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• PM2.5 concentrations during haze periods were 3–5 times higher than nonhaze.
• Secondary inorganic aerosols dominated the compositions of PM2.5 during
haze.
• NAME model and GFAS indicate ﬁre
emissions from Sumatera, Indonesia.
• Biomass burning and trafﬁc emission
are main sources of PM2.5.
• Carcinogenic and non-carcinogenic
health risk affects adult and infant the
most.
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a b s t r a c t
This study aims to determine PM2.5 concentrations and their composition during haze and non-haze episodes in
Kuala Lumpur. In order to investigate the origin of the measured air masses, the Numerical Atmosphericdispersion Modelling Environment (NAME) and Global Fire Assimilation System (GFAS) were applied. Source
apportionment of PM2.5 was determined using Positive Matrix Factorization (PMF). The carcinogenic and noncarcinogenic health risks were estimated using the United State Environmental Protection Agency (USEPA)
method. PM2.5 samples were collected from the centre of the city using a high-volume air sampler (HVS). The results showed that the mean PM2.5 concentrations collected during pre-haze, haze and post-haze periods were
24.5 ± 12.0 μg m−3, 72.3 ± 38.0 μg m−3 and 14.3 ± 3.58 μg m−3, respectively. The highest concentration of
PM2.5 during haze episode was ﬁve times higher than World Health Organisation (WHO) guidelines. Inorganic
compositions of PM2.5, including trace elements and water soluble ions were determined using inductively
coupled plasma-mass spectrometry (ICP-MS) and ion chromatography (IC), respectively. The major trace elements identiﬁed were K, Al, Ca, Mg and Fe which accounted for approximately 93%, 91% and 92% of the overall
metals' portions recorded during pre-haze, haze and post-haze periods, respectively. For water-soluble ions, sec−
+
ondary inorganic aerosols (SO2−
4 , NO3 and NH4 ) contributed around 12%, 43% and 16% of the overall PM2.5 mass
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during pre-haze, haze and post-haze periods, respectively. During haze periods, the predominant source identiﬁed using PMF was secondary inorganic aerosol (SIA) and biomass burning where the NAME simulations indicate
the importance of ﬁres in Sumatra, Indonesia. The main source during pre-haze and post-haze were mix SIA and
road dust as well as mineral dust, respectively. The highest non-carcinogenic health risk during haze episode was
estimated among the infant group (HI = 1.06) while the highest carcinogenic health risk was estimated among
the adult group (2.27 × 10−5).
© 2017 Elsevier B.V. All rights reserved.

1. Introduction
Smoke-haze episodes in Southeast Asia (SEA) occur almost every
year (Nichol, 1998; See et al., 2006). Haze is deﬁned as low visibility condition (b10 km) where the human eye's ability to differentiate between
objects and the surroundings becomes restricted (Sun et al., 2006; Tan et
al., 2009). Thick smoke-induced haze has enveloped SEA regions, most
notably Malaysia, Singapore, Indonesia and Thailand, as a result of recurrent slash-and-burn agricultural activities (Betha et al., 2013). Biomass
burning, particularly within peat soil areas in Sumatra and Kalimantan,
Indonesia, contributes to high emissions of ﬁne particles and atmospheric gases into the atmosphere (Abas, 2004; Heil and Goldammer, 2001;
Muraleedharan et al., 2000; Zhao et al., 2013). Chemical interactions between primary gases, organic substances and particles contribute to high
levels of secondary aerosols along the trajectories from the burning areas
(Beringer et al., 2003; Heil and Goldammer, 2001; Koe et al., 2001;
Rastogi et al., 2014). A previous study has shown that transboundary
haze episodes in Malaysia are not caused by external sources alone but
are in fact exacerbated by local emissions (Afroz et al., 2003) in addition
to El-Niño's Southern Oscillation (ENSO) phenomenon which prolongs
the dry season (Aiken, 2004; Jones, 2006; Juneng and Tangang, 2005).
Meanwhile for non-haze periods, vehicular emissions have been found
to account for over 30% of the total PM2.5 emissions in the urban areas
of the Klang Valley (Rahman et al., 2011).
A detailed understanding of the sources of particulate matter (PM) is
essential if PM pollution is to be effectively controlled and managed. The
receptor models which are often used for source apportionment analysis are principal component analysis-multiple linear regression (PCAMLR) (Thurston and Spengler, 1985), chemical mass balance (CMB)
(Watson et al., 2001), positive matrix factorization (PMF) (Paatero,
1997) and Unmix model (Lewis et al., 2003). In Malaysia, PM2.5 and
source apportionment studies during non-haze period have been carried out by Khan et al. (2016a, 2016b) using the PMF method where
motor vehicle emissions coupled with biomass burning were identiﬁed
as the predominant source in a suburban area. Another study undertaken by Amil et al. (2016) used PMF to apportion sources in the urbanindustrial environment of Petaling Jaya, Malaysia during haze and
non-haze periods where the main source during haze was secondary inorganic aerosols (SIA) coupled with biomass burning. In a source apportionment study carried out by Rahman et al. (2015), PMF was also
applied in order to apportion PM2.5 in an urban area of the Klang Valley,
Malaysia and listed vehicle emissions as the primary source of haze
events. Ee-Ling et al. (2015) determined the sources of PM2.5 using
PCA-MLR and revealed the predominant sources in Kuala Lumpur, Malaysia, as motor vehicles and soil dust. In Singapore, Balasubramanian et
al. (2003) performed PCA and listed soil dust, industrial factors, biomass
burning and automobile emissions, sea salt and oil combustion as the
factors contributing to PM2.5 aerosols.
Haze occurrences have often been associated with adverse health effects. A study conducted by Nasir et al. (2000) claimed that 285,227
asthma attacks, 3889 cases of chronic bronchitis in adults, 118,804
cases of bronchitis in children, 2003 respiratory hospital admissions
and 26,864 emergency room visits were reported during the 1997
haze episode in Malaysia. Another study by Brauer and HishamHashim (1998) revealed that there was a signiﬁcant increase in hospital
admissions for asthmatic and other respiratory-related problems during

regional smoke-haze episodes in SEA. In addition, a study by Sahani et
al. (2014) revealed that there were signiﬁcant associations between
haze events and natural and respiratory mortality. The most important
issue to be addressed during haze periods is consequently public health
concerns, especially those relating to population which have been classiﬁed as “sensitive”, for example, children (below 12 years old), the elderly (senior citizens) as well as immunocompromised persons (Afroz
et al., 2003). Through health risk assessments, the nature and magnitude of these health risks can be characterized. In Malaysia, Khan et al.
(2016a) successfully conducted health risk assessment on PM2.5 aerosol
collected from a suburban area. The results of which demonstrated that
the non-carcinogenic health risk was at a safe level while the lifetime
cancer risk was slightly above the acceptable level.
Malaysia experienced deterioration in air quality between September
and October 2015. This was due to a transboundary haze episode which
originated from Sumatra and Kalimantan, Indonesia and was transported
by a south-westerly wind. 34 out of 52 stations throughout the country
recorded an Air Pollutant Index (API) of over 200 (unhealthy) on 15 September 2015, which was the worst haze day recorded (DOE, 2015). This
study aims to determine the concentrations of PM2.5 in Kuala Lumpur
and its inorganic compositions (trace elements and water-soluble ions)
during pre-haze, haze and post-haze periods. Numerical Atmosphericdispersion Modelling Environment (NAME) together with the Global
Fire Assimilation System (GFAS) was used to examine how PM2.5 emitted by ﬁres in the region was transported towards Kuala Lumpur. The
PMF method was used to apportion possible sources of PM2.5 with
these three different periods. This study also estimated the carcinogenic
and non-carcinogenic health risks among speciﬁc age groups during prehaze, haze and post-haze episodes. The quantitative estimation of carcinogenic and non-carcinogenic health risks will highlight the need to effectively control and manage the sources of PM2.5.
2. Materials and methods
2.1. Study area
The sampling took place in the middle of Kuala Lumpur city centre
(3° 8′ 20.4108″ N, 101° 41′ 12.678″ E, 56 m above sea level). The PM2.5
aerosol sampling was conducted on the rooftop (30 m above ground
level) of a building within the compound of Universiti Kebangsaan Malaysia Kuala Lumpur's campus which is located on Raja Muda Abdul Aziz
Road, Kuala Lumpur. Kuala Lumpur itself is Malaysia's capital city. It is
located within the Klang Valley and situated in the middle of the west
coast of the Malaysian Peninsula. In 2015, Kuala Lumpur had an estimated population of 1.78 million people in an area of just 243 km2 with an
average annual population growth rate of 2.4% (DOSM, 2016). The sampling site was 10, 30 and 40 m away from three congested roads in
Kuala Lumpur city centre, namely: Chow Kit Road, Raja Muda Abdul
Aziz Road and Pahang Road, respectively. The sampling site can be considered as an urban background site with inﬂuence by trafﬁc emissions.
Supplementary 1 shows the location of the sampling site.
2.2. PM2.5 ﬁeld campaign
Taking into account the history of haze episodes in Malaysia which
predominantly occur during the southwest monsoon (i.e. June–
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September every year), we deliberately chose to do sampling in the second half of the year. Sampling was undertaken for eight consecutive
months, namely June–January 2016, with nine samples taken per
month. The period between June and August 2015 (n = 27) was categorized as a pre-haze event since a haze event occurred in September 2015
and October 2015 (n = 18). The period between November 2015 and
January 2016 was categorized as a post-haze event (n = 27). Haze
days were deﬁned as the days with PM2.5 mass concentration of
35 μg m−3 and above (Balasubramanian et al., 2003; See et al., 2006;
Xu et al., 2014) and visibility b 10 km (Sun et al., 2006; Tan et al.,
2009). A total of 72 ﬁeld ﬁlters plus eight ﬁeld blank ﬁlters were collected during the sampling period. A high volume PM2.5 sampler (Tisch Co.,
USA) was deployed for sampling along with the use of quartz microﬁber
ﬁlter paper (20.3 cm × 25.4 cm, Whatman™, UK). The sampler operated
at a ﬂow rate of 1.13 m3 min−1. The samples were collected on weekdays (Monday to Friday) and weekends (Saturday and Sunday) at duration of 24 h per sample.

2.3. Gravimetric mass measurement
First of all, the quartz ﬁlter paper was pre-baked (wrapped in aluminium foil) at 500 °C, for 4 h in a furnace (Carbolite Eurotherm 301
Controller, UK) to remove carbonaceous contaminants. The quartz ﬁlter
paper was weighed before and after sampling using a ﬁve-digit electronic microbalance (Mettler Toledo, USA) with a reading precision of
0.01 mg. The ﬁlter paper was stored in a desiccator for 24 h both before
and after sampling so as to reach humidity equilibrium (conditioning)
of between 40% - 45%. The collected samples were rewrapped in aluminium foil and stored in a freezer at under −18 °C in order to prevent
evaporation of volatile components before chemical analysis.

2.4. Microwave-assisted acid digestion and trace elements analysis
The microwave-assisted digestion system was used to extract various fractions of the trace elements (Kaufmann and Christen, 2002;
Lopez-Avila et al., 1994; Pan et al., 2000). Details of the procedure
used were as per described in Khan et al. (2016a). In short, a portion
(1/16) of shredded ﬁlter sample was placed in a Teﬂon digestion vessel
(DAP-60 K, Germany) made of tetraﬂuoromethoxylene (TFM) (SK-10,
Milestone, Germany). Then, 12 ml of analytical grade HNO3 (65%,
Merck KGaA, Germany) and 3 ml of analytical grade H2O2 (40%, Merck
KGaA, Germany) were added to the vessel under a fume hood as the digestion reagents. Next, the Teﬂon vessel was capped and placed in a microwave digester (Start D, Milestone, Germany) to dissolve the samples.
Six samples were placed in the microwave at a time. The microwave
functioned in three steps: 1) 20 min of ramping to 180 °C; 2) 15 min
of a steady state at 220 °C; and 3) 10 min of cooling down to 60 °C.
After the procedure, all Teﬂon vessels were placed in cold water.
The aim of this procedure was to reduce the residual pressure inside
the Teﬂon vessels. The digested samples were then ﬁltered directly
into 50 ml in a volumetric ﬂask using a disposable syringe ﬁlter,
0.20 μm pore (Pall Gelman Laboratory, MI, USA), coupled with a
50 cm3 ml− 1 Terumo syringe (Terumo®, Tokyo, Japan). Ultrapure
water (UPW) with a resistivity of 18.2ΩM/cm (Easypure® II, Thermo
Scientiﬁc, Canada) was added to the mark. Then, the samples were subjected to trace elements analysis using ICP-MS (Perkin Elmer ELAN
9000, USA). In order to calibrate the instrument, multi-element calibration standards 2 and 3 (CertiPUR® PerkinElmer, USA) were used with
different calibration curves each time. The analysis consisted of two
modes, namely: high concentration metals (Al, Ca, Fe, Mg, Mn and Zn)
and low concentration metals (Ag, As, Ba, Cd, Co, Cr, Cu, K, Ni, Pb, Rb,
Sr and V). After being subjected to ICP-MS, the vessels were then soaked
with acid bath (6% HNO3) for 24 h before being cleaned using ultrapure
water.

2.5. Water soluble ion analysis
A portion (1/8) of ﬁlter sample was cut into pieces. The shredded ﬁlter paper was placed in a 20 ml centrifuge tube with a screw cap. UPW
was added up to the mark. The sample was then extracted for 40 min
under ultrasonic conditions using an ultrasonic bath (Elmasonic S70H,
UK). After that, the solution was centrifuged at 2500 rpm speed for
30 min (Kubota 5100, Japan). The extract was then ﬁltered directly
into a 50 ml volumetric ﬂask using a disposable syringe ﬁlter of
0.20 μm pore (Pall, USA) and a 50 cm3 ml− 1 Terumo syringe. UPW
was added up to the mark. The extract was next divided into two vial
tubes, each containing 15 ml, for anionic and cationic analysis.
2−
In order to measure anions (Cl−, NO−
3 and SO4 ), ion chromatograph (Metrohm, 850 Professional IC, Switzerland) with Metrosep A
SUPP 5 (4 × 150 mm) columns was used. For cations (Na+, NH+
4 ,
Mg2+, Ca2+ and K+), ion chromatograph (Metrohm, 850 Professional
IC, Switzerland) with Metrosep C 4100 (4 × 100 mm) columns was
used. An eluent of 2.7 mM Na2CO3 and 0.3 mM NaHCO3 was prepared
and used for the detection of anions with a pump ﬂow rate of
1.5 ml min−1. For the analysis of cations, 2.6 mM methane sulphonic
acid solution was used as an eluent with 1 ml min−1 pump ﬂow rate.
Calibration curves, identiﬁed from ﬁve different points of 0.5, 1, 2, 5
and 10 ppm certiﬁed standard solutions (CertiPUR® Merck, Germany),
were used. Ions were identiﬁed based on their retention time.
2.6. Quality assurance and quality control
In this study, blanks (ﬁeld, laboratory and reagent blanks) were used
in each analysis in order to correct the concentration of the chemical
compositions of the samples. The ﬁeld blank ﬁlters were handled in
the same way as an actual sample ﬁlter (except that the sampler was
turned off) and reweighed as a quality control (QC) to detect any weight
changes due to ﬁlter handling. In addition, Urban Particulate Matter
SRM 1648a produced by the National Institute of Standards and Technology (NIST), USA was used as a reference material to determine the
recovery percentage of the trace elements using the same method as
used with the ﬁeld samples. The method detection limit (MDL) for the
trace elements was calculated as three times the standard deviation of
ten replicates of the reagent blank. A similar approach was used for
the MDL of the water-soluble ions, but with ﬁeld blanks. In order to calculate the percentage recoveries of water-soluble ions, cation and anion
standards from (CertiPUR® Merck, Germany) were used. The percentage of recovery for trace elements and water-soluble ions with their
MDLs are presented in Supplementary 2.
2.7. Backward trajectories and ﬁre hotspots
To understand the origin of the measured air masses, the Numerical
Atmospheric-dispersion Modelling Environment (NAME) (Jones et al.,
2007), a Lagrangian particle dispersion model, was used. For each
day of the study period (June 2015–January 2016), use of NAME
was adopted to calculate batches of 480,000 inert backward
trajectories. The trajectories started at the latitude-longitude coordinates of the measurement site in Kuala Lumpur within an altitude
range of 0–100 m and ran for ﬁve days. Every 15 min, the locations of
all trajectories within the lowest 100 m of the model atmosphere
were recorded on a grid with a horizontal resolution of 0.5625° longitude by 0.375° latitude. From this information, the sensitivity of the
measured air mass to emissions occurring in the previous 5 days within
a particular grid cell could be derived (units [g m−3] / [g m−2 s−1], i.e.
s m−1). The trajectories were calculated using three-dimensional meteorological ﬁelds produced by the United Kingdom's Met Ofﬁce's Numerical Weather Prediction tool, the Uniﬁed Model (UM). These ﬁelds had a
horizontal grid resolution of 0.35° longitude by 0.23° latitude and 59
vertical levels below ~30 km and were available at 3 h intervals. Vertical
velocities were obtained from the UM and available at grid nodes. The
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sub-grid scale process of turbulence was parameterised in NAME
(Morrison and Webster, 2005).
In conjunction with the NAME calculations made, the Global Fire Assimilation System (GFAS) (Kaiser et al., 2012) v1.2 PM2.5 emissions data
(downloaded from: http://join.iek.fz-juelich.de/access) was used in this
study. This dataset relies on ﬁre radiative power (FRP) observations obtained from the Terra and Aqua satellites by Moderate Resolution Imaging Spectroradiometer (MODIS) instruments. Hertwig et al. (2015)
provided a detailed discussion of the uncertainties associated with ﬁre
emission products such as GFAS in the context of modelling studies focused on Southeast Asia. For example, they note that while GFAS does
account for peat soil ﬁres, the detailed distribution of peat soil within
Sumatra is not captured accurately. In addition, GFAS uses a persistence
algorithm in an effort to correct for obstruction of hot spots (e.g. by
cloud) during satellite overpasses (Hyer et al., 2013).
By combining the emission sensitivities derived from NAME with
the GFAS emissions it is possible to calculate a modelled PM2.5 concentration, due only to emissions occurring within the ﬁve days timescale
of the backward trajectories, at the Kuala Lumpur measurement site
(dimensionally, s m− 1 × g m− 2 s−1 = g m− 3). For consistency with
our backward trajectory calculations, the daily GFAS emission ﬁelds
were averaged over the ﬁve days during which the trajectories travelled
(e.g. trajectories which started on 1 June were combined with emissions
averaged over 28 May–1 June). Given the uncertainty associated with
the spatial and temporal variations in PM2.5 emissions from ﬁres, the neglect of PM2.5 from sources apart from ﬁres, and the lack of detailed loss
processes during atmospheric transport, we concentrated on qualitative
comparisons between simulated and observed PM2.5.
2.8. Meteorological data, API and statistical analysis
All meteorological data, such as temperature, rainfall, relative humidity, visibility, wind speed and direction were obtained from Petaling
Jaya Station which is located about 10 km from the sampling site and
maintained by the Department of Environment (DOE). Meanwhile,
the Air Pollution Index (API) data was collected from Batu Muda Station,
which is the nearest meteorological station to the sampling site and located in Kuala Lumpur city centre. API in Malaysia is calculated using
ﬁve major air pollutants, namely, particles with a diameter size of
b10 μm (PM10), sulphur dioxide (SO2), nitrogen dioxide (NO2), surface
ozone (O3) and carbon monoxide (CO). The highest sub-index from
each pollutant was selected for API for the period of time in question.
Statistical analysis, including Pearson correlation and One Way Analysis
of Variance (ANOVA), was performed using IBM SPSS Statistics Version
23.0. Pearson correlation was used to measure the strength and direction of the linear association between two variables. In this study, the
Pearson correlation test was also used to identify the association between PM2.5 concentrations and API as well as PM2.5 concentrations
and meteorological parameters, the relationships between PM2.5 concentrations measured by HVS and PMF, as well as the link between concentrations of K+ and nss-SO24 − in PM2.5. The ANOVA test was
conducted to examine whether there were any statistically signiﬁcant
differences between the means of two or more independent groups. In
this study, the ANOVA test was also conducted to compare the concentrations of PM2.5 and water-soluble ions between three haze cycles.
2.9. Source apportionment analysis using PMF
Source apportionment of PM2.5 in the study area was performed
using the Positive Matrix Factorization (PMF) 5.0 model from the United
States Environmental Protection Agency (US EPA). PMF has been used
as the tool to apportion possible sources contributing to the emissions
proﬁle of the sampling location in many other studies (Ballinger and
Larson, 2014; Hasheminassab et al., 2014; Martins et al., 2015; Park et
al., 2012; Srimuruganandam and Shiva Nagendra, 2012; Stanimirova
et al., 2011; Wang et al., 2009). To identify the set of factors which

559

represent the major sources of emissions, measured concentrations at
the receptor sites were used. PMF is a multivariate factor analysis that
decomposes a matrix sample data into two matrices which are factor
contributions and factor proﬁle (Paatero, 1997). The PMF model calculation is presented by the following equation:
N

Xij ¼ ∑ gik  f kj þ eij
k¼1

where Xij is the concentration of chemical species j measured on sample
i, N is the number of factors contributing to the samples, fkj is the concentration of species j in factor proﬁle k, gik is the relative contribution
of factor k to sample i, and eij is error of the PMF model for the species
j measured on sample i. The aim is to determine the values of gik and
fkj that best reproduce Xij. The values of gik and fkj are adjusted until a
minimum value of Q is found. Q is shown in the equation below:
n

m

Q ¼ ∑∑
i¼1 j¼1

N

Xij −∑k¼1 gik  f kj
σ ij

!2

where n is the number of samples, m is the number of species and σij is
the uncertainty of ambient concentration of species j in i. The uncertainty value of each sample variable was determined through the use of the
following equation:


σ ij ¼ 0:01 Xij þ X j
where σij is the estimation of the measurement error for the jth species
in the ith sample, Xij is the observed elements concentration and Xj is
the mean value. Further details of the estimation of uncertainty can be
found elsewhere (Khan et al., 2015). 5% of additional uncertainty was
added to recover errors in gravimetric mass measurements, calibration
curves preparation or from ﬁlter papers preparation.
The PMF model was run based on two data sets which were concentration data and uncertainty data. Before running the model, all data
was pre-treated and validated. For example, if the concentration was
below the MDL, it was replaced with half of the MDL and if the species
had N50% of the dataset below the MDL, it was discarded. The ﬁnal
dataset consisted of 27 elements, including PM2.5 mass. The signal-tonoise ratio (S/N ratio) for each species was calculated based on both
the concentration data and uncertainty data of the species. Generallyspeaking, species were divided into three different groups relating to
their S/N ratio. As modiﬁed from Amil et al. (2016) and Khan et al.
(2016a), the species were considered ‘strong’ if S/N N 2, ‘weak’ if the
S/N is 0.2 ≤ S/N ≤ 2, and ‘bad’ if, S/N ≤ 0.2. From the PMF results, NH+
4
was set as a ‘weak’ species. Additionally, PM2.5 mass was set as ‘weak’
to ensure it did not affect the overall PMF performance. We systematically tested various numbers of possible factors to obtain the best and
most meaningful factor analysis outputs, considering factor solutions
from four to seven factors with a default seed value and FPEAK = 0.
Furthermore, we conducted PMF analysis for four different groups
which were (1) pre-haze (2) haze (3) post-haze and (4) the overall
sampling period dataset. For the overall sampling period, ﬁve factors
were identiﬁed as the most suitable source proﬁles of PM2.5 in Kuala
Lumpur's city centre. These ﬁve factors were chosen based on the lowest Q (robust) of 1628.5 with the Q (true) = Qexp value of 1.18, after 447
computational steps and the convergence of the PMF results. Following
the identiﬁcation of ﬁve source proﬁles from the overall dataset, the remaining three datasets were treated in the same manner. For the prehaze dataset, PMF was resolved on 15 runs with a seed value of 5 with
ﬁve factors, based on the lowest Q (robust) of 268.5 with the Q
(true) = Qexp value of 0.83 after 544 computational steps and the convergence of the PMF results. The haze dataset was resolved on 3 runs
with a seed value of 2 with the lowest Q (robust) of 141.3 with the Q
(true) = Qexp value of 0.58 after 309 computational steps and the convergence of the PMF results. Meanwhile, for the post-haze dataset, ﬁve
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factors were identiﬁed as the best solution which was resolved on 20
runs with a seed value of 5 with the lowest Q (robust) of 194.2 with
the Q (true) = Qexp value of 0.72 after 594 computational steps and
the convergence of the PMF results.
2.10. Health risk assessment
In this study, the health risk assessment was divided into two parts,
namely carcinogenic and non-carcinogenic health risk. Supplementary
3 shows the exposure factors in calculating the exposure dose based
on the method modiﬁed by Jamhari et al. (2014). A detail discussion
of the health risk assessment was added in the Supplementary 4.
3. Results and discussion
3.1. Concentration of PM2.5 during pre-haze, haze and post-haze episodes
Overall PM2.5 mass, trace elements and water-soluble ionic concentrations for pre-haze, haze and post-haze episodes are presented in Supplementary 2. The daily variability of PM2.5 concentration is simpliﬁed
in Fig. 1. The mean concentrations of PM2.5 during pre-haze, haze and
post-haze were 24.5 ± 12.0 μg m−3, 72.3 ± 38.0 μg m−3 and 14.3 ±
3.58 μg m−3, respectively. The one-way analysis of variance (ANOVA)
test was used in order to compare concentrations between the three periods of sampling, namely; pre-haze, haze and post-haze episodes. Statistically signiﬁcant differences (p b 0.05) were found between the three
groups. A Tukey post-hoc test revealed that PM2.5 concentrations during
the haze period were signiﬁcantly higher (p b 0.05) compared to prehaze and post-haze. During the haze period, all samples exceeded
WHO guidelines and the standards set by the USEPA while 38% of the
samples exceeded the Malaysia Ambient Air Quality Standards 2015
(IT-1). However, during pre-haze, only 42% of the samples exceeded
24 h PM2.5 WHO guidelines while 12% of the samples exceeded the
USEPA. During post-haze, none of the days exceeded even the WHO
guidelines. The average concentration of PM2.5 recorded in this study
was higher when compared to a study by Pinto et al. (1998) in 1997
(62.1 μg m− 3) and Amil et al. (2016) in Kuala Lumpur on similar
haze episodes in 2011 and 2012 (61.2 ± 24.3 μg m−3). In Singapore,
Betha et al. (2014) reported the highest concentration of PM2.5
(329 μg m−3) during a haze episode in 2013.
In addition to ground measurements, the simulated PM2.5 concentration in Kuala Lumpur was also calculated by combining NAME emission sensitivity and GFAS wildﬁre emissions for the average of the
previous 5 days as shown in Fig. 1. In close agreement with the measurements, the ﬁgure shows that the simulated onset of the haze episode occurred in early September 2015, peaked on 15 September
2015 and ended late October 2015. The simulated results also indicate
that measured exceedances of the WHO guidelines in the pre-haze

period are linked to ﬁre emissions, and that Kuala Lumpur was not affected by a biomass burning source of PM2.5 in the post-haze period.
These results underscore the importance of biomass burning in driving
regional haze episodes, and provide further evidence, in support of
studies such as Hertwig et al. (2015), that NAME can accurately simulate
the main features of these events. When compared on a day-to-day
basis, the PM2.5 concentration from the ground measurement was
often higher than the PM2.5 concentration estimated by NAME-GFAS.
However, there were certain days when the PM2.5 concentration estimated by NAME-GFAS was greater in comparison to the ground
measurement.
The concentration of PM2.5 was associated with the direction of the
prevailing winds, as shown by the wind roses (Supplementary 5) and
NAME emission sensitivity with GFAS wildﬁre emissions (Fig. 2). Fig. 2
shows examples for three days of the study period. The NAME calculations for 12 June (pre-haze) and 12 September (haze) show transport
paths which are typical for the time of year, with air masses passing
over Sumatra on route to Kuala Lumpur. On 12 June, there was little regional ﬁre activity and associated PM2.5 emissions. In contrast, on 12 September emissions from widespread ﬁres in Sumatra were transported to
the measurement site in Kuala Lumpur. By 10 December 2015 (posthaze), the Northeast Monsoon had begun and ﬁre activity in SEA was
much reduced. Overall, periods with an increased number of hotspots
lead to the increased concentration of PM2.5 (Kusumaningtyas and
Aldrian, 2016). Also, the concentration of particulate matter depends
on the El Niño/Southern Oscillation (ENSO) which directly affects convective activity, atmospheric stability and rainfall (Juneng et al., 2011).
Haze particles, coupled with local particle emissions, increased the particulate concentration in the atmosphere (Afroz et al., 2003). During
the non-haze period, trafﬁc emissions were found to attribute to almost
70% of the total particulate matter emissions in the city (Awang et al.,
2000). However, the concentration of PM2.5 measured during the posthaze event was low because it occurred during the northeast monsoon
when the intensity of rainfall is much higher compared to the southwest
monsoon. The wet deposition process diminished the particles from the
atmosphere (Artaxo et al., 2002; Fan et al., 2004; Liss and Johnson, 2014;
Varikoden et al., 2011).
3.2. Relationship between PM2.5 concentrations collected during pre-haze,
haze and post-haze episodes with API and meteorological parameters
Fig. 3 shows the meteorological parameters measured during prehaze, haze and post-haze episodes. In order to identify the relationship
between meteorological parameters and API towards PM2.5 mass, the
Pearson correlation test was conducted. The results showed that during
the pre-haze episode, there was a positive correlation (r = 0.562;
p b 0.05) between API and the PM2.5 mass. Likewise, during the haze episode, there was also a positive signiﬁcant correlation (r = 0.466;

Fig. 1. Daily variability of PM2.5 concentration (ground) and PM2.5 simulated by combining NAME emission sensitivity and GFAS wild-ﬁre emissions for the average of the previous 5 days.
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Fig. 2. NAME emission sensitivity (left column) and GFAS wild ﬁre emissions (right column) for selected days within the pre-haze (12 Jun 2015, top), haze (12 Sep 2015, middle) and posthaze (10 Dec 2015, bottom) periods. The emission sensitivity values are derived from 5 day backward trajectories, and the wild-ﬁre emissions are averaged over the same 5 days. The
measurement site in Kuala Lumpur is marked with a red circle. (For interpretation of the references to color in this ﬁgure legend, the reader is referred to the web version of this article.)

p b 0.05) between API and the PM2.5 mass. Although we measured the
PM2.5 concentration, PM2.5 can be treated as a ﬁxed weight fraction of
PM10 since PM2.5 is a component of PM10. Amil et al. (2016) found that
the average PM2.5/PM10 ratio for the Klang Valley was 0.72 ± 0.18 with
a good correlation between them (r = 0.963; p b 0.0001) and between
the PM2.5 mass and API (r = 0.763; p b 0.001). Their study also demonstrated that PM2.5 was positively correlated with API during haze with a
PM2.5/PM10 ratio of 0.74. Thus, it is suggested that PM2.5 is directly proportional to API. Meanwhile, for the post-haze episode, there was a
weak correlation (r = 0.176; p b 0.05) between API and the PM2.5 mass.
With respect to the relationship between visibility and the PM2.5
mass, there was a strong negative correlation (r = −0.692; p b 0.005)
during the pre-haze period. In addition, during the haze episode, a
strong negative correlation (r = −0.631; p = 0.005) was also noted between visibility and the PM2.5 mass. This ﬁnding indicates that when the
PM2.5 concentration increases, visibility decreases. Low visibility has
been found to relate to haze events (Ma et al., 2014). Fujii et al.
(2015) stated that on unhealthy air quality days, the visibility measured

in Petaling Jaya, Selangor, Malaysia dropped to below 2.7 km. Furthermore, Pui et al. (2014) reported that an increase of 500–800 μg m−3
of PM2.5 could reduce visibility to b100 m. Suspended particles absorbed
and scattered light leading to visibility impairment (Pui et al., 2014). According to Kusumaningtyas et al. (2016), low visibility condition
surrounded the area of peatland burning in Central Kalimantan, Indonesia as a result of high aerosol loading. Strong evidence suggests that
PM2.5 is an important source of visibility impairment in both urban
and remote areas (USEPA, 2009). During the post-haze episode, there
was no signiﬁcant correlation (r = −0.253; p N 0.05) between visibility
and the PM2.5 mass detected. A poor correlation between visibility and
PM2.5 in tropical areas like Malaysia is always expected. This is because
visibility is affected by the amount of moisture and water vapor in the
atmosphere in addition to the quantity of particles and trace gases present. A high relative humidity usually affects the visibility variability particularly during post-haze period.
A signiﬁcant negative correlation between wind speed and the PM2.5
mass was observed during both the post-haze (r = −0.456; p b 0.05)
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Fig. 3. API and meteorological factors during different haze cycle measured in the sampling campaign.

and haze episodes (r = −0.461; p = 0.05). PM2.5 is inversely proportional with wind speed, such that when the wind speed is high, the
PM2.5 mass decreases. This is because the wind dilutes and disperses
PM2.5, which results in a reduction in PM2.5 concentrations. Wind
speed and wind direction play a signiﬁcant role in the severity of the
smoke haze area (Dotse et al., 2016). In a study by Charron and
Harrison (2005), the PM2.5 concentration was found to be reduced by
approximately 30% when the wind was stronger. It was also reported
that when the wind speed was greater (N9 ms− 1), the PM2.5 mass
dropped from about 25 to 18 μg m−3. In our study, no signiﬁcant correlation (r = 0.281; p N 0.05) was observed between PM2.5 and wind
speed during the pre-haze period. In addition, no signiﬁcant correlation
was found between temperature, rainfall and relative humidity and the
PM2.5 collected during each haze cycle.
3.3. Concentrations of trace elements and water soluble inorganic ions during pre-haze, haze and post-haze periods
The concentrations of trace elements and water soluble inorganic
ions during pre-haze, haze and post-haze episodes are presented in
Fig. 4. The results show that the major elements during pre-haze, haze
and post-haze episodes were K, Al, Ca, Mg and Fe. They accounted for
about 93%, 91% and 92% of the total metals portion collected during
pre-haze, haze and post-haze, respectively. Other trace elements analyzed in this study were As, Ni, Co, Cr, Pb and Cd which are categorized
as carcinogenic agents (Class 1, 2A and 2B carcinogens) as well as other
trace elements, such as Cu, Mn, Ba, Zn, Rb, Sr and V. The total concentration of elements analyzed were 971 ± 387 ng m−3, 1499 ± 575 ng m−3
and 778 ± 328 ng m−3 during pre-haze, haze and post-haze, respectively. A comparison of the single component concentrations of the elements showed that most of them experienced a slight increase during
haze compared with pre-haze and post-haze, except for K which
showed a signiﬁcant increase. Inversely, metals such as Zn, Cu, Ba and
Sr showed a lower concentration during haze compared to non-haze.

The concentration of K during haze event (604 ± 301 ng m−3, 238–
1285 ng m− 3) increased 3 times compared to pre-haze (208 ±
118 ng m− 3, 13.8–579 ng m−3) and post-haze event (195 ±
73.7 ng m−3, 95.3–351 ng m−3). K is in fact an inorganic tracer and a
good indicator of biomass burning (Pachon et al., 2013). The concentration of K during pre-haze and post-haze episodes may be contributed to
by other sources, such as mineral dust (Amato et al., 2009) or road dust
(Apeagyei et al., 2011) since this element has been associated with
other sources and the sampling site is in close proximity to busy roads.
The one-way ANOVA test results suggested that there was a signiﬁcant difference (p b 0.05) between the concentrations of water-soluble
−
+
inorganic ions (SO2−
4 , NO3 and NH4 ) measured during the pre-haze,
−
haze and post-haze events. A higher concentration of SO2−
4 , NO3 and
+
NH4 , which are classiﬁed as secondary inorganic aerosols (SIA), was
shown during the haze episode compared to the pre-haze and posthaze episodes. SIA contributed about 12%, 43% and 16% to the overall
PM2.5 mass during pre-haze, haze and post-haze, respectively. The conand NO−
centration of SO2−
4
3 during the haze period increased by a factor of 10 compared to the concentration recorded during the pre-haze
and post-haze episodes. Meanwhile, NH+
4 recorded during the haze episode increased 17.5–35 times compared to the pre-haze and post-haze
episodes. The concentration of the biomass burning tracer K+, was also
4.5–15 times higher compared to pre-haze and post-haze episodes. Another minor water-soluble ions (Cl−, Na+, Ca2+ and Mg2+) comprised
2%, 2% and 4% of PM2.5 mass during the period of pre-haze, haze and
post-haze, respectively.
3.4. Source apportionment using PMF during haze and non-haze (pre-haze
and post-haze)
PMF analysis was performed separately for the four data sets; prehaze, haze, post-haze and the whole sampling period. Overall, ﬁve
sources of PM2.5 were identiﬁed using US EPA PMF Version 5.0. The
chemical proﬁles and the percentage contributions of each source for
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Fig. 4. Concentration of elemental and ionic species based on pre-haze, haze and post-haze period.
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Fig. 5. PMF resolved source factor proﬁles for PM2.5 mass of (a) overall data (b) pre-haze (c) haze and (d) post-haze.

N.A. Sulong et al. / Science of the Total Environment 601–602 (2017) 556–570

each haze cycle are shown in Fig. 5. The PM2.5 concentration was measured by HVS and the concentrations predicted via PMF (during the
whole sampling period) were regressed. The results showed that they
had a signiﬁcant correlation with each other (r2 = 0.73, p b 0.05), as is
demonstrated in Supplementary 6. During the calculation stage of the
source determination, a total of 72 samples with a data matrix of
72 × 27 (data points × variables) was applied using the PMF model.
The optimum number of factors or sources was chosen through a series
of validation processes as suggested by Brown et al. (2015) and Paatero
et al. (2014) and applied to a recently published article by Khan et al.
(2016b). Emphasis was also given to generate physically meaningful
source proﬁles even though the output result showed mixed sources.
A study by Amil et al. (2016) in Kuala Lumpur also observed a similar result of mixed sources for PM2.5 using the PMF 5.0 model.
3.4.1. Pre-haze (main source: mixed SIA and road dust)
During the pre-haze period from June to September 2015, the highest
source contribution originated from mixed SIA and road dust, making a
contribution of 32.4% to the PM2.5 mass. This source was characterized
by a signiﬁcant amount of Ca2+ (74.9% of Ca2+ mass), Mg2+ (49.5% of
−
2−
(40.3% of SO2−
Mg2+ mass), NO−
3 (44.1% of NO3 mass) and SO4
4
mass). A sampling campaign of PM10 undertaken in Megapolis, Greece
suggested that Ca originated from road re-suspension (Manousakas et
al., 2015). The abundance of Ca in their samples represented urban road
dust as a source, as also suggested by Pey et al. (2013). Furthermore, sec−
ondary particulates of SO2−
4 and NO3 were produced during clear days as
the result of oxidation of the SO2 and NO2 emitted by vehicles. The production of SO2 and NO2 is possible since the sampling site is located in
an urban area where air quality is inﬂuenced by a high quantity of local
trafﬁc. The second highest source contribution was found to be trafﬁc
emissions and biomass burning (27.5%), represented by a high V (57.8%
of V mass), Pb (52.6% of the Pb mass), Rb (47.2% of the Rb mass), K
(47.0% of the K mass), Sr (41.8% of the Sr mass) and Cu (43.3% of the Cu
mass). Both Khan et al. (2016a) and Amil et al. (2016) suggested that
the high level of V and Pb in Bangi and Petaling Jaya, Malaysia, are the result of trafﬁc emissions. Likewise, a high level of Cu indicated that trafﬁc
was the source of ﬁne particulate matter in Beijing (Yang et al., 2016).
Pb and Cd were similarly identiﬁed in vehicle exhaust emissions in a
study conducted by Jin et al. (2015) while a high concentration of V indicated the contribution of fuel emissions (Yatkin and Bayram, 2008). Such
that, the location of the sampling site near to main roads (Raja Muda
Abdul Aziz, Chowkit, Pahang and Tun Razak Roads) in Kuala Lumpur, contributed to the release of trafﬁc-related sources. A large number of vehicles use these roads every day of the week, including weekends.
According to Rahman et al. (2011), the main source of air pollutants in
Kuala Lumpur is vehicle emissions. Meanwhile K can be associated with
biomass burning (Pachon et al., 2013; Saarikoski et al., 2007). 25.8% of
the total PM2.5 mass was contributed to by mineral dust, followed by
aged sea salt (11.9%), and mixed road dust and industrial emissions
(2.3%). Mineral dust has been identiﬁed as the source proﬁle due to the
high concentration of K (46.3% of K mass), Al (46.1% of Al mass) and Rb
(27.0% of Rb mass). In a study by Amato et al. (2009), K, Al and Rb were
identiﬁed as mineral/crustal dust. Aged sea salt was also characterized
as having a high concentration of concentration of Cl− (39.5% of Cl−
−
mass) and NO−
3 (29.5% of NO3 mass). In a study by Khan et al. (2016b)
and Amato et al. (2009), Cl− and NO−
3 were identiﬁed as the predominant
sources of aged sea salt. It can therefore be concluded that during the prehaze period the sources predominantly originated from SIA and road dust
emissions. SIA was also contributed to by trafﬁc via the release of NOx
precursors from vehicles. This in turn eventually generated secondary
particles which contributed to particulate matter (PM).
3.4.2. Haze (main source: SIA and biomass burning)
Through PMF analysis, the most signiﬁcant sources identiﬁed during
the haze period were secondary inorganic aerosol (SIA) and biomass
burning (32.8% of PM2.5 mass). These were characterized by a high
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−
−
−
loading of NO−
3 (61.3% of the NO3 mass), Cl (60.1% of the Cl mass),
+
SO24 − (53.8% of the SO24 − mass), NH+
4 (58.6% of the NH4 mass) and
K+ (41.1% of the K+ mass). Khan et al. (2016b) reported that SO24 −
and NH+
4 originated from SIA. Similar results were obtained by Shen
2−
et al. (2009) where, during an air pollution episode, K+, NH+
4 , SO4
and NO−
were
enriched
in
ﬁne
particles.
Likewise,
Xu
et
al.
(2012)
3
2−
and NO−
also found a high concentration of NH+
4 , SO4
3 in PM2.5. In
this study, the heavy smoke (haze episode) that occurred between September and October 2015 released a signiﬁcant amount of K+ into the
atmosphere, which is the chemical tracer for biomass and peat burning
(Currie et al., 1994). A study undertaken by Hays et al. (2005) also observed a signiﬁcant amount of K+ during a biomass burning period
thus demonstrating its role as a chemical tracer of biomass burning.
2−
Other ions released during biomass burning were NH+
4 , SO4
and NO−
3 . Supplementary 7 shows the correlation plot between the
concentrations of K+ and nss-SO24 − measured during the pre-haze,
haze and post-haze periods. During haze, K+ was strongly correlated
indicating that both ions shared
(r2 = 0.94, p b 0.01) with nss-SO2−
4
the same source which was the biomass burning. Li et al. (2003) reportand NH+
ed a signiﬁcant correlation between K+ and SO2−
4
4 which can
be released during biomass burning. However, this study found no cor+
relation between NH+
4 and K during the haze period. For the pre-haze
and post-haze episodes, a weak relationship was shown between these
two ions. Overall, 25.4% of the total PM2.5 released during haze was contributed to by industrial emissions with a signiﬁcant release of Ba (67.3%
of the Ba mass), K (45.8% of the K mass), Sr (40.8% of the Sr mass), Cd
(34.3% of the Cd mass) and V (29.8% of the V mass). Cd is the source
of industrial emission (Murillo-Tovar et al., 2015) while Pandolﬁ et al.
(2011) claimed that V is released from industrial emission. Other factors
identiﬁed were mineral dust (22.3% of the total PM2.5 during haze), trafﬁc emissions (17.8% of the total PM2.5 during haze) and sea salt (1.8% of
the total PM2.5 during haze). Mineral dust was characterized by a high
inﬂuence of Mg (39.8% of Mg mass), Ca (32% of Ca mass) and Ca2 +
(52% of Ca2+ mass). Khan et al. (2016b) suggested that Mg was released
from mineral dust in their sampling location. Trafﬁc emissions were indicated by a high concentration of V (39.4% of V mass) and Pb (39.0% of
Pb mass) (Lestari and Mauliadi, 2009). Undoubtedly, the most important source of PM2.5 during the haze period was from biomass burning,
which originated in Indonesia. This ﬁnding is further conﬁrmed by the
backward trajectories obtained using the NAME model. The release of
precursor gases, such as SO2, NO2 and NH3, from biomass burning generated the formation of SIA in the atmosphere. In addition, a high level
of the biomass tracer K+ demonstrated that the dominant source during
the haze period was biomass burning.

3.4.3. Post-haze (main source: mineral dust)
The results from PMF analysis revealed that the main source during
post-haze was mineral dust (31.1% of the PM2.5 mass). This was indicated by the signiﬁcant amount of Al (52.1% of the Al mass), Ca (35.4% of
the Ca mass) and Mg (30.8% of the Mg mass). From November 2015 onwards, there was a construction work taking places next to the sampling
site. Therefore, it is anticipated that construction activities had a high inﬂuence on samples taken during that period of time. Studies have
shown that construction materials may contain an excess of the elements of Al, Ca and Mg (Rodríguez et al., 2007; Song et al., 2006). The
mineral dust source has been identiﬁed with each of the events at this
site. The resuspension of mineral or soil dust from the renovation and
construction activities might be a possible reason. The mixture of mineral dust in other source proﬁle may be due to the domination of dust in
the tropical environment (Ferreira-Baptista and De Miguel, 2005). The
second highest source for the post-haze period was sea salt coupled
with industrial emissions (29.6% of the PM2.5 mass), these are attributed
−
to a high release of Cl− (62.8% of the Cl− mass), NO−
3 (49.4% of the NO3
mass), Ni (49.2% of the Ni mass), Cr (48.5% of the Cr mass) and Na+
(32.7% of the Na+ mass). In a study undertaken in the Western Mediterranean by Bove et al. (2016), Na+ and Cl− were assigned to represent
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the sea salt component in the study area. Na+ and Cl− were also classiﬁed as a marine aerosol in a study conducted by an urban roadside in
Chennai City, India (Srimuruganandam and Shiva Nagendra, 2012). Marine aerosols are produced by breaking waves bringing air bubbles to
the sea surface. For this study, the sea salt is thought to have originated
from the Malacca Straits which are located about 40 km from the sampling site. The Cl−/Na+ ratios during the pre-haze, haze and post-haze
periods were 0.12, 0.23 and 0.09, respectively. These ratios suggest
that a high chlorine deﬁciency occurred during those three periods
whereby a high relative humidity was observed. Similar observations
were discussed by Amil et al. (2016) and Khan et al. (2010) whereby a
high relative humidity was found to contribute to chlorine deﬁciency.
Meanwhile, Sowlat et al. (2012) reported that the Cr element was released by metal manufacturing processes and smelting plants near
their sampling site. The contribution of the industrial emissions to the
sampling site are most likely to have originated from the industrial centre of Petaling Jaya, Selangor as this is located only 20 km from the sampling site. Many factories are based there including electronics,
manufacturing, raw material processing plants, high-technology industries, along with customer service-based industries. Other sources identiﬁed during the post-haze period were trafﬁc emissions, SIA coupled
with trafﬁc and biomass burning coupled with mineral dust. Each
source contributed 16.4%, 15% and 7.9% to the PM2.5 mass, respectively.
Trafﬁc emission was indicated by Ba (60% of Ba mass) and Sr (42% of Sr
mass). SIA with trafﬁc factor was dominated by Pb (51% of Pb mass),
(43% of SO2−
mass) and Cu (40.8% of Cu mass). Biomass burning
SO2−
4
4
coupled with mineral dust is contributed by high inﬂuence of Ca (48.0%
−
of Ca mass), K+ (42.0% of K+) and NO−
3 (44.4% of NO3 mass).

haze cycle, the estimated HI during haze period was slightly higher
compared to non-haze period. According to Betha et al. (2014), the particles deposition in the respiratory system becoming worse during haze
days compared to non-haze days, hence extended period of exposure to
ﬁne particles can cause deleterious health effects to the targeted populations. Usually, haze occurred for a few days per year but, as was the
case in this study, it lasted for two months. Based on the speciﬁc age
groups, the pattern of health risks posed by the population was as
follows: infant N toddler N adolescent N children N adult. The infant
group showed a higher health risk compared to the other age groups because they were categorized as a sensitive population as their immune
system was not as fully developed as the adults group. In addition, infants tend to become ill more easily than older people. According to
Yang et al. (2013), the likelihood of children experiencing non-carcinogenic health effects was also higher when compared to adults. In reference to the toxic elements, the inhalation of Cr in PM2.5 showed that HQ
was slightly above the acceptable limit during both the pre-haze (HQ =
1.10 × 100) and haze periods (HQ = 1.02 × 100). The trend for HQ posed
by toxic elements was as follows: Cr N Mn N Cd N As N Ni. The source apportionment method identiﬁed that Cr, Mn, As and Ni originated from
industrial emissions meanwhile Cd originated from trafﬁc emissions.
So we can manipulate and control both the industrial and trafﬁc emissions as the alternative way to reduce the health risks posed by populations as the result of inhalation to toxic elements in PM2.5. It is very
important to effectively control air quality in order to reduce health
risk (Kim et al., 2015).

3.4.4. Whole sampling period (main source: SIA and biomass burning)
The ﬁrst factor contributing to the site was sea salt, which accounted
for 18.6% of the total PM2.5 concentration collected during the complete
sampling campaign. This factor was assigned to the sea salt source due
to the presence of Ca2+ (55.9% of the total Ca2+ mass), Na+ (49.1% of
the total Na+ mass), Cl− (41% of the total Cl− mass) and Mg2+ (40.0%
of the total Mg2+). Pearson correlation analysis revealed that the correlation between Na+ and Cl− indicates the possible presence of sea spray
contribution to PM2.5 (r = 0.69, p b 0.05). The second factor was identiﬁed as mineral dust as it showed a high concentration of Ca (55.1% of the
Ca mass), Zn (49.0% of the Zn mass) and Fe (30.8% of the Fe mass) and
accounted for 4.7% of the overall PM2.5 mass. The third and largest factor
for the site was mixed biomass burning and SIA. This factor accounted
for 38.5% of the total PM2.5 mass with a high contribution of K+ (79.3%
+
2−
(73.2% of the
of the K+ mass), NH+
4 (78.0% of the NH4 mass), SO4
−
(50.2%
of
the
NO
).
Factor
4
was
classiﬁed
as trafﬁc
SO24 −) and NO−
3
3
emissions due to the high explained variation of Ba (69.0% of the total
Ba mass), Sr (68.3% of the total Sr mass), Pb (61.0% of the total Pb
mass), Cd (49.9% of the total Cd mass), V (48.7% of the total V mass),
Cu (40.5% of the total Cu mass) and Rb (38.6% of the total Rb mass). Trafﬁc emissions were found to originate from both vehicles and road dust.
They accounted for 22.4% of the total PM2.5 mass and were the second
largest contributor to PM2.5 in the study area. With a 15.9% contribution,
factor 5 was recognised as industrial emissions due to a high abundance
of Cr, Mn and As (57.4%, 55.1% and 52.6% of their elemental mass,
respectively).

The lifetime average daily dose (LADD) was used to estimate excess
lifetime cancer risks (ELCR) for the carcinogenic elements: Pb, Cd, Cr, Ni,
As and Co via PM2.5 inhalation. The LADD values are shown in Supplementary 9. The excess lifetime cancer risks (ELCR) exhibited by the different elements in PM2.5 are shown in Table 2. Health risk assessment of
the carcinogenic elements can be divided into (1) haze cycles (haze and
non-haze) (2) speciﬁc age groups and (3) toxic elements. Based on the
haze cycle, the cumulative ELCR posed by carcinogenic elements during
haze was higher compared to non-haze. The risk of developing cancer
depends on many factors, including an individual's genetics, the nature
in which an individual is exposed to a carcinogen, along with the length
and intensity of exposure (USEPA, 2016). Our research found that the
carcinogenic risk increases during haze compared to non-haze and the
most affected age group was the adult group, for which the ELCR increased from 1.92 × 10−5 to 2.27 × 10−5. Although haze periods always
occur over a short period of time, the haze period in 2015 lasted for two
months. So, the length and intensity of the haze was intensiﬁed and
eventually increase the health risk estimation. The repeated occurrence
of the haze for almost every year poses a long term effects on public
health. The highest ELCR estimation during haze was posed by the
adult group (2.27 × 10−5) where 2–3 individuals in 100,000 are likely
to develop cancer in their lifetime due to exposure to haze smoke aerosol.
The lowest ELCR estimation was posed by the infant group during the
non-haze period (1.20 × 10−6) indicating that 1–2 individuals in
1,000,000 are likely to develop cancer in their lifetime as a result of exposure to urban PM2.5 aerosol. A study by Betha et al. (2014) also found that
the ELCR estimated in haze aerosol was higher compared to urban aerosol. In terms of speciﬁc age groups, the estimated health risk followed the
order of: adult N toddler N adolescent N children N infant. Adult
(18 N 70 years) showed the higher health risk compared to the younger
age group because they were, in comparison, exposed to the carcinogens
for a longer period of time. Such that, the longer the exposure time, the
higher the concentration of carcinogenic elements accumulated in the
body. Hu et al. (2012) reported that the carcinogenic risk posed by the
adult group was greater when compared to the children's group as a result of the inhalation of carcinogenic elements. In term of carcinogenic elements, the pattern of Cr N As N Co N Ni N Cd N Pb was observed where the

3.5. Average daily doses (ADD) and non-carcinogenic health risk
assessment
The average daily dose (ADD) for different age groups is shown in
Supplementary 8. The ADD is used to calculate the non-carcinogenic
health risks via inhalation of Cr, Mn, Ni, Cd and As in PM2.5. The results
of the hazard quotient (HQ) and hazard index (HI) are shown in
Table 1. The health risk assessment for non-carcinogenic elements was
further discussed in three categories: (1) haze cycle (haze and nonhaze) (2) speciﬁc age groups and (3) toxic elements. Based on the

3.6. Lifetime average daily dose (LADD) and carcinogenic health risks
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Table 1
Hazard quotient (HQ) and hazard index (HI) of elemental species in PM2.5.
Elements

RfC (mg m−3)

HQ
Infant
0–b1 year

Toddler
1–b6 years

Children
6–b12 years

Adolescent
12–b18 years

Adult
18–b70 years

Pre-haze
Cr
Mn
Ni
Cd
As
∑HI

8.00
5.00
2.00
1.00
5.00

×
×
×
×
×

10−6
10−5
10−4
10−5
10−5

1.10
3.60
5.70
9.67
6.57
1.16

×
×
×
×
×

100
10−2
10−3
10−3
10−3

8.59
2.80
4.46
7.52
5.11
0.90

×
×
×
×
×

10−1
10−2
10−3
10−3
10−3

5.50
1.80
2.86
4.82
3.28
0.58

×
×
×
×
×

10−1
10−2
10−3
10−3
10−3

5.91
1.93
3.07
5.18
3.52
0.62

×
×
×
×
×

10−1
10−2
10−3
10−3
10−3

3.40
1.11
1.77
2.98
2.03
0.36

×
×
×
×
×

10−1
10−2
10−3
10−3
10−3

Haze
Cr
Mn
Ni
Cd
As
∑HI

8.00
5.00
2.00
1.00
5.00

×
×
×
×
×

10−6
10−5
10−4
10−5
10−5

1.02
2.94
3.51
2.79
2.81
1.06

×
×
×
×
×

100
10−2
10−3
10−3
10−3

7.93
2.29
2.73
2.17
2.19
0.82

×
×
×
×
×

10−1
10−2
10−3
10−3
10−3

5.08
1.47
1.75
1.39
1.40
0.53

×
×
×
×
×

10−1
10−2
10−3
10−3
10−3

5.46
1.58
1.88
1.49
1.51
0.57

×
×
×
×
×

10−1
10−2
10−3
10−3
10−3

3.14
9.07
1.08
8.60
8.68
0.33

×
×
×
×
×

10−1
10−3
10−3
10−4
10−4

Post-haze
Cr
Mn
Ni
Cd
As
∑HI

8.00
5.00
2.00
1.00
5.00

×
×
×
×
×

10−6
10−5
10−4
10−5
10−5

5.87
4.53
3.67
8.38
5.29
0.65

×
×
×
×
×

10−1
10−2
10−3
10−3
10−3

4.57
3.52
2.86
6.52
4.11
0.51

×
×
×
×
×

10−1
10−2
10−3
10−3
10−3

2.93
2.26
1.83
4.18
2.63
0.32

×
×
×
×
×

10−1
10−2
10−3
10−3
10−3

3.15
2.42
1.97
4.49
2.83
0.35

×
×
×
×
×

10−1
10−2
10−3
10−3
10−3

1.81
1.40
1.13
2.58
1.63
0.20

×
×
×
×
×

10−1
10−2
10−3
10−3
10−3

∑HI
∑HI

Haze
Non-hazea

1.06
0.91

0.82
0.71

0.53
0.45

0.57
0.49

0.33
0.28

Note: RfC is the reference concentration; RfC for Cr and Mn were referred from Integrated Risk Information System (IRIS) (http://www.epa.gov/iris); RfC for Ni from Agency for Toxic Substances and Disease Registry (ATSDR) while RfC for Cd and As from California Environmental Protection Agency.
a
Indicates the average of non-carcinogenic health risk during pre-haze and post-haze episode.

was directly related to on Cr (VI). In this study, only the total of Cr as opposed to Cr (VI) was determined and the carcinogenic risk of Cr was

ELCR of Cr was signiﬁcant but acceptable (values were slightly above the
threshold value of 1 × 10−6). Besides that, Cr toxicity and carcinogenicity
Table 2
Excess lifetime cancer risks (ELCR) of carcinogenic elements in PM2.5.
Elements

IUR

Excess lifetime cancer risk (μg m−3)−1

(μg m−3)−1

Infant
0–b1 year

Toddler
1–b6 years

Children
6–b12 years

Adolescent
12–b18 years

Adult
18–b70 years

Pre-haze
Pb
Cd
Cr
Ni
As
Co
∑

1.20
1.80
1.20
2.40
4.30
9.00

×
×
×
×
×
×

10−5
10−3
10−2
10−4
10−3
10−3

7.53
2.49
1.51
3.93
2.02
1.41
1.56

×
×
×
×
×
×
×

10−10
10−9
10−6
10−9
10−8
10−8
10−6

2.93
9.67
5.89
1.53
7.85
5.48
6.05

×
×
×
×
×
×
×

10−9
10−9
10−6
10−8
10−8
10−8
10−6

2.25
7.44
4.53
1.18
6.04
4.22
4.65

×
×
×
×
×
×
×

10−9
10−9
10−6
10−8
10−8
10−8
10−6

2.42
8.00
4.86
1.26
6.49
4.53
5.00

×
×
×
×
×
×
×

10−9
10−9
10−6
10−8
10−8
10−8
10−6

1.21
4.00
2.43
6.31
3.24
2.26
2.49

×
×
×
×
×
×
×

10−8
10−8
10−5
10−8
10−7
10−7
10−5

Haze
Pb
Cd
Cr
Ni
As
Co
∑

1.20
1.80
1.20
2.40
4.30
9.00

×
×
×
×
×
×

10−5
10−3
10−2
10−4
10−3
10−3

1.50
7.17
1.40
2.41
8.65
5.38
1.42

×
×
×
×
×
×
×

10−10
10−10
10−6
10−9
10−9
10−9
10−6

5.83
2.79
5.44
9.37
3.36
2.09
5.50

×
×
×
×
×
×
×

10−10
10−9
10−6
10−9
10−8
10−8
106

4.49
2.15
4.18
7.21
2.59
1.61
4.23

×
×
×
×
×
×
×

10−10
10−9
10−6
10−9
10−8
10−8
10−6

4.82
2.31
4.49
7.74
2.78
1.73
4.55

×
×
×
×
×
×
×

10−10
10−9
10−6
10−9
10−8
10−8
10−6

2.41
1.15
2.24
3.86
1.39
8.63
2.27

×
×
×
×
×
×
×

10−9
10−8
10−5
10−8
10−7
10−8
10−5

Post-haze
Pb
Cd
Cr
Ni
As
Co
∑

1.20
1.80
1.20
2.40
4.30
9.00

×
×
×
×
×
×

10−5
10−3
10−2
10−4
10−3
10−3

4.91
2.15
8.06
2.52
1.62
8.29
8.35

×
×
×
×
×
×
×

10−10
10−9
10−7
10−9
10−8
10−9
10−7

1.91
8.38
3.13
9.80
6.31
3.22
3.25

×
×
×
×
×
×
×

10−9
10−9
10−6
10−9
10−8
10−8
10−6

1.47
6.45
2.41
7.54
4.86
2.48
2.50

×
×
×
×
×
×
×

10−9
10−9
10−6
10−9
10−8
10−8
10−6

1.58
6.92
2.59
8.10
5.22
2.66
2.68

×
×
×
×
×
×
×

10−9
10−9
10−6
10−9
10−8
10−8
10−6

7.87
3.46
1.29
4.04
2.60
1.33
1.34

×
×
×
×
×
×
×

10−9
10−8
10−5
10−8
10−7
10−7
10−5

∑ ELCR
∑ ELCR

Haze
Non-hazea

1.42 × 10−6
1.20 × 10−6

5.50 × 10−6
4.65 × 10−6

4.23 × 10−6
3.58 × 10−6

4.55 × 10−6
3.84 × 10−6

2.27 × 10−5
1.92 × 10−5

Note: IUR is the Inhalation Unit Risk; IUR for Cd, Cr, Ni and As were obtained from IRIS (http://www.epa.gov/iris) and IUR for Pb and Co were cited from RSL Tables for US EPA Region 9.
(http://www.epa.gov/reg3hwmd/risk/human/rbconcentration_table/Generic_Tables/docs/master_sl_table_run_JUNE2015_rev.pdf).
a
Indicates the average of carcinogenic health risk during pre-haze and post-haze episode.
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deemed acceptable. Overall, the integrated risks of carcinogenic elements
were within acceptable level (1 × 10−6–1 × 10−4).
4. Conclusions
The study showed that the PM2.5 mass collected during pre-haze,
haze and post-haze events in Kuala Lumpur were signiﬁcantly different
(p b 0.005). The average concentration of PM2.5 was recorded during
haze (72.3 ± 38.0 μg m− 3), followed by pre-haze (24.5 ±
12.0 μg m−3) and post-haze (14.3 ± 3.58 μg m−3). The highest PM2.5
concentrations during haze were 5 times higher than WHO guidelines,
3.9 times higher than the US EPA standards and 1.8 times higher than
the Malaysian Ambient Air Quality Standards 2015 (IT-1). The NAME
model and GFAS emissions clearly showed that during haze, abundant
ﬁre activity was detected in Sumatra, Indonesia following which, the
air masses with PM2.5 particles were transported to the sampling site
in Kuala Lumpur city centre. The concentration of PM2.5 recorded during
the haze episode had a good correlation with the Malaysian Air Pollutants Index(API) (r = 0.466; p b 0.05) and signiﬁcantly reduce the visibility (r = −0.631; p = 0.005).
The major elements in PM2.5 compositions during pre-haze, haze and
post-haze episodes were K, Al, Ca, Mg and Fe. They accounted for approximately 93%, 91% and 92% of the total elements portion collected during
pre-haze, haze and post-haze, respectively. The concentration of trace elements during pre-haze, haze and post-haze comprised 4%, 2% and 5% of
−
the PM2.5 mass, respectively. The SIA component, namely SO2−
4 , NO3 and
,
were
dominated
by
the
composition
of
PM
.
These
three
ions
NH+
4
2.5
were found to contribute to 43% of the overall PM2.5 mass during haze
compared to pre-haze and post-haze, where they only contributed 12%
and 16%, respectively. The source apportionment method (PMF) used
on the overall dataset indicates that the dominant sources of PM2.5
were SIA and biomass burning (38.5%), and trafﬁc emission (22.4%).
Hence, during non-haze days, local emissions, particularly from trafﬁc,
greatly inﬂuence the PM2.5 source contribution to this sampling area.
The carcinogenic health risk assessment reveals that the
integrated risk of carcinogenic elements for all of the age groups
during haze and non-haze exposure was within the acceptable
limit (1 × 10− 6–1 × 10− 4). However, the non-carcinogenic health
risk assessment showed that the infant group faced more signiﬁcant
health risk than the other age groups during haze (HI = 1.06). The
ﬁnding of this study revealed that the carcinogenic and non-carcinogenic
health risks posed by populations were slightly higher during haze
compared to non-haze. The most affected age group was the adult
group for which the ELCR increased from 1.92 × 10−5 (non-haze) to
2.27 × 10−5 (haze). The lowest ELCR estimation was posed by the infant
group during non-haze (1.20 × 10−6) indicating that 1–2 individuals in
1,000,000 are likely to develop cancer in their lifetime due to exposure
of urban PM2.5 aerosols.
Through this work, source apportionment and the associated carcinogenic and non-carcinogenic health risks relating to inorganic PM2.5
compositions in an urban area of Kuala Lumpur during haze and nonhaze periods were successfully investigated. However, as this study
was limited to inorganic compositions and did not cover the organic
component of PM2.5 compositions, further and more comprehensive
studies are necessary in order to focus not only on the inorganic but
also organic constituents of PM2.5. A large number of samples are needed for concrete assessment on source apportionment analysis. The inclusion of submicron-sized particles will also be important in future
research due to increasing concerns over their effects on both human
health and the environment. When it comes to health effects, particularly during a haze period, apart from undertaking health risk calculations,
the most effective way to identify the relationship between haze and
health effects would be to conduct case-crossover studies to evaluate
mortality risks along with toxicity studies to better understand the
toxicological impact of PM2.5 released during haze periods.
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