows viewing, by geolocation, in large data sets, via the use of spatial parameters 

such as latitude and longitude, the visual representation of the groups, which helps in 

understanding the characteristics of the groups data (HAN, KAMBER, PEI, 2011; AUSTIN et 

al., 2013; HUANG et al., 2015; AGHABOZORGI et al., 2015; JIN, HAN, 2017; ARCE et al., 

2018; AMATO et al., 2020; GOVENDER, SIVAKUMAR, 2020; XIAO et al., 2020; YAO et 

al., 2020). 
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Research carried out in Brazil (NODARI, SALDANHA, 2016; GUIDETTI, PEREDA, 

2018) and other countries that applied clustering techniques to the air pollution problem 

identified regions with similar air pollution patterns. In the USA, a survey grouped locations 

according to PM2.5 levels and obtained groups by regions with similar industrial activity in these 

regions (AUSTIN et al., 2013). In China, studies involving 13 sites with similar PM2.5 

concentration data resulted in the discovery of three groups: two with industrial activities and 

others with agricultural and tourist activities (HUANG et al., 2015). A work by ZOU et al. 

(2014), carried out with USA urban census data, was used to investigate the population's 

exposure to air pollution, considering age, race, educational level, and income. 

Therefore, in order to better understand the current situation of air pollution throughout 

the state of São Paulo, this work aimed to explore the data clustering technique (HAN, 

KAMBER, PEI, 2011; KWEDLO, 2011) to obtain spatial and temporal patterns of pollutants 

(PM10, PM2.5, NO2, SO2, O3 and CO), in groups with similar behaviors, involving stations with 

air quality monitoring throughout the State. Since previous studies are limited in exploring the 

spatial issue, the objective was reveal disparities in the spatial distribution of pollution 

throughout the territory, as well as the stations most impacted by each pollutant temporal 

variations. 

At the same time, studies report that the behavior of pollutants in the atmosphere does 

not depend only on emissions but on the combination of unfavorable meteorological and 

topographical conditions that promote the concentration or dispersion of pollutants and 

potentiate the effects of pollution on the environment's health (AMATO, 2020; FEISTEL, 

HELLMUTH, 2021; CHIQUETTO et al., 2022; LEIRIÃO et al., 2022; LIU, 2022; SOBRINHO 

et al., 2023).  In addition, there may be a contribution between cities through the long-distance 

transport of pollutants, which affects the climate, and the spread of pollution to neighboring 

regions (LI et al., 2017; NOGAROTTO, 2019; LIU et al., 2020; GALVÃO et al., 2022). 

In the literature, most studies that use hypothesis generation apply mining by association 

rules, seeking to identify items that co-occur in a wide variety of data. Association rules show 

elements that occur together in a transaction. For example, an association rule can be 

represented as it follows: [temperature above average, wind speed below average] → [PM10 

above average], with 98% support and 100% confidence (PAYUS et al., 2013; CAGLIERO et 

al., 2016; DU, VARDE, 2016; SOUZA, RABELO, 2016; BELLINGER et al., 2017; LI et al., 

2020). 
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Studies present results with the association rules technique, such as Souza and Rabelo 

(2016), who applied the method to identify a set of variables that frequently occur together: 

concentration of air pollutants and rates of respiratory problems in Curitiba, Brazil. Sadat, 

Karimipour, and Sadat (2014) explored, through association rules, the effect of air pollution on 

asthmatic allergies. The study indicated that the distance to parks and roads, as well as the 

concentrations of pollutants CO, PM10, PM2.5, and NO2, are related to the prevalence of allergies 

in the most polluted month of the year, while SO2 and O3 are not affected it. Du and Varde 

(2016) use association data mining algorithms, clustering, and classification to look for 

relationships between particulate matter, pollution, and vehicle traffic to make PM2.5 

predictions. 

The temporal behavior of the pollutants identified by applying the clustering technique 

points to the variation in the concentration of pollutants over the years, shows a recurrent 

pattern. This group analysis was used as input for the association rules to identify the co-

occurrence between critical pollution episodes and meteorological variables (air temperature, 

relative humidity, wind speed, rainfall index, and solar radiation global) predominant in the 

regions that were identified in the groups. 

Short-term and long-term exposure to pollutants can induce severe health damage. In 

the short term, respiratory diseases may aggravate (JIANG, MEI, FENG, 2016; CHEN, HOEK, 

2020), pre-existing cardiovascular diseases (PRANATA et al., 2020, BONT et al., 2022), and 

increased hospitalizations and emergency room visits. Cumulative and long-term exposure can 

aggravate chronic respiratory problems, cause cancer, and even cause the onset of diseases 

prematurely (SEINFELD, PANDIS, 2016; MACHIN, 2018; POLEZER et al., 2018; 

GONÇALVES et al., 2022; LEIRIÃO et al., 2020; WHO, 2021).  

Epidemiological studies have been performed to investigate pollutants specific effects 

on mortality and cardiorespiratory morbidity. Gomes, Lucio, and Spyrides (2013) pointed out 

a significant association between the increase in the number of hospitalizations for asthma in 

children in 27 municipalities in greater São Paulo and the exposure to PM concentrations and 

meteorological factors, using the probability distribution of Poisson and interchangeable type 

correlation matrix. Nguyen et al. (2018) proposed a method that builds a network structure to 

encode relationships between sets of frequent items and discover patterns in the form of 

temporal association rules (TARs), where the rule is a particular type of cancer treatment and 

its consequent a set of co-occurring toxicities. Wang et al. (2018) included a temporal 
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relationship between the various items in association rules with a frequent item set tree based 

on segmentation, discretization, and time series grouping.  

According to data from the State Department of Health of São Paulo, more than 25 

million people are exclusive users of the SUS, representing about 58% of the 43 million 

inhabitants of the State (MENDES, 2018). An economic impact on health is associated with air 

pollution in Brazilian metropolitan regions (MIRAGLIA, GOUVEIA, 2014). Even with a lot 

of data available on health systems, research with machine learning methods still requires 

analytical effort for extracting and interpreting indicators and difficulty in comparing them in 

time and space (RYBARCZYK, ZALAKEVICIUTE, 2018; AMEER et al., 2019; REPRESA 

et al., 2019; BERGMANN et al, 2020). 

This study implemented and validated the ARMADA algorithm (An algorithm for 

discovering richer relative temporal association rules from temporal data), the result of best 

practices already incorporated but tested only on synthetic datasets and little discussed in the 

literature. According to Winarko and Roddick (2007) and Mitsa (2010), it proved superior to 

the algorithms from which it was generated. It is more efficient for finding frequent temporal 

patterns in large databases, with time intervals of different durations and frequencies, allowing 

to find more meaningful patterns and a better understanding of the relationships between 

intervals and data. Among the few studies involving the ARMADA algorithm, Silveira et al. 

(2018) proposed a thematic space-time association rule extractor that uses concepts from the 

algorithm, but it is quite peculiar for analyzing time series of solar satellite images. João (2020) 

developed a new method for mining rules temporal associations involving continuous 

quantitative data. This work was used as an inspiration for the development of the current 

proposal. 

One of the contributions of this thesis is to employ temporal association rules for short-

term temporal analysis, in the co-occurrence between the concentration of multi-pollutants and 

hospitalizations for respiratory diseases. To obtain temporal association rules for multipollutant 

analysis (PM10, PM2.5, NO2, O3, SO2 and CO), the algorithm considers the temporality and 

duration of critical events of high concentrations (when the WHO concentration limits are 

outdated) and reveals, through time intervals, the behavior of the pollutants with the most 

significant influence on hospitalizations for respiratory diseases (CID-10). Allen's Interval 

Algebra (AIA) was applied to these temporal relations, which exposed the short-term relation 

between temporal rules. Three cities in São Paulo State with different topographic 
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characteristics were considered (metropolitan region, coastal, and inland) to assess whether the 

behavior is similar. 

 

1.1 General objective and specific goals 

 

The present work has the general objective of applying data mining techniques in order 

to discover patterns that relate the concentration levels of atmospheric pollutants with 

hospitalizations for respiratory diseases, taking into account the geolocation of the patterns and 

the time intervals in which the patterns happened. This objective can be systematized into 

specific goals highlighted below: 

 

1. Explore how the clustering technique can contribute to the discovery of spatial 

and temporal patterns of pollutants in cities in the State of São Paulo; 

2. Investigate, through association rules, considering the groups that present a high 

concentration of pollutants, co-occurrences between pollutant concentration, and 

meteorological variables in different regions;  

3. Design and implement an algorithm for extracting temporal association rules for 

multivariate series in search of frequent patterns, which include temporal intervals and their 

relationships; 

4. Analyze temporal rules that consider higher incidence multi-pollutants in the 

short-term relationship with the increase in hospitalizations for respiratory diseases, to track 

the behavior of evolutionary data in the discovery of patterns. 

 

1.2 Thesis organization 

 

The thesis was structured in an alternative format, as authorized by the Graduate 

Commission of the School of Technology of the University of Campinas. 

The work is organized into seven chapters to develop the proposed research. Chapter 1 

presents the introduction, contextualizing the subject, motivations, justifications, and research 

objectives. In the Chapter 2 are presented: the methodology employed, study site, data 

collection, exposition, and validation of the techniques in each experiment. In Chapters 3, 4, 

and 5, the articles resulting from the development of this research are arranged and organized 

according to the order of publication/submission, and, finally, in the Chapter 6, the conclusions 

of this research and future works.  
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2. Methodology 

The study was carried out in the State of São Paulo (Brazil), involving 36 municipalities 

monitored by 62 automatic stations from CETESB (QUALAR, 2021), 29 stations in the RMSP 

and 33 stations in the countryside of the State and Coast in the period from January 2017 to 

October 2021 (1st and 2st steps: from January 2017 to December 2019 and 3st step: from 

January 2017 to October 2021). Data were obtained from three public databases at different 

steps of the research: (i) CETESB (QUALAR, 2021) for historical data on concentrations of 

pollutants (PM10, PM2.5, NO2, SO2, CO, and O3) and meteorological variables (air temperature, 

relative air humidity, wind speed, and global solar radiation); (ii) National Center for 

Monitoring and Natural Disaster Alerts (CEMADEN, 2020) for the historical rainfall index of 

monitored cities and (iii) TABNET/TabWin System of the Department of Information 

Technology of the Brazilian Unified Health System (DATASUS, 2021) with data from Hospital 

Admission Authorizations (AIH). 

The proposed methodology and its evolution in three steps follow the processes 

presented in the scheme of Figure 2.1, which are discussed in detail in the following articles. 

Published articles 

• Chapter 3: 

GODOY, ARL; SILVA, AEA; BUENO, MC; POZZA, SA; COELHO, GP (2021). 

Application of machine learning algorithms to PM2.5 concentration analysis in the State of São 

Paulo, Brazil. Brazilian Journal of Environmental Sciences, 56, 152-165. 

DOI: 10.5327/Z21769478782 (Published: Mar 2021) 

• Chapter 4: 

GODOY, ARL, SILVA, AEA (2022). Spatial patterns and temporal variations of 

pollutants at 56 air quality monitoring stations in the State of São Paulo, Brazil. Environmental 

Monitoring and Assessment 194, 910. 

DOI: 10.1007/s10661-022-10600-z (Published: 18 October 2022) 

Article subject 

• Chapter 5: 

GODOY, ARL, SILVA, AEA (2023). Short-term relation between air pollutants and 

hospitalizations for respiratory diseases: analysis by temporal association rules. Air Quality, 

Atmosphere and Health (Submitted: January 2023). 
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Figure 2. 1 - Methodology Overview (1st and 2nd step): Data Clustering and Association Rules  
 

1st step: Clustering data mining implementation and analysis to discover frequent 

patterns of pollutants and their seasonal behavior. In the 1st article – chapter 3, the approach 

was applied experimentally only to the pollutant PM2.5 to consolidate the techniques. Then this 

approach was expanded considering the other pollutants PM10, NO2, SO2, O3, and CO, from 

January 2017 to December 2019, which allowed an extension of the concept of spatiality and 

exploring the temporality of the groups generated in the 2nd article, that is, studying the spatial 

distribution of pollutants in periods of a higher concentration, to find out if, at the same time in 

other places, there was an increase in the same pollutant. 

The basic clustering process consists of four main parts: dimensionality representation 

and reduction; similarity or distance measurement; clustering algorithm; and group evaluation 

(WANG et al., 2006; AGHABOZORGI et al., 2015). For similarity analysis, the K-medoids 

algorithm was implemented in the Python language, using open-source libraries specific for 

machine learning: Scikit-learn (PEDREGOSA et al., 2011), Pyclustering (NOVIKOV, 2019), 

Pandas (REBACK et al., 2020) and Geopy (KOSTYA, 2020). The method used as a decision 

criterion to determine the number of groups and assess their quality was the silhouette 

coefficient, which combines the concepts of cohesion and separation and consists of looking 

for the group with the highest silhouette value (KAUFMAN, ROUSSEEUW, 2005; MITSA, 

2010). 
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 The technique allows for identifying the behavior of the pollutants and knowing the 

groups formed for each one, focusing on the stations with the highest concentrations of 

pollutants (PM10, PM2.5, NO2, SO2, CO, and O3). The data obtained in this step allowed a 

seasonal analysis by pollutant, with similarities and variations between them and their groups. 

The groups are represented by geolocation through each monitoring station latitude and 

longitude parameters that reveal the geospatial distribution of pollutants in the State (GODOY 

et al. 2021; GODOY, SILVA, 2022a; GODOY, SILVA, 2022b). 

Clustering time series is an approach widely used as an experimental technique for other 

mining algorithms, such as rule discovery, feature selection, classification, indexing, and 

anomaly detection, among others (MITSA, 2010; HAN et al., 2011). Therefore, the grouping 

result served as an input for the application of association rules in the 2nd step of the research, 

considering the clustering of stations categorized as severely polluted in all pollutants PM10, 

PM2.5, CO, NO2, SO2, and O3. 

2nd step: Implementation and investigation by association rules of the relationship 

between pollutants and meteorological variables (Temperature - TEMP, Wind Speed - VV, 

Relative Humidity - RH, Global Solar Radiation - GSR, and Pluviometric Index - IP) and 

identification of which meteorological conditions most influence each pollutant. The periods 

and groups with the highest values of concentration of pollutants obtained in the analysis of the 

groups were considered. 

The process of searching for association rules was carried out in two phases. First, all 

possible combinations between attributes are considered to discover frequent itemsets with a 

minimum support value (minsup). Various rules are found at this step, but not all are interesting 

and useful. Then, rules that did not meet a minimum confidence threshold (minconf) were 

discarded (HAN et al., 2011; CASTRO, FERRARI, 2016). To obtain the association rules, the 

Apriori algorithm (AGRAWAL, IMIELINSKI, SWAMI, 1993) was used and implemented in 

the Python language using the "mlxtend” library (RASCHKA, 2018) and “Pandas” (REBACK 

et al., 2020). The suitability of the rule to evaluate the problem depends on the minimum support 

(minsup) and minimum confidence (minconf) values. Support and confidence value greater 

than 80% were considered. The proposal was to find all the patterns whose frequency was above 

a certain reliable limit of support and confidence. 

With the rules, it is possible to identify the prevailing meteorological conditions when 

there are high concentrations of each pollutant in different regions. In addition to analyzing 
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meteorological factors and pollutants, a summary of the most frequent meteorological 

conditions during the entire period was carried out cities (GODOY et al. 2021; GODOY, 

SILVA, 2022a; GODOY, SILVA, 2022b). 

Although exciting patterns have been identified, the Apriori algorithm is unsuitable for 

rule discovery over time intervals. As the temporality of data in intervals can present different 

durations and frequencies, which allows finding more significant patterns and a better 

understanding of the relationships between intervals (WINARKO, RODDICK 2007), research 

was carried out according to the 3rd step (Figure 2.2). 

 

Figure 2. 2 - Overview of the Methodology (3rd step): Search for frequent patterns in time 

intervals and daily Time Relations by rules. 

3rd step: Search for ideal techniques for exploring temporal data. Development and 

implementation of an algorithm that incorporates the mining of temporal association rules 

extending the ARMADA algorithm for temporal analysis of the impact on the number of 

hospitalizations for respiratory problems (CID-10: J00 to J99) from the frequent patterns due 

to the increase in air pollutants - PM10, PM2.5, NO2, SO2, O3 and CO. 

At this stage, the study considers three cities in the State of São Paulo, which from 

January 2017 to October 2021 had the highest air pollution rates and the highest number of 

pollutants monitored by CETESB (QUALAR, 2021), but with different topographic 

characteristics: São Paulo located in the RMSP - Metropolitan Region of São Paulo, the coastal 

city of Santos and the city of Campinas, in the countryside of the State. Although the city of 
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Campinas presents expressive vehicle sources in some regions and some metropolitan 

characteristics, the choice was due to the availability of data for the entire period. 

The ARMADA algorithm extends the MEMISP algorithm (MEMory Indexing for 

Sequential Pattern Mining) by Lin and Lee (2002), which explores frequent time patterns. 

MEMISP is the result of the combination of Apriori (AGRAWAL, IMIELINSKI, SWAMI, 

1993) and GSP (AGRAWAL, SRIKANT, 1994) algorithms, based on the candidate generation 

and testing methodology and also on the FP-Grow (HAN, KAMBER, 2006) and PrefixSpan 

algorithms (HAN, KAMBER, PEI, 2011) that uses pattern growth. Based on MEMISP, which 

proved to be superior to the GSP (Generalized Sequential Patterns) and PrefixSpan algorithms 

from which was generated, ARMADA is the result of the best practices already incorporated, 

influenced by algorithms from both methodologies (pattern growth and candidate generation 

and testing). 

Proposed by Winarko and Roddick (2007), ARMADA seeks to discover temporal 

patterns of data based on time intervals and generate temporal association rules. In tests on 

synthetic data sets, it proved superior to the algorithms from which was generated, and more 

efficient. For this research, the ARMADA algorithm was interpreted from its original proposal 

(WINARKO, RODDICK 2007) and implemented from its very generic pseudocode. The 

Python language was chosen due to its ease in handling unstructured data and scope of 

applicability. Open-source libraries, specific for machine learning, were also incorporated: 

Scikit -learn, Mlxtend, Pandas, Seaborn, Matplotlib, Apriori, Association_rules, and Numpy 

(PEDREGOSA et al., 2011; RASCHKA, 2018; REBACK et al., 2020). The specific objectives 

were: 

(i) Search for frequent patterns recursively, with the help of an index table, which 

associates each pattern with the start and end times and considers the state of each variable in 

identifying the pattern. To find the patterns, the algorithm identifies time points in which the 

continuous attributes (pollutants and/or hospitalizations) present a state or behavior of interest, 

defined as a pollutant concentration higher than the limit established by the WHO. 

The union of immediately neighboring time points allows the construction of time 

intervals. The algorithm employs notations proposed by Höppner (2001) that uses 

normalization of temporal patterns, having as reference the binary relations of Allen (1983). 

For this, the intervals are sorted according to their starting time points (b1, s1, f1), (b2, s2, f2), 

..., (bn, sn, fn), ... where bi ≤ bi +1 and bi < fi. Therefore, the sequential intervals are replaced 
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by a single gap for the pattern, resulting from the union of both, (min (bi, bj), s, max (fi, fj)). For 

a given period, the average pollutant concentration is considered the state <is>, represented by 

<01/01/2019, 25μg/m3, 03/01/2019>. 

(ii) Represent the daily temporal relationships by association rules based on the patterns 

found. The process starts with the database of time intervals, when a new pattern is identified, 

the counter starts (n=1) and increments (n=n+1) when locating the same pattern in other time 

gaps until it registers all occurrences of the same pattern. The process is repeated for all the 

most frequent patterns, forming temporal association rules. All generated rules' support and 

confidence values are calculated to select the most frequent (the highest support) and the 

strongest (the highest confidence). In this experiment, the objective is to seek the rules with the 

greatest support and confidence. 

Although temporal rules are sufficient to state which pollutants are associated with high 

hospitalization in different regions, a short-term analysis can still visualize the days and 

intervals in which each pattern occurred and the temporal relationships between them. The 

BEFORE applied Allen's Interval Algebra (AIA) and AFTER relations to describe the temporal 

relations. Such a contribution was not found in the literature and exposed the short-term 

relationship between temporal patterns. 

Although it is relevant to understand the behavior of pollutants in the period when there 

is a rise in hospitalizations, it is equally important to investigate the temporal association 

between hospitalizations and pollution levels in the days before and later. The algorithm 

provides a time constraint (maximum_gap) applied by selecting one of the temporal association 

rules, which considers only relationships between intervals that meet the predefined gap. In this 

study, the maximum_gap = 4 was adopted, which considers four days before the discharge 

period (gap=-1, gap=-2, gap=-3, gap=-4) and four days after (gap=1, gap =2, gap=3, gap=4). 

The gap choice considers the period suggested in other epidemiological studies (MATOS et al., 

2019; KHOSRAVI et al., 2020; NADALI et al., 2022). 

Thus, in this research, the mining techniques of Data Clustering with spatial extension, 

Association Rules, and Temporal Association Rules were implemented in real databases of 

concentrations of atmospheric pollutants and occurrence of meteorological factors. The 

development of the methodology is in the form of scientific articles presented in sections 3 to 

5 below, and the source code that comprises each step shown here is shared in a repository 

(https://github.com/angelalocateli) 
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3. Application of machine learning algorithms to PM2.5 

concentration analysis in the state of São Paulo, Brazil 

3.1 Introduction 

 

In the world population, nine out of 10 people breathe polluted air, according to the 

annual report of the World Health Organization (WHO). Every year, seven million people die 

worldwide by causes directly related to air pollution, but contamination levels remain high 

(WHO, 2019).  

According to the Environmental Company of São Paulo State (CETESB, 2019), the 

main air pollutants regulated by the National Environment Council (CONAMA) are: coarse 

inhalable particles (PM10), fine inhalable particles (PM2.5), carbon monoxide (CO), nitrogen 

dioxide (NO2), sulfur dioxide (SO2), ozone (O3), total suspended particles (TSP), smoke 

(SMO), and lead (Pb), the latter three being monitored only in specific situations. Studies on 

the effects of pollution on health (NODARI, SALDANHA, 2016; SEINFELD, PANDIS, 2016; 

MACHIN, NASCIMENTO, 2018; POLEZER et al., 2018) show that exposure to fine 

particulate matter (PM2.5) can cause respiratory problems and even premature deaths, since it 

penetrates deeply into the respiratory system, reaching the pulmonary alveoli and the 

bloodstream.  

Because it is associated with damage to human health and has impacts on climate and 

the environment, PM2.5 was chosen as the study object in this research. PM are particles 

suspended in the atmosphere, solid or liquid, which can be generated by several sources, in 

different sizes and compositions (ANDRADE et al., 2012; DIMITRIOU, 2016; QUALAR, 

2019). It is classified by its aerodynamic diameter (ad): particles with ad ≤ 2.5 μm are named 

PM2.5 (fine inhalable particulate matter) and those with 10 ≥ ad > 2.5 μm, as PM10 (coarse 

inhalable particulate matter). These pollutants can come from several sources, such as vehicles, 

industries, power plants, and fires in general. Despite the PM origin, it may be transported by 

air masses between cities, by atmospheric circulation (NOGAROTTO, 2019).  

Meteorological variables directly interfere with the concentration of atmospheric 

pollutants by controlling the dispersion process of substances that are toxic and carcinogenic or 

that potentiate harmful effects on the environment and health (YANAGI, ASSUNÇÃO, 

BARROZO, 2012). The relationship between pollutant concentration and meteorological 

variables such as: air temperature (TEMP), relative humidity (RH), wind speed (WS), wind 
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direction (WD), precipitation (PRE), atmospheric instability, and others that vary during the 

year is well known (GUERRA, MIRANDA, 2011). Given this relationship, studies such as the 

one by Bisht and Seeja (2018), in India, predict next-day air quality from the previous day’s 

pollutant concentration data (PM10, PM2.5, NO2, CO, and O3) and meteorological variables (RH, 

PRE, TEMP, WS, and WD), using regression models. Gonçalves et al. (2005), in a research 

study in the city of São Paulo, proved that during summer, hot and humid days favor the 

decrease of PM10, SO2, and O3 concentrations.  

In winter, air quality worsens, especially regarding PM and CO concentrations, since 

weather conditions in this season of the year are less favorable for their dispersion (SANTOS, 

CARVALHO, REBOITA, 2016; CETESB, 20; MORAES et al., 2019). Therefore, the 

interaction between atmospheric conditions and sources of pollution defines air quality, which 

in turn determines the emergence of adverse effects on people’s health. 

A study by Abe and Miraglia (2018) shows a reduction of about 25.45% in PM2.5 

concentration in the city of São Paulo from 2000 to 2011, due to actions to contain the increase 

in the automotive fleet. Typically, in metropolitan regions, motor vehicles are a major cause of 

air pollution. A study by Andrade et al. (2012) states that vehicle emissions, biomass burning, 

and fuel combustion in industries explain at least 40% of PM2.5 in six Brazilian states, including 

São Paulo.  

In addition to associating air pollutants with meteorological variables, it is also possible 

to establish a relation between the behaviors of different air pollutants. Moisan, Herrera and 

Clements (2018) reported an association between car pollution and firewood burning as regards 

CO concentration in the atmosphere, noting that 54% of PM2.5 concentration is composed of 

CO, which shows a direct relationship between these pollutants. They also found a strong 

negative correlation with the variables TEMP and WS, in addition to a positive relationship 

with RH. Saide et al. (2011) developed a CO forecasting system as a substitute for PM10 and 

PM2.5, identifying a high correlation (of above 0.95) between these pollutants in Santiago 

(Chile), during winter nights. Therefore, by predicting CO, an estimate of PM could be 

obtained. The greatest benefit of the study was its ability to predict critical episodes up to 48 

hours ahead. Reinhardt, Ottmar and Castilla (2011) observed that, in Brazil, the concentration 

levels of CO and particulate matter are correlated and that, during the burning season, CO levels 

in rural areas are comparable to those of urban centers, moderately polluted. 

Considering this scenario, it is important to investigate the behavior of pollutants, in 

particular PM2.5. Despite the fact that the problem is widely discussed in various spheres of the 
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scientific community, the literature lacks studies whose assessment uses artificial intelligence 

techniques and involves knowledge about the associations between pollutants, and their effects 

on air quality (AMEER et al., 2019). The analysis of pollution by PM2.5 throughout the state of 

São Paulo is considered a zoning problem, zoning being the discovery of different regions with 

similar characteristics. Data clustering technique is a prominent method for recognizing new 

patterns, and it is applied in exploratory data analysis. It is a suitable solution when searching 

for similar patterns and behaviors in different regions, which leads to the discovery of 

previously unknown clusters (HAN, KAMBER, PEI, 2011; KWEDLO, 2011). 

Research carried out in Brazil (NODARI, SALDANHA, 2016; GUIDETTI, PEREDA, 

2018) and in other countries which applied clustering techniques identified regions with similar 

patterns of air pollution. A study in China (XIAO et al., 2020) performed cluster analysis to 

measure similarities in the characteristics of industrial emissions from 31 companies in different 

regions; results showed that pollution characteristics were similar for companies in the same 

cluster, which contributed to the development of specific measures for pollution control. Also 

in China, studies involving 13 sites with similar PM2.5 concentration data resulted in the 

discovery of three clusters: two of industrial activities and another of agricultural and tourist 

activities (HUANG et al., 2015).  

In the United States, a research study clustered locations according to PM2.5 levels and 

obtained clusters by regions with similar industrial activity (AUSTIN et al., 2013). The study 

by Zou et al. (2014), conducted with data from the U.S. urban census, was used to investigate 

the population’s exposure to air pollution, considering age, race, education level, and income. 

By applying a spatial clustering method, it was possible to show disparities in the spatial 

distribution of exposure to pollution throughout the territory.  

Alternatively, clustering technique is also used as a preprocessing step for selecting 

attributes or applying other data mining algorithms. An example is the study by Du and Varde 

(2016), which applies association rules, clustering, and classification to identify relationships 

between particulate matter, pollution, and road traffic.  

Another way to extract knowledge is by discovering relationships between different 

attributes in the database; the association rule algorithm has been efficient in this sense, given 

its applicability in several scenarios, such as the context of air pollution (AGRAWAL, 

SRIKANT, 1994; NEIROTTI et al., 2014). Association rules also contribute to discovering 

unexpected rules with a high degree of interest in the context in which they are inserted. In our 

study, association rules looked for relationships between the behavior of PM2.5 and 
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meteorological variables, in the different clusters identified in the clustering step. They also 

attempted to verify whether PM2.5 and CO were related. 

Li et al. (2020) proposed, by using association rules, the analysis of data from various 

air monitoring stations in China and micro stations in the USA, considering the uneven 

distribution of environmental monitoring data and the characteristics of climate change, and 

obtained a correlation between pollutants which provides support for the treatment and 

prevention of air pollution. Souza and Rabelo (2016) applied association rules to identify a set 

of variables that often occur together: air pollutant concentrations and rates of respiratory 

problems. Sadat, Karimipour and Sadat (2014) explored, by association rules, the effect of air 

pollution on asthmatic allergies, indicating that distance from parks and roads, as well as 

pollutant concentrations of CO, PM10, PM2.5, and NO2, are related to the prevalence of allergies 

in the most polluted month of the year, while SO2 and O3 have no effect on it. 

This article proposes a data mining approach to analyze the air quality monitoring 

database provided by CETESB, between 2017 and 2019. Such analysis was carried out by 

applying machine learning techniques on two fronts:  

• using the partitional clustering algorithm (K-medoids) to form clusters, based on 

the PM2.5 concentrations of 21 stations in the state of São Paulo;  

• applying the association rules algorithm (Apriori) to discover possible 

associations between meteorological variables that affect the increase in PM2.5 concentration 

and investigate the seasonal relationship between PM2.5 and CO.  

These studies can generate knowledge that contributes to the management of air quality 

and provides information for an assessment of its impact on health and the environment.  

 

3.2 Data and Methods 
 

The methodology used in this study will be presented as follows: (i) a presentation of 

the places where the air pollution data were collected and how they were preprocessed so as to 

be used by machine learning algorithms; (ii) an explanation of clustering algorithms and 

association rules, as well as their respective validation metrics. 

 

3.2.1 Study site 

Diagnosis of air quality in the state of São Paulo is made by the network of monitoring 

stations of CETESB, which informs pollution concentrations, generating an air quality index 

that ranges between good, moderate, bad, very bad, and terrible. These scenarios are important 
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in reporting the compliance with air quality standards set by law and making it possible to 

determine when these levels represent significant risks to human health. 

Assessment is carried out based on the state’s air quality standards (Table 3.1) 

established by State Decree no. 59,113 (SÃO PAULO, 2013) and by CONAMA Resolution no. 

491 (BRAZIL, 2018). The national and state standards, both for air quality and critical episodes, 

are virtually the same. 

 

Table 3. 1 - Comparison of international (WHO), national (CONAMA 491/2018), and state 

(State Decree 59,113/2013) air quality standards for PM2.5. 

Quality Standards 24 hours1 AAA2 

WHO Standards 25 10 

IT 1 (µg/m3)3 604 204 

IT 2 (µg/m3)3 50 17 

IT 3 (µg/m3)3 37 15 

Final Standards (µg/m3) 3 25 10 
 

 

Note: 1Average of 24 consecutive hours of sampling (should not exceed more than once a year); 2annual 

arithmetic average; 3national standards; 4state standards; IT: intermediate targets; WHO: World Health 

Organization; CONAMA: National Environment Council; AAA: annual arithmetic average. Source: 

adapted from WHO (2019), Brazil (2018), and São Paulo (2013). 
 

Both the CONAMA Resolution and the State Decree define intermediate targets (IT) so 

that air pollution is gradually reduced based on the guidelines proposed by WHO. It can be 

observed (Table 3.1) that national values are well above the international quality standard. 

To analyze the behavior of PM2.5 in different areas of the state of São Paulo, we obtained 

data from all cities that have stations with pollutant monitoring. Altogether, there are 21 

stations, listed in Table 3.2 along with their geolocation (Figure 3.1). 

 

  

Figure 3. 1 - (A) Map of location of the automatic PM2.5 monitoring stations in the state of São 

Paulo and (B) PM2.5 monitoring stations in the Metropolitan Region of São Paulo (RMSP). 

 

(A) (B) 
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Table 3. 2 - Cities and stations with PM2.5 monitoring in the state of São Paulo.  

City Station 

Campinas Vila União 

Guarulhos Paço Municipal 

Guarulhos Pimentas 

Osasco Vila Quitaúna 

Piracicaba Campus FUMEP* 

Ribeirão Preto Parque Ecológico Maurílio Biaggi 

Santos Ponta da Praia 

São Bernardo do Campo Centro 

São José dos Campos Jd. Satélite 

São José do Rio Preto Campo Atletismo Eldorado 

São Paulo 

Cidade Universitária (USP)** 

Congonhas 

Grajau (Parelheiros) 

Ibirapuera 

Itaim Paulista 

Marginal Tietê (Ponte dos Remédios) 

Parque D. Pedro II 

Pico do Jaraguá (Serra da Cantareira) 

Pinheiros 

Santana 

Taubaté Parque Municipal “Eng. César A. C. Varejão” 
 

Note: * FUMEP: Fundação Municipal de Ensino de Piracicaba; ** USP: Universidade de São Paulo. 

 

3.2.2 Database and preprocessing 

The first database was obtained from the CETESB website, by the Air Quality platform 

(QUALAR, 2019), which contains data collected by automatic monitoring stations. Data on 

monthly average PM2.5 concentration from January 1st 2017 to December 31st 2019 were used. 

They generated a set of 21 records (stations) and 36 columns (months) representing the three-

year period.  

On this first basis, preprocessing was carried out to identify months with missing values 

in PM2.5 monitoring. To perform the study of time series, all values must be completed 

(CASTRO, FERRARI, 2016). Where values were missing in a given month, the last and next 

technique was adopted, which obtains an average between the previous and the next value of 

the missing attribute (PLAIA, BONDI, 2006), that is, when there is a missing value, it is 

replaced by the average between the previous and the next month. 

In addition, the data were standardized using the Z-score technique, which modifies the 

original values for them to have an average of 0 and a standard deviation of 1, resulting in 
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values that will be compared under the same scale (HAN, KAMBER, 2006; MITSA, 2010; 

BATISTA, CHIAVEGATTO, 2019). 

To build the second database, used in the step of association rules extraction, we verified 

the stations that monitor PM2.5 and that also provide monthly averages of the following 

meteorological variables: RH, TEMP, WS, in addition to CO concentration (QUALAR, 2019) 

between 2017 and 2019. Of the 21 stations whose data were obtained for the first database, 

seven met this new criterion (Table 3.3).  

 

Table 3. 3 - Example of the representation of the database in the month of July 2018, relating 

the stations that monitor PM2.5 with meteorological variables TEMP, RH, WS, and CO 

concentration. The numerical values were transformed into a category, which may be hig 

higher or lower than the average. 

 

 Station TEMP RH WS CO 

0 Parque D. Pedro II Below Average Below Average Below Average Above Average 

1 Pinheiros Below Average Below Average Below Average Above Average 

2 Marg. Tietê-Pte Below Average Below Average Below Average Above Average 

3 S. Bernardo-Centro Below Average Above Average Below Average Above Average 

4 Guarulhos-Pimentas Below Average Below Average Below Average Above Average 

5 S. José Campos - Jd Below Average Below Average Below Average Above Average 

6 Taubaté Below Average Below Average Below Average Above Average 

7 Ribeirão Preto Below Average Below Average Below Average Above Average 
 

Note: TEMP: temperature; RH: relative humidity; WS: Wind speed. 

 

For this new dataset, all data must be categorical, since this is a restriction of the Apriori 

algorithm. Thus, each monthly average value was classified according to two categories: lower 

or higher than the annual average (from each of the years) value of its respective meteorological 

variable or CO concentration. Table 3.3 represents an excerpt from the database, referring to 

the month of July 2018.  

The algorithms applied in this study follow the unsupervised approach of machine 

learning, divided into two steps: (i) application of the partitional clustering algorithm (K-

medoids); (ii) association rules (Apriori). The next sections discuss these algorithms. 

 

3.2.3 Data Clustering Technique 

Clustering algorithms can be either partitional or hierarchical. Their ability to cluster 

data based on intrinsic characteristics of the problem makes them interesting for studies. Such 
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algorithms generate clusters formed by data samples that are similar to each other, according to 

some measure of similarity. Assuming, for example, a problem of clustering cities by the level 

of air quality, the clustering algorithms will map the cities and return clusters composed of those 

with similar pollution behavior. Within the cluster of partitional algorithms, the most common 

are K-means and K-medoids (JIN, HAN, 2017). The K-medoids algorithm uses objects from 

the database as the center of the clusters, called medoids, which have the lowest average 

dissimilarity compared to all other objects in the cluster. In the case of K-means, the centers of 

the clusters are calculated according to the average value of the objects in that cluster. In this 

case, outliers from the database can influence the formation of the clusters, since they contribute 

to the calculation of the central values of each cluster. This type of problem does not happen in 

the K-medoids algorithm, since the medoids correspond to real samples of the data and not 

averages (HAN, KAMBER, 2006), that is, the medoids are an element of the cluster itself and 

not a midpoint as occurs in K-means, which makes it less sensitive to outliers. 

Both algorithms (K-means and K-medoids) were implemented in Python, using the 

open-source Scikit-Learn and PyClustering libraries, specific for machine learning 

(PEDREGOSA et al., 2011). 

To assess the quality of the clustering between the K-medoids and K-means algorithms, 

the silhouette coefficient was applied (KAUFMAN, ROUSSEEUW, 2005) to the results 

obtained by each algorithm. This coefficient measures the robustness of the partitions, helping 

to select the number of clusters, considering the internal similarity and external dissimilarity 

between them, that is, it combines cohesion (measures how well an element is within a cluster) 

and separation (measures how much the clusters are separated from each other). For example, 

supposing that the clustering algorithm returns two clusters, as in the previous example, the 

silhouette coefficient will verify whether all the elements of Cluster 1 are similar to each other 

and different from the elements of Cluster 2. An expected behavior would be that this 

hypothetical Cluster 1 would include cities with a high concentration of one pollutant and 

Cluster 2, cities with a low concentration of the same pollutant. Therefore, Cluster 1 and Cluster 

2 would be cohesive, since they would have cities that show the same behavior, and also 

separated from each other for presenting an entirely different pattern.  

The average value of the silhouette coefficient must be between -1 and 1, representing 

how well the clusters were formed. The ideal values are positive, with a silhouette coefficient 

close to 1. Equation 3.1 represents the average Silhouette calculation (𝑆𝑝). 

 

(

1
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𝑆𝑝 =∑
𝑠(𝑥𝑖)

𝑛

𝑛

1

 

Where: 

𝑛 = the number of objects in the database and the individual value of the silhouette coefficient 

of element xi, given by 𝑠(𝑥𝑖), obtained by Equation 3.2:  

𝑠(𝑥𝑖) =
(𝑏(𝑥𝑖) − 𝑎(𝑥𝑖))

𝑚𝑎𝑥⁡{𝑎(𝑥𝑖), 𝑏(𝑥𝑖)}
 

Where: 

the values 𝑎(𝑥𝑖) and 𝑏(𝑥𝑖) = respectively, the average distance between 𝑥𝑖 and all the objects 

in its cluster and the average distance of 𝑥𝑖 to another cluster to which 𝑥𝑖 does not belong. 

 The silhouette coefficient was also the evaluation metric chosen to determine which of 

the two algorithms (K-means and K-medoids) would be used in this study. Therefore, the 

database of monthly PM2.5 averages was used, and the two algorithms were applied to carry out 

this evaluation. The one that presented the best silhouette result was adopted for the clustering 

of stations. This experiment is presented in the Results section. 

 

3.2.4 Association Rules 

 

The Apriori Association Rules algorithm aims to find frequent relationships in the 

datasets, that is, to generate rules of type X → Y, for which X and Y are items that belong to 

this dataset (AGRAWAL, SRIKANT, 1994). To analyze the possible patterns found in the 

months with the highest concentration of PM2.5, the Apriori Association Rules algorithm was 

applied to find a subset of frequent parameters related to the database of PM2.5. 

The Apriori algorithm searches, from a transactional basis, which items are related. For 

example, in a hypothetical database that records the monthly values of the concentration of air 

pollutants and the number of hospital visits involving respiratory diseases, the association rules 

may return {PM2.5, PM10} → {increase in visits}, indicating that a high concentration of 

pollutants PM2.5 and PM10, causes, with a degree of certainty, an increase in hospital visits. This 

degree of certainty that measures the relevance and validation of the rules is provided by: 

support and confidence. Given the rule X → Y, the support (or coverage of the rule) represents 

the percentage of transactions in the database that contain the items of X and Y, indicating its 

relevance (CASTRO, FERRARI, 2016). The confidence or accuracy of a rule, in turn, 

corresponds to the number of rules in which the consequent (term after the →) of a rule appears 

(

2

) 

(3.1) 

(3.2) 
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in transactions in which the antecedent (term(s) preceding →) is also observed, that is, it is the 

conditional probability P(Y|X) that given the consequent X of the rule, the antecedent Y also 

happens (MUELLER, 1995). In this study, the Apriori algorithm was implemented in Python, 

using the “mlxtend” library. 

 

3.3 Results and Discussion 

 

In the experiment to choose the clustering algorithm, the silhouette coefficient was used 

as the decision criterion, as it is a measure of quality for the entire structure of the partition. It 

was also used to choose the number of clusters (k), and, for this, 20 different cluster sizes, 

related to the number of cities, were tested. 

After 100 executions of the K-medoids algorithm, applied to the database of monthly 

averages of PM2.5 concentration between 2017 and 2019, the average silhouette coefficient 

found was 0.26, while for the K-means algorithm, the average value was 0.28. Considering that 

the silhouette value can vary between -1 to 1, both algorithms presented significant and very 

close mean silhouette values, but the k-medoids algorithm was selected for being is capable of 

handling outliers. 

Figure 3.2 shows the relationship between the silhouette coefficient value corresponding 

to the number k of clusters. The best value corresponds to k = 2. Thus, the K-medoids algorithm 

was applied to obtain two clusters from the set of stations in the state of São Paulo, with PM2.5 

monitoring, and the clustering results were subsequently analyzed, on the x-axis of figure 3.2 - 

number of clusters. 

 
Figure 3. 2 - Number of clusters (k) per silhouette coefficient value, obtained from the K-

medoids algorithm, applied to the database of monthly averages of PM2.5 concentration, 

between 2017 and 2019. 
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As a result of applying the K-medoids algorithm to the data, with a value of k = 2, the 

stations were divided into Clusters 1 and 2, shown in Table 3.4. 

 

Table 3. 4 - List of monitoring stations per clusters and their annual averages (2017 to 2019) of 

PM2.5 concentration.  

 

Monitoring stations 
Monthly Averages of PM2.5 

Concentration 

Cluster 1 2017 2018 2019 

Osasco 28.29 21.50 20.83 

São Paulo – Marginal Tietê (Pte. Remédios) 19.50 19.92 20.00 

Guarulhos – Paço Municipal 18.50 16.92 15.00 

São Paulo – Santana 17.92 16.25 16.33 

Guarulhos – Pimentas 17.83 21.08 19.75 

São Paulo – Congonhas 17.83 18.42 17.67 

São Paulo – Itaim Paulista 17.25 18.50 18.50 

Campinas – Vila União 17.08 15.83 19.17 

São Paulo – Grajau (Parelheiros) 17.00 18.67 16.92 

São Paulo – Parque D. Pedro II 16.75 17.42 17.17 

São Bernardo do Campo – Centro 16.17 16.00 16.17 

São Paulo – Cidade Universitária (USP) 15.92 16.00 15.00 

Santos – Ponta da Praia 15.58 14.08 14.42 

São Paulo – Pinheiros 14.48 16.33 16.54 

São Paulo – Pico do Jaraguá (Serra da Cantareira) 12.58 15.13 15.50 

Cluster 2 2017 2018 2019 

São Paulo – Ibirapuera 15.75 14.83 13.08 

São José do Rio Preto 15.75 14.42 14.83 

Taubaté 13.08 11.08 11.08 

Ribeirão Preto 13.00 13.58 14.00 

Piracicaba 12.67 13.33 13.00 

São José dos Campos – Jd. Satélite 12.00 11.67 11.08 

 

In the analyzed period, for all the stations monitored, the average annual concentrations 

of PM2.5 were 16.43 μg/m3 (standard deviation 6.45 μg/m3) in 2017, 16.24 μg/m3 (standard 

deviation 6.42 μg/m3) in 2018, and 16 μg/m3 (standard deviation 5.04 μg/m3) in 2019, exceeding 

the annual threshold of 10 μg/m³ established by WHO in all periods; note that the standard 

deviation remained constant in 2017 and 2018, and decreased in 2019. Analyzing each cluster, 

we can see differences: 

● Cluster 1: 15 stations located mostly in metropolitan regions, more specifically in 

cities with an average annual global PM2.5 concentration of 17.42 μg/m3 and standard deviation 

of 4.72 μg/m3; 
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● Cluster 2: 6 stations located in cities with relatively lower indexes, with an average 

annual global PM2.5 concentration of 13.4 μg/m3 and standard deviation of 4.83 μg/m3. 

 

Figure 3.3 shows that, between 2017 and 2019, higher concentrations of PM2.5 

predominate in Cluster 1 compared to Cluster 2, since the former consists of stations located in 

the Metropolitan Region of São Paulo (RMSP), as found in other studies (AUSTIN et al., 2013; 

HUANG et al., 2015). There is also a seasonal trend in the evolution of pollutant concentration 

and monthly peaks for both clusters in the same periods, suggesting a recurring pattern in the 

three years. Despite the similarity in seasonal behavior throughout the period, it is clear that in 

2017 the month of greatest concentration is September, in 2018 it is July, and in 2019, June. In 

2017, the peak concentration of the pollutant was lower than the peak in 2018, while in 2019, 

the PM2.5 concentration level was below the one observed in previous years. 
 

 

 
 

Figure 3. 3 - Comparison of the monthly averages of PM2.5 concentrations (μg/m3) between 

2017 and 2019, in the cities of the state of São Paulo, with Cluster 1 being characterized mostly 

by the RMSP and Cluster 2, by inland cities.  

 

These cycles may be related to meteorological phenomena that have taken place over 

the period, which coincide with the data from CETESB’s annual reports (CETESB, 2019), also 

identified in the literature (BISHT, SEEJA, 2018; LI et al., 2020), and which were analyzed 

with the association rules algorithm (Apriori).  
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Figure 3.4 was generated for a better assessment of the physical proximity between the 

stations in the clusters, showing the geographical location of the stations in each cluster. 

Clusters 1 and 2 were identified by the colors red and blue, respectively, in Figures 3.4(A) and 

3.4(B). 

  

  

Figure 3. 4 - (A) Visualization by geolocation of the clusters, created by the K-medoids 

algorithm; (B) proximity of the elements of Cluster 1 on the map. Cluster 1 in red and Cluster 

2 in blue.  

 

The analysis on the map shows that most of the PM2.5 monitoring stations present in 

Cluster 1 are in the Metropolitan Regions (RM) of São Paulo, Campinas, and Baixada Santista. 

Except for the Campinas region, which is also influenced by fires, the main source of pollutants 

in these RMs is fuel burning by the vehicle fleet and intense industrial emissions (YANAGI, 

ASSUNÇÃO, BARROZO, 2012; HUANG et al., 2015; CARDOSO et al., 2017). The stations 

with lower concentrations, represented by Cluster 2, are located further inland in the state and 

are more distant from each other, except for Ibirapuera station, which, despite being located in 

the city of São Paulo, is farther from intense traffic routes and the afforestation mitigates the 

effects of pollution. 

Comparing the results obtained, there is a correspondence between the clusters 

generated and other studies that investigate air pollution by PM2.5 in the state of São Paulo: 

Araújo and Rosário (2020) identified from satellite data that the most polluted regions in the 

state are the RMs of São Paulo, Campinas, and Baixada Santista. 

The analysis of the average monthly variation of PM2.5 concentration in Clusters 1 and 

2 indicates differences in pollutant concentrations between the two clusters, as can be seen in 

(

b

) 

(

a

) 

(A) (B) 
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the boxplots in Figure 3.5. However, the interquartile ranges and maximum values 

(disregarding outliers) are similar. 

 

Figure 3. 5 - Boxplots of Clusters 1 and 2, formed by the monthly averages of PM2.5, between 

2017 and 2019.  

Table 3.5 shows that, in 2017, the PM2.5 concentration level increased from May to 

October, with a peak of about 29.8 μg/m3 in September. Likewise, in 2018, the increase 

occurred from March to September, with a peak of 32.4 μg/m3 in July, indicating an increase 

in the pollutant that year. The same behavior was repeated in 2019, from April to October, with 

a peak of 23.7 μg/m3 in June, but with a reduction in the pollutant concentration. 

Studies show that meteorological factors such as TEMP, reduction in RH, and WS can 

impair the dispersion of PM2.5, increasing health-related risks (INPE, 2019; CETESB, 2019). 

The studies by Santos, Carvalho and Reboita (2016) and Santos et al. (2019) confirm a 

significant difference between the concentration of PM2.5 in dry and rainy periods, indicating 

the association between meteorological parameters and the pollutant. 

 To assess such a relationship, data of the months with the highest peaks (Figure 

3.3 and Table 3.5), that is, September 2017, July 2018, and June 2019, were collected from the 

transactional base (containing the PM2.5 concentration values for each station and the behavior 

of the meteorological variables) and submitted to the Apriori association rule algorithm. With 

that, we tried to find out which factors were more frequent in the three periods and how these 

meteorological factors were related.  

In the first run of Apriori, using September 2017 data, nine association rules were 

obtained, seven of which were repeated, that is, rules that had the same meaning. This takes 

place because the algorithm analyzes all the possibilities between the items. Therefore, the two 

main rules for this period are shown in Table 3.6. Support corresponds to the frequency with 



45 

which the patterns occur throughout the database, indicating the percentage of occurrence of 

the transactions. Confidence measures the “strength” of rules, that is, it assesses whether 

transactions that satisfy the antecedent of the rules also satisfy their consequent. The rules that 

meet support and confidence are called “strong rules.” 

 

Table 3. 5 - Monthly averages of PM2.5 by clusters of stations and standard deviation of the 

clusters (in μg/m3), between 2017 and 2019. The highlighted months are the periods of greatest 

pollutant concentration in the three years, with emphasis on the peak months September/2017, 

July/2018, and June/2019.  

 

Clusters Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec 

 2017 

Cluster 1 (C1) 14.1 16.4 13.6 13.5 17.1 19.6 21.5 20.6 29.5 17.3 13.2 13.7 

Standard deviation 5.8 5.4 5.4 5.5 4.5 4.3 4.3 2.6 5.0 3.0 2.1 1.6 

Cluster 2 (C2) 7.7 9.7 8.7 10.0 13.0 15.3 16.8 19.7 28.0 16.3 9.8 9.5 

Standard deviation  1.6 2.1 1.5 1.3 1.5 1.5 2.5 3.7 5.6 4.1 1.9 2.3 

 2018 

Cluster 1 (C1) 12.2 11.4 15.7 17.8 20.2 23.8 32.2 16.2 17.3 13.4 12.5 17.0 

Standard deviation  1.5 1.5 2.1 3.2 3.1 4.9 6.3 2.2 2.1 1.4 1.9 4.8 

Cluster 2 (C2) 8.3 8.7 10.8 13.0 16.2 17.7 24.8 13.3 16.2 10.5 8.2 10.2 

Standard deviation  1.9 1.2 2.1 2.1 1.8 2.4 4.4 2.6 3.5 1.4 1.2 1.0 

 2019 

Cluster 1 (C1) 15.9 13.7 12.8 17.3 18.9 23.7 23.0 18.9 19.5 17.5 13.0 13.1 

Standard deviation 2.2 3.0 1.5 2.0 3.3 4.7 4.9 3.5 3.6 2.6 2.1 1.9 

Cluster 2 (C2) 10.0 8.5 8.2 12.3 13.5 15.8 17.0 15.7 20.2 14.3 9.7 9.0 

Standard deviation 1.1 0.5 0.4 0.5 1.9 2.0 1.5 3.5 6.8 3.3 1.4 1.5 
 

 

It can be concluded that, for the peak month of 2017, starting from Rule 1, a high 

concentration of PM2.5, below-average RH, and above average CO concentration occur together 

with a frequency of 85%. This rule also informs that, when the concentration of CO is above 

the average, RH is below the average with a certainty of 100%. For Rule 2, at the peaks of PM2.5 

concentration, the factors that occur together with a 75% frequency are above average CO and 

above average TEMP. Regarding confidence, when CO is above average, temperature is above 

average with a certainty of 100%. In the second run of Apriori, July 2018 data were used, and 

44 rules were obtained, and the three not repeated rules with greater support and confidence 

were chosen for analysis (Table 3.6).  

For the high concentration of PM2.5 in July 2018, Rule 1 identifies the following factors: 

below-average TEMP and below-average WS occur together with 100% frequency in the 

database. For Rule 2, the frequency of occurrence of the two factors is 87% and the probability 
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of low WS given the occurrence of below-average RH is 100%. For Rule 3, three factors appear 

together with a frequency of 87% and 100% confidence, indicating that whenever the 

temperature becomes predominantly colder, the CO concentration increases and WS is below 

average, signaling that in colder seasons there is an increase in CO concentration, stimulated 

by the low dispersion of this pollutant. 

 

Table 3. 6 - Rules obtained by the Apriori algorithm and its respective Support and Confidence 

parameters*.  

 

September 2017 

Rules (Antecedent → Consequent) Support Confidence 

Rule 1. (Below-average RH) → (Above-average CO) 85% 100% 

Rule 2. (Above-average TEMP) → (Above-average CO) 75% 100% 

July 2018 

Rule 1. Below-average TEMP → Below-average WS 100% 100% 

Rule 2. Below-average RH → Below-average WS 87% 100% 

Rule 3: Above-average CO and below-average WS → Below 

average TEMP 

87% 100% 

June 2019 

Rule 1. Below-average TEMP → Below-average RH 62% 83% 

Rule 2. Below-average WS → Below-average RH 50% 100% 
 

Note: *Annual averages for each meteorological variable; RH: relative humidity; TEMP: temperature; 

WS: Wind speed. 

 

In the last Apriori execution, June 2019 data were used, and nine rules were obtained, 

two of which were the most representative (Table 3.6). The identified rules were similar to the 

rules of the previous year, with the predominant variables TEMP, RH, and WS below the 

average. Also, the months of high concentrations tend to be close from one year to the next. 

According to the winter report of CETESB (2020), the winter of 2019 presented a 

predominance of a hot and dry air mass throughout the state of São Paulo, with low ventilation 

and absence of rains, making it difficult to disperse pollutants, which corroborates the rules 

obtained for 2019. 

Considering that the periods with the highest concentration of PM2.5 are the ones that 

present the greatest risk to the population and that meteorological factors have an influence on 

the increase in pollutant concentration, the rules presented in Table 3.6 could give warning 

indications for the increase in pollutant concentration. In Brazil, the studies by César et al. 

(2016), and Machin and Nascimento (2018) show the influence of the 5 μg/m3 increase in the 
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concentrations of PM2.5, resulting in increases between 20 and 38% in the risk of hospitalization 

due to pulmonary complications.  

Thus, we can conclude that when the concentration of PM2.5 increases, the 

measurements show the following behaviors: low RH and above-average TEMP. The results 

also indicate that high concentrations of PM2.5 may be associated with below average TEMP, 

milder WS, and below-average RH. We observed an increase in CO, which suggests an 

association with the behavior of PM2.5 in the winter months, also reported by Moisan, Herrera 

and Clements (2018) and Saide et al. (2011). 

 

3.4 Conclusions 

 

The analysis of PM2.5 carried out in this study was done by the application of a clustering 

algorithm, which divided the values of measurements of PM2.5 concentrations from 21 

monitored stations, distributed over 36 months, between 2017 and 2019.  

The experiments showed that the formation of two clusters is the most adequate. The 

results show that the stations belonging to the identified clusters have specific characteristics 

that lead to different pollution rates. The municipalities of the RMSP stand out as those with 

the highest concentration of PM2.5, but cities inland, with a predominance of industrial and 

vehicular emissions, join these municipalities, forming one of the clusters. The stations of the 

other cluster, installed in less polluted locations, are in cities further inland, far from sources of 

pollution such as vehicle emissions and industrial processes.  

Two very characteristic clusters were formed, with variations in pollutant concentration 

that followed a pattern throughout each year. A seasonal behavior was observed in the temporal 

study, which is repeated in every period, in both clusters. There is a higher incidence of PM2.5 

in winter, which peaked (September 2017, July 2018, and June 2019) in critical months, when 

the meteorological variables (TEMP, RH, WS) contribute to the increase in pollutant 

concentration. 

From the clustering results, another algorithm was applied to meteorological data related 

to September 2017, July 2018, and June 2019, to find associations with the meteorological 

factors mentioned above in the periods of greatest concentration of PM2.5. The results showed 

that, in September 2017, the predominant meteorological factors were low RH and above 

average TEMP. In July 2018 and June 2019, the rules showed that below average TEMP and 

RH and milder WS were the main meteorological factors that occurred during the period with 
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the highest average pollutant concentration. Finally, we also observed a direct relationship 

between the concentrations of CO and PM2.5. 

The rules found can be useful in creating warning signs for possible increases in the 

concentration of PM2.5, since the results confirm a relationship between episodes of high 

concentration and atmospheric conditions in the region, providing subsidies for managing air 

quality in the state of São Paulo. 
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4. Spatial patterns and temporal variations of pollutants at 

56 air quality monitoring stations in the state of São Paulo, 

Brazil 

4.1 Introduction 

Large-scale urbanization, economic development, and rapid industrialization have 

contributed to the deterioration of air quality, by increasing the emission and concentration of 

atmospheric pollutants, in addition to inducing climate change, generating additional risks to 

public health and the environment. Air pollution is considered a risk factor for chronic diseases 

such as diabetes, cancer, and cardiovascular diseases and has caused premature diseases and 

deaths, being responsible for more than 70% of all deaths in the world, equivalent to 41 million 

people, of which 85% in low and middle-income countries due to high volumes of emissions 

(POLEZER et al, 2018; WHO, 2021; LEIRIÃO et al., 2020). However, the behavior of 

pollutants in the atmosphere does not depend only on local emissions, but on the combination 

of meteorological and topographical conditions unfavorable to dispersion. Besides, there may 

be a contribution between cities, through the transport of long-range pollutants, which affect 

climate and the spread of pollution to neighboring regions (LI et al., 2017; LIU et al. 2020). 

Therefore, air quality can still change depending on the weather conditions present, such as 

temperature and relative humidity, rainfall, wind speed and direction, global solar radiation, 

and other parameters that directly interfere with the dispersion and reduce the concentration of 

pollutants, helps in the dissolution of gases, and produces adverse effects (SANTOS et al., 2016; 

LIU et al., 2019; AMATO, 2020). 

Given the relationship between concentration of pollutants and meteorological 

conditions, several studies prove that meteorology promotes the formation or dispersion of 

pollutants, altering their load. In China, a sharp and short-term increase in the concentration of 

pollutants in several regions occurred during the winter and meteorological conditions (strong 

wind, higher humidity, and increased pressure) favored the accumulation of particulate matter 

generating great fog (LIU et. al, 2021). A study in Austria concluded that reductions in NOx 

emissions resulted in lower peaks in O3 concentrations in rural areas, but this effect was greater 

with solar radiation, more present in summer than in spring and daytime rather than nighttime 

cycles (STAEHLE et al., 2022). Studies such as Bisht and Seeja (2018), in India, predict the air 

quality of the next day based on pollutant concentration data from the previous day (PM10, 

PM2.5, NO2, CO, and O3) and meteorological variables (humidity relative, rainfall, temperature, 
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wind speed and direction). In Brazil, Australia, United States, and other countries, the frequency 

and intensity of fires have impacted the quality of the air. A study classified the risk of fires by 

combining spatial data and meteorological estimation principles applied to the burning of 

vegetation, among the meterological factors are the accumulation of consecutive days without 

rain, low humidity, and high temperatures, which can be aggravated by strong wind (GALVÃO 

et al., 2022). Reinhardt, Ottmar, and Castilla (2011) observed that the concentration levels of 

CO and particulate matter are correlated and that, during the burning season, CO levels in rural 

areas are comparable to those in urban centers, moderately polluted. 

The increase in air pollution also contributes to fluctuations in the climate system that 

result in meteorological data that diverge from the average predicted for a given period. Climate 

change has been debated internationally and Brazil, as well as China, the United States, and 

other countries, is considered one of the largest emitters of greenhouse gases (Carbon Brief, 

2021). Most emissions are from fuel combustion and industrial emissions, but also from 

deforestation and land use changes that increase the release of greenhouse gases and contribute 

significantly to global warming. Feistel and Hellmuth (2021) demonstrate in their study that the 

hydrological cycle is the dominant component of the climate system and ocean evaporation is 

directly related, so that small changes in the oceanic evaporation rate would be enough to offset 

or double the warming effect. atmospheric greenhouse. As a result, we have long periods of 

droughts and prolonged droughts, increased temperature, and water insufficiency, with 

prediction of being even more intense in the future, but already quite frequent in several regions 

of Brazil and several countries (GALVÃO et al., 2022). 

It is also possible to perceive that meteorological conditions potentiate the effects of 

pollution on health and the seasonal variation of pollutants exposes this relationship. Studies 

report that the high concentration of atmospheric pollutants and meteorological factors such as 

low relative humidity and lack of precipitation, contributes to the increased risk of 

hospitalizations and deaths caused by respiratory diseases, such as the emergence of flu, rhinitis, 

bronchitis, asthma, and the growth of viruses, bacteria, molds, fungi, and allergens (LAM et al., 

2016; MORAES et al., 2019; ESCOBAR, 2020). Gomes et al. (2013) showed a significant 

association between the increase in the number of hospitalizations for asthma in children in 27 

cities in the state of São Paulo, Brazil, due to exposure to concentrations of particulate matter 

and the action of meteorological factors. The Pan American Health Organization (PAHO, 2018) 

reports that air pollution is still a major challenge for Brazilian cities and states, accounting for 

more than 51,000 deaths annually. According to reports, the state of São Paulo considered the 
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largest and most populous economy in Brazil (IBGE, 2021) has been facing problems arising 

from air pollution. The Institute for Energy and the Environment reported that in some cities 

the overshoot was four times the WHO recommended (SANTANA et al., 2021). 

Despite State Decree No. 59.113 (São Paulo, 2013) setting goals for the state of São 

Paulo to contain critical episodes of pollution and containment measures, concentration levels 

still frequently exceed national limits (SÃO PAULO, 2013; CONAMA, 2018) and constantly 

exceed international limits (WHO, 2021). 

In several Brazilian states, including São Paulo, even with initiatives implemented to 

contain the increase in the number of motor vehicles and with restrictive emission limits, light, 

and heavy vehicles are still the main sources of pollution in urban areas, although emissions 

from the processes industries are also relevant in several areas (ABE, MIRAGLIA, 2018; IAP, 

2020; WRI Brasil, 2021). Urban transport is one of the main sources of air pollution between 

various urban areas and requires short and long-term mitigation and control measures 

(ANGELEVSKA et al., 2021). In the Metropolitan Area of São Paulo (RMSP), the evolution 

of pollutant concentrations over the last thirty years indicates an increase in secondary 

pollutants O3 and PM2.5 and a small reduction in primary pollutants CO, NO2, SO2, and PM10. 

Primary pollutants from vehicular emissions, industrial emissions, and biomass burning, under 

certain meteorological conditions, become secondary pollutants in the atmosphere, such as 

aerosols and fine particles, which can be moved over great distances. On the coast, the city of 

Cubatão, characterized by a large industrial and port complex, has high concentrations of 

atmospheric pollutants, influenced by the local topography that makes dispersion difficult and 

has low wind speed (ANDRADE et al., 2017; ABE, MIRAGLIA, 2018; CORÁ et al., 2020). 

Although it is known that the air quality in the RMSP presents high levels of pollution, 

Environmental Company of the State of São Paulo (CETESB) has highlighted that the 

countryside of the state seeks urgent measures to contain pollution levels, especially in periods 

of low humidity, in which the extraction and transport of raw materials are the main sources of 

particulate matter emissions in several regions (SOUZA, SCUR, HILSDORF, 2018; CETESB, 

2020). 

Some studies apply statistical methods to interpret data on atmospheric pollutants, as 

well as probabilistic models, based on prior knowledge of the problem, such as the Bayesian 

approach. For example, the Bayesian confidence interval was used in Thailand to assess the 

PM2.5 variation and road transport pollution, from monitoring stations in urban areas 

(THANGJAI et al., 2021). In London to optimize monitoring of ground-level air pollution, the 
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temporal concept was included with temporal modeling (HELLAN et al., 2022). Poisson 

regression showed the association between lung cancer mortality and exposure to PM2.5, PM10, 

and NO2 and weather, being more significant in periods of low temperature, low humidity, and 

wind speed (CHUNG et al., 2021). In China, one work applied Poisson regression and results 

showed  the association between air pollution and hospitalization for hypertension. A 10μg/m3 

increase in PM2.5, PM10, SO2, and NO2 concentrations or 1 mg/m3 increment in CO was 

significantly associated with relative risks of hospital admissions due to hypertension (LIU, 

DONG, ZHAI, 2022). 

Although the number of studies with machine learning approaches has grown, most 

were carried out in the northern hemisphere (Asia, Europe, and North America) according to 

systematic reviews by Bellinger et al., 2017 and Rybarczyk and Zalakeviciute, 2018, the most 

applied data mining techniques are regression and classification in 59% of the surveys, 26% 

with data clustering and 15% of the studies used association rules. This study not only expands 

the existing literature by developing a temporal and spatial study but also expands the 

application of clustering techniques and association rules. 

Therefore, a broad investigation of the temporal and spatial behavior of multipollutant 

is essential, considering sectoral differences in air pollution that have local and regional 

influences over time, to intervene assertively to improve air quality. It is possible to present the 

large-scale distribution of the main pollutants and their relationships, in addition to revealing 

the critical periods of exposure combined with the associated meteorological background. 

However, most studies on air pollution focus on microdata, the local topography of some cities 

and low pollutants, largely of political relevance or industrial complexity (WANG et al., 2018; 

AMEER et al., 2019; LIU et al., 2019; SANTOS et al., 2019). The present work combines the 

analytical power of data clustering for the recognition of spatial and temporal patterns of 

pollutants and identifies by association rules the meteorological conditions related to periods of 

high concentrations. It is essential to consider that, as it is a time series, this analysis 

incorporates the temporal aspect of the mining. It involves a large volume of data, with studies 

still scarce in Brazil and few researchers in South America (RYBARCZYK, 

ZALAKEVICIUTE, 2018; REPRESA et al., 2019; SOMPORNRATTANAPHAN et al., 2020). 

Air quality monitoring data is a time series composed of many data points at regular 

intervals, representing events that recur from time to time. Although each time series consists 

of many data points, it can also be viewed as a single object (AGHABOZORGI et al., 2015). 

The clustering of these objects leads to the discovery of interesting temporal patterns and the 
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search for (dis)similarity in time to find patterns of time series behavior (KAM, FU, 2000; 

WINARKO, RODDICK, 2007; MITSA, 2010). As a result, the cluster data mining technique 

allows visualizing, by geolocation, in large data sets, the visual representation of the clusters, 

which helps in understanding the characteristics of the data, with spatial parameters such as 

latitude and longitude (JIN, HAN, 2017; GOVENDER, SIVAKUMAR, 2020; XIAO et al., 

2020). Another way to extract knowledge is by discovering relationships between different 

attributes in the database; the association rule algorithm has been efficient in this sense, given 

its applicability in several scenarios, such as the context of air pollution. In the literature, most 

studies that use hypothesis generation apply association rule mining, seeking to identify items 

that co-occur in a wide variety of data (CAGLIERO et al., 2016; BELLINGER et al., 2017; LI 

et al., 2019). 

Therefore, to understand the current situation of air pollution in the entire state of São 

Paulo, this work aims to explore the data clustering technique to obtain the spatial and temporal 

patterns of pollutants (PM10, PM2.5, NO2, SO2, O3, and CO), in groups with similar behaviors, 

involving the 56 stations with air quality monitoring throughout the state. By choosing periods 

of regular seasonal changes for each pollutant, for groups of severely polluted stations, the 

association rules technique identifies the meteorological parameters (air temperature, relative 

humidity, wind speed, rainfall, and radiation global solar) associated with the critical periods 

of concentration of each pollutant. Since previous studies are limited in space and time, a deeper 

investigation is needed to reveal disparities in the spatial distribution of pollution throughout 

the territory, as well as the stations most impacted by each pollutant, their temporal variations 

and antecedent meteorological conditions associated with peak concentrations in different 

regions. 

This article is organized as follows: the “Data and Methods” presents the study site, the 

database, and the research methodological procedures; in the “Results and Discussion”, the 

analysis of the clusters and the association rules obtained are presented, in addition to the debate 

and implications. Finally, conclusions and future perspectives. 

 

4.2 Data and methods 

4.2.1 Study site and database 

The study was carried out in the state of São Paulo (Brazil), from January 2017 to 

December 2019, with automatic air quality monitoring data from CETESB (QUALAR, 2019) 
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composed of 62 stations that monitor 36 municipalities, with 29 stations in the municipalities 

of the Metropolitan Area of São Paulo (RMSP), while 33 stations are installed in the countryside 

of the state and on the coast.  

The data were generated considering the daily averages of each pollutant. Based on the 

daily averages, we obtained the monthly averages of pollutants PM10, PM2.5, CO, NO2, SO2, 

and O3. For the meteorological variables, we used the following values: Temperature (TEMP) 

highest daily value; Wind Speed (WS) daily average; Relative Humidity (RH) lowest daily 

value; Global Solar Radiation (GSR) daily average. These values were provided by CETESB 

(QUALAR, 2019). The rainfall index (RI) was obtained by the National Center for Monitoring 

and Alerts for Natural Disasters (CEMADEN, 2020) with the values of daily averages, based 

on the hourly average of accumulated rainfall, in millimeters. This approach has previously 

been applied experimentally for the pollutant PM2.5 and some meteorological factors (GODOY 

et al., 2021). 

The logic the choice of data and order of execution of the experiment was: (i) applied 

the algorithm for clustering in the database by pollutant, we have the geographic domain 

represented in clustering according to the temporal variation of pollutant concentration for the 

period (2017 to 2019), (ii) we then categorized each cluster into pollution levels (G1: severe, 

G2: moderate, or G3: less polluted), (iii) we identified the seasonality of pollutants for each 

year from 2017 to 2019. To explain the meteorological influence on pollution levels, (iv) for 

each pollutant we selected the G1 (group of stations with the highest concentration indices) and 

respective months of peak concentration, (iv) we collected daily meteorological data (TEMP, 

WS, RH, GSR and RI) selected and generated the monthly averages of each parameter, (v) we 

apply the algorithm of association rules in the database by pollutant, obtaining the most frequent 

antecedent meteorological conditions associated in the most polluted stations and critical 

periods of concentration. 

It is essential to highlight that the pollutants Smoke and lead were not included in the 

database, as they are monitored in specific areas and situations. The choice of meteorological 

parameters was defined after certifying in the literature their specific effects for each pollutant, 

in addition to the availability of data for analysis. Initially, there was no RI available at CETESB 

and we noticed in the 1st experiment that RH and TEMP could be better discussed with this 

index, later provided by CEMADEN.  

In the pre-processing step, 56 monitoring stations were selected, using the limit of up to 

10% of missing data for each pollutant in the entire period (2017 to 2019). Missing values 
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represented an average of 8.3% of records in the database. As the use of time-series requires 

having all the values filled in, we applied the last and next technique, the average between the 

values of the day before and the day after, to fill in the missing data. In the adjacent intervals 

of two missing days, we chose the average of the two previous days with the two subsequent 

days, and, in superior adjacent intervals, we adopted the average of the current month of the 

station (PLAIA, BONDI; 2006; CASTRO, FERRARI, 2016; PINTO et al., 2018).  

Then, the data were submitted to a standardization process with the Z-score technique, 

which resizes the original values to have an average equal to 0 and a standard deviation equal 

to 1, which resulted in values compared on the same scale (HAN, KAMBER, 2006; MITSA, 

2010). 

4.2.2 Clustering of Temporal Data 

 

The clustering of entire time-series is considered a clustering of a set of individual time-

series in relation to their similarity, where the objects are time-series. The basic clustering 

process consists of four main parts: representation and reduction of dimensionality; 

measurement of similarity or distance; clustering algorithm; and evaluation definition (WANG 

et al., 2006; AGHABOZORGI et al., 2015).  

In the reduction of dimensionality, the most representative characteristics of the 

database are identified. From there, the time-series data are converted into simple static objects 

(Table 4.1), which will serve as input for conventional clustering algorithms. Then, clustering 

algorithm is applied to the objects using a distance measure for similarity calculation. Finally, 

there are cluster evaluations, which enable analysis of the results, to ensure greater reliability 

of the clustering process (AGHABOZORGI et al., 2015). 

 

Table 4. 1 - Sample of conversion of the daily time-series into monthly static values, of the 

pollutant concentration values of each monitoring station, in this example, for PM10.  

PM10(μg/m3)  PM10(μg/m3) 

Station: São José 

dos Campos 

 Stations Jan 

2017 

Feb 

2017 

Mar 

2017 

Apr 

2017 

Mai 

2017 

Jun 

2017 

Jul 

2017 

Aug 

2017 

Sep 

2017 

 

…   

Nov 

2019 

Dec 

2019 
Date Daily value  S. José Campos 18 20 19 19 22 26 29 31 41 … 19 19 

01/01/2017 21  Taubaté 14 18 13 17 20 23 27 29 44 … 15 15 

01/02/2017 14  Guaratinguetá 18 21 15 15 18 21 23 24 35 … 17 19 

… …  Ribeirão Preto 15 18 21 24 30 38 49 66 65 … 20 16 

01/31/2017 33  Campinas-Centro 20 23 20 21 23 24 27 35 43 … 21 18 

   … … … … … … … … … … … … … 
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For this study, the sampling intervals were regular, and the time-series was univariate, 

represented by the pollutant concentration value, collected regularly over time, in a daily 

sequence. The high dimensionality of the data, whether in the number of objects (stations) or 

attributes (database columns), can cause problems for the generation of cohesive clusters, since 

a reduced number of columns in the database form more consistent clusters (MAUGIS et al., 

2009; FOGLIATTO, ANZANELLO, 2011). Therefore, in this experiment, the clustering was 

employed by pollutant, in a specific manner. 

In order to find similar time-series a “similarity measure” was applied, based on the 

distance between the objects. To define whether both must belong to the same cluster, the 

difference is given by equation 4.1, where x and y are objects and m is the number of attributes. 

The smaller the distance, the greater the similarity between them (MITSA, 2010; HAN et al., 

2011; AGHABOZORGI et al., 2015). 

𝑑(𝑥, 𝑦) = √∑(𝑥𝑖 − 𝑦𝑖)2
𝑚

𝑖=1

 

To this end, we used the Euclidean distance, considered adequate to find similar time-

series in time and for short periods (in this case, monthly). It is also recommended for 

comparing numerical quantitative vectors, in addition to being one of the most common 

methods for measuring similarity in time-series clusters (JAIN, 2010; MITSA, 2010; HAN et 

al., 2011).  

Subsequently, a conventional clustering algorithm is applied to the extracted vectors 

(Table 4.1). Clustering algorithms can be divided into hierarchical or partitional. In general, 

hierarchical algorithms have their quality impaired when clustering time-series because they do 

not allow an adjustment of clusters after division by the divisive or agglomerative method, in 

addition to having low scalability with large time-series. 

In the category of partitional algorithms, the most common are K-means and K-

medoids. For this study, we used the K-medoids algorithm, derived from K-means. Indicated 

for time-series of equal length (granularity), K-medoids uses objects from the base itself as the 

center of the clusters, called medoids, which makes it less sensitive to outliers, common in time- 

series. Given the time-series in a cluster, the distance of all-time-series pairs within the group 

is calculated using a distance measure (AGGARWAL, REDDY, 2013; AUSTIN et al., 2013; 

JIN, HAN, 2017). 

(

2

.

2

) 

(4.1) 
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In partitional algorithms, the method creates an initial partition and, after each iteration, 

tries to improve the partitioning by moving objects from one group to another. The general 

criterion of good partitioning is that, when dividing the subsets, the elements of a cluster are 

more similar to one another, and dissimilar among the elements of other clusters (MITSA, 2010; 

HAN et al., 2011; AGHABOZORGI et al., 2015). 

In this study, silhouette coefficient was the method used as a decision criterion to 

determine the number of clusters and evaluate their quality, which combines the concepts of 

cohesion and separation (KAUFMAN, ROUSSEEUW, 2005; MITSA, 2010). Equation 4.2 

calculates the mean Silhouette value⁡(𝑆𝑝) which must be between -1 and 1, with positive ideal 

values close to 1. Being n the number of objects in the database and the individual value of the 

silhouette coefficient of element xi given by s(xi), generated by Equation 4.3, the values a(xi) 

and b(xi) correspond, respectively, to the average distance between xi and all objects in its 

cluster and the average distance from xi to another cluster to which xi does not belong. 

 

⁡⁡𝑆𝑝 = ∑
𝑠(𝑥𝑖)⁡⁡

𝑛

𝑛
1  

⁡⁡𝑠(𝑥𝑖) =
(𝑏(𝑥𝑖) − 𝑎(𝑥𝑖))

𝑚𝑎𝑥{𝑎(𝑥𝑖), 𝑏(𝑥𝑖)}
⁡⁡⁡ 

 

When viewing the clustering-based time-series dataset, the pollutant clusters were 

represented by geolocation, through the latitude and longitude parameters of each monitoring 

station. As São Paulo presents a geographically wide area, it was essential to find spatial 

patterns that correspond to the levels of pollution (severe, moderate or less polluted) in the 

different regions of the state. 

The K-medoids algorithm was implemented in the Python language, using the Scikit-

learn (PEDREGOSA et al., 2011), Pyclustering (NOVIKOV, 2019), Pandas (REBACK et al., 

2020), and Geopy (KOSTYA, 2020) open-source libraries, specific for machine learning. 

Time-series clustering is an approach widely used as an exploratory technique for other 

mining algorithms, such as rule discovery, attribute selection, classification, indexing, anomaly 

detection, among others (MITSA, 2010; HAN et al., 2011). Thus, the cluster analysis result was 

used as input for the application of association rules, considering the cluster of stations 

categorized as severely polluted in all pollutants PM10, PM2.5, CO, NO2, SO2, and O3. The result 

of the application of association rules showed relations between the behavior of each pollutant 

(

2

.

4

) 

(4.2) 

(4.3) 
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and the meteorological conditions in its critical periods of pollution, identified in its temporal 

variation as the month with the highest concentration. 

 

4.2.3 Association Rules 

 

The temporal behavior of pollutants identified by the application of the clustering 

technique elucidates the variation in concentration of each pollutant over the years, a recurring 

pattern for the entire period (2017 to 2019), which demonstrates the importance of an 

investigation of the dominant meteorological factors during periods of high concentration. 

Proposed by Agrawal et al. (1994), association rule mining is based on finding relations 

between items in the database. These associations result in association rules, which show 

elements that occur together in a transaction (AGRAWAL, SRIKANT, 1994). 

The Apriori association rules algorithm was applied to run an exhaustive search in the 

extraction of relevant patterns and to be a reference in this task. To ensure a reduced exponential 

search space and contribute to processing speed, the algorithm applies the property “if a set of 

items is frequent, then all its subsets must also be frequent”, hence for an infrequent itemset it 

is unnecessary to generate any subsets of it as a candidate, as they will also be infrequent and 

discarded (HAN et al., 2011; CASTRO, FERRARI, 2016). 

Next, the concepts involved in creating association rules are presented. Be an itemset I 

= {i1, …, in} ordered in a transactional database and X = {x1, …, xn} a set of transactions, so 

that each transaction xi ∈ X is composed of an itemset, such that xi ⊂ I. Since X and Y are disjoint 

itemsets, that is, X ∩Y =Ø, an association rule is expressed in the form X→Y, where X is called 

the antecedent of the rule (cause) and Y is called the consequent (consequence), which can be 

translated as “if X then Y” indicating that when X occurs, Y also tends to occur (AGRAWAL, 

SRIKANT, 1994; MUELLER, 1995; MITSA, 2010). 

The Apriori algorithm works with categorical databases. Thus, the database sample 

presented in Table 4.2 had its attributes categorized as lower or higher than the average annual 

value. The result is a transactional base, where there are searches for association rules, which 

items are related.  

Transactional database sample with categorical values, higher or lower than the average 

annual value. For this example, we considered the pollutant SO2 and the meteorological 

conditions TEMP, RH, WS, RI, and GSR in June, 2017, involving all stations.  
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Table 4. 2 - Transactional database sample with categorical values, higher or lower than the 

average annual value. For this example, we considered the pollutant SO2 and the meteorological 

conditions TEMP, RH, WS, RI, and GSR in June, 2017, involving all stations with pollutant 

monitoring.  

Stations TEMP RH WS RI GSR SO2 

Cubatao_v. parisi Higher Lower Lower Lower Higher Higher 

Cubatao_centro Higher Lower Lower Higher Higher Higher 

Santos_pontapraia Higher Lower Lower Lower Higher Higher 

Paulínia Higher Higher Lower Higher Higher Higher 

… … … … … … … 
 

Note: Higher = Higher_Average; Lower = Lower_Average. 

 

The process of searching for association rules was conducted in two phases. First, all 

possible combinations between the attributes are considered to discover frequent itemsets with 

a minimum support value (minsup). At this step, several rules are found, but not all of them are 

interesting and useful. Then, rules that do not meet a minimum confidence limit (minconf) are 

discarded (HAN et al., 2011; CASTRO, FERRARI, 2016). 

Given the rule X → Y, the support (Equation 4.4) is the coverage of the rule and 

represents its frequency in the transaction base (CASTRO, FERRARI, 2016), that is, the ratio 

between the number of R transactions that contain the itemset 𝑋∪𝑌, and the total number of R 

transactions. Confidence (Equation 4.5) is the accuracy of a rule, defined as the conditional 

probability P(Y|X). In this case, given the consequent Y of the rule, the antecedent X also 

happens (MUELLER, 1995).  

Support (X → Y) =   
|𝑋⁡∪⁡𝑌|

|𝑅|
 

   Confidence (X → Y) = 
|𝑋⁡∪⁡𝑌|

|𝑋|
 

The adequacy of the rule for evaluating the problem depends on the rule's support and 

confidence values. In this work, the Apriori algorithm was implemented in the Python language, 

using the “mlxtend” (RASCHKA, 2018) and “Pandas” (REBACK et al., 2020) libraries. Using 

association rules, the experiments provided the levels at which pollutants and climatic factors 

are influenced by each other, in addition to the temporal relationship between these elements. 

The minimum support (minsup) and minimum confidence (minconf) values considered were 

higher than 80%. 
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4.3 Results and discussion 

 

The partitional clustering algorithm K-medoids was used to form the groups, by 

pollutant, and enabled a better understanding of the regional characteristics of air pollution. The 

preference for monthly seasonality, generated by the daily averages of pollutant concentrations, 

avoids the high dimensionality of the data that can influence the formation of groups (MAUGIS 

et al., 2009; FOGLIATTO, ANZANELLO, 2011).  

To define the number of groups for each of the pollutants studied here and to assess the 

quality of the clusters, the silhouette coefficient was used. The closer the coefficient value is to 

1, the more cohesive the group, with values ranging from -1 to 1. After 100 runs of the k-

medoids algorithm, applied to the average monthly concentration database for each pollutant, 

the results indicated good adequacy of the groups, indicating the number of groups k = 2 with 

the following silhouette values for pollutants PM2.5 (0.72), SO2 (0.69) and CO (0.44) and the 

formation of k = 3 groups, pollutants NO2 (0.58), O3 (0.41), and PM10 (0.26). As an example, 

Figure 4.1 shows that, for pollutant NO2, we tested 34 different groups (k-1) related to the 

number of stations. The relation between the silhouette coefficient value corresponds to the 

number k of groups, with k = 3 being the best corresponding value. 

 

 

Figure 4. 1 - The silhouette coefficient was the decision criterion in defining the number of k 

groups, applied to the database of each pollutant. In this example, for pollutant NO2, the 

algorithm tested 35 different groups considering the number of monitoring stations in the 

database (k-1). 
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Table 4.3 shows a directly proportional relationship between the dimension of the 

database and the number of groups recommended by the silhouette coefficient. Pollutants PM10, 

NO2, and O3 with formation of three groups have more than 50 automatic monitoring stations 

distributed throughout the state, and pollutants PM2.5, CO, and SO2 with two groups carry out 

the monitoring with a number of less than 30 stations per pollutant. The stations were separated 

into pollution levels (severely, moderately, or less polluted), so that Group 1 (G1) is composed 

of stations with high concentration of the pollutant, Group 2 (G2) with intermediate levels, and 

Group 3 (G3) of stations with low concentration of the same pollutant. Similar to this proposal, 

other studies also adopted the cluster analysis method to explore the regional distribution of 

pollutants, Zhao et al. (2016) classified air pollution levels in 31 Chinese cities, and Huang et 

al. (2015) analyzed the spatial and temporal distribution of PM2.5 pollution in the city of Xi'an, 

China. Arce et al. (2018) identified correlations and incidents between atmospheric pollutants 

in the metropolitan cities of Ecuador, which identified distinct groups with large-scale ozone 

pollution. The results were considered consistent and efficient in identifying patterns of 

behavior of pollutants. 

For the period under analysis, the Annual Arithmetic Average (AAA) of pollutants 

exceeds the annual limits established by the WHO (WHO, 2019), except for NO2, which 

presents a better condition for Groups 2 and 3. The standard deviation maintains similar values 

between groups of the same pollutant, decreasing from Group 1 to 3, with a coefficient of 

variation from 15 to 36%, indicating good data homogeneity and the same quality of the 

clusters. The new Global Air Quality Guidelines (AQG) published by the WHO (WHO, 2021) 

recommend even lower standards and adjusted the annual concentration limits (PM10: from 

20µg/m3 to 15µg/m3; PM2.5: from 10µg/m3 to 5µg/m3, O3: 60µg/m3, in the most intense six 

months; NO2: from 40µg/m3 to 10µg/m3). A comparative assessment pointed to high pollution 

in all groups by particulate matter (PM10 and PM2.5) and NO2 reaching annual averages of 3 to 

4 times higher than recommended (G1: PM10 - 60.75µg/m3; PM2.5 - 17.41µg/m3; NO2 - 

41.89µg/m3). For all the factors exposed, it is clear the need to adopt containment measures to 

improve the current scenario. 
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Table 4. 3 - Cluster data by pollutant generated by the K-medoids algorithm, from 2017 to 2019: 

monitored and selected stations, stations by cluster, comparison of annual mean concentrations, 

and standard deviation.  

Pollutants 
PM10 

PM2

.5 
CO NO2 SO2 O3 

Monitored/Selected Stations 58/42 31/21 20/18 51/36 18/14 51/46 

WHO standard 20 MAA 10 MAA 9 ppm(8hs) 40 MAA 20 (24hs) 100 (8hs) 

Group 

1 

No. Stations 5 15 5 11 4 33 

MAA (µg/m3) 60.75 17.41 0.78 ppm 41.89 10.27 53.01 

Standard deviation 17.40 4.73 0.13 6.60 2.15 10.12 

Coefficient of 

variation 
28,64 27,16 16,66 15,75 20,93 19,09 

Group 

2 

No. Stations 16 6 13 18 10 6 

MAA (µg/m3) 29.23 13.24 0.47 ppm 24.73 2.57 40.30 

Standard deviation 8.97 4.83 0.10 6.0 0.55 8.49 

Coefficient of 

variation 
30,68 36,48 21,27 24,26 21,40 21,06 

Group 

3 

No. Stations 21 - - 7 - 7 

MAA (µg/m3) 22.63 - - 15.38 - 27.11 

Standard deviation  6.77 - - 4.4 - 6.24 

Coefficient of 

variation 
29,91   28,60  23,01 

Note: MAA – Mean Annual Average 

Selected stations - Monitoring stations with up to 10% of missing data for the entire period.  
 

In terms of spatial distribution, Figure 4.2 lists the stations that constitute the groups and 

shows the differences between pollutants and the most polluted stations (G1). The cluster 

highlights the strong presence of high concentrations of PM2.5 and O3 in several areas of the 

state of São Paulo, also reported by Andrade et al. (2017) and Boian and Andrade (2012). This 

behavior continued during the days of the truck drivers' strike in the state of São Paulo in 2018 

(LEIRIÃO et al., 2020) and in other countries, China (ZHAO et al., 2016; YAO et al., 2020) 

and Korea (LEE et al., 2021). Therefore, there are more stations with high levels of pollution 

(G1) for pollutants O3 (G1:33, G2:6, G3:7) and PM2.5 (G1:15, G2:6). For pollutants SO2, CO, 

and PM10 in a reduced number of stations, PM10 (G1:5, G2:16, G3:21), for SO2 (G1:4, G2:10) 

and CO (G1:5, G2:13). Research carried out in Brazil by Andrade et al. (2017) and Chiquetto 

et al. (2022) in six Brazilian states, including São Paulo, state that in metropolitan regions the 
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primary sources of air pollution are vehicular and industrial emissions and the burning of 

biomass, which explains at least 40% of PM2.5 pollution. Ozone (O3) precursor pollutants are 

released into the atmosphere mainly through vehicular and industrial combustion processes. 

Ozone levels increase in peripheral regions of large urban centers, in the directions in which 

the wind blows (CANÇADO et al., 2006; CETESB, 2020). 

 

 

Figure 4. 2 - List of monitoring stations by pollutant and their corresponding groups, generated 

by the K-medoids algorithm, for the period from 2017 to 2019. In the darkest color, Group 1 

(G1) with high concentration of the pollutant, followed by Group 2 (G2) with intermediate 

levels, and in the lightest color, Group 3 (G3), with low concentration of the pollutant. 

 

For the spatial analysis, we generated the geolocation of the groups for each pollutant, 

involving all monitored stations in the state of São Paulo, represented by latitude and longitude 

(Figure 4.3), for the time interval from 2017 to 2019. The groups are indicated on the map as 

G1, G2, and G3 in red, yellow, and blue, respectively. The group with the highest concentration 

of PM10 involves few, geographically distant cities. In the countryside of the state, the city of 

Santa Gertrudes, on the São Paulo coast the city of Cubatão (V. Parisi and Vale do Mogi 

stations), and the RMSP represented by the Grajaú-Parelheiros station. Since PM10 comes from 

combustion processes, resuspended dust, grinding, material crushing, dust-laden wind, 

secondary aerosol formed in the atmosphere, among others, it is possible to better understand 

this distribution. In Santa Gertrudes, the main source is the ceramic industry with national 
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production, known as the Ceramic Hub (CETESB, 2020). The Grajaú-Parelheiros station 

frequently exceeds the daily emission limits, considered to be severely polluted with particulate 

matter (PM10, PM2.5) and O3. CETESB reports that since 2013 there has been movement of 

heavy vehicles on the road near the station, transporting solid waste to landfill, in addition to 

the industrial profile of the region (CETESB, 2019). In Cubatão, a study by Nardocci et al. 

(2013) found for each increment of 10µg/m³ of PM10 an excess of hospitalizations of 4.25% for 

total respiratory diseases, 5.74% for respiratory diseases in children aged under 5 years, and 

2.29% for cardiovascular diseases in individuals aged over 39 years. 

For pollutant PM2.5, the analysis points to most stations of the G1 being located in the 

RMSP, Campinas, and Baixada Santista. Except for the Campinas region, which is also 

influenced by fires, the main source of pollutants in these regions is the burning of fuels by 

motor vehicles and more intense industrial emissions (Godoy et al., 2021; Huang et al., 2015). 

Comparative results obtained by Araújo and Rosário (2020) identified, from satellite data, that 

the regions most polluted by PM2.5 in metropolitan areas of São Paulo, Campinas, and Baixada 

Santista are the same found by Angelevska et al. (2021) in Macedonia's urban regions, resulting 

from road transport. Due to a large number of inhabitants, São Paulo is the municipality in 

Brazil whose highest number of deaths is attributable to exposure to particulate matter (CORÁ 

et al., 2020). Yu et al. (2022) found associations between prolonged exposure to PM2.5 and 

cancer mortality in Brazilian cities from 2010 to 2018. 

Of the 18 stations with CO monitoring, despite the monitoring also taking place in other 

metropolitan cities in the countryside of the state, such as Campinas, São José dos Campos and 

Ribeirão Preto, G1 is composed of few stations, all in the RMSP: Santo Amaro, Congonhas, 

Taboão da Serra, Osasco and Marginal Tietê. According to CETESB (CETESB, 2020), motor 

vehicles account for about 97% of CO emissions in the RMSP. Despite the increase in the 

number of motor vehicles over the years, in compliance with the increasingly strict limits of 

PROCONVE and PROMOT, current concentrations are lower than those observed in the 2000s, 

but showed a slight increase in 2019 due to road changes in the region. Moisan et al. (2018) 

observed that 54% of the PM2.5 concentration is composed of CO, demonstrating a direct 

relationship between these pollutants in metropolitan regions. 
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Figure 4. 3 - Spatial visualization of clusters by pollutants, generated by the K-medoids 

algorithm, for the time interval from 2017 to 2019. The groups were identified as G1 (red), G2 

(yellow), and G3 (blue).  
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The main sources of nitrogen oxide NO2 are emissions from heavy vehicles and 

industrial processes (SARRA, MÜLFARTH, 2021). The cluster shows that the high 

concentration stands out in stations in the RMSP and coast, with the largest number of vehicles, 

either by industrial or port activity, respectively. Although vehicle emission control plans have 

managed to reduce the concentration of NO2 and CO, the results still show that they remain in 

the RMSP. An urban mobility survey shows that 75% of the most extended, most distant, and 

motorized trips in the RMSP are due to work and proposes a better spatial distribution of jobs 

as a potential for reducing effects and equity (CHIQUETTO et al., 2022). 

Ozone is one of the most monitored pollutants in the entire state. Of the 51 stations, 33 

are part of G1, with similar behavior of concentration among several stations. On the other 

hand, the stations with lower concentrations are located in the RMSP and coast, that is, 7 

stations (G3) whose concentrations are 50% lower than G1 (G1: 53.01 and G3: 27.11). The 

pollutant is not emitted directly into the atmosphere, being produced photochemically by solar 

radiation on nitrogen oxides and volatile organic compounds. Therefore, the highest 

concentrations of ozone are found in stations further away from traffic routes. Nitrogen 

monoxide emitted in the burning of fuels acts on the consumption of available ozone; thus, O3 

concentrations tend to be low near the traffic ways. High O3 concentrations can affect 

agricultural production due to its high oxidative power (CETESB, 2020). 

Resulting mainly from activities such as burning diesel, coal, and oil in power plants or 

copper smelting, SO2 has a history of high concentrations on the coast (CETESB, 2019), which 

is consistent with the result of the clustering, with G1 of SO2 in three stations in Cubatão and 

in the station in Santos, both on the coast of the state. An epidemiological time-series study 

found an association between short-term health effects and exposure to air pollutants in 

Cubatão, and SO2 showed an association of 3.51% with cardiovascular diseases in people aged 

over 39 years (NARDOCCI et al., 2013). 

The temporal behavior of pollutant concentrations in the G1 group highlights the critical 

months with high rates for the period from 2017 to 2019, represented in Figure 4.4. The monthly 

peaks occurred in the same periods for the groups of the same pollutant, recurringly, suggesting 

a seasonal trend in the three years. 
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Figure 4. 4 - Temporal variation of the pollutants generated by the K-medoids algorithm and 

comparison of monthly average concentrations of the G1 group of each pollutant, in 2017–

2019. 

The concentrations of atmospheric pollutants in the winter months were significantly 

higher than in the other months, except for O3, as shown in Figure 4.4. The annual variation of 

O3 was opposite to other pollutants, with higher concentrations in summer and lower in winter. 

This is due to the dependence on increased intensity of solar radiation for the formation of O3 

(ATKINSON, 2000; CETESB, 2020). Meteorological conditions such as less precipitation, 

weaker winds, and lower temperatures in winter make it difficult for particles to be eliminated 

by rain or diffusion, increasing the concentration of atmospheric pollutants near the soil surface. 

The seasonality of PM10 is quite similar to that of PM2.5; this is because PM2.5 

corresponds to about 60% of the concentration of PM10 (CETESB, 2020). The study of Wang 

et al. (2018) found that the ratios of PM2.5 to PM10 were around 40% in cities in northwest China 

(ZHAO et al., 2016). Both pollutants were more present in winter, with peaks in 

September/2017, July/2018, and June/2019. There was a general increase in particulate matter 

levels in 2017 and 2018, with a reduction in 2019. The same seasonality between the groups 

(G1, G2, and G3) and strong similarity by concentration between stations of the same group, 

with great variation between stations of different groups, for the two pollutants PM10 and PM2.5. 

A temporal pattern was also found for CO and NO2, with significantly higher 

concentrations in winter, in both groups G1 and G2, with higher concentrations in July/2018 
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and June/2019, and a small variation in 2017. This characteristic was also observed in northern 

China, which confirms the relationship of weather conditions being associated with high 

pollutants concentrations, so that the air is stagnant by light winds and traps pollutants close to 

the surface, raising their concentrations (ZHAO et al., 2016). 

There are records of decreasing SO2 emission since 2014 due to the change in the sulfur 

content of diesel in 2013 and of gasoline in 2014, industrial and automotive (CETESB, 2019). 

However, in 2017 there were higher levels of concentration compared to 2018 and 2019 (Figure 

4.5), with a large difference in concentration between the groups (G1: 10.27, G2: 2.57). Peak 

months are also in winter in June/2017, April/2018, and June/2019 (Figure 4.5). According to 

CETESB (CETESB, 2020), trucks are responsible for the highest SO2 emissions due to sulfur 

in fossil fuels (diesel and gasoline), with a significant effect on the pollutant with lower 

concentration detected for increased precipitation, lower temperature, and increased humidity 

level. 

Conversely, high concentrations of O3 occur in summer, in periods of hot and dry 

weather, with high solar radiation (FEPAM, 2016). For this study, the peak months were 

September/2017, December/2018, and October/2019 (Figure 4.5), with little difference in 

concentrations between the groups, being a pattern of the pollutant, regardless of the 

concentration level (Figure 4.5). Cançado et al. (2006) reported the increase in ozone levels 

between spring and early autumn, in peripheral regions of large urban centers, in the directions 

in which the winds blow, with concentration peaks in the middle of the morning, due to morning 

traffic, reaching its maximum mid-afternoon with reduction in the evening. 

It is important to note in Table 4.4 the coefficient of variation between the minimum 

and maximum monthly averages of concentrations during the year, for the same pollutant. For 

pollutants PM2.5, PM10, and O3, the variation was from 35% to 50%, while for pollutants CO, 

NO2, and SO2, the concentrations doubled in the peak period, with a coefficient of variation 

from 51% to 64%. Therefore, the annual temporal variation of pollutants associated with serious 

pollution events may be related to meteorological phenomena for the same period (BISHT, 

SEEJA, 2018; CETESB, 2019; LI et al., 2020).  
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Figure 4. 5 - Monthly temporal variation of pollutants (A) O3 and (B) SO2, 2017–2019, 

generated by the K-medoids algorithm, with the differences in concentrations between the 

severely polluted groups (G1) in dark blue and the less polluted groups (G3) in light blue. 

 

CETESB data from 2010 to 2019 indicate that May to September was the period in 

which meteorological conditions were most unfavorable to the dispersion of pollutants in the 

atmosphere, in 24% of the total days in the year (CETESB, 2020). With the association rules 

algorithm (Apriori), based on a transactional database, it was possible to identify this relation 

(A) 

(B) 
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and verify meteorological weather conditions: TEMP, WS, RH, RI, and GSR are predominant 

in the regions where pollution episodes occur, with an increase in the concentration of pollutants 

PM10, PM2.5, NO2, SO2, O3 and CO for the period. 

 

Table 4. 4 - Minimum and maximum monthly averages (in μg/m³) of G1, which compose the 

most polluted stations for all pollutants, 2017–2019. We note the months with the highest and 

lowest concentration of each pollutant.  

 

Period/ 

Pollutants 

2017 2018 2019 

Minimum Maximum Minimum Maximum Minimum Maximum 

PM2.5 November September February July March June 

13.20 29.48 11.40 32.20 12.77 23.67 

PM10 January September January July December June 

34.5 99.00 37.50 105.5 37.00 81.50 

CO December June December July November June 

0.64 1.10 0.65 1.10 0.62 1.02 

NO2 April September February July November July 

34.09 53.13 33.18 59.22 32.63 53.09 

SO2 December June November April November June 

8.5 15.00 7.25 12.75 6.00 12.00 

O3 June September June December June October 

26.41 63.92 27.03 51.77 30.83 61.04 
 

 

Some studies have applied this technique to discover relationships between different 

attributes in the database involving pollutants. An example is a study by Cagliero et al. (2016) 

in Milan, Italy, who found correlations between the levels of pollutants, weather factors, and 

traffic conditions by using association rules. When the temperature is warm, PM10 and PM2.5, 

CO, and O3 pollutant levels tend not to be critical. In addition, the presence of a medium/high 

number of vehicles is positively correlated with a fairly high concentration of PM10. The use of 

diesel vehicles is critical for PM10 emissions, whereas gasoline engine vehicles do emit a 

significant amount of CO. The study of Li et al. (2020) proposes the framework of space fusion 

after time fusion in the process of rules fusion and show a correlation between the pollutants 

PM2.5, NO2, and O3 in China and between PM2.5 and PM10 in the US, considering the 

distribution of monitoring stations in China and microstations in the US and local climatic 

characteristics. In Brazil, in Curitiba, Souza and Rabelo (2016) showed different air quality 

seasonal standards in three regions, which reflected differently in the association of respiratory 
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problems for the three monitoring stations, generating rules that converge in the worst air 

condition in winter when the three seasons are inadequate. 

To run the Apriori algorithm, a new dataset per pollutant was generated, as mentioned 

in Table 4.2, with data related to the months identified as maximum (month with the highest 

concentration of the pollutant during the year), highlighted in Table 4.4. The algorithm analyzes 

all the possibilities between the items and applies minimum support and confidence values 

equal to or greater than 80% for the selection of “strong rules”. Repeated rules with the same 

itemsets were not considered. The main rules of this period are presented in Table 4.5.  
 

Table 4. 5 - Rules obtained by the Apriori algorithm for the annual averages of each variable, 

pollutant, and meteorological conditions. In the antecedent of the rules, the meteorological 

conditions for the consequent “concentration higher than annual average” of each pollutant and 

its respective parameters of support and confidence.  

 

 

Year [Antecedent] → [Consequent] Rules Support Confidence 

2017 

[RI lower than average, RH 

lower than average, GSR 

higher than average] 

→ [PM2.5 higher than 

average] 

9 87.5% 100% 

2018 

[GSR lower than average, RI 

lower than average, TEMP 

lower than average, WS lower 

than average] 

44 100% 100% 

2019 

[RH lower than average, RI 

lower than average, TEMP 

lower than average] 

9 83.33% 100% 

2017 
[RI lower than average, TEMP 

higher than average] 

→ [PM10 higher than 

average] 

11 100% 100% 

2018 

[TEMP higher than average, RI 

lower than average, WS lower 

than average] 

49 90% 100% 

2019 
[TEMP higher than average, 

WS lower than average] 
49 98% 100% 

2017 

[RH higher than average, 

TEMP higher than average, 

GSR higher than average, WS 

lower than average] 

→ [CO higher than 

average] 

179 100% 100% 

2018 

[TEMP higher than average, 

WS lower than average, GSR 

higher than average] 

179 100% 100% 

2019 

[WS lower than average, GSR 

higher than average, RH 

lower than average] 

601 100% 100% 
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2017 
[WS lower than average, RI 

lower than average] 

→ [NO2 higher than 

average] 

11 83.33% 100% 

2018 

[WS lower than average, GSR 

lower than average, TEMP 

lower than average] 

179 87.5% 100% 

2019 

[TEMP lower than average, 

GSR lower than average, WS 

lower than average, RI lower 

than average] 

179 100% 100% 

2017 

[RI higher than average, GSR 

higher than average, RH higher 

than average, TEMP higher 

than average, WS lower than 

average] 

→ [SO2 higher than 

average] 

601 100% 100% 

2018 

[TEMP higher than average, RH 

higher than average, WS lower 

than average] 

179 100% 100% 

2019 

[GSR higher than average, 

TEMP higher than average, WS 

lower than average, RH higher 

than average] 

44 100% 100% 

2017 

[TEMP higher than average, RI 

lower than average, GSR 

higher than average, RH lower 

than average] 

→ [O3 higher than 

average] 

179 88.88% 100% 

2018 

[TEMP higher than average, 

GSR higher than average, RI 

higher than average, RH lower 

than average] 

49 88.88% 100% 

2019 

[TEMP higher than average, RI 

lower than average, WS higher 

than average, GSR higher than 

average, RH lower than 

average] 

601 88.88% 100% 

                                                                                                                                                          

It is observed that the rules presented have support above 83.33% and confidence of the 

100% in total. In this case, the support indicates the meteorological factors (antecedent) that 

occur together in the base with the frequency of 83.33% or more, when the pollutant is higher 

than average. Confidence indicates that when the pollutant is higher than average, there is 100% 

certainty of the meteorological factors (antecedent) that will also occur. Therefore, in a temporal 

summary, for the months with a higher than average concentration of pollutants, we can 

highlight:  

- PM2.5: Lower than average TEMP and RH, milder WS, and low RI, the lower or higher 

than average GSR rate did not change this condition. 
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- PM10: Lower than average WS and RI and higher than average TEMP always present 

at high concentration. 

- CO: Higher than average TEMP and GSR and milder WS are related to high 

concentration, but high or low RH is also frequent. 

- NO2: condition of present meteorological factors lower than average (TEMP, GSR, 

WS, and RI). 

- SO2: Higher than average RI, GSR, RH, and TEMP, but milder WS. 

- O3: Higher than average TEMP, GSR, WS, and lower than average RH, with higher 

or lower than average RI index not changing this condition. 

Once the seasonality of pollutants characterized by the effects of associated 

meteorological conditions has been identified, the relevance is the possibility of exploring in a 

more specific way which meteorological factors are present during the high concentration of 

each pollutant. Table 4.5 shows that there is a frequent relationship (2017 to 2019) between 

weather conditions associated with the increase in the concentration of each pollutant. For 

example, the high concentration of PM2.5 is related to periods when there is little rain, and this 

behavior is repeated in three consecutive years. Still, the high pollutant concentration is 

associated to other meteorological conditions, such as humidity, temperature, and wind lower 

than annual average. Likewise, the increase in PM10 is related to high temperatures, the CO with 

hard solar radiation, the NO2 with mild wind speed, SO2 with higher than average temperature 

and humidity and low wind, and O3 related to high temperatures and hard solar radiation but 

low humidity. 

In a meteorological analysis, relative humidity and rainfall are significantly associated 

with pollutants under the following conditions: PM2.5 (RI and RH lower than average), PM10 

(RI lower than average), NO2 (RI lower than average), SO2 (RH and RI higher than average), 

O3 (RH lower than average and RI lower or higher than average) and CO (RH lower or higher 

than average), as found in other studies (ZHAO et al., 2016; SHRESTHA, 2022). We can 

therefore consider that the increase in humidity or more rains can decrease the levels of PM10, 

PM2.5, NO2, and O3 pollution. The reduction of humidity and little rain combined with other 

associated meteorological factors (Table 4.5) can contribute to the control of SO2 and CO. 

Given the relationship between the pluviometric index and the relative humidity of the air, it is 

essential to understand that the humidity of the air is related to the amount of water vapor 

present in the atmosphere, which determines the dry or humid condition and varies daily, 
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however the high humidity in the atmosphere that favors the occurrence of rains (FEISTEL, 

HELLMUTH, 2021). 

The light wind was a unanimous behavior for all pollutants, affecting the concentration. 

Only one rule for the pollutant O3 with 88.88% support and 100% confidence presented strong 

wind in the background but associated with high temperature, hard solar radiation, little rain, 

and low humidity. Strong wind disperses contaminants but favors carrying them over long 

distances (SHRESTHA, 2022). The temperature lower or higher annual average was an 

antecedent in all pollutants' rules. The same happened with the global solar radiation, only 

absent for the PM10. The conditions associated with each pollutant were: CO, NO2, and O3 

(TEMP and GSR higher than average), MP10 (TEMP higher than average), MP2.5, and NO2 

(TEMP lower than average and GSR lower than average). This leads us to conclude that 

temperature and global solar radiation impact pollutants, but always with other meteorological 

factors. Generally, high temperatures and hard solar radiation are accompanied by little rain, 

low humidity, and little wind, resulting in a high concentration of pollutants. Temperature is 

associated with radiation as it results in heating the atmosphere. The air absorbs little solar 

radiation, mainly heated by the energy released from the Earth's surface (ZHAO et al., 2016, 

LIU et al. 2020). 

Considering the periods with highest concentrations of pollutants and which 

meteorological factors influence their increase, the rules presented in Table 4.5 contribute as   

warning indicators that they present a greater risk to the population. The results indicate that 

meteorological conditions contribute to critical pollution episodes for all pollutants. Other 

studies prove that meteorological factors impair the dispersion of pollutants. Moisan et al. 

(2018) and Liu et al. (2021) reported that, in the winter months, the behavior of pollutants is 

influenced by the meteorological conditions of the season, which is consistent with the rules 

obtained. CETESB (2020) reported that during the winter of 2019 there was a predominance of 

hot and dry air mass throughout the state of São Paulo, with low ventilation and absence of rain, 

hindering the dispersion of pollutants. Similarly, frequent, and high exposure to pollutants is 

related to increased hospital visits and hospitalizations, such as PM 2.5particles, which can 

remain in the atmosphere for several weeks (NODARI, SALDANHA, 2016; MACHIN, 

NASCIMENTO, 2018). 
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4.4 Conclusions 

In order to understand the current air pollution situation in São Paulo, this work 

investigated multi-polluting spatial and temporal patterns (PM10, PM2.5, NO2, SO2, O3, and CO) 

using data clustering techniques involving 56 air quality monitoring stations covering urban, 

coastal, and countryside areas from 2017 to 2019. The analysis sought reveals disparities in the 

spatial distribution of pollution concentrations throughout São Paulo state, as well as the seasons 

most impacted by each pollutant and their temporal variations. The meteorological parameters 

(air temperature, relative humidity, wind speed, rainfall, and global solar radiation) associated 

with critical periods of concentration in different regions were generated by the association rule 

mining technique and involved the choice of periods of change in regular seasons per pollutant, 

for groups of severely polluted stations. In the spatial analysis by cluster, the stations belonging 

to one cluster have characteristic and similar behavior patterns over time, categorized into 

pollution levels, with quality assured by the silhouette coefficient, resulting in the formation of 

two to three groups per pollutant. The temporal profile of the cluster allowed the identification 

of the seasonality of pollutants between groups, demonstrating the importance of investigating 

the unfavorable meteorological factors prevailing in periods of high concentration. With the 

analysis by association rules, it was possible to explore, in a more specific way, which 

meteorological parameters were present during the months of the peak concentration of each 

pollutant, considering the rules with more significant support and confidence (above 83.33%), 

which guaranteed a high frequency of the same pattern in the data. Although easily accessible, 

the limitations found for this study were the unavailability of some stations for data from the 

entire time series (2017-2019), mainly meteorological. This forced the discard of some stations, 

which does not affect the analysis because it deals with a large volume of data, but would make 

it even more comprehensive, including other cities. The data mining techniques were adequate 

for the proposed study and guarantee replicability for scenarios in which the spatial and temporal 

patterns of air pollution and probable associations are essential, justifying future work, which 

may include new parameters aimed at socioeconomic factors, health, or transport. In conclusion, 

the results demonstrated potential benefits since the problems related to the emission of pollutants 

were originated regionally and should preferably be faced from these same perspectives. 

Therefore, the importance of specific studies at the state scale, based on the behavior of pollutants 

in different regions and related climate changes, provides subsidies for the generation of effective 

policy measures to avoid critical periods of exposure of the population and to mitigate the 

emission of pollutants. 
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5. Short-term relation between air pollutants and 

hospitalizations for respiratory diseases: analysis by 

temporal association rules 

5.1 Introduction 

 

 

The use of strategies to reduce the concentration of air pollutants, in the short and long 

term, can prevent the development of new diseases and moderate the occurrence of existing 

ones (BELLINGER et al., 2017; BERGMANN et al., 2020; NADALI et al., 2022; HU et al., 

2022; ZHU et al., 2022). Studies associated with the effects of pollution on health have shown 

that short-term exposures that can be harmful to health are those measured in days or minutes. 

They still constitute acute air pollution episodes related to lung diseases, especially bronchitis, 

and asthma, triggering respiratory infections and cardiovascular disease (ischemia, arrhythmia, 

and heart failure), in addition to the increase in hospitalizations and visits to emergency units 

(LAM et al., 2016; NODARI & SALDANHA, 2016; BERGMANN et al., 2020; MERCAN et 

al., 2020; ZHU et al., 2022). However, the effects of long-term exposure, generated over a 

lifetime or for years, are the result of prolonged coexistence with pollutants and are associated 

with increased mortality and exposure to carcinogens, in addition to the development of chronic 

respiratory diseases and worsening of heart problems (YANAGI et al., 2012; SOUZA & 

RABELO, 2016; LIU & PENG, 2018; SALAMEH et al., 2018; LEIRIÃO et al., 2020; 

SOMPORNRATTANAPHAN et al., 2020; BAI et al., 2022). 

The patterns established as indicators of air quality are generated due to the frequency 

of acute episodes of concentration of a group of pollutants: inhalable particulate matter (PM10), 

fine particulate matter (PM2.5), ozone (O3), carbon monoxide (CO), nitrogen dioxide (NO2) and 

sulfur dioxide (SO2), which are universally monitored and act differently on human health; 

however, only a limited number of cities have air quality monitoring networks (CANÇADO et 

al., 2006; POLEZER et al., 2022). It is evident that the most vulnerable groups are at high risk, 

even at low levels of exposure; children due to an immature immune system, older adults due 

to less efficient immunity combined with age comorbidities, and people with pre-existing 

chronic diseases (MACHIN & NASCIMENTO, 2018; MIRANDA et al., 2021; SHUDAN et 

al., 2022). 
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According to the World Health Organization (WHO), the new Global Air Quality 

Guidelines (AQG) are more restrictive about the levels considered safe, as they provide clear 

evidence that air pollution affects different aspects of health in even lower concentrations than 

previously thought (WHO, 2021; POLEZER et al., 2022). The Air Quality Life Index (AQLI), 

published by the Energy Policy Institute of the United States, quantifies the long-term 

relationship between air pollution and life expectancy. The report published in 2021 indicated 

that 79% of the population lives in areas where the concentration of particulate matter has 

exceeded the recommended limit, affecting health more than any other condition and resulting 

in a lost life expectancy per person of approximately two years (LEE & GREENSTONE, 2021; 

IEMA, 2022). The concern is even more significant in low and middle-income countries, where 

large populations suffer daily from severe air pollution due to large-scale urbanization, 

industrial expansion, and economic development based on inefficient public policies 

(ANDRADE et al., 2017; MIRAGLIA & GOUVEIA, 2014). 

The WHO also states that emissions generally have specific, predictable temporal 

patterns and that seasonal variations are determinant and can enhance their effects (MORAES 

et al., 2019; WHO, 2021). Therefore, to ensure acceptable limits and ideal conditions for people 

and the environment, a multi-pollutant analysis that considers the temporality and duration of 

critical events of high concentrations, capable of revealing, through time intervals, the behavior 

of the pollutants with the most significant influence on health is essential. Although there are 

already several studies, the update of the WHO guidelines is based on studies carried out in 

Europe, North America, Asia, and Oceania, with few in South America. In developing 

countries, even with much data available on health systems, little knowledge of the relation 

between health and long or short-term exposure to high levels of air pollution is generated. 

Much of the data is analyzed by statistical methods with limited capacity for temporal analysis 

of multiple variables simultaneously (AMEER et al., 2019; BERGMANN et al., 2020; 

REPRESA et al., 2019; RYBARCZYK & ZALAKEVICIUTE, 2018). 

Degraded air quality, especially in urban centers, has been associated with worsening 

diseases (LI et al., 2017; CHIQUETTO et al., 2022; LEIRIÃO et al., 2022; LIU et al., 2022). 

In addition to many monitoring stations being located in urban areas and few in rural areas, 

studies have focused mainly on metropolitan areas, which often exceed air quality patterns. It 

is relevant to assess whether the behavior is similar in surrounding cities and other areas, such 

as the countryside and coastline. In the China, most monitoring stations are located in urban 

areas with high pollution levels. Especially for rural regions, spatial representativeness 
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decreases, which impairs the assessment of air pollution and human health (BAI et al., 2022). 

A study found that the concentration of PM2.5 shifted over time, demonstrating an internal 

regional and inter-regional transport with positive spatial autocorrelation. The most polluted 

cities, characterized by industry, are distributed further to the north and the least polluted ones 

to the south. The reduction of high concentrations of PM2.5 in the most polluted cities 

contributed to the reduction of PM2.5 pollution in the south (LIU et al., 2022). 

Research involving air pollution uses association rule extraction algorithms to assess 

associations between pollutants, emission sources, and their effects on air quality. As proposed 

by Agrawal et al. (1993), association rule mining is premised on finding relations between items 

in the database by generating rules, which, in turn, reveal associations between elements that 

occur together. The possibility of events repeating themselves from time to time is substantial. 

Still, there are limitations in the literature regarding the temporal order in the association of data 

and their relationships. Classical algorithms are not applicable for extracting multiple rules from 

temporal data and treat time as a simple numerical attribute, usually extracted from sequential 

data, ordered linearly in time (KAM & FU, 2000; LAXMAN & SASTRY, 2006; WINARKO 

& RODDICK, 2007; MITSA, 2010). The incorporation of the temporal aspect to association 

rules is a factor of great importance for data mining. Temporal association rules look for 

exciting relations or patterns in large data sets when the temporal attribute and its relationships 

are considered at intervals. For example, “event A occurs after event B occurs”, or “both events 

A and B occur before event C occurs” (MITSA, 2010; PAYUS et al., 2013; CAGLIERO et al., 

2016; LI et. al., 2019; LI et al., 2020). Due to each domain's specificities, temporal data are 

studied in variable granularities and frequencies; although practical, the analysis of time points 

offers a different level of detail than data mining with temporal or even frequent temporal 

intervals, being more advantageous and relevant. 

Related works such as by Nguyen et al. (2018) found patterns in the form of temporal 

association rules. The rules is a particular type of cancer treatment and its consequent set of co-

occurring toxicities. Rules are built by temporal decision trees from data sequencing. The 

algorithm only determines the temporal directions of the associations, as reported by the author, 

however, it is relatively insensitive to temporal interval constraints between cancer treatments 

and diagnostics, therefore, ineffective in revealing temporal progression. In the capital of 

Malaysia, an urban and industrialized city, Payus et al. (2013) evaluated by association rules 

that exposure to high concentrations of PM10, CO, and high temperatures is strongly associated 

with an increase in the number of hospitalizations of patients for respiratory problems, with 
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more than 90% confidence. The Apriori algorithm was applied to the dataset, but did not contain 

a temporal dimension, as the timestamps were discarded to generate the association rules. 

Gomes et al. (2013) showed a significant association between the increase in the number of 

hospitalizations for asthma in children in 27 cities in Greater São Paulo due to exposure to PM 

concentrations and meteorological factors. To detect the association, the Poisson probability 

distribution was used, whose exponential represents the relative risk, given by the ratio between 

the probabilities of the explanatory variable. In the United States, Moskovitch and Shahar 

(2009) found, in a set of records of diabetic patients, complex temporal patterns of clinical 

records, organized in a tree of significant temporal patterns with different frequencies.  

In this way, this study uses the time factor to discover temporal association rules to 

analyze hospitalizations for respiratory diseases when the WHO concentration limits are 

exceeded for the pollutants: PM10, PM2.5, NO2, CO, O3, and SO2, from January 2017 to October 

2021. Three cities in São Paulo, Brazil, with different characteristics (in the metropolitan, 

coastal, and countryside regions) were considered here. The main contributions of this work are 

1) Mining multi-pollutant temporal rules (temporal implications between variables) and not just 

identifying patterns in a time series; 2) Investigate the frequent daily temporal behavior of the 

relation between pollutants and the increase in the number of hospitalizations for respiratory 

diseases; 3) Present which daily time intervals (before and after) the relation occurs; 4) Identify 

which pollutants and their combinations are most harmful to health. 

 

5.2 Data and methods 

5.2.1 Study area 

According to the Institute of Energy and Environment of São Paulo (Santana et al., 

2012; IEMA, 2022), Brazil still has high levels of concentration compared to other countries 

and remains above that indicated by the WHO over the last 22 years, even in the 2020 and 2021 

pandemic years. The state of São Paulo has the largest industrialized area in Brazil, located in 

the country’s southeastern region. According to the Brazilian Institute of Geography and 

Statistics (IBGE), it is the most populous state with 46.6 million inhabitants, the equivalent to 

21.9% of the Brazilian population, and it has the country’s largest GDP with 31.6% (IBGE, 

2021). 
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Figure 5.1 - Location of the cities considered in the study, in São Paulo (metropolitan), Santos 

(coastal), and Campinas (countryside).  

 

This study considers three cities in the state of São Paulo (Figure 5.1), which, from 

January 2017 to October 2021, had high levels of air pollution and the highest number of 

pollutants monitored by CETESB (QUALAR 2021), but with different topographic 

characteristics: São Paulo, located in the Metropolitan Area of São Paulo (RMSP), the coastal 

city of Santos, and the city of Campinas, in the countryside of the state. 

 

5.2.2 Dataset 

 

Data collection involved two public databases: air pollution data were obtained from 

CETESB's QUALAR (QUALAR, 2021) online platform, which automatically monitors air 

quality with 62 stations in 36 municipalities, 29 of them being in the RMSP and the other 33 

stations in the countryside and coastal regions. Daily data on all admissions in the Brazilian 

Unified Health System (SUS) were provided by TABNET/TabWin of the Department of 

Informatics of SUS (DataSUS, 2021), which comprises only public health data. 

• QUALAR database: the maximum daily concentrations of each pollutant 

obtained for each city. As made available, for the pollutants, PM10, PM2.5, and SO2 were the 

maxima in 24h. For NO2, the average maximum of 1h per day, and for O3 and CO, the maximum 

average of 8h per day. As it involves a larger area, the average of the daily maxima of three 
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stations was generated for the city of São Paulo: Congonhas, Parque D. Pedro, and Marginal 

Tietê. In Campinas, missing data from the Vila União station were completed by the nearest 

station - Centro (PM10: 4.8%, PM10: 9.8%, O3: 10.7%, NO2: 15.2%). For Santos, only one 

station (Ponta da Praia). 

• DataSUS Database: Daily hospital admissions for respiratory diseases CID-10 

(J00 to J099) were collected according to the International Classification of Diseases – CID. 

Data per patient were: MUNIC_RES – municipality of residence; DI_INTER – date of 

admission; DIAG_PRINC – main diagnostic code. We emphasize that the patient's city of 

residence was considered and identified by the IBGE code (São Paulo – 355030, Santos – 

354850, and Campinas – 350950). 

Adding up the daily hospitalizations for respiratory diseases in each municipality (Table 

5.1), the annual total of hospitalizations was 223,433 for São Paulo, 5,661 for Santos, and 

26,339 for Campinas. It is important to highlight that the data provided does not include 

hospitalizations from the private sector or visits that did not generate hospitalizations, only SUS 

Health establishments. According to the São Paulo State Health Department data, more than 25 

million people are exclusive SUS users, representing about 58% of the state's 43 million 

inhabitants (MENDES, 2018). 

 

Table 5. 1 - Total hospitalizations for respiratory problems CID-10 (J00 to J099) in the Unified 

Health System (SUS) from 2017 to 2021.  

City Stations Profile 2017 2018 2019 2020 2021* Total 

São Paulo 

Congonhas 

Metropolitan 52,493 52,336 50,619 38,072 29,913 223,433 Parque D. Pedro 

Marginal Tietê 

Campinas 
Vila União 

Countryside 6,402 5,713 5,735 4,604 3,885 26,339 
Centro 

Santos Santos Coast 1,688 1,629 1,168 658 518 5,661 
* Note: October 2021. 

 

The last and next technique was adopted to fill in missing values in the databases, which 

replaced the missing value with the average between the previous and the next day (Plaia and 

Bondi, 2006). The annual average was considered in consecutive intervals of days with missing 

values. 

The database was organized in a multivariate daily format (composed of daily values 

for each variable) from January 2017 to October 2021. Temporality was expressed through a 



82 

temporal attribute date, and the generated temporal intervals represent the values assumed by 

the other attributes in such intervals. 

Table 5.2 is a sample of the database of this study. Each table row includes the record 

of maximum daily values of concentration of pollutants (PM10, PM2.5, NO2, SO2, O3, and CO), 

the daily average of hospital admissions for acute respiratory problems, and the date of 

occurrence of each set of values. The dates were used to identify the days when each pollutant 

exceeded the daily concentration limits defined by the WHO (CETESB, 2019); the maximum 

daily concentrations collected, independently for each city, were compared and categorized as 

lower or higher. To categorize the values of the number of daily hospitalizations, an annual 

average of hospitalizations was generated for each city, and values lower or higher than the 

annual average of admissions were defined. 

 

Table 5. 2 - Sample of a city's database for application of the ARMADA algorithm. 

 

Date PM10 PM2.5 CO SO2 NO2 O3 Admissions 

2019-01-01 lower higher lower lower lower higher higher 

2019-01-02 higher higher higher lower lower higher higher 

2019-01-03 lower higher lower lower lower lower lower …
 

 

…
 

 

…
 

 

…
 

 

…
 

 

…
 

 

…
 

 

…
 

 

2021-10-29 lower lower higher higher lower lower lower 

2021-10-30 higher lower lower lower lower higher higher 

2021-10-31 higher higher lower higher higher higher higher 

 
 

5.2.3 Temporal Association Rules 

 

Time data can be represented by: (i) events – an occurrence in time, (ii) intervals – 

start and end time, or (iii) time series – events based on regular intervals (WANG et al., 2006; 

WANG et al., 2018). When dealing with facts that last for a while, instead of analyzing the data 

as an instantaneous occurrence in chronological order, we consider the temporality of the data 

in intervals that can have different durations and frequencies, which allows us to find more 

significant patterns and a better understanding of the relations between intervals (WINARKO 

& RODDICK, 2007). However, most studies in the literature opt for data linked to univariate 

time series. Multivariate time series, which has a set of n variables, each with a time series, 

requires computational complexity to estimate the relevance of a pattern in time (MITSA, 2010; 

KAM & FU, 2000; RAJ et al., 2022). 
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The ARMADA algorithm (An algorithm for discovering Richer relative temporal 

Association rules from interval-based data) proposed by Winarko and Roddick (2007) seeks to 

find temporal patterns of data based on time intervals. It extends the MEMISP (MEMory 

Indexing for Sequential Pattern Mining) algorithm by Lin and Lee (2002), which explores 

frequent temporal patterns. Since the MEMISP originated from the combination of the Apriori 

(AGRAWAL et al., 1993) and GSP (AGRAWAL & SRIKANT, 1994) algorithms, based on 

the candidate generation and testing methodology and also on the FP-Grow (HAN & 

KAMBER, 2006) and PrefixSpan algorithms (HAN, KAMBER & PEI, 2011) based on the 

growth of patterns, the ARMADA algorithm is the result of best practices already incorporated 

with MEMISP, influenced by algorithms from both methodologies. ARMADA has already 

been tested on synthetic datasets. According to Winarko and Roddick (2007) and Mitsa (2010), 

it proved superior to the algorithms from which it was generated and more efficient for finding 

frequent temporal patterns in large databases. 

For this study, the ARMADA algorithm was used for two specific purposes: (1) to find 

all frequent temporal patterns and (2) to generate association rules from the frequent patterns, 

which correlate the events in the database, considering the association, and the duration 

intervals of such events. 

In the 1st step, the algorithm searches for frequent patterns recursively, with the help 

of an index table, which associates each pattern with a start and end time and considers the state 

of each variable in the pattern identification (WINARKO & RODDICK, 2007; MITSA, 2010). 

Formally, given a temporal database D = {t1. . . tn}, each record ti has an id and a 

temporal attribute with a start and end time, where start_time<end_time, indicating the 

relatively short time interval, compared to the total period under analysis. Where S is the set of 

all possible states for the data in D, when a state s Є S holds for a while, called the state interval, 

it is represented according to the tuple <start_time, s, end_time>. If s is a unique state in S, we 

can say that s is a temporal pattern <s>. For example, in a hypothetical database that records 

the concentration of an atmospheric pollutant (PM2.5) from a monitoring station (Santos) for a 

given period, the pollutant concentration value is considered the state <s>, represented by 

<01/01/2019, 37µg/ m3, 01/02/2019>. The algorithm's first task is to search for frequent states 

so that, in the end, the database is transformed into a collection of sequences of states. 

In this study, the database is composed of continuous daily attributes of maximum 

concentrations of pollutants and average hospitalizations for respiratory diseases, organized by 

the temporal attribute date (Table 5.2). To find the patterns, the algorithm identifies time points 
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in which the continuous attributes (pollutants or hospitalizations) present a state or behavior of 

interest, defined as a pollutant concentration above the limit established by the WHO. The union 

of immediately neighboring time points allows the construction of time intervals. 

The time interval between the intervals of states i and j, for i < j, being represented by 

gap (i, j) = start_timesj – end_timesi, is the difference between the start point of j and the end 

point of i. A time constraint (maximum_gap) can be considered to remove less frequent patterns 

and only consider relations between state intervals that have a gap that meets the predefined 

maximum_gap. 

The time interval between the intervals of states i and j, for i < j, being represented by 

gap (i, j) = start_timesj – end_timesi, is the difference between the start point of j and the end 

point of i. A time constraint (maximum_gap) can be considered to remove less frequent patterns 

and only consider relations between state intervals that have a gap that meets the predefined 

maximum_gap. 

In the 2nd step, the execution of the algorithm, the association rules are generated from 

the frequent patterns. A temporal association rule is an X→Y expression where X and Y are 

regular temporal patterns. X is the antecedent pattern of the rule, and Y is the consequent 

pattern, tending to occur when X occurs. In cases where the rule is associated with a time point, 

it is represented as Ri[t]: X→Y, and when it holds for a time interval, it is presented as: Ri[−t, 

+t]: X→Y, where Ri is the identification of the rule and [−t, +t] the time interval in which it 

was identified, so that −t is the smallest time point and +t is the largest one (AGRAWAL & 

SRIKANT, 1994; MITSA, 2010; HAN et al., 2011). 

The relevance and validation of rules depend on the support and trust values. Given 

the X→Y rule, the support (Equation 5.1) is the rule's coverage and represents the frequency of 

pattern occurs in the database. Therefore, it is obtained by the ratio of the number of transactions 

that have the pattern through the total amount of transactions (CASTRO & FERRARI, 2016). 

The confidence (Equation 5.2) of a temporal association rule X→Y is the ratio between the Y 

and X standard deviation (MUELLER, 1995). 

support (Ri) = 
|𝑋⁡∪⁡𝑌|

|𝑅|
. 

confidence (Ri) = 
𝜎(𝑌)

𝜎(𝑋)
. 

After finding frequent patterns with support>minsup, the algorithm allows the 

generation of temporal association rules from these patterns, with confidence>minconf, 

(5.1) 

(5.2) 
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resulting in pollutants associated with increased hospitalizations, considering the time interval 

in which this relation occurs. The problem with exploiting “richer” temporal association rules 

is generating all rules with confidence greater than or equal to the minimum confidence 

(minconf) specified by the user. This work aims to identify the best combination of support and 

confidence, the most representative of the databases. 

In this study, the ARMADA algorithm was implemented in Python, using open-source 

libraries specific for machine learning: scikit-learn, mlxtend, pandas, seaborn, matplotlib, 

apriori, association_rules and numpy (PEDREGOSA et al., 2011; RASCHKA, 2018; REBACK 

et al., 2020). 

 

5.3 Results and discussion 

 

5.3.1 Descriptive data analysis 

In this experiment, three databases were generated for the cities of São Paulo (RMSP), 

Campinas (countryside), and Santos (coast). Each base with a total of 1,765 records from 

January 1, 2017 to October 31, 2021, was composed of seven categorical attributes of 

concentration of monitored pollutants (PM10, PM2.5, NO2, SO2, CO, and O3), and the total daily 

hospitalizations were composed of respiratory diseases in the respective locations. Table 5.3 

presents the summarized statistics of each variable (maximum, minimum, mean, and standard 

deviation). Despite the differences between the cities regarding the concentration of pollutants 

and a number of hospitalizations, with few exceptions, the daily maximum of pollutants is 

above the recommended by the WHO in the three regions, with variability related to local 

meteorology and emissions, also found in similar studies, according to the characteristics of 

each region (AMATO et al., 2020; KACHBA et al., 2020; LEIRIÃO et al., 2022). With the 

new Global Air Quality Guidelines (AQG) published by the WHO, the recommended daily 

patterns have been reduced from 50µg/m3 to 45µg/m3 (PM10) and from 25µg/m3 to 15µg/m3 

(PM2.5) and the annual standard of NO2 decreased from 40µg/m3 to 10µg/m3 (WHO, 2021). 
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Table 5. 3 - Descriptive statistics of pollutants and hospitalizations from each database: São 

Paulo (RMSP), Campinas (countryside), Santos (coast), from 2017 to 2021.  

Cities 
Pollutants PM10 PM2.5 CO SO2  NO2 O3 Admissions 

WHO pattern(µg/m3) 45 15 10 40 200 100 (daily) 

São Paulo 

(RMSP) 

Maximum 122 71 3 8 223 177 299 

Minimum 9 6 0 1 22 5 16 

Average 35 21 1 3 84 65 127 

Standard deviation 17.1 10.3 0.5 1.2 30.5 27.4 41.4 

Campinas 

(countryside) 

Maximum 89 60 - - 136 162 40 

Minimum 7 5 - - 0 12 1 

Average 27 19 - - 41 70 15 

Standard deviation 10 9.1 - - 24.8 22.1 5.6 

Santos 

(coast) 

Maximum 106 48 - 44 140 127 16 

Minimum 6 3 - 0 0 1 1 

Average 29 16 - 11 55 45 4 

Standard deviation 13.6 6.7 - 9 16.8 14.6 2 
Note: 

WHO pattern until 2021, as it involves data from 2017 to 2021 (WHO, 2021). 

Daily parameters considered: MP10, MP2.5, and SO2 (Daily Maximum), NO2 (1-hour Average 

Maximum), and O3 and CO (8-hour Average Maximum). 

The stations in Campinas do not monitor SO2 and CO pollutants, and in Santos there is no monitoring 

of CO. 

 

According to Table 5.3, PM10, PM2.5, and O3 recorded high values in the three cities, 

SO2 on the coast and NO2 in the RMSP. The behavior of PM10 was similar to that observed for 

PM2.5 in all cities. Andrade et al. (2017) state that there has been an increase in secondary 

pollutants PM2.5 and O3 in the last 30 years in the state of São Paulo. The studies by Tadano et 

al. (2021) and Araújo and Rosário (2020) highlight the same cities (São Paulo, Campinas, and 

Baixada Santista) as the most polluted regions by PM2.5 in the state of São Paulo as found by 

Godoy and Silva (2022). In the study by Miranda et al. (2021) in the period from 2011 to 2017, 

high concentrations of PM2.5 (28-63 µg/m3), PM10 (52-110 µg/m3) and O3 (49-135 µg/m3) were 

also found in São Paulo. When considering the PM2.5 limit of 15 µg/m3 for 24 hours, the daily 

average is higher than recommended, and the maximum values recorded were practically four 

times higher (São Paulo – 71 µg/m3, Campinas – 60 µg/m3, and Santos 48 µg/m3). The same 

occurred for PM10, with high maximum concentrations, above the limit of 45µg/m3 (São Paulo 

– 122µg/m3, Santos – 106µg/m3, and Campinas – 89µg/m3). 

Maximum O3 was 177µg/m3 in the RMSP, 162µg/m3, countryside, and 127µg/m3, on 

the coast. Very present in hot seasons, the recommendation is a maximum daily average of 8 

hours of 100µg/m3 and a restriction of three to four days of exceedance per year. Studies have 
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shown that long-term exposure to O3 is related to mortality from respiratory problems, but there 

is already evidence that this association persists even at deficient levels of exposure 

(CANÇADO et al., 2006; ALVIM et al., 2017). 

SO2 presented concentrations above the recommended (40µg/m3) and was found in high 

concentrations along the coast of São Paulo. In Santos, the maximum concentration was 

44µg/m3 with an average of 11µg/m3, with a much lower rate in the RMSP (maximum of 

8µg/m3 and average of 3µg/m3). According to CETESB (2019), this is due to the large port and 

industrial complex in the region. A study by Wang and Corbett (2007) presented the costs and 

benefits of SO2 reduction found in high concentrations on the west coast of the USA. Regarding 

the health impacts of the pollutant, Nardocci et al. (2013) found an association between SO2 

exposure and short-term health effects in cardiovascular disease on the coast of São Paulo. 

Finally, in São Paulo, NO2
 exceeded the recommended 200µg/m3 with maximum 

concentrations of 223µg/m3, mainly due to the emission of pollutants from motor vehicles and 

large industrial enterprises, in addition to the logistics sector and the local airport. A 

fundamental relationship for improving urban mobility in the megacity of São Paulo was 

highlighted by Chiquetto et al. (2022), who defend the need for urban planning integrated with 

transport to reduce the commute distance between jobs and housing, the main factor for 

emission of NO2 currently in the region. 

For a better understanding of the data, temporal aspects were considered in the analysis, 

initially only with the seasonality of pollutants between regions, for a general demonstration of 

the frequency of peak concentrations of pollutants and an increase in the number of 

hospitalizations (Figure 5.2). Then, the search for temporal patterns in each location and the 

multi-polluting relationship with hospitalizations by temporal association rules – the main 

contribution of this study – will be presented with data analysis. 
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Figure 5.2 - Seasonality of inhalable and fine particulate matter pollutants (PM10, PM2.5) and 

Ozone (O3) which recorded high values in the three cities. Due to the change in the values 

recommended by the WHO in 2021, the reference values were maintained from 2017 to 2021. 

In general, concentrations were significantly higher in winter, except for O3 in summer. 

A total of 255,433 cases of hospitalizations for respiratory diseases were included in this study 

(Table 5.1), with a high level of hospitalization observed in winter, a common condition found 

in related studies (LAM et al., 2016; LIU, 2019; ESCOBAR, 2020). In São Paulo, 

hospitalizations showed a marked dispersion, ranging from 16 to 299 daily hospitalizations, a 

daily average of 127 occurrences, and a standard deviation of 41.4 (Table 5.3).  

Despite the average number of hospitals which stays in São Paulo being higher than in 

Campinas (minimum: 1, maximum: 40, average: 15, standard deviation: 5.6) and Santos 

(minimum: 1, maximum: 16, average: 4, standard deviation: 2), the patterns between the three 

cities were close. Considering the proportion of population size with average daily 

hospitalizations, Campinas had a slightly higher index (São Paulo = 0.0010%, Campinas = 

0.0012% and Santos = 0.0009%). 
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Respiratory diseases showed a similar seasonality between cities. In a sample from 2019 

(Figure 5.3), it is possible to notice that hospitalizations for respiratory diseases peak in early 

autumn (late March), which remains to a lesser extent during winter. This behavior is recurrent 

and demonstrates a more intense effect in the transition from summer to colder temperatures on 

the incidence of respiratory diseases, this is the period of temporal analysis in the following 

stages of this research. Lam et al. (2016) report that higher levels of humidity and ozone in the 

warm season and low humidity in the cold season were associated with more hospitalizations 

for respiratory diseases. In Canada, Parajuli et al. (2021) found positive seasonal correlations 

for PM2.5 and O3 in hot periods and PM2.5 and NO2 in cold ones from 2001 to 2012. 

 

 

Figure 5.3 - Seasonality of hospitalizations for respiratory diseases represented by a sample of 

data, in São Paulo, in 2019. 

 

Although these results show a possible association, more than seasonal effects are 

needed to assess the short-term risks and effects of multi-pollutant exposure to hospitalizations 

for respiratory problems, especially with such a large volume of data. The results can be ratified 

with a specific algorithm to mine temporal data, and the temporal patterns with rules that 

associate hospitalizations and pollutants concentrations over time can be analyzed. In the 

analysis by temporal association rules below, these data will be explored to identify which 

pollutants were related before, during, and after hospital discharge. 
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5.3.2 Analysis by temporal association rules 

 

After the pre-processing step of the database, composed of the temporal attribute (date), 

categorized attributes: concentration of pollutants PM10, PM2.5, NO2, SO2, CO, O3, and the 

number of hospitalizations, the ARMADA algorithm was applied to the mining of temporal 

patterns and rules. Unlike time series studies, which adopt implicit temporality, which, in turn, 

requires the chaining and organization of records to indicate the chronological order of events, 

this study adopted the explicit format of temporal data, with daily intervals as descriptors. 

Before starting to read the database, some initial parameters were defined: 

• States of interest: the variables had their values categorized to emphasize 

differences in behavior. For each pollutant, daily concentration values were classified as higher 

or lower than the limits established by the WHO. When the database presents other 

uncategorized or non-temporal attributes, does not affect the results. 

• Consequent target: association rules have the format antecedent → consequent, 

which indicates the relationship between them. The variable “hospitalizations” represented by 

the total number of daily hospital admissions for respiratory diseases was the consequent target, 

when it was above the annual average. As background, we have the states of interest of 

pollutants on days of high hospitalizations for the entire research period (2017 to 2021). 

According to the literature, studies seek to explain variations in hospitalizations for respiratory 

problems by counting hospitalizations over time (GOUVEIA et al., 2017; SANTOS et al., 

2021). 

The experiments were generated in two steps, according to Winarko and Roddick 

(2007): 1) Search for patterns associated with temporal intervals to identify the most frequent 

patterns and (2) Represent the daily temporal relations by association rules from the patterns 

found. Starting with the first step, the database was read recursively, looking for transactions in 

which the consequent target condition and states of interest were met. With the help of an index 

table, a new ID was assigned to each transaction located, with the registration of the date and 

state of the pollutants in this transaction, generating at the end a list of points of interest that 

make up a new database (Figure 5.4). 

Still, in this first step, the time intervals are constructed with the time points associated 

with the transactions. To generate the intervals, the normalization of temporal patterns by 

Höppner (2001), called lifespan by Ale and Rossi (2000), was considered, and proposed to 
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identify the pattern duration in a database. Therefore, it was possible to obtain on which days 

there was an increase in the number of hospitalizations and for how long they were sustained 

(time interval of interest). 

 

Figure 5. 4 - Demonstration of a portion of the Table of Indexes and respective ID of the time 

points of interest, with pollutant states and consequent target (São Paulo database).  

In Figure 5.5, we observed that the state (s) of each variable composes a pattern, 

represented by the triple (b, s, f), which describes the condition of each variable in a time 

interval, defined by the start (b) and end (f) time points. As in São Paulo, from 02/15 to 

02/18/2017 (Figures 5.4 and 5.5), a pattern can be recurrent with different durations. In this 

case, the high concentration of O3 (state of interest) may have been reflected in the hospital 

discharge (consequent target). Therefore, the duration of each pattern is determined by its 

permanence time in consecutive days, joined by the 1st occurrence of the pattern (b) and the last 

(f), similar to the temporalization process presented by Akhlagh et al. (2012). 

For this, the intervals were ordered according to their starting time points (b1, s1, f1), 

(b2, s2, f2), ..., (bn, sn, fn), ... where bi ≤ bi +1 and bi < fi. Therefore, the sequential intervals 

are replaced by a single interval for the pattern, resulting from the union of both (min (bi, bj), 

s, max (fi, fj)). The algorithm checks each time point in the index table for the proximity of 

existing intervals. A new interval is constructed when there is no interval on the day before or 

after the pattern (state) under analysis. The entire base period (2017 to 2021) was considered in 

this step. 

With a small sample from January to May 2017 from the São Paulo database (Figure 

5.5), it is possible to notice that the patterns are repeated at different intervals, as is the case of 
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(O3: higher) from 02/15 to 02/18, 02/21, 03/10 and 04/15/2017, the pattern (PM2.5: higher) on 

02/23, 03/17, 03/25, 03 to 05/05 and 05/09 and finally the pattern (PM2.5: higher; PM10: higher) 

on 04/05 and 05/25/2017. 

 
 

Figure 5. 5 - Time intervals and duration when a pattern is maintained for one or more days. 

Sample for São Paulo database, from January to May 2017.  

Observing Table 5.4, it is possible to found that approximately 36% (34% to 38%) of 

the total days with hospitalizations was above the annual average, one or more pollutants had 

concentrations above those recommended by the WHO. Therefore, high concentrations of 

pollutants may reflect on the same day for increased hospitalizations. The values that indicate 

this relationship were: in São Paulo, of the 831 days with hospitalization above the annual 

average, 303 days were a high concentration of one or more pollutants, likewise for Campinas 

(749/283) and Santos (568/192). Still, it reinforces that continuous exposure to pollutants 

occurring day(s) before hospital discharge can contribute to worsening health. Previous studies 

report effects for urgent and acute hospitalization (LAM et al., 2016; MATOS et al., 2019) and 

others significantly associated with different days of delay depending on the patient’s condition 

(KHOSRAVI et al., 2020; PARAJULI et al., 2021; MOURA, 2021). 

Thus, it was possible to obtain how many time intervals we had in each city and their 

respective durations (São Paulo – 208, Campinas – 171, and Santos – 144), shown in Table 5.4. 

Campinas had more consecutive days of hospital admissions, with a maximum of 11 days from 

06/11 to 06/21/2019 and 07/13 to 07/23/2020. We observed that the consecutive days of high 

hospitalizations rarely exceed the frequency of one day (65% to 77%), two days (13% to 20%), 

and three days (3% to 10%), being a typical behavior of the cities, with slight variations. 

Therefore, more significant air pollution generated more days with high hospitalizations, 
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presented in Table 5.3 (descriptive statistics of the database). The literature indicates that the 

growth of 10μg/m3 in the concentration of atmospheric pollutants increases the risk of 

emergency treatment for diseases respiratory (MATOS et al., 2019; CLAY et al., 2021). 

 

Table 5. 4 - List of the number of transactions in the databases of São Paulo, Campinas, and 

Santos (2017 to 2021) in which the records with consequent targets and states of interest were 

located with their respective time intervals.  

Number of records for São Paulo Campinas Santos 

Consequent target (in days): 

hospitalization for respiratory problems 

rate higher than the annual average 

831 (47%) 749 (42%) 568 (32%) 

States of interest (in days): pollutants with 

a concentration higher than the WHO 

pattern 

303 (36%) 283 (38%) 192 (34%) 

Consecutive days of high hospitalizations 

208 intervals: 171 intervals: 144 intervals: 

5 days – 1% 

4 days – 3% 

3 days – 9% 

2 days – 13% 

1 day – 74% 

11 days – 1% 

6   days – 1% 

5   days – 1% 

4   days – 2% 

3   days – 10% 

2   days – 20% 

1   day   – 65% 

5 days – 1% 

4 days – 3% 

3 days – 3% 

2 days – 16% 

1 day   – 77% 

 

As expected, the first step was the search for frequent patterns and their time intervals. 

In the second step, temporal association rules were generated. This process begins with the 

reading of the time intervals database. When identifying a new pattern, the counter is started 

(n=1) and incremented (n=n+1) when the same pattern is found in the other time intervals until 

it registers all occurrences of the same pattern. The process is repeated for all the most frequent 

patterns, forming the temporal association rules. Support and confidence values of all generated 

rules are calculated to select the most frequent (highest support) and strongest (highest 

confidence) rules. Table 5.5 lists the main rules for daily temporal relations by city. The 

antecedent “high concentration of one or more pollutants” points to the consequent “high 

number of hospitalizations” from 2017 to 2021. 

As a result, the rules show that the pollutants PM2.5, PM10, and O3 are associated with 

increased hospitalizations in the RMSP (São Paulo) and countryside (Campinas), with 

particulate matter predominating in the most supportive rules (Table 5.5). In São Paulo, PM2.5 

and PM10 combined occurred with a frequency of 38.5%; in Campinas, only PM2.5 alone had a 

frequency of 66.1%. Exposure to O3 presented a lower rate compared to particulates, with 
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maximum support of 17.5%. In Santos, the rule was slightly different and showed that SO2 

contamination was directly related to hospitalizations, with 43.85% support. 

The results were considered consistent in identifying temporal patterns by association 

rules, mainly because they correspond to the most present pollutants in regions and periods of 

high concentrations consistent with data reported by the CETESB (2019) and CETESB (2020). 

As SO2 emissions are directly proportional to the sulfur content of fuels used by marine diesel 

engines, this leads to a high concentration of the pollutant on the coast, also observed in the 

USA, Canada, and Mexico (WANG & CORBETT, 2007), as well as in the coastline of Portugal 

(PEREIRA et al., 2007). Epidemiological studies found an association between SO2 and the 

incidence of acute respiratory diseases in children on the day of exposure (NASCIMENTO et 

al., 2020) and cardiovascular diseases, two to three days after exposure (NARDOCCI et al., 

2013). 

For the entire study period, the association rules show that pollutants PM2.5, PM10, and 

O3 at high levels, above the pattern recommended by the WHO, are present in the rule's 

antecedent when there is occurrence of hospital discharge due to respiratory problems 

(consequent). The effect of fine particles is considered more harmful to health, and this direct 

relation to hospitalizations can be observed in the three regions. The harmful effects of PM2.5 

occur both in the short term with acute effects and in the long term with chronic results when it 

accelerates the decline of lung function throughout life (NASCIMENTO et al., 2020). In India 

(RAJAK AND CHATTOPADHYAY, 2020), in Brazil (GONÇALVES et al., 2022), and Spain 

(AMATO et al., 2014) found strong associations between respiratory disease and higher rates 

of hospitalization or hospital visit to short-term exposures to particulate matter, as in this study, 

the main risk factor for respiratory health problems. Li et al. (2020) also found a correlation 

between PM2.5, NO2, and O3 pollutants in China and between PM2.5 and PM10 in the USA. 

High ozone concentrations currently represent the main air pollution problem in São 

Paulo (ALVIM et al., 2017). Previous studies found that combined O3 and PM2.5 pollutants have 

consistent associations with respiratory hospitalizations and should be avoided at high levels, 

mainly if associated with low humidity and low temperature (LAM et al., 2016; PARAJULI et 

al., 2021). However, high O3 concentration was not considered a determining factor for more 

hospitalizations for asthma in the study by Nadali et al. (2022). The CO pollutants monitored 

in São Paulo and NO2 in São Paulo and Santos were not associated with the increase in 

hospitalizations. 
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In the RMSP, support indicates that high PM2.5 and PM10 (antecedents) occur together 

at the base with a frequency equal to or greater than 38.5% when hospitalization is higher than 

the annual average. Confidence indicates that when hospitalization is above average, there is 

77% certainty that PM2.5 and PM10 pollutants (antecedents) are in high concentration. We can 

also conclude that peaks in PM2.5 concentration increase hospitalizations with 29.3% support 

and O3 with a lower frequency of 15.9%. SO2 and CO did not exceed WHO patterns for this 

region in the study period. The background of the rules also leads us to conclude that 

simultaneous exposure to high levels of several pollutants is less common. The study found 

little risk for multi-pollutants due to low co-occurrences between air pollutants. Still, multi-

contaminant air pollution is common in cities and puts human health at risk in a cumulative 

way (NASCIMENTO et al., 2020). 

 

Table 5.5 - Temporal Association Rules obtained by the ARMADA algorithm. In the 

antecedents, the pollutants in the “higher” state than the WHO pattern for the consequent 

“hospitalization above the annual average” and their respective support and confidence 

parameters.  

[Antecedent] Support Confidence 

São Paulo 

[PM2.5: higher, PM10: higher, CO: lower, SO2: lower, NO2: lower, O3: lower] 38.5% 77% 

[PM2.5: higher, PM10: lower, CO: lower, SO2: lower, NO2: lower, O3: lower] 29.3% 58.6% 

[PM2.5: lower, PM10: lower, CO: lower, SO2: lower, NO2: lower, O3: higher] 15.9% 31.8% 

[PM2.5: higher, PM10: higher, CO: lower, SO2: lower, NO2: lower, O3: higher] 10.1% 20% 

[PM2.5: higher, PM10: lower, CO: lower, SO2: lower, NO2: lower, O3: higher] 4.8% 15% 

[PM2.5: lower, PM10: higher, CO: lower, SO2: lower, NO2: lower, O3: lower] 1.4% 30% 

Campinas 

[PM2.5: higher, PM10: lower, NO2: lower, O3: lower] 66.10% 94% 

[PM2.5: lower, PM10: lower, NO2: lower, O3: higher] 17.5% 40% 

[PM2.5: higher, PM10: higher, NO2: lower, O3: lower] 5.3% 10% 

[PM2.5: higher, PM10: lower, NO2: lower, O3: higher] 4.7% 8% 

[PM2.5: higher, PM10: higher, NO2: lower, O3: higher] 3.5% 7% 

[PM2.5: lower, PM10: higher, NO2: lower, O3: lower] 2.3% 15% 

[PM2.5: lower, PM10: higher, NO2: lower, O3: higher] 1.2% 23% 

Santos 

[PM2.5: lower, PM10: lower, SO2: higher, NO2: lower, O3: lower] 43.85% 80% 

[PM2.5: higher, PM10: lower, SO2: lower, NO2: lower, O3: lower] 14.65% 46% 

[PM2.5: lower, PM10: higher, SO2: lower, NO2: lower, O3: lower] 13.9% 28% 

[PM2.5: higher, PM10: lower, SO2: higher, NO2: lower, O3: lower] 11.8% 35% 

[PM2.5: higher, PM10: higher, SO2: higher, NO2: lower, O3: lower] 8.3% 4% 

[PM2.5: higher, PM10: higher, SO2: lower, NO2: lower, O3: lower] 6.2% 70% 

[PM2.5: lower, PM10: higher, SO2: higher, NO2: lower, O3: lower] 1.4% 51% 
 

In Campinas, for the highest incidence of registered respiratory diseases, PM2.5 also 

showed a high concentration, with 66.1% of occurrences predominant in frequent patterns. 
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Next, O3 is associated with 17.5% frequency. The combined pollutants (PM2.5, PM10, and O3) 

showed a low frequency, the same behavior as the RMSP. There was also no record of 

hospitalizations associated with NO2. In Santos, the rules expressed 43.85% of hospitalizations 

attributed to SO2 exposure, PM2.5 with 14.65%, and PM10 with 13.9%, showing a lower 

association with respiratory problems. The CO pollutants monitored in São Paulo and NO2 in 

São Paulo and Santos were not associated with increased hospitalizations.  

Although the temporal rules are sufficient to state which pollutants are associated with 

high hospitalization in different regions, a short-term analysis is still needed to visualize on 

which days and intervals each pattern occurred and the temporal relations between them. To 

describe the temporal relations, Allen's Interval Algebra (AIA) was applied using the BEFORE 

and AFTER relations. The graphical representation (Figure 5.6) contributes to the interpretation 

and identification of relations, the horizontal axis represents the interval in days, and the vertical 

axis contains the rules. 

 

Figure 5.6 - Temporal relations between the association rules for the consequent 

“hospitalizations above the annual average” during the peak of hospitalizations: a) Santos from 

Maio to June 2018 and b) São Paulo from April to June 2019. 
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There was a peak of hospitalizations in 2018 in Santos city between May and June, 

which can be better understood in Figure 5.6 (a). Note that the most frequent rule was [SO2: 

higher] from 05/03 to 06/07, one day (05/12) with [PM2.5: superior, SO2: superior] and twice 

(02 and 06/13) with [PM2.5: superior, PM10: superior, SO2: superior]. As of 06/10/2018, the rule 

[PM2.5: superior] is more frequent. Therefore, visualization allows simple and intuitive 

interpretations, which reveal, through temporal analysis, the relations between pollutants and 

hospitalizations for respiratory problems. Such a contribution was not found in the literature 

and exposed the short-term relation between temporal patterns. 

During the time series analysis for São Paulo in 2019 (Figure 5.3), we identified an 

increase in hospitalizations from April to June 2019. With the graph of temporal relations in 

Figure 5.6 (b), we can see which pollutants were associated. The month of April started with 

the rules [PM2.5: higher, PM10: higher, O3: higher] followed by intense periods of high 

concentration of [PM2.5: higher, PM10: higher] interspersed with short intervals of [O3: higher] 

and [PM2.5: higher]. The time interval highlighted are from 02 to 05/06/2019 and 11 to 

06/15/2019 for the rule [PM2.5: higher, PM10: higher], which affect the high number of 

hospitalizations for five consecutive days. The same occurs from 15 to 06/19 for the rule [PM2.5: 

higher]. On the other days, the attributes presented values within the expected behavior. 

This first analysis considers the effects of pollution on the same day when there was a 

high concentration of one or more pollutants, which showed a direct association between 

pollutants and local respiratory admissions. However, studies report a delay in the effects of air 

pollution during the exposure period for individuals. That is, hospitalizations may be associated 

with pollution levels from previous days (YIN et al., 2017; MATOS et al., 2019; KHOSRAVI 

et al., 2020; NADALI et al., 2022). Therefore, it is essential to investigate the temporal 

association between hospitalizations and pollution levels in the earlier days and the behavior of 

pollutants and hospitalizations in the following days. The algorithm predicts a time constraint 

(maximum_gap) applied from selecting one of the temporal association rules, which considers 

only relationships between state intervals that meet the predefined gap. In this study, the 

maximum_gap = 4, four days was adopted before (gap = -1, gap = -2, gap = -3, gap = -4) and 

four days after (gap = 1, gap = 2, gap = 3, gap = 4) the intervals in which there were 

hospitalizations above the annual average. The choice of the gap is based on studies that 

evaluated the impact of pollution on health, ranging from 2 to 5 days earlier (MATOS et al., 

2019; KHOSRAVI et al., 2020; NADALI et al., 2022. 
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To show the behavior of pollutants and hospitalizations for the São Paulo database from 

2017 to 2021, the most frequent temporal association rule for the entire period was investigated: 

[PM2.5: higher, PM10: higher, CO: lower, SO2: lower, NO2: lower, O3: lower] → 

[hospitalization: higher]. In Table 5.6, it is possible to observe the result with the most frequent 

rules (greater support and trust). The algorithm checks all the dates on which the rule occurred 

(from 2017 to 2021) and records the most frequent behavior of each pollutant and 

hospitalizations four days before and four days after, successively, for each gap.  

 

 

Table 5. 6 - Temporal Association Rules and their support and trust. The algorithm evaluates 

the delay effect of gap = -1 to gap = -4 and subsequent gap = 1 to gap = 4 at all time points 

where the most frequent rule occurs in São Paulo, from 2017 to 2021.  

 

GAP [Antecedent] → [Consequent] Support Confidence 

-4 [PM2.5: higher, PM10: higher]    → [admissions: higher] 17.5% 56.00% 

-3 
[PM2.5: higher, PM10: higher]    → [admissions: higher] 12.5% 43.47% 

[PM2.5: higher, PM10: higher]    → [admissions: lower]   11.25% 47.36% 

-2 [PM2.5: higher, PM10: higher]    → [admissions: higher] 22.5% 72.00% 

-1 
[PM2.5: higher, PM10: higher]    → [admissions: lower] 20.00% 57.00% 

[PM2.5: higher]                           → [admissions: higher] 15.00% 48.00% 

0 [PM2.5: higher, PM10: higher] → [admissions: higher] 38.50% 77.00% 

1 
[PM2.5: higher, PM10: higher]    → [admissions: lower] 36.25% 70.73% 

[all pollutants: lower]                → [admissions: higher] 22.50% 46.15% 

2 
[PM2.5: higher, PM10: higher]    → [admissions: higher] 22.50% 40.90% 

[all pollutants: lower]                → [admissions: higher] 18.75% 34.09% 

3 
[PM2.5: higher, PM10: higher]    → [admissions: lower] 21.25% 41.46% 

[all pollutants: lower]                → [admissions: higher] 21.25% 43.58% 

4 
[all pollutants: lower]                → [admissions: lower] 22.25% 51.42% 

[all pollutants: lower]                → [admissions: higher] 21.25% 37.77% 
    

 

On the day before (gap = -1) the peak admission of all dates in which the rule occurred, 

pollutants PM2.5 and PM10 had concentrations above the WHO limit (support: 20% and 

confidence: 57%), but hospitalizations were lower. Exposure to PM2.5 and PM10 pollutants on 

previous days (gap = -2 and gap = -4) generate hospitalizations on the same day and new 

hospitalizations on the following days (gap = -1 and gap = -3) after exposure, even with low 

concentrations. The range of support was from 17.5% to 22.5% and confidence was from 56% 

to 72%. Another pattern that preceded the peak of hospitalizations was the increase in the 

concentration of PM2.5 (support: 15% and confidence: 48%). 
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In the studies that sought the relationship between exposure to pollutants and their 

effects on health in China, Yin et al. (2017) found that PM10 exposure was significantly 

associated with daily mortality with a delay of up to 2 days. In Canada, the most consistent 

effects of O3 exposure appeared one day after exposure (PARAJULI et al., 2021). In the say 

way in Iran, from 2014 to 2019, the most significant adverse effects found in hospitalization 

for asthma were observed the next day (NADALI et al., 2022). In Brazil, exposure to PM2.5 it 

showed an increase of 10µg/m3 in the pollutant concentration in medium-sized cities and on the 

fifth day was significant the hospitalizations (MANTOVANI et al., 2016). 

Although it is important to understand the behavior of pollutants in the period that 

precedes hospital discharges, it is equally important to analyze what happens after this period, 

if the pollutants remain high in the following days, for how long, and the effect on 

hospitalizations, almost not addressed by the studies that deal with this short-term relationship 

in the works. The study by Matos et al. (2019) found by Poisson regression, with daily 

hospitalization of respiratory diseases, daily concentrations of air pollutants, temperature, 

humidity, and rainfall, for PM10, an increase of 2.43%, 2.73%, and 3.29% in the accumulated 

of 5, 6, and 7 days, respectively.  

In Table 5.6 and Figure 5.7, an analysis of the most frequent rules in São Paulo from 

2017 to 2021 (gap = 0), the most frequent and strong rules indicate that the pollutants that 

caused the increase in hospitalizations stayed for three days (gap = 1 to gap = 3) above the 

WHO limits, oscillating in smaller hospitalizations (gap = 1) and again larger (gap = 2 and gap 

= 4), in a decreasing trend in pollutant concentration levels over time.  In parallel, another rule 

was reducing all pollutants on the other days (gap = 1 to gap = 4), but still maintaining high 

hospitalizations. Days after high hospitalizations, the risk of hospitalizations due to respiratory 

diseases was associated with lower concentrations of all pollutants. 
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Figure 5.7 - Sample of all Temporal Association Rules and support and confidence parameters, 

for gap = 1 to gap = 4. An analysis of the most frequent rule in São Paulo from 2017 to 2021. 

It is important to recognize that differences in the composition of pollutants and people's 

vulnerability contribute to worsening pollution's effects on the population. The study by Machin 

and Nascimento (2018) states that a 5μg/m3 increase in PM2.5 concentrations increases the risk 

of respiratory hospitalizations by 20% and 38% (89 admissions) in children from Cuiabá, state 

of the Amazon Region in Brazil. In a large study of older adults, there was convincing evidence 

that ozone exposure did not find cardiovascular problems in this population but did confirm 

effects on the lung, even at low levels of exposure (FRAMPTON et. al., 2017). High pollution 

levels can increase the mortality risk associated with pollution by up to 15%, often due to slight 

variations (MANTOVANI et al., 2016; Nascimento et al., 2020). Therefore, the results show 

that adopting the new WHO guidelines (WHO, 2021) for concentration limits considered 

stricter and safer is urgent. 

 
 

5.4 Conclusion 

 

The State of São Paulo has the largest industrialized area and vehicular sources of 

emissions in Brazil, and many municipalities have been presenting high levels of air pollution. 

This study investigated the relationship between exposure to critical multi-polluting air 

pollution events (PM10, PM2.5, NO2, SO2, O3, and CO) with hospitalizations for respiratory 

diseases in the metropolitan area (São Paulo city), countryside (Campinas city), and coast 

(Santos city), from 2017 to 2021. Time series studies are insufficient to assess the risks and 

effects of short-term exposure to large-scale pollution. Differently, analysis by temporal 

association rules showed the potential to identify implications between variables over time and 

extracted patterns from multidimensional data when WHO concentration limits are exceeded 
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for pollutants. The application of the technique was able to show more frequent patterns 

associated with time intervals and presented the daily relations by association rules. 

With the duration of each pattern, it was possible to obtain in which day intervals there 

was an increase in the number of hospitalizations and for how long they were sustained. We 

found that in approximately 35% of the total number of days with hospitalization above the 

annual average, one or more pollutants had concentrations above those recommended by the 

WHO on the same day. From the frequent patterns for the entire study period, the temporal 

association rules show that PM2.5, PM10, and O3 pollutants are strongly associated with 

increased hospitalizations. In the RMSP (PM2.5 and PM10 with 38.5% support and 77% 

confidence), in Campinas (PM2.5 with 66.1% support and 94% confidence), and the pollutant 

O3 with maximum support of 17.5%. On the coast (Santos), the rule showed that SO2 high 

concentration is directly related to hospitalizations, with 43.85% of support and 80% of 

confidence. The CO pollutants monitored in São Paulo and NO2 in São Paulo and Santos were 

not associated with the increase in hospitalizations. 

The short-term analysis between pollutants and their health effects indicates on the 

previous day to the peak hospitalization the pollutants had concentrations above the WHO limit. 

The exposure to PM2.5 and PM10 pollutants in the previous days (gap = -2 and gap = -4) 

generated hospitalization on the same day and new admissions in the following after exposure. 

The most frequent and robust rules indicate that the pollutants that caused the increase in 

hospitalizations remain for three days above limits, oscillating in smaller hospitalizations on 

the 1st day and again higher on the 2nd and 3rd days. In parallel, another rule shows that lower 

concentrations of all pollutants on other days (gap = 1 to gap = 4) maintain high hospitalizations. 

Therefore, lower concentrations are also related to higher hospitalizations, even within the 

limits established by WHO. 

These results are important due to the scarcity of this approach in the literature and were 

considered consistent in identifying temporal patterns by association rules, mainly because they 

correspond to the most present pollutants in the respective regions and to the periods of high 

concentrations reported by CETESB. Another contribution is the intuitive graphical interface 

for investigating the daily temporal behavior between patterns and their relations by periods of 

interest. The limitations were the unavailability of pollutant data for the entire time series, 

solved with data from the nearest station of the same characteristic which was mentioned in the 

methodology, which guaranteed good results. Future works may include new meteorological 

variables to investigate their influence on this study. In conclusion, high pollutant exposure was 
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significantly associated with daily respiratory hospitalization, even with a delay. We identified 

which pollutants and combinations are most harmful to health in each region. Likewise, even 

with concentrations lower than the limits defined by the WHO, pollution impacts the number 

of hospitalizations. 
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6. Conclusion 

As previously evidenced, the main objective of this work was to explore data mining 

techniques to find spatial and temporal patterns of air pollutants in cities in the State of São 

Paulo and to investigate meteorological conditions associated with critical periods of 

concentration of such pollutants, in addition, to analyze the relationship and short-term 

evolution in the increase of hospitalizations due to respiratory diseases. Since the temporality 

associated with the data is an essential contribution to the analysis and extraction of knowledge 

in the study of air quality and other areas, we consider this to be the most significant 

contribution, in addition to being multidisciplinary research generated from real data, which 

aims to seek in practice. These techniques are more adequate to the demands that the context 

lacks. 

One of the themes that emerged from this research involved spatial aspects considered 

fundamental for a comprehensive study to understand the current situation of air pollution 

across the State and reveals disparities in the spatial distribution of pollution exposure data 

across the territory. This work investigated the multipollutant spatial and temporal patterns 

(PM10, PM2.5, NO2, SO2, O3, and CO) using the data grouping technique, involving stations 

with air quality monitoring, covering urban, coastal, and inland areas (GODOY et al. 2021; 

GODOY, SILVA, 2022a; GODOY, SILVA, 2022b). 

In the spatial analysis by partitional clustering by pollutant, which used the K-medoids 

algorithm, the stations belonging to the formed groups showed characteristic and similar 

behavior patterns over time, categorized into pollution levels, with the quality of the groups 

validated by the silhouette coefficient, resulting in the formation of two to three groups per 

pollutant, which led to different levels of pollution. The temporal profile of the clustering 

allowed identifying the seasonality of the pollutants, which demonstrated the importance of 

investigating the unfavorable meteorological factors predominant in periods of high 

concentration. 

By association rules, it was possible to explore, more specifically, which meteorological 

parameters (air temperature, relative humidity, wind speed, rainfall, and global solar radiation) 

were associated with the critical periods of concentration of each pollutant in different regions. 

The technique was applied based on the choice of periods of regular seasonal changes per 

pollutant, for groups of severely polluted stations, considering the rules with greater support 
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and confidence (above 83.33%), which guarantee a high frequency of the same pattern in the 

data. 

The rules can help generate warning signs for possible increases in the concentration of 

pollutants, since the results confirm a relationship between high-concentration episodes and 

certain atmospheric conditions occurrence (GODOY et al. 2021; GODOY, SILVA, 2022a; 

GODOY, SILVA, 2022b). With this, we found the importance of specific studies based on the 

behavior of pollutants in different regions and related climate changes, which provide subsidies 

for the generation of effective political measures to avoid critical periods of exposure to the 

population and the mitigation of pollutant emissions. 

The temporal analysis detected trends and periods of variation in the concentration of 

pollutants. It made it possible to investigate the time window between the occurrences of 

hospitalizations for respiratory diseases associated with exposure to critical events of 

multipollutant air pollution (PM10, PM2.5, NO2, SO2, O3 and CO) in the metropolitan region 

(São Paulo), countryside (Campinas) and coast (Santos), from 2017 to 2021. Time series studies 

proved insufficient in assessing the risks and effects of short-term exposure to large-scale 

pollution. Through an algorithm extension for mining temporal association rules, the technique 

searched for more frequent patterns associated with temporal intervals and presented daily 

relationships by association rules, which extracted patterns from multivariate (multipollutant) 

data when the thresholds of WHO concentrations are exceeded for pollutants. 

With the duration of each pattern, it was possible to obtain in which intervals of days 

there was an increase in the number of hospitalizations and for how long they were sustained, 

with lags of up to 4 days in hospitalization after exposure, which allowed a more specific 

analysis, something relevant due to the scarcity of this approach in the literature by temporal 

association rules. Another contribution was the intuitive graphical interface for investigating 

the daily temporal behavior between patterns and their relationships by periods of interest. 

In conclusion, the results demonstrate potential benefits since the problems related to 

the emission of pollutants originate regionally and should preferably be faced from these same 

perspectives. The results also showed that high exposure to pollutants was significantly 

associated with daily respiratory hospitalization, even with delay and identifying which 

pollutants and combinations are most harmful to health in each region. Finally, the findings 

from our experiments showed that the techniques could produce consistent scores compared to 

previous research and provide possible subsidies for air quality management in São Paulo. 
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The limitations found were the unavailability of some stations for the meteorological 

data of the entire time series (2017-2019), which led to the discarding of some stations, which 

did not affect the analysis because it is a large volume of data. In some cases, the unavailability 

of pollutant data was solved with data from the nearest station, with the same characteristics 

mentioned in the methodology of the articles. 

The data mining techniques were suitable for the proposed study and ensured 

replicability. Therefore, as possible future research, other scenarios in which spatial and 

temporal patterns and their association matter can be carried out, including new parameters 

aimed at socioeconomic factors, transport, or other diseases associated with air quality. We also 

highlight that for the evolution of the methodology discussed here into a framework, we need 

to automate the data collection and pre-processing process with public databases. 
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