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This study focused on the pattern recognition of Malaysian air quality based on seven air quality 
parameters in 47 monitoring stations in Peninsular Malaysia for two years (2018–2019). The objectives 
of this study were to determine the most significant pollutant contributing to air quality problems and 
to observe the spatial pattern specifically from the most significant pollutant in Peninsular Malaysia. Air 
pollution index (API) with six parameters were involved in this study. Therefore, sensitivity analysis (SA) 
method coupled with the artificial neural network (ANN) was applied to identify the most significant 
variables based on six pollutants in the API. The test for the sensitivity analysis involved seven models. 
The study discovered that PM2.5 is the main pollutant causing the Peninsular Malaysian region's air 
quality to deteriorate. The cluster analysis of PM2.5 as the most significant pollutants were classified into 
High Polluted Region (HPR = 27.289 µgm-3), Moderate Polluted Region (MPR = 20.427 µgm-3) and Low 
Polluted Region (LPR = 17.897µgm-3) based on the Agglomerative Hierarchical Cluster (AHC) analysis. In 
short, using the chemometric technique for data analysis has improved the ability to identify important 
air pollutant parameters to comprehend the pattern of air quality. In order to achieve the desired study 
objectives, the work has highlighted the significance of historical data in sampling plan strategies. It has 
also highlighted the possibility of identifying the optimum number of sampling parameters, which in 
turn would decrease sampling costs and time. 
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INTRODUCTION 
Both industrialised and developing countries 

have long been impacted by the serious problem of 

air pollution. Along with the general increase in 
population, traffic, and industrial activity, its 
emissions have also increased. The main causes 
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of air quality deterioration could be contributed from 
both anthropogenic activities (such as emission 
from traffics and industries) and natural sources 
(such as volcanic emission and forest fires as 
transboundary pollution) (Sahrir et al.  2019). In 
general, poor air quality occurs when the 
concentration of ambient air pollutants exceeds the 
established healthy air quality threshold. Malaysia 
is experiencing a significant expansion in 
urbanisation, industrialisation, and the use of fossil 
fuels, which has a dramatic impact on the 
environment by raising temperatures, changing the 
biotic and natural environment, and even causing 
air pollution (Johnson and Munshi-South, 2017). 
Air pollution has been a worldwide issue with long 
and short-term effects on human health and also 
towards the environment (Afroz et al. 2003; Azmi 
et al. 2010; Gurjar et al. 2008; Ozden et al. 2008; 
Usmani et al. 2020). According to the World Health 
Organization (WHO, 2018), air pollution was 
identified as the second largest risk factor for non-
communicable disease. Several studies have 
reported adverse effects of air pollution on public 
health (Isa et al. 2020; Wong et al. 2020). Exposure 
to air pollutants may cause bronchitis and 
respiratory complications (Arifuddin, 2019; 
Kamaruddin et al. 2019; Tellez-Rojo et al. 2020), 
asthma (Zainal Abidin et al. 2014; Zakaria et al. 
2012) with related to genotoxicity due to air 
pollutants (Hisamuddin et al. 2022). An increasing 
number of epidemiological studies relating air 
pollution exposure to neurological problems and 
cognitive abilities in children and the elderly has 
been published in recent years (Shehab and Pope, 
2019). (Chen et al. 2021; Cheng et al. 2014). 
Studies linking air pollution exposure to 
cardiovascular and cerebrovascular diseases 
imply that vascular and inflammatory mechanisms 
may have a negative impact on the brain and 
cognitive performance (Peters et al. 2015). 

Based on the air pollutants such as nitrogen 
dioxide (NO2), sulphur dioxide (SO2), carbon 
monoxide (CO), ozone (O3), particulate matter 10 
and particulate matter 2.5, API values will be used 
to estimate the air quality of a location. The 
parameters for air quality used to determine the  Air 
Pollutant Index (API). Since 2017, Malaysia has 
improved the Air Pollution Index (API) computation 
by incorporating six pollutants characteristics 
instead of five. API is calculated for each pollutant 
separately, and the highest API is chosen as the 
API for that given hour. Otherwise, the pollutant 
with the highest API will be the responsible 
pollutant for the published API value. The risk to 
human health increases with increasing air 

pollution index (API) numbers. The air quality is 
considered into five groups according to API 
values; good, moderate, unhealthy, very unhealthy 
and hazardous ranging between 0 to 50, 51 to 100, 
101 to 200, 201 to 300 and greater than 300 
respectively. An API score of 50, for example, 
suggests good air quality, but an API value of 
above 300 indicates hazardous air quality (Rani et 
al. 2018). 

The artificial neural network (ANN) model has 
been the most widely utilized method by 
researchers to solve environmental challenges, 
particularly in modelling (Chen et al. 2020) and 
predicting air quality (Azid et al. 2014). ANNs learn 
in a variety of ways, resulting in a lower 
classification error rate and greater noise 
robustness than decision trees. The strength of 
ANN above standard modelling is that it is a data-
driven, self-adaptive, and black-box method 
(Othman et al. 2020). It can be used for pattern 
recognition and classification as well, although it's 
most typically utilized for prediction, especially in 
air pollution forecasting (Cabaneros et al. 2019; 
Maleki et al. 2019), indoor air quality prediction 
(Azid et al. 2018), and other applications. The ANN 
approach was used with the sensitivity analysis 
(SA) method in this work to discover the most 
relevant air-quality variables that contribute to 
Malaysian air pollution. The SA method uses a 
"leave one out" technique to rank the importance of 
model input variables and network structure by 
evaluating their contribution to model output 
variability (Azid et al. 2016). Many hydrological 
integrated studies  have used a combination of 
ANN methodology and SA method (Nasir et al. 
2011; Othman et al. 2020), but air-quality studies 
have rarely used it.  

In order to examine the data's underlying 
structure, clustering technique is used in 
exploratory data analysis. K-means and AHC have 
been widely employed in air pollution studies since 
the 1980s, and their use has received a lot of 
attention (Govender and Sivakumar, 2020). 
Monitoring stations can be grouped using the AHC 
analysis approach so that they can be compared to 
one another while remaining distinct from other 
monitoring stations in other clusters (Pires et al. 
2008). An improved understanding of the 
ecological situation can be obtained by 
characterising the regional variation of air quality 
parameters, which can also help strategy 
developers to determine what is needed for 
effective air quality management. Air contaminants 
that have been measured determine the degree of 
air quality. Many studies have been conducted on 
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these methods, including an assessment of PM2.5 

in Malaysia based on spatial cluster analysis ( 
Rahman et al. 2022), a study on spatial PM2.5 using 
k-means cluster analysis (Austin et al. 2013), a 
classification on the significant pollutants study by 
(Azid et al. 2017) AHC as well as study of (Sahrir 
et al. 2019), using cluster analysis to determine air 
quality pattern in Klang Valley in Malaysia. 
However, to analyse and expose important 
information from huge complicated data about air 
quality studies, several multivariate statistical  
approaches such  as  cluster analysis  (CA), 
discriminant analysis (DA), principal component 
analysis (PCA) and factor analysis (FA) (Haslinda, 
2021; Yusof et al. 2021) could be applied. 

Air pollution in Peninsular Malaysia is mainly 
due to rapid urbanization and industrialization as 
the region is surrounded by developing areas. The 
majority of the residential area is close to main 
roadways and industrial areas. This could 
significantly increase exposure to pollutants 
generated by nearby automobiles and industrial 
facilities. As a result, the urban region is regarded 
as a high-risk zone for air quality issues, which 
could negatively impact human health, wildlife, and 
plants, as well as the global ecosystem. According 
to a study by Azid et al. (2016), from 2006 to 2012, 
the PM10 and CO levels in densely populated 
neighbourhoods, industrial regions, and residential 
areas have all typically increased. It was consistent 
with a study in Southern of Malaysia where PM10 
and PM2.5 were the most dominant air pollutants 
that contribute to the degradation of the air quality 
due to industrial activities (Haslinda, 2021). Air 
pollution is a serious issue which all relevant 
authorities around the globe need to give 
immediate and serious attention. Therefore, this 
study focuses on finding the most dominant air 
pollutant to the air quality in Peninsular Malaysia. 
Air pollution research is an effort to create 
awareness in reducing emissions. Hence, it is 
hoped that this study could help the authorities in 
controlling the air pollution in Malaysia by 
determining the most dominant air pollutants 
involved. This study's goal is to identify the major 
variables that significantly influence the API 
fluctuation at air monitoring stations in Peninsular 
Malaysia. This study also aims to provide a spatial 
assessment of Peninsular Malaysia's most major 
pollutant, PM2.5. 

 
METHODOLOGY 
Study area 

Peninsular Malaysia covers a total area of 
131,798 km2 (Ismail et al. 2017) and is divided into 

12 states, with a total of 47 air monitoring stations 
in the National Continuous Air Quality Monitoring 
Network (NCQMN), out of 65 stations in Malaysia.  

The DOE categorised air monitoring sites 
based on their land use characteristics. The 
majority of air monitoring stations are found in 
suburban, urban and industrial settings. To give a 
general depiction of the air quality status in 
Peninsular Malaysia, all air quality monitoring sites 
in Peninsular Malaysia (47 stations) were chosen. 
Pakar Scieno TW Sdn. Bhd. supervises and 
controls these 47 monitoring sites representing the 
Department of Environmental Malaysia (DOE). 
Figure 1 shows the study area's location based on 
their latitude and longitude. 

 

 
Figure 1. Location of continued quality 
monitoring stations (CQMS) in Peninsular 
Malaysia based on latitude and longitude 

 
Frame of data collection 

Peninsular Malaysia's air quality was sampled 
at 47 sites spread out across the nation (Figure 1). 
Two years of data from January 1st, 2018 to 
December 31st, 2019 for air pollutants (PM10, 
PM2.5, SO2, NO2, O3 and CO) and meteorological 
parameters (wind direction, wind speed, 
temperature, humidity, solar radiation) were 
obtained from the Air Quality Division (DOE), 
monitored and collected by the DOE authorised 
agency named Pakar Scieno TW Sdn.  Bhd. All 
data were obtained from a monthly average that 
was established from the hourly monitoring sites. 
There were 6780 total data sets collected from 47 
air monitoring stations throughout 12 states. 

Initially, there were nine parameters, which 
consisted of air pollutant variables that were 
collected to be used in this study including API 
value. However, only seven out of nine parameters 
were selected for further analysis due to the high 

Legend:    CQMS 
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percentage of missing data for two parameters, 
namely NO and NOx. Before being provided to the 
stakeholders, the data generated by Pakar Scieno 
TW Sdn. Bhd shall be checked and verified by the 
DOE in its capacity as an authority.  
 
Missing data imputation methods 

Some of the air quality monitoring stations 
noted incomplete concentration of pollutants. To 
overcome this problem, various types of imputation 
methods (mean, nearest neighbour, EMB) were 
analysed in this study in order to obtain the best 
imputation method applied to the data.  Imputation 
method of nearest neighbour was implemented by 
utilising known values at a neighbouring location 
with endpoints of the gaps used in this imputation 
method to estimate values of missing data. This 
imputation method studies the distance between 
each point and the nearest point to it. This 
imputation method is appropriate to be applied onto 
3 % of missing data. The Equation 1 used for the 
nearest neighbour imputation method is as shown 
below: 

 
y = y1      if      x ≤ x1 + [(x2 - x1) / 2] 
y = y1       if       x ≥ x1  + [(x2 - x1) / 2]-----Eq. 1 
where, 
y                  = represents the interpolate 
x                  = time point of the interpolate 
y1 and x1    = coordinates of the starting point 

of the gap 
y2 and x2    = the end points of the gaps 

 
Artificial Neural Network-Sensitivity Analysis 
(ANN-SA) 

The most significant pollutants that can be 
employed in the assessment of spatial air pollution 
were evaluated using the sensitivity analysis (SA) 
approach. The SA approach in data mining refers 
to an evaluation of the crucial factor. For input 
variable pruning, the analysis' findings were used. 
Prior to the SA method examinations, the first 
model—known as the artificial neural network-air-
pollutant index-all parameters (ANN-API-AP), 
which serves as a reference model—was used. It 
used eight parameters (as input neurons) and the 
API values (as output neurons). The coefficient of 
determination of the reference model served as a 
reference (R2). In order to eliminate the pointless 
parameters in the second model, the SA approach 
was employed and manually carried out. In this 
approach, each parameter was gradually deleted 
one at a time, and the R2 values for each model 
(the "leave-one-out parameter") were utilised to 
show the variations in R2. The models from this 

method are named as artificial neural network–air-
pollutant index–leave PM10, PM2.5 SO2, NO2, O3 

and CO (ANN-API-LPM10, ANN-API-LPM2.5, ANN-
API-LSO2, ANNAPI- LNO2, ANN-API-LO3, ANN-
API-LCO). 
 
Agglomerative Hierarchical Cluster Analysis 
(AHC)  

An unsupervised statistical technique called 
AHC is used to spatially classify observations into 
clusters based on how similar or dissimilar they 
are. A dendrogram that calculates the degree of 
risk homogeneity using Ward's approach and 
Euclidean distance measurement can be used to 
demonstrate this spatial classification of air quality 
monitoring stations (Jamalani et al. 2016). In order 
to standardise the linkage distance represented by 
the y-axis, the Euclidean distance is based on a 
single linkage, which signifies the quotient between 
the linkage distance divided by the maximal 
distance [(Dlink/Dmax)] (Isiyaka and Azid, 2015). 

 
Discriminant Analysis (DA)  

In order to evaluate the regional variation in 
atmospheric air quality, DA is typically used to 
determine the factors that best distinguish across 
groups created by AHC and aids in the creation of 
new discriminant functions (DFs) for each group. 
Equation 2 is used to determine DFs. 
F (Gi) = Ki + ∑n

j=1 wij  Pij  -----Eq. 2 
Where, i is the  number  of  group  G;  kj is  

constant  inherent  to  each  group; n is  the  number  
of  parameters  used  to classify  a  set  of  data  
into  a  given  group; wj is the  weight  coefficient  
assigned  by  discriminant  function  analysis (DFA)  
to  a  given parameter  Pj. 

In this study, DA was applied on data for 
spatial analysis in the three clusters developed by 
AHC using standard mode, backward stepwise 
mode and forward stepwise mode to determine 
whether the group differ with regards to the mean 
of the variable (Sahrir et al. 2019) and to use that 
variable to predict group membership (Azid et al. 
2017).  To achieve this, cluster 1, 2 and 3 were 
selected as independent variables, while the air 
pollutants (PM10, PM2.5, SO2, NO2, O3 and CO) 
represent the dependent variables. Using the 
forward stepwise mode, variables were included 
step by step from the most significant until no 
significant changes were observed, while in the 
backward stepwise mode, variables were removed 
step by step beginning from the less significant 
variable until no significant changes were 
observed. 
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RESULTS AND DISCUSSION 
Artificial Neural Network-Sensitivity Analysis 
(ANN-SA) 

The ANN technique was used in this section of 
the study along with the SA method to identify the 
most important air quality factors that affect 
Malaysia's air pollution. The SA method uses the 
leave-one-out strategy to prioritise the significance 
of the network structure and model input variables 
by evaluating how much they contribute to the 
variability of the model output (Azid et al. 2016). 
When trying to model neural networks effectively, 
the input selection parameter is highly crucial. This 
study used the output in the spatial assessment for 
further analysis. The results of SA depicted in 
Table 1, indicate the determination of coefficients 
for each parameter that affects the API.  In the SA 
method, one variable is excluded at one time 
(leave-one-out) in order to determine the 
percentage of contribution posed by the variable 
that would affect the R2 values.  

 
Table 1. Result of sensitivity analysis 

Model R2 Diffe R2 % 
contribution 

ANN-API-AP 0.56   

ANN-API-LPM10 0.52 -0.04 20.45 

ANN-API-LPM2.5 0.45 -0.11 56.42 

ANN-API- 
LSO2 

0.60 0.04 -19.79 

ANN-API- 
LNO2 

0.59 0.02 -12.25 

ANN-API- 
LO3 

0.45 -0.11 53.75 

ANN-API- 
LCO 

0.56 0.00 1.42 

TOTAL  -0.20 100.00 

Note: L is leave-one-out 

 
The R2 value of this model was compared to 

comparable SA-developed models. Two metrics, 
PM2.5 (56.42 % contribution) and O3 (53.75 % 
contribution), show the largest percentage of 
contribution from the overall air quality parameter 
according to the SA approach. Contrarily, PM10 
(20.45 %), SO2 (-19.79 %), NO2 (-12.25 %), and 
CO (1.42 %) have the lowest percentages of 
contribution. Henceforth, two parameters, namely 
SO2 (-19.79 %) and NO2 (-12.25 %) are considered 
to be removed on the grounds that it gives a 
negative value and is not reliable to the API 

calculation or prediction.  The linear R2 follows the 
following order: 

 
   PM2.5 > O3 > PM10 > SO2  > NO2 > CO 

      
More significant                            Less significant
     

 According to the SA method's results, PM2.5 

and O3 are the primary sources of air pollutants in 
the studied area. Additionally, according to a 
number of recent studies, these two pollutants 
have been recognised as significant air pollutants 
in major Southeast Asian cities, including Malaysia, 
and they are on the rise as a result of various 
industrial practises, the complete combustion of 
automobiles, and the burning of biomass from 
sources across international borders (Azid et al. 
2016; Azmi et al. 2010; Haslinda, 2021; Latif et al. 
2011). This can be proven because the stations 
were all chosen for their locations in densely 
populated areas, industrial areas, and areas 
surrounded by busy roadways. One of the nations 
with the highest levels of PM2.5 pollution is China. 
This is supported by a case study conducted in 
Beijing (Airveda, 2017), which shows that PM2.5 is 
one of the air pollutants that has emerged as a 
public health concern, particularly in China's 
megacities. In addition, previous study (Isiyaka and 
Azid, 2015) has found that PM10 and O3 are the 
significant parameters influencing the value of the 
API in Peninsular Malaysia. High concentration of 
O3 ambient air may adversely affect individuals and 
ecosystems. This is supported by another study 
who claimed that O3 pollution appears to be the 
highest in rural areas outside the metropolitan 
region due to certain chemicals that are more 
common in urban areas, such as nitrogen oxides 
which are found at lower concentration levels 
(Núñez-Alonso et al. 2019). A study done in 
Southern Peninsular Malaysia found that PM2.5 and 
PM10 being the most dominant air pollutant that 
affects the air quality (Haslinda, 2021).The major 
contribution sources to these pollutants were from 
induced emission of industrial activities and 
construction sites. 

 
 
 
Categorized  of  most significant variable 
(PM2.5) using  agglomerative hierarchical 
cluster analysis (AHC) 

According to the characteristics of PM2.5 

throughout Peninsular Malaysia from 2018 to 2019, 
the daily average PM2.5 data from the 47 monitoring 
stations were analysed in this study utilising AHC 
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analysis. In order to classify the air quality stations 
based on their homogeneity level using the AHC, 
this portion sequentially monitors the historical 
values of PM2.5 pollutants. The three significant 
locations depicted by AHC and likely sources of 
pollution shown in Figure 2. Since the stations in 
these clusters share the homogeneity properties, 
three clusters were created using the clustering 
approach in a very convincing way. The 
dendrogram's AHC results illustrate how different 
the corresponding clusters are from one another. 
Figure 2 illustrates the three clusters known as 
High Pollution Regions (HPR), Medium Pollution 
Regions (MPR), and Low Pollution Regions (LPR). 

Figure 2. Dendrogram of different clusters of air 
monitoring stations based on PM2.5 

 
The study areas are diversified into three 

significant groups of regions, which are known as 
LPR, MPR, and HPR. Cluster 1 which corresponds 
to the LPR region due to there being no severe air 
pollution occurred during a two year period with the 
average PM2.5   values is 17.897 and the highest 
PM2.5 value that has been recorded is 190.561. 
Cluster 2 corresponds to the MPR region due to the 
average PM2.5 values is 20.427 and the highest 
PM2.5 value that has been recorded in this cluster 
is 210.709 during a two year period. While cluster 
3, which are correspond to the HPR region with the 
average value of the PM2.5 is 27.289 and the 
highest PM2.5 value that has been recorded in this 
cluster is 157.7. Table 2 shows the summary of 
descriptive statistics for PM2.5 for all three clusters; 
HPR, MPR and LPR for a two years period. 

 

Table 2. Descriptive statistics for PM2.5 in 
different clusters 

Statistic 
Cluster 

1 
LPR 

Cluster 2 
MPR 

Cluster 3 
HPR 

Minimum 1.730 2.509 5.573 

Maximum 190.561 210.709 157.700 

1st Quartile 10.685 11.808 18.250 

Median 15.375 16.895 24.005 

3rd Quartile 21.738 24.274 31.564 

Mean 17.897 20.427 27.289 

Skewness 
(Pearson) 

3.213 3.999 3.506 

Kurtosis 
(Pearson) 

19.772 25.888 17.854 

 
 This finding implies that in order to correlate 

with a more accurate spatial evaluation of the air 
quality, each cluster of regions only needs one 
station for a shorter length of time. The AHC 
method allows for a reduction in the number of 
monitoring stations. Just three monitoring stations, 
each of which represents one of three highly 
clustered regions, can be used to create the full 
network of monitoring stations. It has been 
demonstrated clearly that the AHC technique may 
be used to create a future network of improved 
monitoring systems and is applied in suggesting 
reliable classification of air quality for the entire 
region. 

Figure 3 illustrates the categorization of areas 
in Peninsular Malaysia using AHC (HPR, MPR, and 
LPR) based on PM2.5 pollution. Overall, there are 
eight stations in HPR, ten stations in  MPR and 29 
stations in LPR. Most HPR are in the central region 
in Peninsular Malaysia. All the stations in the state 
of Negeri Sembilan and Melaka region were 
classified as MPR as well as a few cities in Johor 
(Batu Pahat, Kluang, Tangkak). All stations located 
in the east (Kelantan, Terengganu), southern 
(Pasir Gudang, Pengerang, Kota Tinggi) and 
northern region (Perlis, Kedah, Pulau Pinang, 
Perak) were classified as LPR. In this study, 
Peninsular Malaysia's average PM2.5 concentration 
ranged from 17.897 μgm-3 to 27.289 μgm-3. In 
Peninsular Malaysia, 47 monitoring stations were 
categorised into HPR, MPR, and LPR using AHC 
analysis, with eight, 10, and 29 stations, 
respectively, based on the parameter PM2.5. The 
findings demonstrate that the average PM2.5 

concentration in HPR was the highest at 27.289 

Cluster
2 

HPR 
LPR 

HPR 

Cluster
3 

HPR 

Cluster
1 

LPR 

Cluster
2 

MPR 
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μgm-3, and that urban, suburban, and rural areas 
had greater PM2.5 concentrations than industrial 
areas in MPR and LPR. In 2019, HPR's annual 
PM2.5 concentration also exceeded the advised 
range. The southwest monsoon had extremely high 
PM2.5 levels because of the hot and dry season. 
The most serious issue is PM2.5 since it poses a 
greater risk to human health than PM10. Future 
research should also thoroughly study regional 
variations in PM2.5 concentration as well as other air 
pollutants such as SO2, NO2, CO, and O3. To 
provide a better knowledge of the relationship 
between PM2.5 and other pollutants and climatic 
conditions, mixed-effect regression may be taken 
into consideration in the future (Rahman et al. 
2022). 

 

 
Figure 3. Different clusters of continued quality 
air monitoring stations based on PM2.5 
 

CONCLUSION 
The most significant air contaminants in Peninsular 
Malaysia were correctly identified using the 
sensitivity analysis method in conjunction with 
ANN. The outcome suggests that O3 and PM2.5 are 
the two major pollutants that significantly impacted 
the research area's air quality. The findings 
indicate that hydrocarbons (from burning biomass), 
meteorological conditions, and motor vehicle 
emissions are the most likely sources of PM2.5 and 
O3 in the vicinity of the research region.  The ANN-
API-LPM2.5 and ANN-API-LO3 were the most 
appropriate and well-suited based on the 
anticipated comparison models, especially given 
that only two parameters were employed for API 
prediction as opposed to eight parameters in ANN-
API-AP and six parameters offered by DOE-API. 
This study demonstrated that monitoring these two 

elements can allow for an alternative API prediction 
method to the one currently used by DOE, which is 
the API equation based on six pollutants. Due to its 
time and money efficiency, the decrease of the 
number of air-quality factors for API computation is 
highly useful for air resource management. For 
further study, it is necessary to address a wider 
suite of components on a larger sample by 
covering more stations in identifying different 
sources of air pollution. Moreover, it is 
recommended to identify the correlation between 
different pollutants based on the different variables. 
In addition, the chemometric technique is a 
meaningful tool to disclose and justify significant 
spatial variability for the assessment of large and 
complex air quality data. It is hoped that this 
research will help the authorities in controlling air 
pollution in Malaysia. 
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