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ABSTRA CT

Air quality is a very important indicator as it affects people and the environment. The

pandemic of COVID-19 has caused Movement Control Orders (MCO) to be implemented to

curb the number of cases in Malaysia. Hence, all economic activities have been halted except

for essential services and worki ng from home (WFH) has been implemented during the

pandemic. Thus, this study aims to investigate sign ificant differences in air quality befo re

and after lockdown. Based on the non-parametric test, all air quality levels show significa nt

differences except for S02 levels for Cheras and Shah Alam. By hierarchical clustering, the

Klang area has the highest levels of particulat e matter and S02' Meanwhile, Petaling Jaya

has the highest levels of NO2 and CO as in the same cluster for both periods while Batu Muda

faced deteriorating CO levels after MCO . In addition, 0 3 levels have improved for Cheras,

Putrajaya, Banting and Shah Alam. However, ozone levels declined in Petaling Jaya after

MCO. The air quality is further monitored by using a multivariate control chart approac h in

which it is found out that the air quality is out of control before and after the implementation

of MCO. It can be concluded that in the Klang Valley area, some businesses are still operating

during MCO and after MCO uplifted, almost all businesses are operating as usual to uplift

the economy and result in deteriorated air quality compared to MCO periods.
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ABSTRAK

Kualiti udara adalah aras penunjuk yang sangat penting kerana ia mempunyai kesan kepada

manusia dan alam sekitar. Pandemik COYID-19 telah menyebabkan Perintah Kawalan

Pergerakan (PKP) dilaksanakan bagi membendung bilangan kes di Malaysia. Oleh itu, semua

aktiv iti ekonomi telah dihentikan kecuali perkhidmatan penting dan bekerja dari rumah

(WFH) telah dilaksanakan semasa pandemik. Oleh itu, kajian ini bertujuan untuk menyiasat

perbezaan kualiti udara sebelum dan selepas perintah berkurung. Berdasarkan uj ian tidak

berparametrik, semua kualiti udara menunjukkan perbezaan signifikan kecual i tahap S02 di

Cheras dan Shah Alam . Dengan pengelompokan hierark i, Klang mempunyai tahap zarah

halus dan S02 yang paling tinggi . Sementara itu, Petaling Jaya mempunyai tahap tertinggi

N°2 , dan COkerana berada dalam kelompok yang sarna untuk kedua-dua tempoh manakala

tahap CO di Batu Muda meroso t selepas PKP. Tambahan pula , tahap 0 3 bertambah baik

untuk Cheras, Putrajaya, Bant ing dan Shah Alam. Tetapi, tahap ozon Petaling Jaya menurun

selepas PKP. Kualiti udara dipantau selanjutnya dengan menggunakan pendekatan carta

kawalan multivariat dimana mendapati kualiti udara masih di luar kawalan selepas

pelaksanaan PKP. Ini boleh disimpulkan bahawa di kawasan Lembah Klang, beberapa

aktiv iti pemiagaan masih beroperasi semasa tempoh PKP dan selepas PKP dimansuhkan,

hampir semua aktiviti pemiagaan beroperasi seperti biasa untuk meningkatkan tahap

ekonomi dan mengakibatkan kualiti udara merosot berbanding tempoh PKP.
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CHAPTER 1

INTRO DUCTION

In this chapter, background of study, problem statement, objectives and scope of study are

discussed. The background of the study is elaborated in terms of air quality and the statistical

approach to monitoring air quality in Malaysia. The problem statement discusses the main

objectives that led to this study. The objectives are specified that are required to be achieved

throughout this study.

1.1 Backgroun d

Increases in the economic activities in Malaysia especially in the manufacturing, automotive,

agricultural and construction industries have positively contributed to the economy. The

Malaysian economic plan has contributed to the country ' s develop ment and Malaysia is one

of the leading exporters in the world. However, despite the flourishing Malaysian economy,

there are negati ve consequences resultin g from economic activities which is pollut ion that is

harmful to the people, ecosys tem and environment. One of the pollutions that has been a

problem nowada ys is air pollution. Air polluti on is a global environmental problem that has

influenced the urban population ' s health (Kanchan et aI., 20 15). With the rapid evolution of

people' s lives, the air quali ty has deteriorated and is impacting on the environment as well
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as people's health. An example of occurrences due to bad pollution levels is global warming

and acid rain. Rapid weather changes are commonly caused by pollution such as air pollution,

water pollution, plastic pollution, thermal pollution and radioactive contamination.

The outbreak of pandemic COVID-19 that start ed in late 20 19 has affected all aspects

worldwide and there is no exception to anyone. Thu s, Malaysia is also one of the countries

that cannot escape the impact of the pandemic. The first confirmed COVID-19 case in

Malaysia was reported on 25thJanuary 2020 involving three tourists from China that came in

from Singapore through Johor on 23rd January 2020 (Berita Harian, 2020) . The number of

cases has kept increasing since March 2020 with several clusters with high positi ve cases

(Rahman et al, 2021). With a high infecti on rate , especially with the emergence of Sri

Petaling's cluster (Berita Harian,2020), the goverrunent decided to impose a Movement

Control Order (MCO ) to curb infection rates especially in crow ded areas and industrial areas

such as Klang, Kuala Lumpur and Johor.

Malaysia has three phases of MCO of which the first phase of MCO is from 18th

March 2020 until 3rd May 2020. Succeeded by MCO , the conditional movement control order

(CMCO) was implemented on 4th May 2020 until 9th June 2020 . The Recovery Movement

Control Order (RMCO) was implemented on lOth June 2020 until 315t March 2021 . Since

then, the cases have decreased and if there is any surge of COV ID-19 cases report ed, MCO

is implemented dependin g on the number of cases in each state . The MCO phases in Malaysia

are summarized in Table 1.1.
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Table 1.1: Summary of MCO implementation in Malaysia

StageofMCO PhaseofMCO Duration
Movement Control Order Phase 1 18th March 2020-31st March 2020
(MCO)

Phase 2 pt April 2020-14th April 2020

Phase 3 15th April 2020 - 28th April 2020

Phase 4 29th April 2020-3rd May 2020

Conditional Movement Control Phase 1 4th May 2020-12th May 2020
Order (CMCO)

Phase 2 13th May 2020-9th June 2020

Recovery Movement Contro l Phase 1 10th June 2020-31st August 2020
Order (RMCO)

Phase 2 1st September 2020-31st December
2020

Phase 3 pt January 2021-3 p I March 202 1

During the implementation of MCO , several restrictions have been imposed such as

the prohibition of mass gatherings which include social, sports, religious and cultural

activities. Furthermore, all schools and higher education institutes are closed. All industries

are also closed except for essential industries such as finance, health and food supply. Most

employees also work from home (WFH ) with a restriction on the number of emplo yees that

can come to the office (Berita Harian, 2020). Along with the implementation of MCO, the

pollution level in Malaysia such as water level and air qualit y in Malays ia has been changed

drastically. Therefore, the enviro nment has improved as a result of the cessa tion of human

and economic activities.
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1.2 Air Quality in Malaysia

Air quality has become a very important issue in Malaysia because it has worsened especially

in areas where major industrial and cramped residential areas are located . Since air pollution

comes from lots of sources , it has become a concerning issue since it has contributed to bad

impacts on health such as asthma , cancer, bronchitis and cardiovascular diseases. The sources

of air pollution come from industries, construction activities, motor vehicles, power

generation, land clearing, open burning and forest fires (Department of Statistics, 2016) .

Air quality in Malaysia is measured by the air pollution index (API) . API is an

indicator for air quality status (Department of Environment, 1997). API is calculated by six

major air pollutants which are Sulphur Dioxid e (SOz) , Nitrogen Dioxide (NO z), Carbon

Monoxide (CO) , Particulate Matter with Diameter < 10 Microns (PMlO ) , Particulate Matter

with Diameter < 2.5 Microns (PMz.s) and Ground Level Ozone (03 ) . Malaysia has 68

stations for monitoring air quality nationwide. Air pollution is categorized by six different

levels referring to the severity of air pollution which is summarized in Table 1.2.

Table 1.2: Level of air pollution index

300-500 Dan erous level for eo Ie.
Above Severe aggravations of symptoms and endangers
500 ublic human health.

Status
Good

Moderate

Unhealthy

Very
unhealth
Hazardous
Emerg ency

API
0-50

51-100

101-200

201-300

Health Effect
Low polluti on level without any bad effect on
human health articular! .
Moderate pollution level that affecting on human
health .
Worsen the health conditions of high-risk people
es eciall ersons with heart and lun im lication .
Very high risk for people 's health .

(Source: Department of Environment, 2000)
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There are only several occasions where Malaysia experiences hazardous and

emergency levels except for the impact of haze transboundary from neighboring countries

and phenomena such as El Nino. The recent haze transboundary that impacted Malaysia

occurred in September 20 19 due to open forest burning in Sumatera and Kalimantan. 2469

schools were closed in Selangor, Putrajaya, Kuala Lumpur , Penang and Sarawak due to a

surging number of asthma and conjunctivitis cases (Utusan Borneo , 2019) . In 2015 ,

Malaysia experienced the worst haze and was declared an emergency when the pollution

levels were beyond safe levels for people. The schools were closed, and some main national

events were cancelled (Utusan Borneo, 2019) for example the Kuala Lumpur Marath on Event

and the 2015 FINA Swimming World Cup in Singapore were cancelled due to high API

levels (Utusan Borneo,2019).

1.3 Monitoring air quality in Malaysia

Air pollution requires continuous monitoring as the monitoring is a measure to keep track of

the ambient air pollution levels within an area. If the air pollution is at safe levels, it means

that the air pollution is within a safe level for people. However, if the level of air pollution is

exceeding the safe level, it means the air pollution level is hazardous and causes a bad impact

on both the environment and people. The air pollut ion in Malaysia is monitored by the Air

Pollution Index Management System (APIMS) and warned if there are areas that have

unhealthy or very unhealthy air pollution within any station. Figure 1.1 is an example of air

quality monitoring which was taken on 3rd April 2022 at 2pm. 36 stations have good pollution

level whereas 28 stations have moderate pollut ion levels. However, there are four stations

where the API is not avai lable.
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Figure 1.1: API monitoring on 3rd Apri l 2022 at 2pm
(Sources: Department of Environment , 2022)

Statistical approaches can be implemented for monitoring the air pollution levels in

Malaysia. Time series analysis, modelling, clustering, control charts and multivariate

analysis can be applied to monitor pollution levels in Malaysia. Descriptive statistics can

provide insight information into the minimum, maximum and average of air quality level.

Furthermore, descriptive statistics can provide knowledge of the air quality variation. Besides

that, descriptive statistics can highlight the potential relationship between air quality.

Clustering is a method that groups datasets that have similar characteristics and is frequently

implemented in monitoring air quality. By the clustering technique, a comparison can be

made between each group and how the dataset is grouped together.

Control charts are one of the statistical approaches that are used to monitor qualit y.

The control chart consists of an upper control limit (VCL), centra l line for average (CL) and

a lower control limit (LCL) to monitor quality. I f any of the data falls beyond VCL and lower

than LCL, the process is said to be out of control. The out of control proces s will be taken

for further study to see whether it is occurring due to common causes or special causes. For
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datasets with more than one factor influencing air quality, univariate control charts can be

extended to multivariate control charts.

1.4 Problem Statement

Air pollution in Malaysia has become a major issue as it affects peop le' s health and the

environment. Globally, air quality has also deteriorated over time. The health problems

caused by bad air quality such as asthma , breathing diffic ulties and headache become

common with bad air quality especially in industrial areas and urban areas where massive

factories and transportation become sources of pollution. Shah Alam, Petaling Jaya and

Klang are identified as areas with worse air quality due to rapid industrial activities. As a

result, monitoring air qual ity in Klang Valley is necessary in order to determine the severity

of air quality levels .

This study can alert and identi fy which air quality concentrations that can be harmful

to peoples that stay and work in the Klang Valley. There are not many studies carried out,

especially, on the use of statistical qualit y control and clustering techniques to identify the

areas with high readings for all air pollutants. In order to analyze the air quality data in Klang

Valley, it is essential to handle the data carefully to be able to extract the knowledge within

the dataset.

The pand emic of COV ID-19 has hit the entire nation and impacted all aspects of

people's lives. The lockdown has been imposed to prevent the virus spreading hence all

human activities have been stopped. The halt of human activities had a positive impact on

the environment and people' s health . Thus, by conducting hypothesis testing on the data, this

study will determine whether there is a decrease in air quality in each area of Klang Valley.
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The air quality in each area will be identified by using a clustering method to group the air

quality levels ofeach area . The control chart technique is implemented for data that is divided

before and after the implementation ofMCO to investigate whether air quality is statistically

in control by employing the Multivariate Exponentially Weighted Moving Average

(MEWMA) control charting techniques. The study will be able to find out whether the air

quality in Klang Yalley has significantly reduced after the implementation of MCO . Many

areas in the Klang Yalley are known to have large number of infectious COYID-1 9 cases

. 1.5 Research Objective

The study aims to design a multivariate exponentially weighted moving average (MEWMA)

control chart to monitor the air quality. The objectives of this study are;

I. To determine the differences of air quali ty level before and after pandemi c COYID­

19 for all air pollutants .

11. To group the air monitoring stations accordingly based on the severity of air quality

level.

111. To construct a multivariate control chart in assessing the air quality level in Klang

Yalley

IV. To compare air quality of different areas in Klang Yalley before and after the

implementation ofMCO.

8



1.6 Research question s

The research question of this study are;

1. Is there any difference in the air quality level in Klang Valley before and after

implementation of the MCO?

n. Which air monitoring stations in Klang Valley have simi lar severity of air quality

level before and after the implementation ofMCO?

Ill. How to construct a multivariate control chart be to assess the air quality level in Klang

Valley?

IV. Was there any differe nce in the air quality level before and after the implementation

of MCO in Klang Valley?

1.7 Significance of study

There are a few studies conducted to investigate the air quality in Malaysia. This study will

explore knowledge and information about air qual ity in the Klang Valley. The findings

throughout this study can be basic references for further study of the air quality of Malaysia

in many analysis fields such as time series, modelling and quality control fields. There are

not many studies conducted to analyze data that is segregated into different periods before

the implementation of MCO and after the implementation of MCO. This study will

investigate whether the air quality improved after the implementation ofMCO.

1.8 Research design

The scope of the study is divided into two sections which are the data on air qual ity and the

methods used in this study. The air pollution data is secondary data which was requested

from Department of Environment for Klang Valley. Six air quality levels of PM10 , PM2.5 ,

9



CO, 03' 502 and N02 of eight stations in Klang Valley data are given for this study .

Furthermore, statisti cal quality control will be used to monitor and investigate the air quality

before and prior to the pandemic COVID-19. The data is provided by hourly from 1st January

20 19 until 31st December 2020 for two years which is divided into two different periods. The

first periods start from 1st January 20 19 until 17th March 2020 whereas the second periods

start from 18th March 2022 until 31st December 2020 which is after the implementation of

MCO. The missing data is treated using the mean imputations method.

In this study, the data was sorted using Microsoft Excel before further analysis. The

eight stations chosen are monitored by using a non-parametric test on the significance

between two periods. The data is further analyzed to group the air qualit y levels based on

their severity group s by the hierarchical clustering method. The data is monitored by using a

control chart technique of MEWMA by developing the first phase and further applying it to

monitor the air quality level during the second phase of the control chart to detect the shift in

the air quality levels.

1.9 Summary

In a nutshell , this chapter can be divided into five chapters. The first chapter is to provide a

brief overview of air quali ty in Malaysia and discuss the purpose of this study such as

problem statement, research objective, research questions, significance of study and research

design. Then, in chapter two, which will discuss the literature review on both methods and

dataset. Furthermore, chapter 3 will discuss the methodology for this study and the dataset

selected. Chapter 4 will explore the results and discussion of the study conducted. The last

chapter will be discussing the summary and conclusion based on the findings of this study.
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CHAPTER 2

LITERATURE REVIEW

In chapter 1, air quality is briefly discussed in general along with the sources of air pollution

in Malaysia. Throughout chapter 2, new know ledge of air quality is further discussed with

the methodology used in this study. The brief overviews help to identify and grasp the idea

of analyzing the data by using the statistica l monitoring method.

2.1 Air Quality in Malaysia

Air pollution index (API) is an indicator to alert the severity level of air pollution to public

in specific region and time occurrences (Kanchan et al., 20 15). API is determined based on

six pollution parameters of PMlO , PM2.5 , S02, N02, COand 0 3 (Mohamed et aI, 2016) . The

highest concentration of air pollutants will be determinant of API (Department of

Environment, 1997). Normally, the highest air quality is PM2.5 and become a determinant

of API (Department of Environment, 1997). The reporting system of the API is very crucial

as a tool of communication to peop le (Wong & Wai, 2012).

Since Malaysia' s main goa l is to achieve higher industrial economic growth, urban

planning and large scale economic activi ty have impacted the environment through industrial

11



pollution and the degradation urban environme nts (Amran et al. , 20 15). The emission of air

pollutants and air quality influenced by natural factors such as climate and topography (Bae k

& Ban, 2020). Moreover, air poll utant also come from industry and vehicles (Baek & Ban,

2020) .

Socioeconomic has become another facto r that has impacted air quality where

cramped residential areas and num erous industrial areas have worsened air quality. Several

severe haze events which are caused by widespread biomass and open forest burning have

also become one of the reaso ns for deteriorating air quality (Lee et al., 20 18). Air pollution

is one of the environmental hea lth risks and particulate matter is the main air quality indicator

that are most harm ful pollutants (Be loconi & Vounatsou, 202 1). Thus, it can be concluded

that the higher the air quality parameters, the higher the air pollution index along together

with consequences for humans and the environment.

Part icle pollution which is also referred as particulate matter is a tiny particle of

mixture of solid and liquid particles (Adams et al. , 2015 ). Coarse particulate matter with a

diameter 10 micrometers (Li et al. , 20 17) can contributed to higher risk to cardi ovascular

complication (Palacio et al., 202 1) meanwhile fine particulate matter with a diam eter of 2.5

micrometer (Li et al., 2017) can penetrate deeper into lungs (Xing et al., 20 16). PMZ.5 are

more hazardous since able to go to deep parts of the lungs and damage lung function (Xing

et al., 2016). Particulate matter can cause health concerns such as respiratory disease, central

nervous system dysfunction and cancer which can penetrate the respiratory system through

inha lation (Man isalidis et al. , 2020). Partic ulate matter can come from prim ary or secondary

sources such as forest fires , factories , emissions from vehicles, industrial activi ties and power

plants (Adams et al., 2015). Besides that, Malaysia is also often affected by uncontrolled

open burning activities from neig hboring countries (Afro z et al, 2003). During haze incident

12



in 1997, PM10 is the predominant air pollutant hence the API values reported were primarily

based on PM10 sub-index (Department of Environment, 1997).

Sulphur dioxide (S02) is an atmospheric pollutant that is produced from volcanoes

explosions and human activity such as coal and petrol eum combustion (Culli s & Hirschler,

1980). Sulfur deposition is harmful to ecosystems and human health which can cause

radiative force and climate change (Carmichael et al., 2002). When S02 merged with water

molecules, it forms sulfuric acid which is the main component of acid rain, a known

contributor to deforestation (Yadav et al., 2022). In terms of health concern, 50z can cause

bronchoconstriction, weaken the cardiovascular system (Tunnicliffe et al., 2001) lung

damage , eye irritation and worsen asthma (Sensula, 2016).

Nitrogen dioxide (NOz) is a reddish-brown in color, a strong oxidant and soluble in

water (WHO , 2000) pollutants. NOz are one of indicators for measuring air pollution that

comes from vehicles and high temperature combustion such as volatile organic compounds

or polycyclic aromati c hydrocarbons (Brook et al., 2007) . Nitrogen oxide (NO) can be

converted to N0 z under many chemical reactions such as oxidation by ozone (Kimbrough et

al., 20 17). NOz can damage human respiratory tract (Chen et al., 2007) and increase human

vulnerability to respiratory infections and asthma especially to children (Shima & Adachi,

2000). Moreover, high concentrations of ambient NOz can cause acute pulmonary edema and

death with long-term exposure to NOz (Horvath, 1980).

Ozone is formed from the reaction dioxygen and oxygen in the presence of a third

molecule body which is able to absorb the heat of the reaction (Zhang et al., 2019). Ozone

exposure is linked to many negative health effects such as premature mortality (Anenberg et

al., 2009) , respiratory diseases and deteriorated lung function (Zhang et al., 2019). Besides
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that, ozone air polluti on is a threat to global crop production that can threaten the world ' s

food supply chain due to its warming impact s on crops (Tai & Val, 2017) .

Carbon monoxide ( CO) is a colorless, tasteless and odorless gas that is produced by

incomplete combustion of carbon compounds that come from fire, faulty furnaces and

incomplete combustion (Rose et a1. , 2017). CO poisoning can be a factor in deliberate or

accidental death (Balzan et al., 1996). Since COcan binds to red blood cells with 200-fold

greater than oxygen (Kester et al., 2012), COcan cause acute and chronic central nervous

system by difficul ty for oxygen transport (Balzan et a1., 1996). CO poisoning can also cause

headaches, dizziness, chest pain and confusion (Miller, 2011) .

2.2 Non-Parametric Test of Wilcoxon Rank Sum Test

A parametric test requires strong assumptions for the data distribution whereby the data needs

to follow a normal distribut ion (Scheff, 2016 ). Tests on data normality are very crucial and

should be performed before proceeding with other tests for data analysis (Mishra et a1. , 2019).

Checking the normality assumptions is very crucial to decide whether parametric or non­

parametric techniques need to be used on the dataset (Orcan, 2020). Parametric tests have

assumptions that the datase t must meet in order for test to be applied (Harris et al., 2008).

Therefore, if the data does not meet the normal distribution assump tions, non-parametric test

can be approached as an alternative to a param etric test. Non-parametric is used are when the

assumptions of parametric test are violated, analyze nominal or ordinal data and data come

with small sample size (Harris et al., 2008).

Kolmogorov-Smirnov test is a goodness of fit which is an alternati ve of non­

parametric test that are used to decide if a data set are follows a specific distribution (Aslam,
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2020) . Two-sample Kolmogorov-Smirnov test are used to check on the distribution of two

datasets (Teegavarapu, 20 19). The data are always assumed to follow a statistical distribution

however in real tim e application, it not always nec essary for the data to follow normal

distribution (As lam , 2020).

If the p-value obtained by the Kolmogorov-Smirnov test is more than a , then null

hypothesis is not rejected at level of significance, a (Razali & Ya p, 2011) . The normality of

the data can be tested by using Shapiro-Wilk which is app ropriate for a small sample size of

< 50 meanwhile Kolmogorov-Smirnov test is more appropriate for data with n ~ 50 (Mishra

et al., 201 9).

The advantage of non-parametric test is can be applied in all data that does not obey

normal distribution. Furthermore, non-parametric data can be applied to qualitative data

including nominal and ordinal data (Scheff, 20 16). Although the parametric and

semiparametric approaches are preferred for simplic ity and easy interpretation (Cheda et al.,

2020), however, non-parametric tests are always chosen on data that doesn 't follow the

normality assumptions.

The Wilcoxon signed rank sum test is a non-parametric approach to test the median

ofa distribution that act s as an alt ernative to the one sample t-test and the paired t-test (Oyeka

& Ebuh, 201 2). These gro ups are ass umed to be independent from each other (Shan et al.,

20 14). Th e Wilcoxon signed- rank test is a non-parametric technique that is applied to

determ ine if the response vari able sample has the same distribution (Refugio, 2018).

The Wilcoxon rank sum test is applied to compare data where data should be at least

ordinal data (Kim, 20 14) . By the Wilcoxon rank sum test, the magnitude of di fferences are

de term ine by test result where if the p-value is less than the level of significance, null
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hypothesis are reject ed (Imam et aI, 2014). The null hypothesis tested is that there are no

differences between the data determined by the test conducted (Kim, 2014). Most of tests

select a fixed significance level of 5% or 0.05 for hypothesis testing (Imam et al, 2014).

2.3 Hierarchical Agglomerative Clustering Analysis

Clustering is a method that is performed on big data to get insight on a dataset (Nerurkar et

aI., 2018). There are many methods of agglomerative hierarchical clustering that can be used

on different types ofdata (Erman et aI., 2015). Cluster analysis is a technique used to classify

objects or datasets into homogeneous groups that are called as clusters (Maholtra, 20 19). A

cluster is defined as a set of objects that have a higher degree of similarity to each other

compared to other objects that belong in the same cluster (Nerurkar et aI., 20 18). The

clustering techniqu e will group or segmenting the dataset (Erman et aI., 2015) into subsets

or clusters that are mean ingful and useful (Jatain et aI., 2013).

Clustering can allows to discover patterns in the datase t (Jatain et aI., 20 13).

Clustering is also one of the data mining approaches that groups the data based on similarities

(Karthikeyan et aI, 2020). There are two types of hierarchical clustering which are

agglomerative where adopts bottom up approach by each observation start its own cluster

and cluster pairs are merged as one moves up the hierarchy (Sasirekha & Baby, 2013).

Another one type of hierarchical clustering is divisive where using top down approach where

all observati on are start in one clusters and split as one moves down the hierarchy (Sasirekha

& Baby, 20 13).

A dendrogram is a visual tree graph that are visualize the cluster and very useful to

determine when the clustering should be stopped until the data are in one large cluster (Yim
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& Ramdeen, 2015). Classification are also visualize by hierarchical trees were also called as

dendrogram (Saracli et al., 2013). Dendrogram is an illustration of data with the same

elements with the most relative position based on two points (Ridwan & Retnawati, 2021).

Hence , the further the data, the less similar and higher differences can be concluded between

the data (Ridwan & Retnawati, 2021) . Hierarchical clustering has several advantages such as

do not require number of clusters as initial parameters, can be applied to various type of data

and capable to handle distance measure and similarity on the data applied (Kousiga, &

Vadivu , 2019) . Despite that , hierarchical clustering is very sens itive to goof initialization and

coincident cluster may be formed (Sasirekha & Baby, 2013).

2.4 Multivariate Exponential Weighted Moving Average (MEWMA) Control Chart

To monitor a process, appropriate statistical tools need to be used that are capable of showing

quality behavior over time (Mbaye et al., 2021). Control chart is an important tool to detect

an out of control process (Mahmoud & Maravelakis, 2010). Nowadays, there is a higher

interest in multivariate control chart due to many of proc esses are related to several quality

characteristics which are correlated with each other (Mahmoud & Maravelakis, 2010). A

control chart can be implemented where the performances characteristics of the system can

be improved and monitored hence the quality can be enhanced (Wu & Shamsuzzaman, 2005).

Furthermo re, control charts can be beneficial in terms interpretability in deci sion making and

simplify the communication of the dataset (lnkelas et al., 2021) .

The Multivariate Exponential Weighted Moving Average (MEWMA) control chart

was introduced by Lowry et al. (1992 ) as an extension of the univariate Exponential

Weighted Moving Ave rage (EWMA) control chart . In real -life situations, simultaneous
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monitoring of qualit y is necessary where the sample may have multivariate variables that

influence quality (Montgomery, 2013 ). The MEWM A control chart is a multivariate control

chart that is used to detect autocorrelation and detect mean vector shift (Ramadhani et al.,

20 19).

The MEWMA control chart is one of the best control charts to detect small shifts in

process parameters and monitor correlated qualit y characteristics among other multivariate

control charts (Ershadi et al., 20 14). The MEWMA control chart is preferred due minimum

cost and high statistical properties in handling multivariate data (Ershadi et al., 2014). By

using Hotelling T 2 to estimate the parameters in Phase 1, MEWMA control chart can be used

to monitor process variability in Phase 2. By using both control charts, maintenance costs are

able to be reduced and maximize equipment performance is able to be achieved as well with

online condition monitoring (Lampreia et al., 2015).

2.5 Summary

This chapter has been discus sing the literature review on air quality and the methodologies

of non-parametric tests, hierarchical clustering and control chart . The next chapter discusses

the methodologies used in this study which are the non-parametric test ofWilcoxon rank sum

test, hierarchical clustering and multivariate control chart.
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CHAPTER 3

METHODOLOGY

This chapter discussed the methods implemented in this study. Besides that, the procedures

of each method are explained in deta il and summarized in a flowchart in subchapter 3.3. This

chapter is divided into two parts which are data selection and methodologies applied. This

chapter concludes with the summary of statistical analysis to be employed based on the

research objectives of this study.

3.1 Selection of air monitoring station data

In Malaysia, there are 68 continuous air quality monitoring stations. Only eight stations in

Klang Valley, including Kuala Lumpur, Selangor, and Putrajaya were chosen as study areas

for this study. Thus, data is requested from January 2019 until December 2020 for further

studies. The air quality data is continuously monitored hourly by the Department of

Enviromnent every day. The data is requested to the Department of Environment from

January 20 19 until December 2020 . The air quality data is requested for six major air

pollutants which are Sulphur Dioxide (50 2)' Nitrogen Dioxide (N0 2 ) , Carbon Monoxide

(CO), Particulate Matter with Diameter < 10 Microns (PMlO ) , Particulate Matter with
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Diameter < 2.5 Microns (PM2.S) and Ground Level Ozone (0 3 ) . Thus , only eight air

monitoring stations are considered in this study as per Table 3.1.

Table 3.1: Location of the air monitoring stations

State Locations of monitor ing stations
Kuala Lumpur Batu Muda
Kuala Lumpur Cheras

Putrajaya Putrajaya

Selangor Petaling Jaya

Selangor Kuala Selangor

Selangor Shah Alam
Selangor Klang
Selangor Banting

3.2 Methodologies of study

The method ology used for air quality monitoring of Klang Valley during the COVID-19

movement control order in Malaysia is a non-parametric test of the Wilco xon rank sum test.

The Kolmogorov-Smimov test will be conducted to determine the data normality before

proceeding to the Wilcoxon rank sum test. The second method used in this study is

hierarchical agglomerative clustering analysis followed by a multivariate exponential

weighted moving average (MEWMA) control chart.

3.2.1 Wilcoxon Rank Sum Test

Kolmogorov-Smimov test are conducted first before proceeded to Wilcoxon rank sum test

non-parametric test to determ ine the distribut ion of the data whether the data are met normal

distribution. Kolmogorov-Smimov test compares air quality data with a known distribution.

The Kolmogorov-Sm imov test is given by where Xi are independent and identically
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distribution (lID) observations of a continuous dataset. The empirical cumulative distribution

function, Fn is

n

Fn ex) = ~I IC- oo.x)eXi)
i= l

where IC- oo ,x)(X i ) is the indica tor function which IC- oo,x)(Xa = 1 if Xi ~ x; otherwise equal

to 0

The Kolmogorov-Smirnov methods are chosen as the sample size for the data is large

where n ~ 50. The advanta ge of using Kolmogorov-Smirnov test is that there is no restriction

on sample size whereby can be applied to small samp le sizes. Furthermore, the Kolm ogoro v-

Smirnov test is a distribution free test and can be applied without knowing underlying

population distribution .

The hypothesis testing for the Kolrnogorov-Smirnov test are

Ho = The data meet normal distribution assu mptions.

HI = The data does not meet normal dist ribution assumptions.

The null hypothesis is rejected if the p-valu e is less than the significance value, n =

0.05 of 5% alpha level. Mea nwhile, the null hypothesis is accepted if the p-values are larger

than n = 0.05 indicated that the data are normally distributed data. Therefo re. ifp < 0.05, the

air quality data are concluded not obeyed a norm al distribution.

The Wilcoxon rank sum test is a non-parametric method that is used to analyze the

air quality data as the normal probability distribution cannot be met which are conducted and

proved by the Kolmogorov-Smimov test. Wilcoxon rank sum test is an alternative to the two-

sample t- test. Wilc oxon ran sum test compare distribution of air quality data by comparing
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the significance differences in air quality during MCO implementation. The Wilcoxon rank

sum test are given by;

where

W l = sum of ranks corresponding to n l observations

Wz = sum of ranks corresponding to nz observations

The hypothesis testing for the Wilcoxon rank sum test are

Ho = There is no significant difference of air quality in Klang Valley before and after

implem entation of MCO

Hl = There is significant difference of air quality in Klang Valley before and after
implementation ofMCO

The null hypothesis will be rejected if the p-value is less than significance value, a = 0.05 of

5% alpha level for Wilco xon rank sum test as evidence that there are significance differences

in air quality after the implementation ofMCO. Meanwhile, the null hypothesis is accepted

if the p-values are larger than a = 0.05 which indicates there are no significant differences in

air quality after implementation of the MCO.
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3.2.2 Hierarchical Agglomerative Clustering Analysis

In this study, cluster anal ysis is used to classify the air qual ity data into homogeneous groups

that are called as clusters. Clusters are formed by finding similar characteristics in the

structure on the air quality data. Objects in the cluster tend to be similar to each other and

diss imilar to objects in the other clusters (Maholtra,20 I0). There are two types ofhierarchical

clustering which are divisive and agglomerative clustering. Agg lomerative clustering is

chosen to perform this method on the data set. Agglomerative cluste ring worked by following

steps (Maholtra,20 I0);

I. Agg lomerative clustering start with each object in a sepa rate cluster.

11. Cluster are formed by grouping object into larger and larger cluster.

iii. This process is continuing until all objects are members of single cluster.

The type of linkage used to perform the clustering are average linkage. Average linkage is

applied by the distance between each pair of objects are added and divided by numbers of

pairs to obtain inter-cluster distance. The average linkage is given by

d(x,y) = ~L~= l L }=l d (Xi' Yj)

where d(x,y) is the distance between subject observa tion vector x with observation vector y.

The classification of air monitorin g stations can be illustrated by a dendrogram which makes

it easy to understand the result, especially used on big data. The dendrogram is a graphical

aid to show the clustering results in which the vertical lines represent cluster that are joined

together (Maholtra, 20 I0). The measure of simi larity method used in this study is the squared

euclidean distance between point a and point b which is given by
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3.2.3 Multivariate Exponent ial Weighted Moving Average (MEWMA) Control Chart

The exponentially weighted moving average (EMWA) control chart is an alternative to the

Shewhart control chart in detecting small shifts in univariate cases (Montgomery, 2013). A

control chart consists of an upper control limit (DCL) , center line and lower control limit

(LCL) to determine whether the air quality in statistical control or out of control. If the air

quality data falls below LCL and more than DCL, the air quali ty is said to be out of control.

The EWMA control chart is constructed by plotting Z, versus the sample number i

(Montgomery,2013). The control limit for EWMA control chart are given by

DCL = 11 + LlT J_.1- [1 - (1 - A)2i)o (2 -.1)

CL = 110

LCL = 110 - LlT J_.1- [1 - (l - A)2i)
(2 -.1)

where

110 = starting value of first sample at i=I
L = width of control limits
..1= constant where 0 < A < I and starting value of first sample at i=1

The model for univariate EWMA is defined by

Where

z, = ith EWMA

Xi = ith observation
Zo = averag e form historical data where 0 < A ::5 1 is a constant
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As an extension of multivariate data, a multivariate exponentiall y weighted moving average

(MEWMA) control chart can be used to analyze the shifts of air quality data . The data that

is taken under consideration for MEWMA control chart is the data should be correlated and

in a continuous manner. The data should also in time order for us to apply the MEWMA

control chart . The model for MEWMA can be extended to

where

Z, = ith EWMA vector

Xi = ith observat ion vector

Zo = vector of variable values from the historical data

/\ = diag (itv l z. it3 , ... , itp ) which is a diagonal matric with it1.itZ, it3 , ... , itp on the main

diagonal, with p is number of variab les in each vector.

Where the covariance matrix is

~ = _ it_ [1_ (1- it) Zi]L
L z. 2 -it

I

The first phase is used to establish the control limit and all out of control limit will be

eliminated during phase 1 for construct the second phase of MEWM A. The control chart is

using F-statistics at a = 0.05. The phase I control limit is given by

VCL = p (m-l) (n -l) F
mn-m-p+l a,p,mn-m-p+l

LCL=O

In the phase II, the control chart is used to monitoring air quality level where contro l limit

are given as below

VCL = p (m+l )(n-l ) F
mn-m-p+l a ,p,mn-m- p+l

LCL=O
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where

p = number of variables
m = number of subgroups in the reference sample
n = size of subgroup

Fa.p.mn-m-p+l = upper IOOa percentile ofF distribution w ith (P, mn -m -p + 1) degrees of
freedom

3.3 Flowchart of study

Air quality data of
Klang Valley

Treat the missing
value by mean

imputations

/

Exploratory data
analysis

Kolmogorov ­
Smimov

Normality Test &
Wilcoxon Rank

Sum Test

Hierarchical
Agglomerative

Clustering

Figure 3.1: Flow of study methodology

Multivariate
EWMA Control

Chart
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3.4 Summary

In chapter 3, the methodol ogies used have been discussed and chapter 4 discusses result s

obtained through this study.

Objective Method of Analysis

To check for any missing data Mean imputation method

To run exploratory data analysis Minimum, maximum and

average values

Research Objective

1. To determine the differences of air quality level Kolmogorov -Smimov

before and afte r pandemic COV ID- 19 for all air Normality Test &

pollutants. Wilcoxon Rank Sum Test

2. To group the air mo nitoring stations accordingly Hierarchical
based on the severity of air qual ity level. Agglomerative

Clustering

3. To construct a multivariate control chart in Multivariate Exponential

assessing the air quality level in Klang Valley. We ighted Moving

Ave rage (MEWMA)

Control Chart

4. To compare air quali ty of different area s in Mult ivariate Exponential

Klang Valley before and after the Weighted Moving

impl ementation ofMCO Average (MEWMA)

Control Chart

27



CHAPTER 4

RESULT AND DISCUSSION

In this chapter, data collected is analyzed using Microsoft Excel, SPSS and JMP. All

methodologies and steps discussed in chapter 3 are applied to the data in order to fulfil the

objectives as stated in chapter 1. All results are explained in detail to obtain the information

by using both numerical and graphical methods. Although numerical methods provide more

accurate and precise knowl edge, graphical methods are easier to understand.

4.1 EXPLORATORY DATA ANALYSIS

The first step of analyzing data is to conduct exploratory data analysis as it is an approac h of

data analysis to uncover underlying structure and insight to familiarize with data

characteristics. By using exploratory data analysis, the data main characteristics can be

summarized. Each data has its own unique underlying pattern. The daily average

concentration before and after implementation of Mea is compared by finding out the

minimum value, maximum value and average of each air quali ty level. Table 4.1 summa rized

air pollutants concentration of Klang Valley by minimum, maximum and average values .
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Table 4.1 : Summary of daily air pollutant concentrations

PM10 PM2.5 S02 N02 03 CO

mm 3.058 0.064 0.00 0.00 0.00 0.043
Before

303.953 279.573 0.021 0.054 0.101 3.114
MCa

max

average 37.194 27.15 0.001 0.01 0.02 0.695
Banting

0.928 0.062 0.00 0.00 0.00 0.042mm

After MCa max 169.666 150.209 0.020 0.0336 0.0788 2.307

average 23.915 17.092 0.001 0.009 0.016 0.604

mm 0.00 0.00 0.00 0.00 0.00 0.04
Before

283.126 263 .752 0.0171 0.0567 0.1 4.914
MCa

max

Batu average 33.713 26.653 0.001 0.016 0.017 0.963

Muda min 1.633 0.075 0.00 0.00 0.00 0.086

After MCa max 110.457 86.574 0.006 0.05 1 0.087 3.004

average 29.33 17.21 0.001 0.013 0.015 0.954

mm 1.77 0.071 0.00 0.0002 0.00 0.079
Before

229.279 205.2 83 0.01 0.057 0.131 2.895
MCa

max

average 34.583 26.405 0.001 0.016 0.023 0.813
Cheras

min 2.217 0.098 0.00 0.00 0.00 0.248

After MCa max 127.768 93.834 0.017 0.05 0.098 2.518

average 21.465 15.22 1 0.001 0.012 0.018 0.728

min 1.177 0.071 0.00 0.00 0.00 0.046
Before

370.449 348 .253 0.061 0.068 0.091 4.814
MCa

max

average 41.064 31.8 0.001 0.018 0.014 1.027
Klang

2.16 0.062 0.00 0.00 0.00 0.00mm

After MCa max 336.826 312.65 1 0.044 0.005 0.079 3.022

average 32.282 22.525 0.001 0.014 0.017 0.745

mm 1.054 0.076
Before

303 .163 287.63
MCa

max

Kuala average 29.653 22.422

Se1angor min 0.11 0.074

After MCa max 148.303 131.183

average 21.247 15.448

mm 2.208 0.399 0.00 0.001 0.00 0.164

Before
374.34 219.342 0.018 0.097 0.094 4.538

' MCa
max

Peta1ing
average 39.237 28.458 0.001 0.023 0.013 1.212

Jaya
mm 1.778 0.265 0.00 0.00 0.00 0.043

After MCa max 169.267 158.768 0.019 0.111 0.056 6.735

average 25.753 19.746 0.001 0.018 0.009 0.974
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mIn 1.407 0.147 0.00 0.00 0.00 0.04
Before

261.645 241.325 0.023 0.047 0.136 2.208
MCa

max

average 36.527 27.526 0.001 0.008 0.026 0.637
Putrajaya

0.00 0.049 0.00 0.00 0.00 0.04mIn

After MCa max 80.201 71.937 0.015 0.033 0.093 1.254

average 23.656 16.57 0.001 0.007 0.02 0.524

mIn 2.23 0.046 0.00 0.00 0.00 0.044

Shah Before
264 .642 252.305 0.023 0.065 0.156 3.202

Alam MCa
max

average 39.883 30.114 0.001 0.017 0.024 0.887

min 1.802 0.084 0.00 0.00 0.00 0.24

After MCa max 110.409 94.175 0.014 0.059 0.099 2.265

average 24.671 17.406 0.001 0.013 0.019 0.717

Table 4.1 summarized the exploratory data analysis conducted on minimum ,

maximum and average air pollutants readings in all locations . The minimum and maximum

value are condu cted to determine the highest and lowest air quality meanwhile, the average

air quality is determined by mean values. By Table 4.1, all locations show most of air

pollutants level are reduce before and after implementation ofMCO. Overall, the air qualit y

did reduce in terms of minimum, maximum and averag e concentration except for slight

increase for minimum value of PM10 , PM2.S and CO for Batu Muda. PMlO , PM2.S and CO

minimum reading also slightly increased with maximum value of 502 for Cheras. Klang

experience a slight increase for minimum value for PM10 however it should not ice that Klang

did not have much air quality reading reduce due to Klang is an industrial area and maintain

to operate during MCO. Klang also experience a slight increase for ozone readings . There is

significance reduce on Kuala Selangor. From here , it can be noticed that only data PM10 and

PM2.S that are avai lable for Kua la Selangor. Besides that, 502, N02 and CO maximum air

quality readings did slightly increase in Petaling Jaya. The minimum value of PM2.S and CO

of Shah Alam also increased. However, despite the small increase in air quality, it is shown

that air qualit y levels did reduce during the MCO implementation in Malaysia.
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4.2 Wilcoxon Rank Sum Test

Kolmogo rov-Smimo v are carried out to test whether normality distri bution is met on the air

qua lity data set whether fulfil the normality assumption. Table 4.2 are summarized the results

for the Kolmo gorov-Smimov test based on Appendix B. Based on Table 4.2, all datasets are

compared for both periods for all air quality level. Based on the Kolmogorov-Smimov value,

all p-value are less than significance level of u=O.05. Thus, null hypothes is is rejected and no

dataset met the norm ality assumptions. By Appendix A, the non-normal distribution of air

quality dataset has been supported by boxplot where each distribution in the dataset are

skewed and has outliers which supporting the Kolmogorov-Smimov test result that the data

does not met the normal ity assumption. Hence, the Wilcoxon rank sum test is chosen since

they opted for non-parametric methods to find out whether there are differences in air quality

after Mea implementation.

Table 4.2: Summary of Kolmogorov-Smimov test

Location Air Quality Duration Statistics df Si~. Result

I 0.152 10608 0.00 Ho is rejected
Kuala Selangor

PM10
2 0.094 6936 0.00 Ho is rejected

I 0.15 8 10608 0.00 Ho is rejected
PM2.S

2 0.084 6936 0.00 Ho is rejected

I 0.134 10608 0.00 Ho is rejected
PM10

2 0.097 6936 0.00 Ho is rejected

I 0.143 10608 0.00 Ho is rejected
PM2.S

2 0.1 6936 0.00 Ho is rejected

I 0.208 10608 0.00 Ho is rejected
502

2 0.254 6936 0.00 Ho is rejected

I 0.056 10608 0.00 Ho is rejected
Banting N02

2 0.071 6936 0.00 Ho is rejected

I 0.146 10608 0.00 Ho is rejected
03

2 0.147 6936 0.00 Ho is rejected

I 0.085 10608 0.00 Ho is rejectedCO
0.002 0.06 7 6936 Ho is rejected
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I 0.132 10608 0.00 Ho is rejected
PMIO

2 0.051 6936 0.00 Ho is rejected

I 0.152 10608 0.00 Ho is rejected
Batu Muda

PMZ.5
2 0.056 6936 0.00 Ho is rejected

I 0.138 10608 0.00 Ho is rejected
SOz

2 0.116 6912 0.00 Ho is rej ected

I 0.056 10608 0.00 Ho is rejected
NOz

2 0.053 6936 0.00 Ho is rejected
I 0.163 10608 0.00 Ho is rejected

0 3
2 0.178 6936 0.00 Ho is rejected

I 0.074 10608 0.00 Ho is rejected
CO

2 0.077 6936 0.00 Ho is rejected

I 0.141 10608 0.00 Ho is rejected
PM10

2 0.044 6936 0.00 Ho is reiected
I 0.154 10608 0.00 Ho is rejected

Cheras
PMZ.5

2 0.05 6936 0.00 Ho is reiected

I 0.17 10608 0.00 Ho is rejected
SOz

2 0.173 6936 0.00 Ho is rejected

I 0.059 10608 0.00 Ho is rejected
NOz 2 0.071 6936 0.00 Ho is rejected

I 0.155 10608 0.00 Ho is rejected
0 3

2 0.16 6936 0.00 Ho is rejected

I 0.084 10608 0.00 Ho is rejected
CO

2 0.107 6936 0.00 Ho is rej ected

I 0.12 7 10608 0.00 Ho is rejected
PMIO

2 0.094 6936 0.00 Ho is rejected

I 0.134 10608 0.00 Ho is rejected
Klang

PMZ.5
2 0.095 6936 0.00 Ho is rejected

I 0.279 10608 0.00 Ho is rejected
SOz

2 0.19 8 6936 0.00 Ho is rejected

I 0.053 10608 0.00 Ho is rejected
NOz

2 0.063 6936 0.00 Ho is rejected

I 0.16 10608 0.00 Ho is rejec ted
03

2 0. 129 6936 0.00 Ho is rejected

I 0.097 10608 0.00 Ho is rejected
CO

2 0. 123 6936 0.00 Ho is rejected
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1 0.152 10608 0.00 Ho is reject ed
PM10

2 0.104 6936 0.00 Ho is rejected
I 0.165 10608 0.00 Ho is rejected

Petaling Jaya
PM2.S

2 0.116 6936 0.00 Ho is rejected

1 0.176 10608 0.00 Ho is reiected
502

2 0.186 6936 0.00 Ho is rejected

1 0.063 10608 0.00 Ho is reiected
N0 2

2 0.079 6936 0.00 Ho is rejected
1 0.189 10608 0.00 Ho is reiected

03
2 0.185 6936 0.00 Ho is reiected

I 0.074 10608 0.00 Ho is rejected
CO

0.002 0.069 6936 Ho is reiecte d

I 0.15 10608 0.00 Ho is reiected
PMlO

2 0.064 6936 0.00 Ho is rejected
I 0.159 10608 0.00 Ho is rejecte d

Putrajaya
PM2.S

2 0.075 6936 0.00 Ho is reiected

1 0.209 10608 0.00 Ho is rejected
502

2 0.19 6936 0.00 Ho is rejected

I 0.082 10608 0.00 Ho is rejected
N02

2 0.094 6936 0.00 Ho is rejected

I 0.115 10608 0.00 Ho is rejected
03

2 0.118 6936 0.00 Ho is rejected

1 0.086 10608 0.00 Ho is rejected
CO

0.002 0.06 6936 Ho is rejected

1 0.118 10608 0.00 Ho is rejected
PMlO

2 0.062 6912 0.00 Ho is rejected

I 0.136 10608 0.00 Ho is rejected
Shah Alam

PM2.S
2 0.065 69 12 0.00 Ho is rejected

1 0. 188 10608 0.00 Ho is rejected
50 2

2 0.204 6936 0.00 Ho is rejected

1 0.048 10608 0.00 Ho is rejected
N0 2

2 0.05 6936 0.00 Ho is rejected

I 0.164 10608 0.00 Ho is rejected
° 3

2 0.15 6936 0.00 Ho is reiected

1 0.07 1 10608 0.00 Ho is rejecte d
CO

0.002 0.08 6936 Ho is rejected

The result of non-parametric of Wilcoxon rank sum test are summarized in Table 4.3 based

on output in Appendix B. Based on Table 4.3, based on the p- value, all result shows

significance differences by p-value less than u=O.05 except for 502 level for Cheras and Shah
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Alam that are unable to reject the null hypothesis. Thus, it can be said that there are

significance differences for air quality after implementation of MCO except for S02 level for

Cheras and Shah Alam The p-value for S02 level for Cheras and Shah Alam are highlighted

in Table 4.3.

Table 4.3: Summary of non-parametric test

Location PM 10 PMZ•5 SOz NOz 03 CO

Z -25.841 -24.959
Kuala
Selangor Asymp. Sig.

0.00 0.00
(2-tailed)

Z -44.943 -34.069 -11.327 -16.454 -7.122 -18.3 11
Banting Asymp . Sig.

0.00 0.00 0.00 0.00 0.00 0.00
(2-tailed)

Batu
Z -5.884 -34.494 -4.428 -23.3 17 -6.651 -4.031

Muda
Asymp. Sig.

0.00 0.00 0.00 0.00 0.00 0.00(2-tailed)
Cheras Z -49.448 -46.873 -0.854 -32.17 1 -11.821 -14.476

Asymp. Sig.
0.00 0.00 0.393 0.00 0.00 0.00

(2-tailed)

Klang Z -23.058 -32.035 -27.225 -32.219 -11.821 -45.404

Asymp. Sig.
0.00 0.00 0.00 0.00 0.00 0.00(2-tailed)

Petaling
Z -50.669 -36.72 -32.646 -35. 199 -14.959 -32.522

Jaya
Asymp. Sig.

0.00 0.00 0.00 0.00 0.00 0.00(2-tailed)

Putrajaya Z -44.586 -42.366 -23.091 -14.545 -14.695 -34.088
Asymp . Sig.

0.00 0.00 0.00 0.00 0.00 0.00(2-tailed)
Shah Z -51.404 -50.005 -1.692 -23.736 -2.665 -28.744
Alam

Asymp . Sig.
0.00 0.00 0.091 0.00 0.00 0.00(2-tailed)
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4.3 Hierarchical Agglomerative Clustering Analysis (HACA)

The air qualit y is monitored by locations and classified based on levels of similarities and

diffe rences. Locations with a high level of similarities are grouped together. By clustering

methods, there are formation of clusters in dendrograms as per Appendix C. The summary

of clustering is summarized in Table 4.4 based on output in Appendix C. The Table 4.4

summarizes the output from clustering methods that has been perfo rm on the air quali ty

dataset. Based on dendrograms as per Appendix C, the data are parti tion to two groups which

can be defined as low polluted area and high polluted area. Cluster I class ified as low polluted

area meanwhile cluster 2 is classified as high polluted area . Since the Kuala Selangor data is

only available for particulate matter, the level of air quality Kua la Selangor can only be

identified by particulate matter.

Tab le 4.4 : Summary results of hierarchical clustering

Air Duration Group Location
Quality
PMlO Before MCa Cluster I Batu Muda , Cheras, Banting, Putrajaya,

Petaling Java, Shah Alam, Kuala Selangor
Cluster 2 Klang

AfterMCa Cluster I Batu Muda, Cheras, Banting, Putrajaya, Shah
Alam, Kuala Selangor, Petaling Jaya

Cluster 2 Klang
PMz.s Before Mca Cluster I Batu Muda , Cheras, Banting, Putraja ya,

Petaling Jaya, Shah Alam, Kua la Selangor
Cluster 2 Klang

AfterMCa Cluster I Batu Muda , Cheras, Banting, Putrajaya, Shah
Alam, Kuala Selangor, Petaling Jaya

Cluster 2 Klang
SOz Before MCa Cluster I Batu Muda , Cheras, Putrajaya, Petal ing Jaya,

Shah Alam , Banting
Cluster 2 Klang

AfterMCa Cluster I Batu Muda , Cheras, Putrajaya, Shah Alam,
Petaling Jaya, Banting

Cluster 2 Klang
NOz Before MCa Cluster I Banting, Putrajaya, Batu Muda, Cheras,

Klang, Shah Alam
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Cluster 2 Petalinz Java
AfterMCO Cluster 1 Bant ing, Putrajaya, Batu Muda , Cheras,

Klang , Shah Alam
Cluster 2 Petaling Java

03 Before MCO Cluster 1 Batu Muda, Peta linz Java , Klang
Cluster 2 Cheras, Putrajaya, Banting, Shah Alam

AfterMCO Cluster 1 Batu Muda, Cheras, Putrajaya, Shah Alam,
Banting, Klang

Cluster 2 Peta ling Java
CO Before MCO Cluster 1 Banting, Putrajaya, Cheras, Shah Alam, Batu

Muda, Klang
Cluster 2 Petalin z Java

After MCO Cluster I Banting, Putrajaya , Cheras, Shah Alam ,
Klang

Cluster 2 Batu Muda, Petalinz Java
Cluster 1 - low level of air pollutant concentrat ion
Cluster 2 - hig h level of air pollutant concentrat ion

By clustering, Klang is highest location that contain fine part icles of PM10 and PMZ.5

before and after implementation of MCO. Besides that, by clustering method, it is found that

Klang is also area with high pollution level of SOz for both periods. Meanwhile, Petaling

Jaya is has high est pollu tion level of NOz before and after lockdown imposed. Ozone level

showing the biggest improvement after lockdown imposed where the high polluted level is

only Petaling Jaya after MCO. Before MCO , Cheras, Putrajaya, Banting and Shah Alam are

area with high ozon e level however improving after lockdown. Despite that , the ozone level

for Petaling Jaya worsen after MCO implementation. Furthermore, CO level is Batu Muda

deteriorate after MCO joining Petaling Jaya with high CO level after MCO .

Therefore, it can be concluded that Klang has the highest level of particul ate matter

and SOz. Meanwhile, Petaling Jaya has highest level of NOz and COwith declining 0 3 levels

after lockdown. In addition, the CO level is Batu Muda has worsened after MCO . This is due

to Klang is an industrial area with massive factories and operating during lockdown. Thi s

can be concluded that the high level of NOz, 0 3 and CO which can be contributed by vehicle
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emission and combustion of fossil fuels in Petaling Jaya and Klang. Industrial activities in

Klang and Petaling Jaya is also a factor has been contributed to bad air qualit y.

4.4 M ult iva r iate Exponential Weighted Moving Average (MEWMA) Cont rol Chart

Since the air quality dataset are multivariate data, the control chart of MEWMA are applied.

The data are given for two years hence the data are divided into two periods which are before

and the implementation of MCa. Hence there are two phase I conducted for both periods.

During phase I, all outliers are removed and control limits are calcu lated to be applied during

phase II. The phase I for before implementation of phase I are 90 days and 44 days for periods

after implement ation of Mca. The phase I for period after lockdown imposed are shorter

considering the volume of data are smaller compared to data before lockdown imposed. The

out of control point s are sequentially removed to get the control limit which are used during

phase II. The alpha used in this control chart are a=0.05 .

Before proceeding to use the mult ivariate control chart , some fundamental checking

is required to be done before constructing the MEWMA. The preliminary analysis that are

done is check if the variables are correlated. After checking the correlation between air

quality, the first phase develops by eliminating out of control data. The same mean and

covariance matrix during phase I are used during monitoring phase II. Thus, after

constructing control chart on all locations, based on all control charts, it is shown that all

locations have out of control points for both periods. The multivariate control chart for all

locations shown below from Figure 4.1 until Figure 4. 16.
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Figure 4.1: Control chart of Kuala Selangor before implementation of MCO
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Figure 4.2: Control chart of Kuala Selangor after implementation of MCO
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Figure 4.3: Control chart of Shah Alam before implementation of MCO
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Figure 4.4: Control chart of Shah Alam after implementatio n of MCO
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Figure 4.5: Control chart ofPutrajaya before implementation ofMCO
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Figure 4.6: Control chart ofPutrajaya after implementation ofMCO
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Figure 4.7: Control chart ofPetaling Jaya before implementation ofMCO
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Figure 4.11: Control chart of Cheras before implementation of MCO
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Figure 4.12: Control chart ofCheras after implementation ofMCO
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PCA Mod I Driven Multivariate Control Chart
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Figure 4.13: Control chart of Batu Muda before implementation of Mca
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Figure 4.14 : Control chart of Batu Muda after implementation ofMCO
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PCA Model Driven Multivariate Control Chart
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Figure 4.15: Contro l chart of Banting before implementation of MCa
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Figure 4.16: Control chart of Banting after implementation of MCa
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Table 4.5 : Summary of air quality before the implementatio n ofMCO

Locations Median first Median VCL first VCL second Out of
phase second phase phase phase control

points
Kuala
Selangor 0.4562 0.4626 3.7885 3.9712 63

Shah Alam 3.3688 3.5320 9.2073 10.3302 105
Putraiava 2.3751 2.4702 7.5958 8.4293 101
Petaling Java 2.3803 2.5285 7.4783 8.7872 119
Klang 2.3730 2.4469 7.6436 8.2895 40
Cheras 2.3748 2.4666 7.6032 8.4075 88

Batu Muda 2.3741 2.459 1 7.6186 8.3621 96

Banting 3.3822 3.7258 8.9197 11.3135 196

Table 4.5: Summary of air quality after the implementatio n of MCO

Locations Median first Median VCL first VCL second Out of
phase second phase phase phase control

points
Kuala
Selangor 0.4585 0.4751 3.7017 4.1936 50
Shah Alam 2.3866 2.5977 7.3435 9.2252 147

Putrajaya 2.3866 2.5977 7.3435 9.2252 208

Petaling Jaya 3.3881 3.8 112 8.7996 11.7656 226

Klang 2.3850 2.5805 7.3764 9.1154 146
Cheras 2.3866 2.5977 7.3435 9.2252 232
Batu Muda 2.3954 2.6935 7.1641 9.8569 233
Banting 2.3855 2.5860 7.3660 9.15 193

Table 4.5 and Table 4.6 compare the air quality in terms of median, VCL and out of control

points for all locations which summarized the results. When the median is statistica lly in

control, it is indicating that the air qua lity is in control. By MEW MA contro l charts, shifts in

air quality of Klang Valley areas are quickl y detected. All the air qualities are contributing

to air pollution index and MEWMA are one of the contro l charts that able to detect shifts of

air quality. Based on the control charts plotted, only Kuala Selangor and Banting shows the

reductio n of out of control points. In contrast, Shah Alam, Putrajaya, Petaling Jaya , Klang,
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Cheras and Batu Muda show the higher shifts after the implementation ofMCO compared to

normal periods.

The UCL for the first phase are decreasing for all locations except for Petaling Jaya.

However, the control limits for monitoring phase ofKuala Selangor, Putrajaya, Petaling Jaya ,

Klang, Cheras and Batu Muda are higher compared to before the implementations ofMCO.

The occurrences of out of control after the implementation of MCO is due to the periods

during MCO or total lockdown has been set as first phase and periods during CMCO and

RMCO has been set as second phase. Thus , the periods of MCO between 18th March 2020

until 3rd May 2020 are having low air quali ty and causing many of out of controls points

when air quali ty during CMCO and RMCO are compared to periods during MCO . This can

be supported when totallockdown are ends, CMCO are implemented followed by RMCO

where flexibility imposed to uplift the economy. Some flexibility is imposed such as opening

of almost sectors with fulfil all the SOP . The public transport also fully re-operate with the

inter-state travel restriction has been uplifted which is approaching the new norm after

pandemic 0 f COVID-1 9.

Therefore, based on MEWMA applied, it can be concluded that air quali ty in the

Klang Valley are not statistically in control for periods before implementation of MCO and

after the implementations of MCO. The causes of the poor air quality are emission from

vehicles, industrial activities and open burning. From the control chart appli ed, it can be

concluded that Kuala Selangor and Banting are improving after total lockdown. Meanwhile,

other locations besides Kuala Selangor and Banting have deteriorating air quality after total

lockdown uplift. Despite all locations having a higher number of shifts, most occurrences of

out of control are occurring during CMCO and RMCO has been implemented compared to

total lockdown periods.
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CHAPTERS

CONCLUSION AND RECO MMENDATION

This chapter is to concl ude the findings of this study and to provide a conclusion for each

chapter. Besides that, this chapter relates the results and discussion to the research objec tives.

In this final chapter, some recommendations are sugges ted for further study and

improvements that can be made in the same study field .

5.1 MAIN FINDINGS

Based on the analysis and results in Chapter 4, all the data has been analyzed to fulfil the

objec tives of this study. Thro ugh the exploratory data analysis, it is found that the average

air qualit y has been decreased and proven that the air quality is better after the

implementation of MCa except for 502 level for Cheras and Shah Alam. However, on

overall average, daily air quality concentrations are decreasing, indicating that air pollution

levels have improved since the lockdown was imposed.

The result of the Kolmogorov-Smimo v test has been concluded that the null

hypo thesis is rejected that the data does not meet the normality assumpti on and non-
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parametric approaches have been appli ed to find the significant differences before and after

lockdown implementation.

Research Objectives I : To determine the differences of air qua lity level before and after

pandemic COVlD-1 9 for all air pollutants.

By the non-parametric test ofWilcoxon rank sum test, all the tests conducted on all air quality

are able to reject Ho based on p-value less than u=O.05. However, the 502 level for Cheras

and Shah Alam accept the null hypothesis meaning that the 502 level in both locations do

not show statistical significance befo re and after the implementation of MCO . With this, it

can be concluded that air quali ty is better after implementation of MCO except for 50 2 level

for Cheras and Shah Alam.

Research Objectives 2: To group the air monitoring stations accordingly based on the severity

of air qual ity level.

With hierarchical clustering, it is found that the Klang area has the highest level ofparticulate

matter and 502 before and prior to lockdown. Meanwhile, Petaling Jaya has the highest level

of N0 2 and CO. In addition, CO level is Batu Muda has worsened after Mea was

implemented. Nevertheless, there has been a major improvement on ozone levels in Cheras,

Putrajaya, Bant ing and Shah Alam and ozone level for Petaling Jaya has declined since prior

to lockdown. Hence, by clustering, it is disco vered that Petaling Jaya has high levels of N02

and CO along with 0 3 levels after lockdown.

Researc h Objectives 3: To construct a mult ivariate control chart in assess ing the air quality

level in Klang Valley.
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By multivariate control chart of MEWMA, after checking the correlation between air quality,

the control chart is const ruc ted by develop first pha se whereby out of control data is

eliminated and using mean and covariance matrix during monitoring phase II.

Research Objectives 4: To compare air quality of different area s in Klang Valley before and

afte r the implementation of MCO.

Due to economic activity and vehicle emissions, it is possible to conclude that Klang Valley

experienced poor air quality levels during both period s. Therefore, the air quality is

stat istically out of contro l for periods before and after the implementation of MCO based on

the MEWMA control chart s.

Therefore, it can be concluded that all objectives are achieved. The Wilcoxon rank

sum test , hierarchical clustering and multi variate control chart of MEWMA are successfully

applied to dataset by using the Microsoft Excel, SPSS and SAS JMP software. Findings from

hourly air quality data for two years has been successfully extracted from all methods

employed.

5.2 RECOMMENDATION

In this study, the main constra ints are limited to carrying out the study. Time constraints limit

the methods that can be used to analyze datasets. There are numerous methods that can be

used to analyze the data to obtain information from the dataset. Moreover, the different

imputation methods for miss ing values can be utilized which could be more precise in

estimating the true value of missing data. The data may yield different results and yield

different findings and insig hts into the Klang Valley's air quality.
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APPENDIX A: Boxplot of each air quality before and after implementation of Meo

Boxplot of PMlO
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APPENDIX B: Result s of Kolmogorov-Smirnov test and Wilcoxon Rank Sum test

Test Results of Kuala Selangor

Tests of Normality
Kolmogorov-Smirnov'

duration Statistic df Sig.

pm10 1.00 .152 10608 .000

2.00 .094 6936 .000

pm2.5 1.00 .158 10608 .000

2.00 .084 6936 .000

a. Lilliefors Significance Correction

Test Statistics"

pm10 pm2.5

Mann-Whitney U

WilcoxonW

z
Asymp. Sig. (2-tailed)

28313027.500 28602334.000

52370543.500 52659850.000

-25.841 -24.959

.000 .000

a. Grouping Variable: duration

Test Statlstlcs v"

pm10 pm2.5

Kruskal-Wallis H

df

Asymp. Sig. .000

622.947

.000

a. Kruskal Wallis Test

b. Grouping Variable: duration
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Test Results of Banting

Tests of Normal ity

Kolmogorov-Smirnova

duration Statistic df Sig.

pm10 1.00 .134 10608 .000

2.00 .097 6936 .000

pm2.5 1.00 .143 10608 .000

2.00 .100 6936 .000

s02 1.00 .208 10608 .000

2.00 .254 6936 .000

n02 1.00 .056 10608 .000

2.00 .071 6936 .000

03 1.00 .146 10608 .000

2.00 .147 6936 .000---- -
co 1.00 .085 10608 .000

2.00 .067 6936 .000

a. Lilliefors Significance Correction

pm10 pm2.5 s02 n02 03 co

Mann-Whitney 22047698.00 25614185.00 33079424.00 31391854.50 34452596.0 307829 12.5

U 0 0 0 0 00 00

Wilcoxon W 46105214.00 49671701.00 89349560.00 55449370.50 58510112.0 54840428.5

0 0 0 0 00 00

Z -44.943 -34.069 -11.327 -16 .454 -7.122 -18 .311

Asy mp. Sig. (2- .000 .000 .000 .000 .000 .000

tailed)

Test Statisticsv"

pm10 pm2.5 s02 n02 03 co

Kruska l-Wallis H 2019 .901 1160.728 128.295 270.739 50.727 335.277

df

Asymp. Sig. .000 .000 .000 .000 .000 .000

a. Kruskal Wallis Test

b. Group ing Variable: durat ion
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Test Results ofBatu Muda

Tests of Normality

Kolmoporov-Smlrnovs

durat ion Statistic df Sig.

pm10 1.00 .132 10608 .000

2.00 .051 6936 .000

pm2.5 1.00 .152 10608 .000

2.00 .056 6936 .000

s02 1.00 .138 10608 .000

2.00 .116 6912 .000- - -
no2 1.00 .056 10608 .000----

2.00 .053 6936 .000

03 1.00 .163 10608 .000----- -
2.00 .178 6936 .000---_.-

co 1.00 .074 10608 .000

2.00 .077 6936 .000

a. Lilliefors Significance Correction

Test Statlst lcs"

pm10 pm2.5 s02 n02 03

Mann-Whitney 34858772 .0 25475035 .00 35215602 . 29141043.0 34607204.5

U 00 0 500 00 00

Wilcoxon W 58916288.0 49532551.00 91485738. 53198559.0 58664720.5

00 0 500 00 00

Z -5.884 -34.494 -4.428 -23.317 -6.651

Asymp . Sig. (2- .000 .000 .000 .000 .000

tailed)

a. Grouping Variable: duration

co

35466339 .00

o
91736475 .00

o
-4.031

.000

Tes t Statist icsv"

pm10 pm2.5 s02 n02 03 co

Kruskal-Wallis H 34.618 1189.816 19.603 543.663 44.238 16.251

df

Asymp. Sig. .000 .000 .000 .000 .000 .000

a. Kruskal Wallis Test

b. Grouping Variable: duration
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Test Results of Cheras

Tests of Normality

Kolmogorov-Smirnov·

duration Statistic df Sig.

pm10 1.00 .141 10608 .000

2.00 .044 6936 .000

pm2.5 1.00 .154 10608 .000

2.00 .050 6936 .000

s02 1.00 .170 10608 .000

2.00 .173 6936 .000

no2 1.00 .059 10608 .000----- -
2.00 .071 6936 .000

03 1.00 .155 10608 .000

2.00 .160 6936 .000. _._--- - --- -
co 1.00 .084 10608 .000

_..- ----

2.00 .107 6936 .000

a. Lilliefors Significance Correction

Test Statistics"

pm10 pm2.5 s02 n02 03 co

Mann- 20570214.00 21414911 .0 36509516.5 26237029.5 32911534 .0 32040599 .0

Whitney U 0 00 00 00 00 00

WilcoxonW 44627730 .00 45472427 .0 92779652 .5 50294545.5 56969050.0 56098115 .0

0 00 00 00 00 00

Z -49.448 -46.873 -.854 -32.171 -11.821 -14.476

Asymp . Sig. .000 .000 .393 .000 .000 .000

(2-tailed)

a. Grouping Variable: duration

Test Statlst ics --"

pm10 pm2.5 502 n02 03 co

Kruskal-Wallis H 2445 .105 2197.042 .729 1034.951 139.732 209.555

df

Asymp. Sig. .000 .000 .393 .000 .000 .000

a. Kruskal Wall is Test

b. Grouping Variable: duration
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Test Statistics"
pm10 pm2.5

Mann-Whitney U 29225680 .0 26281575 .5

00 00

WlicoxonW 53283196 .0 50339091 .5

00 00

Test Results of Klang

z
Asymp. Sig. (2­

tailed)

-23.058

.000

-32.035

.000

s02 n02 03 co

27870978 .0 26221254.5 32911444.0 21896615 .0

00 00 00 00-- ----- -

84141114.0 50278770.5 89181580.0 45954131.0

00 00 00 00

-27.225 -32.219 -11.821 -45.404

.000 .000 .000 .000

a. Grouping Variable : duration

Tests of Norma lity

Kolmogorov-Smirnov·

duration Statistic df Sig.

pm10 1.00 .127 10608 .000

2.00 .094 6936 .000

pm2.5 1.00 .134 10608 .000

2.00 .095 6936 .000

s02 1.00 .279 10608 .000

2.00 .198 6936 .000

n02 1.00 .053 10608 .000

2.00 .063 6936 .000

03 1.00 .160 10608 .000

2.00 .129 6936 .000-- - -
co 1.00 .097 10608 .000... --

2.00 .123 6936 .000
a. Lilliefors Significance Correction

Test Statist lcsv"

pm10 pm2.5 s02 n02 03 co

Kruskal-Wall is H 531.689 1026.219 741.222 1038.050 139.741 2061.520

df

Asymp . Sig. .000 .000 .000 .000 .000 .000

a. Kruskal Wallis Test

b. Grouping Variable : duration
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Test Results ofPetaling Jaya

Test Statlstics"

pm10 pm2.5 s02 n02 03 co

Mann-Whitney U 20169682.0 24744886.5 26100261 .5 25243775 .0 31882607.0 26121854.0

00 00 00 00 00 00

WlicoxonW 44227198.0 48802402.5 50157777.5 49301291 .0 55940123.0 50179370.0

00 00 00 00 00 00

Z -50.669 -36.720 -32.646 -35.199 -14.959 -32.522

Asymp. Sig . (2- .000 .000 .000 .000 .000 .000

tailed)

a. Grouping Variable: duration

Tests of Normality

Kolmoqorov-Smtrnov"

duration Statistic dt Sig.

pm10 1.00 .152 10608 .000

2.00 .104 6936 .000-------------
pm2.5 1.00 .165 10608 .000

2.00 .116 6936 .000

502 1.00 .176 10608 .000

2.00 .186 6936 .000

n02 1.00 .063 10608 .000

2.00 .079 6936 .000

03 1.00 .189 10608 .000

2.00 .185 6936 .000-_. -----------
co 1.00 .074 10608 .000

2.00 .069 6936 .000

a. Lillieto rs Significance Correction

Test Statist icsv"

pm10 pm2.5 s02 n02 03 co

Kruskal-Wallis H 2567 .366 1348.348 1065.744 1238.965 223 .778 1057 .657

dt

Asymp. Sig. .000 .000 .000 .000 .000 .000

a. Kruskal Wallis Test

b. Grouping Variable: duration
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Test Results of Putrajaya

Test Statisticsa

pm10 pm2.5 s02 n02 03 co

Mann-Whitney U 22165044.5 22893064.5 29227247.5 32017949.0 31968936.0 25608235 .0

00 00 00 00 00 00

WilcoxonW 46222560.5 46950580.5 85497383.5 56075465.0 56026452.0 49665751.0

00 00 00 00 00 00

Z -44.586 -42.366 -23.091 -14.545 -14.695 -34.088

Asymp. Sig. (2- .000 .000 .000 .000 .000 .000

tailed)

a. Grouping Variable: duration

Tests of Normality

Kolmogorov-Smirnov'

Statistic

.150

.064

.159

.075

.209

.190

.082

.094

.115

.118

.086

.060

df

10608

6936

10608

6936

10608

6936

10608

6936

10608

6936

10608

6936

Sig.

.000

.000

.000

.000

.000

.000

.000

.000

.000

.000

.000

.000

a. Lilliefors Significance Correction

Test Statlst lcsv"

pm10 pm2.5 s02 n02 03 co

Kruskal-Wall is H 1987.870 1794.867 533.203 211.566 215.929 1161.968

df

Asymp. Sig. .000 .000 .000 .000 .000 .000

a. Kruskal Wallis Test

b. Grouping Variable: duration
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Test Results of Shah Alam

Test Statistics"

pm10 pm2.5 s02 n02 03 co

Mann-Whitney U 19842029.0 20299892.0 36234789 .0 29003462 .5 35914520 .0 27360835 .0

00 00 00 00 00 00

Wilcoxon W 43733357.0 44191220.0 92504925 .0 53060978 .5 59972036 .0 51418351.0

00 00 00 00 00 00

Z -51.404 -50.005 -1.692 -23.736 -2.665 -28.744

Asymp. Sig. (2- .000 .000 .091 .000 .008 .000

tailed)

a. Grouping Variable: duration

Tests of Normality
Kolmogorov-Smirnov·

duration Statistic df Sig.

pm10 1.00 .118 10608 .000
- - ~ ----- --- ---

2.00 .062 6912 .000-- - - -- -------- -
pm2.5 1.00 .136 10608 .000-- --- -

2.00 .065 6912 .000. - ----- - -- - - -
s02 1.00 .188 10608 .000

2.00 .204 6936 .000

n02 1.00 .048 10608 .000

2.00 .050 6936 .000

03 1.00 .164 10608 .000

2.00 .150 6936 .000

co 1.00 .071 10608 .000
-- ----- - ----

2.00 .080 6936 .000

a. Lilliefors Significance Correction

Test Statisticsv"

pm10 pm2.5 s02 n02 03 co

Kruskal-Wallis H 2642.389 2500.482 2.861 563.399 7.102 826.225

df

Asymp . Sig. .000 .000 .091 .000 .008 .000

a. Kruskal Wall is Test

b. Grouping Variable: duration
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APPE DIX C: Results of Hierarchical Agglomer ative Clustering Analysis (HACA)

Result of clustering of PMlO before Mea

Agglomeration Schedule

Cluster Comb ined

Stage

2

3

4

5

6

7

Cluster 1

2

6

Cluster 2 Coefficients

3 1759963.987

Stage Cluster First Appears

Cluster 1 Cluster 2 Next Stage

0 0 4

0 0 4

0 0 5- - -

2 5----- ----
4 3 6--------
5 0 7

6 0 0

25
I

20
1

o ndrogram u Ing Av r ge Link ge (Between Group )
ResCiI d D1stlnc Clust r Combln

10 15
I

o
2l==r======::;-~--_--L._-_--L-_--~

cheras 31-

banting 1I---,r----- - ----'

putrajaya 7-

pet lingj Y 61-- - - - - - -r-------J

sh h_ I m 81--- - - - --J

kuala_sel ngor 51-- - - - - - - - - - - - - - - -J

killng 4
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Result of clustering of PM10 after Mea

Agglomeration Sc hedule

Cluster Combined Stage Cluster First Appears

Stage Cluster 1 Cluster 2 Coefficients Cluster 1 Cluster 2 Next Stage

7 8 739144.977 0 0 2-- - ----- ---- ---
2 3 7 807742.951 0 3

3 3 1159226.148 0 2 4

4 5 1336670.900 3 0 5

5 2 1698315.839 4 0 6------
6 6 1767009.736 5 0 7------
7 4 2424896.647 6 0 0

pulra]ayo

cheras

o
7-r--

31-

Dendrogram u Ing Aver ge Link g (Between Group )
ResCiled Dlst nc Cluster Combine

~ '? ' ~ 2?

-

25

banting 11-- - - - - - -J

>-

51-- - - - - - - --'

batu_mud 21-- - - - - - - - - - - - - - ---'

pet IingJ yCl 61-- - - - - - - - - - - - - - - --'

klang 4
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Result of clustering of PM2.5 before Mea

Cluste r Combined

Stage Cluster 1 Cluster 2

Agglomeration Schedule

Stage Cluster First Appears

Coefficients Cluster 1 Cluster 2 Next Stage

3 6 1284015.369---- -----
2 2 3 1468427.877

3 7 1666819.227

4 2 8 1881420.812

5 2 2211537.567

6 5 2723257 .964- - -- _____4

7 4 3652040 .755

o
o
o

2

3

5

6

o

o

o

2

4

5

5

6

7

o

>-

cheras

pet IingJaYI3

Dendrogramusing Aver ge Link ge (Between Group )
Rele I d Dltt nee Clutter Combine

o ~ lp 1 ~ ~ ~
J -~

6-

2-

81-- - - - - - ...1

banting 11-- - - -"'T"""----....J

pulrajaya 71-- - - - -1

~ u 11I_selangor 51-- - - - - - - - - - - - - - - --1

~ Iang 4
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Result of clustering of PMz.s after Mea

Agglomeration Schedule

Cluster Combined Stage Cluster First Appears

Stage Cluster 1 Cluster 2 Coefficients Cluster 1 Cluster 2 Next Stage

3 7 528807.332 0 0 2

2 3 8 545227 .198 0 3

3 2 3 747996.042 0 2 4-- ---- --
4 2 870732.456 0 3 5

5 5 927612 .642 4 0 6-- - - - -
6 6 1329852.566 5 0 7

7 4 1579873.148 6 0 0

20
I

o
cher s 3-

Dendrogram u Ing Aver ge Link ge (Between Group )
Rescaled Distance Cluster Combine

' ~ \5

pulrl.'llllYl'I 71-+-- - - - -,

>-

21-- - - - -...1 -

banting 11-- - - - - - - - --J

~ ul.'l ll'l_se iongor 51-- - - - - - - - ---'

pet Iingj yll 61-- - - - - - - - - - - - - - - - - - --.1

~ Iang 4
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Result of clustering of502 before Mea

Agglomeration Schedule

Cluster Combined Stage Cluster First Appears

Stage Cluster 1 Cluster 2 Coeff icients Cluster 1 Cluster 2 Next Stage

2 3 .006 0 0 2

2 2 5 .010 0 3

3 2 6 .014 2 0 4

4 2 7 .015 3 0 5

5 2 .018 0 4 6

6 4 .043 5 0 0

Dendrogr mu Ing Average Link e (Between Group )
Rese led Dlst nee Cluster Combine

o ~ If 1~ ~ 2~

blltu..mud 2

cheres J-

pet lingjaya 5.-- ....... -

>- putrojayo 61-------'

sh h_lam 71-- - - - - - --J

b nting 11-- - - - - - - --'

kl ng 4
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Result of clustering of 50 2 after Mea

Agglomeration Schedule

Cluster Combined Stage Cluster First Appears

Stage Cluster 1 Cluster 2 Coefficients Cluster 1 Cluster 2 Next Stage

2 3 .003 0 0 2

2 2 5 .004 0 3

3 2 7 .006 2 0 4------- -
4 2 6 .010 3 0 5

5 2 .014 0 4 6

6 4 .019 5 0 0

25

Dendrogram u Ing Average Link ge (Between Group )
Rese I d Dlst nee Clust r Combine

~ 1~ 15 20o
b u_muda 21=;:==:;---'-----......1-----..1-----......-----.1--,

eheres 3 - -

pet IIngJ ya 51-- ---1

> $hh~l m 7~--------~

putr aya 6~----------------------J

banting 1t-------------------------------------'

~ I ng 4
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Result of clustering of N02 before Mea

Agglomeration Schedu le

Cluster Combined Stage Cluster First Appears

Stage Cluster 1 Cluster 2 Coefficients Cluster 1 Cluster 2 Next Stage

1 6 .398 0 0 5-,--------- - -------
2 2 3 .649 0 0 4

3 4 7 .784 0 0 4

4 2 4 .885 2 3 5

5 2 1.261 4 6-----
6 5 2.081 5 0 0

Dendrogr mu Ing Average Link ge (Between Group )
Rese led Dlst nee Clust r Com In

0 ~ \0 1~ 2p 2~

b ntlng 1

putr laya 6f-

balu_muda 21-- - --r-- - - -,

>- cheras 31-- - - -'

~ Iang 41-------r--...J

pet IingJ ya 5
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Result of clustering of NOz after Mea

Agglomeration Schedule

Cluster Comb ined Stage Cluster First Appears

Stage Cluster 1 Cluster 2 Coefficients Cluster 1 Cluster 2 Next Stage

6 .169 0 0 5

2 2 3 .240 0 0 4

3 4 7 .296 0 0 4

4 2 4 .358 2 3 5

5 2 .507 4 6

6 5 1.042 5 0 0

Dendrogram u Ing Aver geLink ge(Between Group )
Reae I d Dist nee Clust r Com Ine

~ 10 1 ~ 2.0 2~o
1t=r===:!====:r----..I.----..I----~_,b ntlng

putr ' yo 6 -

>- cheras 31-----J

~ I ng 4t-----r-- .....

shoh_ I m 7t-----1

petallngJ:wo 5
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Result of clustering of 0 3 before Mea

Agglomeration Schedule

Cluster Comb ined

5 1.333----
6 1.367

4 1.669

3 1.909

7 2.110

2 2.921

Stag e

2

3

4

5

6

Cluster 1

2

3

2

Cluster 2 Coeff icients

Stage Cluster First Appears

Cluster 1 Cluster 2 Next Stage

0 0 3
- - -------

0 0 4

0 6

0 2 5

4 0 6---
5 3 0

Dendrogramu Ing AverageLink ge (Between Group )
Rue led DI neeCluster Combine

o ~ 10 15 2p 2~

b u_mud 2

petolingJ y 5I-

klang 41-- - - - - -'

>- cher s 31--r-- - - - - - - - ---,

putr 'oYeI 6r--

belnting 11-------------'
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Result of clustering of 0 3 after Mea

Agglomeration Schedule

Cluster Combined Stage Cluster First Appears

Stage Cluster 1 Cluster 2 Coefficients Cluster 1 Cluster 2 Next Stage

2 3 .540 0 0 4- - - - -
2 4 .594 0 0 5

3 6 7 .611 0 0 4

4 2 6 .729 3 5

5 2 .817 2 4 6

6 5 1.329 5 0 0

Dendrogramu IngAverage Linkage (Between Group )
Re8e I d DI8t nee Clu8ter Combine

o 5 10 15 20 25

cheras

putrajayll

banting

klang

pelallngJaya

21=;;::::=== ::;----...I-----IL------I..----..L-..,

61-- --r---1

71--- ---'

11---..-------------'

41--

5
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Result of clustering of CO before Mea

Agglomeration Schedul e

Cluster Combined Stage Cluster First Appears

Stage Cluster 1 Cluster 2 Coefficients Cluster 1 Cluster 2 Next Stage

1 6 645.329 0 0 2-----------
2 3 1329.478 0 3

3 7 1718.551 2 0 4

4 2 2229.144 3 0 5

5 4 2807.457 4 0 6

6 5 3852.329 5 0 0

o

putrajaya 6 -

Dendrogr mu Ing Aver ge Link ge (Between Group )
Rese I d Distance Clust r Combine

10 15
I I

cheres 31-- - - - --J

>- shah_alam 71----------J

b u_muda 21-- - - - - - - - - - - - ---'

kl nil 41--- - - - - - - - - - - - - - - - - -'

petalinlljllYIl 5
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Result of clustering of COafter Mea

Cluster 2 CoefficientsStage

Cluster Combined

Cluster 1

Agglomeration Schedule

Stage Cluster First Appears

Cluster 1 Cluster 2 Next Stage

2 3 7 440.838 0 0

3 3 4 528.295 2 0- - - - ---
4 3 764.243 3

5 2 5 1182.434 0 0

6 2 1603.198 4 5

6 410.709 o o 4

3

4

6

6

o

255

Dendrogr mu Ing Average Link ge (Between Group )
R se led Dist nee Cluster Combine

10 15o
11=;= = = === :::;---J.- - - ---I.- - - --'-- - - -"-1b ntlng

pUlrojayo 6-

cher s 31--1,.....---,

~ I ng 41-------'

bcllu_muda 21------------------..,.-- - - - - - - ---'

petallngJaya 5
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