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�6�X�P�P�D�U�\ 

Atmospheric particulate matter (PM) affects human health, visibility, ecosystems, and 

climate. Atmospheric aerosol derives from both natural and anthropogenic sources and can 

be classified as primary or secondary, with primary aerosols being directly emitted in 

particulate form, and secondary aerosol deriving from gaseous precursors. In order to 

develop appropriate mitigation strategies, a comprehensive quantification and 

characterization of the aerosol sources is an essential precondition. In this work, we 

coupled unprecedented sets of state-of-the-art analytical techniques, for a better 

characterization of the aerosol chemical composition and sources, with the focus on long-

term, spatially resolved datasets or size-resolved datasets. Specifically we coupled aerosol 

mass spectrometry (AMS) data with thermal-optical determination of elemental and 

organic carbon (EC/OC), molecular markers quantification by GC-MS (gas 

chromatography �± mass spectrometry) and HPLC-MS (high pressure liquid 

chromatography), 14C analysis of EC and OC, ions measurements by ion chromatography 

(IC), cellulose enzymatic determinations, quantitative polymerase chain reaction (qPCR) 

determination of bacterial DNA and fungal spores, x-ray photoelectron spectroscopy 

(XPS), and elements measured by inductively coupled plasma-MS (ICP-MS).  

The AMS development greatly improved the online aerosol monitoring, providing real-

time quantitative organic aerosol (OA) mass spectra. However, its field deployment 

remains expensive and man power demanding. Not surprisingly most of the online AMS 

source apportionment studies are limited to a few weeks of monitoring and to only one 

receptor site, hampering the testing and development of aerosol models. In this work, we 

applied aerosol mass spectrometry for the measurement of nebulized aqueous filter 

extracts. This enables broadening the AMS temporal and spatial coverage. Furthermore the 

water extraction step permits measuring the coarse water-soluble OA fraction which is 

commonly not accessible by online-AMS due to the coarse particles transmission 

limitations through the aerodynamic lens in the AMS inlet. Overall the offline-AMS is a 

versatile technique, easy to couple with other analyses and in principle applicable to every 

nebulizable chemical matrix. The aims of this thesis were: 

1) Investigating the sources of the coarse OA (Payerne, Switzerland). 

2) Integrating different analytical techniques with online- and offline aerosol mass 

spectrometry to study the PM1 and PM2.5 aerosol sources affecting the air quality in: 

a. China (four stations) in order to investigate the causes of the periodical intense 

winter haze events, 
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b. Southeast Baltic region (three stations) over one year, 

c. Marseille over one year. 

Results reveal that in Europe during winter the main PM2.5 source of OA is biomass 

burning deriving mostly from domestic heating (Payerne: 47% of the organic matter (OM), 

Marseille: 43% and Lithuania: 53%). However, on local to regional scale, especially in late 

autumn and early spring, a certain contribution to the total biomass burning can derive 

from agricultural waste combustion (Marseille and Lithuania). In China we observed in 

addition substantial contributions from domestic coal combustion during winter (2-26% of 

PM2.5).  

On a yearly basis, the largest contribution to the PM2.5 OA derives from highly 

oxygenated (OOA), which is mostly related to secondary OA (SOA) formation. While 

during summer OOA seems to mostly derive from biogenic secondary emissions, during 

winter OOA is expected to be mostly from anthropogenic activities, although additional 

data are needed to support these premises. In China during winter the SOA relative 

contribution tends to increase during haze events driving the total OA concentration. This 

result highlights the necessity of considering the reduction of volatile organic compounds 

(VOCs) in future air pollution mitigation policies. 

Regarding the coarse OA fraction, we demonstrated that primary biological emissions 

mostly from plant debris are the main source of the coarse organic matter at a rural site in 

Switzerland during summer. The magnitude of PBOA (on average 60% of OM10) 

emissions is comparable to SOA in terms of mass. 
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�6�R�P�P�D�U�L�R 

Il particolato atmosferico (PM) influenza la salute, il clima, la visibilità e gli ecosistemi. 

�/�¶�D�H�U�R�V�R�O�� �D�W�Posferico deriva sia da sorgenti naturali che antropogeniche e può essere 

classificato come primario o secondario a seconda che sia emesso direttamente in fase 

particolata o derivi da precursori gassosi. �/�D�� �T�X�D�Q�W�L�I�L�F�D�]�L�R�Q�H�� �H�� �X�Q�¶�D�S�S�U�R�I�R�Q�G�L�W�D��

�F�D�U�D�W�W�H�U�L�]�]�D�]�L�R�Q�H�� �G�H�O�O�H�� �V�R�U�J�H�Q�W�L�� �G�H�O�O�¶�Drosol atmosferico sono requisiti fondamentali per lo 

sviluppo di efficaci misure di contenimento. In questo lavoro abbiamo integrato un insieme 

di tecniche analitiche senza precedenti al fine di caratterizzare meglio la composizione 

chimica delle sorgenti di aerosol, focalizzandoci specialmente su analisi di lungo termine e 

condotte a molteplici siti di campionamento. In particolare abbiamo integrato dati derivanti 

da: aerosol spettometria di massa (AMS), determinazione termo-ottica di carbonio organico 

ed elementare (OC/EC), marker molecolari quantificati via gas cromatografia-spettrometria 

di massa (GC-MS) o cromatografia liquida ad alte pressioni-MS (HPLC-MS), analisi della 

concentrazione di 14C in EC e OC, quantificazione per via enzimatica della cellulosa, 

determinazione di batteri e spore fungine attraverso reazione a catena della polimerasi  

quantitativa (qPCR), spettroscopia fotoelettronica a raggi x (XPS), e quantificazione 

elementare via spettrometria di massa a plasma accoppiato induttivamente (ICP-MS). 

�/�¶AMS ha notevolmente migliorato il monitoraggio online del particolato atmosferico 

poichè fornisce in tempo reale spettri di massa della frazione organica (OA). Tuttavia, le 

misure in situ con AMS al momento sono costose e richiedono molta forza lavoro e 

manutenzione. Di conseguenza gran parte degli studi che includono dati AMS sono limitati 

a qualche settimana di monitoraggio, e tipicamente a un solo sito di campionamento. 

Queste limitazioni ostacolano lo sviluppo e il test di modelli predittivi della concentrazione 

delle sorgenti di aerosol. �,�Q���T�X�H�V�W�R���O�D�Y�R�U�R���D�E�E�L�D�P�R���X�W�L�O�L�]�]�D�W�R���O�¶�$�0�6���S�H�U���O�¶�D�Q�D�O�L�V�L���G�L���H�V�W�U�D�W�W�L��

�D�F�T�X�R�V�L�� �G�L�� �I�L�O�W�U�L���� �&�L�z�� �K�D�� �S�H�U�P�H�V�V�R�� �G�L�� �D�P�S�O�L�D�U�H�� �L�O�� �P�R�Q�L�W�R�U�D�J�J�L�R�� �G�H�O�O�¶�2�$�� �Y�L�D�� �$�0�6�� �V�L�D��

�V�S�D�]�L�D�O�P�H�Q�W�H�� �F�K�H�� �W�H�P�S�R�U�D�O�P�H�Q�W�H���� �,�Q�R�O�W�U�H�� �O�¶�H�V�W�U�D�]�L�R�Q�H��in acqua dei filtri permette di 

misurare con un AMS anche la frazione organica grossolana (> 2.5 �Pm). Tipicamente 

questa frazione non è accessibile via online-AMS a cause della limitata efficienza di 

trasmissione del particolato grazzo attraverso la lente �D�H�U�R�G�L�Q�D�P�L�F�D���G�H�O�O�¶�$�0�6�� 

In generale la tecnica offline-AMS è versatile, facile da accoppiare con altri tipi di 

analisi, e in linea di principio può essere applicata su qualunque matrice acquosa 

nebulizzabile. Gli obiettivi di questa tesi erano: 

1) �/�¶�L�G�H�Q�W�L�I�L�F�D�]�L�R�Q�H�� �H�� �O�D�� �T�X�D�Q�W�L�I�L�F�D�]�L�R�Q�H�� �G�H�O�O�H�� �V�R�U�J�H�Q�W�L della frazione grossolana 

�G�H�O�O�¶OA (Payerne, Svizzera). 
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2) �/�¶�L�Q�W�H�J�U�D�]�L�R�Q�H�� �G�L�� �G�L�I�I�H�U�H�Q�W�L�� �W�H�F�Q�L�F�K�H�� �D�Q�D�O�L�W�L�F�K�H�� �F�R�Q�� �R�Q�O�L�Q�H- e offline-AMS per 

studiare le sorgenti di PM1 e PM2.5 �F�K�H���L�Q�I�O�X�H�Q�]�D�Q�R���O�D���T�X�D�O�L�W�j���G�H�O�O�¶aria: 

a. in Cina (quattro siti di campionamento), con lo scopo di studiare le cause dei 

ricorrenti alti livelli di inquinamento in inverno. 

b. nella regione baltica di sud-est (tre siti di campionamento) per un anno, 

c. a Marsiglia per un nno, 

I nostri risultati rivelano che in inverno in Europa la principale sorgente di OA nella 

frazione PM2.5 è la combustione di biomasse, per la maggior parte derivante dal 

riscaldamento domestico  (Payerne: 47% �G�H�O�O�¶�2�$�� �W�R�W�D�O�H, Marsiglia: 43%, in Lithuania: 

53%). Tuttavia su scala locale/regionale, specialmente in tardo autunno e inizio primavera, 

una certa frazione della combustione di biomasse può essere associata alla combustione di 

stoppie e rifiuti agricoli (come osservato a Marsiglia e in Lituania). In Cina la combustione 

domestica di carbone contribuisce significativamente in inverno sul totale del PM2.5 (2-

26%). Su scala annuale, in tutti i siti di campionamento, la maggiore sorgente di OA nella 

frazione PM2.5 deriva da aerosol organici altamente ossidati (OOA), principalmente 

associati a sorgenti secondarie (SOA). In estate �O�¶aerosol organico secondario di origine 

biogenica rappresenta la principale componente degli OOA, mentre in inverno la principale 

componente di OOA deriva da attività antropogeniche. Tuttavia questi risultati devono 

essere corroborati da ulteriori studi. �/�¶aerosol secondario è particolarmente rilevante in 

Cina, dove il loro contributo relativo tende ad aumentare durante gli episodi 

�G�¶inquinamento più elevato. Questi risultati evidenziano la necessità di adottare politiche di 

contenimento del paricolato atmosferico focalizzate alla riduzione delle emissioni di 

composti organici volatili (VOCs). 

Per quanto concerne la frazione grossolana di OA, abbiamo dimostrato che le emissioni 

primarie biologiche (PBOA), principalmente da residui vegetali, rappresentano la 

principale sorgernte in un sito rurale in Svizzera in estate. La concentrazione di PBOA, in 

termini di massa, è comparabile alla concentrazione di SOA e rappresenta in media il 60% 

�G�H�O�O�¶�2�$���Q�H�O���3�010. 
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1  

�,�Q�W�U�R�G�X�F�W�L�R�Q 

 Atmospheric aerosol - definition and properties 1.1

Aerosols are defined as a suspension of solid or liquid particles in a dispersive gas 

phase. The definition of aerosol includes both gas and particle phase, however the aerosol 

term is commonly used to describe the particle phase only. Aerosol particles are naturally 

present in the atmosphere as they are emitted by natural sources such as volcanic eruptions, 

dust resuspension, and biogenic emissions from plants. Nevertheless also anthropogenic 

activities represent an important source of the atmospheric particulate matter (PM), in 

particular combustion sources such as biomass burning, combustion engines and industrial 

emissions. 

According to the formation process, aerosols can be classified as primary or 

secondary, where primary aerosols are directly emitted in particle phase, and secondary 

aerosols derive from condensation of gaseous precursors (Hallquist et al., 2009). After 

emission/formation processes aerosols can undergo chemical/physical processes altering 

the size and the chemistry of the particles. Typical chemical/physical processes are particle 

growth due to condensation of semi-volatile or low-volatile gaseous compounds, 

coagulation with other particles, (photo)oxidation processes leading to particle aging, and 

particles shrinking due to evaporation of high-volatile or semi-volatile compounds. Aerosol 

particles can also uptake water from the ambient relative humidity and form cloud droplets 

where numerous processes can take place (cloud processing). Typical particles sinks are 

due to dry and wet deposition (rain/snow/fog), with larger particles characterized by faster 

deposition rates. Smaller particles instead are more prone to coagulation with larger 
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particles and shrinking due to evaporation of high-volatile or semi-volatile compounds. 

Aerosol life-time in the atmosphere strongly depends on the particle size. In the 

troposphere it lasts typically only from a few hours to a few days-weeks. All these 

processes lead to the multimodal size distribution of the atmospheric PM; specifically four 

distinct modes are typically observed: nucleation mode < 10 nm, Aitken mode 10�±100 nm, 

accumulation mode 0.1�±2.5 µm, and mechanically generated aerosol mode > 10 µm (Fig. 

1.1). 

 

Figure 1.1. Idealized particle size distribution that might be observed in traffic (US EPA, 2004). 

 

The nucleation mode particles mainly derive from homogeneous nucleation involving 

gas-to-particle conversion processes, or from direct emissions from combustion sources 

(e.g. vehicle exhaust). Aitken and accumulation modes are formed through condensational 

growth and/or coagulation of nucleation mode particles. Coarse mode particles are 

typically formed by mechanical processes and include dust from wind resuspension, sea 

spray, volcanic eruptions and primary biological emissions. The particle number 

concentration typically peaks in the nucleation and/or Aitken mode, while in terms of 

volumetric and mass size distributions, the accumulation and coarse modes are more 

important (Fig. 1.2). As a consequence, aerosols are typically classified according to their 

size, with the term PMx, indicating particulate matter with an aerodynamic diameter 

smaller than x µm (e.g. PM1, PM2.5 and PM10). 
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Figure 1.2. Number and volume size distributions of atmospheric aerosol (Seinfeld and Pandis, 
2006).  

 Aerosol climate impact 1.2

�$�W�P�R�V�S�K�H�U�L�F���D�H�U�R�V�R�O���D�I�I�H�F�W�V���F�O�L�P�D�W�H���E�\���D�O�W�H�U�L�Q�J���W�K�H���(�D�U�W�K�¶�V���J�O�R�E�D�O���U�D�G�L�D�W�L�R�Q���E�X�G�J�H�W����In 

particular, aerosol particles have a direct and an indirect effect on climate. The direct effect 

includes scattering and absorption of the solar and terrestrial radiation light by aerosol 

particles. The indirect effect is based on the property of the aerosol particles to interact with 

clouds, in particular aerosol particles can act as cloud condensation nuclei and ice nuclei, 

altering the clouds life-time and microphysical properties (Lohmann and Feichter, 2005).  

The international panel on climate change (IPCC, 2013) defines the radiative forcing 

(RF) as an imposed perturbation in the radiative energy budget of the Earth�¶s climate 

system, over a specific time lapse. Positive radiation forcing is associated to a net increase 

�R�I�� �W�K�H�� �(�D�U�W�K�¶�V�� �V�X�U�I�D�F�H�� �W�H�P�S�H�U�D�W�X�U�H����and negative forcing with a net decrease. Fig. 1.3 

displays the radiative forcing due to different atmospheric drivers (gas and aerosol 

components) relative to the year 1750. The total contribution to the global radiation balance 

due to the aerosol is a net cooling effect, nevertheless the aerosol relative radiative forcing 

is still the most uncertain component among all the climate influencing factors (IPCC, 

2013; Schwartz et al., 1996), and the largest part of this uncertainty is related to the aerosol 

indirect effect. 
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Figure 1.3 Radiative forcing estimates in 2011 in comparison to 1750 and uncertainties for the 
main atmospheric drivers. The numerical values are provided on the right of the figure (W m-2), 
together with the confidence level (VH�±very high, H�±high, M�±medium, L�±low, VL�±very low) (IPCC, 
2013). 
 

As already mentioned, the aerosol-cloud interactions (indirect effect) alter the cloud albedo 

and the cloud life-time. For a constant liquid water content, polluted clouds characterized 

by a larger number of cloud condensation nuclei (i.e. aerosol particles) are characterized by 

a higher number of droplets with smaller sizes; this in turn results in an enhanced solar 

radiation reflectivity of the cloud (Twomey effect, Twomey et al., 1984). Another 

consequence of the smaller droplet size is the reduction of the precipitation efficiency and 

therefore the prolongation of the cloud life-time (Albrecht effect, Albrecht, 1989). Finally, 

light absorbing particles (e.g. black carbon emitted by incomplete combustion (BC)) 

release heat in the atmosphere. The presence of light absorbing particles in clouds results in 

a release of heat which can evaporate the cloud droplets therefore hampering the cloud 

formation process (Ackerman et al., 2000). This particular effect is defined as semi-direct 

and has a positive radiative forcing, while the Twomey and Albrecht effects are associated 

with negative radiative forcing. 
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Aerosol particles in the atmosphere can also act as ice nuclei (IN). Homogeneous ice 

nucleation in the atmosphere can only occur at -38°C, while at higher temperatures the 

cloud droplets remain in a supercooled liquid phase. Nevertheless heterogeneous ice 

nucleation involving aerosol particles acting as IN can occur at higher temperatures. 

Considering that the saturation vapor pressure over water is higher than over ice, the 

presence of a relatively small number of ice crystals in a cloud can trigger glaciation, 

converting a liquid or mixed phase cloud into an ice cloud and thus changing the cloud 

microphysics (Bergeron-Findeisen process). In numerous studies it has been shown that the 

most efficient IN identified so far are specific primary biological aerosol particles, which 

can increase the freezing temperatures up to few degrees below 0. This effect is probably 

due to a specific particle morphology which enables rearranging the water molecules 

displacement in a hexagonal shape resembling the ice crystalline structure, and thus 

favoring the glaciation process. Nevertheless, the origin, composition, and fluxes of these 

particles are not well known and quantified. 

 

 Aerosol health impact 1.3

The World Health Organization in a recent report (WHO, 2013) related 3.7 million 

premature deaths to ambient air pollution exposure. The adverse effects of aerosol 

exposure on human health were investigated in different epidemiology studies and 

exposure tests (Dockery et al., 2005, Pope and Dockery, 2006, Fig. 1.4) which revealed 

that long-term exposure to moderate PM concentrations systematically increases the 

mortality rates and the risks of cardiopulmonary diseases and lung cancer (Pope et al., 

2009).  

 

Figure 1.4. Time dependent mortality rate, SO2 and PM concentrations during a severe air 

pollution episode occurred in London in 1952 (Wilkins, 1954). 

 



Chapter1. Introduction 

 

16 

The health implications of PM exposure strongly depend on the chemical composition, 

on the morphology, and on the particle size (Maynard and Kuempel, 2005, Fig 1.5). In 

particular the cytotoxicity of the aerosol particles depends on several factors, including the 

size distribution, chemical composition, concentration, etc. (Dockery et al., 2005, Laden et 

al., 2000). 

 

Figure 1.5. Modeled deposition probability of aerosol particles into the respiratory tract 
(Maynard and Kuempel, 2005). 

 

As displayed in Fig. 1.5, larger particles (diameter > 5 �Pm) deposit most efficiently in 

the upper respiratory system (nasopharyngeal region) due to the higher inertia, while 

smaller particles (diameter < 0.1 �Pm) deposit more efficiently in the alveolar region where 

they can accumulate and penetrate the lymphatic system or the blood stream. In the latter 

case, particles can alter the blood coagulability and can be transported to extra-lung regions 

(Highwood and Kinnersley, 2006, and reference therein; Schwarze et al., 2006).  

In order to mitigate the air pollution adverse health effects, the WHO and other 

authorities provided guidelines and set limits for PM maximal average concentration both 

for PM2.5 and PM10 (see Table 1.1). 
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Table 1.1.  PM10 and PM2.5 limits from WHO, USA, EU and Switzerland. 

 

PM1 

Annual 

PM10  

Daily 

PM2.5   

Annual 

PM2.5    

Daily 
Reference 

WHO 

(Interim 

targets) 

20 50 10 
2

5 

WHO 

(2006) 

US EPA, 

2006 
- 150 15 

3

5 

US-EPA 

(2006) 

US EPA, 

2012 
- 150 12*/15**  

3

5 

US-EPA 

(2012) 

EU 40 50 25 
 

European 

Commission 

(2010) 

Switzerland 20 50 - - 
FOEN 

(2010) 

   *primary 
** secondary 

 Chemical composition and sources 1.4

Atmospheric aerosols include a complex mixture of organic and inorganic 

compounds. The submicron inorganic fraction is mainly composed of NH4NO3 and 

(NH4)2SO4 deriving from the neutralization of HNO3(g) and H2SO4(aq) by NH3(g). Both 

NH4NO3 and (NH4)2SO4 have a secondary origin as they derive from gaseous precursors, in 

particular HNO3 derives from the oxidation of NOx, and H2SO4 from the oxidation of SO2. 

NOx is mainly emitted from fossil fuel combustions, while SO2 derives also from natural 

sources such as volcanic eruptions and marine biogenic emissions. NH3 instead mostly 

originates from agricultural activities. The inorganic components in the coarse fraction 

mainly originate from resuspension of crustal material (e.g. Ca2+, Mg2+ carbonates, 

chlorides, sulfates, silicates and Fe), sea salt (NaCl), aged sea salt (NaNO3 deriving from 

the Cl- substitution with NO3
- from HNO3), and mechanically emitted particles by motors 

and brake ware (e.g. Cu, Mg, etc.). 

In comparison to the inorganic fraction, the organic fraction is composed by a 

complex mixture including thousands of different compounds (Goldstein and Galbally, 

2007), 80-90% of which are not yet identified (Rogge et al., 1993d, El Haddad et al., 2011; 

Fig. 1.6). However, the organic aerosol fraction can contribute up to 90% of the non-

refractory PM1 (Jimenez et al., 2009), therefore not surprisingly large efforts in the last 

years were devoted to a better characterization the OA sources. As displayed in Fig. 1.6, 

traditional analytical techniques such as GC-MS (gas chromatography-mass spectrometry) 
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and HPLC-MS (high pressure liquid chromatography) approaches fail in the molecular 

characterization of the total bulk organic aerosol (OA), as a large part of the OA mass 

consists of high molecular weight unextractable oligomers (Kalberer et al. 2004; 

Baltensperger et al., 2005; Dommen et al., 2006). 

 

Figure 1.6. GC-MS characterization of ambient OA (Rogge et al., 1993d). Only a small fraction 
of the OA can be identified with traditional analytical methods. 

 

Source apportionment studies based on statistical analysis of bulk OA mass spectra 

collected by AMS, revealed that large part of the submicron OA fraction has a secondary 

origin deriving from the (photo)oxidation of volatile organic compounds (VOC, Jimenez et 

al., 2009). The submicron primary OA (POA) derives instead from anthropogenic 

emissions (e.g. traffic exhaust, biomass burning, cooking emissions). In the fine fraction, 

primary OA is typically higher at urban sites than at rural sites, and in general (Fig. 1.7) the 

secondary fraction represents the main submicron OA component. The sources of coarse 

OA are less investigated; however they are believed to have mainly a primary biological 

origin (e.g. pollens, bacteria, etc.).  
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Figure 1.7. Non-refractory PM1 (NR-PM1) composition and organic sources (Jimenez et al., 
2009). 

 

Another chemical component of atmospheric aerosol is BC, the main light absorber in 

the atmospheric aerosol. BC originates from incomplete combustion of both fossil and non-

fossil fuels. These two fractions can be unambiguously discriminated and quantified by 

radiocarbon analyses (14C, Zhang et al., 2012b) as the 14C isotope is depleted in fossil fuels. 

Similarly, also the bulk OC can be discriminated into fossil and non-fossil using 

radiocarbon analysis. Studies (Hodzic et al., 2010) revealed that even at urban sites the 

non-fossil OC typically exceeds the fossil OC fraction. Assuming known fossil/non-fossil 

ratios for primary sources, studies revealed that most of SOA originates from non-fossil 

gaseous precursors. 

Models (Hallquist et al., 2009) revealed that the fossil fraction contribution to total OC 

represents 13%, while the non-fossil OC fraction accounts for the remaining 87%. 
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2  

�0�R�W�L�Y�D�W�L�R�Q���D�Q�G���W�K�H�V�L�V���R�X�W�O�L�Q�H 

The aerosol impact on climate and human health encourages the adoption of mitigation 

strategies. A thorough knowledge of the atmospheric aerosol sources/processes is a 

fundamental prerequisite to develop efficient mitigation policies, nevertheless the 

quantification of the aerosol sources, and their health and climate effects are still affected 

by significant uncertainties, which are difficult to reduce. As already mentioned, while the 

inorganic sources are relatively well characterized, in the last years more attention was paid 

to the OA sources, which can contribute up to 90% of the total PM (Jimenez et al., 2009).  

OA is composed of a complex mixture of thousands of different species. Traditional 

analytical techniques such as GC-MS enable a molecular characterization of up to 20% of 

the OA mass, while the remainder remains unidentified. Currently no analytical technique 

enables a quantitative molecularly-resolved characterization of the total OA, nevertheless 

coupling different analytical techniques provide more insight into the aerosol sources. 
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Figure 2.1. Three-dimensional representation of the state-of-the-art techniques used for the 
analysis of the organic aerosol. The most traditional, often filter-based, techniques include thermo-
optical methods for the determination of the bulk organic and elemental carbon mass (OC/EC) and 
gas chromatography mass spectrometry (GC-MS). While GC-MS provide valuable insights into the 
chemical speciation of the organic aerosol, this information is rather limited to a small fraction of 
OA, often composed of hydrophobic species. Other more recent time resolved techniques include the 
aerosol mass spectrometer (AMS) and the chemical ionization mass spectrometer (CIMS). Adapted 
from Hallquist et al. (2009). 

 

The recent development of aerosol mass spectrometers (aerosol mass spectrometer 

(AMS), Canagaratna et al., 2007; aerosol chemical speciation monitor (ACSM, Ng et al., 

2015)) enabled high time resolution quantitative online monitoring of the submicron non-

refractory OA mass spectral fingerprints. However, AMS analysis does not provide an OA 

molecular characterization due to the hard electron impact ionization (EI, 70 eV), 

hampering the molecular identification. The application of multilinear statistical analyses 

(e.g. positive matrix factorization (PMF)) on the AMS and ACSM spectra enables 

separating factors which can be successfully related to aerosol sources/processes 

encouraging the analysis of the bulk-OA in comparison to a molecular-based approach. 
Despite the noteworthy improvements in the understanding of OA source contributions 

and variability, the aerosol mass spectrometers have limitations. An important limitation of 

the AMS is the particle transmission through the aerodynamic lens restricted to the 

submicron fraction (although recently a new aerodynamic lens with a cut-size of 2.5���Pm 

was developed, Williams et al., 2013). The scientific knowledge of the coarse OA sources 

and trends is therefore less advanced. An additional important AMS/ACSM limitation is 

the high deployment cost of this instrument, as well as by the instrument maintenance costs 

in terms of man-power. Therefore not surprisingly most of the AMS source apportionment 

studies are limited to a few weeks/months of monitoring and only one station. The lack of 

long term OA source apportionment studies greatly limits the testing and development of 

aerosol predicting models. 

In this work we overcome these limitations by applying the AMS to aqueous filter 

extracts (offline-AMS, Chapter 4, 5, 6 and 7, Daellenbach et al., 2016). This enables 
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broadening the sample coverage as filters are routinely collected at many stations. 

Moreover we coupled/compared online and offline aerosol mass spectrometry data to well-

established offline techniques (Chapter 4 and 8) such as thermal-optical determination of 

EC and OC, molecular markers quantification by GC-MS and HPLC-MS, 14C analysis, ion 

measurements by IC, and elements measured by ICP-MS. In this way we integrated the 

different measurement information (Fig. 2.1) to improve the characterization of the aerosol 

sources (e.g. in Chapter 4 for the characterization of the primary biological organic aerosol, 

in Chapter 6 for the BBOA characterization, in Chapter 7 for the coal combustion). Also, 

the water extraction step included in the offline-AMS methodology, enables nebulizing and 

analyzing the coarse water-soluble OA fraction with an AMS. 

Chapter 3 describes the analytical and statistical methods used in this dissertation, 

with a specific focus on aerosol mass spectrometry and positive matrix factorization. 

In Chapter 4 we present a size-segregated source apportionment of OA, performed on 

a set of PM1, PM2.5 and PM10 filter samples simultaneously collected at a rural station in 

Switzerland. The offline-AMS source apportionment results were complemented and 

validated with an unprecedented set of analytical techniques aiming at the characterization 

of the coarse OA sources. In particular cellulose was measured by enzymatic degradation 

optical determination, while fungal spores and bacteria were determined by quantitative 

polymerase chain reaction. Results show that the dominant OA source in the coarse 

fraction derived from primary biological organic aerosols (PBOA). To our knowledge this 

represents the first total PBOA mass quantification.  

Chapter 5 reports the offline-AMS OA source apportionment performed over one year 

at three different stations in Lithuania. The nebulization of the water-soluble OA fraction 

was conducted in Ar in order to directly measure the CO+ AMS fragment which is typically 

not accessible due to the fragmentation of N2 from air at the same nominal mass. Typically 

the intensity of CO+ is estimated (Aiken et al., 2008) from the intensity of the CO2
+ 

fragment and represents a substantial fraction of the total AMS mass spectral fingerprint 

(2-12% in our case). The long-term source apportionment revealed seasonal differences in 

the oxygenated OA (OOA) AMS spectra which could be related to different OOA 

sources/precursors (i.e. mostly biogenic during summer, and mostly anthropogenic during 

winter). 

In Chapter 6 we present an OA source apportionment conducted over one year in 

Marseille. Offline-AMS source apportionment results were compared with online-AMS 

source apportionment. Coupling the AMS source apportionments with organic markers 

revealed a different BBOA origin during the winter season, with the occurrence of 

cellulose-rich biomass combustions during late autumn and early spring, possibly related to 

agricultural activities, while during January-February the BBOA was mainly characterized 

by lignin combustion tracers, possibly related to domestic heating. 
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In Chapter 7 we characterized the PM2.5
 sources affecting the air quality at four 

different Chinese cities during an extreme haze event occurred in China during January 

2013. The source apportionment was performed by coupling different chemical analyses. 

Specifically offline-AMS data were complemented with GC-MS organic markers 

measurements, EC/OC, 14C radiocarbon measurements, and with ions measured by IC. All 

the measured compounds were used as input variables together with the offline-AMS 

spectra in order to apportion the sources of the total PM2.5 mass. Coupling offline-AMS 

spectra with organic and inorganic tracers substantially improved the source separation 

over the monitoring period, which was characterized by an extreme haze event with 

relatively small variability of the aerosol sources. This study represents the first 

comprehensive investigations of the causes of the frequent haze events occurring in China 

during winter. Results revealed large SOA contributions during the episode and significant 

differences in the source contributions from station to station. 
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3  

�0�H�W�K�R�G�R�O�R�J�\ 

 Aerosol mass spectrometry 3.1

In all the studies presented in this dissertation we characterized the aerosol chemical 

composition by aerosol mass spectrometry. As already mentioned, AMS provide 

quantitative mass spectra of the non-refractory (NR) submicron fraction, where NR is an 

operative definition referring to the PM fraction flash-vaporizing at 600°C and ~10-7 torr. 

Typically this fraction does not include metals, mineral dust, and black carbon. 

3.1.1 AMS 

The AMS consists of three parts: a sampling chamber, a particle-sizing chamber and a 

particle-composition detection section. An instrument scheme is displayed in Fig. 3.1. 

 

Figure 3.1. Schematic of a HR-ToF-AMS (De Carlo et al., 2006). 
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Aerosol particles are sampled through a 100 �Pm critical orifice; subsequently they are 

focused through a PM1 aerodynamic lens into an air beam (or PM2.5, Williams et al., 2013, 

in this dissertation we used only a PM1 lens). The particle transmission efficiency through 

the aerodynamic lens is 100% in the size range 70-500 nm (Jayne et al., 2000). 

After passing through the aerodynamic lens, the aerosol particles are supersonically 

accelerated under high vacuum. The resulting particle velocity is inversely proportional to 

its vacuum aerodynamic diameter. In the sizing chamber, the air beam passes through a 

chopper wheel which can be operated in two different modes. The chopper can shift from 

an open to a closed position, such that the air beam is completely unblocked or blocked. 

This enables subtracting the gas signal from the total signal (gas+particles), in fact when 

the chopper is in the closed position only gas molecules are transmitted. The chopper wheel 

can also spin allowing the air beam to be transmitted through a slit placed on the chopper 

itself. This second operating mode enables determining the particle size. The particle size is 

proportional to the particle velocity, which is calculated as the ratio between the particle 

time of flight (pToF) (time difference between the chopper opening time and the detection 

of the particle signal) and the length of the sizing chamber. Since the particle detection 

process is much faster than the sizing process, the HR-ToF-AMS can record size-

segregated mass spectra. 

Particles are finally transmitted into a vacuum detection chamber (~10-7 torr) where 

they impact a tungsten heated surface (~600°C) where the NR components flash vaporize. 

The resulting vapors are ionized by EI (70 eV, electrons emitted by a tungsten filament) 

and the generated ions are accelerated into a ToF mass selector which can be operated in 

V-mode or W-mode. The ion ToF scales with the mass to charge ratio (m/z). Finally, the 

transmitted ions are detected by a multichannel plate detector.  

The HR-ToF-AMS has sufficient mass resolution to properly fit and separate fragments 

with the same nominal mass in the m/z interval 12-115. The signal of the different AMS 

fragments is calculated as the difference between the signals detected with the chopper 

open and with the chopper closed. From AMS HR mass spectra it is possible to determine 

the OA elemental aerosol composition. Specifically, O:C and OM:OC (organic 

matter:organic carbon) are of particular relevance for aerosol models (Aiken et al., 2007; 

Aiken et al., 2008, Canagaratna et al., 2015). 

 

 

3.1.1 Offline-AMS 

The AMS instrument is developed for online aerosol monitoring, providing real-time 

quantitative concentrations of the NR submicron components. Nevertheless, the AMS is 
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capable of measuring the NR PM1 fraction of every nebulizable chemical matrix. Several 

previous studies reported the AMS measurements of nebulized filter samples liquid 

extracts (Lee et al., 2011; Sun et al., 2011; Mihara and Mochida, 2011; Daellenbach et al., 

2016). In this dissertation, we apply the offline-AMS methodology developed by 

Daellenbach et al. (2016) for liquid extracts from environmental filter samples. The 

methodology entails a 20 min water extraction step in an ultrasonic bath at 30°C, followed 

by liquid vortexing for 1 min. The liquid extracts are then filtered in order to remove the 

water insoluble suspended material and then are nebulized. The generated aerosol is dried 

by passing it through a nafion drier before being analyzed by an HR-ToF-AMS. Before 

each sample measurement, an operational blank is recorded by nebulizing ultrapure water. 

The blank signal is then subtracted from the following sample measurements. The obtained 

OA AMS spectra are relative to the water-soluble OM fraction (WSOM), and in order to 

rescale the normalized water-soluble AMS spectra to the real WSOM concentration we 

refer to water-soluble OC (WSOC) measurements obtained via a total OC (TOC) analyzer. 

Briefly the water extracts are quantitatively oxidized to CO2 which is quantified by a non-

dispersive infrared (NDIR) detector. The total WSOM concentration is then determined by 

multiplying the WSOC measurements by the OM:OC ratio determined from the water-

soluble HR-AMS spectra. The choice of water instead of an organic solvent enables 

relating the offline-AMS measurements to the quantitative measurements of WSOC 

performed by the TOC analyzer.  

The obtained WSOM spectra are then used as input for PMF source apportionment. The 

water-soluble contributions of the retrieved PMF factors are finally rescaled to the total 

OM concentration using the factor recoveries (Rz) determined by Daellenbach et al. (2016) 

for the most typical aerosol sources (hydrocarbon-like OA (HOA), cooking OA (COA), 

BBOA, OOA; median values: RHOA = 0.11, RCOA = 0.54, RBBOA = 0.65, ROOA = 0.89). Rz 

were determined by comparing online ACSM source apportionment results with offline-

AMS source apportionment results for a set of filters collected in Zurich concomitantly 

with an ACSM monitoring campaign. Rz estimates include the aerosol source (k) water 

solubility, nebulization efficiency, measurement repeatability and sampling artefacts. 

Overall the bulk OA recoveries span between 65 and 91% depending on the relative 

contributions of the different aerosol sources, while the OA detection limit is ����������g on the 

analyzed filter fraction (Daellenbach et al., 2016). 

The most important advantages of the offline-AMS technique are: 

1) broadening of the AMS sampling coverage, as filters are routinely collected 

at many stations;  

2) the possibility of accessing the water-soluble coarse OA;  

3) the capability of analyzing every nebulizable matrix (e.g. rain, snow, ice cores);  
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4) in comparison to online-AMS the user can a posteriori choose the best 

complementary analyses to study the aerosol sources. 

Disadvantages of the technique are: 

1) low time resolution (dependent on the sampling time); 

2) possible filter artifacts; 

3) quantitative external analyses required (WSOC and/or OC); 

4) low HOA recoveries (RHOA = 0.11) due to the low water solubility of the 

hydrocarbons, resulting in large uncertainties in the traffic exhaust emissions estimation. 

 

 Source apportionment 3.2

In this study two bilinear receptor models were used to apportion the contribution of 

the PM sources: chemical mass balance (CMB, Watson et al., 1998) and positive matrix 

factorization (PMF). 

CMB is based on mass conservation equations: known marker concentrations (Cik) at 

receptor site i can be expressed as the product of known source profiles ajz and unknown 

source contributions szk
 (Watson et al., 1998) according to Eq. 3.1: 

Cik = �Ã �=�Ý�í�O�Ý�Ü
E�A�ã
�í�@�5         (3.1) 

where p denotes the total number of PM sources, e represents the residual term 

minimized in CMB, and ajz represents the fractional contributions of chemical species in 

the source profiles, expressed as marker-to-PM ratios. The linear equations generated 

according to Eq. 3.1 are solved with an effective variance weighted least-squares method. 

The model requir�H�V�� �D�V�� �L�Q�S�X�W�� �G�D�W�D�� �E�R�W�K�� �P�H�D�V�X�U�H�G�� �P�D�U�N�H�U�V�¶�� �F�R�Q�F�H�Q�W�U�D�W�L�R�Q�V�� �D�Q�G�� �V�R�X�U�F�H��

profiles together with the corresponding uncertainties. Uncertainties relative to the 

�P�D�U�N�H�U�V�¶���F�R�Q�F�H�Q�W�U�D�W�L�R�Q�V���D�U�H���H�V�W�L�P�D�W�H�G���E�D�V�H�G���R�Q���W�K�H���X�V�H�G���D�Q�D�O�\�W�L�F�D�O���W�H�F�K�Q�L�T�X�H�V�����Z�K�H�U�H�D�V���W�K�H��

marker-to-PM ratios uncertainties are based on the variabilities of the reference profiles. 

The model returns estimates of source contributions and the corresponding uncertainties, 

obtained by propagating the uncertainties of the markers concentrations and source profiles 

(entered as input by the user) through the effective variance least-squares calculations. The 

magnitudes of the output uncertainties are a function of the input uncertainties and the 

amount of co-linearity (i.e., degree of similarity) among source profiles. 

CMB in comparison to PMF does not require a large dataset because Eq. 3.1 can be 

solved for an individual k element. Furthermore, CMB outputs do not require any 

factor/source identification as the profiles are a priori chosen for well-defined sources. 

However, CMB solutions are heavily dependent on the source profile selection, relying on 
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two implicit assumptions. First, emissions from a given source class are represented by an 

average source profile, which properly reflects emissions at the receptor site. Second, all 

the major primary sources of marker compounds and PM are included in the model. For 

this reason, secondary aerosol sources are typically not apportioned by CMB, but its 

contribution is determined as the difference between the total PM concentration and the 

estimated primary sources. 

Positive matrix factorization (PMF, Paatero and Tapper, 1994) instead describes the 

variability of a multivariate dataset as the linear combination of constant factor profiles and 

the corresponding time series according to Eq. (3.2). 

�T�Ü�á�Ý
L���Ã �C�Ü�á�í ���®���B�í�á�Ý��
E���A�Ü�á�Ý
�ã
�í�@�5        (3.2) 

Here x, g, f, and e represent elements of data, factor time series, factor profiles and 

residual matrices, respectively, while subscripts i,j  and z are indices for time, measured 

variables, and factor number. The value p represents the total number of factors chosen for 

the PMF solution. PMF requires as inputs a data matrix, which includes the time dependent 

concentrations of the input variables, and an error matrix containing the corresponding 

time-dependent uncertainties. The PMF algorithm iteratively solves Eq. (3.2) by 

minimizing the objective function Q, defined in Eq. (3.3). Only non-negative gi,z and fz,j 

values are permitted: 

�3 
L���Ã �Ã 
l
�Ø�Ô�á�Õ
�æ�Ô�á�Õ


p
�6

�Ý�Ü         (3.3) 

where the si,j elements represent input error matrix elements. 

In this work the PMF algorithm was run in the robust mode which dynamically 

downweighs the outliers. The PMF algorithm was solved using the multilinear engine-2 

(ME-2) solver (Paatero, 1999), which enables an efficient exploration of the solution space 

by a priori constraining gi,z or fz,j entries tolerating a certain variability defined by the scalar 

a �����”a�”�������V�X�F�K���W�K�D�W���W�K�H���P�R�G�H�Oed gi,z�¶ and fz,j�¶ satisfy Eq. (3.4): 
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       (3.4) 

Here n and m are any two arbitrary columns (variables) in the normalized F matrix.  

The PMF algorithm is affected by rotational ambiguity, meaning that different PMF 

solutions associated with the same Q value can exist. In order to explore the uncertainty of 

the PMF model, an adequate exploration of the solution space is required. In this work we 

explored the solution space by perturbing the PMF input matrices using a bootstrap 

approach (Davison and Hinkley, 1997), which creates new input PMF matrices by 

randomly resampling i elements (mass spectra in the AMS case). Note that some i elements 

can be resampled several times, while others are not resampled at all. 
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In comparison to CMB, PMF does not require any a priori knowledge of the PM 

sources and profiles; however PMF requires larger datasets to properly resolve the 

variability of the different sources. In case of well-correlating sources (e.g. when 

meteorology plays an important role driving the aerosol concentrations) CMB ensures a 

better separation, with the sources being disentangled according to their profiles and not to 

their variability. Both models assume constant factor profiles over time. 
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Abstract 

Primary biological organic aerosols (PBOA) represent a major component of the coarse 

organic matter (OMCOARSE�����D�H�U�R�G�\�Q�D�P�L�F���G�L�D�P�H�W�H�U���!�������������P�������$�O�W�K�R�X�J�K���W�K�L�V���I�U�D�F�W�L�R�Q���D�I�I�H�F�W�V��

human health and climate, its quantification and chemical characterization currently remain 

elusive. We present the first quantification of the entire PBOACOARSE mass and its main 

sources by analyzing size-segregated filter samples collected during the summer and winter 

at the rural site of Payerne (Switzerland), representing a continental Europe background 

environment. The size-segregated water-soluble OM was analyzed by a newly developed 

offline aerosol mass spectrometric technique (AMS). Collected spectra were analyzed by 

three-dimensional positive matrix factorization (3D-PMF), showing that PBOA represented 

the main OMCOARSE source during summer and its contribution to PM10 was comparable to 

that of secondary organic aerosol. We found substantial cellulose contributions to 

OMCOARSE, which in combination with gas chromatography mass spectrometry molecular 

markers quantification, underlined the predominance of plant debris. Quantitative 

polymerase chain reaction (qPCR) analysis instead revealed that the sum of bacterial and 

fungal spores mass represented only a minor OMCOARSE fraction (< 0.1%). X-ray 

photoelectron spectroscopic (XPS) analysis of C and N binding energies throughout the 

size fractions revealed an organic N increase in the PM10 compared to PM1 consistent with 

AMS observations. 

 Introduction  4.1

Primary biological organic aerosol (PBOA) is a major source of coarse aerosol organic 

matter (OM). The detection of these particles has been the subject of studies for one and a 

half centuries (Pasteur, 1861, Carnelley et al., 1887, Fuzzi et al., 2015). Studies (Després et 

al., 2012) have related single PBOA components to adverse health effects (Dowves et al., 

2003) and revealed their important role as ice and cloud condensation nuclei (Hiranuma et 
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al., 2015; Hader et al., 2014, Guarian-Sherman et al., 1993; Andreae and Rosenfeld, 2008; 

Ariya et al, 2009). Emissions of primary biological particles (PBAPs) are estimated to be 

among the largest contributors of preindustrial organic aerosols (Andreae, 2007); therefore 

a precise estimate of their sources is also important for the development of accurate climate 

models (Després et al., 2012). Nevertheless, PBOA characterization and quantification has 

received less attention than other types of aerosol sources and processes (e.g., traffic, 

mineral dust, sulfate, wood combustion, and secondary organic aerosol), possibly because 

of technical limitations hindering the understanding of the sources and composition of this 

fraction. 

Traditional analytical techniques for PBOA characterization include optical microscopy, 

cultivation of specific viable bacteria, fungi, and algae and fluorescence microscopy for the 

quantification of functionalized or autoflorescent specific components (Després et al., 

2012). More recent approaches are classified into molecular techniques (e.g., chemical 

tracers determination, nucleic acids extraction, and amplification), optical techniques 

(fluorescent and Raman spectroscopy), and nonoptical techniques. Fluorescence techniques 

are of particular relevance because biological materials contain fluorophores (Fu et al., 

2015; Pöhlker et al., 2012). Nonoptical approaches include different types of mass 

spectrometers; among these, we note the recent use of online-aerosol mass spectrometry 

(AMS) for the study of the submicron fraction (Chen et al., 2009; Schneider et al., 2011; 

Pöschl et al., 2010). 

Despite the vast literature focusing on the quantification of individual PBOA 

components, the quantification of the total PBOA mass and the main processes by which 

this fraction enters the atmosphere remain elusive. As a consequence, the International 

Panel on Climate Change 2013 reported the global terrestrial PBOA emission to range 

between 50 and 1000 Tg y-1, highlighting the large gap in our knowledge about this 

fraction. Within this fraction, 28 Tg y-1 were estimated to comprise fungal spore emissions 

using arabitol and mannitol as tracers (Heald et al., 2009). The use of these compounds as 

specific fungal spore tracers is still subject of discussion in the scientific community (Bauer 

et al., 2008; Burshtein et al., 2011), and there is a general indispensable need for the 

determination of PBOA concentrations and major emission processes through size-resolved 

field observations against which the global models can be evaluated. 

In this study, we present the first quantification of the total water-soluble PBOA 

(WSPBOA) mass using an offline Aerodyne time-of-flight aerosol mass spectrometer 

(ToF-AMS). The analysis was performed on PM1, PM2.5, and PM10 (particulate matter with 

an aerodynamic diameter < �����������������D�Q�G�����������P�����I�L�O�W�H�U���V�D�P�S�O�H�V���F�R�O�O�H�F�W�H�G���F�R�Q�F�R�P�L�W�D�Q�W�O�\���D�W���W�K�H��

rural site of Payerne, Switzerland. WSPBOA quantification was achieved by three-

dimensional positive matrix factorization analysis (3D-PMF) of water-soluble OA mass 

spectra, following the recently developed methodology described by Daellenbach et al. 
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(2016). In comparison with previous PBOA online AMS observations (Chen et al., 2009; 

Schneider et al., 2011; Pöschl et al., 2010), the filter samples water extraction step enabled 

accessing the WSOMCOARSE fraction. For the characterization of the main PBOA sources, 

the data set was complemented with an unprecedented combination of measurements, 

including enzymatic cellulose determination, quantification of bacterial and fungal spore 

DNA via quantitative polymerase chain reaction (qPCR), and gas chromatography mass 

spectrometry analysis (GC-MS) of organic molecular markers. In this study, we discuss the 

quantification of the total PBOA mass via 3D-PMF, the quantification of its major 

components and their possible usage as PBOA tracers including bacteria and fungal spores 

measured via qPCR, plant debris estimate from n-alkanes measurements, and 

carbohydrates. 

 Material and methods 4.2

4.2.1  Sample collection 

We collected in total 87 24 h-integrated aerosol samples (Batch A) on quartz fiber 

filters at the rural background site of Payerne during June�±July 2012 and January�±February 

2013. Batch A included PM1, PM2.5, and PM10 samples collected in parallel using three 

high-volume samplers (Digitel DA-80H equipped with PM1, PM2.5, and PM10 size-selective 

inlets) operating at 500 L min�±1. In total 45 samples were collected during summer (15 

samples per size fraction) and 42 during winter (14 samples per size fraction). 

Additionally, PM10 filters were collected every fourth day throughout 2013 following the 

same procedure (Batch B). In the following, the subscript coarse will denote for a generic 

aerosol component, the fraction contained between 2.5 an�G�����������P�� 

4.2.2  Aerosol characterization 

An overview of the auxiliary analytical measurements can be found in Table 4.1, Table 

A.1.2, and in the Appendix (A.1). In this section only offline-AMS, qPCR, and X-ray 

photoelectron spectroscopy (XPS) will be discussed in detail.
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Table 4.1.Supporting measurements 

Measured 

variable 

 
Batch A Batch B 

PM Gravimetry All filters - 

WSOM mass 

spectral 

fingerprint 

Offline-AMS 

(Daellenbach et al., 2016) 
All filters All filters 

EC/OC 

Thermal-optical 

Transmittance using a Sunset 

Lab Analyzer (Birch and Cary, 

1996) (EUSAAR2, Cavalli et 

al., 2010) 

All filters - 

Ions 
Ion Chromatography 

(Piazzalunga et al., 2013) 
All filters - 

WSOC 

Water extraction Thermal 

Decomposition ND-IR 

determination using TOC 

analyzer (A.1) 

All filters - 

Cellulose 

Cellulose enzymatic 

conversion to D-glucose and 

photometric determination 

(Kunit and Puxbaum, 1996) 

������ �I�L�O�W�H�U�V�� ������

�V�X�P�P�H�U�� �3�0�������I�L�O�W�H�U�V���� ����

�Z�L�Q�W�H�U�� �3�0�������� ���� �V�X�P�P�H�U��

�3�0���������� ���� �V�X�P�P�H�U�� �3�0������

�D�Q�G�������V�X�P�P�H�U���3�0���� 

- 

molecular 

markers (Table 

A.1.2) 

In-Situ Derivatization 

Thermal Desorption Gas 

Chromatography Time-of-

Flight Mass Spectrometry 

(IDTD-GC-MS, Orasche et al., 

2011) 

40 samples (15 

summer PM1, 15 

summer PM10, 5 winter 

PM1, 5 winter PM10) 

- 

C1s, N1s 

Binding 

energies 

X-Ray Photoelectron 

Spectroscopy 

6 samples (3 

summer PM10, 3 

summer PM1) 

- 

bacterial and 

fungal spore 

DNA 

Quantitative Polymerase 

Chain Reaction genetic 

analysis (Lang-Yona et al., 

2011; Lang-Yona et al., 2014) 

58 samples (all 

summer PM1, PM2.5, 

and PM10, all winter 

PM1 and PM10) 

- 
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Carbohydrates 

(Table A.1.2) 

IC coupled to a Pulsed 

Amperometric Detector (IC-

PAD, Yttri et al., 2015) 

All samples - 

 

4.2.3  Offline-AMS 

The offline-AMS analysis entails an extraction of two 16 mm diameter punches per 

�V�D�P�S�O�H�� �L�Q�� ������ �P�/�� �R�I�� �X�O�W�U�D�S�X�U�H�� �Z�D�W�H�U�� ������������ �0�
�� �F�P���� �W�R�W�D�O�� �R�U�J�D�Q�L�F�� �F�D�U�E�R�Q�� ���� ���� �S�S�E���� �Y�L�D��

ultrasonication for 20 min at 30 °C. Liquid extracts were subsequently homogenized for 40 

�V���X�V�L�Q�J���D���Y�R�U�W�H�[���P�L�[�H�U���D�Q�G���W�K�H�Q���I�L�O�W�H�U�H�G���W�K�U�R�X�J�K���������������P���Q�\�O�R�Q���P�H�P�E�U�D�Q�H���V�\�U�L�Q�J�H���I�L�O�W�H�U�V����

Filtered extracts were aerosolized and the generated particles were dried using a silica gel 

diffusion drier before measurement by HR-ToF-AMS.(De Carlo et al., 2006) On average 

10 mass spectra (60 s each) of the bulk WSOM were collected per extract. Before each 

sample measurement, 5 blank mass spectra were collected by nebulizing ultrapure water, 

and their average was subtracted from the corresponding individual sample mass spectra. 

The signal of field blank samples measured following the same procedure was statistically 

not different from the ultrapure water mass spectra. 

4.2.4  XPS 

XPS analysis enabled monitoring the binding energies (BE) of C, S, and N, providing 

insight into their oxidation state (typically higher BE are related to higher oxidation 

numbers), and thereby quantifying the organic N (Norg) mass through the size fractions. The 

same analysis was conducted on three field blanks and on N-containing surrogate standards 

deposited on blank quartz fiber filters. Tested standards included NaNO3 and (NH4)2SO4 

for the characterization of the most abundant forms of inorganic N, while horseradish 

peroxidase and chloroperoxidase from Caldariomyces fumago were used as surrogates for 

amine and amide containing proteins in PBOA. Signal identification and integration 

proceeded as follows. The obtained spectra were first aligned with a two-point BE 

calibration using the Si2p and the O1s peaks deriving from the quartz fiber filters as 

reference points. We estimated an energy accuracy of 0.3 eV, and an average fitting error 

of 1.4% by fitting the signals of replicate measurements of standard compounds and blanks 

and assuming a single Gaussian peak for each atom. These parameters were then used for 

the fitting of the blank-subtracted C1s, and N1s signals in environmental samples, which 

consisted of several peaks from different chemical components. The number of these peaks 

was determined such that fitting residuals (fraction of signal) equaled the fitting errors 

determined from the fitting of single compounds. The N1s peak widths were constrained to 

be equal to the one derived from (NH4)2SO4 standard, while the C1s peak width was 

determined from blank filters. From the analysis of standard (NH4)2SO4 we derived an 

average N1s:S2p ratio of 0.80 ± 0.02, which was used to estimate the N1s contribution from 
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(NH4)2SO4 (�� �5�q�á�:�R�L�0�;�. �W�S�0
). This contribution was fixed in proportion of that of S2p using 

the aforementioned N1s:S2p ratio and N1s peak width. This estimate neglected the 

contribution from organic or non-(NH4)2SO4 sulfate. The uncertainty on the (�� �5�q�á�:�R�L�0�;�. �W�S�0
) 

area was estimated based on the integration of the S2p peak. N1s fitting sensitivity analysis 

was performed by varying the ( �� �5�q�á�:�R�L�0�;�. �W�S�0
) peak position and area within our 

uncertainties. Only fittings of (�� �5�q�á�:�R�L�0�;�. �W�S�0
) with residuals lower than our errors were 

retained. 

 

4.2.5  qPCR 

We performed a qPCR analysis in order to quantify total bacterial and fungal spore 

DNA. DNA extraction was conducted following the procedure presented in the A.1 and 

specific universal primers (Table A.1.3) were selected for total DNA quantification of 

bacterial and fungal spores. The extracted DNA was amplified using the qPCR technique 

described in Lang�±Yona et al. (2014) and Lang Yona et al. (2012). The total number of 

bacterial cells and fungal spores was estimated assuming a DNA content of 4.74 × 10�±3 pg 

per bacterial cell and 3 × 10�±2 pg per fungal spore respectively, based on the Escherichia 

coli and Aspergillus fumigatus �J�H�Q�R�P�H���O�H�Q�J�W�K�V�������×�������×���������D�Q�G�������×�������×���������E�S�����U�H�V�S�H�F�W�L�Y�H�O�\�� 

Hospodsky et al., 2010). Total bacterial mass was estimated for PM1 and PM10 samples 

assuming as a reference the dry and wet E. coli cell weights (3 × 10�±13 and 1 × 10�±12 g, 

respectively, Sundararaj et al., 2004) while total fungal spores mass was based on the A. 

fumigatus spore weight of 2.9 × 10�±12 g (Crilley et al., 2013). 

 

 3D-PMF 4.3

OA mass spectra collected by offline-AMS were analyzed using 3D-PMF to apportion 

the time-dependent size-segregated (PM1, PM2.5, PM10) contributions of the water-soluble 

organic sources (Paatero and Tapper, 1994). We adopted a vector�±matrix approach 

(Ulbrich et al., 2012)�����D�O�V�R���N�Q�R�Z�Q���D�V���W�K�H���³�7�X�F�N�H�U���´���D�S�S�U�R�D�F�K��(Tucker et al., 1966) in which 

we assumed constant mass spectra throughout the size fractions. The 3D-PMF algorithm 

describes the variability of the multivariate data matrix (x) as the linear combination of 

static factor profiles (f) and their corresponding time and size-dependent contributions (g), 

such that 

�T�Ü�á�Ý�á�Þ 
L���Ã �C�Ü�á�Ý�á�í ���®���B�í�á�Þ��
E���A�Ü�á�Ý�á�Þ
�ã
�í�@�5        (4.1) 

Here, xi,j,k denotes an element of the data matrix, while subscripts i, j, and k represent 

time, size, and organic ions (250 fitted organic ions in the range m/z 12 to 115), 

http://pubs.acs.org/doi/suppl/10.1021/acs.est.5b05960/suppl_file/es5b05960_si_001.pdf
http://pubs.acs.org/doi/suppl/10.1021/acs.est.5b05960/suppl_file/es5b05960_si_001.pdf
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respectively. The subscripts p and z indicate the total number of factors selected by the 

�X�V�H�U�����D�Q�G���D���G�L�V�F�U�H�W�H���I�D�F�W�R�U���Q�X�P�E�H�U���������”��z �”��p) respectively, while ei,j,k represents an element 

of the residual matrix. 

PMF was solved using the multilinear engine algorithm (ME-2, Paatero and Hopke, 

1999; Canonaco et al., 2013) (using the source finder, SoFi, Canonaco et al., 2013) which 

enabled an efficient exploration of the rotational ambiguity by directing the solution toward 

environmentally relevant rotations. This was achieved by a priori constraining fz,k and/or 

gi,j,z elements, and allowing the constrained elements to vary within a predetermined range 

defined by a scalar a, such that the returned fz,k
�• or gi,j,z

�• values satisfy Eq. (4.2). 

fz,k�¶� ���Iz,k ± a�Â fz,k          (4.2) 

Here we constrained the f matrix elements for only one factor, related to hydrocarbon-

like organic aerosol (HOA) from traffic (Mohr et al., 2012, A.1). 

PMF data and error input matrices (x and s) were constructed including ten mass 

spectral repetitions per filter sample. Data and error matrices were rescaled to WSOMi in 

order to compare source apportionment results with external tracers. WSOMi 

concentrations were estimated from the WSOCi measurements multiplied by the OM:OCi 

ratios determined from offline-AMS HR analysis (measured OM:OCi distribution: 1st 

quartile 1.89, 3rd 2.01, Aiken et al., 2008). In total, the 3D-PMF input matrices comprised 

87 samples corresponding to 29 filters per size fractions. 

The error matrix elements si,j,k were determined according to Eq. (4.3) by propagating 

�W�K�H�� �E�O�D�Q�N���V�W�D�Q�G�D�U�G���G�H�Y�L�D�W�L�R�Q���1i,j,k �D�Q�G�� �W�K�H�� �V�L�J�Q�D�O���H�U�U�R�U���/i,j,k accounting for electronic noise, 

ion-to-ion variability at the detector, and ion counting statistics (Allan et al., 2003; Ulbrich 

et al., 2009).  

�O�Ü�á�Ý�á�Þ 
L��
§�G�Ü�á�Ý�á�Þ
�6 
E�V�Ü�á�Ý�á�Þ

�6          (4.3) 

The optimization of the 3D-PMF results is thoroughly presented in the A.1. Briefly, to 

improve the factor separation we up-weighted selected variables dividing their 

corresponding uncertainties by a scalar c > 1 (Crippa et al., 2013a). The sensitivity of 

model outputs to c and a values was assessed and only solutions matching selected criteria 

were retained (A.1). The variability of the results among the selected solutions was 

considered our best estimate of model errors. 

PMF factor contributions to total OM were estimated after PMF analysis as 

ZOAi = 
�Ð�Ì�Ó�È�º�Ô

�Ë�å
 .         (4.4) 

Here, [WSZOA] and [ZOA] denote for a generic Z source the concentration of the 

ambient water-soluble organic aerosol and the total organic aerosol respectively, while Rz 

javascript:void(0);
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indicates the recovery efficiency for that source. In total, five OA factors were separated 

including HOA, summer oxygenated OA (S-OOA), winter oxygenated OA (W-OOA), 

biomass burning OA (BBOA), and primary biological OA (PBOA). The Rz,med determined 

by Daellenbach et al.(2016) were applied to all factors except for PBOA, whose recovery 

was not previously estimated. Accordingly, we shall report hereafter the concentration of 

WSPBOA and estimate the PBOA water solubility. 

S�R�X�U�F�H�� �D�S�S�R�U�W�L�R�Q�P�H�Q�W�� �H�U�U�R�U�V�� ���1S.A.,Z,i) were estimated according to Eq. (4.5), which 

accounts for RZ �D�Q�G���U�R�W�D�W�L�R�Q�D�O���X�Q�F�H�U�W�D�L�Q�W�\�����1PMF,RZ,i�������P�H�D�V�X�U�H�P�H�Q�W���U�H�S�H�D�W�D�E�L�O�L�W�\�����1REP,i), and 

�:�6�2�0���X�Q�F�H�U�W�D�L�Q�W�\�����1WSOC,i). 

�ê�Ì�ä�º�ä�á�Ó�á�Ü
L��
§�ê�É�Æ�¿�á�Ë�Ó�á�Ü
�6 
E�ê�Ë�¾�É�á�Ó�á�Ü

�6 
E�B�Ó�á�Ü
�6 �®�ê�Ð�Ì�È�Æ�á�Ü

�6      (4.5) 

Here fZ denotes the relative contribution of the generic factor Z �W�R�� �:�6�2�0���� �1WSOM,i 

�L�Q�F�O�X�G�H�V�� �:�6�2�&�� �E�O�D�Q�N�� �Y�D�U�L�D�E�L�O�L�W�\�� �D�Q�G�� �P�H�D�V�X�U�H�P�H�Q�W�� �U�H�S�H�D�W�D�E�L�O�L�W�\���� �7�K�H�� �1PMF,RZ,i term 

includes the variability of the rescaled PMF solutions and represents our best estimate of 

�U�H�F�R�Y�H�U�\�� �H�U�U�R�U�V�� �D�Q�G�� �U�R�W�D�W�L�R�Q�D�O�� �D�P�E�L�J�X�L�W�\���� �7�K�H�� �1REP,Z,i term was considered as our best 

estimate of experimental repeatability/errors and represents the variability of PMF results 

for the measurements repetitions. 

 

 Results and discussion 4.4

4.4.1  PM major components 

A complete overview of the size-segregated chemical composition of winter and 

summer PM components is presented in Fig. 4.1a. In the following, average and median 

values are indicated with the subscripts avg and med, respectively. 
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Figure 4.1. (a) Seasonal PM chemical composition of the different size fractions. The OMi 
estimate was calculated from OCi measurements multiplied by the corresponding OM:OCi retrieved 
from offline-AMS HR analysis. (b) Average seasonal aerosol sources contributions to OM in the 
different size fractions. White parts of the bars are consistent with our estimate of the water 
insoluble PBOA fractions (Fig. A.1.8). (c) Summer OMCOARSE major components. (d) WSPBOA 
high-resolution AMS mass spectrum. 

OM represented a major component of PM during summer and winter. While during 

winter a large part of the OM10 (87%) was comprised in the PM2.5 fraction, during summer 

this fraction represented only 58%. In contrast, during summer secondary inorganic species 

(SO4
2�±, NH4

+, and NO3
�±) did not manifest a comparable increase in PMCOARSE (85% of the 

mass comprised in the PM2.5 fraction) suggesting a small contribution of additional 

secondary aerosols in the coarse fraction. Overall OMCOARSE �D�F�F�R�X�Q�W�H�G�� �I�R�U�� ���� ���J�� �P�±3
avg 

during summer, and as will be shown in the following, a large part of this fraction 

constituted of PBOA (Fig. A.1.13). 

Similarly to OM, dust likely from resuspension (Barmpadimos et al., 2011) was 

enhanced in the coarse fraction especially during summer. The upper limit for the inorganic 

dustCOARSE concentration was estimated as the difference between inorganic PM10 and 

inorganic PM2.5 (PMCOARSE,inorg) and accounted for 31%avg during summer and 5%avg during 

winter, although this estimate can include small sea salt contributions (A.1). The obtained 

(Ca2+:PM)COARSE,inorg value of 4.2%med (1
st quartile 3.2%, 3rd quartile 7.7%) was consistent 

with the ratios reported by Chow et al.(2003) for 20 different dust profiles (3.5 ± 0.5%) and 

with values reported by Amato et al. in Zürich (Amato et al, 2011). As a comparison, the 

total OMCOARSE concentration represented 36%avg of PMCOARSE ���������� ���J�� �P�±3), compared to 

the 62%avg for dustCOARSE,inorg. 
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4.4.2  Size-resolved OA source apportionment 

In this section we present the validation of the 3D-PMF factors (HOA, BBOA, W-

OOA, S-OOA, and WSPBOA) which enabled the quantification of WSPBOA. Average 

source apportionment results are presented in Fig. 4.1b and Fig. 4.2. 

 

Figure 4.2. 3D-PMF source apportionment results. (a) Size fractional time series of PMF 
factors, corresponding tracers, and temperature. Error bars represent source apportionment 
uncertainty. (b) Size fractional increase (PM10:PM1) time series of PMF factors and corresponding 
tracers. 

 

3D-PMF factors were associated with aerosol sources or processes according to mass 

spectral features, seasonal contributions, size fractional contributions, and correlation with 
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tracers (Fig. 4.2). Given the lack of widely accepted methodologies to estimate the 

�X�Q�F�H�U�W�D�L�Q�W�\���R�I���3�0�)���U�H�V�X�O�W�V�����L�Q���W�K�L�V���Z�R�U�N���Z�H���F�R�Q�V�L�G�H�U�H�G���1S.A.,k,i (methodology section) as our 

source apportionment uncertainty, while the statistical significance of the factor 

�F�R�Q�W�U�L�E�X�W�L�R�Q�V�� �I�R�U�� �H�D�F�K�� �V�L�]�H�� �I�U�D�F�W�L�R�Q�� �Z�D�V�� �E�D�V�H�G�� �R�Q�� �R�X�U�� �E�H�V�W�� �H�U�U�R�U�� �H�V�W�L�P�D�W�L�R�Q�� ���1S.A.,k,i, Table 

A.1.4). 

HOA and BBOA contributions represented the only anthropogenic primary sources 

resolved in Payerne. In particular, HOA correlated with hopanes present in lubricant oils 

with a R = 0.54 (A.1). This correlation is also supported by the summer (HOA:EC)med ratio 

(0.63med) being consistent with other European studies reported by El Haddad et al. and 

references therein (El Haddad et al., 2009). BBOA instead correlated with levoglucosan 

produced by cellulose pyrolysis (R = 0.94). A levoglucosan:BBOC ratio of 0.18med was 

found, consistent with values reported (Huang et al., 2014) for ambient BBOA 

observations. Both HOA and BBOA showed statistically significant contributions (> ���1����

only in the submicron fractions. The seasonal trend of these anthropogenic factors was also 

significantly different: while the HOA (traffic) contribution was relatively stable and small 

across the year, BBOA showed a strong seasonality, rising from 6%avg of OM1 during 

summer to 73%avg during winter. 

Two OOA factors characterized by high CO2
+ contributions were separated according to 

their different seasonal trends. While W-OOA showed a strong correlation with NO3
�± (R = 

0.94), S-OOA showed a positive nonlinear correlation with temperature, following the 

behavior of biogenic volatile organic compounds emissions (Canonago et al., 2015). The 

relative contribution of W-OOA to OM1 rose from 5%avg during summer to 22%avg during 

winter, while the S-OOA contribution to OM1 decreased from 59%avg during summer to 

4%avg during winter. W-OOA was the only f�D�F�W�R�U���V�L�J�Q�L�I�L�F�D�Q�W�O�\���F�R�Q�W�U�L�E�X�W�L�Q�J�����Z�L�W�K�L�Q�����1�����W�R��

OM in the size range 1�±�������� ���P�� ��������avg of the W-OOA mass in winter), while the W-

OOACOARSE contribution was never statistically significant. NH4NO3 behaved similarly 

with 31%avg of the mass in winter comprised in PM2.5�±PM1. During summer instead S-

OOA showed a different behavior in the three size fractions: its contribution was 

significant for PM1, but not in the size range 1�±�������� ���P���� �7�K�H�� �R�Y�H�U�D�O�O�� �6-OOA2.5 fraction 

accounted for 82 ± 2%avg of the mass, while the remaining 18 ± 2%avg was included in 

OMCOARSE. Considering the sum of both OOA factors, the OOA:NH4
+

med ratio for PM1 was 

2.1, consistent with values reported by Crippa et al. (2014) for 25 different European rural 

stations, suggesting that Payerne can be representative of typical European rural 

environments. 

The last PMF factor showed an unusual size fractionation with 96%avg of its mass 

comprised in the PMCOARSE during summer (0.54 �“���������������J���P�±3), corresponding to 49% of 

the WSOMCOARSE (or 19%avg of the OMCOARSE). This factor was ascribed to water-soluble 

primary biological organic aerosol, given its striking mass spectral resemblance to 

http://pubs.acs.org/doi/full/10.1021/acs.est.5b05960#fig2
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biological carbohydrates and plant debris extracts with high contribution from C2H4O2
+, 

C2H5O2
+, and C3H5O2

+ (Fig. 4.1d,  A.1.3, A.1.10), its enhancement in OMCOARSE especially 

during summer, and its correlations with biological aerosol components such as arabitol, 

mannitol, glucose (Bauer et al., 2008; Burshtein et al., 2011; Medeiros et al., 2006; Jia et 

al., 2010), cellulose, total bacteria, and fungal spores. The detection of such a factor was 

unprecedented in the AMS literature given the limited transmission efficiency of the AMS 

aerodynamic lens for the coarse fraction (Williams et al., 2013), although Schneider et 

al.(2011) proposed the use of some of the PBOA fragments detected here to assess the 

contribution of PBOA to PM1 from online AMS measurements in the Amazon. 

Also during winter WSPBOA showed a smaller but still significant contribution to the 

OMCOARSE (30% of WSOMCOARSE or 8% of OMCOARSE) with 68%avg of the mass comprised 

in the coarse fraction. This result was corroborated by a minor but statistically significant 

enhancement in the coarse fraction (in comparison with PM2.5) of biological carbohydrates 

(monosaccharidesBIO���� �™���J�O�X�F�R�V�H���� �P�D�Q�Q�R�V�H���� �D�U�D�E�L�W�R�O���� �D�Q�G�� �P�D�Q�Q�L�W�R�O������ cellulose, and fungal 

spores. The chemical characteristics and origin of this fraction will be thoroughly discussed 

in the following sections. 

 

4.4.3  Composition of OMCOARSE 

This section presents a detailed characterization of OMCOARSE, of which 91%avg of the 

mass was ascribed to PBOA. 

4.4.3.1 Water-soluble and insoluble OMCOARSE 

Fig. 4.1c displays the relative chemical composition of OMCOARSE during summer. The 

major part of OMCOARSE could be ascribed to cellulose (24 ± 12%avg) and WSOMCOARSE 

(38%avg). Given the low cellulose water solubility, and consequently its negligible 

contribution to WSOM, the two fractions together accounted for 62%avg of the OMCOARSE. 

Regarding the origin of the WSOMCOARSE fraction, 3D-PMF results revealed that only 

WSPBOA and WSS-OOA contributed significantly to WSOMCOARSE during summer, 

explaining respectively 51%avg and 49%avg of the WSOMCOARSE mass. Assuming the water 

insoluble OMCOARSE fraction not ascribed to S-OOA to be entirely related to PBOA, we 

calculated a RPBOA lowest estimate of 0.18med (1
st quartile 0.15, 3rd quartile 0.25) according 

to Eqs A.1.2, A.1.3, and A.1.4. This assumption was corroborated by the high cellulose 

contributions to the water insoluble OMCOARSE fraction (43%avg) and by the good 

correlation of WSPBOA with OMCOARSE�±S-OOACOARSE (R = 0.54), especially considering 

that the water insoluble OMCOARSE fraction represented 62%avg of the total OMCOARSE. 
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4.4.3.2 Contribution of carbohydrates to PBOA and OMCOARSE 

Measured carbohydrates (carbohydratesmeas���� �™���P�R�Q�R�V�D�F�F�K�D�U�L�G�H�VBIO, mannosan, 

levoglucosan, and galactosan)) represented 3% of OMCOARSE (8% of WSOMCOARSE), of 

which 93%avg was related to monosaccharidesBIO. This fraction, albeit minor, was highly 

correlated with PBOA (R = 0.73) and cellulose (R = 0.85), showing a size fractionation 

similar to WSPBOA especially during summer with 96%avg of the mass included in the 

OMCOARSE. A similar behavior was noted in winter, with 29%avg of the 

carbohydratesmeas,COARSE consisting of monosaccharidesBIO, suggesting a minor, but 

statistically significant contribution of primary biological emissions, consistent with 

WSPBOA from 3D-PMF results (Fig. 4.2). Also other biological components, such as 

�F�H�O�O�X�O�R�V�H���D�Q�G���I�X�Q�J�D�O���V�S�R�U�H�V���V�K�R�Z�H�G���D���V�P�D�O�O���E�X�W���V�L�J�Q�L�I�L�F�D�Q�W���F�R�Q�W�U�L�E�X�W�L�R�Q���L�Q���Z�L�Q�W�H�U�����������������J��

m�±3 and 2 × 101 spores m�±3, respectively detected on the 31 of January 2013 PM10 filter 

sample). However, the overall correlation of single monosaccharidesBIO with each other 

and with other PBOA components was relatively poor, indicating a high variability in the 

molecular composition of the carbohydrates. Such variability highlighted the diversity of 

biological processes producing these sugars, clearly hindering their use as single tracers for 

reliably estimating PBOA concentrations in our conditions. 

By ascribing all the monosaccharidesBIO,COARSE to WSPBOA we estimated a 

contribution of monosaccharidesBIO to WSPBOA of 15%avg. Consistently, the WSPBOA 

average mass spectrum (Fig. 4.1d), similarly to BBOA, showed a typical fingerprint 

deriving from carbohydrate fragmentation (Schneider et al., 2011) as evidenced by strong 

contributions from C2H4O2
+, C2H5O2

+, and C3H5O2
+ fragments (Figs. 1b,  A.1.3, A.1.4, and 

A.1.10). We estimated that > 89% of the remaining WSPBOA fraction could be related to 

water-soluble polysaccharides (after the subtraction of the monosaccharidesBIO mass 

spectrum using D-mannitol and D-glucose as surrogates). This estimate was based on the 

nonmonosaccharidesBIO-WSPBOA mass spectrum, assuming C2H4O2
+, C2H5O2

+, and 

C3H5O2
+ as specific carbohydrates fragmentation tracers (Schneider et al., 2011, Fig. A.1.4) 

and using amylopectin and starch (Fig. A.1.10) as surrogates for polysaccharides. This 

result, together with the high cellulose contribution to OMCOARSE, indicated that the 

majority of PBOA consisted of carbohydrates. 

Part of the remaining WSPBOA fraction instead was attributed to Norg. 3D-PMF results 

showed that WSPBOA explained a great part of the variability of minor N-containing 

fragments (C3H9N
+, C3H8N

+, C5H12N
+), consistent with XPS observations of an increased 

Norg signal in PMCOARSE. The WSPBOA spectrum as expected showed a higher N:C value 

(0.061) than other factors. Overall both the carbohydrate signature and the increased N:C 

content were consistent with the interpretation of our factor as WSPBOA. 
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4.4.3.3 Quantification of OM related to particulate abrasion products 

from leaf surfaces (OMPAPLS) using n-alkanes 

n-Alkanes (C18�±C39) measured via gas chromatography mass spectrometry (IDTD-

GC-MS) showed distinct signatures during the different seasons and particle sizes. While 

during winter most of the alkane mass was contained within PM1 (90% for alkanes with an 

odd number of C; 97% for alkanes with an even number of C), during summer only 50%avg 

and 70%avg of the odd and even alkanes were contained within PM1. The summer-time 

signatures were consistent with the observations by Rogge et al.(1993c) of alkane 

emissions from OMPAPLS dominated by odd alkanes with the highest contributions from 

hentriacontane (C31) followed by nonacosane (C29) and tritriacontane (C33) (Fig. A.1.9). 

By contrast, in winter we observed a higher contribution of smaller alkanes (C19�±C24), 

without a clear odd/even predominance pattern, which was consistent with winter urban 

observations (Kotianová et al., 2008) possibly related to temperature-driven partitioning of 

combustion emissions, and consistent with vehicular fuel combustion profiles (El Haddad 

et al., 2009; Rogge et al., 1993a). This was corroborated by a slight increase in the average 

HOA concentration during winter compared to summer (Fig. 4.2). We estimated the 

contribution of OMPAPLS by applying a chemical mass balance approach (A.1) using the n-

alkanes:OMPAPLS ratios reported by Rogge et al.(1993c) and Hildemann et al. (1991). 

Assuming either green or dead leaves, and a possible (OM:OC)green,dead leaves range between 

1.2 and 2.2, the total estimated range for OMPAPLS,COARSE �V�S�D�Q�Q�H�G���I�U�R�P�����������W�R���������J���P�±3
avg, 

corresponding to 16�±32%avg of the OMCOARSE. This result, together with high cellulose 

contributions, indicated that plant debris was the dominating source of OMCOARSE. 

 

4.4.3.4 Fungal spores 

Fungal spores measured by qPCR represented a minor component of OM. During 

summer, their contribution was above the detection limit only in the coarse fraction, 

representing just 0.01%avg of the OMCOARSE mass (corresponding to 0.4 ng m�±3, or 2 × 102 

spores m�±3). Nevertheless, the measured fungal spores per cubic meter concentration during 

summer was consistent with ranges reported in other studies (Borodulin et al., 2005). 

During winter, only one PM10 sample showed concentrations above the detection limits. 

The summer arabitol:fungal spore (5 × 102 pg spore�±1avg) and mannitol:fungal spore (8 × 

102 pg spore�±1avg) ratios were noticeably variable and higher than those reported by Bauer et 

al. (2008) (1.2 pg arabitol:fungal spore, 1.7 pg mannitol:fungal spore), suggesting that 

these compounds are not unique fungal spore tracers, but given the high levels of cellulose 

and OMPAPLS could be related to plant debris, as already proposed by other studies 

(Burshtein et al., 2011). 
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4.4.3.5 Bacteria 

Likewise, total bacterial mass estimated by qPCR represented a minor contributor to 

OMCOARSE. Assuming dry or wet E. coli cellular weights (A.1), the total PM10 bacterial 

mass during summer was estimated as 1.3 ± 0.7 ng m�±3
avg or 4 ± 0.2 ng m�±3avg, 

corresponding to 2 × 103 cells m�±3
avg. This is consistent with the ranges reported in other 

studies, (Borodulin et al., 2005; Vlodavets et al., 1958; Pady et al., 1954; Burrows et al., 

2009) especially considering that low concentrations are commonly observed at remote and 

rural locations (Burrows et al., 2009). The bacterial size fractionation seasonality was 

similar to the other biological components: while 69%avg of the bacterial mass was 

comprised between the PM10 and PM1 fraction during summer, all bacterial mass (2 × 103 

cells m�±3
avg) was detected in the submicron fraction during winter. 

 

4.4.3.6 Surface chemical composition from XPS analysis 

Another approach to look at the entire aerosol is to study the chemical composition of 

its surface. This was performed by XPS measurements, which enabled monitoring the 

evolution of the C1s and N1s BE throughout the different size fractions and thus providing 

chemical information also about the water insoluble fraction. Although XPS sensitivity was 

limited to the particle surface (7 nm thickness) and low-volatility compounds (XPS 

technique operates under high vacuum at 10�±10 Torr), results showed a significant increase 

of Norg in the PMCOARSE. We resolved both an inorganic and organic N1s peak, with N1s,org 

occurring at a lower BE (397.7 ± 0.3 eV, Fig. 4.3a) than that of (�� �5�q�á�:�R�L�0�;�. �W�S�0
) and NaNO3 

(400.0 ± 0.8 eV and 407.7 ± 0.4 eV respectively). Likewise, tested Norg surrogates 

(horseradish peroxidase and chloroperoxidase from Caldariomyces fumago) showed the 

N1s peak occurring at similar BE (398.7 ± 0.3 eV) corroborating our interpretation of the 

Norg peak position. Overall we observed a substantial increase of the Norg signal in PM10 in 

comparison to PM1 (Fig. 4.3a) reflected by an Norg:C1s increase from 0.022 ± 0.001 in PM1 

to 0.027 ± 0.005 in PM10. From the Norg:C1s value and from the bulk total C measurements 

(TC = EC + OC)Sunset, we estimated the Norg,1 and Norg,10 concentrations to be 0.05 ± 0.03 

�D�Q�G�� ���������� �“�� ���������� ���J�� �P�±3
avg, respectively. This estimate assumed Norg to follow the TC 

intraparticle concentration gradient. While a crude assumption, this is the best and only 

methodology providing an estimate of the Norg total mass. 

Figure 4.3b displays the C1s peak fitting for a PM1 and a PM10 filter sample. We report 

an increase of the less oxidized C1s fraction (C1s peak at lower BE) in PM10, which was 

qualitatively consistent with the odd-alkanes size fractionation. Overall, in all size 

fractions, the dominant C1s contribution did not derive from the most oxidized C1s peak 

(Fig. 4.3b), but from the intermediate oxidized C peak, which could be related to alcohols, 
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ketones, and aldehydes. This result, although restricted to the surface and to the less 

volatile fractions, seemed in agreement with other studies (El Haddad et al., 2013). 

 

Figure 4.3. (a) XPS measurements: N1s peak fitting (PM1 and PM10 sample from 04/07/2012). (b) 
XPS measurements: C1s peak fitting (PM1 and PM10 sample from 04/07/2012). 

 

 Yearly estimate of PBOA relative contribution to 4.5

OM 10 

From 3D-PMF analysis, we identified a set of AMS fragments as potential PBOA 

tracers (Fig. A.1.4). Among these fragments we selected C2H4O2
+ and C2H5O2

+ to estimate 

the PBOA contribution for the entire year 2013 (batch B) given their relatively high signal-

to-noise and because they are commonly fitted in HR analysis. Both fragments showed a 

�F�R�Q�W�U�L�E�X�W�L�R�Q�� �V�W�D�W�L�V�W�L�F�D�O�O�\�� �K�L�J�K�H�U�� �W�K�D�Q�� ���� �Z�L�W�K�L�Q�� ���1�� �R�Q�O�\�� �W�R�� �W�K�H�� �%�%OA, PBOA, and HOA 

factors. However, given the low HOA concentration at the rural site (Fig. 4.2a), and given 

the low contribution of the two fragments to the HOA profile (0.02% and 0.03% 

respectively), we neglected the HOA contribution to C2H4O2
+ and C2H5O2

+. Therefore, the 

water-soluble C2H5O2
+ and C2H4O2

+ fractional contribution to WSOM (WSfC2H5O2
+

i and 

WSfC2H4O2
+

i) could be expressed as 

�9�5�BC2H5O2
+

i = �BC2H5O2
+

WSPBOA �Â��
�Ð�Ì�É�»�È�º

�Ð�Ì�È�Æi + �BC2H5O2
+

WSBBOA �Â��
�Ð�Ì�»�»�È�º

�Ð�Ì�È�Æi   (4.6) 

�9�5�BC2H4O2
+

i = �BC2H4O2
+

WSPBOA �Â��
�Ð�Ì�É�»�È�º

�Ð�Ì�È�Æi + �BC2H4O2
+

WSBBOA �Â��
�Ð�Ì�»�»�È�º

�Ð�Ì�È�Æi    (4.7) 

Where fC2H5O2
+

PBOA, fC2H4O2
+

PBOA, fC2H5O2
+

BBOA, fC2H4O2
+

BBOA denote the C2H5O2
+ 

and C2H4O2
+ fractional contributions to the WSPBOA and WSBBOA mass spectra. 

(WSPBOA:WSOM)i values could be derived by solving the two linear equation system. 

�7�K�L�V�� �D�S�S�U�R�D�F�K�� �Z�L�O�O�� �E�H�� �U�H�I�H�U�U�H�G�� �W�R�� �D�V�� �³����/������ �P�H�W�K�R�G�R�O�R�J�\�´�� �L�Q�� �W�K�H�� �I�R�O�O�R�Z�L�Q�J���� �:�H�� �D�V�V�H�V�V�H�G��

the accuracy of the 60/61 methodology by comparing the (WSPBOA:WSOM)i values 
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obtained from 3D-PMF with the values predicted from the 60/61 methodology for the 

Batch A PM10 filter samples (Fig. 4.4). During summer the (WSPBOA:WSOM)med,3D-

PMF/(WSPBOA:WSOM)med,60/61methodology ratio was 0.98, while during winter it was 0.85. 

The winter discrepancy was likely due to non-negligible contributions of W-OOA or other 

sources to fC2H4O2
+ and fC2H5O2

+. However, the two methodologies yielded highly 

correlated time series (R2 = 0.81) and agreed within 15%, with much better agreement 

during summer. 

 

Figure 4.4. 2013 yearly WSPBOA10 relative contribution to WSOM10 estimated from the 60/61 
methodology (Batch B). Red boxes denote WSPBOA relative contribution (median, 1st and 3rd 
quartiles) to WSOM10 during June�±July 2012 and January�±February 2013 determined by 3D-PMF 
analysis (Batch A). The uncertainty relative to measurement repetitions and to the apportionment of 
fC2H4O2

+ and fC2H5O2
+ can be interpreted as a precision estimate, while the sensitivity analysis 

comparing 3D-PMF and 60/61 methodology results shows an underestimate of the 
WSPBOA:WSOM ratio calculated with the 60/61 methodology of 2% during summer and 15% 
during winter. 

 

From the 60/61 methodology we estimated a WSPBOA:WSOM of 20%avg in summer, 

and 6%avg in winter (Fig. 4.4). Assuming a RPBOA of 0.18med (A.1), the average PBOA 

contribution to OM10 was estimated as 37%avg, with higher values during summer (60%avg 

vs. 19%avg in winter). 

Overall, these results revealed that the contribution of PBOA to OM10, mainly from 

plant debris, may be as high as the SOA contribution during summer in Payerne. While 

Payerne can be considered as representative of typical European rural environments 

(Crippa et al., 2014) and therefore results here may be extended to other sites, other field 

observations are indeed required. This work represents a benchmark for future field studies 

providing a methodology for the thorough determination of PBOA mass and origin, and 

one of the first size-segregated data sets necessary to constrain PBOA in global models. 
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Abstract 

The widespread use of Aerodyne aerosol mass spectrometers (AMS) has greatly 

improved real-time organic aerosol (OA) monitoring, providing mass spectra that contain 

sufficient information for source apportionment. However, AMS field deployments remain 

expensive and demanding, limiting the acquisition of long-term datasets at many sampling 

sites. The offline application of aerosol mass spectrometry entailing the analysis of 

nebulized water extracted filter samples (offline-AMS) increases the spatial coverage 

accessible to AMS measurements, being filters routinely collected at many stations 

worldwide.  

PM1 (particulate matter with an aerodynamic diameter < 1 �Pm) filter samples were 

collected during an entire year in Lithuania at three different locations representative of 

three typical environments of the southeast Baltic region: Vilnius (urban background), 

�5�Ì�J�ã�W�H�O�L�ã�N�L�V�� ���U�X�U�D�O�� �W�H�U�U�H�V�W�U�L�D�O������ �D�Q�G�� �3�U�H�L�O�D�� ���U�X�U�D�O�� �F�R�D�V�W�D�O������ �$�T�X�H�R�X�V�� �I�L�O�W�H�U�� �H�[�W�U�D�F�W�V�� �Z�H�U�H��

nebulized in Ar, yielding the first AMS measurements of water-soluble atmospheric 

organic aerosol (WSOA) without interference from air fragments. This enables direct 

measurement of the CO+ fragment contribution, whose intensity is typically assumed to be 

equal to that of CO2
+. Offline-AMS spectra reveal that the water-soluble CO2

+:CO+ ratio 

not only shows values systematically < 1 but is also dependent on season, with lower 

values in winter than in summer. 

AMS WSOA spectra were analyzed using positive matrix factorization (PMF), which 

yielded four factors. These factors included biomass burning OA (BBOA), local OA 

(LOA) contributing significantly only in Vilnius, and two oxygenated OA (OOA) factors, 

summer OOA (S-OOA) and background OOA (B-OOA) distinguished by their seasonal 

variability. The contribution of traffic exhaust OA (TEOA) was not resolved by PMF due 

to both low concentrations and low water solubility. Therefore, the TEOA concentration 

was estimated using a chemical mass balance approach, based on the concentrations of 

hopanes, specific markers of traffic emissions. AMS-PMF source apportionment results 

were consistent with those obtained from PMF applied to marker concentrations (i.e. major 

inorganic ions, OC/EC, and organic markers including polycyclic aromatic hydrocarbons 

and their derivatives, hopanes, long-chain alkanes, monosaccharides, anhydrous sugars, 

and lignin fragmentation products). OA was the largest fraction of PM1 and was dominated 

by BBOA during winter with an average concentration of 2 �Pg m-3 (53% of OM), while S-

OOA, probably related to biogenic emissions was the prevalent OA component during 

summer with an average concentration of 1.2 �Pg m-3 (45% of OM).  

PMF ascribed a large part of the CO+ explained variability (97%) to the OOA and 

BBOA factors. Accordingly, we discuss a new CO+ parameterization as a function of CO2
+, 
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and C2H4O2
+ fragments, which were selected to describe the variability of the OOA and 

BBOA factors. 

 Introduction  5.1

Atmospheric aerosols affect climate (Lohmann et al., 2004, Schwarze et al., 2006), 

human health (Dockery et al., 2005, Laden et al., 2000), and ecosystems on a global scale.  

Quantification and characterization of the main aerosol sources are crucial for the 

development of effective mitigation strategies. The Aerodyne aerosol mass spectrometer 

(AMS, Canagaratna et al., 2007) and aerosol chemical speciation monitor (ACSM, Ng et 

al., 2011, Fröhlich et al., 2013) have greatly improved air quality monitoring by providing 

real-time measurements of the non-refractory (NR) submicron aerosol (PM1) components. 

Analysis of organic mass spectra using positive matrix factorization (PMF, Paatero, 1997; 

Paatero and Tapper, 1994) has enabled the quantitative separation of organic aerosol (OA) 

factors, which can be subsequently related to major aerosol sources and formation 

processes (e.g. Lanz et al., 2007; Lanz et al., 2010; Zhang et al., 2011; Ulbrich et al., 2009; 

Elser et al., 2016b). Despite its numerous advantages, AMS field deployment remains 

expensive and demanding, and therefore most of the studies are typically restricted to 

short-time periods and a single (or few) sampling site(s). The limited number of long-term 

datasets suitable for OA source apportionment severely limits model testing and validation 

(Aksoyoglu et al., 2011; Aksoyoglu et al., 2014; Baklanov et al., 2014), as well as the 

development of appropriate pollution mitigation strategies. AMS analysis of aerosol filter 

samples (Lee et al., 2011; Sun et al., 2011; Mihara and Mochida, 2011; Daellenbach et al., 

2016), which are routinely collected at many stations worldwide, broadens the temporal 

and spatial scales available for AMS measurements.  

In this study we present the application of the offline-AMS methodology described by 

Daellenbach et al. (2016) to yearly cycles of filter samples collected in parallel at three 

different locations in Lithuania between September 2013 and August 2014. The 

methodology consists of water extraction of filter samples, followed by nebulization of the 

liquid extracts, and subsequent measurement of the generated aerosol by high-resolution 

time-of-flight AMS (HR-ToF-AMS). In this work, organic aerosol water extracts were 

nebulized in Ar, permitting direct measurement of the CO+ ion (Fig. A.2.1), which is 

typically not directly quantified in AMS data analysis due to interference with N2
+ but is 

instead estimated as being equal to CO2
+ (Aiken et al., 2008). Direct measurement of CO+ 

better captures the variability of the total OA mass and its elemental composition as well as 

potentially improving source apportionment of ambient aerosol. Aerosol elemental ratios 

and oxidation state are of particular relevance as they provide important constraints for 

understanding aerosol sources, processes, and for the development of predictive aerosol 

models (Canagaratna et al., 2015).  
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Aerosol composition in the south-east Baltic region has so far received little attention. 

To our knowledge the only investigation of OA sources in this area was during a 5-day 

period of intense land clearing activity occurring in the neighboring Russian enclave of 

Kaliningrad (Ulevicius et al., 2016; Dudoitis et al., 2016), during which transported 

biomass burning emissions dominated the aerosol loading. OA source contributions under 

less extreme conditions remain unstudied, with the most relevant measurements performed 

in Estonia with a mobile lab during March 2014 at two different locations (Elser et al., 

2016a). On-road measurements revealed large traffic contributions with an increase of 20% 

from rural to urban environments. Also, residential biomass burning (BB) and oxygenated 

OA (OOA) contributions were found to be substantial.  

In this study we present a complete source apportionment of the submicron OA fraction 

following the methodology described by Daellenbach et al. (2016) in order to quantify and 

characterize the main OA sources affecting the Lithuanian air quality. The three sampling 

stations were situated in the Vilnius suburb (urban background), Preila (rural coastal 

backgroun�G�������D�Q�G���5�Ì�J�ã�W�H�O�L�ã�N�L�V�����U�X�U�D�O���W�H�U�U�H�V�W�U�L�D�O���E�D�F�N�J�U�R�X�Q�G�������F�R�Y�H�U�L�Q�J���D���Z�L�G�H���J�H�R�J�U�D�S�K�L�F�D�O��

domain and providing a good overview of the most typical Lithuanian and southeastern 

Baltic air quality conditions and environments. PMF analysis of offline-AMS 

measurements are compared with the results reported by Ulevicius et al. (2016) and with 

PMF analysis of chemical marker measurements obtained from the same filter samples.  

 Sampling and offline measurements 5.2

5.2.1 Site description and sample collection 

We collected 24-h integrated PM1 filter samples at three different stations in Lithuania 

from 30 September 2013 to 2 September 2014 using three high-volume samplers (Digitel 

DHA80, and  DH-77) operating at 500 L min-1. In order to prevent large negative filter 

artifacts, the high volume were equipped with temperature control systems maintaining the 

filter storage temperature always below 25°C, which is lower or comparable to the 

maximum daily temperature during summer. The particulate matter was collected onto 

150-mm diameter quartz fiber filters (Pallflex Tissuquartz 2500QAT-UP / pure quartz, no 

binder) pre-baked at 800°C for 8 h. Filter samples were wrapped in pre-baked aluminum 

foils (400°C for 6 h), sealed in polyethylene bags and stored at -20°C after exposure. Field 

blanks were collected and stored following the same procedure.  

�6�D�P�S�O�L�Q�J�� �Z�D�V�� �F�R�Q�G�X�F�W�H�G�� �D�W�� �X�U�E�D�Q�� ���9�L�O�Q�L�X�V������ �U�X�U�D�O�� �W�H�U�U�H�V�W�U�L�D�O�� ���5�Ì�J�ã�W�H�O�L�ã�N�L�V���� �D�Q�G�� �U�X�U�D�O��

coastal (Preila) monitoring sites (Fig. 5.���������7�K�H���U�X�U�D�O���W�H�U�U�H�V�W�U�L�D�O���V�L�W�H���R�I���5�Ì�J�ã�W�H�O�L�ã�N�L�V���V�H�U�Y�H�V���D�V��

a baseline against which urban-specific sources in the major population center of Vilnius 
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can be compared. The rural coastal site of Preila provides an opportunity to distinguish 

terrestrial and marine sources. 

The sampling station in Vilnius is located at the Center for Physical Sciences and 

Technology campus (54°38' N, 25°10' E; 165 m a.s.l.), 12 km southwest of the city center 

(population: 535000) and is classified as an urban background site. The site is relatively far 

from busy roads, and surrounded by forests to the north-northeast, and by a residential zone 

to the southeast. It is ca. 350 km distant from the Baltic coast and 98 km from the 

�5�Ì�J�ã�W�H�O�L�ã�N�L�V���V�W�D�W�L�R�Q�����)�L�J����5.1). 

The station in Preila (55°55' N, 21°04' E; 5 m a.s.l.) is a representative rural coastal 

background site, situated in the Curonian Spit National Park on the isthmus separating the 

Baltic Sea from the Curonian Lagoon. The monitoring station is located < 100 m from the 

Baltic shore. The closest populated area is the village of Preila (population of 200), located 

2 km to the south. 

�7�K�H�� �U�X�U�D�O�� �W�H�U�U�H�V�W�U�L�D�O�� �V�W�D�W�L�R�Q�� �R�I�� �5�Ì�J�ã�W�H�O�L�ã�N�L�V�� �������ƒ�����¶�� �1�� �D�Q�G�� �����ƒ�����¶�� �(���� �������� �P�� �D���V���O������ �L�V��

located in the eastern part of Lithuania, about 350 km from the Baltic Sea. The site is 

surrounded by forest and borders the Utenas Lake in the southwest. The nearest residential 

areas are Tauragnai, Utena (12 km and 26 km west of the station, population: 32000 

inhabitants) and Ignalina (17 km southeast of the station, population of 6000). 
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Figure 5.1. Sampling locations, and measured PM1 composition. 

5.2.2 Offline-AMS analysis 

The term offline-AMS will be used herein to refer to the methodology described by 

Daellenbach et al. (2016) and summarized below. For each analyzed filter sample, four 16-

mm diameter filter punches were subjected to ultrasonic extraction in 15 mL of ultrapure 

�Z�D�W�H�U���������������0�
���F�P���D�W�������ƒ�&�����W�R�W�D�O���R�U�J�D�Q�L�F���F�D�U�E�R�Q�����7�2�&�������������S�S�E�����I�R�U���������P�L�Q���D�W�������ƒ�&����The 

choice of water instead of an organic solvent is motivated by two arguments: 

- Water yields the lowest background and hence the highest signal-to-noise 

compared to other highly pure solvents (including methanol, dichloromethane and ethyl 

acetate). 

- In contrast to the water extraction, the use of organic solvents precludes the 

quantification of the organic content in the extracts (e.g. by using a total OC analyzer), 

which in turn prevents a quantitative source apportionment.  
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�/�L�T�X�L�G���H�[�W�U�D�F�W�V���Z�H�U�H���I�L�O�W�H�U�H�G���D�Q�G���D�W�R�P�L�]�H�G���L�Q���$�U�����•����.998 % Vol., Carbagas, CH-3073 

Gümligen, Switzerland) using an Apex Q nebulizer (Elemental Scientific Inc., Omaha NE 

68131 USA) operating at 60°C. The resulting aerosol was then dried by passing through a 

Nafion drier (Perma Pure, Toms River NJ 08755, USA), and subsequently analyzed by an 

HR-ToF-AMS. 12 mass spectra per filter sample were collected (AMS V-mode, m/z 12-

232, 30 s collection time per spectrum). A measurement blank was recorded before and 

after each sample by nebulizing ultrapure water for twelve minutes. Field blanks were 

measured following the same extraction procedure as the collected filter samples, yielding 

a signal not statistically different from that of nebulized Milli -Q water. Finally we 

registered the AMS fragmentation spectrum of pure gaseous CO2 ( �1 99,7 % Vol, 

Carbagas, CH-3073 Gümligen, Switzerland), in order to derive its CO2
+:CO+ ratio.  

Offline-AMS analysis was performed on 177 filter samples in order to determine the 

bulk water-soluble organic matter (WSOM) mass spectral fingerprints. In total, 63 filters 

�I�U�R�P���5�Ì�J�ã�W�H�O�L�ã�Nis, 42 from Vilnius, and 71 from Preila were measured in Ar. The reader is 

referred to DeCarlo et al. (2006) for a thorough description of the AMS operating 

principles and calibration procedures.  

HR-ToF-AMS analysis software SQUIRREL (SeQUential Igor data RetRiEvaL, D. 

Sueper, University of Colorado, Boulder, CO, USA) v.1.53G and PIKA (Peak Integration 

by Key Analysis) v.1.11L for IGOR Pro software package (Wavemetrics, Inc., Portland, 

OR, USA) were utilized to process and analyze the AMS data. HR analysis of the AMS 

mass spectra was performed in the m/z range 12-115.  

5.2.3 Supporting measurements 

Additional offline analyses were carried out in order to validate and corroborate the 

offline-AMS source apportionment results. This supporting dataset was also used as input 

for PM1 source apportionment as discussed below. The complete list of the measurements 

performed can be found in Table 5.1 and Table A.2.1. Briefly, major ions were measured 

by ion chromatography (IC; Jaffrezo et al., 1998; Piot et al., 2012); elemental and organic 

carbon (EC, OC) were quantified by thermal-optical transmittance following the 

EUSAAR2 protocol (Cavalli et al., 2010); water-soluble OC (WSOC) was measured by 

water extraction followed by catalytic oxidation and nondispersive infrared detection of 

CO2 using a total organic carbon analyzer (Jaffrezo et al., 2005). Organic markers were 

determined by gas chromatography-mass spectrometry (GC-MS; Golly et al., 2015); high-

performance liquid chromatography (HPLC) associated with a fluorescence detector (LC 

240 Perkin Elmer) and HPLC-pulsed amperometric detection (PAD; Waked et al., 2014) 

for 67 composite samples. Composites were created merging two consecutive filter 

samples, but no measurements are available for Vilnius during summer. Measurements 

included 18 polycyclic aromatic hydrocarbons (PAHs), alkanes (C21-C40), 10 hopanes, 13 
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methoxyphenols, 13 methyl-PAHs (Me-PAHs), six sulfur-containing-PAHs (S-PAHs), 

three monosaccharide anhydrides, and four monosaccharides (including glucose, mannose, 

arabitol, and mannitol). In this work ion concentrations always refer to the IC 

measurements if not differently specified. In the following, subscripts avg and med will 

denote average and median values, respectively. 
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Table 5.1 Overview of supporting measurements. A complete list of measured compounds can be 
found in Table A.2.1. 

Analytical method 
Measured 

compounds 

Filters 

measured 

IC (Jaffrezo et al., 1998) Ions All  

Thermal-optical transmittance using 

Sunset Lab Analyzer (Birch and Cary, 

1996) using EUSAAR2 protocol (Cavalli 

et al., 2010) 

 

EC/OC 

 

 

 

All  

TOC analyzer using persulphate oxidation 

at 100°C of the OM, followed by CO2 

quantification with a nondispersive 

infrared spectrophotometer (Jaffrezo et al., 

1998) 

WSOC All  

HPLC associated with fluorescence 

detector (LC 240 Perkin Elmer) 

(Golly et al., 2015, Besombes et al., 2001) 

PAHs (table A.2.1) 
67 composite 

samples 

GC-MS (with and without derivatization 

step) (Golly et al., 2015) 

S-PAHs, Me-PAHs, 

alkanes, hopanes, 

methoxyphenols, 

others 

67 composite 

samples 

HPLC-PAD, (Waked et al., 2014) 

Anhydrous sugars, 

sugars alcohols, 

monosaccharides 

67 composite 

samples 

Chemiluminescence (Environnement S.A., 

model AC31M) 
NOx 

Online 

(Vilnius only) 
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In the following, subscripts avg, and med will denote average and median values, 

respectively. 

 Source apportionment 5.3

Positive matrix factorization (Paatero and Tapper, 1994) is a bilinear statistical model 

used to describe the variability of a multivariate dataset as the linear combination of a set of 

constant factor profiles and their corresponding time series, as shown in Eq. (5.1): 

�T�Ü�á�Ý
L���Ã �:�C�Ü�á�í ���®���B�í�á�Ý�;��
E���A�Ü�á�Ý
�ã
�í�@�5        (5.1) 

Here x, g, f, and e denote elements of data, factor time series, factor profiles and residual 

matrices, respectively, while subscripts i, j and z are indices for time, measured variables, 

and factor number. The value p represents the total number of factors chosen for the PMF 

solution. The PMF algorithm iteratively solves Eq. (5.1) by minimizing the objective 

function Q, defined in Eq. (5.2) Only nonnegative gi,z and fz,j values are permitted: 
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Here the si,j elements represent entries in the input error matrix. 

In this work the PMF algorithm was run in the robust mode in order to dynamically 

downweigh the outliers. The PMF algorithm was solved using the multilinear engine-2 

(ME-2) solver (Paatero, 1999), which enables an efficient exploration of the solution space 

by a priori constraining the gi,z or fz,j elements within a certain variability defined by the 

scalar a �����”a�”�������V�X�F�K���W�K�D�W���W�K�H���P�R�G�H�O�H�G��gi,z�¶���D�Q�G��fz,j�¶ satisfy Eq. (5.3): 
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       (5.3) 

Here n and m are any two arbitrary columns (variables) in the normalized F matrix. The 

Source Finder toolkit (SoFi, Canonaco et al., 2013, v.4.9) for Igor Pro software package 

(Wavemetrics, Inc., Portland, OR, USA) was used to configure the ME-2 model and for 

post-analysis. PMF analysis was applied to two complementary datasets: (1) organic mass 

spectra from offline-AMS measurements for the apportionment of OM sources and (2) 

molecular markers for the apportionment of the measured PM1 mass. These two analyses 

are discussed separately below. 

 

5.3.1 Offline-AMS PMF  

In the following section we describe the offline-AMS source apportionment 

implementation, optimization and uncertainty assessment. Briefly, we selected the number 
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of PMF factors based on residual analyses and solution interpretability; subsequently we 

explored the rotational uncertainty of our source apportionment model and discarded 

suboptimal solutions providing insufficient correlation of factor time series with external 

tracers. The offline-AMS source apportionment returns the water-soluble PMF factor 

concentrations. Daellenbach et al. (2016) determined factor-specific recoveries (including 

PMF factor extraction efficiencies), by comparing offline-AMS and online-ACSM OA 

source apportionments. In particular, the filter samples were collected for 1 year during an 

online-ACSM monitoring campaign conducted at the same sampling station. Briefly, the 

factor recoveries were determined as the ratio of the water-soluble OA PMF-factor 

concentrations retrieved from offline-AMS source apportionment divided by the OA PMF 

factor concentrations obtained from ACSM OA source apportionment. Factor-specific 

recoveries and corresponding uncertainties were determined for HOA, biomass burning 

OA (BBOA), COA, and OOA. Applying these recoveries enabled scaling the water-soluble 

factor concentrations to the corresponding bulk OA concentrations.  A sensitivity analysis 

of these recoveries was reported in Section 5.3.1.3, and the corresponding uncertainty was 

propagated to the source apportionment results. 

A second selection step was carried out on the rescaled solutions as described in Section 

5.3.1.3. The offline-AMS source apportionment results presented in this study represent the 

average of the retained rescaled PMF solutions, while their variability represents our best 

estimate of the source apportionment uncertainty.   

5.3.1.1 Inputs 

The offline-AMS input matrices include in total 177 filter samples (62 filters from 

�5�Ì�J�ã�W�H�O�L�ã�N�L�V�����������I�U�R�P���9�L�O�Q�L�X�V�����D�Q�G���������I�U�R�P���3�U�H�L�O�D�������(�D�F�K���I�L�O�W�H�U���V�D�P�S�O�H was represented on 

average by 12 mass spectral repetitions to explore the effect of AMS and nebulizer stability 

on PMF outputs. A corresponding measurement blank was subtracted from each mass 

spectrum. The input PMF matrices included 269 organic fragments fitted in the mass range 

(12-115). The input error si,j elements include the blank variability (�Vi,j) and the uncertainty 

related to ion counting statistics and ion-to-ion signal variability at the detector (�Gi,j; Allan 

et al., 2003; Ulbrich et al., 2009):  

�O�Ü�á�Ý
L��
§�G�Ü�á�Ý
���6 
E�V�Ü�á�Ý

���6           (5.4) 

We applied a minimum error to the �Gi,j elements according to Ulbrich et al. (2009), and 

a downweighting factor of 3 to all fragments with an average signal-to-noise lower than 2 

(Ulbrich et al., 2009). Input data and error matrices were rescaled such that the sum of each 

row is equal to the estimated WSOM concentration, which is calculated as the product of 

the measured WSOC multiplied by the OM:OCi ratios determined from the offline-AMS 

PMF results.  
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5.3.1.2 Overview of retrieved factors and estimate of traffic exhaust OA 

(TEOA) 

We used a four-factor solution to represent the variability of the input data. The four 

separated OA factors included the following: 

1/ a BBOA factor highly correlated with levoglucosan originating from cellulose 

pyrolysis; 

2/ an LOA factor explaining a large fraction of N-containing fragments variability and 

contributing mostly in Vilnius during summer and spring; 

3/ a B-OOA factor showing relatively stable contributions at all seasons; 

4/ an S-OOA factor showing increasing concentrations with the average daily 

temperature.  

If the number of factors is decreased to three, a mixed BBOA/B-OOA factor is 

retrieved, and significant structure appears in the residuals during winter (Fig. A.2.2, A.2.3, 

A.2.4). Increasing the number of factors to 5 and 6 leads to a splitting of OOA factors that 

cannot be interpreted in terms of specific aerosol sources/processes (Fig. A.2.2, A.2.3). The 

further separated OOA factor in the five-factor solution possibly derived from the splitting 

of B-OOA; in fact the sum of the newly separated OOA and B-OOA in the five-factor 

solution correlated well with the B-OOA time series from the four-factor solution (R = 

0.93). Overall, a clear structure removal in the residual time-series was observed up to a 

number of factors equal to 4 (Fig. A.2.4, A.2.5).  

We also explored a 5-factor solution in which a hydrocarbon-like OA (HOA) profile 

from Mohr et al. (2012) was constrained to estimate the TEOA contribution. However, the 

water-soluble TEOA (WSTEOA) contribution to WSOM was estimated as 0.2%avg (section 

5.3.1.4), likely too small for PMF to resolve. We performed 100 PMF runs by randomly 

varying the HOA a value. The obtained results showed a low TEOA correlation with 

hopanes (Rmax = 0.25, Rmin = -0.15) with 45% of the PMF runs associated with negative 

Pearson correlation coefficients, supporting the hypothesis that this factor has a too small 

contribution in the water extracts to be resolved. Therefore, we selected the 4-factor 

solution as our best representation of the data, while TEOA was instead estimated by a 

chemical mass balance (CMB) approach and not based on AMS mass spectral features. 

TEOA concentrations are estimated using a CMB approach that assumes hopanes, 

present in lubricant oils engines, (Subramanian et al., 2006) to be unique tracers for traffic. 

However, hopanes can also be emitted upon combustion of different types of fossil fuels, in 

particular by coal combustion (Rutter et al., 2009), therefore the traffic contribution 

estimated here, although very small (as discussed in the Section 5.4.2) should be 

considered as an upper estimate. Still, the EC/hopanes ratio determined in this work 
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(900±100) is consistent with EC:hopanes for traffic exhaust (TE) (1400±900: He et al., 

2006; He et al., 2008; El Haddad et al., 2009; Fraser et al., 1998) and not with the coal 

EC:hopanes from literature profiles (300±200: Huang et al., 2014; supplementary 

information). To assess the traffic exhaust OC (TEOC) contribution we used the sum of the 

four most abundant hopanes (17a(H),21b(H)-norhopane, 17a(H),21b(H)-hopane, 

22S,17a(H),21b(H)-homohopane, and 22R,17a(H),21b(H)-homohopane (hopanessum)). The 

TEOC contribution was estimated from the average hopanessum:TEOC ratio 

(0.0012±0.0005) from tunnel measurements reported by He et al. (2006), He et al. (2008), 

El Haddad et al. (2009), and Fraser et al. (1998), where the four aforementioned hopanes 

were also the most abundant. In order to rescale TEOC to the total TEOA concentration we 

assumed an OM:OCTEOA ratio of 1.2±0.1 (Aiken et al., 2008, Mohr et al., 2012, Docherty et 

al., 2011, Setyan et al., 2012). The uncertainty of the estimated TEOA concentration was 

assessed by propagating the uncertainties relative to the OM:OCTEOA ratio (8.3%), the 

hopanessum:TEOC ratio (41.7%), the hopane measurement repeatability (11.5%), and 

detection limits (DLs) (7 pg m-3). 

 

5.3.1.3 Source apportionment uncertainty 

A common issue in PMF is the exploration of the rotational ambiguity, here addressed 

by performing 100 PMF runs initiated using different input matrices. We adopted a 

bootstrap approach (Davison and Hinkley, 1997) to generate the new input data and error 

matrices (Brown et al., 2015). Briefly, the bootstrap algorithm generates new input 

matrices by randomly resampling mass spectra from the original input matrices. As already 

mentioned, the input matrices contained ca. 12 mass spectral repetitions per filter sample; 

therefore the bootstrap approach was implemented in order to resample random filter 

sample mass spectra together with the corresponding measurement repetitions. Each newly 

generated PMF input matrix had a total number of samples equal to the original matrices 

(177 samples), although some of the original 177 filter samples are represented several 

times, while others are not represented at all. Overall we resampled on average 63±2% of 

the filter samples per bootstrap run. The generated data matrices were finally perturbed by 

varying each xi,j element within twice the corresponding uncertainty (si,j) assuming a 

normal distribution of the errors. Solutions were selected and retained according to three 

acceptance criteria based on PMF factor correlations with corresponding tracers: BBOA vs. 

levoglucosan, B-OOA vs. NH4
+, and S-OOA vs. average daily temperature. In order to 

discard suboptimal PMF runs, we only retained solutions associated with positive Pearson 

correlation coefficients for each criterion, for both the individual stations and the entire 

dataset. In total 95% of the solutions were retained following this approach. We note that 

no solution was discarded based on the first two criteria. 
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The offline-AMS PMF analysis provides the water-soluble contribution of the identified 

aerosol sources. In order to rescale the water-soluble organic carbon concentration of a 

generic factor z (WSZOC) to its total OC concentration (ZOC) we used the factor 

recoveries (RZ) determined by Daellenbach et al. (2016) according to Eq. (5.5): 

ZOCi = 
�Ð�Ì�Ó�È�¼�Ô

�Ë�å
                    (5.5) 

Here for each PMF factor, the corresponding water-soluble organic carbon time series 

(WSZOCi) were determined by dividing the WSZOCi time series by the OM:OC ratio 

calculated from the (water-soluble) factor mass spectrum (Aiken et al. 2008). For LOA, 

whose recovery was not previously reported, RLOA was estimated from a single parameter 

fit according to Eq. (5.6). 
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Where the prefix WS in front of the factor abbreviations denotes the corresponding 

water-soluble time series (at the numerator), and mass spectra (subscript of OM:OC at the 

denominator). Here the water-soluble OA factor concentrations were converted to the 

corresponding water-soluble OC concentrations to fit the measured OC. For each of the 95 

retained PMF solutions, Eq. (5.6) was fitted 100 times by randomly selecting a set of 100 

RBBOA, ROOA value combinations from those determined by Daellenbach et al. (2016). Each 

fit was initiated by perturbing the input OCi and TEOCi within their uncertainties, 

assuming a normal distribution of the errors. Additionally, in order to explore the effect of 

possible bulk extraction efficiency (WSOC:OC) systematic measurement biases on our RZ 

estimates, we also perturbed the OC, WSOC (Daellenbach et al., 2016) inputs. Specifically, 

we assumed an estimated accuracy bias of 5% for each of the perturbed parameters, which 

corresponds to the OC and WSOC measurement accuracy. In a similar way, we also 

perturbed the input RBBOA and ROOA by assuming an accuracy estimate of 5%. The RBBOA 

and ROOA accuracy estimate derives from a possible OC measurement bias in Daellenbach 

et al. (2016) which could have affected the RZ �G�H�W�H�U�P�L�Q�D�W�L�R�Q���� �,�Q�� �W�R�W�D�O�� �������Â����3 fits were 

performed (Eq. 5.6) and we retained only solutions (and corresponding perturbed RZ 

combinations) associated with average OC residuals not statistically different from 0 within 

1�V for each station individually and for summer and winter individually (~8% of the 

�������Â����3 fits, Fig. A.2.6). The OC residuals of the accepted solutions did not manifest a clear 

correlation with the LOA concentration (Fig. A.2.7), indicating that the estimated RLOA was 

properly fitted, without compensating for unexplained variability of the PMF model or 

biases from the other Rz. Fig. A.2.8 shows the probability density functions of the retained 

perturbed Rz which account for all uncertainties and biases mentioned above. RLOA,med was 

estimated to be equal to 0.66 (1st quartile  0.61, 3rd quartile  0.69, Fig. A.2.8), while the 

retained RBBOA and ROOA values (RBBOA,med 0.57, 1st quartile 0.55, 3rd quartile 0.60; ROOA,med 

0.84, 1st quartile 0.81, 3rd quartile 0.88) were systematically lower than those reported by 
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Daellenbach et al. (2016), reflecting the lower bulk extraction efficiency (bulk EE = 

WSOC:OC) measured for this dataset (median = 0.59, 1st quartile = 0.51, 3rd quartile = 0.72 

vs. median = 0.74, 1st quartile = 0.66, 3rd quartile 0.90 in Daellenbach et al. (2016)). All the 

retained RZ combinations are available at DOI: doi.org/10.5905/ethz-1007-53. 

Source apportionment uncertainties (�VS.A.) were estimated for each sample i and factor z 

�D�V�� �W�K�H�� �V�W�D�Q�G�D�U�G�� �G�H�Y�L�D�W�L�R�Q�� �R�I�� �D�O�O�� �W�K�H�� �U�H�W�D�L�Q�H�G�� �3�0�)�� �V�R�O�X�W�L�R�Q�V�� ���a������ �R�I�� �W�K�H�� �������Â����3 fits). In 

addition to the rotational ambiguity of the PMF model (explored by the bootstrap 

technique) and RZ uncertainty, each PMF solution included on average 10 repetitions for 

each filter sample, and hence �VS.A. accounted also for measurement repeatability. In this 

work, the statistical significance of a factor contribution is calculated based on �VS.A.,z,i 

(Tables A.2.2 and A.2.3). 

In general the recovery estimates reported in Daellenbach et al. (2016) represent the 

most accurate estimates available, being constrained to match the online-ACSM source 

apportionment results. The RZ combinations reported by Daellenbach et al. (2016) 

succesfully apply to this dataset, enabling properly fitting the measured bulk EE 

(WSOC:OC) with unbiased residuals and therefore providing a further confidence on their 

applicability (we note that in Eq. 5.6 we fitted OC as a function of 1/RZ and WSOCZ,i, 

therefore RZ fitted WSOC:OC = bulk EE). Further RZ determinations calculated comparing 

offline-AMS and online-AMS source apportionments would be desirable in order to 

provide more robust RZ estimates. In absence of a priori RZ values for specific factors (e.g. 

for LOA in this study) we recommend constraining the RZ combinations reported by 

Daellenbach et al. (2016) as a priori information to fit the unknown recoveries, with the 

caveat that the RZ combinations reported by Daellenbach et al. (2016) were determined for 

filter samples that were water extracted following a specific procedure; therefore we 

recommend adopting these RZ combinations for filter samples extracted under the same 

conditions. Nevertheless the RZ combinations reported by Daellenbach et al. (2016) should 

be tested also for filters water extracted in different conditions to verify whether they can 

properly fit the bulk EE. In case the RZ combinations reported by Daellenbach et al. (2016) 

would not apply for a specific location or extraction procedure (i.e. not enabling a proper 

fit of bulk EE) we recommend an RZ redetermination by comparing the offline-AMS source 

apportionment results with well-established source apportionment techniques. In absence 

of data to perform a well-established source apportionment, we recommend fit ting all the 

RZ to match the bulk EE (i.e. fitting all the recoveries similarly to Eq. 5.6 without 

constraining any a-priory RZ value).  

In general, the offline-AMS technique assesses less precisely the contribution of the 

low-water-soluble factors. The higher uncertainty mostly stems from the larger PMF 

http://doi.org/10.5905/ethz-1007-53
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rotational ambiguity when separating a factor characterized by low concentration in the 

aqueous filter extracts. Nevertheless, the uncertainty is dataset dependent, as the separation 

of source components with low water solubility can be improved in case of distinct time 

variability characterizing those sources in comparison with the other aerosol sources. The 

low aqueous concentration of scarcely water-soluble sources in fact can be partially 

overcome by the large signal-to-noise ratio characterizing the offline-AMS technique (170 

on average for this dataset). 

 

5.3.1.4 Sensitivity of PMF to the unapportioned TEOA fraction  

Despite representing only a small fraction, the unapportioned WSTEOA contribution 

could in theory affect the apportionment of the other sources in the PMF model. To assess 

this, we performed a PMF sensitivity analysis by subtracting the estimated WSTEOA 

concentration from the input PMF data matrix, and by propagating the estimated WSTEOA 

uncertainty (section 5.3.1.2) in the input error matrices. To estimate the WSTEOA 

concentration we assumed an RTEOA of 0.11±0.01 (Daellenbach et al., 2016) and we used 

the HOA profile reported by Mohr et al. (2012) as surrogate for the TEOA mass spectral 

fingerprint. This approach is equivalent to constraining both the WSTEOA time series and 

factor profile. Overall the WSTEOA contribution to WSOM was estimated as 0.2%avg, 

making a successful retrieval of WSTEOA unlikely (Ulbrich et al., 2009). Consistently, 

PMF results obtained from this sensitivity analysis indicated that BBOA and B-OOA were 

robust, showing only 1% difference from the average offline-AMS source apportionment 

results, with BBOA increased and B-OOA decreased. S-OOA and LOA instead showed 

larger deviations from the average source apportionment results (S-OOA increased by 8% 

and LOA decreased by 15%), yet within our source apportionment uncertainties. These 

results highlight the marginal influence of the unapportioned WSTEOA fraction on the 

other factors. 

 

5.3.2 Marker -PMF: measured PM1 source apportionment 

In the following section we describe the implementation of source apportionment using 

chemical markers (marker-PMF), as well as its optimization and uncertainty assessment. 

We discuss the number of factors and the selection of specific constraints to improve the 

source separation. Subsequently we discuss the source apportionment rotational 

uncertainty, as well as the sensitivity of our PMF results to the number of source-specific 

markers, and to the assumed constraints.  
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5.3.2.1 Inputs 

The marker-PMF yields a source apportionment of the entire measured PM1 fraction 

(organic and inorganic). Measured PM1 is defined here as the sum of EC, ions measured 

via IC, and OM estimated from OC measurements multiplied by the (OM:OC)i ratio 

determined from the offline-AMS PMF results by summing the factor profile OM:OC 

ratios weighted by the time-dependent factor relative contributions (rescaled by the 

recoveries). PMF was used to analyze a data matrix consisting of selected organic 

molecular markers, ions measured by IC, EC, and the remaining OM fraction (OMres) 

calculated as the difference between OM and the sum of the organic markers already 

included in the input matrix. OMres represented on average 95±2% of total OM. The 

marker-PMF analysis is limited by the lack of elemental measurements (e.g. metals and 

other trace elements) typically used to identify mineral dust and certain anthropogenic 

sources. All markers showing concentrations above the DLs for more than 25% of the 

samples were selected as input variables (72 in total). The PMF input matrices contain 67 

�F�R�P�S�R�V�L�W�H�� �V�D�P�S�O�H�V�� �������� �I�R�U�� �5�Ì�J�ã�W�H�O�L�ã�N�L�V���� ������ �I�R�U�� �3�U�H�L�O�D���� �D�Q�G�� ���� �I�R�U�� �9�L�O�Q�L�X�V������ �7�K�H�� �H�U�U�R�U�V�� ��si,j) 

were estimated by propagating for each j variable DLs and the relative repeatability (RR) 

multiplied by the xi,j concentration according to Eq. (5.7) (Rocke and Lorenzato, 1995): 

si,j =
§�:�&�.�Ý
�6 
E�:�T�Ü�á�Ý�®�4�4�Ü�á�Ý�;�6�;

      (5.7) 

5.3.2.2 Number of factors and constraints 

We selected a seven-factor solution to explain the variability of the measured PM1 

components. The retrieved factors were BB, TE, primary biological organic aerosol 

(PBOA), SO4
2--related secondary aerosol (SA), NO3

--related SA, methane sulfonic acid 

(MSA)-related SA, and a Na+-rich factor explaining the variability of inorganic 

components typically related to resuspension of mineral dust, sea salt, and road salt. In the 

following, NO3
--related SOA, SO4

2--related SOA and MSA-related SOA denote the OA 

time series of the NO3
--related SA, SO4

2--related SA, and MSA-related SA factors 

respectively. They were calculated by multiplying the NO3
--related SA, SO4

2--related SA, 

and MSA-related SA time series by the sum of the relative contribution of the organic 

markers to the corresponding factor profiles. 

We first tested an unconstrained source apportionment. This led to a suboptimal 

separation of the aerosol sources, with large mixings of PMF factors associated with 

contributions of markers originating from different sources. In particular we observed 

mixing of BB markers (e.g. levoglucosan) with fossil fuel combustion markers such as 

hopanes, as well as with inorganic ions such as NO3
- and Ca2+. All these markers, although 

related to different emission/formation processes, are characterized by similar seasonal 

trends, i.e. higher concentrations during winter than in summer. Specifically, the BB tracers 
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increase during winter because of domestic heating activity, hopanes presumably because 

of the accumulation in a shallower boundary layer and lower photochemical degradation, 

NO3
- because of the partitioning into the particle phase at low temperatures, and Ca2+ 

because winter was the windiest season and therefore was associated with the most intense 

resuspension.  

�:�H�� �V�X�E�V�H�T�X�H�Q�W�O�\�� �H�[�S�O�R�L�W�H�G�� �W�K�H�� �P�D�U�N�H�U�V�¶�� �V�R�X�U�F�H specificity to set constraints for the 

profiles output by our model: for each individual source, we treated the contribution of the 

unrelated source-specific markers as negligible (e.g. we assumed that TE, SA, Na-rich 

factor and PBOA do not contribute to levoglucosan). In contrast, the non-source-specific 

variables (EC, OMres, (Me-)PAHs, S-PAHs, inorganic ions, oxalate, alkanes) were freely 

apportioned by the PMF algorithm. Similarly, we set constraints for primary markers (e.g. 

K+ and Ca2+) and combustion-related markers (e.g. PAHs), which are not source-specific 

but the contribution of which can be considered as negligible in the SA factors. In this case 

the algorithm can freely apportion these markers to all the primary factors and combustion-

related factors. More specifically, EC, PAHs, and methyl-PAHs were constrained to zero in 

non-combustion sources, i.e. all profiles but TE and BB. While EC could partially derive 

from dust resuspension, literature profiles for this source suggest an EC contribution below 

1% (Chow et al., 2003). This is expected to be also the case here given the distance of the 

three stations from residential areas and busy roads. Methoxyphenols and sugar anhydrides, 

considered to be unique BB markers, were constrained to zero in all sources but BB. 

Similarly, hopanes were constrained to zero in all factors but TE. We also assumed no 

contribution from glucose, arabitol, mannitol, and sorbitol to all secondary factors, and 

traffic exhaust. The SO4
2- contribution from primary traffic emissions was estimated to be 

negligible, given the use of desulfurized fuel for vehicles in Lithuania. Likewise, alkane 

contributions were assumed to be zero in the SA factors, similar to the contribution of Ca2+, 

Na+, K+ and Mg2+ in the SA factors and TE.  

The number of factors was increased until no mixing between source-specific markers 

for different aerosol sources/processes was observed any more. Secondary sources instead 

were explained by three factors because of the distinct seasonal and site-to-site variability 

of MSA, NO3
- and SO4

2-. Oxalate correlated well with NH4
+ (R = 0.62) and the latter well 

with the sum of SO4
2- and NO3

- equivalents (R = 0.98). Note that the aforementioned 

secondary tracers were not constrained in any factor with the exception of SO4
2- 

contributions which were assumed to be negligible in the TE factor. Moreover the seven-

factor solution showed unbiased residuals (residual distribution centered at 0 within 1�V) for 

all the stations together and for each station individually, while lower-order solutions 

showed biased residuals for at least one station or all the stations together.  

PMF results obtained assuming only the aforementioned constraints returned 

suboptimal apportionments of OMres and Na+ between the BB and the Na+-rich factor, with 
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unusually high OMres fractional contributions in the Na+-rich factor and unusually high Na+ 

contributions in the BB profile in comparison with literature profiles (Chow et al., 2003; 

Huang et al., 2014 and references therein; Schauer et al., 2001a). Similarly the EC/OMres 

value for TE was substantially lower than literature profiles (El Haddad et al., 2013 and 

references therein). Other constraints were therefore introduced to improve the separation 

of these three variables. Specifically, EC and OMres were constrained in the traffic profile 

to be equal to 0.45 and 0.27 (a value = 0.5) according to El Haddad et al. (2013), while the 

EC:BB ratio was constrained to 0.1 (a value = 1) according to Huang et al. (2014) and 

references therein. Na+ was constrained to 0.2% (a value = 1) in BB according to Schauer 

et al. (2001a), while OMres was constrained to zero in the Na+-rich factor to avoid mixing 

with BB. Although this represents a strict constraint, we preferred avoiding constraining 

OMres to a specific value for the Na+-rich factor which could not be linked to a unique 

source but possibly represents different resuspension-related sources (e.g. sea salt, mineral 

dust and road dust). However, we expect none of the aforementioned sources to explain a 

large fraction of the submicron OMres (the OC:dust ratio for dust profiles is 1-15% 

according to Chow et al., 2003). The sensitivity of our source apportionment to the 

constraints listed in this section is discussed in the next section. 

 

5.3.2.3 Source apportionment uncertainty and sensitivity analyses 

We explored the model rotational uncertainty by performing 20 bootstrap PMF runs, 

and by perturbing each input �T�Ü�á�Ý���H�O�H�P�H�Q�W�� �Z�L�W�K�L�Q�� ���Â�O�Ü�á�Ý assuming a normal distribution of 

the errors. Results and uncertainties of the PMF model reported in this paper represent the 

average and the standard deviation of the bootstrap runs. 

As discussed in section 5.3.2.2, we assumed the contribution of specific markers to be 0 

in various factor profiles. Such assumptions preclude the PMF model to vary the 

contributions of these variables from zero (Eq. 5.3). In order to explore the effect of such 

assumptions on our PMF results we loosened all these constraints assuming variable 

contributions equal to 50%, 37.5%, 25%, and 12.5% of their average relative contribution 

to the measured PM1. In all cases the a value was set to 1. The average factor 

concentrations for the 12.5% case and the fully constrained average bootstrap PMF 

solutions were not statistically different (confidence interval of 95%, Fig. A.2.9). 

Statistically significant differences arose for the SO4
2--related SA in the 50% and 37.5% 

cases, and the Na+-rich factor in the 25% and 37.5% cases, indicating that loosening the 

constraints allowed for additional rotational uncertainty in comparison to the uncertainty 

explored by the bootstrap approach. By contrast, the factors associated with large relative 

uncertainties from the marker source apportionment (TE and PBOA, Table A.2.3) showed 

the best agreement in terms of concentrations (Fig. A.2.9) with the fully constrained 
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solution, suggesting that the variability introduced by loosening the constraints did not 

exceed that already accounted for by the bootstrap approach. As previously mentioned, the 

largest contribution discrepancies were observed for the SO4
2--related SA and the Na+-rich 

factor. Looser constraints increased the explained variability of primary components such 

as EC, arabitol, sorbitol, K+, Mg2+, and Ca2+ by the (secondary) SO4
2--related SA factor. 

The Na+-rich factor showed increasing contributions from OMres and from BB components 

such as methoxyphenols, and anhydrous sugars, which exhibited similar seasonal trends as 

the Na+-rich factor. None of the marker-PMF factors showed statistically different average 

contributions (confidence interval of 95%) when tolerating a variability of the constrained 

variables within 12.5% of their relative contribution to PM1. Note that with this degree of 

tolerance the contribution of OM to the Na+-rich factor was 28%, which is unrealistically 

high compared to typically reported values for OM:dust ratios (< 15% Chow et al., 2003). 

Therefore, we consider the fully constrained PMF solution to represent best the average 

composition of the contributing sources.  

The marker-PMF source apportionment depends strongly on the input variables (i.e. 

measured markers), as these are assumed to be highly source specific. That is, minor 

sources, such as MSA-related SA and PBOA, are separated because source-specific 

markers were used as model inputs. More variables were used as tracers for TE and BB 

(methoxyphenols (five variables), sugar anhydrides (three variables), and hopanes (5 

variables)), which gives more weight to these specific sources. We explored the sensitivity 

of the PMF results to the number and the choice of traffic and wood burning markers, by 

replacing them with randomly selected input variables. In total 20 runs were performed and 

the average contribution of the different sources to OMres was compared with the marker 

source apportionment average results, where bootstrap was applied to resample time points. 

Results displayed in Fig. A.2.10 are in agreement with the apportionment of OMres from 

BB within 11%avg, highlighting its robustness. The agreement for TE was lower, which is 

not surprising given the lower contribution of this source and the smaller number of 

specific markers (hopanes). However, these uncertainties were within the marker source 

apportionment uncertainty (Fig. A.2.10), implying that the results were not significantly 

sensitive to the number and the choice of input markers for BB and traffic exhaust, in our 

case. 
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 Results and discussion 5.4

5.4.1 PM1 composition 

An overview of the measured PM1 composition can be found in Fig. 5.1. Measured PM1 

average concentrations were in general low, with lower values detected at the rural 

�W�H�U�U�H�V�W�U�L�D�O���V�L�W�H���R�I���5�Ì�J�ã�W�H�O�L�ã�Nis (5.4 �Pg m-3
avg) than in Vilnius (6.7 �Pg m-3

 avg) and Preila (7.0 

�Pg m-3
 avg). OM represented the major fraction of measured PM1 for all seasons and 

stations, with 57%avg of the mass. The average OM concentrations were higher during 

winter (4.2 �Pg m-3) than in summer (3.0 �Pg m-3) at all sites probably to a combination of 

domestic wood burning activity and accumulation of the emissions in a shallower boundary 

layer. For similar reasons, EC average concentrations showed higher values during winter 

(0.42 �Pg m-3) than in summer (0.25 �Pg m-3). During summer, the average EC concentration 

was ~5 times higher in Vilnius (0.54 �Pg m-3�����W�K�D�Q���L�Q���3�U�H�L�O�D���D�Q�G���5�Ì�J�ã�W�H�O�L�ã�N�L�V���������������D�Q�G������������

�Pg m-3, respectively), indicating an enhanced contribution from combustion emissions. In 

the absence of domestic heating during this period, a great part of these emissions may be 

related to traffic. During winter, EC concentrations were comparable at all sites (only 25% 

�K�L�J�K�H�U�� �L�Q�� �9�L�O�Q�L�X�V�� �W�K�D�Q�� �L�Q�� �3�U�H�L�O�D�� �D�Q�G�� �5�Ì�J�ã�W�H�O�L�ã�N�L�V������ �7�K�L�V�� �V�X�J�J�H�V�W�V��that a great share of 

wintertime EC may be related to BB, the average contribution of which is significant at all 

stations within 3�V (Table A.2.2). It should be noted that the highest measured PM1 

concentrations were detected at the remote rural coastal site of Preila during three different 

pollution episodes. In particular, the early March episode corresponded to the period 

analyzed by Ulevicius et al. (2016) and Dudoitis et al. (2016) and was attributed to regional 

transport of polluted air masses associated with an intense land clearing activity 

characterized by large-scale grass burning in the neighboring Kaliningrad region. SO4
2-

 

represented the second major component of measured PM1 (20%med) at all sites and 

seasons. Its average concentration remained rather constant with only slightly higher 

concentrations in summer than in winter (1.2±0.7 �Pg m-3, and 1.1±0.6 �Pg m-3 respectively). 

Overall SO4
2- concentrations did not show large differences from site to site, suggestive of 

regional sources. Meanwhile NO3
- showed a clear seasonality with larger contributions in 

winter (average 0.9±0.8 �Pg m-3 equivalent to 12% of measured PM1) than in summer 

(0.03±0.03 �Pg m-3), as expected from its semivolatile nature. 

5.4.2 OM source apportionment (offline-AMS PMF) 

The apportioned PMF factors were associated with aerosol sources/processes according 

to their mass spectral features, seasonal contributions and correlations with tracers. The 

four identified factors were BBOA, LOA, B-OOA, and S-OOA, which are thoroughly 
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discussed below. The TEOA contributions instead were determined using a CMB 

approach. 

BBOA was identified by the high contributions from C2H4O2
+ and C3H5O2

+ (Fig. 5.2), 

typically associated with levoglucosan fragmentation from cellulose pyrolysis (Alfarra et 

al., 2007). Accordingly the BBOA factor time series correlated well with levoglucosan 

(Pearson correlation coefficient: R = 0.90, Fig. A.2.11); its contribution was higher during 

winter and lower during summer (Fig. 5.3a). We determined the biomass burning organic 

carbon (BBOC) concentration from the BBOA time series divided by the OM:OCBBOA ratio 

determined from the corresponding HR spectrum. The winter levoglucosan:BBOC ratio 

was 0.16med, consistent with values reported in continental Europe for ambient BBOC 

profiles (levoglucosan:BBOC range: 0.10-0.21, Zotter et al., 2014; Minguillón et al., 2011; 

Herich et al., 2014).  

 

Figure 5.2. Water-soluble offline-AMS PMF factor profiles: background oxygenated OA (B-
OOA), summer oxygenated OA (S-OOA), biomass burning OA (BBOA), and local OA (LOA). 
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Figure 5.3. a) Temporal evolutions of the relative contributions of the OA factors, b) OA sources 
and corresponding tracers: concentrations and uncertainties (shaded areas). 

 

The second factor was defined as LOA because of its statistically significant 

contribution (within 3�V�� only in Vilnius during summer (table A.2.2), in contrast to other 

potentially local primary (e.g. BBOA) and secondary (S-OOA) sources which contributed 

at all sites. The LOA mass spectrum was characterized by a high contribution of N-

containing fragments (especially C5H12N
+ and C3H8N

+), with the highest N:C ratio (0.049) 

among the apportioned PMF factors (0.029 for BBOA, 0.013 for S-OOA, 0.023 for B-

OOA). This factor could be related to the activity of the sludge utilization system of 

Vilnius (UAB Vilniausvandenys) situated 3.9 km NW from the sampling station. 

Two different OOA sources (S-OOA and B-OOA) were resolved and exhibited 

different seasonal trends. Separation and classification of OOA sources from offline-AMS 

is typically different from that of online AMS and ACSM measurements, mainly due to the 

different time resolution. In this section we discuss the separation and classification of 

OOA factors retrieved from online- and offline-AMS. Few online-AMS studies reported 

the separation of isoprene-related OA factor (Budisulistiorini et al., 2013; Hu et al., 2015, 

Xu et al., 2015) mostly driven by isoprene epoxides chemistry. Xu et al. (2015) showed 

that nighttime monoterpene oxidation by nitrate radical contributes to less-oxidized OOA. 

However, the large majority of online-AMS OOA factors are commonly classified based 

on their volatility (semi-volatile OOA and low-volatility OOA) rather than on their sources 

and formation mechanisms. This differentiation is typically achieved only for summer 

datasets when the temperature gradient between day and night is sufficiently high, yielding 

a detectable daily partitioning cycle of the semi-volatile organic compounds and NO3
- 

between the gas and the particle phases. Online AMS datasets have higher time resolution 

than filter sampling, but sampling periods typically cover only few weeks. Therefore the 
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apportionment is driven by daily variability rather than seasonal differences. By contrast, in 

the offline-AMS source apportionment, given the 24-h time resolution of the filter 

sampling and the yearly cycle time coverage, the separation of the factors is driven by the 

seasonal variability of the sources and by the site-to-site differences. In general, OOA 

factors with different seasonal behaviors can be characterized by different volatilities. 

However in this work the offline-AMS OOA separation is not driven by volatility, given 

the low correlation between NO3
- and our OOA factors (also reflected by the low NO3

--

related SOA correlation with B-OOA and S-OOA, Table 2). Additionally, the partitioning 

of semi-volatile OA at low temperatures would lead to a less oxidized OOA fingerprint 

during winter than in summer; however, this was not the case. We observed a less oxidized 

OOA factor during summer, whose mass spectral fingerprint closely resembles that of SOA 

from biogenic precursors. In contrast similar to OOA from aging of biomass burning 

emissions, OOA during the cold season is more oxidized. This was also reported in an 

urban environment in central Europe (Zurich) using an online-ACSM (Canonaco et al., 

2015). Therefore, the offline-AMS source apportionment tends to separate OOA factors by 

seasonal trends rather than volatility.  
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Table 5.2 Pearson correlation coefficients between Other-OA components from offline-AMS and 
marker-source apportionment. 

 Other-OAmarker 
SO4

2--
related 
SOA 

MSA-related 
SOA 

NO3
--

related 
SOA 

PBOA 

Other-
OAoffline-

AMS 

LOA 0.33 0.16 -0.08 0.10 
B-OOA 0.70 0.22 0.21 0.47 
S-OOA 0.60 0.45 -0.47 0.05 

 

The resolved B-OOA factor explained a higher fraction than S-OOA. It was associated 

with background oxygenated aerosol as no systematic seasonal pattern was observed. 

However, B-OOA correlated well with NH4
+ (R = 0.69, Fig. A.2.11), and had the highest 

OM:OC ratio among the apportioned PMF factors (2.21).  

Analyzing the B-OOA and S-OOA time series and seasonal trends, we could obtain 

more insight into the origin of two factors. Unlike B-OOA, S-OOA showed a clear 

seasonality with higher contributions during summer, increasing exponentially with the 

average daily temperature (Fig. A.2.12a). During summer the site-to-site S-OOA 

concentrations were not statistically different within a confidence interval of 95%, while 

during winter the site-to-site agreement was lower, possibly due to the larger model 

uncertainty associated with the low S-OOA concentrations. A similar S-OOA vs. 

temperature relationship was reported by Leaitch et al. (2011) for a terpene-dominated 

Canadian forest using an ACSM and by Daellenbach et al. (2016) and Bozzetti et al. (2016) 

for the case of Switzerland (Fig. A.2.12b), using a similar source apportionment model. 

This increase in S-OOA concentration with temperature is consistent with the exponential 

increase in biogenic SOA precursors (Guenther et al., 2006). Therefore, even though the 

behavior of S-OOA at different sites might be driven by several parameters, including 

vegetation coverage, available OA mass, air mass photochemical age and ambient 

oxidation conditions (e.g. NOx concentration), temperature seems to be the main driver of 

S-OOA concentrations. Overall more field observations at other European locations are 

needed to validate this relation. While the results indicate a probable secondary biogenic 

origin of the S-OOA factor, the precursors of the B-OOA factor are not identified. In 

Section 5.4.4.2 more insight into the OOA sources deriving from the comparison with the 

marker source apportionment will be discussed. 

The S-OOA profile showed a CO2
+/C2H3O

+ ratio of 0.61avg, placing it in the region of 

semi-volatile SOA from biogenic emissions in the f44/f43 space (Ng et al., 2011), as 

attributed by Canonaco et al. (2015). Despite the higher summer photochemical activity, 

the water-soluble bulk OA showed more oxidized mass spectral fingerprints during winter 

(O:C = 0.61avg) than in summer (O:C = 0.55avg), similar to the results presented by 

Canonaco et al. (2015) for Zurich. Accordingly, the S-OOA profile also showed a less 
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oxidized water-soluble mass spectral fingerprint than B-OOA, with an O:C ratio of 0.40avg, 

in comparison with 0.80avg for B-OOA. Considering the sum of B-OOA and S-OOA, the 

median OOA:NH4
+ �U�D�W�L�R�V�� �I�R�U�� �5�Ì�J�ã�W�H�O�L�ã�N�L�V���� �3�U�H�L�O�D���� �D�Q�G�� �9�L�O�Q�L�X�V�� �Z�H�U�H�� ���������� ���������� �D�Q�G�� ��������

respectively, higher than the average but within the range of the values reported by Crippa 

et al. (2014) for 25 different European rural sites (2.0avg; minimum value of 0.3; maximum 

of 7.3). 

 

5.4.3 PM1 source apportionment (marker-PMF) 

The PMF factors in this analysis were associated with specific aerosol sources/processes 

according to their profiles, seasonal trends and relative contributions to the key variables. 

Fig. 5.4 displays factor profiles and the relative contribution of each factor to each variable. 

The Na+-rich factor explained a large part of the variability of Ca2+, Mg2+, and Na+ (Fig. 

5.4) and showed higher contributions during winter than in summer, (Fig. 5.5) suggesting a 

possible resuspension of sand and salt typically used during winter in Lithuania for road 

de-icing. This seasonal trend is also consistent with wind speed, which showed the highest 

monthly values during December 2013 and January 2014. We cannot exclude the 

possibility that this factor may include contributions from sea salt, although Na+ and Cl- 

were not enhanced at the marine station in comparison with the other stations. The overall 

contribution of this Na+-rich factor to measured PM1 was relatively small (1%avg) but may 

be larger in the coarse fraction. 

 

Figure 5.4. Marker-PMF factor profiles (bars) and relative contributions of the factors to the 
measured variables (symbols). Factor list and abbreviations: NO3

--related secondary aerosol (NO3
�²

related SA), SO4
2--related-SA, MSA-related-SA, Na+-rich aerosol, primary biological organic 

aerosol (PBOA), traffic exhaust (TE), biomass burning (BB). 
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The BB factor showed a well-defined seasonality, with high contributions during 

winter. This factor explained a large part of the variability of typical wood combustion 

tracers such as methoxyphenols, sugar anhydrides (including levoglucosan, mannosan, and 

galactosan), K+, Cl-, EC, PAHs, and methyl-PAHs (Fig. 5.4). Using the OM:OCBBOA ratio 

(1.88) calculated from offline-AMS, we estimated the levoglucosan:BBOC ratio to be 

0.18avg, which is within the range of previous studies (Ulevicius et al., 2016 and references 

therein). Note that this factor explained also large fractions of variables typically associated 

with non-vehicular fossil fuel combustion, such as benzo(b)naphtho(2,1-d)thiophene 

(BNT[2,1]) and 6,10,14-trimethyl-2-pentadecanone (DMPT; Fig. 5.4, Manish et al., 2007; 

Subramanian et al., 2007), indicating a potential mixing of BB with fossil fuel combustion 

sources. However, the fossil fuel combustion contribution to BB is unlikely to be large, 

considering the low concentrations of fossil fuel tracers such as hopanes (66% of the 

samples below quantification limit (< QL)), BNT[2,1] (64% < QL), and DMPT (55% < 

QL). Moreover, the abovementioned agreement of the levoglucosan:BBOC ratio with 

previous studies corroborates the BB estimate from the marker-PMF. 

The traffic exhaust factor explained a significant fraction of the alkane variability, with 

a preferential contribution from light alkanes (Fig. 5.4). Its contribution was statistically 

significant within 3�V. However, on average the concentration was higher in Vilnius than at 

the other stations and in general higher in winter than in summer. 

The PBOA factor explained the variability of the primary biological components, such 

as glucose, mannitol, sorbitol, arabitol, and alkanes with an odd number of carbon atoms 

(consistent with Bozzetti et al., 2016, and references therein). Highest PBOA 

�F�R�Q�F�H�Q�W�U�D�W�L�R�Q�V�� �Z�H�U�H�� �R�E�V�H�U�Y�H�G�� �G�X�U�L�Q�J�� �V�S�U�L�Q�J���� �H�V�S�H�F�L�D�O�O�\�� �D�W�� �W�K�H�� �U�X�U�D�O�� �V�L�W�H�� �R�I�� �5�Ì�J�ã�W�H�O�L�ã�N�L�V����

Overall the contribution of this factor was uncertain with an average relative model error of 

160% probably due to the small PBOA contributions (0.6%avg of the total OM), which 

hampers a more precise determination by the model. In particular OMres was the variable 

showing the highest mass contribution to the PBOA factor. However, the large contribution 

and the large uncertainty of OMres to this factor (0.3±0.4) resulted in a large uncertainty of 

the PBOA estimated concentration. 

The last three factors were related to SA, as indicated by the large contributions of 

secondary species such as oxalate, SO4
2-, MSA, and NO3

- to the factor profiles (Fig. 5.4). 

The three factors showed different spatial and temporal contributions.  

The NO3
--related SA exhibited highest contributions during winter, suggesting 

temperature-driven partitioning of secondary aerosol components. Moreover the NO3
--

related SA, similarly to BB and TE, showed the highest concentrations in Vilnius, and the 

�O�R�Z�H�V�W�� �L�Q�� �5�Ì�J�ã�W�H�O�L�ã�N�L�V�� �V�X�J�J�H�V�W�L�Q�J�� �L�W�V�� �S�R�V�V�L�E�O�H�� �U�H�O�D�W�L�R�Q�� �Z�L�W�K�� �D�Q�W�K�U�R�S�R�J�H�Q�L�F�� �J�D�V�H�R�X�V��

precursors (e.g. NOx), as already reported in other studies (e.g. Xu et al., 2016; McMeeking 

et al., 2012). 



Chapter 5. Argon offline-AMS source apportionment of organic aerosol over yearly 

cycles for an urban, rural and marine site in Northern Europe 

76 

The MSA-related SA factor manifested the highest concentrations at the marine site of 

Preila during summer and in general larger contributions during summer than winter, 

suggesting its relation with marine secondary aerosol. MSA has been reported to be related 

to marine secondary biogenic emissions deriving from the photo-oxidation of dimethyl 

sulfide (DMS) emitted by the phytoplankton bloom occurring during the warm season (Li 

et al., 1993, Crippa et al., 2013a and references therein).  

The last factor (SO4
2--related SA) showed higher contributions during summer than in 

winter without clear site-to-site variability, following the seasonal behavior of SO4
2-, 

probably driven by the secondary formation from gaseous photochemical reactions and 

aqueous phase oxidation. This factor explained the largest part of the oxalate and SO4
2- 

variability and represented 48%avg of the measured PM1 by mass. 

5.4.4 Comparison of the source apportionment methods 

In this section we compare the offline-AMS PMF and marker-PMF results. We begin 

with BBOA and TE emissions which were resolved by marker-PMF and offline-AMS 

(TEOA was not resolved by offline-AMS but determined through a CMB approach). The 

remaining OM fraction (other-OA = OA �± BBOA - TEOA) was apportioned by the 

offline-AMS source apportionment to B-OOA, S-OOA and LOA (other-OAoffline-AMS). 

However, the LOA contribution was statistically significant (within 3�V�� only in Vilnius 

during summer (Table A.2.2), while no data were available for these periods from the 

marker source apportionment. The marker source apportionment instead attributed the 

other-OA mass fraction to four factors (other-OAmarker) i.e. PBOA, as well as to SO4
2-,  

NO3
-, and MSA-related secondary organic aerosols (SOA, Fig. A.2.13). The OA 

concentrations of the factors retrieved from the PM1 marker source apportionment were 

obtained by multiplying the factor time series by the sum of the organic markers and OMres 

contributions to the normalized factor profiles. The PM concentrations from the marker 

PMF factors are displayed in Fig. 5.5. 



Chapter 5. Argon offline-AMS source apportionment of organic aerosol over yearly 

cycles for an urban, rural and marine site in Northern Europe 

77 

 

Figure 5.5. PM1 marker source apportionment: factor time series and relative contributions. 
Shaded areas indicate uncertainties (standard deviation) of 20 bootstrap runs. 

 

5.4.4.1 Primary OA sources 

Offline-AMS and marker source apportionments provided comparable BBOA 

estimates, with concentrations in agreement within a 95% confidence interval (Fig. 5.6).  

 

 

Figure 5.6. Marker-PMF and offline-AMS OM source apportionment comparison. 
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(errors in this section represent the standard deviation of the temporal variability). Preila 

showed higher values (3±3 �Pg m-3) driven by the grass burning episode which occurred at 

the beginning of March (Ulevicius et al., 2016). Excluding this episode, the BBOA winter 

concentration was lower than in Vilnius (1.8 �Pg m-3). During winter, considering only the 

samples collected concomitantly, Preila and Vilnius showed well-correlated BBOA time 

series (R = 0.91) and significantly positive correlations were observed also for Preila and 

�5�Ì�J�ã�W�H�O�L�ã�N�L�V�� ��R = 0.7������ �D�Q�G�� �I�R�U���9�L�O�Q�L�X�V�� �D�Q�G�� �5�Ì�J�ã�W�H�O�L�ã�N�L�V�� ��R = 0.66) (offline-AMS BBOA 

time series). These results highlight the effect of regional meteorological conditions on the 

BBOA daily variability in the southeast Baltic region. 

In contrast, during summer BBOA concentrations were much lower, with 40% of the 

points showing statistically not significant contributions within 3�V for the offline-AMS 

source apportionment and 100% for the marker source apportionment. Between late 

autumn and early March the offline-AMS source apportionment revealed three 

simultaneous episodes with high BBOA concentrations at the three stations, while the 

marker source apportionment which is characterized by lower time resolution did not 

capture some of these episodes. The first episode occurred between 19 and 25 December 

2013 during a cold period with an average daily temperature drop to -9.7 °C as measured at 

�W�K�H�� �5�Ì�J�ã�W�H�O�L�ã�N�L�V�� �V�W�D�W�L�R�Q�� ���Q�R�� �W�H�P�S�H�U�D�W�X�U�H�� �G�D�W�D�� �Z�H�U�H�� �D�Y�D�L�O�D�E�O�H�� �I�R�U�� �W�K�H�� �R�W�K�H�U�� �V�W�D�W�L�R�Q�V������ �7�K�H��

third episode occurred between 5 and 10 March 2014 and was associated with an intense 

grass burning episode localized mostly in the Kaliningrad region (Ulevicius et al., 2016, 

Dudoitis et al., 2015, Mordas et al., 2016). The episode was not associated with a clear 

temperature drop, with the highest concentration (14 �Pg m-3) found at Preila on 10 March 

2014, the closest station to the Kaliningrad region. Similarly, at the beginning of February 

high BBOA concentrations were registered at the three stations, without a clear 

temperature decrease. Other intense BBOA events were detected but only on a local scale, 

with intensities comparable to the regionalscale episodes. Using the OM:OCBBOA ratio 

calculated from the HR water-soluble BBOA spectrum (1.88), we estimated the BBOCavg 

concentrations during the grass burning episode (5-10 March 2014) to span between 0.8 

and 7.2 �Pg m-3. On a daily basis our BBOC concentrations are consistent with the estimated 

ranges reported by Ulevicius et al. (2016) for non-fossil primary organic carbon (0.6-6.9  

�Pg m-3 during the period under consideration), showing also a high correlation (R = 0.98). 

TEOA estimates obtained by CMB and marker-PMF always agreed with each other 

within 3�V (Fig. 5.6). The two approaches confirm that TEOA is a minor source (Fig. 5.6). 

Hopane concentrations (used in this work as TEOA treacers), were below DLs (7 pg m-3) 

for 66% of the collected samples. Similarly to NOx, hopanes showed a clear spatial and 

seasonal variability with higher concentrations in Vilnius during winter, suggesting an 

accumulation of traffic emissions in a shallower boundary layer (Fig. 5.3b, NOx data 

available only for Vilnius). During the grass burning event, we observed a peak in the total 
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hopane concentration, and therefore also a peak of the estimated TEOA (2.4 �Pg m-3 

maximum value). This relatively high concentration is most probably due not to a local 

increase of TE, but rather to a regional transport of polluted air masses from neighboring 

countries (Poland and the Russian Kaliningrad enclave). By assuming an OM:OCTEOA ratio 

of 1.2±0.1 (Aiken et al., 2008, Mohr et al., 2008, Docherty et al., 2011, Setyan et al., 2012), 

we determined the corresponding organic carbon content (TEOC). Our TEOC 

concentration was consistently within 3�V with the average fossil primary OC over the 

whole episode estimated by Ulevicius et al. (2016) (0.4-2.1 �Pg m-3), although on a daily 

basis the agreement was relatively poor.  

Overall, offline-AMS source apportionment and marker-PMF returned comparable 

results for BBOA. Similarly the TEOA estimate by markers-PMF and CMB were 

comparable; therefore not surprisingly the two approaches yielded OA concentrations also 

for the other-OA fractions which agreed within 3�V. 

5.4.4.2 Other-OA sources: offline-AMS and marker source apportionment 

comparison 

The marker source apportionment, in comparison to the offline-AMS source 

apportionment enables resolving well-correlated sources (e.g. BBOA and NO3
--related 

SOA) as well as minor sources (e.g. MSA-related SOA and PBOA) because source-

specific markers were used as model inputs. In contrast, the offline-AMS source 

apportionment is capable of resolving OA sources for which no specific markers were 

available such as LOA, which was separated due to the distinct spatial and temporal trends 

of some N-containing AMS fragments. We first briefly summarize the other-OA factor 

concentrations and their site-to-site differences retrieved by the two techniques; 

subsequently we compare the two source apportionment results. 

The other-OAoffline-AMS factor time series are displayed in Fig. A.2.13. The B-OOA factor 

showed relatively stable concentrations throughout the year with 0.9±0.8avg �Pg m-3 during 

summer and 1.1±0.9avg �Pg m-3 during winter. Although B-OOA concentrations were 

relatively stable throughout the year, higher contributions were observed in Preila and 

�5�Ì�J�ã�W�H�O�L�ã�N�L�V�� �F�R�P�S�D�U�H�G�� �W�R�� �9�L�O�Q�L�X�V���� �7�K�H�� �H�[�W�U�H�P�H��average seasonal concentrations were 

between 0.8 and 1.3 �Pg m-3 �D�W�� �5�Ì�J�ã�W�H�O�L�ã�N�L�V�� �G�X�U�L�Q�J�� �I�D�O�O�� �D�Q�G�� �Z�L�Q�W�H�U���� �E�H�W�Z�H�H�Q�� �������� �D�Q�G�� ��������    

�Pg m-3 at Preila during spring and winter, and between 0.4 and 0.6 �Pg m-3 in Vilnius during 

summer and winter. These values do not evidence clear seasonal trends, but do highlight a 

site-to-site variability which will be further discussed in the following. S-OOA instead was 

the largest contributor to total OM during summer with an average concentration of 

1.2±0.8 �Pg m-3, always not different between sites within a confidence interval of 95% 

(two-tails t-test). In contrast, during winter the S-OOA concentration dropped to an average 
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value of 0.3±0.2 �Pg m-3, with 81% of the points not statistically different from 0 �Pg m-3 

within 3�V. Finally, the LOA factor showed statistically significant contributions within 3�V 

only during summer and late spring in Vilnius. Despite its considerable day-to-day 

variability this factor contributed 1.0±0.8 �Pg m-3
avg in Vilnius during summer.  

The marker source apportionment instead attributed 85%avg of the Other-OAmarker mass 

to the SO4
2--related SOA, while NO3

--related SOA, MSA-related SOA, and PBOA 

explained, respectively, 9%avg, 5%avg and 1%avg of the other-OAmarker mass (Fig. A.2.13). 

The SO4
2--related SOA average concentration was 2.4 �Pg m-3 during summer and 1.7       

�Pg m-3 during winter with no significant differences from station to station, suggesting a 

regional origin of the factor. The NO3
--related SOA concentration was 0.4 �Pg m-3

avg during 

winter, only 0.03avg �Pg m-3, during summer, corresponding to 10%avg and 1% of the OA, 

respectively. Moreover, the NO3
--related SOA during winter showed the highest average 

concentrations in Vilnius with 0.5 �Pg m-3 �D�Q�G���W�K�H���O�R�Z�H�V�W���L�Q���5�Ì�J�ã�W�H�O�L�ã�N�L�V���Z�L�W�K�����������Pg m-3
avg. 

The MSA-related SOA instead manifested the highest concentrations during summer with 

an average of 0.12 �Pg m-3
avg. Higher values were observed during summer at the rural 

coastal site of Preila where the average concentration was 0.28 �Pg m-3
avg corresponding to 

10%avg of the OM.  Finally, the PBOA factor exhibited the largest seasonal concentrations 

�G�X�U�L�Q�J���V�S�U�L�Q�J���D�W���W�K�H���U�X�U�D�O���W�H�U�U�H�V�W�U�L�D�O���V�L�W�H���R�I���5�Ì�J�ã�W�H�O�L�ã�N�L�V���Z�L�W�K���D�Q���D�Y�H�U�D�J�H���R�I�������������Pg m-3
avg, 

while the summer average concentration was 0.02 �Pg m-3 consistent with the low PBOA 

estimates reported in Bozzetti et al. (2016) for the submicron fraction during summer. 

Many previous studies reported a source apportionment of organic and inorganic marker 

concentrations (Viana et al., 2008 and references therein). In these studies SO4
2-, NO3

-, and 

NH4
+ were typically used as tracers for secondary aerosol factors commonly associated 

with regional background and long-range transport; here we compare the apportionment of 

the SOA factors obtained from the marker source apportionment and the OOA factors 

separated by the offline-AMS source apportionment. Moreover, contrasting the two source 

apportionments may provide insight into the origin of the OOA factors retrieved from the 

offline-AMS source apportionment, and into the origin of the SOA factors resolved by the 

offline-AMS source apportionment. To our knowledge such an explicit comparison has not 

yet been reported in the literature. 

Table 5.2 reports the correlations between the time series of the other-OAmarker factors 

and the other-OAoffline-AMS factors (Figs. 5.6 and A.2.13). These correlations are mostly 

driven by seasonal trends as none of these sources shows clear spikes except for LOA 

during summer in Vilnius. We use the correlation coefficients to determine which factors 

resolved by the different source apportionment analyses are most closely related, e.g. to 

understand how the different analyses represent SOA. 
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The SO4
2--related SOA explained the largest fraction of the Other-OAmarker mass 

(85%avg), and it was the only Other-OAmarker factor always exceeding the individual 

concentrations of B-OOA and S-OOA, indicating that the variability explained by the SO4
2-

-related SOA in the marker source apportionment is explained by both OOA factors in the 

offline-AMS source apportionment. Moreover, the SO4
2--related SOA seasonality seems 

consistent with the sum of S-OOA and B-OOA with higher concentrations in summer than 

in winter. This observation suggests that the OOA factors resolved by offline-AMS are 

mostly of secondary origin and the SO4
2--related SOA, typically resolved by the marker 

source apportionment, explains the largest fraction of the OOA factors apportioned by 

offline-AMS which includes both biogenic SOA and aged background OA. 

The NO3
--related SOA and the PBOA were mostly related to the B-OOA factor as they 

showed higher correlations with B-OOA than with S-OOA (Table 5.2). The B-OOA factor 

therefore may explain a small fraction of primary sources (PBOA). However, PBOA 

represents only 0.6%avg of the total OA. In detail, the NO3
--related SOA correlation with B-

OOA was poor (R = 0.21), however the correlation with LOA and S-OOA was negative 

(Table 5.2), suggesting that the mass attributed to NO3-related SOA by the marker source 

apportionment was fully attributed to the B-OOA factor in the offline-AMS source 

apportionment. This is also confirmed by the fact that the sum of LOA and S-OOA 

concentrations during winter (when the NO3-related �6�2�$�� �V�X�E�V�W�D�Q�W�L�D�O�O�\�� �F�R�Q�W�U�L�E�X�W�H�V���� �F�D�Q�¶�W��

explain the NO3
--related SOA mass, which therefore has to be attributed to B-OOA.  

 The MSA-related SOA showed the highest correlation with the S-OOA factor, as the 

two sources exhibited the highest concentrations during summer, although the MSA-related 

SOA preferentially contributed at the rural coastal site of Preila. While we already 

discussed the probable secondary biogenic origin of S-OOA, the correlation with the MSA-

related SOA suggests that the S-OOA factor, especially at the rural coastal site of Preila, 

explains also a large fraction of the marine biogenic SOA. The correlation between the two 

factors is therefore not surprising as the precursor emissions (dimethyl sulfide, isoprene 

and terpenes) are strongly related to the temperature leading to higher summer MSA-

related SOA and S-OOA concentrations. Assuming all the MSA-related SOA to be 

explained by the S-OOA factor, we estimate a marine biogenic SOA contribution to S-

OOA of 27%avg during summer at Preila, while this contribution is lower at the other 

stations (12%avg �L�Q�� �5�Ì�J�ã�W�H�O�L�ã�N�L�V�� �G�X�U�L�Q�J�� �V�X�P�P�H�U���� ������ �L�Q�� �9�L�O�Q�L�X�V�� �G�X�U�L�Q�J�� �V�S�U�L�Q�J���� �Qo summer 

data for Vilnius Fig. A.2.13). As already mentioned, here we assume all the MSA-related 

SOA to be related to marine secondary biogenic emissions, but other studies also report 

MSA from terrestrial biogenic emissions (Jardine et al., 2015); moreover a certain fraction 

of the MSA-related SOA can also be explained by the B-OOA factor. Overall these 

findings indicate that the terrestrial sources dominate the S-OOA composition; nevertheless 

the marine SOA sources may represent a non-negligible fraction, especially at the marine 

site. 



Chapter 5. Argon offline-AMS source apportionment of organic aerosol over yearly 

cycles for an urban, rural and marine site in Northern Europe 

82 

Another advantage obtained in coupling the two source apportionment results is the 

possibility to study the robustness of the factor analyses by evaluating the consistency of 

the two approaches as we already discussed for the primary OA and other-OA fractions. 

Figure A.2.14a displays the ratio between PMF modeled WSOC and measured WSOC for 

the offline-AMS case. A clear bias between Vilnius and the rural sites can be observed, 

�Z�L�W�K���D���:�6�2�&���R�Y�H�U�H�V�W�L�P�D�W�L�R�Q���R�I���a�������L�Q���3�U�H�L�O�D���D�Q�G���5�Ì�J�ã�W�H�O�L�ã�N�L�V�����:�K�L�O�H���W�K�L�V���R�Y�H�U�H�V�W�L�P�D�W�L�R�Q��

is negligible for WSOC mass, it might have significant consequences on single factor 

concentrations. By contrast, for the marker source apportionment, OM residuals are more 

homogeneous (Fig. A.2.14a). As we show in Fig. A.2.6, these residuals marginally affect 

the concentration of combustion sources, as suggested by the comparable estimates of 

BBOA and TEOA using the two methods. Therefore, these residuals are more likely 

affecting the concentrations of the non-combustion sources (LOA, S-OOA and B-OOA). 

For the common days, the S-OOA concentration is not statistically different at the different 

stations during summer (confidence interval of 95%), indicating that the residuals are more 

likely affecting LOA and B-OOA, which instead show site-to-site differences. Now, the 

PMF WSOC residuals appear in all seasons, even during periods without significant LOA 

contribution in Vilnius. Therefore, we conclude that B-OOA factor concentration is the 

most significantly affected by the difference in the WSOC residuals. We could best assess 

the residual effects by comparing B-OOAoffline-AMS with B-OOAmarker with the marker 

source apportionment yielding more homogeneous residuals than offline-AMS. Here B-

OOAmarker is estimated as other-OAmarkers - LOA - S-OOA. While B-OOAoffline-AMS 

shows site-to-site differences, B-OOAmarkers did not show statistically different 

concentrations at all stations within a confidence interval of 95%. Based on these 

observations, we conclude that observed site-to-site differences in B-OOA concentrations 

are most likely related to model uncertainties. 

5.4.5 fCO+ vs. fCO2
+ 

Figure 5.7 displays the water-soluble fCO+ vs. fCO2
+ scatter plot. A certain correlation 

(R = 0.63) is seen, with fCO+ values being systematically lower than fCO2
+ (CO2+:CO+: 1st 

quartile 1.50, median 1.75, 3rd quartile 2.01), whereas a 1:1 CO2
+:CO+ ratio is assumed in 

standard AMS/ACSM analyses (Aiken et al., 2008; Canagaratna et al., 2007). Comparing 

the measured CO2
+:CO+ values for the bulk WSOM and for pure gaseous CO2 might 

provide insight into the origin of the CO+ fragment in the AMS. The fragmentation of pure 

gaseous CO2 returned a CO2
+:CO+ ratio of 8.21avg which is significantly higher than our 

findings for the water-soluble bulk OA (1.75med). Assuming thermal decarboxylation of 

organic acids as the only source of CO2
+ does not explain the observed CO2

+:CO+ ratio of 
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1.75med and another large source of CO+ has to be assumed. Therefore, the carboxylic acid 

decarboxylation into CO2 can be considered as a minor source of CO+. 

Figure 5.7b and Fig. 5.8 show that the water-soluble CO2
+:CO+ ratio not only 

systematically differs from 1, but also varies throughout the year with higher CO2
+:CO+ 

values associated with warmer temperatures (Fig. 5.7b). The lower CO2
+:CO+ ratios in 

winter are primarily due to BB, as the WSBBOA (water-soluble BBOA) factor profile 

showed the lowest CO2
+:CO+ ratio (1.20avg) among all the apportioned water-soluble 

factors (2.00avg for B-OOA, 2.70avg for S-OOA, and 2.70avg for LOA). We observed a 

seasonal variation of the CO2
+:CO+ ratio for the water-soluble OOA (S-OOA + B-OOA) 

mass spectral fingerprint as well. The CO2
+:CO+ ratio was slightly lower for B-OOA than 

for S-OOA (2.00avg for B-OOA, 2.70 for S-OOA). The low S-OOA relative contribution 

during winter (Fig. 5.3) is consistent with the fact that the total OOA showed a slightly 

lower CO2
+:CO+ ratio during winter than in summer (Fig. A.2.15), indicating that the OOA 

mass spectral fingerprint evolves over the year, possibly because of different precursor 

concentrations and different photochemical activity.  

 

Figure 5.7. a) Water-soluble fCO2
+ vs. fCO+ scatter plot. The color code denotes the average 

daily temperature [°C], diamonds indicate the fCO2
+/fCO+ ratio for different PMF factor profiles. 

�7�K�H�� �������� �O�L�Q�H�� �L�V�� �G�L�V�S�O�D�\�H�G�� �L�Q�� �U�H�G���� �)�H�Z�� �S�R�L�Q�W�V�� �I�U�R�P�� �5�Ì�J�ã�W�H�O�L�ã�N�L�V�� �O�L�H�� �R�X�W�V�L�G�H�� �W�K�H�� �W�U�L�D�Q�J�O�H���� �V�X�J�J�H�V�W�L�Q�J��
they are not well explained by our PMF model. However, Fig. A.2.5 displays flat residuals for 
�5�Ì�J�ã�W�H�O�L�ã�N�L�V�����L�Q�G�L�F�Dting an overall good WSOM explained variability by the model. b) Water-soluble 
fC2H3O

+ vs. fCO+ scatter plot. The color code denotes the average daily temperature [°C] c) Scatter 
plot of the water-soluble CO2+ to CO+ ratio vs. average daily temperature. The grey code denotes 
fC2H4O2

+. 
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Figure 5.8. Time-dependent fractional contributions (f) of typical AMS tracers. 

 

Fig. 5.7a shows that most of the measured {fCO+;fCO2
+} combinations lies within the 

triangle defined by the BBOA, S-OOA and B-OOA {fCO+;fCO2
+} combinations. The LOA 

factor {fCO+;fCO2
+} combination lies within the triangle as well, but it is anyway a minor 

source and thus unlikely to contribute to the CO2
+/CO+ variability. We parameterized the 

CO+ variability as a function of the CO2
+ and C2H4O2

+ fragment variabilities using a multi-

parameter fit according to Eq. (5.8). CO2
+ and C2H4O2

+ were chosen as B-OOA and BBOA 

tracers, respectively, with B-OOA and BBOA being the factors that explained the largest 

fraction of the fCO+ variability (85% together). 

CO+
i � ���D�Â���&�22

+
i�����E�Â���&2H4O2

+
i
       (5.8) 

Although this parameterization is derived from the WSOM fraction CO2
+, C2H4O2

+, and 

CO+ originate from the fragmentation of oxygenated, i.e., mostly water-soluble 

compounds. Accordingly, this parameterization might also well represent the total bulk OA 

(as the offline-AMS recoveries of these oxygenated fragments are relatively similar: �4�¼�È�.
�6 

= 0.74, �4�¼�. �Á�0�È�.
�6 = 0.61; Daellenbach et al., 2016). Note that this parameterization may 

represent very well the variation of CO+ in an environment impacted by BBOA and OOA, 

but it should be used with caution when other sources (such as COA) may contribute to 

CO+, CO2
+, and C2H4O2

+. In order to check the applicability of this parameterization to a 

PMF output, we recommend monitoring the CO2
+ and C2H4O2

+ variability explained by the 

OOA and BBOA factors. In case a large part of the CO2
+ and C2H4O2

+ variability is 

explained by OOA and BBOA, the parameterization should return accurate CO+ values. 

The coefficients a and b of Eq. (5.8) were determined as 0.52 and 1.39, respectively, while 

the average fit residuals were estimated to be equal to 10% (Fig. A.2.16). In contrast, 

0.12

0.08

0.04

fCO
+

01.11.2013 01.01.2014 01.03.2014 01.05.2014 01.07.2014 01.09.2014

25x10
-3

20
15
10
5
0

fC2H4O2
+

0.25

0.20

0.15

0.10

0.05

fCO2
+

0.12
0.10
0.08
0.06
0.04

fC2H3O
+

1.2

0.8

0.4

0.0

C2H3O
+

 / CO2
+

2.5

2.0

1.5

1.0

CO2
+ / CO+

 Vilnius
 Preila
 Rugsteliskes

 CO
+
/CO2

+
 ratio according to

 the standard fragmentation table 
 (Aiken et al., 2008)



Chapter 5. Argon offline-AMS source apportionment of organic aerosol over yearly 

cycles for an urban, rural and marine site in Northern Europe 

85 

parameterizing CO+ as proportional to CO2
+ only (as done in the standard AMS analysis 

scheme with coefficients updated to the linear fit between CO+ and CO2
+ (1.75)) yielded 

20%avg residuals, indicating that such a univariate function describes the CO+ variation less 

precisely. 

An alternative parameterization is presented in the Section A.2 in which the 

contribution of moderately oxygenated species (such as S-OOA) to CO+ was also 

considered by using C2H3O
+ as an independent variable. We show that the dependence of 

CO+ on C2H3O
+ is statistically significant (Fig. 5.7b) as also suggested by the PMF results 

(S-OOA contributes 12% to the CO+ variability). However, the parameter relating CO+ to 

C2H3O
+ is negative, because the CO+:CO2

+ and CO+:C2H4O2
+ ratios are lower in 

moderately oxygenated species compared to species present in BBOA and B-OOA. While 

this parameterization captures the variability of CO+ across the seasons better compared to 

a two-parameter fit for the present dataset, it may be more prone to biases in other 

environments due to the unknown contributions of other factors to C2H3O
+

.  For example, 

cooking-influenced organic aerosol (COA) often accounts for a significant fraction of 

C2H3O
+. For ambient datasets we propose the use of CO2

+ and C2H4O2
+ only, which may 

capture less variation but is also less prone to biases. Although our results suggest that the 

available CO+ and O:C estimates (Aiken et al., 2008; Canagaratna et al., 2015) may not 

capture the CO+ variability well, our CO+ parameterization should not be applied to 

calculate the O:C ratios or recalculate the OA mass from AMS datasets, as those are 

calibrated assuming a standard fragmentation table (i.e. CO2
+ = CO+).  

In a recent work, Canagaratna et al. (2015) reported the Ar nebulization of water soluble 

single compounds to study the HR-AMS mass spectral fingerprints in order to improve the 

calculation of O:C and OM:OC ratios. Following the same procedure, we nebulized a 

subset of the same standard compounds including malic acid, azalaic acid, citric acid, 

tartaric acid, cis-pinonic acid, and D(+)-mannose. We obtained comparable CO2
+:CO+ 

ratios (within 10%) to those of Canagaratna et al. (2015) for all the analyzed compounds, 

highlighting the comparability of results across different instruments. With the exception of 

some multifunctional compounds (citric acid, malic acid tartaric acid, ketobutyric acid, 

hydroxyl methylglutaric acid, pyruvic acid, oxaloacetic acid, tartaric acid, oxalic acid and 

malonic acid), the water-soluble single compounds analyzed by Canagaratna et al. (2015) 

mostly showed CO2
+:CO+ ratios < 1, systematically lower than the CO2

+:CO+ ratios 

measured for the bulk WSOM in Lithuania (1st quartile 1.50, median 1.75, 3rd quartile 

2.01), which represents a large fraction of the total OM (bulk EE: median = 0.59, 1st 

quartile = 0.51, 3rd quartile = 0.72). Considering the relatively high extraction efficiency, 

and considering that the CO+ and CO2
+ fragmentation precursors tend to be more water-

soluble than the bulk OA, the aforementioned compounds could be representative of a large 

part of the CO+ and CO2
+ fragmentation precursors. This indicates that the selection of 
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appropriate reference compounds for ambient OA is nontrivial, and the investigation of 

multifunctional compounds is of high importance.  

 

 Conclusions 5.5

PM1 filter samples were collected over an entire year (November 2013 to October 2014) 

at three different stations in Lithuania. Filters were analyzed by water extraction followed 

by nebulization of the liquid extracts and subsequent measurement of the generated aerosol 

with an HR-ToF-AMS (Daellenbach et al., 2016). For the first time, the nebulization step 

was conducted in Ar, enabling direct measurement of the CO+ ion, which is typically 

masked by N2
+ in ambient air and assumed to be equal to CO2

+ (Aiken et al., 2008). 

CO2
+:CO+ values > 1 were systematically observed, with a mean ratio of 1.7±0.3. This is 

likely an upper limit for ambient aerosol, as only the water-soluble OM fraction is 

measured by the offline-AMS technique. CO+ concentrations were parameterized as a 

function of CO2
+, and C2H4O2

+, and this two-variable parameterization showed a superior 

performance to a parameterization based on CO2
+ alone, because CO+ and CO2

+ show 

different seasonal trends. 

PMF analysis was conducted on both the offline-AMS data described above and a set of 

molecular markers together with total OM. Biomass burning was found to be the largest 

OM source in winter, while secondary OA was largest in summer. However, higher 

concentrations of primary anthropogenic tracers (levoglucosan for BBOA and hopanes for 

traffic) were found at the urban background station of Vilnius. The offline-AMS and 

marker-based analyses also identified local emissions and primary biological particles, 

respectively, as factors with low overall but episodically important contributions to PM. 

Both methods showed traffic exhaust emissions to be only minor contributors to the total 

OM; which is not surprising given the distance of the three sampling stations from busy 

roads. 

The two PMF analyses apportioned SOA to sources in different ways. The offline-AMS 

data yielded factors related to regional background (B-OOA) and temperature-driven 

(likely biogenic-influenced) emissions (S-OOA), while the marker-PMF yielded factors 

related to nitrate, sulfate, and MSA. For the offline-AMS PMF, S-OOA was the dominant 

factor in summer and showed a positive exponential correlation with the average daily 

temperature, similar to the behavior observed by Leaitch et al. (2011) in a Canadian boreal 

forest. Combining the two source apportionment techniques suggests that the S-OOA factor 

includes contributions from both terrestrial and marine secondary biogenic sources, while 

only small PBOA contributions to submicron OOA factors are possible. The analysis 

highlights the importance of regional meteorological conditions on air pollution in the 
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southeastern Baltic region, as evidenced by simultaneously high BBOA levels at the three 

stations during three different episodes in winter and by statistically similar S-OOA 

concentrations across the three stations during summer. 
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Abstract 

We investigated the seasonal trends of OA sources affecting the air quality of Marseille 

(France) which is the largest harbor of the Mediterranean Sea. This was achieved by 

measurements of nebulized filter extracts using an aerosol mass spectrometer (offline-

AMS). In total, 216 PM2.5 (particulate matter with an aerodynamic diameter < 2.5 �Pm) 

filter samples were collected over 1 year from August 2011 to July 2012. These filters were 

used to create 54 composite samples which were analyzed by offline-AMS. The same 

samples were also analyzed for major water-soluble ions, metals, elemental and organic 

carbon (EC/OC), and organic markers, including n-alkanes, hopanes, polyaromatic 

hydrocarbons (PAHs), lignin and cellulose pyrolysis products and nitrocatechols. The 

application of positive matrix factorization (PMF) to the water-soluble AMS spectra 

enabled the extraction of five factors, related to hydrocarbon-like OA (HOA), cooking OA 

(COA), biomass burning OA (BBOA), oxygenated OA (OOA), and an industry-related OA 

(INDOA). Seasonal trends and relative contributions of OA sources were compared with 

the source apportionment of OA spectra collected from the AMS field deployment at the 

same station but in different years and for shorter monitoring periods (February 2011 and 

July 2008). Online- and offline-AMS source apportionment revealed comparable seasonal 

contribution of the different OA sources. Results revealed that BBOA was the dominant 

source during winter representing on average 48% of the OA, while during summer the 

main OA component was OOA (63% of OA mass on average). HOA related to traffic 

emissions contributed on a yearly average 17% to the OA mass, while COA was a minor 

source contributing 4%. The contribution of INDOA was enhanced during winter (17% 

during winter and 11% during summer), consistent with an increased contribution from 

light alkanes, light PAHs (fluoranthene, pyrene, phenanthrene) and selenium, which is 

commonly considered as an unique coal combustion and coke production marker. Online- 

and offline-AMS source apportionments revealed evolving levoglucosan:BBOA ratios, 

which were higher during late autumn and March. A similar seasonality was observed in 

the ratios of cellulose combustion markers to lignin combustion markers, highlighting the 

contribution from cellulose-rich biomass combustion, possibly related to agricultural 

activities.  

 

 

 Introduction  6.1

Outdoor particulate air pollution is estimated to be responsible for approximately 3.3 

million premature deaths each year worldwide, and this number is projected to double by 
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2050 (Lelieveld et al., 2015). Organic aerosols (OA) can contribute up to 90% of the PM1 

(Jimenez et al., 2009), therefore understanding their main emission sources and formation 

processes is a key prerequisite for the development of appropriate mitigation policies.  

In the Mediterranean basin, sources and trends of OA remain scarcely investigated, 

despite their deleterious impact in such a densely populated region. The Mediterranean 

region is characterized by an intense photochemistry during summer. Not surprisingly, the 

majority of the OA source apportionment studies conducted in the region using aerosol 

mass spectrometry (AMS, Canagaratna et al., 2007) focused on the summer period (e.g., El 

Haddad et al., 2013; Minguillón et al., 2011, 2016; Hildebrandt et al., 2011). Through 

positive matrix factorization (PMF) techniques, these studies revealed that during summer 

the oxygenated organic aerosol (OOA) fraction formed by oxidation of gaseous precursors, 

represented the largest part of OA. Amongst these studies, the field deployment of the 

AMS in Marseille, the largest port in the Mediterranean, has demonstrated that this 

instrument is well suited for quantifying the contribution of industrial emissions (El 

Haddad et al., 2013). In that work, the industrial OA factor was identified by the high 

correlation with heavy metals and AMS-polycyclic aromatic hydrocarbons (AMS-PAHs), 

moreover strong increments of the industrial factor concentrations were systematically 

observed when winds shifted to the west-south west, consistent with back-trajectory 

analysis highlighting the transport of industrial emissions from an industrial pole. Overall 

the industry-related OA contributed on average 7% of the bulk OA mass (El Haddad et al., 

2011; 2013). However, these results were limited to 2 weeks of measurements during 

summer while the contribution of industrial emissions during the rest of the year remains 

unknown.   

There is a general paucity of AMS and aerosol chemical speciation monitor (ACSM) 

datasets in the Mediterranean region during winter. Exceptions include AMS campaigns 

(Mohr et al. 2012; Hildebrandt et al., 2011) covering a few weeks during late winter-early 

spring, and studies with an ACSM (e.g., Minguillón et al., 2015). The measurement of 

organic markers and elements (e.g., Salameh et al., 2015; Reche et al., 2012) at different 

stations indicate a substantial contribution from biomass burning (BB). However, the 

sources and chemical composition of this fraction and its evolution during the year remain 

uncertain. Modeling results within the European Monitoring and Evaluation Programme 

(EMEP) have shown that the south of France, together with Portugal, can be a major 

hotspot in Europe for OA during February-March, possibly due to agricultural fires 

(Dernier van der Gon et al., 2015; Fountoukis et al., 2014). In this region, biomass burning 

OA (BBOA) can derive from various processes such as agricultural land clearing activities, 

wildfires, and domestic heating and therefore may have a variable chemical composition.  
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The current study capitalizes on the AMS measurements of offline samples collected 

over one year (2011-2012) in Marseille, an ideal environment for the characterization of 

urban emissions from biomass burning, traffic and industrial activities and their 

transformation under high photochemical activity. The source apportionment results 

obtained from PMF applied to the OA mass spectra are corroborated using a 

comprehensive set of offline measurements including elemental and organic carbon 

(EC/OC) measurements, as well as measurements of elements by inductively coupled 

plasma mass spectrometry (ICP-MS), of molecular markers by gas chromatography mass 

spectrometry (GC-MS) and ultra-performance liquid chromatography mass spectrometry 

(UPLC-MS), and of major ions by ion chromatography (IC). We mainly focus on the 

sources and trends of winter OA and therefore we additionally analyzed an online AMS 

dataset acquired at the same location during the winter of the previous year. The 

comparison of online- and offline-AMS data, and organic marker concentrations enables an 

in-depth characterization of OA sources in Marseille, and in particular the identification of 

the main processes by which biomass smoke is emitted and transformed in this region.  

 

 

 Methods 6.2

6.2.1 Site description  

Marseille is the second largest city in France with more than 1 million inhabitants 

(2010). It hosts the largest harbor in France and in the Mediterranean Sea. Many port-

related industries, especially petrochemical companies, are located in a big cluster. These 

facilities are situated about 40 km NW from the city and include steel facilities, coke 

production plants, oil storing, refining plants, and several shipyards. The Marseille 

commercial harbor is located in the vicinity of this industrial cluster and represents the 

third-largest harbor of the world for crude oil storage and treatment. During summer, 

typical wind patterns in the city of Marseille favor the transport of polluted air masses from 

the industrial cluster to the city, including the sea breeze and the light Mistral wind from 

the Rhône valley. At night, the land breeze may transport air masses from an agricultural 

valley located east of the sampling site. A more detailed description of wind patterns in 

Marseille can be found in Drobinski et al. (2007) and Flaounas et al. (2009). The sampling 

location is classified as an urban background station and is situated in the urban park Cinq 

Avenue in a traffic-�I�U�H�H���]�R�Q�H���Q�H�D�U���W�K�H���F�L�W�\���F�H�Q�W�H�U���������ƒ�����¶�����¶�¶���1�������ƒ�����¶�����¶�¶�(�����������P���D���V���O�������� 
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6.2.2 Yearly cycle dataset 

Sample collection. In total, 216 24-h (from midnight-to-midnight) integrated PM2.5 pre-

baked (500°C for 3 h) quartz fiber filters (150 mm diameter, Tissuquartz) were collected 

between 30 July 2011 and 20 July 2012 using a high-volume sampler (Digitel DA80) 

operated at 500 L min-1 (Batch 1). Filter samples were subsequently wrapped in aluminum 

foil, sealed in polyethylene bags and stored at -18°C.  

Offline-AMS analysis. This work discusses the offline-AMS analysis of 55 composite 

samples (created from the batch of 216 PM2.5 filters collected) which were analyzed by 

Salameh et al. (submitted) for major ions, molecular markers and elements (Table A.3.1). A 

thorough description of the offline-AMS analysis can be found in Daellenbach et al. 

(2016). One punch per filter sample (from 5 to 25 mm diameter depending on the filter 

loading and on the number of punches per composite sample) was prepared for analysis. 

Punches from the same composite sample were extracted together in 15 mL of ultrapure 

water (18.2 M�:  cm, total organic carbon < 5ppb, 25°C) in an ultrasonic bath for 20 min at 

30°C. After extraction, filters were vortexed for 1 min, and the resulting liquids were 

filtered with 0.45 �Pm nylon membrane syringe filters. 

The generated liquid extracts were atomized in air using a custom-made two-nozzle 

nebulizer. The generated aerosol was dried using a silica gel diffusion drier and then 

measured by a high-resolution time-of-flight AMS (HR-ToF-AMS, running in V-mode). In 

the AMS, particles are flash vaporized (600°C) and the resulting gas is then ionized by 

electron impact  (EI, 70eV), yielding quantitative mass spectra of the non-refractory 

submicron aerosol components, including OA, NO3
-, SO4

2-, NH4
+, and Cl-. A detailed 

description of the AMS operating principles, calibration protocols, and analysis procedures 

are provided by DeCarlo et al. (2006). In total about 10 mass spectra (mass range 12-300 

Da, 60 sec averaging time) were collected per composite sample. Between each sample, a 

measurement blank was recorded via nebulization of ultra-pure water to minimize and 

monitor the possible memory effects of the system. In total five mass spectra were 

collected per each measurement blank. Offline-AMS data were processed and analyzed 

using the HR-ToF-AMS analysis software SQUIRREL (Sequential Igor data Retrieval) 

v.1.52L and PIKA (Peak Integration by Key Analysis) v.1.11L for IGOR Pro software 

package (Wavemetrics, Inc., Portland, OR, USA). HR analysis of the mass spectra was 

performed in the mass range 12-115 Da and in total 217 ion fragments were fitted. 
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The interference of NH4NO3 on the CO2
+ signal was corrected according to Pieber et al. 

(2016) as follows: 
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 correction factor was 2.5% as determined from 

aqueous NH4NO3 measurements conducted regularly during the measurement period. 

Other offline measurements. A complete list of the measurements performed can be 

found in Table A.3.1. To summarize, major ions (Ca2+, Mg2+, K+, Na+, NH4
+, NO3

-, SO4
2-, 

Cl-, oxalate, malate, succinate, and malonate) were measured by IC according to the 

methodology described by Jaffrezo et al. (1998). A subset of the filters was selected for 

CO3
2- quantification following the method described by Karanasiou et al. (2011). The 

method encompasses the fumigation of the filter samples with HCl. The CO2 evolved by 

this acidification of the carbonates deposited on the filters is detected by thermal-optical 

transmittance determination. The CO3
2- measurements agreed fairly well with the CO3

2- 

estimate from ion balance calculations based on IC data (Fig. A.3.1). In the following 

discussion, ion concentrations from filter samples always refer to the IC measurements 

unless otherwise specified. 

EC and OC were determined for each filter by thermal-optical transmittance using a 

Sunset Lab analyzer (Birch and Cary, 1996) following the EUSAAR2 protocol (Cavalli et 

al., 2010). The CO3
2- concentration determined from the IC ion balance was then subtracted 

from OC concentration. The water-soluble OC (WSOC) was measured with a total organic 

carbon analyzer (TOC) following the methodology described in Bozzetti et al. (2016) and 

references therein. Before the analyses, the liquid extracts were treated with a 2 M HCl 

solution for 1-30 min to remove the inorganic C fraction. Total nitrogen was determined 

using a TOC analyzer combustion tube. The NO2 generated from the water-soluble (WS) N 

decomposition was detected by a chemiluminescence TNM-1 unit detector. Organic 

markers were measured via GC-MS analysis, following the methodology described in El 

Haddad et al. (2009; 2011), Favez et al. (2010) and Piot et al. (2012). In total 15 different 

PAHs, 19 alkanes (C19-C36), 8 hopanes, 5 phthalate esters,  levoglucosan, 6 lignin 

pyrolysis compounds, 6 fatty acids, and 3 sterols were determined (Table A.3.1). 33 

chemical elements (Table A.3.1) were quantified using ICP-MS according to the procedure 

described in Chauvel et al. (2010) and the modifications suggested in El Haddad et al. 

(2011). A subset of 20 composite samples was selected for the quantification of methyl-
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nitrocatechol isomers (Table A.3.1) via ultra performance liquid chromatography coupled 

with an electro spray ionization �± ToF - MS (UPLC-ESI-ToF-MS), following the 

procedure described in Iinuma et al. (2010).  

  

6.2.3 Intensive winter campaign 

A HR-ToF-AMS was deployed at the same station (urban park Cinq Avenue) between 

25 January 2011 and 2 March 2011 to monitor the real-time NR-PM1 aerosol chemical 

composition. Although February 2011 is not included in the sampling period covered by 

offline-AMS, these online measurements nonetheless provide a good opportunity to 

compare the separation, relative contributions and winter seasonal trends of the OA sources 

retrieved by the offline- and online-AMS source apportionment procedures. Summer 

offline-AMS results were instead compared with online-AMS source apportionment results 

reported by El Haddad et al. (2013). The AMS was operated with an averaging time of 8 

minutes, and in total 5633 mass spectra were collected during the monitoring period. We 

performed an ionization efficiency (IE) calibration by NH4NO3 nebulization, and the 

�U�H�V�X�O�W�L�Q�J�� �,�(�� �Y�D�O�X�H���R�I�����������Â����-7 was applied to the dataset. The standard relative ionization 

(RIE) efficiency was assumed for organics (1.4), SO4
2- (1.2), NH4

+ (4) and Cl- (1.3), while 

the collection efficiency (CE) was estimated using the composition-dependent collection 

efficiency model (Middlebrook et al., 2012). Total AMS-PAHs were estimated from AMS 

data according to Dzepina et al. (2007).  

Similarly to offline-AMS, online-AMS data were also processed and analyzed using 

HR-ToF-AMS Analysis software SQUIRREL v.1.52L and PIKA (Peak Integration by Key 

Analysis) v.1.11L for IGOR Pro software package (Wavemetrics, Inc., Portland, OR, 

USA). HR analysis of the mass spectra was performed in the mass range 12-115 Da and in 

total 215 ion fragments were fitted.  

A NOx analyzer was run in parallel to the AMS to monitor the real-time NOx 

concentration. A set of pre-baked (500°C for 3h) 24-h integrated PM2.5 filter samples was 

also collected during this campaign (Batch 2) following the same sampling and storage 

procedure described in Section 6.2.2. Filters were analyzed for major ions, metals, EC/OC, 

and organic markers, including n-alkanes, hopanes, PAHs, lignin and cellulose pyrolysis 

products using the techniques previously described in Section 6.2.2 (Table A.3.1). 
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 Table 6.1 Monitoring periods.       

6.2.4 Source apportionment 

Implementation. The online- and offline-AMS source apportionment results discussed 

in this work were obtained from PMF analysis (Paatero and Tapper, 1994) of AMS spectra 

using the Multilinear Engine (ME-2; Paatero 1999). The Source Finder toolkit (SoFi, 

Canonaco et al., 2013, v.5.1) for Igor Pro (Wavemetrics, Inc., Portland, OR, USA) served 

as interface for data input and result evaluation. PMF is a multilinear statistical tool used to 

describe the variability of a multivariate dataset as the linear combination of static factor 

profiles times their corresponding time series, as described in Eq. 6.2: 

�T�Ü�á�Ý
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Here xi,j, gi,z, fz,j, and ei,j represent respectively elements of the data matrix, factor time 

series matrix, factor profile matrix and residual matrix, while subscripts i,j  and z denote 

time elements, variables (in our case AMS fragments), and discrete factor numbers, 

respectively. p represents the total number of factors selected by the user for current given 

PMF solution. The PMF algorithm returns only gi,z and fz,j �Y�D�O�X�H�V���•���������D�Q�G���V�R�O�Y�H�V���(�T����6.2 by 

minimizing the object function Q, defined as: 
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Here si,j is an element of the error input matrix. PMF is subject to rotational ambiguity, 

i.e. different G�žF combinations characterized by the same Q can exist. The ME-2 

implementation of the PMF algorithm offers an efficient exploration of the solution space 

by directing the solution toward environmentally meaningful rotations by constraining the 

factor profile elements fz,j for one or more z factors. In the a value implementation of ME-2, 

the elements of the factor profile matrix F (in our case AMS fragments) are forced to 

predefined values fz,j allowing a certain variability defined by the a value, such that the 

modeled element fz,j�¶ satisfies Eq. 6.4: 
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       (6.4) 

where n and m represent any two arbitrary variables in the normalized F matrix. A 

complete description of the a value approach can be found elsewhere (Canonaco et al., 

2013). 

Online-AMS Offline-AMS 

28 January 2011 �± 02 March 2011 30 July 2011 �± 20 July 2012 
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For the offline�±AMS source apportionment, the PMF input data matrix was constructed 

as follows: each composite sample is represented by approximately 10 time points i, 

corresponding to the ~10 mass spectra collected per filter sample (section 6.2.4). Each 

point of the data matrix is subtracted by the average corresponding measurement blank.  

The error matrices were instead constructed as follows. For online-AMS source 

apportionment, the error matrix elements si,j were calculated according to Allan et al. 

(2003) and Ulbrich et al. (2009) and included the uncertainty deriving from electronic 

noise, ion-to-ion variability at the detector, and ion counting statistics. si,j included also a 

minimum error which was applied according to Ulbrich et al. (2009). For the offline-AMS 

source apportionment, the error term �Gi,j was calculated in the same way, but a further term 

(�Vi,j) including the blank subtraction uncertainty was propagated according to Eq. 6.5: 

�O�Ü�á�Ý
L��
§�G�Ü�á�Ý
�6 
E�V�Ü�á�Ý

�6         (6.5) 

Finally for both online- and offline-AMS we applied a down-weighing factor of 3 to all 

variables with an average signal to an average error ratio lower than 2 (Ulbrich et al., 

2009). No variable with an average signal to error value lower than 0.2 was detected.  

Dust and ash can contain significant amount of inorganic CO3
2-. Both the IC balance 

and the CO3
2- measurements revealed non-negligible contributions from CO3

2- in the PM2.5 

fraction (Fig. A.3.1). Preliminary PMF results also resolved a factor correlating with Ca2+ 

(A.3) which was characterized by high fCO2
+, suggesting a possible solubilization of CO3

2- 

from dust which could affect the OA mass spectral fingerprint. Overall, as discussed in the 

section A.3, we could not achieve a clear inorganic dust separation using PMF, and thus we 

opted for a correction of the PMF input matrices. The measured pH of our filter extracts 

was never > 8, and therefore we can exclude the presence of CO3
2- in the extracts, and 

assume all solubilized CO3
2- to exist as HCO3

-. Direct measurements of nebulized standard 

NaHCO3 aqueous solutions revealed that thermal decomposition of HCO3
- on the AMS 

vaporizer (600°C) releases CO2 (Fig. A.3.2). Currently no HCO3
- correction for the OA 

spectra is implemented in the standard AMS fragmentation table (Aiken et al., 2008), 

therefore the measured CO2
+ signal needs to be subtracted from the OA AMS spectra. 

Offline-AMS PMF input matrices were corrected for HCO3
- and rescaled for WSOMi       

(= WSOCTOC�Â(OM:OC) offline-AMS)i according to the procedure described in section A.3. 

Online-AMS source apportionment optimization. In the following we describe the 

optimization of the online-AMS source apportionment results. In order to optimize the 

source separation we performed sensitivity analyses on PMF solutions. We adopted 

different optimization strategies for online- and offline-AMS source apportionments 

(Appendix Section A.3) as we encountered dissimilar mixing between sources. This is not 
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surprising as the two methods are characterized by different time resolution and different 

monitoring time extension (1 year for offline-AMS, 1 month for online-AMS), which in 

turn results in different variabilities apportioned by the PMF algorithm (daily for online-

AMS vs. seasonal for offline-AMS). 

In order to optimize the source separation, we performed sensitivity analyses on PMF 

solutions according to the following scheme: 

I) Number of factors are selected based on residual analysis.  

II)  Qualitative evaluation of the unconstrained PMF solution in comparison with 

the constrained PMF solutions is performed (a value approach: cooking OA 

(COA) and/or hydrocarbon-like OA (HOA) constraints) 

III)  Both the HOA and COA factors profiles are contrained by adopting an a value 

approach. a value sensitivity analysis (121 PMF runs performed scanning all the 

COA and HOA a value combinations, a value scanning steps: 0.1). 

IV)  The 121 PMF runs are classified based on the cluster analysis of the COA 

diurnal cycles; the best clusters, and corresponding PMF solutions, are selected.  

V) PMF rotational ambiguity exploration. 100 bootstrap (Davison and Hinkley, 

1997; Brown et al., 2015) PMF runs were performed by simultaneously varying 

the COA and HOA a value combinations (using only the optimal a value 

combinations identified from step IV). The average of the 200 bootstrap runs 

represented the online-AMS source apportionment average solution. The 

corresponding standard deviation represents the source apportionment 

uncertainty. 

For online-AMS we selected a 4-factors solution based on residual analysis. We 

investigated the time-dependent Q(t)/Qexp(t) evolution when increasing the number of 

factors. Q/Qexp is defined as the ratio between Q (as defined in Eq. 6.3) and the remaining 

degrees of freedom of the model solution (Qexp) calculated as �L�Ä�M-(j+i)p  (Canonaco et al., 

2013). A decrease of the Q/Qexp, from lower- to higher-order solutions indicates an 

improvement in the variation explained by the model. In particular we calculated the 

�' (Q/Qexp(t)) obtained as the difference between the Q/Qexp(t) for a (z)�±factor solution minus 

the Q/Qexp(t) value obtained from the (z-1)�±factor solutions, where z indicates the number 

of factors. We observed a large reduction of �' (Q/Qexp(t)) until 4 factors (Fig. A.3.4). 

Higher-order solutions provided only minor contributions to the explained variability and 

in terms of solution interpretability resulted in a splitting of primary sources which could 

not be unambiguously associated to specific aerosol sources or processes. Using an a value 

approach, we constrained HOA and COA profiles from Mohr et al. (2012) and Crippa et al. 
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(2013b), respectively. Leaving COA and/or HOA unconstrained enabled resolving COA 

only by increasing the number of factors (more than 5 factors) while in the 4-factor 

solutions we observed a splitting of an OOA factor which could not be attributed to 

specific processes. Unconstrained PMF yielded HOA and COA time series correlated well 

with the constrained solutions; however in the unconstrained case, HOA and COA factor 

profiles showed higher fCO2
+ in comparison to literature studies (Crippa et al., 2013b; 

Mohr et al., 2012; Mohr et al., 2009; Bruns et al., 2015; Docherty et al., 2011; Setyan et al., 

2012; He et al., 2010) and in comparison to the constrained PMF runs. This in turn resulted 

in higher HOA and COA concentrations, with background night concentrations 2-3 times 

higher than in the constrained solutions, possibly indicative of mixing with oxidized 

aerosols (Fig. A.3.5). Similar differences between constrained and unconstrained PMF runs 

were also observed in Elser et al. (2016). Also the HOA:NOx ratio (�Pg m-3/�Pg m-3) matched 

typical literature values reported for France (0.02 Favez et al., 2010) in the constrained 

PMF case (0.023), while for the unconstrained approach it showed higher values (0.033). 

For both offline- and online-AMS the constrained HOA profiles were from Mohr et al. 

(2012), while the COA profiles were from Crippa et al. (2013b). The HOA profile from 

Mohr et al. (2012) was selected for offline-AMS consistently with Daellenbach et al. 

(2016), since the same factor recovery distributions were applied in this work. The same 

profile was applied to online-AMS for consistency. Overall, as discussed in Section A.3, 

the HOA profiles from literature showed high cosine similarities with each other, 

indicating that the AMS mass spectral fingerprints from traffic exhaust are relatively stable 

from station to station and consistent also with direct emission studies, making the 

selection of the constrained factor profiles not crucial. More variability instead is observed 

among COA literature profiles. For COA we selected the profile from Crippa et al. (2013b) 

which showed the lowest fC2H4O2
+ value among the considered ambient literature spectra 

(Crippa et al., 2013b; Mohr et al., 2012). This guaranteed a better separation of COA from 

BBOA, as C2H4O2
+ is strongly related to levoglucosan fragmentation (Alfarra et al., 2007). 

 An a value sensitivity analysis was performed by scanning all possible a value 

combinations for HOA and COA by an a value range 0-1 with a step size of 0.1. In order to 

optimize the source apportionment results, we retained only the PMF solutions satisfying 

an acceptance criterion described hereafter.  

PMF factors were associated to specific aerosol emissions/processes based on mass 

spectral features, diurnal cycles, and time series correlations with tracers. The identified 

factors were associated to traffic (HOA), cooking (COA), biomass burning (BBOA), and 

OOA. A thorough interpretation of the PMF factors will be discussed in Section 6.3.1. 
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Given the absence of widely accepted tracers for COA emissions, the optimization of the 

COA contributions was based on the analysis of the COA diurnal cycles. From the HOA 

and COA a value sensitivity analysis we obtained a set of 121 PMF solutions each one 

including both factor profiles and factor time series. PMF solutions obtained in this way 

were categorized according to a cluster analysis of the normalized COA diurnal cycles 

(Elser et al., 2016 and references therein). The k-means clustering approach enables 

classifying the PMF solutions into k clusters by minimizing a cost function (C): 

C = �6 i,z(( xi-µz,i )
2)        (6.6) 

where C represents the sum of the Euclidian distances between each observation (xi) and 

its respective cluster center (µzi), according to Eq. 6.6. 

The number of clusters (k) that best represents the data is a critical choice in order to 

perform a proper cluster analysis. The addition of a cluster (k+1) on one hand adds 

complexity to the solution but on the other hand decreases the cost function. A typical 

strategy to select the right number of clusters is to explicitly penalize the addition of new 

clusters by using Bayesian information criteria. This approach consists in adding a penalty 

term to Eq. 6.6 proportional to the number of clusters (k):  

C�µ = �6 i,z(( xi-µz,i )
2) + k�Âln(D)         (6.7) 

where D denotes the dimensionality of the clusters (24 in our case, as we consider 

diurnal cycles with hourly time resolution). In this study the C�¶�� �I�X�Q�F�W�L�R�Q�� �V�K�R�Z�H�G�� �W�K�H��

minimum at 5 clusters (Fig. A.3.6). The absence of convexity properties (i.e. several local 

minima can exist and the solution strongly depends on the initialization) represents a 

possible drawback of the k-means algorithm, therefore 100 random initializations of the k-

means algorithm were conducted.  

The best clusters were selected based on a novel statistical analysis of the HOA, COA 

and BBOA average cluster spectra (section A.3). Briefly, a cluster was retained when the 

HOA, COA, and BBOA average cluster spectra were not statistically different from the 

average reference HOA, COA, and BBOA spectra from literature (Crippa et al., 2013b; 

Mohr et al., 2012; Mohr et al., 2009; Bruns et al., 2015; Docherty et al., 2011; Setyan et al., 

2012; He et al., 2010, Table A.3.3). A complete description of the best clusters selection is 

reported in the appendix section A.3 (Figs. A.3.6-A.3.10). Overall, three clusters were 

retained and two were rejected. Finally, we retained only the PMF solutions that were 

attributed to the three best clusters in more than 95% of the k-means random initializations 

(Fig. A.3.9). 

In order to explore the rotational ambiguity of our PMF model we performed 200 PMF 

runs by initiating the PMF algorithm using different input matrices. The 200 different input 
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matrices were generated using a bootstrap approach (Davison and Hinkley, 1997; Brown et 

al., 2015). In short, the bootstrap approach creates new input matrices by randomly 

resampling mass spectra (i elements) from the original input matrices. Note that some mass 

spectra are resampled multiple times, while others are not represented at all. On average we 

randomly resampled 63±1% of the original spectra per bootstrap PMF run. Finally, each 

bootstrap PMF run was initiated by randomly varying the HOA and COA a values using 

the {a value HOA; a value COA} combinations previously selected as optimal from the 

cluster analysis (Fig. A.3.10). Only solutions showing a higher COA diurnal correlation 

with the three selected clusters than with the two rejected clusters were retained. In this 

way we rejected 3.7% of the solutions. In the following we present the average bootstrap 

solution. The source apportionment uncertainty was calculated as the variability of the 

retained bootstrap PMF runs. 

 

Offline-AMS source apportionment optimization.  

In this section we discuss the optimization of the offline-AMS source apportionment. 

The PMF input matrices included 217 ions and 538 time elements deriving from about 10 

AMS mass spectral repetitions collected for each of the 54 composite samples. 

In order to optimize the source separation, we performed sensitivity analyses on PMF 

solutions according to the following scheme: 

I) The number of factors are selected based on residual analysis.  

II)  The unconstrained PMF solution is qualitative evaluated in comparison with the 

constrained PMF solutions (a value approach: COA and/or HOA constraints) 

III)  PMF rotational ambiguity exploration. 1080 bootstrap (Davison and Hinkley, 

1997; Brown et al., 2015) PMF runs were performed by simultaneously varying the COA 

and HOA a value combinations. PMF solutions were retained based on the correlation of 

the PMF factors with external tracers. The PMF solutions retrieved from this step are 

relative to the water-soluble fraction. The corresponding water-soluble OC factor 

concentrations were determined by dividing the water-soluble OM factor concentrations 

(PMF output) by the OM:OC ratio determined from the corresponding factor mass 

spectrum. 

IV)  Retained water-soluble OC PMF solutions from step (III) were rescaled to the 

total OC concentrations by applying factor recoveries. Factor recoveries were fitted (using 

a-priori information) to match total OC. Only PMF solutions and factor recoveries fitting 

OC with yearly and seasonally homogenous residuals were retained. The average of the 
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retained PMF solutions represented the average source apportionment results. The 

corresponding standard deviation represented the source apportionment uncertainty. 

 

Based on analysis of the PMF residuals, we selected a 5-factor solution to explain the 

variability of our dataset (Fig. A.3.11). Similar to online-AMS, we monitored the decrease 

in Q/Qexp when increasing the number of factors (z). In this study, a large Q/Qexp decrease 

was observed until 5 factors. We also observed a clear �' Q/Qexp structure removal until 5 

factors, with higher-order solutions leading to additional factors that were not attributable 

to specific aerosol sources/processes. The 5 separated factors included HOA, COA, BBOA, 

OOA, and industry-related OA (INDOA). The complete validation of the PMF factors will 

be discussed in Section 6.3.2. 

As already mentioned, the HOA and COA profiles were constrained using an a value 

approach. Consistently with online-AMS we constrained the profiles according to Mohr et 

al. (2012) and Crippa et al. (2013b) respectively. Unconstrained PMF runs for offline-AMS 

did not resolve HOA and COA factors. 

To explore the rotational ambiguity of our PMF model we performed 1080 bootstrapped 

PMF runs. In this case we performed a higher number of bootstrap runs than online-AMS 

because the COA and HOA a value combinations could not be separately optimized 

because the offline-AMS method cannot resolve diurnal patterns. Each PMF run was also 

initiated using different input matrices. As previously mentioned the input matrices 

contained about 10 mass spectral repetitions per filter sample, and therefore the bootstrap 

algorithm was implemented to randomly resample 54 filters samples, each one with all the 

corresponding mass spectral repetitions. The final generated matrices included 54 samples; 

note that some filter samples could be resampled more times, while others were not 

resampled at all. On average 63± 5% of the original samples were resampled. Finally, each 

of the PMF runs was initiated by randomly varying the HOA and COA a values. The 

optimal PMF solutions were selected based on 6 acceptance criteria including: 

1) significantly (p = 0.05) positive Pearson correlation coefficient R between 

BBOA and levoglucosan. 

2) Significantly positive R between HOA and NOx. 

3) Significantly positive R between INDOA and Se. 

4) BBOA correlation with levoglucosan (R) significantly higher than the 

correlation between COA and levoglucosan. 
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5) HOA correlation with NOx significantly higher than the correlation between 

COA and NOx. 

6) COA correlation with Se significantly smaller than the correlation between 

INDOA and Se. 

Criteria 1-3 analyze the correlation between factor and marker time series. The 

significance of a correlation was determined by calculating the Fisher transformed 

correlation coefficient l (Garcia, 2011): 
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where R is the Pearson correlation coefficient between factor and marker time series. 

Subsequently we conducted a t-test to verify the significance (�. = 0.95) of the correlation: 
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Here, N represents the number of samples (54). For a confidence interval of 95% the 

minimum significant correlation was R = 0.23. For criteria 4-6, in order to evaluate whether 

HOA, BBOA and INDOA correlated significantly better than COA with their 

corresponding markers, we compared the l values obtained between each factor and its 

corresponding tracer (e.g. BBOA and levoglucosan) and between COA and the same tracer 

(e.g. levoglucosan), using a standard error on the l distribution of �s �¾�0 
F�u�¤   (Zar, 1999). 

In total, we retained 1.5% of the PMF runs. The criteria that discarded the largest 

number of solutions were the ones based on the COA (4-6) correlation with tracers of other 

sources. This suggests that for this dataset the COA separation from other sources was 

particularly difficult due to the absence of data with high temporal resolution which aid the 

separation of a distinct COA diurnal cycle. Moreover, this separation is also complicated 

by the small COA contribution estimated by both online- and offline-AMS source 

apportionments (on average 0.4 �Pg m-3 as discussed in the following sections). 

Furthermore, the relatively small COA factor recovery (RCOA median 0.54) hampers the 

COA apportionment by offline-AMS. 

The PMF performed on offline-AMS mass spectra returned water-soluble OA factor 

concentrations, WSKOAi. To rescale the water-soluble OA concentration to the total OA, 

KOAi, we used the factor recoveries (Rz) reported by Daellenbach et al. (2016) for the 

HOA, COA, BBOA, and OOA factors (RHOA, RCOA, RBBOA, ROOA).  

KOAi = WSKOAi/RKOA        (6.10) 

This is the first offline-AMS study where an INDOA factor was identified. Therefore, 

we determined the INDOA recovery (RINDOA) in this study, by performing a single 

parameter fit according to Eq. 6.11: 
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 (6.11) 

500 different fits were performed for each of the retained PMF solutions. Moreover 

each fit was initiated using different RKOA combinations randomly selected from the RKOA 

combinations determined by Daellenbach et al. (2016) and reported in Bozzetti et al. 

(2016). In order to account for possible WSOC and OC systematic measurement biases, 

each fit was initiated by also perturbing the OCi, WSKOA i/(OM:OC)WSKOC, and RKOA 

inputs assuming for each parameter a possible bias of 5%, corresponding to the WSOC and 

OC measurement accuracy (we note that the sum of the WSKOCi/(OM:OC)WSKOC terms 

equals WSOCi neglecting the PMF residuals). Finally the input OCi was randomly 

perturbed within its measurement uncertainty assuming a normal distribution of the errors. 

Among the performed fits we retained the recovery combinations and factor time series 

associated with OCi unbiased residuals (residual distribution centered on 0 within the 1st 

and 3rd quartiles) for all seasons together and for summer and winter separately (Fig. 

A.3.12). Accordingly, we retained 13% of the solutions. All the retained factor recovery 

combinations can be found at http://doi.org/10.5905/ethz-1007-75. The median INDOA 

recoveries were estimated as 0.69 (1st quartile 0.65, 3rd quartile 0.73, Fig. A.3.13), while the 

retained RKOA for the other sources were consistent within the quartiles with the RKOA values 

reported by Daellenbach et al. (2016) despite their input value being perturbed as described 

above. The variability of the retained solutions is considered our best estimate of the source 

apportionment uncertainty, which accounts for offline-AMS repeatability, RKOA 

uncertainties, and model rotational ambiguity which was explored by bootstrapping the 

input matrices and scanning the HOA and COA a values. Overall, for a generic factor 

KOA, we estimated the corresponding average relative uncertainty as follows: we 

calculated the campaign averages of the KOA concentrations for each of the v retained 

PMF solutions (�-�1�#�é
$
$
$
$
$
$
$
$). The relative uncertainty of the KOA concentration was calculated 

as the standard deviation of �-�1�#�é
$
$
$
$
$
$
$
$ divided by its average.  

We also explored a 4-factor solution without constraining the COA profile. In this case 

we performed 100 bootstrap PMF runs by randomly varying the HOA a value. Results 

revealed that the COA separation (in the 5-factor solution with COA constrained) affected 

the HOA separation more than the other factors (BBOA, OOA, INDOA). Overall, when 

comparing the 4- and 5-factor solutions (without and with COA constrained, respectively). 

HOA showed not statistically different concentrations within our estimated source 

apportionment uncertainty for 85% of the samples, BBOA and OOA for 96%, and INDOA 

for 94%. This is probably due to the high similarity between COA and HOA spectra 

(Aappendix A.3), which are both characterized by high contributions from hydrocarbons. 

http://doi.org/10.5905/ethz-1007-75
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Figure 6.1. PM2.5 composition: stacked average seasonal concentrations. Measured PM2.5 error 

bars represent the seasonal standard deviation. OM was estimated as the sum of the offline-AMS 

source apportionment factors. 

 

 

 Source apportionment validation 6.3

Figure 6.1 displays the stacked seasonal average concentrations of the measured PM2.5 

components (ions measured by IC, elements measured by ICP-MS, EC by the EUSAAR 

method, and OM estimated as the sum of the offline-AMS PMF factors). Higher 

concentrations were observed during winter than in summer due to the enhanced 

contributions of NO3
- and OM. NO3

- increased during winter and autumn due to NH4NO3 

partitioning into the particle phase at lower temperatures. OM concentrations were higher 

during winter due to the strong BBOA contributions.  

Overall OM was the dominant PM2.5 component over the whole year highlighting the 

importance of studying its sources. OM represented 46% of the total mass with higher 

relative contributions during winter (51%) than in summer (37%). SO4
2- represented the 

second-most-abundant PM2.5 component, contributing on average 12% of the mass. Among 

the other components, EC contributed 9% of the mass, NO3
- 9% (13%avg during winter and 
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during summer, possibly because of dust resuspension), CO3
2- 6%, and Ca2+ 2%. K+, Cl-, 

Na+, and Mg2+ individually did not exceed 1% of the mass. In the following, subscripts avg 

and med denote average and median values, respectively. 

6.3.1 Online-AMS source apportionment validation 

PMF factors were associated to aerosol sources/processes based on mass spectral 

features (Fig. 6.2), correlation with tracers (Fig. 6.3), and diurnal cycles (Fig. 6.4). In the 

following all the reported times are UTC +2 local times. 

 

Figure 6.2. Online-AMS: average mass spectra. 
 

 

Figure 6.3. Online-AMS: a) PMF factors relative contributions. b) Time series of PMF factors 

and corresponding tracers. Shaded areas denote the model uncertainties. 

0.10
0.08
0.06
0.04
0.02
0.00

H
O

A

10080604020
 m/z

0.10
0.08
0.06
0.04
0.02
0.00

C
O

A

60x10
-3

40

20

0

B
B

O
A

0.15

0.10

0.05

0.00

O
O

A

 Cx
 CH
 CHO1
 CHO>1

 CHN
 CS
 HO R

el
at

iv
e 

si
gn

al

O:C = 0.67
OM:OC = 2.02

O:C = 0.35
OM:OC = 1.60

O:C = 0.12
OM:OC = 1.31

O:C = 0.03
OM:OC = 1.21

50
40
30
20
10

0

29
.0

1.
20

11

03
.0

2.
20

11

08
.0

2.
20

11

13
.0

2.
20

11

18
.0

2.
20

11

23
.0

2.
20

11

28
.0

2.
20

11

10
8
6
4
2
0

P
M

F
 fa

ct
or

s 
[�P

g 
m

-3
]

60
40
20

0

20
15
10

5
0

100
80
60
40
20

0

relative contribution %

400
300
200
100
0

N
O

x

[�Pg m
-3]

0.15
0.10
0.05
0.00

A
M

S
-P

A
H

[�Pg m
-3]

5
4
3
2
1
0

N
H

4 + 

[�Pg m
-3]

 HOA
 COA
 BBOA
 OOA
 NOx
 AMS-PAH

 NH4
+

a)

b)



Chapter 6. Organic aerosol source apportionment by offline-AMS over a full year in 

Marseille 

106 

 

 

Figure 6.4 Online-AMS: average diurnal cycles of PMF factors and corresponding tracers. 
 

The HOA correlated well with NOx (R = 0.86), with peaks during rush hours (centered 

on 8:00 h and 19:00 h) and higher concentrations during the first half of the campaign. The 

average HOA:NOx ratio (�Pg m-3/�Pg m-3) was 0.023, consistent with Favez et al. (2010). 

The COA diurnal variation showed two peaks at lunch and dinner time (12:00 h and 21:00 

h), as observed in other cities (Elser et al., 2016; Mohr et al., 2012). The BBOA factor 

profile showed the highest fC2H4O2
+ and fC3H5O2

+ contributions among the apportioned 

factors. Previous studies (Alfarra et al., 2007) associated the high fC2H4O2
+ and fC3H5O2

+ 

contributions in BBOA AMS spectra to the fragmentation of anhydrous sugars from 

cellulose pyrolysis. The BBOA time series correlated well with levoglucosan (R = 0.74) 

and AMS-PAHs (R = 0.88). Note that AMS-PAHs are not unique BBOA tracers, but in 

general they derive from combustion sources (see Section A.3 for the comparison between 

AMS-PAHs and GC-MS PAHs). In this specific dataset they could partially derive from 

traffic, although from the AMS-PAHs multilinear regression we estimated that 79% of the 

AMS-PAHs are related to BBOA and 21% to HOA, indicating that BBOA dominates the 

PAH emissions. The AMS-PAHs:HOA ratio was 0.0020, while the AMS-PAHs:BBOA 

was 0.0028.  
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In general, industrial emissions can be an important source of PAHs at this location as 

discussed in El Haddad et al. (2013). In presence of an industrial contribution, the BBOA 

vs. AMS-PAHs correlation would decrease. In this work the correlation between AMS-

PAHs and the C2H4O2
+ fragment, typically related to levoglucosan fragmentation (Alfarra 

et al., 2007), was high (R = 0.87) and no AMS-PAHs spike was observed without a 

simultaneous increase of C2H4O2
+ (Fig. A.3.15). Moreover the industrial-related OA factor 

resolved by El Haddad et al. (2013) was clearly associated to wind directions from W-SW 

(225°-270°), while in this work wind directions were oriented from W-SW only for 7% of 

the monitoring time, furthermore without being associated to any significant increase in the 

AMS-PAHs concentration (Fig. A.3.16), indicating the absence of clear industrial episodes. 

The BBOA diurnal cycle, similarly to AMS-PAHs, showed higher values at night than 

during the day (Fig. 6.4). In addition, the BBOA highest concentrations were detected at 

night and associated to slow wind speeds from the E-NE which is consistent with the night 

land breeze direction. Moreover, strong enhancements of the BBOA factor concentrations 

were perceived when the wind direction shifted to the E-NE (typically around 18:00 h 

during the monitoring period) suggesting that BBOA could be transported from the valleys 

near to Marseille (Fig. A.3.18). 

We calculated the BBOC (biomass burning OC) time series by dividing the BBOA 

concentrations by the OM:OCBBOA ratio calculated from the average BBOA HR spectrum 

(1.60). The average levoglucosan:BBOC ratio [�Pg m-3/�Pg m-3] was 0.15, comparable to 

other European studies (Zotter et al., 2014; Herich et al., 2014; Minguillón et al., 2011).  

The OOA profile showed the most oxidized mass spectral fingerprint with an O:C ratio 

of 0.67 in comparison to the values of 0.35 retrieved for BBOA, 0.12 for COA and 0.03 for 

HOA. The OOA time series correlated well with the NH4
+ time series (R = 0.86), 

suggesting a probable secondary origin of the OOA factor (Lanz et al., 2008). The OOA 

diurnal cycle was flat, suggesting OOA to be representative of regionally transported 

oxygenated aerosols, consistent with the conclusions of El Haddad et al. (2013). 
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6.3.2 Offline-AMS source apportionment validation 

PMF factors were related to aerosol sources/processes based on mass spectral features 

(Fig. 6.5), seasonal trends and correlation with tracers (Fig. 6.6). A comparison of the 

online-AMS and offline-AMS factor profiles is reported in the Appendix Section A.3. In 

the following, for a generic k factor, we calculated the corresponding KOCi time series by 

dividing KOAi by the OM:OC ratio determined from the average HR-AMS factor profile. 

 

Figure 6.5 Offline-AMS: water-soluble average mass spectra. 

 

Figure 6.6 Offline-AMS: a) PMF factors relative contributions. b) Time series of PMF factors 
and corresponding tracers. Bars denote the model uncertainties. 
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During summer, when biomass burning contributions to EC are low, HOA correlated 

well with EC (R = 0.76) and yielded an HOC:EC (hydrocarbon-like OC = 

HOA/(OM:OC)HOA) ratio of 0.64, similar to other European studies (El Haddad et al., 2009 

and references therein). Over the whole year, the retained PMF solutions showed an HOA 

correlation with NOx (R) spanning between 0.23 and 0.49. These low correlations are 

comparable to the ones found by El Haddad et al. (2013) at the same station by online-

AMS. In this case, the relatively low HOA correlation with NOx is probably due to the low 

RHOA (median 0.11) that together with the low HOA concentration (1.5 �Pg m-3
avg, Section 

6.4.1), results in small water-soluble HOA concentrations, leading to an uncertain HOA 

apportionment. This was already reported in previous offline-AMS studies (Daellenbach et 

al., 2016; Bozzetti et al., 2016). Although the HOA variability could not be well captured, 

the estimated HOA concentration was corroborated by the average HOA/NOx (0.02         

�Pg m-3/�Pg m-3) which was found to be consistent with El Haddad et al. (2013) for the same 

station and with Favez et al. (2010) for an alpine location in France.  

BBOA was identified from its mass spectral features, with the highest fC2H4O2
+ and 

fC3H5O2
+ contributions among the apportioned factors, consistent with the findings of 

Alfarra et al. (2007). BBOA correlated well with biomass combustion tracers measured by 

GC-MS, such as levoglucosan (R = 0.76), acetosyringone (R = 0.71) and vanillic acid (R = 

0.84). The winter average levoglucosan:BBOC [�Pg m-3/�Pg m-3] ratio was equal to 0.12, 

consistent with other studies in Europe (Zotter et al., 2014; Herich et al., 2014; Minguillón 

et al., 2011). 

The fourth factor (INDOA) was related to industrial emissions due to the high 

correlation with light alkanes (C19-�&�����������������”R�”���������������6�H����R = 0.54), Pb (R = 0.44), and 

some PAHs such as pyrene (R = 0.74), fluoranthene (R = 0.77), and phenanthrene (R = 

0.74). Among the measured PAHs, pyrene, fluoranthene and phenanthrene showed the 

lowest correlations with levoglucosan (Table A.3.1, R = 0.31, 0.29, and 0.27 respectively), 

suggesting that these particular PAHs were overwhelmingly emitted by INDOA rather than 

BBOA. We note that phenanthrene, pyrene, and fluoranthene together represent 9.6%avg of 

the PAHs mass quantified by GC-MS, indicating that in total PAHs are overwhelmingly 

emitted by BBOA. While Se is considered to be a unique coal marker in the literature 

(Weitkamp et al., 2005; Park et al., 2014), in Marseille this source is likely related to coke 

and steel production facilities (El Haddad et al., 2011). The average INDOA OM:OC 

(1.60) was intermediate between the OM:OC ratios of HOA (1.23) and COA (1.28), and 

those of BBOA (1.85) and OOA (1.82). El Haddad et al. (2013) resolved an industrial OA 

factor at the same station by online-AMS PMF. In that work the authors suggested a 
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probable contribution of oxygenated OA to the resolved industrial factor, probably deriving 

from (photo)chemical aging during the transport from the industrial facilities to the 

receptor site occasionally accompanied by new particle formation processes within the 

industrial plume (as observed by the increased ultrafine particle number concentration 

associated to W-SW wind directions). Considering the average wind speed from W-SW 

(0.8 km/h), and the distance between the receptor site and the Marseille commercial harbor 

(~ 40 km) we estimate an aging time of several hours, which could lead to a more oxidized 

fingerprint in comparison to the fresh primary emissions (Huang et al., 2014). Overall this 

factor explained the largest fraction of the variability of S- and Cl-containing organic 

fragments such as C2HSO+, CH2SO+, CH3Cl2
+, CH4SO3

+, C3H3SO2
+, and C7H16

+. 

The last factor was defined as OOA as it showed a highly oxygenated fingerprint with 

the largest CO2
+ fractional contributions (fCO2

+) among the apportioned factors (14%, in 

comparison with 11% for BBOA, 2% for HOA, and 1% for COA and INDOA). This factor 

showed on average the largest contributions over the year. Overall, the OOA:NH4
+ ratio 

was 2.3avg, in line with the values reported by Crippa et al. (2014) for 25 different European 

sites (2.0avg; minimum value 0.3; maximum 7.3).  

Previous offline-AMS (Bozzetti et al., 2016; Bozzetti et al., 2017; Daellenbach et al., 

2016) and online-ACSM studies (e.g., Canonaco et al., 2015) conducted in Switzerland and 

Lithuania reported the separation of two OOA factors characterized by different seasonal 

trends and different C2H3O
+:CO2

+ ratios. In particular, the OOA factor characterized by the 

highest C2H3O
+:CO2

+ ratio contributed mostly during summer and was linked to secondary 

OA from biogenic emissions. Here we calculated a (C2H3O
+:CO2

+)OOA ratio by subtracting 

the C2H3O
+ and CO2

+ contributions deriving from primary sources, from the measured 

C2H3O
+ and CO2

+ (Canonaco et al., 2015): 
�¼�. �Á�/ �È�6

�¼�È�.
�6

�È�È�º�á�Ü

L��
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  (6.12) 

Overall, C2H3O
+

OOA and CO2
+

OOA did not show a clear seasonality (Fig. A.3.19), which 

hampered the separation of two OOA sources. Even though another OOA factor was not 

separated, El Haddad et al. (2013) estimated for the same location during summer a 

substantial contribution of secondary biogenic aerosol using 14C measurements (no 

measurements conducted in other seasons). As a consequence the OOA factor resolved in 

this work explains both secondary biogenic and aged/secondary anthropogenic sources. 

The absence of a clear increase in the (C2H3O
+:CO2

+)OOA ratio in Marseille during summer 

could be explained by the large emissions of anthropogenic secondary OA (SOA) 

precursors during winter, leading to a different (C2H3O
+:CO2

+)OOA seasonality in 

comparison with previous offline-AMS studies (Daellenbach et al., 2016, Bozzetti et al. 
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2016), which were conducted either at rural sites characterized by different types of 

vegetation, or in smaller urban areas. In general, several parameters affect the biogenic 

SOA concentrations and their separation, e.g. intensity of the biogenic precursor sources, 

air masses photochemical age, and NOx concentrations. All those parameters were different 

in Marseille from previous offline-AMS studies which were conducted in central and 

northern Europe.   

 

 

 Results and discussion 6.4

6.4.1 OA source apportionment results and uncertainties. 

In this study, we present one of the first OA source apportionments conducted over an 

entire year in the Mediterranean region. This work also represents the first comparison 

between HR online-AMS and HR offline-AMS source apportionments conducted at the 

same location, although in two different periods. Previous studies (Daellenbach et al., 

2016) reported a comparison between offline-AMS and online-ACSM results. 

 Although related to different years and size-fractions (PM1 online-AMS, PM2.5 offline-

AMS), the offline-AMS source apportionment returned average seasonal factor 

concentrations not statistically different to online-AMS for both winter (Fig. 6.7) and 

summer (comparison with El Haddad et al., 2013, Fig. 6.8). We note that the total OC 

concentration quantified by online-AMS for PM1 and by the thermal-optical procedure 

used for the offline-AMS source apportionment of PM2.5 was not different on a seasonal 

scale considering our uncertainty, which includes time variability and measurements 

uncertainties.  
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Figure 6.7. Online (PM1) and offline-AMS (PM2.5) comparison for winter. Bars represent the 
error including temporal variability and model uncertainty. 

 

Figure 6.8. Online (PM1, El Haddad et al., 2011) and offline-AMS (PM2.5) comparison for 
summer. For offline-AMS bars represent the error including temporal variability and model 
uncertainty. For online-AMS bars represents only the temporal variability. 
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concentration during winter 2011-2012 of 5.2 �Pg m-3
avg, representing 43%avg of the OA.  

Similarly, online-AMS source apportionment revealed a BBOA concentration of 4.4        

�Pg m-3
avg (corresponding to 42% of OA) during February 2011. During summer, the 

offline-AMS BBOA concentration dropped to an average of 0.3 �Pg m-3
avg representing 5% 

of the OA. Not surprisingly such low BBOA contributions were not resolved by online-
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AMS source apportionment during summer (El Haddad et al., 2013). On average the 

offline-AMS BBOA relative uncertainty was 9%. As a comparison, the online-AMS 

BBOA average relative uncertainty was 6%. Overall for both online- and offline-AMS, the 

BBOA contributions were the least uncertain among the primary sources, possibly because 

of the high loadings and the distinct seasonal and diurnal BBOA variability in comparison 

with the other separated factors. A comparison between the offline- and online-AMS 

source apportionment uncertainties can be carried out with the caveat that the online-AMS 

source apportionment uncertainties estimated in this work should be considered as a low 

estimate as they do not account for the AMS mass error deriving mostly from CE, and 

particle transmission. This source of uncertainty affects the total OA mass but not the 

relative contribution of the factors. By contrast, the OA mass uncertainty was accounted for 

in the offline-AMS source apportionment as the OA mass was rescaled to external 

measurements (WSOC and OC), the uncertainty of which was propagated in the final 

source apportionment error (Section 6.2.4).  

On a yearly scale, the offline-AMS source apportionment revealed that OOA was the 

largest OA source, with the highest relative contributions during summer due to the 

reduced BBOA emissions. The OOA concentration during summer was estimated from 

offline-AMS at 3.0 �Pg m-3
avg, corresponding to 55% of the OA mass. El Haddad et al. 

(2013) also reported OOA to be the dominant OA fraction during summer with a similar 

average concentration of 2.9 �Pg m-3. During winter, the OOA concentration was estimated 

by online-AMS to be 3.9 �Pg m-3
avg

 corresponding to 38% of the OA, while the OOA 

relative uncertainty was 4%. As a comparison, the OOA relative uncertainty from offline-

AMS was 6%avg. The offline-AMS source apportionment revealed similar OOA 

concentrations during winter (3.4 �Pg m-3
avg corresponding to 27%avg of the OA). Even 

though during winter the OOA concentration was higher than in summer, possibly due to 

partitioning and to the shallower boundary layer, the relative contribution decreased 

because of the strong BBOA contributions. 

HOA is one of the most uncertain factors, with an average relative uncertainty of 39% 

estimated from offline-AMS and 10% from online-AMS analysis, where the larger 

uncertainty observed for offline-AMS derives mostly from the low RHOA and from the 

lower time resolution which does not capture the traffic diurnal variability. On average, the 

HOA concentration predicted by offline-AMS was 1.5 �Pg m-3, corresponding to 17% of the 

OA. The estimated HOA concentration by online-AMS during February 2011 was 1.6     

�Pg m-3
avg (16% of OA). These values are higher than the ones of El Haddad et al. (2013) 

who estimated a traffic contribution of 0.8 �Pg m-3
avg during July 2008. 
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The COA contributions were only minor (average of 0.3 �Pg m-3), representing on 

average 4% of the OA mass according to the offline-AMS source apportionment. The 

online-AMS winter source apportionment returned similar concentrations with 0.4           

�Pg m-3
avg, equivalent to 4%avg of the OA. Overall, due to the low concentrations, the COA 

contributions were uncertain in both source apportionments (6% for online-AMS, 73% for 

offline-AMS). Similarly to HOA, the larger uncertainty observed for offline-AMS was 

most possibly due to the low RCOA, and the low time resolution which did not enable the 

COA separation based on the diurnal variability. The summer COA contribution was not 

resolved from HOA by El Haddad et al. (2013), possibly because the COA reference mass 

spectrum was not constrained and because of the lack of HR data which typically aid the 

separation of the two sources.  

Finally, the INDOA factor concentration estimated from offline-AMS was on average 

2.1 �Pg m-3 during winter and 0.6 �Pg m-3
avg during summer, where this seasonal trend was 

driven by a strong episode which occurred during early February. The offline-AMS relative 

uncertainty was estimated as 17%. As previously discussed (Section 6.3.1), this factor was 

not separated by online-AMS analysis (February 2011) because of the absence of clear 

events, which in the offline-AMS dataset were observed only over a short period during 

January-February 2012. An industrial factor was instead resolved by El Haddad et al. 

(2013) during summer 2008, with an average concentration of 0.3 �Pg m-3
avg. In that study, 

the industrial OA factor was also characterized by a low background intercepted by 10-fold 

spiking episodes. 

From the sum of the offline-AMS factor concentrations we estimated the total OM 

mass. Using this OM and the measured OC we calculated the OM:OC ratio to be 1.40 on 

average. Specifically, during winter this ratio was 1.55, which is consistent with the online-

AMS values determined from the HR-AMS spectra (median = 1.52, 1st quartile = 1.46; 3rd 

quartile 1.59). The bulk OM:OC variability was driven by the source variabilities. Indeed 

the relative contribution of the most oxidized source (OOA) was higher during summer 

(mostly due to the absence of BBOA), but also the relative contributions of the less 

oxidized sources (such as HOA and COA) were higher during summer mostly due to low 

BBOA contributions. The BBOA mass spectrum instead was associated with intermediate 

OM:OC ratios comprised between the values of COA and OOA, and therefore influenced 

less strongly the bulk OM:OC ratio. Overall the combination of these effects led to a higher 

bulk OM:OC during winter. 



Chapter 6. Organic aerosol source apportionment by offline-AMS over a full year in 

Marseille 

115 

6.4.2 Insights into BBOA origin  during winter  

Methyl-nitrocatechols measurements showed high correlations with BBOA (Fig. 6.9, R 

= 0.95) and no correlation with OOA (R = 0.06, offline-AMS source apportionment). 

Similarly high correlations were already observed in other studies (e.g. Poulain et al., 

2011). This large correlation difference suggests that the variability of the methyl-

nitrocatechols is likely explained by the BBOA source. However, methyl-nitrocatechols are 

secondary compounds deriving from the nitration of catechols which can be either directly 

�H�P�L�W�W�H�G�� �E�\�� �Z�R�R�G�� �F�R�P�E�X�V�W�L�R�Q�� ���6�F�K�D�X�H�U�� �H�W�� �D�O������ �������������� �R�U�� �J�H�Q�H�U�D�W�H�G�� �E�\�� �2�+�Â�� �R�[�L�G�D�W�L�R�Q�� �R�I��

cresols directly released by wood combustion (Iinuma et al., 2010). m-cresol/NOx 

photooxidation experiments (Iinuma et al., 2010) revealed a total contribution of all 

methyl-nitrocatechol isomers to the catechol SOA of approximately 10%. Assuming 

methyl-nitrocatechols to be entirely apportioned to the BBOA factor, we estimate a methyl-

nitrocatechol-SOA contribution to BBOA on the order of 8%, indicating that part of the 

BBOA factor is of secondary origin. Previous studies (Atkinson and Arey, 2003) revealed 

an o-cresol lifetime in the atmosphere of 2.4 minutes towards NO3, and 3.4 h towards OH 

(at 298 K, dark conditions). This would suggest that such fast SOA formation can be better 

traced by the high-time-resolution online-AMS source apportionment (8 minutes) than by 

the offline-AMS with 24 h time resolution, and in any case only in the BB plume or in the 

vicinity of the emission source. Nevertheless we did not observe statistically different 

ratios (within 1�V, error calculated as the time variability) of OOA:NH4
+ (1.5avg and 1.25avg 

for the offline-AMS and online-AMS source apportionments, respectively), OOA:BBOA 

(0.65avg and 0.89avg, respectively), and levoglucosan:BBOC (0.12avg and 0.12avg, 

respectively, Fig. 6.10) during winter, suggesting that despite the different time resolutions, 

the online and offline methods provide a comparable BBOA-SOA separation. Overall these 

findings suggest that rapid SOA formation is not well captured by PMF and rapidly formed 

SOA compounds (such as nitrocatechols) can be systematically attributed by PMF to 

�I�D�F�W�R�U�V���F�R�P�P�R�Q�O�\���F�R�Q�V�L�G�H�U�H�G���D�V���³�S�U�L�P�D�U�\�´�����%�%�2�$���L�Q���W�K�L�V���F�D�V�H���� 
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Figure 6.9. Correlation between the sum of nitrocatechols (Table A.3.1) with levoglucosan and 
BBOC. 

 

Figure 6.10. Offline-AMS (February 2012) and online-AMS (February 2011) smoothed time-
dependent levoglucosan:BBOC ratios. We note that the levoglucosan:BBOC comparison should not 
be considered on a day-to-day basis where the levoglucosan:BBOC ratio in the two different years 
can be coincidentally equal or different, but rather on a monthly timescale where, as discussed in 
the paper, we observed a statistically significant (p = 0.05) evolution of the levoglucosan:BBOC 
ratio which is similarly captured by the two models. 

1.4

1.2

1.0

0.8

0.6

0.4

0.2

0.0

Le
vo

gl
uc

os
an

 �P
g 

m
-3

0.140.120.100.080.060.040.020.00

Nitrocatechols �Pg m
-3

14

12

10

8

6

4

2

0

B
B

O
C

 �P
g 

m
-3

R = 0.67
�1�L�W�U�R�F�D�W�H�F�K�R�O�V��� ���������������‡���/�H�Y�R�J�O�X�F�R�V�D�Q

R = 0.95
�1�L�W�U�R�F�D�W�H�F�K�R�O�V��� ���������������‡���%�%�2�&

 linear fit

21.01.2011 31.01.2011 10.02.2011 20.02.2011

0.25

0.20

0.15

0.10

0.05

0.00

Le
vo

gl
uc

os
an

 : 
B

B
O

C
 (

sm
oo

th
ed

)

21.01.2012 31.01.2012 10.02.2012 20.02.2012

 Levoglucosan:BBOC (offline-AMS) 2012
 Levoglucosan:BBOC (online-AMS) 2011



Chapter 6. Organic aerosol source apportionment by offline-AMS over a full year in 

Marseille 

117 

 

Both the online- and offline-AMS source apportionment revealed for the two different 

winter seasons a comparable temporal evolution of the levoglucosan:BBOC ratio (Fig. 

6.10, and Fig. 6.11). This ratio showed typical literature values for domestic wood 

combustion in Europe during January and early February (0.05-0.2, Zotter et al., 2014; 

Herich et al., 2014; Minguillón et al., 2011), while during late autumn and March (Fig. 

6.11) it increased up to 0.3, highlighting an evolution of the BBOA chemical composition. 

A similar seasonal trend was observed for the ratios of levoglucosan:vanillic acid, 

levoglucosan:syringic acid, and levoglucosan:non-sea-salt-K+ (nss-K+; calculated 

according to Seinfeld and Pandis, 2006) ratios (Fig. 6.11). Although the online dataset was 

limited to one month of measurements, the levoglucosan:vanillic acid ratio also showed a 

statistically significant increasing trend from early February to the beginning of March 

(confidence interval of 95%, Mann-Kendall test). These results suggest the occurrence of 

different types of biomass combustions during low-temperature winter days compared to 

late autumn and early spring: levoglucosan derives from cellulose pyrolysis (> 300°C), 

while vanillic and syringic acids result from lignin combustion (Simoneit et al., 1998, 

Sullivan et al., 2008).  Different reactivities / volatilities of BBOA markers may complicate 

this analysis. For this reason we discuss in the following the levoglucosan stability and 

propose that the major driver of the observed seasonal trends is the occurrence of different 

BBOA combustions.  

�3�U�H�Y�L�R�X�V�� �V�W�X�G�L�H�V�� �U�H�Y�H�D�O�H�G�� �W�K�H�� �O�H�Y�R�J�O�X�F�R�V�D�Q�� �U�H�D�F�W�L�Y�L�W�\�� �W�R�Z�D�U�G�� �2�+�Â�� �U�D�G�L�F�D�O�� �R�[�L�G�D�W�L�R�Q��

(Hennigan et al., 2010) both in gas and aqueous phase (Hoffmann et al., 2010). In the 

following we analyze the levoglugocan and nss-K+ time series in order to investigate the 

possible effects of levoglucosan chemical stability and different types of biomass 

combustions on the seasonal evolution of the levoglucosan:nss-K+ ratio. During summer 

nss-K+ derives mostly from dust, while levoglucosan is depleted by both photochemistry 

(Hennigan et al., 2010) and low BBOA emissions. Not surprisingly the levoglucosan:nss-

K+ ratio showed lower average values in summer (0.23) than in winter (3.14). During 

winter nss-K+ is considered to be mostly emitted by BBOA, and consistently in our dataset 

it shows a good correlation with BBOA tracers (R = 0.66 with syringic acid). Overall, the 

levoglucosan:nss-K+ ratio during the cold season manifests a behavior that is opposite to 

the photochemical activity (with temperature considered as a proxy) as it shows higher 

values during March and late autumn (up to 7.11) and lower in January and February 

(minimum = 2.79; Fig. 6.11) when temperature is lower and photochemistry is less intense. 

For these reasons we relate the winter levoglucosan:nss-K+ variability to different types of 

combustion rather than to a levoglucosan depletion due to photochemistry. Furthermore we 
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observed the highest levoglucosan concentrations (late autumn) simultaneously with the 

�K�L�J�K�H�V�W�� �U�H�O�D�W�L�Y�H�� �K�X�P�L�G�L�W�\�� ������������ �Y�D�O�X�H�V���� �V�X�J�J�H�V�W�L�Q�J�� �W�K�H�� �G�H�S�O�H�W�L�R�Q�� �R�I�� �O�H�Y�R�J�O�X�F�R�V�D�Q�� �E�\�� �2�+�Â��

radical oxidation in aqueous phase to be not significant (Hoffmann et al., 2010).  

A similar winter seasonal behavior was observed also for plant waxes. Plant wax 

concentrations were estimated from high-molecular-weight n-alkanes (C24-C35) according 

to the methodology described by Li et al. (2010).  This  methodology is based on the 

observation that alkanes from epicuticular waxes preferentially contain an odd number of 

carbon atoms (Aceves and Grimalt, 1993; Simoneit et al., 1991). This was observed for a 

large variety of plants including broad leaf trees, conifers, palms, shrubs, grasses, and 

groundcover (Hildemann et al., 1996 and references therein). Waxes showed the highest 

concentrations during late autumn (up to 0.16 �Pg m-3) and in May (up to 0.17 �Pg m-3), 

while the minima were observed during winter (minimum 0.007 �Pg m-3). In general, high-

molecular-weight n-alkanes are typically detected in atmospheric aerosol in significant 

amounts during the growing season. In a similar way, Hildemann et al. (1996) estimated 

the highest plant wax concentrations in April-May in Los Angeles and Pasadena where the 

climate is similar to Marseille. Similarly we observed the highest concentrations during 

May. However, comparable plant wax concentrations were observed also in late autumn 

during the period characterized by the highest levoglucosan:lignin combustion tracers (Fig. 

6.11), suggesting a possible emission from open combustion of green wastes. 

Taken together the above observations suggest the occurrence of combustion of 

cellulose-rich material during March and late autumn, compared to lignin-rich biomass 

burning for residential heating during January. The combustion of cellulose-rich material is 

possibly related to agricultural waste burning at the beginning and at the end of the 

agricultural cycle. The occurrence of emission of biomass plumes due to land clearing 

episodes during March has already been reported in other parts of Europe (Ulevicius et al., 

2016), and has been previously modeled for southern France (Dernier van der Gon et al., 

2015, Fountoukis et al., 2014).  

In this study we related the evolution of the BB composition over the cold season to the 

combustion of cellulose-rich and lignin-rich fuels, considering that lignin end cellulose are 

contained in different ratios in different biomass fuels. This designation should not be 

considered as an oversimplification of the combustion processes or of the fuel complexity, 

but rather as a classification of the BBOA aerosol based on our observations of increasing 

lignin pyrolysis products over cellulose pyrolysis products during the coldest days. 

We note that BBOA is described in our PMF models by only one factor which therefore 

potentially represents a combination of several types of biomass burning sources. 
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Increasing the number of factors did not lead to an unambiguous separation of different 

BBOA sources, but the comparison with source-specific markers revealed a real BBOA 

composition evolution over the winter season with higher cellulose to lignin combustion 

tracer ratios observed during late autumn and early spring in comparison to 

January/February. This hypothesis of at least two types of BB sources (one linked to 

domestic heating, another to agricultural activities) is also supported by the direct PMF 

analysis of the organic and inorganic markers measured for Batch 1 (Salameh et al., 

submitted). 

 

 

Figure 6.11. Online- and offline-AMS time-dependent levoglucosan:BBOC, 

levoglucosan:vanillic acid, levoglucosan:syringic acid, and levoglucosan:K+. The plant wax 

concentrations were determined from GC-MS measurements of alkanes with an odd number of 

carbons (Li et al., 2010). As discussed in the main text the spike observed in late autumn could be 

related to incomplete green waste combustion. 

 Conclusions 6.5

PM2.5 filter samples were collected during an entire year (August 2011 to July 2012) at 

an urban site in Marseille, France. Filter samples were analyzed by water extraction 

followed by nebulization of the liquid extracts and subsequent measurement of the 

generated aerosol with an HR-ToF-AMS (Daellenbach et al., 2016).  

PMF analysis was conducted on the offline-AMS mass spectra and on online-AMS data 

collected at the same station during February 2011. Offline-AMS source apportionment 
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results were also compared with a previous online-AMS source apportionment study of two 

weeks during July 2008 at the same location (El Haddad et al., 2013). The methods 

returned statistically similar seasonal factor concentrations, although different years and 

size fractions were considered (PM1 for online-AMS, PM2.5 for offline-AMS). OOA was 

the major source of OA during summer representing on average 55% of the OA mass, 

while BBOA was the dominant OA source during winter contributing on average 43% of 

the OA. Smaller contributions were estimated for HOA, INDOA and COA, representing 

17%, 12%, and 4% of the OA mass, respectively. The contribution of primary 

anthropogenic sources (HOA + BBOA + COA + INDOA) was substantial over the year 

(62%avg of OA), with larger absolute and relative contributions during winter (73% of 

OAavg) associated with an intense biomass burning activity.  

Coupling offline- and online-AMS data with molecular markers showed increasing 

levoglucosan:BBOC ratios during the late winter-early spring period in both 2011 and 

2012. This trend was also observed for the ratios between cellulose and lignin combustion 

markers (e.g. levoglucosan:vanillic acid), with ratios approaching more typical domestic 

wood combustion European values during January/early February, and values characterized 

by higher values of cellulose-combustion markers during late autumn and March indicative 

of the influence of different types of fuels, possibly related to agricultural-related activities.  

From the offline-AMS source apportionment, we observed a high BBOA correlation 

with nitrocatechols deriving from the nitration of catechols directly emitted by biomass 

combustion. These secondary components are rapidly formed in the atmosphere in the 

presence of NO3�Â (lifetime of a few minutes). Overall, despite the different time resolution, 

online- and offline-AMS provided a comparable SOA-BBOA separation during winter. 

Nevertheless, in case of fast SOA formation (relative to the timescale of the online-AMS 

time resolution, or relative to the transport time to the receptor site) this separation can be 

hindered, and further efforts are needed to improve the SOA separation from BBOA. 
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Abstract 

Rapid industrialization and urbanization in developing countries has led to an increase 

in air pollution, along a similar trajectory to that previously experienced by the developed 

nations (Seinfeld, 2004). In China, particulate pollution is a serious environmental problem 

that is influencing air quality, regional and global climates, and human health (Wang et al., 

2014; Cao, 2012). In response to the extremely severe and persistent haze pollution 
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experienced by about 800 million people during the first quarter of 2013 (China National 

Environmental Monitoring Centre, 2013; Chen et al., 2013), the Chinese State Council 

announced its aim to reduce concentrations of PM2.5 (particulate matter with an 

aerodynamic diameter less than 2.5 micrometres) by up to 25 per cent relative to 2012 

levels by 2017 (Chinese State Council, 2013). Such efforts however require elucidation of 

the factors governing the abundance and composition of PM2.5, which remain poorly 

constrained in China (Cao 2012, Zhang et al., 2012a; Yang et al., 2011). Here we combine 

a comprehensive set of novel and state-of-the-art offline analytical approaches and 

statistical techniques to investigate the chemical nature and sources of particulate matter at 

�X�U�E�D�Q���O�R�F�D�W�L�R�Q�V���L�Q���%�H�L�M�L�Q�J�����6�K�D�Q�J�K�D�L�����*�X�D�Q�J�]�K�R�X���D�Q�G���;�L�¶�D�Q���G�X�U�L�Q�J���-�D�Q�X�D�U�\���������������:�H���I�L�Q�G��

that the severe haze pollution event was driven to a large extent by secondary aerosol 

formation, which contributed 30�±77 per cent and 44�±71 per cent (average for all four 

cities) of PM2.5 and of organic aerosol, respectively. On average, the contribution of 

secondary organic aerosol (SOA) and secondary inorganic aerosol (SIA) are found to be of 

similar importance (SOA:SIA ratios range from 0.6 to 1.4). Our results suggest that, in 

addition to mitigating primary particulate emissions, reducing the emissions of secondary 

aerosol precursors from, for example, fossil fuel combustion and biomass burning is likely 

to be important for c�R�Q�W�U�R�O�O�L�Q�J�� �&�K�L�Q�D�¶�V�� �3�02.5 levels and for reducing the environmental, 

economic and health impacts resulting from particulate pollution. 

 Main text 7.1

In the first quarter of 2013, China experienced extremely severe and persistent haze 

pollution, affecting ~1.3 million km2 and ~800 million people. Measurements at 74 major 

cities showed that the daily average concentrations of PM2.5 exceeded the Chinese pollution 

standard of 75 µg m�í�� (about twice that of the US EPA standard of 35 µg m�í��) for 69% of 

days in January, with a record-breaking daily concentration of 772 µg m�í�� (China National 

Environmental Monitoring Centre, 2013). This acute pollution was accompanied by 

extremely poor visibility and air quality, as reflected in the aerosol optical depth (AOD; 

Fig. 7.1), and a sharp increase in respiratory diseases (Chen et al., 2013). On a longer 

timescale, long-range transport of pollutants from China may affect North America, the 

Pacific and the Arctic, making Chinese air pollution a truly global problem (Wang et al., 

2014; Webbles et al., 2007). In response to the severe haze events of 2013, the Chinese 

�6�W�D�W�H�� �&�R�X�Q�F�L�O���T�X�L�F�N�O�\�� �U�H�O�H�D�V�H�G���W�K�H���µ�$�W�P�R�V�S�K�H�U�L�F�� �3�R�O�O�X�W�L�R�Q���3�U�H�Y�H�Q�W�L�Rn and Control Action 

�3�O�D�Q�¶���R�Q���������6�H�S�W�H�P�E�H�U���������������Z�K�L�F�K���D�L�P�V���W�R���U�H�G�X�F�H���3�02.5 by up to 25% by 2017 relative to 

2012 levels, and is backed by US $277 billion in investments from the central government 

(Chinese State Council, 2013). Achieving this highly ambitious goal requires targeted, 

optimized emission control strategies. However, the factors governing PM2.5 concentrations 

in China are poorly constrained (Cao et al., 2012; Zhang et al., 2012a; Yang et al., 2011), 

significantly hindering such efforts. Here we combine a comprehensive set of novel and 

http://www.nature.com/nature/journal/v514/n7521/full/nature13774.html#ref5
http://www.nature.com/nature/journal/v514/n7521/full/nature13774.html#f1
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state-of-the-art offline (filter-based) analytical approaches and statistical techniques to 

elucidate the chemical nature and predominant sources of aerosol particles during the 

January 2013 severe haze pollution events in China. Our results may aid the initiation of 

practical measures for PM2.5 emission reductions. Furthermore, owing to the widespread 

availability of ambient filters, the measurement strategies and analysis techniques 

developed herein are applicable to other emerging economies or developing countries, 

potentially facilitating their efforts to design effective mitigation strategies. 

 

 

Figure 7.1. Chemical composition and source apportionment of PM2.5 collected during the high 
pollution events of 5�±25 January 2013 at the urban sites of Beijing, Shanghai, Guangzhou and 
�;�L�¶�D�Q����Centre, map showing locations of the four sites, indicated by arrows. Pie charts around the 
map show PM2.5 composition and sources for each site. The measured PM2.5 concentrations (shown 
next to the site name) are approximately one to two orders of magnitude higher than those observed 
in the urban areas of US and European countries (Cao, 2012; Jimenez et al., 2009). OM is the main 
PM2.5 component, and secondary organic-rich and inorganic-rich aerosols are the major 

contributor to the PM2.5 �P�D�V�V�� �L�Q�� �D�O�O�� �F�L�W�L�H�V�� �V�W�X�G�L�H�G�� �K�H�U�H�� �H�[�F�H�S�W�� �;�L�¶�D�Q�� �Z�K�H�U�H�� �G�X�V�W�� �D�H�U�R�V�R�O�� �L�V�� �W�K�H��
dominant contributor. The uncertainties (relative standard deviation, RSD) on the source 
contribution estimates depend on the site considered, but are on average 24% for traffic, 39% for 
coal burning, 8% for biomass burning, 35% for dust related emissions, 145% for cooking, and 7% 
for secondary aerosols, respectively (see A.4.4 for details). The measured trace elements include K, 
Na, Ca, Mg, Fe, Ti, Pb, As, Cu, Zn and Ni, while the major crustal elements, Si and Al, could not be 
measured due to interference from the quartz fibre substrate of the sample. The central map presents 
aerosol optical depth (AOD, colour-coded, see key at right), retrieved from satellite (Terra/Modis) 
observations over the whole month of January 2013 (http://www.nasa.gov), and shows the large 
coverage of severe particle pollution in China. 

 

http://www.nasa.gov/
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We investigated the 2013 haze pollution events with measurements at urban locations in 

�%�H�L�M�L�Q�J���� �6�K�D�Q�J�K�D�L���� �*�X�D�Q�J�]�K�R�X�� �D�Q�G�� �;�L�¶�D�Q���� �O�R�F�D�W�H�G�� �U�H�V�S�H�F�W�L�Y�H�O�\�� �L�Q�� �W�K�H�� �Q�R�U�W�K�H�U�Q���� �H�D�V�W�H�U�Q����

southern and western regions of China (see A.4.1 for details). Average PM2.5 

concentrations were approximately one to two orders of magnitude higher than those 

observed in urban areas in the US and European countries (Cao, 2012; Jimenez et al., 

2009). As shown in Fig. 7.1, daily average PM2.5 �F�R�Q�F�H�Q�W�U�D�W�L�R�Q�V�� �D�W�� �;�L�¶�D�Q�� �������� µg m�í��) 

were more than twice those of the other sites, followed by Beijing (159 µg m�í��), Shanghai 

(91 µg m�í��) and Guangzhou (69 µg m�í��). Chemical analyses (see section A.4.2, and Table 

A.4.1) shows that organic matter (OM) constitutes a major fraction (30�±50%) of the total 

PM2.5 in all cities studied here, followed by sulphate (8�±18%), nitrate (7�±14%), ammonium 

(5�±10%), elemental carbon (EC, 2�±5%) and chloride (2�±4%) (Fig. 7.1). Only about 10�±

15% was unidentified for Beijing, Shanghai and Guangzhou, though this increases to ~35% 

�L�Q�� �;�L�¶�D�Q�� �R�Z�L�Q�J�� �W�R�� �H�O�H�Y�D�W�H�G�� �G�X�V�W�� �F�R�Q�F�H�Q�W�U�D�W�L�R�Q�V�� ���V�H�H�� �E�H�O�R�Z������ �P�R�V�W�� �S�U�R�E�D�E�O�\�� �F�R�Q�V�L�V�W�L�Q�J�� �R�I��

crustal material such as aluminium and silicon oxides (Yang et al., 2011). 

The sources of PM2.5 and OM are apportioned by applying two complementary bilinear 

receptor models that is, chemical mass balance (CMB, Watson et al., 1998) and positive 

matrix factorization (PMF) using the multilinear engine ME-2 (Canonaco et al., 2013), see 

section A.4.3, Table A.4.2, and Figs A.4.1�±A.4.21 and a sampling algorithm (that is, 

pseudo Monte Carlo calculation, see section A.4.4) to an unprecedented data set. This data 

set includes (1) high-resolution (HR) mass spectra (by analysing nebulized water-extracts 

of the filter samples with a high-resolution time-of-flight aerosol mass spectrometer, HR-

ToF-AMS, DeCarlo et al., 2006), (2) organic marker compounds (Orasche et al., 2011), (3) 

radiocarbon (14C) content of EC and OC (organic carbon, Zhang et al., 2012b), (4) EC and 

OC, and (5) ions (see A.4. section A.4.2). The performance of the models was extensively 

evaluated. Model uncertainty and the sensitivity of the results to model inputs were 

assessed via pseudo Monte Carlo simulations (see A.4: Section A.4.4, Table A.4.3, and 

Figs. A.4.22�±A.4.25). The representativeness of the measurement sites is justified in A.4 

section A.4.6 and in Fig. A.4.28. 

Critical questions for the development of pollution control strategies include both the 

identification of predominant sources and whether these sources are primary (that is, 

particles that are directly emitted to the atmosphere) or secondary (aerosol mass formed in 

the atmosphere from reaction products of gaseous precursors). Seven sources/factors were 

identified; their mean contributions are shown in Fig. 7.1 and factor profiles in the 

Appendix A.4 Fig. A.4.17. A large fraction (51�±77%) of PM2.5 mass in Beijing, Shanghai 

and Guangzhou consists of secondary species, that is, SOA and SIA (the latter being 

�V�X�O�S�K�D�W�H���� �Q�L�W�U�D�W�H�� �D�Q�G�� �D�P�P�R�Q�L�X�P������ �W�K�R�X�J�K�� �W�K�L�V�� �G�U�R�S�V�� �W�R�� �a�������� �L�Q���;�L�¶�D�Q�� �G�X�H�� �W�R�� �K�L�J�K�H�U�� �G�X�V�W��

levels (46% of PM2.5 mass) in western China (Cao et al., 2013). The SOA:SIA ratios were 

�V�L�J�Q�L�I�L�F�D�Q�W�O�\�� �K�L�J�K�H�U�� �L�Q�� �Q�R�U�W�K�� �&�K�L�Q�D�� ���I�R�U�� �H�[�D�P�S�O�H���� �������� �D�W�� �;�L�¶�D�Q�� �D�Q�G�� �������� �D�W�� �%�H�L�M�L�Q�J���� �W�K�D�Q�� �L�Q��

south China (for example, 0.6 at Shanghai and 0.7 at Guangzhou). The total secondary 

http://www.nature.com/nature/journal/v514/n7521/full/nature13774.html#f1
http://www.nature.com/nature/journal/v514/n7521/full/nature13774.html#supplementary-information
http://www.nature.com/nature/journal/v514/n7521/full/nature13774.html#supplementary-information
http://www.nature.com/nature/journal/v514/n7521/full/nature13774.html#f1
http://www.nature.com/nature/journal/v514/n7521/full/nature13774.html#supplementary-information
http://www.nature.com/nature/journal/v514/n7521/full/nature13774.html#supplementary-information
http://www.nature.com/nature/journal/v514/n7521/full/nature13774.html#ref13
http://www.nature.com/nature/journal/v514/n7521/full/nature13774.html#supplementary-information
http://www.nature.com/nature/journal/v514/n7521/full/nature13774.html#supplementary-information
http://www.nature.com/nature/journal/v514/n7521/full/nature13774.html#supplementary-information
http://www.nature.com/nature/journal/v514/n7521/full/nature13774.html#supplementary-information
http://www.nature.com/nature/journal/v514/n7521/full/nature13774.html#supplementary-information
http://www.nature.com/nature/journal/v514/n7521/full/nature13774.html#f1
http://www.nature.com/nature/journal/v514/n7521/full/nature13774.html#supplementary-information
http://www.nature.com/nature/journal/v514/n7521/full/nature13774.html#supplementary-information
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fraction is separated into two subtypes, secondary organic-rich and secondary inorganic-

rich, reflecting differences in precursor emission patterns. The secondary organic-rich 

fraction correlates with the aggregate primary emissions from traffic, coal burning, biomass 

burning and cooking (R2 = 0.77, Fig. A.4.14), suggesting that this fraction is probably from 

oxidation products of co-emitted volatile organic compounds (VOCs), including 

semivolatile and intermediate volatility species (Robinson et al., 2007). The secondary 

inorganic-rich fraction correlates with the SIA species (R2 = 0.72�±0.82, Fig. A.4.13), 

indicating a more regional nature (Yang et al., 2011). Because Beijing, Shanghai, 

�*�X�D�Q�J�]�K�R�X���D�Q�G���;�L�¶�D�Q���D�U�H���S�D�U�W���R�I���O�D�U�J�H�U���F�L�W�\���F�O�X�V�W�H�U�V�����%�H�L�M�L�Q�J-Tianjin-Hebei, Yangtze River 

Delta, Pearl River Delta and Guanzhong city clusters, respectively), our results suggest that 

the transport of pollutants from the heavily populated, urbanized and industrialized 

surrounding areas to the city core, and probably emissions over broader geographical 

scales, may also contribute significantly to the formation of secondary aerosol. The 

differences in the contribution of secondary organic-rich:inorganic-rich fraction in each 

city (see Fig. 7.2 and more discussion below) suggest that targeted measures for SOA and 

SIA need to consider the effects of regional transport and local differences in emissions 

patterns. 

 

Figure 7.2. Source contribution to total particulate and organic matter. a, b, The fractional 
contribution to PM (a) and OM (b) as a function of the PM2.5 bins is shown. The uncertainties of 

these estimates for PM2.5 are given in the Fig. 7.1 legend. The uncertainties (RSD) for OM are on 
average 33% for traffic, 47% for coal burning, 8% for biomass burning, 45% for dust related 
emissions, and 13% for secondary aerosol (Section A.4.4 for details). The high pollution events are 
characterized by an increasing secondary fraction, accounting for up to 81% of PM2.5 mass and 
73% of OM mass. The differences in secondary organic-rich:inorganic-rich ratios of PM and OM in 
each city indicate the regional transport and local differences in emissions patterns. Note the high 
�F�R�Q�W�U�L�E�X�W�L�R�Q���I�U�R�P���F�R�D�O���E�X�U�Q�L�Q�J���D�W���%�H�L�M�L�Q�J���D�Q�G���;�L�¶�D�Q���G�X�H���W�R���L�W�V���O�D�U�J�H���X�V�D�J�H���I�R�U���U�H�V�L�G�H�Q�W�L�D�O���K�H�D�W�L�Q�J���L�Q��
�Z�L�Q�W�H�U�W�L�P�H�����D�Q�G���W�K�H���Q�R�W�D�E�O�\���K�L�J�K���F�R�Q�W�U�L�E�X�W�L�R�Q���I�U�R�P���E�L�R�P�D�V�V���E�X�U�Q�L�Q�J���D�W���*�X�D�Q�J�]�K�R�X���D�Q�G���;�L�¶�D�Q�����7�K�H��
numbers above the bars (in b) represent the average OM concentration in µg m�í 3. 

 

http://www.nature.com/nature/journal/v514/n7521/full/nature13774.html#supplementary-information
http://www.nature.com/nature/journal/v514/n7521/full/nature13774.html#supplementary-information
http://www.nature.com/nature/journal/v514/n7521/full/nature13774.html#f2
http://www.nature.com/nature/journal/v514/n7521/full/nature13774.html#f1
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Compared to the secondary fraction, the relative contribution of primary particulate 

emissions to PM2.5 from individual sources is smaller: ~6�±9% from traffic, 5�±7% from 

biomass burning, 1�±2% from cooking, 3�±26% from coal burning and 3�±10% from dust-

�U�H�O�D�W�H�G�� �H�P�L�V�V�L�R�Q�� ���Z�L�W�K�� �W�K�H�� �H�[�F�H�S�W�L�R�Q�� �R�I�� �������� �L�Q�� �;�L�¶�D�Q���� ��Fig. 7.1). The relatively high 

�F�R�Q�W�U�L�E�X�W�L�R�Q���I�U�R�P�� �F�R�D�O���E�X�U�Q�L�Q�J�� �L�Q���%�H�L�M�L�Q�J�� �D�Q�G���;�L�¶�D�Q�����L�Q�W�H�U�T�X�D�U�W�L�O�H���U�D�Q�J�H���� ���±21% of PM2.5 

mass (or 17�±47 µg m�í��) compared to 3�±5% of PM2.5 mass (or 2�±5 µg m�í��) in Shanghai and 

Guangzhou) can be attributed to its extensive use in residential heating in northern and 

western China (Zheg et al., 2005). Our study shows that on average ~37% of sulphate is 

�G�L�U�H�F�W�O�\�� �H�P�L�W�W�H�G�� �I�U�R�P�� �F�R�D�O�� �E�X�U�Q�L�Q�J�� �L�Q�� �;�L�¶�D�Q�� �D�Q�G�� �%�H�L�M�L�Q�J���� �&�R�D�O�� �E�X�U�Q�L�Q�J�� �H�P�L�V�V�L�R�Q�V�� �D�O�V�R��

dominate the levels of species associated with adverse respiratory and cardiovascular 

health outcomes, including polycyclic aromatic hydrocarbons and heavy metals (for 

example, lead and arsenic). The contribution from biomass burning is notably higher in 

�*�X�D�Q�J�]�K�R�X�� �D�Q�G�� �;�L�¶�D�Q�� ���L�Q�W�H�U�T�X�D�U�W�L�O�H�� �U�D�Q�J�H���� ���±9% of PM2.5 mass; 13�±18% of OM) 

compared to that in Beijing and Shanghai (4�±7% of PM2.5 mass; 8�±15% of OM), consistent 

with previous studies (Wang et al., 2006a). Note that the absolute contribution from traffic 

�L�Q�� �;�L�¶�D�Q�� �L�V�� �������±4.0 times the levels at the other cities studied here, although the total 

�Y�H�K�L�F�O�H���I�O�H�H�W���L�Q���;�L�¶�D�Q���L�V�������±70% lower. This can be attributed to the lag in implementation 

�R�I�� �P�R�U�H�� �V�W�U�L�Q�J�H�Q�W�� �Y�H�K�L�F�O�H�� �H�P�L�V�V�L�R�Q�� �V�W�D�Q�G�D�U�G�V�� �L�Q�� �;�L�¶�D�Q�� ���V�H�H��A.4. section A.4.1). The high 

�G�X�V�W�� �O�H�Y�H�O�V�� �I�R�X�Q�G�� �L�Q�� �;�L�¶�D�Q�� �P�R�V�W�� �S�U�R�E�D�E�O�\�� �R�U�L�J�L�Q�D�W�H�� �I�U�R�P�� �G�H�V�H�U�W�V�� �L�Q�� �Q�R�U�W�K�Z�H�V�W�� �&�K�L�Q�D����

consistent with back trajectory analyses (Fig. A.4.22), although fugitive dust from 

construction sites and unpaved roads could also be an important emission source, given the 

numerous construction activities in this region (Cao et al., 2013). Measurements of crustal 

and anthropogenic elements by energy-dispersive X-ray fluorescence spectrometry (ED-

XRF, including Fe, Ti, Ca, Zn, As, Pb, Cu, V and Ni) show that the primary sources 

identified above explain the levels and the variability of these elements rather well (see 

section A.4.5, and Figs A.4.26 and A.4.27). 

Figure 7.2a and b shows the factors driving the high pollution events by binning the 

fractional contribution of each factor to total PM2.5 and OM mass, respectively. The figures 

clearly show that high pollution events are characterized by an increasing secondary 

fraction, which accounts for up to 81% of PM2.5 mass and up to 73% of OM mass. On 

average, compared to that in the lowest PM2.5 bins, the secondary fraction in the highest 

PM2.5 bins increases by a factor of 1.4 for PM2.5 and 1.3 for OM, demonstrating the 

importance of secondary aerosol formation in driving particulate pollution during high 

pollution events. 

The significant SOA formation under wintertime conditions, though not yet widely 

recognized, is well supported by our low-temperature smog chamber studies on the ageing 

of biomass burning emissions (see A.4. section A.4.7 and Fig. A.4.9). We show that low 

temperature does not significantly reduce SOA formation rates of biomass burning 

emissions (the formation rate constant via OH radical (OH�Â) chemistry kOH = (2.5�±

http://www.nature.com/nature/journal/v514/n7521/full/nature13774.html#f1
http://www.nature.com/nature/journal/v514/n7521/full/nature13774.html#supplementary-information
http://www.nature.com/nature/journal/v514/n7521/full/nature13774.html#supplementary-information
http://www.nature.com/nature/journal/v514/n7521/full/nature13774.html#f2
http://www.nature.com/nature/journal/v514/n7521/full/nature13774.html#supplementary-information
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6.7) × 10�í���� cm3 molecule�í�� s�í�� �D�W���í���� °C, comparable to the oxidation rates of many SOA 

precursors at room temperature Atkinson and Arey, 2003) and significant amounts of SOA 

are rapidly produced, exceeding primary organic aerosol (POA) at an OH�Âexposure (that is, 

OH�Â concentration × time) of only (1.6�±5.5) × 106 molecules cm�í�� h. At OH�Â concentrations 

typical of wintertime China (> 0.4 × 106 molecules cm�í��, 24 h average, for the cities of this 

study), these exposures are reachable in 4�±14 h, which is fast with respect to atmospheric 

transport especially during stagnant conditions. The OH�Â concentrations given above are 

simulated from the Geos-Chem model, which are consistent with wintertime observations 

at polluted urban locations such as Birmingham (UK), Tokyo (Japan) and New York City 

(see section A.4.7, Fig. A.4.30 for more details). Note that processes other than OH radical-

initiated oxidation may contribute to or even dominate SOA formation during winter, 

including aqueous-phase oxidation and NO3
- radical-initiated nocturnal chemistry, as is 

certainly the case for SIA species sulphate and nitrate (Wang et al., 2012; Ervens et al., 

2011). 

Sources of SIA are relatively well constrained: in urban areas, sulphate forms primarily 

through atmospheric oxidation of SO2 emitted mainly from coal burning, while nitrate 

derives from NOx emitted mainly from vehicle exhaust and power plants (Seinfeld and 

Pandis, 2006). By contrast, SOA sources are highly uncertain (Hallquist et al., 2009). We 

previously discussed the secondary organic-rich and secondary inorganic-rich factors in 

terms of likely geographic origin; here we combine the factor analysis with 14C analysis to 

quantify the fossil and non-fossil carbon contributions to SOA (see  A.4. section A.4.4 for 

details). This helps to constrain the relative importance of specific sources to SOA 

production�² for example, SOA precursors emitted by traffic:coal burning would increase 

the fossil content. As shown in Fig. 7.3, the calculated contributions of fossil SOA to total 

OA mass are 1.1�±2.4 times larger for high pollution events than for low pollution events, 

highlighting the importance of fossil SOA to particulate pollution. Fossil SOA accounts for 

~25�±40% of OA mass (or ~45�±65% of SOA mass) in Shanghai and Beijing, consistent 

with the large emissions of SOA precursors from high traffic flow and/or large coal usage 

for domestic heating/cooking at these locations (Zhang et al., 2005; Wang et al., 2013a). 

The fossil SOA fraction, however, decreases to ~10�±20% of OA mass in Guangzhou and 

�;�L�¶�D�Q�����Z�L�W�K���W�K�H���Q�R�Q-fossil SOA fraction increasing to ~30�±60% of the OA mass (or ~65�±

85% of the SOA mass), mostly due to the enhanced biomass burning activities as discussed 

above. Note that biogenic emissions may produce a small fraction of non-fossil SOA in 

Guangzhou owing to the relatively high temperature (5�±18 °C), while this source is 

probably negligible in othe�U���F�L�W�L�H�V�� �R�I�� �W�K�L�V���V�W�X�G�\�� �G�X�H���W�R���O�R�Z�H�U���W�H�P�S�H�U�D�W�X�U�H�V�� ���W�K�D�W���L�V���� �í������ �W�R��

2 �ƒ�&���D�W���%�H�L�M�L�Q�J�����í�����W�R���� �ƒ�&���D�W���;�L�¶�D�Q���D�Q�G���í�����W�R���� °C at Shanghai). 
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Figure 7.3 Fossil and non-fossil fractional contributions of each source during low and high 
PM2.5 levels observed in different cities. For each city we measured the 14C content of carbonaceous 
aerosols in three samples with the lowest PM mass and three samples with the highest PM mass to 
represent the low and high pollution events, respectively. The numbers above the bars represent the 
average OM concentration and those in parentheses the percentage of the fossil fraction in SOA. 
The uncertainties (RSD) on the fossil and non-fossil SOA contribution to OA are on average 11% 
and 17%, respectively. Note that the contributions of fossil SOA to total OA mass are 1.1�±2.4 times 
larger for high pollution events than for low pollution events, highlighting the importance of fossil 
SOA in particulate pollution. The fossil SOA is a dominant fraction (~25�±40% of OA mass, or ~45�±
65% of SOA mass) in Shanghai and Beijing, consistent with the large emissions of SOA precursors 
from high traffic flow and large coal usage. However, non-�I�R�V�V�L�O�� �6�2�$�� �L�V�� �D�E�X�Q�G�D�Q�W�� �L�Q�� �;�L�¶�D�Q�� �D�Q�G��
Guangzhou (~30�±60% of OA mass, or ~65�±85% of SOA mass) owing to the enhanced biomass 
burning activities. 

 

Our analysis suggests that emission control strategies to mitigate PM2.5 pollution in 

China should, in addition to primary particulate emissions, also address the emission 

reduction of secondary aerosol precursors including SO2, NOx, and, in particular, VOCs. 

The Chinese government is already making efforts to mitigate SIA precursor gases. SO2 

emissions have decreased since 2006 due to the strict nationwide implementation of flue 

gas desulphurization in coal-fired power plants (Wang et al., 2013b), but NOx continues to 

increase because of the lag in emission control legislations and the increase in fuel 

consumption by power plants and vehicles (Wang et al., 2013b). By 2020, VOC emissions 

are predicted to increase by 49% relative to 2005 levels (Xing et al., 2011), and are not 

fully considered in the current Chinese air pollutant control strategy although they account 

for on average ~25�±�����������Z�L�W�K���W�K�H���H�[�F�H�S�W�L�R�Q���R�I�����������L�Q���;�L�¶�D�Q�����R�I���W�K�H���3�02.5 mass (via SOA 

production) and 44�±71% of OM mass observed here. The importance of VOCs to 

controlling PM has only been recognized very recently for a few sectors, but measures are 

not yet well defined, being limited to the traffic and petrochemical industries (Chinese State 

Council, 2013). However, our findings suggest that stringent controls on VOC emissions 

from vehicles and coal burning (introducing clean-burning stoves) could be efficient 
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measures in regions like Beijing and Shanghai where fossil SOA formation is dominant. 

Control of biomass burning activities (including heating and open fires of agricultural and 

other waste) could be an efficient strategy in all regions, especially near Guangzhou and 

�;�L�¶�D�Q�� �Z�K�H�U�H�� �Q�R�Q-fossil VOC emissions are significant. Further, strategies to improve air 

quality within the cities need also to consider advection from extra-urban emission sources. 

In general, our results suggest that reduction in SIA and SOA precursors (NOx, SO2, 

NH3, and, particularly, the currently much less constrained VOCs) can help achieving 

PM2.5 reduction targets and diminishing the environmental, economic and health costs of 

particulate pollution. Such measures should be considered by policy makers given the 

disastrous effects of particle pollution in China. It should be investigated if similar 

considerations apply to other emerging economies, for example India or some African 

nations (Tiwari et al., 2013, UNEP, 2013) which are also experiencing severe particle 

pollution. Effective air pollution control measures are imperative for cleaning the air we 

breathe, as highlighted by the recent World Health Organization (WHO) report attributing 

approximately 7 million premature deaths in 2012 to air pollution and demonstrating that 

particle pollution risks are far greater than previously thought (WHO, 2014). 
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 Conclusions 8.1

The development of appropriate aerosol mitigation strategies requires long-term aerosol 

monitoring and a deep knowledge of the aerosol sources. In this work we presented long-

term spatially resolved monitoring of PM sources using online and offline aerosol mass 

spectrometry. In particular, we tested and optimized the offline application of AMS, which 

demonstrated to be an effective tool to monitor the OA sources especially for long-term 

spatially resolved campaigns. Aerosol mass spectrometry results were coupled with 

unprecedented sets of offline-AMS analyses in order to better characterize the aerosol 

sources. In particular we presented the first quantification of primary biological OA 

sources on the field, and the first thorough investigation of the PM2.5 sources in China 

during an extreme haze event. 
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Figure 8.1 Average contributions of the OA sources discussed in this dissertation. 

 

In Chapter 4 we present the size-segregated source apportionment of OA at the rural site 

of Payerne (Switzerland). The goal of this study was to investigate the less known coarse 

OA sources. PM1, PM2.5, and PM10 filters were collected in parallel during a summer and a 

winter campaign. In order to apportion the OA sources we performed a 3D-PMF analysis 

which enabled separating the size-segregated contribution of the different OA sources. 

Offline-AMS source apportionment was validated using external measurements including 

cellulose enzymatic degradation, optical determination; q-PCR quantification of fungal 

spores and bacteria; and sugar measurements by IC-PAD. Source apportionment results 

revealed major PBOA contributions during summer, accounting on average for 60% of the 

total OM10 during summer and lower contributions during winter (19%). 96% of the PBOA 

mass was comprised between PM2.5 and PM10. A large part of this fraction (82%) is water 

insoluble, and among the water insoluble fraction cellulose represents on average 88% of 

the mass suggesting large contributions from plant debris. This factor followed the size 

fractional and seasonal behavior of bacteria, fungal spores, primary biological 

carbohydrates (mannose, glucose, arabitol, mannitol), and cellulose. Bacteria and fungal 

spores however represented only a minor fraction in terms of mass, nevertheless further 

observations should be conducted at other locations in order to provide more PBOA data 

and to better constrain the global fluxes.  

In a second study (Chapter 5) we monitored the sources of PM1 OA at three different 

stations in Lithuania for one year. The three stations were classified as urban background 
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(Vilnius), rural coastal (Preila), and rural terrestrial (�5�Ì�J�ã�W�H�O�L�ã�N�L�V). In this study we 

performed an offline-AMS analysis using Ar as nebulizing gas, which enables direct 

measurements of the CO+ fragment, which is typically not accessible by the conventional 

AMS operating mode, because of the interference at the same nominal mass of the N2
+ ion 

deriving from the N2 (present in air) ionization. Although CO+ represents an important 

fraction of the total OA AMS mass (2-13%), its contribution is typically estimated to be 

equal to the one of CO2
+ (Aiken et al., 2008; Canagaratna et al., 2007). Our findings 

indicate that fCO+ is instead systematically lower than fCO2
+ and has a distinct seasonal 

trend with higher values observed during winter than in summer. The PMF model 

attributed the winter higher contributions to the BBOA factor. Accordingly, we propose a 

novel CO+ parameterization as a function of both CO2
+ and C2H4O2

+, which is expected to 

better represent the CO+ variability, with C2H4O2
+ chosen as BBOA tracer as it mostly 

derives from the levoglucosan fragmentation (Alfarra et al., 2007). Source apportionment 

results revealed that BBOA was the main source of OA during winter showing higher 

values in the most populated location   (63% in Vilnius, in comparison to lower values at 

the rural stations 56% in Preila, 40% in �5�Ì�J�ã�W�H�O�L�ã�N�L�V). The PMF model also separated two 

different OOA sources, defined as S-OOA and B-OOA, with S-OOA contributing mostly 

during summer, and B-OOA not showing a clear seasonal variability. S-OOA revealed a 

positive exponential relation with temperature and was the dominant OA source during 

summer, showing concentrations not statistically different from site to site within a 

confidence interval of 95% (1.2 �Pg m-3 on average during summer). The S-OOA positive 

relation with temperature was well fitted with the exponential relation reported by Leaitch 

et al. (2011) for the OA in a Canadian forest where the dominant OA source was secondary 

biogenic suggesting a secondary biogenic origin also for the S-OOA factor. Offline-AMS 

source apportionment results compared well with the total PM1 source apportionment 

performed on a set of markers measured from the same filter samples including EC, OC, 

ions measured by ion chromatography, and molecular markers measured by GC-MS. 

In Chapter 6 we analyzed the PM2.5 sources affecting the air quality in Marseille over 

one year. Offline-AMS source apportionment results compared well with online-AMS 

source apportionment results from two different monitoring campaigns (a few weeks each) 

conducted in summer and winter in different years at the same location. During summer, 

OOA was the major source of OA (56% of OA), while during winter BBOA dominated 

(43% of OA). Marker measurements conducted on the same filter samples showed a 

temporal evolution of the ratios between cellulose combustion tracers and lignin 

combustion tracers, suggesting an influence from cellulose rich combustion sources 

especially during late autumn and March, in coincidence with the end and the beginning of 

the agricultural cycle. Overall our findings indicate that the contribution of the primary 

anthropogenic sources to total OM during winter was 73% and during summer 44%.  
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In Chapter 7 we discuss the source apportionment of the PM2.5 sources affecting the air 

quality during an extreme haze episode occurred during January 2013. Filter samples were 

�F�R�O�O�H�F�W�H�G���D�W���I�R�X�U���G�L�I�I�H�U�H�Q�W���F�L�W�L�H�V���L�Q���&�K�L�Q�D�����%�H�L�M�L�Q�J�����6�K�D�Q�J�K�D�L�����;�L�¶�D�Q�����D�Q�G���*�X�D�Q�J�]�K�R�X�������7�K�L�V��

work represents the first thorough investigation of the aerosol sources affecting the air 

quality in China during the periodic winter haze episodes. The source apportionment was 

conducted with offline-AMS spectra, together with organic markers quantified by GC-MS, 

and ions measured by IC used as input for the PMF analyses. PMF source apportionment 

well compared with a CMB source apportionment performed on the measured markers. 

Results revealed site-to-�V�L�W�H�� �G�L�I�I�H�U�H�Q�F�H�V���� �L�Q�� �S�D�U�W�L�F�X�O�D�U�� �;�L�¶�D�Q�� �V�K�R�Z�H�G�� �W�K�H�� �K�L�J�K�H�V�W�� �3�02.5 

concentrations (345 �Pg m-3), due to high dust levels (representing on average 45% of the 

PM2.5 mass), probably advected from the arid regions surrounding the city. Beijing instead 

showed the highest coal combustion concentrations (representing on average 26% of the 

PM2.5). �(�[�F�H�S�W�� �I�R�U�� �;�L�¶�D�Q���� �Vecondary aerosols represented the main PM2.5 sources. Two 

secondary factors were separated: organic-rich and inorganic rich. In the southern stations 

(Shanghai and Guangzou) the inorganic-rich secondary factor was the largest PM2.5 source 

(61 and 59% of PM2.5 respectively), while the organic-rich secondary relative contributions 

�Z�H�U�H���K�L�J�K�H�U���D�W���W�K�H���Q�R�U�W�K�H�U�Q���V�W�D�W�L�R�Q�V�����%�H�L�M�L�Q�J���D�Q�G���;�L�¶�D�Q�����U�H�S�U�H�V�H�Q�W�L�Q�J���U�H�V�S�H�F�W�L�Y�H�O�\�����������D�Q�G��

15% of the PM2.5), suggesting different secondary precursors in north and south China. 

Overall secondary aerosols represented the main PM2.5 sources in Shanghai, Beijing, and 

Guangzhou, and their relative contributions increased during the haze event. Source 

apportionment results were finally integrated with 14C analyses to investigate the secondary 

aerosol fossil and non-fossil fractions, assuming these contributions to be known for the 

primary sources. 14C analysis revealed that the fossil SOA contribution exceeded the non-

fossil SOA by a factor 1.1-2.4. 

Overall this work elucidated the yearly trends of OA sources. In Europe during winter 

the main source of submicron OA was BBOA deriving from domestic heating. Coupling 

offline-AMS data with markers revealed that during early spring and late autumn part of 

BBOA can derive from agricultural waste combustion (Marseille and Lithuania). At all 

stations on yearly scale the major source of PM2.5 was OOA, mostly related to secondary 

aerosol formation. This highlights the importance of implementing future air pollution 

mitigation strategies focused on minimizing the VOCs emissions. This is especially 

important for China during winter, as we discussed in Chapter 7, where we observed 

increasing secondary aerosol contributions during the most polluted episodes. In general 

offline-AMS PMF separates two different OOA factors characterized by distinct seasonal 

trends: S-OOA contributing mostly during summer and W-OOA mostly during winter. We 

note that these OOA factors are not separated based on their sources, but based on the 

different seasonal trends. This suggests different OOA precursors (and chemistry) during 

summer in comparison to winter. In particular, the OOA factor contributing mostly during 

summer shows an exponential increase with temperature, which is also observed for 
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biogenic VOCs emissions. During winter OOA shows a more oxidized fingerprint, and its 

main is thought to be anthropogenic. Regarding the coarse OA sources, offline-AMS 

analysis coupled with marker measurements revealed that at a rural site in Switzerland 

PBOA mostly from plant debris represented the major contributor; however more 

observations are required at different locations.  

Limitations in the PMF-based source apportionment arise in the separation of well-

correlated sources. An example of this limitation is discussed in Chapter 6, where the 

BBOA factor resolved by both offline and online-AMS includes a certain contribution of 

rapidly formed secondary aerosols. In particular we estimated that the nitrocatechols-

related SOA represented 8% of the BBOA mass, nevertheless this may represent only a 

low estimate of the total rapidly formed secondary aerosol mass. Rapidly formed secondary 

aerosols are typically attributed by PMF to the corresponding primary aerosol factors (in 

this case BBOA, but we cannot exclude a similar behavior also for the other primary 

sources) due to the high temporal correlation. This is expecially the case if the time 

resolution is low in comparison to the SOA formation time leading to an overestimate of 

primary sources. The rapidly formed secondary aerosols contribution can be better 

estimated by deterministic approaches accounting for SOA formation rates. Also a CMB 

approach can be suitable if markers are known and measured. 

The development of offline-AMS enabled the long-term, spatially- and size-resolved 

monitoring of the main aerosol sources. Coupling offline-AMS with organic and inorganic 

markers improved the chemical characterization of the aerosol sources. 

 

 Remarks and outlook 8.2

In comparison to online analytical techniques, offline techniques are preferable for 

long-term, spatially-resolved aerosol monitoring because of the cheaper costs and 

maintenance, moreover the analyst has the possibility to a posteriori choose the best 

analysis strategy and adapt it to the available material and to the aerosol composition. 

Online techniques are instead more suitable for the monitoring of short-term polluted 

episodes, or for the monitoring of fugitive sources. Based on the experience obtained from 

this work we suggest guidelines for future long-term offline aerosol monitoring. In general, 

the low time resolution due to the filter collection time (typically 24 h) represents a severe 

limitation especially for the monitoring of short episodes. In particular, the PMF capability 

of resolving factors increases with the source variabilities. In case of offline source 

apportionment covering short time periods, additional source variabilities could be 

provided by concomitantly sampling at different stations or collecting size-segregated filter 

samples. As discussed in Chapters 4, 5, and 7, these additional variabilities are well 

captured by the PMF algorithm. Overall, increasing the time resolution to 12 h would 
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already provide more information about the source daily variabilities, especially if 

collecting separate filters for daytime and nighttime (e.g. from 7 to 19, and from 19 to 7). 

In absence of a priori information about the sampling site, high-volume samplers would be 

preferable in comparison to low-volume samplers as they provide higher loadings and filter 

material for further analyses. In general the filter substrate should be quartz fiber if the goal 

of the campaign includes OA monitoring, as the only offline method available to quantify 

the OC loadings involves the OA thermal decomposition, therefore a polymeric filter 

material could partially decompose leading to OC artifacts. Regarding the OC 

determination, particular caution should be paid in case of PM10 filter samples as the 

amount of pyrolizable material can be substantial (as discussed in Chapter 4, cellulose can 

represent an important PM fraction), moreover also inorganic CO3
2- can represent an 

important PM fraction, and its thermal decomposition to CO2 needs to be monitored or 

avoided by acidifying the filter samples. In general an OC measurement optimization is 

needed for PM10 and possibly PM2.5 filter samples. 

The offline-AMS analysis proved to be a suitable tool to monitor the OA sources 

especially for long-term datasets and for multiple stations. This technique does not require 

extensive lab work, and is potentially applicable to every nebulizable aqueous matrix (e.g. 

rain, cloud, and snow samples, ice cores, etc.). The Ar nebulization of the filter extracts 

discussed in Chapter 5 enables directly measuring the CO+ fragment, which represents a 

substantial fraction of the total OA AMS spectrum (2-13%), which in the typical AMS 

operational mode is not accessible due to the interference of N2 from air at the same 

nominal mass. A direct measurement of CO+ by Ar nebulization of filter extracts could be 

used in future studies to improve the accuracy of the AMS OA quantification and elemental 

analysis. Future developments of the offline-AMS technique should include the 

quantitative determination of SO4
2-, NH4

+, NO3
- and possibly organics, by e.g. the injection 

of labeled standards. In this work, the ions were quantified by IC, while WSOM was 

estimated from WSOC measurements (using a TOC analyzer) multiplied by the OM:OC 

ratios determined from the HR analysis of the WSOA mass spectra. A possible further 

development of the offline-AMS technique could be the collection of OA spectra operating 

the AMS-ToF in W mode. This would result in a higher mass resolution, at the expense of 

a lower sensitivity. In case of highly loaded filter samples and in the presence of sufficient 

filter material the lower sensitivity could be compensated by preparing more concentrated 

filter extracts or by using an aerosol concentrator. The W-mode AMS operating mode 

would enable fitting more fragments which in turn would result in a larger number of 

variables which can be used as inputs for the source apportionment. In a similar way the 

recent combination of a longer ToF (L-ToF) mass selector with the AMS is expected to 

considerably improve both mass resolution and sensitivity; however no publications with 

this new instrument are available yet. 
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In general, for long-term, spatially-resolved OA source apportionment, a possible 

efficient combination of analytical techniques can be EC/OC measurements, WSOC, 

offline-AMS, and BC measured by a 7-wavelenghts aethalometer. This combination of 

instruments would enable monitoring the WSOM composition (offline-AMS); the 

recoveries of the main OA sources (EC/OC measurements); and deriving the traffic and 

wood burning BC contributions for the validation of HOA and BBOA concentrations 

(Sandradewi et al., 2008). For a more in-depth characterization of specific 

sources/episodes, we recommend the EC/OC radiocarbon analysis and/or the molecular 

marker measurements. Note that, as already mentioned in Chapter 5, while the organic 

marker source apportionment has the advantage of using source-specific markers, the 

offline-AMS source apportionment can resolve sources/processes for which no specific 

markers are available, therefore the latter is more suitable in case of no a priori information 

about the monitoring site. In comparison to the field deployment of a combination of online 

instruments (e.g. AMS/ACSM, NOx analyzer, and an aethalometer), the offline-approach 

enables a posteriori selecting the best analysis strategy, and requires less maintenance. 

Moreover, from an economical perspective it permits strong economies of scale in case of 

multiple monitoring sites. 

As discussed in this work, SOA and PBOA are the less characterized/understood OA 

sources. In Chapter 4, the contribution of these two fractions was estimated 80-100% of the 

OA10 fraction during summer at rural station in Europe. Regarding the study of the PBOA 

sources and contributions, in Chapter 4 we proposed a new set of measurements for the 

quantification of the PBOA concentration, which should be conducted at specific locations 

in order to quantify the global fluxes (e.g. Amazon and Scandinavia which are 

characterized by different climates and vegetation).  

AMS source apportionments studies (Jimenez et al., 2009) revealed that SOA represents 

the largest fraction of submicron OA. Despite the advantages of analyzing the bulk 

composition of the OA using an AMS, an OA characterization at the molecular level would 

provide relevant insight especially into the SOA formation processes. In this sense the use 

of softer ionization techniques (e.g. electrospray, or chemical ionization using iodate or 

acetate) coupled with mass spectrometric techniques could represent a promising tool for 

future SOA source apportionment studies. However, important limitations affecting the 

offline SOA analyses typically arise from filter extraction. We already discussed that a 

large part of the OA mass is unextractable. In this perspective the OA thermal desorption 

coupled with iodide chemical ionization can represent an effective way to investigate the 

most volatile SOA fraction (Lopez-Hilfiker et al., 2013), although the thermal desorption 

could lead to the pyrolysis of the thermally labile OA compounds, with the consequential 

loss of the chemical structure of the precursors. In general the advantage of the iodide soft 

ionization is the preservation of the precursor structure; moreover this technique is not 

particularly selective, enabling accessing a large part of the chemical composition of the 
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thermally stable SOA fraction. Overall the extraction limitations and selective/destructive 

ionization techniques hampered a complete SOA chemical characterization, indicating that 

a unique analytical technique for the complete characterization of SOA is at the moment 

not available, however coupling different techniques can provide important insights. In 

general, future SOA characterization should involve smog chamber aging experiments of 

biogenic and anthropogenic VOCs precursors in order to characterize the SOA mass 

spectral features. Subsequent field measurements should be conducted at suitable locations 

(e.g. conifer and deciduous forests, and locations downwind from fossil fuel combustion 

hot spots, such as the Pasadena station used for the Calnex campaign, Hayes et al., 2013).  

In this work we also discussed the application of advanced statistical techniques, in 

particular the application of PMF, CMB, and one of the first application of 3D-PMF 

analysis in aerosol science. We also systematically explored the PMF solution space by 

using both a value sensitivity analyses (Canonaco et al., 2013) and the bootstrap (or Monte 

Carlo) approach to investigate the PMF model uncertainties. From this perspective, this 

work represents one of the most advanced and systematic assessments of the PMF model 

uncertainties, which should be always evaluated in future PMF source apportionments in 

order to provide a confidence interval for the factor concentrations. The PMF uncertainty 

estimates together with the statistical estimate of factor recoveries could be used in future 

studies even when offline-AMS techniques are not involved. 
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A.1 Supporting Information Chapter 4 

A.1.1: Acronym definitions 

Table A.1. 1 Table of abbreviations (alphabetical order) 

Abbreviation Meaning 

1, 2.5, 10, COARSE 

(subscripts) 

For a generic aerosol component: the fraction 

contained within PM1, PM2.5, PM10, and between 

PM2.5 and PM10 respectively 

1s, 2p (subscripts) 
Referred to XPS measurements: indicate the subshell 

from which the measured photoelectron is emitted 

(3D-)PMF (3 Dimensional-) positive matrix factorization 

AMS Aerosol mass spectrometer 

Batch A, Batch B 

Batch of filter samples.  

Batch A: summer 2012, january february 2013. PM1, 

PM2.5, PM10 collected in parallel 

Batch B: 2013, PM10 

BBOA Biomass burning organic aerosol 

BE Binding energy 

CarbohydratesBBOA Sum of mannosan, galactosan, levoglucosan 

MonosaccharidesBIO Sum of arabitol, mannitol, glucose, mannose 

Carbohydratesmeas Sum of monosaccharidesBIO and carbohydratesBBOA 

HOA Hydrocarbon-like organic aerosol 

HR-ToF High-resolution time-of-flight 

i Denotes a generic sample 
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IC(-PAD) 
Ion chromatography (coupled with pulsed 

amperometric detector) 

(IDTD-)GC-MS 
(In-situ derivatization thermal desorption) gas 

chromatography mass spectrometry 

ME-2 Multilinear engine-2 

ND-IR Detector Non-dispersive infrared detector 

OC Organic carbon 

OM Organic matter 

org (subscript) Denotes the organic fraction of an aerosol component 

PAH Polycyclic aromatic hydrocarbons 

PBOA Primary biological organic aerosol 

PM Particulate matter 

PAPLS Particulate abrasion product from leaf surfaces 

qPCR Quantitative polymerase chain reaction 

Rogge (subscript) 

Relative to: Rogge, W. F.; Hildemann, L. M.; 

Mazurek, M. A.; Cass, G. R; Simoneit, B. R. T. 

Sources of fine organic aerosol. 4. Particulate 

abrasion products from leaf surfaces of urban plants, 

Environ. Sci. Technol., 1993, 27 (13), 2700�±2711. 

RZ Indicates the recovery for a generic z PMF factor 

S-OOA Summer oxygenated organic aerosol 

Sunset (subscript) 
Referred to EC,OC,TC: determined with Sunset Lab 

Analyzer 

TOC-analyzer Total organic carbon analyzer 

W-OOA Winter oxygenated organic aerosol 

http://pubs.acs.org/action/doSearch?ContribStored=Rogge%2C+Wolfgang+F.
http://pubs.acs.org/action/doSearch?ContribStored=Rogge%2C+Wolfgang+F.
http://pubs.acs.org/action/doSearch?ContribStored=Mazurek%2C+Monica+A.
http://pubs.acs.org/action/doSearch?ContribStored=Cass%2C+Glen+R.
http://pubs.acs.org/action/doSearch?ContribStored=Simoneit%2C+Bernd+R.+T.
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WS- (prefix) Water-soluble 

XPS X-ray photoelectron spectroscopy 

z Denotes a generic 3D-PMF factor 

 

 

 

 

A.1.2: List of supporting measurements and corresponding 

methodology details  

Table A.1.2. List of supporting measurements 

Analytical Method Measured compounds 

Gravimetry Total particulate matter mass 

IC SO4
2-, NO3

-, Cl-, NH4
+, Na+, K+, Ca2+, Mg2+ 

Thermal-optical 

transmittance using 

Sunset Lab Analyzer 

(EUSAAR2) 

EC/OC 

Water extraction 

thermal decomposition 

ND-IR determination 

using TOC analyser 

WSOC 

In-situ derivatization 

thermal desorption gas 

chromatography time-

of-flight mass 

spectrometry (IDTD-

GC-MS) 

PAH: fluoranthene, pyrene, benzo[a]anthracene, chrysene, 

sum of benzo[b,k]fluoranthene and benzo[j]fluoranthene, 

benzo[e]pyrene, benzo[a]pyrene, perylene, 

dibenz[ah]anthracene, indeno[1,2,3 - cd]pyrene, 

benzo[ghi]perylene, coronene, retene. 

Oxi-PAH: 1(2H)-acenaphthylenone, 9H-fluoren-9-one, 

9,10-anthracenedione, cyclopenta(def)phenanthrenone, 

1,8-naphthalic anhydride, 11H-benzo[a]fluoren-11-one, 
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11H-benzo[c]fluoren-11-one, 11H-benzo[b]fluoren-11-

one, 7H-benz[de]anthracen-7-one, benz[a]anthracene-7,12-

dione 

Alkanes: octadecane (C18), nonadecane (C19), eicosane 

(C20), heneicosane (C21), docosane (C22), tricosane 

(C23), tetracosane (C24), pentacosane (C25), hexacosane 

(C26), heptacosane (C27), octacosane (C28), nonacosane 

(C29), triacontane (C30), untricontane (C31), 

dotriacontane (C32), tritriacontane (C33), tetratriacontane 

(C34), pentatriacontane (C35), hexatriacontane (C36), 

heptatriacontane (C37), octatriacontane (C38), 

nonatriacontane (C39) 

Hopanes���� �����.���+����- ���������+�� ��- �Q�R�U�K�R�S�D�Q�H�� ���&���������� �����.���+����- 

���������+�� ��- �K�R�S�D�Q�H�� ���&���������� �����.���+����- ���������+��-22R- 

�K�R�P�R�K�R�S�D�Q�H�� ���&���������� �����.���+��-���������+��-22S-homohopane 

���&���������� �����.���+��-���������+��-22S-Bishomohopane (C32), 

�����.���+��-���������+��-22R-Bishomohopane (C32) 

Enzymatic conversion 

to D-glucose and 

photometric 

determination 

Cellulose 

XPS Carbon and nitrogen binding energies 

qPCR genomic analysis Total bacteria and fungal spores 

�,�&���F�R�X�S�O�H�G���W�R���D���3�X�O�V�H�G��

�$�P�S�H�U�R�P�H�W�U�L�F���'�H�W�H�F�W�R�U��

���,�&-�3�$�'�� 

Arabitol, mannitol, mannose, glucose, mannosan, 

levoglucosan, galactosan 

 

A.1.2.1: WSOC quantification. One 1.5 cm2 filter punch per filter sample was 

extracted in 5 mL MilliQ water under ultra-sonication for 90 min. The extracts were then 

acidified with a 2M HCl solution to remove the carbonate fraction. 80 �PL of the solution 

were subsequently directly injected in the combustion tube of a TOC-VCPH/CPN (total 

organic carbon) analyzer (Shimadzu) where the water-soluble organic fraction was 

quantitatively oxidized to CO2, H2O, and NO2 at 680°C. The generated H2O was removed 



Appendix �± Supporting information Chapter 4 

  

191 

by the carrier gas (air) through a dehumidifier, while the generated CO2 was measured by a 

Non-Dispersive Infrared Detector (ND-IR).  

 

A.1.2.2: IDTD-GC-MS analysis. The analytical procedure included spiking of 

isotope-labelled standards on the filters to account for possible matrix effects. The 

derivatization step was carried out by deposition of the derivatizing liquid reactant N-

methyl-N-trimethylsilyl-trifluoroacetamide (MSTFA, Macherey-Nagel, Germany) directly 

on the filter surface. During desorption (16 min), another in-situ derivatization step was 

introduced using gaseous MSTFA for a quantitative silylation of the polar compounds and 

a consequential optimization of the desorption step. Desorbed and derivatized compounds 

were trapped in a pre-column before gas chromatographic separation and determination 

(Agilent 6890 GC, equipped with a BPX-5 capillary column, SGE, Australia). 

Measurements and quantifications of the organic compounds were performed using a 

Pegasus III-ToF-MS using the ChromaTOF software package (LECO, St. Joseph, MI). 

 

A.1.2.3: Cellulose enzymatic quantification. �7�K�H�� �T�X�D�Q�W�L�I�L�F�D�W�L�R�Q�� �Z�D�V�� �S�H�U�I�R�U�P�H�G��

�E�D�V�H�G�� �R�Q���W�K�H�� �S�U�R�F�H�G�X�U�H�� �G�H�V�F�U�L�E�H�G�� �E�\�� �.�X�Q�L�W�� �D�Q�G�� �3�X�[�E�D�X�P�� ���������������D�Q�G�� �L�Q�Y�R�O�Y�H�V�� �������� �D�Q��

�H�Q�]�\�P�D�W�L�F���G�H�J�U�D�G�D�W�L�R�Q���R�I���I�U�H�H���F�H�O�O�X�O�R�V�H���W�R���'-�J�O�X�F�R�V�H���X�V�L�Q�J���F�H�O�O�X�O�R�V�H���D�Q�G���F�H�O�O�R�E�L�D�V�H���D�W���S�+��

�������� �D�Q�G�� �������� �W�K�H�� �S�K�R�W�R�P�H�W�U�L�F�D�O�� �G�H�W�H�U�P�L�Q�D�W�L�R�Q�� �R�I�� �'-�J�O�X�F�R�V�H�� �X�V�L�Q�J�� �D�� �'-�J�O�X�F�R�V�H-�+�.�� �W�H�V�W�� �N�L�W��

���0�H�J�D�]�\�P�H���� 

 

A.1.2.4: XPS. 6 filter samples from batch A (3 Summer PM10, and the corresponding 

PM1 filter samples) were selected for XPS analysis. The sample selection was based on 4 

criteria: 

1. Summer samples. As described in the manuscript the largest PBOA 

contributions were detected in summer, while only minor contributions in terms of mass 

were measured during winter. 

2. OC10 increment in comparison to OC1. Large PBOA loadings in PM10 were 

privileged as the goal of the analysis was the investigation of the Norg content and the C1S 

binding energies for the PBOA fraction. 

3. Availability of complementary analyses. Filters for which more analyses were 

performed were privileged (e.g. Cellulose and IDTD-GC-MS measurements of organic 

markers). 
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4. Material availability. Given the large number of measurements performed, we 

selected for the XPS analysis only the samples for which enough material was available for 

both PM10 and PM1 filters. 

Measurements were carried out with a VG ESCALAB 220iXL spectrometer (Thermo 

�)�L�V�K�H�U�� �6�F�L�H�Q�W�L�I�L�F���� �X�V�L�Q�J�� �P�R�Q�R�F�K�U�R�P�D�W�L�F�� �$�O�� �.�.�� �[-ray radiation (1486.6 eV). The 

spectrometer was calibrated for the binding energy (BE) using the Ag 3d5/2 peak at 368.3 

�H�9�����7�K�H���D�Q�D�O�\�]�H�G���D�U�H�D���R�I���W�K�H���V�D�P�S�O�H�V���Z�D�V���a�����������P2 (power of 150 W), and the pressure in 

�W�K�H���D�Q�D�O�\�V�L�V���F�K�D�P�E�H�U���Z�D�V���D�E�R�X�W�������Â�������í�� mbar. Spectra were recorded in constant analyzer 

energy mode at pass energy of 30 eV. Low energy electron gun was used during the 

experiment to compensate the charge effect on the surface due to the non-conductive 

character of the quartz.  

 

A.1.2.5: Genetic analysis of bacteria and fungal spores. DNA was extracted from 

filters using a PowerSoil kit (MoBio) with few modifications to improve the yield. The top 

surface of ten 16 mm diameter filter punches was pilled using a disinfected scalpel. The 

pilled material was inserted into a powerbead tubes kit together with the kit C1 solution 

and a mix of acid-washed glass beads: 0.1g of 425-600 µm and 0.3g of < 106 µm (Sigma-

Aldrich). A Minibeadbeater-16 (Biospec) was used for homogenization of the mixture for a 

total time of 5 minute with 3 breaks of cooling on ice for 1 min. The extracted DNA was 

kept at -20°C until further analysis. qPCR analysis was performed with StepOnePlus 

system (Applied Biosystems) using the universal primers listed in table A.1.2. The 10 µL 

�U�H�D�F�W�L�R�Q�� �P�L�[�� �F�R�Q�W�D�L�Q�H�G�� ���� ���O�� �)�D�V�W�� �6�<�%�5�� �*�U�H�H�Q�� �0�D�V�W�H�U�� �0�L�[�� ���$�S�S�O�L�H�G���%�L�R�V�\�V�W�H�P�V������ ���� ���/��

�H�[�W�U�D�F�W�H�G���'�1�$���� �������� ���/�� �R�I�� �H�D�F�K�� �S�U�L�P�H�U������������ ���0������ �D�Q�G���������� ���/�� �Q�X�F�O�H�D�V�H�� �I�U�H�H���Z�D�W�H�U�����1�)�:������

The reaction conditions consisted of 20s initial denaturation and enzyme activation at 

95°C, 45 cycles of 3s denaturation at 95°c, and 30s annealing and extension at 60°C, 

followed by melting curve stage between 60°C to 95°C with 0.3°C/min gradient. Negative 

controls consisted of NFW included in each plate, as well as a standard curve composed of 

serial dilution of DNA solution whose extracts from reprehensive species were grown in 

the lab (E. Coli for bacteria and A. Fumigatus for fungi). The DNA concentration in the 

standard solution was measured using NanoDrop. 
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Table A.1.3. Primers used for qPCR.  

Primer set target Primer 

name 

Sequence Source 

Total fungi �± 

ITS 

FF2 GGTTCTATTTTGTTG

GTTTCTA 

Zhou et al. 

(2000) 

 

FR1 CTCTCAATCTGTCAA

TCCTTATT 

Zhou et al. 

(2000) 

Total bacteria �± 

16s 

UniF TCCTACGGGAGGCA

GCAGT 

Nadkarni et al. 

(2002) 

UniR GGACTACCAGGGTA

TCTAATCCTGTT 

Nadkarni et al. 

(2002) 

 

Note that the UniF and UniR primers used for bacteria are also present in 

chloroplasts; therefore our bacteria cell concentration should be considered as an 

upper estimate. 

 

A.1.3: Supporting results  

A.1.3.1: Tracer carbohydrates 

 

Figure A.1.1b displays the C2H4O2
+ vs. C2H5O2

+ scatter plot.  
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Figure A.1.1. a) Scatter plot of measured BBOA carbohydrates tracers (sum of levoglucosan, 
mannosan, and galactosan) against measured monosaccharidesBIO. b) m/z 60.021 (C2H4O2

+) vs. m/z 
61.029 (C2H5O2

+) scatter plot. 

 

Two different slopes can be observed, one associated to winter PM1 and PM2.5 samples 

and the other associated with summer PM10 samples, suggesting the existence of two 

distinct sources (BBOA and WSPBOA) contributing to both m/z C2H4O2
+ and C2H5O2

+. 

Nevertheless, most of the PM10 winter samples lied between the two slopes in the plot, 

suggesting a mixing of the two sources. A similar behavior could be observed for the 

carbohydratesBBOA vs. monosaccharidesBIO scatter plot. Separation between 

monosaccharidesBIO and carbohydratesBBOA (�‚ levoglucosan, mannosan, galactosan) in this 

case was more defined (Fig. A.1.1), although some mixing of monosaccharidesBIO and 

carbohydratesBBOA could still be observed in the winter PM10 filters. Mannose in particular 

showed an intermediate behavior relative to carbohydratesBBOA and monosaccharidesBIO, 

with comparable contributions during winter to the fine fraction and during summer to the 

coarse fraction, suggesting this compound to be associated with both BBOA and PBOA. 

 

A.1.3.2: 3D-PMF results optimization. In this section the optimization of 3D-PMF 

source apportionment results is discussed. A 5 factors solution was selected for the current 

study, based on the residual analysis (Figure A.1.2). 
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Figure A.1.2. Absolute residual to uncertainty ratio difference between PMF solutions with 
different number of factors. 

 

Figure A.1.2 shows the difference of the time dependent absolute residual to uncertainty 

ratio (|RU(t)|) obtained for a (q)�±factor solution minus the |RU(t)| value obtained from the 

(q-1)�±factor solutions, where q indicates the number of factors. A strong decrease of the 

|RU(t)| value, passing from lower to higher order solutions indicates a better explanation of 

the variability by the model. In this study, a significant |RU(t)| decrease could be observed 

until a number of factor equal 5. Higher solution orders provided only minor contributions 

�W�R���W�K�H���H�[�S�O�D�L�Q�H�G���Y�D�U�L�D�E�L�O�L�W�\�����U�H�V�X�O�W�L�Q�J���L�Q���D���V�H�S�D�U�D�W�L�R�Q���R�I���R�W�K�H�U���2�2�$���I�D�F�W�R�U�V�����Z�K�L�F�K���F�R�X�O�G�Q�¶�W��

be associated to aerosol sources or processes. For the 5 factor solution, the average 

uncertainty-weighted residuals were not statistically different from 0 within 1�V��in any 

season and size fraction, indicating a uniform explained variability for the whole dataset. 

In this work, PMF solutions were affected by two main parameters:  

-HOA a value: as mentioned in the manuscript, the traffic contribution was estimated by 

constraining the HOA profile reported by Mohr et al. (2012) (tested a value range 0-1, scan 

step = 0.1).  

-c value (Crippa et al., 2013a) applied to the fragments mostly correlating with the size-

fractional OM time series, described hereafter. 

As already mentioned in the previous paragraph, PBOA and BBOA showed a similar 

fingerprint deriving from carbohydrate fragmentation. In particular they both displayed 

high contributions to the C2H4O2
+ and C3H5O2

+ fragments (Fig. A.1.3). These two 

fragments manifested high correlations with total measured carbohydrates mass (R = 0.87, 

and 0.75 respectively), however total measured carbohydrate mass did not represent a good 
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tracer for BBOA or WSPBOA given the large seasonal and size fractional variability of 

carbohydratesBBOA and monosaccharidesBIO (Fig. A.1.1, A.1.4).  

 

 

Figure A.1.3. Average 3D-PMF WS factor mass spectra. 

 

 

Figure A.1.4. PM1, PM2.5, and PM10 time series of fC2H5O2
+, fC2H4O2

+, fC3H9N
+, fC3H8N

+, 
carbohydratesBBOA, and monosaccharidesBIO. fC2H5O2

+, fC2H4O2
+ show small contributions during 

summer in PM2.5, while higher values were detected in the PM10. In contrast during winter the 
contributions were higher and similar in all the size fractions implying that most of the C2H5O2

+, 
C2H4O2

+ mass was comprised in the PM1. Such seasonal and size-fractional variability suggests 
different sources (characterized by different size distributions) of fC2H5O2

+, fC2H4O2
+ during 

summer and winter. As discussed in the main text, 3D-PMF results attributed fC2H5O2
+, fC2H4O2

+ 
variability mostly to BBOA during winter, and to WSPBOA during summer, following the behavior 
of the carbohydratesBBOA and monosaccharisesBIO relative contribution to carbohydratesmeas. 
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Given their similar fingerprints, BBOA and WSPBOA were particularly difficult to 

separate with PMF. Therefore an up-weight of the fragments showing the best correlations 

with the OM size fractional increase (OM10-OM2.5 and OM2.5-OM1) was performed. This 

criterion was selected in order to better explain the variables following the OM increase in 

the coarse fractions which could be associated to the WSPBOA increasing contributions 

(Fig. A.1.13). In order to identify the AMS fragments showing the best correlations with 

the OM size fractional increase, we displayed the distribution of the corresponding Pearson 

correlation coefficients (R). Only three fragments (C2H5O2
+, C3H9N

+ and C3H8N
+) clearly 

showed higher correlation coefficients than the main mode of the distribution (Fig. A.1.5).  

 

 

 

Figure A.1.5. Distribution of the correlation coefficients R between AMS fragments and OM size 
fractional increase. 

 

 

The up-weight was performed adopting a c value approach (Crippa et al., 2013a), i.e. 

dividing the error of a variable by a certain c value (c > 1). Note that the explained 

variability of the 3 up-weighted fragments by WSPBOA behaved differently with 

increasing c values (up-weighting). While for the C3H9N
+ fragment, the explained 

variability by WSPBOA increased with the c value, for the C2H5O2
+ and C3H8N

+ fragments 

it decreased (Fig. A.1.6). Considering that C3H9N
+ showed the highest correlation with 

OMCOARSE and monosaccharidesBIO, and the highest size fractional increase from PM2.5 to 
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PM10 during summer, the up-weighting strategy leaded to a cleaner WSPBOA profile. This 

behavior was indirectly confirmed also by the increasing WSPBOA correlation with 

monosaccharidesBIO with increasing c values. 

In total 88 PMF runs were performed, covering all the possible combinations of 11 a 

values (from 0 to 1, scan step = 0.1) and 8 c values (1, 1.1, 1.5, 2, 4, 6, 8, 10).  

 

 

 

Figure A.1.6.  a value and c value sensitivity tests: diagnostics. Each 3D-PMF solution is 
associated to a couple of a- and c values. a-c) Up-�Z�H�L�J�K�W�H�G���I�U�D�J�P�H�Q�W�V�¶�����&3H9N

+, C2H5O2
+, C3H8N

+) 
explained variability by the WSPBOA factor. d) Correlation coefficient (R) of WSPBOA with 
monosaccharidesBIO. 

 

4 acceptance criteria were chosen to select the best PMF solutions, including (1) traffic 

correlation with hopanes, (2) W-OOA with NO3
-, (3) BBOA with levoglucosan, and (4) the 

ratio���:
�»�»�È�º
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W  (Y). The first 3 listed criteria 

were selected in order to optimize the correlations of the factor time series with the 

corresponding tracers. The last criterion compared Levoglucosan:BBOA ratio in PM2.5 and 

PM10 during summer. This criterion was selected in order to track the BBOA and PBOA 

separation, particularly problematic during summer in the coarse fraction, given the high 

contribution of monosaccharidesBIO affecting the organic fingerprint similarly to the BBOA 

sugar tracers. As BBOA-related carbohydrates showed an increasing concentration of only 

0.7%avg from the PM2.5 to the PM10 fraction during summer, we did not expect a significant 

BBOA increase, neither a change in the Levoglucosan:BBOA ratio. Therefore we retained 

only solutions associated to Y values close to 1, as described in the following. For S-OOA 
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and WSPBOA no correlation criteria were selected, given the absence of tracers for S-

OOA (with the exception of T, however the relation was not linear), and the multiple 

different sources of WSPBOA (contributions from fungal spores, bacteria, plant debris, 

mechanical abrasion from leaves, etc.).  

Acceptance thresholds were set for each criterion and only solutions matching all the 

selected thresholds were considered as optimal and retained. For each criterion the solution 

distributions were plotted (Fig. A.1.7). Thresholds were selected differently for each 

criterion based on the solution distributions. 

 

 

 

 

Figure A.1.7 Optimization of the 3D PMF results. Each 3D-PMF solution is associated 
to a couple of a- and c values. a) Distribution of the 3D-PMF solutions according to the 4 
different acceptance criteria. b) Acceptable solutions diagram per each acceptance 
criterion. c) Acceptable solution diagram for all the criteria: only solutions considered as 
acceptable according to all the 4 criteria were displayed. 
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(0.63med, 1
st quartile = 0.49, 3rd quartile = 0.66), was consistent with typical values reported 

for Europe (El Haddad et al., 2009). Moreover HOA size fractionation showed statistically 

significant contributions (within 3�V) only to PM1 consistently with typical HOA size 

distributions from tunnels measurements (El Haddad et al., 2009), and ambient 

observations (Ulbrich et al., 2012). 

2) For the BBOA correlation with levoglucosan we adopted a similar approach. 

We set a threshold R > 0.75 to select as acceptable only the solutions belonging to the best 

mode. This criterion enabled the selection of 49% acceptable solutions. Note that for none 

of the not up-weighted PMF solutions, positive correlation coefficients were found for both 

traffic and BBOA, meaning that the up-weighting approach improved the apportionment of 

the two sources.  

3) A threshold R > 0.87 was selected for the W-OOA correlation with NO3
-. In this 

case solutions were grouped in 2 not well separated distributions, however the correlation 

coefficients resulted relatively high for all the solutions (R range 0.80-0.91), meaning that 

the W-OOA apportionment was not particularly affected by a value and c value. The 

selected threshold enabled selecting 90% of the solutions as acceptable. Therefore in this 

case the threshold was selected in order to exclude the suboptimal solutions not clearly 

belonging to the main distribution.  

4) As already mentioned, the last criterion compared Levoglucosan:BBOA ratio in 

PM2.5 and PM10 during summer. PMF solutions could be grouped in three different 

distributions according to this criterion. A threshold 0.5 < Y < 1.5 was selected in order to 

consider as acceptable only the solutions belonging to the distributions closer to 1 (Fig. 

A.1.7). The third distribution showed a median Y of 0.1, indicating a strong BBOA 

increase during summer in the coarse fraction, not justified by BBOA carbohydrate tracers. 

56% of the solutions were considered acceptable according to this criterion.  

Overall, no solution associated to c values lower than 4 was selected as optimal. The up-

weighting of the 3 selected variables improved the WSPBOA separation from BBOA, 

increasing both the BBOA (Fig. A.1.7) correlation with levoglucosan and WSPBOA 

correlation with monosaccharidesBIO (Fig. A.1.6-d). On the other end, the a value did not 

seem to influence particularly the best solutions selection, as optimal solutions were found 

across the whole range of scanned a values. In total, the PMF solutions matching all the 

acceptance criteria were 36% (32 solutions). Results reported in this work represent the 

average of the 32 selected PMF runs. 

 

A.1.3.3: z-score calculation.  



Appendix �± Supporting information Chapter 4 

  

201 

In order to explore the statistical significance of PMF factor (Z) contributions to the 

different size fractions and seasons, we calculated the corresponding z-score values 

according to Eq. (A.1.1): 

z-score = Zavg/�Vz       (A.1.1) 

In this case z-score was calculated assuming an expected Zavg value equal 0 in order to 

determine whether Zavg was statistically different from 0. �Vz denoted the uncertainty 

calculated according to the source apportionment error model described in the manuscript 

(Eq. 4.5). In this work we considered a threshold of 3 (Zavg >�����VK) to identify a statistical 

significant contribution. 

 

Table A.1.4. z-score table. 

Fraction HOA BBOA S-OOA W-OOA WSPBOA 

Summer PM1 6.1 5.2 44.7 7.7 4.2 

Summer PM2.5 - PM1 0.2 2.1 2.6 2.4 0.5 

Summer PMCOARSE 0.3 0.3 6.1 1.4 30.8 

Winter PM1 9.0 13.6 4.3 5.8 3.6 

Winter PM2.5 - PM1 0.4 1.7 0.9 3.5 0.5 

Winter PMCOARSE 1.2 0.9 0.5 0.1 3.7 

A threshold of 3 was chosen to identify the statistical significance of a factor 

contribution to a specific size fraction. Red values denote a statistically significant 

contribution of a factor to a specific size fraction and season. 

 

A.1.3.4: PBOA recovery estimation. An estimate of RPBOA was performed 

assuming cellulose as part of the PBOA factor (WSPBOA:Cellulosemed = 0.61, 1st quartile 

0.51, 3rd quartile 0.81). By definition: 

RPBOA = WSPBOCavg/PBOCavg      (A.1.2) 

Where (WS)PBOCavg denotes for a PMF solution the (water-soluble) primary biological 

organic carbon relative to all i samples. WSPBOCavg concentration was calculated for each 

of the selected PMF runs as follows:  
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WSPBOCi = WSPBOAi/(OM:OC)WSPBOA      (A.1.3) 

Where the (OM:OC)WSPBOA ratio was calculated for each WSPBOA mass spectrum 

relative to the selected PMF runs (Aiken et al., 2008). 

PBOCi was calculated for each selected PMF solution and each i sample as follows:  

PBOCi =  OCi  - (
�Á�È�º�Ô

�:�È�Æ�ã�È�¼�;�È�Ä�¹�À�²

E

�»�»�È�º�Ô
�:�È�Æ�ã�È�¼�;�È�Ä�³�³�À�²


E
�Ð�?�Ì�È�º�Ô

�:�È�Æ�ã�È�¼�;�È�Ä�È�7�À�À�²

E

�Ì�?�Ì�È�º�Ô
�:�È�Æ�ã�È�¼�;�È�Ä�Ä�7�À�À�²

)(A.1.4) 

In order to calculate the RPBOA distribution we randomly selected 106 combinations of RZ 

for HOA, BBOA, W-OOA, and S-OOA, using the RZ distributions determined by 

Daellenbach et al. (2016), while for every RZ combination a random optimal 3D-PMF 

solution was selected. 106 PBOCi and WSPBOCi values were generated, and 106 RPBOA 

were determined according to Eq. (A.1.2). 

 

 

 

Figure A.1.8. Seasonal and size fractional OMsource apportionment:OMmeasured variability.  OMsource 

apportionment represent the sum of HOA, BBOA, PBOA, W-OOA, and S-OOA. PBOA contribution was 
estimated according to Eq. (4.4) from the corresponding WSPBOA concentrations using the RPBOA 
values calculated as previously described in the section PBOA recovery estimation. OMmeasured 
represent the OM estimated from (OC)i measurements multiplied by (OM:OC)i from offline-AMS 
analysis. None of the ratios was statistically different from 1 within 1�V. The overall median value 
was 1.0 (1st quartile = 0.86; 3rd quartile = 1.22). Although RPBOA was determined in order to match 
the sum of all sources to the total OC (Eq. A.1.4), the modeled OM based on the median RPBOA fits 
the measured OM in all the size fractions and seasons. 
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A.1.3.5: XPS 

As already mentioned in the main text, XPS technique enabled accessing only the 

surface of the particulate matter (7 nm), and only the less volatile fraction since the 

technique operates under high vacuum (10-10 torr). 

In the main text we described how we estimated from XPS analysis the total Norg 

concentration in the different size fractions. The estimate was obtained from the Norg:C1s 

ratio derived from XPS, and using TCSunset as a proxy for C1s in order to quantify Norg. This 

estimate assumed Norg to follow the TC intra-particle concentration gradient. However, the 

limitations of extrapolating the bulk composition from a surface analysis were explored by 

estimating Norg using the (Norg:�� �5�q�:�R�L�0�;�. �W�S�0
)i ratios from XPS analysis, and the NH4

+
IC 

measurements as proxy for �� �5�q�:�R�L�0�;�. �W�S�0
. In this case the Norg,1 and Norg,10 obtained 

concentrations were ~5 times higher (0.4±0.2 and 0.5±0.2 �Pg m-3
avg respectively). This 

estimate assumed Norg to follow the (NH4)2SO4 intra-particle concentration gradient, or in 

other words that the (Norg:�� �5�q�:�R�L�0�;�. �W�S�0
)i ratio would be representative also for the bulk. 

We believe that Norg would rather follow the C1s intra-particle concentration gradient; 

therefore we consider the Norg estimate from TC to be more accurate. 

 

A.1.3.6: OMPAPLS determination: 

The relative contribution of OMPAPLS (fOMPAPLS) to the OMCOARSE could be assessed by 

determining the �:�Ã�¼�@�5�=
�¼�@�7�: alkanesCOARSE)/OMCOARSE ratio for each i filter sample, and 

comparing the value with the �Ã�¼�@�5�=
�¼�@�7�:(alkanes/OCgreen/dead leaves)Rogge ratios (Eq. A.1.5). 

�B�1�/�É�º�É�Å�Ì�á�Ü
L��
�:
�:�Ã�´�8�-�5

�´�8�/�2�Ì�×�Ö�Ì�Ù�Ð�´�À�²�Ã�Ä�¶�;

�À�¾�´�À�²�Ã�Ä�¶
�;�Ô

�Ã�´ �8�-�5
�´�8�/�2�:

�Ì�×�Ö�Ì�Ù�Ð
�À�¾�Ò�Ý�Ð�Ð�Ù���Ï�Ð�Ì�Ï ���×�Ð�Ì�á�Ð�Þ

�;�Ã�Ú�Ò�Ò�Ð
    (A.1.5) 

Possible primary sources of alkanes contained within PM1 were excluded by 

considering only the coarse fractions. For the (alkanes:OCgreen/dead leaves)Rogge estimate we 

assumed a possible (OM:OC)green/dead leaves ratio ranging from 1.2 to 2.2. Moreover we 

accepted the reference (alkanemass:OCgreen/dead leaves)Rogge and (OC:PM)green/dead leaves ratios to 

hold also for the coarse fraction, as already presumed in other publications (Zhang et al., 

2008a, Manchester-Neesvig et al., 2012). 
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Figure A.1.9. Reference alkanes:OMPAPLS reported by Rogge et al. (1993c) and average 

measured alkane:OM ratios during summer and winter for the a) PM10-PM1 size fraction, and b) 

PM1. Error bars relative to reference profiles represent the minimum and maximum estimate for 
green and dead leaves assuming an OM:OC range between 1.2 and 2.2. Error bars relative to the 
measurements represent the seasonal standard deviation. Winter values were relative only to the 
11th January 2013. 

 

Figure A.1.10. Blank subtracted offline-AMS mass spectra from milled oak leaves extracts, 
amylopectin from maze, starch from wheat, and D-mannitol. Cosine similarity with WSPBOA 
spectrum: 0.88, 0.86, 0.85, 0.81 respectively (1 would represent a perfectly correspondent 
spectrum). 

 

A.1.3.7: Sea salt estimate 

Payerne is located c.a. 400 km from the closest sea shore (Mediterranean Sea) and c.a. 

800 km from the French Atlantic Ocean shore, suggesting only a limited sea salt influence. 

�+�R�Z�H�Y�H�U���Z�H���F�D�Q�¶�W���H�[�F�O�X�G�H���D���F�H�U�W�D�L�Q���F�R�Q�W�U�L�E�X�W�L�R�Q���R�I���D�J�H�G���V�H�D���V�D�O�W���D�I�I�H�F�W�L�Q�J���R�X�U mineral dust 

estimate. In order to provide an upper limit of sea salt concentrations, we considered the 

water-soluble Na+ concentration from ion chromatography as a tracer for sea salt. Sea salt 

Ca2+, sea salt K+, and sea salt SO4
2- were estimated from Na+ concentrations according to 
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Seinfeld and Pandis (2006). Cl-
COARSE, NO3

-
COARSE, and Mg2+ were also completely 

attributed to sea salt. NO3
- in the coarse mode is likely related to aged sea salt particles as it 

can derive from the reaction between HCl(aq) and HNO3(g) as in Eq. (A.1.6):  

HCl(aq) + HNO3(g) �Æ HCl(g) + NaNO3(aq) (Liu et al., 2007)  (A.1.6) 

We selected the coarse fractions for both Cl- and NO3
- in order to limit the contributions 

deriving from secondary sources for NO3
- and biomass burning for Cl- (both typically 

contributing mostly to the submicron fractions). Mg2+ instead could partially derive from 

dust and brake ware emissions (Visser et al., 2015), although given the low estimated HOA 

contributions from 3D-PMF, we exclude large brake ware contributions. Overall, the sea 

salt contribution to PM10 estimated using this methodology was found to be 1.6±0.8% 

during summer and 3±3% during winter. Larger contributions during winter can be related 

�W�R���U�R�D�G���V�D�O�W���U�H�V�X�V�S�H�Q�V�L�R�Q�����W�K�R�X�J�K���Z�H���G�R�Q�¶�W���H�[�S�H�F�W���O�D�U�J�H local contributions at our sampling 

site. As a comparison, mineral dustCOARSE contribution to PM10 was estimated as 26%avg 

during summer and 9%avg during winter. The average Na+:sea salt ratio was 0.5±0.2, 

consistent with previous studies for fresh and aged sea salt (Waked et al., 2014). 

 

A.1.4: Data validation  

Figure A.1.11 displays the ion balance obtained from IC data. Total ions and cations 

equivalents�Âm-3 were in good agreement, suggesting the absence of strong CO3
2- 

contributions for the water-soluble fraction. As can be inferred from Figure 1a, the main 

contributions originated from NH4
+, SO4

2-, and NO3
-. 

 

Figure A.1.11. IC ion balance. In the ion balance NH4
+, K+, Ca2+, Mg2+, Cl-, SO4

2-, and NO3
- 

were included. 
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Figure A.1.12. BBOA tracers correlations: winter data. The K+:Levoglucosan ratio was 
consistent with the values reported by Zotter et al. (2014) for the same site (winter 2008/2009 and 
2011/2012). 

 

Figure A.1.13. Correlations between OC size fractions in summer and winter. During summer 
the OC10 vs. OC1 correlation shows a high intercept (1.8) suggesting the presence of additional OC 
sources contributing to the OC10, also indicated by the lowest correlation coefficient. The 
correlation between OC2.5 and OC1, instead showed a slope of 1, and an intercept close to 0 during 
summer, indicating no significant OC difference between the two size fractions. By contrast during 
winter the slopes of OC2.5 vs. OC1 and OC10 vs. OC1 were higher than in summer, while the 
intercepts were small and only slightly higher for the OC10 vs. OC1 scatterplot in comparison with 
OC10 vs. OC2.5, indicating only minor contributions from additional OC sources to OC10, and no size 
dependence of the relative composition. 
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A.2 Supporting Information Chapter 5 

EC:hopanes ratio 

The EC:hopanes ratio was calculated considering the sum of the four most abundant 

measured hopanes (17a(H),21b(H)-norhopane, 17a(H),21b(H)-hopane, 

22S,17a(H),21b(H)-homohopane, and 22R,17a(H),21b(H)-homohopane (hopanessum)). 

These four hopanes were also the most abundant in the TEOA profiles used in this study to 

determine the TEOA concentration (He et al., 2006; He et al., 2008; El Haddad et al., 2009; 

and Fraser et al., 1998). 

The EC:hopanessum ratio was derived from a multi-parametric fit of EC according to 

Eq. (A.2.1) 

�(�&��� ���D�Â�%�%�2�&�������E�Â�K�R�S�D�Q�H�V      (A.2.1) 

where a represents EC:BBOC and b represents the EC:hopanes ratio. a was 

constrained to 0.39 which is the average EC:BBOC ratio determined from the markers 

source apportionment. 

 

 

Figure A.2.1. m/z 28: HR fit of the chopper open minus closed spectrum (Diff). Top 
plot: nebulization performed in Ar, bottom plot: nebulization performed in synthetic air. 
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Table A.2.1 Mmeasured compounds. 
 

Compounds 

class (as in 

Table 5.1) 

Measured compounds 
Filters 

measured 

Ions 
SO4

2-, NO3
-, Cl-, NH4

+, Na+, K+, Ca2+, Mg2+, 

oxalate, methane sulfonic acid 
All  

PAHs 

Phenanthrene, anthracene, fluoranthene, pyrene, 

benzo[a]anthracene, chrysene, triphenylene, retene, 

benzo[b,k]fluoranthene, benzo[j]fluoranthene, 

benzo-e-pyrene, benzo[a]pyrene, indeno[1,2,3 - 

cd]pyrene, dibenzo[a,h]anthracene, 

benzo[ghi]perylene, coronene 

 

67 composite 

samples 

S-PAHs 

dibenzothiophene, phenanthro(4,5-

bcd)thiophene, Benzo(b)naphtho(2,1-d)thiophene, 

Benzo(b)naphtha(1,2-d)thiophene 

Benzo(b)naphtho(2,3-d)thiophene, 

Dinaphtho(2,1-�E�����¶�����¶-d)thiophene, 

Benzo(b)phenantho(2,1-d)thiophene 

 

 

Me-PAHs 

2-methylnaphtalene, 1-methylfluoranthene, 3-

methylphenanthrene, 2-methylphenanthrene, 2-

methylanthracene, 4/9 methylphenanthrene, 1-

methylphenanthrene, 4-methylpyrene, 1-

methylpyrene, 1+3-methylfluoranthene, 

methylfluoranthene/pyrene, 3-methylchrysene, 

methylchrysene/benzoanthracene. 

 

 

Hopanes 

Trisnorneohopane,  

17a(H)-trisnorhopane,  

17a(H),21b(H)-norhopane,  

17a(H),21b(H)-hopane,  

22S,17a(H),21b(H)-homohopane, 

22R,17a(H),21b(H)-homohopane,  

22S,17a(H),21b(H)-bishomohopane, 

22R,17a(H),21b(H)-bishomohopane, 

22S,17a(H),21b(H)-trishomohopane,  

22R,17a(H),21b(H)-trishomohopane, 

 

Methoxyphenols 
vanillin, vanillic acid, acetovanilone, guaiacyl 

acetone, coniferyl aldehyde, homovanilic acid, 
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syringol, 4-methylsyringol, 4-propenylsyringol, 

cetosyringone, syringyl acetone, sinapyl aldehyde, 

syringic acid, 

Others Cholesterol, 6,10,14-trimethyl-2-pentadecanone  

Sugar 

alcohols 
Arabitol, sorbitol, mannitol All  

Anhydrous 

sugars 
Levoglucosan, mannosan, galactosan All  

Monosaccharides Glucose All  

Alkanes 

Undecane (C11), dodecane (C12), tridecane 

(C13), tetradecane (C14), pentadecane (C15), 

exadecane (C16), heptadecane (C17), octadecane 

(C18), nonadecane (C19), eicosane (C20), 

heneicosane (C21), docosane (C22), tricosane (C23), 

tetracosane (C24), pentacosane (C25), hexacosane 

(C26), heptacosane (C27), octacosane (C28), 

nonacosane (C29), triacontane (C30), untricontane 

(C31), totriacontane (C32), tritriacontane (C33), 

tetratriacontane (C34), pentatriacontane (C35), 

hexatriacontane (C36), heptatriacontane (C37), 

octatriacontane (C38), nonatriacontane (C39), 

tetracontane (C40), pristane, phytane 

 

 

 

 

Figure A.2.2. Offline-AMS source apportionment: water-soluble organic aerosol mass spectra of 
the resolved PMF factors for the 3-, 4-, and 5-factor solutions. The BBOA factor is resolved in the 
4-factor solution. Another OOA factor is resolved in the 6-factor solution but could not be 
associated to a specific aerosol source/process. 
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Figure A.2.3. Offline-AMS source apportionment: water-soluble organic aerosol time series of 
the resolved PMF factors for the 3-, 4-, and 5-factor solutions. The BBOA factor is resolved in the 
4- and 5- factor solution. 

 

 

Figure A.2.4. Offline-AMS PMF. Q/Qexp represents the ratio between the sum of the squares of 
the residuals scaled by the uncertainty (Eq. 2) and Qexp, which is and the remaining degrees of 
freedom of the model solution (Qexp) �F�D�O�F�X�O�D�W�H�G�� �D�V�� �L�Ä�M-(j+i)p (Canonaco et al., 2013). Here, 
abs(�' (Q/Qexp)) denotes the absolute difference of Q/Qexp between different solution orders. A strong 
decrease of the Q/Qexp, passing from lower to higher order solutions indicates a better explanation 
of the variability by the model. In this study, a large Q/Qexp decrease was observed for Vilnius 
during summer when passing from 2 to 3 factors, with the separation of the LOA factor. The 4-
factor solution enabled resolving BBOA, with a decrease of Q/Qexp observed mostly for Vilnius 
during winter, where the BBOA concentrations were high. Increasing the number of factors 
provided further small contributions to the explained variability, resulting in a separation of other 
�2�2�$���I�D�F�W�R�U�V�����Z�K�L�F�K���F�R�X�O�G�Q�¶�W���E�H���D�V�V�R�F�L�D�W�H�G��to aerosol sources or processes. 
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Figure A.2.5. Offline-AMS PMF: WSOM absolute residuals for different number of factors. 

 

 

Figure A.2.6. Probability density functions of the OC residuals from RZ sensitivity analysis (Eq. 
5.6) for different stations and seasons from the accepted solutions (offline-AMS). 
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Figure A.2.7. Scatterplot of OC residuals from RZ sensitivity analysis (Eq. 5.6) vs. LOA 
concentration from the accepted solutions. 

 

Figure A.2.8. Factor recoveries: probability density functions. 
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Table A.2.2. z-score table for offline-AMS factor contributions at different stations and seasons. The 
z-score was calculated to determine whether the average factor contribution at one station/season (Zavg) 
was statistically different from 0.  

z-score = Zavg/�Vz        (A.2.1) 

where �Vz denotes the uncertainty calculated according to the source apportionment error model 

described in the manuscript (�VS.A.). 

Z-score values < 3 are highlighted in pink. 

  
BBOA LOA B-OOA S-OOA TEOA 

Rug 

Fall 13.6 1.8 17.7 8.1 6.1 

Winter 21.9 1.9 30.3 7.8 21.2 

Spring 9.9 1.9 22.3 15.2 4.3 

Summer 10.7 1.6 21.1 15.6 5.7 

Pre 

Fall 20.6 1.9 19.9 14.3 13.6 

Winter 21.1 2.3 22.2 8.7 
346.

7 

Spring 20.6 2.3 21.6 16.9 21.9 

Summer 11.5 1.7 15.6 17.1 2.8 

Vil 

Fall 13.4 1.3 5.3 5.5 23.9 

Winter 19.6 1.6 10.4 11.6 30.7 

Spring 19.3 2.2 9.2 5.6 36.4 

Summer 14.8 4.0 8.7 11.9 10.3 
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Table A.2.3. z-score table for factor contributions at different stations and seasons (marker source 
apportionment). Larger uncertainties in comparison to the offline-AMS source apportionment could 
derive from the smaller amount of variables and measurements. *SA = secondary aerosol. Z-score values 
< 3 are highlighted in pink. 

  
SO4

2--SA* MSA-SA* NO3
--SA* BB TE PB 

Na+-
rich  

Rug 

Fall 4.5 0.8 2.6 5.2 1.5 1.1 3.0 

Winter 6.1 1.3 6.8 7.4 2.0 1.9 7.3 

Spring 8.2 1.9 3.7 5.2 1.5 1.4 3.2 

Summer 7.8 1.9 2.0 3.1 1.6 1.7 2.8 

Pre 

Fall 6.7 1.5 3.6 4.5 1.4 1.8 5.9 

Winter 4.9 1.1 4.5 5.9 1.5 1.4 4.2 

Spring 6.1 3.2 0.9 3.0 1.2 1.4 6.1 

Summer 8.9 3.6 1.5 0.6 1.8 1.9 5.9 

Vil 

Fall 0.9 1.6 3.9 2.6 0.6 0.7 4.8 

Winter 5.6 0.8 5.6 4.6 1.2 1.2 4.2 

Spring 6.7 1.0 0.7 0.8 0.5 2.1 1.1 

Summer - - - - - - - 

 

Figure A.2.9. Marker-PMF sensitivity analysis of the applied constraints. Constraints assuming 
variables to be equal 0 were loosened allowing each of these variables to vary within a certain range of 
its average relative contribution to measured PM1. 0% denotes the fully constrained solution, 
corresponding to the average bootstrap marker-PMF source apportionment. 
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Figure A.2.10. Marker-PMF sensitivity analysis: comparison between the apportionment of OMres in 
BB and TE obtained bootstrapping time points (x-axes) and variables (y-axes).  

 

 

Figure A.2.11. Scatter plots of BBOA vs. levoglucosan (top), B-OOA vs. NH4
+, NH4

+ correlation with 
SO4

2- + NO3
- [ �PEq m-3] (IC data), and ion balance (bottom).The B-OOA factor correlation with NH4

+ is 
significant at all stations: R = 0.82 (R2 = 0.67) for Vilnius, 0.87 (R2 = 0.76) for Preila, and 0.71 (R2 = 
������������ �I�R�U�� �5�Ì�J�ã�W�H�O�L�ã�N�L�V���� �7�K�H�� �F�R�U�U�H�O�D�W�L�R�Q�� �R�I�� �%-OOA with a secondary inorganic component such as NH4

+ 
could suggest the secondary origin of B-OOA, as also inferred by the comparison with the marker-source 
apportionment (section 4.4.2). The repeatability of NH4

+ IC measurements was 10%, while according to 
our error estimate (Section 3.1.3 ), the average relative uncertainty on the B-�2�2�$���I�D�F�W�R�U���I�R�U���5�Ì�J�ã�W�H�O�L�ã�N�L�V��
was 12%. Considering these two error sources and assuming an initial perfect correlation between NH4

+ 
and B-OOA, we estimated that the unexplained variability of the correlation due to our uncertainty can 
�E�H�� �X�S�� �W�R�� �������� �L�Q�� �5�Ì�J�ã�W�H�O�L�ã�N�L�V���� �7�K�H�V�H�� �I�L�Q�G�L�Q�J�V�� �V�X�J�J�H�V�W�� �W�K�D�W�� �Z�K�L�O�H�� �I�R�U�� �3�U�H�L�O�D�� �D�Q�G�� �9�L�O�Q�L�X�V�� �W�K�H�� �%-OOA vs. 
NH4

+ unperfected correlation can be explained by �R�X�U�� �X�Q�F�H�U�W�D�L�Q�W�\���� �I�R�U�� �5�Ì�J�ã�W�H�O�L�ã�N�L�V�� �W�K�H�� �U�H�P�D�L�Q�L�Q�J��
unexplained variability (27%) can be related to a different secondary precursor composition and/or 
different photochemical aging of the air parcel in comparison to the other stations. 
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Figure A.2.12. S-OOA temperature dependence and submicron forest organic aerosol mass (SFOM) 
temperature parameterization by Leaitch et al. (2015). a) Lithuania; b) rural site of Payerne 
(Switzerland), Bozzetti et al. (2016); c) binned S-OOA concentrations (average and standard deviation). 

 

 

Figure A.2.13. Other-OAoffline-AMS and Other-OAmarker time series. Results represent the average PMF 
solutions. 
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Figure A.2.14. a) Modeled OM : input OM for the markers-PMF. b) Modeled WSOC : measured 

WSOC for the offline-AMS PMF 
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Figure A.2.15. Scatter plot fCO2
+ vs. fCO+ in water-soluble OOA. The OOA contribution to fCO+ and 

fCO2
+ was estimated by subtracting the non-OOA fCO+ and fCO2

+ contributions from the measured fCO+ 
and fCO2

+. The color code denotes the average daily temperature [°C], diamonds indicate the CO2
+:CO+ 

ratio for different PMF factor profiles. 

 

CO+ parameterization (3-parameter fit) 

We fitted the measured water-soluble CO+ variability as a function of the measured water-

soluble CO2
+, C2H4O2

+, and C2H3O
+. The multilinear fit returned 0.56, 1.30 and -0.18 as 

coefficients for CO2
+, C2H4O2

+, and C2H3O
+, respectively. In order to ensure positive 

contributions from the separated aerosol sources to CO+, we parameterized the CO+ variability 

as the sum of the CO+ contributions explained by BBOA and S-OOA and B-OOA, which 

together represented 97% of the CO+ explained variability (BBOA 20%, S-OOA 12%, B-OOA 

65%): 

CO+
i = CO+

S-OOA,i + CO+
B-OOA,i + CO+

BBOA,i    (A.2.3) 

The CO+
i parameterization as a function of the CO+ fraction explained by the PMF factors 

ensures positive contributions from all terms.  

The CO+
S-OOA,i, CO+

B-OOA,i, and CO+
BBOA,i terms can be written as functions of CO2

+, C2H3O
+, 

and C2H4O2
+, chosen as S-OOA, B-OOA, and BBOA tracers. 

CO+
S-OOA,i = �:

�Ù�¼�È�6

�Ù�¼�. �Á�/ �È�6�;�Ì�?�È�È�º�®�%�6�*�7�1�>
�Ì�?�È�È�º�á�Ü    (A.2.4) 

CO+
B-OOA,i = �:

�Ù�¼�È�6

�Ù�¼�È�.
�6�;�»�?�È�È�º�®�%�1�6

�>
�»�?�È�È�º�á�Ü    (A.2.5) 

CO+
BBOA,i = �:

�Ù�¼�È�6

�Ù�¼�. �Á�0�È�.
�6�;�»�»�È�º�®�%�6�*�8�1�6

�>
�»�»�È�º�á�Ü    (A.2.6) 
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Therefore Eq. (A.2.3) can be expressed as: 

CO+
i = �:

�Ù�¼�È�6

�Ù�¼�. �Á�/ �È�6�;�Ì�?�È�È�º�®�%�6�*�7�1
�>

�Ì�?�È�È�º�á�Ü
E CO+
B-OOA,i + �:

�Ù�¼�È�6

�Ù�¼�È�.
�6�;�»�?�È�È�º�®�%�1�6

�>
�»�?�È�È�º�á�Ü + CO+

BBOA,i + �:
�Ù�¼�È�6

�Ù�¼�. �Á�0�È�.
�6�;�»�»�È�º�®�%�6�*�8�1�6

�>
�»�»�È�º�á�Ü 

         (A.2.7) 

Then C2H3O
+

S-OOA,i, C2H4O2
+

BBOA,i, CO2
+

B-OOA,i can be written as the difference between the 

total fragment concentrations minus the fragment concentrations explained by the other PMF 

factors: 

C2H3O
+

S-OOA,i = C2H3O
+

i - C2H3O
+

BBOA,i - C2H3O
+

B-OOA,i   (A.2.8) 

C2H4O2
+

BBOA,i = C2H4O2
+

i - C2H4O2
+

S-OOA,i - C2H4O2
+

B-OOA,i  (A.2.9) 

CO2
+

B-OOA,i = CO2
+

i - CO2
+

S-OOA,i - CO2
+

BBOA,i    (A.2.10) 

By substituting Eq. (A.2.9), Eq. (A.2.10), and Eq. (A.2.11) into Eq. (A.2.7) and grouping the 

CO2
+, C2H4O2

+, and C2H3O
+ multiplication coefficients, we can express the CO+

i variability as 

function of the C2H3O
+, C2H4O2

+, and CO2
+ fragments as: 

CO+
i � ���D�Â�&�22

+
i �����E�Â�&2H4O2

+
i �����F�Â�&2H3O

+
i    (A.2.10) 

Algebraic expressions for the pre-factors a, b, and c are given in Eq. (A.2.11), (A.2.12) and 

(A.2.13). These coefficients were estimated as equal to 0.51, 1.50, and -0.10, respectively. 
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Limitations of this parameterization could arise in case of dominating COA contributions, 

such as in direct emission studies, as the typical AMS fingerprint associated to this source 

shows high fC2H3O
+ and low fCO2

+ and fC2H4O2
+ contributions, leading to a possible negative 

fCO+ estimate. 
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Figure A.2.16. CO+ parameterization residuals: 1, 2, and 3-parameters fit. 

 

We recalculated the OM:OC ratio for the water-soluble collected spectra according to the 

new parametrization reported by Canagaratna et al. (2015). Consistently with what reported in 

Canagaratna et al. (2015), the newly calculated OM:OC ratio was on average 9% higher than 

the OM:OC ratio calculated according to the Aiken method (Aiken et al., 2008). More 

specifically, the OM:OC ratio was on average 9% higher during summer, and 10% during 

winter. The two methods reported well correlating OM:OC values (R = 0.98 over the whole 

monitoring period, R = 0.99 during winter, R = 0.97 during summer). In our study, the OM:OC 

ratios of our water-soluble mass spectra were mostly used to determine the total WSOM 

concentrations. Considering the high correlations between the Aiken and Canagaratna OM:OC 

ratios, we can exclude large effects due to the different parameterizations on the WSOM 

variability and therefore on the source apportionment. Moreover, the recovery estimates are 

�L�Q�G�H�S�H�Q�G�H�Q�W�� �R�I�� �W�K�H�� �F�K�R�L�F�H�� �R�I�� �$�L�N�H�Q�� �R�U�� �&�D�Q�D�J�D�U�D�W�Q�D�¶�V�� �2�0���2�&�� �S�D�U�D�P�H�W�H�U�L�]�D�W�L�R�Q�V���� �,�Q�G�H�H�G�� �W�K�H��

recovery fitting equation (Eq. 5.������ �H�[�S�O�L�F�L�W�O�\�� �F�R�Q�W�D�L�Q�V�� �W�K�H�� �3�0�)�� �I�D�F�W�R�U�V�¶�� �2�0���2�&�� �U�D�W�L�R�V����

However, the water-soluble PMF factor concentrations in Eq. 5.6 implicitly depend on the bulk 

OM:OC ratio used to determine the bulk WSOM concentration (WSOMi = WSOCi�ž�2�0���2�&i) 

which was used as input for our PMF model. This leads to canceling corrections making the 

�U�H�F�R�Y�H�U�\�� �H�V�W�L�P�D�W�H�V�� �L�Q�G�H�S�H�Q�G�H�Q�W�� �R�I�� �W�K�H�� �F�K�R�L�F�H�� �R�I�� �W�K�H�� �$�L�N�H�Q�¶�V�� �R�U�� �&�D�Q�D�J�D�U�D�W�Q�D�¶�V�� �2�0���2�&��

parameterizations. Nevertheless the WSOM estimated concentrations are 10%avg larger, when 

assuming the Canagaratna OM:OC parametrization. In general Aiken assumed a CO2
+:CO+ ratio 

of 1, while Canagaratna stated that such an assumption would underestimate CO+. From our 

dataset, we observed a CO2
+:CO+ of 1.75med suggesting that the Aiken OM:OC parametrization 



Appendix �± Supporting information Chapter 5 

  

221 

would represent more accurately our data although both parametrizations are uncertain for this 

dataset. 

Offline-AMS comparison with IC and WSOC determination by TOC analyzer. 

Overall, the comparison between offline-AMS and IC concentrations of NH4
+, SO4

2-, and 

NO3
- reveals a non-linear relation due to the lower IC detection limits. This is most likely 

related to the low transmission efficiency of the AMS lens for small particles, particularly 

predominant for diluted filter extracts. 

Nevertheless, considering internally mixed nebulized particles, the composition of the 

particles is not supposed to change with the solution concentration, as also confirmed by 

dilution tests conducted on our filter extracts (Fig. A.2.17). 

 
Figure A.2.17. Dilution tests: NR PM composition and comparison of mass spectra registered at 

different dilutions. 
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Figure A.2.18. Offline-AMS comparison with IC and WSOC measurements by TOC analyzer. 

 

The low particle transmission efficiency observed for diluted solutions results in a large 

scattering at low concentration. Additional scattering is observed in the relation between offline-

AMS and IC for SO4
2-.  This is related to the presence of refractory sulfate salts (e.g. Na2SO4) 

which are detectable by IC, but not by the AMS, consistent with lower slope obtained between 

offline-AMS and IC SO4
2-, compared to the other species. These species are likely formed 

during nebulization, e.g.     

(NH4)2SO4 + CaCl2 �– CaSO4 + 2NH4Cl 

For these reasons we only reported inorganic ion concentrations from IC. 
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A.3 Supporting Information Chapter 6 

Table A.3.1. Supporting measurements. Batch 1 denotes the set of filters collected 
during the yearly cycle from August 2011 to July 2012. Batch 2 indicated the set of filters 
collected during February 2011. 

Analytical Method Measured compounds Batch 

of 

filters 

Tapered element oscillating 

microbalance equipped with a Filter 

Dynamic Measurement System 

PM2.5 1 

IC (Jaffrezo et al., 1998) 

SO4
2-, NO3

-, Cl-, NH4
+, Na+, K+, 

Ca2+, Mg2+, oxalate, malate, malonate 

and succinate 

1,2 

Thermal-optical Transmittance using 

Sunset Lab Analyzer (Birch and Cary, 

1996) 

CO3
2- 1 

Thermal-optical Transmittance using 

Sunset Lab Analyzer (EUSAAR2, Cavalli 

et al., 2010) 

EC/OC 1,2 

Water extraction Thermal 

Decomposition ND-IR determination 

using TOC analyzer (description in 

Bozzetti et al., 2016) 

WSOC 1 

Water extraction Thermal 

Decomposition Chemilumenscence using 

TOC analyzer 

Total nitrogen (TN) 1 

(Chemical Derivatization) GC-MS 

(El Haddad et al., 2009; Favez et al., 

2010) 

PAH: phenanthrene, anthracene, 

fluoranthene, acephenanthrene, 

pyrene, benzo[a]anthracene, 

chrysene/Triphenylene, 

benzo[b,k]fluoranthene, 

benzo[j]fluoranthene, benzo-e-pyrene, 

benzo-a-pyrene, indeno[1,2,3 - 

cd]pyrene, dibenzo[a,h]anthracene, 

benzo - ghi - perylene 

Alkanes: octadecane (C18), 

1,2 
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nonadecane (C19), eicosane (C20), 

heneicosane (C21), docosane (C22), 

tricosane (C23), tetracosane (C24), 

pentacosane (C25), hexacosane (C26), 

heptacosane (C27), octacosane (C28), 

nonacosane (C29), triacontane (C30), 

untricontane (C31), dotriacontane 

(C32), tritriacontane (C33), 

tetratriacontane (C34), 

pentatriacontane (C35), 

hexatriacontane (C36) 

Hopanes: 17�.(H) - 21��(H )- 

norhopane (C29), 17�.(H) - 21��(H )- 

hopane (C30), 17�.(H) - 21��(H)-22R- 

homohopane (C31), 17�.(H)-21��(H)-

22S-homohopane (C31), 17�.(H)-

21��(H)-22S-bishomohopane (C32), 

17�.(H)-21��(H)-22R-bishomohopane 

(C32), 17�.(H)-21��(H)-22S-

trishomohopane (C33), 17�.(H)-

21��(H)-22R-trishomohopane (C33) 

Cellulose and lignin pyrolysis 

products: levoglucosan, vanilline, 

coniferaldehyde, syringaldehyde, 

acetosyringone, vanillic Acid, abietic 

Acid 

Sterols: cholesterol, stigmasterol, �E 

- sitosterol 

Fatty acids: stearic acid, oleic 

acid, linoleic Acid, palmitic Acid 

Phthalate esters: di-ethyl 

phthalate, di-isobutyl phthalate, 

dibutyl phthalate, benzyl butyl 

phthalate, bis (2-ethyl hexyl) phthalate 

Others: pinonic acid 

ICP-MS 

(Chauvel et al., 2010; El Haddad et al., 

2011). 

Al, As, Ba, Ca, Cd, Ce, Co, Cr, Cs, 

Cu, Fe, K, La, Li, Mg, Mn, Mo, Na, 

Ni, Pb, Pd, Pt, Rb, Sb, Sc, Se, Sn, Sr, 

Ti, Tl, V, Zn, Zr 

1,2 
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UPLC-ESI-ToF-MS (Iinuma et al., 

2010). 

4-methyl-5-nitrocatechol (major)/3-

methyl-5-nitrocatechol (minor),  

3-methyl-4-nitrocatechol,  

4-nitrocatechol 
 

1 

 

Figure A.3.1. Scatter plot of CO3
2- measurements (Karanasiou et al., 2011) vs. CO3

2- 
estimate from the IC ion balance. The CO3

2- molar concentration from ion balance was 
estimated as the difference between the equivalents of cations (Ca2+, K+, NH4

+, Na+, Mg2+) 
and anions (NO3

-, SO4
2-, Cl-). 

HCO3
- correction of offline-AMS spectra  

As mentioned in the manuscript, the measured pH of the filter extract never exceeded 8, 

indicating the absence of CO3
2- in solution, and that we can assume that water-extracted 

CO3
2- is present as HCO3

-. Considering all the measured HCO3
- as deriving from 

Ca(HCO3)2 or from NaHCO3, none of the liquid extracts exceeded the Ca(HCO3)2 or 

NaHCO3 saturation concentrations at 20°C. Even considering all the measured CO3
2- to be 

in the CaCO3 form (however we can exclude this assumption as the pH of the liquid 

extracts was always < 8), only one filter extract showed a CO3
2- concentration exceeding 

the CaCO3
 saturation concentration. Therefore we can assume all the estimated CO3

2- (from 

IC ion balance) to be solubilized and in the HCO3
- form. This would be our best estimate of 

the HCO3
- water-soluble concentration. In the following we also assess the sensitivity of 

the source apportionment results on the HCO3
- correction of the PMF input matrices 

(described hereafter) by performing a source apportionment without HCO3
- corrections. 

The HCO3
- correction was implemented by estimating the HCO3

- relative ionization 

efficiency (RIE) with respect to NO3
-. We measured nebulized and size-selected NaHCO3 
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particles (400 nm mobility diameter, using a differential mobility analyzer, DMA) in the 

AMS. From the particle-ToF signal (pToF, Fig. A.3.2) of the AMS we determined a 

NaHCO3 Jayne shape factor S of 0.9±0.1 (Jayne et al. 2000, variability from multiple 

NaHCO3 injections), defined as:  

�5
L
�×�á�Ì

�×�Ø
 �Â��

�¡�,
�¡�Ø

        (A.3.1) 

Here dva denotes the aerodynamic diameter under vacuum measured by the AMS and dm 

the DMA mobility diameter (DeCarlo et al., 2004). �O�4 is the standard density of 1 g cm-3 

and �O�à  represents the NaHCO3 density (2.2 g cm-3). Perfectly spherical particles are 

characterized by an S value of 1, in our case we observed S values not significantly 

different from 1 (within our uncertainties) for standard NaHCO3 injections, indicating that 

there is no reason to consider non-spherical particles. Note that previous DMA and pToF 

calibrations were conducted using polystyrene (PSL) spherical particles with known 

diameters.  

 

 

Figure A.3.2. NaHCO3 pToF signal. 
 

Data from NaHCO3 nebulization were collected using the single particle (brute force 

single particle (BFSP), Drewnik et al., 2004) AMS operating mode, tracing the HCO3
- 

signal at m/z 44. By using the NaHCO3 particle density, and the newly determined Jayne 

shape factor (0.9±0.1) we calculated the number of HCO3
- ions per particle. The HCO3

- 

ionization efficiency���:�+�'�Á�¼�È�/
�7 ) was calculated by dividing the number of CO2

+ ions 

detected per particle by the number of NaHCO3 molecules per particle (�+�2�2�Á�¼�È�/
�7)) and by 

the m/z 44 fractional contribution (f44) to the HCO3
- spectrum (f44 = 0.44) in order to 
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account for the contribution of other fragments to the HCO3
- spectrum. The HCO3

- relative 

IE (�4�+�'�Á�¼�È�/
�7) in comparison to NO3

- was determined as follows: 

�4�+�'�Á�¼�È�/
�7 
L��

�Â�¾�Ø
�å�0�0�á�¹�´�À �/

�7

�Â�¾�¿�À�/
�7

 �Â��
�Ü�â�á�Ü�í�Ô�ç�Ü�â�á���Ö�å�â�æ�æ���æ�Ø�Ö�ç�Ü�â�á���:�Ç�È�/

�7�;

�Ü�â�á�Ü�í�Ô�ç�Ü�â�á���Ö�å�â�æ�æ���æ�Ø�Ö�ç�Ü�â�á���:�Á�¼�È�/
�7�;

��   (A.3.2) 

Here the molecular weights of NO3
- and HCO3

- were used as proxies for the 

corresponding ionization cross sections. �4�+�'�Á�¼�È�/
�7 was determined to be 1.4±0.2 (0.2 is the 

variability from multiple HCO3
- nebulizations (n = 3) which includes the ion per particle 

counting uncertainty), which is not statistically different from the standard RIE assumed for 

organics (RIEorg = 1.4).  

Water-soluble mass spectra were corrected as described hereafter. Inputs for this 

correction are: 

- measured water-soluble normalized AMS spectra (�#�/�5�,�,�,�,�,�,�,�,�,�&)norm,i and corresponding 

OM:OC ratios �@
�È�Æ

�È�¼
�A

�ñ

�Ü
,  

- WSOCi measurements (TOC analyzer),  

- HCO3
-
i estimates from IC ion balance,  

- HCO3
- normalized AMS spectrum ���*�%�1�7

�?�,�,�,�,�,�,�,�,�,�,�,�,�&norm as measured from NaHCO3 

solution nebulization, and corresponding 
l
�Á�¼�È�/

�7

�¼�¹�´�À �/
�7

p
L �v�ä�r�s ratio determined from 

the HCO3
- AMS spectrum. 

No correction for gaseous CO2 was applied to the �*�%�1�7
�?�,�,�,�,�,�,�,�,�,�,�,�,�&norm spectrum as the CO2 and 

HCO3
- fragmentation is supposed to be the same due to the HCO3

- thermal decomposition 

into CO2 and H2O onto the vaporizer. Moreover, the fragments deriving from the water 

fragmentation (O+, OH+, and H2O
+) do not introduce differences into the CO2 and HCO3

- 

spectra because their intensities were estimated from the CO2
+ fragment according to the 

standard AMS fragmentation table (Aiken et al., 2008). 

For a generic filter sample i, the measured (OM/OC)i�¶
 ratio represents a linear 

combination of (OM/OC)i contributions deriving from HCO3
-
i and from WSOMi. 

Considering the statistically not different RIEs of organics and HCO3
-, we can assume the 

organics and HCO3
- AMS response to be not different. In the same way, considering 

internally mixed particles from filter extracts nebulization, we assumed equal CE for both 

WSOM and HCO3
-. 

�@
�È�Æ

�È�¼
�A

�ñ

�Ü

L �:

�Ð�Ì�È�Æ�>�Á�¼�È�/
�7

�Ð�Ì�È�¼�>�¼�¹�´�À �/
�7
)i      (A.3.3) 

where �%�Á�¼�È�/
�7 represents the C concentration deriving from HCO3

- as measured by the 

AMS, calculated from the HCO3
-
i absolute concentrations (from IC ion balance) divided by 
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the 
l
�Á�¼�È�/

�7

�¼�¹�´�À �/
�7

p ratio determined from the AMS HCO3

- spectrum. Similarly to �@
�È�Æ

�È�¼
�A

�ñ

�Ü
, also the 

AMS mass spectral fingerprint can be considered as the sum of WSOMi and HCO3
-
i, 

therefore the normalized blank-subtracted AMS spectra (�#�/�5�,�,�,�,�,�,�,�,�,�&)norm,i and corresponding 

errors �V(�#�/�5�,�,�,�,�,�,�,�,�,�&)norm,i were rescaled to the sum of WSOMi and HCO3
-
i calculated as the sum 

of WSOCi (from TOC analyzer) and �%�Á�¼�È�/
�7�ái (ion balance) multiplied by �@

�È�Æ

�È�¼
�A

�ñ
i  

(�#�/�5�,�,�,�,�,�,�,�,�,�&)i = (WSOCi + �%�Á�¼�È�/
�7�ái�����Â���@

�È�Æ

�È�¼
�A

�ñ
i �Â�����#�/�5�,�,�,�,�,�,�,�,�,�&)norm,i   (A.3.4) 

By dividing numerator and denominator of  
�Ð�Ì�È�Æ

�Ð�Ì�È�¼�>�¼�¹�´�À �/
�7
 by WSOC and by dividing 

numerator and denominator of  
�Á�¼�È�/

�7

�Ð�Ì�È�¼�>�¼�¹�´�À �/
�7
 by �%�Á�¼�È�/

�7, we can express Eq. A.3.3 as: 
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      (A.3.5) 

From Eq. A.3.5 we can derive �:
�È�Æ

�È�¼
�;�Ð�Ì�È�Æ�á�Ü. The time dependent WSOM concentration 

was therefore calculated as �:
�È�Æ

�È�¼
�;�Ð�Ì�È�Æ�ÂWSOC. 

For a generic filter sample i, the HCO3
- AMS signature (�*�%�1�7

�?�,�,�,�,�,�,�,�,�,�,�,�,�&)i can be determined as: 

(�*�%�1�7
�?�,�,�,�,�,�,�,�,�,�,�,�,�&)i  = �%�Á�¼�È�/

�7
�Ü
�Â 
l

�Á�¼�È�/
�7

�¼�¹�´�À �/
�7

p���®���*�%�1�7

�?�,�,�,�,�,�,�,�,�,�,�,�,�&norm    (A.3.6) 

where �*�%�1�7
�?�,�,�,�,�,�,�,�,�,�,�,�,�&norm represents the normalized HCO3

- AMS spectrum derived from 

standard injection. To derive the AMS signal purely generated by WSOM (�9�5�1�/�,�,�,�,�,�,�,�,�,�,�,�,�,�,�&)i, we 

subtracted (�*�%�1�7
�?�,�,�,�,�,�,�,�,�,�,�,�,�&)i  (calculated as in Eq. A.3.6) from (�#�/�5�,�,�,�,�,�,�,�,�,�&)i (calculated as in Eq. A.3.4). 

(�9�5�1�/�,�,�,�,�,�,�,�,�,�,�,�,�,�,�&)i  = (�#�/�5�,�,�,�,�,�,�,�,�,�&)i - (�*�%�1�7
�?�,�,�,�,�,�,�,�,�,�,�,�,�&)i      (A.3.7) 

The CO3
- concentration uncertainty (�ê�¼�È�/

�7) was estimated by propagating the error for 

all the ions (measured by IC) used to estimate the CO3
- concentration from the ion balance 

(Ca2+, Mg2+, K+, Na+, NH4
+, Cl-, NO3

-, SO4
2-). For a generic ion s, the errors (�Vi,s) were 

estimated by propagating the detection limits (DL)s and the relative repeatability (RR)s 

multiplied by the ion concentration according to Eq. (A.3.8) (Rocke and Lorenzato, 1995): 

�Vi,s=
§�&�.�æ
�6 
E�:�T�Ü�®�4�4�;�æ

�6      (A.3.8) 

We assumed for each ion an uncertainty deriving from IC detection limit. On average 

this CO3
2- uncertainty was 28%. The uncertainty associated to ( �*�%�1�7

�?�,�,�,�,�,�,�,�,�,�,�,�,�&)i was instead 

estimated as:  

�V(�*�%�1�7
�?�,�,�,�,�,�,�,�,�,�,�,�,�&)i  = �ê�¼�È�/

�7 �®
�º�Ð�´

�¿�Ð�´�À�/
�.�7
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�7

p���®���*�%�1�7

�?�,�,�,�,�,�,�,�,�,�,�,�,�&norm.     (A.3.9) 
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where AWC is the carbon atomic weight and �(�9�Á�¼�È�/
�7 represents the CO3

2- molecular 

weight.  The final WSOMi mass spectral uncertainty �V(�9�5�1�/�,�,�,�,�,�,�,�,�,�,�,�,�,�,�&)i error was estimated by 

summing under quadrature (�V(�*�%�1�7
�?�,�,�,�,�,�,�,�,�,�,�,�,�&)i) and the error associated to the total AMS signal 

rescaled for the sum of WSOM and HCO3
-.   

�P (�9�5�1�/�,�,�,�,�,�,�,�,�,�,�,�,�,�,�&)i = 
§�@�P
k�*�%�1�7
�?�,�,�,�,�,�,�,�,�,�,�,�,�&
o
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�6

E�@�P
k�#�/�5�,�,�,�,�,�,�,�,�,�&
o

�Ü
�A

�6
��      (A.3.10) 

 

Influence of the HCO3
- correction on the offline-AMS source 

apportionment results 

As we have mentioned in the main text, Section 6.2.4, the offline-AMS measurements 

of the WSOC are influenced by the presence of inorganic carbonates. This influence has 

been corrected using the carbonate mass estimated from the ion balance obtained by IC 

measurements. If this correction is not applied, PMF separates an additional factor with a 

highly oxidized fingerprint similar to inorganic carbonate and whose time series strongly 

correlates with that of Ca2+. In the following we compare the carbonate mass estimated 

from IC measurements and from PMF, and assess the influence of the correction applied on 

the estimation of the different factors.  

We performed a source apportionment on the non HCO3
- corrected input matrices. Input 

matrices were scaled to WSOMi concentration calculated as WSOCi multiplied by �@
�È�Æ

�È�¼
�A

�ñ
i. 

We explored a 6-factor solution where the additional separated factor was attributed to 

inorganic dust. For a generic water soluble K factor (WSKOA) and a generic time element 

i, the corresponding water soluble OC concentrations (WSKOC)i were multiplied by a 

factor (1/(1-finorganic dust))i, where finorganic dust represents the relative contribution of the water 

soluble inorganic dust factor as obtained from PMF. The application of the (1/(1-finorganic 

dust))i factor enables rescaling the sum of the water soluble OC concentrations of the five 

organic factors (WSHOC, WSBBOC, WSINDOC, WSCOC, WSOOC) to the measured 

WSOC concentration, under the assumption of no organic contributions to the inorganic 

dust factor. The accuracy of this assumption is discussed in the following. 

In total 240 PMF runs were performed. PMF solutions were retained according to the 

acceptance criteria 1-6 listed in Section 6.2.4. We found that primary sources (WSHOC, 

WSCOC, WSBBOC, and WSINDOC) showed statistically not different contributions with 

the offline-AMS source apportionment conducted on HCO3
--corrected spectra. However, 

for some of the retained PMF solutions, the inorganic dust-related factor tended to strongly 

mix with WSOOC because the two factors were characterized by the highest fCO2
+ (in this 
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case none of the factors showed a strong correlation with HCO3
- concentrations). In order 

to retain the solutions that best resolved the inorganic dust from the WSOOC factor we 

introduced two further acceptance criteria: 

1) Significantly positive R between inorganic dust and HCO3
-. 

2) Inorganic dust correlation with HCO3
- (R) significantly higher than the 

correlation between WSOOC and HCO3
-. 

Consequently, half of the solutions retained according to criteria 1-6 were discarded. 

 

Figure A.3.3. Source apportionment results obtained with and without HCO3
- 

correction. 
 

WSHOC, WSBBOC, WSOOC, and WSINDOC showed not statistically different 

concentrations (99% confidence interval) with and without the HCO3
- correction. The 

WSCOC factor instead revealed statistically different concentrations within a 99% 

confidence interval, but only for 12% of the data points. Overall the PMF estimate of the C 

from inorganic dust was higher than the C estimate from HCO3
- derived from the IC ion 

balance, and was more uncertain. This can be explained by an imperfect separation from 

other factors (especially WSOOC). The difficult separation between WSOOC and 

inorganic dust hampered an accurate post-PMF HCO3
- correction. Therefore we opted to 

show in the manuscript source apportionment results obtained performing a pre-PMF 

HCO3
- correction of the OA input matrices, but we note that this correction while uncertain 

does not have a significant effect on factor retrieval. 
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Figure A.3.4. Online-AMS PMF �' Q/Qexp analysis. In this study, a large Q/Qexp decrease 
could be observed up to 4 factors. The 4-factor solution enabled resolving BBOA which is 
mixed with OOA in the 3-factor solution. Increasing further the number of factors provided 
only small additional contributions to the explained variability, resulting in a splitting of 
HOA in the 5-factor solution, and BBOA in the 6-factor solution; however the newly 
separated factors could not be attributed to specific different sources. In terms of residuals, 
a clear removal of the structure can be observed up to 4 factors. 

 

Comparison between constrained and unconstrained PMF solution 

 

Figure A.3.5. Comparison of COA and HOA diurnal cycles from constrained and 
unconstrained PMF solutions. 
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Best cluster selection 

 

Figure A.3.6. Number of cluster selection: C�¶ values (Eq. 6.7) as a function of the 
number of clusters. 

 

From the a value sensitivity analysis, 121 solutions were obtained, the diurnal time 

series of which were clustered using a k mean clustering approach. The clusters were then 

filtered based on the cosine similarity of the HOA, COA, and BBOA average cluster mass 

spectra with the average mass spectra reported in the AMS literature for the same factors 

(Crippa et al., 2013b, Mohr et al., 2012 and 2009, Bruns et al., 2015, Docherty et al., 2011, 

Setyan et al., 2012, He et al., 2010). Given two vectors (in our case mass spectra) A and B 

with n elements each, the cosine similarity is defined as: 

   �?�K�O�E�J�A���O�E�I�E�H�=�N�E�P�U
L��
�Ã �º�Ô�®�»�Ô

�Ù
�Ô�8�-


§�Ã �:�º�Ô�;�.
�Ù
�Ô�8�- �®
§�Ã �:�»�Ô�;�.

�Ù
�Ô�8�-

     (A.3.11) 

Eq. A.3.11 returns values between -1 and 1, with 1 meaning collinearity, and 0 

orthogonality. Because of the different HR fittings performed in different works, we 

considered only fragments in common with our HR fit for comparison. Within the common 

variables, we selected a subset of fragments characterized by small variability in 

comparison to the average value (S/N > 2) for at least one average mass spectrum among 

COA, HOA, and BBOA. Here S denotes the average literature value for a certain fragment, 

and N represents its standard deviation. This selection was performed in order to choose 

the most stable and therefore certain fragments characterizing the reference spectra. 

Following this step, 95, 92, and 87% of the HOA, COA, and BBOA mass was retained for 

the average reference mass spectra, respectively. For our dataset, depending on the cluster 

we selected 91-93% of the COA mass, 84-86% for HOA, and 91-93% for BBOA. We 
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explored the deviation of the excluded fragments from the literature values by checking 

whether their relative contributions to the factor mass spectra were within the literature 

range (maximum and minimum). For this comparison we calculated the average HOA, 

COA, BBOA, and OOA spectra for each of the 5 clusters. This average includes all the 

PMF factor profiles attributed to a specific cluster for the 100 random initiations of the k-

mean algorithm. Overall, depending on the cluster, only 1-2% of the total HOA mass 

�Z�D�V�Q�¶�W���L�Q�F�O�X�G�H�G���Z�L�W�K�L�Q���W�K�H���O�L�W�H�U�D�W�X�U�H���U�D�Q�J�H������-5% for COA, while for BBOA the value was 

smaller than 0.5%. These diagnostics highlight the relevance in terms of mass of the 

fragments retained for the cosine similarity comparison. 

For each source (BBOA, COA, HOA), individual literature spectra were compared with 

the corresponding average literature spectrum in order to estimate the minimum cosine 

similarity value characterizing the average profiles. This minimum value is used as a 

threshold above which a spectrum can be considered not different from literature profiles 

within 1�V. The obtained cosine similarities were 0.965±0.008 for HOA, 0.96±0.05 for 

COA, and 0.94±0.06 for BBOA. Therefore the minimum cosine similarities to define a 

mass spectrum as not statistically different from the average reference spectra were 0.957 

for HOA, 0.91 for COA, and 0.88 for BBOA. 

We note that that reference HOA and COA spectra are less variable (0.965±0.008 and 

0.96±0.05 respectively) than BBOA (0.94±0.06). This is probably due to the different fuels 

and burning conditions characterizing the different BBOA ambient and chamber profiles.  

Subsequently we checked whether the average HOA, COA, and BBOA reference 

profiles showed statistically different spectra with each other. This was tested by 

calculating the cosine similarity between the average HOA, COA, and BBOA literature 

profiles and all the aforementioned profiles reported in literature (Crippa et al., 2013b, 

Mohr et al., 2012 and 2009, Bruns et al., 2015, Docherty et al., 2011, Setyan et al., 2012, 

He et al., 2010) for factors of a different type (e.g. average HOA vs. all COA). Our results 

indicate that HOA, BBOA, and COA average literature mass spectra show statistically 

different profiles within 1�V���� average cosine similarities: HOA - BBOA: 0.5±0.1; HOA - 

COA: 0.83±0.05, COA - BBOA: 0.6±0.1; COA �± HOA: 0.83±0.08, BBOA - COA: 

0.6±0.1; BBOA - HOA: 0.5±0.2. This means that PMF factors can be identified based on 

the analysis approach we have adopted, as factor mass spectra are characteristic: i.e. 

differences between mass spectra pertaining to the same factor are significantly smaller 

then differences between mass spectra related to different factors. 

In order to select the best clusters we determined the cosine similarity of the average 

cluster mass spectra with the average reference profiles. A cluster was retained when the 
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HOA, COA, and BBOA average cluster spectra were not statistically different from the 

corresponding average reference profiles. However the average cluster mass spectra are 

also characterized by an uncertainty deriving from the k-mean algorithm random initiation. 

To calculate this uncertainty, we generated 100 random cluster profiles by randomly 

varying the average cluster mass spectra within the corresponding standard deviation 

(calculated as the standard deviation of the cluster profiles obtained initiating the k-means 

algorithm 100 times) assuming a normal distribution of the error. Each randomly generated 

profile was compared with the average reference spectrum by calculating the 

corresponding cosine similarity. This provides the cosine similarity uncertainty of an 

average cluster spectrum with the literature average reference profile. From the comparison 

of average cluster mass spectra with reference spectra, we observed that HOA and BBOA 

showed statistically not different fingerprints with the corresponding average reference 

profiles (within 1�V����for all clusters, while COA showed a statistically different mass 

spectrum with respect to the average profile for cluster 5, which therefore was not retained 

for further analysis. For cluster 4, although COA average spectrum was statistically not 

different from the average COA reference profile within 1�V, the mass spectrum was not 

statistically different either from the HOA average mass spectrum within 1�V, suggesting a 

certain mixing of the two sources, therefore also cluster 4 was rejected (Table A.3.2). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



Appendix �± Supporting information Chapter 6 

  

235 

Table A.3.2. Cosine similarity between COA, HOA, and BBOA average cluster spectra 
with the corresponding reference profiles from literature (average of the profiles reported 
in: Crippa et al., 2013b, Mohr et al., 2012 and 2009, Bruns et al., 2015, Docherty et al., 
2011, Setyan et al., 2012, He et al., 2010). Threshold cosine similarity indicates the 
minimum cosine similarity value which defines a cluster profile as not statistically different 
from the reference profiles. Highlighted values indicate cluster profiles not statistically 
different from the reference profiles. 

 

 

 

 

 

Figure A.3.7. Average COA cluster spectra. 
These results are also reflected by the high average COA diurnal pattern correlation 

with NOx (typical traffic tracer) for cluster 4 (R = 0.64), while for cluster 5 the average 

 
threshold  0.957 0.91 0.89 

  

HOA 
reference 
spectrum 

COA 
reference 
spectrum 

BBOA 
reference 
spectrum 

HOA 

cluster1 0.99188 (3) 0.6931 (1) 0.4677 (2) 
cluster2 0.99532 (2) 0.69320 (8) 0.5237 (1) 
cluster3 0.99177 (6) 0.6752 (2) 0.5254 (3) 
cluster4 0.99025 (9) 0.6753 (4) 0.5448 (5) 
cluster5 0.99674 (4) 0.7079 (2) 0.5195 (4) 

COA 

cluster1 0.8373 (1) 0.99208 (5) 0.6453 (4) 
cluster2 0.85270 (9) 0.98997 (2) 0.62187 (8) 
cluster3 0.8861 (2) 0.98598 (4) 0.6045 (2) 
cluster4 0.9565 (8) 0.9648 (3) 0.6219 (8) 
cluster5 0.80 (1) 0.89 (1) 0.855 (2) 

BBOA 

cluster1 0.594 (1) 0.588 (1) 0.9687 (5) 
cluster2 0.7134 (3) 0.6874 (1) 0.94746 (7) 
cluster3 0.6945 (2) 0.6739 (2) 0.95441 (6) 
cluster4 0.578 (1) 0.598 (1) 0.96752 (5) 
cluster5 0.713 (2) 0.682 (2) 0.943 (1) 
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COA diurnal pattern correlates well with AMS-PAH (highly correlated with BBOA) and 

fragment fC2H4O2
+ diurnals (R = 0.94 and 0.98 respectively), suggesting a certain mixing 

with BBOA (Fig. A.3.7). For clusters 1-3, the COA diurnal correlation with NOx and 

AMS-PAH was smaller than for clusters 4-5, and smaller than the correlation of HOA with 

NOx and BBOA with AMS-PAH indicating a good COA separation from HOA and NOx 

(Table A.3.2).  

Table A.3.3. Correlation of COA cluster diurnals with NOx, AMS-PAH, m/z 60, and 
suboptimal clusters. High correlations with NOx suggest possible mixing between COA and 
HOA; high correlations with AMS-PAH and m/z 60 are suggestive of possible mixings 
between BBOA and COA; high correlations with clusters 4 and 5 are probably indicative 
of uncertain attribution of the PMF runs between the optimal and suboptimal clusters. 

COA diurnals  

Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 
Pearson correlation 

coefficient 
0.84 0.52 0.48 0.72 0.94 AMS-PAH 
0.19 0.34 0.57 0.64 0.09 NOx 
0.82 0.42 0.30 0.54 0.98 m/z 60 
0.77 0.83 0.93 1 0.61 cluster 4 COA diurnal 
0.91 0.56 0.42 0.61  1 cluster 5 COA diurnal 

 

Because of the small variability and the relatively high correlation coefficients between 

HOA and NOx, and between BBOA and AMS-PAHs among solutions belonging to the 

retained clusters (R ranging between 0.76-0.79 and 0.92-0.93 respectively, Fig. A.3.9), we 

did not select additional acceptance criteria based on HOA and BBOA temporal trends. 
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Figure A.3.8. Top: diurnal cycles of m/z 60 (AMS tracer for BBOA), AMS-PAHs, and 
NOx. Bottom: Average COA diurnal cycles for the different clusters. 
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Figure A.3.9. a value sensitivity analysis: cluster analysis. a) Attribution of the PMF 
solutions to the clusters. b) Optimal PMF solutions. We initiated the cluster analysis 100 
times; the selected solutions were those attributed to the optimal clusters (#1-#3) more 
than 95% of the cluster analyses. We note that although cluster 1 and 3 were chosen 
among the optimal clusters (clusters #1-#3), many of the PMF runs belonging to these 
clusters were attributed to suboptimal clusters (#4-#5) more than 5% of the time. Not 
surprisingly clusters 1 and 3 show better COA diurnal cycle correlations with the 
suboptimal clusters than cluster 2 (Table A.3.3). 
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Figure A.3.10. a value sensitivity analysis diagnostics: correlations of factor profiles and 
corresponding tracers as a function of COA and HOA a values. The area surrounded by 
black lines corresponds to the retained PMF solutions. 
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Figure A.3.11. Offline-AMS PMF �' (Q/Qexp) analysis. In this study, a large Q/Qexp 
decrease could be observed for solutions with up to 5 factors. Increasing the number of 
factors Q/Qexp leads to smaller increase in the explained variability. The newly separated 
OOA factors could not be attributed to specific aerosol sources/processes. 

 

Figure A.3.12. Probability density functions of the OC residuals from RZ sensitivity 
analysis (Eq. 6.11). 
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Figure A.3.13. Factor recoveries: probability density functions. Vertical sticks represent 
the recoveries determined by Daellenbach et al. (2016). Estimated recoveries: RHOA,med = 
0.11 (1st quartile 0.10, 3rd quartile 0.12); RBBOA,med = 0.65 (1st quartile 0.63, 3rd quartile 
0.69); RCOA,med = 0.53 (1st quartile 0.48, 3rd quartile 0.59); ROOA,med = 0.89 (1st quartile 0.87, 
3rd quartile 0.91). 

 

Figure A.3.14. Offline-AMS: INDOA vs. residuals concentrations (calculated according 
to Eq. 6.11) scatter plot. Residuals > 6 �Pg m-3 represented < 2% of the points and were 
associated to 25 November, where the C bulk extraction efficiency (Bulk EE = WSOC:OC) 
was estimated at 22%, representing an outlier in comparison to the median Bulk EE = 0.61 
(1st quartile = 0.54; 3rd quartile = 0.71). 
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Figure A.3.15. Online-AMS: AMS-PAHs rose plot. Color code denotes the hour of the 
day; marker size is proportional to the AMS-PAHs concentration. The distance from the 
center is proportional to the wind speed. El Haddad et al. (2013) revealed industrial-
related emissions associated to wind direction from W-SW (225°-270°). In this work 
(wintertime monitoring period) no significant increase of AMS-PAHs with wind direction 
from W-SW is observed. 



Appendix �± Supporting information Chapter 6 

  

243 

 

Figure A.3.16. C2H4O2
+ vs. AMS-PAHs scatter plot. The good correlation indicates that 

AMS-PAHs are mainly emitted by BBOA. 

 

Figure A.3.17. Online-AMS: BBOA rose plot. Color code denotes the hour of the day, 
marker size is proportional to the BBOA concentration. The distance from the center is 
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proportional to the wind speed. The highest BBOA concentrations are associated with wind 
directions from E-NE during nighttime. 

 Figure A.3.18. Organic-N and OC time series. 

 

Figure A.3.19. C2H3O
+

OOA and CO2
+

OOA yearly cycle. The absence of a clear seasonality 
hampers the separation of two distinct OOA factors. 

 

Comparison of online-AMS and offline-AMS mass spectra 



Appendix �± Supporting information Chapter 6 

  

245 

Offline-AMS source apportionment was conducted on water soluble OA AMS spectra. 

In this section we compare the online- and offline-AMS factor profiles obtained from PMF 

analysis. In general the measured water soluble AMS spectra show a higher O:C ratio 

(winter median = 0.51) than the online-AMS spectra (median = 0.44). This is also 

indirectly confirmed by the high factor recoveries for the factors characterized by high O:C 

ratios (e.g. OOA and BBOA), while lower recoveries were estimated for the factors 

associated with low O:C ratios (e.g. COA and HOA, Fig. A.3.12), indicating that offline-

AMS accesses the most oxidized (i.e. water-soluble) OA fraction, consistent with 

Daellenbach et al. (2016). Table A.3.4 reports the cosine similarities between the offline-

AMS PMF factor profiles and the average reference online-AMS profiles (Crippa et al., 

2013b; Mohr et al., 2012; 2009, Bruns et al., 2015; Docherty et al., 2011; Setyan et al., 

2012; He et al., 2010).  

 

Table A.3.4. Cosine similarities between offline-AMS PMF factors and average online-
AMS reference profiles (Crippa et al., 2013b; Mohr et al., 2012; 2009; Bruns et al., 2015; 
Docherty et al., 2011; Setyan et al., 2012; He et al., 2010). The threshold cosine similarity 
indicates the minimum cosine similarity value which defines a mass spectrum as not 
statistically different from the average online-AMS reference profiles. Values highlighted 
in green indicate offline-AMS factor profiles not statistically different from online-AMS 
reference spectra. Cosine similarities were calculated for all the retained offline-AMS 
PMF spectra. The values reported in the table represent the average cosine similarity; the 
corresponding uncertainty is reported in parentheses. 

 
Threshold 

cosine 
similarity 

 

 
Offline-AMS factor profiles 

 
 

 
 HOA COA BBOA 

0.957 Online-
AMS 
average 
reference 
spectra 

 
HOA  0.87 (1) 0.87 (1) 0.32 (1) 

0.91 

 
COA  0.931 (3) 0.933 (9) 0.46 (2) 

0.89 

 
BBOA  0.479 (7) 0.48 (1) 0.87 (2) 

 

As expected from the relatively high recovery (median 0.65), the water soluble fraction 

of BBOA shows a mass spectral fingerprint not statistically different from the BBOA 

online-AMS reference spectra, although more oxidized (O:C = 0.54 for offline-AMS, and 

0.35 for online-AMS). Despite the different degree of oxidation, the two spectra were not 

considered as different within our uncertainty due to the large variability of the BBOA 

AMS spectra reported in literature. As already mentioned, this variability mostly derives 

from the different burning conditions and fuels. The offline- and online-AMS spectra for 
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COA are not statistically different from each other either. By contrast HOA, which has the 

lowest recoveries among the separated offline-AMS factors, shows a fingerprint which is 

statistically different than the HOA online-AMS reference spectrum, moreover the offline-

AMS HOA fingerprint is statistically not different from the COA online-AMS reference 

spectrum. This is due to the higher HOA a values associated with the accepted solutions 

(0.5, 0.9, 1) in comparison to the COA a values (0.2, 0.3, 0.4, 0.8), which therefore enabled 

a larger variation of the HOA mass spectrum. Moreover, the online-AMS HOA literature 

spectra are characterized by similar values of saturated and unsaturated hydrocarbon 

fragments, while the online-AMS COA reference spectra show higher values for saturated 

hydrocarbon fragments in comparison to unsaturated ones (Mohr et al., 2009). The lower 

water solubility of saturated hydrocarbons in comparison to unsaturated hydrocarbons 

(Daellenbach et al. 2016) therefore increases the resemblance of HOA and COA water-

soluble spectra. 

 

Comparison of AMS-PAHs and GC-MS PAHs 

AMS-PAHs concentrations were found on average 19% higher than the sum of GC-MS 

quantified PAHs, and showed a significant correlation (R = 0.68). This relatively small 

concentration discrepancy can originate from different causes: 

a) GC-MS quantified PAHs do not represent the total PAHs mass. 

b) AMS-PAHs RIE could differ from the average organic RIE (1.4) assumed in this work. 

c) PAHs might be formed on the AMS vaporizer surface from the pyrolysis of refractory 

organic compounds. 

 

Factor solubility sensitivity analysis 
Daellenbach et al. (2016) stated that the calculated factor recoveries are consistent with 

the water solubility of these fractions, with HOA being barely water soluble (~13%), 

BBOA moderately water soluble (65%) and OOA almost entirely water soluble (90%). 

�7�K�H�V�H�� �I�D�F�W�R�U�� �U�H�F�R�Y�H�U�L�H�V�� �K�D�Y�H�� �E�H�H�Q�� �U�H�Y�D�O�X�D�W�H�G�� �L�Q�� �W�K�L�V�� �V�W�X�G�\�� ���V�H�H�� �³�2�I�I�O�Lne-AMS source 

�D�S�S�R�U�W�L�R�Q�P�H�Q�W���R�S�W�L�P�L�]�D�W�L�R�Q�´���V�H�F�W�L�R�Q�����D�Q�G���D�U�H���F�R�Q�V�L�V�W�H�Q�W���Z�L�W�K���W�K�H���H�V�W�L�P�D�W�H�V���R�I���'�D�H�O�O�H�Q�E�D�F�K��

et al. (2016) (Fig. S13), based on collocated ACSM and offline-AMS measurements at 

another site. In addition, here the recovery for industrial OA has been assessed to be similar 

to that of BBOA (69%). 

We also assessed the relationship between the factor recoveries and the water solubility 

of the compounds therein. We assumed each of the components to comprise a single 
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average surrogate in equilibrium between the aqueous solution and an ideal solution of 

water insoluble organic species. The adaptation of the equations in Psichoudaki and Pandis 

(2013) to our case yields the following expression of the surrogate extracted 

fraction/recovery. We will refer to this fraction as �4�"�Þ, to discriminate between measured 

and calculated recoveries.  

 

�4�"�Þ 
L
�à �Ö�>�Ï �È �Ì�Ö�>�à �À�²�:�5�?�Ù�È�Ä�À� �́;�?�@
k�à �Ö�>�Ï �È �Ì�Ö�>�à �À�²�:�5�?�Ù�È�Ä�À� �́;
o

�.
�?�8�à �Ö�Ï �È �Ì�Ö�A

�- �.�¤

�6�à �Ö
 (A.3.12) 

 

Here, mk and mOA are the total mass of a factor k and of the organic aerosol in the 

extracted sample, respectively. VW is the volume of water used for extraction, fWSOC the 

fraction of water soluble organics and Sk the water solubility of the average surrogate 

compound representative of the bulk composition of the component k. This formulation 

should provide the highest estimate of Sk compared for example to considering the 

extraction of a single component k to be independent of the presence of the other organics 

(k forms its own phase). Using this formulation, we estimate the recoveries obtained under 

our conditions to be consistent with Sk values of 10-3 g L-1, 10-2 g L-1 and 10-1g L-1, for 

HOA, BBOA/COA/INDOA, and OOA, respectively (Fig. A.3.20). We also assessed the 

sensitivity of �4�"�Þ towards the bulk aerosol composition, by varying �B�Ð�Ì�È�¼, the total organic 

aerosol concentration and the contribution of the factor of interest within the observed 

ranges. This sensitivity analysis suggests that for a similar solubility, the variability in the 

extraction conditions may influence the recoveries by 10 percentage points on average (see 

the upper and lower curves in Fig. A.3.20). These variations are relatively small, within our 

confidence interval of the determined recovery parameters. We note that the extraction 

�S�U�R�F�H�G�X�U�H�� �D�G�R�S�W�H�G���K�H�U�H���I�D�Y�R�U�V�� �W�K�H���F�R�P�S�R�X�Q�G�V�¶���S�D�U�W�L�W�L�R�Q�L�Q�J�� �L�Q�W�R���W�K�H���D�T�X�H�R�X�V�� �S�K�D�V�H���� �J�L�Y�H�Q��

the high extraction volume compared to the sampled air volume in the extracted filter 

fraction: ~0.5 cm3 m-3 vs. 0.1 cm3 m-3 in the other studies (Psichoudaki and Pandis, 2013 

and references therein). Under these conditions, all typical functionalized compounds 

would be extracted (Cappelli et al., 2013; Meylan and Howard, 1994a,b; Meylan et al., 

1996) 

We also note that the model used here is rather simplistic and the different components 

are expected to comprise a suite of compounds with a wide range of water solubility. This 

can be expressed in a solubility basis set by analogy to the volatility basis set (VBS). This 

simplification implies on the one hand that the solubility values provided here are only 

weighted average values for the solubility of different compounds contained in these 
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components. On the other hand, the model provided here would significantly over-predict 

the sensitivity of the recoveries to the extraction procedure adopted (filter loading, bulk OA 

solubility and extraction volume).  Again by analogy to the VBS, most of the compounds 

contained in one component may be either fully water soluble or fully insoluble under most 

of the extraction conditions, and only a minor fraction of semi-soluble compounds would 

be sensitive to the extraction procedure. Still, we note that the data we present here cannot 

be directly extrapolated to other studies and establishing a solubility basis set for the 

different components would require significantly varying the extraction conditions of the 

different samples followed by an assessment of the recovery, which is beyond the scope of 

this study.  

 

 

 

Figure A.3.20�����6�H�Q�V�L�W�L�Y�L�W�\���R�I���W�K�H���F�D�O�F�X�O�D�W�H�G���I�D�F�W�R�U���U�H�F�R�Y�H�U�L�H�V���5�¶K to the factor solubility 
SK (g L-1). Vertical lines define the factor solubility calculated from the median factor 
recoveries determined in this work. 
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A.4 Supporting Information Chapter 7 

 

A.4.1 Sample collection and sampling sites 

The 24-h integrated PM2.5 samples were collected on pre-baked (780 oC, 3 h) quartz-

fiber filters (8×10 inch) using a high-volume sampler at a flow rate of 1.05 m3 min-1. 

Samples were taken from 5 to 25 January 2013, during the severe haze pollution events, at 

the urban sites (surrounded by residential areas, without direct emission sources nearby) of 

Beijing (39.99oN, 116.39oE, 20 m above the ground), Shanghai (31.30oN, 121.50oE, 20 m 

above the ground), Guangzhou (23.12oN, 113.36o�(���� ������ �P�� �D�E�R�Y�H�� �W�K�H�� �J�U�R�X�Q�G���� �D�Q�G�� �;�L�¶�D�Q��

(34.23oN, 108.88oE, 10 m above the ground). These four megacities are located in the 

northern, eastern, southern and western regions of China, respectively. 

Beijing, the capital of China, is one of the largest cities in the world and has become a 

heavily polluted area due to rapid urbanization and industrialization over the past two 

decades. In 2012, more than 20.7 million residents and 5.2 million vehicles were reported 

in Beijing (Beijing Municipal Bureau of Statistics, 2013). The national IV emission 

standard (similar to Euro 4) for new vehicles was implemented on 1 March 2008. Beijing is 

located in a basin, promoting accumulation of air pollutants and limiting their dispersion. 

This geographical characteristic, together with multiple emission sources, has led to severe 

air pollution problems in Beijing. 

Shanghai, the largest city by population in China, is a coastal city located at the mouth 

of the Yangtze River and the centre of the greater Yangtze River Delta metropolitan region, 

one of the fastest-growing regions in China. In 2012, more than 24 million residents and 

2.6 million vehicles were reported in Shanghai (Shanghai Municipal Bureau of Statistics, 

2013). The national IV emission standard (similar to Euro 4) for new vehicles was 

implemented in Shanghai on 1 November 2009. 

�*�X�D�Q�J�]�K�R�X�� �L�V�� �W�K�H�� �W�K�L�U�G�� �O�D�U�J�H�V�W�� �&�K�L�Q�H�V�H�� �F�L�W�\�� �D�Q�G�� �V�R�X�W�K�H�U�Q�� �&�K�L�Q�D�¶�V�� �O�D�U�J�H�V�W�� �F�L�W�\���� �,�W�� �L�V��

located in the Pearl River Delta region and is also one of the fastest-growing regions in 

China. In 2011, more than 12.7 million residents and 2.3 million vehicles were reported in 

Guangzhou (Guangzhou Municipal Bureau of Statistics, 2012). The national IV emission 

standard (similar to Euro 4) for new vehicles was implemented in Guangzhou on 1 

September 2010. 

�;�L�¶�D�Q�� �L�V�� �W�K�H�� �O�D�U�J�H�V�W�� �F�L�W�\�� �L�Q�� �Z�H�V�W�H�U�Q�� �&�K�L�Q�D���� �Z�L�W�K�� �D�Eout 8.6 million residents and 1.6 

�P�L�O�O�L�R�Q�� �Y�H�K�L�F�O�H�V�� �L�Q�� ���������� ���;�L�¶�D�Q�� �0�X�Q�L�F�L�S�D�O�� �%�X�U�H�D�X�� �R�I�� �6�W�D�W�L�V�W�L�F�V���� �������������� �7�K�H�� �Q�D�W�L�R�Q�D�O�� �,�9��

emission standard (similar to Euro 4) for new vehicles was implemented on 1 June 2012. 
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Besides emissions of anthropogenic air pollutants, the city is often influenced by dust 

�S�D�U�W�L�F�O�H�V���D�G�Y�H�F�W�H�G���I�U�R�P���W�K�H���*�R�E�L���G�H�V�H�U�W�����)�X�U�W�K�H�U�����;�L�¶�D�Q���L�V���O�R�F�D�W�H�G���L�Q���W�K�H���*�X�D�Q�]�K�R�Q�J���E�D�V�L�Q����

promoting accumulation of air pollutants and limiting their dispersion. 

In this study, we collected 21, 14, 11 and 11 PM2.5 s�D�P�S�O�H�V�� �D�W�� �;�L�¶�D�Q���� �%�H�L�M�L�Q�J����

Guangzhou and Shanghai, respectively. At each sampling site, one field blank sample was 

collected and analyzed following the same approaches used for real samples. The results 

reported here are corrected for corresponding field blanks. All samples collected were 

stored at -20oC until analysis. 

A.4.2 Chemical analysis 

Table A.4.1 summarizes the measurements taken in this study. Details of each 

measurement are described in the following subsections. The PM2.5 mass on each filter was 

gravimetrically measured using a temperature and relative humidity controlled 

microbalance. 

EC/OC and ions. A 1.0 cm2 punch was taken from each filter for the analysis of 

elemental carbon (EC) and organic carbon (OC) mass concentrations using the EUSAAR-2 

thermal-optical transmission protocol (Cavalli et al., 2010). Replicate analysis shows a 

good analytical precision with relative standard deviation of 4.8, 9.1 and 5.0% for OC, EC 

and TC (total carbon), respectively. 

Concentrations of water-soluble cations (e.g., K+, Na+, Mg2+, Ca2+ and NH4
+) and anions 

(e.g., SO4
2-, NO3

-, Cl-, oxalate and methanesulfonate (MSA)) were analyzed using an ion  

cromatographic system (850 Professional, Metrohm, Switzerland) equipped with a 

Metrosept C4 cation column and a Metrosept A anion column, respectively, after leaching 

of a 1.0 cm2 punch of the filter samples with 50 g of ultrapure water (18.2 M�: ��cm) for 30 

min at 40°C in an ultrasonic bath. 

Elements. Elemental concentrations of Fe, Ti, Ca, Zn, As, Pb, Cu and Ni in filter 

deposits were determined by energy-dispersive x-ray fluorescence (ED-XRF) spectrometry 

(PANalytical Epsilon 5, Almelo, The Netherlands) and were corrected for field blanks 

(Zhang et al., 2014). Measurement uncertainties were determined as the relative standard 

deviation of several analyses of the same samples, yielding 7.7% for Fe, 8.6% for Ti, 8.6% 

for Ca, 7.6% for Zn, 23.5% for As, 7.9% for Pb, 1.7% for Cu and 46.8% for Ni, 

respectively. 

Organic markers. Organic marker compounds (see Table A.4.1) were analyzed using 

a recently developed in-situ derivatization thermal desorption gas chromatography time of 

flight mass spectrometry (IDTD-GC-MS) method. Details of this method are described 

elsewhere (Orasche et al., 2011). Briefly, filter punches were placed into glass liners 

suitable for an automated thermal desorption unit (Schnelle-Kreis, et al., 2005). Isotope-
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labelled standard compounds were spiked onto the filter surface to account for matrix 

influences for quantification. Derivatization was performed on the filter by adding of liquid 

derivatization reagent N-methyl-N-trimethylsilyl-trifluoroacetamide (MSTFA, Macherey-

Nagel, Germany). During 16 min of desorption time, in addition an in situ derivatization 

with gaseous MSTFA was carried out to quantitatively silylate polar organic compounds 

and optimize the desorption process. The derivatization procedure has been automated. 

Derivatized and desorbed molecules were first trapped on a pre-column before separation 

by gas chromatography (Agilent 6890 GC, equipped with a BPX-5 capillary column, SGE, 

Australia). The detection and quantification of compounds was carried out on a Pegasus III 

time-of-flight mass spectrometer (TOF) using the ChromaTOF software package (LECO, 

St. Joseph, MI). 

The quantified organic markers, listed in Table A.4.1, include 3 anhydrous sugars, 4 

lignin breakdown products and 2 resin acids from biomass combustion, 4 hopanes present 

in lubricant oils in car engines and heavy fossil fuels, such as coal (Rutter et al., 2009,  and 

references therein), 11 polycyclic aromatic hydrocarbons (PAHs, including in particular 

picene, a specific marker for coal burning, Rutter et al., 2009) and 8 oxygenated PAHs (o-

PAHs). 

 

Radiocarbon measurement. Radiocarbon measurements (14C) in carbonaceous 

aerosol were used to quantitatively distinguish fossil and non-fossil sources. Six filter 

samples (3 high and 3 low PM concentration) were selected from each of the 4 cities (24 

samples in total) for 14C measurements in TC and EC, following the protocol described in 

Zhang et al. (2012b). These data were then used in conjunction with EC/OC measurements 

to infer the 14C content in OC as described below. 

A thermo-optical OC/EC analyzer (Model 4L, Sunset Laboratory Inc, USA) equipped 

with a non-dispersive infrared (NDIR) detector was used for the isolation of different 

carbon fractions for subsequent 14C measurements using the four-step thermo-optical 

protocol Swiss_4S. The method is described in detail in Zhang et al. (2012b). For EC, filter 

samples were first extracted in water to minimize positive artifacts from OC charring. The 

water-extracted filter was then heated in 3 steps for OC extraction: step 1 in an oxidizing 

atmosphere (O2, 99.9995%) at 375 °C for 150 s; step 2 in O2 at 475 °C for 180 s; step 3 in 

helium, at 450 °C for 180 s followed by at 650 °C for 180 s. Finally, EC was isolated by 

the combustion of the remaining carbonaceous material at 760 °C within 150 s in O2. This 

method is optimized to minimize potential negative EC artifacts stemming from the 

volatilization of a part of EC during OC extraction steps. 
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Table A.4. 1 Offline measurements conducted on the collected filters. 

Measurement Method Notes 

PM mass Microbalance  

Ions IC Cations: K+, Na+, Mg2+, 

Ca2+ and NH4
+ 

Anions: SO42-, NO3-, Cl-, 

oxalate and 

methanesulfonate 

OC/EC Sunset (thermo-

optical analyzer) 

EUSAAR-2 protocol 

14C Swiss_4S 

protocol/MICADAS 

in TC and EC. Calculated 

for OC based on Eqs. 

A.4.1-A.4.3. 

Elements 

Organic markers 

ED-XRF 

spectrometry 

Chemical 

derivatization GC-

MS 

Fe, Ti, Ca, Zn, As, Pb, Cu 

and Ni 

PAHs: pyrene (PYR), 

fluorenthene (FLU), 

benzo[a]anthracene (BAA), 

chrysene (CRY), 

benzo[b,j,k]fluoranthene 

(BF), benzo[a]pyrene 

(BaP), benzo[e]pyrene 

(BeP), perylene (PER), 

dibenz[a,h]anthracene 

(DAH), indeno(1,2,3-

cd)pyrene (IP), 

benzo[ghi]perylene (BP), 

picene (PIC). 

o-PAHs: 1,8-naphthalic 

anhydride, 2,3-5,6-

dibenzoxalene, 

benzo[b]naphtho[2,3-

d]furane, 

benzo[b]naphtho[1,2-

d]furane, 
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benzo[kl]xanthene, 11H-

benzo[a]fluoren-11-one, 

benzo[c]fluoren-11-one, 

benzo[b]fluoren-11-one, 

7H-benz[de]anthracen-7-

one. 

Resin acids: dehydroabietic 

acid methylester, 

dehydroabietic acid. 

Anhydrous sugars: 

galactosan, mannosan, 

levoglucosan (Lev). 

Lignin pyrolysis products: 

vanilic acid, 

acetosyringone, 

syringylacetone, syringic 

acid. 

Hopanes: �����.���+��-

���������+���Q�R�U�K�R�S�D�Q�H�� ���+�3��������

�����.���+��-2�������+���K�R�S�D�Q�H��

(HP2), �����.���+��-���������+��-

22S-homohopane (HP3), 

�����.���+��-���������+��-22R-

homohopane (HP4). 

Offline-AMS HR-ToF- AMS Organic aerosol high-

resolution mass spectra 

 

 

The EC recovery for 14C measurement in this work was 78±10%. For the 14C 

determination of TC, the filter was combusted in the whole Swiss_4S protocol without 

OC/EC separations (Zhang et al., 2012b). 

After the separation of the desired carbonaceous aerosol fractions (i.e. TC or EC), the 

resulting CO2 was trapped cryogenically and sealed in glass ampoules for 14C 

measurement, conducted with the accelerator mass spectrometer MICADAS using a gas 

ion source (Wacker et al., 2013). The 14C:12C ratios in the samples are then related to the 

isotopic ratio of the reference year 1950 (Stuiver et al., 1977) to determine the fraction 

of modern carbon in the aerosol (fM). Data are then corrected for 14C decay during the 
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period between 1950 and the year of measurement. Uncertainties of fM(EC) and fM(TC) 

are < 5% and < 2%, respectively. The modern fraction in OC, fM(OC), was not directly 

measured but inferred by Eq. A.4.1. By propagating EC/OC and fM(EC) and fM(TC) 

errors in Eq. A.4.1, we estimated an fM(OC) uncertainty of ~5%. 

fM(OC) = 
�Í�¼�®�Ù�¾�:�Í�¼�;�?�¾�¼�®�Ù�¾�:�¾�¼�;

�È�¼
       (A.4.1) 

Using fM(OC) and OC mass concentrations determined by Sunset (OC), OC can be 

divided into two sub-fractions, arising from fossil fuel utilization (OCF) and non-fossil 

carbon sources (OCNF): 

OC = OCF + OCNF        (A.4.2) 

OCNF � ���2�&�Â
�Ù�¾�:�È�¼�;

�Ù�¾�:�Ç�¿�;
       (A.4.3) 

Here, fM(NF) denotes a 14C reference value for non-fossil emissions from biogenic and 

biomass burning emissions, estimated as 1.06 ± 0.03 based on a tree growth model 

described in Mohn et al. (2008) and the contemporary atmospheric CO2 fM (Levin, et al., 

2010). 

Offline-AMS 

We applied a novel approach to determine the chemical fingerprint of the bulk organic 

aerosol, using a high-resolution time-of-flight aerosol mass spectrometer (HR-ToF-AMS, 

Aerodyne Research, Inc., Billerica, MA, USA). The method hereafter referred to as offline-

AMS is fully described in Daellenbach et al. (2016). Briefly, filter punches were sonicated 

in 10 mL ultrapure water (18.2 M�Ÿ cm at 25 °C, TOC < 3ppb) for 20 min at 30°C. The 

water extracts were aerosolized using a custom-made nebulizer. The resulting particles 

were dried with a silica gel diffusion dryer, and then analyzed by the HR-ToF-AMS. Three 

types of measurements were performed: (i) filter sample (i.e. collected data); (ii) field 

blank (blank filter collected at the field site); and (iii) measurement blank (nebulized 

ultrapure water with no filter extract). The measurement blank was determined before and 

after every filter sample or field blank. For each measurement, 10 mass spectra were 

recorded (AMS V-mode, m/z 12-500), with a collection time for each spectrum of 1 

minute. The AMS operating principles, calibration procedures, and analysis protocols are 

described in details elsewhere (DeCarlo et al., 2006). Once per day ultrapure milliQ water 

was nebulized interposing a particle filter between the nebulizer and the AMS to provide 

the gas-phase contribution to the aerosol mass spectrum, which was then subtracted during 

analysis (Allan et al., 2004). The AMS data were analyzed using SQUIRREL v1.51 

(Sequential igor data Retrieval) and PIKA (Peak intergration by key analysis) v1.10C, (D. 

Sueper, University of Colorado, Boulder, CO, USA) for the IGOR Pro software package 

(Wavemetrics, Inc., Portland, OR, USA). High-resolution mass spectral analysis was 

performed for each m/z in the range from 12-115. 
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Online AMS measurements provide quantitative mass concentrations of submicron non-

refractory aerosol species, including organic aerosol (OA) and ammonium nitrate and 

sulfate. However, the offline-AMS measurements described herein cannot be directly 

related to ambient concentrations due to uncertainties in filter extraction and nebulization. 

We account for these uncertainties in two stages. First, the thermo-optical OC measurement 

is taken as a quantitative measure of the OC mass. This value is multiplied by OM:OC 

ratios (OM = organic matter) determined from the AMS spectra, yielding ambient AMS 

OM. AMS HR spectra are then normalized to ambient AMS OM, and these quantitative 

spectra are subsequently used for source apportionment. 

The resulting values cannot be directly used for source apportionment since the AMS-

measured species are not extracted and nebulized with equal efficiency. Species-dependent 

extraction efficiencies (EE) were explored in Daellenbach et al. (2016), with chemically 

similar species types approximated by discrete factors obtained by source apportionment 

analysis. We evaluated EE of hydrocarbon like OA (HOA) from traffic emissions, COA 

from cooking processes, BBOA from biomass burning and oxygenated OA (OOA), 

commonly related with secondary organic aerosol to yield EEHOA = 0.25, EECOA = 0.35, 

EEBBOA = 0.78 and EEOOA = 0.77. These values can subsequently be used to extrapolate the 

source apportionment results to the bulk OA providing quantitative time series of our 

factors, although this correction induces additional uncertainties (see below). 

Compared to the online AMS, the offline-AMS technique is subjected to the inherent 

limitations of filter-based measurements, including sampling artifacts and low time 

resolution, which hampers the data interpretation (e.g. diurnal variability of certain 

emissions aerosol sources, such as traffic and cooking). However, compared to online 

AMS measurements, the offline technique significantly enhances the spatial coverage of 

AMS (e.g., 4 cities in this study) and its capability to acquire long-term datasets (1 month 

in this study); it can be used in combination with other offline measurements (e.g. 14C and 

organic markers) for a better characterization of aerosol sources (see below). 

 

A.4.3 Source apportionment 

This section describes the methods and results in detail for total PM2.5 and OC source 

apportionment. Two bilinear receptor models were used: chemical mass balance (CMB, 

Watson et al., 1998) and positive matrix factorization (PMF), with the latter solved using 

the multi-linear engine (ME-2, Canonaco et al., 2013). The models are applied to EC/OC, 

ions and organic marker compounds in addition to AMS data in the case of ME-2. CMB 

and ME-2 are two complementary approaches and comparing their outputs may be used to 

tackle their respective limitations. The representativeness of the profiles determined by 
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ME-�����R�U���X�V�H�G���L�Q���&�0�%���Z�D�V���Y�D�O�L�G�D�W�H�G���E�\���W�K�R�U�R�X�J�K�O�\���D�Q�D�O�\�]�L�Q�J���W�K�H���U�H�V�L�G�X�D�O�V�¶���V�W�U�X�F�W�X�U�H���D�Q�G��

other environmental parameters (e.g. 14C measurements and tracer element concentrations). 

These profiles should be regarded as our best estimates of average source profiles 

impacting the sites investigated. To the best of our knowledge, this is the first time that 

such a comprehensive dataset was merged and thoroughly analyzed by multiple approaches 

to provide the best estimates of PM2.5 sources. 

Fig. A.4.1 summarizes the apportionment of OC and PM2.5 for solutions across all 

methods (individual methods and their solutions are discussed in detail in the following 

section). This comparison illustrates the sensitivity of the source apportionment results to 

the input data and receptor model algorithms. For the present study, environmentally 

reasonable solutions agree on average within a factor of two, although the magnitude of the 

discrepancy between the different apportionments depends strongly on the fraction 

considered. In this section we discuss the selection of a set of environmentally optimal 

solutions, while uncertainties in these solutions are discussed in the subsequent section. 

 

Figure A.4.1. Comparison of average sources contributions to PM2.5 and OC estimated by the 
different receptor models. CMB and ME-2 denote the chemical mass balance and multi-linear 
engine algorithms, respectively. Several ME-2 solutions are presented and compared. The chemical 
species presented in Table A.4.2 were considered as input data for ME-2c, whereas for ME-2m, the 
AMS data were merged with the same species. The subscript numbers beneath ME-2m denote the 
number of factors selected, from 5 to 9. For ME-2c and CMB, 5 factors are considered, including 
traffic, biomass burning (BB), coal burning (CB), dust and secondary processes. 
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A.4.3.1 CMB 

Chemical mass balance (CMB) draws upon source-specific organic markers to assess 

the contribution of OC emissions from major primary sources. CMB is unable to directly 

apportion secondary sources, but the fraction of OC not attributed to primary sources 

considered in the model is regarded as an upper limit estimate for secondary OC (SOC). 

�&�0�%�� �L�V�� �E�D�V�H�G�� �R�Q�� �P�D�V�V�Y�F�R�Q�V�H�U�Y�D�W�L�R�Q�� �H�T�X�D�W�L�R�Q�V���� �L�Q�� �Z�K�L�F�K�� �N�Q�R�Z�Q�� �P�D�U�N�H�U�V�¶�� �F�R�Q�F�Hntrations 

(Cik) at receptor site k are written as the product of known source profiles aij and unknown 

primary source contributions sjk
 (Watson et al., 1998) as expressed in Eq. A.4.4: 

Cik = �Ã �=�Ü�Ý�O�Ý�Þ
E�A�à
�Ý�@�5        (A.4.4)

where m denotes the total number of emission sources, e is the residual term minimized 

in CMB, and aij represents the fractional abundances of chemical species in the source 

emissions, expressed as marker-to-OC ratios. Here, the set of linear equations generated by 

Eq. A.4.4 is solved with an effective variance weighted least-squares method using the 

Environmental Protection agency EPA-CMB8.2 software. The model requires as input data 

�E�R�W�K�� �P�H�D�V�X�U�H�G�� �P�D�U�N�H�U�V�¶�� �F�R�Q�F�H�Q�W�U�D�W�L�R�Q�V�� �D�Q�G�� �V�R�X�U�F�H�� �S�U�R�I�L�O�H�V�� �W�R�J�H�W�K�H�U�� �Z�L�W�K�� �W�K�H�L�U�� �D�V�V�R�F�L�D�W�H�G��

�X�Q�F�H�U�W�D�L�Q�W�L�H�V���� �8�Q�F�H�U�W�D�L�Q�W�L�H�V�� �L�Q�� �W�K�H�� �P�H�D�V�X�U�H�G�� �P�D�U�N�H�U�V�¶�� �F�R�Q�F�H�Q�W�U�D�W�L�R�Q�V�� �D�U�H�� �H�V�W�L�P�D�W�H�G�� �E�D�Ved 

on the analytical technique used, whereas uncertainties on the marker-to-OC ratios in the 

source profiles are based on their variability across the published profiles (see below). The 

model outputs are estimates of both source contributions and their respective uncertainties, 

obtained by propagating the errors of the receptor data and source profiles (entered as input 

by the operator) through the effective variance least-squares calculations. The magnitudes 

of the output uncertainties are a function of the input uncertainties and the amount of co-

linearity (i.e., degree of similarity) among source profiles. 

The main strength of CMB is that, unlike other statistical receptor models, e.g. PMF, it 

does not require a large dataset and theoretically Eq. A.4.4 can be solved for an individual 

sample. Moreover, CMB outputs do not require additional identification of the contributing 

sources/factors as the profiles are selected a priori for well-defined sources. However, as a 

result CMB solutions depend strongly on the selection of source profiles, which relies on 

two implicit assumptions. First, emissions from a given source class are represented by an 

average source profile with known aij  ratios, which accurately reflects emissions at the 

receptor site. Second, all the major primary sources of marker compounds and OC (except 

for secondary OC, as discussed above) are included in the model. Here, we select source 

profiles representative of Chinese emissions during wintertime (Fig. A.4.2 represents a 

comparison between combustion profiles used in this study and those available in the 

literature). 

For vehicle emissions (referred to as traffic), we examined two profiles derived from 2 

independent tunnel studies conducted at 2 major Chinese cities, Shenzhen (He et al., 2006) 
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and Guangzhou (He et al., 2008). The two profiles compare well and are similar to those 

reported for other locations (El Haddad et al., 2006), yielding statistically comparable 

results when included in the CMB (differences < 10%). For this reason, we have 

considered an average of the two profiles to represent the traffic emissions in this study. 

 

Figure A.4.2. Comparison of primary source profiles used in CMB for traffic, biomass burning 
(BB) and coal burning (CB). For traffic, two profiles derived from tunnel studies in China (He et al., 
2006; He et al., 2008) are compared with composite profiles from other tunnel experiments (El 
Haddad et al., 2009; Fraser et al., 1998) and chassis dynamometer tests of diesel and gasoline cars 
(Rogge et al., 1993a; Schauer et al., 1999b; Schauer et al., 2002). For BB the distribution of 33 
profiles is displayed (Fine et al., 2001; Fine et al., 2002; Fine et al., 2004a; Fine et al., 2004b). For 
CB, emission profiles from residential burning of three coal types commonly used in China 
(anthracite, bituminite, and coal briquettes, Zhang et al., 2008b) are considered. Specific markers 
are marked by an asterisk. The markers are explained in Table A.4.1. 
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For coal burning (CB), we selected a composite profile (the median of three average 

profiles) of emissions from residential burning of three coal types commonly used in China 

(anthracite, bituminite, and coal briquettes, Zhang et al., 2008b). While emissions from 

industrial coal boilers cannot be completely excluded, these are not considered here, as we 

expect that such processes, due to their high combustion efficiency, contribute little OC. 

Zhang et al. (2008b) reported that residential coal burning emission factors exceed by up to 

3 orders of magnitudes industrial coal burning emissions, which are characterized by low 

organic content (OC:PM ~4% from industrial boilers vs. OC:PM ~40% from residential 

stoves). We expect that this profile may satisfactorily represent the OC from coal burning, 

but most probably lead to an underestimation of the inorganic part of CB emissions. 

For biomass burning (denoted BB), we have considered a composite profile of 33 

individual profiles for combustion of soft or hardwoods commonly burned in the U.S. and 

Europe in either residential fireplaces or woodstoves (Fine et al., 2001; Fine et al., 2002; 

Fine et al., 2004a; Fine et al., 2004b). The ratios of BB markers to OC considered here 

(levoglucosan and PAHs, see below) are reasonably stable across published profiles 

(±25%; e.g. levoglucosan:OC = 0.16±0.03), as these compounds are emitted from both soft 

and hardwood combustion. By contrast, higher variability in the ratios of these markers to 

PM and EC is observed (e.g. 0.7 < levoglucosan:EC < 3.9), because of the high variability 

of the biomass combustion conditions (a higher burning efficiency tends to decrease the 

organic fraction in the PM, including levoglucosan). It should be noted that wheat and rice 

straw burning are common in some parts of China. As these emissions are likely 

characterized by a lower levoglucosan:OC ratio than used here (Zhang et al., 2007), this 

may lead to an underestimate of the biomass burning contributions discussed here. 

However, the fractions of wood and straw burned may vary in time and space, hindering an 

accurate estimate of the levoglucosan:OC ratio. We therefore expect that the median 

composite profile considered here, although not pertaining to native Chinese fuels, may be 

well suitable for the apportionment of BBOC, while less reliable estimates are expected for 

the BBEC and BBPM. We believe that the approach adopted here (relying on composite 

profiles representing the median of several individual profiles) gives statistically more 

robust apportionments by excluding outlying profiles and down weighting species with 

variable marker-to-OC ratios. 

For dust particles (referred to as dust), we have considered a composite profile of more 

than 20 source profiles representative of paved and unpaved road dust (Chow et al., 2003 

and references therein). While the dust elemental composition is consistent across these 

profiles (e.g. Ca2+:PM = 0.035±0.005), the fraction of organics therein is widely variable 

(0.02 < OC:PM < 0.09). Therefore, we believe that this profile provides reasonable 

estimates for dust PM, while greater uncertainties are expected for the estimation of dust 

OC. 
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In order to assess the contributions from the aforementioned sources, we have selected 

key markers that are believed to be of low volatility and reasonably stable in the 

atmosphere under wintertime conditions for use as fitting species. These include 

levoglucosan as a specific marker for biomass burning, elemental carbon (EC) and four of 

�W�K�H�� �P�R�V�W�� �S�U�R�P�L�Q�H�Q�W�� �K�R�S�D�Q�H�V�� �������.���+�������������+��-�Q�R�U�K�R�S�D�Q�H���� �����.���+�������������+��-hopane, 

�����6�������.���+������ ���������+��-�K�R�P�R�K�R�S�D�Q�H�� �D�Q�G�� �����5�������.���+������ ���������+��-homohopane, referred to as 

HP1-HP4, respectively) as markers for vehicular emissions, Ca2+ as a marker for dust and 

five PAHs (benzo[b,k]fluoranthene, benzo[e]pyrene, indeno[1,2,3-cd]pyrene, 

benzo[ghi]perylene and picene, referred to as BF, BEP, INP, BP and PIC) from incomplete 

combustion, in particular coal burning. 

Statistical performance measures used as a quality control check of the CMB 

calculations (see Fig. A.4.3) include the use of R-square (target 0.8�±1.0) and chi-square 

(target 0�±4.0) between measured and modeled markers and the absence of cluster sources, 

i.e. sources with linearly dependent time series (Watson et al., 1998). Overall, the set of 

source profiles considered satisfactorily reflects the average measured aerosol at the study 

sites, as CMB solutions meet the 4 quality control criteria (Fig. A.4.3a). Note that higher 

residuals are associated with BEP and INP, suggesting some biases between the selected 

combustion profiles and ambient profiles. In addition, closer inspection of the data shows 

asymmetric residual distributions, with larger weighted-square-�U�H�V�L�G�X�D�O�V�� �D�W�� �;�L�¶�D�Q�� �D�Q�G��

Guangzhou compared to Shanghai and Beijing (Fig. A.4.3b1). This appears to be related to 

�D�G�G�L�W�L�R�Q�D�O�� �R�Y�H�U�H�V�W�L�P�D�W�L�R�Q�� �R�I�� �%�(�3�� �O�H�Y�H�O�V�� �E�\�� �W�K�H�� �P�R�G�H�O�� �D�W�� �;�L�¶�D�Q�� �D�Q�G�� �*�X�D�Q�J�]�K�R�X�� ���Z�K�L�F�K��

explains the negative residuals at these two locations, Fig. A.4.3b2) and suggests that a 

single set of combustion emission profiles is insufficient to simultaneously provide a good 

representation of the data at all four sites. In the absence of source profiles representative of 

emissions at the different study sites, we consider that this CMB solution constitutes our 

best estimate of average source contributions. The comparison of CMB and ME-2 results in 

section A.4.4 will provide additional measures to evaluate the model performance.
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Figure A.4.3. Measures of the statistical performance of CMB, including R-square (target 0.8�±
1.0), chi-square (target 0�±4.0), calculated:measured OC (POC:OC, target < 1), 
measured:calculated markers (M:C, target 1), weighted-�U�H�V�L�G�X�D�O�V�� �W�L�P�H�� �G�H�S�H�Q�G�D�Q�W�� �������0-C)/U) and 
weighted-squared-�U�H�V�L�G�X�D�O�V�������^���0-C)2 /U2}/df with df = degree of freedom, equal to the number of 
fitting species minus the number of fitting sources) . Overall the model captures the levels and the 
variability of the markers well. Higher residuals are associated with BeP and INP, suggesting some 
biases between the combustion profiles selected and ambient profiles. For marker abbreviations see 
Table A.4.1. 

 

Figure A.4.4 represents the contribution of different sources to OC estimated by CMB, 

for the 4 different cities. From these and applying PM2.5:OC ratios from source profiles, the 

primary source contributions to PM2.5 are determined. The secondary PM is then 

determined as the sum of secondary ions (measured NH4
+, NO3

- and SO4
2- from which the 

primary part is subtracted) and SOA, obtained by multiplying secondary OC (OC not 

apportioned to primary sources by CMB) by an OM:OC ratio of 2 estimated by the high-

resolution analyses of OA mass spectra acquired from the offline-AMS analysis. Good 

agreement is obtained between measured and calculated PM providing some support to the 

PM2.5:OC ratios from source profiles used. 
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Figure A.4.4. Source contributions to OC and PM2.5, assessed by CMB. Open markers denote 
measured OC and PM2.5 total mass. Results indicate that the model achieves closure supporting to 
the representativeness of the selected profiles. The secondary fraction dominates OC and PM2.5 total 
mass, while dust constitutes a major fraction of PM2.5 �L�Q���;�L�¶�D�Q�� 

 

Overall, these results suggest that CMB reasonably captures the variability and the 

levels of measured markers and PM2.5 concentrations. However, we note that the method is 

dependent on appropriate a priori selection of primary source profiles. Further, it provides 

only an indirect quantification of the secondary fraction (i.e. as what cannot be explained 

by known primary sources). 

 

A.4.3.2 PMF using ME-2 

In the PMF receptor modeling technique, both factor profiles and time series are 

determined within the model. That is, no a priori information is required to obtain a 

mathematical solution. Rather, the output factors are driven by internal correlations 

between the species contained within the analyzed dataset. This provides great flexibility in 

the construction of the input data. Important considerations in PMF analysis include the 

selection of an appropriate number of factors and adequate exploration of the 

multidimensional solution space, which are discussed in detail below. 
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In PMF, the data matrix (X�����F�R�P�S�U�L�V�L�Q�J���W�K�H���P�D�U�N�H�U�V�¶���W�L�P�H���V�H�U�L�H�V���L�V���H�[�S�U�H�V�V�H�G���D�V���D���O�L�Q�H�D�U��

combination of a set of characteristic factor profiles (F) and their time-dependent 

intensities (G, below the intensities denote the PM2.5 mass) such that: 

X = GF+E        (A.4.5) 

In the matrix Eq. A.4.5, E is the residual matrix, defined as the difference between the 

data matrix (X) and the fitted solution (GF). PMF requires as inputs the data matrix (X) and 

the associated uncertainty matrix (S). Let i denote the time index, j the species index and h 

the factors index; p is the total number of factors. Here we solve the equation by the multi-

linear engine (ME-2) (Paatero and Hopke (2008) and references therein), using the new 

SoFi interface developed at the Paul Scherrer Institute (Canonaco et al., 2013) within the 

Igor Pro software package (Wavemetrics, Inc., Portland, OR, USA). The ME-2 

implementation of PMF is unique in that it enables complete and efficient exploration of 

the solution space, including approximate matrix rotations. In contrast, most published 

PMF analyses are limited in their ability to explore rotational ambiguity in the solution, 

which can typically only be performed in a single, random dimension. As a consequence, 

these analyses provide a limited exploration of the solution space, and there is no guarantee 

that the environmentally optimal solution is even accessible. We implement this rotational 

exploration in ME-2 by directing the solution towards environmentally-meaningful 

rotations, through the constraints of a subset of the elements of the factor profile matrix, F. 

The constrained elements of F are set to expected non-negative anchor values, fh,j 

(fractional contribution of a marker j to a factor profile h), which may vary within a 

predetermined range defined by the scalar a (fh,j±a*fh,j). For clarity, we refer herein to this 

�L�P�S�O�H�P�H�Q�W�D�W�L�R�Q�� �R�I�� �3�0�)�� �D�V�� �³�0�(-���´���� �W�R�� �G�L�V�W�L�Q�J�X�L�V�K�� �L�W�� �I�U�R�P�� �D�O�J�R�U�L�W�K�P�V�� �Z�L�W�K�� �O�H�V�V�� �U�R�W�D�W�L�R�Q�D�O��

control. 

To calculate the time-dependent contribution from a factor h to a marker j (tsh,j), the 

following equation is applied: 

tsh,j = gh�Âfh,j        (A.4.6) 

where gh designates the time-dependent intensity of the factor h. To enable a direct 

comparison between CMB and ME-2, the contribution from a factor j to OC (OCh) is 

calculated, using a corresponding OM:OC ratio, (OM:OC)h, from high-resolution (HR) 

analysis of AMS mass spectra: 

OCh =  
�È�Æ�Ó

�:�È�Æ�ã�È�¼�;�Ó

L��

�Ú�Ó�®�Ù�Ó�á�À�¾

�:�È�Æ�ã�È�¼�;�Ó
      (A.4.7) 

where OMh is the time-dependent OM mass ascribed by ME-2 to h, calculated as the 

product of the profile time series gh and the fraction of OM in the profile h. 

We have used three different data matrices (X) for ME-2: 

I. AMS data only (ME-2AMS) 
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Here, the analysis was performed considering the HR organic AMS mass spectra. 

However, the lack of time-resolved data in our case and the contribution of poorly 

characterized emissions (e.g. dust) prevented the clear separation and interpretation of the 

extracted factors. Furthermore, such an approach, despite its widespread use, enables only 

OA source apportionment, while here we seek identifying the sources of PM2.5 and its 

inorganic/elemental components (e.g. EC, sulfate). Therefore, the ME-2AMS results will 

not be presented in the following discussion. 

II. EC/OC, ions and organic markers (ME-2c, c = chemical), discussed in section 

A.4.3.2.1. 

This approach is commonly applied to offline filter measurements. 

A.4.3.2.1 ME-2c 

Table A.4.2 shows the measurements considered as input for ME-2c. These include 

organic species (3 anhydrous sugars, 4 lignin breakdown products, 2 resin acids, 4 hopanes, 

11 PAHs and 8 o-PAHs), EC/OC, ions (Cl-, NO3-, SO42-, oxalate, MSA, Na+, K+, Mg2+, 

Ca2+, and NH4+) and residual OM and PM. Residual OM (OMRES) was obtained by 

subtracting the organic markers concentrations from total OM, calculated by multiplying 

the measured OC by OM:OC ratios from the HR analysis of the AMS spectra. Residual PM 

(PMRES) is the difference between total PM2.5 mass and the measured species (ions, EC and 

OM). It represents our best estimate of the particulate chemical species not measured here, 

most likely dominated by crustal material. 
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Table A.4.2. F matrix elements constrained in the ME-2/chemical species 5 factors solution. The 
profiles are normalized to the total PM. The numbers denote the fh,j values constrained in ME-2c, 
while hyphens denote unconstrained elements. 

Measurements 
Traffic Coal 

Biomass 

Burning Secondary Dust 

PMRES 

MSA 

0.23 - - - - 

- - - - - 

Chloride 0.00098 - - - - 

Nitrate 0.011 - - - - 

Sulfate 0.011 - - - - 

Oxalate - - - - - 

Sodium - - - - - 

Ammonium 0.0044 - - - - 

Potassium 0.0022 - - - - 

Magnesium 0.0022 - - - - 

Calcium 0.02 - 0 - - 

OMRES 0.26 - - - - 

EC 0.45 - 0.07 0 0 

PYR - - - - - 

FLU - - - - - 

BAA - - - - - 

CRY - - - - - 

BF 3.53E-05 - - - - 

BeP 2.15E-05 - - - - 

BaP - - - - - 

PER - - - - - 

DAH - - - - - 

IP 1.34E-05 - - - - 

BP 5.04E-05 - - - - 

PIC 1.00E-08 - - - - 

1,8-Naphthalic 

anhydride 
- - - - - 

2,3-5,6-

Dibenzoxalene 
- - - - - 



Curriculum vitae 

 

266 

Benzo[b]naphtho[1

,2- d]furan 
- - - - - 

Benzo[kl]xanthene - - - - - 

11H-

Benzo[a]fluoren-

11-One 

- - - - - 

Bezo[c]fluoren-11-

one 
- - - - - 

Benzo[b]fluoren-

11-one 
- - - - - 

7H-

Benz[de]anthracen-

7-One 

- - - - - 

Dehydroabietic 

acid methyliester 
0 0 - 0 0 

Dehydroabietic 

acid (tms) 
0 0 - 0 0 

Galactosan 0 0 - 0 0 

Mannosan 0 0 - 0 0 

Levoglucosan 0 0 - 0 0 

Vanillic acid 0 0 - 0 0 

Acetosyringone 0 0 - 0 0 

Syringylacetone 0 0 - 0 0 

Syringic acid 0 0 - 0 0 

HP1 9.47E-05 - 0 0 0 

HP2 0.00016 - 0 0 0 

HP3 5.34E-05 - 0 0 0 

HP4 4.39E-05 - 0 0 0 

 

Key considerations for ME-2 analysis include the number of factors selected by the user 

and the constraints on the F matrix elements. Model evaluation is based on the following 
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criteria: explained variability of the markers by the different factors (Fig. A.4.5); 

comparison of the profiles obtained with published data, especially considering the relative 

abundances of key markers (e.g. EC and levoglucosan); chemical composition of the PM2.5 

associated with the different sources (Fig. A.4.6); comparison between model 

apportionment of EC sources and those based on 14C measurements (on average, ~20% of 

total EC mass originate from non-fossil sources).  

We selected a 5-factor solution with some elements of the F matrix elements 

constrained (see Table A.4.2). To improve the resolution of the minor traffic source, the 

profile was constrained (with a = 0.5) to that of He et al. (2006), He et al. (2008). 

Furthermore, for a clear separation of the biomass burning profile, the contributions of the 

corresponding markers were set to 0 in all profiles except the BB one (see Table A.4.2). 

Meanwhile, the hopanes, typically emitted by traffic and coal burning (Rutter et al., 2009; 

Subramanian et al., 2006; Wang et al., 2009; were allowed to be allocated by ME-2 only to 

these 2 sources, by setting their fractional contributions to 0 in all other profiles. The 

contribution of EC, emitted by combustion sources (traffic, biomass burning and coal 

burning), was fixed to 0 in non-combustion sources, while it was set to 0.07±0.035 in the 

biomass burning profile. The latter estimation is based on the ratio between levoglucosan 

and non-fossil EC, from 14C analysis. Solutions containing more than 5 factors were then 

explored (6-10 factors) but could not be successfully interpreted. The 6-factor solution 

yielded an additional BB profile, probably because of the high variability of biomass 

burning markers. While this addition clearly decreased the residuals associated with BB 

markers (by approximately a factor of 1.5), the additional profile was characterized by 

significant content of calcium and PMRES, most likely from dust inputs. This feature is 

consistent with factor mixing/splitting, an indication for excessive number of factors. 

Given this lack of improvement in the understanding of the aerosol source apportionment 

and the mixing between the different profiles, the 5-factor solution was considered as 

optimal for this setting and therefore discussed in this section. 
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Figure A.4.5. Fractional contributions of the factors retrieved by ME-2c to the markers. 

 

The chemical fingerprints and contributions of the 5 factors identified by ME-2c are 

plotted in Fig. A.4.6 and Fig. A.4.7, respectively. While biomass burning and traffic were 

assessed by constraining some of the elements in their profiles, the other 3 factors were 

related to coal burning (CB), dust and secondary species, based on the contribution of key 

markers to their profiles. CB was clearly identified based on the high proportions of PAHs, 

o-PAHs and hopanes (Fig. A.4.5). The factor profile attributed to dust is characterized by a 

high contribution of Ca2+ and PMRES (Fig. A.4.5). The latter accounts for 72% of the dust 

PM2.5 mass (Fig. A.4.6) and is most likely composed of crustal material not measured here 

(e.g. Chow et al., 2003 reported a contribution of Si and Al in dust PM2.5 of 27% and 10%, 

respectively). Explaining most of the variability (60-80% of the total variability) of sulfate, 

nitrate, ammonium, oxalate and MSA, the last factor was associated with secondary 

processes (Fig. A.4.5). 

 

Figure A.4.6. Chemical composition of the PM2.5 from different profiles retrieved by ME-2c. 
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Figure A.4.7. Source contributions to OC and PM2.5 , assessed by ME-2c. Open markers denote 
measured OC and PM2.5 total mass. Results indicate that the model achieves mass closure. 
Compared to CMB, ME-2c apportions a higher fraction of OC to primary sources from combustion 
processes (biomass and coal burning), while both models suggest the predominance of secondary 
species in PM2.5, especially in Guangzhou and Shanghai. 

 

In general, ME-2c and CMB results are consistent (Fig. A.4.4 and A.4.7): PM2.5 factor 

time series determined by both models are strongly correlated (R2 > 0.7). However, ME-2c 

systematically apportions a higher fraction of OC to primary emissions from biomass and 

coal burning (+25% for the coal burning OC, +19% for the biomass burning OC) and a 

significantly lower contribution to secondary PM2.5 and OC (-7.5% for secondary PM2.5 

and -20% for secondary OC). As a result, ME-2c estimates that secondary PM2.5 is mainly 

composed of secondary ions (sulfate, nitrate and ammonium) with relatively lower 

contribution from secondary OA (SOA) compared to CMB. SOA from the two models 

correlate with R2 = 0.52 (slope = 1.8), while a stronger correlation is observed for 

secondary ions (R2 = 0.83, slope = 1.2). These differences are most p�U�R�P�L�Q�H�Q�W���D�W���;�L�¶�D�Q���D�Q�G��

Beijing, while both models consistently predict a very high contribution of secondary 

species at Guangzhou and Shanghai. 

While the obtained ME-2c solution meets the majority of the acceptance criteria and 

therefore can be considered as a reasonable representation of the data, several observations 

seem to indicate that the apportionment of the carbonaceous fraction by the model can be 

further optimized. In particular, ME-2c estimates that ~40% of EC originates from biomass 

burning, whilst 14C measurements suggest that this fraction is only ~20%. This 

underestimate of fossil EC is also reflected by the high OM:EC ratio in the traffic profile 

estimated to be around 1.5, significantly above values reported at emissions (He et al., 
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2006; He et al., 2008) or other ambient sites in China (Sun et al., 2013; Gong et al., 2012; 

Xiao et al., 2011; Huang et al., 2013): 0.5 < OM:EC or OM:BC < 1, where BC denotes the 

black carbon. The model also predicts a significant contribution of unidentified species in 

the BB profile (33% of BB PM2.5), while we expect biomass burning aerosol constituents to 

be quantitatively accessible by the analytical methods applied here (a great part is 

composed of OC/EC and the rest is ash of which > 90% is KCl and K2SO4, Schauer et al., 

2001a). As a result, ME-2c estimates for the (PM:Levoglucosan)BB ratio are 2.7 times 

higher than those reported in the literature: (PM:Levoglucosan)BB ~10.5 (Zhang et al. 

(2007) and references therein). This is interpreted as stemming from the correlation 

�E�H�W�Z�H�H�Q���E�L�R�P�D�V�V���E�X�U�Q�L�Q�J���W�U�D�F�H�U�V���D�W���;�L�¶�D�Q���Z�L�W�K���G�X�V�W���F�R�P�S�R�Q�H�Q�W�V�����L�Q�F�O�X�G�L�Q�J���W�K�H���X�Q�L�G�H�Q�W�L�I�L�H�G��

PM2.5 fraction and a better separation between the 2 factors may require additional markers. 

 

A.4.3.2.2 ME-2m 

To elucidate the differences observed above between CMB and ME-2c, the OA spectral 

profiles determined by AMS were included in the ME-2 as additional variables (ME-2m). 

We acknowledge that this approach introduces additional uncertainties and limitations as 

discussed below, but enhances the explanatory power of the model. This is because AMS 

data, while not as chemically specific as the measured marker compounds, provide some 

chemical resolution across the entire bulk OM. This additional chemical information, when 

coupled with source-specific marker compounds, provides a more robust apportionment of 

the OM. 

The data matrix for ME-2m was obtained by allocating the OM mass used above as 

input data to the different OA fragments from AMS. As a result, the new input matrix 

contains 165 AMS fragments, 46 chemical species and 57 time points (total dimension: 211 

data points × 57 time points = 12027 total points). The corresponding uncertainty matrix 

has the same dimensions. The uncertainties associated with the AMS fragments were 

calculated and modified following the recommendations of Ulbrich et al. (2009) and 

Daellenbach et al. (2016). 

When applying ME-2 to data from several sources (in this case, measurement 

techniques), care must be taken to ensure the solution does not systematically over-/under-

represent data from a particular source. The problem arises when, as is frequently the case, 

variables measured by a particular instrument (e.g. the AMS) are not fully independent. 

This raises the possibility that the algorithm may emphasize fitting a particular sector of a 

merged dataset (i.e. data belonging to a particular instrument) while neglecting the others. 

The resulting solution is not truly representative of the entire merged dataset, but rather 

weighted towards a particular instrument. To overcome this issue, we utilize the 

instrument-dependent weighting procedure developed by Slowik et al. (2010) and 
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implemented for ME-2 by Crippa et al. (2013), thereby ensuring that both AMS and marker 

measurement data are well represented in the ME-2 solutions. This criterion was evaluated 

by examining the residual matrices of the respective data types (see Fig. A.4.21), and 

satisfactory solutions were selected amongst these where the residuals associated with 

AMS and marker data are symmetrically distributed. Instrument weights are balanced by 

the application of a scaling value, Cmarkers, to the mar�N�H�U�V�¶�� �H�O�H�P�H�Q�W�V�� �L�Q�� �W�K�H�� �X�Q�F�H�U�W�D�L�Q�W�\��

matrix (Si,j), generating weighted markers errors, S*i,j: where 

S*i,j = Si,j/Cmarkers. An unweighted solution corresponds to Cmarkers = 1. For Cmarkers > 1, 

more importance is given by the algorithm during the iteration to the markers (by 

increasing the apparent signal-to-noise), while the opposite effect is produced by Cmarkers < 

1. 

ME-2m results were evaluated based on the same four acceptance criteria as those used 

in the case of ME-2c. An additional fifth criterion is the correlation of OA mass spectra 

retrieved by the model with those previously reported from ambient and emission data. The 

same constraints used for ME-2c (see Table A.4.2) were applied for ME-2m. Additional 

constraints, including the number of factors selected and the anchors (fi,j±a*fi,j) used to 

control matrix rotations will be stated below. The number of factors was first varied in ME-

2m, from 5 to 9 (the number of factors selected, p, is indicated as follows: ME-2mp; see 

section A.4.3.2.2.1) and the sensitivity of the results to the selected scalars a and Cmarkers is 

then assessed (see section A.4.3.2.2.2). 

While we note that in the case of ME-2m factor-dependent OA extraction efficiencies 

(EE) affect the final OA source apportionment, these EE do not affect the acceptance 

criteria for a solution (e.g. spectra profiles, EC apportionment). Therefore the correction for 

EE is applied only during the sensitivity analysis before the comparison between CMB and 

ME-2m results (section A.4.4) and data presented in this section (including Fig. A.4.1) are 

not corrected for EE. 

 

A.4.3.2.2.1 Number of factors 

ME-2m5: 

First, we examined a 5-factor solution (ME-2m5), which can be directly related to the 

results derived from CMB and ME-2c. Here, we additionally constrained the mass spectral 

elements for the traffic profile to the HOA mass spectrum from Mohr et al. (2012) using a 

= 0.6. As discussed in the following, the obtained solution is suboptimal and therefore will 

not be considered for further analysis. However, further discussion of this solution is 

helpful in explaining our ME-2m optimization process.  
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Figure A.4.8. Chemical composition of PM2.5 factors determined by ME-2m5. 

 

Fig. A.4.8 shows the chemical composition of factors determined by ME-2m5. While 

the factors identified by ME-2m5 are related to the same sources as those apportioned by 

CMB and ME-2c, the addition of OA mass spectra fundamentally alters the source 

contributions (Fig. A.4.1). This addition causes a significant decrease in the contribution of 

biomass burning to levels lower than those predicted by CMB (Fig. A.4.4). The BBOA 

spectral profile from ME-2m5 (Fig. A.4.9) closely resembles those extracted from AMS 

datasets in previous studies (e.g. Crippa et al., (2013a) and references therein), 

characterized by the contribution of oxygenated fragments at m/z 29 (CHO+), 60 (C2H4O2
+) 

and 73 (C3H5O2
+), from the fragmentation of anhydrous sugars. However, ME-2m5 

attributes very little OC to biomass burning with respect to the measured levoglucosan 

levels (e.g. levoglucosan:BBOC ~0.4 from ME-2m5 vs. levoglucosan:BBOC = 0.16 

reported at emission, see Favez et al. (2010) and references therein). Therefore this factor 

does not provide a realistic representation of the composition of primary biomass burning 

emission (64% of BBPM is attributed to ions, and 40% of EC is apportioned to BB vs. 20% 

of non-fossil EC). 
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Figure A.4.9. Factor OA mass spectra determined by ME-2m5. 

 

Another outstanding issue is that ME-2m5 predicts, like ME-2c, a low contribution 

from SOA, although the spectral profile of the modeled SOA is consistent with previously 

reported OOA spectra (OOA: oxygenated organic aerosol, a surrogate for SOA, Fig. 

A.4.9). Examining the chemical and spectral profiles of dust and coal burning is in this 

regard revealing, as their contributions to OC and PM2.5 predicted by ME-2m5 are 

significantly higher than those predicted by CMB and ME-2c. On the one hand, ME-2m5 

estimates that dust is composed of a large fraction of organic matter, higher than previously 

observed in emission profiles (OC:PM ~0.2 from ME-2m5 vs. 0.02 < OC:PM < 0.09 in 

dust profiles from Chow et al., 2003). On the other hand, the spectral profile of CB aerosol 

determined by ME-2m5 contrasts sharply with those available in the literature, with ME-

2m5 clearly overestimating the contribution of oxygenated species in these emissions 

(fCO2
+ = 0.21 from ME-2m5 vs. fCO2

+ = 0.05-0.27, see Hu et al., 2013). The higher than 

expected contribution of oxygenated fragments in primary sources mass spectra suggests 

that ME-2m5 attributes a part of SOA to the primary emissions. This is because 

oxygenated fragments in SOA, such as CO2
+, only partially correlate with inorganic 

secondary species, e.g. R2 = 0.55 for the correlation with sulfate, but instead show some 

correlation with combustion emission markers, e.g. PAHs and o-PAHs, R2 = 0.76 for the 

correlation between CO2
+ and the sum of o-PAHs. This implies that despite the common 

formation pathways of sulfate and SOA via secondary processes, the source strengths of 

their precursors are spatially heterogeneous in China. Such a gradient of SOA:sulfate ratios 
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observed at different sites suggests that 2 source profiles are required to accurately 

represent the secondary aerosol components at all sites by ME-2. 

ME-2m6: 

Based on the discussion above, we introduced a 6th factor (ME-2m6). Here, the 

contribution of fCO2
+ in the CB mass spectrum was additionally constrained to literature 

values (Hu et al., 2013). ME-2m6 results, illustrated in Figs. A.4.10-A.4.12, highlight quite 

readily that this solution yields a better representation of the sources spectral and chemical 

profiles. 

 

Figure A.4.10. Fractional contributions of the factors retrieved by ME-2m6 to the markers. 
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Figure A.4.11. Chemical composition of PM2.5 factors determined by ME-2m6. 

 

ME-2m6 captures both the spectral profile and chemical composition of biomass 

burning aerosol well, suggesting that this source is predominantly composed of organic 

aerosol (BBOM:BBPM = 0.76) and potassium (K+:BBPM = 0.05) and accounts for 17% of 

the total EC (Fig. A.4.10), consistent with reported emission profiles (Fine et al., 2001; 

Fine et al., 2002; Fine et al., 2004a; Fine et al., 2004b; Schauer et al., 2001a)  and 14C 

measurements. The model achieves a good separation between coal burning (CB) and aged 

organic-rich emissions (referred to as Secondary I), decreasing the contribution of CBOC 

by a factor of ~4 compared to ME-2m5. CB explains around 60% of PAHs and o-PAHs 

(Fig. A.4.10) and exhibits a spectral profile consistent with literature data, characterized by 

high proportions of fragments at m/z 41, 51, 55 and 67, from unsaturated and aromatic 

hydrocarbons (Fig. A.4.12). Dust explains nearly the entire variability of Ca2+ and PMRES 

(Fig. A.4.10) and contains ~4.5% Ca2+ and ~8% OC, consistent with values reported in 

emission profiles (Chow et al., 2003). Our results suggest that organic carbon in dust is 

characterized by high oxygen content, dominating the variability of saturated highly 

oxidized fragments, such as C3H7O2
+ and C4H9O2

+ at m/z 75.04 and 89.06, respectively, 

probably related with humus species. While this is to the best of our knowledge the first 

separation of the dust spectral profile, it should be noted that this profile pertains only to 

the water-soluble fraction of dust and further measurements are needed to better 

characterize the total dust OM. As expected, in this setting ME-2 is able to extract 2 

secondary factors: an inorganic-rich (referred to as Secondary II) and an organic-rich 
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(referred to as Secondary I). Note that this separation, which clearly enhances our ability to 

assess the contribution of secondary sources, would not be possible without including AMS 

data in ME-2. Secondary II and secondary I are characterised by similar mass spectral 

profiles, typical of highly oxygenated organic aerosol (O:C ~0.9), with the former 

correlating with secondary inorganic species sulfate, nitrate and ammonium (Fig. A.4.13) 

and the latter with the aggregate primary emissions from traffic, coal combustion, biomass 

burning and cooking (Fig. A.4.14). An initial multi-linear analysis also suggests that within 

our errors both fractions equally contribute to fossil and non-fossil secondary organic 

carbon, which precludes an unambiguous differentiation of their original sources (e.g. 

biomass burning/biogenic vs. coal burning/traffic). Instead, the two factors display a 

noteworthy spatial variability, with the relative contribution of Secondary I (organic-rich) 

�W�R�� �W�R�W�D�O�� �2�0�� �E�H�L�Q�J�� �K�L�J�K�H�U�� �D�W�� �;�L�¶�D�Q�� �D�Q�G�� �%�H�L�M�L�Q�J���� �S�U�R�E�D�E�O�\�� �G�X�H�� �W�R�� �H�[�W�H�Q�V�L�Y�H�� �H�P�L�V�V�L�R�Q�V�� �R�I��

hydrocarbon precursors from biomass burning and coal combustion for residential heating 

at these locations in wintertime. (By contrast the Secondary inorganic-rich factor shows 

homogeneous concentrations across the four sites). In the following discussion, the sum of 

the 2 factors will be considered as a representation of the secondary fraction. 

 

Figure A.4.12.  Factor OA mass spectra determined by ME-2m6. 
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Figure A.4.13. Correlation of Secondary II (inorganic-rich) factor with secondary inorganic 
species. 

 

 

 

Figure A.4.14. Correlation of secondary I (organic-rich) factor with the aggregate primary 
urban organic sources. 

 

ME-2m7 and higher order solutions. 

Here we seek to estimate the contribution from cooking processes, which have been 

reported as significant aerosol source in urban locations including Chinese cities (Sun et 

al., 2013). In ME-2m7, a 7th factor was introduced to represent these emissions, by 

constraining the mass spectrum fragments of this profile (with a = 0.3) to the cooking mass 

spectrum from Mohr et al. 2012. We also assumed no hopanes, EC and biomass burning 

products in the cooking emissions (Schauer et al., 1999a; Schauer et al., 2001b). The 

resulting spectral fingerprint and overall PM2.5 chemical composition of cooking emissions 

retrieved by ME-2m7 (referred to as cooking influenced (CI) factor, Fig. A.4.15) are 

consistent with previous emission and ambient measurements (Mohr et al., 2012; Schauer 
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et al., 1999a; Schauer et al., 2001b). This addition has very little effect on the 

apportionment of the other 6 sources/factors, and the discussion developed above for ME-

2m6 also applies to the ME-2m7 case (Figs. A.4.16 and A.4.17). 

 

Figure A.4.15. PM2.5 chemical composition and OA mass spectrum of cooking emission 
determined by ME-2m7. 

 

 

 

Figure A.4.16. Fractional contributions of the factors retrieved by ME-2m7 to the markers. 
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Figure A.4.17. Chemical composition of the PM2.5 factors determined by ME-2m7. 

 

 

Figure A.4.18. Factor OA mass spectra determined by ME-2m7. 
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The absence of diurnal profiles and specific organic markers for this factor significantly 

hamper its clear attribution to cooking emissions. In particular, we cannot exclude inputs 

from primary or moderately oxygenated secondary urban emissions to this factor, as the 

latter explains a part of the variability of o-PAHs, emitted or formed from combustion 

processes. Therefore, this factor should be regarded as a high estimate of the contribution 

from cooking emissions. The contribution from this factor to PM2.5 does not exceed 6% and 

hence uncertainties underlying its apportionment have little influence on our conclusions 

(see below). Higher order solutions (ME-2m8 and ME-2m9) using the same settings 

yielded additional secondary profiles, without significantly modifying the apportionment of 

primary sources (Fig. A.4.1). As the additional secondary factor could not be related to 

specific precursors or formation processes, these solutions are not considered further and 

the results presented in the main text of the paper are based on ME-2m6 and ME-2m7 

outputs. 

 

Figure A.4.19. Source contributions to OC and PM2.5, assessed by ME-2m7. Open markers 
denote measured OC and PM2.5 total mass. Results indicate that the model achieves mass closure. 

 

A.4.3.2.2.2 Residual analysis and sensitivity of ME-2m7 inputs 

In this section, we examine the residual distributions and assess the sensitivity of the 

ME-2m7 outputs to a- and c values used as model inputs. Conclusions drawn from this 

section also apply to the ME-2m6 case. 
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A mathematically robust ME-2 solution is characterized by centered normally 

distributed residuals. Fig. A.4.20 shows the ME-2m7 residuals time series for the 4 sites. 

While slightly negative (positive) residuals are present in the top panel for Shanghai 

(Guangzhou), the model equally weights the data at the 4 sites (equivalent weighted-

squared-residuals at all sites), indicating that overall the set of modeled profiles can 

satisfactorily represent the measured data (note that by definition, weighted-residuals 

values between -1 and +1 are within uncertainty). We note that the negative residuals at 

Shanghai stem from the underestimation of the AMS hydrocarbon-like fragments from 

traffic because of their low extraction efficiency. This issue will be discussed in the next 

section. 

 

Figure A.4.20. ME-2m7 residuals time series at the 4 sites (Cmarkers = 8). �6j (ei,j/si,j) denotes the 

time-dependent residuals (ei,j) weighted by the uncertainties (si,j) and �6j{ei,j
2/si,j

2}/df the time-
dependent weighted-squared-residuals, with df  =  degree of freedom (df = j-p).  

 

A range of a values was explored. For a < 0.3 for cooking emissions and a < 0.6 for 

traffic, the a values selected had very little effect on the apportionment (< 10%). Higher a 

values tended to increase the primary emission contributions but exacerbated the 

�F�R�P�S�D�U�L�V�R�Q�V���R�I���W�K�H���V�R�X�U�F�H�V�¶���F�K�H�P�L�F�D�O���D�Q�G���V�S�H�F�W�U�D�O���S�U�R�I�L�O�H�V���Z�L�W�K���W�K�R�V�H���S�U�H�Y�L�R�X�V�O�\���U�H�S�R�U�W�H�G����

Therefore, a values of 0.3 and 0.6 were selected for cooking and for traffic emissions, 

respectively. 

To ensure that both AMS and marker data are well represented in the ME-2m7, we 

utilized an instrument dependent weighting procedure, performed through the application 

of the scaling value, Cmarkers. To determine this value we examined the distribution of 

variables weighted-squared-residuals as a function of Cmarkers (Fig. A.4.21). Solutions 

where both AMS and marker data are equally represented were obtained for Cmarkers values 

from 6 to 9. Within this range, the choice of Cmarkers value has a negligible influence on the 

results and here we present the ME-2m6 and ME-2m7 solutions with Cmarkers = 8. 
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Figure A.4.21. Influence of the Cmarkers value on the residuals distribution and model outputs. 
Q:Qexp denotes the sum of weighted-squared-residuals normalized by the degree of freedom. Lowest 
residuals corresponds to Cmarkers = 8.3. M, MAMS and Mmarkers denote the mode of the weighted-
squared-residuals normal distribution for all variables, for AMS fragments and for markers, 
respectively. A minimum |MAMS-Mmarkers|/M represents a balanced solution, corresponding to Cmarkers 
= 7.1. 

 

A.4.4 SOA precursors and general uncertainty assessment 

The previous section focused on identification and quantification of important sources 

and processes governing total and organic aerosol mass. These results depend strongly on 

the uncertainties in the input data and the model parameters. Additionally, one of the most 

important features revealed by the results above is the apparent high contribution of SOA, 

whose initial precursors remain at this stage unidentified. In this regard, 14C measurements 

may constitute a valuable tool to evaluate the fossil and non-fossil precursors of this 

fraction. In the following, we propose a framework in which we 1) assess measurement and 
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modeling uncertainties and 2) combine the source contributions estimated by ME-2 with 
14C measurements to identify fossil and non-fossil SOA precursors and estimate their 

relative contribution and uncertainties related to these estimations. This was achieved using 

a statistical approach based on a random sampling algorithm (hereafter referred to as 

pseudo Monte Carlo calculation), first introduced by El Haddad et al. (2013) and later 

applied by Zotter et al. (2014). 

 

A.4.4.1 OA extraction efficiency 

Prior to the pseudo Monte Carlo calculation, ME-2 estimates were corrected for biases 

due to OA extraction efficiency in water, using EE values (EEh : EE value for a factor h) 

determined in Daellenbach et al. (2016) and following Eq. A.4.8. 

�1�/ �Û
�¾�¾
L��

�È�Æ�Ó�®�¾�¾�Í�à�×�Ö

�¾�¾�Ó
 where �'�' �Õ�è�ß�Þ
L��

�È�Æ

�Ã�:�È�Æ�Ó�ã�¾�¾�Ó�;
         (A.4.8) 

Here, OMh
EE and OMh denote the corrected and uncorrected time-dependent OM mass 

from a factor j, respectively and EEbulk represents the time-dependent extraction efficiency 

of bulk OM. 

Time-dependent PM2.5 apportionments (PMh) were then corrected for EE (PMEE
j) as 

follows: 

�2�/�Ý
�¾�¾
L���2�/�Ý
F���1�/�Ý
E���1�/�Ý

�¾�¾     (A.4.9)  

When applied without any rotational constraints, the ME-2 algorithm is unaffected by 

EEh. Following the approach described above, the correction for EE can thus be 

implemented subsequently to ME-2, provided that the factors obtained can be assigned to 

specific fractions with known EEj. In contrast, when rotational constraints are applied using 

an anchor profile derived from online data, the underlying assumption is that a factor can 

be well-represented by a single EE, i.e. that the online and offline factor profiles are 

comparable. While a major assumption, results in Daellenbach et al. (2016) suggest that 

this approach can satisfactorily reproduce results from conventional techniques (e.g. online 

AMS and aerosol chemical speciation monitor (ACSM)). This signifies that at least for the 

constrained factors identified (from traffic and cooking emissions), the correction for EE 

can be applied subsequently to ME-2. This is rendered possible as the elements of the 

constrained profiles are free to vary within a predetermined range (based on the a values) 

to accommodate for biases between the fingerprints of OM j and OM EE
j. 

For the current setting where additional elements are merged with AMS data, the 

correct ratios of OA fragments to marker species are governed by the relationship of EEj to 

EEbulk. Otherwise, ME-2 may fail to explain the levels of both OA fragments and elements 

(or require additional factors to do so). Here, traffic is the main constrained profile 
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including organic and elemental material (CI is mainly composed of OM and can thus be 

corrected for EE following Eqs. A.4.8 and A.4.9. As traffic emissions are composed of 

unburned hydrophobic hydrocarbons, EEtraffic = 0.25 is expected to be lower than EEbulk. 

While the ratio EEtraffic:EEbulk can be used to correct the OM content in the traffic input 

profile, the estimation of EEbulk (e.g. based on CMB results) remains imprecise because of 

the contribution of factors with unknown EEj, namely dust and CB. Therefore, we 

considered a non-EE-corrected traffic profile in the ME-2. Results show that the 

apportionment of EC (the main constituent of traffic emissions) is marginally affected by 

biases related to EE. EC is well explained by the model (C:M = 0.89±0.1) and its 

apportionment to different combustion emissions (ECtraffic:EC = 0.55-0.79) is consistent 

with 14C measurements and reported source profiles. By contrast, ME-2 systematically 

overestimates the measured levels of saturated hydrocarbon-like OA fragments, [CnH2n+1]
+, 

by up to a factor of 2.5. This indicates that the model may underestimate the organic 

fraction related to traffic emissions and apportionments of this fraction should be 

considered as lower estimates. We assessed the sensitivity of the results to the OM fraction 

set in the traffic input profile (e.g. by reducing (OM:PM2.5) traffic by up to a factor of 3). 

Results show that reducing (OM:PM2.5) traffic decrease the residuals related to the 

hydrocarbon-like OA fragments, but has a negligible influence (< 10%) on the 

apportionment of EC and OA to the different combustion factors (a slight increase (9%) 

was observed in the OA fraction in CB emissions). Through the pseudo Monte-Carlo we 

assess the sensitivity of the results to biases in the relative EEj (see below). 

A.4.4.2 Estimation of fossil and non-fossil SOA 

Using the fossil (OCF) and non-fossil OC (OCNF) concentrations from Eqs. A.4.2 and 

(A.4.3), the secondary carbon mass estimated by ME-2 is apportioned into two fractions 

originating from fossil (SOCF) and non-fossil (SOCNF) precursors: 

SOCF = OCF �± POCF = OCF �± �Ã �Ù�Ý�2�1�%�Ý
�à
�Ü     (A.4.10) 

SOCNF = OCNF �± POCNF = OCNF �± �Ã �:�s
F�Ù�Ý�;�2�1�%�Ý
�à
�Ü    (A.4.11) 

where POCF and POCNF are the concentrations of fossil and non-fossil primary OC, 

respectively. 

POCj denotes the OC fraction from a primary source j; �.j is an a priori assumed fossil 

carbon fraction in POCj (with �.j [0;1]) and m the total number of primary sources (here, m 

= 5). As a result, OC is reapportioned to 7 fractions originating from traffic, cooking (CI), 

biomass burning (BB), coal burning (CB), dust and fossil (SOCF) and non-fossil (SOCNF) 

secondary sources. 
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A.4.4.3 Pseudo-Monte Carlo analysis 

The analysis is performed by incorporating the ME-2 estimates in the equations above 

(A.4.1-A.4.3 and A.4.6-A.4.11) and proceeds as follows:  

I. For each of the input parameters a range was assigned, within which these can vary (see 

Table A.4.3). The criteria on which we based our assessment of these ranges are developed 

below (section A.4.4.4). 

II.  The parameters were then allowed to randomly vary within the range predetermined in 

the previous step, using a random sampling algorithm. This approach is to some extent 

similar to Monte Carlo calculations and allows vast numbers of combinations of input 

parameters to be computed (McKay et al., 1979). A Monte Carlo simulation would involve 

testing all possible combinations of input parameters, which would be prohibitive in terms 

of processing time. In contrast, random sampling is much more effective and for our 

purposes would essentially provide the same results as a full Monte Carlo analysis (McKay 

et al., 1979).  

III.  Following the approach described above, 1000 sets of parameters were randomly 

generated and subsequently used as inputs in Eqs. A.4.1-A.4.3 and A.4.6-A.4.11. This 

provided, for each set of parameters, 57 daily contributions from 6 PM sources and from 7 

OC sources, or in total: 1000 sets × 57data point × 13 fractions = 741000 outputs.  

IV. The 741000 outputs were finally clustered by site and by fraction and represented in 

Figs. A.4.24 (for PM2.5) and A.4.25 (for OC), either as absolute (µg m-3, panel a) or relative 

contributions (%, panel b), distributed based on the estimated uncertainties or the total 

variability, where the day-to-day variation is additionally taken into account.  

 

A.4.4.4 Uncertainty ranges selection 

We note that estimates of output uncertainties from this methodology are a direct 

consequence of the uncertainty ranges set for the parameters used in the simulation. Table 

A.4.3 lists our best estimates of the uncertainties and biases affecting the parameters used; 

their determination is justified in the following. 
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Table A.4.3. Ranges [Low, High] of the different parameters entered as inputs to the 
uncertainty calculation. E* denotes Eqs. A.4.1-A.4.3 and A.4.6-A.4.11. 

E* Parameters Variables Low High Other 

1,2,3 OCF, 

OCNF 

EC/TC 0.75*EC/TC 1.25*EC/TC  

  fM(TC) 0.98* 

fM(TC) 

1.02* fM(TC)  

  fM(EC) 0.95* 

fM(EC) 

1.05* 

fM(EC) 

 

  fM(NF) 1.03    1.09  

6,7 Gj, OCj Gj, fOM,j, 

(OM:OC)j 

  15 seeds 

from 

ME-2m6 

and 15 

seeds 

from 

ME-2m7 

8,9 EEj EECI 0.25 0.45  

  EESecondary 0.70 0.86  

  EEBB 0.65 0.95  

  EECB,    

EEdust 

0.25 0.78  

  OAtraffic ME-2m ME-2c  

10,11 �Dj �Ddust 0 0.35  

 

i.  For EC/OC measurements, the range was designed to encompass biases and 

uncertainties associated with the separation between EC and OC, which is method 

dependent (Schmid et al., 2001). We estimated that the uncertainty related with the ratio 

EC:TC is 25%, based on Zotter et al. (2014) and references therein.  

ii.  The average uncertainty for the discrimination between fossil and non-fossil TC and 

EC is estimated to be 2% and 5%, respectively.  

iii.   The ratio between the contemporary biomass 14C level and that in 1950 is estimated to 

range between 1.03 and 1.09.  

iv.  Currently there is a clear lack of a widely accepted, unique methodology to assess the 

uncertainties related with ME-2 (Paatero and Hopke, 2008). Here, we considered the 
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uncertainties stemming from the selection of the number of factors (6 or 7 factors) and 

from the influence of the pseudorandom starting-point of the ME-2 algorithm (seed). In 

practice, the pseudo Monte Carlo algorithm was set to randomly select the inputs of the 

Eqs. A.4.6-A.4.11 amongst 30 ME-2 possible (interpretable) solutions, determined by 

initializing each of ME-2m6 and ME-2m7 from 15 different seeds. Each of the 30 solutions 

contains the G matrix of the time-dependent factor contributions to the total PM2.5 and the 

F matrix, from which the fhOM and (OM:OC)h were used to calculate the factors 

contributions to OC (Eq. A.4.7). As we could not clearly attribute the CI factor to cooking 

emissions, the approach adopted here can be used to estimate the potential impact of the 

cooking profile on the apportionment of other sources. In Figs. (A.4.24) and (A.4.25), we 

display the cooking contribution only for the runs where ME-2m7 is considered. 

v.  An important consideration in the case of the ME-2m is the correction of the organic 

fraction for biases derived from the different extraction efficiencies (EE), implemented in 

Eq. A.4.8 and A.4.9 (section A.4.4.1). In Daellenbach et al. (2016), we estimated EE for 

several fractions, with EEHOA = 0.25, EECOA = 0.35, EEBBOA = 0.78 and EEOOA = 0.77. For CI, 

BB and secondary OA, these values were used to correct our data. The uncertainties due to 

our capabilities in determining these values are used in the simulation (Table A.4.3). 

However, for traffic, as the ratios between the organic fragments and other elements (e.g. 

EC) are constrained a priori, this correction is more challenging. We addressed this issue 

by examining the comparison between the traffic fraction estimated by ME-2m and that 

estimated by ME-2c, where the apportionment results are not affected by EE. ME-2m 

yields as expected the lowest estimate of the traffic OC contribution (6.7% of the total 

OC), possibly because of the low extraction efficiency of traffic-related hydrophobic 

species. In contrast, ME-2c yields the highest estimate of the traffic OC (16% of the total 

OC), exceeding that predicted by all other models including CMB, possibly because of the 

influence from secondary carbon inputs to this fraction. In the simulation, we considered 

ME-2m and ME-2c estimates as reasonable bounds for the contribution of traffic OA 

(Table A.4.2). For dust and CB, EE values could not be determined in Daellenbach et al. 

(2016). Examining the chemical composition of coal combustion aerosol in the literature 

reveals the contribution of both water-soluble (e.g. sugar derivatives and carboxylic acids) 

and insoluble (e.g. linear, cyclic and branched alkanes) compounds (Zhang et al., 2008b; 

Oros and Simoneit, 2000). The water solubility of dust/soil organics may be also highly 

variable (Stevenson et al., 1982), depending on the nature of humus constituents (i.e. 

Fulvic-Humic acid ratio). Therefore, we assumed that EEdust and EECB range between 

EEHOA and EEOOA, as the latter two fractions are believed to represent the most hydrophobic 

and hydrophilic fractions of OA, respectively. 

vi. Assumptions made in Eqs. A.4.10 and A.4.11 relate to the fossil:non-fossil origin of the 

primary organic carbon, represented by the parameters �.j, with �.j = 1 referring to an 

emission source j exclusively of fossil origin. Accordingly, we fixed in the model �.CB = 
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�.traffic = 1 and �.CI = �.BB = ������ �7�K�H�� �R�U�L�J�L�Q�� �R�I�� �G�X�V�W�� �L�V�� �P�R�U�H�� �X�Q�F�H�U�W�D�L�Q���� �$�W�� �;�L�¶�D�Q�� �G�X�V�W�� �O�L�N�H�O�\��

originated from deserts in northwest China, consistent with back trajectory analysis (Fig. 

A.4.22), although fugitive dust from construction sites and unpaved roads could also be 

important em�L�V�V�L�R�Q�� �V�R�X�U�F�H�V�� �J�L�Y�H�Q�� �W�K�H�� �O�D�U�J�H�� �F�R�Q�V�W�U�X�F�W�L�R�Q�� �D�F�W�L�Y�L�W�L�H�V�� �D�W�� �;�L�¶�D�Q (Cao et al., 

2003)�����7�K�X�V�����D�� �P�D�M�R�U�L�W�\�� �R�I�� �G�X�V�W���D�W���;�L�¶�D�Q���L�V�� �P�R�U�H���O�L�N�H�O�\�� �D�V�V�R�F�L�D�W�H�G���Z�L�W�K���Q�R�Q-fossil carbon. 

At the other locations, we cannot exclude the contribution from the re-suspension of road 

dust, which may partially comprise fossil carbon from asphalt concrete and tire wear debris 

(Rogge et al., 1993b). In Fig. A.4.23, we have examined, through an initial pseudo Monte-

Carlo simulation, the increase of the fraction of unrealistic negative SOCF estimates as a 

function of �.dust. Results show that at a 95% confidence level, SOCF is positive for 

�.dust�”���������������������R�I���W�K�H���6�2�&F distribution is positive for a fossil carbon contribution to dust 

below 35%). Based on this analysis we have set the range of �.dust between 0 and 0.35. 

 

Figure A.4.22. 24-h back trajectories of air arriving the measurement sites on each measurement 
day, calculated using the NOAA HYSPLIT model (Stein et al., 2015). 
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Figure A.4.23 Statistically significant negative estimates of fossil SOC normalized to total 
�R�E�V�H�U�Y�D�W�L�R�Q�V���D�V���D���I�X�Q�F�W�L�R�Q���R�I���.dust (statistically significant estimates are defined as those for which 
SOCF is higher than the OCF measurement uncertainties). At a 95% confidence level, SOCF is 
�S�R�V�L�W�L�Y�H���I�R�U���.dust �” 0.35. 

 

A.4.4.5 Pseudo Monte-Carlo results 

A great advantage of the approach adopted here is that very unlikely combinations of 

parameters will represent only a small percentage of the output. The estimated probability 

distributions (see Fig. A.4.24 and A.4.25) substantially enhance our capability to evaluate 

the aggregate measurement and model uncertainties related to the different fractions 

apportioned. Results show that the uncertainties depend on the fraction and the 

measurement site considered, but in general, OC apportionments are found to have higher 

uncertainties, as their determination is strongly dependent on the fh,OM and (OM:OC)h 

estimated by ME-2 and on the values assumed for EE. Overall, ME-2 and CMB 

apportionments are also consistent within our errors, providing additional support for our 

results. 

Both ME-2 and CMB predict that traffic contributions are homogeneous across the 4 

sites: ~6-9% of PM2.5 and ~10% of OC [Note that the absolute contribution from traffic at 

�;�L�¶�D�Q���L�V�� �U�H�O�D�W�L�Y�H�O�\�� �K�L�J�K�H�U���F�R�P�S�D�U�H�G�� �W�R���W�K�H���O�H�Y�H�O�V�� �D�W���W�K�H�� �R�W�K�H�U���F�L�W�L�H�V�� �Vtudied here, although 

the total vehicle fleet in �;�L�¶�D�Q�� �L�V�� ����-70% lower. This could be attributed to the lag in 

�L�P�S�O�H�P�H�Q�W�D�W�L�R�Q�� �R�I�� �P�R�U�H�� �V�W�U�L�Q�J�H�Q�W�� �Y�H�K�L�F�O�H�� �H�P�L�V�V�L�R�Q�� �V�W�D�Q�G�D�U�G�V�� �D�W�� �;�L�¶�D�Q�� �D�V�� �G�L�V�F�X�V�V�H�G�� �L�Q��

A.4.1]. The uncertainties associated with these estimates are around 20% for PM2.5 and 

35% for OC, except for Beijing where this source is poorly resolved by ME-2 

(uncertainties are around 45% for PM2.5 and 65% for OC). The estimation of cooking 

emissions by ME-2 is highly uncertain, ranging from 1-10%, most probably due to the size 

of our dataset and the lack of time resolved data and specific markers for this source. 
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ME-2 predicts an appreciable contribution from biomass burning to OC essentially 

every day, ranging between 10 and 20% (lower contribution to PM2.5 of ~6%). The low 

errors associated with these estimates (~10%) offers a clear identification of the differences 

between BB contributions at the different sites: BB contributes 11-17% of OC in Beijing 

and Shanghai vs. 16-�������� �R�I�� �2�&�� �D�W�� �*�X�D�Q�J�]�K�R�X�� �D�Q�G�� �;�L�¶�D�Q���� �$ noteworthy difference 

between CMB and ME-2 estimation of the biomass burning contribution at Guangzhou 

should be noted (18% of OC for ME-2 vs. 33% of OC for CMB), with CMB suggesting a 

2-fold higher BB contribution at this site. A thorough inspection of the data revealed that 

this difference can be attributed to the variability in the biomass burning aerosol 

composition between the different sites. While at Guangzhou a higher fractional 

contribution can be observed from levoglucosan and its isomers, sole BB markers in CMB, 

the contribution of other BB products used in ME-2 (i.e. lignin breakdown products and 

�U�H�V�L�Q�� �D�F�L�G�V���� �L�V�� �F�R�P�S�D�U�D�E�O�H�� �L�Q�� �;�L�¶�D�Q�� �D�Q�G�� �*�X�D�Q�J�]�K�R�X���� �\�L�H�O�G�L�Q�J�� �P�R�U�H�� �K�R�P�R�J�H�Q�H�R�X�V��

estimations. While the reason for such differences remains at this stage unclear, one can 

argue that the distribution of BB products is strongly influenced by the type of wood 

burned and by their differential reactivity in the atmosphere, with lignin breakdown 

products and resin acids being thought to be more reactive than levoglucosan and its 

isomers (Hoffer et al., 2006). Because it contains a greater number of markers, including 

AMS data, ME-���� �L�V�� �H�[�S�H�F�W�H�G�� �W�R�� �E�H�W�W�H�U�� �F�D�S�W�X�U�H�� �W�K�H�� �µ�W�U�X�H�¶�� �I�L�Q�J�H�U�S�U�L�Q�W�� �R�I�� �E�L�R�P�D�V�V�� �E�X�U�Q�L�Q�J��

aerosol. 

ME-2 apportions a higher fraction of PM2.5 to coal burning compared to CMB, while a 

better match between these two models is observed for OC. This is likely because we 

neglected the contribution from industrial coal combustion in the CMB, which generates 

inorganic-rich particles. Despite these differences, our results clearly reveal the importance 

�R�I���F�R�D�O���F�R�P�E�X�V�W�L�R�Q���L�Q���%�H�L�M�L�Q�J���D�Q�G���;�L�¶�D�Q������-21% of PM2.5 mass (or 17-47 µg m-3) compared 

to 3-5% of PM2.5 mass (or 2-5 µg m-3) in Shanghai and Guangzhou). 

Another striking result from this analysis is the large contribution of dust to PM2.5 at 

�;�L�¶�D�Q���D�V���L�G�H�Q�W�L�I�L�H�G���E�\���E�R�W�K���0�(-2 (46±2.7%) and CMB (50±9%). The contribution of dust-

related emissions to OC has larger errors, due to the uncertainties underlying the correction 

for EE in ME-2 (23±7% and the variability of Ca2+:OC ratio in the dust profile considered 

in CMB (20±8%). For the other locations the dust contribution is significantly lower: < 

10% of PM2.5 and < 6% of OC. 

The most notable finding in this study is the overwhelming contribution of secondary 

species at all locations. This is especially the case for Guangzhou and Shanghai, where the 

contributions of secondary processes are determined with high statistical confidence (errors 

< 10% for PM2.5 and ~10% for OC) and account for on average 60% of OC and 75% of 

PM2.5, respectively. Although the absolute concentrations of the secondary fraction at the 

other two locations are on average higher (10-40 µg m-3 secondary OC and 60-170 µg m-3 
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secondary PM2.5), lower relative contributions are assessed due to larger inputs from coal 

combustion emissions in Beijing (secondary species = 51% of PM2.5) and from dust related 

�H�P�L�V�V�L�R�Q�V���L�Q���;�L�¶�D�Q�����V�H�F�R�Q�G�D�U�\���V�S�H�F�L�H�V = 35% of OC and 30% of PM2.5). Errors associated 

with the assessments of the secondary fraction burden at Beijing and �;�L�¶�D�Q�� �D�U�H�� �D�O�V�R��

considerably higher, i.e. ~10% for PM2.5 and ~20% for OC, respectively. This is not 

unexpected, as the main discrepancies observed between the different model results (CMB, 

ME-2c and ME-2m) pertain to the capability of the models to split between the primary 

and secondary fractions at these locations (see discussion above). Nevertheless, such 

uncertainties do not undermine the main conclusions presented in the paper that secondary 

species dominate the PM2.5 and OC composition or diminish our ability to discern the 

�V�S�D�W�L�D�O���D�Q�G���W�H�P�S�R�U�D�O���Y�D�U�L�D�E�L�O�L�W�\���R�I���W�K�L�V���V�R�X�U�F�H�����)�R�U���H�[�D�P�S�O�H�����L�Q���;�L�¶�D�Q���Z�H���F�D�Q���F�O�H�D�U�O�\���G�H�W�H�F�W��

the decrease of secondary species contribution to PM2.5 from 45% to 14% during dust 

events (when the dust contribution increases from 25% to 60%). 

Our results also clearly suggest a higher contribution from fossil emissions to SOA 

production at Shanghai (SOCF = 48±6% of SOA) and Beijing (SOCF = 59±9% of SOA) 

compared to the other two sites, where non-fossil SOA dominates (SOCNF = 66±8% of 

SOA �D�W�� �;�L�¶�D�Q�� �D�Q�G�� �6�2�&NF = 70±7% of SOA at Guangzhou) despite extensive urban 

emissions. Note that these are the most advanced estimates involving a great number of 

parameters and still site-to-site differences revealed by this analysis are statistically 

significant. 

It is certainly true that receptor model solutions inherently contain some degree of 

uncertainty and rotational ambiguity. However, this does not invalidate receptor model 

results, but rather necessitates a comprehensive investigation of the solution space, analysis 

of the solution for internal consistency and consistency with external data, and 

quantification of associated uncertainties. We are convinced that the analysis presented 

herein represents not only a state-of-the-art source apportionment analysis, but indeed 

offers several important improvements relative to previously published efforts. The 

strengths of the current approach (beyond those of conventional source apportionment 

analyses) are summarized below. 

The combination of data presented here is unique: to the best of our knowledge, today 

no dataset combines measurements of molecular markers, trace elements, ions, EC:OC, OA 

spectra by AMS and the radiocarbon content in EC and OC. The collection of these data 

required state-of-the-art measurement techniques, some of which were used for the first 

time here (e.g. offline-AMS) or are only performed in a few laboratories worldwide (e.g. 
14C in EC and OC separately). The comprehensive set of measurements in the current 

analysis enhances our capability to constrain PM sources of both primary and secondary 

origin to a much greater extent than was the case in earlier studies (Note that previous 

datasets have often been limited to either AMS data or conventional markers and do not 
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include direct radiocarbon constraints of EC sources, see e.g. the review paper by Viana et 

al. (2008) or Jimenez et al. (2009).  

Source apportionment analyses are conducted using two complementary and widely 

used receptor models: CMB and PMF. The agreement between these two models provides 

additional support for their overall conclusions. Both models are implemented using 

methods that address key weaknesses in their conventional usage. 

In CMB, we utilize composite profiles representing the median of several individual 

profiles, �L�Q�� �F�R�Q�W�U�D�V�W�� �W�R�� �W�K�H�� �X�V�X�D�O�� �S�U�D�F�W�L�F�H�� �R�I�� �V�H�O�H�F�W�L�Q�J�� �D�� �V�L�Q�J�O�H�� �µ�D�S�S�U�R�S�U�L�D�W�H�¶�� �S�U�R�I�L�O�H���� �7�K�H��

composite approach provides a more statistically robust model by excluding outlying 

profiles and down-weighting species with variable marker-to-OC ratios.  

For PMF, we utilize the multilinear engine (ME-2) algorithm (see Paatero and Hopke 

(2008) and references therein), which in contrast to conventional PMF implementations 

allows full exploration of the rotational ambiguity of a solution. Efficient exploration of 

this space is achieved by directing the solution towards environmentally-meaningful 

rotations through constraining a subset of the factor profiles (i.e. from well-defined, well-

characterized sources) towards reasonable values (e.g. EC = 0 in secondary profiles). This 

approach has been recently demonstrated to improve solution quality for PMF analysis of 

aerosol mass spectra, as evidenced by increased correlation of retrieved factor time series 

with related markers (Canonaco et al., 2013), and is here applied for the first time to the 

uniquely comprehensive dataset described above.  

We have explicitly assessed the model uncertainties and the sensitivity of the results to 

model inputs and measurement uncertainties via pseudo Monte Carlo simulations. These 

simulations, combined with 14C measurements, also provide an assessment of the fossil and 

non-fossil fractions of SOA and related uncertainties. Such analysis has been only used on 

few occasions (see e.g. El Haddad et al. (2013); Zotter et al. (2014)), as a unique approach 

to explicitly evaluate the statistical robustness of model results.  

In summary, we believe the source apportionment analysis presented herein is as robust 

as permitted by the current state of science, and indeed advances the state-of-the-art in 

several notable ways. 
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Figure A.4.24. Source contributions to PM2.5 derived from the pseudo Monte Carlo simulation. 
a) Absolute (µg m-3) concentrations clustered by site and by fraction are presented by the boxes and 
whiskers considering the total variability in the outputs (due to day to day variability and to the 
uncertainties) and by the grey bars presenting the variability in the estimates due to our 
uncertainties. The dark grey bars designate the ranges between the 25th and 75th percentiles of the 
solutions and the light grey bars the 10th and 90th percentile ranges. b) The same apportionments as 
in (a) are plotted as relative contributions [%]. Solid lines represent the integrated probability 
distributions taking into account the uncertainties and the day to day variability, from which the 
different percentiles can be inferred (e.g. the median contribution from a source i, corresponds to 
the contribution at an integrated probability distribution of 0.5). The boxes and whiskers denote the 
10th, 25th, 75th and 90th percentiles of the solutions based on the uncertainties related to the 
measurements, models and assumptions. As a comparison, the CMB estimates and corresponding 
uncertainties are also shown as open circles. 
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Figure A.4.25. Source contributions to OC derived from the pseudo Monte Carlo simulation. a) 
Absolute (µg m-3) concentrations clustered by site and by fraction are presented by the boxes and 
whiskers considering the total variability in the outputs (due to day to day variability and to the 
uncertainties) and by the grey bars presenting the variability in the estimates due to our 
uncertainties. The dark grey bars designate the ranges between the 25th and 75th percentiles of the 
solutions and the light grey bars the 10th and 90th percentile ranges. b1, b2) The same 
apportionments as in (a) are plotted as relative contributions [%]. Solid lines represent the 
integrated probability distributions taking into account the uncertainties and the day to day 
variability, from which the different percentiles can be inferred (e.g. the median contribution from a 
source i, corresponds to the contribution at an integrated probability distribution of 0.5). The boxes 
and whiskers denote the 10th, 25th, 75th and 90th percentiles of the solutions, estimated based on the 
uncertainties related to the measurements, models and assumptions. As a comparison, the CMB 
estimates and corresponding uncertainties are also shown as open circles. 
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A.4.5  Examination of potentially unidentified sources 

To explore if there are unidentified sources contributing to the primary PM, we have 

additionally examined the aerosol elemental composition, including crustal and 

anthropogenic elements (i.e., Fe, Ti, Ca, Zn, As, Pb, Cu, V and Ni), using energy-

dispersive x-ray fluorescence (ED-XRF) spectrometry (Zhang et al., 2014). Within our 

uncertainties, we show that Ca is almost entirely solubilized, which justifies the use of Ca2+ 

as a tracer in the CMB simulation. We have also used Fe and Ti as external key markers for 

dust to validate our apportionments. As shown in Fig. A.4.26, the crustal markers Ca, Fe 

and Ti not only correlate remarkably well with dust PM, but also their levels are consistent 

with those expected based on their abundance in the terrestrial crust, giving strong support 

for the apportionment of dust PM. We find that biomass burning and traffic emissions do 

not significantly contribute to the measured elements (apart from soluble potassium from 

biomass burning). A noteworthy result is that Pb and As are dominated by coal burning 

(Fig. A.4.27). Cu levels during high pollution events are well explained (80%) by the 

mode�O�H�G���S�U�L�P�D�U�\���V�R�X�U�F�H�V�����G�R�P�L�Q�D�W�H�G���E�\���G�X�V�W�����D�W���;�L�¶�D�Q�����D�Q�G���F�R�D�O���E�X�U�Q�L�Q�J���H�P�L�V�V�L�R�Q�V�����1�R�W�H��

that Pb, As and Cu are well correlated (R > 0.7), consistent with their common origins 

���D�S�D�U�W���I�U�R�P���;�L�¶�D�Q�����Z�K�H�U�H���D���Sart of Cu, 10-30%, originates from dust). While coal burning 

in Beijing explains the levels of Zn and Ni (the relative contribution of Ni in coal burning 

profiles is highly variable which, together with the high XRF measurement uncertainty 

(~47%) for Ni, prevents its unambiguous apportionment to coal burning), other sources of 

�=�Q�� �D�Q�G�� �1�L�� �F�D�Q�Q�R�W�� �E�H�� �U�X�O�H�G�� �R�X�W�� �L�Q�� �R�W�K�H�U�� �O�R�F�D�W�L�R�Q�V���� �7�K�L�V�� �L�V�� �H�V�S�H�F�L�D�O�O�\�� �W�K�H�� �F�D�V�H�� �I�R�U�� �;�L�¶�D�Q����

where ~50% of the measured Zn concentrations could not be assigned to the identified 

sources, �O�L�N�H�O�\�� �E�H�F�D�X�V�H�� �R�I�� �W�K�H�� �O�D�U�J�H�� �J�D�O�Y�D�Q�L�]�D�W�L�R�Q�� �D�F�W�L�Y�L�W�L�H�V�� �L�Q�� �;�L�¶�D�Q�� �������� �J�D�O�Y�D�Q�L�]�D�W�L�R�Q��

�I�D�F�W�R�U�L�H�V�� �L�Q���G�R�Z�Q�W�R�Z�Q���;�L�¶�D�Q�� �Y�H�U�V�X�V�� ���� �J�D�O�Y�D�Q�L�]�D�W�L�R�Q���I�D�F�W�R�U�\�� �L�Q���G�R�Z�Q�W�R�Z�Q���*�X�D�Q�J�]�K�R�X�� �D�Q�G��

none in downtown Beijing and Shanghai). These processes are expected to be associated 

with little contribution to OA and PM. 
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Figure A.4.26. Correlation between dust PM and different elements. Red lines show the expected 
concentrations based on dust profiles (Chow et al., 2003 and references therein). 

 

 

 

Figure A.4.27. Correlation between the coal burning PM and measured elements. Red lines 
show the expected concentrations based on coal burning emission profiles (Wang et al., 2009). 

 

While ship emissions may be a source of PM in coastal cities, back trajectory analysis 

(see Fig. A.4.22) shows that the prevailing air masses are from the N-NW during our 

measurement period. This is typical for winter in China because of the influence from the 

winter East Asian monsoon. Therefore, we do not expect a significant impact from oceanic 

air masses influenced by shipping emissions. Measurements of shipping emission tracers 

also support the low contribution of this source. Specifically, vanadium concentrations are 

3.1 ± 1.8 ng m-3 in Guangzhou and 5.9 ± 2.4 ng m-3 in Shanghai, which are near or below 
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the instrument detection limit of 5.0 ng m-3; nickel concentrations are 3.7 ± 2.0 ng m-3 in 

Guangzhou and 8.4 ± 5.1 ng m-3 in Shanghai. These concentrations are significantly lower 

than previous measurements in Shanghai (average, 15.8 ng m-3 of vanadium and 71.4       

ng m-3 of nickel under coastal airflows) by Zhao et al. (2009), where ship emissions were 

estimated to contribute on average 4.2% of 62.6 µg m-3 of PM2.5. Using vanadium as tracer 

���D�V�� �L�Q�� �=�K�D�R�� �H�W���D�O������ �������������� �V�K�L�S�� �H�P�L�V�V�L�R�Q�V�� �D�U�H�� �H�V�W�L�P�D�W�H�G�� �W�R���F�R�Q�W�U�L�E�X�W�H�� �”���������� �R�I�� �3�02.5 (i.e., 

1.1% in Shanghai and 0.75% in Guangzhou) in our study. 

 

A.4.6 Representativeness of the measurement sites 

The PM2.5 samples were collected at a single site in each city. These selected sites are 

considered as reference for the measurement of urban air as shown in the following studies: 

Wang et al. (2006b�������+�D�Q���H�W���D�O���������������������&�D�R���H�W���D�O�������������������I�R�U���;�L�¶�D�Q���D�Q�G���%�H�L�M�L�Q�J���V�L�W�H�V�����:�D�Q�J��

et al. (2006c), Du et al. (2011), Tao et al. (2014) for Shanghai and Guangzhou. PM2.5 

samples have been collected for more than 10 years at the present sites �L�Q���%�H�L�M�L�Q�J���D�Q�G���;�L�¶�D�Q��

and for more than 8 years for Shanghai and Guangzhou, respectively. Here, we further 

�F�R�P�S�D�U�H���P�H�D�V�X�U�H�P�H�Q�W�V���S�H�U�I�R�U�P�H�G���D�W���;�L�¶�D�Q�����G�X�U�L�Q�J���D�Q�R�W�K�H�U���K�D�]�H�� �H�Y�H�Q�W�����L�Q���Z�L�Q�W�H�U���������������D�W��

five different sites including the present site (Fig. A.4.28). Correlation between the levels 

of the different PM2.5 species at the different sites is evident, indicating that the selected 

�V�L�W�H�� �L�Q�� �;�L�¶�D�Q�� �L�V�� �U�H�S�U�H�V�H�Q�W�D�W�L�Y�H�� �R�I�� �W�K�H�� �L�Q�Y�H�V�W�L�J�D�W�H�G�� �U�H�J�L�R�Q���� �$�O�V�R���� �Q�R�W�H�� �W�K�H�� �V�W�U�L�N�L�Q�J��

resemblance between the PM2.5 levels and chemical composition between the two haze 

�H�Y�H�Q�W�V���L�Q���Z�L�Q�W�H�U�������������D�Q�G���Z�L�Q�W�H�U�������������L�Q���;�L�¶�D�Q�����V�X�J�J�H�V�W�L�Q�J���W�K�D�W���V�L�P�L�O�D�U���I�D�F�W�R�U�V�����Z�K�L�F�K���Z�H��

identify in this work, control these events. 
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Figure A.4.28. Comparison between measurements �S�H�U�I�R�U�P�H�G�� �D�W�� �;�L�¶�D�Q���� �G�X�U�L�Q�J�� �D�Q�R�W�K�H�U�� �K�D�]�H��
event, in winter 2010, at five different sites including the present site. The average PM2.5 chemical 
composition during the two haze events in winter 2010 and winter 2013 are compared. 

 

A.4.7 Relevance of SOA formation 

Our results show that secondary aerosol contributes 30-77% and 44-71% (average for 

all four cities) of PM2.5 and of organic aerosol, respectively, during the campaign period. 

Interestingly, on average, SOA and SIA were similarly important (SOA:SIA range 0.6-1.4). 

The significant SOA formation under wintertime conditions is not yet widely recognised. 

Here we provide further elements from smog chamber experiments performed in our 

laboratory and from previous measurements in other locations to support the relevance of 

SOA formation during winter. 

Smog chamber experiments of wood burning emissions were performed following the 

procedures described in Platt et al. (2013), Platt et al. (2014) but at lower temperature 

typical of wintertime (-10 oC) in a temperature-controlled housing. Results from 5 

experiments are shown in Fig. A.4.29, representing SOA production potential and rates 

from low temperature aging of modern wood stove emissions. 
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Figure A.4.29. Aging of biomass burning emissions performed at wintertime temperature (-10 
oC) using a novel setup. The SOA:POA ratio is shown as a function of OH exposure (i.e., [OH] × 
time). SOAmax potential:POA is the maximum SOA potential normalized by POA; kOH is the SOA 
production rate via OH chemistry. The interquartile range [Q1-Q3] from 5 experiments is 
represented by the grey area and the OH exposures necessary to produce SOA equal to POA is 
represented by the red bar (i.e. at OH exposures of 1.6-5.5 × 106 molecules cm-3 h). The SOAmax 

potential/POA represents the asymptotic values reached by Q1 and Q3. 
 

Data are fitted to provide the maximum SOA production potential (SOAmax potential) and 

SOA production rate (PSOA) using the following equation: 

SOA(t) = SOAmax potential�Â(1-exp(-PSOAt)) where, SOAmax potential = EFpr�ÂYSOA (A.4.12) 

Here, SOA(t) is the SOA evolution with time (t). SOAmax potential is essentially a bulk 

yield, equal to the precursors emission factor (EFpr) times their secondary organic aerosol 

yield (YSOA). The underlying assumption of this analysis is that YSOA remains reasonably 

constant within the concentration ranges investigated in the smog chamber (20-�����������J���P-3). 

The analysis also neglects the reactivity of VOCs against other oxidants (e.g. NO3 and O3), 

a reasonable assumption given the low concentrations of oxidants other than OH in the 
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chamber (NO3 is photolysed by the lights used to generate OH and O3 concentrations are 

below 100 ppb), the slow reaction of these oxidants against known precursors (e.g. 

aromatic VOCs) and the slightly high concentrations of OH kept in the chamber ([OH] ~ 

3×106 molecules cm-3). In order to highlight the importance of SOA compared to primary 

OA, we normalize SOA(t) by the initial, directly-emitted OA mass (POA). As PSOA is 

fundamentally dependent on the decay rates of the precursors against OH (kOH) and the 

available OH ([OH]), the equation above can be written in function of the exposure of the 

precursors to OH (OHexp): 

�Ì�È�º

�É�È�º
�:�P�; 
L��

�Ì�È�º�c�W�n�Û�Ú�ß�Ð�Ù�ß�Ô�Ì�×

�É�È�º
���:�s
F�‡�š�’���:
F�G�È�Á�>�1�*�?�P�;�;   (A.4.13) 

�Ì�È�º

�É�È�º
�:�P�; 
L��

�Ì�È�º�c�W�n�Û�Ú�ß�Ð�Ù�ß�Ô�Ì�×

�É�È�º
���:�s
F�‡�š�’���:
F�G�È�Á�>�1�*�?�;�;   (A.4.14) 

The SOA:POA ratios observed in our low temperature aging studies of wood burning 

emissions (e.g., 0.4-2.8 at the OH exposures of 2-10 × 106 molecules cm-3 h, see Fig. 

A.4.29) are consistent with values reported in the literature at higher temperatures. For 

example, for open biomass burning, Hennigan et al. (2011) found a SOA:POA interquartile 

range between 0.3 and 1.2 (OH exposure = 3.9-22.8 × 106 molecules cm-3 h). For biomass 

burning exhaust from residential burning, Grieshop et al. (2009a; 2009b) found SOA:POA 

ratios between 0.5-1.8 (OH exposure = 2-18 × 106 molecules cm-3 h), while Heringa et al. 

(2011) show SOA:POA ratios up to 5.9 after 5-hour aging at unknown OH exposure. It is 

noted that the POA concentration and the SOA formation may be enhanced by increased 

partitioning to the particle phase at low temperatures. To the best of our knowledge, the 

results shown in Fig. A.4.29 are the first demonstration of the rapid and substantial SOA 

formation from biomass burning emissions at low, wintertime temperature. While such 

rapid SOA formation at low temperature may seem counterintuitive, our results are in full 

agreement with the current understanding of gas-phase reaction mechanisms of SOA 

precursors with OH and their weak dependence on temperature as discussed in the review 

paper by Atkinson and Arey (2003). Hydrocarbons with carbon number > 6 (relevant to 

SOA formation) typically have slight negative Arrhenius temperature dependencies. For 

example the reaction rate of toluene against OH is estimated to increase by ~10% when the 

temperature decreases from 25 oC to below 0 oC. Therefore, under winter conditions, the 

reaction rate constants of many compounds relevant to SOA formation do not significantly 

decrease and SOA production is expected to occur at similar OH exposures during winter 

and summer. From our low temperature smog chamber results, we estimate SOA 

production rates for biomass burning emissions to 2.5-6.7 × 10-11 cm3 molecule-1 s-1 via OH 

chemistry. Very similar rates are found for traffic relevant individual SOA precursors, e.g. 

kOH = 2.3 × 10-11 cm3 molecule-1 s-1 for m-xylene, kOH = 3.3 × 10-11 cm3 molecule-1 s-1 for 

1,2,4-trimethylbenzene, kOH = 5.7 × 10-11 cm3 molecule-1 s-1 for 1,3,5-trimethylbenzene 

(Atkinson et al., 2003), highlighting the rapid reaction of many emissions with OH in the 
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atmosphere. Such rates imply chemical life-times against OH of only hours under typical 

atmospheric conditions. 

As shown in Fig. A.4.29, SOA exceeds POA at OH exposure between 1.6-5.5 × 106 

molecules cm-3 h for the aging of biomass burning emissions. Rapid SOA formation is also 

observed from the aging of gasoline vehicle emissions (Nordin et al., 2013; Gordon et al., 

2014), including gasoline cars conforming to the Euro 4 emission standards which are 

dominant in the cities studied here (see A.4.1). The question is whether such OH exposures 

can be reached on a reasonable timescale given wintertime OH concentrations in China. To 

estimate OH concentrations in China during the winter haze event of 2013, we now include 

model data in the form of Geos-Chem benchmark outputs (downloaded from 

http://ftp.as.harvard.edu/gcgrid/geos-chem/1yr_benchmarks/v9-02/v9-02r/geosfp/Run1/, 

see Fig. A.4.30), suggesting that monthly average OH concentrations (including daytime 

and nighttime) are, even in northern China, greater than 0.4 × 106 molecules cm-3. 

Certainly, the limitation of the Geos-Chem global model used here is the rather coarse 

resolution, which is partially justified for the very regional characteristic of Chinese haze 

periods as studied here. Major uncertainties include the extent of primary VOC and NOx 

emissions and the vertical dilution determining the OH sink but also the emissions and 

production of OH precursors. This model was used to estimate the lower tropospheric OH 

levels at southern California and a good agreement was found with the four years 

measurements by the Jet Propulsion Laboratory (Wang et al., 2008). 

We note that wintertime OH levels were traditionally thought to be low because of the 

low O3 levels in China during winter. However, very recent studies from four years of 

ground-based observations at Beijing and Xianghe (Hebei province, China) show that OH 

production from HONO photolysis is more than 10 times higher than that from O3 

photolysis in winter (Hendrick et al., 2014). To our knowledge, no direct measurements of 

ambient OH radical concentrations in China during winter exist. However, the values 

estimated here using the Geos-Chem model outputs are consistent with measured 

wintertime values at polluted urban locations such as Birmingham (UK), Tokyo (Japan), 

and New York City (median daily maximum 1-2 × 106 molecules cm-3; mean nighttime 

concentration 1.5-2.7 × 105 molecules cm-3; Heard et al., 2004; Ren et al., 2006; Kanaya et 

al., 2007). 
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Figure A.4.30. Simulated monthly averaged OH levels in China during January 2013 from the 
Geos-Chem model (model version, v9-02r with the latest meteorological data provided by the 
Global Modeling and Assimilation Office (GMAO) at NASA Goddard Space Flight Center). The 
model includes 80 species and > 300 reactions in the troposphere (see Bey et al., 2001). We are 
grateful to the Geos-Chem model developers. 

 

Our low temperature smog chamber data (Fig. A.4.29) in combination with the 

simulated OH concentrations suggest that, considering OH oxidation only (i.e. as a lower 

limit of oxidative chemistry), SOA exceeds POA in 4-14 hours considering the lowest 

simulated OH concentration of 0.4 × 106 molecules cm-3 and the OH exposure ranges stated 

above. This is rapid relative to atmospheric transport during stagnant conditions, providing 

direct mechanistic evidence that SOA may form rapidly even under wintertime OH 

concentrations. Note that the average SOA:POA ratios estimated for the four cities during 

this wintertime haze period are between 0.8 and 2.5. The higher values are found in the 

south, likely due to higher OH concentrations. Higher values also occur during haze events, 

probably because of increased stagnation. 

While we clearly show that OH oxidation only may explain the observed high SOA 

during haze events, it should be noted that OH-initiated oxidation is not the only route to 

SOA formation, other pathways such as NO3-initiated nocturnal chemistry and aqueous-
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phase chemistry may even be more important. This is certainly the case for secondary 

inorganic species such as sulfate and nitrate. The aqueous-phase chemistry is likely 

enhanced during haze events in China, due to the high relative humidity values recorded 

(on average ~60%, max�L�P�X�P���“���������I�R�U���W�K�H���H�Q�W�L�U�H���P�H�D�V�X�U�H�P�H�Q�W���S�H�U�L�R�G�V���R�I���W�K�L�V���V�W�X�G�\�������)�R�U��

example, Sun et al. (2006) showed that high concentrations of secondary aerosol in the 

haze-fog episodes in wintertime 2004 in Beijing were likely due to the higher sulfur and 

nitrogen oxidation rates in the aqueous-phase. Wang et al. (2012) also observed high 

concentration of sulfate and nitrate associated with aqueous-phase reactions during haze 

events in urban Jinan, China. In this setting, sulfate contributes appreciable amounts (up to 

40 % of PM) despite its slow reaction against OH (kOH = 2 × 10-12 cm3 molecule-1 s-1) and 

the low OH levels. Also nitrate, a well-known secondary species, has been observed in 

winter time in many European and Asian areas, with contributions up to 40% of the total 

PM (Wang et al., 2012; Sun et al., 2006; Lanz et al., 2010). When sulfate and nitrate may 

form via other routes than OH oxidation, so may SOA. For example, Ervens et al. (2011) 

provide in their review evidence that this does also apply to organic species even though 

the magnitude of it is still not very well known. Turpin and co-workers (Lim et al., 2010) 

report that water-soluble organic products of gas-phase photochemistry dissolve into the 

aqueous phase where they can react further to form low volatility products that are largely 

retained in the particle phase. Organic acids, oligomers and other products form via radical 

and non-radical reactions, including hemiacetal formation during droplet evaporation, 

acid/base catalysis, and reaction of organics with other constituents (e.g., NH4
+). With the 

current knowledge, it is not possible to predict the relative magnitude of the different 

processes (OH chemistry vs. aqueous-phase chemistry vs. NO3
�Â chemistry). However, we 

are able to provide compelling evidence that OH chemistry is sufficient to explain our 

observations, even though we explicitly do not imply that OH chemistry is the dominant 

pathway. 


