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Abstract  

People tend to spend most of their time indoors, yet the concentration and composition of 

indoor fine particulate matter (PM2.5) remain poorly understood in the Maltese Islands, with 

existing receptor modelling studies focusing solely on ambient air. The first objective of this 

study was to carry out long-term indoor air sampling of PM2.5 followed by chemical 

characterisation, in order to identify and quantify the main natural and anthropogenic sources 

of indoor PM2.5 at an urban background site in Malta using Positive Matrix Factorisation 

(PMF). The second objective was to explore the use of Machine Learning (ML) algorithms to 

model and predict indoor PM2.5 concentrations in several households in Malta and Gozo. 

 

PMF was used to identify and quantify the major sources of indoor PM2.5. Quartz and PTFE 

filters were collected and analysed gravimetrically and chemically using ICP-MS, IC, and an 

OC-EC aerosol analyser to determine concentrations of PM2.5, 18 elements, 5 ions, organic 

carbon (OC), and elemental carbon (EC). Eight contributing factors were identified, seven 

outdoor sources and one indoor source, contributing 68% and 26% to indoor PM2.5, 

respectively. Cooking and e-cigarette use were the main contributors to the indoor factor. 

Uniquely for Malta, a fireworks factor was isolated indoors, responsible for most of the 

measured Sb and Ba, raising concerns due to the toxicity of these elements. An RF-SHAP 

model was integrated with the indoor PMF model to investigate the influence of key drivers on 

indoor PM2.5 concentrations.  An outdoor PMF analysis was also conducted, and a 

corresponding RF-SHAP model (CV RMSE: 2.79 µg m−3; R²: 0.80) was used to refine the 

outdoor source contributions. Transboundary contributions (Saharan dust and ammonium 

sulfate) were higher outdoors (58%) than indoors (33%) due to reduced infiltration when 

windows are closed. Local anthropogenic sources (Industrial, Fireworks, Traffic, Shipping) 

contributed more to outdoor PM2.5 (33%) than indoor (25%), with increased indoor infiltration 

during warmer months coinciding with peak fireworks activity. 

 

For the second objective, continuous PM measurements were taken using aerosol 

spectrometers at seven non-smoking residences. RF and XGBoost models were developed to 

predict indoor PM2.5 at six-hourly intervals. At sites with low indoor PM generation, 

predictions were mainly influenced by outdoor PM1 levels. At a site with high indoor 

emissions, indoor relative humidity was a key predictor, especially during cooking. The RF 

model performed best overall (RMSE: 30.65 µg m−3; IOA: 0.66). 



xii 

Research Aims, Objectives and Justifications  

This PhD study aims to provide a better understanding of indoor PM2.5 and its sources in Malta 

through the use of source apportionment via Positive Matrix Factorisation and Machine 

Learning algorithms.   

 

This will be achieved through two objectives:  

a. The first objective is to conduct a long-term indoor and outdoor air sampling, to 

chemically characterize PM2.5, monitor meteorological parameters and identify its main 

natural and anthropogenic sources and seasonal variation using source apportionment 

receptor modelling via Positive Matrix Factorization (PMF). Special interest is being 

given to the effect of the seasonal burning of fireworks across the Maltese Islands and 

whether this has an impact on the indoor air quality of residences that are not located 

in the vicinity of fireworks displays. 

 

b. The second objective is to use modern Machine Learning algorithms, including 

Random Forest (RF) and Extreme Gradient Boosting (XGBoost), to model and predict 

indoor PM2.5 concentrations in several residences in Malta and Gozo. This requires 

short term continuous monitoring of indoor and outdoor PM concentrations at several 

residences in Malta and Gozo.    

 

Limited research has been conducted so far on indoor airborne fine particulate matter in Malta 

(Aquilina and Camilleri 2022), hence, there is little understanding of the levels and composition 

of indoor fine particulate matter (PM). This study will provide a better insight of the sources 

of and exposure to fine PM in Malta and given that most people spend most of their time 

indoors, it can be used to provide more accurate exposure calculations to fine PM. 
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1.1 Particulate Matter 

Airborne particulate matter (PM) is a term used to define solid and liquid particles suspended 

in the air. It is a complex mixture of substances such as dust, smoke, aerosols, and liquid 

droplets, which may vary in size and chemical composition. The distribution of PM in the 

environment is influenced by several factors like particle size and meteorological conditions 

such as wind speed, direction, temperature and humidity, with particles with an aerodynamic 

diameter of less than 10 microns (PM10) travelling long distances due to their small size. 

Particulate matter is made up of a variety of chemical constituents, including organic carbon 

(OC) compounds and elemental carbon (EC), trace metals, ions (predominantly sulfate, nitrate 

and chloride), major and trace elements and crustal material (such as soil particles or sand).  

PM can be either directly emitted from anthropogenic or natural sources (primary PM) or else 

formed through a series of physico-chemical processes (including oxidation, coagulation and 

deposition) in the atmosphere by volatile organic compounds (VOCs), PAHs, ammonia, oxides 

of sulfur (SOx) and oxides of nitrogen (NOx) (secondary PM).   

 

Particulate matter, unlike other air pollutants such as NO2, SO2 and O3, represents a complex 

mixture of air pollutants whose health impacts vary depending on particle size and 

composition.  Given its complex nature, this literature review will primarily focus on the fine 

fraction of particulate matter, namely PM2.5, its formation and its outdoor and indoor sources. 

  

1.1.1 PM size distribution 

Airborne PM varies in size and composition and is typically defined by the aerodynamic 

diameter.  Particles with an aerodynamic diameter greater than 2.5 μm are considered coarse 

particles (typically PM2.5−10), while those with an aerodynamic diameter equal to or less than 

2.5 μm (PM2.5) are considered fine particles.  Particles smaller than 0.1 μm in aerodynamic 

diameter are designated ultrafine particles (UFP), with nanoparticles having aerodynamic 

diameters equal to or smaller than 50 nm (R.E Hester et al. 2016). 
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Figure 1.1 Volume distribution of atmospheric particles showing different formation modes 
(adapted from Seinfeld and Pandis 2016) 

 

This classification arises as different-size fractions typically have distinct sources and 

formations, as summarised in Table 1.1. The mass distribution is dominated mainly by two 

modes (Figure 1.1): the accumulation mode (fine particles < 0.2 µm) and the coarse mode 

(coarse particles > 2 µm). The fine particles result from primary emissions, the condensation 

of secondary sulfates, nitrates, and organic compounds from the gas phase, and the coagulation 

of smaller particles. Generally, two generation modes are present for fine particles: the droplet 

sub-mode, which is created during the cloud processing of some of the accumulation-mode 

particles and the condensation sub-mode, which is the result of primary emissions and the 

growth of smaller particles by coagulation and condensation (Seinfeld and Pandis 2016).  

Coarse particles are mechanically generated primarily by wind and include dust, sea salt, 

volcanic particles, sand, and pollens.  The coarse particles are mostly of primary origin.  

 

Different size fractions also have distinctive health effects since the lung penetration and 

subsequent assimilation into the body highly depend on the aerodynamic diameter (Brown et 

al. 2013).  Finer particles can penetrate deeper into the respiratory tract as they escape the 

natural anatomical and physiological mechanisms designed to stop particles from reaching the 

lungs (Kim et al. 2015). Ultrafine particles with diameters less than 100 nm can become 

assimilated into the body as they are transferred and deposited into organs within the body.  

Hence, epidemiological studies are showing that very fine particles (PM1) may have an even 

more significant health impact than PM2.5 (N. Li et al. 2003; Zwozdziak et al. 2016), which 
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results in increased mortality, more visits to the emergency room and more lost time from 

school and work. 

 

Table 1.1 Generation of particulate matter depending on its sizes (adapted from Araujo 
2011; Seinfeld and Pandis 2016) 

Particle size Generation mode 
Half-life in the 

atmosphere 

Coarse particles 
PM2.5−10 

Mechanical action (grinding, and abrasion), 
evaporation of sprays and suspension of dusts 

Minutes to hours 

Fine particles 
PM2.5 

Primary emission, 
vapour-to-particle condensation and coagulation 

(accumulation mode) 
Days to weeks 

 

1.1.2 Indoor PM2.5  

Previous research has demonstrated that outdoor particles can influence indoor air quality 

through mechanisms such as building ventilation systems and openings in the building 

structure. Instances of outdoor particulate matter infiltration indoors may involve 

anthropogenic sources like exhaust and non-exhaust emissions from traffic, shipping and 

secondary inorganic aerosols (Zhao et al. 2006; Jorquera et al. 2018), together with natural 

sources like sea salt, volcanic emissions and Saharan dust (Tofful and Perrino 2015; Matthaios 

et al. 2021).  

 

However, the indoor PM concentrations are not solely due to outdoor infiltration. Indoor 

sources of PM can arise naturally or from human activities, primarily through indoor 

combustion (stoves and fireplaces) and cooking. Other significant indoor sources include 

frying, smoky cooking events, and the use of incense (Chao and Cheng 2003; Wallace et al. 

2003; Barraza et al. 2014; Macneill et al. 2014).  Smoking can also be a significant contributor 

to indoor PM2.5 in residential homes. In a study in 101 homes in the USA, smoking elevated 

indoor PM2.5 concentrations by 37 µg m−3 (Wallace et al. 2003) and contributed 14.2 μg m−3 

increase in PM2.5
 exposure to Chinese urban residents (Hu and Zhao 2022).  Movement within 

indoor spaces by occupants can lead to the re-suspension and deposition of particles (Molnár 

et al. 2014), especially in homes with wall-to-wall carpet rather than smooth flooring (Fromme 

2012).  The complexity of the process contributing to PM concentrations in the indoor 

environment is shown in Figure 1.2. 
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Figure 1.2 Processes that impact the indoor concentration of particulate matter (adapted from 
Fromme 2012) 

 

In order to properly apportion sources to source profiles from receptor source apportionment 

models, a proper understanding of the principal and potential sources present is required, 

together with the main chemical components contributed by each source. This literature review 

will, therefore, focus on the main local outdoor and indoor particulate matter sources and their 

chemical constituents.  A review of the main receptor models used for source apportionment 

and a discussion on which ones are best suited to this study is also included. This process will 

assist in interpreting the source profiles generated by the receptor model and assigning these 

profiles to valid sources. 
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1.2 Particulate Matter Sources 

1.2.1 Outdoor sources of particulate matter  

Primary particulate matter can be formed from both anthropogenic and natural sources.  The 

contribution of different sources varies depending on location, season and time of day, and 

different sources will also produce primary particulate matter of different size fractions. Table 

1.2 summarises the sources of primary particles based on their size fraction. 

 

Table 1.2 Sources of origin and main components of primary coarse, fine and ultrafine 
particulate matter (adapted from R.E Hester et al. 2016) 

PM fraction Sources Main components 
Coarse particles (PM10-2.5) Tyre and brake wear 

Traffic resuspension 
 
Construction activities 
Agricultural activities 
Natural fires and volcanoes 
Biological sources 
 
Sea spray 
Saharan dust 
(Mediterranean region) 

Cu, Sb, Zn 
Road dust (Inorganic and 
organic components 
Ca, Si, Al, Ti and Fe 
Soil and OC 
Volcano ash and burned 
OC 
Plant debris, pollen and 
fungal spores 
Na, Cl, Mg and SO4

2– 
Si, Ti, Al, Ca, Mg, Na, K 
and Fe (Amato et al. 2016) 
 

Fine (PM2.5) and ultrafine 
(PM0.1) particles 

Diesel fuelled combustion 
engines 

EC 

Biomass combustion OC, PAHs, K 
Combustion power plants 
and manufacturing 
Maritime traffic 
Metal processing activities 
Fireworks 

Ni, As, V, Cd, SO4
2– 

 
EC, OC, Ni, V and SO4

2– 
Cd, Pb, Cr, Zn 
EC, OC, Cl–, K, Mg, Al, 
Cu, Sr, Ba and Pb (Wang 
et al. 2007; Tsai et al. 
2012) 

 

 1.2.1.1 Natural sources 

The primary natural sources include windblown dust, sea salt, wildfires, biological particulate 

matter and volcanoes. On a global scale, natural sources are the main contributors to airborne 

aerosols, with a contribution of around 98% to all primary and secondary particle formation, 

of which 84% by mass is derived from sea spray and 13% from mineral dust (M. Viana et al. 

2014).  The main contributor to the Maltese islands is windblown dust, which includes local 
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sea spray and, more importantly, transboundary Saharan dust (Scerri et al. 2016) and, to a 

certain extent, volcanoes.  Volcanic ash from major eruptions of Mt Etna has been recorded to 

affect Malta, albeit being quite rare (Azzopardi et al. 2013). 

 

Sea salt is a major contributor to local dust under 10 μm and, as expected, significantly affects 

the aerosol contribution of the Maltese islands.  The contribution of sea salts depends on many 

factors, such as water surface temperature, wind, wave height and salinity (Spada et al. 2013).   

In Malta, the contribution of marine aerosols to PM10 was quantified at 19 %, with the highest 

being in winter and the lowest in summer, possibly due to the higher surface wind speeds and 

waves experienced during the winter months (Scerri et al. 2016).  

 

The contribution of fresh marine aerosols becomes less significant with particle size.  Marine 

aerosols in Lecce, Italy, were registered in particle diameters between 0.75 μm and 13 μm, with 

the highest contribution being at a particle size of 4.2 μm (D. Contini et al. 2014).  This was 

also observed in a coastal station in Malta, where fresh sea salt only contributed 4.6% to the 

total PM2.5 mass.  Again, the highest contribution was recorded in winter, with the lowest being 

in summer (Scerri et al. 2018).  

 

Another significant source of aerosol particles in Malta is transboundary windblown Saharan 

dust. Saharan sources are one of the most active sources of dust in the world (R.E. Hester et al. 

2016).  Saharan dust is frequently transported across the Mediterranean and southern Europe, 

sometimes reaching the United Kingdom.  These events significantly affect Malta, located only 

350 km north of Africa.  The contribution of Saharan dust via long-range transport was 

estimated at 20% of the PM10 mass in Malta, with the highest contribution being in Spring 

(Scerri et al. 2016).  The contribution to the total aerosol mass decreases for the finer PM2.5 

fraction, with Saharan dust contributing 15% by mass to the PM2.5 in Msida, a central 

Mediterranean coastal town (Scerri et al. 2018). This decrease is not as significant as for marine 

aerosols, and Saharan dust can be expected to be a major contributor to local fine dust. 

However, little is known about how Saharan dust events affect indoor air quality in Malta, as 

local studies have focused on the impact of Saharan dust on ambient air quality.  This shortfall 

will be addressed in this study. 
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1.2.1.2 Power generation and residential combustion  

Anthropogenic combustion of fossil fuels and biomass generates significant primary airborne 

particulate matter.  Residential combustion in Europe is the most significant source of 

particulate matter in European countries (EU-28 region), emitting 36% of PM10 and 51% of 

PM2.5 in 2017 (European Environmental Agency 2018). Whilst this may be true for the EU-28 

region, residential biomass burning most probably does not contribute as significantly to 

airborne particulate matter in Malta.  Unfortunately, there is a paucity of data concerning this.  

The State of Environment report issued by the Environment and Resources Authority does not 

include any data on residential combustion.  Moreover, residential combustion was not one of 

the sources in a source apportionment study carried out in the coastal town of Msida (Scerri et 

al. 2018).  Nonetheless, residential fireplaces are increasing in popularity, and to date, the type 

of fuel that can be burnt in residential fireplaces remains unregulated. 

 

Power generation is another, albeit much smaller, emitter of airborne particles in Europe, with 

only 4% of PM2.5 for the EU-28 region.  There has also been a significant reduction (−69%) in 

the PM2.5 emissions from power generation over the period from 2000−2017 (European 

Environmental Agency 2018).  This trend should also apply to Malta as electricity generation 

over this period has shifted from solely relying on heavy fuel oil (HFO) to natural gas.  

Moreover, as of 2014, Malta has obtained a considerable portion of its electrical energy via an 

interconnector to Sicily.  No local emissions are generated from electricity bought from 

mainland Europe.  The power plant is in Delimara, situated on the southeastern tip of the 

Maltese Islands.  Emissions from the plant are typically blown offshore by the prevailing north-

westerly winds.  In fact, a study carried out in Birżebbuġa found that emissions from the power 

plant do not have a significant effect on the PM levels of Marsaxlokk and Birżebbuġa.  The 

highest particulate matter concentrations were recorded during high wind speeds from a south-

easterly direction, indicating a transboundary source for these high concentrations (Barnes 

2013).   

 

1.2.1.3 Maritime emissions  

Maritime emissions contribute to fine particulate matter in Malta (Scerri et al. 2018).  The 

Malta-Sicily channel is one of the busiest sailing corridors of the Mediterranean, with over 

30,000 tankers and large ships sailing through this channel annually (Ellul et al. 2013).  Hence, 

a significant fraction of maritime emissions are of transboundary origin.  Malta is a maritime 
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hub with a substantial number of large vessels (12,833 for 2018) moving through Malta’s ports 

and 330 Cruise Liners visiting the Grand Harbour in 2018 (TM 2018). As of May 2025, the 

Mediterranean Sea will be designated as an Emission Control Area for sulfur oxides, requiring 

ships to burn fuels with less than 0.1% sulfur content, which is expected to decrease PM2.5 

generated from maritime emissions via secondary particle formation (Directorate-General for 

Mobility and Transport 2022 Dec 16). 

 

Local emissions from these ships, especially during hotelling, can be significant since most 

ships still use heavy fuel oil during these operations, with PM emissions from this fuel ranging 

from 0.56 to 2.12 g kWh–1. Moreover, densely populated areas surround the Grand Harbour, 

and emissions from these operations are directly emitted into residential areas within these 

towns and villages.  In fact, 5% of PM2.5 in Msida was attributed to shipping activities and 

contributed 20% of the black carbon measured in the area (Scerri et al. 2018) even though the 

sampling site at Msida is located about 2 km NW of the Grand Harbour and therefore upwind 

of the prevailing winds in the Maltese islands. To decrease maritime emissions in the Grand 

Harbour, in 2024, Shore-to-Ship power systems were installed in the Grand Harbour Cruise 

liner terminal (Infrastructure Malta 2024 Mar 15), yet ships will only be obliged to use the 

technology by 2030 when the EU FIT for 55 regulations comes into force.  

 

1.2.1.4 Vehicular emissions  

Vehicular emissions are a significant source of primary particulate matter, including exhaust 

and non-exhaust emissions (R.E Hester et al. 2016).  The latter include particulate emission 

due to brake, tyre and road surface wear, and particle re-suspension (Thorpe and Harrison 

2008).  Besides primary PM, exhaust emissions also contribute significantly to secondary PM 

formation in densely populated areas.  The combustion of petrol and diesel in internal 

combustion engines is typically one of the major mechanisms for PM formation (R.E Hester et 

al. 2016).  A source profile for traffic sources is typically characterised by very high EC / BC 

components and loadings from Ca, Cu, Fe, Mn and Sb (Daniela Cesari, Donateo, et al. 2016; 

Charron et al. 2019).  These elements result from non-exhaust emissions with Cu, Fe, Mn, and 

Sb originating from brake pad wear, with Ca coming from the resuspension of roadside dust 

(Charron et al. 2019). 
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Road transport accounted for 10% of PM10 and 11% of PM2.5 emissions in 2017 for the EU-28 

region (European Environmental Agency 2018).  Unlike power generation and residential 

combustion, vehicular emissions are significant in Malta. Traffic contributed 27.3% of PM2.5 

in the coastal town of Msida (Scerri et al. 2018). This is slightly lower when compared to urban 

sites in Spain, which registered 39 % – 44% and up to 53% in Barcelona (Viana et al. 2007).  

 

Indoor source apportionment studies in urban sites typically identify traffic as a major source 

of indoor PM2.5, with traffic (motor vehicles and suspended street dust) found to contribute 

39% of indoor PM2.5 in Santiago, Chile (Barraza et al. 2014) and 21% for PM10 in Lisbon 

(Almeida-Silva et al. 2016a).  Given the relatively high contribution of traffic to PM2.5 in Malta, 

traffic could be one of the major indoor PM2.5 sources in Malta and requires investigation and 

quantification.    

 

1.2.1.5 Airport emissions  

The Malta International Airport (MIA) reported a significant increase in aircraft movements 

over the past years, with annual aircraft movement for 2019 reaching 51,910 (MIA 2019) 

compared to just under 30,000 a decade ago. Although many studies deal with urban air 

pollution, very few deal with particulate matter pollution from airports.  Aircraft movement at 

airports can generate particulate emissions from jet fuel combustion (exhaust emissions) and 

non-exhaust emissions, including brake and tyre wear and dust resuspension during take-off 

and landing. Exhaust emissions are responsible for particulate matter with higher OC. OC 

measured in the particulate matter at airports can exceed concentrations at urban sites (Amato 

et al. 2010).  Cu and Sb are produced from brake wear, while Ba, Zn and Mo result from 

pneumatic tyre wear during landings (Amato et al. 2010; Masiol and Harrison 2014; Almeida-

Silva et al. 2016a).  Amato showed that the concentrations of Cu and Sb, which are used as 

tracers for dust emitted from brake pads, followed the same trend as the daily number of landing 

on the runway at El Prat airport in Barcelona (Amato et al. 2010).  The studies did not show 

that the bulk PM measured at the airport was due to aircraft movement, but higher 

concentrations for OC (2 μg m–3) and other trace elements such as Sb, Cu, Ba, Zn and Mo were 

recorded at the airport when compared to simultaneous measurements at the urban background 

site. 
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1.2.1.6 Fireworks 

Across the Maltese islands, over 30 pyrotechnic manufacturing sites produce fireworks (Malta 

Tourism Authority 2023) for the local religious festivals (Festa), 85 of which are celebrated 

during the summer months between the end of June and September (Pace and Vella 2019). The 

main oxidisers used in fireworks are nitrates of potassium, strontium and barium; potassium 

chlorate, potassium perchlorate and barium chlorate. Aluminium, magnalium (a 50/50 alloy of 

magnesium and aluminium) and magnesium are the main metallic fuels locally used in 

fireworks. Titanium is also used to a lesser extent to create brilliant white sparks.  Several 

metallic salts are also used for colour generation, and these include salts of sodium (yellow), 

strontium (red), barium (green) and copper (blue).  Other toxic metallic salts such as dilead(II) 

lead(IV) oxide and antimony(III) sulfide are also used.  The latter is used in considerable 

quantities as a tinder in perchlorate flash compositions. 

 

Although fireworks are not commonly listed as a major PM source, they should be mentioned 

due to Malta's unique nature. Approximately 140 tons of fireworks-related material were 

estimated to have been burnt in the 2012−2014 period in Malta (Camilleri and Vella 2016). 

This amount is equivalent to 633 kg per square kilometre per year.  Unfortunately, no statistics 

on the actual yearly consumption of fireworks in Malta are kept as local fireworks factories 

produce most of the fireworks burnt in Malta, and these are not obliged to submit the actual 

amounts being produced.  Therefore, the amounts must be estimated from the amount of 

chemicals imported to be used to manufacture fireworks. In comparison, 93,700 tons of 

fireworks were burnt in the US during the same period (APA 2024).  This amounts to only 9.9 

kg per square kilometre per year and includes consumer and display fireworks.  Therefore, the 

amount of local burnt fireworks per land area is conservatively at least 60 times that of the US.   

The figure quoted for Malta is only for the chemicals, while that for the US is for the whole 

fireworks device.  Hence, the value quoted above for Malta underestimates the mass of burnt 

fireworks.   

 

Moreover, these figures reveal a significant variation in cultural practices. In the US, the 

volume of consumer fireworks used surpasses that of display fireworks by factors ranging from 

7 to 10. This pattern is comparable to that in mainland Europe but contrasts sharply with the 

situation in Malta, where nearly all firework activities are carried out as display pyrotechnics 

by licensed enthusiasts (Camilleri and Vella 2016). 
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Studies have shown that over 38 tons of PM10 are emitted from fireworks each year, making 

fireworks a significant source of PM in Malta (Camilleri and Vella 2016). In fact, fireworks 

were picked up as a source in a source apportionment study carried out in Msida, with fireworks 

contributing to 2.3% of the annual PM2.5 at the sampling site (Scerri et al. 2018).  The 

contribution by fireworks increases to 6.0% during summer when most fireworks are burnt in 

Malta. 

 

Several research projects have been carried out recently in Malta that have assessed the impact 

of the burning of fireworks on ambient air (Camilleri and Vella 2010; Vella et al. 2015; 

Camilleri and Vella 2016; Pace and Vella 2016). These studies have focused on the metallic 

content emitted by fireworks (Camilleri and Vella 2010) and, more recently, the amount of 

perchlorate generated from fireworks burning (Vella et al. 2015).  The amount of perchlorate 

in indoor dustfall has also been studied, but there is no information on indoor fine particulate 

matter, PM10 and PM2.5, which make up the respirable and, hence, more dangerous fraction of 

airborne dust in Malta.   

 

The increase in metals in PM10 associated with fireworks burning was reported to decrease 

significantly from the summer to autumn months in Malta (Camilleri and Vella 2010). In fact, 

the concentration of the metals in PM10 that were analysed, namely, aluminium, copper, 

barium, strontium and antimony, decreased between the July−August and September–October 

periods.  This decrease is accompanied by a significant decrease in village feasts, indicating 

that firework displays significantly contribute to Malta's outdoor dust load, especially during 

the summer months.   

 

Another study conducted during the 2006 fireworks festival (Camilleri 2008), which took place 

in May before the Festa season started, measured the daily PM10 concentrations at a location 

downwind from the fireworks display. A 50% increase (60 μg m-3) in the daily PM10 

concentration was recorded on the day of the fireworks display.  The study also showed a 

significant increase in all the metals in PM10 related to the fireworks. Among these, a 65 times 

increase was recorded for Ba, and a 106 times increase was recorded for Sb. It is important to 

note that a 50% increase in the PM10 concentration is a daily average. It can be reasonably 

assumed that the PM10 concentration during the actual display, which lasted less than two 

hours, would have been much higher, as confirmed in other studies on particulate exposure 

during fireworks displays, such as the 2007 Montreal International Fireworks Competition 
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(Joly et al. 2010).  This shows that any site downwind from the fireworks display can 

potentially register high PM10 concentrations with particles laden with potentially toxic 

components.  The daily increase in PM10 was also shown to increase by 2-6 times during the 

Diwali festival in India (Barman et al. 2008). Fine particulate concentrations measured by 

(Roberta Vecchi et al. 2008) over a four-hour sampling period reached a maximum of 70 μg 

m−3
 during the 2006 FIFA World Cup, and the hourly total particulate matter after a National 

day celebration reached 180 μg m–3 (Moreno et al. 2007).  It was also reported that particulate 

exposure of spectators and residents to outdoor fireworks displays in the fireworks plume less 

than 2 km from the launch site may be exposed to levels as high as 10,000 μg m−3 of fine 

particulate, albeit for very short periods (Joly et al. 2010). Levels can be sustained for above 

1000 μg PM2.5 m−3
 during the 45-minute displays. 

 

Besides particulate metallic content that is typically associated with fireworks, namely K, Mg, 

Al, Cu, Sr, Ba, Sb and Pb (Wang et al. 2007; Roberta Vecchi et al. 2008; Camilleri and Vella 

2010), ions, OC and EC are also formed during fireworks displays (Tsai et al. 2012; Jiang et 

al. 2015).  Ion analysis can be useful in tracing the impact of fireworks on PM2.5 dust. A study 

by Tian et al. 2014 reviewed the total, direct and indirect impacts of fireworks in a megacity in 

China during the Chinese New Year. This was calculated using both Positive Matrix 

Factorisation (PMF) and Chemical Mass Balance (CMB) based on peak analysis. It was also 

noted that K+ and Mg2+ might be effective fireworks tracers.  The direct fireworks’ contribution 

to the PM2.5 portion was calculated to be higher than that for PM10.  In fact, higher non-sea salt 

(nss) Cl– was found in PM2.5 (72%) than in PM10 (57%). This was attributed to the fact that sea 

salt contributes a higher amount to the coarse fraction of particulate matter (Keuken et al. 

2013).   

 

Therefore, K+ ion concentrations and Cl–/Na+ together with OC/EC ratios are suggested as 

indicators of fireworks burning due to their significant variation in concentration and for the 

latter in their mass ratios.  The Cl–/Na+ is found to increase during fireworks displays due to 

the contribution of chloride ions from the chlorine content in fireworks compositions. K+ ion 

concentrations increase significantly during fireworks displays due to the significant use of 

potassium salts (KNO3, KClO3 and KClO4) in fireworks. Although K+ ions are also an indicator 

of biomass burning (J. Li et al. 2003; Salameh et al. 2015), their use as an indicator of fireworks, 

especially in areas where biomass burning is not prevalent, should be considered.  
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Indoor and outdoor PM2.5 associated chlorate and perchlorate were investigated in Jinan, China, 

where the average outdoor and indoor perchlorate in PM2.5 were 4.18 ng m-3 and 3.54 ng m-3, 

respectively.  The peak concentration of perchlorate in PM2.5 was recorded on the Spring 

Festival Eve, where the outdoor and indoor concentrations rose to 173.76 ng m-3 and 125.14 

ng m-3, respectively (L. Yao et al. 2015).  This suggests that significant indoor PM2.5 dust 

containing perchlorate took place through infiltration even though the windows were closed 

during sampling.  Hence, remaining indoors is not an effective way to limit exposure to aerosol 

pollutants from fireworks-generated dust. As expected, in the absence of an indoor source, the 

indoor-to-outdoor (I/O) ratio is less than one (0.85) for the average concentrations of 

perchlorate in PM2.5.   The I/O ratios for perchlorate ranged from 0.12 to 16.47, meaning that 

some samples have an I/O ratio greater than 1. Since the indoor sampling site had no internal 

source of perchlorate, it suggests that indoor diffusion conditions are poorer than exfiltration; 

hence, perchlorate-laden PM2.5 dust would accumulate indoors and remain at high 

concentrations (L. Yao et al. 2015).  This is of great significance to the Maltese Islands as 

people spend at least 80−90% of their time in indoor environments (Klepeis et al. 2001; L. Yao 

et al. 2015; Bo et al. 2017), and indoor pollutants may have significant effects even at low 

concentrations. 

 

Notwithstanding this, little is known about the indoor concentrations of PM10 and PM2.5 and 

their metallic content during fireworks displays, where the residence time of these particles can 

increase due to the lower air exchange in the indoor environment. Due to the frequency of the 

fireworks displays and the small geographical area of the Maltese Islands, the burning of 

fireworks could potentially increase the fine particulate matter laden with toxic particles in 

indoor air in Malta. 

 

1.2.1.7 Secondary inorganic aerosols (SIAs) 

Unlike the primary sources discussed previously, these particles are of secondary origin, 

resulting from gas-to-particle conversion in the atmosphere.  These include secondary nitrates 

and sulfates, largely formed from the gaseous precursors NH3, SO2 and nitrogen oxides (NOx). 

 

The formation of secondary sulfates in PM starts with the oxidation of SO2, emitted from 

sources such as fossil fuel combustion, industrial processes and natural sources, 

homogeneously by hydroxyl radicals and heterogeneously on droplets and particle surfaces 
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(Seinfeld and Pandis 2016), forming SO3 and sulfuric(VI) acid. Sulfuric(VI) acid reacts with 

NH3 gas present in the atmosphere to form ammonium sulfate through gas-to-particle 

conversion. The increased photooxidation rates of SO2 during the summer months explain the 

increase in particulate sulfate during the summer months (Song et al. 2001; Kim and Hopke 

2008).  NH3 is primarily emitted from agricultural activities (92%), including emissions from 

livestock and the use of high nitrogen content synthetic fertilisers, but it is also released in 

urban areas from catalysed gasoline engines (European Environmental Agency 2018).  

 

Secondary sulfates, predominantly as ammonium sulfate, are a significant source of ambient 

PM2.5, particularly in the Mediterranean. A study in Italy found that 97% of sulfates in PM2.5 

at both the urban and urban background sites were non-sea salt sulfate (D. Cesari et al. 2016). 

In a meta-analysis of ambient PM source apportionment (SA) models in Europe, sulfate was 

reported in 87 records and made up 20 ± 7% of the PM mass concentrations, while nitrate was 

recorded in 72 studies and constituted 16 ± 6%. In a global SA review, on average, mixed SIA 

(nitrate and sulfate) contributed to 29% of the ambient PM2.5 concentrations (Hopke et al. 

2020).  In a coastal town in Malta, 23.4% of ambient PM2.5 was apportioned to ammonium 

sulfate, mainly attributed to the long-range transport of air parcels from continental Europe, 

particularly Italy (Scerri et al. 2018).  

 

1.2.2 Indoor sources of fine particulate matter  

Indoor particulate matter has two main sources. The first is of intrinsic indoor origin, and the 

second is from outdoor infiltration. Outdoor infiltration depends on particle penetration and 

ventilation conditions.  Outdoor penetration depends on particle size and decreases with an 

increase in particle size (Abt et al. 2000). Hence, the penetration of PM2.5 is expected to be 

higher than that of PM10.   

 

Infiltration can also occur through either natural or mechanical ventilation.  The latter can be 

either filtered or unfiltered.  Filtered ventilation is typically found in commercial environments 

such as offices, hospitals, retail, and large residential complexes.  Since indoor environments 

differ significantly, source apportionment studies typically focus on a single type of indoor 

environment. Mass balance receptor models such as PMF assume that the particulate matter at 

all receptor sites originates from the same sources. Since this study is focused on the residential 

environment, the main indoor sources of PM2.5 in households will be discussed. Figure 1.3 
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summarises the main sources of indoor dust for residential homes, and Table 1.3 summarises 

the main indoor sources identified in PMF SA studies of PM2.5 and the common tracers used 

to assign source profiles to these sources.  

 

Outdoor PM2.5 was found to be a significant contributor to indoor particle concentrations, 

especially when the air exchange rates are high (Abt et al. 2000; Qing et al. 2005; Barraza et 

al. 2014). I/O ratios less than 1 indicate no indoor sources, and air pollutants originate mainly 

from outdoor sources.   Zhu et al. 2005 concluded that ultrafine particles (70-100 nm) showed 

average I/O ratios of 0.6 under infiltration conditions (0.97 h–1 air exchange rate, AER).  Open 

windows with an AER of 5.37 h–1 AER resulted in I/O ratios very close to 1.0 across all particle 

sizes. Mechanical ventilation (2.80 h–1 AER) with fibreglass filters decreased the I/O ratio.  

Similar results were reported by Lomboy et al. 2015, for PM2.5 in a hospital with mechanical 

ventilation giving lower I/O ratios than natural ventilation.    

 

Table 1.3 Sources of indoor origin and traces used in PMF SA of PM2.5 (adapted from 
Saraga et al. 2023)  

 PM fraction Sources Main Components / Tracers 

Fine (PM2.5) Smoking / ETS OC, EC, K, Cd, 
benzo(k)fluoranthene, 
benzo(ghi) 
perylene 

Dust resuspension Ca, Al, Fe, Mg, Mn, Cr, Cu, 
Ba, Ti 

Cooking 
Combustion 

As, Zn, Ca, Mn, Fe, Cd, Cr, Cu 
EC, OC,  
K, Zn, As, Pb 
PAHs 

 

Indoor-generated particles can either be emitted indoors (primary) or formed through gas-phase 

precursors via condensation reactions (secondary).  However, it is exceedingly difficult to 

generalise indoor particulate matter sources even within the same city, as this predominantly 

depends on human activities in the indoor environment. Barraza et al. 2014, found that the 

socioeconomic status of residences within the same city was significantly associated with 

differences in indoor PM2.5 concentrations. Indoor sources were found to contribute half of the 

measured indoor PM2.5.  Improving indoor air quality via filtration of outdoor air, reducing 

household AER, avoiding indoor smoking or candle burning and controlling fumes generated 

from cooking through proper hood extraction can significantly impact indoor air quality.   
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Figure 1.3 Summary of the main sources of indoor dust for residential homes 

 

1.2.2.1 Tobacco smoke and e-cigarettes 

Tobacco smoke is a significant source of indoor PM2.5.  Studies have shown that indoor PM2.5 

concentrations significantly increase with indoor smoke.  The median indoor PM2.5 levels in a 

study in Beijing residences were higher than outdoor levels for smoking residences for both 

the heating and non-heating seasons (Yang et al. 2018). Moreover, Semple et al. 2012, found 

that the indoor PM2.5 concentrations in Irish or Scottish homes were higher than 35 μg/m3 for 

60.8 % of the sampling time. In this study, smoking was the main contributor compared to the 

other source types, which included coal, wood and peat heating and gas cooking. Other studies 

have shown indoor PM2.5 concentrations increase by more than 30 μg/m3 in consistently 

smoking households (Neas 2000; Wallace et al. 2003).  Indoor source profiles include BC, Cd 

and K and, to a lesser extent, Ca, Fe, Pb and Zn as species derived from smoking (Tunno et al. 

2016).  

 

In recent years, the use of e-cigarettes has gained significant popularity. These are used as an 

alternative to conventional cigarettes. Studies have shown that e-cigarettes show a significant 
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decrease in particulate matter compared to conventional cigarettes, with a 10-fold decrease in 

total exposure to particulate elements being registered (Saffari et al. 2014). Albeit much smaller 

contributions than conventional cigarettes, e-cigarettes still registered concerning emission 

factors for K (7765 ng h–1), Zn (1142 ng h–1) and Pb (96 ng h–1). Ti and Cr were emitted from 

e-cigarette emissions, yet conventional cigarettes did not produce these metals.  Even organic 

species such as ethanal (0.26% that of cigarettes) and methanal (3.4%) showed significantly 

lower contributions to indoor concentrations for e-cigarettes when compared to conventional 

cigarettes, and BC emissions were non-detectable (Ruprecht et al. 2017).   

 

1.2.2.2 Cooking 

Besides smoking, cooking can strongly contribute to residential fine particulate matter 

(Wallace et al. 2003; Li et al. 2016; Huang et al. 2017).  Different cooking modes, such as 

frying/grilling/baking/oven or toaster use, have different particulate emissions. Frying/sauteing 

was shown to be the cooking mode that produced the highest amount of fine particulate matter 

(Wallace et al. 2003).  The fuel used during cooking significantly affects the amount of fine 

particulate matter given off indoors, with lower PM2.5 concentrations in households using 

electric/LPG cooking fuel (Huang et al. 2017).  A 40-70% reduction of indoor PM2.5 was 

registered in suburban residences in China that used gas/electricity for cooking compared to 

those using coal as a fuel (Li et al. 2016; Tunno et al. 2016). Most modern households use 

electricity or gas for cooking, contributing little to indoor fine particulate matter. Cooking 

source profiles include Ca, Fe and Mn and, to a lesser extent, Al and Zn (Tunno et al. 2016). 

 

1.2.2.3 Resuspension of Indoor Dust 

This source of indoor PM2.5 is primarily of outdoor origin when settled dust that has either 

infiltrated indoors or brought indoors on shoes and clothes is resuspended due to various indoor 

activities, such as walking, cleaning, or even air currents generated by ventilation systems. 

Resuspension of indoor dust was found to contain the elements Al, Ca, K, Cu and Fe (Zhao et 

al. 2006; Tunno et al. 2016). The presence of Cu was attributed to the use of electric motors 

such as fans or vacuum cleaners, as these activities would result in the resuspension of indoor 

dust.   
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1.2.2.4 Sources of emergent pollutants 

Perfluorinated compounds (PFCs) and polybrominated diphenyl ethers (PBDEs) are emergent 

persistent organic pollutants (POPs) that have become ubiquitous in the indoor environment 

(Anake and Nnamani 2022) and are known for bioaccumulative effects in addition to their 

adverse health effects including neurotoxicity, thyroid toxicity and cancer (Chen et al. 2019).  

PBDEs are compounds that are covalently bonded to polymer-based products to increase 

ignition resistance, while PFCs are typically used as lubricants and detergent materials. Indoor 

dust, particularly PM2.5, acts as a sink for these POPs due to the large surface area of fine PM. 

Evidently, no source apportionment studies have been carried out so far on these emergent 

pollutants in PM2.5 in the indoor environment.  

 

Four sources of PBDEs in indoor dust in Turkey have been identified using PMFv5. The 

PBDEs sources were the emission of commercial pentaBDE (43%), the commercial use of 

octa- (27%) and decaBDE (14%) and the combination of debromination and insulation (15%), 

thereby suggesting that the best way to reduce indoor PBDEs is to reduce the commercial use 

of pentaBDE (Basaran and Yılmaz Civan 2021). This study acknowledges that measuring these 

POPs in PM2.5 in addition to indoor dust would have enabled a proper measurement of the air 

quality of indoor environments.  Measuring POPs in PM is challenging in terms of sampling 

and analytical measurement (Anake and Nnamani 2022) and even more so for indoor PM2.5.  

Analysing indoor dust for PBDEs resulted in half the analysed PBDEs below the LOD. This 

problem would be exacerbated for indoor PM2.5. 

1.3 Receptor Modelling 

Source apportionment (SA) using receptor models (RMs) enables the identification of pollution 

sources and quantifying the amount each source contributes at the receptor site. The 

fundamental principle of receptor modelling is the mass conservation between the emission 

source and the receptor site.  A chemical mass balance (CMB) analysis can be used to identify 

and apportion sources of atmospheric pollutants. RMs identify sources by solving equation 1.1. 
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𝑥௜௝ = ∑ 𝑔௜௞𝑓௞௝ + 𝑒௜௝         𝑖 = 1,2, … , 𝑛     𝑗 = 1,2, … , 𝑚
௣
௞ୀଵ   Eq. 1.1 

 

𝑥௜௝ = concentration (μg m–3) of PM species j measured in sample i; 

𝑔௜௞ = contribution of source type k to sample i; 

𝑓௞௝ = concentration (μg m–3) of PM species j in source type k; 

𝑒௜௝  = the residual term, i.e. the difference between the measured and the fitted value. 

n = number of samples 

m = number of PM species  

p  = number of independent sources 

      

Several SA models are available, the most common ones being Principal Component Analysis 

(PCA), Unimix, Chemical Mass Balance (CMB) and Positive Matrix Factorisation (PMF).  

RMs use the measured pollutant concentration at the receptor site, although the type of data 

inputs in various models varies.  There are three kinds of input: receptor ambient pollutant mass 

concentrations, source profiles and meteorological data (wind speed and direction).   Extended 

receptor models have been developed to process additional information about the sampling 

period or conditions.  The models would also include information such as seasons, weekdays 

and precipitation (Belis et al. 2013). 

 

Receptor models based on equation 1.1 depend on two main assumptions, although not to the 

same extent. The first assumption is that source profiles do not change significantly over time, 

or if they do change, they do so in a reproducible manner. For example, CMB depends on this, 

while PMF, being a factor analysis, depends on the source profile changing uniformly from 

one sampling interval to the next. The second assumption is that receptor species do not react 

chemically or undergo phase changes during the transport from the emission source to the 

receptor site.  When these assumptions are not fulfilled, then source contributions by the RMs 

may be under/overestimated (Belis et al. 2013).  

 

With models such as PCA, PMF and UNIMIX, little knowledge is required about pollution 

sources before the model can be run.  On the other hand, models such as CMB require 

significant knowledge about pollution sources.  CMB requires source profiles for well-defined 

local sources, which might not be readily available (Belis et al. 2013).  In Malta, there are no 

well-defined source profiles that can be used for CMB.  The clear advantage of CMB is that 
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the dataset can be quite small since the source profiles are provided in the model.  In theory, 

the model can be run for just one sample, although a minimum of fifteen samples is typically 

suggested to increase the statistical performance of the model (Belis et al. 2014a). 

 

1.3.1 Positive Matrix Factorisation (PMF) 

PMF requires little to no knowledge of the pollution sources.  This model does not require any 

a priori knowledge of source profiles, and hence, in cases such as Malta, where no previous 

study has been carried out on local source profiles, PMF is, therefore, superior to CMB. 

 

The solutions require multiple iterations implemented in a computer program, with the most 

used software being the EPA PMF. 

 

𝑄(𝐸) =  ∑ ∑ ൬
௘೔ೕ

ఙ೔ೕ
൰

ଶ
௠
௝ୀଵ

௡
௜ୀଵ = ∑ ∑ ൬

௫೔ೕି∑ ௚೔ೖ௙ೖೕ
೛
ೖసభ

ఙ೔ೕ
൰

ଶ

= 𝑀𝑖𝑛𝑖𝑚𝑢𝑚௡
௝ୀଵ

௠
௜ୀଵ   Eq. 1.2 

 

The residual term (eij) is derived from the difference between xij (the measured amount) and 

the sum of the product for gikfkj (the modelled amount).  Therefore, the main task of the iteration 

is to minimise the Q-value, which is given by the sum of squares of the residual term (eij) 

weighted inversely with the error estimates (σij) of the data points. The Q-value represents the 

goodness-of-fit of the model, and the model carries out iterations to obtain the lowest value of 

Q.  A stable solution to the equation is reached when further iterations to decrease Q prove 

ineffective. Both PMF and CMB require an uncertainty estimation of each data point. 

 

PMF is an advanced factor analysis technique based on the work of Paatero and Tapper (1994).  

It imposes non-negativity constraints in the factor computational process. This receptor model 

has been applied for SA of fine PM in ambient air (Kim and Hopke 2008; Belis et al. 2013; D. 

Cesari et al. 2016; Manousakas et al. 2017) and has also been used for indoor SA (Minguillón 

et al. 2012; Barraza et al. 2014; Molnár et al. 2014; Suryawanshi et al. 2016). 

 

The model can be written as 

 

𝑋 = 𝐺 ∙ 𝐹 + 𝐸 Eq. 1.3 



22 

where the species concentration matrix X (that is, the known n by m matrix for m number of 

PM species in n samples) can be factorised into two matrices, G, the factor contribution matrix 

(given by the n × p) and F, the factor profile matrix (given by the p × m matrix of source 

profiles), where p represents the number of factors extracted.  E is the residual matrix, which 

is the difference between the measured X and the model G × F and hence is the unapportioned 

part.  

 

The source profiles and source contributions provided by the model are not assigned to specific 

sources, and this assessment has to be carried out by the analyst.  Source profiles are assigned 

to probable sources depending on the pollutants present in the source profile and the percentage 

contribution of each pollutant to that source profile.    

 

PCA has frequently been used in air quality to carry out factor analysis. PCA can be used to 

estimate source contributions by carrying out a multilinear regression analysis of the principal 

components against the particulate matter mass.  This method can be used as an exploratory 

tool or to obtain a preliminary picture of source contributions, as other models, such as PMF, 

offer a more robust analysis (Belis et al. 2014; Daniela Cesari, Amato, et al. 2016).  PMF offers 

a significant advantage over factor selection by PCA, as the quantification of source 

contributions with PCA can be more inaccurate.  In PCA, source contributions (in terms of 

mass) are subject to uncertainty due to the absence of the non-negativity constraint. PMF 

restricts all G (or gik) elements and F (fkj) to positive values. On the other hand, in PCA, the 

output could show negative source contributions (in terms of mass), which has no physical 

meaning.  

 

Although PMF offers the advantage of SA without needing a priori knowledge of source 

profiles, several conditions must be met for the model to work effectively. PMF requires a large 

dataset.  The user guide for the PMFv5 manual does not specify the exact number, but it 

suggests using over 100 samples with 10 to 20 species (Norris et al. 2014). Several studies have 

reported that 50 chemically analysed samples are the absolute minimum for PMF (Johnson et 

al. 2011; Belis et al. 2014).  Moreover, increasing the number of species helps reduce 

collinearity between different source profiles.  The need for a large dataset and the chemical 

analysis of multiple species significantly increases sampling and analytical costs.  Typically, a 

minimum of fifteen elements, OC and EC, and NH4
+, SO4

2–, NO3
– and Cl– ions are required to 
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obtain a good mass balance for the model.  PMF also requires significant chemical knowledge, 

as source profiles have to be assigned to sources.  

 

The latest version of the PMF software, PMFv5, uses the Multilinear Engine (ME-2) to 

constrain PMF profiles and contributions.  For example, ratios of F elements/ions such as  

Cl–/Na+ ratios can be used to indicate a particular source, such as sea salt.  Custom expressions 

can be set up to build equations for the F and G elements based on chemical knowledge of the 

aerosols at the sampling site.   These constraints impose external information on the PMF 

solution, forcing the concentration of species in the F matrix or the contributions in the G 

matrix to a known value, thereby reducing rotational ambiguity (Salameh et al. 2018; Scerri et 

al. 2019) and enabling the PMF solution to be solved with a smaller data set.   

 

These recent developments have also been used to validate the use of PMFv5 for smaller 

datasets. A recent case study from a receptor in southern Italy (Scerri et al. 2019) tested the 

PMF source apportionment solution on a small dataset.  The study focused on the 

apportionment of a combined data set from 29 PM10 and 33 PM2.5 samples from a rural site in 

southern Italy. Constraints were added to the factor solution based on knowledge of the 

chemical composition of the aerosols in the affected region.   Known species concentrations 

were forced onto the F matrix, thus solving rotational ambiguity problems. A 5-factor solution 

was resolved for the combined dataset.  These factors were compared with Constrained 

Weighted Non-negative Matrix Factorisation (CW-NMF) and Chemical Mass Balance (CMB) 

models.  Both models gave similar factor contributions to the PMF analysis, with the CW-NMF 

giving the closest results.   

 

1.3.2 Indoor PMF source apportionment studies 

While SA of ambient PM2.5 is well-established (Belis et al. 2013; Hopke et al. 2020), indoor 

SA is still a developing field of study and presents significant challenges when compared to 

ambient SA studies (Saraga et al. 2024).  Ambient PM2.5 concentrations are regulated in several 

countries (U.S.C. 1990; Council directive 2008/50/EC 2008), but indoor PM2.5 is not. Given 

that people spend most of their time indoors, residential, indoor SA studies are becoming 

important as they provide a better quantification of the exposure to PM2.5 than ambient SA 

studies. Compared to ambient air studies, only a limited number of studies have carried out SA 

via PMF on indoor PM2.5, and very few have been carried out in the residential environment.  
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Comparing data from different indoor SA studies is not always easy since the sources' absolute 

and relative contributions may differ as these depend on the indoor environment, building types 

and ventilation, SA method, urban environment, and seasonal and cultural activities. 

Nonetheless, certain important qualitative comparisons can be made, especially on the main 

sources affecting indoor environments from similar indoor and outdoor environments.  A 

summary of indoor residential SA studies is given in Table 1.4 (a) for PMF and (b) for CMB.  

Table 1.5 includes a few SA studies on residential indoor PM2.5
 via PCA and factor analysis.  

 

In a first integrated literature review on source apportionment of indoor air (Saraga et al. 2023), 

127 studies met the review criteria, with 53% being carried out on indoor PM2.5 and 48% of 

the total studies being carried out on residential buildings, followed by schools and universities 

(29%) and office buildings (11%).  Only 31% of the total studies used PMF receptor models. 

Most studies used other SA techniques such as PCA, Multiple Linear Regression (MLR), CMB 

or enrichment factors. The scarcity in indoor residential PMF studies can be mainly attributed 

to the following factors: 

 

1. PMF requires an extensive dataset.  The logistics required to obtain a vast sample size 

and extensive chemical speciation required for PMF, combined with the financial costs 

of such sampling campaigns necessary for PMF SA, make such campaigns 

operationally complex.  The logistical and financial problems are exacerbated when 

sampling is conducted indoors, as such campaigns typically require indoor and outdoor 

environments.  This translates into multiple samplers being installed at the sampling 

site, making the sampling operation more complex, costly, and demanding for staff. 

   

2. Different chemical species are required for a comprehensive PMF solution with 

organic, elemental and ion analysis typically being required.  The analysis normally 

requires more than one filter medium, as quartz filters are required to analyse the 

organic fraction, and PTFE filters are required to analyse the inorganic fraction 

(elements and ions).  Hence, multiple indoor PM2.5 samplers are required. PM2.5 

samplers are bulky and noisy, making it difficult to find residents willing to participate 

in long-term sampling campaigns (Saraga et al. 2024).  

 

3. Another hurdle to indoor PMF SA is intrinsic to the PMF solution.  One of the main 

assumptions of PMF is that source profiles are assumed to be the same across all 
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samples.  The indoor environment has a higher variability of indoor sources, especially 

those related to human activity, such as cooking and cleaning.  Different cooking and 

cleaning methods can generate different profiles, while different lifestyles can affect 

emissions from cleaning and resuspension of indoor dust.  House ventilation can affect 

the infiltration rate and the effect of outdoor sources on indoor air quality. Moreover, 

VOC emissions can vary between households, and the indoor chemistry can affect the 

oxidation potential, generating new SOA (Saraga et al. 2023).  Nonetheless, several 

indoor PMF studies result from combined indoor datasets from several households.  To 

mitigate variability of indoor sources, most of the indoor PMF studies limit the SA to a 

specific indoor environment such as residential homes (Barraza et al. 2014; Molnár et 

al. 2014; Matthaios et al. 2021), schools or office buildings (Saraga et al. 2010; Carrion-

Matta et al. 2019), or else assess specific outdoor effects such as dust events and their 

effect on indoor PM2.5 (Wang et al. 2024). 

 

From the data summarised in Table 1.4a, most of the studies analysed indoor and outdoor 

residential environments, and some were part of personal exposure (PE) campaigns.  All studies 

carried out a gravimetric determination of PM2.5, with several studies carrying out sampling on 

different filter media to analyse the organic and inorganic fractions. Trace metal analysis was 

carried out predominantly with either ICP-MS or XRF. To address the low indoor PM2.5, most 

indoor air samples are usually time-averaged, with 24-h, 48-h and even 96-h time-averages, 

which precludes the identification of peak events. Moreover, data is typically collected from a 

single room, most frequently the living room, which is typically not representative of a whole 

residence or building. 

 

Only a couple of studies measured OC and EC analytically. Many studies measured BC using 

a non-destructive smoke stain reflectometer. In some studies, organic matter (OM) was 

calculated from OC using the empirical relationship, OM = 1.6 × OC (Shang et al. 2019), while 

sulfur analysed using XRF was assumed to be ammonium sulfate (Wang et al. 2024). In fact, 

none of the reviewed indoor residential SA via PMF studies measured ionic content via ion 

chromatography. Some studies had to combine samples or extend the sampling period beyond 

24 hours to collect enough PM2.5 for chemical analysis.  

 

Indoor SA studies show that the outdoor contribution to indoor residential PM2.5 varies 

considerably, from 20% to 85% of the indoor PM2.5 concentration.  The main outdoor sources 
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identified include traffic, sea salt, secondary sulfates, long-range transport, shipping and 

industry.  The outdoor sources were analysed either through separate SA of the indoor and 

outdoor datasets or by combining indoor and outdoor datasets into one (Minguillón et al. 2012). 

 

Most studies identified Smoking or Environmental Tobacco Smoke (ETS) as a PM2.5 source, 

with contributions ranging from 2 – 10% of the indoor PM2.5 concentration. In the absence of 

PAH (such as benzo(k)fluoranthene, benzo(ghi)perylene) analysis, ETS could not be resolved 

as an individual source profile and was typically combined with other indoor sources (Barraza 

et al. 2014; Matthaios et al. 2021),  with high levels of potassium used as a marker for ETS. A 

PMF source profile in a SA study in Massachusetts, USA, was labelled Fireworks & ETS due 

to the elevated levels of K, Ba and Sr in the profile and the higher contributions of this source 

profile during the first week of July (Matthaios et al. 2021). In Santiago, Chile, cooking and 

ETS were combined as a single source profile (Barraza et al. 2014).  In this study, the 

occupants’ activity record assisted in identifying the presence of ETS in the source profile.  

Box plots were constructed for each indoor source contribution against a categorical variable 

that was 1 or 0, depending on the presence of smokers inside the household. One source profile 

showed a shift to higher concentrations for households with smokers. 

 

Cleaning or cleaning combined with cooking (10 to 53%) are also recorded as indoor sources.  

Such sources are identified by high OC and high levels of Zn and Ca in the source profiles.   

Cleaning is typically identified by higher levels of Cl in the source profile (Barraza et al. 2014; 

Saraga et al. 2023). Cooking and combustion sources require further analysis of PAHs and 

VOCs to identify specific cooking and combustion sources.  CMB, with the use of a priori 

source profiles is commonly used to identify specific indoor sources. 

 

Indoor dust or indoor resuspension is also identified as a main contributor to indoor PM2.5 (7 – 

51%).  This indoor source results from outdoor infiltration or dust brought indoors adhered to 

shoes and clothing, which is then resuspended via indoor activities. The source profile is 

typically identified from the abundance of crustal elements (Si, Ca, Fe, Al and Ti), although 

indoor dust resuspension represents higher percentages of PM10 concentrations when compared 

to PM2.5 (Qian et al. 2014). Given the outdoor origin of the resuspended dust, it is not easy to 

identify indoor resuspension from outdoor dust based solely on the source profile.  Separate 

identification is typically possible when both outdoor and indoor SA are carried out, and the 

indoor elemental source profile lacks correlation with the outdoor sources (Molnár et al. 2014). 
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Table 1.4a Summary of PMF studies for indoor residential PM2.5 

Study Results 

References 
Receptor 

Period of 
Study 

Type of 
Study 

Chemical 
species 

analysed 
Analysis 

I-O 
concentrations 

(µg m−3) 

Indoor PMF source contribution 
to PM2.5 as % (µg m–3) 

North Carolina 
(USA) 

June 2000  
to 

 May 2001 

I-O 
residential 

PE 
(non-

smoking) 
 

PM 
 

OC-EC 
 

Elements 

Gravimetric 
 

TOA 
 

EDXRF 

 Soil                                     3.7 
Traffic                                 9.4 
Secondary sulfate               22.5 
Secondary nitrate               4.7 
ETS                                    10 
Personal care & activity     19.1 
Cooking                              53.6 
Cu factor                             1.2 

(Zhao et al. 
2006) 

Gothenburg*  
(Sweden) 

2002 
April 2nd –

June 7th  
Sep 26th –

Nov 6th 
 

2003 
March 27th 
–June 12 th  

October 
7th – 30th 

I-O 
residential 

PE 
 

PM2.5 
 

BS 
 
 

Elements 
 

PMrest 

(59%) 

Gravimetric 
 

Smoke Stain 
Reflectometer 

 
EDXRF 

 
Calculated 

Outdoor 
7.8 

 
Indoor 

9.7 
 
 

LRT                                8 (0.8)    
Marine                            5 (0.5) 
Traffic                            22 (2.2) 
Soil resuspension           4 (0.4) 
Indoor resuspension       51 (5) 
Indoor Cu                       5 (0.5) 
 

(Molnár et al. 
2014) 
 

Barcelona† 
(Spain) 
 

Nov 2008  
to 

 Nov 2009 
 

I-O 
residential 

PE 
(pregnant 
women) 

PM2.5 
 

BS 
 

Major &  
trace 

elements 
 

PAHs 

Gravimetric 
 

Smoke Stain 
Reflectometer 

 
ICP-AES 
ICP-MS 

 
GC-MS 

Outdoor 
20 
 

Indoor 
24 
 
 

Sulfate                            10 
FO + sea salt                   2 
Mineral (Crustal)            5 
Smoking                          2 
Traffic                             4 
Industry                           1 
Unassigned                     75 

(Minguillón et al. 
2012)  
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Study Results 

References 
Receptor 

Period of 
Study 

Type of 
Study 

Chemical 
species 

analysed 
Analysis 

I-O 
concentrations 

(µg m−3) 

Indoor PMF source contribution 
to PM2.5 as % (µg m–3) 

Massachusetts 
(USA) 

2006 - 
2010 

Indoor 
residential 

PM2.5 
 

BC 
 
 

Elements 

Gravimetric 
 

Smoke Stain 
Reflectometer 

 
EDXRF 

Indoor 
7.64 

Indoor mixed dust              17 
Salt aerosol                         14 
Fireworks and ETS             7 
Outdoor pollution                62 

(Matthaios et al. 
2021) 
 

Santiago 
(Chile) 

2012 
Nov 2nd –
June 7th 

 

I-O 
residential 

PM2.5 
 

OC-EC 
 
 

Elements 

Gravimetric 
 

TOT 
(NIOSH870) 

 
XRF 

Outdoor 
18 
 

Indoor 
21 

Sulfates                             16    
Cooking and ETS             28 
Traffic                               26 
Cleaning and cooking       11 
Indoor dust                        7 
Street dust                         13 

(Barraza et al. 
2014)  

Cyprus  2019 -2021 
Feb – June 
Sep – Dec 

 

I-O 
residential 

 
PM2.5 and 

PM10 

PM2.5 
 

BC 
BrC 

 
 
 

Elements 

Gravimetric 
 

SootScan 
Optical 

Transmisso-
meter 

 
XRF 

Outdoor 
15.1 

 
Indoor 
13.8 

SS                                      48 
Ca rich particles                31.9 
Biomass burning               10.4 
Traffic                                5 
Mixed factor                       4.7 
 

(Wang et al. 

2024) 

Notes:   *Calculated as not given directly in the study 

† The high percentage of unassigned mass is mainly because this study did not analyse ions. 
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Table 1.4b Summary of CMB studies for indoor residential PM2.5 

Receptor 
Period of 

Study 
Type of 
study 

Chemical 
species 

analysed 
Analysis 

I-O 
concentrations 

(µg m−3) 

Indoor CMB source contribution 
to PM2.5 as %  

 
References 

Hong Kong††  Oct 1999 – 
March 
2020 

 

Indoor 
residential 

 
PM2.5 and 

PM10 

Elements PIXE  Smoking                            6.7 
Cooking                            68.1 
Incense burning                5.8 
Human activities              13.2 
Outdoor                            31.9                         
 

(Chao and Cheng 
2003) 
 
 

Los Angeles††† 
(USA)  

Summer 
2005 – 
Winter 
2006 

I-O 
Retirement 

homes 

PM2.5 
 

92 organic 
compounds 

 
Elements 

 
WSOC 

 
 
 

OC-EC 

Gravimetric 
 

GC-MS 
 
 

ICP-MS 
 

Sievers TOC 
analyzer 

 
Semi-

continuous 
OC-EC 

analyzers 

Outdoor 
22−27 

 
Indoor 
16−23 

Vehicular                             39       
Shipping                               1 
Other WSCOC                     6 
Sulfate                                  18 
Wood smoke                        3 
Resuspended dust                11 
Other WIOC                        20 

(Hasheminassab et 
al. 2014) 
 
 

Notes:   †† Results are from a 96h averaged sampling period. 

  ††† Five filters were combined for the GC-MS.  
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Table 1.5 Source contributions from factor analysis of indoor residential PM2.5 

Study Results 

References 
Receptor 

Period of 
Study 

Type of 
Study 

Chemical 
species 

analysed 
Analysis 

I-O 
concentrations 

(µg m−3) 
Percentage variance 

Braddock and 
Clairton 
(USA) 

2011 
July 25th − 

Sep 13th 
 

2012 
Jan 30th − 
March 5th 

Indoor 
PE 

residential 
(asthmatic 

cohort) 

PM2.5 
 

BC 
 
 

Elements 
 

NO2 

Gravimetric 
 

Smoke stain 
Reflectometer 

 
ICP-MS 

 
Passive 

sampling 
UV-VIS 

Indoor 
Summer 

25.8 
 
 
 
 
 

Winter 
18.9 

 

Summer 
Smoking, Cooking and  
Steel Making                              40 
Motor Vehicle, smoking            20 
Coal, Braking                             12 
Cooking                                      7 
Coal                                            5 
 
Winter 
Cooking                                      48 
Smoking                                     18 
Cooking                                      12 
Coal, Brake tyre                           6 

(Tunno et al. 
2016)  
 
 

Beijing 
(China) 

2013 
August –
October 

 
Nov–March 

(2014) 

I-O 
residential 

PM2.5 
 

Elements 

Gravimetric 
 

ICP-MS 

Outdoor 
72.5 

 
Indoor 
57.6 

Combustion                          22 
Traffic                                   21 
Cooking                                14 
Dust and soil                         11 
Smoking                                9 

(Yang et al. 
2018)  
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1.4 Extraction and Analysis of Trace Metals in PM2.5 

Quantifying trace metals in indoor fine fractions, PM2.5 and PM1, poses analytical challenges 

as small amounts of PM are collected from 24-hour samples when operating low-volume 

samplers. Increasing the sampled volume via high-volume samplers is usually not possible as 

these samplers are not practical for many indoor environments. Indoor PM2.5 samples typically 

contain less than 500 µg of particulate mass and are usually associated with low elemental 

concentrations for most analytes due to lower indoor emissions. These drawbacks could be 

compensated with longer sampling times, resulting in a lower time resolution, which averages 

out peak events even further. Traditional analytical methods using Energy Dispersive X-ray 

Fluorescence Spectrometry (ED-XRF) have been used effectively for the elemental 

composition of PM (Mazzei et al. 2008; Scerri et al. 2018; Seibert et al. 2020).  This technique 

offers the advantage of little sample manipulation and, hence, high sample throughput; 

however, such methods suffer from relatively high detection limits, making them unsuitable 

for detecting trace or ultra-trace quantities. 

 

ICP-MS coupled with microwave-assisted acid digestions can provide a reliable elemental 

analysis at trace levels required for environmental samples of PM2.5 (Kulkarni et al. 2007; Celo 

et al. 2010; Manousakas et al. 2014).  ICP-MS offers the advantage of detection limits in the 

trace (µg L–1) and ultra-trace (ng L–1) levels, a wide dynamic range and multi-elemental 

analysis together with high sample throughput.  Most ICP-MS systems are equipped for liquid 

sample introduction, thus requiring digestion of the PM.  Several digestion techniques are 

available, including hot acid digestion and microwave-assisted acid digestion. Microwave 

digestion offers the advantages of a closed system with rapid (20 - 60 minute) digestion cycles 

at high pressure (16 to 20 atm) and hence is preferred over longer hot acid digestion at 

atmospheric pressure.  The acid combination used depends on the sample matrix and elements 

of interest.  Mixtures of concentrated mineral and oxidising acids have been used, including 

HNO3, HNO3/H2O2, HNO3/HCl, HNO3/HF and HNO3/HF/H3BO3. The HNO3/HF/H3BO3 

mixture has been shown to provide near-total digestion of most elements, even in the presence 

of aluminosilicate matrices and refractory compounds (Karthikeyan et al. 2006; Celo et al. 

2010; Manousakas et al. 2014). 
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The standard method for measuring Pb, Cd, As and Ni in the PM10 fraction of suspended PM 

is UNI EN 14902:2005, and uses a HNO3 (70% w/v) and H2O2 (30% w/v) mixture in a 4:1 

ratio.  Including hydrogen peroxide increases the oxidative potential of the mixture and 

deoxidises NOx back into nitrate.  This reaction has the added benefit of reducing the pressure 

generated by the digestion of organic matter present in the PM sample, which could be 

significant in PM10 samples, thus avoiding overpressure in the digestion vessel.  The downside 

is that H2O2 introduces potential contamination from Al, Mg, Zn, Fe, and Na present in 

commercially available 30–50% H2O2, which would increase the detection limit for these 

elements. Hence, using hydrogen peroxide is not desirable in the digestion of indoor PM2.5 

samples. 

 

Certain acids in the digestion matrix could compromise the ICP-MS analysis due to the 

formation of species with m/z ratios that could mask elements of interest.  Hydrochloric acid 

is avoided in ICP-MS analysis due to polyatomic chloride interferences (Karthikeyan et al. 

2006).  The use of hydrofluoric acid is therefore required for near-total digestion.  HF achieves 

the decomposition of silicate matrices by converting them into H2SiF6.  Even when used in 

excess, the loss of volatile fluorides, BF3, SiF4 and SeF4 is typically unavoidable.  High 

digestion acid concentrations introduce matrix-related interferences and increase the corrosion 

of ICP-MS parts, most importantly the skimmer cones. Therefore, samples analysed by ICP-

MS typically require dilution to keep the concentration of digestion acids as low as possible.  

High quantities of HF, whilst providing near-total digestion and effective means to quantify 

elements such as K, Ti, Al, Sb and Cr, require specialised HF-resistant sample introduction 

systems.  Minimising the amount of HF used in the digestion procedure is desirable as this 

avoids using specialised equipment.   

 

Elements such as K, Al, Ti and Sb are important for identifying sources such as Saharan dust 

events and fireworks in the Central Mediterranean (Camilleri 2008; Scerri et al. 2018).  High 

recovery efficiencies for these elements are therefore required.  On the other hand, several SA 

techniques, such as PMF, require the analysis of hundreds of samples, and fast, reliable 

digestion techniques with minimal acid use are essential.   

 

Studies (Lee et al. 2003; Celo et al. 2010) have shown that nitric acid alone was unsuitable for 

the effective analysis of some metals of interest, including K, Ti, Al and Sb. Hence, the 

investigation into a microwave-assisted acid digestion procedure that would give the best 
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elemental extraction from PM2.5 deposited on PTFE filters whilst maintaining low detection 

limits is desirable.  The optimal mixture of nitric, hydrofluoric and boric acids that provides 

near-total digestion at the lowest detection limits requires further investigation. 

 

1.5 Modelling PM2.5 Using Machine Learning Algorithms 

1.5.1 Introduction 

Machine Learning (ML) uses advanced computer algorithms that enable computers to learn 

from and make decisions based on data, and these data-driven models have been rapidly 

developing and applied in air pollution research (Y. Li et al. 2023).  These data-driven 

algorithms constitute statistical techniques that rely on historical data to predict future values.  

ML modelling techniques have been recently adopted to capture the complex relationships with 

the data due to their ease of use and low computational resources (Yuchi et al. 2019; Du et al. 

2021; Gu et al. 2021; Kumar et al. 2022).  

 

There are two primary categories in machine learning: supervised and unsupervised learning. 

In supervised learning, the objective is to fit a model that relates the response to the predictor 

as accurately as possible to make future predictions about the response or else to understand 

the relationship between the response and the predictors (James 2013).  Many classical machine 

learning algorithms, such as linear and logistic regression, fall under this category.  Modern 

supervised algorithms include the Generalised Additive Model (GAM), Tree-Based models 

(Random Forest and Boosting), and Deep Learning algorithms such as Support Vector 

Machines (SVM).  

 

On the other hand, unsupervised learning deals with algorithms without a response variable 

that can supervise the analysis. That is, there is no specific response variable to predict, and 

hence, there is no predefined outcome. Clustering (such as K-Means Clustering and 

Hierarchical Clustering) and PCA are examples of unsupervised learning. Modern neural 

networks such as Autoencoders are also unsupervised machine learning algorithms.  A study 

evaluated two clustering algorithms, k-means clustering (kMC) and spectral clustering (SC), 

as potential receptor models for SA in comparison to PMF (Kumar et al. 2022). The application 

of kMC produced unsatisfactory results compared to PMF, but SC showed a statistically 
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significant correlation with the PMF results. The authors noted that these data-driven 

algorithms require large datasets for training the model, and accuracy improves with an 

increase in the size of the available data. Hence, they are not very useful for smaller datasets. 

 

An increased frequency of ML modelling applications, particularly for PM2.5 after 2017, has 

been recorded (Y. Li et al. 2023). Most research involving modern ML models to predict or 

understand PM2.5 have mainly focused on supervised machine learning algorithms, specifically 

Tree-Based models (Brokamp et al. 2017; Chen et al. 2018; Y. Zhang et al. 2020; Wang et al. 

2022; Zhang et al. 2022).  Although Linear Regression (LR) has been widely used to calculate 

and predict the variability of air pollutants and has been used to predict the concentrations of 

various pollutants at several locations (Wanget al. 2013; Huang et al. 2018; Gu et al. 2021; 

Lesar and Filipčić 2021; Gulati et al. 2023), these models are limited to linear relationships 

between the predictor variables and the response variable, and yet, many atmospheric 

interactions are complex and nonlinear (James 2013; Wang et al. 2022).  GAM is an extension 

of linear regression but introduces flexibility in the model to allow for the modelling of more 

complex relationships.   On the other hand, in Tree-Based models, the model is trained on the 

training data via an ensemble of decision trees that can handle nonlinear relationships between 

the predictor variables and the response variable.  One significant advantage of algorithms such 

as Random Forest (RF) or Extreme Gradient Boosting (XGBoost) is their capacity to 

comprehend intricate and nonlinear correlations between independent variables and the 

response variable, even with limited training data (Brokamp et al. 2017). 

 

Moreover, Tree-Based models are less of a “black-box” method when compared to Artificial 

Neural Networks (ANNs), as the learning process can be more easily explained, investigated, 

and interpreted.  They have been shown to offer superior performance compared to 

conventional statistical and air quality models, and they achieve this by minimizing 

variance/bias and errors in datasets with many predictor variables (Y. Zhang et al. 2020).  Deep 

learning has been used for PM2.5 prediction, including deep neural network, long and short-

term memory (LSTM), and convolutional neural network (CNN) algorithms, although missing 

values, which can be quite high in air sampling campaigns (Joharestani et al. 2019), are a 

challenging problem with some deep learning methods such as LSTM and CNN. 
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1.5.2 Modelling Indoor PM2.5 

Research has demonstrated that residential PM2.5 concentrations serve as an effective substitute 

for personal exposure, especially for vulnerable populations who predominantly remain 

indoors (Klepeis et al. 2001), and can assist in accurately assessing PM2.5 exposure, thereby 

minimizing exposure measurement errors in epidemiological studies. Although direct 

measurement of indoor PM2.5 concentrations yields the most precise data, such methods are 

labour-intensive and expensive, rendering them impractical for large-scale studies. Moreover, 

modelling indoor PM2.5 concentrations using chemical models is complicated when applied on 

a large spatial scale. Chemical models use chemical laws to model the concentration of PM2.5 

from the chemical processes that generate particles. The multiple and nonlinear interactions are 

complex and challenging, requiring a detailed emissions inventory, which usually varies at 

different sampling locations (Pan 2018; Dai et al. 2023).  Consequently, data-driven models 

constitute statistical techniques that rely on historical data to predict future values, and these 

approaches can enhance the limited availability of direct indoor PM2.5 measurements. 

 

In recent years, besides the modelling of outdoor PM2.5 (Feng et al. 2015; Chen et al. 2018; Pan 

2018; Ma et al. 2020), several studies have investigated the use of modern ML algorithms to 

predict indoor residential PM2.5 concentration (Ryan et al. 2015; Yuchi et al. 2019; Xu et al. 

2020; Men et al. 2023; Yu et al. 2024). While most studies focused on estimating hourly indoor 

PM2.5, the study by Yuchi et al. 2019 predicted weekly indoor PM2.5 concentrations, with most 

of the studies conducted in Chinese cities.  All these studies investigate residential indoor PM2.5 

except for Yu et al. 2024 in Australia, which considered both commercial and residential 

environments.  

 

Most of these studies measured indoor PM2.5 concentrations using low-cost sensors to obtain a 

large dataset. Typically, 20 – 40 residences were investigated, but two studies sampled more 

than 500 households, which would have been near impossible with particle spectrometers that 

are typically used at ambient monitoring stations as this equipment is bulky and expensive.  

Hence, the use of low-cost sensors was deemed necessary for these studies. Typically, low-

cost sensors approximate PM2.5 concentrations as these sensors tend to show lower accuracy at 

high PM concentrations, low temperatures (<10 oC), and high humidity (>65%).  In the study 

by Xu et al. 2020, concurrent gravimetric PM2.5 sampling was carried out, and a five-day 

weighted mass concentration was used to post-correct the hourly light scattering PM2.5 
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concentrations.   As for outdoor PM concentrations, some studies used official data from the 

closest ambient monitoring stations (Yu et al. 2024) or used the same low-cost sensors (Xu et 

al. 2020; Men et al. 2023). 

 

All studies requested the participants to answer a standardized structured questionnaire, 

including questions about building age and size, floor level, ventilation type, number of 

inhabitants, combustion methods used for cooking and/or indoor heating, and the occurrence 

of indoor smoking.  This information and meteorological parameters (outdoor and indoor 

temperature and relative humidity and air pressure) were used as potential predictor variables 

in the models to determine indoor PM2.5 concentrations.  RF was the most common ML 

algorithm used, and the PM2.5 predictions obtained from RF were typically compared to those 

obtained when the same dataset was analysed using MLR.  

 

Although MLR offers a simple methodology and ease of application, RF regression provides 

the advantage of not requiring any assumptions about data distribution. MLR, however, 

necessitates a linear relationship between the predictor and response variables. Furthermore, 

the response variable in MLR must follow a normal distribution and must also satisfy the 

homogeneity of variance (Yuchi et al. 2019; Shi et al. 2023). These stringent requirements for 

MLR are frequently unmet, as numerous chemical and meteorological processes contributing 

to the formation of indoor PM2.5 exhibit non-linear relationships. Most studies reported that 

regression RF models performed much better and gave predicted indoor PM2.5
 concentration 

with higher R2 values and lower root mean square error, RMSE compared to MLR.  RF models 

also provided better predictions in the Personal Air study (RIOPA), where both LR and RF 

methods were used to predict elements in 48-h personal PM2.5 samples using indoor/outdoor 

concentration and house characteristics (Ryan et al. 2015).  

 

Even though RF regression models outperformed MLR models, they still struggled to 

accurately predict extreme concentrations (Wang et al. 2022). Nonetheless, RF regression 

models and other modern machine-learning algorithms warrant further investigation. These 

advanced modelling techniques hold potential for the quantitative estimation of indoor PM2.5 

exposure in large-scale studies. 
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2.1 Introduction 

This chapter will detail the methodology used for the two sampling campaigns carried out in 

this study.  The first part covers the sampling campaign for the daily sampling of PM2.5 from 

23/06/2018 to 24/06/2019 at an urban background site in Malta.  This will include the 

gravimetric analysis of PM2.5, the microwave digestion and ICP-MS elemental analysis of 

indoor and outdoor samples, and the validation of the microwave digestion procedure.  The 

extraction and analysis of ionic species in indoor samples via ion chromatography and the OC-

EC analysis of indoor samples via thermal-optical transmittance are also included. The data 

derived from this campaign was used for the SA of PM2.5 via PMF.  The second part covers 

the sampling campaign for the continuous indoor and outdoor PM measurements from 

01/01/2021 to 15/05/2024 at several residences in Malta and Gozo. The data was used to predict 

indoor PM2.5 using machine learning algorithms. 

 

2.2 Daily PM2.5 Sampling at an Urban Background Site in 

Malta 

2.2.1 Equipment used for daily PM2.5 sampling and analysis 

Single filter low volume air samplers – (Leckel LVS-3): These samplers can maintain a 

constant flow rate of 2.3 m3 h–1.  The flow rate is controlled by means of a temperature-

compensated orifice plate according to Bernoulli’s law, and conversion into the operating 

volume flow (m3 h–1) is performed according to the gas law.  These samplers were calibrated 

according to standard EN12341.   

Sequential low volume air samplers – (Leckel SEQ 47/50): The samplers operate in the same 

manner of the LVS-3 model but with automatic changing of filters.  The filter cassette holds a 

maximum of 16 filter cassettes.  Once the sampling period finishes, the sampled filter is 

immediately transferred to a refrigerated stack inside the sampler and kept at a temperature of 

< 10 oC. 

PM2.5 inlet – (Leckel).  This inlet conforms to CEN standard EN12341 for PM2.5 monitoring.    

Volumetric flow laboratory calibrator – (BGI TetraCal). Volumetric flow rate calibrator used 

to calibrate the LVS. 

Weather station – (Davis Vantage Vue Indoor and Outdoor weather station).   

Microbalance – (Mettler Toledo XP2U with a readability of 0.1μg).   
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Standard weights – (Mettler Toledo 100 mg F1 wire weight).   

RH and humidity monitor – (Extech, SD800).   

Air handling system – (Airedale, EasiCool).   

Microwave digester      – (Milestone, EthosUP with SK-15 rotor and 7ml PFA microvessels).   

ICP-MS – (Perkin Elmer) 

Lab OC-EC Aerosol Analyser – (Sunset) 

Petri slides – (Millipore) 

 

2.2.2 Site selection 

The Maltese Islands are an archipelago located in the central Mediterranean Sea. The 

archipelago is geographically small (316 km2) and densely populated (ca. 500 000), with the 

two largest inhabited islands being Malta and Gozo. 

 

The sampling was carried out in a three-storey building occupied by three residents in 

Birżebbuġa, a village of approximately 10,000 residents, located in the southeastern part of 

Malta (Figure 1) at an urban background site.  The building is located on the outskirts of the 

village, in a residential area comprised of two to three-storey buildings. No retail or industrial 

activity is carried out in the vicinity. The roads in the area are two-lane residential streets with 

parking allowed on either side of the street. The area around Birżebbuġa was deemed to be an 

urban background site since its pollution level is not significantly determined by any single 

source.  Such a description of the built conglomeration was used in an assessment report of air 

quality in Malta (Stacey and Bush 2002). Urban background sites represent the integrated 

contribution from many sources, including all upwind sources. The Malta International Airport 

(at Gudja) lies at approximately 2 km northwest of the site.  The liquified natural gas (LNG)-

fired power station (at Delimara) and a transhipment hub (at Birżebbuġa port) are in an easterly 

and south-easterly direction at 1.5 and 2 km, respectively.  
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(a) 

 

(b) 

Figure 2.1 (a) Map indicating the geographic location of Malta and (b) showing the 
Birżebbuġa sampling site in relation to the Malta International Airport (MIA), the 
Transhipment hub and the LNG-fired power station. 
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The sampling site is situated downwind of most anthropogenic and natural pollution sources in 

Malta, considering the prevalent north-westerly winds and should, therefore, be an ideal 

representative of the pollution exposure for the general urban population. 

 

2.2.3 PM2.5 sampling procedure 

Indoor and outdoor PM2.5 sampling were carried out concurrently.  Indoor PM2.5 was collected 

using two single-filter low-volume air samplers (Leckel LVS-3) in the residence's living room.  

The living room is connected to the kitchen and dining room via a small window of 0.3 m2.  

One sampler was loaded with PTFE filters (Whatman, PM2.5 air monitoring membrane), and 

the other was loaded with quartz fibre filters (Whatman, QM-H, 47 mm).  

 

 

Figure 2.2 Schematic diagram of the Birżebbuġa sampling site detailing the position of the 
samplers and weather stations. 

 

Outdoor PM2.5 was collected using a sequential low-volume air sampler (Leckel SEQ 47/50) 

placed on the terrace on the first floor of the residence and located at least 1.5 m from the 

adjacent walls, as shown in Figure 2.2.  Both indoor and outdoor samples were stored at a 

temperature of < 10 oC prior to final weighing. 
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The samplers were located within a 3 m vertical distance from each other within the residence. 

The vertical variation of PM2.5 concentrations was studied over a 65 m elevation (Zauli Sajani 

et al. 2018).  The study recorded a slight gradient with a 4% decrease in PM2.5 concentrations 

in winter at the highest sampling point.  This decrease went up to 11% in summer, and the 

difference was statistically significant.  PM2.5 values within the first 15 m of elevations were 

less than 4% different and statistically insignificant.  Based on this information, any differences 

in the data collected by the two samplers at the Birżebbuġa sampling site should not be related 

to the difference in elevation between them.  

 

The sampling campaign was conducted between June 2018 and June 2019, and 159 days were 

sampled. The 24-hour sampling started at midnight three times a week. Sampling was 

conducted on Mondays, Thursdays and Saturdays (except for the Santa Maria festival in mid-

August 2018, where sampling was done daily from 13th to 16th August).  

 

2.2.4 Meteorological data 

Indoor and outdoor weather data, including non-sampling days, were collected during the 

whole period.  The data included wind speed, wind direction, and rainfall. Less than 10% of 

the sampling days experienced more than 5 mm of rainfall; hence, there were not enough data 

points to assess the impact of rainfall on indoor PM2.5.   During sampling days, residents kept 

a daily log of indoor activities such as cooking, heating/cooling, cleaning, smoking, and the 

opening or closing of outdoor windows. A summary of these activities is given in Table A.1. 

 

2.2.5 Gravimetric analysis 

PTFE filters were conditioned and weighed following the weighing parameters detailed in EN 

12341:2014 (CEN 2014).  The weighing room temperature was set at 19 oC to 21 oC, and the 

relative humidity was maintained at 45% to 50%.  The weighing procedure is detailed in Table 

2.1. 
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Table 2.1 Weighing procedure for PTFE filters 
Weighing Result Conditioning 

period 
Acceptance criteria 

Prior to 
sampling 

First weighing mu,1 ≥ 48 h  
Second 
weighing 

mu,2 ≥ 12 h │mu,1 – mu,2│≤ 40 μg 

 All samples fulfilled this condition.  The 
unsampled mass filter mass, ms, was taken 
as the average of mu,1 and mu,2. 

After 
sampling 

First weighing 
of sampled 
filter 

ms,1 ≥ 48 h  

Second 
weighing of 
sampled filter 

ms,2 ≥ 24 h │ms,1 – ms,2│≤ 60 μg 

 All samples fulfilled this condition.  The 
sampled mass filter mass, mc, was taken as 
the average of mc,1 and mc,2. 

 

Weighing room blanks and field blanks were kept and analysed as per EN 12341:2014.  All 

field blanks registered a mass difference of ≤ 60 μg before and after sampling. 

 

The PM2.5 concentrations were calculated according to the formula: 

2.5 .
s u

PM
a

m m
C

t



 Eq. 2.1 

 

c  =  PM2.5 concentration in μg m–3, where the volume is taken at ambient conditions near 

the inlet during sampling. 

ms =  sampled filter mass in μg 

mu =  unsampled filter mass in μg 

φa =  the flow rate at ambient conditions in m3 h–1 

t =  sampling time in h 
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2.2.6 Filter analyses 

Microwave-assisted acid digestion was carried out on the PTFE filters, and the digest was 

analysed by ICP-MS to calculate the concentrations of Al, As, Ba, Ca, Cu, Cr, Fe, K, Mg, Mn, 

Na, Ni, Pb, Sb, Sr, Ti, V and Zn. ICP-MS analysis was conducted at the School of Geography, 

Earth and Environmental Studies,  University of Birmingham, UK. 

 

Quartz fibre filters were split in half, and one half was sent to the Wisconsin State Lab of 

Hygiene, Madison, USA, for OC-EC analysis using thermal-optical transmittance while the 

remaining half of the sampled QF filters were used for ion chromatography (IC) analysis of 

PM2.5, which was carried out at the Water Quality Analysis Laboratory, University of New 

Hampshire, Durham, USA. 

 

2.2.7 Microwave digestion and ICP-MS analysis 

2.2.7.1 Reagents and materials 

Deionised water with a resistivity higher than 18.2 MΩ∙cm (Elga Purelab system) was used for 

this work.  Concentrated hydrofluoric acid (48% w/v, Honeywell, TraceSELECT), 

concentrated nitric acid 68% w/v (Honeywell, TraceSELECT) and boric acid (99.9999%, 

Merck, Suprapur) were used directly without any purification.   NIST standard reference 

material (SRM) 1648a Urban PM (SRM 1648A 2015) was used in this study, and it was 

handled, stored and used as per instruction in the certificate of analysis. The ICP-MS 

calibration standard solutions were prepared via dilution of 1 mg L–1 standards for ICP-MS or 

1000 mg L–1 standards for ICP (Sigma Aldrich, TraceCERT).   

 

2.2.7.2 Validation of the Digestion Procedure 

Microwave-assisted acid digestion of the PTFE filters was carried out using a closed-vessel 

microwave digestor (Ethos UPTM, Milestone).  The oven is equipped with a 2.45 GHz 

microwave supply of 0 – 1.8 kW output and a 15-position rotor for 100 mL PTFE vessels. Acid 

digestion was carried out using 7 mL PTFE ultra-trace inserts.  Each 100 mL PTFE vessel was 

equipped with a PTFE ultra-trace insert holder capable of carrying three PTFE ultra-trace 

inserts, increasing the sample throughput threefold.  Digestion can be carried out with 2 – 3 

mL of acid in the ultra-trace insert compared to a minimum of 10 mL for the 100 mL vessels, 

which allows for a fast, reliable digestion method with minimal losses and low detection limits.  
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The internal pressure and temperature were monitored in a control vessel equipped with 

pressure and temperature sensors.  The external temperature of each vessel was monitored via 

an IR sensor to check for any runaway reactions in any of the vessels. 

 

This validation aimed to identify the acid digestion procedure that would give the best 

elemental extraction from PM2.5 PTFE filters whilst providing the lowest limit of detection 

(LOD). This study used the Ethos UPTM multiple ultra-trace insert system to compare three 

digestion procedures.  This system allows rapid digestion of multiple samples within the 

standard microwave digestion rotor.  The efficiency of tested procedures was evaluated by 

digesting SRM 1648a.  The selected method was then applied to 318 PM2.5 samples.  Multiple 

digestions using the SRM 1648a and the selected method were carried out to confirm the 

selected method's robustness. 

 

Methods similar to those proposed by (Lee et al. 2003; Kulkarni et al. 2007; Celo et al. 2010) 

were optimised for our laboratory equipment and conditions to identify the optimal acid 

digestion procedure.  The use of highly corrosive hydrofluoric acid was minimised to maintain 

the final concentration of HF below 0.1% v/v: this enables the use of standard quartz ICP 

torches for the analyses of the digests without significant damage to the equipment. The 

digestion methods used are described in Table 2.2. To establish the most suitable method for 

PM2.5 samples, SRM 1648a dust was digested with different acid mixtures, and the percentage 

recoveries for each element were calculated.    

 

Approximately 5 mg of SRM 1648a were weighed on a microbalance (Mettler Toledo, Model 

XP2U Ultra Micro Balance) using a weighing paper.  The powder was then transferred to a 7 

mL PTFE ultra-trace insert. Although this sample size is much smaller than 100 mg as 

recommended by NIST, it has been shown to provide good analytical reproducibility (Celo et 

al. 2010). The ultra-trace inserts were then transferred to a fume cupboard, and 2.5 mL of 69% 

v/v HNO3 were added using a pipette.  Three different digestion methods were tested. The 

volume of acid added to each ultra-trace insert and the digestion cycles are detailed in Table 

2.2.  Before digestion, for methods 2 and 3, the corresponding volume of 50% v/v hydrofluoric 

acid was added to each ultra-trace insert using a pipette.  The ultra-trace inserts were capped, 

and a sample holder loaded with three ultra-trace inserts was lowered in the 100 mL PTFE 

vessel, which was pre-filled with 15 mL of deionised water.  Immersion in this “water blanket” 

ensures a stable and gradual increase in temperature inside the ultra-trace insert.  The small 
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volumes of acid used in the ultra-trace insert are prone to develop hotspots.  The water blanket 

around the ultra-trace insert avoids this.   The 100 mL PTFE vessels were covered, placed in 

the protection shields and tightened using a torque wrench. Each vessel was ramped to 200 oC 

in twenty minutes and kept at 200 oC and 16 bar for another twenty minutes.   

 

Table 2.2  Proposed Microwave-Assisted Digestion Methods. 

Method 
Digestion 
Solution 

Step 
Power 

(W) 

Ramp 
time 
(min) 

Temp 
(oC) 

Max Pressure 
(bar) 

Hold Time 
(min) 

1 2.5 mL HNO3 1 1200 20 200 16 20 
2* 2.5 mL HNO3 + 

3 μL HF 
1 1200 15 200 16 20 

 2 
Cooling to < 50 oC (45 min) followed by the opening of the 

vessels 
24 μL 5% m/v 

H3BO3 
3 1200 20 200 16 20 

3† 2.5 mL HNO3 + 
30 μL HF 

1 1200 15 200 16 20 

 2 
Cooling to < 50 oC (45 min) followed by the opening of the 

vessels 
240 μL 5% m/v 

H3BO3 
3 1200 15 200 16 20 

Notes:  * This method is similar to the procedure used by (Celo et al. 2010). 
†  In this method, higher quantities of HF and H3BO3 are used to test if higher 

extraction efficiencies are obtained with the 10-fold increase in HF quantity 
adopted.   

 

All vessels were then cooled for a minimum of 45 minutes to a temperature lower than 50 oC 

and opened.  For methods 2 and 3, the corresponding volume of 5% w/v H3BO3 solution was 

added to each ultra-trace insert using a pipette.  These vessels were re-sealed and ramped again 

to 200 oC in twenty minutes and kept at 200 oC and 16 bar for another twenty minutes. H3BO3 

is required to remove excess HF by forming the complex tetrafluoroboric acid, HBF4, thereby 

aiding with the resolubilisation of insoluble fluorides of Mg, Al and Ca.  A sample of the 

microwave digestion profile is shown in Figure A.1.  

 

For each digestion cycle, a reference vessel was used to monitor the temperature and pressure 

of the digestion process.  A reagent blank for each method was added to the reference vessel, 

which was filled with the same volume of reagents used in the sample vessels.   
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The contents of each ultra-trace insert were transferred into a 50 mL volumetric flask. The 

ultra-trace insert was then washed five times with deionised water.   Each wash was transferred 

to the volumetric flask, and the volume made up to the mark.   The contents of the flask were 

homogenised, and the solution was stored in propylene bottles at 4 oC prior to ICP-MS analysis.  

Each SRM 1648a digestion solution was diluted 5-fold before ICP-MS analysis to bring the 

elemental concentrations approximately in range to what is expected for the indoor PM2.5 

samples. 

 

Cleaning Procedure: After each digestion, the microvessels and the 100 ml Teflon vessels 

were rinsed three times with DI water and transferred to a 10% HNO3 acid bath for 48 hrs. All 

vessels were then rinsed three times with DI water and allowed to air dry. 

 

2.2.7.3 ICP-MS analysis 

The ICP-MS analysis was carried out at the School of Geography, Earth and Environmental 

Sciences, University of Birmingham, UK, using a Perkin Elmer Nexion 300x ICP-MS 

equipped with a glass sea spray nebuliser and glass cyclonic spray chamber. The elements were 

analysed using the helium kinetic energy discrimination (KED) mode to reduce polyatomic 

interferences derived from the plasma via a collision cell.  

 

Table 2.3 ICP-MS setup 

Parameter Values 

Sample flow rate into the nebuliser 0.3 ml min–1 

Nebuliser gas flow rate 0.94 ml min–1 

Plasma auxiliary gas flow rate  1.2 ml min–1 

Plasma gas flow rate 18 ml min–1 

ICP RF power 16000 W 

Helium Collision cell flow rate 4 ml min–1 

 

Internal standardisation 

Internal standardisation was carried out using the internal standard stock solution of Li-6 and 

Rh-103, which was added automatically by the system to account for instrument drift and 

physical interferences.  The same amount of internal standard solution added to the samples 

was added to the reagent blank.    
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Calibration 

Reagent blank: The same amount of internal standard solution that was added to the samples 

was added to the reagent blank. This solution was used to determine if the elements to be 

analysed or if any other interferences were present as contaminants in the laboratory 

environment, reagents, or apparatus. 

 

Calibration blanks: The method blank was used as the blank for the calibration standards. 

Calibration was carried out for the following elements Na-23, Mg-24, Al-27, K-39, Ca-43, V-

51, Cr-52, Mn-55, Fe-57, Ni-60, Cu-63, Zn-66, As-75, Sr-88, Cd-111, Sb-121, Ba-138 and Pb-

208.  Table 2.4 lists the concentrations used for the calibration curves.   

 

Table 2.4 Concentrations of the calibration standard (in ppb) used for the elements 
analysed by ICP-MS  

Cal 
STD 

Na-23 Mg-24 Al-27 Si-28 K-39 Ca-43 Ti-48 

1 6.25 12.5 125 125 12.5 125 6.25 
2 12.5 25 250 250 25 250 12.5 
3 25 50 500 500 50 500 25 
4 50 100 1000 1000 100 1000 50 
5 100 200 2000 2000 200 2000 100 
        

Cal 
STD 

V-51 Cr-52 Mn-55 Fe-57 Ni-60 Cu-63 Zn-66 

1 0.625 0.625 1.25 125 0.625 1.25 6.25 
2 1.25 1.25 2.5 250 1.25 2.5 12.5 
3 2.5 2.5 5.0 500 2.5 5.0 25 
4 5.0 5.0 10.0 1000 5.0 10 50 
5 10 10 20.0 2000 10 20 100 
        

Cal 
STD 

As-75 Sr-88 Cd-111 Sb-121 Ba-138 Pb-208  

1 0.625 0.625 0.625 0.625 0.625 12.5  
2 1.25 1.25 1.25 1.25 1.25 25  
3 2.5 2.5 2.5 2.5 2.5 50  
4 5.0 5.0 5.0 5.0 5.0 100  
5 10 10 10 10 10 200  

 

Method detection limit (MDL) 

The limits of detection for each analyte for the three digestion procedures were calculated from 

reagent blanks that were digested using identical amounts of reagents used in each digestion 
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procedure.  The LOD was calculated from the reagent blanks of each digestion procedure set 

at three times the standard deviation of a reagent blank and was calculated from the calibration 

plot using equation 2.2:    

 

.3o

c

I
MDL

m




  Eq. 2.2 

where Io is the net intensity of the reagent blank (cps), mc is the gradient of the calibration 

curve, and σ is the standard deviation based on 11 blank measurements with the confidence 

factor set at 3. The method detection limits are given in Table A.2. 

 

2.2.7.4 Quality control and instrument performance 

Maintaining low and stable blank concentrations and detection limits is essential in analysing 

trace and ultra-trace metals.  The concentration of the elements in the blanks is affected by the 

quality of reagents used, laboratory procedures used for digestion and dilution and most 

importantly, cleaning procedures.  To obtain consistent low MDLs and blank concentrations, 

the ultra-trace inserts and the 100 mL PTFE vessels were cleaned according to the described 

procedure. 

 

For the analyses of the PM2.5 samples, a calibration standard was run with every 20 samples to 

ensure that the instrument remained within the calibration parameters.  If any of the elements’ 

concentrations varied by more than ±15% from the actual concentration of the calibration 

standard, the standard was re-tested. The instrument was re-calibrated if the concentration was 

again outside the ±15% limit.   Reagent blanks, method blanks and field blanks were analysed 

for each digestion run as part of the quality control procedure. The blank concentrations were 

monitored to ensure the concentrations were below the detection limits. The results for the 

blanks are given in Table A.3.  

 

2.2.7.5 Method Validation Results 

The standard digestion method for analysis of Pb, Cd, As and Ni in PM10 (EN 14902:2005) 

uses a digestion mixture of 80% HNO3 (68% v/v) and 20% H2O2 (30% v/v). However, if a total 

dissolution of several trace elements, including Na, Al, K, Ti, Cr and Sb, is required, digestion 

in the presence of HF is required (Celo et al. 2010).  This was confirmed in this study as the 
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recovery efficiencies for Na, Al, K, Ti, Cr, and Sb increased significantly with a digestion 

mixture of HNO3/HF/H3BO3 as shown in Table 2.5.   The correct contribution of these elements 

from crustal, fireworks and vehicular sources cannot be determined accurately without near-

total digestion. 

 

The presence of small amounts of hydrofluoric acid can have a significant impact on the 

extraction of these elements.  The mean percentage recoveries, given in Table 2.3, show that 

adding HF to the digestion procedure in method 2 increased the recovery efficiency for Al, Sb, 

Cr, Ni, K and Na by approximately 30% over method 1.  With a tenfold increase in the quantity 

of HF used in method 3, all elements recorded a recovery efficiency greater than 70%. This 

confirms that the use of HF is required for the complete solubilisation of samples containing 

inorganic silicates, while  H3BO3 is required after the HNO3/HF digestion to complex unreacted 

HF and re-solubilise insoluble fluorides such as CaF2 and MgF2. Table 2.3 also shows that the 

complexation property of HF acid explains the increased recoveries of Sb compared to HNO3 

digestions (Celo et al. 2010).   

 

Compared to similar studies, slightly lower percentage recoveries were reported for Sb, Ni, Cr 

and Ti for both methods 2 and 3 compared to similar digestion methods as reported by 

(Kulkarni et al. 2007) and (Celo et al. 2010), as shown in Table 2.3. Therefore, method 2 or 

method 3 is needed for near-total digestion even though digestions with HF increased the 

detection limit for most elements compared to HNO3 digestions. 

 

Si cannot be determined in HF digestions since gaseous SiF4 formed in the reaction is lost 

during digestion. Adding HF also increases the reagent blank concentrations for Si, as acidic 

attack on the borosilicate volumetric glassware becomes significant.  The reagent blank values 

for Si for method 3 were more than 200 µg/L. Therefore, further Si analysis was not performed. 

 

The LODs given in Table 2.6, for digestion methods 2 and 3 were slightly higher than the 

values reported for method 1, which included only HNO3 acid in the digestion procedure. 

Adding HF and H3BO3 in methods 2 and 3 increased the digestion cycle duration and detection 

limits as additional reagents were used. Nonetheless, the LODs for both methods 2 and 3 are 

sufficiently low for elemental analysis of PM2.5 from outdoor and indoor environments.  Table 

2.6 shows that the LODs for methods 2 and 3 are very similar, and for some elements, they are 
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lower than the LODs reported for a digestion procedure, which is very similar to method 2 by 

Celo et al. 2010. 

 

Based on the elemental recoveries and LODs, method 3 was chosen as the preferred digestion 

method for near-total digestion of PM2.5.  It offers significantly better percentage recoveries for 

most elements than digestion with HNO3, especially for Sb, Cr, Ni, K and Na.  It also offers 

better percentage recoveries than method 2 for Ti and Sb.  Even though method 3 shows a 

marginal increase of the LOD for some elements (Mg, Al, Ti, Fe, Ni, Zn, Sr and Ba) when 

compared to method 2, the LODs of method 3 are still reasonably low, and in fact lower for 

most elements when compared to the extraction method employed by (Kulkarni et al. 2007) 

and (Celo et al. 2010).  Given that the quantity of aluminosilicates in PM2.5 varies significantly 

and is especially important during Saharan dust events that occur in the central Mediterranean 

region, method 3 provides for better near-total digestion when compared with method 2.   

 

Table 2.7 compares the LODs for digestion method 3, given as ng m–3, to 1/10th the mean 

elemental concentration for indoor samples collected in Barcelona (Minguillón et al. 2012).  

The Barcelona dataset was used as no local indoor elemental dataset is available.  Barcelona 

was chosen due to its regional and climatic similarities to Malta, and it should provide a suitable 

comparison. Even though the comparison is being carried out with 1/10th of the indoor mean 

elemental concentration, all elemental concentrations, except for Sb, were higher than the LOD 

of method 3, which suggests that most of the elemental concentrations collected at Birżebbuġa 

are expected to exceed the detection limit for digestion method 3. 
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Table 2.5 Percentage elemental recoveries of SRM 1648a by ICP-MS after microwave-assisted acid digestion and their respective standard 
deviations shown in brackets for each digestion method carried out in this study and similar other studies 

 

Element Method 1 Method 2 Method 3 
Celo et al. 

2010 
Celo et al. 2010 

Kulkarni et al. 
2007 

 
2.5 mL HNO3 

2.5 mL HNO3, 3µl 
HF, 24µl H3BO3 

2.5 mL HNO3, 
30µl HF, 240µl 
H3BO3 

Conc 
HNO3 

1.5 mL HNO3, 
3µl HF, 24µl 
H3BO3 

3 mL HNO3, 
300µl HF, 2.4mL 
H3BO3 

Na 56.2 (1.7) 116 (12.3) 110 (5.4)   88 (7) 
Mg 101 (2.8) 90.5 (0.7) 89.0 (2.1)   101 (4) 
Al 60.8 (0.1) 88.8 (3.7) 91.4 (1.6) 26 (8) 86 (10) 104 (8) 
Si 13.9 (24.5) 27.1 (66.6) 2.50 (37.8)    
K 39.4 (0.5) 72.5 (0.6) 74.3 (0.8)   95 (5) 
Ca 108 (0.5) 106 (4.7) 106 (0.5)    
Ti 35.7 (3.1) 53.2 (8.7) 78.4 (1.1) 17 (15) 73 (10) 107 (4) 
V 87.3 (0.4) 93.9 (0.6) 96.2 (0.6) 70 (2)  101 (6) 
Cr 44.1 (11.4) 70.7 (8.9) 73.0 (3.9) 23 (1) 56 (14) 81 (8) 
Mn 92.8 (0.5) 98.6 (1) 101 (1.3) 84 (2) 99 (7) 96 (5) 
Fe 85.1 (1.2) 93.3 (0.4) 92.4 (0.7) 72 (1) 92 (10) 98 (4) 
Ni 66.5 (7.7) 75.9 (10.9) 77.2 (18.8) 76 (2) 93 (10) 99 (4) 
Cu 89.8 (1) 88.1 (2.5) 91.0 (2.7) 83 (1) 91 (5) 91 (7) 
Zn 90.7 (4.5) 85.5 (8.4) 77.0 (2.4) 94 (2) 94 (4) 101 (9) 
As 86.0 (3.4) 83.8 (0.9) 82.8 (0.3) 91 (1) 102 (4) 109 (7) 
Sr 122 (5.9) 101 (4.7) 99.0 (4.1)    
Cd 82.7 (0.5) 84.3 (0.1) 83.2 (0.7) 91 (1) 99 (5) 112 (4) 
Sb 42.6 (8) 70.7 (11) 79.0 (0.7) 16 (11) 101 (9) 86 (3) 
Pb 90.0 (0.9) 87.6 (1.7) 83.8 (0.1) 94 (1) 98 (4) 108 (5) 
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Table 2.6 Limits of Detection (LODs) calculated from the reagent blank for each method 

 

Notes: * The LODs in this study were reported for filter blanks and hence would be 
expected to be marginally higher than LODs from reagent blanks. 

 

 

 

 

 

 

 

 

 

 
LOD for Method 

LOD 
(HNO3HF, H3BO3) 
(Celo et al. 2010)* 

LOD 
(HNO3HF, H3BO3) 
(Kulkarni et al. 2007)  1 2 3 

Element (µg L–1) (µg L–1) (µg L–1) 

Na 0.004 0.118 0.096  0.921 

Mg 0.070 0.408 2.539  0.398 

Al 1.144 1.440 7.420 7.6 4.025 

Si 2.556 28.86 51.93   

K 1.924 2.606 1.689   

Ca 17.77 40.06 23.47   

Ti 0.622 0.559 1.322 1.1 4.056 

V 0.008 0.027 0.014 0.11 0.051 

Cr 0.033 0.032 0.016 1.1 0.363 

Mn 0.015 0.028 0.027 0.22 0.021 

Fe 0.857 2.121 2.644 11 3.246 

Ni 0.047 0.022 0.132 0.86 0.124 

Cu 0.025 0.020 0.021 2.2 0.062 

Zn 0.313 0.356 0.495 9.7 1.026 

As 0.028 0.113 0.074 0.11 0.019 

Sr 0.027 0.018 0.113 0.22  

Cd 0.011 0.022 0.010 0.0 0.035 

Sb 0.014 2.201 0.858 0.43 0.026 

Ba 0.010 0.012 0.018 0.22 0.436 

Pb 0.027 0.236 0.196 0.65 0.086 
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Table 2.7 LODs for digestion method 3 in ng m−3 and 1/10th the mean concentration for 
indoor samples in Barcelona. 

Element 
LODs for digestion 
method 3 (ng m−3) 

1/10th the mean concentration (ng m−3) 
for indoor samples in Barcelona 

(Minguillón et al. 2012) 

Na 0.09 30 
Mg 2.31 4.0 
Al 6.75 11 
K 1.54 20 
Ca 21.3 40 
Ti 1.20 3.2 
V 0.01 1.2 
Cr 0.01 0.29 
Mn 0.02 1.4 
Fe 2.40 20 
Ni 0.12 0.74 
Cu 0.02 1.6 
Zn 0.45 5.5 
As 0.07 0.11 
Sr 0.10 0.17 
Cd 0.01 0.04 
Sb 0.78 0.10 
Ba 0.02 0.41 
Pb 0.18 0.83 

 

2.2.7.6 Filter Digestion and Analysis 

Method 3 was chosen for the digestion of samples and field blanks, which included 350 filters.  

The polypropylene ring of each PTFE filter was removed by cutting around the perimeter of 

the ring using ceramic scissors.  After each use, the scissors were wiped with a clean, lint-free 

paper.  The filter paper was then transferred into a numbered 7 ml PFA microvessel using 

plastic forceps and digested as per method 3.  

  

Each digestion cycle comprised a reagent blank, method blank, field blanks and samples. The 

field blanks were filters that had undergone all the sampling procedures except for the air 

sampling by the LVS.  These were digested using the same amount of reagents used for the 

samples. One field blank was carried out for every ten sampled filters.   

 

The contents of each microvessel were transferred into a 50 ml volumetric flask. The 

microvessels were then washed five times with deionised water.   Each wash was transferred 

to the volumetric flask, and the volume was then made up to the 50 ml mark.   The contents of 
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the flask were homogenised, and the solution was then stored in propylene bottles at 4 oC before 

ICP-MS analysis. 

  

For every three digestion cycles, three SRM 1648A digests were carried out for quality control. 

Table 2.8 gives the mean percentage recoveries of the twelve-quality control SRM digests 

carried out with method 3 during the sampling campaign.  Except for Cr, all elements had 

acceptable recovery efficiencies of between 8 % − 120%.  This data also shows marginally 

better recoveries for Ni, Ti and Sb for method 3 compared to data from Table 2.6.  The results 

in Table 2.8 were obtained from a larger sample, which could explain the slightly higher 

recoveries.    

 

Table 2.8 Percentage Recovery efficiencies for quality control SRM digests   

N = 12 SRM digests carried out during Filter analysis 

Element Mean (SD) Element Mean (SD) 
Na 101 (12.4) Fe 101 (5.6) 
Mg 97.0 (11.2) *Ni 92.2 (20.9) 
Al 102 (4.2) Cu 95.0 (9.9) 
K 92.6 (11.2) Zn 97.9 (8.1) 
Ca 98.5 (9.4) As 107 (7.3) 
Ti 85.3 (5.6) Sr 91.1 (8.3) 
V 103 (7.2) Cd 100 (5.1) 
*Cr 63.2 (4.6) Sb 98.9 (5.3) 
Mn 99.4 (6.9) Pb 99.8 (4.0) 

Notes: *Mean value obtained from 10 samples due to outlier values in 2 samples 

 

2.2.8 OC-EC analysis 

2.2.8.1 Pre-firing of blanks 

Quartz fibre filters (Whatman, QM-H, 47 mm) were used for OC-EC analysis of PM2.5 dust.  

These filters have low organic carbon (OC) concentrations (1.22 ± 1.11 µg cm–2) even without 

pre-firing (Karanasiou et al. 2015).  The quartz fibre filters were pre-fired to ensure minimal 

blank OC concentrations.   

 

Aluminium containers used for the pre-firing process were themselves pre-fired at  

500 oC for 3 hours (Karanasiou et al. 2015).  The QM-H filters were placed in a pre-fired 

aluminium container and heated at 500 oC for 4 hours.  The oven was cooled to room 
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temperature, and the filters were individually stored in pre-cooled Petri dishes (Millipore).  

Filters were handled with stainless steel tweezers. Each petri dish was numbered and sealed in 

PE zip-lock bags.  The filters were stored at –18 oC prior to being exposed.  

 

2.2.8.2 Handling of QM-H filters 

Prior to sampling, the filters were removed from the freezer and loaded into the sampling head 

at least 2 hours before the sampling start time.  After sampling, the filters were placed back 

into the respective petri dishes, sealed inside the PE zip-lock bag, placed inside the freezer, and 

stored at –18 oC.   

 

A field blank was taken every ten samples.  A pre-fired QM-H filter was loaded in the sampling 

head for 2 hours without any airflow passing through the filter.  These filters were otherwise 

treated and analysed in the same way as the loaded filters. Transport of loaded filters and field 

blanks was carried out in insulated containers.  The temperature was always kept below 0 oC 

with ice packs.   

 

2.2.8.3 OC-EC analysis 

Prior to analysis, the filters were removed from the freezer and split into two using an 

aluminium template and stainless steel rotary cutter.  The stainless steel cutter was cleaned with 

a new filter between individual cuts.  The half filter was placed into new pre-cooled Petri 

dishes, sealed inside the PE zip-lock bag and shipped to the Wisconsin State Lab of Hygiene 

(WSLH), Madison, USA, for analysis.  The samples were kept cold during shipment using ice 

packs.  

 

A 1 cm3 punch from all sampled filters and field blanks was taken and analysed using an OC-

EC aerosol analyser. For every 10th filter, a duplicate punch was analysed for quality control 

purposes, and the percentage change in total carbon (TC) between the two punches was 

recorded.  

  

The NIOSH 870 OC-EC protocol used is a modification of NIOSH 5040, and is detailed in 

Table 2.9. Since elemental carbon is a strong absorber of light, the OC and EC split was 

determined by a laser beam that tracks light absorbance on the filter during the analysis. This 

makes it possible to separate elemental carbon that was originally present on the filter from 
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elemental carbon formed as a result of organic carbon charring (pyrolysis) during the analysis.  

During the first ramp, the temperature is increased to 870 oC and purged with helium (OC4). 

The oven is then cooled to 550 oC (EC1).  At this stage, the carrier gas is switched to a 

helium/oxygen mix, followed by a second temperature ramp. The split-time differs from 

sample to sample, depending on the laser reading.  

 

Table 2.9 NIOSH 870 OC-EC protocol 

Step Temperature (°C) Duration (s) 

OC1 310 80 
OC2 475 60 
OC3 615 60 
OC4 870 90 
EC1 550 45 
EC2 625 45 
EC3 700 45 
EC4 775 45 
EC5 850 120 
EC6 870 120 

 

The OC and EC concentrations in PM2.5 were calculated using equations 2.3 and 2.4. The 

method detection limits are given in Table A.2. 
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  Eq. 2.3 and 2.4 

 

COC =  OC concentration in PM2.5 concentration in μg m–3 where the volume is taken at ambient 

conditions near the inlet during sampling. 

CEC =  EC concentration in PM2.5 concentration in μg m–3 where the volume is taken at ambient 

conditions near the inlet during sampling. 

fOC =  OC filter concentration in μg cm–2.   

fEC =  EC filter concentration in μg cm–2.   

Af =  Sampled area for 47 mm filter which is equal to 13.85 cm2.   

φa =  the flow rate at ambient conditions in m3 h–1 

t =  sampling time in h 
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2.2.9 Ion Analysis 

2.2.9.1 Filter extraction 

The remaining half of the sampled QF filters were used for ion chromatography (IC) analysis 

of PM2.5. The filters were brought to room temperature and transferred to labelled polypropene 

centrifuge tubes. Digestion was carried out in 25 mL of deionised water with a resistivity of at 

least 18.2 MΩ.cm. The tubes were sonicated for 60 minutes at a temperature between 20 °C 

and 25 °C  (Chow and Watson 1999).  This was followed by 15 minutes of shaking, and the 

tubes were then left to rest overnight (12-24 hrs) at –4 °C. The contents were then filtered 

through a 0.45 µm PTFE syringe filter.   

 

Cations (Na+, K+, Mg2+ and Ca2+) were analysed via IC according to EPA 350.1, and anions 

(Cl–, NO3
–, SO4

2–) were analysed via IC according to ASTMD6919-03.  The ammonium ion 

nitrogen content was determined by colourimetry according to EPA 350.1.  The method 

detection limits are given in Table A.2. 

 

2.2.9.2 Recovery tests 

Accuracy was evaluated by recovery of filters spiked with a known concentration from a 

standard solution prepared from a certified reference material (CRM). For cations, NH4
+,  Na+, 

K+, Mg2+ and Ca2+, the multi-cation CRM standard (91286 TraceCERT®, Merck) was used, 

while the multi-anion CRM standard (69734 TraceCERT®, Merck) was used for anions Cl–, 

NO3
–, SO4

2–. The anion standard was not diluted, while the cation standard was diluted with a 

1:10 dilution. The 25 ml volumetric flask was made up with DI water to the mark. The spike 

concentration and recoveries are given in Table A4. 

 

Three blank quartz filters were split in half, and each half was transferred to a 50 ml centrifuge 

tube.  Three half-filters were spiked with 0.25 ml of the anion spike solution, and the other 

three were spiked with 0.25 ml of the cation spike solution.  The filters were then allowed to 

air dry for 4 hours at room temperature.  The spiked filters were then extracted as per the normal 

procedure.    
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2.2.10 Analytical Uncertainties 

The uncertainty for ICP-MS analysis was assigned as the sum of the uncertainty of the recovery 

efficiency of the SRM analysis, µRm, the uncertainty due to instrument drift, µdrift, and the 

precision uncertainty, µP, as these three procedures are the main source of uncertainty in the 

analysis (Barwick et al. 1999; Hortellani et al. 2011). The µRm was calculated according to 

equation 2.5. 
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 మ    Eq. 2.5 

 

In this equation, Rm is the mean observed analyte concentration (𝐶௢௕௦) divided by the actual 

SRM analyte concentration (CRM), 𝜇஼ೃಾ
 is the uncertainty of the reference material 

SRM1648A, CRM is the concentration of the SRM sample used for recovery (in µg L–1), 𝑠௢௕௦ is 

the standard deviation of replicate analysis of the RM digest solution for n number of replicates 

and 𝐶௢௕௦  gives the mean analyte concentration obtained from replicate RM analysis  

(in µg L–1) 

 

The acceptable instrument drift was set at ±15% of the internal standard (IS) concentration.  If 

the IS concentration was greater than ±15%, re-calibration followed by re-analysis of the 

sample was carried out (Barwick et al. 1999; Hortellani et al. 2011). The µdrift was calculated 

according to equation 2.6. 

 

 𝜇ௗ௥௜௙௧ =
ଵହ%

√ଷ
= 8.66%  Eq. 2.6 

 

Since there is no evidence of a lower probability measurement towards the limits of the ±15% 

range, this can be treated as a normal distribution and divided by the √3 to calculate the 

uncertainty related to instrument drift (Barwick et al. 1999).  Precision uncertainty, µP, was 

calculated from the relative standard deviation of the ICP-MS measurements.  

 

The analytical uncertainty, µij, is given by the equation 2.7. 
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  Eq. 2.7 
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In this equation, µij gives the analytical uncertainty, in µg L–-1, in sample i and element j for Cij, 

measured concentration, in µg L–-1, in sample i and element j.  

 

The analytical uncertainty, in µg L–1, for ion chromatography was assigned as the sum of the 

uncertainty of the recovery efficiency of the SRM analysis and µRm, the uncertainty due to 

instrument drift, µdrift, as these two procedures are the main source of uncertainty in the 

analysis.   This is given by the equation 2.8. 
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  Eq. 2.8 

 

For the OC/EC analysis, the analytical uncertainties for each sample were provided by the 

laboratory in µg cm–2.  All analytical uncertainties, µij, were converted to ng m–3 and used to 

calculate the error estimates for PMF as described in equation 3.2. 

 

2.2.11 Air exchange rate analysis 

Air exchange rates at the Birżebbuġa sampling site were calculated by measuring the 

concentrations of a tracer gas with time. Carbon dioxide was used as the tracer gas. The model 

is based on the decay of CO2 gas inside the sampling room based on (Aglan 2003).  

 

The differential equation, which describes the flow rate of a tracer gas such as CO2 based on 

mass balance factors, is given by equation 2.9. 
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    

  Eq. 2.9 

V  = the inside volume (m3) 

Ci(t)  = the indoor tracer gas concentration at a given time t (μg m–3) 

C0  = the outdoor background tracer gas concentration (μg m–3) 

q  = the flow rate (m3 h–1) 

S  = the indoor tracer gas emission rate (μg h–1) 
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Rearranging equation 2.9 and integrating it over the initial and final CO2 tracer gas 

concentrations and time gives equation 2.10, which describes the indoor CO2 tracer gas 

concentration as a function of time, t.  

 

 

0( )

0 0 0( )
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t t
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q q

    
       
     Eq. 2.10 

 

During the decay of the tracer gas, the emission rate of the tracer gas is zero, and equation 2.10 

can be rearranged so that the indoor tracer gas concentration can be modelled using equation 

2.11.  In this equation, q/V is equal to the AER in h–1. 

   0( )

0 0 0( )
q

t t
V

i iC t C C C e
 

    Eq. 2.11 

An R script (Vella Ryan 2019) was used to determine AER by fitting Equation 2.11 to the time 

series data for the decay of indoor CO2 concentration.  The minimum and maximum CO2 

concentrations were used for C0 and (C0 – Ci0), respectively. The plots are shown in Figure 

A.2.  

 

The CO2 concentration inside the room was increased by releasing CO2 gas inside the sampling 

room until a concentration of at least 5000 ppm was achieved.  The concentrations were 

checked at least at three different points inside the room to ensure a homogeneous 

concentration inside the room and to ensure that equilibrium with the indoor environment was 

established.  Once the concentration of CO2 exceeded 5000 ppm, its concentration was 

measured every minute by a CO2 data logger (Extech SD800). As the gas emission was 

stopped, the indoor CO2 concentrations decreased. The readings were taken for 10 hours or 

until the CO2 concentration fell to ambient levels of around 500 ppm. The decay of the CO2 

tracer gas inside the sampling room was then used to calculate the air exchange rate according 

to equation 2.11. 

 

The AER for the sampling room was calculated when the outdoor windows were completely 

closed, slightly open (about 5 cm) and half-open.  A duplicate reading was taken for each 

scenario. 
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2.3 Continuous Indoor and Outdoor PM measurements 

2.3.1 Equipment 

Indoor and outdoor PM concentrations were sampled using two calibrated aerosol 

spectrometers (Fidas Palas Fine Dust Monitoring System 200S). These allow a constant and 

stable measurement of particle concentration values and mass fractions for fine dust particles 

in the size range 180 nm – 18 μm.  The calculated hourly PM1, PM2.5 and PM10 fractions were 

used for this analysis.  The Fidas 200S is certified according to EN 16450 and EN 15267.  The 

indoor and outdoor spectrometers were calibrated at each site using monodisperse particles 

(Palas MonoDust 1500). The sampling head is located 1.2m above ground for the indoor 

sampler and 1.5m above ground for the outdoor sampler.  Indoor and outdoor weather 

parameters were measured using a Davis Vantage Vue indoor and outdoor weather station.   

 

2.3.2 Site Selection 

Sampling was carried out in six households in Malta. The location of the residences is shown 

in Figure 2.3, and the description of each sampling site is given in Table 2.10.  Indoor samplers 

were placed in the living room of each site, but the outdoor samplers were placed either on 

balconies, roofs or in backyards.  The position of the outdoor sampler depended on the best 

available and safe location permitted at each site. An information sheet describing the site 

characteristics was filled out for each sampling site, and the detailed site characteristics are 

given in Table 2.11.  Continuous indoor and outdoor PM sampling was carried out for a 

minimum of 28 days at each site. 

 

In 2021 in Malta, 35% of main residential dwellings are flats/apartments/penthouses, followed 

by 34% for terraced houses and ground floor maisonettes, with semi/fully-detached houses 

making up less than 5% of main residential dwellings (National Statistics Office 2021).   In 

2021, the most common occupancy for residential dwellings in Malta was two-person 

occupancy (28%), followed by one (27%), three (18%) and four-person (14%) occupancy.  

Although this study aimed to sample at least 12 residences, with a representative sample of the 

dwelling characteristics, the spatial distribution of residences in Malta and seasonal 

characteristics, only six sites were sampled.  Unfortunately, several faults developed in both 
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Table 2.10 Description of the sampling sites.  

Site 
number* 

Location 
Sampling period 

(mm/yy) 
Sampling 

Days 

Location of  
Outdoor 
Sampler 

Number 
of 

residents 
Type Type 

2† Naxxar 01/21–02/21  53 Roof 2 Terraced 3-storey building UB 

3 Qrendi 08/23–09/23  28 First Floor 
Terrace 

3 Terraced 3-storey building UB 

4 Fgura 11/23–01/24 36 Roof 4 Terraced 3-storey building U 

5 Naxxar 01/24–02/24 37 Back yard 4 Detached 2-storey building UB 

6 Gozo 02/24–03/24 37 Back yard 4 Terraced 3-storey building UB 

7 Sliema 04/24–05/24 41 Third Floor 
Terrace 

4 3rd floor flat in a 4-storey 
building 

U 

 

Notes: *Site numbering was started at two to maintain consistency in this study, given that site one is the Birżebbuġa sampling site, where 
the PM2.5 data collected was used for the PMF analysis.  
†Data from site two was obtained from a previous study (Aquilina and Camilleri 2022) 
Urban background (UB), Urban (U) 
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samplers that necessitated repairs and the instruments had to be sent for repairs and re-

calibration several times abroad.  This severely limited the sampling period, and in total, six 

sites were sampled, with data for site two obtained from Aquilina and Camilleri 2022.  Hence, 

this study does not properly represent flats/apartments/penthouses and singly-occupied 

dwellings.  As shown in Figure 2.3, most of the sampling occurred in the Northern, Northern 

Harbour and Southern Harbour districts, as these districts constitute 65% of the population in 

Malta and Gozo (National Statistics Office 2023).   

 

Figure 2.3 Map indicating the geographic location of the six sampling sites in Malta and 
Gozo.   

 

Table 2.11 Site characteristics of the sampling sites  

Site characteristics 2 3 4 5 6 7 
Garage connected 

directly to residence 
Yes Yes Yes Yes Yes No 

Cigarette smoking  No No No No No No 
e-cigarette smoking No No No No No No 

Pets No Yes Yes Yes Yes No 
Garden No Yes Yes Yes Yes No 

Natural Ventilation Yes Yes Yes Yes Yes Yes 
Open windows No Yes Yes Yes Yes Yes 

Mechanical/filtered 
ventilation 

No No No No No No 

 
Notes: The “Open windows” was marked yes when the residence left indoor windows 

slightly open whilst in the residence.   
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2.3.3 Meteorological Data and Indoor Activities. 

Hourly indoor and outdoor meteorological data was collected during the sampling period.  The 

data included wind speed and direction, atmospheric pressure, temperature, humidity and 

rainfall.   During sampling days, residents were asked to keep a log of indoor activities that are 

known to generate an abnormal amount of dust, such as construction works inside or adjacent 

to the residence, open flames such as BBQs, wood fireplaces/ovens and candles and fireworks 

displays in the same town/village.  A log of the time spent sweeping and vacuuming inside the 

residence was also requested. Table A.5 gives a sample of the log of these activities.  
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Source Apportionment of Indoor PM2.5 
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3.1 Introduction 

The Maltese Islands are an archipelago located in the central Mediterranean Sea. The 

archipelago is geographically small and densely populated (ca. 500 000), with the two largest 

inhabited islands being Malta (316 km2) and Gozo (67 km2).  The daily levels of outdoor 

particulate matter (PM) measured at the stations representing Malta's most trafficked areas and 

urban background areas exceed the Air Quality Directive limit values of PM2.5 and PM10 several 

instances during the year. This is a recalcitrant problem in Malta (Scerri et al. 2018; Fenech 

and Aquilina 2020).  Receptor modelling on PM2.5 in a coastal town in Malta by Scerri et al. 

(2018) identified traffic, shipping and fireworks as the main anthropogenic sources 

contributing over 35% of the PM2.5 at that site. Anthropogenic activities were not limited to 

local emissions, with a significant contribution by ammonium sulfate (23.6%) attributed to 

regional/long-range transport (Viana et al. 2008).  However, no research has been conducted 

so far on the chemical speciation and source apportionment of airborne indoor PM2.5 in Malta.  

 

The correlation of ambient air pollution to health diseases and increased morbidity and 

mortality is widely established (Brunekreef and Holgate 2002; IARC 2015; World Health 

Organization 2016) and traditionally, studies have been focused on outdoor air quality.  Since 

people spend most of their time indoors (Klepeis et al. 2001; L. Yao et al. 2015; Bo et al. 2017), 

indoor air quality has been given significant attention in the past decade.  Many studies have 

been conducted on indoor air quality, but these studies are generally related to the natural, 

industrial or urban effects on indoor air quality (Macneill et al. 2014; Krasnov et al. 2015; 

Almeida-Silva et al. 2016b).  

 

This work aims to use PMF to characterise and quantify the sources affecting indoor PM2.5 

levels at an urban background site, where the pollution levels are not significantly determined 

by any single source. Urban background sites represent the integrated contribution from many 

sources, including all upwind sources. Due to the historic Catholic religious influence in the 

Maltese Islands, all towns and villages celebrate their local patron saint during a week called 

the festa or feast. Several social and religious activities are generally organised during the feast, 

during which a substantial amount of fireworks are let off. Special interest is being given to the 

effect of the seasonal burning of fireworks across the Maltese Islands and whether this has an 

impact on the indoor air quality of residences that are not located in the vicinity of fireworks 

displays. Over 30 local pyrotechnic manufacturing sites produce fireworks for the religious 
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feasts, 85 of which are celebrated during the summer months between the end of June and 

September.  In addition, a three-day international fireworks festival is held in April and serves 

as a main tourist attraction during a period of relative pyrotechnic inactivity. PM2.5 and PM10 

originating from fireworks have been recorded in ambient air across the Maltese islands 

(Camilleri 2008; Vella et al. 2015; Camilleri and Vella 2016; Scerri et al. 2018), but there is a 

dearth of data both locally and abroad on the indoor levels of fine particulate matter originating 

from fireworks. 

3.2 Meteorological data  

Figure 3.1 summarises the wind direction logged at the site during the sampling period.  It 

shows wind directions and speeds typical of the Maltese islands, with over 55% of the wind 

blowing from a westerly to a north-westerly direction.  Since the site is located in the south-

east of Malta, it is effectively downwind from pollution sources over the Maltese islands and 

major fireworks displays when the wind blows from W–NW. The Delimara power station and 

the Birżebbuġa Free Port are around 2 km in an easterly to south-easterly direction from the 

sampling site.  

 

 

Figure 3.1 Windrose for the Birżebbuġa sampling site, June 2018 – June 2019 
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The mean monthly indoor and outdoor PM2.5 concentrations by wind direction are given in 

Figure 3.2.  While a decrease is recorded for both indoor and outdoor concentrations during 

the winter period, the indoor concentrations were lower than the outdoor ones during the winter 

period, most probably due to lower infiltration of fine dust.  This can be attributed to the lower 

air exchanges from November till May, as outdoor windows and doors were kept closed during 

this period.  It also suggests that there are limited indoor sources inside the residence as the 

indoor PM2.5 concentration were consistently lower than 5 μg m–3 during this period. 

 

 

Figure 3.2 Monthly mean indoor and outdoor PM2.5 concentrations  

 

For both indoor and outdoor PM2.5, the highest PM2.5 concentrations were recorded when the 

wind was either from the south-westerly to north-westerly or easterly directions. 

 

3.3 Descriptive statistics 

Descriptive statistics for the daily indoor and outdoor concentrations of PM2.5, OC, EC, 

elements and ions for concentrations are given in Table 3.1. Indoor PM2.5 concentration ranged 

from 1.8 to 18.6 μg m–3, with outdoor PM2.5 ranging from 3.2 to 47.6 μg m–3.  On average, 

outdoor concentrations were 5.1 μg m–3 higher than indoor concentrations. All elements, except 

for As, recorded a higher outdoor daily mean concentration. The concentrations of Ca and Zn 

were below the method detection limit (MDL) for more than half the samples. 
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Table 3.1 Descriptive statistics of concentrations of chemical species. *Concentrations for PM2.5, OC and EC (in μg m–3) and elemental 
concentrations (in ng m–3). † The number of samples for EC and OC was 158. 

 

Pollutant 
(N=159)† 

Indoor concentrations* Outdoor concentrations* 

Mean SD 
Geometric 

mean 
Q1 Q2 Q3 

% of samples 
below the MDL 

Mean SD 
Geometric 

mean 
Q1 Q2 Q3 

% of samples 
below the MDL 

PM2.5 5.7 3.1 5.0 3.4 4.5 7.6 0 10.8 5.6 9.8 7.5 9.6 12.4  

OC 2.5 0.7 2.5 2.0 2.4 3.0 0        

EC 0.4 0.2 0.3 0.20 0.30 0.46 0        

Na 91 98 60 31 53 101 0 380 510 220 100 220 440 0 

Mg 19 21 12 7.1 12 24 0 71 93 46 24 46 80 0 

Al 35 63 17 8.3 16 34 12 91 209 31 14 26 74 14 

K 67 110 30 7.2 34 76 33 130 190 72 41 73 117 8 

Ca 60 77 32 15 15 84 61 170 323 74 15 84 179 43 

Ti 2.7 4.0 1.5 0.75 1.5 2.7 4 6.2 15 2.2 0.9 1.9 4.8 3 

V 2.6 3.4 1.5 0.73 1.7 3.1 0 5.9 5.9 3.7 1.8 4.0 8.3 0 

Cr 0.28 0.8 0.16 0.10 0.19 0.29 18 0.36 0.42 0.24 0.15 0.27 0.43 18 

Mn 0.82 0.9 0.53 0.29 0.51 1.1 3 1.5 2.5 0.86 0.45 0.84 1.4 1 

Fe 62 54 45 26 42 78 0 71 156 33 16 29 59 0 

Ni 1.2 1.5 0.51 0.085 0.81 1.7 25 2.3 2.4 1.1 0.5 1.7 3.4 25 

Cu 1.3 2.4 0.55 0.28 0.66 1.2 10 1.4 1.8 0.97 0.58 0.96 1.50 1 

Zn 2.6 3.9 1.2 0.45 0.45 3.8 58 6.7 9.6 3.40 1.73 4.70 8.10 32 

As 0.26 0.2 0.17 0.11 0.16 0.28 6 0.18 0.17 0.14 0.12 0.15 0.21 25 

Sr 0.59 1.5 0.19 0.040 0.18 0.54 31 1.7 2.9 0.71 0.34 0.64 1.46 8 

Cd 0.030 0.034 0.020 0.0090 0.0090 0.039 48 0.080 0.14 0.046 0.026 0.048 0.088 25 

Sb 0.7 1.6 0.23 0.097 0.23 0. 3 1.1 1.8 0.51 0.23 0.52 0.96 1 

Ba 1.6 5.5 0.24 0.078 0.23 0.77 11 3.1 7.6 0.86 0.31 0.78 1.8 1 

Pb 1.9 2.9 1.1 0.58 1.0 2.1 0 5.2 15 2.7 1.6 2.8 4.7 0 

Cl– 80 87 54 30 52 86 16 11 5.6 9.8 7.5 9.6 12  

NO3
– 210 310 98 68 120 220 0        

SO4
2– 1500 1400 1000 510 930 2000 0        

NH4
+ 530 440 390 230 340 680 0        
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3.4 Air exchange rates and PM2.5 I/O ratios 

Table 3.2 shows the air exchange rates in the sampling room at the sampling site.  The plots 

showing the actual and modelled CO2 decay rate are given in Figure A.2. 

 

Table 3.2 Air exchange rates in the sampling room with windows (a) closed (b) slightly 
open, and (c) half-open. 

 
Sampling condition 

AER run 1 
(h–1) 

AER run 2 
(h–1) 

a Sampling room window closed 0.20 0.19 
b Sampling room window slightly open 0.52 0.52 
c Sampling room window half-open 1.62 1.63 

 

The small indoor window connecting the sampling room to the kitchen was left completely 

open during all the AER tests. Therefore, when the exterior windows were closed, a part of the 

AER could result from the exchange of air with the indoor environment of the house.  

 

The results clearly show little air exchange when the outdoor windows are closed. This 

represents the environment inside the sampling room from November till May. The outdoor 

windows were kept completely closed during this period; hence, the indoor environment at the 

sampling site showed a limited air exchange with the outdoor environment.   

 

Windows were kept either partially or completely open during the hotter months.  As the air 

exchange rates increase when windows are opened, indoor air becomes more subject to outdoor 

air pollution. Effectively, the air inside the sampling room is exchanged more than 35 times 

daily when the windows are half-open.  

 

Indoor/Outdoor (I/O) ratios calculated for PM2.5 concentrations at the sampling sites support 

the evidence of the AER data.  A significant decrease in the I/O ratios is registered during the 

period when the outdoor windows were closed, as shown in Figure 3.3.   
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Figure 3.3 PM2.5 I/O ratios from July 2018 to June 2019.   

 

Table 3.3 Mean ± standard deviation (SD) for PM2.5 I/O ratio 

Period Mean I/O ratio SD 

June 18 – October 18, June 19 0.70 0.10 
November 18 – May 19 0.46 0.12 

 

When windows were slightly or completely open, the indoor PM2.5 concentrations were at an 

average of 0.70 compared to the outdoor ones (Table 3.3).  This decreased to 0.46 during the 

period when the windows were closed.  This suggests that there are minimal indoor sources for 

PM2.5 in the house, and hence, the main pollution sources that affect the indoor environment 

seem to be of outdoor origin, especially when the windows are open during the hot summer 

months.     

3.5 Exploratory Statistical Analysis 

3.5.1 Analysis of the outlier values for daily PM2.5 concentrations 

A statistical analysis was carried out to identify which daily PM2.5 concentrations were 

statistical outliers.  Seven days were identified as outliers for outdoor PM2.5 concentrations and 

three for indoor concentrations.  HYSPLIT back trajectories were run for all these dates to 

investigate these outliers (Figure B.1).  The trajectories were run at an arrival height of 500, 

1000 and 1500 m above ground level (AGL).  The 1500 m trajectory was considered to analyse 

Saharan dust transport as the air mass at this height is in the upper part of the boundary layer, 
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and surface artefacts are therefore avoided.  Moreover, this height can represent the mean 

transport wind at a synoptic scale within the upper boundary layer (Salvador et al. 2007; Scerri 

et al. 2019).  

 

Table 3.4 Data for days with outlier indoor and outdoor PM2.5 concentrations.  The outlier 
PM2.5 concentrations are highlighted in grey.   

Date 
Indoor 
PM2.5 

(μg m–3) 

Outdoor 
PM2.5 

(μg m–3) 

Wind 
Direction 

Saharan 
dust event 

Windows 

13/08/18 14.9 16.9 248 No Open 
29/10/18 8.4 47.6 170 Yes Closed 
 25/03/19 6.4 20.9 287 No Closed 
22/04/19 5.9 28.6 101 Yes Closed 
25/04/19 6.8 37.2 67 Yes Closed 
13/06/19 12.7 20.5 79 Yes Open 
15/06/19 18.2 23.9 235 Yes Open 
17/06/19 18.6 25.9 95 Yes Open 

 

The trajectories show that six of these outliers were influenced by air masses that passed over 

Saharan dust in the previous four days.  The outlier recorded on the 13th of August 2018 for 

indoor concentrations does not originate from a Saharan dust event. Given the westerly wind 

direction, the increase in PM2.5 is most likely due to fireworks burnt during this time of year, 

when six villages in Malta celebrate the Feast of the Assumption by burning several fireworks 

displays during the whole week.  On this day, indoor concentrations for K, V, As, Cd, Sb and 

Ba were registered as outliers. K, Sb and Ba are all associated with fireworks emissions. Heavy 

rainfall was recorded on the 14th of August, which decreased the indoor PM2.5 concentrations 

slightly for the 14th and 15th of August. These days registered slightly lower indoor PM2.5 levels 

but significantly higher concentrations in metals associated with fireworks emissions.   

 

The Saharan dust event in June 2019 translated into high indoor and outdoor concentrations.  

The outdoor windows at the residence were open during this period, thus allowing high 

infiltration.  Other Saharan dust events did not translate into significantly higher indoor 

concentrations, and this can be attributed to the lower infiltration of fine dust when the exterior 

windows are closed.  This suggests that even though the outdoor fine PM concentrations 

increase significantly and typically exceed the daily limits during these events, indoor fine 

particulate matter concentrations do not increase substantially if the infiltration of fine particles 
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is kept low. Thus, high pollution events such as Saharan dust events will have minimal effect 

on indoor air pollution if the windows are closed.  

 

The Saharan source profile identified through the PMF analysis of PM2.5 dust collected from 

Mediterranean cities identifies Si, Ti, Al, Ca, Mg, Na, K and Fe (Amato et al. 2016; Scerri et 

al. 2018). The Saharan dust events were accompanied by higher elemental concentrations for 

all these elements.  Other elements, such as Ba and Sr, also showed a significant increase, as 

shown in Figure 3.4.  During these dust events, the concentrations of these elements increase 

by at least ten times over the yearly median concentration.  Such an increase was not registered 

for Sb and Cu. 

 

Although Ba and Sr also increased during the Saharan dust event, the sharp increase in Cu and 

Sb was observed only when fireworks were let off, and this could be used to distinguish these 

fireworks pollution events from the natural origins of Saharan dust events. Further investigation 

is required, but such data could be used to constrain the PMF model to aid the separation of 

fireworks and Saharan dust/crustal source profiles. 

 

 

Figure 3.4 The outdoor elemental percentage increase over the yearly median 
concentration during Saharan dust events. 
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The indoor elemental concentration for toxic elements such as Sb and Ba increases by an order 

of magnitude over the yearly median concentration, as shown in Figure 3.5a, during mid-

August.  It is important to emphasize that there were no fireworks displays during this period 

at the sampling site since the Feast of the Assumption is not celebrated in Birżebbuġa.  The 

closest fireworks displays were at least 3.5 km away from the sampling site.  

 

 

(a) 

 

(b) 

Figure 3.5 Ratio of the (a) indoor and (b) outdoor elemental concentrations to the yearly 
median concentration during the mid-August Feast of the Assumption. 
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Table 3.5 I/O ratios for mid-August 2018.   

 I/O ratio 

 PM2.5 Al K Ca Cu Sr Sb Ba Pb 

13/08/2018 0.88 0.59 0.95 0.71 0.72 0.79 1.25 0.80 0.65 

14/08/2018 0.74 0.37 0.32 0.46 0.28 0.24 0.25 0.22 0.35 

15/08/2018 1.01 0.82 1.32 1.21 1.70 1.47 1.39 1.53 2.00 

16/08/2018 0.91 0.40 0.51 1.19 0.49 0.43 0.46 0.34 0.48 

   

In the absence of indoor sources, the I/O ratio of a species should be less than 1. Except for Al, 

all the I/O ratios for the elements for August 15th listed in Table 3.5 are greater than 1, which 

means that the indoor concentrations are higher than the outdoor ones. The fact that indoor 

concentrations of these elements are typically low suggests that there are no significant indoor 

sources. Given the periodic higher outdoor concentrations, an explanation for the high I/O 

ratios could be that these elements are being concentrated in the indoor environment. The 

prolonged burning of fireworks in various locations during mid-August generates pollutants 

only at specific periods during the day, mostly during late evening when most fireworks 

displays are held.  When the plumes reach the household, they increase the outdoor 

concentration of these pollutants and, subsequently, indoor concentrations via infiltration. The 

infiltration can be high if windows are open.   Outdoor pollutant dispersion is generally higher, 

and the plume is quickly carried away, especially at wind speeds greater than 2 m s–1 recorded 

on the 15th of August. 

 

On the other hand, indoor concentrations may decrease at a slower rate as this depends on the 

building's air exchange rates. This is significant as it exposes residents to higher concentrations 

of these toxic elements for extended periods.  Yao et al. 2015 has shown a similar increase in 

I/O ratios for perchlorate in Jinan, China, ranging from 0.12 to 16.47.  Here, too, no indoor 

sources for perchlorate were detected, and I/O ratios higher than 1 could only be explained by 

the extensive fireworks displays close to the sampling site coupled with the fact that indoor 

pollutant diffusion was poorer than outdoor ones, which resulted in the accumulation of this 

pollutant indoors. 
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3.5.2 Tests for Normal Distribution of Data 

The data was tested with the Shapiro-Wilk test for normal distribution.  The null hypothesis is 

that the data is normally distributed. The p-value for all the data is significantly lower than the 

0.05 acceptance criteria at 95% confidence level; hence, the data is not normally distributed.   

 

Table 3.6 Shapiro-Wilk test for normally distributed data for selected elements 

Analyte 
p-value  
(Shapiro-Wilk test) 

Analyte 
p-value  
(Shapiro-Wilk test)  

PM2.5 6.6e-10 Sr < 2.2e-16 
Na 1.365e-15 Ni 3.382e-15 
Cu < 2.2e-16 V 2.29e-16 
Al < 2.2e-16 Sb < 2.2e-16 
K < 2.2e-16 OC 2.751e-07 
Ba < 2.2e-16 EC 8.132e-09 

 

In fact, Figure 3.6a clearly shows the presence of outliers in the data, confirming that the data 

is skewed. A lognormal distribution is more representative of the data, and Figure 3.6b clearly 

shows a reduction in the number of outliers in the data.   

 

 
 

(a) (b) 

Figure 3.6 Box plots for (a) normal and (b) lognormal distributed indoor data 

 

3.5.3 Wilcoxon rank-sum tests for indoor and outdoor samples 

The Wilcoxon rank-sum tests can be used as a non-parametric test for equal distribution and 

should be used when the hypothesis of normality is not justified (Reinmann et al. 2008).  The 
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null hypothesis tested is that the underlying distributions of a chemical species in indoor and 

outdoor environments are equal. 

 

  Table 3.7  Outcome of the Wilcoxon rank-sum tests for two samples.  
* shows paired medians present significant differences (p < 0.05) 

Species p-value 
Higher 
median 

Species p-value 
Higher 
median 

PM2.5 0.0000* Outdoor Cu 0.0000* Outdoor 
Na 0.0000* Outdoor Zn 0.0000* Outdoor 

Mg 0.0000* Outdoor As 0.0440* 
Minimal 
indoor 

Al 0.0000* Outdoor Sr 0.0000* Outdoor 
K 0.0000* Outdoor Cd 0.0000* Outdoor 
Ca 0.0000* Outdoor Sb 0.0000* Outdoor 
Mg 0.0000* Outdoor Ba 0.0000* Outdoor 
Fe 0.0002* Indoor Pb 0.0000* Outdoor 
Ni 0.0000* Outdoor    

 

The Wilcoxon rank-sum tests were run for the outdoor and indoor species.  The results are 

shown in Table 3.7.  The alternative hypothesis (p < 0.05) that paired medians represent 

significant differences was accepted for all species. All the chemical species, except Fe and 

As, had significant (p <0.05) outdoor medians higher than indoor ones, indicating that these 

species have minimal indoor sources. On the other hand, Fe had a significant (p <0.05) higher 

indoor median, which suggests that indoor sources could contribute to this element. 

3.6 The PMF solution 

3.6.1 Error estimates for PMF 

Values equal to or below the MDL were expressed as half the detection limit (Polissar et al., 

1998).  The uncertainties for these samples were calculated as a fixed fraction of the MDL 

given by equation 3.1 (Norris et al., 2014; Polissar et al., 1998).  In doing so, a high uncertainty 

loading is given to values below the MDL in the PMF solution. 

  

 𝜎௜௝ =
ହ

଺
(𝑀𝐷𝐿തതതതതത

௝)   Eq. 3.1 

 

In equation 3.1,  σij, gives the PMF uncertainty, in ng m–-3, in sample i and element j and 𝑀𝐷𝐿ఫ
തതതതതതത 

is the mean MDL, in ng m−3, for element j.  Although PMF allows an equation-based 
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uncertainty calculation, this approach was not used for this analysis as it would not capture 

errors associated with specific samples and analytes.  Therefore, for concentrations greater than 

the MDL, the PMF uncertainties for each analyte concertation were calculated according to 

equation 3.2 (Polissar et al., 1998; Reff et al., 2007) where σij gives the PMF uncertainties, in 

ng m–3, in sample i and element j and µij is the analytical uncertainty, in ng m-3, in sample i and 

element j. 

  𝜎௜௝ = 𝜇௜௝ +
ெ஽௅ണതതതതതതതത

ଷ
  Eq. 3.2 

 

3.6.2 Interpreting the PMF solution 

The analytes were screened for their signal-to-noise ratios (S/N) (Paatero and Hopke 2003; 

Zhao et al. 2006).  In PMF, analytes can be considered bad, weak, and good. In this solution, 

no analyte was classified as bad.  Analytes with a S/N lower than four were down-weighted to 

weak.  These include the analytes Na+, K, Ca, Cr, Ni, Cu, Zn, As, Sr, Cd, Sb, Cl– and NO3
–.  

EC was also down-weighted to weak, even though it had a S/N ratio higher than 4, as a robust 

solution could not be obtained without down-weighting EC.   

 

As PMF is essentially a descriptive model, determining the optimal number of factors fitted in 

the model remains subjective (R Vecchi et al. 2008), and choosing the number of factors is a 

compromise.  The PMF solution was run for different factors ranging from 5 to 10. All base 

runs for the different number of factors solutions converged.  The final number of factors was 

chosen depending on the results of the Q(Robust) and Q(True) values for each run, the intra-

run residuals, the bootstrap (BS) analysis and the Bootstrap Displacement (BD-DSP) analysis 

(Norris et al. 2014; Brown et al. 2015).  

 

In the 5- and 7-factor solutions, the intra-run residuals showed several base runs with 

significantly different fits. A very high Q/Qexp for most species also characterised the run with 

the lowest Q(Robust), suggesting a poor fit. Moreover, many factors were not appropriately 

mapped in the BS analysis, and some were left unmapped.  The 8-factor solution produced 

near-identical intra-run residuals for the base runs and very low (<1) Q/Qexp for most species.  

Furthermore, all factors were mapped over 95% in the BS analysis for the base run.   The 9-

factor solution also produced very similar intra-run residuals for the base runs but had high 

Q/Qexp for most elements for the base run.  In the BS analysis of the base run, all factors were 
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mapped over 95%.  The 10-factor solution gave a different intra-run residual for the base runs, 

indicating a poorly fitted solution. The BS resulted in one factor with less than 50% mapping, 

indicating that a phantom factor was created, which translates into the fragmentation of a real 

single source over more than one factor. 

 

The 8- and 9-factor solutions were retained as they provided the best solution for the data and 

were investigated further.  The same constraints were applied to both solutions to decrease 

rotational ambiguity.  Five data points sampled in August during fireworks events were pulled 

up to maximum for the fireworks factor.  When this was carried out, the modelled PM2.5 

concentrations were closer to the sampled concentrations for these days.  Given that no 

fireworks displays occur in winter, three data points that showed a slight contribution by the 

"Fireworks" factor were set to zero. 

 

Moreover, species known to be present in fireworks, namely, chloride, nitrate, barium and 

antimony, were pulled up to maximum for this factor.  Lead was also pulled up to maximum 

for the "Industrial" factor.  These constraints resulted in an increase in dQ(robust) of 5.0% for 

the 8-factor solution and 7.1% for the 9-factor solution.  This was deemed acceptable as a more 

interpretable solution was provided, with the Q/Qexp decreasing below 1 for most species.  

Moreover, all factors were mapped 99% in the constrained BS analysis, and no factor swaps 

were registered in the displacement analysis, which indicates a robust solution with minimal 

rotational ambiguity.  

 

The BS-DISP analysis on the constrained run was used to compare the robustness of the 8- and 

9-factor solutions.  The species selected to be displaced in BS-DISP were OC, Mg, V, Fe, Ba 

and SO4
2– as these are the key species required for factor identification. Norris et al. (2014) 

suggest a small number of variables in BS-DISP to speed up the computation analysis. Three-

factor swaps were registered for the 8-factor solution, while 16-factor swaps were registered 

for the 9-factor solution.  This suggested that the 8-factor solution was more robust with a lower 

rotational ambiguity.  The main difference between the 8- and 9-factor solution is the splitting 

of the indoor factor into two separate factors, one explaining the indoor OC and the other factor 

explaining the indoor EC.   

 

The BS-DISP analysis showed a more robust 8-factor solution with the lowest rotational 

ambiguity, which was accepted as the solution that provided the largest number of physically 
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interpretable solutions.  The solution achieved a good reconstruction of the PM2.5 mass with 

the modelled mass explaining 93% of the observed mass with a 0.98 coefficient of 

determination (R2) for the plot of the modelled against the observed PM2.5 given in Figure 3.7 

and RMSE of 1.1 µg m−3. 

 

 

Figure 3.7 Plot of PMF-modelled PM2.5 concentrations against observed indoor PM2.5 

concentrations.  
 

3.6.3 PMF results for Indoor PM2.5 

The normalised source contributions from the PMF solution were converted into meaningful 

contributions in ng m–3 by multiplying the normalised source contributions against the 

respective source profile masses. Although there are non-negativity constraints, PMFv5 allows 

minimal negative source contribution; hence, slightly negative source contributions were 

pulled up to zero before being converted into mass since negative mass values are meaningless 

in terms of source contributions. The modelled PMF was compared to the observed gravimetric 

PM2.5 mass, and the un-modelled mass was calculated.  The mass source contributions were 

used to calculate polar plots for each source using the OpenAir package in R-studio (Carslaw 

and Ropkins 2012). Seasonal contributions were also calculated, and seasonal variations were 

analysed using the Kruskal-Wallis rank-sum test and the Mann-Whitney U-test in R-Studio.    

 

The profiles for the 8-factor solution are shown in Figure 3.8.   The uncertainty levels are set 

to the 5th and 95th percentile of the BS runs for the constrained solution. The yearly and seasonal 

contributions by each factor to indoor PM2.5 are shown in Figures 3.10a and 3.10b, respectively. 
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The polar plots for the source contributions were plotted using the OpenAir package in R-

Studio (Carslaw and Ropkins 2012) and are shown in Figure 3.10.  

 

Factor 1 contributed 1505  ± 774 ng m−3 of the indoor PM2.5 (26%) at the receptor site.  The 

polar plot in Figure 3.10 shows that the contributions from this factor are not linked to any 

particular wind direction factor, and the highest concentrations are at the receptor site. This 

factor was therefore labelled "indoor".  The lowest contribution was registered in summer, and 

the highest during autumn and winter.  The seasonal difference in average contributions 

between summer and the other seasons is statistically significant (p<0.01) but not statistically 

significant between autumn, winter and spring (p>0.01). This could possibly be explained by 

the lower exfiltration from autumn to spring due to the lower air exchange rate (AER) at the 

sampling site, given that homes are generally kept more closed during this period. The mean 

AER measured at the sampling site ranged from 0.195 h–1 with closed windows to 1.625 h–1 

with partially opened windows.  The activity summary in Table A.1 shows that 40% of the 

sampling days were carried out with the residence's windows either partially or entirely open.  

Windows were kept closed from mid-October 2018 to mid-May 2019, meaning windows were 

only open during hot summer months. Given the higher AERs during the summer months, 

outdoor sources are expected to contribute more significantly to indoor PM2.5 during this period 

due to the higher infiltration.  

 

This factor is responsible for half of the OC at the receptor site, with an OC/EC ratio of 11.9.  

The presence of lower amounts of EC in this factor is mainly due to EC being a primary 

pollutant generated from incomplete combustion, and unlike OC, it is most likely caused by 

outdoor sources, especially since there was no indoor solid fuel combustion or cigarette 

smoking.  A poor correlation was registered between OC and EC sampled indoors, with the 

Pearson correlation for log-transformed data at r = 0.007.  This is also reflected in the PMF 

results, as indoor EC is mainly obtained from traffic (45.6%) while most of the OC (50.6%) is 

of indoor origin, which confirms different sources for OC and EC and highlights that most of 

the EC is of outdoor origin.   

 

OC/EC ratios have been used to characterise emissions of carbonaceous aerosols and the 

formation of secondary organic carbon (SOC) (Pio et al. 2011).  Indoor OC/EC ratios for 

Chinese cities ranged from 3.9 to 4.5 (Zhang et al. 2020), which suggested the formation of 

SOC. This factor's OC/EC ratios are much higher than that.  Pio et al. 2011 reported an OC/EC 
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minimum ratio of 0.6 to 0.8 for ambient PM2.5 in urban background environments with higher 

ratios associated with OC of secondary origins.  Therefore, this factor's high OC/EC ratios 

indicate the presence of SOC resulting probably from gas-to-particle condensation from indoor 

combustion related to cooking, e-cigarette smoking, gas heating, and secondary organic 

aerosols formed from oxidation of cleaning agents.  The activity summary in Table A.1 shows 

that a flueless butane gas heater was used during 40% of the sampling days.  The gas heater 

was only used during the colder months when outdoor windows were kept closed, resulting in 

higher indoor OC due to low exfiltration.  Cooking using an electric oven/toaster was carried 

out on most sampling days, whilst frying was carried out during 26% of sampling days. 

Different cooking modes, such as frying/grilling/baking/oven or toaster use, have different 

particulate emissions, with frying/sauteing producing the highest amount of fine particulate 

matter (Wallace et al. 2003).  E-cigarettes were smoked indoors during 94% of the sampling 

days. The presence of high levels of Cr and the presence of Ti in this factor indicates that the 

source of these elements could be from heating elements, including those of e-cigarette smoke. 

Ti and Cr were found to be emitted from e-cigarette heated filaments, yet conventional 

cigarettes did not produce these metals (Ruprecht et al. 2017). Given that only e-cigarettes were 

smoked daily, this explains the presence of high levels of Cr in this factor.   

 

While e-cigarettes also contribute to indoor organic compounds such as ethanal (0.26 % that 

of cigarettes) and methanal (3.4%), albeit significantly lower when compared to conventional 

cigarettes, they do not contribute any BC emissions (Ruprecht et al. 2017). This is also 

consonant with the low EC detected in the indoor factor and the high OC/EC ratios. 

 

Factor 1 also accounts for 26.0% of Na and 26.9% of chloride at the site.  These can be 

attributed to indoor dust resuspension from human activities and cleaning activities such as 

sweeping and vacuum cleaning, which were carried out during 16% and 8% of the sampling 

days, respectively.  This factor is also the highest contributor of nitrate (31.1%).  This may be 

attributed to using an unvented gas heater on 40% of the sampling days.  The generation of 

NOx from unvented gas combustion is well known (World Health Organization 2010; Arata et 

al. 2018).   Indoor nitrate production occurs due to a lack of NO2 photolysis. When sufficient 

O3 is present from outdoor infiltration, NOx is oxidised to nitrate.  This conversion occurs after 

combustion stops and ceases to supply NO (Arata et al. 2018).  
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Figure 3.8      Factor profiles (bars) and percentage species apportioned to each factor (line) 
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(a) (b) 

 
Figure 3.9 (a) Annual mean source contributions to indoor PM2.5.  The values are given 

as percentages and in ng/m3. (b) Seasonal percentage source contributions to 
indoor PM2.5 

 

 

 

Factor 2 is the highest source contributor for Sr (60%) and Ba (35%).  It is characterised by 

Cu, Sr, Ba, K, Cl– and NO3
–.  The contribution from this factor is seasonal and is a source 

contributor only between June and September, which matches the local patron saints' feast 

season.  Minimal contributions are noticed from October to May. The difference between the 

average contributions between the periods June to September and October to May is 

statistically significant (p<0.01).  The polar plot shows the highest emissions are mainly from 

a NW to SW direction, as expected due to the receptor site being downwind from fireworks 

displays in NW to SW winds.    This factor is characterised by peak emissions during 14 - 26 

July (feasts in Tarxien, Valletta and Zurrieq), the five feasts celebrated on 13-15 August, 01 

and 03 September (feasts in Zurrieq) and 13 and 15 June 2019 (feasts in Mqabba, Żejtun and 

Marsa). Reference is made to Figure B.3 for the indication of the areas letting off fireworks in 

the abovementioned periods with respect to the sampling site. This data is similar to that shown 

in a study by (Camilleri and Vella 2010).  The increase in metals in PM10 associated with 

fireworks burning was reported to decrease significantly from the summer to autumn months 

in Malta (Camilleri and Vella 2010).  Similarly, this study recorded a significant decrease in 

fireworks-related PM2.5 at the receptor site from the summer to autumn months.   
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Figure 3.10 Polar plot for the source contributions in ng m–3. 

 

A sudden increase in K concentrations can be used to identify fireworks events(Zhang et al. 

2018) due to the prevalence of large amounts of K salts in pyrotechnic compositions.  This 

factor explains 37% of the potassium at the site. During the feast of 13-15 August, Ba 

concentrations exceed 25 ng m–3 for several days, representing a 30-fold increase over the 

annual median concentration for this metal.  In contrast, the roadside median concentration of 

Ba in Marylebone Road in London, which is mainly derived from brake wear, was recorded at 

15.6 ng m–3 (Gietl et al. 2010).  This observation is significant since no feast was celebrated in 

Birżebbuġa in mid-August, and it is a clear indication that the metal-laden PM from nearby 

villages' fireworks displays dispersed substantially to areas close by.  

 

This source contributes 209 ± 769 ng/m3 to the indoor PM2.5 (4%) at the site. A 6% contribution 

is registered for the summer.  This is a substantial contribution, given that this particulate load 

is not spread evenly throughout the year but occurs at specific peaks in relation to fireworks 

activities.    

   

Factor 3 is characterised by the elements Al, Mg, Ca, Ti, Fe, Mn and Sr, which are considered 

markers of Saharan dust (Rodríguez et al. 2002; Viana et al. 2008) and is responsible for 84.5% 
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of the Al, 39.5% of the Mg, 79.5% of the Ti and 44.3% of the Mn at the site.  This factor 

registered peaks at least five times the normalised contribution on 06 – 08 September, 29 

October and 13 – 17 June.  HYSPLIT back trajectories were run for all these dates at several 

heights above ground level (Figure SI.2).  The 1500 m trajectory was considered for the 

analysis of Saharan dust transport as the air mass at this height is in the upper part of the 

boundary layer, and surface artefacts are thus avoided.  Moreover, this height can be considered 

representative of the mean transport wind at a synoptic scale within the upper boundary layer 

(Salvador et al. 2007).  The high factor contributions were all associated with air masses 

passing over the North African continent before reaching the receptor site.  This is also 

confirmed by the polar plot for this factor, which shows the highest contributions associated 

with S to SE winds. 

 

Except for the September 2018 peaks, the other peaks coincided with Saharan episodes notified 

by Malta to the European Commission in its report for deduction of the contribution of natural 

sources from PM10 levels (ERA 2019; ERA 2020). Saharan dust episodes only resulted in very 

high indoor concentration when the residence windows were open.  Although the contribution 

of Saharan dust to PM10 was calculated as being in excess of 100 µg m–3 on the 29th of October 

2018 (ERA 2019), the indoor concentration for PM2.5 remained below 10 µg m–3.  In contrast, 

when the windows were open, a PM10 Saharan dust contribution of 25-31 µg m–3 in June 2019 

(ERA 2020) resulted in an indoor PM2.5 concentration of 18 µg m–3.   Given that the residence 

windows were mostly closed throughout the year, this factor only contributes 137  ± 268 ng/m3 

to the indoor PM2.5 (2%). This contrasts with the contributions of Saharan dust to outdoor PM2.5 

at Msida, which were recorded at 15.1% (Scerri et al. 2018). 

 
Factor 4 is the highest source contributor for EC (45.6%), NO3

– (47.9%), Zn (40.9%), Fe 

(55.9%) and As (47.5%). It is also a main contributor to Ca, Cu, and Mn. These elements and 

compounds are known to be different markers of traffic particulate emissions.  Fe, Cu, Zn Cr 

and Sb are considered tracers for brake-wear (Schauer et al. 2006; Amato et al. 2011), Zn for 

tyre wear (Amato et al. 2011), OC, EC and NO3
– are considered tailpipe emissions (Schauer et 

al. 2006) with As being emitted from tailpipe emissions of diesel engines (Talebi and Abedi 

2005).  The presence of Ca indicates the contribution of re-suspended dust, given that the 

geology of outcropping rocks in Malta is dominated by limestone (Cassar and Vella 2003).  

This factor, therefore, represents both exhaust and non-exhaust vehicular emissions.   
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OC/EC ratios at urban background sites in Portugal, Spain and the UK were recorded at 2.3 – 

4.0 (Pio et al. 2011), with lower ratios (<2) being registered for urban roadside sites.  The traffic 

factor at the receptor site has an OC/EC ratio of 2.0, which is similar to OC/EC ratios for the 

urban background sites. The Cu/Sb mass concentration ratio for this factor is 5.2.  This ratio 

indicates that the most likely source is brake-wear particles, with this ratio being like that 

reported for the fine particulate fraction in other studies.  (Pant and Harrison 2013) found that 

the Cu/Sb mass ratio in brake-wear particles depends on the PM size fraction.  Several Cu/Sb 

mass ratios for PM2.5 fractions were reported, including 10 (Barcelona), 2.17 ± 0.83 (Taiwan) 

and 2.5 (Palermo). This reaffirms that this factor also explains the fine PM generated from non-

exhaust emissions at this urban background location.  

 

The polar plot in Figure 3.10 shows that the highest concentrations of this factor are at the 

receptor site, indicating that this factor represents traffic emissions in the vicinity of the site. 

This factor contributes 571 ± 600 ng/m3 (10%) to the indoor PM2.5. This is substantially lower 

than that reported by (Scerri et al. 2018) in Msida, where the traffic factor constituted 27.3% 

of the roadside outdoor PM2.5.  This is expected, given that the measurements at Birżebbuġa 

referred to indoor values and the site's characteristics are very different.  The highest percentage 

contribution was recorded in summer, with the traffic factor responsible for 14% of the indoor 

PM2.5. The average contribution by traffic in summer is significantly different (p<0.01) from 

that measured in the other seasons, which can be explained by higher infiltration rates and also 

higher traffic flows in summer close to the receptor site, given that Birżebbuġa is an important 

seaside holiday destination during the summer months.   

 

Factor 5 is the highest source contributor for Pb (93.9%) and Cd (34.7%) and contributes 9.1% 

of EC at the site.  The presence of high levels of Pb and Cd in this factor indicates industrial 

emissions.    The polar plot shows a single source located in a W-SW direction from the receptor 

site.  The Hal Far industrial zone is located SW of the receptor site at 1.5 km.  Steel 

manufacturing, hot dip galvanising and hot asphalt plants located in this area could be the 

sources of these heavy metals and EC.  Hot dip galvanising is known for its emissions of Zn, 

Pb and Cd (National Pollutant Inventory 1999). 

 

Factor 5 is the smallest contributor at the site with 130 ± 187 ng/m3 (2%) and shows the highest 

contributions during winter.  Nonetheless, this factor indicates that industrial activity has only 

a slight impact on the indoor PM2.5 levels at the receptor site. 
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Factor 6 is characterised by high Na, Mg and Cl levels.  It is the most important source of Na 

(55%) and chloride (62%) at the site and contributes 522 (9%) ± 578 ng/m3 of the indoor PM2.5 

at the receptor site.  The Cl/Na ratio of 0.38 is considerably lower than the reported mass ratio 

for sea spray at 1.8 (Moller 1990; Seinfeld and Pandis 2016).  However, the Na/Mg ratio stands 

at 8.8, nearly identical to the ratio of these elements in seawater at 8.36  (Seinfeld and Pandis 

2016).  This suggests that these elements are of marine origin, so this factor was labelled as 

"Sea Salt".   

 

The presence of significant nitrate and sulfate in this factor is coupled with low chloride levels.  

The deficit of chloride ions can be explained by the volatilisation of chloride when NaCl reacts 

with acidic species such as HNO3 and H2SO4 (Rodríguez et al. 2002; Galindo et al. 2008). In 

these chemical reactions, the chloride ions are replaced by nitrate and sulfate ions, forming 

aged sea salt.  Hence, this factor represents aged sea salt. Given that the receptor site is affected 

by emissions from the nearby harbour and other offshore sources, the fresh sea spray could 

interact with pollutants such as NOx and SO2, producing particles enriched in nitrate and sulfate.  

This factor is, in fact, responsible for 11% of the nitrate at the site. The polar plot shows that 

this factor is not particularly dependent on wind direction.  High source contributions are 

recorded with increased wind speed, irrespective of wind direction.  This again indicates sea 

salt as the source, given that sea salt aerosol mass concentration is known to increase with an 

increase in wind speed (Ovadnevaite et al. 2012).  The plots also show that higher source 

contributions for this factor are associated with NW and E wind directions. Thus, sea salt 

particles in these air masses react with products of oxidation and hydration of NOx and SO2, 

which are generated both locally from traffic and harbour areas and/or transported to form aged 

sea salt.   

 

Factor 7 is the most important factor at the site, contributing 1771 ± 1877 ng/m3 (31%) of the 

PM2.5 and is characterised by high amounts of NH4
+ and SO4

2– ions. The NH4
+/ SO4

2– mass 

ratio for this factor is 0.36, which is nearly identical to the mass ratio of (NH4)2SO4 at 0.376, 

suggesting that ammonium sulfate is the main component in this source, and hence the factor 

was labelled "ammonium sulfate".  Given that there are no known major indoor sources of fine 

SO4
2– (Rivas et al. 2015), this factor can be considered to be of outdoor origin. The mass 

contribution of 3.79 µg m–3 for the ammonium sulfate factor for indoor air during the summer 
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at the receptor site is nearly identical to that recorded by Scerri et al. for outdoor air in Msida 

(3.6 µg m–3), which confirms the outdoor origins of this factor. 

 

As expected, this factor shows a seasonal variation, with the highest contribution registered in 

summer (43%) and the lowest in winter (15%).  The increased photooxidation rates of SO2 

during the summer months explain the increase in particulate sulfate during the summer months 

(Song et al. 2001; Kim and Hopke 2008). In a study on aerosol sulfates in the western 

Mediterranean (Galindo et al. 2008), the correlation coefficients between monthly average 

concentration and the percentages of secondary sulfates in PM2.5 to radiation and temperature 

were 0.92 and 0.88, respectively, with the highest sulfate concentration recorded in summer 

months.   

 

The difference between the average percentage contribution during different seasons was 

statistically significant (p<0.01) except for autumn and spring. The percentage values are being 

used, rather than the actual mass contributions, to compensate for any seasonal changes due to 

changes in infiltration.  Given that the oxidation of SO2 to sulfuric acid is slow (Querol et al. 

1998), secondary sulfates are used as indicators of aged air masses (Manousakas et al. 2017; 

Scerri et al. 2018) and therefore include contributions from long-range transport (Viana et al. 

2008). Secondary aerosols originating from local or long-range transport are difficult to 

separate in factor profiles as they tend to share the same chemical markers (Viana et al. 2008). 

Figure 3.11 shows that air masses associated with the highest contributions for factor 7 pass 

across Mt. Etna in Sicily, an active volcano with an estimated SO2 emission of 1.8 kt/day (Carn 

et al. 2017). Given that the highest contributions are associated with air masses originating 

from Italy, it further corroborates this factor's transboundary nature. This factor is also 

responsible for 34.7% of the Cd and 19.1% of the As at the site, which suggests a transboundary 

contribution of these toxic elements.  
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(a) (b) 

Figure 3.11 Concentration field for the ammonium sulfate source contribution (in  
ng m−3) at an arrival height of (a) 500 m and (b) 1000 m.  

 

Factor 8 is the highest source contributor for V (85.8%) and Ni (76.5%) and contributes 540 

± 767 ng/m3 (10%) of indoor PM2.5. Ni and V are found in higher concentrations in heavy fuel 

oils commonly used by the shipping industry.  V/Ni ratios for heavy oil combustion calculated 

by means of PMF were 3.2 ± 0.8 (Mar Viana et al. 2014) in all PM fractions.  For Mediterranean 

harbours, V/Ni ratios ranging from 2.5 to 5 are markers of shipping emissions (Viana et al. 

2009), with non-vessel-derived (land) sources having a V/Ni ratio of 12 (Mar Viana et al. 

2014).  Given that the V/Ni ratio for this factor is 3.2, it was labelled as "shipping". A similar 

V/Ni ratio of 2.5 was also recorded for the contribution by shipping to another coastal town in 

Malta (Scerri et al. 2018).   

 

The polar plot for this factor indicates that the highest source contributions are associated with 

winds from the easterly direction. This further confirms shipping activities from the 

Marsaxlokk harbour as the primary source of this factor.  The transhipment hub located in this 

harbour experiences high shipping activity.  Since the power station in Delimara is LNG-

powered, shipping can be assumed to be the main source of this factor. Moreover, the bunkering 

area at Hurd's Bank and the waiting area for Marsaxlokk and Valletta harbours are also located 

around 15 km offshore in an ENE direction from the sampling site.    
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The actual and percentage source contributions for this factor are higher in summer and spring, 

suggesting that the higher contributions are due to the increased AERs during the warmer 

months and increased emissions arriving at the site.  This is similar to that reported by 

(Manousakas et al. 2017) in Greece and (Scerri et al. 2018) in Malta and is possibly due to 

increased shipping activity in the warmer months. 

 

This factor is responsible for 20.7 % of the sulfate at the receptor site.  The high levels of sulfate 

in this factor can be explained by direct emissions of SO3 by ships, given that ships burn fuel 

oil with higher sulfur content and oxidation of SO2 at high flue temperatures is catalysed by 

V2O5 which deposits on the heat exchangers and other stack surfaces. The emitted SO3 then 

shows as sulfates at the receptor site following condensation (Kim and Hopke 2008; Pandolfi 

et al. 2011).  

 

Many SA studies include an unassigned fraction.  In this study, this amounted to 336 ± 1056 

ng m–3 (6%).  The seasonal variation in the unassigned mass was not statistically significant 

(p>0.01). Unassigned mass can be due to structural and absorbed water in the sampled dust 

remaining during sample conditioning (Yubero et al. 2011) and due to analytical uncertainties. 

 

3.6.4 Comparison with other studies 

A limited number of studies have carried out PMF receptor modelling on residential indoor 

PM2.5
 (Larson et al. 2004; Minguillón et al. 2012; Barraza et al. 2014; Molnár et al. 2014; Bari 

et al. 2015; Suryawanshi et al. 2016; Lai et al. 2019). Table 3.8 briefly summarises the SA and 

the percentage contribution in several indoor PMF studies compared to this study.  A PMF 

study on ambient urban background in another coastal Mediterranean city (D. Cesari et al. 

2016) and the only other PM2.5 PMF SA carried out in Malta (Scerri et al. 2018) are also 

included.  The sources' absolute (and/or relative) contribution may differ between these studies 

as these depend on the climate classification, meteorology, topography, urban fabric, building 

types and ventilation conditions. Although quantitative comparisons can be difficult, certain 

inferences can be noted.   

 

The residential indoor contribution across these studies ranged from 16.5% to 66.5%, with our 

study registering the second-lowest indoor contribution at 26%.  Studies by Zhao et al. 2006 in 

the USA and Barraza et al. 2014 in Chile identified cooking as the primary contributor to indoor 
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PM2.5.  This study also concludes that cooking is a major source of the indoor factor, and similar 

to these studies, such profiles included high levels of OC.  The other indoor contributions were 

Environmental Tobacco Smoke and cleaning activities characterised by K and Cl ions. Since 

no smoking occurred at our receptor site, tobacco smoking was not recorded as a contributor, 

and this could be one of the reasons for the lower indoor contribution when compared to the 

indoor sites in the USA and Chile.  

 

All indoor studies recorded a contribution from traffic, although this varies significantly 

between studies (3.5% to 38.8%).  The highest contribution was registered in Santiago (38.8%), 

given that sampling at this site was conducted in an urban environment.   Interestingly the 

percentage traffic contribution at our receptor site was only slightly lower than that observed 

in Lecce for an ambient background site (16.5%) but considerably lower than the 27.6% at the 

ambient traffic site in Msida.   

 

Secondary Inorganic Aerosols (SIAs) are the most important contributor to indoor residential 

sites (15.5% to 54%), with the Birzebbuġa site registering one of the highest percentage 

contributions (31%) for this source.  This value was nearly identical to ambient PM2.5 in Msida 

(29.7%). This suggests that the air masses in Malta are considerably affected by pollution from 

long-range/transboundary pollution, given the very similar contributions in other coastal 

Mediterranean cities, with Lecce (UB) 24.3%, Thessaloniki (UB) 33.0% (Daniela Cesari, 

Donateo, et al. 2016; Diapouli et al. 2017).  

 

Although in Europe, SO2 emissions have decreased during the past 25 years, the relatively 

lenient limits on the sulfur content of marine fuel in the Mediterranean compared with fuels for 

land transport means that we now expect that under business-as-usual scenarios, emissions 

from maritime activities will equal those from land-based sources in the EU (Schembari et al. 

2012). SOx emissions from ships in the Mediterranean account for over 50% of all the European 

sea regions (Jalkanen et al. 2016). Therefore, with the Malta-Sicily channel being one of the 

busiest sailing corridors of the Mediterranean, with over 30,000 tankers and large ships sailing 

through this channel annually (Ellul et al. 2013), maritime emissions constitute a significant 

contributor both directly, with an estimated 10% contribution at the receptor site, and indirectly 

via particulate sulfate through secondary formation.  Ammonia from land-based emissions in 

mainland Europe reacts with the products of oxidation and hydration of SO2 emitted from ships, 
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resulting in increased secondary sulfate concentrations along the shipping routes and coastal 

areas in the central and western Mediterranean (Aksoyoglu et al. 2016). 

 

Fireworks were detected as a separate source profile in Malta, with a 2.9% contribution for 

ambient air in Msida and 4.0% for indoor air in Birzebbuġa.  The only other PMF SA study 

which calculated the direct and indirect impacts of fireworks was carried out in a megacity in 

China during the Chinese New Year (Tian et al. 2014). However, this resulted from a short 

three-week sampling campaign carried out specifically during the Chinese lantern festival, with 

fireworks contributing 24.1% of the PM2.5 during this period. An indoor PMF source profile in 

a SA study in Massachusetts, USA, was labelled Fireworks & ETS due to the elevated levels 

of K, Ba, and Sr in the profile and the higher contributions of this source profile were recorded 

during the first week of January and July.  Some contributions were attributed to plumes from 

outdoor New Year’s and Independence Day fireworks infiltrating indoors. (Matthaios et al. 

2021).  However, the identification of fireworks as a unique source in long sampling campaigns 

remains purely a Maltese phenomenon. 

 

Approximately 140 tons of fireworks-related material were estimated to have been burnt in the 

2012−2014 period in Malta (Camilleri and Vella 2016). This amount is equivalent to 633 kg 

per square kilometre per year. In comparison, 93,700 tons of fireworks were burnt in the US 

during the same period (APA 2024), which amounts to only 9.9 kg per square kilometre per 

year. The figure in the US is for the entire firework device (including packaging and inert 

structural material).     

 

These findings confirm that fireworks affect the indoor air quality in Malta, and when the 

prevalence of pyrotechnic activity is high, the potential for harm to human health cannot be 

ignored. Even though fireworks contribute 4% of the total PM2.5 at the receptor site, they are 

responsible for most of the Ba (88.9%) and Sb (52.9%).  They are also responsible for 35.5% 

of the Cu measured at the site. Ba causes bronchoconstrictor effects and interferes with the 

heart and renal functions (Hicks et al. 1986; Kravchenko et al. 2014), and it is suspected to be 

responsible for the significant increase in asthma during the Diwali festival in India (Murty 

2000). Moreover, Ba derived from fireworks is expected to be more bioavailable since it is 

present as water-soluble compounds (Steinhauser et al. 2008) in contrast with the far less 

soluble barite from brake pads.  
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The presence of Sb in indoor PM2.5 is also problematic, given that antimony trioxide is 

classified as a possible carcinogen to humans (Group 2B) (IARC 1989; von Uexküll et al. 

2005).  Pyrotechnic-derived PM is also associated with the presence of unreacted perchlorate 

(Vella et al. 2015), given that potassium perchlorate is the primary oxidiser used in pyrotechnic 

compositions in Malta (Camilleri and Vella 2016). Perchlorate is known to interfere with 

thyroid function as it inhibits the uptake of iodine into the thyroid (Clewell et al. 2004), 

although the effect of human chronic exposure to low doses of environmental perchlorate is 

still unclear and the subject of study (Gold et al. 2013; Pace and Vella 2016). 

 

The fact that pyrotechnic metals are present in the indoor environment is of greater concern as 

this alone increases the potential for human exposure to these toxic species (L. Yao et al. 2015; 

Bo et al. 2017).  Moreover, one can expect that the highest episodic indoor concentrations are 

registered during the night, when people sleep, since most fireworks displays in Malta occur 

between 7 pm and 11 pm.  Fireworks-derived particulate matter could be the easiest 

controllable source of particulates on the islands and would be achieved by properly controlling 

the quantity and type of burnt fireworks.  However, the enthusiasm for fireworks manufacture 

and display exhibited by the pyrotechnic community and their numerous local supporters is so 

great that it will be difficult to restrict or regulate the activity.  Unfortunately, in recent years, 

fireworks production in Malta is estimated to have increased by over 170% (Vella et al. 2015).   

 

The WHO Annual Air Quality Guideline (AQG) level of 5 µg m–3 (World Health Organization 

2021) for PM2.5 applies to both outdoor and indoor environments. The mean indoor PM2.5 

concentrations at the receptor site are slightly higher (5.7 µg m–3) than the WHO AQG level, 

while the 24-hour limit of 15 µg m–3 was exceeded twice, with shipping and fireworks being 

responsible for most of the contributions during these two days. Given the high mean indoor 

concentrations (8.8 µg m–3) during the summer months, it would appear that reduction of 

emissions from local fireworks and from shipping in the Mediterranean would lead to an 

improved indoor air quality in Malta’s homes in coastal areas. 
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Table 3.8 Factors defined by PMF for indoor residential studies. Urban Background sites are listed as (UB) 

Notes:  * Include Heavy Fuel Oil (HFO) combustion 

† Includes Second-hand Smoke and personal care. Cooking is the major contributor 

†† Calculated as not given directly in the study 

Others includes other anthropogenic factors and unassigned fractions. Traffic includes road dust. Crustal includes Saharan 

 

Receptor Type  
PM2.5 

(µg m–3) 
Source contribution to PM2.5 % (µg m–3) Article 

Indoor Crustal Traffic Shipping*  SIA Sea Salt Industrial Others  
Lecce  
(Italy) 

Ambient 
(UB) 

14.4 - 
17.6 
(2.5) 

16.5 
(2.4) 

- 
29.7 
(4.3) 

3.6 (0.5)  
32.5 
(4.7) 

(D. Cesari et al. 
2016) 

Msida (Malta) 
Ambient  
Traffic 

15.1 - 
15.1 
(2.3) 

27.6 
(4.1) 

5.0 (0.8) 
23.6 
(3.6) 

4.6 (0.7)  
24.4 
(3.7) 

(Scerri et al. 2018) 

Birzebbuġa  
(Malta) 

Indoor 
residential  

5.7 26 (1.5) 2 (0.1) 10 (0.6) 10 (0.5) 31 (1.8) 9 (0.5) 2 (0.1) 
10 

(0.5) 
This Study 

Barcelona 
(Spain) 

Indoor 
residential  

  5 4  10 2 1 78 
(Minguillón et al. 
2012) 

Gothenburg †† 
(Sweden)  

Indoor 
(UB) 

8.5 16.5 (1.4)  3.5 (0.3)  54 (4.6) 
16.5 
(1.4) 

 
9.5 

(0.8) 
(Molnár et al. 
2014) 

North Carolina 
(USA) 

Indoor 
residential 

 66.5 † 3.0 7.6  21.9   1.0 (Zhao et al. 2006) 

Santiago 
(Chile) 

Indoor 
residential 

 45.7 (10) †  
38.8 
(8.5) 

 
15.5 
(3.4) 

   
(Barraza et al. 
2014) 
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3.7 Conclusion 

This study carried out receptor modelling via PMF on indoor PM2.5 at a residential location in 

an urban background site in Malta.  Indoor environments have not been extensively 

characterised via PMF, and few such studies have, to date, been conducted in the 

Mediterranean region. This study identified eight factors, including seven outdoor sources, 

namely fireworks (4%), Saharan dust (2%), road traffic (10%), industrial (2%), sea salt (9%), 

ammonium sulfate (31%) and shipping (10%).  An indoor factor was also identified, which 

contributed to 26% of indoor PM2.5.  Cooking and e-cigarette smoking were identified as the 

main contributors to the indoor factor.  

 

Indoor PM2.5 at this urban background receptor site is mainly affected by outdoor sources, 

which generate 68% of indoor PM2.5. The contribution by outdoor sources of 7.3 µg m–3 (83%) 

is much higher in summer in both absolute and relative terms.  The decrease to 1.8 µg m–3 

(51%) in winter can partially be attributed to lower infiltration as the residence's windows were 

kept closed during the colder months.  The anthropogenic contribution to indoor PM2.5 during 

the summer months is 75%, with SIAs (mainly as ammonium sulfate), traffic, shipping and 

fireworks being the most important contributors.   

 

Reducing the anthropogenic contribution would assist indoor PM2.5 concentrations in falling 

below the ambient WHO AQG for PM2.5. Establishing an emissions-controlled area could 

reduce pollutant emissions from ships in the Mediterranean region, and in 2025, the 

Mediterranean Sea will be designated as an Emission Control Area for sulfur oxides, requiring 

ships to burn fuels with less than 0.1% sulfur content, which is expected to decrease PM2.5 

generated from maritime emissions via secondary particle formation (Directorate-General for 

Mobility and Transport 2022 Dec 16). However, transboundary ammonia emissions from 

mainland Europe must also decrease to reduce particulate ammonium sulfate formation in 

Maltese residences.   Locally, the burning of social (non-essential) fireworks could be readily 

controlled to decrease exposure to toxic elements in the indoor residential environment, but 

apparently, the opposite trend appears more likely. This work is the first step in untangling and 

quantifying the principal sources of indoor fine particulate matter as defined by PM2.5. It also 

presents a better picture of the exposure status to PM2.5 of home dwellers in Malta.  
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4.1 Introduction 

Residential PM2.5 concentrations can be used as a useful substitute for personal exposure, 

especially for elderly vulnerable populations who tend to spend most of their time inside their 

homes (Klepeis et al. 2001; Xu et al. 2020), increasing the accuracy of PM2.5 exposure and 

thereby minimizing exposure measurement errors in epidemiological studies. Direct accurate 

measurement of indoor particulate matter concentrations is labour-intensive and expensive, 

rendering continuous monitoring impractical.  Therefore, it is essential to develop models that 

can predict indoor household PM2.5 concentrations and their spatial and temporal variation 

without overfitting.    

 

Given the multiple and nonlinear interactions leading to the formation of fine particulate matter 

(Pan 2018; Dai et al. 2023), data-driven models have proven useful modelling techniques for 

indoor PM2.5 as they rely on historical data to predict future values.  Data-driven modelling 

techniques have been recently adopted to capture the complex relationships with the data due 

to their ease of use and low computational resources (Yuchi et al. 2019; Du et al. 2021; Gu et 

al. 2021; Kumar et al. 2022). These approaches can enhance the limited availability of direct 

indoor PM2.5 measurements. 

 

This study aims to use modern ML algorithms, RF and XGBoost models to predict indoor 

residential PM2.5 concentrations at six-hourly averages.  The performance of these tree-based 

models is compared to traditional GLM regression with Lasso regularisation using R2 

(coefficient of determination) and the RMSE (Root Mean Square Error) as performance 

indicators to determine the model performance.  The most important predictor variables to 

accurately model indoor PM2.5 concentration in residences in Malta are also investigated.  

 

4.2 Data handling  

The hourly PM2.5 concentrations and meteorological data were used to calculate the daily and 

six-hourly averages using the OpenAir package in R-Studio (Carslaw and Ropkins 2012). The 

six-hourly averages represented the following time periods: 00 to 06 (night), 06 to 12 

(morning), 12 to 18 (afternoon) and 18 to 00 (late evening).  The data was split per sampling 

site, and the “na.interp” function from the forecast package (version 1.5.2) in RStudio (Kuhn 

2008) was used to impute the data for the missing values of PM in the time-series data of each 
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sampling site. This was done to impute the missing values resulting from the periods when the 

samplers stopped working.  The number of instances of imputed data per site is given in Table 

C.1.  Indoor and outdoor PM concentrations identified as significant outliers, due to exceptional 

events such as construction activities within the residence recorded in activity sheets by 

occupants, were excluded from the dataset. These values were imputed as per the procedure 

described above.  This was done as the objective of this study is to test the ability of the ML 

models to predict indoor PM2.5 under normal living conditions.  In a large enough dataset and 

with such extraordinary events noted, such conditions might be used as predictor variables. 

However, due to the limited dataset available, only a few such occurrences were registered in 

this study. 

 

Six-hourly averages were used to model indoor PM2.5 rather than hourly data, as the objective 

is to model the indoor concentrations using primarily outdoor variables.  Using six-hourly 

averages minimises extreme indoor concentrations, as shown in Tables 4.1 and 4.2, sacrificing 

time-resolved detail yet still providing four distinct periods that can be associated with different 

human activities during the day. 

 

Due to a possible time-lagged relationship between indoor and outdoor variables (Yu et al. 

2024), and given that the observations were collected over a time period, lagged variables were 

added as new columns were added to the dataset that accounted for a lag of one, that represents 

data from the previous six hours sampling period.  These lagged variables for wind speed 

outdoor PM1 (pm1.L), outdoor PM2.5 (pm2.5.L), outdoor PM10 (pm10.L)  (ws.L), wind 

direction (wd.L), outdoor temperature (Temp.O.L), indoor temperature (Temp.I.L), outdoor 

humidity (Humidity.O.L) and indoor humidity (Humidity.I.L) were added.  These lagged 

variables assist the models in capturing temporal dynamics.  Time-based features, namely 

sampling time and day, were also added as predictor variables to aid in capturing temporal 

dynamics. 

 

The dataset was split into 80% training and 20% testing datasets, ensuring an 80:20 ratio was 

retained for all the data points from each sampling site.  The testing data was set aside to verify 

the method's accuracy.  Ignoring the variability introduced by splitting the training and test 

datasets can lead to biased model performance; hence, the training and testing datasets were 

analysed to ensure similar data distribution.  
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4.3  Prediction Models 

4.3.1 Tree-based models  

Random Forest (RF) is an ensemble learning method that consists of a collection of decision 

trees where each tree is constructed using a randomly selected subset of the training data and 

variables.  Combined decisions make the predictions from a sequence of base models.  

Combining predictions from multiple regression trees reduces the overfitting and improves 

accuracy.  Hence, the final model g, for a given input vector x, can be represented as the average 

of the output of the individual decision trees, where N is the number of trees and fi is the output 

of the i-th tree and is described in equation 4.1. 

  

 𝑔(௫) =  ቀ
ଵ

ே
ቁ ∗  ∑ 𝑓௜(௫)    Eq. 4.1

  

RF is an improvement over bagging as the correlation between individual trees is reduced 

since, during the construction of the multiple decision trees, at each split, a random subset of 

predictors (mtry) is selected from the total set of predictors (p).  A baseline value of mtry is 

typically approximated to ඥ𝑝, although a better method is to optimise a value for mtry using 

hyperparameter tuning. Each split in the decision tree is then restricted to use only one of these 

(mtry) predictors.  The advantage is that a few predictors are not allowed to dominate the 

decision trees, thereby making the average of the resulting trees more reliable (James 2013).  

   

The XGBoost algorithm is based on gradient boosting, which consists of a machine learning 

algorithm that builds a robust predictive model by combining the predictions of multiple weak 

decision trees.  XGBoost is also an ensemble learning method, but each subsequent model 

corrects the errors made by the previous ones.  XGBoost includes the Lasso (Least Absolute 

Shrinkage and Selection Operator) regularisation term, which limits model complexity and 

helps prevent overfitting. 

 

XGBoost differs from RF regression in that it is based on gradient boosting whereby the 

prediction from weak decision trees is built sequentially, with each tree trying to correct the 

errors made by the previous ones. In RF regression, the prediction from the ensemble of 

decision trees is combined through averaging. Each tree is trained independently, and the RF 

model introduces randomness during the construction of individual trees.  
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A repeated 10-fold cross-validation (CV) was carried out on the training dataset with three 

repeats. Repeated CV obtain a more reliable estimate of the model's performance since it 

reduces the effect of variability when randomly splitting the data into K-folds. The model is 

trained on the K-1 fold and tested on the remaining folds. This process is then repeated ten 

times.  This 10-fold CV is then repeated three times. In each repetition, the folds are randomly 

shuffled and re-divided.   Hyperparameter tuning using grid search was carried out while 

performing CV.  Grid search runs an exhaustive search over specified hyperparameters to 

optimise the algorithm using the Root Mean Square Error (RMSE) as the evaluation metric, 

selecting the best combination of values that gave the best RMSE. 

 

For RF regression, hyperparameter tuning for mtry was carried out using grid search. XGBoost 

was tuned for the maximum number boosting iteration (nrounds), the learning rate at which the 

model learns patterns in data (eta) with lower values resulting in slower computation, 

maximum tree depth (max_depth) and regularisation parameter that controls overfitting 

(gamma). The data was then analysed using the caret package (version 6.0-92) in RStudio 

(Kuhn 2008). 

 

The model's suitability was evaluated using the R2 and the RMSE for the concentrations 

predicted by the model on the testing dataset.  The formula for R2 is given in equation (4.3). 

     𝑦ത =
ଵ

௡
∑ 𝑦௜

௡
௜ୀଵ  Eq. 4.2 

 

  𝑅ଶ = 1 −
∑ (௬೔ି௬ො೔)మ೙

೔సభ

∑ (௬೔ି௬ത)మ೙
೔సభ

   Eq. 4.3 

 

In equation 4.2 and 4.3, 𝑦௜ is each observed concentration (μg m−3) of PM2.5 in the testing 

dataset, and 𝑦ො௜ is the predicted concentration (μg m−3) of PM2.5 for the testing dataset and n is 

the number of observations in the testing dataset. The formula for RMSE is shown in equation 

(4.4). 

  

 𝑅𝑀𝑆𝐸 =  ට∑
(௬ො೔ି௬೔)మ

௡
௡
௜ୀଵ  Eq. 4.4 
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 𝐼𝑂𝐴 =  1 −
∑ (௬೔ି௬ො೔)మ೙

೔సభ

∑ (|௬ො೔ି௬ത|ା|௬೔ି௬ത|)మ೙
೔సభ

= 0 ≤ 𝐼𝑂𝐴 ≥ 1 Eq. 4.5 

 

The Index of Agreement (IOA), described for equation 4.5, will also be given as it provides a 

normalized value of the prediction error and is derived from the mean square error (MSE) ratio 

to potential error. Although the IOA provides a holistic evaluation of model performance, it is 

still susceptible to the influence of extreme outlier values, as it relies on squared differences 

between observed and predicted data and potentially skewing the assessment of model 

performance (AgriMetSoft 2024). 

 

4.3.2 Generalised Linear Model (GLM)  

The same data handling procedures as RF were applied to the same training dataset and the 

predictor variables were tested using a Generalised Linear Model (GLM) on the training dataset 

in R-studio. 

 

The GLM is a multiple linear regression model that analyses the relationship between a 

dependent variable and one or several independent variables. This model can be represented 

by equation 4.6 where Y represents the dependent variable, the indoor PM2.5 concentration, Xi 

are the independent predictor variables, βi are the regression coefficients representing the 

relationship between the dependent variable and each independent predictor variable, and ɛ is 

the residual term. 

 

 𝑌 =  𝛽଴  + 𝛽ଵ𝑋ଵ+ . . . + 𝛽௜𝑋௜  +  ɛ    Eq. 4.6 

 

The GLM was run using R-Studio's glmnet package (version 4.1-8) (Friedman et al. 2010). 

The glmnet package runs an elastic net regularisation method for fitting GLMs and performs 

variable selection. A tuning grid search was run to optimise the regularisation parameter 

(lambda) that controls the Lasso regularisation penalties.  The Lasso regularisation adds a 

penalty corresponding to the absolute value of the coefficients to the loss function, enabling 

the model to shrink some coefficients to zero.  In doing so, both variable selection and 

regularisation are carried out at the same time. 
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Given that GLM was run with Lasso, the data was standardised (scaled) and for each variable, 

each value is subtracted by the mean of that variable and then divided by the SD of the variable.  

 

 𝑧 =  
௩௔௟௨௘ି௠௘௔௡

ௌ஽
 Eq. 4.7 

 

The z-scores described in equation 4.7 were calculated for each variable using the training 

dataset.  The testing dataset was scaled using the z-scores of the training dataset. Lasso 

regularisation imposes penalties on the magnitude of the coefficients.  Hence, a variable with 

a large variance, having a smaller coefficient is penalised less.  Standardisation before 

regression minimises this effect and ensures a more equitable penalisation across all variables. 

Even though most studies log-transform the data for MLR (Yuchi et al. 2019; Xu et al. 2020), 

in this study, the data was standardised for GLM to get a fairer Lasso regularisation across the 

predictor variables. 

 

As with the tree-based algorithms, the model suitability was evaluated using the R2 and RMSE 

for the values predicted by the model on the testing dataset.   

 

4.3.3 Predictor Variables  

All models were tested using the following predictor variables: 

  

1. Outdoor PM: PM1 (pm1O), PM2.5 (pm2.5O), PM10 (pm10O). 

2. Indoor and outdoor meteorological parameters: Wind speed (ws), wind direction (wd), 

outdoor temperature (Temp.O), indoor temperature (Temp.I), outdoor humidity 

(Humidity.O) and indoor humidity (Humidity.I).  

3. Lagged variables (denoted by a “.L”): These are the variables for the previous 6-hr 

interval. New columns were added to the dataset that accounted for the lag-1 data from 

the previous six hours.  

4. Sampling information and time-based variables: Site (as a categorical variable), 

sampling time and sampling day.  

 

A detailed list of the 25 predictor variables is found in Table C.2.  Due to the limited number 

of sampling sites, each sampling site was used as a separate categorical variable.  On larger 

datasets, similar sampling sites could be grouped into a single categorical variable, for example, 
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grouping terraced houses as a categorical variable. Due to the scarcity of sweeping and 

vacuuming in the activity logs of several sites, these variables were not included in the models. 

 

4.4 Results 

4.4.1 Descriptive statistics 

Descriptive statistics for the hourly and six-hourly indoor and outdoor PM2.5 concentrations 

are given in Tables 4.1 and 4.2, respectively. Using the six-hourly averages reduces the 

maximum values recorded for indoor PM2.5, with the greatest decreases recorded for site 7.  All 

sites had lower mean and median indoor PM2.5 concentrations except for site 7. 

 

Table 4.1 Descriptive statistics for the hourly indoor (I) and outdoor (O) PM2.5 concentrations 
(μg m−3). 

Site PM2.5 n Mean SD 
Geometric 

mean 
Min 25th 50th 75th Max 

2 
I 1272 8.7 9.7 7.0 1.3 4.8 6.6 9.2 134 

O 1272 14 13 10.6 1.7 6.9 11 15 109 

3 
I 648 15 13 11.9 2.6 7.5 12 19 178 

O 648 17 12 13.9 3.5 8.8 13 22 118 

4 
I 853 10 13 7.7 1.9 5.0 7.7 11 212 

O 698 10 5.9 8.9 2.5 5.9 8.4 14 34.9 

5 
I 888 8.9 6.1 7.8 2.5 5.4 7.7 11 87.9 

O 871 11 8.1 9.6 1.9 6.4 9.5 13 89.0 

6 
I 894 11 13 8.1 1.8 5.3 8.0 11 139 

O 722 12 18 9.0 2.0 6.3 8.3 11 153 

7 
I 984 55 120 21.5 2.8 9.4 16 43 1285 

O 803 11 5.7 9.4 1.5 6.8 9.2 14 77.3 
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Table 4.2 Descriptive statistics for the six-hourly indoor (I) and outdoor (O) PM2.5 
concentrations (μg m−3). 

Site PM2.5 n Mean SD 
Geometric 

mean 
Min 25th 50th 75th Max 

2 
I 212 8.7 8.1 7.2 1.6 5.1 6.8 9.4 83.6 

O 212 14 12 11 2.5 7.3 11 15.0 82.4 

3 
I 108 5 10 12 3.1 7.8 12 19.9 69.8 

O 108 17 9.6 14 3.7 9.5 13 23.0 46.6 

4 
I 144 11 12 8.4 2.4 5.6 7.8 11.3 95.9 

O 120 10 5.7 9.1 3.1 6.2 8.5 13.5 29.3 

5 
I 148 8.9 4.9 8.0 3.3 5.7 7.6 10.5 35.2 

O 147 11 7.1 9.8 3.2 6.7 9.5 13.1 43.5 

6 
I 149 11 12 8.4 2.2 5.8 8.5 11.1 85.6 

O 121 12 18 9.2 2.4 6.6 8.3 11.0 126 

7 
I 164 55 100 25 3.9 11 18 51.4 627 

O 154 11 5.3 9.6 1.5 6.9 9.4 14.6 29.6 

 

For sites 4 to 7, the outdoor observations were less than the indoor ones due to malfunctions in 

the outdoor instrument.  These observations were imputed as previously described.  I/O ratios 

can be calculated from Table 4.1, showing that sites 2 to 6 have values lower than 1 (0.64 to 

0.99), while site 7 has an I/O ratio of 5.2.   

 

The six-hourly data was tested with the Shapiro-Wilk test for normal distribution.  The null 

hypothesis being that the data is normally distributed. The p-value for all the data is 

significantly lower than the 0.05 acceptance criteria at 95% confidence level; hence, the data 

is not normally distributed.   Figure 4.1 shows the distribution of PM2.5 on a log10 scale. While 

outdoor concentrations show similar distributions at all sites, indoor concentrations at site 

seven differ from other sites, with the box plot for site seven showing significantly right-

skewed data for this site.    

 

4.4.1.1 Kruskal-Wallis and Wilcoxon rank-sum tests 

The Kruskal-Wallis test can be used as a non-parametric test for equal distribution between 

multiple datasets and should be used when the hypothesis of normality is not justified 

(Reinmann et al. 2008).  In this test, the null hypothesis is that the medians of each group are 

the same, meaning that all groups come from the same distribution. The alternative hypothesis 
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(p < 005) was accepted, showing that at least one of the sites has a different median, meaning 

at least one has a significantly different distribution than the others.   

 

Table 4.3  Kruskal-Wallis test tests for indoor and outdoor PM2.5 for sites 2 to 7. 

Site Pollutant chi-squared dF 
p-value 

(Kruskal-Wallis test) 

2 to 7 Indoor PM2.5 201 5 <0.0001 

2 to 7 Outdoor PM2.5 51.5 5 <0.0001 

 

The Wilcoxon rank-sum tests were carried out for indoor and outdoor PM2.5 for the different 

combinations of sampling site pairs.  The Wilcoxon rank-sum test is also a non-parametric test 

for equal distribution and should be used when the hypothesis of normality is not justified 

(Reinmann et al. 2008).  The null hypothesis tested is that the underlying distributions of the 

PM2.5 concentrations between the two sites are equal and that paired medians do not represent 

significant differences. 

 

For indoor PM2.5, the null hypothesis (p > 0.05) was only accepted for site 4 with sites 5 and 6 

and between sites 5 and 6, indicating that sites 4, 5 and 6 show similar distributions of indoor 

PM2.5 concentrations.   

 

The null hypothesis for the distribution of outdoor PM2.5 was accepted for more sites, indicating 

similar distribution of outdoor PM2.5 at several sites. Site 2 showed similar outdoor PM2.5 

distributions with sites 5 and 7, site 4 with sites 5, 6 and 7, site 5 with 6 and 7 and site 6 with 

site 7.  Site 3 did not show any similar distributions of outdoor PM2.5 concentrations, with site 

3 being the only site sampled in summer. 

 

Given the higher similarities found in the distribution of outdoor PM2.5 concentrations between 

sites, indoor characteristics such as cooking, combustion, and cleaning must contribute to the 

variability of indoor concentrations across the sampling sites.   
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(a) (b) 

Figure 4.1 Box plots with log10 scale for six-hourly (a) indoor and (b) outdoor PM2.5 concentrations.  Outliers are shown with an x. 
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4.4.2 Grid search results  

Due to the significant difference in indoor PM2.5 concentrations at site 7, the models were 

first tested with sites 2 to 6 and then run again for all sites.   Hence, results for two sets 

of models will be given, one set for sites 2 to 6 and the other for all sites. Table 4.4 gives 

the optimal hyperparameter values obtained using grid search on the CV of the three 

models using RMSE as the evaluation metric.   

 

Table 4.4  Optimal hyperparameter values for the three models 
Sites GLM RF XGBoost 

2 to 6 Lambda = 0.01 mtry = 17 

Nrounds =100 
max_depth = 2  
eta = 0.1 
gamma = 0 

All  Lambda = 0.01 mtry = 11 

Nrounds =150 
max_depth = 2  
eta = 0.01 
gamma = 0 

 

4.4.3 Results of the Prediction Models 

For sites 2 to 6, the GLM model gave the best CV RMSE, marginally better than XGBoost 

and RF, as shown in Table 4.5, but had a higher RMSE for the training dataset than the 

testing one.  Typically, the testing RMSE is higher as the model is tested on new data, 

and this warrants investigation, given that training and testing distributions were checked 

for similar distributions. Hence, the model is not expected to perform worse on the 

training dataset. Moreover, the Lasso regularisation for the model was also relatively 

small, which did not significantly penalise the model's complexity.  High Lasso 

regularisation could penalise model complexity, leading to poorly fit training data and a 

better fit for unseen data.    

 

Given the nature of the data being analysed, where data was being collected over different 

periods, and since GLMs assume that the data is not a time series, the residuals resulting 

from fitting the model on the training set were checked for serial correlation 

(autocorrelation).  The residuals from the GLMs were calculated, and an autocorrelation 

function (ACF) plot was computed on the residuals. A significant spike at lag-1 was 

registered for both GLM models, indicating first-order autocorrelation, where the current 
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residual correlates with the previous residual.  The Box-Ljung test was also computed at 

lag-1 on the residuals, giving a p-value <0.01. Hence, the null hypothesis that the data is 

independently distributed and no autocorrelation exists at lag-1 was rejected. The ACF 

plots and the Box-Ljung test indicate significant autocorrelation in the residuals, violating 

the assumption of independence for linear models (i.e. residuals are not correlated with 

each other).  

 

Even though lagged variables were introduced as predictors to capture temporal 

dependencies, significant serial correlation was present, violating one of the assumptions 

of linear models.  Hence, the model could be missing key temporal dynamics in the data 

and should not be used.  

 

Table 4.5 RMSE (in µg m−3) and R2 for CV, training and testing datasets for sites  
2 to 6 

 CV Training data Testing data 

 RMSE R2 RMSE IOA R2 RMSE IOA R2 

GLM 5.05 0.58 4.95 0.86 0.61 3.94 0.92 0.75 

RF 5.29 0.55 2.37 0.97 0.94 3.87 0.92 0.77 

XGBoost 5.09 0.58 3.90 0.92 0.76 3.91 0.93 0.76 
 

Table 4.6 RMSE (in µg m−3) and R2 for CV, training and testing datasets for all sites 
 CV Training data Testing data 

 RMSE R2 RMSE IOA R2 RMSE IOA R2 

GLM 29.00 0.28 34.53 0.45 0.18 33.03 0.52 0.27 

RF 24.82 0.49 15.35 0.94 0.89 30.65 0.66 0.35 

XGBoost 27.92 0.35 29.20 0.65 0.57 34.89 0.38 0.22 
 

Although tree-based models are not inherently designed for time series, they can be 

adapted through feature engineering, such as lagged variables and time-based features.  

For sites 2-6, both XGBoost and RF performed well on the testing dataset with near 

identical RMSE and R2 and IOAs >0.9. CV RMSE for XGBoost (5.09 µg m−3) was 

marginally better than RF (5.29 µg m−3).  XGBoost performance indicators for the 

training and testing dataset are identical, indicating that the model does not overfit the 

data.  RF performed significantly better on the training data, with 2.37 µg m−3, 0.94 R2 

and a very high IOA of 0.97.  Although the lower RMSE for the training dataset when 

compared to the CV RMSE for RF could possibly indicate overfitting of the model on the 
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training dataset, RF provided the best RMSE and R2 on the unseen test dataset, indicating 

that the model has a good bias-variance trade-off. 

 

An RF model with the same predictor variables was tested with a time-series cross-

validation, having 100 observations in each CV training set. Grid search gave an optimal 

mtry of 4 with a CV R2 and RMSE of 0.374 and 5.36 µg m−3, respectively.  The lower 

CV performance indicators compared to the previous RF model can be attributed to the 

lower sample size in each CV training set.  The training set R2 and RMSE were 0.74 and 

4.21 µg m−3, showing that the time-series cross-validation did not improve the 

performance indicators of the RF model on the training dataset. 

 

The variable importance plots for models run for sites 2-6 in Figure 4.2 show outdoor 

PM1 and PM2.5 as the topmost important predictor variables for both RF and XGBoost.  

Lagged variables show higher variable importance in RF, suggesting the model’s ability 

to explain inherent temporal dynamics, which could explain the model’s better 

performance on the training dataset.   

 

The Sites variable shows low importance in both tree-based models, suggesting that 

specific site characteristics are not particularly significant in determining indoor PM2.5 

for sites 2 to 6. Both Tree-based models show that outdoor PM1 is the most important 

predictor of indoor PM2.5, suggesting that indoor PM2.5 is significantly affected by 

outdoor fine particles.  

 

When the models were tested on data from all sites (Table 4.6), RF showed the best 

performance indicators for the CV, training and testing datasets, with the CV R2 being 

only slightly lower than the value for the RF model for sites 2 to 6 as shown in Table 4.5.  

The RMSE for these models is expected to be much higher than sites 2 to 6 due to the 

significantly higher indoor PM2.5 concentrations recorded for site 7.  The GLM model 

showed very poor performance indicators.  In this GLM, the very low R2 (0.18) for the 

testing dataset can be explained by the several observed indoor PM2.5 concentrations in 

excess of 400 µg m−3 which had high prediction errors.  The testing datasets did not have 

such extreme values, so the model had a better R2 for the testing dataset. The XGBoost 

model also displayed poor performance indicators for the CV and the testing data, with 

these values being slightly better than the GLM.   
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These results indicate that the RF model is more resistant to outliers, showing the highest 

IOA (0.66) from the models when tested on all sites.  The high R2 and IOA for the training 

dataset indicate that the RF model can robustly model the data, including outlier values. 

The low R2 and high RMSE for testing data for the RF model can be mainly attributed to 

a single high observed indoor PM2.5 concentration with a very high prediction error. When 

this value is excluded, the R2 increases to 0.54.  This is significant given the limited 

dataset and the fact that only outdoor PM and indoor and outdoor meteorological 

variables were used. 

 

Figure 4.6 shows that the RF model has very low prediction errors for sites 2 to 6, with 

the prediction errors increasing significantly for site 7, thereby explaining the high RMSE 

values recorded for these models. Table 4.7 gives the descriptive statistics for the 

predicted indoor PM2.5 by the three models and the observed indoor PM2.5. While 

XGBoost shows better predictions at Q1 and Q2, RF gives better predictions at higher 

concentrations.  In fact, GLM and XGBoost fail to properly predict very high indoor 

PM2.5 concentrations. 

 

Figure 4.4 shows the variable importance plots of the models for all sites, with the three 

models showing notably different important predictor variables.  The RF models, which 

had the best performance indicators, used indoor and outdoor humidity as the most 

important predictors.  In this model, the outdoor PM concentrations and their lagged 

values are quite low in importance.  The RF model used many more variables than GLM 

and XGBoost. This explains why the RF model had better performance indicators than 

XGBoost, which only used indoor humidity, site 7 and lagged outdoor temperature as 

variables with significant importance.    

 

Table 4.7 Indoor PM2.5 (µg m−3) model statistics for all sites.  

  Metric 
Observed 

Indoor PM2.5 
Predicted 

PM2.5 GLM 
Predicted 
PM2.5 RF 

Predicted PM2.5 

XGBoost 
Mean 16 16 16 12 

SD 38 15 26 13 
Q1 6.0 5.5 7.2 6.5 

median 8.8 12 10 8.2 
Q3 14 21 16 11 

maximum 600 66 360 180 
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(a) (b) (c) 

Figure 4.2 Variable importance plots for (a) GLM (b) RF and (c) XGBoost models for sites 2 to 6 

 

   

(a) (b) (c) 

Figure 4.3 Scatter plots of predicted indoor PM2.5 versus observed value for (a) GLM (b) RF and (c) XGBoost on the test dataset. 
The red line shows a linear regression between predicted and observed PM2.5 values for the test dataset. The grey line represents y=x. 
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(a) (b) (c) 

Figure 4.4 Variable importance plots for (a) GLM (b) RF and (c) XGBoost models for all sites 
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(a) 
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(b) 
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(c) 

Figure 4.5 Time series plots showing model prediction PM2.5 concentration, observation PM2.5 concentration and prediction error for 
(a) GLM (b) RF (c) XGBoost for sites 2 to 6. 
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Figure 4.6 Time series plots showing model prediction PM2.5 concentration, observation PM2.5 concentration and prediction error for 
RF for sites all sites. 
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4.5 Discussion 

Even though the accuracy indicators, RMSE and R2, for the tree-based models are only 

marginally better than those for the GLM for sites 2 to 6, the presence of autocorrelation in the 

GLM model prevents the use of this model in predicting indoor PM2.5 concentrations.  Figure 

4.5b clearly shows that the RF model for sites 2 to 6 shows the lowest prediction error when 

the model is used to predict the indoor PM2.5 for these sites.  High prediction errors are recorded 

only when indoor concentrations exceed 30 µg m−3.  The most important predictor was outdoor 

PM1, with lagged outdoor PM concentrations and outdoor temperature also showing high 

variable importance in the RF model. The RF models suggest a greater impact of finer outdoor 

particles on indoor PM2.5, which can be explained by the higher infiltration of PM1 compared 

to PM2.5 due to its smaller aerodynamic diameters (Fromme 2012).  Very fine particles are 

typically generated from combustion emissions and the condensation of secondary sulfates, 

nitrates, and organic compounds from the gaseous phase (Seinfeld and Pandis 2016).  

Therefore, outdoor sources, such as exhaust emissions and particles formed through secondary 

formation, may impact indoor PM more than other sources at these sites and keeping in mind 

that  PM1 has greater lung penetration efficiency (Brown et al. 2013), a greater health impact 

would probably be envisaged.    

 

When considering all sites, the RF model is significantly better than GLM and XGBoost. Site 

7 had a significant indoor generation, and this is shown in Table 4.1, with the indoor hourly 

median concentration 1.7 times the outdoor one. Unlike the other sampling sites, site 7 was a 

third-floor apartment with no external hood extraction on the cooking hobs. The peaks in 

indoor PM2.5 were recorded during the evening, which coincides with the time when cooking 

was carried out at this residence and pan frying and searing were frequently used.  These 

cooking techniques are known to generate the highest amount of fine particles (Wallace et al. 

2003) and can increase indoor fine PM by over ten times the average concentration (Zhao et 

al. 2014). The absence of external hood extraction exacerbated this problem as hood extraction 

is known to decrease indoor PM2.5 generated from cooking (Kang et al. 2019).  The residents 

only noted it on the activity log when visible smoke was seen inside the house while cooking.  

Three data points corresponding to these events in the evening period were removed from the 

dataset. 
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Nonetheless, in site 7, 29% of the sampling days resulted in values exceeding 95.9 µg m3, the 

maximum concentration recorded at the other sampling sites. In total, 16 six-hourly averages 

from 164 showed values higher than 95.9 µg m−3, eight of which were during the evening 

period and four during the night.  The hourly data also shows that peaks exceeded 1000 µg m−3 

several times, and these PM2.5 levels required several hours (between 4 and 12 hours) to return 

below the mean indoor concentration.    

 

An I/O ratio of 5.19 was recorded for site 7, confirming that most of the PM2.5 is of indoor 

origin.  The data indicates that the high mean indoor PM2.5 concentrations at site 7 result from 

short-lived episodes that substantially increase the indoor fine PM concentrations.  This is 

mostly due to indoor particle formation related to cooking, with the lack of external hood 

extraction delaying the extraction of these particles to the outside and, hence, the rapid decay 

of these fine particles’ concentration.  Besides the high levels of fine PM, which are known to 

be harmful to human health (World Health Organization 2021), frying increases the amount of 

combustion-related emissions in the indoor environment, particularly well-known carcinogenic 

pollutants such as particle-phase polycyclic aromatic hydrocarbons (Z. Yao et al. 2015), which 

would exacerbate health problems, both in the short and long term. 

 

The RF model for all sites used indoor RH as the most important variable, and the model’s 

high R2 on the training dataset suggests that indoor RH is being used as a good predictor 

variable for the very high indoor concentrations recorded at site 7.  Indoor RH has been 

documented to increase during and after various cooking processes, especially when exhaust 

hoods are turned off (Zhao et al. 2014).   Further sampling campaigns should include a detailed 

log on the time and type of cooking to investigate the use of indoor RH as a predictor variable 

for indoor generated fine PM from cooking. 

 

Unfortunately, site 7 was the only apartment in a multi-storey building sampled in this study, 

and hence, the effect of other apartments in the multi-storey building cannot be assessed.  Floor 

level has been reported to be an influencing factor in indoor air quality (Xu et al. 2020), and 

further campaigns should include a representative sample of sites from apartments at different 

floor levels.    

 

Several studies have used machine learning algorithms to predict air quality, and many have 

shown that RF is superior to MLR, giving higher performance indicators.  Such results are 
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expected when considering that several predictors, such as temperature and relative humidity, 

are not expected to have a linear relationship with indoor PM2.5.  This study demonstrates this 

by the variable importance plots shown in Figure 4.4.  While both tree-based models had indoor 

RH as the most important variable, the GLM model shows the categorical variable site 7 as the 

most significant variable, with the GLM performing poorly compared to RF.  

 

The Relationship of Indoor, Outdoor and Personal Air (RIOPA) study used RF models to 

predict elemental concentrations in personal PM2.5 based on all outdoor and indoor elemental 

concentrations (Ryan et al. 2015). The study involved the continuous 48-h sampling of several 

participants in the USA.  R2 was used as a performance indicator, and the study reported better 

performance by RF regression models than by linear models, attributing this to the ability of 

the tree-based model to account for complex and non-linear interactions.  Home characteristics 

were reported to not significantly improve the RF model’s predictions of concentrations in 

personal PM2.5, although this has to be viewed in the context that the model was predicting 48-

hour averaged elemental concentrations.  These long averages dilute emissions from specific 

sources, reducing the importance of home characteristics as a predictor variable.  

 

Indoor PM2.5 were predicted in two megacities in China using MLR and RF regression (Xu et 

al. 2020), CV R2 of 0.78 and RMSE of 24.3 μg m−3 were reported for the RF regression model 

with poorer performance from the MLR models.  This study used outdoor PM2.5, 

meteorological parameters and site information to predict indoor PM2.5.  Outdoor PM2.5 and 

lagged outdoor PM2.5 were the most important variables, although time of day, distance to the 

nearest road, floors and window opening were also recorded as important predictor variables. 

 

In a study predicting indoor fine particulate matter concentrations in a highly polluted city in 

Mongolia, Yuchi et al. 2019 reported a RF R2 of 0.938, which is comparable to the 0.94 in this 

study for the training dataset, and a 0.22 μg m−3 RMSE, but the CV R2 fell to 0.489 for a 10-

fold CV with the RMSE increasing to 0.51 μg m−3.  A total of 22 predictor variables were used, 

including outdoor PM2.5 concentrations, meteorological parameters, house characteristics, 

residents' behaviours and spatial variables (elevation and land use).  In this study, MLR with 

Lasso and RF gave similar performance indicators.  It is important to note several differences 

in this study.  This study relied on estimates from low-cost sensors and used two air-quality 

monitoring sites to provide the outdoor concentrations.  More importantly, this study predicted 

indoor weekly PM2.5 concentrations.  With extended time-averaged concentrations, any peaks 
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resulting from short-lived indoor emissions are lost; hence, time-resolved information about 

influencing variables is not possible. 

 

A study predicting hourly indoor fine PM across 24 distinct buildings in Australia (Yu et al. 

2024) reported RMSE of as low as 0.1 μg m−3 and high R2 >0.9 for both RF and XGBoost on 

unseen data.  This study used low-cost sensors and a very large dataset and included indoor 

PM10 and lagged PM2.5 as predictor variables, which were the most important variables for 

both models.  These indoor PM variables explain the high accuracy indicators reported in the 

study by Yu and colleagues.  

 

In another study in Rural North China (Men et al. 2023), an RF model was used to assess the 

impact of household energy on indoor PM2.5.  The study reported a very high average indoor 

PM2.5 concentration of 120 μg m−3.  The study included 1602 rural households, and indoor and 

outdoor PM concentrations were measured using extremely cheap, low-cost sensors. Such a 

large sampling group would not have been possible without cheap sensors; nonetheless, using 

such sensors raises doubts about the accuracy of the PM concentrations.  PM concentrations 

from low-cost sensors can report concentrations significantly lower than high-end equipment 

used in air quality stations, and the variations depend on meteorology, aerosol chemical and 

size characteristics (Mukherjee et al. 2017).  In this study, the RF model (R2 of 0.85, RMSE 64 

μg m−3) outperformed the GLM (R2 of 0.21, RMSE 148 μg m−3).   Although the RF model 

significantly outperformed the GLM model, this study had several limitations. The CV and 

testing dataset accuracy indicators were not included, and the GLM model was trained on data 

that was not log-transformed or scaled.  Lasso or ridge regularisations were not used to optimise 

the linear model. 

 

Compared to the available literature, this study differed by sampling only a relatively small 

number of residences, albeit for a relatively long time at each site, with a combined dataset of 

919 six-hourly averaged observations.  All other studies had larger datasets; hence, better 

results are expected as data-driven models require large amounts of data to explain the 

relationships between variables.  These large datasets were only possible due to the use of low-

cost sensors.  Unlike all other studies, this study used calibrated optical spectrometers used in 

air quality stations and certified according to EN 16450 and EN 15267.  Hence, indoor and 

outdoor PM concentrations recorded in this study are known to be reliable. Apparently, this is 

the only study that has used outdoor PM1 as a predictor variable and in which concurrent 
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outdoor PM1 was the most important predictor variable for sites 2 to 6, indicating that indoor 

fine PM is predominantly of outdoor origin at these sites. This study reaffirmed the importance 

of lagged variables in predicting indoor PM2.5, with both RF models indicating that lagged 

variables are important predictor variables. 

 

4.6 Conclusion 

This study reported low RMSE and high R2 for the testing data for sites 2-6 for both RF and 

XGBoost, with GLM also showing good performance indicators for testing data, but serial 

correlation at lag-1 was recorded. When the models were tested with the data from all sampling 

sites, RF gave the lowest prediction error consonant with results from similar studies (Xu et al. 

2020; Men et al. 2023) and with an IOA of 0.66.  This RF model managed to predict indoor 

PM2.5 from sites that showed that their indoor PM2.5 had different distributions that were 

statistically significant. This could be partly due to hyperparameter tuning, which was not 

always present in other studies.   

 

In sites 2 to 6, the prediction of indoor PM2.5 is mostly dependent on the outdoor PM1 fraction. 

For site 7, indoor-generated PM2.5 was the main contributor, and high concentrations were most 

likely due to cooking (frying and searing) in the absence of external hood extraction.  For this 

site, the RF model used indoor RH as a good predictor variable for the very high indoor PM2.5 

concentrations recorded at this site. For site 7, the indoor PM2.5 concentration was 3.6 times 

higher than the World Health Organisation short-term (24-hour) Air Quality Guideline level of 

15 µg m–3 (World Health Organization 2021), which was exceeded during 83% of the sampling 

days.   

    

 

There are several limitations to this study.  Using a six-hour rather than hourly average limits 

the ability of the models to analyse the variables' effects on the intraday variation of indoor 

PM2.5.  The time variable, which represented the four six-hour averages during the day, was 

not predominant in both RF models, showing limited intraday variability in indoor PM2.5 

concentration.  However, this can be partly attributed to averaging the hourly PM 

concentrations, which might have reduced the apparent intraday variability. 
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Although the dataset included nearly a thousand individual observations, these observations 

were obtained from only six residences.  The six residences were spatially distributed around 

Malta and Gozo but are not a representative sample of the local distribution of residential 

buildings in Malta, making it difficult to extrapolate these results to people living across 

different household characteristics. More data collected from flats/apartments/penthouses on 

different floors in multi-storey buildings, which have become prevalent in Malta (National 

Statistics Office 2023), would be needed for a comprehensive assessment. The repeated 

measurement from each residence resulted in serial correlations in the GLM model.  In this 

scenario, Time Series models that account for autocorrelation should be investigated.  

 

A shorter sampling period per site, not exceeding ten days, should be considered in further 

studies as it was challenging to find participants, especially when using bulky and noisy 

equipment.  The shorter sampling period should also make it easier for participants to take 

detailed logs of indoor activities.   
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Chapter 5 

Application of Interpretable Machine 
Learning: An RF-SHAP Analysis 
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5.1 Introduction 

Data-driven modelling techniques have been recently adopted to capture the complex 

relationships with the data due to their ease of use and low computational resources (Yuchi et 

al. 2019; Gu et al. 2021; Tang et al. 2021; Kumar et al. 2022).  The data-driven algorithms are 

not limited to linear relationships between the predictor variables and the response variable and 

may be better suited for atmospheric interactions given the complex and nonlinear relationships 

present.  Tree-based ML algorithms, such as RF models, are trained on the data via an ensemble 

of decision trees that can handle nonlinear relationships between the predictor variable and 

target variables.  One disadvantage of machine learning algorithms, such as RF, is that they 

offer less interpretability when compared to MLR.  However, to reduce PM2.5 levels 

effectively, it is necessary to evaluate and quantify the contributing sources, but there is no 

consistent approach or metric to measure the importance of different factors across various 

data-driven models. 

 

For instance, in MLR models, the coefficients of the selected predictors are considered 

important and indicate the percentage of explained variability. In RF models, variable 

importance is measured by the variation in model performance when a predictor variable is 

randomly shuffled. While these approaches provide insights into variable importance within 

each model, they do not quantify the fractional contribution of each variable to the predicted 

concentration. This lack of consistency makes it difficult to compare models in terms of 

interpretability. 

 

This is where SHapley Additive exPlanations (SHAP) values (Lundberg and Lee 2017) can be 

employed. SHAP values provide a way to interpret the predictions made by the RF model. 

Unlike the variable importance metric provided by the RF model, SHAP values measure the 

contribution of each input variable to the final prediction and can be used to identify the most 

important variables that influence the predictor variable. Visualizing SHAP values can give 

insights into the relationship between the predictor variables and response variable and, hence 

help understanding the direction and magnitude of their effects. 

 

In this context, using RF and SHAP values on PM2.5 datasets can provide a powerful tool for 

both accurate predictions and interpretation of the underlying factors that influence PM2.5 levels 

(Gu et al. 2021; Hou et al. 2022; Zhang et al. 2022; T. Li et al. 2023)  Such methods can be 



 

127 

applied to indoor PM2.5 (Men et al. 2023) and can aid in modelling and understanding sources 

to indoor PM2.5 which can be used to design effective air quality management strategies for the 

protection of public health against adverse effects of air pollution. 

 

5.1.1 Applications of Interpretable ML 

Two applications of interpretable machine learning will be tested: 

 

1. The first application of interpretable machine learning being tested is the combination 

of the PMF analysis, which offers a mass balance model to determine the sources at the 

specific receptor site, and RF regression.  Given that the PMF model solves a mass 

balance equation, other important variables cannot be included in the model, and hence, 

the qualitative and quantitative effects of meteorological variables on the sources at the 

site cannot be analysed directly using PMF (Zhang et al. 2022).  To this end, a RF 

model, in conjunction with SHapley Additive exPlanations analysis (RF-SHAP), using 

sources identified via the indoor PMF SA and meteorological data as predictors for 

indoor PM2.5 is used to determine the impacts of the PMF sources and meteorological 

factors on indoor PM2.5 at the Birżebbuġa sampling site. 

 

2. The second application of RF-SHAP is used to quantify the sources of outdoor PM2.5 

at the receptor site in Birżebbuġa.  Quantifying outdoor PM2.5 sources assists and 

validates the interpretation of indoor source apportionment results and is included in 

several SA studies on indoor PM  (Barraza et al. 2014; Saraga et al. 2023; Wang et al. 

2024).  Therefore, this analysis aims to run a PMF analysis on outdoor PM2.5 at the 

Birżebbuġa site to understand better and supplement the information obtained from the 

indoor PMF analysis.   

 

Due to a limited number of PM samplers available and limited funding, only the 

elemental content of the outdoor PM2.5 samples, besides the gravimetric analysis, could 

be tested. On average, the outdoor elemental content analysed via ICP-MS accounted 

for only 8% of the gravimetric PM2.5 mass. Although metals are good receptor species 

for the PMF solution due to their limited chemical or phase changes from emission to 

the receptor site (Belis et al. 2013), they only typically constitute a minor fraction of 

the PM2.5 mass.  The combined OM, EC and ionic (sulfate, nitrate, chloride and 
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ammonium ions) content in PM2.5 exceeds the elemental content by an order of 

magnitude (R.E Hester et al. 2016; Hopke et al. 2020).  Running a PMF solution with 

only the elemental content is limiting and leads to incomplete source characterisation 

where the source contribution estimates (SCEs) from the receptor modelling may be 

underestimated or overestimated.  Major sources, such as SIAs, would be excluded, and 

other known local sources with high OC and EC content, such as exhaust emissions, 

will be underestimated, while other sources, such as sea salt, Saharan dust and 

fireworks, might be overestimated. Hence, the indoor EC, OC and ionic content will be 

used to estimate outdoor concentrations, and a PMF analysis combined with an RF-

SHAP analysis will be used to quantify the sources of outdoor PM2.5 at the receptor 

site. 

 

5.1.2 Using SHAP Values 

Based on game theory, SHAP values can be used to explain and interpret ML algorithms and 

provide a fair way to distribute model output among the predictor variables.  SHAP values 

explain the contribution of different predictor variables by attributing the difference between 

the actual prediction and the baseline value to individual variables.  The baseline value is given 

by the mean prediction of the model in the dataset.  Typically, this is the mean of the training 

dataset, but since the RF-SHAP is being used to explain the influence of variables on PM2.5 in 

this application, it is being run on the entire dataset.  Hence, in this analysis, the baseline value 

(ϕ0), which is shown as E[f(x)] in the plots, is the mean prediction of the whole dataset.  

 

This baseline value (ϕ0) is used as an initial point for interpreting individual predictions.  The 

baseline value calculated by the kernelshap package (version 0.4.1) in RStudio is not 

necessarily an equal representation of all features in the model; however, ϕ0 represents the 

expected value of the model's output, averaged over the dataset where it serves as the baseline 

prediction of the model when none of the variables is taken into account explicitly. Each 

individual SHAP value, ϕij, for variable j and observation xi, is interpreted as the variable value 

xij that contributed ϕij towards the prediction, for instance, xi, compared to the average 

prediction for the dataset. 

 

A positive SHAP value for a variable pushes the prediction higher, whereas a negative SHAP 

value pushes the prediction lower. SHAP values are considered additive, as the sum of the 
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SHAP values for all variables equals the difference between the baseline value and the 

prediction (Molnar 2022). 

5.2 Indoor PM2.5 Analysis 

5.2.1 Methodology 

The daily indoor PMF source contributions, the meteorological parameters, and the reported 

activities from the activity log from the Birżebbuġa sampling campaign were combined into 

one dataset.  The RF model was tested using the caret package (version 6.0-92) in RStudio 

(Kuhn 2008) using the following predictor variables:  

 

1. Meteorological parameter: Wind speed (ws), wind direction (wd), outdoor temperature 

(Temp.O), indoor temperature (Temp.I), outdoor RH (Humidity.O), indoor RH 

(Humidity.I) and atmospheric pressure (Pressure).  

2. Indoor PMF source contributions: Indoor, Saharan, Sea Salt, Ammonium Sulfate, 

Traffic, Fireworks, Industrial and Shipping. 

3. Reported activities from the daily activity log.  These were included as categorical 

variables in the model. House windows closed (windows 1), house windows open 

(windows 2), no frying (frying 1), frying (frying 2) 

 

Given that the objective of this analysis is to interpret the effects of the predictor variables on 

indoor PM2.5, the dataset was not split into training and testing sets, but the RF model coupled 

with SHAP interpretation (RF-SAHP) was trained on the entire dataset. Repeated 10-fold 

cross-validation was carried out to assess the model’s performance using RMSE as the 

evaluating metric, and grid search was used for hyperparameter tuning of mtry. 

 

The SHAP values were calculated using the kernelshap package (version 0.4.1) in RStudio and 

then using the shapviz package (version 0.9.3) to create the visualizations.  The shapviz 

package uses the dataset that includes all the corresponding variables for visualization only and 

can also be used for factor variables such as “windows” or “frying”.   Hence, in the visualisation 

of the SHAP values using the shapviz package, the dataset containing the variables is only used 

as an explanation dataset and is not used to calculate the SHAP values. 
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5.2.2 Results 

5.2.2.1 The RF model 

Figure 5.1(a) shows that an mtry of 9 gives a model with the lowest CV RMSE at 1.43 µg m−3, 

having an R2 of 0.80. These values show a good fit for the RF model, indicating that it interprets 

the data closely.  Figure 5.1(b) gives the variable importance of the selected RF model, with 

indoor and outdoor temperatures being the two variables with the highest variable importance.  

This means these two variables were the most randomly chosen in building the RF model.  

Some variables with very low importance are excluded from the plot.  The selected RF model 

was used to predict the indoor PM2.5 on the whole dataset.  Figure 5.1(c) shows an RMSE of 

0.62 µg m−3, an IOA of 0.99 an R2 of 0.97.    

 

Given that the model was trained using the entire dataset, compared to the CV values, a lower 

RMSE and higher R2 are expected when the model is tested on the entire dataset since the 

model is being evaluated using the same data on which it was trained. During 10-fold cross-

validation, the dataset is divided into ten parts, and for each of the ten iterations, the model is 

trained on nine parts and tested on the remaining parts. The performance metrics are then 

averaged over the ten iterations to give a more realistic estimate of the model’s performance 

on unseen data. Hence, the CV RMSE is based on a model with some missing data and is a 

better metric for model performance.  The testing R2 is then expected to be higher than CV R2 

for the same reason. 

 

This disparity between the prediction metrics of the training dataset and cross-validation 

metrics underscores the importance of using cross-validation for model evaluation. CV 

provides a more accurate measure of how the model will perform on new, unseen data, helping 

to ensure that the model has not been overfitted to the training data. Hence, the cross-validation 

metrics provide a better performance estimate for the model. 
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(a) (b) 

 

 

(c) 

Figure 5.1 (a) RMSE values for the repeated 10-fold cross-validation results and 
hyperparameter tuning (b) Variable importance plot for the RF model and  
(c) Plot of predicted against observed PM2.5 for the RF model when it is used to 
predict the whole data set. 
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5.2.2.2 SHAP Results 

The overall impact of each variable on the entire sampling period  

Mean SHAP values can be used to interpret the model globally, and the SHAP importance plot 

in Figure 5.2 gives the average absolute SHAP value across all samples for each variable and 

hence shows the quantifies the impact of each variable in the model. 

 

Mean (│SHAP value│) in µg m−3 

Figure 5.2 SHAP importance plot  

 

The SHAP importance plot is not identical to the RF variable importance plot in Figure 5.1b.  

The latter is a plot of the model’s variable importance, which measures the change in the RF 

model performance when a variable is randomly shuffled.  Moreover, it does not quantify the 

fractional contribution of each variable to the predicted PM2.5 concentration, which information 

is only given by the SHAP importance plot. 

 

As shown in Figure 5.3a, the effects of meteorological factors evaluated by the RF-SHAP 

accounted for about 2.57 μg m−3 of variations in indoor PM2.5 concentrations, with 45% of the 

total impact.  For the impacts by meteorological factors, indoor temperature was the dominant 

variable (56% of meteorological impact), followed by outdoor temperature (34% of 

meteorological impact), with the other variables showing minimal impact. 
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The seasonal variation of indoor PM2.5 concentrations can explain the significant impact of 

indoor and outdoor temperatures.  As shown in Table 5.1, the seasonal change in indoor PM2.5 

concentration is more significant than the outdoor one.  The mean indoor PM2.5 concentration 

during winter is 42% of the mean summer concentration.  This is partly due to the higher 

outdoor concentrations due to increased source contribution from SIA, such as ammonium 

sulfate and fireworks, but more significantly due to the higher infiltration during summer as 

windows were left completely open during the hotter summer months. 

 

A study on outdoor PM2.5 in Tianjin, China (Zhang et al. 2022), also recorded temperature as 

the main meteorological factor driving variations in outdoor PM2.5 concentrations from an RF-

SHAP analysis and attributed this to the significant effect of temperature on secondary particle 

formation.  Although RH is known to influence the formation of aerosols through liquid 

pathway formation (Zhang et al. 2022), and has been shown as an important variable in indoor 

PM2.5 prediction in Chapter 4, the low impact of RH on driving indoor PM2.5 concentration 

variations could be explained by the daily averages taken in this study which could minimise 

effects from short-lived episodes such as cooking. 

 

 
 

(a) (b) 

Figure 5.3 The percentage contribution on indoor PM2.5 as evaluated by the RF-SHAP (a) 
for PMF sources, meteorological factors, and household activities (b) for 
meteorological parameters only. 
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Table 5.1 Seasonal mean and median concentrations in μg m−3 for indoor and outdoor 
PM2.5 at Birżebbuġa. 

 Indoor PM2.5 Outdoor PM2.5 

 Mean 
(μg m−3) 

Median 
(μg m−3) 

Mean 
(μg m−3) 

Median 
(μg m−3) 

Summer 8.8 8.7 12 12 
Autumn 5.1 4.4 9.4 8.3 

Winter 3.7 3.7 9.1 8.2 

Spring 5.2 3.9 13 11 

 

Ammonium sulfate, which is of transboundary origin, is the leading outdoor source driving the 

variation of indoor PM2.5 concentrations at the site, with fireworks, Saharan dust and shipping 

all showing higher impacts than indoor sources. This confirms that indoor PM2.5 is significantly 

affected by outdoor sources at this sampling site.  The fact that fireworks and Saharan dust are, 

on average, more important impact drivers than indoor sources can be attributed to the acute 

nature of these sources. Although typically short-lived, they contribute high PM2.5 

concentration during these periods, increasing the absolute mean contribution. 

 

The SHAP summary beeswarm plot in Figure 5.4 provides another global interpretation of the 

model where the distribution of SHAP values for each variable is shown whilst highlighting 

the importance and the nature of the effect of each variable, whether positive or negative, on 

the prediction.  Figure 5.4 confirms that the top six variables show a significant right skewness, 

which explains their higher mean SHAP contribution.  Moreover, high feature values are 

associated with high SHAP contribution in the RF model for indoor and outdoor temperatures.  

This confirms the higher contributions to indoor PM2.5, predominantly from ammonium 

sulfate, fireworks, Saharan dust and shipping during the hotter summer.  While ammonium 

sulfate and fireworks emissions increase during the hotter summer months, the overall 

increased contribution is also associated with the higher infiltration of outdoor dust during the 

hotter summer months, given that the house is naturally ventilated.   
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SHAP value in µg m−3 

Figure 5.4 SHAP summary plot.  The feature value represents the range (low to high) of 
each predictor variable. 

 

 

Figure 5.5 gives the 2D dependency plot for the predictor variables ammonium sulfate, outdoor 

temperature and fireworks, respectively, with indoor temperature.  The 2D dependency plots 

calculate the SHAP values for two interacting features, where the predicted outcome changes 

as a function of the values of the two specific predictor variables while considering their 

interactions. This displays the impact and contribution of each variable pair towards the RF 

model's predictions. 

 

The 2D dependency plot confirms the increased contribution of ammonium sulfate as 

temperature increases. Contributions by fireworks take place during the hotter summer months 

when indoor temperatures exceed 25 oC at the site, as most fireworks displays in Malta are held 

between May and September.  The outdoor and indoor temperature 2D dependence plot gives 

a clear picture of the effect of natural ventilation in this house, with the associated contribution 

of these two variables increasing by over 2 µg m−3 with an increase in temperature.   
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Figure 5.5 SHAP 2D Dependency plot for the predictor variables ammonium sulfate, 
outdoor temperature and fireworks, respectively, with indoor temperature.  
The SHAP values in these plots are the sum of the SHAP values from the two 
variables.  

 

 

Given that Figure 5.6 shows no particular relationship between indoor temperature and indoor 

source contribution, the increased indoor PM2.5 must be associated with increased outdoor 

PM2.5 concentrations through increased infiltration due to higher AER when the windows are 

open.  In fact, this plot shows that the highest combined SHAP contributions are at higher 

indoor temperatures, not at high indoor source contributions.  

 

Although Figure 5.4 shows that frying is associated with mildly higher SHAP values, Figure 

5.6  shows no significant impact on the indoor source contribution from frying, suggesting that 

the kitchen is well-ventilated.  In fact, the house had an external hood extractor over the 

cooking hobs, which is known to mitigate the generation of fine particles from frying.   Again, 

given that the data in this model analyses PM2.5 daily averages, any short temporal increase in 

indoor PM2.5 concentrations due to frying is diminished as the increase is averaged out over 

the 24-hour period.  
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Figure 5.6 SHAP 2D Dependency plot for the predictor variables indoor temperature and 
frying, respectively, with the indoor source variable.  

 

Local interpretation 

SHAP can be used to carry out local interpretations of the RF model. Examining the SHAP 

values for individual predictions can increase the understanding of how variables influence a 

particular prediction. This removes the “black box” reputation that is associated with many 

modern ML algorithms, as it provides a quantitative way to analyse single predictions.  

 

The baseline ensures that the SHAP values fairly distribute the difference between the observed 

prediction, representing the mean prediction among the contributing features. The prediction 

for any individual observation can be seen as starting from the baseline value. The SHAP 

values of the individual features are adjusted to the baseline to reach the actual prediction for 

the specific observation (Lundberg and Lee 2017).  
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(a) 

 

(b) 

Figure 5.7 SHAP force Plots for (a) 29/10/2018 and (b) 17/06/2019  

 

Figure 5.7 shows the SHAP force plot for the local interpretation of two days with known 

Saharan dust events. The first one, on 29/10/18, shows a Saharan dust event with closed 

windows. In this instance, the predicted value is marginally higher than the baseline value, and 

hence, most variables have negative SHAP values because they are not contributing features.  

Saharan dust is shown with a positive SHAP value, highlighting the effect of this source on 

this day.  The second one, on 17/06/19, shows a very different picture. Saharan dust is still 

shown to have a high positive SHAP value, but since the predicted value is significantly higher 

than the baseline, other features, including shipping, have positive SHAP values. The high 

indoor temperature and its associated contribution show that high infiltration rates were present 

at the site, which explains the higher indoor concentrations.  Moreover, on 17/06/19, both 

shipping and Saharan dust were major contributing sources.  These two examples show that 

force plots can be useful tools to interpret the impact derived from the RF model of individual 

sources on the PM2.5 concentrations for specific observation.  
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5.3 PMF and RF-SHAP Analysis on Outdoor PM2.5  

5.3.1 Methodology 

Given that only the elemental content was available for the outdoor PM2.5 samples gathered at 

the Birżebbuġa sampling site, the following procedure will be followed to estimate the outdoor 

PM2.5 OC, EC and ionic content from the indoor concentrations.  Using the single zone mass 

balance model, which describes households as completely mixed flow reactors, the indoor PM 

concentrations depend on the outdoor PM concentration according to equation 5.1 (Abt et al. 

2000; Barraza et al. 2014) : 

 

𝐶௜ =
௉௔஼೚

௔ା௞
+

ொ೔

௏(௔ା௞)
≡  𝐹ூேி𝐶௢ + 𝐶௜௚ Eq. 5.1 

 

where Ci and Co are the measured indoor and outdoor PM2.5 (µg m−3), respectively, a is the 

household air exchange rate (AER, h−1), P is a dimensionless penetration coefficient and k the 

rate of removal of PM by surface deposition or reaction (h−1). The term Pa/(a +k) is the 

infiltration factor (Finf), and it quantifies the fraction of outdoor PM2.5 that infiltrates indoors.  

Qi is the rate of indoor generation and resuspension of PM (µg h−1 ), and V is the household 

volume (m3). Qi /V(a+k) is the indoor-generated concentration, Cig.  

 

From equation 5.1, the infiltration factor can be described by equation 5.2: 

 

 𝐹ூேி =
஼೔ି஼೔೒

஼೚
 Eq. 5.2 

Given that Cig for OC, EC and ionic content can be derived from the contribution of the indoor 

source profile from the indoor PMF analysis, the outdoor concentration can be calculated from 

equation 5.3: 

 𝐶௢ =
஼೔ି஼೔೒

ி಺ಿಷ
 Eq. 5.3 

 

To increase the effectiveness of the outdoor PMF solution, outdoor concentrations of chemical 

species OC, EC, chloride, nitrate, sulfate and ammonium ions were estimated from indoor ionic 

and OC/EC concentrations and the indoor PMF analysis.  Equation 5.4 was used to estimate 

the outdoor concentrations of these chemical species. 
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 𝑦௜௝ =
௫೔ೕି൫௚೔௙ೕ൯

௥೔
 Eq. 5.4 

 

𝑦௜௝ =  estimated outdoor concentration (ng m–3) for sample i and chemical species j 

𝑓௝  =  concentration (ng m–3) of PM species j in the indoor source profile 

𝑔௜  = indoor factor contribution to sample i 

𝑥௜௝=  indoor concentration (ng m–3) of PM species j measured in sample i; 

𝑟௜  =  PM2.5 indoor-outdoor ratio 

 

The assumption for calculating concentrations for OC, EC, chloride, nitrate, sulfate and 

ammonium ions, was that the concentrations calculated by the indoor PMF solution from the 

indoor source profile are of indoor origin.  Hence, these calculated indoor concentrations could 

be deducted from the total indoor concentration of these ions, resulting in the indoor 

concentrations that originated from outdoor sources.   

 

The 𝑦௜௝ concentrations from equation 5.4 were combined with the analysed outdoor elemental 

concentrations to calculate the determined outdoor PM2.5 concentrations. Given that most of 

this outdoor PM2.5 concentration is estimated and not analysed, it will be referred to as 

determined outdoor PM2.5 concentration.  On average, this determined outdoor concentration 

comprises 11% of the analysed outdoor PM2.5 elemental content and 89% of the estimated 

concentrations for OC, EC and ionic content.  

 

The PM2.5 I/O ratio was used in equation 5.4 instead of FINF as described in equation 5.3, 

because when FINF was used, the determined outdoor PM2.5 concentrations exceeded the 

observed (gravimetric) outdoor PM2.5 concentration for 51% of the observations.  The yearly 

average was 123%, ranging from 100% (summer) to a maximum of 164% (autumn).  This was 

not deemed acceptable due to the significantly over-estimated outdoor PM2.5 concentrations. 

 

Hence, the FINF was substituted with the I/O PM2.5
 ratio, 𝑟௜, which provided a conservative 

estimate of 𝑦௜௝.  When outdoor PM2.5 concentrations were estimated with concentrations 

derived from equation 5.4, the determined outdoor PM2.5 concentration exceeded the observed 

outdoor PM2.5 concentration for only 4% of the observations.    Using this method, the 
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determined outdoor PM2.5 concentrations were, on average, 70 % of the gravimetric PM2.5 

concentration.   

 

Table 5.2  Annual and seasonal percentage determined outdoor concentration and the 
percentage of sampling days with open windows. 

 
Percentage determined 
outdoor concentration 

Percentage of sampling days 
with open windows 

Summer  87 98 

Autumn 64 33 

Winter 57 0 

Spring 70 29 

Annual 70 40 

 

Table 5.2 shows the seasonal variation of the percentage determined outdoor PM2.5 

concentrations, with a minimum of 57% in winter and a maximum of 87% in summer.  This 

correlated to the change in the percentage of sampling days with open windows, a metric for 

outdoor PM infiltration. The AER at the sampling site increased eight times when the windows 

were open (Table 3.2), making the indoor PM2.5 more influenced by outdoor sources.  Hence, 

the calculation in equation 5.4 becomes more effective at high AER.  Conversely, during colder 

winter days, with closed windows, indoor PM2.5 is less affected by outdoor sources, and hence, 

the estimation decreases in accuracy.  

 

Using FINF would have significantly overestimated the determined outdoor PM2.5 

concentrations. This would have overestimated the ionic and OC EC contributions for the 

outdoor PMF analysis, potentially producing biased source profiles.  The more conservative 

calculation with the PM2.5 I/O ratio gives a more careful yet substantive determination of 

outdoor concentrations that could be used for the PMF analysis. An RF-SHAP analysis was 

used to fit the outdoor PMF source contributions to the observed PM2.5 concentrations.  The 

RF model via SHAP interpretation was then used to determine the contribution of outdoor 

sources at the sample site. 

 

5.3.2 Interpretation of the 6- to 8-factor outdoor PMF solution 

The analytes were screened for their signal-to-noise ratios (S/N) (Paatero and Hopke 2003; 

Zhao et al. 2006).  Analytes with a S/N lower than 4 were down-weighted to weak, which 

included the analytes Ca, Cr, As, Cd, Sb, Cl– and NO3
–.   



 

142 

 

PMF is essentially a descriptive model, and determining the optimal number of factors that are 

fitted in the model remains subjective (R Vecchi et al. 2008).  Since the PMF analysis was run 

after the indoor one and the best indoor PMF mass balance analysis was resolved with an 8-

factor solution, the outdoor data was tested with a 6- to 8-factor solution. All base runs for the 

different number of factors solutions converged.  The final number of factors was chosen 

depending on the results of the Q(Robust) and Q(True) values for each run, the intra-run 

residuals, the Bootstrap (BS) analysis and the Bootstrap Displacement (BD-DSP) analysis 

(Norris et al. 2014; Brown et al. 2015).      

 

For the 6-factor solution, the intra-run residuals showed several base runs with significantly 

different fits. Most factors were mapped more than 90% of the time in the BS analysis of the 

run with the lowest Q(Robust), although several factors were not mapped. A very high Q/Qexp 

for several species, including OC, K, Mn, Ni, Cu, Zn, Sr, Ba, sulfate ions and ammonium ions, 

characterised the run with the lowest Q(Robust), suggesting a poor fit.  

 

The 8-factor solution produced near-identical intra-run residuals for all base runs except one.  

A high Q/Qexp for some species, including K, Mn, Cu, Zn, Sr and Pb, were calculated.  The 

BS resulted in two factors with 60% and 14% mapping, respectively, indicating that a phantom 

factor was created, which translates in the fragmentation of a real single source over more than 

one factor. 

 

The 7-factor solution produced near-identical intra-run residuals for all base runs, showing that 

all base runs had similar fits. A high Q/Qexp was calculated for some species, including OC, 

K, Ni, Cu, Zn, Sr, Pb and ammonium ions.   The BS analysis of the base run resulted in all 

factors being mapped at 100% except factor 3 (Fireworks), which was mapped at 83%, which 

is to be expected as this source factor is only present during a restricted number of sampling 

days.  The 7-factor solution was retained as it provided the best solution for the data, and it was 

investigated further. Constraints were applied to this PMF solution to decrease rotational 

ambiguity.   

 

Five data points were sampled in August during fireworks events, and two data points in June 

2019 were pulled up to the maximum for the fireworks factor (factor 3).  When this was carried 

out, the modelled PM2.5 concentrations were closer to the sampled concentrations for these 
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days.  Given that no fireworks displays occur in winter, five data points that showed a slight 

contribution by the "Fireworks" factor were set to zero.  Moreover, species known to be present 

in fireworks, namely, chloride, nitrate, barium and antimony, were pulled up to maximum for 

this factor.  These constraints resulted in an increase in dQ(robust) of 3.1% for the 7-factor 

solution.  This was deemed acceptable as a more interpretable solution was provided, with the 

Q/Qexp decreasing below 3 for most species.  Moreover, all factors were mapped at 100% in 

the constrained BS analysis, and no factor swaps were registered in the displacement analysis.  

This indicated a robust solution with minimal rotational ambiguity.  

 

The BS-DISP analysis on the constrained run was used to compare the robustness of the 7-

factor solutions.  The species selected to be displaced in BS-DISP were OC, V, Ba and SO4
2– 

as these are the key species required for factor identification.  Norris et al.(2014) suggest that 

a small number of variables in BS-DISP should be used to speed up the computation analysis. 

Six swap counts were registered for the lowest dQmax level, indicating that the solution is not 

perfectly constrained. The factor swaps were primarily between the Fireworks and Saharan 

factors, which is to be expected due to the transient and infrequent nature of these sources.  

Two-factor swaps were also registered for the Shipping factor.   

 

Obtaining a perfectly constrained model in the BS-DISP model is challenging, given that 

fireworks are present for a limited number of sampling days.  Moreover, this PMF solution is 

being carried out on the determined outdoor concentration fraction that accounted for 70% of 

the gravimetric PM2.5 concentration.  In comparison, the analysed indoor concentration 

accounted for 101% of the gravimetric PM2.5 concentration, and hence, the outdoor PMF 

solution is expected to be less robust than the indoor one due to the lower fraction of the 

analysed PM2.5 concentration used for PMF analysis.  Nonetheless, the 7-factor solution was 

accepted as the most robust solution, providing the largest number of physically interpretable 

solutions.  The solution achieved a reconstruction of the PM2.5 mass with the modelled mass 

explaining 64% of the observed gravimetric mass with a 0.77 coefficient of determination (R2) 

for the plot of the modelled against observed PM2.5 and RMSE of 4.6 µg m−3 (Figure 5.8).   

 

The RMSE for the modelled against observed PM2.5 decreased to 3.0 µg m−3 for sampling days 

with open windows and increased to 5.6 µg m−3 for sampling days with closed windows.  This 

indicates that the model performance is better for sampling days with higher AER, which is 

expected given the method used for the PMF solution. 
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Figure 5.8 Plot of PMF-modelled PM2.5 concentrations against observed outdoor PM2.5 

concentrations. 
 

5.3.3 PMF results for the outdoor PM2.5 solution 

The profiles for the 7-factor solution are shown in Figure 5.10.   The uncertainty levels are set 

to the 5th and 95th percentile of the BS runs for the constrained solution. The yearly and seasonal 

contributions by each factor to outdoor PM2.5 as calculated by the PMF solution are shown in 

Figures 5.8a and 5.8b, respectively.  

 

  

(a) (b) 

Figure 5.9   (a) Annual mean PMF source contributions to outdoor PM2.5.  The values are 
given as percentages and in ng m−3. (b) Seasonal percentage PMF source 
contributions to outdoor PM2.5 
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Figure 5.10   Outdoor factor profiles (bars) and percentage species apportioned to each factor 
(line) 
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5.3.3.1 RF-PMF analysis  

An RF model coupled with SHAP interpretation (RF-SAHP) was carried out for the PMF 

outdoor solution to test if this approach can be used to account for the unassigned fraction of 

PM2.5 and calculate an RF-SHAP percentage contribution of the outdoor PMF source factors. 

Two RF models were run with repeated 10-fold cross-validation over the entire dataset.  

Hyperparameter tuning for mtry using grid search was carried out.  Model 1 included only the 

outdoor PMF source contributions as predictor variables, while Model 2 had the PMF source 

contribution and meteorological parameters as predictor variables.  The results are shown in  

Figure 5.11.   

 

Model 1 was run with an optimised mtry of 8 with the following predictor variables:  

1. PMF source contributions: Saharan, Sea Salt, Ammonium sulfate, Traffic, Fireworks, 

Industrial and Shipping. 

This model gave a CV RMSE of 2.79 µg m−3 with an R2 of 0.80.   

 

Model 2 was run with an optimised mtry of 12 with the following predictor variables:  

1. Meteorological parameter: Wind speed (ws), wind direction (wd), outdoor temperature 

(Temp.O), indoor temperature (Temp.I), outdoor RH (Humidity.O), indoor RH 

(Humidity.I) and atmospheric pressure (Pressure).  

2. PMF source contributions: Saharan, Sea Salt, Ammonium sulfate, Traffic, Fireworks, 

Industrial and Shipping. 

This model gave a CV RMSE at 2.86 µg m−3, having an R2 of 0.80.   

 

 Model 1 Model 2 

(a) 
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(b) 

 

(c) 

 

   

Figure 5.11    RF results for models 1 and 2 (a) CV RMSE for the various mtry values used in 
the hyperparameter tuning, (b) Variable importance plots and (c) Predicted vs 
observed PM2.5 plots showing the RF model used to predict the whole dataset, 
including R2 and RMSE values.  

 

 

Model 1 was selected because it had a marginally better CV RMSE and predicted the observed 

outdoor PM2.5 with an RMSE of 1.33 µg m−3.  Both models had the same IOA and R2.   This 

suggests that including meteorological parameters did not increase the model’s performance. 

In fact, contrary to the indoor RF model, the variable importance plot for Model 2 in Figure 

5.11b shows that the meteorological variables show negligible importance. The SHAP values 

were calculated on the RF Model 1 using the kernelshap package (version 0.4.1) in RStudio 

and then using the shapviz package (version 0.9.3) to create the visualizations.   

 

As with the indoor RF model, the SHAP values were calculated over the entire dataset since 

the RF-SHAP is being used to explain the contributions of the PMF factors for the whole 
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dataset.  The mean SHAP values for the predictor variables were calculated using the RF model 

and are given in Figure 5.12b.  These values were then used to compute the percentage 

contribution of the PMF source profiles. The percentage SHAP contributions were calculated 

using equation 5.5 and are shown in Figure 5.12a. Seasonal percentage SHAP source 

contributions to outdoor PM2.5 are given in Figure D.3. 

 

 𝑆𝐻𝐴𝑃 % 𝑐𝑜𝑛𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛 = ൬
థೕ

∑ థೕ

൰ ∗ 100 Eq. 5.5 

 

Where 𝜙௝ is the annual mean SHAP contribution of PMF source factor k (ng m–3) and ∑ 𝜙
௝
 is 

the sum of the annual mean SHAP contributions for all factors. 

 

The most pronounced difference between Figure 5.12a and Figure 5.9a is the increased 

contribution from the shipping (7 to 18%) and Saharan (4 to 27%) factors, which made up most 

of the difference for the unassigned fraction in the outdoor PMF solution.   These two factors 

were investigated to confirm how the individual SHAP predictions contributed to an increased 

mean SHAP value and higher percentage contribution. 

 

 

 

(a) 
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(b) 
Figure 5.12   (a) Percentage SHAP source variable for outdoor PM2.5.  The values are given 

as percentages and in ng m−3. (b) Mean SHAP values for the source variables 
of outdoor PM2.5 in µg m−3 

 

Saharan factor  

A considerably increased contribution by the Saharan variable in the RF model was registered 

on days with high PMF normalised contributions for the Saharan factor. This translated into 

high SHAP values for the Saharan variable in the SHAP calculation.  Moreover, on most of 

these days, the modelled PMF PM2.5 was significantly lower than the observed (gravimetric) 

PM2.5 concentration.  In fact, there were 20 days where the PMF normalised contribution for 

the Saharan factor was greater than 2 (i.e. days with a predominant contribution by the Saharan 

factor), and for these days, the unassigned PM2.5 concentration was 6.6 ± 3.1 µg m−3 which is 

high considering that the mean outdoor PM2.5 was 10.9 µg m−3.  Hence, the increased 

attribution to the Saharan variable by the RF model towards the PM2.5 prediction was 

significant and explains why the RF-SHAP contribution is significantly higher than the one 

from the PMF solution. 
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The SHAP force plots in Figure 5.13 for three sampling days with confirmed Saharan dust 

events illustrate the substantially increased contribution to the Saharan factor by the RF-SHAP 

analysis.  

 

 

(a) 

 

(b) 

 

(c) 

Figure 5.13   SHAP force plots for the Saharan variable for some of the days having a Saharan 
dust event confirmed via Hysplit analysis (a) 29/10/18 (b) 25/04/19, and (c) 
17/6/19. SHAP values in µg m−3, PMF contributions in ng m−3. 

 

 

Shipping factor  

A similar increase was calculated for the shipping factor, albeit to a lower magnitude.  There 

were 25 days when the PMF normalised contribution for the shipping factor was greater than 

2; for these days, the unassigned PM2.5 concentration was 4.4 ± 2.1 µg m−3.  Again, this explains 

the increased RF-SHAP contributions for the shipping factor compared to the one derived from 

the PMF solution.  The SHAP force plots in Figure 5.14 for two sampling days with a high 
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contribution by shipping factor illustrate the substantially increased contribution to the 

shipping factor by the RF-SHAP analysis.   

 

For Figure 5.14b, the RF prediction is lower than the baseline value and highlights variables 

with negative and positive SHAP values to bring the baseline value to the RF predicted value.  

Even though the SHAP contribution assigned to the shipping variable (0.951 µg m−3) is lower 

than the PMF shipping contribution (1848 ng m−3), it is important to underline that the SHAP 

contribution is over and above the baseline value and hence a positive SHAP value is still 

significant.    

 

 

(a) 

 

(b) 

Figure 5.14   SHAP force plots for some days having a high contribution by shipping factor 
(a) 08/09/2018 and (b) 06/06/19. SHAP values in µg m−3, PMF contributions in 
ng m−3. 

 

5.3.3.2 Discussion  

Tables 5.3 and 5.4 show the percentage contributions from the indoor PMF solution and the 

outdoor RF-SHAP analysis. Local anthropogenic contribution to PM2.5
 is significant in both 

indoor (25%) and outdoor (33%).  The outdoor PM2.5 is dominated by transboundary dust, 

which is both anthropogenic (SIAs, mainly as ammonium sulfate) and natural (Saharan dust).  
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Table 5.3 Indoor and outdoor PM2.5 source contributions 

 Percentage Source Contribution 
Source Factor Indoor (PMF) Outdoor (RF-SHAP) 

Indoor 26 N/A 

Ammonium sulfate 31 31 

Fireworks 4 4 

Industrial 2 9 

Saharan 2 27 

Sea salt 9 9 

Shipping 10 18 

Traffic 10 2 

Unassigned 6 N/A 

 

Table 5.4 Indoor and outdoor PM2.5 source contributions grouped by type of emission 

 Percentage Source Contribution 
Sources 

Indoor (PMF) Outdoor (RF-SHAP) 

Indoor 26 N/A  

Natural 12 36 Sea salt and Saharan dust 

Transboundary 33 58 
Saharan dust and 

ammonium sulfate 
Local 
Anthropogenic 

25 33 
Industrial, fireworks, 
Traffic and shipping 

 

The outdoor source profiles for ammonium sulfate, shipping, Saharan dust, sea salt, and 

Fireworks are very similar to indoor ones and will not be discussed in detail again in this 

section.  Fireworks is the highest source contributor for outdoor Sr (39%) and Ba (69%).  It is 

characterised by the elements Cu, Sr, Ba, K, Cl–, NO3
 – and SO4

2−. Both PMF and RF-SHAP 

show a 4% contribution by this factor to outdoor PM2.5.  

 

The outdoor Saharan source profile is also characterised by the elements Al, Mg, Ca, Ti, Fe, 

Mn and Sr, which are considered markers of Saharan dust (Rodríguez et al. 2002; Viana et al. 

2008) and is responsible for 80.4% of the outdoor Al, 79.5% of the Ti and 69.5% of the Fe at 

the site.  The increase in normalised contributions matched the indoor Saharan factor, albeit to 

different magnitudes.  For days with a high outdoor Saharan factor normalised contribution 

(>2), the outdoor and indoor normalised contributions were very similar in magnitude for days 

when the residence windows were open. For days with closed windows, the outdoor normalised 

contributions were, on average, seven times higher than the indoor ones. 
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Hence, although this factor only contributes 2% to the indoor PM2.5, the outdoor contribution 

increases to 4% of outdoor PM2.5 from the PMF analysis and 27% from the RF-SHAP analysis.  

The latter is higher than the contributions of Saharan dust to outdoor PM2.5 at Msida, which 

were recorded at 15.1% (Scerri et al. 2018) and 17.6 % crustal contribution at an UB site in 

Italy (D. Cesari et al. 2016). The high percentage contribution from this source can be explained 

by the very high outdoor PM2.5 concentrations recorded for days with high Saharan 

contributions.  Moreover, the elemental contribution calculated by the PMF Saharan source 

does not account for the complete composition of the dust's mineral composition.  In fact, in 

reconstituted mass (RM) solutions, minerals are typically calculated as 2.2Al + 2.49Si + 1.63Ca 

+ 2.42Fe + 1.94Ti (R.E Hester et al. 2016).  Thus, in the RF model the source contribution is 

being fit to the actual PM2.5 mass and should give a better approximation of the actual 

contribution. 

 

High Na and Cl levels characterise the outdoor sea salt source profile.  It is the site's most 

important source for sodium (84%) and chloride (70.8%).  The Cl/Na ratio of 0.15 is 

considerably lower than the reported mass ratio for sea spray at 1.8 (Moller 1990; Seinfeld and 

Pandis 2016).  However, the Na/Mg ratio stands at 8.0, which is very close to the ratio of these 

elements in seawater at 8.36 (Seinfeld and Pandis 2016), suggesting that these elements are of 

marine origin. Like the indoor source contribution, this outdoor factor represents aged sea salt, 

given the presence of significant nitrate (contributing to 52% of the nitrate at the site) and 

sulfate, together with decreased chloride levels.  Both PMF and RF-SHAP give a 9% 

contribution by this factor to outdoor PM2.5, which is notably lower than the 17.3% recorded 

for aged and fresh sea salt at Msida (Scerri et al. 2018) but higher than the mean 4 ± 3% reported 

for European countries (Belis et al. 2013). 

 

Ammonium sulfate is the most important outdoor factor at the site, contributing 30% of the 

PM2.5 and is characterised by elevated amounts of NH4
+ and SO4

2– ions. The NH4
+/ SO4

2– mass 

ratio for this factor is 0.35, which is nearly identical to the mass ratio of (NH4)2SO4 at 0.375.  

This source factor is very similar to the indoor one, which is to be expected given that its main 

components, ammonium and sulfate ions, were estimated from indoor concentration.  Similar 

to the indoor solution, this factor is responsible for 27.0% of the Cd and 28.7% of the As at the 

site, suggesting a transboundary contribution of these toxic elements. The PMF contribution 

(30%) and the RF-SHAP contribution (31%) are also nearly identical.  A reconstructed mass 
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using the RF-SHAP value yields a contribution of 3.4 µg m–3, which is nearly twice the value 

for the indoor source contribution but similar to that recorded by Scerri et al. for outdoor air in 

Msida (3.6 µg m–3), confirming that this factor is predominantly of outdoor and transboundary 

origin. 

 

The shipping source profile is the highest source contributor for V (67.0%) and Ni (80.6%).  

The V/Ni ratio for this profile is 2.1, which is slightly lower than the indoor source profile (3.2) 

and similar to the 2.5 ratio recorded for the contribution by shipping in Msida (Scerri et al. 

2018).  The PMF contribution (7%) is much lower than the RF-SHAP contribution (18%). The 

7% PMF outdoor source contribution is lower than the indoor value and is most probably an 

underestimation due to the high amount of unassigned mass.  However, both values are much 

higher than the 5% contribution recorded by Scerri et al. in Msida. A reconstructed mass based 

on the RF-SHAP value yields a contribution of 2.0 µg m–3, confirming that shipping emissions 

substantially impact both the outdoor and indoor PM2.5
 concentrations. 

 

   

  

Figure 5.15   Outdoor polar plots for the source contributions in ng m–3. 
 

The polar plots for outdoor Saharan, shipping and ammonium sulfate are nearly 

indistinguishable from the indoor polar plots shown in Figure 3.10.  This means that the 

distribution of these source contributions by wind speed and direction is similar to those 

determined by the indoor PMF solution.  The indoor and outdoor polar plots for sea salt and 



 

155 

fireworks show minor differences.  The increased contribution by sea salt at higher wind speeds 

is more defined in the outdoor polar plot.  For fireworks, the highest outdoor contributions are 

from a south-westerly direction, while the highest indoor contributions are from a westerly 

direction. 

 

The industrial factor is the highest source contributor for Pb and Cd in both indoor and outdoor 

PMF solutions, which have been recorded to be derived from industrial sites (Daniele Contini 

et al. 2014).   The outdoor industrial factor accounts for 83% of Pb and 54% of Cd.  The outdoor 

industrial factor is also responsible for 40% of Cu, 45% of Zn and As at the site, while the 

indoor one shows a lower contribution from these metals.   The polar plots for this factor are 

also slightly different, with the indoor one having a more pronounced westerly contribution. 

 

Interestingly, the polar plots for this source are mainly defined by Pb.  In fact, the outdoor and 

indoor polar plots are essentially identical to the polar plots of outdoor and indoor Pb, 

respectively, as shown in Figure D.1.  This can be attributed to the fact that Pb is the main 

chemical species contributing to the chemical profile for indoor and outdoor industrial factors.  

As discussed previously, the sampling site is close to an industrial area, with the Hal Far 

industrial zone located SW of the receptor site at 1.5 km.  Steel fabrication, hot dip galvanising 

and hot asphalt plants in this area could contribute to the site's Zn, Pb and Cd metals and EC.  

The outdoor industrial factor contributes 0.54 ng m–3 (5%) to the PM2.5 concentration at the 

sampling site.  The RF-SHAP contribution for this factor increases to 9%, equivalent to 0.98 

µg m–3. The outdoor factor highlights that the impact of industrial activity has a more 

pronounced effect on outdoor PM2.5 at this receptor background site, and it has only a minimal 

impact on indoor PM2.5 levels. 

 

The outdoor traffic factor also has a chemical profile similar to the indoor one.  Both indoor 

and outdoor factors are the main contributors to EC and nitrate.  The outdoor factor is 

responsible for 82% of EC, which is higher than the indoor contribution and 41% of the nitrate.  

The outdoor traffic factor has lower concentrations of Fe, Cu, Zn, Cr and Sb than the indoor 

factor.  The polar plots for the indoor and outdoor factors vary significantly (Figures 5.14 and 

3.11, respectively), with the main contribution for the outdoor factor coming from a NW to E 

direction and at higher wind speeds.  However, on closer inspection, the polar plot for the 

outdoor factor is very similar to the indoor polar plot for the summer season shown in Figure 

D.2.  Given that the main chemical species of this factor were estimated from indoor 
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concentrations and considering the better estimations during the summer seasons, the outdoor 

traffic factor shows a bias toward the summer’s contribution and distribution of the indoor 

factor.  

 

This factor was also downgraded from 7% to 2% in its percentage contribution to the outdoor 

PM2.5 concentration in the RF-SHAP analysis. This fact highlights a disadvantage in using RF 

to augment the data obtained by PMF.  A downgrading of the contribution by a source factor 

does not have a meaningful explanation and shows that other factors were slightly 

overestimated.  This could be partly due to the low number of data points available, as machine 

learning algorithms tend to perform better with much bigger datasets. Given the very low 

importance of the traffic factor in the RF model, a low SHAP contribution is expected and can 

also be attributed to an intrinsic characteristic of how SHAP values are calculated. The SHAP 

value of a variable value is not the difference of the predicted value after removing the variable 

from the model. Given the set of variable values, the SHAP value is the contribution of a 

variable to the difference between the actual prediction and the mean prediction (Molnar 2022).   

 

5.4 Conclusion 

In this study, an RF-SHAP model was integrated with the PMF model and was utilized to 

investigate the influences of main driving factors on indoor PM2.5 concentrations at an urban 

background site in Malta, using a comprehensive one-year dataset. The intricate nonlinear 

interactions between PM2.5 and its driving factors, including emission sources and 

meteorological conditions, pose challenges in accurately assessing the impact of each 

individual factor on the variations in indoor PM2.5 concentrations. The RF model correctly 

modelled the variations in indoor PM2.5 (CV RMSE at 1.43 µg m−3, an R2 of 0.80), showing 

that during the sampling period, 54% of the driving factors were due to emission sources and 

45% attributed to meteorological variables.  Indoor and outdoor temperatures were 

demonstrated to be the most important meteorological variables. The 2D-plots showed that 

high indoor and outdoor temperatures are the driving factors behind high indoor PM2.5 

concentrations. 

 

This study demonstrates that the RF regression coupled with SHAP can deliver accurate 

analyses for quantifying the important drivers of air pollution drivers across a range of 
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scenarios. The high importance of indoor and outdoor temperatures as predictor variables in 

this RF model and their high SHAP contributions suggest that these may be used as predictor 

variables to model indoor PM2.5 and can be important predictor variables to model indoor PM 

concentrations in naturally ventilated houses where outdoor sources significantly influence 

indoor PM2.5 concentrations.  

 

This study also used an RF-SHAP model with good performance indicators (CV RMSE at 2.79 

µg m−3, an R2 of 0.80) to calculate the outdoor contribution and augment the outdoor PMF 

analysis, with a dataset with only 159 observations. The transboundary contribution was found 

to be higher for outdoor PM2.5 (58%) than indoor PM2.5 (33%) and was attributed to the limited 

effect of Saharan dust events on indoor PM2.5 when the windows are closed.  The local 

anthropogenic contribution at this background site is significant in indoor (25%) and outdoor 

(33%) PM2.5, mainly due to the high contributions of shipping and fireworks during the warmer 

period, which also coincides with greater infiltration indoors due to higher AERs.  Outdoor 

contributions from natural sources are much higher than indoor ones, given that sea salt has 

higher contributions during the colder period, while some Saharan episodes also take place 

during the colder months when AERs are lower. 

 

Shipping has a considerable effect, with an 18% contribution to outdoor PM2.5. Establishing an 

emissions-controlled area is anticipated to mitigate pollutant emissions from maritime vessels 

within the Mediterranean region, which could significantly impact fine PM concentrations at 

this urban background site. By 2025, the Mediterranean Sea is set to be designated as an 

Emission Control Area (ECA) for sulfur oxides, which is projected to reduce PM2.5 levels 

resulting from maritime emissions through the formation of secondary particles (Directorate-

General for Mobility and Transport 2022 Dec 16). 

 

The WHO annual Air Quality Guideline (AQG) level of 5 µg m–3 (World Health Organization 

2021) for PM2.5 applies to both outdoor and indoor environments. The mean outdoor PM2.5 

concentrations at the receptor site are more than twice (10.8 µg m–3) the WHO AQG level.  The 

24-hour limit of 15 µg m–3 was exceeded 26 times, five of which fireworks were responsible 

for the high PM2.5 levels. Again, local emissions from fireworks and emissions from shipping 

in the Mediterranean ought to be decreased in order to improve indoor air quality in coastal 

areas in Malta. On a local scale, the social practice of non-essential firework burning could 
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theoretically be readily managed to reduce exposure to toxic elements in both indoor and 

outdoor environments.  
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Chapter 6 

Summary, Research Impacts and Future 
Work 
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6.1 Summary 

This study addressed two primary aims to improve the understanding of indoor PM2.5 in Malta. 

The first objective involved conducting long-term indoor air sampling to chemically 

characterize PM2.5 and identify its main natural and anthropogenic sources at an urban 

background site using Positive Matrix Factorization (PMF). Through the analysis of quartz and 

PTFE filters, which were assessed gravimetrically and chemically for PM2.5, 18 elements, 5 

ions, organic carbon (OC), and elemental carbon (EC), the study identified eight factors 

influencing indoor PM2.5.  To augment the SA analysis, a PMF with RF-SHAP analysis was 

carried out to quantify the source contribution of outdoor PM2.5 at the site. Another RF-SHAP 

analysis was integrated with the indoor PMF model and was utilized to investigate the 

influences of main driving factors on indoor PM2.5 concentrations. 

 

The second objective was to employ modern Machine Learning algorithms, specifically 

Random Forest (RF) and Extreme Gradient Boosting (XGBoost), to model and predict indoor 

PM2.5 concentrations in several households in Malta and Gozo. Continuous PM sampling at 

seven residences provided data for modelling six-hourly averages of indoor PM2.5 

concentrations. The models’ performance was evaluated using RMSE and R² and identified 

key predictor variables influencing indoor PM2.5 levels. 

 

The summary highlights the main findings of this study for these two objectives: 

 

PMF analysis of PM2.5 at Birzebbuga (a residential urban background site) 

 This study identified eight factors affecting indoor PM2.5, including seven outdoor 

sources: fireworks (4%), Saharan dust (2%), traffic (10%), industrial emissions (2%), 

sea salt (9%), ammonium sulfate (31%), and shipping (10%). An additional indoor 

factor contributing to 26% of indoor PM2.5 was also identified, with cooking and e-

cigarette smoking being the primary contributors. 

 During the summer months, anthropogenic contributions to indoor PM2.5 reach 75%, 

with significant influences from secondary inorganic aerosols (SIAs), particularly 

ammonium sulfate, as well as traffic, shipping, and fireworks. 
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 The RF model accurately captured variations in indoor PM2.5, with a CV RMSE of 1.43 

µg m−3 and an R² of 0.80, revealing that 54% of the driving factors were linked to 

emission sources, while 45% were related to meteorological variables. 

 Elevated indoor and outdoor temperatures were identified as key drivers of high indoor 

PM2.5 concentrations. These were linked to higher outdoor source contributions during 

the warmer months and higher infiltration during the months due to increased AERs. 

 The RF-SHAP model showed strong performance indicators (CV RMSE of 2.79 µg 

m−3 and an R² of 0.80) when used to estimate outdoor contributions and enhance the 

outdoor PMF analysis. 

 Transboundary contribution is higher for outdoor PM2.5 (58%) than indoor PM2.5 (33%) 

due to the limited influence of Saharan dust events on indoor air quality when windows 

remain closed. 

 The local anthropogenic contribution at this background site is significant in indoor 

(25%) and outdoor (33%) PM2.5.  The high indoor local anthropogenic contribution can 

be explained by the higher infiltration of PM2.5 dust derived from these sources during 

the warmer period, which also coincides with greater emissions from fireworks. 

 

Application of ML algorithms in predicting indoor residential PM2.5 concentrations 

 In sites with low indoor PM contributions (sites 2 to 6), the prediction of indoor PM2.5 

is mostly dependent on the outdoor PM1 fraction. 

 Low RMSE and high R2 for the CV for both RF and XGBoost models and very high 

(>0.90) IOA on the testing data were reported for these sites. 

 GLM also showed good performance indicators for testing data, but serial correlation 

at lag-1 was recorded. 

 When the models were tested with the data from all sampling sites, the RF regression 

model gave the lowest prediction error, although the IOA decreased to 0.66.  

 For site 7, indoor-generated PM2.5 was the main contributor, and high concentrations 

were most likely due to cooking (frying and searing) in the absence of external hood 

extraction. 

 At this site, the RF model used indoor RH as a good predictor variable for the very high 

indoor PM2.5 concentrations recorded at this site. 
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6.2 Research Impacts 

Generally, individuals spend most of their time indoors, and there is a limited understanding 

of the concentration and composition of indoor fine particulate matter in Malta. Although 

receptor modelling has been conducted in Malta, these studies have primarily concentrated on 

characterizing ambient air. Additionally, most investigations into the chemical speciation of 

fine dust associated with fireworks activities and related SA have been based on short-term 

sampling campaigns.  This was the first study conducted in Malta using SA via PMF for 

outdoor and indoor PM2.5 at an urban background site. Moreover, this study included the use 

of ML algorithms, RF and XGBoost, to predict indoor PM2.5 in several residences.  Hence, it 

presents a better picture of the exposure status to PM2.5 among home dwellers in Malta. 

 

As outlined in the conclusions, this study showed the significant impact of outdoor PM1 on 

indoor PM2.5 levels at sites with limited indoor fine PM sources.  At sites with significant 

indoor generation from cooking, indoor PM2.5 was 3.6 times the short-term (24-hour) AQG of 

the WHO.  It would be ideal if proper extraction systems for domestic kitchens were to be 

regulated in order to minimise high exposure of home dwellers to indoor fine PM. 

 

Considering that the anthropogenic contribution to indoor PM2.5 during summer is 75%, being 

dominated by SIAs (mainly ammonium sulfate), traffic, shipping and fireworks, prioritising 

emission reductions from these sources is crucial for achieving indoor PM2.5 concentrations 

below the WHO’s annual AQG. The designation of the Mediterranean Sea as an Emission 

Control Area for sulfur oxides in 2025 will contribute to this end.  Additionally, decreasing 

transboundary ammonia emissions from mainland Europe is necessary to mitigate the 

formation of particulate ammonium sulfate in Maltese residences. On a local level, the 

regulation of non-essential fireworks activity could significantly lessen the exposure to toxic 

elements within indoor residential settings; however, there seems to be a trend in the opposite 

direction. 
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6.3 Recommendations for future work 

Given the limited number of residences sampled in this study, more data should be collected 

from flats/apartments/penthouses on different floors in multi-storey buildings, which are the 

types of habitation that have become prevalent in Malta.  A representative sample of residence 

type and occupancy is needed to generate a model that can be used to extrapolate results to 

people living across different household characteristics in Malta.  

 

The repeated measurement from each residence resulted in serial correlations in the GLM 

model. In this scenario, Time Series models that account for autocorrelation should be 

investigated. A shorter sampling period per site, not exceeding ten days, should be considered 

in further studies as it was challenging to find participants, especially when using bulky and 

noisy equipment. Moreover, the use of smaller and quieter PM spectrometers should be 

considered. 

 

Disentangling the indoor contributions remains challenging.  Measuring a vast array of 

chemical species over a long sampling campaign is expensive in terms of money and labour.  

This study included a novel use of RF-SHAP, where source contribution can be calculated by 

fitting an RF model to a PMF solution with a significant amount of unassigned mass. Such an 

approach can be applied to source contribution analysis, where the analytic fraction does not 

constitute a significant proportion of the PM mass. This approach can be applied to indoor 

PMF analysis where specific markers for indoor pollutants (such as POPs, cooking and 

combustion sources) are used.  Such analyses result in PMF solutions with relatively high 

unassigned mass.  RF-SHAP analysis on the PMF solution can be used to achieve the actual 

percentage source contributions by fitting the model on the observed indoor PM 

concentrations. 
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Appendix A: Chapter 2 

 

Table A.1 Summary of indoor activities (from 159 sampling days). 

Activity 
Electric 

Oven 
Use of 

Toaster 
Frying 

Open 
kitchen 

windows 

Gas 
Heater 

Dry 
Sweeping 

Vacuum 
cleaner 

e-cigarette 
smoking 

Number of days 41 116 41 63 63 25 12 150 

Percentage of 
sampling days 

26 73 26 40 40 16 8 94 

 

 

 

 

Figure A.1 Microwave digestion profile 
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Table A.2 Method detection limits (MDLs) for the PM2.5 analyses in ng m–3 of sampled 
air. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table A.3 Mean concentrations (µg/L) ± standard deviation (SD) for the Reagent blanks, 
Method blank, Indoor field blanks and Outdoor field blanks  

Element 
Reagent Blanks Method Blanks 

Indoor Field 
Blanks 

Outdoor Field 
Blanks 

Mean SD Mean SD Mean SD Mean SD 

Na -1.124 0.83 -1.678 1.49 -1.460 1.59 -1.005 2.19 
Mg 0.948 0.44 0.154 1.42 -0.026 1.62 -0.204 1.72 
Al -3.587 4.44 -3.386 4.33 -2.646 3.75 -2.794 3.39 
K -0.849 7.88 0.873 6.93 -2.017 6.20 -2.252 7.07 
Ca -2.909 39.00 -23.536 56.95 -53.710 60.13 -49.878 60.97 
Ti -0.026 0.11 -0.040 0.12 -0.035 0.30 0.065 0.54 
V -0.007 0.00 -0.006 0.01 -0.002 0.02 -0.001 0.02 
Cr -0.196 0.02 0.011 0.04 0.002 0.08 0.037 0.10 
Mn -0.008 0.03 0.005 0.03 -0.023 0.04 -0.021 0.04 
Fe 0.881 3.46 0.441 2.24 -0.776 0.74 -0.475 0.94 
Ni -0.111 0.34 0.067 0.38 -0.085 0.42 -0.340 0.37 
Cu -0.011 0.08 0.019 0.06 -0.023 0.16 0.056 0.08 
Zn 0.018 1.58 0.893 3.52 -1.253 4.74 -0.284 3.54 
As -0.020 0.02 -0.012 0.02 -0.005 0.02 -0.007 0.02 
Sr 0.078 0.08 -0.001 0.13 -0.051 0.14 -0.076 0.15 
Cd 0.003 0.01 0.003 0.01 -0.002 0.00 -0.002 0.00 
Sb -0.001 0.01 -0.011 0.01 0.012 0.05 -0.001 0.03 
Ba -0.003 0.03 -0.039 0.06 -0.068 0.07 -0.064 0.06 
Pb -0.012 0.03 0.032 0.12 -0.044 0.02 -0.040 0.02 

  

Pollutant MDL (ng m–3) Pollutant MDL (ng m–3) 

OC 5.0 Cu 0.059 

EC 5.0 Zn 0.82 

Na+ 18.1 As 0.064 

Mg 1.06 Sr 0.073 

Al 3.99 Cd 0.016 

K 13.00 Sb 0.021 

Ca 26.91 Ba 0.012 

Ti 0.24 Pb 0.017 

V 0.015 Cl 22.7 

Cr 0.066 NO3– 16.1 

Mn 0.048 SO4
2– 54.4 

Fe 0.78 NH4
 + 4.7 

Ni 0.10   



 

188 

Table A.4 IC spike concentration and percentage recoveries 

 

Ion 
Standard 

Concentration 
Spike 

concentration 
Extracted 

concentration 
Recovery efficiency 

 mg L−1 mg L−1 mg L−1 % SD 
Cl− 10 10 0.10 118 5.7 

NO3− 20 20 0.20 104 2.3 
SO42− 20 20 0.20 125 1.7 
Na+ 200 20 0.20 127 0.4 
K+ 200 20 0.20 79 4.0 

Mg2+ 200 20 0.20 95 10.7 
Ca2+ 1000 100 1.00 75 18.7 
NH4+ 400 40 0.40 121 0.6 
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29/06/2019 

Sampling room window  
closed 
 

AER 0.20 h–1 

 

 

 

23/06/2019 

Sampling room window  

closed 

 

AER 0.52 h–1 

 

 

 

01/07/2019 

Sampling room window  

closed 

 

AER 1.62 h–1 

 

Figure A.2 Modelled and actual CO2 concentrations and AER 
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Table A.5 Sample of the logged of activities during the continuous indoor and outdoor PM 
measurements campaign 

 

Date Time Duration Location Activity Site 

21/08/2023 18:45 1 Indoor Construction work 3 

31/08/2023 09:00 1 Indoor Sweeping 3 

03/09/2023 18:30 0.5 Outdoor Yard sweeping 3 

03/09/2023 19:00 1 Outdoor Wood oven 3 

08/09/2023 09:30 0.25 Indoor Sweeping 3 

13/10/2023 17:45 1 Indoor Vacuum cleaner 3 

15/10/2023 09:00 0.25 Indoor Sweeping 3 

25/11/2023 15:00 0.25 Indoor Sweeping 3 

26/11/2023 10:00 0.5 Indoor Sweeping 3 

26/11/2023 11:30 0.45 Indoor Vacuum cleaner 3 

07/12/2023   Outdoor Fireworks 4 

08/12/2023   Outdoor Fireworks 4 

13/12/2023 14:00 4 Indoor Welding in Garage 4 

29/12/2023 18:00 3 Indoor Welding in Garage 4 
31/12/2023 22:00 6 Indoor Party inside the house 4 
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Appendix B: Chapter 3 

 

Table B.1 Kruskal-Wallis rack sum tests and the Mann Whitney U-test results for the 
seasonal contributions of the some PMF factors.  
For the fireworks factor, the difference between the average contributions 
between the periods June to September (fireworks burning) and October to May 
(no fireworks) was tested. 

 

Indoor factor 

Kruskal-Wallis rank sum 
test (p-value) 

0.000 

Mann Whitney U-test  
(p-value) 

Autumn Spring Winter 

Spring 0.297 - - 
Summer 0.000 0.002 - 

Winter 0.585 0.603 0.002 

Traffic factor 

Kruskal-Wallis rank sum 
test (p-value) 

0.000 

Mann Whitney U-test  
(p-value) 

Autumn Spring Winter 

Spring 0.000 - - 
Summer 0.000 0.000 - 

Winter 0.340 0.000 0.000 

Ammonium sulfate factor 
(Percentage 
contributions) 

Kruskal-Wallis rank sum 
test (p-value) 

0.000 

Mann Whitney U-test  
(p-value) 

Autumn Spring Winter 

Spring 0.706 - - 
Summer 0.001 0.001 - 

Winter 0.006 0.001 0.000 
   
Fireworks factor 
(June to September and 
October to May periods) 

Mann Whitney U-test 
(p-value)  

 

0.000 

Unassigned fraction 

Kruskal-Wallis rank sum 
test (p-value) 

0.111 

Mann Whitney U-test  
(p-value) 

Autumn Spring Winter 

Spring 0.81 - - 
Summer 0.21 0.16 - 

Winter 0.81 0.81 0.14 
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13/08/18 25/03/19 

 
 

29/10/18 22/04/19 
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25/04/19 13/06/19 

  

15/06/19 17/06/19 

 

Figure B.1 NOAA HYSPLIT back trajectories 
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Figure B.2 Daily constrained factor contributions in ng m–3. 
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Figure B.3 Map showing the village feasts celebrated on the dates when high contributions 
were recorded from the indoor fireworks factor. 
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Appendix C: Chapter 4 

Table C.1 Number of imputed hourly PM values per site due to instrument malfunction.  

Site 2 3 4 5 6 7 

Indoor PM 0 0 11 0 0 0 

Outdoor PM 0 0 166 17 172 181 

The "na.interp " function from the forecast package in RStudio was used to interpolate missing 

values in the time series data.  The gaps were filled using the existing data structure, thus 

maintaining the inherent trend found in the data.  This function uses a weighted average of the 

surrounding points, based on distance, to fill in the missing values.  Except for Site 4, which 

had four days of missing outdoor data, all other imputations were carried out for 6 to 24-hour 

hours periods, translating into one to four 6-hour data points. 

 

Table C.2 Details of the predictor variables for the models  

Type Predictor Variable Abbreviation 
Outdoor Particulate 
Matter 

PM1 pm1O 
PM2.5  pm2.5O 
PM10  pm10O 

Meteorological 
parameters 

Wind speed ws 
Wind direction  wd 
Outdoor temperature Temp.O 
Indoor temperature Temp.I 
Outdoor humidity Humidity.O 
Indoor humidity Humidity.I 

Lagged variables Outdoor PM1 pm1.L 
Outdoor PM2.5 pm2.5.L 
Outdoor PM10 pm10.L 
Wind speed ws.L 
Wind direction wd.L 
Outdoor temperature Temp.O.L 
Indoor temperature Temp.I.L 
Outdoor humidity Humidity.O.L 
Indoor humidity Humidity.I.L 

Sampling 
information and time-
based variables 

Sampling sites Each site as a categorical 
variable 

Sampling time Time 
Sampling day Day 
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Appendix D: Chapter 5 

  

  
Figure D.1    Polar plots comparing indoor and outdoor industrial source profiles with indoor 

and outdoor Pb. 
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Figure D.2    Seasonal indoor traffic source contributions.  
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Figure D.3    Seasonal percentage SHAP source contributions to outdoor PM2.5
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Appendix E: Machine Learning R script 
library(ggplot2) 
library(ggpubr) 
library(devtools) 
library(caret) 
library(randomForest) 
library(Metrics) 
library(rpart) 
library(rfUtilities) 
library(party) 
library(psych) 
library(xgboost) 
library(dplyr) 
library(mgcv) 
library(pdp) 
library(forecast) 
library(openxlsx) 
 
load(".RData") 
 
# Create excel file 
ML_data = createWorkbook() #creates xlsx workbook with openxlsx package 
addWorksheet(ML_data, "predicted_6_Hourly") 
 
combined_6hr <- read.csv(paste0(path, "/combined_6_hourly_6.csv"), header=T,sep=",") 
combined_6hr$Date <-  as.POSIXct(combined_6hr$Date, format = "%d/%m/%Y %H") 
combined_6hr$Site <- as.factor(combined_6hr$Site)  # converts site to factor 
 
 
#Split a data set into training and testing  
set.seed(123) 
tolerance = 1   
var_diff = Inf  
while (abs(var_diff) > tolerance) { 
  # Create train-test split 
  trainIndex <- createDataPartition(combined_6hr$Site, p = 0.8, list = FALSE) 
  training <- combined_6hr[trainIndex, ] 
  testing <- combined_6hr[-trainIndex, ] 
  var_train <- var(training$pm2.5I, na.rm = TRUE) 
  var_test <- var(testing$pm2.5I, na.rm = TRUE) 
  var_diff <- var_train - var_test 
} 
 
 
 
# Check proportions in the training set 
prop.table(table(training$Site)) 
# Check proportions in the testing set 
prop.table(table(testing$Site)) 
 
## RF Model ## 
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# Train model 
train_control_RF <- trainControl( 
  method = "repeatedcv",           # Repeated Cross-Validation 
  number = 10,                           # Number of folds 
  repeats = 3,                             # Number of repeats 
  search='grid',                            # Grid search 
  verboseIter = TRUE,                # Print progress 
  allowParallel = TRUE,              # Allow parallel processing 
  summaryFunction = defaultSummary  # Use default summary function for regression 
) 
 
tune_grid <- expand.grid(.mtry = (1:21))  
 
modfit_RF <- train(pm2.5I ~ pm1O + pm10O +pm2.5O  + Temp.O +Temp.I + Humidity.I + Humidity.O + wd + 
ws + Day + Time + Site + pm1O.L + pm10O.L +pm2.5O.L  + Temp.O.L +Temp.I.L + Humidity.I.L + 
Humidity.O.L + wd.L + ws.L, 
                   data = training, 
                   method = "rf",                                                  
                   trControl = train_control_RF,            # Training control 
                   tuneGrid = tune_grid,                           # Tuning grid 
                   metric = "RMSE"                                 # Evaluation metric (Root Mean Squared Error) 
) 
 
#RF model summary 
print(modfit_RF) 
plot(modfit_RF) 
 
varImp(modfit_RF) #Importance of different predictors 
plot(varImp(modfit_RF)) 
 
modfit_RF$results 
summary(modfit_RF$finalModel) 
 
 
## XGBoost Model ## 
# train model 
control_XGboost <- trainControl( 
  method='repeatedcv',  
  number=10,  
  repeats=3,  
  search='grid',                      
  verboseIter = TRUE,                 
  allowParallel = TRUE,                # Allow parallel processing 
  summaryFunction = defaultSummary    # Use default summary function for regression 
) 
 
 
 
 
 
 
# Define the tuning grid 
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tune_grid <- expand.grid( 
 nrounds = c(100, 150, 250, 500),      # Number of boosting rounds 
  eta = c(0.01, 0.1, 0.25, 0.5),         # Learning rate 
  max_depth = c(2, 3, 4, 5, 6),          # Maximum tree depth 
  gamma = c(0, 2, 5),                  # Used for tuning of Regularization, default: 0 
  colsample_bytree = 1,                  # Column sampling, default: 1 
  min_child_weight = 1,                  # Minimum leaf weight, default: 1 
  subsample = 1                          # Row sampling, default: 1 
) 
 
 
modfit_XGboost <- train(pm2.5I ~ pm1O + pm10O +pm2.5O  + Temp.O +Temp.I + Humidity.I + Humidity.O + 
wd + ws + Day + Time + Site + pm1O.L + pm10O.L +pm2.5O.L  + Temp.O.L +Temp.I.L + Humidity.I.L + 
Humidity.O.L + wd.L + ws.L,                                     
                        data = training, 
                        method = "xgbTree",                             # XGBoost with xgbTree 
                        trControl = control_XGboost,               # Training control 
                        tuneGrid = tune_grid,                           # Tuning grid 
                        metric = "RMSE"                                 # Evaluation metric (Root Mean Squared Error) 
) 
 
#XTboost model summary 
print(modfit_XGboost) 
plot(modfit_XGboost) 
modfit_XGboost$bestTune 
varImp(modfit_XGboost) 
plot(varImp(modfit_XGboost)) 
modfit_XGboost$results 
summary(modfit_XGboost$finalModel) 
 
 
 
 
## GLM Model ## 
training_data <- training  
testing_data <-  testing 
 
# Scaling data, standardization using caret 
preProcValues <- preProcess(training_data, method = c("scale")) 
standardized_train <- predict(preProcValues, training_data) 
# Apply the same transformation to testing data 
standardized_test <- predict(preProcValues, testing_data) 
 
train_control_LM <- trainControl( 
  method = "repeatedcv",              # Repeated Cross-Validation 
  number = 10,                        # Number of folds 
  repeats = 3,                         # Number of repeats 
  verboseIter = TRUE,                 # Print progress 
  allowParallel = TRUE,               # Allow parallel processing 
  summaryFunction = defaultSummary   # Use default summary function for regression 
) 
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tune_grid <- expand.grid( 
  alpha = 1,                            # Elastic Net mixing parameter (0 for Ridge, 1 for Lasso) 
  lambda = c(0.001, 0.01, 0.1,0.25, 0.5, 1)     # Regularization parameter 
) 
 
modfit_LM <- train(pm2.5I ~ pm1O + pm10O +pm2.5O  + Temp.O +Temp.I + Humidity.I + Humidity.O + wd 
+ ws + Day + Time + Site + pm1O.L + pm10O.L +pm2.5O.L  + Temp.O.L +Temp.I.L + Humidity.I.L + 
Humidity.O.L + wd.L + ws.L, 
                   data = standardized_train, 
                   method = "glmnet",                             # Generalized Linear Model with regularization 
                   family = "gaussian", 
                   trControl = train_control_LM,            # Training control 
                   tuneGrid = tune_grid,                          # Tuning grid 
                   metric = "RMSE"                                # Evaluation metric (Root Mean Squared Error) 
) 
 
print(modfit_LM) 
plot(modfit_LM) 
varImp(modfit_LM) #Importance of different predictors 
plot(varImp(modfit_LM)) 
modfit_LM$results 
summary(modfit_LM$finalModel) 
coefficients <- coef(modfit_LM$finalModel, modfit_LM$bestTune$lambda) 
print(coefficients) 
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Appendix F: Indoor RF-SHAP R Script 
library(doParallel) 
library(ggplot2) 
library(ggpubr) 
library(devtools) 
library(caret) 
library(randomForest) 
library(Metrics) 
library(rpart) 
library(rfUtilities) 
library(party) 
library(psych) 
library(dplyr) 
library(glmnet) 
library(mgcv) 
library(pdp) 
library(ranger) 
library(kernelshap) 
library(shapviz) 
library(openxlsx) 
 
indoor <- read.csv(paste0(path, "/mydata.csv"), header=T,sep=",") 
indoor$date <-  as.POSIXct(indoor$date, format = "%d/%m/%Y) 
indoor$windows <- as.factor(indoor$windows) 
indoor$frying <- as.factor(indoor$frying) 
indoor$washing <- as.factor(indoor$washing) 
indoor$Sahara <- as.factor(indoor$Sahara) 
 
# train model 
set.seed(123) 
train_control_RF_PMF <- trainControl( 
  method = "repeatedcv",             # Repeated Cross-Validation 
  number = 10,                        # Number of folds 
  repeats = 3,                         # Number of repeats 
  search='grid',                      # Grid search 
  verboseIter = TRUE,                # Print progress 
  allowParallel = TRUE,               # Allow parallel processing 
  summaryFunction = defaultSummary   # Use default summary function for regression 
) 
tune_grid <- expand.grid(.mtry = (1:15))  
 
modfit_RF_PMF <- train(pm2.5I ~ ws + wd + Indoor + Saharan + Sea.Salt + Ammonium.Sulfate + Traffic +  
                     Fireworks + Industrial + Shipping + Temp.O + Temp.I + Humidity.O + Humidity.I +  
                     Pressure + windows + frying, 
                   data = indoor, 
                   method = "rf",                                  
                   trControl = train_control_RF,                   # Training control 
                   tuneGrid = tune_grid,                           # Tuning grid 
                   metric = "RMSE"                                 # Evaluation metric (Root Mean Squared Error) 
) 
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# Testing model  
p_RF_PMF<-predict(modfit_RF_PMF, newdata =indoor)  
cor(indoor$pm2.5I,p_RF_PMF) 
R2 <- (cor(indoor$pm2.5I,p_RF_PMF))^2 
rmse <- round((RMSE(p_RF_PMF, indoor$pm2.5I)), digits =2) 
p_RF_PMF<-as.data.frame(p_RF_PMF) #IMP to plot ggplot 
{observed <- indoor$pm2.5I 
mean_observed <- mean(observed) 
predicted <- p_RF_PMF 
ioa <- round(1 - (sum((predicted - observed)^2) / sum((abs(predicted - mean_observed) + abs(observed - 
mean_observed))^2)), digits =2)} 
 
 
#SHAP 
indoor_predictors <- select(indoor, ws, wd, Indoor , Saharan ,Sea.Salt , Ammonium.Sulfate , Traffic ,  
                            Fireworks , Industrial , Shipping , Temp.O , Temp.I ,Humidity.O , Humidity.I ,  
                            Pressure, windows, frying)  # Selects predictor columns from indoor 
 
s <- kernelshap(modfit_RF_PMF, indoor_predictors, bg_X = indoor_predictors) 
sv <- shapviz(s) 
 
sv_force(sv, row_id = 57) # for individual   29/10   Sahran, closed windows 
sv_force(sv, row_id = 156) # for individual  17/06 Sahran, open windows 
 
{ 
  importance_plot <- sv_importance(sv, max_display = 17L, 
                                   fill = "#2a477f", 
                                   show_numbers = TRUE, 
                                   number_size = 5, 
                                   bar_width = 0.5) 
   
  # Customize the text size using ggplot2 
  importance_plot <- importance_plot + 
    theme_bw() +  # Set white background 
    theme( 
      axis.title = element_text(size = 16),      # Adjust axis title size 
      axis.text = element_text(size = 16),       # Adjust axis text size 
      legend.title = element_text(size = 16),   # Adjust legend title size 
      legend.text = element_text(size = 16),    # Adjust legend text size 
      plot.title = element_text(size = 18),        # Adjust plot title size 
      panel.grid.major = element_blank(),       # Optional: remove major grid lines 
      panel.grid.minor = element_blank(),        # Optional: remove minor grid lines 
      panel.grid.major.x = element_line(color = "grey80") # Keep major grid lines on y-axis 
    ) + 
    ggtitle("SHAP Importance Plot")  # Optionally, add a title 
   
  # Print the plot 
  print(importance_plot) 
} 

 


