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ABSTRACT

Quality of air is vital to sustain life and prevent health problems to human beings. These
days, air pollution has become one of the global environmental problems that need to
be tackled. Tropospheric ozone is one of the air pollutions that has been recognized to
be a threat to human health and have a deleterious impact on plants. This study is
conducted to give an awareness and knowledge to the society about the ozone (O3)
pollution and the behaviour at two different locations in Selangor; Shah Alam and
Petaling Jaya. In this study, Multiple Linear Regression (MLR) model is employed to
understand the associations between the precursors (NOx, NO, NO2, SO, CO) in the
formation of norm (average) O3 concentration level. This information could provide
knowledge on which important day-to-day contributing sources of O3 pollution as well
as the influence of the precursors towards this particular air pollution. Three years
hourly data (2015-2017) which was obtained from the Department of Environment
Malaysia (DoE) were analysed following a systematic MLR modelling procedure. The
procedure involved with data randomization and outlier’s treatment at both X and Y
direction to achieve a valid and reasonable model since the data are time series and
skewed. The results of the analysis have shown that Model 1 that followed the proposed
systematic procedure has resulted into a valid MLR model. Based on the model, it is
concluded that CO has been identified to be the most important precursors at both
locations which indicates that the most important source comes from vehicles at both
locations. It is also found that the contribution of SO; is significant in Petaling Jaya but
not in Shah Alam. This study also provides the evidence that NOx and O3 has negative
association as shown in the previous studies. Lag variables is also shown needed to
describe the formation of O3 and to increase the capability of MLR model.
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CHAPTER ONE
INTRODUCTION

s | Research Background

In Malaysia, ground level ozone (O3) which is called tropospheric ozone has
become one of the most significant air pollutants due to increasing sources of ozone
precursors.

Os is type of a gas which composed of three atoms of oxygen that occurs both
in Earth’s upper and lower atmosphere (Ramli et al., 2010). It can be beneficial as good
ozone and detrimental as bad ozone. The ozone that is well known by most people as
good ozone is the upper ozone called stratospheric ozone. It is forms naturally in the
upper atmosphere and protects us from harmful ultraviolet rays (UV). Unlike
stratospheric ozone, tropospheric ozone is created through interactions between man-
made emissions of volatile organic compounds (VOCs) and nitrogen oxides (NOx) in
the presence of heat and sunlight and this type is harmful if exposed beyond permissible
limit.

Other than man-made emission, tropospheric ozone is also formed when some
of the ozone is transported down from the stratosphere (possibly as much as 50%). The
ozone itselfis created through the process photolysis of nitrogen dioxide (NO2) to nitric
oxide (NO) which in turn, reacts with carbon monoxide (CO) and hydrocarbons to form
Os. There are no significant primary emissions of ozone in the atmosphere because
ozone is secondary pollutant that created by chemical reaction that occurs in air (Abdul-

Wahab, Bakheit, & Al-Alawi, 2005).
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Figure 1.1 A cross-section of typical vertical ozone profile for the trophic
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The influx of 0zone from the stratosphere takes place mainly in middle and high
latitudes and is most active in early spring. The generation of ozone in the troposphere
is most active in summer, since it is caused by photochemical reactions involving
nitrogen oxides (NOx), carbon monoxide (CO) and volatile organic compounds

(VOCs) (Lelieveld & Dentener, 2000).

S

HEALTH EFFECTS
= Reproductive effects
= Respiratory effects
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= Birth ects O

(Source : Tibbets, 2014)
Figure 1.2 Effects of ozone

This air pollutant with high concentrations deserves the special attention due to
capability of causing adverse health effect towards human health and on the
environment (WHO, 2003). Numerous studies were conducted on ozone trend and
status in Malaysia environment. (Azmi, Latif, Ismail, Juneng, & Jemain, 2010) reported
that ozone concentrations are predominantly related to regional tropical factors
(biomass burning) and intensity of UV radiation. In Malaysia, many studies applied
statistical distribution on particulate matter (PM o) for the haze level issues but less in
Os for the ozone concentration. So, we conduct this study to evaluate the most important
precursors of ozone formation in two locations in Selangor, Malaysia which are Shah
Alam and Petaling Jaya. Thus, the relationship between the study locations towards

variability of ozone concentration is going to be explored.



1.2 Problem Statement

In Malaysia, it has been proven that ozone exposure has been linked to the
increase in the hospital admissions and emergency room visits for asthma and other
respiratory problems. Ozone pollution also reduces the body's resistance to infection.
The exposure to high levels of ozone in a long term may lead to huge reductions in lung
function, inflammation of the lung lining and more frequent and severe respiratory
discomfort. The American Lung Association likens ozone exposure to "sunburn on the
lung." Recent studies have also linked ozone to premature death, though further
research continues this topic.

As ozone concentrations at several sites in Malaysia often exceeding the
recommended Malaysia Air Quality Guidelines (MAQG) value (standard), health
effects at the population level become increasingly numerous and severe (Awang et al.,
2000). Such effects can occur in places where concentrations are currently high due to
human activities or are elevated during episodes of very hot weather.

Air pollution monitoring is very important to inform public awareness of air
quality level and the government on the needs to manage and control the source of
pollution. This requires understanding on the sources of the emission of air pollutants
as well as the interrelationship between the contributing factors.

Even though, Multiple Linear Regressions (MLR) has been considered as the
most common model used in the literature to explain the relationship between a
particular pollutant and the associated factors, however, noticeably, the application of
MLR model as the average mean model for air quality time series data set with the
existence of outliers and autocorrelation issue is often neglected. As a result, high
potential of artificial and wrongly interpreted model and the coefficients was obtained.
This result consequently provides wrong conclusion, thus very dangerous to the
decision makers. Since air quality data are often in the form of time series record, its
current concentration level often influenced by the previous concentration (auto
correlated) and could be explained by multiple dependent variables, MLR modelling
involved for air quality data set is supposed to be conducted with precaution. Therefore,
to be able to understand the behaviour and the influence of ozone precursors towards
O3 concentration in Petaling Jaya and Shah Alam in Selangor Malaysia, a
comprehensive procedure for MLR is going to be used in this study. Thus, the results

would provide new insights on the modelling of Os for time series data set and its
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precursors to understand Os concentration besides finding the way and suggestion to

prevent its sources from getting worse.

1.3

a)

b)

c)

1.4

b)

c)

Research Question

The research questions are as follows: -

What is the behaviour of O3 concentration and its precursors between the study
locations, i.e Petaling Jaya and Shah Alam respectively?

How to model the relationship between average (norm) Os level and its

precursors at the study locations, i.e Petaling Jaya and Shah Alam respectively?

What is the type of association and how is the influence of the precursors
towards average (norm) Os at the study locations, i.e Petaling Jaya and Shah

Alam respectively?

Research Objectives

The objectives of this study are:

To describe the behaviours of 0zone concentration and its precursors at the study
locations.

To model a linear relationship between average (norm) Os and its precursors to

understand their behaviour towards O3 concentration at the study locations.

To assess the influence of the precursors towards average (norm) Os at the study

locations respectively.

14



1.5 Theoretical Framework

Sulphur
Nitrogen Dioxide (SO,)
Dioxide (NO,)

Carbon
Monoxide
(CO)

- Previous' day
Nitrogen Y

: concentration
Oxide (NO,) (Lag level)

Figure 1.3 Theoretical Framework

Independent variables which are the precursors of the Os included in the
research framework are nitrogen oxide (NOx), carbon monoxide (CO), nitrogen dioxide
(NO3), sulphur dioxide (SO2) and nitric oxide (NO) as well as the O3 lag level whereas

the dependent variable include is the ozone level.
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1.6  Significance of Study

The findings of this study will contribute to individual knowledge about the
behaviour of tropospheric O3 and help them to adapt with Oz problems. This is because
most of the people are not really exposed about the knowledge of O3 gas. So, they did
not know the real bad things behind the good things that they heard or see. So, by doing
this research, it will help the researcher to reveal the importance source of ozone
pollution and at the same time, give warnings to people to take precautions when
dealing with O3 problems. High concentration of O3 may cause several health problems
that may put our life on the line.

Besides that, the findings of this study will also give benefits to the Department
of Environment Malaysia (DoE) for managing the air pollution issues and at the same
time, to provide policy about this matter. The results will also help to identify the

possible emission sources that significantly contribute in Petaling Jaya and Shah Alam.

1.7 Scope of Study

This study focuses on two locations in Selangor, Malaysia to find out what are
the most important precursors of O3 formation. The precursors including NO, NO2,
NOx, SOz, CO and the previous day level (lag level) is believed to contribute to O3
formation as it is hazardous and may cause damage to the human being and may lead
to death. Besides that, due to the geography of Malaysia which lies close to the Equator,
it only experienced hot and humid seasons throughout the year. Therefore, this study
aims to find out whether there are differences on behaviours of Oz in different
background of station. Petaling Jaya and Shah Alam may have different characteristics
in their vulnerability towards the ozone concentration. Number of precursors emitted
may differs in the both locations due to the physical of the area itself.

In this study, Multiple Linear Regression (MLR) is used to investigate the
behaviour and influence of precursors towards ozone concentration. In modelling the
MLR, precursors such as NO, NOz, NOx, SOz, CO and the lag level act as independent
variables whereas ozone concentration level is the dependent variable. There will be
several precursors that can be dropped from the model if multicollinearity exists. From
the obtained model, the important precursors which lead to the ozone formation can be

determined.
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1.8  Limitation of Study

Although this study aims to investigate and assess the association and influence
of Oz and the precursors using MLR, there is limitation on the amount and quality of
data that were encountered as the data obtained for the findings are secondary data.
Since the data include several precursors and it is hourly data for three years, it is also
found that the distribution of missing values for each precursor varies. Thus, a prior
data cleaning stage needs to be conducted. An important precursor such as VOC that

contain high percentage of missingness (>30%) will be discarded from the data set for

analysis.
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CHAPTER TWO
LITERATURE REVIEW

2.1 Ozone Scenario in Malaysia

Ozone is known to be a secondary pollutant, photochemical oxidant and the
main component of smog (Finlayson-Pitts & Pitts Jr, 1999). (Azmi et al., 2010) said
that based on the previous study, the results on land use and the level of compliance
mentioned that some problems in air quality status in the Malaysian peninsular only
exist in highly spot on the urbanization areas. According to the Malaysian department
of'environment and others study stated that motor vehicles get 82%, power stations 9%,
industrial fuel burning 5%, industrial concentration processes 3% domestic and
commercial 0.2% and open burning at solid waste disposal site 0.8% to the total air
emission load in the peninsular of Malaysian. In addition, the development of the Klang
Valley, Malaysia has many types of physical activities such as urban commercial,
industrial area, settlement area and others, which has increased the risk of atmospheric

pollution (Sulaiman et al., 2017).

2.2 Effects of Ozone

Tropospheric ozone is also recognized to be a threat to human health (WHO,
2003) (Tan et al., 2013) and have a deleterious impact on vegetation (Monks et al.,
2015), and through plant damage it impedes the uptake of carbon into the biosphere
(Sitch, Cox, Collins, & Huntingford, 2007) as well as impacting built infrastructure
(Kumar & Imam, 2013). High level of O3 has a detrimental effect on plants, as it enters
the plant leaves through stomata generates odd species which can oxidize plant tissue
resulting in changes in gene expression causing impaired photosynthesis. Ozone
concentrations greater than 40 ppbv may be harmful to the crop yield, biomass
concentration, vitality and stress tolerance of forest trees (Verma, Satsangi, Lakhani, &
Kumari, 2015).

(Fuhrer, Skirby, & Ashmore, 1997) states that excessively high levels of O3
may be an obstacle to a forests’ capacity to seize carbon should there be an excess of

carbon dioxide in the future (Karnosky et al., 2003). Moreover, long-term human
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exposure to ozone causes chest pains, persistent coughing, respiratory irritation,
impaired lung function, sense of dry throat, worsening of previous respiratory diseases

like asthma and even irreversible damage to the lungs (Moustris, 2014).

2.3 Formation of Ozone

Ozone is central to the chemistry of the troposphere owing to its role in the
initiation of photochemical oxidation processes via direct reaction, photolysis and the
subsequent reactions of the photoproducts to form the hydroxyl radical (Monks et al.,
2015). Ozone formation by the photochemical reactions of precursors requires at least
one-hour time (Marathe, 2018). Early in the 1970s, Crutzen (1973) and Chamei- des
and Walker (1973) suggested that tropospheric ozone originated mainly from
concentration within the troposphere by photochemical oxidation of CO and
hydrocarbons catalysed by HOx and NOx. Tropospheric ozone is largely dependent on
meteorology (Ghazali et al.,, 2010). In an urban atmosphere, short lived VOCs are
responsible for O3 formation rather than CO and CHj as their atmospheric lifetime is
very high (Seinfeld et al., 2006). According to the Environmental Protection Agency
(2007), ground level ozone is formed by a series of reactions, under the influence of
sunlight, involving volatile organic compounds (VOCs) combined with a group of air
pollutants known as nitrogen oxides (NOx). Volatile organic compounds are emitted
by automobiles and various commercial and industrial sources. Nitrogen oxides are by-
products of burning fuel in automobiles and heavy industries. Collectively, NOx and

VOCs are referred to as ozone precursors (Abdul-Wahab et al., 2005).

2.3.1 Ozone Pollution in Industrial Area

PM o is the main component of dust fall, which it potentially comes from the
industrial activities and construction sites, the transportation exhaust emission and soil
dust, and open burning activity around the study area (Arsene, Olariu, & Mihalopoulos,
2007). According to the Malaysian Ministry of Transport (MOT), the total amount of
new registered motor vehicles in Malaysia was increased 4.42% from 934,367 in 2004
to 1,160,082 in 2010. Based on this information, motor vehicles in Malaysia are one of
the major factors that contribute to the deterioration of atmospheric conditions.

Moreover, petrochemical processes and fuel or oil burning along with transportation
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have been the major causes of atmospheric HCs and NOx. Most of such pollutants are
measured by emission rates that are counted with the help of activities going on in urban
and industrial areas. In addition, methane (CH4), non-methane hydrocarbon (NMHC),
total hydrocarbon (THC), O; and particulate matter under 10 microns (PMjg) are
responsible for air quality variations in the industrial area (Mohd Kalkausar et al.,

2019).

2.3.2 Ozone Pollution in Urban Area

Analysis of plume characteristics and air-mass back trajectories show the
highest concentrations of O3 (and other trace gases) were mainly due to emissions from
the Beijing urban area. The highest Oz concentrations were due to transport of the
Beijing plumes superimposed on pollution contributed by regional sources (Lu &
Wang, 2006). Most of the NO» in urban air results from the rapid oxidation of NO which
is the major nitrogenous product emitted from combustion (Safieddine et al., 2013).
Moreover, the O3 concentration in both urban and rural areas with maxima around
spring-summer. The O3 variations in the urban areas are larger than those at the rural
sites. The O3 concentrations are similar between weekend and weekdays in contrast to
the findings in many other urban areas in the world. The average ozone concentrations
are lower in urban areas compared to the sites outside urban centres (Zheng, Zhong,

Wang, Louie, & Li, 2010).

24  Previous Study of Ozone in Malaysia

Ozone is a secondary pollutant resulting from photochemical reaction of variety
of natural and anthropogenic precursors mainly volatile organic compound (VOCs) and
oxides of nitrogen (NOx). There is a positive correlation between concentration of
ozone and solar radiation (J/m2. hr) (Abdullah, Ismail, Yuen, Abdullah, & Elhadi,
2017). The concentration of ozone reaches its peak during the middle of the day while
during night-time, the concentration lowers (Rahim et al, 2010). The peak occurs at 2
pm (Azmi et al., 2010). During the day, pollutants would be diluted when mixing layer
rises while during night-time, it will be limited to only inside nocturnal planetary
boundary layer (NPBL). NO and NO; are emitted pollutants that are kept beneath the

inversion, which may cause the hourly NOx concentration to increase during night (Han
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et al., 2011). According to Abdullah et al. (2017), it shows that the daily maximum
ozone concentration is higher in industrial area compared to urban area. This indicates
that the precursors of ozone mainly NOx and VOC are produced by motor vehicles and
smoke from the industrial area. Muhamad et al. (2015) stated that the maximum amount
of Oz concentration was 0.097 ppm, caused mainly by open burning and smokes emitted
from vehicles. According to Department of Environment (DoE) 2011, Klang Valley
experienced the unhealthy days in year 2012 was due to high concentration level of Os.

Shah Alam was recorded as having the highest number of unhealthy days.

2.5  Statistical Model and Analysis to Investigate Ozone Pollution

The relationships among O3 precursors, meteorological parameters have been
examined by several studies using various statistical techniques, multiple linear
regression and principal component analysis (Abdul-Wahab et al., 2005). There are also
other several studies that using fuzzy logic, artificial neural network (ANN), graphical
analysis and time-series analysis (Sebald et al., 2000). Among these methods, multiple
linear regression (MLR) has provided successful results in Oz modelling studies (Sousa
et al., 2007). Specifically, Ziomas et al.,(1995) presented analytical models relating
maximum ozone concentrations in Athens area with various meteorological variables.
(Spellman, 2000) developed ANN models to be able to forecast surface ozone
concentration in five different locations in London, the result indicate that these models

surpassed in comparison with the regression models.

2.6 Outliers in Regression Analysis

An outlier is an observation with large residual. In other words, it is an
observation where the dependent variable value is unusual given its value on the
independent variable. Outliers are often caused by human error or mistakes such as in
data collection, recording and entry of data (Obsborne & Overbay, 2013). There are a
few numbers of methods to diagnose the outliers. One of them is Cook’s Distance (or
Cook’s D). As a result of the outliers, the values of regression coefficients or summary
statistics such as F statistics, R? and the residual become very sensitive to these outliers
hence the estimation gives very misleading result (Dey, Hossain, & Das, 2015). There

are many people who like to see a prior method for identifying outliers usually by
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removing or down weighting them by means of robust approach and this method have

been frequently applied with apparent success (Schutte & Violette, 1994).

2.7  Using Multiple Linear Regression to Model Ozone Pollution

(Verma et al., 2015) said that multiple linear regression is based on linear and
additive association of independent explanatory variables. The following assumptions
should be met when MLR is applied :

1)  The variables must be independent

1) The residual errors must be independent and normally distributed with almost

zero mean and constant variance (. 1.id assumptions).

As the result of their study, O3 shows negative correlation with NO, NO; and
RH. As NO and NO: act as precursor gases for the photochemical formation of surface
Os therefore rise in O3 concentration is associated with a drop in the level of NO and
NOa. O; concentration correlated positively with temperature. wind speed and solar
radiation.

(Samadianfard, Delirhasannia, Kisi, & Agirre-Basurko, 2013) stated that the
goal of the regression analysis is to determine the coefficient values of the parameters
of the regression equation and then to quantify the goodness of the fit in respect of the
dependent variable Y. The observations {Xi;, Xz, ... Xip. Yi},1=1, 2,....n is helpful in
the estimation of the parameters 8 and they form the calibration set. The least square
method is the usual technique used to estimate the parameters.

There are three wide areas in terms of meteorology that need to be focused for
ozone’s concentration through statistical methods. Every area of approach is
considerably unique from others: first one is regression-based method, the second is
extreme value method, and third one is Space-Time approach (Al-Shammari, 2017). In
predicting the levels of ozone from meteorological conditions and precursor
concentrations at (SIA) Shuaiba Industrial Area of Kuwait during the daylight hours
was achieved by using step wise multiple regression modelling (Wahab et Al., 2000).

Moreover, among the most frequently methods used are regression, time series,
and neural network models. Multiple regression analysis is one of the most widely used
methodologies for expressing the dependence of a response variable on several

predictor variables (AbdulWahab et al., 2005). The application of multiple linear
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regression techniques allows formulation of explicit equations that are simple and can
be used to better understand the processes involved in O3 formation (Barrero et al.
2005). However, noticeably, the previous studies had ignored the influence of
autocorrelation issues in the modelling process, but air quality data are often recorded
as time series. On top of that, pollutant concentration is naturally continuous, and the
formation process is dependent on time. Thus, its current concentration level often
associated with its previous level (Musa & Ibrahim, 2012). There exists a long memory
in time series ozone in the Peninsular Malaysia environment. However, based on
literature review, many of the studies conducted does not consider the contribution of
lag level in the modelling of ozone. One of the studies by (Yahaya et al., 2009) has

shown that previous hour ozone level influences the next hour level.

2.8 The Study of the Association between Ozone and its Precursor using

MLR

O3 in the troposphere is generally increasing because of increasing emissions of
precursors such as NOx and volatile organic compounds (VOC). NOx and O3 levels in
urban air and amounts of nitrate in the aerosol particles over South Asia indicate that
NOx levels are not negligible (Suresh Kumar Reddy et al., 2012). Based on study at
semi-arid rural site, Anantapur in southern India, during January-December 2010 the
monthly mean variation of tropospheric ozone is similar to that tropospheric NO2, with
a correlation coefficient of +0.80.

On other observational study that takes place in Kannur, India from November
2009 to December 2011, the diurnal cycle for surface O3 had a peak during afternoon
and declined in the night-time. The diurnal variations of mixing ratios for NOy and O3
were anti-correlated. A positive correlation was found between O3, NO and NO:2 which
revealed the chemistry of O3 concentration from NO; and titration with NO at this
location. The net effect of NOx on O3 concentrations was negative with a decaying
exponential correlation indicating a possible VOC sensitive location, which showed the
prominent role of abundant biogenic VOCs on the concentration of O3 even at lower
levels of NO> (Nishanth, Praseed, Satheesh Kumar, & Valsaraj, 2014).

To explore the precursor’s potential relationship based on application of an
observation-based model (OBM), ambient ozone (O3) and its precursors were

simultaneously measured at two sites in the Pearl River Delta, namely, Wan Qing Sha
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(WQS) in Guangzhou and Tung Chung (TC) in Hong Kong, started from 23 October
to 01 December 2007 in order. According to Hai Guo et. Al, (2009) a large increment
in both simulated HO and O3 concentrations was achieved with additional input of
hourly carbonyl data. This suggested that apart from hydrocarbons, carbonyls might
significantly contribute to the O3 concentration in the Pearl River Delta. It also stated
that NO was negatively correlated with O3 concentration, indicating that reducing NO

would lead to an increase in O3 concentration (Cheng et al., 2010).

(Han et al., 2011) found that there is an inverse relationship between O3, NO,
NO: and NOx. In addition, there is also a linear relationship between NO; and NOx, as
well as NO and NOx, and a polynomial relationship between O3 and NO2/NO. Due to
photochemical Oz formation, the ozone concentration slowly rise after the sun rises,

reaching a maximum during the daytime and then decreases until the next morning.



CHAPTER THREE
RESEARCH METHODOLOGY

31 Introduction

This chapter explains the method that will be adopted by this research and gives
an outline of the research methods that is followed by this study. It provides information

about every component involved and describes the research design that was chosen for
the purpose of this study. This chapter also going to discuss the methods used to analyse
the data and the procedures that were followed to make sure the appropriate study is

being constructed to achieve the study objectives. Software such as R, Statistical
Package for Social Sciences and Microsoft Excel were used throughout the analysis

process.

332 Data and Study Locations

Data consist of ozone concentration (O3) and the precursors such as NO2, NO,
SOz, NOy and CO as well as the lag level which were obtained from Department of
Environment (DoE), Federal Territory of Putrajaya, Malaysia. The variables are
recorded by hourly basis. Data collected are ranged from January 2015 until December
2017 with total of 26304 hourly data.

The location of study includes Petaling Jaya and Shah Alam. Petaling Jaya was
categorized as industrial location while Shah Alam was categorized as urban location

with high number of vehicles.
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Figure 3.1 Map of Study Location
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33 Research Framework

The research framework for this study is shown in Figure 3.2

Figure 3.2 Research Framework flowchart

To achieve the research objectives, the activities need to be involved including
data acquisition, data preparation, data exploration, modelling the association of O3 and
the precursors using MLR, next the validity and the performance of the model is

assessed and finally the activity ends with report writing.

27



3.4  Multiple Linear Regression Modelling Process

The following Figure 3.4 shows the framework of how MLR model is
constructed and established to investigate the association and influence of several
precursors towards O3 level to increase understanding on Oz concentration or formation

at Petaling Jaya and Shah Alam locations.

Figure 3.3 Process of MLR Modelling
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3.5  Data Preparation

Data preparation describes the process of activities that take place in order to
transform a source data into format, quality and suitable structure for further analysis.
One of it is dealing with unstandardized, unstructured and or inconsistent data. Data
preparation is important to get good quality of data. The better the quality the more
likely will be able to turn the data into usable information.

In this project, the data were obtained from Department of Environment,
Putrajaya, Malaysia. Data were given from year 2015 until 2017 where it has a record
of hourly recorded ozone (Os) and its precursors. The data used for this project were
categorised as secondary data and consists of a very large number. The data obtained
were very raw and not treated so there were many missing values. The percentages of
missing values were approximately 13.3% in Petaling Jaya and 8.4% in Shah Alam.
Since the percentage of missing values in both locations are less than 30%, it is
appropriate to use the data. The imputation method is used by imputing the average
values of its own variable. Moreover, since our data is in time series format lag variable
is added during this step. This is because according to M.A Barrero et. Al, (2005) lag
variable is needed to increase the efficiency of the model. Their study findings have
shown that the future ozone formation is actually dependent on the previous ozone

level.

3.6 Data Randomization

Randomization is a process where subjects are placed or given equal chance to
be treated in some treatment or controlled group. The process has already growing into
a very fundamental aspect of research methodology, especially in scientific research
area. (Kang, Ragan, & Park, 2008)

In this project, data randomization process is done to reduce the effect of
autocorrelation in the data set. Data obtained from the Department of Environment is a
raw data set in which the data is a time-series data. Time-series data could cause an

autocorrelation effect in modelling the multiple linear regression.
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3.7 Multicollinearity Checking

The problem of multicollinearity occurs when there are two or more predictor
variables, X were analysed simultaneously in a regression model. When the predictor
variables are highly correlated, the interpretation of the expected value in the response
variable may be incorrect or not valid and lead to misleading conclusions. (Vatcheva,
Lee, Mccormick, & Rahbar, 2016).

The way in detecting the problems for multicollinearity is by checking the value
of Variance Inflation Factor (VIF) that acts as a tool to measure how the variance of the
data are reduced. (Ferdaos, 2017)

This step is needed to check if there is any multicollinearity exist between the
precursor’s variables, to prevent the statistical inferences made about the data may not
be reliable. The result from the VIF values shown that there is multicollinearity exists
between variables NO and NOx in Shah Alam and Petaling Jaya with value more than
10. Variable NO has been removed since the variable is less harmful toward health
compared to NOy. Nitric oxide (NO) is not considered to be hazardous to health at

typical ambient concentrations, but nitrogen dioxide does.

3.8 Qutlier Removal

In a statistical analysis, an outlier is a data point where its values differs the
sample mean (De & De, n.d.). In this project, removing the outliers are done after the
results of analysis using boxplot were observed. Boxplot indicates where it shows
points that further from the mean. Outliers points tells which of the data point are flawed

and may not be valid for further analysis.

3.9  Describing the Behaviour of Ozone and its Precursors

To achieve the above objective of this study, the understandings of the variables
are needed. Descriptive analysis is going to be used to describe the basic information
and features of the data in this study. The descriptive statistics to represents the data
distribution pattern are histogram, box plot and line plot. Other descriptive statistics are
used to measure the central of tendency, measures of dispersion and to check the

normality of data.

30



3.10 Modelling the Relationship of Ozone and Its Precursors using MLR

Multiple Linear Regression (MLR) analysis is one of the most widely used of
all statistical methods. MLR attempts to model the relationship between two or more
explanatory variables, X’s and one response variable, Y by fitting a linear equation to

the observed data. The population regression line for p independent variables are: -

Yi= Bo+ BiXit €

where:

Y; — value of response variable in the i trial

Bo— the intercept of the population regression line

Bi— regression coefficients (parameters) of the explanatory variables
Xi— the value of explanatory variable in the i trial

¢~ random error term with mean E{¢;} = 0 and variance 0° {¢i} = ¢°

This line describes the mean response Y; changes with the explanatory variables.

3.10.1 Normality Checking

For the analysis to be reliable and valid, we need to do normality checking. In
multiple linear regressions, this assumption applies to the disturbance term, not to the
independent variables. Simply put, it is to check the random error in the relationship
between the dependent and independent variables. There are several statistics available

to examine the normality such as skewness, kurtosis and normal probability plot.

3.10.2 Diagnostic Checking

Diagnostic checking plays a vital role in finding and validating the relationship
between the dependent and independent variables. To proceed to the next stage analysis
of Multiple Linear Regression (MLR), the assumptions of MLR needs to be satisfied.

This assessment may be an exploration of the model underlying the statistical
assumptions. The assumptions of MLR are there is linear relationship between the
dependent variable and each dependent variable, the errors are independent, the errors

at each set of values of the independent variables are normally distributed and the errors
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at each set of values of the independent variables have equal variances (denoted 0?). If
all these assumptions were followed, then we can say that the model that we propose is
significant.

For diagnostic checking, we run ANOVA test to check for coefficient of
multiple R-squared and significance of each precursors. Multiple R-squared tells the

total variation explained by each precursor on ozone level.

4.9.3 Assessment and Validation of MLR Model Obtained

It is important to know whether different background having different level of
average ozone concentration. Since every location is in different background activity,
so the ozone concentration was expected to be different. The association and influence
of the precursors towards O3 concentration will be evaluated based on the obtained
model. Hence the performance and the validity of the established model must be
assessed.

To assess the performance of the established MLR model given name as Model
1, the obtained model was also compared with another model that is conducted without
following the framework proposed in Figure 3.3 given name as Model 2. The purpose
of comparison is to highlight the consequence of modelling Time Series Ozone data
without considering the autocorrelation effect and when outliers are in the data set.

In this study, for each study location, it has two models; Model 1 is the model
with randomized data set and without the outliers and Model 2 is the model with non-
randomized data with outliers. For both models, the performances will be checked by
using standardized residuals and the multiple R-squared. The standardized residuals of
the model, multiple R-squared and i.i.d assumptions checking were used to assess the
better performance of the establish model. As an information, outlier’s removal

involved with removing outliers from both at Xs and Y direction.
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CHAPTER FOUR
RESULTS AND DISSCUSSION

4.1 Introduction

In this chapter we are going to analyse two stations which are Petaling Jaya as
and Shah Alam. This chapter will cover the data analysis, which includes data cleaning,

descriptive analysis, correlation analysis, regression tests and regress by using

randomization method. Descriptive analysis describes the behaviour of dependent

variable, O3 and independent variables which are NOy, NO, SO, NO; and CO. This

important to evaluate whether the samples collected are valid and consistent.
Furthermore, Cronbach’s alpha technique is used for reliability test. Correlation and

multiple regression tests are used to further analyse and explore the relationship

between the variables.

4.2 Behaviours of Ozone and its Precursors at Both Study Locations

Petaling Jaya and Shah Alam are known as locations that currently going
through a lot of process city development. These areas experiences air pollutions in
Klang Valley. Both areas are also surrounded by the residential area which also
contributes to the air pollution from vehicular exhaust. Hence, it is important to
understand the behaviour of the ozone and its precursors to monitor the air quality and

the ozone level in these areas.



4.2.1 Descriptive Analysis of Data

To describe the basic feature in the data of this study, descriptive analysis is
used to understand the association between the O3 and its precursors at both study

locations.

a) Petaling Jaya

Table 4.1 shows the descriptive measure of Os and the precursors. The
maximum values are among O3, CO and Lag within range 3. The minimum values of
all the precursors including Os are zero except NO with the value of nearly zero (two

small level). For precursor SO», it seems that it has outliers because the range between

the mean and maximum value is far from one another.

Table 4.1

Jaya

| 0.00000 0.00000 | 0.00000 | 0.00000 | 0.00000 | 0.00000

06020 | 0.03181 | 0.003694 | 0.02600 | 0.02000 | 1.08000 | 0.02000

1 0.05768 | 0.03126 | 0.003694 | 0.02596 | 0.23820 | 0.96480 | 0.23820

‘ 0.33600 | 0.29670 | 0.165800 | 0.13400 | 3.82800 | 3.60000 | 3.82800

0.02903 | 0.02275 | 0.01062 | 0.05348 | 0.53481 | 0.57967 | 0.53481
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b) Shah Alam

Table 4.2 shows the descriptive measure of O3 and its precursors. The maximum
values for SOz, NO,, O3 and lag are within the range 0.1 while for NO is 0.27200 and
the maximum value for NOx is 1.0000. The minimum values for all variables are zero.
It seems that for precursor SO it has outliers since the range between mean and

maximum is far from one another.

Table 4.2
iptive Analysis of Os and its Prect

ah Al

0.00000

0.00000

0.00000

0.00000

0.00000

0.01480

0.00200

0.02071

0.02025

0.7552

0.02025

0.01639

0.00259

0.02196

0.02106

0.8193

0.02106

0.27200

0.10130

0.11100

0.16810

2.8930

0.16810

0.01705

0.00178

0.01209

0.01937

0.37351

0.01937
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4.2.2 Histograms of Ozone and its Precursors
A histogram is the common graph used to graphically summarize and display

the frequency distributions of the variables. It can also show the normality of

distributions either it is symmetric or not.
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Figure 4.1 Histogram of Ozone and its Precursors in Petaling Jaya

From Figure 4.1, it shows that the distribution of SO» is not in symmetric shape.
The range within SO2 values between the mean and maximum are quite large. Thus, it
leads to produce only one bar. While for NO, NOx and NO», all of them seem to follow

normal distribution with a slight skewed to the right. For Os and CO, both show
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unrecognizable pattern at initial value and followed by the pattern of normal

distribution. But for CO, it obviously showed the criteria of the outliers on its graph.

b) Shah Alam
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Figure 4.2 Histogram of Ozone and its Precursors in Shah Alam

From Figure 4.2, it shows that NOx, NO and SO: are not normally distributed.
This is due to the presence of outliers and the range within NOx, NO and SO; are too
small and its lead to produce only several bars for the histogram. The distribution for
NO; and CO is normal which is with slightly skewed to the right. The histogram for O3

shows that it does not follows normal distribution and skewed to the right.
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4.2.3 Box Plot of the Ozone and its Precursors

These box plots were produced to see the graphical view of the outliers more
precise. Moreover, it is also being carried out as the reference to look at the cut-off

points to remove the outliers later in the step of building the model in MLR.

a) Petaling Jaya
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Figure 4.3 Box Plot of Ozone and its Precursors in Petaling Jaya

Figure 4.3 shows the box plots for each of the precursors and the Os. Each of
the variables above has outliers. As same as the result in figure 4.1 before that showed
SO2 and CO has outliers, this time they are truly and clearly showed in this box plot
graph. Both have the worst box plot measures compared to others. NOx, NO and NO
tend to have a quite similar pattern of box plot while CO shows a wider range of box
plot compared to other precursors.
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b) Shah Alam

Nox No So2
o | e
- @ =
o
o 8 4
=] 5. o
o
@ = o
- o 4
o 2_ E o
o
- o S
o -
b o
™ [n]
- N o -
o § o
o | _— g E—— g | J_F_—
o o o
No2 co 03
o
™
o H ! 0
- - v | ] - -
Q . o~ =]
: | @
o e
8 - o | 1 o
o - i
]
3 . . .
o i -7 - |
] o 1
= 2 |
] ]
1 |
8 —_ o —_ g - ——
o o o

Figure 4.4 Box Plot of Ozone and its Precursors in Shah Alam

Figure 4.4 shows the box plots for each of the precursors and the Os. All the
precursors have outliers. Like the result in Figure 4.3 that showed NOx, NO and SO»
have outliers with extreme values and now are clearly showed in box plot graph. These
three precursors have the worst box plot measures compared to others. Box plot for
NO: and CO shows that both are normally distributed with wider range of box plot

while for O3 seem not follow normal distribution.
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4.2.4 Scatter Plot of the Precursors that Associated with the Ozone Level

The relationship between the variables can be seen through scatter plot matrix.
It depicts a relationship between each of the variables, but it does not indicate a cause

and effect relationship.

a) Petaling Jaya
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Figure 4.5 Scatter Plot of Ozone and Its Precursors in Petaling Jaya

From Figure 4.5, the scatter plot between O3 and NOx seems to show a positive
linear relationship. This pattern is similar with the relationship between O3 and NO.
This is because both precursors which are NOx and NO tend to have same criteria and
pattern since the beginning of this study. While for SO, and CO, both have no clear
pattern of relationship towards the O3 concentration, thus there may be no linear
relationship exists between these two precursors with the O3 concentration. Other than

that, the scatter plot between NO: and Os; shows drastic uphill pattern of distribution.
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This may indicate that there is exists a linear relationship between the precursor NO>

and O3 concentration.

b) Shah Alam

000 015 00 15 30
e Lt 11 11
P L") L
=]
o
Nox d 5
-_ =
o
— o L=
o
Dy No §
8
o
v L* -
b b - 8
| =3 D . O
. e [ 8
o
51
o
o o 9 d
(=]
o

0
o

3o

[=
o o
(=
o a o
LI L) I
000 D10

¢

o 9

oo

lag

T

I
000 010

4 9 0 o g » d o
9 4

F-

r T 11
00 04 08 000 006 oo0 010

Figure 4.6 Scatter Plot of Ozone and Its Precursors in Shah Alam

From Figure 4.6, the scatter plot between O3 and NO; seems to show a positive
linear relationship. This pattern is similar with the relationship between O; and CO.
While for NOx and NO both have a correlation with each other since they have a
positive linear relationship. Same goes to NOx and NOz, they also have a correlation.
This is because the precursors NOx, NO and NO- tend to have same criteria and pattern
since the beginning of this study. For SO; and Os they have no clear pattern of
relationship towards the Oz concentration, thus there may be no linear relationship
exists between these three precursors with the O3 concentration. Other than that, the
scatter plot between NO; and O3 shows drastic uphill pattern of distribution. This may
indicate that there is exists a linear relationship between the precursor NO2 and O3

concentration.
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4.2.5 General Pattern of Ozone and Its Precursors Based on Monthly Average

for 3 Years (2015-2017)

To study the general pattern of O3 and its precursors at both study locations

which are Petaling Jaya and Shah Alam, the average values of O3 and the precursors

for 3 years are considered.
a) Petaling Jaya
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Figure 4.7 Monthly Average Reading of O3 and its Precursors in Petaling Jaya
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Based on Figure 4.7 above, NOx has high concentrations within the end of the
year until January. For the other months, it is at moderate level. A similar cycle is
recorded for NO concentration in Petaling Jaya. However, for NO; concentration it
reaches its highest peak in October and starts to decline until December before it is rise
in January. This rise and down cycle are alternate until June before it is started to stable
in moderate level. For SO», the behaviour is quite extreme because it can be seen clearly
that it has high concentration in March and October while the lowest levels are in
January and April. Unlike the precursors whom have low level in February, the O3
reaches its highest level in February and June. While the low level of O3 concentration
is recorded in December and Mac. For CO, start from February until August the level
for CO level remains at moderate level and start to rise to its peak in October and decline

moderately until December.
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Figure 4.8 (a) Monthly Average level (Pbb) of NOx, NO, SO2, NO; and O3 and
(b) Monthly average level (Pbb) of CO in Petaling Jaya




The summarization for the Figure 4.8 (a) above, the O; level has shown some
relationship with its precursors. When NOx, NO and NO; are at their lowest
concentration in February, O3 shows itself by reaching its highest level. This is similar
with the expectation that Os; has negative correlation with NOx, NO and NO:.
According to Nidhi Verma et. al, (2015), O3 shows negative correlation with NO2 and
NO. Therefore, the rises in the level of O3 concentration is associated with a drop level
of NO; and NO this is due to the photochemical activity and reaction with other
chemical gases (i.e. the titrate effect).

From Figure 4.8 (a), SOz has the lowest range compared to other precursors and
the highest level goes to CO that shown in figure 4.8 (b). For NOx, NO and NO; they
seem to have similar pattern of concentration throughout the monthly average for 3
years. When the precursors level for NO and NOx increases. the level of O3 tends to
decrease. It is shown that most of the months have the maximum level of O3 less than
0.03 which indicates that the level of Os is still under control which is lower than the
Malaysian standard of 0.1 pbb. However, the exposure of Os to the environment is still
health risk and harmful.
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Figure 4.9 (a) Diurnal Average Level (pbb/h) for NOx, NO, SO2, NO; and O3 and
(b) Diurnal Average Level (pbb/h) for CO in Petaling Jaya
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Figure 4.9 shows the diurnal average for Os and its precursor in the rate change
of per hour (pbb/hour). Generally, over Petaling Jaya region SO; concentration is quite
flat compared to other precursors. However, for NOx and NO both tends to have similar
pattern. Every time NOx and NO reach their high peak, O3 concentration tend to
become lower. O3 concentration reaches its high amount of concentration at dawn,
afternoon and middle of the night which close to lam. This is because at dawn and
middle of the night, the existence of vehicles on the road are lesser compared at other
hours. This makes lesser NOx and NO emissions which cause the O3 level increases.
At afternoon, O3z level increases because the O3 needs sunlight for photochemical
reactions, it reaches a maximum during daytime then slowly to decrease and fluctuates

again (Nur Izzah et. al ,2018).
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b) Shah Alam
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Figure 4.10 Monthly Average Reading of O; and its Precursors in Shah Alam



Referring to Figure 4.10, NOx recorded moderate level of concentration for
almost every month. There is only slight lower concentration recorded in April and
December. It is also quite similar cycle recorded for NO: concentration in Shah Alam.
A bit different for NO, the concentration level reaches its highest peak in January. There
are fluctuations starting from the decline in February until NO concentration level rise
again in May. After the rise and down cycle, the NO reading starts to become stable in

moderate concentration level. For SOz, it can be seen clearly that the behaviour 1s quite

extreme when it has sudden decline and rise of SO concentration level. The reading is
low in July before it starts to rise in August to September then become stable until
October. SO, concentration level having a sudden decline in November and suddenly
recorded high concentration in December then the concentration becomes low again in
January. Compared to its precursor, O3 concentration level is stable which is in
moderate level from January until August then the reading is slightly increase in
September then stable until October. The concentration of Os then slightly decreases
from November to December. For CO, from January until July the concentration level
remains moderate and starts to decrease in August before suddenly recorded high
concentration level in September and October then decreases in November and
December.

To summarize the figure above, O3z level does shows some relationship with its
precursors. This obviously can be seen in NOx, NO and NO2 when low concentration
recorded in these three precursors which is in February and April, the reading of

concentration level of Os is high.
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Figure 4.11 (a) Monthly Average level (Pbb) of NOyx, NO, SO;, NO> and O3 and
(b) Monthly Average level (Pbb) of CO

Figure 4.11 shows SO; has the smallest range compared to other precursors
while CO has the widest range compared to other precursors. The highest peak in Os
occurred in October. The concentration level of Os decreases from April until August
while the concentration of NOx increases at the same period. This shows that O3 and
NOx have a negative relationship. Both NOx and NO have the same pattern. There are

same fluctuations since January until May. SO; has the same trend with O3 when both
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variables rise and decline at the same period. This shows that O3 and SO have a positive

relationship.
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Figure 4.12 (a) Diurnal Average Level (pbb/h) for NOx, NO, SO2, NO2 and O3 and
(b) Diurnal Average Level (pbb/h) for CO

51



Figure 4.12 shows the diurnal average for O3 and its precursor in the rate change
of per hour(pbb/hour). Form the figure, NO and NOx have the same pattern. The
concentration of SOz is quite low compared to another precursor in Shah Alam region.
When NO and NOx reach their high peak, the O3 concentration tend to become lower.
O3 concentration seems to reach its high concentration at dawn, afternoon and midnight.
This is because at dawn and midnight, the number of vehicles on the road is lesser
compared to other hours. It can be said that with a lesser emission of NO and NOx cause
the O3 level increases. At afternoon, O3 level increases because the O3z needs sunlight
for photochemical reactions. Izzah et. al, (2017) stated that Oz reaches its maximum

during daytime then slowly to decrease and fluctuates again.

4.3 Statistical Model Building

In this section, there are two models of MLR that were going to be built. The
first model (Model 1) is the model where the outliers are discarded and data
randomization was conducted while the other model (Model 2), these two steps of
procedures were excluded. The performance of Model 1 is assessed and will be

validated with comparison with Model 2 performance and will be discussed later.

4.3.1 Randomization of Time Series Data

In order to build a significant and useful model, the errors terms over time need
to be free from autocorrelation problems. This is because when the error terms are
correlates with one another, there are some problems will arise such as the standard
error of the regression coefficients may seriously underestimate the true standard
deviation of estimated regression coefficients. For our data, randomization of the data
needs to be done because the value of the current O; is depends on the value of O3 a day
or an hour before. Hence, randomization of the data is used in both study locations for

Model 1 to reduce the autocorrelation effect.
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4.3.2 Multicollinearity Checking for the Precursors Variables

Multicollinearity exists when the independent variables have high correlation
among one another. This can be seen through the value of Pearson correlation
coefficient (r value). If r value is more than 0.8, then that indicates that the two
independent variables are correlate. If that case happened, then one of the variables

needs to be removed.

a) Petaling Jaya

Table 4.3 shows the correlation matrix for the industrial area. The result shows
the precursors for NOx and NO have high collinearity among them which is more than
0.8. Thus, one of the variables need to be dropped and that is NO. This is because NO

is considered as not to be hazardous to health at typical ambient concentrations as

compared to NOx (IcopalUK, 2015).

Table 4.3
Corr_elation Matr_ix for P_et.'_:tlin_g Jaya .

- NOx | 1.0000 | 0.9405 | -0.0267 | 0.6299 | -0.2621 | 0.2118 | -0.2073

NQ 0.9405 | 1.0000 | -0.0328 | 0.4419 | -0.3323 | 0.1994 | -0.2869

SD; -0.0267 | -0.0328 | 1.0000 | 0.0709 | -0.2700 | 0.3235 | -0.2740

NO: 0.6299 | 0.4419 | 0.0709 | 1.0000 | -0.0785 | 0.2188 | -0.0298

O3 -0.2621 | -0.3323 | -0.2700 | -0.0785 | 1.0000 | -0.4847 | 0.8960

cO 0.2118 | 0.1994 | 0.3235 | 0.2188 | -0.4847 | 1.0000 |-0.5236

Lag -0.2073 | -0.2869 | -0.2740 | -0.0298 | 0.8960 | -0.5236 | 1.0000

53



b) Shah Alam

Table 4.4 shows the correlation matrix table for Shah Alam. The results show
that precursor that has high collinearity are NO and NOx and also NOz and NOx. Thus,

we have decided to exclude NO and NO: in the modelling process. This is because NO

is considered as not to be hazardous to health at typical ambient concentrations as

compared to NOx (IcopalUK, 2015). NO: is also can be exclude because the correlation

is quite strong.

Table 4.4

Correlation Ma

trix for Shah Alam
= AR B

R e L’; el R (O T
0.85357 | 0.06958 | 0.73310 | -0.46601 | 0.37574 |-0.45917
1.00000 | 0.00713 | 0.42965 | -0.47939 | 0.35104 | -0.50355
0.00713 | 1.00000 | 0.15479 | 0.05066 | 0.08629 | 0.04503
0.42965 | 0.15479 | 1.00000 | -0.35511 | 0.35305 |-0.30848
-0.47939 | 0.05066 |-0.35511 | 1.00000 | -0.23508 | 0.85354
0.35104 | 0.08629 | 0.35305 | -0.23508 | 1.00000 | -0.29806
-0.50355 | 0.04503 | -0.30848 | 0.85354 | -0.29806 | 1.00000
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4.3.3 Outlier Removing

Outliers are extreme values that fall far away from others or common
observations. As shown in histogram and box plot figures in earlier analysis, the outliers
are existing for the O3 and its precursors. When the outliers are said to exist, the
normality of the data might get interrupted. For this study, outlying values analysis is
used to filter out the outliers from the data. This is guided by the results of boxplot
analysis. The model is assessed until the best performance of data is obtained. This

method is applied on both study locations, Petaling Jaya and Shah Alam from both X’s

and Y direction.

4.3.4 Model Establishment

To develop the first model (Model 1), the dataset that have been cleared from
the outliers is used. This is to make sure that the information obtained about
understanding the association of the precursors in the formation of O; level is
significant. Moreover, lag variable that is developed from the O3 values is also included
in this model to increase the efficiency and the relationship between the precursors and
the Os. In addition, when doing the multicollinearity checking, NO is removed from the
entry to any model in Petaling Jaya while NO and NO; are removed in Shah Alam. This
is because it has high collinearity as shown in correlation matrix for both locations.

The second model (Model 2) is going to be obtained by using the same criteria
variables as in the first model (Model 1). The only thing that distinguishes these two
models is Model 2 does not discard any outliers or do any treatments to their outliers

and the regression was conducted using non-randomized data set.

4.3.5 Diagnostic Checking for Both Models
This section may be an exploration of the model underlying the statistical

assumptions. This is to ensure that the model adequately describe about the O3

association with its precursors as well as the influence in the O3 concentration.
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4.3.5.1 Model Significance

a) Petaling Jaya

1)  Model 1 : Outliers are discarded in both X and Y directions and data are

randomized.

Table 4.5 below shows the p-value for Model 1 in Petaling Jaya. The value of &

used is 0.05 while the decision rule is rejecting H, if p-value < c. Since p-value = 2.2e-

16 <= 0.05, Hy is rejected. At o= 0.05, we conclude that the model is significant.

Hy: The model is not significant

H;: The model is significant

Table 4.5

P-value for M

odel 1 in Petaling Jaya

.

2.2e-16

Table 4.6 shows the coefficient table for Petaling Jaya. This formula is used to
run a coefficient table in R software where O3 acts a dependent variable while NOx,

SOz, NO2, CO and lag act as the independent variables.

Table 4.6

Coqfﬁcient_"_l"able for Modf:l 1 in_ Petaling Ja_y_a

0.0005793 0.0004054 1.429 0.153
; mx -0.0705566 0.0077352 9.122 2e-16
SQ’ - 0.4755807 0.0846523 5618 2.04e-08
» NOz '- 0.0870808 0.0209760 4.151 3.36e-05
: CG & 0.0029999 0.0003489 8.599 2e-16
' _i.-ag 0.8106473 0.0084366 96.086 2e-16
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Based on Table 4.6, the important information is taken out from the table to
decide either the variable have a significant linear relationship with the Oz or not. The
result for summarization is shown in Table 4.7 below. It shows that all precursors and
the Lag variable are significant to the model. This is because the p-value for all the
variables is less than o which is 0.05. Hence, H) is rejected for each variable and
conclude that the variable has a significant linear relationship with the Os.

Hy: The variable does not have a significant linear relationship with O3

H;: The variable has a significant linear relationship with O3

Table 4.7
NOx 2e-16 Reject Hy Significant
SOz 2.04e-08 Reject Hy Significant
NO: 3.36e-05 Reject Hy Significant
CcO 2e-16 Reject Hy Significant
Lag 2e-16 Reject Hy Significant
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ii) Model 2 : Outliers are not discarded in both X and Y direction and data set was

not randomized

Table 4.8 below shows the p-value for Model 2 in Petaling Jaya. The value of @
used is 0.05 while the decision rule is rejecting Hy if p-value <a. Since p-value = 2.2e-
16 < a=0.05, H, is rejected. At a=0.05, we conclude that the model is significant.

Hy: The model is not significant

H;: The model is significant

Table 4.8
for Model 2 in Petaling Jaya

P-al 2ol
" P-value of model: | 2.2e-16

Table 4.9 shows coefficient table for Petaling Jaya the formula used to run a
coefficient table R software is O3 acts a dependent variable while NOx, SOz, NO2, CO

and lag act as the independent variables.

Table 4.9
Coeffi ' Table for Model 2 inP

)

0.0142733 2e-16
-0.309788 0.187538 -1.652 0.098624
-6.489043 1.751437 -3.705 0.000214
2.300577 0.513913 4.477 7.75e-06
-0.124555 0.008925 -13.956 2e-16
0.749708 0.009267 80.900 2e-16

58



Based on Table 4.9, important information is taken out from the table to decide
either the variable have a significant linear relationship with the O3 or not. The result
for summarization is shown in Table 4.10 below. It shows that all the variables are
significant to the model except for precursor NOx. This is because the p-value for all
variables is less than a which is 0.05. Hence, Hy is rejected for those variables that are
significant and conclude that the variable has a significant linear relationship with the
Os. For precursor NOx, Hj is accepted as it has no significant linear relationship with

the Os.

Hy: The variable does not have a significant linear relationship with O;

H;: The variable has a significant linear relationship with O3

Table 4.10
Summarization Table of Variable Sig

LA St )

NOx 0.098624 Do not reject H, Not significant
SO 0.000214 Reject H, Significant
NO; 7.75e-06 Reject H, Significant
0 2e-16 Reject H, Significant
Lag 2e-16 Reject H, Significant
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b) Shah Alam

i) Model 1 : Outliers are discarded in both X and Y directions and data are

randomized.

Table 4.11 below shows the p-value for Model 1 in Shah Alam. The value of «
used is 0.05 while the decision rule is rejecting Hy if p-value < «. Since p-value = 2.2e-
16 <= 0.05, Hy is rejected. At a= 0.05, we conclude that the model is significant.

Hy: The model is not significant

H;: The model is significant

Table 4.11
P-va fr Mel _ hah Alam
ue of 1 2.2e-16

Table 4.12 shows coefficient table for Shah Alam. The formula used to run the
coefficient table in R software is O3 acts as an independent variable while NOx, SO2,

CO and lag act as the independent variables.

Table 4.12

0.00382 0.00036 2e-16
-0.05832 0.00719 -8.108 6.42¢-16
-0.10838 0.08619 -1.257 0.209
0.00266 0.00040 6.575 5.36e-11
0.73103 0.00988 73.997 2e-16
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Based on Table 4.12, to decide either the variable have a significant linear
relationship with the Oz or not, important information is taken out from the table. The
summarization of the result is shown in the Table 4.13 below. It shows that all
precursors and the lag variable are significant except for SO». This is because the p-
value for all variables is less than a= 0.05. Thus, Hy is rejected for those variables that
are significant and can be conclude that the variables have a significant linear
relationship with the Os. For precursor SOz, Hyis accepted thus it has no significant
linear relationship with the Os.

Hy: The variable does not have a significant linear relationship with O3

H;: The variable has a significant linear relationship with O3

Table 4.13
Summarization Table of Variable Signifi

Reject H,

Significant

Do not reject H, Not Significant

5.36e-11 Reject H, Significant

2e-16 Reject H, Significant
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11) Model 2 : Outliers are not discarded in both X and Y directions and data are not

randomized

Table 4.14 below shows that p-value for Model 2 in Shah Alam. The value of &
used is 0.05 while the decision rule is rejecting Hy if p-value < . Since p-value = 2.2e-
16 <a=0.05, Hy 1s rejected. At a= 0.05, we conclude that the model is significant.

Hy: The model is not significant

H;: The model is significant

Table 4.14
P-value r e 2in §hah Alam

5,_ a0 ,;_ i 2.2e-16

Table 4.15 shows the coefficient table for Shah Alam. The formula used to run

a coefficient table in R software is O3 acts as an independent variable while NOx, SO,

CO and lag act as the independent variables.

Table 4.15
Qp fficient Tef Model 2 in Shah Al

0.00314 0.00019 2e-16
-0.0648 0.00271 -23.878 2e-16
0.17383 0.03355 5.181 2.22e-07
0.00264 0.00017 15.360 2e-16
0.84543 0.00329 256.255 2e-16
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Based on Table 4.15, to decide either the variable have a significant linear
relationship with the O3 or not, important information is taken out from the table. The
summarization of the result is shown in the Table 4.16 below. It shows that all
precursors and the Lag variable are significant except for SO.. This is because the p-
value for all variables is less than a= 0.05. Thus, Hj is rejected for those variables that
are significant and can be conclude that the variables have a significant linear
relationship with the Os. For precursor SO,, Hyis accepted thus it has no significant
linear relationship with the Os.

Hy: The variable does not have a significant linear relationship with O3

H;: The variable has a significant linear relationship with O3

Table 4.16

Summarization Table of Variable Significance in Model 2 in Shah Alam _

Reject H, Significant

2e-16 Reject H, Significant
2.22e-07 Reject H, Significant
2e-16 Reject H, Significant
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4.3.5.2 Model Capability Measures

To measure how many percentages of the independent variable variation
explained by a linear model, R-squared value is used. In general, the higher the value
of R-squared, the better the model fits the data. However, in this study the capability of
the models is measured by the multiple R-squared. This is because this study implies

multiple independent variables.

a) Petaling Jaya

Table 4.17 shows the value of multiple R-squared for both models in Petaling
Jaya. There is a slight difference in the value of multiple R-squared between the two
models where Model 2 has high value compared to Model 1. For Model 1, there is
69.8% variation in Os that is explained by the independent variables. While for Model

2, it has 72.1% of variation in O3 that 1s explained by the independent variables.

Table 4.17
Multiple R-squared Values for Petaling Jaya
0.698 0.7212
b) Shah Alam

Table 4.18 shows the value of multiple R-squared for both models in Shah
Alam. There is a slight difference in the value of multiple R-squared between the two
models where Model 2 has a higher value compare to Model 1. For Model 1, there is
54.39% variation in O3 that is explained by the independent variables. For Model 2, it

has 75.08% of variable in O3 that is explained by the independent variables.

Table 4.18

Multiple R-squared Values for Shah Alam
Modell | Model 2
0.5439 0.7508
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4.3.5.3 LI.D Assumptions for Residual Variables

[.I.D means that every residual is independent and identically distributed across
the model. This is to make sure that the result obtained can represent the actual

understanding about the formation of Os.

a) Petaling Jaya
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Figure 4.13 Residuals Plots for Petaling Jaya

1) Residual vs Fitted

The first column in Figure 4.13 shows the plot of residuals vs fitted. From this
plot, non-linear patterns can be checked by looking at the pattern of the graph. Model
1 does not show any specific pattern in their graph. Moreover, the residuals are also
equally spread around the horizontal line. This means Model 1 has a random pattern

while Model 2 has non-random pattern.
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i1) Normal Q-Q Plot

The second column in Figure 4.13 shows the Q-Q plot of the residuals. From
this plot, normality of the data can be checked by looking at the points that lies close to
the fitted line. For Model 1, all the points are lies and merge close to the fitted line
including their tails. But for Model 2, its tails seem to be far from the fitted line and its

pattern does not seem to follow normal distribution.

ii1) Scale-Location

The third column in Figure 4.13 shows scale-location plot that is also called as
spread-location plot. From this plot, equal variance which is homoscedasticity can be
checked by looking at the scattered points of the residuals along the ranges of the
independent variables. For Model 1, its horizontal line is surrounded equally by the
spread points. While for Model 2, the residuals begin to spread wider along the x-axis
as it is passes around 2. Since the residuals spread wider, the red line is not horizontal

and shows a steep angle in Model 2.

1v) Residual vs Leverage

The fourth column in Figure 4.13 shows the residuals vs leverage plot. From
this plot, influential outliers can be detected by looking for cases outside of a dashed
line, Cook’s distance. For Model 1, there is no influential case because all cases are
well inside of the Cook’s distance lines. However, for Model 2 there are few cases lies
far beyond from the Cook’s distance lines which indicates that they are influential
outliers. This can be seen from reading the value of multiple R-squared for Model 1 and
Model 2. Model 2 that has influential outliers has multiple R-squared of 0.7212 but for
model 1 when there are no influential outliers the value is only 0.698. This shows that

the influential outliers give an impact to the analysis of models.
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b) Shah Alam
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Figure 4.14 Residuals Plots for Shah Alam

1) Residual vs Fitted

In Figure 4.14, the first column shows the plots of residuals vs fitted. From this
plots, non-linear pattern can be checked by looking at the pattern of the graph. Model
1 does not show any specific pattern in their graph. The residuals are also equally spread
around the horizontal line. This means Model 1 has a random pattern while Model 2

has non-random pattern.

i) Normal Q-Q

The second column in Figure 4.14 shows the Q-Q plot of the residuals. From
this plot, normality of the data can be checked by looking at the points that lies close to
the fitted line. For Model 1, all the points seem lies and merge close to the fitted line.
Different for Model 2 where most of the point does lies and merge close to the fitted
line but the tails seem to lie far from the fitted line and its pattern does not seem to

follow normal distribution.

67



11)  Scale-Location

From the scale-location plot in Figure 4.14 the equal variance which 1is
homoscedasticity can be checked by looking at the scattered points of the residuals
along the ranges of independent variables of the ranges of the independent variables.
For Model 1 its horizontal line is surrounded equally by the spread points. While for
Model 2, the residuals begin to spread wider along the x-axis. Since the residuals spread

wider, the red line is not horizontal with steep angle shown in Model 2.

1v) Residual vs Leverage

The last column in Figure 4.14 shows the residuals vs leverage plot. From this
plot, influential outliers can be detected by looking for points that is outside of a dashed
line, Cook’s distance. For Model 1, there is no influential case because all cases are
well inside the Cook’s distance lines. However, there are few cases lies far from the
Cook’s distance lines in Model 2 which indicates that they are influential outliers. This
can be seen from reading the value of multiple R-squared for Model 1 and Model 2.
The value of multiple R-squared in Model 2 with outliers is 0.7508 but for Model 1
when there are no influential outliers the value is only 0.5439. This shows that the

influential outliers give an impact to the analysis of model.
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4.3.5.4 Model Validation Results
To verify that the models are performing as expected, model validation is

performed. In this study, simple validation approach is used by plotting the observed
O3 with their fitted Os. From the plot, the fitness of the data can be seen and interpret.

a) Petaling Jaya
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Figure 4.15 Model Validation Results for Both Models in Petaling Jaya

From Figure 4.15, Model 1 has better validation result compared to Model 2.
This can be seen through the scattered plot of the model. Model 1 plots scattered more
since the range values of observed and fitted Os is small which is in range 0 until 0.04.
While for Model 2, their range is quite big which is from 0 until around 3. This makes

their plots narrower and focused at one place.
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b) Shah Alam
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Figure 4.16 Model Validation Results for Both Models in Shah Alam

From Figure 4.16, Model 1 has better validation result compared to Model 2.

This can be seen through the scattered plot of the model. Model 1 plots scattered more

since the range values of observed and fitted O3 is small which is in range 0 until 0.04.

While for Model 2, their range is quite big which is from 0 until around 0.12. This

makes their plots narrower and focused at one place
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4.4 Model Comparisons and Findings

In this section, the performances of both models discussed earlier will be
compared at both study locations which are Petaling Jaya and Shah Alam. Hence, from
this comparison, the best model is going to be selected to understand the association

between the precursors in the formation of Os in two locations in Selangor.

a) Petaling Jaya

Table 4.19 shows model comparison of performances for both models in
Petaling Jaya. Based on the table below, Model 1 has better performance than Model 2.
Since Model 1 follows all the assumptions, value of R-squared and residual standard
error in Model 1 is better compared to Model 2. When the model does not meet any
1.i.d assumptions, the results of the output could be misinterpreted and not accurate.
Even though the multiple R-squared is high in Model 2. However, this model is shown
not valid because the required assumptions for MLR are not satisfied. Other than that,
accuracy of the model can be seen through the value of residual standard error for both
models. Residual standard error for Model 2 is 0.7212 compared to model 1 is only
0.00628. These differences give a high impact to understand the association of O3 and
its precursors. Thus, the interpretation to understand the association between the O3 and

the precursors is based on Model 1.
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Table 4.19

Model Comanson of Performances in Petalm Jaya _

0 =0.0005793 —

03 =0.161635 -
0.0705566*NOx +

6.489043*S0O, +
0.4755807*S0O, +

Regression Equation 2.300577*NO2 -
0.0870808*NO> +

0.124555*CO +
0.0029999*CO +

0.749708*Lag
0.8106473*Lag
F- statistics Significant Significant
Multiple R-squared 0.698 0.7212

1. Residual vs Fitted

2. Normal Q-Q Plot

3. Scale-Location

4. Residual vs Leverage

Significant Independent -NOx, +SO2, +NO,, + CO -S0,, + NO»,-CO and
Variable and +Lag +Lag
Residual standard error 0.006228 0.2885
I.I.D Assumptions for
Satisfied Does not satisfied
residuals

1. Random pattern

2. Normally distributed

3. Random pattern

(homoscedasticity)

4. No influential outliers

1. Non-random pattern

2. Not normally distributed

3. Non-random pattern

(heteroscedasticity)

4. Has influential outliers
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b) Shah Alam

Table 4.20 shows model comparison of performances for both models in Shah
Alam. Based on the table below, Model 1 has better performance than Model 2. Since
Model 1 follows all the assumptions, value of R-squared and residual standard error in
Model 1 is better compared to Model 2. When the model does not meet any i.1.d
assumptions, the results of the output could be misinterpreting and not accurate. Even

though the multiple R-squared is high in Model 2, this may be the result of influential

outliers that have been discussed. Other than that, accuracy of the model can be seen

through the value of residual standard error for both models. Residual standard error
for Model 2 is 0.009714 compared to Model 1 is only 0.005064. These differences give

a high impact to understand the association of O3 and its precursors.
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Table 4.20

Model Com ansonof Perfonnances in Shah Alam ‘

.....

03 —000314—

03 =0.00382 -

0.0648*NOx +
0.05832*NOx —

Regression Equation 0.17383*S0O; +
0.00266*CO +

0.00264*CO +

0.73103*Lag
0.84543*Lag
F- statistics Significant Significant
Multiple R-squared 0.5439 0.7508

residual

1. Residual vs Fitted

2. Normal Q-Q Plot

3. Scale-Location

4. Residual vs Leverage

Significant Independent -NOx, +SO2,+CO and
-NOx, +CO and Lag
Variable +Lag
Residual standard error 0.005064 0.009714
I.I.D Assumptions for
Satisfies Does not satisfies

1. Random pattern

2. Normally distributed

3. Random pattern

(homoscedasticity)

4. No influential outliers

1. Non-random pattern

2. Not normally distributed

3. Non-random pattern

(heteroscedasticity)

4. Has influential outliers
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CHAPTER FIVE
CONCLUSION AND RECOMMENDATION

5.1 Introduction

This chapter contains the conclusion and summary for this study. Some

suggestions and recommendations for future studies are also included.

5.2 Conclusions

This study was conducted to describe the behaviours of ozone concentration and
its precursors at the study locations between Petaling Jaya and Shah Alam, to model a
linear relationship of O3 and its precursors to understand the O3 concentration and lastly
to evaluate the suitability of multiple linear regression (MLR) in understanding the
association between precursors in ozone formation in Petaling Jaya and Shah Alam.
The data used in this study was obtained from Department of Environment Malaysia in
form of hourly data from 2015 until 2017 for Petaling Jaya and Shah Alam.

The first objective which is to describe the behaviours of ozone concentration
and its precursors at the study locations, which is Petaling Jaya and Shah Alam,
Selangor was done by conducting histogram, boxplot, scatter plot, spider web plot and
line graph using Microsoft Excel. Based on the histogram, the pattern of the
concentration of O3 and its precursors in Petaling Jaya were quite similar. For Petaling
Jaya and Shah Alam, both histograms show that the distribution of NO; is normal. In
Petaling Jaya, other precursors that are normally distributed are NOx and NO. While in
Shah Alam, other normally distributed precursor is CO. Based on boxplot, both Petaling
Jaya and Shah Alam contain outliers for all variables and SO: has the most extreme
outliers. Next, the scatter plot for Petaling Jaya shows that precursors that have positive
linear relationship is NOx while NO2 in Shah Alam. The scatter plot also shows that
NOx, NO and NO: have the same criteria and pattern. Based on spider web plot the
maximum value of concentration level is in the month of March, June, July and
October. The low concentration recorded in the month of February and August. The
line graph shows the monthly trend of Os and its precursors. The Os level will decreases

when the level on NOx and NO increases in both Petaling Jaya and Shah Alam. For the
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diurnal average level, the O3 concentration is high at dawn afternoon and in the middle
of the night. This is because at that time, the number of vehicles on the road is lesser
compared to other hours. It can be said that with a lesser emission of NO and NOx cause
the Os level increases. At afternoon, O level increases because the O3 needs sunlight
for photochemical reactions.

Another objective for this study is to model a linear relationship of ozone and
its precursors to understand the ozone concentration. To develop the first model, the
dataset that have been cleared from the outliers is used to make sure that the information
obtained about understanding the association of the precursors in the formation of
average O3 level is significant. Moreover, lag variable that is developed from the O3
values is also included in this model to increase the efficiency and the relationship
between the precursors and the Os. In addition, when doing the multicollinearity
checking, NO is removed from the entry to any model in Petaling Jaya while NO and
NO; are removed in Shah Alam. This is because it has high collinearity as shown in
correlation matrix for both locations. This is because it has high collinearity as shown
in correlation matrix for both locations.

The second model was developed by using the same criteria as the first model
except the outlier treatment and with non-randomized data. Thus, the precursors that
included in the model for Petaling Jaya were NOx, NO;, SO», and CO while only NOx,
SO», and CO for Shah Alam with variable lag in model 1 and 2 for both locations. For
Petaling Jaya, all variables are found to be significant in both model except for Model
2 which is NOx precursors is not available anymore. Same goes for Shah Alam, all
variables are found to be significant in both models while only variable SO: is not
significant in Model 1.

To fulfil the last objective, the model capability was measured in Petaling Jaya,
the multiple R-squared for Model 2 is higher with value 0.7212 compared to in Model
1 which is 0.698. Similar for Shah Alam, model 2 is shown with higher value in Model
2 compared to Model 1 with values 0.7542 and 0.539. The higher the value means that
higher percentage of independent variables explains the Os. Other than that, the i.i.d
assumptions for residual variables also were considered. The results have shown that
Model 1 has a linear relationship while Model 2 has a non-linear relationship. By
looking at the normal Q-Q plot, it is shown that Model 1 has normal distribution while
Model 2 not normally distributed. When look at the scale-location result, the plots for

both locations; Petaling Jaya and Shah Alam show that Model 1 has random pattern
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which is homoscedasticity while Model 2 has non-random pattern which is
heteroscedasticity. This means that Model 1 has a constant variance while Model 2 not.
Lastly, it is shown that Model 1 do not has any influential outliers while Model 2 has
influential outliers. All assumptions are met for Model 1. Thus, this provide the
evidence that the established Model 1 which is developed based on randomized data
and without outliers is a valid model and should be chosen to understand the linear

association between precursors in O3 formation.

5.3 Recommendation

The analysis of this study is not powerful enough to predict the Os level due to
several factors of the model performances. Thus, for future studies, it is recommended
to use the ‘real data’ that tell a compelling story which make use all the outliers and
lessen in missing values. Hence, it can predict the association of the precursors in the
O3 formation which opposed to normal predictions that many have been done. For that,
non-linear regression model may be needed to run the analysis.

Due to the limitation of data, the analysis produced can only make to understand
the association of the precursors in the formation of Os. So, this study would like to
suggest another factor that can be evaluate in the formation of O; which meteorological
factors such is as wind, season and temperature. Hence, with these additional
suggestions the paper of analysis that is going to produce in future becomes more

remarkable in addressing a global environment problem.
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APPENDIX 1

Result of Analysis from Microsoft Excel
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b) Shah Alam
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