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Abstract 

Background: Marine aerosol forcing remains one of the dominant uncertainties in Earthôs 

radiative balance, largely due to limited constraints on natural submicron aerosol composition, 

source contributions, and their coupling to ocean biological processes. This thesis uses the 

long-term observational record at the Mace Head Atmospheric Research Station to 

disentangle the chemical, physical, and biogeochemical drivers controlling marine aerosol in 

the North-East Atlantic.  

Methodology: High-resolution time-of-flight aerosol mass spectrometry, size-resolved 

particle measurements, positive matrix factorisation along with information theoretic metrics, 

trajectory-based source region analyses, and global phytoplankton functional type (PFT) 

models are combined to resolve the sources, dynamics, and ecosystem linkages of marine 

aerosol seasonal and synoptic scales. 
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Results and Conclusions: Chapter 3.1 shows that summer organic aerosol at Mace Head 

carries unambiguous biological signatures, with primary marine organic aerosols and methane 

sulphonic organic aerosols responding to phytoplankton exposure on two distinct timescales: 

a near-instantaneous release of labile precursors and a slower response consistent with viral 

lysis or other heterotrophic processesШTo determine whether this behaviour persists year-round 

and varies with seasonal community structure or meteorology, a continuous annual record was 

required. 

For this reason, the analyses were next performed on up to a full year of measurements. 

Extending the analysis to a full year. In Chapter 3.2, a full year of high-resolution aerosol 

mass spectrometry measurements at Mace Head (West coast of Ireland) is combined with 

HYSPLIT air-masses exposure metrics and gap-free PFT fields to explore influences on 

primary marine organic aerosol (PMOA) and methane sulphonic acid organic aerosol (MSA-

OA). During the spring-summer diatoms climax, PMOA correlates with dominant bloom taxa 

(R=0.65-0.70), with rapid 1-3 days responses and secondary maxima near ~25 days, 

consistent with early labile release and later lysis emissions. Comparable phytoplankton 

exposure in late summer (i.e. theoretical early depletion phase) does not reproduce these high 

correlation values, with time-scale analyses indicating weakened coupling under warmer, 

weaker-wind conditions. MSA-OA also exhibits a positive association with micronekton 

exposure derived from the spatial ecosystem and population dynamics model (SEAPODYM) 

during diatoms climax (R=0.75), hinting at dimethyl sulphide trophic amplification. Overall, 

these results indicate that structured ecosystem composition and physical forcing both 

contribute to cross-basin differences in marine organic aerosols formation. This motivates 

future research vessel campaigns and controlled mesocosm experiments to explicitly 

manipulate trophic interactions and air-sea physics. 

Chapter 3.3 presents heuristic SMPS-based source apportionment methods to retrieve size-

resolved distributions of marine aerosol sources. Sulphate, MSA-OA, and PMOA 

contributions were resolved and interpreted using Wasserstein similarity to link size 

distributions with previous studies. In addition, nucleation and Aitken modes showed 

strongest sensitivity to diatoms and dinoflagellates linked processes, whereas accumulation-

mode variability aligns more closely with prokaryotic groups, although these relationships 

require further investigation. 

 Finally, Chapter 3.4 shows that the capture vaporizer (i.e. an enclose vaporizer geometry 

designed to enhance particle collection efficiency and reduce particle bounce relative to the 
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standard open vaporiser) yields spectra that can remain interpretable despite systematic 

fragmentation shifts.ШTo address this, a dual-constraint methodological framework was 

developed, combining Jensen-Shannon divergence of time series with entropy similarity of 

mass spectra in a manner that will allow for the continuity assessment of future source 

apportionment endeavours despite CV-induced fragmentation. 

Overall, this work sought to establish a unified framework linking marine aerosol 

composition, size distributions, and air masses exposure to surface ocean ecosystems while 

maintaining source apportionment continuity across instrumental changes. 
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Motivation 

Earthôs energy imbalance has more than doubled in recent decades, driven primarily by 

anthropogenic greenhouse-gas emissions, with additional contributions from declining 

planetary albedo linked to sea-surface temperature changes and aerosol-cloud feedback 

(Mauritsen et al., 2025). Anthropogenic effective radiative forcing (RF) since 1750 is estimated 

at  2.72 W m Į [1.96 to 3.48 W m Į] while aerosol-radiation interactions contribute -0.22 W m Į 

[-0.47 to 0.04 W m Į] and submicron aerosol-cloud indirect interactions -0.84 W m Į [-1.45 to 

-0.25 W m Į] (Forster et al., 2023), reflecting substantial uncertainties from aerosol-cloud 

interactions that remain poorly constrained in  intergovernmental panel on climate change 

(IPCC) reports. In particular, growing evidence suggests that natural marine sources play a 

larger role than previously thought in modulating global RF, emphasising the urgent need for 
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improved observational and process-level understanding (Sellegri et al. 2024). Concurrently, 

climate change increasingly modifies ocean biogenic activity and air-sea transfer physics (Law 

and Miller 2025; Hong et al. 2025) thereby altering the supply of marine aerosol precursors 

including sea salt, oxidised secondary organic aerosol, methane sulphonic acid (MSA), and 

primary marine organic aerosol (PMOA) that seed low-level marine clouds. 

The research community increasingly recognises the urgent need to better understand natural 

marine aerosols in order to improve climate predictions and distinguish between 

anthropogenic and natural climate forcing. Uncertainty in the magnitude and variability of 

these emissions directly affects the reliability of climate change projections that inform policy 

decisions and adaptation strategies.ШEstablishing a robust baseline of natural aerosol emissions 

is therefore essential for accurately quantifying anthropogenic climate impacts. Without a 

clear understanding of the pre-industrial atmospheric natural aerosol burden, uncertainties in 

the reference state propagate directly into estimates of anthropogenic radiative forcing and 

climate sensitivity, hindering robust attribution of observed climate change to human 

activities (Meskhidze et al. 2011; Gordon et al. 2017; Bellouin et al. 2020).  

The international research community has recognised this urgency, making marine aerosol 

research a priority in major research programs. The Surface Ocean-Lower Atmosphere Study 

(SOLAS) research plan lists ñInterconnections between aerosol, clouds, and marine 

ecosystemsò as one of its five core themes (Br®vi¯re et al. 2015), with international programs 

like the North Atlantic Aerosol and Marine Ecosystem Study (NAAMES) (Behrenfeld et al. 

2019), or NASAôs Plankton, Aerosol, Cloud, and Ocean Ecosystem (PACE) (Gorman et al. 

2019) and more exemplify this growing commitment. 

Using multi-years observations from the Mace Head Atmospheric Research Station, this work 

combines high-resolution aerosol measurements, source apportionment, and marine 

ecosystem modelling to thus describe aerosol chemical composition and size distribution. 

This work also aims at exploring natural aerosol variability in relation to phytoplankton 

blooms, source regions, and synoptic conditions. By combining aerosol chemical fingerprints 

with modelled phytoplankton functional types, this research provides new insights and 

directions into the pathways linking atmospheric composition to ocean productivity. The 

outcome is a robust, ambient observation-based characterisation of the coupling between 

marine ecosystems and atmospheric aerosol composition, providing empirical evidence 

relevant to cloud-forming processes and reducing uncertainties in the marine aerosol 

contribution to aerosol-cloud forcing in a changing climate. 
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 Overall, the overarching aim of this work, is to use the state-of-the-art aerosol 

physicochemical speciation instrumentation in conjunction with innovative statistical and 

ecosystem models to advance the understanding of marine aerosol sources, their properties 

and relationship to marine ecosystems. The aim is achieved via the following objectives: 

1. To characterise marine aerosol physical and chemical properties by means of advanced 

long-term measurements at Mace Head.  

2. Identify aerosol sources, drivers and deliver a year-round seasonal source apportionment 

of aerosol chemical makeup. 

3. Develop source apportionment methods to resolve aerosol sizes of different marine 

aerosol types. 

4. To explore the utility of global phytoplankton functional type models as proxies for 

marine particles. 

5. To investigate the ensuing continuity of marine aerosol mass spectra interpretability with a 

new capture vaporiser. 

1. Review of the current state of knowledge 

1.1 Aerosol general definitions, size distributions and 

implications 

Atmospheric aerosols are solid, liquid or glassy amorphous particles suspended in the air, 

ranging in diameter from a few nanometres to tens of micrometres. These particles contain a 

variety of compounds, including water, sulphates, nitrates, ammonium, dust, trace metals, 

organic matter and biological debris (spores, pollen, bacteria, viruses, phytoplankton etc).  

Aerosols are broadly categorised by source origin and formation pathway. Primary aerosols are 

directly emitted into the atmosphere and broadly encompass mineral dust uplifted from deserts, 

soot, hydrocarbons or trace metals originating from traffic or combustion (residential or 

wildfires), pollens and sea spray generated by bubble-bursting at the ocean surface. In contrast, 

secondary aerosols are formed through gas-to-particle conversion, whereby precursor vapours 

undergo oxidation and subsequent condensation or nucleation, key sources include sulphates, 

methane sulphonic acid and oxidised organics (i.e. carboxylic acids). The global average direct 

radiative forcing by all anthropogenic aerosol types is -0.35 Wm Į with estimates ranging from 

-0.85 to +0.15 Wm Į, while indirect radiative forcing contributes an additional -0.45 Wm Į 

ranging from -1.2 to 0.0 Wm Į (Tegen and Heinold 2018). 
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As illustrated in Figure 1.1, the rise in anthropogenic effective radiative forcing since 1750 

(+1.90 to 2.41 W m Į) is overwhelmingly due to greenhouse gases, particularly CO , while the 

compensating cooling from aerosols (å ī1.45 to -0.25 W mĮ) partially offsets this warming 

(Forster et al., 2023). 

 

Figure 1.1 Simulated contributions to radiative forcing change between 1750 and 2019. 

Anthropogenic influences are dominated by greenhouse gases and are partly offset by 

other factors, mainly aerosol that produce an overall cooling effect, adapted from Forster 

et al. (2023). 

Crucially, aerosols in the remote marine environment still remain the greatest uncertainty source 

on radiative forcing modelling despite extensive research efforts (Rosenfeld et al. 2019; Wang 

et al. 2020; Sellegri et al. 2024). This is driven from knowledge gaps on the combined aerosols 

chemical composition and particles number size distributions (PNSD) synergistic effects on the 

global Climate (Dusek et al. 2006; Tan et al. 2024). PNSD modulates scattering regimes (i.e. 

Rayleigh, Mie) and scattering efficiency as the fraction of particles in the submicron range (< 

1 Õm) account for the majority of total aerosol scattering (Telg et al. 2023). 

 PNSD further control aerosols lifetime (transport and removal; Williams et al., 2002; Zhang 

and Vet, 2006) and atmospheric chemistry through surface area effects (Bergin et al., 2022; 

Murphy et al., 2021; Stolzenburg et al., 2022). Furthermore, PNSD are closely linked to human 

health, with over 700 conditions affected by the combined influence of particle size and 

chemical composition (Morawska et al. 2008; Th®n and Salma 2022; Hegelund et al. 2024). 
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Submicron aerosols exhibit complex multi-modal size distributions often expressed as 

continuous lognormal distributions (Heintzenberg 1994; Pan«o 2023; Zhu and Wang 2024) 

representing aerosol populations of different sizes broadly subdivided into nucleation (Barus 

1902), Aitken (Aitken 1900) and accumulation modes (Pollock 1915) as popularised by Whitby 

(1978) and illustrated in Figure 1.2  

 

Figure 1.2. From Nucleation to Coarse mode, atmospheric processes and sources 

compositions, adapted from (Pruppacher and Klett 2010; Frºhlich-Nowoisky et al. 2016). 

Each mode is characterised by a mode number concentration, a geometric variance and a 

geometric mean diameter. These distributions are typically presented as the number (eq1), 

surface area (eq2), or volume (eq3) of particles per unit volume of air, plotted against particle 

diameter; 
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Where Dp is the mobility diameter of a spherical particle (i.e. the diameter of an equivalent 

sphere that exhibits the same electrical mobility, or in other words, the same drift velocity in a 

given gas under an applied electric field as the particle of interest).  

While Surface area contributions influence the overall aerosol condensation sink (higher 

surface area suppresses new particle formation; Vana et al., 2002), optical properties and 

heterogeneous atmospheric chemistry, number concentrations predominantly influence clouds 

formation (DallôOsto et al. 2011; Bergin et al. 2022) as nucleation and Aitken mode particles 

might contribute for more than half of global cloud condensation nuclei (Williamson et al. 2019; 

Liu and Matsui 2022; Wang et al. 2023) with marine cloud droplets activating on particles with 

diameters as small as 25-30nm (Svensmark et al. 2024) owing to sea spray surfactant effects 

(Kleinheins et al. 2025) while particles larger than 300 nm will always form clouds albeit to a 

much smaller extent because of their low number abundance (Croft et al. 2021a). 

Nucleation mode particles (< ~25-30 nm), occur frequently in the NE Atlantic marine boundary 

layer  (OôDowd et al. 1999; Huang et al. 2022a; Xu et al. 2024a) and in polar regions (Covert 

et al. 1996; Peltola et al. 2022). Aitken mode particles (~20nm to 100nm; Heintzenberg et al., 

2000) are formed from the condensation and coagulation of nucleation mode particles, or 

directly emitted via primary processes and feature increased organic content (OôDowd et al. 

2004; Karl et al. 2013; McCoy et al. 2015). Accumulation mode (~100 nm - 1 Õm)  particles 

display a more diverse chemical composition, as they may contain aged and processed organic 

and inorganic species  (Jennings et al. 1997; Quinn and Bates 2011) characterised by a mixture 

of primary and secondary sources with diverse origins and extended atmospheric lifetime. At 

Mace Head, the transition to accumulation mode typically happens around ~140 nm (Ceburnis 

et al. 2008; OôConnor et al. 2008). 

Understanding the size-resolved aerosol distribution naturally raises the question of their origin 

and growth through new particle formation (NPF) events. A distinctive NPF pattern observed 

in marine open ocean settings is characterised by the simultaneous enhancement of particle 

number concentrations across the entire size range below 50 nm for at least 6 hours. This type 

has been classified as "multiple-size  (MEV) events, based on the hypothesis that they involve 

the concurrent production of polymer gel particles at several sizes below approximately 60 nm 

(Heintzenberg et al., 2017). At Mace Head, these open ocean NPF events are found in maritime 

tropical (mT), maritime polar (mP), and maritime Arctic (mA) air masses, with clean marine 

conditions showing 57% occurrence in mP, 36% in mA, and 17% in mT air masses (Huang et 

al. 2022a). In contrast to anthropogenic NPF favoured by photochemical processes and 
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boundary layer dynamics with low relative humidity and wind speeds, open ocean NPF is rather 

facilitated by low temperatures (i.e. cold fronts passage; Zheng et al. 2021) and can occur even 

during nighttime hours when photochemical activity is minimal (Peltola et al. 2022). Typically 

these open ocean NPF events show a strong seasonal pattern, with peak occurrence during 

spring and early summer months coinciding with the North East Atlantic high biological activity 

period during which growth rates of 0.8 nm.h-1 are generally encountered (DallôOsto et al. 2011; 

Bialek et al. 2012). 

In addition, some coastal marine environments also exhibit iodine NPF events linked to low-

tide macroalgae (e.g Fucales, Ochrophyta,  laminariales, bangiophycae etcé) excretions 

(OôDowd et al. 2002; Huang et al. 2022a).  For more details, a historical review of new particle 

formation research, ranging from urban smog to biogenic new particle formation can be found 

in Lehtipalo et al. (2025). 

1.2  Introduction to Aerosol Mass Spectrometry 

Over the past century, mass spectrometry has undergone foundational developments 

progressively converging into a wide range of sophisticated instruments (Zhang et al. 2024b).Ш

At its core, mass spectrometry is an analytical technique that ionises chemical species and 

separates the resulting ions according to their mass-to-charge ratio, enabling the identification, 

structural characterisation, and quantification of compounds within complex mixtures. The 

earliest pivotal discovery was the first mass-to-charge measurement of Neon gaseous ionised 

molecules (Thomson 1913) along with the discovery of stable isotopes (Aston 1920). The first 

organic molecules mass spectra with electron impact ionisation (Bleakney 1929) quickly 

followed over 1920-1950 with applications such as the quantitative measurements of light 

hydrocarbons critical for aviation fuel production during World war II (McLafferty 2011). At 

the time of its invention, electron impact ionisation provided a robust and reproducible means 

of generating ions from small, volatile molecules, enabling structure-diagnostic fragmentation 

and quantitative analysis. Subsequent advances in mass analysis during the late 1950s led to the 

development of the quadrupole mass filter (Paul and Steinwedel 1953) and the time-of-flight 

mass spectrometer (Wolff and Stephens 1953). Quadrupoles enabled compact, electrically 

controlled serial mass filtering with stable operation, but intrinsically transmitted only a narrow 

m/z window at any instant. Time-of-flight analysers were introduced to overcome this limitation 

by enabling parallel mass analysis, capturing the full ions population per acquisition with higher 

ions utilisation, faster spectral acquisition, and an effectively unlimited mass range. 
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It wasnËt until the 1970s that aerosol mass spectrometers truly started to develop (Noble and 

Prather 2000), spectrometers then could  broadly be categorised into two main groups: those 

that measure single particles  (Davis 1977; Sinha 1984) and those that analysed bulk aerosol 

(Dahneke 1979) which mostly appeared in the 1990s along with further time-of-flight mass 

spectrometry improvements (Kievit et al. 1996).  

The next major development occurred in California in 2005 where the high-resolution time-of-

flight aerosol mass spectrometer (DeCarlo et al. 2006) was first tested (Drewnick et al. 2005; 

DeCarlo et al. 2006). A few improvements latter (Aiken et al. 2007b), the instrument was 

actively deployed to Mexico city (A. Aiken et al., 2007; Crounse et al.,2007), Canada (Zhang 

et al., 2007) and Cambridge (King et al. 2007) allowing real-time discrimination of primary 

and secondary organic aerosol across diverse urban and remote environments. Building on these 

successes, the next years saw a global gradual adoption of the instrument with early 

measurements in South-East Asia (Dunlea et al. 2008; Phillips et al. 2008), the Arctic (Cubison 

et al. 2008a), Amazonia (Chen et al. 2008), Germany (Crosier et al. 2008), Canada (Sun et al. 

2008; McKendry et al. 2008), Ireland (Mace Head; DallôOsto et al., 2010) and the South 

Atlantic (Zorn et al. 2008) where methanesulphonic acid (MSA) was successful measured with 

the HR-ToF-AMS for the first time. 

Source apportionment studies with the HR-ToF-AMS also started shortly thereafter (Ulbrich et 

al. 2009) and have since become a go-to-technique for many field measurements across the 

world accumulating up to 1360 entries in google scholar  (last checked 4th February, 2025), an 

overview of PMF studies with the HR-ToF-AMS can be found in next chapter. From a broad 

mass spectrometry standpoint, early account of aerosol mass spectrometry techniques 

(Hartonen et al. 2011; Pratt and Prather 2012) already showed how the HR-ToF-AMS had 

quickly proved useful across disciplines, from hazards monitoring, to detail fundamental 

investigation of atmospheric processes owing to its accurate detection of bulk submicron 

aerosol (i.e. organics, sulphate, ammonium, nitrate, chloride) unlike other online techniques  

(e.g. ATOFMS) and in contrast to offline techniques (e.g. gas chromatography), the HR-ToF-

AMS eliminates artifacts such as evaporation losses and chemical transformations during 

sample collection. The detailed instruments working principles are described in Chapter 3.2. 

1.3  HR-TOF-AMS and aerosol sources 

Several previous remote ocean HR-ToF-AMS PMF studies have been carried out over the 

Atlantic (Crippa et al. 2013; Huang et al. 2018a, 2022b), Arctic (Nielsen et al. 2019; Moschos 
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et al. 2022; Nßjgaard et al. 2022), Mediterranean Sea (Mallet et al. 2019; Florou et al. 2024), 

Pacific Ocean (Shank et al. 2011; Loh et al. 2023, 2024) and Antarctica (Schmale et al. 2013a; 

Giordano et al. 2016; Paglione et al. 2024) which facilitates comparability with measurements 

at Mace Head.  

MSA was one of the earliest measured sources investigated by Phinney et al. (2006) and Zorn 

et al. (2008) and several latter-studies showing it to be overwhelming not only over the Atlantic 

(Huang et al. 2017; Zawadowicz et al. 2021; Xu et al. 2021) and Arctic Ocean (Dada et al. 

2022), but also even up to 300 km inland following long range transport (Crippa et al. 2013) 

with more or less aging  (Giordano et al. 2016). MSA is identified with its typical mesylate 

markers (CH3SO2
+ at m/z 78.98, CH2SO2

+ at 77.98 at m/z, and CH4SO3
+ at m/z 95.99) and 

CH3
+ at m/z 15.02 while  CH2O

+ at m/z 30.01 and CH3O
+ at m/z 31.02  (Ŭ cleavage of alcohols; 

Yazdani et al. 2022) covariance highlights biogenic heat stress (Van Alstyne and Houser 2003; 

Faiola et al. 2015; Aguilera et al. 2022). Furthermore, while C2H6S
+ (m/z 62.01), C2H6SO

+ (m/z 

78.01), CHS+ (m/z 44.97), C2H3
+
 (m/z 27.02), H3S

+ (m/z 34.99), CH3S
+ (m/z 46.99), C2H5S

+ 

(m/z 61.01), C2H6S (m/z 62.02), CH3SO
+ (m/z 62.99) and C2H6SO

+ (m/z 78.01) can also be 

used together as markers for DMSO2 heterogeneous uptake or methylthiomethylperoxide (Ye 

et al. 2021), methanesulphinic acid (MSIA) HR-TOF-AMS chamber measurements (Ye et al. 

2021; Goss and Kroll 2024) overall show that particle phase DMS oxidation by-products remain 

difficult to distinguish from MSA because of nearly identical fragmentation patterns (Chen et 

al. 2019; Dovrou et al. 2019) and high m/z markers like m/z 141 (CH3SNO5
+), m/z 157 

(CH3SNO6
+) as well other unknown ions (m/z 103, 118 and 170) from dimethyldisulphide 

oxidation remain to be conclusively confirmed (Van Rooy et al. 2021; Goss and Kroll 2024). 

Similarly, although MSA is often found in clusters with amine, dimethylamine or 

trimethylamine (Bork et al. 2014; Chen et al. 2016c; Paglione et al. 2024), methylamine 

contributions such as m/z 30.03 (CH4N
+), m/z 41.04 (C3H5

+), m/z 42.03 (C2H4N
+) (Malloy et 

al. 2009) fragmentation is generally too poor to assume clear identification (Kºllner et al. 

2020). 

Primary marine organic aerosols (PMOA; Ovadnevaite et al. 2011c) were soon identified after 

these first MSA reports, along with sea salt signatures (Ovadnevaite et al. 2012). PMOA mass 

spectra typically feature CxHyOw (w=1) ions series (m/z 55.02, 69.03, 83.05, etcé) related to 

alkenyl groups, diunsaturates, cyclic alcohols, and ethers consistent with previous reports of 

water-insoluble organics being formed in sea spray (OôDowd et al. 2004; Ovadnevaite et al. 

2011), CxHy mass spectra family, dominated by ion series CxH2y 3 (m/z 39.02, 53.03, 67.05, 81 
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etcé) indicating dienes, alkynes, and cycloalkenes contributions confirmed by the presence of 

CxH2y 1 ions series (m/z 27.02, 41.04, 55.05 etcé) as well as  CxH2y+1 family marked by alkyls 

(CxH2y+1 ;m/z 15.02, 29.03, 37.00 etcé) which have been reported to be dominant in sea spray 

during phytoplankton blooms as a result of phosphate cycling (Cavalli 2004; Meador et al. 

2017; Bibi et al. 2025). Although phospholipids partly control aerosol surface activity (Gord et 

al. 2018) and were reported before in sea spray (Violaki et al. 2021; Van Acker et al. 2021a) 

and in the HR-TOF-AMS using PO+ and PO2
+ signature ions, laboratory standards and 

fragmentation studies are still lacking (Wolf et al. 2015). In addition, PMOA also contains 

carbohydrates (Schneider et al. 2011; Schmale et al. 2013a; Glicker et al. 2022a), 

polysaccharides (Lawler et al. 2020) and amino acids (Schmale et al. 2013b; Huang et al. 

2018a; Kanawade et al. 2020) in varying extents depending on biogeography exposure (Salazar 

et al. 2024).  

Oxidised organic aerosols (mono and diacids) were also described early-on (Baboukas et al. 

2000; Ng et al. 2011; Decesari et al. 2011), with typical CO+ and  CO2
+ ions markers for more 

oxidised organic aerosol (MO-OOA; Zhang et al. 2005; Takegawa et al. 2007) whereas C2H3O
+ 

was attributed to non-acid oxygenates (aliphatic ketones and aldehydes; Ng et al. 2011a; 

Yazdani et al. 2022) designated as less oxidised organic aerosol (LO-OOA; Ng et al. 2010), 

with LO-OOA also including formic acid (CH4O
+ at m/z 32 and CH2O2

+ at m/z 46; Dai et al. 

2018), commonly observed during winter over Europe as a result of pollution oxidation 

(Bannan et al. 2014), with little to no contribution from marine biogenic emissions ozonolysis 

as opposed to MO-OOA (Arlander et al. 1990; Baboukas et al. 2000; Bannan et al. 2014). 

Overall, MO-OOA exhibits a high f  to f  ratio (due to high CO  and low C H O ), whereas 

LO-OOA has a much lower f /f . For example, Ng et al. (2010) found that MO-OOA has f  

å 0.17 and f  å 0.05-0.08, compared to f  å 0.07 and higher f  å 0.1 for LO-OOA. In addition, 

MO-OOA often shows greater CO  and CHO  intensities (Hu et al. 2020) owing to highly 

oxidised functional groups (e.g. aldehydes, carboxylic acids), beyond ratios and markers, bulk 

elemental ratios are also used to distinguish MO-OOA from LO-OOA. Along with C2H3O
+, an 

increase in carbonyls (aldehydes and ketones) fragments like C2H2O2
+, CHO+, CHO2

+ (Ŭ 

cleavage of carboxylic acids; Yazdani et al. 2022),  attributed to glyoxal and related fragments 

(carbonyl and carboxylic acid) also indicate in-cloud processing (Galloway et al. 2009; Chen 

et al. 2021b; Liang et al. 2023). On the other hand, C3HO2
+ at m/z 68.99 and C4H5O2

+ and at 

m/z 85.03 rather suggest aliphatic and aromatic diones fresh photooxidation  (Liang et al. 2023). 
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Beyond MSA and OOAs, distinct SOA signatures have also been identified for other marine 

biogenic sources including isoprene oxidation products, terpenes and halocarbons. Although 

biogenic aerosols (isoprene, terpenes) were reported over Ireland (This workËs area of interest) 

in CAMx modelling study (Jiang et al. 2019) with potential marine sources (Anttila et al. 2010), 

existing observational evidence for marine sources only suggest low mass concentrations over 

the Eastern North Atlantic (Kilgour et al. 2024a). HR-TOF-AMS studies so far have identified 

isoprene-epoxydiol-derived secondary organic aerosol (Robinson et al. 2011; Hu et al. 2016; 

Chen et al. 2020) and 1,2-ISOPOOH markers (Riva et al. 2016) while monoterpenes focused 

studies have identified markers for alpha-pinene- B-pinene and limonene (Hao et al. 2020; 

Takeuchi et al. 2024), yet a possible direct marine origin of these species over the North Atlantic 

remains unlikely. 

In the case of iodine, while chamber studies have reported successful measurements of I2+, I+, 

HI+, IO+, HIO+, IO2
+, HIO2+, HIO3+, IO5+, I2O

+, and I2O3
+ (Jimenez et al. 2003; Kessler et al. 

2011; RôMili et al. 2022), field studies have only reported I+ measurements in the Arctic (Allan 

et al. 2015; Willis et al. 2016) and IO3
+ at Mace Head so far (Huang et al. 2022a). 

Given that marine environments are sometimes perturbed by anthropogenic contributions, an 

overview is next provided of strictly anthropogenic sources like biomass burning organic 

aerosol (BBOA; Dunlea et al. 2008) which can impact Ireland through long-range transport 

(Lin et al. 2019) and more localised sources like peat burning aerosol (Lin et al. 2017). Peat-

OA are characterised by ion series of saturated hydrocarbons (CxH2y+1), unsaturated 

hydrocarbons (CxH2yī1), and cycloalkanes (CxH2y), by the dominance of C3H7
+ rather than 

C2H3O
+ at m/z 43, by the ratio between m/z 55.05 (C4H7

+) and m/z 57.07 (C4H9
+) which 

facilitates the distinction of peat emissions over wood or smoky coal emissions (Lin et al. 2017). 

Emissions from wood are referred to as biomass burning organic aerosol (BBOA) and generally 

identified with strong signals (Alfarra et al. 2007; Aiken et al. 2009; Adler et al. 2010) for 

cellulose pyrolysis (levoglucosan and other anhydrous sugars) m/z 60.02 (C2H4O2
+), m/z 73.02 

(C3H5O2
+) as well as and m/z 57.03 (C3H5O9+) and m/z 87.04 (C4H7O2

+) to a lesser extent 

(Ahern et al. 2019). However, BBOA undergoing long range transport can lose its levoglucosan 

(Huang et al. 2018a; Paglione et al. 2025) owing to both OH oxidations and photosensitization 

reactions (Liang et al. 2025). This can be confirmed with photochemical processing markers 

(Liang et al. 2023), long range persistence of organonitrates (Farmer et al. 2010) indicated by 

a good correlation with CHON (representative of cresols; Poulain et al. 2011), BBOA aging 

markers like COOH group covariance with CO2
+,  CO+, C2H3O

+, and CHO+ and the presence 
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of multiple oxygen ions only produced from wood burning like syringiol (C7H5O4+) at m/z 

153.02 or possibly C5H6
+ at 66.04 produced from burning phenols or C8H9O

+ and C7H5O2
+ at 

m/z 121 both related to lignin-like compounds (Yazdani et al. 2022b). Likewise, overall 

presence of oxygenated ions in aged BBOA (Paglione et al. 2025) is also to be expected (e.g., 

CH5O2
+, C3H7O2

+, C3H3O3
+, C5H5O2

+ and C5H6O2
+, at m/z 49.03, 75.04, 87.01, 97.03 and 

98.04) as phenols photolysis lead to the formation of more aliphatic and carboxylic functional 

groups. 

Lastly, additional anthropogenic sources have been identified with the HR-TOF-AMS including 

traffic hydrocarbon OA (Huang et al. 2010; Jeon et al. 2023) typically marked by high m/z 57, 

m/z 43 and m/z 71 fractions (Tian et al. 2025) or other fuel-specific hydrocarbon OA (Mohr et 

al. 2009a; Allan et al. 2010), shipping emissions (Schulze et al. 2018; Loh et al. 2025; Gunti et 

al. 2025a) along with more specific ambient sources markers like brown carbon (C6H5NO4
+ at 

m/z 155.02; Zhong et al. 2025), nanoplastics (e.g. m/z 149 and 166; Tawadrous et al. 2025), 

polyaromatic hydrocarbons (Cash et al. 2021; Edwards et al. 2024), guaiacol (Jiang et al. 

2024a) and more still to be further investigated. Further methodological improvements in fitting 

higher m/z ions (m/z>130) are expected to further facilitate compound identification (Zhang et 

al. 2024c; Mickwitz et al. 2025). 

Whether all these sources mass spectra and tracers remain fully interpretable with the recently 

developed capture vaporizer (CV) remains an open question (Hu et al. 2017, 2018b; Joo et al. 

2021). While the need for fragmentation table updates (Xu et al. 2017a; MŁrmureanu et al. 

2025; Nursanto et al. 2025a) and interferences quantification (Sutresna et al. 2024) render 

accurate mass spectra unit mass challenging, high-resolution data (unbound from fragmentation 

table needs) are ideally suited to investigate m/z differences between capture and standard 

vaporiser measured sources. 

1.4  Ocean-Atmosphere Interactions  

The marine environment plays a central role in climate regulation as pristine oceans influence 

global cloud condensation nuclei (Choudhury et al., 2025) through ocean biology, sea spray 

physicochemical properties and secondary reactions (Cochran et al. 2017; Bazantay et al. 

2024). Aerosols in the atmospheric marine boundary layer (MBL) overall remain a significant 

source of uncertainty in radiative forcing estimates (Rosenfeld et al. 2019; Wang et al. 2020; 

Gryspeerdt et al. 2023) primarily due to limited knowledge about aerosol mass, chemical 

composition, and particle number distributions (Carslaw et al. 2017). Clouds and aerosol 
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interactions have been consistently identified as the largest uncertainty source on Earthôs 

radiative balance modelling through aerosol combined direct and indirect effects on climate 

(Barth et al., 2021; Sanchez et al., 2017; Shrivastava et al., 2017). Direct effects refer to 

impacts on climate radiative balance by scattering and absorbing solar radiation (Kleefeld 

2002; Quinn and Bates 2014). Indirect effects on the other hand consist in ambient increased 

aerosol numbers influencing cloud properties (Hegg 1999; Nenes et al. 2002) as well as cloud 

lifetime and precipitation formation (Albrecht 1989). These radiative forcing uncertainties are 

mostly dominated by low-level marine clouds (Rosenfeld et al. 2019; Cao et al. 2025; 

Choudhury et al. 2025) with satellite retrieval errors ranging from -0.2 to -1.16 W.m-2 

differing much from modelled values of -0.3 to -1.8 W.m-2 (Jia et al. 2021; Arola et al. 2022; 

Virtanen et al. 2025) with the last IPCC report agreeing on ī0.7 Ñ 0.5 W. m-2 

(Intergovernmental Panel On Climate Change (Ipcc) 2023). These estimates contrast with the 

more well-established CO2 radiative forcing estimate of 1.83Ñ0.18 Wm
-2 (Etminan et al. 

2016; Regayre et al. 2020). 

Along with this, the origin of marine organic aerosols, specifically whether formed by primary 

or secondary processes, requires further investigation as the respective impacts from primary 

sea spray (Ovadnevaite et al. 2011a; Fossum et al. 2018; Xu et al. 2021) and secondary aerosols 

(Quinn et al. 2017; Mayer et al. 2020) on clouds formation or atmosphere optical properties 

(Bian et al. 2019; Kahnert and KanngieÇer 2023; Li et al. 2023) in pristine environments are 

still being debated. 

PMOA is produced by breaking waves  as trillions of bubbles containing biogenic sea spray 

burst at the oceanËs surface every second (OôDowd et al. 2004; Ovadnevaite et al. 2014b; 

Villermaux et al. 2022a). Conversely, jet drops, spume breaks and rain-drops impacting on the 

oceansË surface mostly contribute to supermicron seasalt rather than PMOA (Monahan et al. 

1983; Leck et al. 2002; Okachi et al. 2020). 

As a result of measurements and modelling propagating uncertainties, global PMOA fluxes are 

not yet fully resolved with estimates ranging from 9 to 29 Tg-year-1 (Burrows et al. 2022a; 

Leon-Marcos et al. 2024) while global PMOA contribution to indirect RF remains highly 

uncertain in both magnitude and spatial variability (Partanen et al. 2014; Burrows et al. 2022a). 

In contrast, total sea spray aerosol emissions, dominated by sea salt, are much larger (å2,000-

10,000 Tg yr ĭ). Despite their far smaller mass, marine organic aerosol are known to exert a 

disproportionate influence on  cloud-forming properties of marine aerosol driven by 

amphiphilic biopolymers that suppress droplet surface tension and facilitate water uptake 
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during activation across successive phytoplankton blooms stages (Ovadnevaite et al. 2011a; 

Kawana et al. 2022; Kaluarachchi et al. 2022).  

Conversely, MSA-OA are mostly formed through condensation and heterogeneous reactions 

following dimethyl sulphide oxidation (Mansour et al. 2024), largely dominating the global 

biogenic sulphur budget and accounting for up to ~80 % of natural sulphur emissions over 

oceans (Jackson and Gabric 2022). Globally, MSA-OA burden estimates range from 7.5 Gg S 

yr-1  (Fung et al. 2021) to 40 Gg S yr-1  (Cala et al. 2023) and even to ~1.1 TgCyear-1 (Kilgour 

et al. 2024b), increasing DMS derived aerosol loading, with global climate models estimating 

corresponding radiative cooling effect ranging from -1.69 W m-2 to -2.3 W m-2 (Fiddes et al. 

2018).  

Although links between phytoplankton communities and marine aerosol have been 

demonstrated across multiple studies (Schwier et al. 2017a; Freney et al. 2020; Trueblood et al. 

2021), the coupling remains uncertain  as substantial variations in ocean physics (i.e. mesoscale 

eddies; Becker et al., 2025) and geochemical variations in epipelagic organics (Seidel et al. 

2022; Lawler et al. 2024; Lowenstein et al. 2025) exist across seasons, years and oceanic 

regions. 

At basin scales, these heterogeneities are commonly described using the ñLonghurstò 

biogeochemical provinces, which partition the ocean into regions defined by temperature, 

turbulence, salinity, nutrient supply, light availability and ecosystem structure (Longhurst 2010) 

shown on Figure 1.4.1. These ecosystem contrasts imply large variability in the composition 

of the oceanic organic pool transferred to the atmosphere via sea spray.  While still widely used 

in oceanography, this framework is intrinsically static and should be used with caution to 

capture biodiversity dynamics (Hofmann Elizondo et al. 2021; Jºnsson et al. 2023; Gray et al. 

2025).  

Consequently, the impact of these ecosystem contrasts on aerosol production remains poorly 

constrained because of complex formation mechanisms and limited ecosystem-level 

understanding (Sellegri et al. 2021; Seidel et al. 2022; Selden et al. 2024). For example, 

phytoplankton bloom decline is shaped by a suite of biological interactions (Lima-Mendez et 

al. 2015) that remain completely absent from current sea-spray source frameworks. 
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Figure 1.4.1. Biogeochemical provinces (Longhurst 2010) adapted from marineregions.com. 

BPLR: Boreal Polar, NADR: North Atlantic Drift, GFST: Gulf Stream, ARCT: Atlantic Arctic, 

SARC: Atlantic Subarctic, NASW: Northwest Atlantic subtropical gyre, NASE: Northeast 

Atlantic subtropical gyre, NECS: Northeast Atlantic shelf, NWCS: Northwest Atlantic shelf. 

In addition, the specifics of how phytoplankton control OA chemical composition (Facchini et 

al. 2008b; OôDowd et al. 2015; Behrenfeld et al. 2019), particle number flux (Sellegri et al. 

2023b; Markuszewski et al. 2024), size (OôDowd et al. 2004; Saliba et al. 2019; Croft et al. 

2021a), lifespan and surface tension (Ovadnevaite et al. 2017a; Lee et al. 2020a; Sellegri et 

al. 2021) are all the focus of intense ongoing investigations. 

In a warming world, following a high-emissions scenario (RCP8.5) trajectory, climate change 

is projected to drastically alter the geographic and seasonal variability of phytoplankton 

blooms in the N.E Atlantic (Asch et al. 2019). Furthermore, long term trends already show 

that the N.E Atlantic has experienced major changes in phytoplankton functional diversity 

over the last 60 years (i.e. -5% dinoflagellates decade-1 vs +0.1% diatoms decade-1 with 

notable N.E Atlantic increase of Thalassiosira spp., Rhizosolenia imbricata and Pseudo-

nitzschia seriata; Edwards et al. 2022) due to various rapid environmental transformations 

attributable to Climate change (Bedford et al. 2020; Holland et al. 2023; Mutshinda et al. 

2024) such as phytoplankton phenology and bloom timing (Zhao et al. 2022a; Friedland et al. 

2024; Kelly et al. 2025a) or Redfield ratios shifts (the near-constant proportions of carbon, 

nitrogen, and phosphorus found in marine phytoplankton; Liu et al. 2025). 

The North Atlantic indeed hosts one of the most pronounced seasonal phytoplankton blooms 

across  global oceans (Mignot et al. 2018; Behrenfeld et al. 2019; Aardema et al. 2024) with 

strong interannual variability in both timing and intensity (Henson et al. 2009). This variability 

is also reflected in aerosol seasonality, with wide variability in volatile organic compounds 

https://www.marineregions.org/gazetteer.php?p=details&id=22538
https://www.marineregions.org/gazetteer.php?p=details&id=22538
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(Davie-Martin et al. 2020), submicron aerosol chemical composition (Ovadnevaite et al. 2014a; 

Huang et al. 2017; Saliba et al. 2020), total particles count (Yoon et al. 2007; Kirschler et al. 

2022) and aerosol size distribution, not only seen in field measurements (DallôOsto et al. 2019; 

Croft et al. 2021a; Jang et al. 2024) but also captured in global models (Leinonen et al. 2022). 

Taken together, these considerations motivate a shift toward more explicit treatment of the 

biological pathways linking marine ecosystem dynamics to aerosol formation as environmental 

stressors will result in significant non-linear effects and tipping points (Ban et al. 2022; Wolf et 

al. 2024).  

The role of phytoplankton in shaping Earth's atmosphere dates back to the Paleoproterozoic 

Great Oxygenation Event, when cyanobacteria slowly started transforming Earth's early 

environment (Steadman et al. 2020). This process accelerated following the late Snowball Earth 

period, which fostered the expansion of marine eukaryotes and prokaryotes (Tziperman et al. 

2011; Zhang et al. 2021c), setting the stage for the evolution of increasingly complex and 

diverse phytoplankton species  (Strother 2008; Collins et al. 2014; Rengefors et al. 2017). This 

legacy now persists as our PlanetËs Oceans contain about 314-343 million tons of phytoplankton 

(Stoer and Fennel 2024) amounting for 40-50% of photosynthetic organisms global biomass 

production (Falkowski et al. 1998; Brooks and Thornton 2018). This equates to a carbon pool 

of 662 Pg (roughly the order of the current amount of Atmospheric CO2) central to EarthËs past 

and future climate changes (Seidel et al. 2022). 

How and when marine organic matter is transferred from the ocean to the atmosphere remains 

poorly constrained, in part because the vast majority of surface-ocean organic carbon is 

molecularly and structurally unresolved. High-resolution analyses show that marine dissolved 

organic matter shares thousands of molecular formulae across basins yet differs markedly in 

structural composition as a function of water mass history, microbial reworking and 

photochemical processing (Seidel et al. 2022) implying that bulk organics concentration is a 

weak predictor of interfacial behaviour. Only a selective subset of this pool enriched in surface-

active, amphiphilic and biologically processed compounds is efficiently scavenged by rising 

bubbles and injected into nascent sea spray aerosol (Ovadnevaite et al. 2017a; Sellegri et al. 

2021). As a result, sea spray organic emissions are episodic and strongly conditioned by 

ecosystem state and air-sea forcing rather than by total organic carbon alone, while their 

climatic relevance arises primarily through modulation of particle number and cloud activation 

efficiency rather than aerosol mass. Despite growing observational constraints, a coherent, 
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process-based framework linking marine organic matter transformation, interfacial selection 

and radiative effects hast thus yet to emerge.  

This is further complicated by global warming ongoing effects (e.g. heatwaves and ice melting; 

Arteaga and Rousseaux 2023; Wolf et al. 2024; Liu et al. 2025) which alter ecosystem 

functioning through a sequence of specific biological responses.ШTemperature-driven 

phenological shifts modify the timing and duration of phytoplankton blooms, changing the 

synchrony between production, grazing and export (Glibert 2016). Temperature change and 

stratification also further reorganise microbial carbon processing by shifting the balance 

between dissolved and particulate organic matter production (Lßnborg et al. 2018). 

Concurrently, altered nutrient competition and uptake timing impose strong controls on 

community composition and metabolic state, decoupling ecosystem function from traditional 

productivity proxies.  

These interacting processes operate within aquatic ecosystems that remain incompletely 

constrained mechanistically, strongly limiting our ability to predict their emergent 

biogeochemical and climate feedbacks (Selden et al. 2024). For example, the role of neuston 

(sea surface) commensals diversity (Sunagawa et al. 2020) and biomass repartition (Bar-On 

and Milo 2019) on phytoplankton bloom-to-demise cycle to sea spray production remains 

largely overlooked. Viral lysis (Sharoni et al. 2015; OôDowd et al. 2015; Horas et al. 2018), 

along with bloom stages specific bacteria taxon (Pontiller et al. 2022; Santander et al. 2023) 

and related algicidal compounds (Umetsu et al. 2019; Lang-Yona et al. 2024) have been 

increasingly recognised as bloom demise modulators. In contrast, grazing (Dacey and Wakeham 

1986; Lee et al. 2003) from protists (e.g. foraminiferans, radiolarians, ciliates, stramenopiles, 

alveolates, amoebozoa; Lima-Mendez et al. 2015; Kazamia et al. 2016; Engel et al. 2017), 

mesozooplankton (e.g copepods, krill, cladocerans, larvaceansé), macrozooplankton (e.g 

salps, pteropods, doliolidsé) or other eukaryotes and zooplankton (Arnoldt et al., 2024; Lee et 

al., 2003; Shemi et al., 2021) contribute to more selective bloom decline (Van Wambeke 1994; 

Zheng et al. 2022). For example in the Southern Ocean, cryptophytes mortality is primarily 

driven by viral lysis, while small diatoms are predominantly consumed by grazers (Biggs et al. 

2021).  

Overall, the interactome driving these processes still remain poorly resolved (Lima-Mendez et 

al. 2015; Kaneko et al. 2023; Angulo-C§novas et al. 2024). Other potentially influential sea 

spray contributors include marine fungi (Amend et al. 2019; Ilicic and Grossart 2022; Peng et 

al. 2024), amounting to 0.32 Gt in the open ocean (Breyer et al. 2025), some of which acting 
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as phytoplankton parasites (Li et al. 2016; Klawonn et al. 2021), as well as archaea (Louca et 

al. 2019; Zhang et al. 2023; Becker et al. 2025), enzymes (Malfatti et al. 2019a; Hutchins and 

Sa¶udo-Wilhelmy 2022) and macroalgae (Karlusich et al. 2020). 

Compounding this complexity is the global escalation of wildfires, now over 25% more 

frequent and prolonged than four decades ago  (Jones et al. 2022), with emerging hotspots in 

regions such as the Arctic, Ireland, and the UK (Hawthorne and Mitchell 2018; McCarty et al. 

2021; Little et al. 2025), which, through enhanced long-range nutrient ocean deposition, is 

reshaping marine biogeochemical dynamics (Tang et al. 2021; Ardyna et al. 2022; Baetge et al. 

2025), with models projecting a pronounced 40% wildfires-related increase in summertime 

phytoplankton productivity over the North Atlantic by 2100 (Bergas-Masso et al. 2025). 

Similarly, mineral dust deposition (Rahav et al. 2020; Gonz§lez Olalla et al. 2024). shipping 

nitrogen emissions (Zhang et al. 2021b), hydrothermal activity (Bras et al. 2025), river 

discharge (Liu and De Swart 2015), ice melting (Castagno et al. 2023) and zoogenic nutrients 

feedback (Alba-Gonz§lez et al. 2022; Monreal et al. 2025) have also been shown to interact 

with phytoplankton primary production. Other overlooked research on phytoplankton-sea spray 

links include the pervading influence of marine plastics on phytoplankton trophic chains 

(Ferrero et al. 2022; Xianbiao et al. 2023; Shaw et al. 2023), as well as teleconnections 

emerging roles like lunar cycles driving diurnal surface ocean lipid profiles (Hwang et al. 2025) 

or synoptic-scale Climatology (Le et al. 2022; Liu et al. 2024d).  

Another key open question, is how much of sea spray can exactly be traced back to recent 

phytoplankton blooms (OôDowd et al. 2015; Gu et al. 2023) as opposed to ancient fluxes. These 

ancient sources (up to several thousands of  years old) include dissolved organic matter (DOM; 

Beaupr® et al., 2019; Hansell and Orellana, 2021) and particulate organic carbon (POC) from 

glacial melt, estuarine runoff (Park et al. 2022a; Brºder et al. 2022; Pardo et al. 2023) or abyssal 

humic-like compounds  related to sediments resuspension or past marine productivity (Burrows 

et al. 2014; Sun et al. 2024; Jiang et al. 2024c).ШFresh phytoplankton blooms (less than a days 

max production lag at best) have been reported to account for over two-thirds of global PMOA 

and up to ~80% in the Arctic (Beaupr® et al. 2019; Gu et al. 2023), while the majority (80 %) 

of fine carbonaceous particles in the clean N.E Atlantic marine atmosphere at Mace Head  has 

been shown to directly originate from non-anthropogenic sources as reported with dual carbon 

isotopes analysis (Ceburnis et al. 2011). In addition, Ŕn surface waters sampled in the Indian 

Ocean, ancient POC constitutes only about 6-12% of the total pool, whereas at depths exceeding 

1,000 meters, its proportion rises sharply to 44-52% (Kang et al. 2024). Typically, sea spray 
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links with biological activity are confirmed with lags analysis ranging from 2 to 24 days 

(Rinaldi et al. 2013; OôDowd et al. 2015; Mansour et al. 2020) which approximately 

encompasses the entire progression of the algal bloom, from its onset through to decline 

(Lehahn et al. 2014).  

While isotope analysis remains a benchmark for phytoplankton-aerosols coupling, this method 

provides limited temporal resolution and cannot resolve specific phytoplankton sources. Hence, 

to advance understanding of phytoplankton-aerosol coupling, there is a need to develop a more 

integrative framework based on online measurements (Crocker et al. 2020). 

Indeed, it is generally thought that the surface ocean mostly contains fresh labile organics 

(Hansell 2013) enriched in cell debris, exudates and colloidal materials (i.e. POC) with greater 

proclivity for sea spray transfer than DOM (Facchini et al. 2008b; Fuentes et al. 2010a) and 

recalcitrant DOM  (Kieber et al. 2016; Rastelli et al. 2017; BarthelmeÇ et al. 2021). However, 

recent evidence indicates that DOM labile and proteinaceous fractions still play an active role 

in sea spray formation by altering surface tension, enriching submicron aerosol up to 30-fold 

during phytoplankton blooms (Hu et al. 2025a). In addition, DOM (whether recalcitrant or not) 

can still be processed by phytoplankton (Bigalke et al. 2019), microorganisms, sea surface 

photochemical reactions,  and other abiotic processes and eventually contribute to fresh sea 

spray indirectly (Hach et al. 2020; Dittmar et al. 2021; Cai et al. 2025). It is also unclear to 

what extent DOM exists as truly dissolved molecules versus being present as POC (Lßnborg et 

al. 2020) as DOM is loosely defined as the portion of organic matter that passes through a 0.7 

Õm filter which can still leave out solutes, colloids, and small cellular fragments (Hendrickson 

et al. 2021a). In other words, while fresh, biologically derived surface ocean organics underpins 

the sea spray production, a question remains; How does this organic pool partitions between 

particulate and dissolved phases? 

This prevalence of surface ocean effects is also generally confirmed by submicron sea spray 

organics/sea salt ratios being several orders of magnitude higher in aerosol than in bulk seawater  

(Quinn et al. 2015; Hendrickson et al. 2021). This degree of enrichment depends on whether 

the seawater is sampled from the bulk epipelagic zone or from the sea surface microlayer 

(SML). The SML was once thought to be limited to calm stratified waters conditions, but recent 

research has now suggested that this interfacial layer might cover the ocean's surface to a 

significant extent across different regions including subtropical, temperate, and polar waters, 

even persisting at wind speeds over 10 m s ĭ  (Wurl et al. 2017; Sabbaghzadeh et al. 2017a; 

Ribas-Ribas et al. 2017). Although the SML as a physical layer might persist at high wind 
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speeds, its biological and chemical enrichment is reportedly more fragile. Bacterial enrichment 

is disrupted above relatively low thresholds, with losses occurring at Ò5.6 m s ĭ in wind-wave 

tunnel experiments and Ò4.1 m s ĭ in Baltic Sea field studies (Rahlff et al. 2017; Sun et al. 

2018). Similarly, transparent exopolymer particles (TEP) begin to deplete at wind speeds of 

around 5 m s ĭ (Engel and Galgani 2016) while macromolecular gels are disrupted above 8 m 

s ĭ, showing reduced abundance and size in controlled wave tank experiments (Sun et al. 2018). 

While SML enrichment is a result of diffusion, turbulent mixing, scavenging, and transport of 

surfactants by ascending air bubbles (Modini et al. 2010), submicron aerosol enrichment may 

also result from bubble film bursting (Chingin et al. 2018; Jayarathne et al. 2023) or from the 

selective transfer of already enriched material from the SML (Van Pinxteren et al. 2017, 2023; 

Villermaux et al. 2022b). In either case, the evidence highlights the central role of sea surface 

processes in shaping the composition of submicron marine aerosol as also further evidenced by 

links between phytoplankton senescence pigments and sea spray organics enrichment 

(Miyazaki et al. 2020). 

CO2 fluxes scaling studies also indicate that recent surface biological activity plays a key role 

in shaping air-sea exchanges (Robache and Schmitt 2025) while microscopy studies have 

shown the presence of aerosolised marine biological material in submicron sea spray ranging 

from bacteria, viruses to phytoplankton, enzymes, and more (Patterson et al. 2016; Malfatti et 

al. 2019b; Alsante et al. 2021). 

Overall Oceans are the largest natural aerosol source globally (Andreae and Rosenfeld 2008; 

Richter and Veron 2016) with sea salt aerosol contributing up to 44% of the global aerosol 

optical depth thus significantly impacting climate by scattering light (negative radiative forcing 

of -0.3 to -1.34 W.m-2 at the top of the atmosphere; Ma et al., 2008) as well as cloud properties 

(2.9 Ñ0.3Wm-2; Paulot et al., 2020) depending on Ocean geographic areas (Mulcahy et al. 

2020). 

Yet, we donËt know how oceans contribute to clouds formation exactly, recent studies showed 

changes in the chemical properties of sea spray aerosol (phase-state and solubility) during 

phytoplankton bloom transitions (between pre-bloom, bloom, and post-bloom periods) 

suggesting a clear response of clouds condensation nuclei (CCN) activity to biological 

activity (Schwier et al. 2015a; Burrows et al. 2022a; Kaluarachchi et al. 2022). Whereas in 

other studies, an increase in organic aerosols due to increased biological activity did not 

necessarily lead to an increase in CCN activity (Collins et al. 2016, p. 201; Bates et al. 2020), 

even decreased hygroscopicity/ CCN activity (Fuentes et al. 2011; Diaz et al. 2023) or the 
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contributions of these parameters to CCN were rather limited (Quinn et al. 2017; Burrows et 

al. 2022b; Kawana et al. 2022).  

A key explanation (beyond mixing state, coating effects and surface tension) underlying the 

divergent biology-CCN relations in the literature may be that hydroxyl (e.g alcohols), 

carboxyl (e.g. fatty acids), aldehyde, hydroperoxide, carbonyl, and ether functional groups 

tend to enhance CCN activity (with cyclic structure carboxylic, hydroxyl and carbonyl groups 

in particular possibly being the most CCN active), whereas methylene and nitrate groups tend 

to suppress it (Petters et al. 2016; Xiong et al. 2022; Siachouli et al. 2025).  

Phytoplankton species and environmental conditions indeed lead to different aerosol 

functional groups prevalence (i.e.; aliphatic, ester-containing lipids, carboxylic acids, 

sulphatesé) as exemplified during a diatoms dominated bloom (Guignardia delicatula) 

which resulted in a notably increased carboxyl groups presence (Radoman et al. 2022) or withШ

lipidomic surveys of 3164 lipids from 930 marine phytoplankton samples revealing 16 sea 

surface temperature dependent lipids ratios clusters (Liu et al. 2025c). 

In addition, bacteria, enzymatic activity, viruses infections (e.g. marked by organohalogen 

metabolites; Kuhlisch et al. 2024), grazing and related responses (Selander et al. 2019), algal 

mixotrophy (e.g dinoflagellates, chlorophytes or cryptophytes grazing on bacteria; Kazamia et 

al. 2016; Yoo et al. 2017; Bock et al. 2021), nutrients availability (Sharoni et al. 2015; Wang 

et al. 2015b; Leles et al. 2018), allelopathy (Brown et al. 2019), mutualism (Deng et al. 2022; 

Carrasco Flores et al. 2024), phytoplankton phenology variability (Nicholson et al. 2025), 

chemotaxis (Clerc et al. 2023) and other ecosystem-wide interactions actively give rise to 

nonlinear and sometimes bidirectional couplings between marine ecosystem dynamics and 

aerosol formation. 

Sea spray organics also are an important global source of ice nucleating particles (INP), 

although sea spray organics nucleates 3-4 orders of magnitude fewer ice crystals than mineral 

dust, they still amount for ~17-36% of total INP over the Atlantic (Chatziparaschos et al. 2025) 

and drive droplet freezing in ~50 % of mixed-phase cases (Huang et al. 2018b) as often seen in 

remote regions with low-altitude clouds (McCluskey et al. 2019). These low-altitude clouds, 

which blanket ~50% of the global ocean surface, play a key role in Earthôs radiative balance, 

although record-low coverage of such clouds over the North Atlantic raise the possibility of a 

decline in clouds formation precursors including biogenic sources (Novak et al. 2021; 

Goessling et al. 2024). 
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The formation of marine origin INP broadly depends on phytoplankton functional groups 

(Wilson et al. 2015; Creamean et al. 2019; Hill et al. 2023). Direct associations have been found 

so far with cyanobacteria (Hill et al. 2023; Thornton et al. 2023b), diatoms (Ickes et al. 2020; 

Eickhoff et al. 2023; Thornton et al. 2023b), coccolithophores (Alsante et al. 2025), 

dinoflagellates (Wieber et al. 2025), Prochlorococcus (Wolf et al. 2019) and other prokaryotes 

(Creamean et al. 2021; DallôOsto et al. 2022), chlorophytes (Thornton et al. 2023a) and 

cryptophytes (Trueblood et al. 2021) but phytoplankton studies are still scarce as some groups 

remain understudied (e.g., pelagophytes; Moallemi et al. 2021). 

This phytoplankton-aerosol variability is thus particularly noteworthy as phytoplankton blooms 

result in the formation of a broad variety of aerosol chemical compounds, still there is no clear 

consensus on this topic as findings (Sabbaghzadeh et al. 2017b; Bates et al. 2020; Lawler et al. 

2024) upport that OA aerosol are minimally impacted by phytoplankton blooms with biological 

activity (indicated by chl-Ŭ levels) even contributing to reduced aerosol number flux 

(Markuszewski et al. 2024) possibly owing to changes in surface tension affecting bubbles 

properties such as film thickness and lifespan (Sellegri et al. 2021; Flores et al. 2025). On the 

other hand, many studies (Keene et al. 2007; Facchini et al. 2008a; Ovadnevaite et al. 2011c) 

or more recently (Christiansen et al. 2019; Mansour et al. 2023; Sellegri et al. 2023a) report 

that phytoplankton blooms surfactants and microbial activity clearly increase sea spray 

emissions depending on parameters such as wind speed (Ovadnevaite et al. 2014; Sanchez et 

al. 2021; Nilsson et al. 2021) or sea surface temperature (SST) through  bubble coalescence 

changes (Christiansen et al. 2019; Sellegri et al. 2023a; Markuszewski et al. 2024). In addition, 

microbial processes may also drive a diurnal modulation of bubble-bursting dynamics (Flores 

et al. 2021). 

Given that nascent sea spray organic composition is largely influenced by phytoplankton 

functional types (Cochran et al. 2017; Bertram et al. 2018) and phytoplankton diversity, their 

potential role is discussed below. 

Diatoms contribute to around 20-40% of the marine productivity, 20% of global carbon fixation 

and around 20% of the Oxygen we breathe (Leblanc et al. 2012; Malviya et al. 2016; Miranda-

Arizmendi et al. 2024) with major species (Skeletonema, Cylindrotheca and Cyclotella) 

contributing to as much as 63.8% of global marine surface dissolved organic matter (Lu et al. 

2025b). Up to now, the mid Atlantic (Newfoundland basin and west European basin) has mostly 

been dominated by Nitzschia sp  spring blooms (Edwards et al. 2022) while more polar regions 

show increased abundance of Chateoceros, Thalassiosira, Actinocylus and Fragilariopsis  



  

26 
 

instead (Pierella Karlusich et al. 2025). Overall diatoms are abundant in nutrient rich coastal 

waters and also thrive (although as distinct communities) in oligotrophic upwelling areas 

(Pautova et al. 2023; Setta et al. 2023). Whether strong species diversity changes are happening 

with expected Atlantification of polar regions, sea ice melt and subpolar gyre weakening 

remains actively debated. As such, shifts in atmospheric observations may serve as early-

warning signals of ecological tipping points (Oldenburg et al. 2024; Giesler et al. 2025; Kelly 

et al. 2025b).  

Diatoms are notably responsible for the emission of labile organic carbon (Hansell et al. 2024) 

as surface-active sea spray organics which include long-chain fatty acids (Russo et al. 2020; 

Rogers et al. 2020; Orellana et al. 2021). These compounds are produced as a stress response 

to open ocean silicium starvation, viral lysis, grazing, lack of light, sea surface temperature or 

ocean acidity (Halsey and Giovannoni 2023; Kumar et al. 2024) with varying lipids makeup 

depending on bloom stages and diatoms species (Andrianasolo et al. 2008; Yi et al. 2017; 

Murison et al. 2025). Along with this, diatom-emitted organics also contain a wide range of 

different polysaccharides (Miranda-Arizmendi et al. 2024) such as laminarin which reduces 

surfactant effects (Becker et al. 2020; Bramblett and Frossard 2022).  

In addition, diatoms are also a strong source of organosulphurs (Cigleneļki et al. 2018; Huang 

et al. 2021a). Diatoms have traditionally been considered dimethylsulphoniopropionate 

(DMSP)-poor compared to haptophytes (Saltzman and Cooper 1989; Lizotte et al. 2020), 

indeed while haptophytes typically outproduce diatoms in DMSP synthesis, the difference is 

moderate as diatoms have intracellular DMSP levels ranging from 0.0006 to 0.257 pmol/cell, 

while haptophytes contain from 0.00037 to 0.148 pmol DMSP/cell, with some diatoms (e.g., 

Skeletonema sp., Seminavis robusta, Attheya sp. and Pseudo-nitzschia fradulenta) actually 

exceeding the DMSP emissions of some haptophytes (Bullock et al. 2017a; Shemi et al. 2023).  

Nitrogen deprivation, more than any other nutrient starvation scenario, leads to enhanced 

DMSP production per cell in diatoms (Herr et al. 2018), while under nitrogen-replete 

conditions, amino acids tend to replace DMSP in diatoms (Bertrand and Allen 2012). Despite 

overall lower cellular DMSP content, diatoms can dominate DMSP production in marine 

systems through their much larger biomass. This is particularly relevant in polar oceans, which 

are hotspots of DMS emission where diatoms often dominate (Dani and Loreto 2017; Jang et 

al. 2019a; Gros et al. 2023) and might even become more prevalent in the future as the Subarctic 

Atlantic experience nutrients decline (Whitt and Jansen 2020). In addition to DMS, other 

organosulphates are also produced during diatom bloom (Durham et al. 2015; Chen et al. 2022; 
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Olofsson et al. 2025) but remain understudies comparatively to DMS (Tang 2020; Heal et al. 

2021). 

Haptophytes (including coccolithophores such as Emiliania huxleyi, and prymnesiophytes such 

as Phaeocystis) are mostly found in cold waters (Guerreiro et al. 2023). Haptophytes are 

generally categorised into two groups: placolith-bearing cells, such as E. huxleyi, which are 

typically found in shelf areas or mid-ocean upwelling zones; and umbelliform cells, such as 

Umbellosphaera tenuis, which are more common in oligotrophic, i.e., nutrient-poor waters 

(Balch et al. 2019). Phaeocystis spp. Are a particularly significant DMS source, especially 

dominant in the West Greenland current (Lizotte et al. 2020) with DMS emissions several times 

those of diatoms (Jang et al. 2019b). In summer, haptophytes can amount for more than 45% to 

90% of the North Atlantic total chlorophyll a biomass (Lemaitre et al. 2018; Guinaldo and 

Neukermans 2025), depending on bloom viral infection dynamics (OôDowd et al. 2015; Rastelli 

et al. 2017; Trainic et al. 2018). Beyond DMS and related sulphonates emitted during lysis 

(Bratbak et al. 1993; Jacobsen et al. 1996; Durham et al. 2019), haptophytes are also strong 

aliphatic and alcohol emitters, especially during viral lysis or under nitrogen starvation (Fulton 

et al. 2014; Rosenwasser et al. 2014; Malitsky et al. 2016), with lipids shifting to odd-chain 

fatty acids during viral lysis (Schleyer et al. 2019). 

While diatoms thrive in turbulent, weakly stratified waters with high nutrient availability, 

dinoflagellates, a class of flagellated protists representing one of the most abundant groups of 

eukaryotic phytoplankton (Ye and McFarland 2024). These dinoflagellates tend to rather 

dominate under more calm, stratified conditions (Lotze et al. 2022) with reduced nutrient 

concentrations (Barcelos E Ramos et al. 2017; Kl®parski et al. 2023) 

Dinoflagellates are more abundant in warmer waters than diatoms (Mutshinda et al. 2024) and 

usually reach their maximum bloom development in June-July in the Greenland Sea (Becagli 

et al. 2016), and spring in the North Atlantic open ocean  (Sundby et al. 2016), similar to 

diatoms. Like coccolithophores, dinoflagellates are also intense DMS emitters (Caruana and 

Malin 2014), particularly after grazing events (Dacey and Wakeham 1986), however only ~20 

dinoflagellates species are known to emit DMS (Shemi et al. 2023). Several dinoflagellate taxa 

also release mucilage and other polymer-rich exudates, whose secretions and cyst-associated 

mucus layers measurably elevate seawater viscosity (Seuront et al. 2010), eventually leading to 

marine organic aerosol formation. 
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Chlorophytes contribute approximately 20% of the annual total primary production in the ocean 

(equivalent to about 7 PgCĿy ĭ), placing them on par with coccolithophores and behind diatoms 

(Dokulil and Qian 2021). Marine planktonic chlorophytes also thrive in oligotrophic conditions 

and reach their maximum in the Mid Atlantic around spring, and during winter in subpolar 

waters (Baer et al. 2017; Bola¶os et al. 2020).  Such chlorophytes are strong emitters of 

aliphatic and alcohols (e.g., glyceroglycolipids, phospholipids, triacylglycerols, etc.) and are 

uniquely abundant in the North Atlantic, with prasinophytes in particular playing a substantial 

role in carbon cycle (Duhamel et al. 2019a)  despite their relatively low abundance. 

Prokaryotes include species like Prochlorococcus, Synechococcus and Trichodesmium. While 

prokaryotes are readily abundant in oligotrophic gyres (Pabortsava et al. 2017; Hansell et al. 

2024), Prochlorococcus  distinguishes itself by dominating water masses with low nitrate levels 

(Barlow et al. 2023) and has recently started expanding polewards (Ward 2015). Similar to 

other phytoplankton, prokaryotes are also aliphatic emitters (Moore et al. 2011; Biller et al. 

2015), with possibly stress-enhanced emissions during bloom demise, whether through viral 

lysis or following grazing activity (Sellegri et al. 2023a) but are generally thought to weakly 

contribute to DMS fluxes as they lack sufficient DMSP cleavage enzymes activity (Yoch 2002; 

Lizotte et al. 2020). 

Pelagophytes (Pelagophyceae) are golden-brown algae picophytoplankton. Four of these are 

known to form harmful algal blooms, with two coastal species (Aureococcus anophagefferens 

and Aureoumbra lagunensis) and two open ocean species (Pelagococcus subviridis and 

Pelagomonas calceolata) found in North Atlantic and Arctic waters (Kang et al. 2021; Freyria 

et al. 2022). Their exact contribution to sea spray organics is still understudied despite 

encouraging correlations in one field study (Moallemi et al. 2021b). Likewise, the role of 

cryptophytes (cryptomonads) in sea spray production is currently unknown as correlations with 

sea spray remain ambiguous (Schwier et al. 2017a; Freney et al. 2020). 

Overall phytoplankton extracellular metabolites in sea spray predominantly include aliphatic 

(fatty acids and polar lipids), carbohydrates (e.g aldehydes and saccharides) proteinogenic 

compounds and organics acids (Kim et al. 2023; Leon-Marcos et al. 2024) although exact 

relative functional groups contributions are still being investigated (Cochran et al. 2017; 

Bertram et al. 2018) with phytoplankton volatile organic compounds reviews even highlighting 

broad chemical landscapes including aromatic compounds, furans, carbonyls and more (Halsey 

et al. 2017; Rocco et al. 2021; Zhao et al. 2023a).  

https://www.semanticscholar.org/p/267067074
https://www.semanticscholar.org/p/267067074


  

29 
 

Finally, beyond climate impacts, sea spray is also studied for its role on forecasting short term 

aerosol-mediated meteorology (Sroka and Emanuel 2022; Shi and Xu 2023; Yang et al. 2024), 

positive health effects through airborne biogenic compounds exposure (Asselman et al. 2019; 

Li et al. 2024; Liu et al. 2025g) notably owing to sea spray bioactive surfactants (Van Acker et 

al. 2021b), prebiotic synthesis (Meng et al. 2025), aerosolisation of various toxins and 

pollutants (Pendergraft et al. 2023; Pawlak et al. 2023; Song et al. 2024a), global CO2 uptake 

(Hendrickson et al. 2024) and other effects. 

1.5  Secondary Aerosol, Precursors, Formation, Aging, 

Historical Perspectives and Contemporary Research 

In contrast to primary aerosols, secondary organics aerosols (SOA) in the remote marine 

environment arise from new particle formation (NPF) and are governed by subtle chemical 

mechanisms. These include gas-to-particle conversion (Zheng et al. 2021b; Peltola et al. 2022), 

oxidation of volatile organic compounds and consequent volatility reduction that leads to 

condensation (Hallquist et al. 2009; Kroll et al. 2018), ion-induced nucleation of biogenic 

particles (Kirkby et al. 2016) and fission of organic biogels (Karl et al. 2013). SOA formation 

occurs through various processes such as homogeneous, heterogeneous and multiple phase 

reactions (McNeill 2015; Marais et al. 2016) as well photochemistry reactions (Br¿ggemann et 

al. 2018). While various SOA molecular classes have been identified, the complexity of SOA, 

which consist of thousands of multifunctional compounds (Goldstein and Galbally 2007) 

including high molecular weight species and oligomers from diverse sources warrant continued 

investigation. All of this can now be partly described thanks to continuous widespread 

progresses in aerosol mass spectrometry (DeCarlo et al. 2006; Laskin, and Nizkorodov 2012). 

Marine SOA sources notably include methane sulphonic acid that is formed through the 

oxidation of dimethyl sulphide (Hodshire et al. 2019; Becagli et al. 2019; Mansour et al. 2024), 

and oxidised OA (i.e. carboxylic acids; Kawamura and Bikkina, 2016) that are complex 

mixtures resulting from unsaturated fatty acid oxidation found in very diverse locations (Crippa 

et al. 2013; Nßjgaard et al. 2022; Florou et al. 2024).  

Understanding secondary organic aerosol (SOA) formation and evolution remains a major 

research challenge in atmospheric science due to the complexity of the chemical and physical 

processes involved, notably including volatile organic compounds (VOCs) diversity (Hallquist 

et al. 2009; Shiraiwa and Pºschl 2021). Briefly, SOA formation is initiated when VOCs react 

with atmospheric oxidants including hydroxyl (OH) radicals, ozone (O ), NOx or other radicals, 
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resulting in the conversion of gases to particles through a series of complex chemical processes 

(Hallquist et al. 2009). VOC precursors to SOA encompass a wide chemical spectrum, 

including alkanes, alkenes, aromatics, aldehydes, ketones, nitriles, carboxylic acids, esters, 

alcohols, halogenated compounds, nonmethane hydrocarbons and sulphur-containing species. 

Dimethyl sulphide (DMS) is particularly important for climate (Davie-Martin et al. 2020; Yu 

and Li 2021; Zhao et al. 2023a) as its emissions amount for up to 80% of global biogenic 

sulphur emissions (Jackson and Gabric 2022).  

The story of DMS (C2H6S) begins in the early 20
th century, when Haas (1935) first identified 

its emissions from macroalgae. Decades later, Lovelock et al (1972) suggested that DMS could 

facilitate the transfer of sulphur from sea to land, laying the conceptual foundation for a 

biogeochemical link between ocean life and atmospheric chemistry (DMS mostly has biotic 

origins; Reed et al., 2024). 

The discovery of dimethyl sulphoxide (DMSO) in seawater (Andreae 1980; Lee and De Mora 

1999) and the first sea-air DMS flux estimate (Andreae and Raemdonck 1983) helped laying 

the groundwork towards characterising oceanôs role as a sulphur source. DMSO was quickly 

found to be omnipresent at sea surface (Lee and De Mora 1999), not only originating from DMS 

photooxidation (Barnes et al. 2006), DMS microbial oxidation (Zhang et al. 1991) but also 

phytoplankton lysis (Andreae 1980).  

DMSO was then found to eventually degrade during air-sea exchanges following addition 

reaction with OH radicals to yield methyl sulphinic acid, methane sulphonic acid (Librando et 

al. 2004) and peroxyl radicals (Richards-Henderson et al. 2015) or to degrade to 

methylthiomethylperoxy radicals following OH abstraction. These two major OH oxidation 

pathways also intercede with other OH gas phase oxidation routes involving other species such 

as halogen species (particularly BrO but also Cl;  von Glasow and Crutzen, 2004), HSO4
- and 

H2SO4, NO3, O3, HO2 as well as other oxidants (Hoffmann et al. 2016; Chen et al. 2018). 

Sulphur dioxide (SO2) can also result directly from DMS oxidation (Hoffmann et al., 2016; 

Chen et al., 2016) and further contribute to radicals (Kroll et al. 2018; Martins-Costa et al. 

2018).  

Heterogeneous oxidation of MSA by peroxyls along with sulphuric acid (H2SO4), alcohols 

esterification, nucleophilic compounds, and certain unsaturated acids (Schmidt et al. 2019) then 

leads to secondary aerosol formation (Korhonen et al. 1999; Chang et al. 2011; Passananti et 

al. 2016).  
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Secondary aerosol yields are notably high during low NOx conditions favouring low volatility 

compound formation (Barnes et al. 2006) as low NOx abundance contributes to decreased 

HNO3 mixing ratios, leading to increased peroxides production which results in more OH being 

available to react with SO2 to form organosulphates (Stein 2002). Overall, the formation of 

MSA is strongly influenced by the structure of the VOC precursor. Compounds with endocyclic 

double bonds efficiently produce low-volatility VOCs through ozonolysis, while compounds 

with exocyclic double bonds or acyclic structures produce fewer low-volatility VOCs and rely 

more on OH radical oxidation (Jokinen et al. 2015). The fate of organic peroxy radicals (RO ) 

also determines SOA formation pathways. In the atmosphere, RO  radicals can react with 

nitrogen oxides (NO ) or with other peroxy radicals leading to different product distributions 

and SOA yields (Stirnweis et al. 2017).  

At nighttime over pristine Ocean, microbially-derived nitrate radicals become the dominant 

driver of new particle formation (Horas et al. 2018; Chamba et al. 2023), as nitrate radicals 

react primarily with alkenes, aldehydes, certain aromatics, and drive DMS oxidation as opposed 

to OH radicals during daylight hours (Koga and Tanaka 1996; Sommariva et al. 2009). These 

nitrates radicals have been heretofore largely associated with long range transport of pollution 

across Oceans  (Fischer et al. 2000; Blake et al. 2003; Burger et al. 2023), overall marine nitrate 

radicals role, whether biogenic or anthropogenic, on secondary aerosol formation still remains 

broadly unresolved (Ng et al. 2017; Altieri et al. 2021; Dobashi et al. 2023). 

Long before these oxidation pathways were explored, Shaw (1983) introduced the idea that the 

marine sulphur cycle participates in a biologically mediated climatic feedback with the 

oxidation of DMS to methanesulphonic acid (Saltzman et al. 1983), a concept that would be 

formally proposed as the CLAW (Charlson, Lovelock, Andreae, Warren) hypothesis by 

(Charlson et al. 1987). The theory postulated that marine phytoplankton, by emitting DMS, 

could influence cloud albedo and thus Earthôs radiation balance, forming a biological thermostat 

via secondary aerosol-mediated cloud formation. Mechanistic insight into DMS production 

advanced rapidly. Dacey and Wakeham (1986) showed that copepod grazing on dinoflagellates 

triggered substantial DMS emissions, revealing a trophic-level control. Kiene (1990) 

demonstrated that bacterial cleavage of DMSP (dimethylsulphoniopropionate), a phytoplankton 

metabolite, was a major source of DMS, especially upon senescence (Buckley and Mudge, 

2004; Sunda et al., 2002; Yoch, 2002). Around the same time, Ayers and Gras (1991) 

established seasonal linkages between DMS and its main oxidation products (MSA and SO ) 

underlining its sustained role in aerosol formation. 



  

32 
 

Viral and microbial ecology entered the picture with discoveries of virus-induced DMS 

emissions during the lysis of coccolithophores (Bratbak et al. 1993) and Phaeocystis blooms 

(Stefels and Dijkhuizen 1996; Jacobsen et al. 1996). Diatoms, long overlooked, were also 

recognised as DMS producers (Levasseur et al. 1994), while Sim· et al. (1998) showed that 

phytoplankton release DMSO directly. 

All of this supported to the first global DMS flux estimates (Erickson et al. 1990; Bopp et al. 

2003; Boucher et al. 2003) and the first global DMS cloud condensation nuclei study (Korhonen 

et al. 2008). Global models were then continuously improved (Lana et al. 2011; Hulswar et al. 

2021; Fung et al. 2022) to include more and more refined processes like bio geophysics (Sim· 

and Dachs 2002), photochemical activity (Zhang et al. 2024e), pH dependence (Vogt et al. 

2008; Schwinger et al. 2017; Hung et al. 2018), oxidation pathways (Berndt et al. 2019; 

Hoffmann et al. 2021; Fung et al. 2022) and more.  

 While recent global SOA annual budget estimates are within 12 to 120 Tg yrī1 

(Westervelt et al. 2013; Tsigaridis et al. 2014; Shrivastava et al. 2017), and biogenic VOC 

estimates range from 12.6 to 136 Tg C yr-1, DMS fluxes emission contemporary estimates range 

from 17.6 to 66 Tg S  yr-1 (Fiddes et al. 2018; Hulswar et al. 2021; Cala et al. 2023) amounting 

for 11-18% of present-day global sulphate burden. MSA burden estimates range from 7.5 Gg S 

yr-1  (Fung et al. 2021) to 40 Gg S yr-1  (Cala et al. 2023) and even to ~1.1 TgCyear-1 (Kilgour 

et al. 2024b). Annual global loads of other recently discovered DMS oxidation products like 

hydroxperoxymethyl thioformate (HPMTF; Novak et al., 2021; Veres et al., 2020; Wollesen 

de Jonge et al., 2021) are also discussed in Cala et al (2023) while carbonyl sulphides are 

discussed in Ma et al (2024). Overall, DMS derived aerosol climate radiative cooling effect 

range from -1.69 W m-2 to -2.3 W m-2 in recent global models (Fiddes et al. 2018; Hopkins et 

al. 2020, 2023). 

Critics also emerged, studies (Woodhouse et al. 2010; Quinn and Bates 2011) argued against 

the dominant climatic role for biogenic sulphur, citing the complexity and variability of ocean-

atmosphere coupling while Carslaw et al., (2013) emphasised the large uncertainty in indirect 

radiative forcing from natural aerosol, including those from DMS. Pro-CLAW studies outcomes 

have had a mixed success (Hegg et al. 1991; OôDowd et al. 1997; Sellegri et al. 2023b), in 

certain regions like the North Atlantic (Gordon et al. 2017; Sanchez et al. 2018; Croft et al. 

2021a), the Arctic (Kim et al. 2018; Park et al. 2021), Antarctica (Schmale et al. 2019) or the 

tropics (Williamson et al. 2019), DMS emissions appear to enhance cloud formation, but this 



  

33 
 

effect is not globally consistent, for example DMS can be lost to HPMTF which does not readily 

form CCN as seen in the South Pacific ocean (Novak et al. 2021).  

Although organosulphates are effective CCN since they contain both hydrophobic and 

hydrophilic parts which reduce surface tension effects (Br¿ggemann et al. 2020), anti-CLAW 

arguments have been advanced for a number of reasons. First, MSA aerosol are found in 

chemically complex and diverse clusters (Miao et al. 2018; Elm 2021; Rosati et al. 2022), 

second DMS-related SOA are still far from being resolved, new precursors are regularly 

discovered (Schmidt et al. 2019; Kilgour et al. 2022), oxidation mechanisms are regularly 

updated (Kwong et al. 2018; Cala et al. 2023; Goss and Kroll 2024) and importantly, other 

marine aerosol such as iodine related compounds (Sellegri et al. 2016), methane sulphonamide 

(Novak et al. 2022), carboxylic acids and more also contribute to cloud formation to varying 

extents (Chiu et al. 2017; Xiong et al. 2022).  

A second broad marine SOA source is oxidised organics, predominantly consisting of 

dicarboxylic acids (e.g. oxalic acid, succinic acid, malic acid, formic acid; Kawamura and 

Bikkina, 2016; Yatavelli et al., 2012), mono carboxylic acids (e.g. acetic acid; Paulot et al., 

2011), hydroxy acids (Bikkina et al. 2019) and oxoacids (Kawamura et al. 2017). These species 

have been reported to form in the marine environment  as (high molecular weight) bulk aged 

biogenic material (Giordano et al. 2016) commonly referred to as oxidised organic aerosol 

(OOA).  Building on evidence that molecular weight rather than water solubility contributes 

prevalently to CCN (Wang et al. 2019), OOA have been investigated in further depths as key 

CCN as well as INPs precursors (Carslaw et al. 2010; Wolf et al. 2020).   

The oxidation reactions of VOCs which contributes an estimated 10.7 to 167 Tg C year ĭ 

through ozone surface deposition alone (Kilgour et al. 2024b) generally begin at carbon-carbon 

double bonds, creating peroxy radicals (Richards-Henderson et al. 2015) undergoing further 

reactions (i.e; accretion; Mayhew et al., 2025) to produce a range of multifunctional products 

(Mayorga et al., 2022; Stanton and Tandon, 2023). The products of these initial oxidation steps 

include increasingly volatile organic compounds which differ in their tendency to partition 

between gas and particle phases (Donahue et al. 2012).  

A key process in SOA formation is the autoxidation, in which peroxy (RO2) radicals undergo 

sequential intramolecular hydrogen shifts followed by rapid reactions with molecular oxygen 

to form highly oxygenated organic molecules (HOMs) (Bianchi et al. 2019). These reactions 

mostly involve organic hydroperoxides formed via interactions with water and Fenton-like 
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reactions (ÅOH production) involving dissolved transition metal ions (Tong et al. 2017). HOMs 

generally have very low volatilities and can easily condense to produce SOA (Bianchi et al. 

2019; Perªkylª et al. 2020).  

Notably, the formation of extremely low volatility VOCs via autoxidation has been found to 

occur within the first minute after the initial attack of an oxidant (Rissanen et al. 2015; Chrit et 

al. 2017) and the influence of these rapid reactions remains largely unresolved in current global 

climate simulations (Pospisilova et al. 2020; Isaacman-VanWertz and Aumont 2021; Van Noije 

et al. 2021) which provided hourly outputs at best. Overall, fine timescales and atmospheric 

aging can introduce over 40% uncertainty in SOA radiative forcing models estimates (He et al. 

2018). 

Oxidation processes further widely encompass SOA formation (and aging) through 

oligomerisation, fragmentation, and functionalisation pathways (Nozi¯re et al. 2015; 

Shrivastava et al. 2017; Trueblood et al. 2019). Briefly, functionalisation consists in reactions 

adding oxygen to molecules containing carbon, increasing water solubility, and decreasing 

volatility (Jimenez et al. 2009) (Jimenez et al., 2009). Fragmentation, on the contrary, increases 

volatility by breaking carbon-carbon bonds (Donahue et al. 2013) which can decrease SOA 

mass as fragmentation kinetics dominate over functionalisation  regime (Lambe et al. 2012). 

On the other hand, oligomerisation markedly increases molecular mass as multiple low-

molecular-weight species combine to form higher-molecular-weight products (Heitto et al. 

2022), which results in lower vapor pressure, decreased water solubility and decreased volatility 

(Shrivastava et al. 2017; Walhout et al. 2019).  

These oligomerisations reactions often involve Criegee intermediates (CI; a carbonyl oxide 

with two charge centres). In the marine environment, CI are particularly important for air-sea 

interface reactions as alkenes undergo ozonolysis (Newland et al. 2020; Guo et al. 2021b; Jiang 

et al. 2023) to form carboxylic acids (Chhantyal-Pun et al. 2018), see Hassan et al., (2021) for 

a full review on CIs beyond ozonolysis. 

Beyond the traditional O , OH, NOx, peroxyl and alkoxy radicals oxidants (Zhou et al. 2018), 

increasing evidence suggests that halogen radicals also play a significant role in marine 

boundary layer chemistry including Cl, ClO, Br, BrO and others (Carpenter et al. 1999; Wang 

et al. 2021c; Saiz-Lopez et al. 2023). The connections between nitrogen oxide chemistry and 

halogens also further complicate this oxidation system as mixed air masses aerosol can be 

rapidly acidified primarily by nitric acid (HNO3), resulting in dechlorination through HCl 
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volatilisation. Some of this HCl subsequently reacts with OH to produce atomic chlorine, 

creating another potential oxidation pathway through photolysis (Lee et al. 2010; Cao et al. 

2024). Recent observations and model simulations indicate that Cl-initiated VOC oxidation 

may substantially enhance ozone and OOA formation pointing  to a VOCs/NOx ratio controlled 

nonlinear response of secondary organic aerosol formation (Ma et al. 2025). On the other hand, 

bromine reactions with VOC depletes ozone while contributing to SOA formation (Artiglia et 

al. 2017; Vidoviĺ et al. 2024; Schill et al. 2025) as seen with concomitant elevated glyoxal 

concentrations (Chiu et al. 2017). 

Expanding on the halogens framework, iodine (Miyake and Tsunogai 1963; Chameides and 

Davis 1980) also plays a significant role in SOA formation from VOCs in coastal and open 

ocean environments. On a global scale, atmospheric iodine has reached peak levels never 

equalled over the last 127 000 years owing to arctic warming and sea ice retreat (Corella et al. 

2022). Present-day atmospheric emissions are estimated at ~3.8 Tg year-1 (Sherwen et al. 2016) 

with 75-80% being inorganic iodine (HOI and I2) along with an additional ~0.6 Tg.year
-1 being 

iodinated hydrocarbons (Pound et al. 2022). The Photolysis of biogenic iodine species from 

phytoplankton and algae (i.e. CH3I, CH3I2, CH2I2, CH2ICl CH2IBr; Mªkelª, 2002; OôDowd et 

al., 2002; OôDowd and de Leeuw, 2007) serves as the primary source of iodine oxides ( i.e. IO, 

OIO; I2O2, G·mez Mart²n et al., 2013; McFiggans, 2005; Rºrup et al., 2024) and oxoacids (i.e. 

HOI, HIO2; HIO3; He et al., 2021; Li et al., 2022) eventually self-clustering to produce 

concentrations exceeding 106 particles per cm3 (Wan et al. 2020).  

While iodine oxides are primarily responsible for nucleation and early growth of 5-6nm 

particles (Pirjola et al. 2005) sometimes even growing above ~10nm (Freud et al. 2017; 

DallËOsto et al. 2018), secondary organic formation through iodine chemistry might be limited 

as C-I and H-I bonds are relatively weak, making their formation energetically unfavourable 

(Kessler et al. 2011). Iodic acid (HIO3) in particular, despite largely unknown exact formation 

pathways (Sipilª et al. 2021) accounts for most of the freshly-formed charged iodine cluster 

formation. Recent investigations have revealed that organics with hydroxyl (-OH) or formyl (-

CHO) functional group can be oxidised by higher iodine oxides to form ketones, aldehydes, or 

carboxylic acids (e.g., adipic and pimelic acid; Feltracco et al., 2021)  growing well into the 

Aitken mode (Huang et al. 2022a).  

Although sulphuric acid has been generally reported to largely promote NPF along with amines- 

methanesulphonic acid (MSA) clusters (Ning et al. 2022; Wang et al. 2023; Peltola et al. 2023), 

the addition of HIO2-3 was recently demonstrated to increase nucleation rates by one to four 
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orders of magnitude (He et al. 2023) as typically reported in cold conditions (Baccarini et al. 

2020; Liu et al. 2023a) 

In addition, iodine alongside with bromine, NOx and HxOy kinetics (Chameides and Davis 

1980) also further causes ozone depletion (Saiz-Lopez and Von Glasow 2012; Badia et al. 2019) 

leading to the formation of molecular iodine, hypoiodous acid (Huang et al. 2022a) within a 

very short reaction time of a few hours (Peterson et al. 2018).  These depletion events are 

particularly strong during spring in the Atlantic and Arctic (Cuevas et al. 2018; Benavent et al. 

2022) and represent the largest though most uncertain deposition sink for tropospheric ozone 

(Chance et al. 2020) with global cooling impacts estimated at ī0.24 Ñ 0.02 W.m-2 (Saiz-Lopez 

et al. 2023). Finally halogens in the gas-phase phase act as important DMS sinks (Chen et al. 

2018; Wollesen de Jonge et al. 2021), with recent modelling work suggesting that DMS 

oxidation products could also stabilise iodic acids and lead to increased SOA formation (Ning 

et al. 2022).  

Likewise, broader OOA processes such as viscosity (Alpert et al. 2021; Lata et al. 2021), 

efflorescence and phase state (Huang et al. 2021c; Kaluarachchi et al. 2022; Xiong et al. 2023), 

photochemical enhancement or inhibition (DallôOsto et al. 2011; George et al. 2015), aging of 

marine carbohydrates (Zeppenfeld et al. 2021), volatile organic compounds uptake (Regayre et 

al. 2018; Phillips et al. 2021), biotic processes (van Pinxteren et al. 2022) or the paired roles of 

ozone and acidity (Gaston et al. 2014; Ault 2020) are still being investigated. For example, 

aqueous phase acidity is highly non-linear (Nah et al. 2021; Xie et al. 2025) and involves 

nucleophilic attack on dissolved Ŭ-dicarbonyls like glyoxal leading to low volatility 

condensation, but the relative roles of nucleophiles such as OH radicals (Kawamura and 

Bikkina 2016),  CH3O2 radicals (Onel et al. 2017), iodide (Aljawhary et al. 2013), 

formaldehyde (Liu et al. 2021a), H2SO4 and ammonia (Croft et al. 2019) or acidity processes 

(e.g. hydration, hydrolysis, acetals and aldols condensation; Jang et al., 2002) are still not fully 

understood and are just briefly mentioned here only for completeness, similarly to some of the 

previous gas-phase processes descriptions. 

Overall, despite major advances in marine aerosol observations and process understanding, 

existing studies remain limited by short time series, lack of size resolution quantifications, or 

simplified representations of biological processes. To overcome these limitations, this work 

adopts a multi-year, multi-instrument observational strategy coupled with trajectory and 

ecosystem modelling. The methods employed to implement this framework are detailed below. 
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2. Methods 

2.1 The Mace Head Research Station site 

Mace Head Atmospheric Research Station is strategically located on the west coast of Ireland 

at 53Á19'N, 9Á54'W in Connemara, County Galway. Positioned approximately 100 meters from 

the Atlantic Ocean coastline at 5-21 meters above sea level, the station provides an exceptional 

vantage point for atmospheric monitoring  (OôDowd et al. 2014) as the peninsula is exposed to 

open ocean air masses mostly devoid of anthropogenic influence (Sanchez et al., 2022). These 

air masses, originating from a nominal clean sector (between 190Á and 300Á; Grigas et al. 2017) 

are predominantly steered by westerlies (Figure 2.1.1) ushered by the polar jet's low-pressure 

systems interspersed with episodes of polar or tropical influences (Ovadnevaite et al. 2014a). 

This sectoring has been refined and validated in multiple studies including black carbon filtered 

definitions of clean marine air masses, land contact and total particle count rate (Rinaldi et al. 

2009; OôDowd et al. 2014; Ovadnevaite et al. 2014a). 

 

Figure 2.1.1 Mace Head clean sector (190-300Á) overlaid with ERA5 10m wind direction quivers 

for a typical summertime clean period. 

The station is largely representative of Northern Hemisphere background conditions and is also 

especially useful for improving our understanding of large scale phenomena such as 

phytoplankton booms (Cavalli 2004; OôDowd et al. 2004, 2015) and more generally, sea spray 
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dynamics over the North-East Atlantic as a whole (Xu et al. 2022), thereby featuring a rich 

history of contributions to Climate Sciences spanning more than 60 years (OôConnor et al. 

1961), establishing the site as one of the longest-running atmospheric monitoring stations in 

Europe and providing a unique multi-decadal record of changes in atmospheric composition. 

Historical milestones include the beginning of black carbon measurements in 1989 (Junker et 

al. 2006), implementation of continuous CO2 measurements in 1992 (Biraud et al. 2000) and 

other AGAGE/GAW relevant gases (e.g. Simmonds et al. 2004; Messager et al. 2008; Custodio 

et al. 2020) as well as submicron speciated aerosol offline filter measurements (OôDowd et al. 

2004; Ceburnis et al. 2008, 2011). The late 1990s and early 2000s saw Mace Head become a 

focal point for major international field campaigns that significantly advanced atmospheric 

science. The PARFORCE (New Particle Formation and Fate in the Coastal Environment) 

campaigns conducted in 1998-1999 to map coastal aerosol formation and measure sea spray 

plumes and the North Atlantic Marine Boundary Layer Experiment (NAMBLEX) campaign in 

August 2002 represented another major scientific effort (Kunz et al. 2002; Sanchez et al. 2017). 

NAMBLEX was one of the most comprehensive atmospheric chemistry campaigns ever 

conducted at Mace Head. Taking place from 27 July to 2 September 2002, this notable campaign 

involved over 50 scientists from 12 institutions and deployed state-of-the-art instrumentation 

to make detailed measurements of boundary layer structure and atmospheric composition in 

both gas and aerosol phases (Cavalli 2004; Fleming et al. 2006; Heard et al. 2006). The 

campaign provided one of the most comprehensive in situ studies of the marine boundary layer 

to date, with measurements covering an extensive range of trace species including O , CO, H , 

DMS, CH , NO , and various halogen species (I , OIO, IO, BrO). The station's proximity to 

Laminaria digitata beds, located within just 120 meters of the shoreline laboratories, has 

enabled groundbreaking observations of iodine species that were first identified at this location 

(e.g. McFiggans et al. 2000; Carpenter et al. 2001; OôDowd et al. 2002) and progressively 

linked to nucleation (OôDowd et al. 1998, 2007; Mªkelª 2002) and new particle formation 

events (Saiz-Lopez et al. 2006; Huang et al. 2022a). These initial campaigns employing the 

aerosol mass spectrometer led to the establishment of a permanent HR-ToF-AMS at Mace 

Head, providing near-continuous measurements since October 2008. Although sea salt ions 

were first detected in marine aerosol mass spectra as early as 2004 (DallôOsto et al. 2004) their 

precise quantification was not achieved until 2012 (Ovadnevaite et al. 2012). Similarly, sea 

spray organics had been previously inferred from offline filter analyses, yet it was only in 2011 

that their ñprimary marine organic aerosolò mass spectra and size distributions were 

quantitatively characterised for the first time (Ovadnevaite et al. 2011a, 2011b). These advances 
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enabled subsequent advances through integration with complementary instrumentation (Xu et 

al. 2021, 2022, 2024a), parametrisations development (Ovadnevaite et al. 2014b, 2017a) or 

models evaluation (Mansour et al. 2024; Chen et al. 2025) and more. This legacy continues 

with the ongoing COAST-VOC + CARES (2025) campaign, which now rivals the scope and 

ambition of NAMBLEX by coupling state-of-the-art in-situ, flux, and satellite observations to 

elucidate the mechanisms linking marine VOC and aerosol emissions. 

2.2  The High-resolution time-of-flight aerosol mass spectrometer 

Building on previous observations in Chapter 1.3 showing that the HR-ToF-AMS can resolve 

the chemical diversity of atmospheric aerosol, including MSA-OA, PMOA, oxidised and 

anthropogenic organics and more, the following section introduces the analytical setup and 

measurement principles of the instrument (Figure 2.2.1). 

Ambient aerosol are first drawn through a community sampling inlet (Kleefeld 2002) in 

isokinetic conditions (the inlet flow velocity is adjusted to match the mean wind speed) to avoid 

overall particle losses (Von Der Weiden et al. 2009; Brockmann 2011). The HR-ToF-AMS then 

comes into play as sampled aerosol approach the instrument aerodynamic lens inlet (Liu et al. 

1995, 2007; Jayne et al. 2000) (Figure 2.2.1), this lens features circular apertures with gradually 

smaller diameters eventually leading to a capillary where the beam is narrowed to the 

instrument size range (the air beam streamline expands through the orifice apertures with 

particles being focused within the beam centre; Mallina et al., 2000). After this step, the 

particles are focused into a vacuum (10-8 torr) chamber. Before the entrance of this chamber is 

a rotating chopper wheel with two 180Á-spaced radial slits separating the beam into two modes: 

MS (mass spectrum - the chopper is open, allowing all particles in and the total mass spectrum 

is generated by subtracting the blank filter periods for background gases and instrument 

emissions during which the chopper is closed) and chopped (passing only through slits, enabling 

size-resolved mass distribution measurements; Sinha, 1984). The exact size range of particles 

transmitted with 100% efficiency is 150-400nm whereas the efficiency drops to 50% for the 

broader 60-700nm range (Zhang et al. 2002; Liu et al. 2007), particles smaller than 60nm 

simply have too little inertia to be efficiently collimated into the air beam (Liu et al. 1995) 

whereas particles with diameter higher than the lens cut-off diameter impact on the critical 

orifice at the very beginning of the sampling process (Jayne et al. 2000). 
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Figure 2.2.1. HR-ToF AMS schematic overview adapted from DeCarlo et al (2006).  

The particles are then flash-vapourised upon impact with a resistively heated surface (Ḑ650 

ÁC), and the resulting vapours are subsequently ionised by 70 eV electrons emitted from a 

tungsten filament (most molecules require only ~10eV to get ionised; Hoffmann and 

Stroobant, 2007). After ionisation, all ions are accelerated to approximately the same kinetic 

energy, so lighter fragments reach the detector sooner than heavier ones resulting in 

reproducible fragmentation patterns characteristic of sampled aerosol chemical structure 

(Jayne et al. 2000; Gross 2004; DeCarlo et al. 2006). These ions follow two optic modes: V-

mode and W-mode (Figure 2.2.1). In V-mode, ions follow a standard reflection path, while in 

W-mode, they undergo an additional reflection via a hard mirror, extending their flight path 

before reaching the detector. A longer flight path enhances mass resolving power but increases 

lateral ion broadening, reducing detection efficiency. Consequently, V-mode provides higher 

sensitivity, whereas W-mode achieves greater mass resolution. Typical resolution is ~2000 

m/ȹm for V-mode and ~4000 m/ȹm for W-mode (DeCarlo et al. 2006).  

Mass calibration is performed routinely to ensure accuracy using an atomiser and differential 

mobility analyser to nebulise a know concentration of monodispersed ammonium nitrate 

aerosol measured with both the HR-TOF-AMS and a condensation particle counter (Jayne et 

al. 2000; Jimenez 2003). Previous calibration studies have reported a consistent RIE value of 

~1.4 for ambient OA due to low variability among ambient OA species (Canagaratna et al. 

2007; Jimenez et al. 2016; Xu et al. 2018) despite different functionalities, oxidation levels, 

intrinsic molecular electron impact ionisation crosss-sections (Jimenez 2003), thermal 

decomposition and ionisation region transit times (Murphy et al. 2006). Methanesulphonic acid 
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(MSA) RIE is on the other hand much more variable with literature values ranging from 1.15 

to 1.61 (Zorn et al. 2008; Huang et al. 2017; Zhang et al. 2024e). To achieve quantitative mass 

concentration measurements, both collection efficiency (CE) and composition-dependent 

collection efficiency (CDCE) corrections are required. CE amounts for aerodynamic lenses 

losses, air beam broadening for non-spherical particles and particles bounce (Hu et al. 2017) 

whereas CDCE is used to adjust for aerosols bouncing off the hot tungsten filament surface 

depending on chemical composition dependant variations in sampling efficiency and acidity 

(Middlebrook et al. 2012) while typically considering that aerosol water content and flow beam 

losses are negligible (Matthew et al. 2008). CDCE further requires knowing the ammonium 

detection limit which is estimated as the mass concentration required to generate signal-to-noise 

ratio (SNR) 3 times superior to background signal (blank filters taken on regular intervals when 

the chopper is closed) (Takegawa et al., 2005; Drewnick et al., 2009). Typically, for open ocean 

air masses, the CDCE approach has little effect on the quantified concentrations as most 

inorganic species are neutralised (remote Ocean regions are relatively isolated from continental 

ammonia sources required to balance out hydronium ions from H2SO4 and MSA; Paulot et al., 

2015; Schueneman et al., 2020).  

The separation of OA, nitrate, sulphate, ammoniuma and chloride species is achieved using a 

fragmentation table (Allan et al. 2004b) to determine mass concentrations for each of these 

species subtracted from air signal perturbations. Occasionaly during (rare) wildfire plumes, the 

organic and nitrate fragmentation tables are also corrected for gaseous CO2 contributions and 

the time series of the fitted N  ion is then used instead of the total integrated signal at m/z 28 

for the ñairbeam correction,ò since the full signal at m/z 28 is dominated by CO  from wood 

smoke (Ortega et al. 2013; Collier and Zhang 2013; Haslett et al. 2018).  

Sea salt is then estimated based on a scaling factor of 51 of the common sea salt ion NaCl+ 

(m/z 57.96) (Ovadnevaite et al. 2012) while MSA was quantified by upscaling the CH3SO2 

ion (Ovadnevaite et al., 2014) such as;  

ὓὛὃ ὅὌὛὕz ςωȢρςzπȢχρτ    Ὡήτ 

where the numerical coefficients reflect respectively the applied AMS calibration constants 

(including nitrate ionisation efficiency) and assumed relative ionisation efficiency for MSA 

Interferences from MSA on SO4 and OA are then accounted for as follows: 
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To overcome particle losses and the need for a CDCE correction (Drewnick et al. 2015), a new 

capture vaporiser (CV) was recently developed with a CE of 1 (Hu et al. 2017; Liu et al. 2024b) 

as an upgrade from the standard vaporiser (SV) and now equips about half of the ToF-ACSM 

instruments worldwide  (Nursanto et al. 2025a). It uses a molybdenum filament instead of a 

80% porous tungsten one which presents the advantage of becoming less brittle around 500-

600ÁC (Hiraoka and Kurishita 2011; Wang et al. 2021a), owing to this increased thermal 

resistance and different geometry (narrower entrance and double the tube length), the residence 

time is increased which creates more collisions and additional thermal fragmentation but also 

makes for increased sampled particles and broader particle size measurements (Xu et al. 

2017b). Since particles detection is different in SV, RIE need to be updated with RIE SO4 Ḑ 

1.7-24 (much larger than SV values) owing to longer vaporisation timescales (Hu et al. 2017) 

while fragmentation table for SO3, NO3 and Org is also updated (Hu et al. 2017; Nursanto et 

al. 2025b). 

High-resolution analysis is further performed on each m/z in the mass range 12-130 m/z with 

ion fitting applied to difference between open and closed spectra. Based on their elemental 

composition (C, O, H, N, S), ions are then grouped into chemical families: Cx, CxHy, CxHyOz 

(z = 1), CxHyOz (z > 1), CxHyNw (w = 1), CxHyNw (w >1), CxSj, HyOz, NwHy, NwOz, SjOz, and 

CxSi where the indices x, y, z, w, j represent the number of C, H, O, N, S atoms, respectively.  

These elemental ratios are then comparable to other HR-TOF-AMS literature values, or mid-

infrared spectroscopy measurements (Faber et al. 2017; Yazdani et al. 2022b). 

HR-ToF-AMS measurements further enable estimations of the OA hygroscopicity parameter 

(əorg).ШThe organic-associated aerosol water content (Wo) is determined using Kºhler theory 

in combination with the Zdanovskii-Stokes-Robinson mixing rule (Stokes and Robinson 1966), 

with hygroscopic growth parameterised following the Petters-Kreidenweis formulation (Petters 

and Kreidenweis 2007) such as: 

ὡ άÏÒÇȾʍÏÒÇױʆÏÒÇױ
ὙὌ

ρ ὙὌ
    Ὡήχ 

And: 
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ױÏÒÇ‖ױ  ςȢςz אָ  πȢρσ    Ὡήψ 

 

With άÏÒÇ being the bulk OA mass concentration, ”ÏÒÇ corresponds to organics density 

(assumed to be 1.3 g.cm-3; Kommula et al. 2021), ‖ÏÒÇ is the organics hygroscopicity and RH 

is the relative humidity (%). 

2.3  The Scanning Mobility Particle Sizer 

A scanning mobility particle sizer (SMPS) is an instrument used to measure particle size 

distributions (PSD) in the submicron size range mainly consisting of a differential mobility 

analyser (DMA) followed by a condensation particle counter (CPC) as schematised in Figure 

2.3.1.  

 

Figure 2.3.1. Schematic of the scanning mobility particle sizer setup adapted from  

Stolzenburg et al., (2023). 

First, a population of polydisperse aerosol dried by NafionÉ membrane tubing which ventilates 

dry particle free air in counterflow direction outside the membranes, pulling water vapour out 

of the sample air and leaving particle flow intact. Then the dry (<25% relative humidity) 

polydisperse particles are sampled through an isokinetic inlet. Because sampled ambient 

aerosol have an unknown number of charges,  a neutraliser (Kr-85; Liu et al., 2021) is used 

afterwards to correct the particles charge distribution and obtain a Boltzmann bipolar charge 

distribution (attachment and detachment eventually reaches a predictable steady state; Nishida 

et al., 2025; Wang and Flagan, 1990).  This leads to charges typically comprised between -5e 

and 5e depending on the PSD (small particles below 50nm mostly carry zero or negative 

charges; Fuchs, 1963) while large aerosol such as sea salt have several positives charges 

resulting in accumulation mode ñsmearingò (Chen et al. 2024). At Mace Head this shows with 

a strong charge correction bias around 270nm which is manually corrected by shifting the bump 

by about 35%.  
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Two types of DMA are broadly used in SMPS, Hauke and Vienna type; The Hauke type 

provides higher resolution for smaller particles, whereas the Vienna type allows measurements 

across a broader size range but with much lower size resolution (Winklmayr et al. 1991). For 

this reason, the Hauke type is preferentially used here. 

After the polydisperse aerosol are passed through the neutraliser, the charge corrected particles 

reach the DMA (high resolution Hauke type; Winklmayr et al. 1991), which is a cylinder with 

an inner and outer electrode forming an annulus gap traversed by a stream of laminar particle 

free air called sheath air (passed through a high-efficiency particulate air filter). An electric field 

is then applied between a grounded outer cylinder and a negatively charged inner collector rod 

to establish a radial electric field that drives charged particles according to their electrical 

mobility, enabling size-selective classification (Wiedensohler et al., 2018). Positively charged 

particles are drawn toward the rod, where they are deposited based on their electrical mobility 

with high mobility particles collecting near the top, and low mobility particles collecting near 

the bottom. A narrow range of particles finally then exits the DMA as a monodisperse aerosol 

through a slit, and their concentration is then measured by an optical analyser while remaining 

particles are expelled with excess air (Petters 2018).  

The size of transmitted particles thus depends on charge and DMA voltage (Coquelin et al. 

2018). However, small uncertainties may arise when particles contain volatile or hygroscopic 

components. Volatile species can partially evaporate within the classifier, while hygroscopic 

particles may grow if the relative humidity of the sheath or sample air is not fully controlled 

(Khlystov 2014). Under standard dry operating conditions (RH < 25 %, constant flow rate, 

temperature, and pressure), particle size remains effectively stable, and the electrode voltage 

together with the sheath flow rate primarily determine the particle size distribution exiting the 

DMA (Liu and Pui 1974; Knutson and Whitby 1975)  

Particles then enter the condensation particle counter (CPC). As aerosol enter the CPC, they 

pass through a heated saturator where the carrier flow becomes saturated with n-butanol vapour, 

and subsequently encounter a cooled condenser where supersaturation ratios of roughly 3-5 are 

achieved, enabling particle activation and growth (Wlasits et al. 2020a). Since the DMA 

separates particles based on electrical mobility rather than size alone, multiple charged larger 

particles can have the same mobility as singly charged smaller particles, creating ambiguity in 

the raw data which needs to be accounted for. This is done by charge correction inversion 

algorithms which involve solving a set of integral equations that relate the measured particle 

counts to the actual particle size distribution (Pfeifer et al. 2014; Petters 2018). 
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In this work, the aerosol size distributions and number concentrations were measured using a 

scanning mobility particle sizer (SMPS) system including a DMA (TSI model 3080 L), and a 

condensation particle counter (CPC, TSI model 3010). The SMPS was regularly calibrated 

following ACTRIS guidelines (Wiedensohler et al. 2012, 2018b). The DMA sheath and sample 

flows were set to 5 l min-1 and 1 l min-1, respectively (Fossum et al. 2024). The raw DMA data 

were processed with a custom made linear inversion algorithm similar to the one described in 

Pfeifer et al. (2014) while correcting for CPC efficiency and diffusion losses. The methodology 

in this work adheres closely to best practice guidelines (Wiedensohler et al. 2012; Chen et al. 

2016a) by maintaining aerosol number size distribution uncertainties under controlled 

conditions within ȹN Ḑ10-20 %  and by accounting for upper and lower size cutoff limits. The 

instrument lower detection limit is estimated as the particle number concentrations divided by 

the raw CPC counts for each size bins (Wang 2013) corresponding to a dN/dlogDp standard 

deviation of 6 cm-3 and an upper detection limit (DL) of 10 000 cm-3 ( dN/dlogDp = 6.4E5 cm
-

3) due to coincidence counting beginning to occur. 

2.4  Particle Number Size Distributions Multi-Modal Lognormal Fits 

To disentangle the underlying physical processes governing aerosol formation and Climate 

implications (Introduction 1.1), multi-lognormal modes are fitted over Aitken and accumulation 

ranges (Whitby 1978; Heintzenberg 1994) following Hussein et al., (2005) recommendations 

and latter improvements (Salimi et al. 2014; Zhu and Wang 2024) such as: 

ὪὈȟὈ ȟȟὔȟʎȟ
ὔ

ЍςʌÌÏÇʎȟ
ẗÅØÐ

ÌÏÇὈ ÌÏÇὈ ȟ

ςÌÏÇʎȟ
    Ὡήω 

With Dp being the particle diameter. Each lognormal mode is defined by the following 

parameters, mode number concentration Ni, geometric variance „ȟ, and geometric mean 

diameter Dpg,i. The total log-normal modes number being n (up to 7, which is sometimes 

needed for scattering parametrisations; Di Biagio et al. 2016). Generally sea spray aerosol are 

presented with 2-4 modes with the usual 3 modes for nucleation, Aitken, accumulation and a 

fourth mode sometimes used to account for wind induced bubbles surface breakup (Sellegri et 

al. 2006; Fuentes et al. 2010b; Schwier et al. 2015b). 

To address the challenges of fitting nonlinear models to observational data, particularly when 

the data span several orders of magnitude and involve complex multimodal distributions, 

several optimisation R packages solvers were benchmarked; The Levenberg-Marquardt method 

implemented with minpack.lm (Young et al. 2012; Meyer et al. 2015; Eckert et al. 2024), quasi-
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Newton optimisation with box constraints, or unconstrained reparameterisation with or without 

PORT routines from base R stats, bound optimisation by quadratic approximation from nloptr 

(Ypma and Johnson 2011)  with or without multi-level single-linkage, differential evolution 

(Mullen et al. 2011), generalised simulated annealing (Gubian et al 2011) and covariance 

matrix adaptation evolution strategy (Bossek 2016).  

For each candidate modes number and solver, the residual sum of squares (RSS), Akaike 

information criterion (AIC), and Bayesian information criterion (BIC) were computed, and the 

model with the lowest BIC was taken as the most parsimonious representation. Goodness of fit 

was indicated by randomly residuals plots (Residuals vs electrical mobility diameter). Positive 

residuals indicate that data are ñless steep than lognormal fitò, while abrupt transition from 

positive to negative indicate shoulder effect, possibly due to improper multiple charge 

correction (Meyer et al. 2015).  

2.5  Source apportionment Theory and Developments 

The analysis of large volumes of data produced by online spectrometry measurements (i.e. 

matrices with high-time-resolution) have been made possible by advances in computer science, 

which in turn have driven the development of chemometric approaches.,i.e ñusing mathematical 

and statistical methods[é] to provide maximum chemical information by analysing chemical 

dataò (Kowalski 1981).  In environmental studies, receptor models (Viana et al. 2008) refer to 

source apportionment methods used to decompose bulk matrices measurements into individual 

sources (i.e. distinct emission origins or processes). One model in particular, positive matrix 

factorisation (PMF; Paatero and Tapper, 1994), has been widely adopted for more than two 

decades now (Paatero and Tapper 1994b; Paatero 1999) and successfully used on a wide range 

of different instruments; HR-ToF-AMS (high-resolution time-of-flight aerosol mass 

spectrometer; e.g. Aiken et al., 2008), ToF-ACSM (time-of flight aerosol chemical speciation 

monitor; e.g.. Frºhlich et al., 2015), PTR-MS (proton transfer reaction mass spectrometer; e.g. 

Slowik et al., 2010), EESI-ToF (extractive electro spray ionisation time-of-flight mass 

spectrometer; e.g. Tong et al., 2022), offline filters (e.g. Maykut et al., 2003), SMPS (scanning 

mobility particle sizer; e.g. Nursanto et al., 2023), gas chromatography (Wernis et al. 2022) as 

well as other matrix-based measurements. In essence, any environmental measurement that 

yields a time-resolved data matrix along with an associated error matrix could be analysed using 

PMF. Several methods implementations exist, here the IGOR PRO Source Finder (SoFi v6.8.1) 

toolkit (Canonaco et al. 2013) was used to run the PMF algorithm.  
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The PMF is Gauss-Newton gradient descent optimisation technique which aims at solving the 

following matrix equation using a weighted least squares approach: 

ὢ ὋȟὊȟ Ὁȟ    Ὡήρπ 

Where i represents the time index, j represents the chemical species, and k is the sources 

number. Xi,j is the mass spectra matrix; Gi,k is the matrix of the sources time series. Fk,j is the 

matrix of the sources (factors) profiles, and Ei,j is the model residual matrix (difference between 

the data matrix and the fitted solution). The input error matrix Si,j includes the measurement 

uncertainty (e.g. ion counting statistics and ion-to-ion noise ratio for HR-ToF-AMS 

measurements; Corbin et al., 2015). G and F values are iteratively fitted to the data using a 

least-squares gradient descent algorithm minimising a fit quality parameter Q, defined as: 

ὗ ὩȾ„ ό    Ὡήρρ 

ὗ
Ὡ

όὭὮ
ό

ὼ В Ὣ Ȣ

ό
ό    Ὡήρς    

With eij being the residual not fitted by the model for m/z j at time step i, and ůij being the 

standard deviation of the estimated errors matrix from the matrix X. At this point, the 

measurement matrix can have anywhere between 2 to 20 factors (Ulbrich et al. 2009), to quickly 

assess which factors solutions are mathematically acceptable, a comparison metric is introduced 

consisting in normalising Q by an expected theorical value Qexp representing the system degrees 

of freedom such as; 

ὗ ὲά ὴά ά    Ὡήρσ 

Where n is the number of samples, m is the number of variables, and p is the number of factors 

(Ulbrich et al. 2009; Canonaco et al. 2020). Typically, a  Q/Qexp of 1.0 represents an ideal 

solution where both the variability and uncertainties in the data are fully explained by the mode, 

when Q/Qexp values are significantly greater than 1 (ḻ 1), this indicates that errors are being 

underestimated or that there is high variability in the factor profiles that cannot be adequately 

captured by the current factors solution. Uncertainties in PMF results, which originate from 

either random data value errors, rotational ambiguity or modelling errors are then identified by 

checking residuals for each solution, if modelling errors occurred, scaled residuals would show 

non-normality, structure over time and lack of variability between solutions. Figure 2.5.1 shows 
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the structure of a typical PMF solution absolute scaled errors which follows a gaussian 

distribution centred on zero mostly distributed between -3 and 3 (Zhang et al. 2011; Via et al. 

2023). 

 

Figure 2.5.1. Absolute scaled residuals time series A) and B) Scaled residuals gaussian 

distribution centred on 0 mostly distributed between -3 and 3. 

This non-negativity enforcement of all source profiles (F) and time series (G) is a key advantage 

of PMF over traditional factor analysis methods, as it ensures that the results have a direct 

physical interpretation. However, doing so introduces rotational ambiguity, consisting of 

different PMF solutions (combinations of G and F) showing similar residuals levels despite the 

presence of some potentially non-physically meaningful runs. Several tools and solutions to 

overcome this drawback have been developed and are presented below (Paatero and Hopke 

2003; Canonaco et al. 2015).  

One on the earliest key improvements was the introduction of signal-to-noise down weighting 

which ensures that measurements with high uncertainty (low signal-to-noise ratio) contribute 

less to the overall solution, while measurements with low uncertainty (high signal-to-noise 

ratio) have greater influence (Paatero and Hopke 2003). Occasionally, when ion weighting fails 

to adequately redistribute the signal, specific ions are removed. For example, the CHO+ ion can 

be influenced by the 15NN isotope (air signal) and removed  to improve PMF results when 

organics are too close to background levels (Xu et al. 2015; Freney et al. 2020). 
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Following the introduction of signal-to-noise down-weighting, subsequent developments 

addressed the issue of rotational ambiguity, which can easily be visualised as pair-wise scatter 

plots between time series factors pairwise combinations (Hopke 2000; Paatero et al. 2005). 

Rotational adjustments are unnecessary when scatter plots show well-defined edge clusters as 

in Figure 2.5.2. In the absence of edge clusters, non-zero FPEAK values ranging from -1 to 1 

with steps of 0.1 are introduced to fix modelling errors , positive FPEAK values result in a 

sharper F matrix (source profile) and a more smeared G matrix (time series), while negative F 

peak values lead to a smeared F matrix and a sharper G matrix, by doing so, the user can 

navigate the trade-off between the clarity of source profiles and the clarity of their temporal 

contributions  (Hopke 2000). 

 

Figure 2.5.2. Scatter plots between the N(N-1)/2 PMF time series factors (N) combination 

showing well-defined edge clusters highlighted with dashed light-blue contours.  

Constraining methods were then developed and interfaced (Canonaco et al. 2013) to force a 

priori known sources (whether profiles or time series) into parts of the results outputs. These 

approaches allow to explore the solutions robustness by varying an initial seed parameter 

around the constrained factor (which changes the set of pseudorandom values used during PMF 

initialisation) along with another parameter, known as the a-value, which defines the percentage 

by which the solution is allowed to vary such as 
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ὪȟsolutionὪȟanchorὥẗὪȟanchor    Ὡήρτ 

The parameter ὥ ranges from 0 to 1, where ὥ=0 indicates that the mass spectra profile is fully 

constrained, and ὥ=1 corresponds to a completely unconstrained profile. For example, ὥ =0.2 

allows the solution to deviate by up to 20% from the specified anchor profile (Canonaco et al. 

2013; Chebaicheb and Riffault 2025; Simon et al. 2025). 

More advanced  PMF refinements also exist, for example an important drawback of the PMF 

is that the determination of factors may not fully reflect real emission sources but rather the 

mixing of different sources depending on meteorology, to account for this bias, dispersion 

normalised PMF has recently been developed (Dai et al. 2020; Sofowote et al. 2023; 

Stanimirova et al. 2023), which introduces the ventilation coefficient use (i.e. the product of the 

average wind speed and boundary layer height; Holzworth, 1967). More specific PMF 

refinements have also been suggested like bootstrapping (Reff et al. 2007; Crespi et al. 2016; 

Simon et al. 2025), rolling PMF (Parworth et al. 2015; Canonaco et al. 2021) using a 14 days 

windows, with a 1 day shift and 100 repeats per window (Atabakhsh et al. 2023) and assessed 

following diagnostics methods presented in Chazeau et al., (2022), multi time PMF (Crespi et 

al. 2016; Vasilakopoulou et al. 2022; Sofowote et al. 2023), displacement  (i.e.; Are Q/Qexp 

stable if m/z are shifted ;Bhandari et al., 2022; Brown et al., 2015; Paatero et al., 2014), pulling 

specific m/z ( i.e.; Are specific m/z intensities biased; Chebaicheb and Riffault, 2025) and wide 

PMF (non-constant sources; Beddows et al. 2025). 

2.6  Post PMF chemometrics, mass spectra and time series 

2.6.1 Mass spectra similarities  

Because mathematically optimal source apportionment solutions can still be ambiguous to 

interpret, several approaches have been developed to confirm sources mass spectra and time 

series. Generally, solutions mass spectra (ms) are compared with reference mass spectra (Jeon 

et al. 2023) through scatterplots to visually discern similar and dissimilar m/z. Bulk 

correlation metrics are often used to quantify similarity (Pearsons, Spearman or Kendall). Yet, 

a fundamental problem with correlation metrics is their behaviour in high-dimensional spaces. 

Aerosol ms contain hundreds of m/z bins (Corbin et al., 2015), and correlation-based metrics 

suffer from the "curse of dimensionality" (i.e. fragmentation-driven collinearity across 

hundreds of m/z bins inflates chance correlations and degrades spectral discrimination). Even 

when significant chemicals differences cause large intensity shifts in a few dozens of m/z 

bins, these meaningful differences can be overwhelmed by more numerous but less intense 
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m/z, making correlations metrics insensitive to meaningful chemical variations (Verbeeck et 

al. 2020). For this reason, a large amount of similarity metrics have been developed since the 

1970s (Scheubert et al. 2013), with cosine similarity (Stein and Scott 1994) still being the 

most widely used along with intensity scaling and normalisation to emphasise smaller signals 

( ijªlª et al. 2016; Jeon et al. 2023). Recently, a new metric called spectral entropy has been 

shown to outperform cosine similarity for EI-MS similarity estimates (Li et al. 2021) and was 

therefore used throughout the results section, similarly to cosine, threshold for significant 

values is rather high (>0.75 with false discovery rate of 10%). Ὅ  a given ms with normalised 

peak intensities, the spectral entropy is: 

Ὓ ὍÌÎὍ     

For two ms A and B, a combine spectrum AB is generated by 1:1 mixing of normalised 

intensities, followed by renormalisation so that total intensity equalled 1. The unweighted 

entropy similarity between A and B is defined as: 

3ÉÍÉÌÁÒÉÔÙρ
ςὛ Ὓ Ὓ

ÌÎτ
    Ὡήρφ 

To improve performance on low-entropy spectra (information-poor spectra dominated by few 

peaks), intensities were further transformed using dynamic weighting. Specifically, each peak 

intensity is reweighted as 

ὍÎÅ× Ὅ with  ύ ρ ÉÆ Ὓ σȠ πȢςυπȢςυὛ ÉÆ Ὓ σ    Ὡήρχ 

To further visualise m/z differences between two ms, the spectral relative predominance 

(Gunti et al. 2025a) is also used. Each spectrum is represented in n-dimensional space by its 

ion intensities: 

ὃ ɻȟɻȟȣȟɻ ȟὄ ‍ȟ‍ȟȣȟ‍ Ȣ    Ὡήρψ 

320É  ÉÆ ɻ ɼȠ Ὓ20É  ÏÔÈÅÒ×ÉÓÅ    ÅÑρω

Positive 320É values indicate the ion is relatively more abundant in A; negative values indicate 

the ion is more abundant in B. 

2.6.2 Time Series  

For source apportionment time series, results are generally confirmed by hunting down 

physically meaningful variations in external time series  through correlations to confirm 
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sources time series (e.g. aged oxidised organics will typically correlate well with ozone, 

biomass burning organics will correlate well with soot) and examination of individual plumes 

along with their air masses of origin (Chapter 2.10). 

Still correlations for time series can also be heavily biased because of autocorrelation (ñred 

noise effectò; Beaulieu et al., 2020) which can introduce type 1 (false positives) and type 2 

errors (false negatives), insensitivity  to non-monotonic and non-linear variations (Cliff et al. 

2020; Chatterjee 2021) and mostly correlation cannot infer causality as it discards all dynamic 

time series properties and doesnËt account for confounding effects (Ali et al. 2024). 

For these reasons, transfer entropy (TE) is introduced to capture non-linear associations 

between time series as it shows a relatively good trade-off between efficiency and 

computational cost (Prokopenko and Lizier 2014). This method has already been successfully 

used in recent aerosol studies (Long et al. 2023; Sinha et al. 2024) as well as Climate 

(Delgado-Bonal et al. 2020) and phytoplankton biology studies (Wang and Convertino 2023), 

and open-access codes can easily be accessed (e.g. RTransferEntropy R package, Behrendt et 

al., 2019). TE is a prediction model that quantifies the directional influence between two time 

series X and Y by determining how the past values of one series predict the future behaviour 

of the other (Schreiber 2000). In this work, R®nyi TE, a generalised form of Shannon TE is 

used to quantify directional information transfer between two time series ὢ and Y. To account 

for spurious information transfer, the transfer entropy is also estimated from a shuffled 

version of the time series. This shuffled estimate called effective transfer entropy (eTE) is 

used to correct for sampling bias, ensuring the validity of the results. Statistical significance is 

assessed with a bootstrapped Markov chain, where a p-value of less than 0.05 indicates a 

significant information transfer between X and Y. The reader is referred back to Behrendt et 

al. (2019) for more details. 

This method is thus particularly helpful to predict which chemical precursors are significant 

predictors to aerosol and efficiently confirm source apportionment results without leaving too 

much room for errors due its simplicity  (See this take on OccamËs razor and  EarthËs Sciences; 

Weijs and Ruddell, 2020) and reasonable number of steps (See Forking paths problem and 

Science reproducibility crisis; Breznau et al., 2022; Wacker, 2017). However, many other causal 

approaches also exist  (Runge et al. 2023; Docquier et al. 2023; Isufaj et al. 2025) and reviews 

are still ongoing (Ali et al. 2024; Sep¼lveda-Fontaine and Amig· 2024) to find gold standard 

blueprints methods depending on data context. 
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This entropy approach can also be used to find to find non spurious  lagged time series 

relationships compared to cross correlations (Rosinberg et al. 2018; Cheng et al. 2021) using 

the lagged cross-entropy Ὓ † from the R package tseriesEntropy (Giannerini and Goracci 

2023a) to find multiple significant lags has a single lag order will fail to capture the full 

memory structure of a lead-lag relationship (Yao 2020).ШIn this work, cross-entropy quantifies 

lagged dependence by measuring the divergence between the joint distribution Ὢȟ ὼȟώ 

and marginal distribution Ὢ ὼὪ ώ. The statistic estimates the Hellinger-type distance 

between these distributions, which equals zero under independence and increases with 

nonlinear dependence, in practice the reference bandwidth and summation methods were used 

along with 500 bootstrap checks for p-values estimates (Giannerini and Goracci 2023b). 

Time series contained small filtered gaps (<20% missing values)   were further imputed using 

Kalman smoothing with na_kalman from the imputeTS package (Moritz and Bartz-Beielstein 

2017). This allowed for biwavelets coherence computation which requires regularly sampled 

time series inputs. Biwavelets analyses were performed using the biwavelet package 

(v0.20.22) in R that decomposes a time series into both frequency (scale) and time domains, 

thereby resolving transient and scale-dependent relationships that are inaccessible to classical 

correlation or Fourier analyses (Gouhier et al. 2012) . The Morlet wavelet was chosen as the 

mother function because it behaves like a short, localised oscillation that can track gradual 

amplitude and phase changes. Its Gaussian envelope limits spectral leakage, and its complex 

form preserves both magnitude and phase, making it ideal for atmospheric and oceanic series 

dominated by smooth, quasi-periodic variability (Grinsted et al. 2004; Song et al. 2024b). 

Significance was assessed against a red-noise (AR1) background using 1000 Monte Carlo 

surrogates and only regions within the cone of influence and above the 95 % threshold were 

interpreted. Only regions within the cone of influence and exceeding the 95 % threshold were 

interpreted. Interpretation focused on coherent regions (black contours) with upwards arrows, 

reflecting phytoplankton-leading variability in marine aerosol. Arrows pointing right 

correspond to in-phase behaviour (concurrent increase) and left to anti-phase (i.e. 

phytoplankton lysis while marine aerosol increase).  

Coherence patches exhibiting rapidly rotating or opposing phase arrows within the same 

significant region were not interpreted, as illustrated in Figure 2.6.1, which shows 

pathological unstable phase relationships between PMOA and equivalent black carbon (eBC).Ш

The same pairwise comparison also fails the cross-entropy test, exhibiting no statistically 
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robust lag structure, confirming that the apparent association is spurious rather than 

directional. 

 

Figure 2.6.1. (A) Cross-wavelet coherence between primary marine organic aerosol 

(PMOA) and elemental black carbon (eBC) during 2018. (B) Lagged cross-entropy 

between PMOA and eBC. The Significance markers distinguish non-significant and 

weakly significant lags; the absence of a sharp highly significant, isolated minimum 

indicates no robust or stable lead-lag relationship. 

Principal component analysis (PCA) was then applied to explore the dominant modes of 

covariability among the atmospheric and biological variables. PCA is a multivariate 

dimensionality-reduction technique that transforms a set of potentially correlated variables 

into a smaller number of orthogonal components that successively maximise the explained 

variance of the dataset. Each principal component represents a linear combination of the 

original variables and can be interpreted as a dominant pattern of variability shared across the 

system. By projecting the data onto these components, PCA highlights coherent structures in 

the dataset while reducing redundancy arising from collinearity among variables. PCA 
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suitability was confirmed further by Bartlettôs test of sphericity (ɢĮ = 19,680, df = 28, p < 

0.001) and a Kaiser-Meyer-Olkin index of 0.66, indicating that sufficient correlation structure 

was present to justify dimensionality reduction (Wang et al. 2015a).  

In addition, beyond its implications for statistical inference (Hahs and Pethel 2013; Cliff et al. 

2021), quantifying intrinsic time series memory also provides physically meaningful insight 

into how the climate system integrates and propagates forcing across temporal scales, consistent 

with the stochastic climate framework of Hasselmann (1976). Indeed, internal variability in the 

Earth system reflects differing degrees of ñmemory,ò conceptualised through contrasts between 

white and red noise and quantified by the Hurst exponent (H). White-noise variability, 

characterised by short-lived and uncorrelated fluctuations broadly typifies stochastic processes 

such as weather fluctuations (Hasselmann 1976), episodic air pollution events (Chelani 2013) 

or small-scale ocean surface turbulent heterogeneities (Renosh et al. 2015) and corresponds to 

H near 0.5, or below 0.5 denoting anti-persistent behaviour. In contrast, red-noise behaviour 

arises from temporally correlated variability driven by slow responses and the cumulative 

integration of forcing by components such as the global Climate (Mann et al. 2020), sea surface 

temperatures (Beaulieu et al. 2020) or marine phytoplankton blooms (Occhipinti et al. 2025). 

Such persistent dynamics are reflected with H between 0.5 and 1.0. Accordingly, intrinsic 

scaling behaviour is characterised using detrended fluctuation analysis (DFA), implemented in 

R with the mvDFA package (Irmer and Wallot 2023; Wallot et al. 2023). 

Moreover, changepoints (i.e. blooms regime shifts) were identified in phytoplankton exposure 

time series using the EnvCpt R package, which compares constant, trend, and AR(1) models 

with and without changepoints within a unified likelihood framework using Bayesian 

information criterion ranking (Killick et al. 2018).  

Because the transition from the standard vaporizer to capture vaporizer may alter PMF time 

series, the comparability of resulting time series must be explicitly assessed. To do so, the 

Jensen-Shannon divergence (JSD) is introduced for the first time. This metric compares two 

time series by first turning each into a probability distribution then measuring how different 

those distributions are, with 0 meaning identical and larger values meaning more dissimilar 

(Zunino et al. 2022). 

Finally, to expand on the forking paths problem, machine learning was deliberately not used 

throughout this monograph because the heavy number of data analysis steps and controversies 

associated with each steps, starting from data cleaning (Breznau et al. 2022; Hua et al. 2024) 
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to algorithm choice (Wainberg et al. 2016; Bilodeau et al. 2024),  test/train data splitting 

decisions  (Vakayil and Joseph 2022; Joseph 2022), hyperparameters tuning (Scornet 2017; 

Probst et al. 2019), overfitting (Gygi et al. 2023; Takefuji 2025), importance classification 

metrics controversies (i.e. Shapley values; Kumar et al. 2021; Baudeu et al. 2023; Bilodeau et 

al. 2024) and interpretation (Gan et al. 2025) introduce too much room for biases. 

2.7  SMPS Source Apportionment 

Traditionally, PMF error matrices are derived from physically grounded uncertainties using 

Poisson counting of ions for AMS along with error propagation (Cubison and Jimenez 2015). 

With SMPS, no clear-cut framework exists for several non-trivial reasons. First, the main 

assumption of sampled particles being spherical does not hold for all ambient particles, for 

example the changes in charging probability penetration efficiencies and diffusion of 

agglomerated particles like soot significantly differ from that of individual spherical particles, 

making charge correction ambiguous (Coquelin et al. 2018).  

Along with this, sea salt might also be misrepresented as its multiple charges lead to 

accumulation mode ñsmearingò after inversion (Chen et al., 2024), on the other hand, other 

aerosol sources are more tractable, for example primary marine organics mostly exhibit 

rounded/core-shell morphologies (Lee et al. 2020b; Kaluarachchi et al. 2022; Madawala et al. 

2024) which should be more readily quantified under reasonable assumptions about mixing 

state. 

SMPS error propagation was documented (Buonanno et al. 2009) for various aerosol sources 

types (marine, modified background, suburban, traffic, urban and vegetation burning), and 

error propagation methods are easily accessible (Spiess et al. 2018). Instrument errors were 

found as follows for raw count (Ñ10%), diffusion efficiency correction (Ñ10%), CPC 

efficiency correction (Ñ10%), DMA efficiency correction and volumetric diameter (Ñ0.95%) 

(Reischl 1991; Mulholland et al. 1999). Yet, error propagation might not represent all errors 

sources with fidelity (Sipkens et al. 2023).  

For example, DMA sources of errors (i.e. diffusion losses, multiple charge, aerosol flow rate, 

sheath and excess flow rates, inner electrode DMA voltage, seed material and ambient 

temperature and pressure) can vary a lot from one instrument to the other (Sarangi et al. 2017; 

Wlasits et al. 2020b) , errors in axial diffusion and n-butanol saturation are also hard to 

account for (Fernandez De La Mora and Higuera 2024) owing to temperature dependent 

saturation vapour pressure (Vokes et al. 2022). In addition, impurities or differences in carrier-
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gas composition can alter the ion populations responsible for particle charging, thereby 

modifying measured efficiencies (Steiner and Reischl 2012). The total DMA error across all 

particle diameters can also vary by up to Ñ3.0% depending on Cunningham slip correction 

estimates (A dimensionless parameter that adjusts for drag on small aerosol particles to 

account for slip flow effects when their size approaches the carrier gas mean free path; Vokes 

et al., 2022). Following Wiedensohler et al. (2012), SMPS measurement uncertainties are 

known to be size-dependent, with inter-instrument agreement typically within Ñ10 % for 20-

200 nm particles but increasing to Ñ25-30 % for diameters above 200 nm due to reduced 

mobility and counting statistics.  

Given the multitude of interdependent error sources, heuristics error matrices have thus been 

developed in the research community by tuning dimensionless constants with variations along 

the mean number of particles as a direct approximation of errors variability. These approaches 

are presented in Table 2.7.1 below. 

Table 2.7.1. Heuristic Error matrices estimate equations found in the literature 

REF Equation Details Reference 

Method1  

ʎ ὅױὔ ὔ ὅױὔ  

 

 

 

C1=0.01 

C2=0.1 

N is the measured 

particle number 

concentration and 

ὔ is the arithmetic 

average for j th size 

bin 

 

¶ Mace Head -

Sea Salt (Xu 

et al. 2024b) 

Method2 

 
ʎ ρ ὔ πȢρ ὔ  Nij is the number 

concentration for 

the ith sample and 

jth size bin; 

¶ Prague - 

Urban 

(Thimmaiah et al. 

2009) 

Method3 
ʎ

‌ ὔ   ὔ  ὭὪ ὔ π

ςὔ ὭὪ ὔ π
 

 

Where ‌ πȢπρ, 
ʎ is the calculated 

measurement error 

for ith sample and 

jth size, Nij is the 

number 

concentration for 

the ith sample and 

jth size bin; and ὔ  

is the arithmetic 

mean of the 

detected 

concentration 

values for the jth 

size bin. 

 

¶ European 

Urban sites  

(Ogulei et al. 

2006) 
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Method4 Ὓ

ừ
Ừ

ứ
υ

φ
ὒὕὈ ὭὪ ὔ ὒὕὈ

„ ὔ ὒὕὈό ὭὪ ὔ ὒὕὈ

 

 

where Uij refers to 

the uncertainty for 

the ith species in 

the j th row, and Nj 

refers to the 

particles number. 

„  is the standard 
error of the mean 

 

¶ Xiôan -

Urban (Duan 

et al. 2024) 

¶ Alaska -

background 

(Polissar et 

al. 1998) 

 

 

 

Method5 Ὓ ʎ ὅ ὔ  

With  

ʎ ɻὔ ὔ  

 

values below 

detection limit are 

replace by İ*DL 

and assigned Sij 

values of 5/6*DL 

(Emami and Hopke 

2017) 

 

Additional 

uncertainty of 0.07 

applied to error 

matrix (Garcia-

Marl¯s et al. 2025) 

¶ Rochester -

Urban  

(Emami and 

Hopke 2017) 

¶ European 

Urban sites 

(Rivas et al. 

2020) 

¶ Brussels - 

Urban 

(Garcia-

Marl¯s et al. 

2025) 

Method6 5.#

ừ
Ừ

ứ
υ

φ
ὒὕὈ ὭὪ ὔ ὒὕὈ

ὉὊ ὔ  ό πȢυz ὒὕὈό  

 

DL taken from 

(Wiedensohler et 

al. 2012) ~20 

dN/dlogDp. Error 

fraction (EF) is 

0.15 if Ὀ ςυὲά 

and  0.10 if not. 

¶ Beijing - 

Urban 

(Shang et al. 2022) 

¶ Beijing - 

Urban 

(Wang et al. 

2013) 

 

 

 

Method7 Ὓ ʎ ὅ ὔz  

With  

ʎ ὃ ‌zὔ ὔ  

 

Ŭ=0.01 

C3 is a 

dimensionless 

constant value and 

should be 

iteratively refined 

between 0.01 and 

0.05 by looking at 

the scaled residuals 

approximately 

randomly 

distributed between 

-2 to +2.  

C3=0.2 during 

summer because of 

increased 

variability 

0.1 otherwise 

(Squizzato et al. 

2019).  

A is an additional 

fined tune 

parameter around 

its nominal value 

(Vºrºsmarty et al. 

2024a) 

¶ Baltimore -

Urban 

(Ogulei et al. 

2006) 

¶ Pittsburgh -

Urban (Zhou 

et al. 2004, 

2005) 

¶ Beijing - 

Urban (Cai 

et al. 2020) 

¶ Rochester - 

Urban 

(Squizzato et 

al. 2019) 

¶ Budapest -

Urban  

(Vºrºsmarty 

et al. 2024a) 

¶ Rochester - 

Urban 

(Emami and 

Hopke 2017) 
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Method8 
„hourly 

ÓÄ

Ѝὲ
 

Sd- hourly standard 

deviation 

n is the number of 

data points within 

an hour 

¶ Cabauw - 

Semi-urban 

(Nursanto et al. 2023) 

¶ Rehovot - 

Urban (Ajith 

et al. 2024) 

Method 9 
Ὓ ὴ ὔz ό ὓὈὒό 

ὴ is set to 10%, 

ὔ values much 

lower than DL (0 

and negative) are 

replace with 

1/2*DL and 

corresponding Ὓ is 

set to 5/6*DL 

¶ Zurich- 

Urban 

(Manousakas 

et al. 2022) 

Method 10 ʎ ὅᶻὔ ὔ ὅ ὔz  

 

 ¶ China Sea 

(Liang et al. 

2021) 

 

All these approaches are intercompared on Mace Head 2018 measurements presented in 

Chapter 3.3. 

Overall, SMPS instruments are ideally suited for measuring nearly all submicron particles, as 

particles in the 40-500 nm mobility diameters size range typically account for the vast majority 

of submicron mass. (Lange et al. 2018).  

On a side note, although the HR-ToF-AMS also measures number distributions with its particle 

time-of-flight (p-ToF), it is not as suited for PMF. This is because (i) the uncertainty for Aitken 

mode is up to 5x larger than that of the SMPS, as p-ToF measures mass rather than number,  

making small sizing errors in small particles amplify cubically (Lee et al. 2017) and (ii) because 

sea salt PNSD canôt be measured due to slower vaporisation of sea salt in the HR-ToF-AMS 

chamber (Xu et al. 2024a). 

Once the PNSD final PMF solution is determined, modes are fitted (number concentration, 

geometric mean diameter and standard deviation) to interpret atmospheric processing (Methods 

2.4). Along with this, a similarity matrix is introduced for the first time to compare PNSD 

similarities with previous studies. This is done with the Wasserstein  Distance (ὡ) (also called 

EarthËs mover distance) which was used to quantify differences between PMF profiles and 

reference PNSDs using the Wasserstein() function from the transport R package (Schuhmacher 

et al. 2014). This approach has been broadly used in atmospheric science (e.g. pollution plume 

dispersal studies or climate models intercomparisons; Farchi et al., 2016; Vissio et al., 2020) 

and is well supported in the literature with thorough documentation. Unlike traditional PNSD 
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metrics (i.e. Span, D50), W captures both shape variations and peak shifts, making it particularly 

suited for comparing aerosol size distributions. This metric, first employed for assessing 

bioequivalence in drug emulsion related PNSDs (Hu et al. 2018a) has yet to be widely adopted 

in ambient PNSDs studies.ШThe metric shows strong applicability to post-PMF PNSD similarity 

analyses with reference profiles, supporting its adoption in future SMPS-PMF studies. W 

computation involves solving an optimal transport problem such as: 

ὡ ὖȟὗ ɾ ẗ ὧ     Ὡήςπ 

Subject to: 

ɾ ὴȟ ɾ ήȟ ɾ π    Ὡήςρ 

Where P and Q are two PNSD to compare, i and j are the evenly spaced PNSD bins from P and 

Q respectively, ɾ is the optimal transport plan matrix, ὧ is the squared Euclidean distance 

ᴁὼ ώᴁĮ between bin centres (representing the cost of moving 1 ñunit of massò from bin x to 

bin y), ὴand ή are the PNSD concentrations in bins i and j of P and Q respectively and p is set 

to 2 (to ensure that small shifts in PNSDS contribute less to the total cost than large shifts). 

Note that, prior to computation, all PNSD concentrations are normalised such that the sum 

across all size bins is unity. 

Reference SMPS size distributions included in the similarity matrix are the following; primary 

marine organics at Mace Head (Ovadnevaite et al. 2011a), mesocosms sea spray (Prather et al. 

2013), nascent sea spray (Cravigan et al. 2019), early and late mesocosm blooms (Glicker et al. 

2022b; Ma et al. 2024b), temperature dependent sea spray (Sellegri et al. 2023a), shoreline 

wave breaking sea spray (Zhou et al. 2025), polluted vs open ocean Mace Head air masses 

(Rinaldi et al. 2009; DallôOsto et al. 2011), sea salt (Xu et al. 2024b; Mallet et al. 2025), coastal 

(Burdette et al. 2023a), traffic aerosols (Huang et al. 2021b; Kalkavouras et al. 2024), aged 

aerosol (i.e.. less oxidised and more oxidised organic aerosol; Huang et al. 2021b; Hara et al. 

2021), peat burning and wildfire aerosol (Lin et al. 2018; Lu et al. 2025a; Wilson et al. 2025), 

DMS oxidation (Park et al. 2021; Wollesen de Jonge et al. 2021), clouds processed marine 

aerosol (Van Pinxteren et al. 2020), iodine oxoacid new particle formation (Park et al. 2021), 

and clouds interstitial/residual particles (Gramlich et al. 2022; Shen et al. 2025b). 
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2.8  Ancillary measurements 

Equivalent black carbon (eBC) mass concentrations were measured with a multi-angle 

absorption photometer (MAAP, Thermo Fisher Scientific model 5012) operating at a flow rate 

of 10 L min-1 and a 5 min time resolution with optical correction as described in (Xu et al. 

2020). During the first half of 2018, the MAAP was used to flag pollution events following 

predefined mass concentrations thresholds (Grigas et al. 2017). In the second half of 2018, a 

dual spot aethalometer (Model 33, Magee Scientific) was used instead (Drinovec et al. 2015) 

with optical correction as described in (Fossum et al. 2024). New Aethalometer pollution 

thresholds were then established following previously defined MAAP ones using quantiles 

regression by comparing concomitant AE33 and MAAP measurements from 2016. 

Carbon monoxide (CO) measurements were also conducted using a model RGA-3 CO analyser 

(Trace Analytical, Inc., CA, USA), which operates on the principle of hot mercuric oxide 

reduction gas chromatography (Derwent et al. 1994). 

Ozone (O3) was measured at the station with an UV O3 spectrometer (Model 8810, Monitor 

Labs San Diego, CA), the raw voltage output was converted to concentration values based on 

Automatic Urban/Rural Network (AURN) calibration audits (Derwent et al. 2018). 

Meteorological data were continuously recorded at the station (including rainfall, irradiance, 

wind speed, wind direction, temperature, relative humidity and pressure) using standard 

meteorological instruments and retrieved using the worldMet R package (station ID: 039630-

99999) from the NOAA ISD website (https://www.ncdc.noaa.gov/isd). Active wildfires 

locations were retrieved using MODIS/Aqua Terra Thermal Anomalies/Fire locations (NASA 

VIIRS Land Science Team 2021) from the FIRMS database 

(https://firms.modaps.eosdis.nasa.gov/ , last accessed 23/05/2025) and filtered to only keep 

points with confidence above 40. 

2.9  Phytoplankton functional type models 

The colours of the majority of the world's oceans surface is in the visible light spectrum, which 

ranges from 400 to 681 nm and changes depending on the amount of chlorophyll and other 

plant pigments (such as fucoxanthin, peridinin, 19ǋhexanoyloxy-fucoxanthin, 19ǋbutanoyloxy-

fucoxanthin, alloxanthin, chlorophyll b, zeaxanthin, and divinyl chlorophyll a) that are present 

in the water (Sieburth et al. 1978, Xi et al. 2021). These can be seen with satellite (SeaWiFS, 

MODIS, OLCI, MERIS, VIIRS etcé) aggregated composite measurements (Bracher et al. 

2017; Losa et al. 2017; Garnesson et al. 2019). Depending on these pigments and general 

https://www.ncdc.noaa.gov/isd
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oceanographic/biogeochemical input  (e.g.Шgrowth and mortality rates, nutrient assimilation 

dynamics, and temperature and light requirements; Mouw et al. 2017; Bracher et al. 2017), 

phytoplankton functional types (PFT), can be retrieved despite overlapping pigments. For 

example fucoxanthin is used as a tracer for diatoms, chlorophyll-b is a tracer for green algae, 

zeaxanthin for cyanobacteria, alloxanthin for cryptophytes  (Marty et al. 2002), while 

19ǋhexanoyloxy-fucoxanthin is a tracer for both dinoflagellates and pelagophytes (Kramer et al. 

2024b).  

Up to recently (for the past 50 years; Flynn et al., 2025), extensive daily global high resolution 

(4km) accurate PFT classification global was not achieved (Mouw et al. 2017; Bracher et al. 

2017; Xi et al. 2020), for example OC-PFT model had poor dinoflagellates validation results 

(Hirata et al. 2011), SynSenPFT model only covered 2002 to 2012 (Losa et al. 2017), and 

NOBM model (Gregg and Rousseaux, 2017)  had coarse spatial resolution (1.25Á longitude, 

2/3Á latitude). For these reasons, and generally ease of access, chlorophyll-Ŭ has been broadly 

used instead of PFTs as a proxy for phytoplankton surface biological activity in marine 

ecosystems - aerosol interconnections studies (Geever et al. 2005; OôDowd et al. 2015; Zhu et 

al. 2025) which sparked a long history of controversies (Rinaldi et al. 2013). Even though 

chlorophyll-Ŭ (adjusted with a lag) often strongly correlates with sea spray organics (OôDowd 

et al. 2015; Cui et al. 2019; Lewis et al. 2021), the correlation sometimes appears degraded 

(Quinn et al. 2014; Wang et al. 2015b; Cravigan et al. 2019) especially over senescent blooms 

or oligotrophic waters (Collins et al. 2016). This occurs because total satellites chlorophyll-Ŭ 

estimates conflate intact chlorophyll-Ŭ with lysis by-products such as phaeophytin and 

chlorophyllide (Prochaska and Frouin 2024) as well as increased post-bloom surface ocean 

organic matter radiative interferences (Simis et al. 2007; Attila et al. 2018; Kratzer et al. 2022). 

Along with physiological decoupling in response to environmental conditions, this likely 

explains most of the chlorophyll-Ŭ carbon cycle decoupling (Stoer and Fennel 2024). Because 

of these pigments considerations, high performance liquid chromatography (HPLC)-based PFT 

estimates are now treated with increasing caution, with careful treatment of pigment 

degradation products and taxonomic attribution (Roesler et al. 2017; Kramer et al. 2024a; Sun 

et al. 2025). These HPLC based estimates are then used for global remote sensing PFT estimates 

such as the global Ocean Colour (Copernicus-GlobColour), Bio-Geo-Chemical, L3 (daily) 

phytoplankton data (Garnesson et al. 2019; Xi et al. 2020; European Union-Copernicus Marine 

Service 2022).  
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In this work, the NASA Ocean Biogeochemical (NOBM) model (Gregg and Rousseaux 2017) 

and the  AI-driven global daily gap-free phytoplankton functional type (AIGD-PFT) model 

(Zhang et al. 2024d) were used to retrieve diatoms, dinoflagellates, green algae (chlorophytes), 

haptophytes (coccolithophores and phaecosytis), pelagophytes, Prochloroccus and other 

prokaryotes. 

The NOBM model is a dynamic three-dimensional plankton ecosystem representation of 

coupled circulation, biogeochemical, and radiative processes in the global oceans. The model 

assimilates data from multiple satellite sensors including the Sea-viewing Wide Field-of-view 

Sensor (SeaWiFS), the Moderate Resolution Imaging Spectroradiometer (MODIS) Aqua, and 

the Visible Infrared Imaging Radiometer Suite (VIIRS) to generate complete spatial and 

temporal coverage of ocean biogeochemical variables. A key feature of the model is its explicit 

representation of six phytoplankton functional types (PFTs): diatoms, coccolithophores, 

chlorophytes, dinoflagellates, cyanobacteria, and phaeocystis. Each of these PFTs responds 

differently to environmental changes and competes for available nutrients and light. The model 

domain spans from 84ÁS to 72ÁN with a spatial resolution of 1.25Á longitude by 2/3Á latitude, 

focusing only on open-ocean areas where the bottom depth exceeds 200 meters. One of the 

significant advantages of NOBM is its ability to provide complete coverage at daily resolution, 

addressing the inherent limitations of satellite data such as gaps due to clouds and high solar 

zenith angles. The model also includes four nutrients: nitrate, ammonium, silica (regulating 

diatom growth), iron, detritus and incorporates zooplankton grazing (Rousseaux et al. 2013; 

Gregg and Rousseaux 2017; Arteaga and Rousseaux 2024). 

The AIGD-PFT model uses deep learning techniques to reconstruct missing data in satellite 

observations of ocean colour to create a comprehensive 4 km resolution dataset spanning 25 

years (1998-2023) to retrieve diatoms, dinoflagellates, green algae, haptophytes, pelagophytes, 

prokaryotes, cryptophytes and Prochlorococcus PFTs. The model works by integrating HPLC 

datasets, multiple satellite data sources, including ocean colour measurements from sensors like 

SeaWiFS, MODIS, and VIIRS, with environmental parameters such as sea surface temperature 

and photosynthetically active radiation. The AI component employs convolutional neural 

networks to learn relationships between these variables and phytoplankton distributions, 

enabling accurate predictions even for regions and time periods where direct observations are 

unavailable due to cloud cover, high latitudes, or other limitations using cosine transform-

penalized least squares (Zhang et al. 2024d). For comparison, NOAA MSL12 multi-sensor 
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DINEOF global 9 km gap-filled chl-a and suspended particulate matter (SPM) were retrieved 

from the COASTWATCH portal (Liu and Wang 2022). 

To complement phytoplankton analyses, vertically integrated zooplankton and epipelagic (i.e. 

down to 1.5 Ĭ the local euphotic depth, typically ~100-200 m) micronekton biomass fields 

(expressed as gC. m-2 in sea water) were also extracted from the Copernicus Marine 

environment GLOBAL_MULTIYEAR_BGC_001_033 product (European Union-Copernicus 

Marine Service 2021). This product provides 1/12Á (~8 km) daily hindcasts from 1998 onward, 

generated with the SEAPODYM-LMTL model, which simulates low- and mid-trophic biomass 

using advection-diffusion-reaction dynamics forced by ocean currents, temperature, and 

satellite-derived net primary productivity (Lehodey et al. 2015; Albernhe et al. 2024).  

Zooplankton in SEAPODYM are passive lower-trophic drifters with no vertical structure, while 

epipelagic micronekton are active swimmers (~1-20 cm) organised into depth-stratified 

functional groups with diel migration and explicit behavioural dynamics. 

In this work, these products were applied at daily resolution for 2018 to quantify air-mass-

integrated exposure (detailed in methods 2.11) to individual phytoplankton functional types 

along observed air masses transport pathways. For example, Figure 2.9.1 shows that raw 

chlorophyll-a and suspended particulate matter (SPM) exposure time series show reduced 

correlations with PMOA (R = 0.43 and R = 0.28), which increased markedly after Hampel 

filtering (R = 0.59 and R = 0.60).  
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Figure 2.9.1. Time series of satellite-derived ocean colour variables compared with PMOA 

during the spring-summer climax period. Panels show (A) chlorophyll-a (chl-a), (B) 

Hampel-filtered chl-a, (C) suspended particulate matter (SPM), and (D) Hampel-filtered 

SPM. 

This indicates that bulk ocean-colour proxies require cleaning to remove optical and 

biogeochemical artefacts such as photoacclimation effects, pigment residues from cell lysis, 

and interference from non-biogenic particlesШwhereas PFT exposure provides more 

interpretability as demonstrated in Chapter 3.2. 

2.1 0 Tracking air masses with HYSPLIT 

The Hybrid Single-Particle Lagrangian Integrated Trajectory model, commonly known as 

HYSPLIT is one of the most widely used model for atmospheric trajectory and dispersion 

calculations (Stein et al. 2015a) and has been extensively used across a wide range of contexts 

ranging from dust aerosol tracking to wildfire smoke dispersion, disease transport modelling, 

volcanic ash tracking, radioactive material and various hazardous material dispersion as well 

as natural biogenic emissions tracking (Rolph et al. 2014; Hurst and Davis 2017; Kanankege 

et al. 2022). Although other dispersion models also exist (FLEXPART, STILT), HYSPLIT is 

retained because of its setup simplicity and similar performances compared to other models 

(Hegarty et al. 2013). 

 HYSPLIT is set up with meteorological data accessed from the Global Data Assimilation 

System (GDAS) archived by NOAA Air Resources Laboratory. 72-hours long back 

trajectories are generated every hour with arrival height set to 100m above ground level 

(coherent plume structure is lost after 4-5 days as long trajectories suffer from artificial 

mixing; Font et al., 2010; Stohl et al., 2004). 

To avoid biasing potential long-range sources with local pollution (up to a few dozens of 

kilometres), pollution wind roses were used to check for local plumes and flag periods of 

local influences, typically calm conditions with low wind speed (<2 m s-1) primarily reflect 

local sources, whereas higher wind speeds (>4.0 m s-1) indicate pollution transported from 

more distant sources (Von Der Weiden-Reinm¿ller et al. 2014; Hsu et al. 2016; 

Evagelopoulos et al. 2022). Pollution wind roses were plotted using kernel density 

nonparametric wind regression owing to its robustness with sparse data context (Henry et al. 

2009; Petit et al. 2017). Similarly, back trajectories clustering was also used to investigate 

long range pollution transport and rate-of-change filtering (Rizzo et al. 2013) was further used 

to hone in on local pollution episodes by monitoring abrupt changes in particle number 



  

66 
 

concentrations (increase rate > 500 cm-3 h-1) along with wind direction, air masses advection 

over land and black carbon thresholds. 

To investigate potential source regions leading to total particle mass concentrations from each 

resolved source, the back trajectories are gridded to 1Á Ĭ 1Á grid cells and linked to particle 

concentrations using trajectory source contribution functions. While common source 

contribution functions assume that trajectories centrelines are accurate, the simplified 

Quantitative Transport Bias Analysis (SQTBA) method is used in this work (eq 22) as a it 

rather considers plumes transport bias along air mass trajectories as a more robust approach 

(Sofowote et al. 2014, 2015; Zhou et al. 2019): 

ὗὼȟὸȟὼȟὸ
ρ

ςʌʎ ὸʎ ὸ
ÅØÐ

ρ

ς

ὼ ὼὸ

ʎ ὸ

ώ ώ ὸ

ʎ ὸ
    Ὡήςς 

With Q(x,t| xô, tô) representing the probability density describing the transport of an air parcel 

from position xô at time tô to position x at time t, X, Y being the grid centre coordinates, xô and 

yô being the trajectory centreline, ů representing the standard deviation of the trajectory 

ensemble in each horizontal direction, parameterising the time-dependent growth of dispersion. 

The horizontal dispersion is prescribed as „ ὸ=„ ὸ ‌ὸ, where ‌ is the dispersion 

velocity, set to 1.5 km h-1. The potential mass transfer field is then computed for an air-mass 

trajectory l terminating at time t by integrating its contribution over the full back-trajectory 

duration Ű.  

Ὕὼȿὼ
᷿ ὗὼȟὸȿὼȟὸ Ὠὸױ

᷿ Ὠὸ
    Ὡήςσ 

The concentration-weighted field is then computed as: 

Ὕὼȿὼ Ὕὼȿὼ  ὧ    Ὡήςτױ

With ὧ being the receptor concentration of trajectory l, and L being the total number of 

trajectories. SQTBA is then finally calculated as follows: 

ὛὗὝὄὃὼȿὼ
Ὕὼȿὼ

В Ὕὼȿὼ
    Ὡήςυ 
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In addition, the boundary layer height (BLH) was also determined from the fifth-generation 

ECMWF (European Centre for MediumRange Weather Forecasts) atmospheric reanalysis 

(ERA5) dataset based on the bulk Richardson number (Guo et al. 2021a) by mapping the 

HYSPLIT trajectory footprint along the gridded BLH data. This was used to find the fraction 

of time spent over the ocean, within the marine boundary layer (MBL; altitude < BLH), in the 

marine free troposphere (MFT; altitude > BLH), and in the planetary boundary layer (PBL) 

over land (altitude < BLH). The R package rnaturalearth was also used to obtain a high-

resolution land mask for Ireland, allowing for identification of purely marine air masses (no 

advection over land for at least 3 d prior to being sampled at MHD) and aiding in delineating 

land from ocean. 

2.1 1 Relating Air Masses to Phytoplankton 

NASA Ocean Biogeochemical Model (NOBM) taxonomic group simulations (Rousseaux et 

al., 2013) for coccolithophores, diatoms, chlorophytes and cyanobacteria are first used in 

Chapter 3.1 to visualise phytoplankton  geographic repartition estimates as well as for lags 

calculations with OA similarly to OôDowd et al (2015). 

For the lags approach, the NOBM model is initially mapped as the arithmetic mean of surface 

concentrations along each trajectory. Although NOBM 1Á resolution aligns with frontal scales 

(<100km) which generally dominate phytoplankton blooms sub-seasonal variance at high 

latitudes (Keerthi et al. 2022), submesoscale (1-100km) would ideally have delivered more 

insights on short-time ageostrophic upwelling induced blooms (Erickson and Thompson 

2018; Zhang et al. 2019; Liu et al. 2025e), similarly 1Á coarse resolution instead of 4km high 

resolution can lead to surface mass concentrations biological activity being underestimated by 

up to 50% as shown in high-resolution studies (Clayton et al. 2017; Couespel et al. 2021).  

For these reasons the 4km gap-free AIGD-PFT model  (Zhang et al. 2024d) is subsequently 

used in Chapter 3.2 along with air mass exposure (AE) and boundary layer height to refine 

mapping of surface ocean phytoplankton functional groups (PFT) to HYSPLIT air masses. 

Instead of simply calculating pixels average values, the air masses exposure (AE)  is adapted 

from the literature assuming that submicron aerosol are well mixed within the boundary layer 

with diffusion and loss relating to transport time (Arnold et al. 2010; Park et al. 2018; Zhou et 

al. 2022) as: 
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Where ע are phytoplankton surface concentrations from NOBM (Rousseaux et al. 2013; 

Arteaga and Rousseaux 2023) or AIGD-PFT (Zhang et al. 2024d) for a given trajectory  with 

coordinates i, n the number of valid (non-empty) phytoplankton coordinates per trajectory 

(trajectories AE with n<37 are discarded), ti represents the backwards elapsed hours (Zhou et 

al. 2021; Yan et al. 2024). ע values are set to zero when the endpoint corresponding air mass 

pressure falls below 850 hPa and boundary layer height (ὄὒὌ) values below 50 m are 

adjusted to a minimum of 50 m (Yan et al. 2024). The value of 600 m represents a well-mixed 

marine boundary layer (Dodson and Small Griswold 2021). This normalisation establishes a 

baseline mixing volume as when BLH exceeds 600 m, phytoplankton signals are 

proportionally diluted, whereas shallower BLH results in enhanced concentrations per unit 

volume. ע values are calculated as average within a 20km radius of each trajectory endpoint 

(Liu et al. 2022). To determine air masses origin, the retention times (Zhou et al. 2022; Liu et 

al. 2022; Yan et al. 2024) over either oceans or land were quantified with the Retention ratio 

(RL) and marine retention ratio (RMBL) as follows; 

Ὑ
В Ὡ

В Ὡ
    Ὡήςχ 

Ὑ
В Ὡ

В Ὡ
    Ὡήςψ 

These are used to filter עὭ pixels to remove those with Rl<0.15 or Rmbl<0.85 removed (Yan 

et al. 2024). Stricter cutoffs reduced trajectory coverage substantially without changing the 

qualitative results hence these permissive thresholds. 

Here, Ntotal refers to the total number of trajectory endpoints and Nland the number of those 

located over land, respectively. Similarly, Nocean denotes the number of endpoints over the 

ocean, while Nbelow corresponds to the subset of ocean endpoints situated below the marine 

boundary layer (HYSPLIT mixing layer height). 

Although arithmetic mean has been used in all previous studies for ע estimates (Hu et al. 

2022; Liu et al. 2022; Xu et al. 2025), ocean biological surface activity follows a log-normal 
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distribution (Campbell 1995; Hu et al. 2019), and so the geometric mean is used instead as a 

more representative metric (Sayer and Knobelspiesse 2019). 

 

Figure 2.11.1 Sensitivity of haptophyte exposure sensitivity to trajectory radius 

assumptions. 

Sensitivity tests are performed by varying some exposure parameters (eq 17). Since fronts and 

eddies can move up to 50-80km.day-1 (Gangrade and Mangolte 2024), the impact of the 20km 

radius around each trajectory endpoint is tested first. Radii from 20 km to 80 km are tested to 

evaluate the robustness of the exposure estimate. As shown in Figure 2.11.1, the exposure 

time series remain consistent across distances, indicating that the results are not strongly 

dependent on the choice of radius size. 

Figure 2.11.2. Sensitivity of haptophytes exposure to trajectory lifetime assumptions. A) 

Time series using back-trajectories durations of 24 h (red), 36 h (magenta), 48 h (green) 

and 72 h (blue). B) Temporal correlation (PearsonËs R) between exposure time series 

computed with each duration Ű and the 72-h reference case. 

Varying the back-trajectory duration from 24 h to 72 h (Figure 2.11.2) reveals broad 

consistency in the exposure signal with inter Pearsonsôs correlations always exceeding 0.7. 

Shorter trajectories (24-36 h) produced smoother and broader features, while longer ones (48-

72 h) yield more spikes as further blooms are captured.  
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To assess the degree of agreement between the spatial distributions of aerosol sources and PFT, 

a grid-cell level similarity index is computed on a 0.5Áx0.5Á grid covering the North Atlantic 

domain. PFT concentration fields are first interpolated to the aerosol sources grid using bilinear 

resampling in terra (v1.8). For each collocated cell, the Bray-Curtis similarity is defined as: 

Ὓobsὼȟώ ρ
ȿὛὗὝὄὃὼȟώ ὖὊὝὼȟώȿ

ὛὗὝὄὃὼȟώ ὖὊὝὼȟώ
    Ὡήςω 

such that S=1 indicates perfect agreement and S=0 indicates complete mismatch. To estimate 

significance, a null distribution is generated by randomly resampling PFT values from the entire 

spatial domain, so that the overall distribution of PFT biomass is preserved but its spatial 

correspondence with SQTBA is destroyed. For each cell, this is repeated n=2000 times, yielding 

permuted similarities Ὓpermὼȟώ. The p-values map is then defined as the fraction of permuted 

values greater than or equal to the observed similarity, 

ὴὼȟώ
NὛ ὼȟώȢ Ὓobsὼȟώ

ὲ
    Ὡήσπ 

The analysis thus provides a statistically grounded, spatially explicit basis for attributing marine 

aerosol source regions to distinct phytoplankton functional types, while explicitly controlling 

for domain-wide biomass structure (i.e. significant similarity geographic hotspots along marine 

fronts). 

Collectively, these methods provide a statistically and physically consistent basis for 

interrogating how marine aerosol sources respond to ocean biological structure, transport 

history, and atmospheric processing. Chapter 3 presents the results obtained by applying this 

framework to the Mace Head observational record, progressing from aerosol chemical 

composition and source apportionment to biologically driven variability and size-resolved 

properties. 

3.  Results  

3.1 Aerosol Chemical Composition, Sources, and Source Region Variability 

at Mace Head 

3.1.1 Focused Short-term Study over Summer 

Using high-resolution aerosol mass spectrometry (methods section 2.2) and positive matrix 

factorization (methods section 2.5) at Mace Head during a biologically active summertime 
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period, this results section provides new proof-of-concept on how marine OA reflect specific 

phytoplankton species retrieved from the NOBM model (methods section 2.9)Ш 

The analysis is first contextualised by presenting the bulk chemical composition of submicron 

aerosol during a case study period in August 2015, a late summertime period characterised by 

a shallow mixed layer maintained by strong upper-ocean stratification, low nutrient 

availability, and a near-equilibrium balance between phytoplankton growth and loss processes 

(Behrenfeld et al. 2019) as well as predominant pristine marine conditions. This specific 

period was also marked by the onset of the cold blob, with the subpolar gyre region (The 

North Atlantic waters south of Greenland) reaching around 2ÁC lower than previous long-term 

average possibly owing to the slowing down of the Atlantic Meridional circulation and 

Greenland Ice melt  (Rahmstorf et al. 2015; Sanders et al. 2022). As such these specific 

conditions could serve as an indication for future measurements of aerosol-phytoplankton 

interactions during cold blob phenomena. 

The mass concentration time series of organic aerosol (OA), methane sulphonic acid (MSA), 

sulphate (SO4
2-), nitrate (NO3

-), ammonium (NH4
+) and sea salt measured by the HR-ToF-AMS 

as well as eBC from MAAP measurements are shown in Figure 3.1.1. The average chemical 

composition was dominated by OA (32%), followed by SO4
2ī (31%), sea salt (20%), MSA 

(7%), NH4
+ (6%), NO3

ī (2%) and eBC (2%) (Figure 3.1).  
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Figure 3.1.1 A) August 2015 case study - OA, SO4,, NH4, NO3 and eBC mass concentrations time 

series - ɛg m-3 B) Relative contributions to total PM1 C) Pie plot of total contributions to total 

PM1 D) shows MSA and sea salt - ɛg m-3. 

The total average bulk submicron aerosols mass was 1.2 ɛg mī 3 over the entire measurement 

period. These high SO4
2- and OA relative contributions and overall low concentrations are 

common for coastal sites during summertime in the marine boundary layer as reported over the 

North & South Atlantic Ocean (Ovadnevaite et al. 2014a; Huang et al. 2018a) as well as in the 

Arctic (Willis et al. 2017; Nielsen et al. 2019). MSA showed mass concentrations values of 

0.08Ñ 0.04 Õg m-3 in the range of those previously reported at Mace Head (0.05Ñ0.04) 

(Ovadnevaite et al. 2011) and more diverse locations such as the central Arctic (Dada et al. 

2022) and the Atlantic Ocean from 53Á N to 53Á S where average mass concentrations of 0.04 

Ñ 0.03 Õg m-3 (Huang et al. 2018a) were reported. 

The low mass concentrations of NH4
+, NO3

- and corresponding N:C ratio of 0.006 Ñ 0.002 

(Figure S3.1), indicate a limited presence of amino acids (below detection limit) from usual 

sources such as the North Atlantic oligotrophic gyre, ornithogenic emissions (i.e., birds), 
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phytoplankton, bacteria, or in situ atmospheric processes (Schmale et al. 2013a; van Pinxteren 

et al. 2022). 

Following eBC thresholds established for the North-East Atlantic (Grigas et al. 2017), pristine 

conditions (eBC levels below 0.015 ɛg mī3) were observed during 60.4% of the measurement 

period. Clean conditions (eBC levels between 0.015 and 0.05 ɛg mī3) prevailed for 30.5% of 

the time, and moderately polluted conditions (eBC levels between 0.05 and 0.3 ɛg mī3) 

occurred for 9.1% of the time with a significant pollution event spanning from August 17th to 

19th 2015. 

Likewise, CO mixing ratios were below 100 ppb for over 70% of the time, similarly to other 

pristine sites (Zhao et al. 2022b). Winds advected through the clean sector (190-300Á) for over 

78% of the time. Finally mean wind speed was 6.6 Ñ 3.1 ms-1 exceeding the whitecap threshold 

of 4 m s-1 (OôDowd et al. 2014)  for 77% of the time, suggesting strong sea spray influences.  

The average OM/OC (organic matter to organic carbon ratio) value was 2.10 Ñ 0.14 (Figure 

S3.1), aligning with the value of 1.9 previously reported for clean aged marine polar air masses 

at MHD (Ovadnevaite et al. 2014). Additionally, HR-TOF-AMS derived OM/OC values in the 

high Arctic (Nielsen et al. 2019) also fall within the range of 1.96 to 2.42 for PMOA (primary 

marine organic aerosol) and MO-OOA (more oxidised organic aerosol) respectively, here 

median OM/OC value was 2.11 with minimum and maximum OM/OC values of 1.71 and 2.42 

respectively. 

To get a better sense of the aerosol sources, the respective contributions of the marine boundary 

layer (MBL), marine free troposphere (MFT) and planetary boundary layer over land (PBL) are 

shown in Figure S3.1.2. Overall, the measurement period was dominated by marine boundary 

layer influences (91% of the time), with minimal marine free troposphere influences (8%) and 

extremely low land-influences from the planetary boundary layer (1%) further evidencing 

pristine marine conditions.  

The following four factors, namely MSA-OA, MO-OOA, PMOA and Peat-OA, were 

determined as the optimal source apportionment representation (Q/Qexp ratio of 1.38, other 

solutions led to splitting; Figure S3.1.3, Text S3.1.1) of aerosol at Mace Head:  

Methane Sulphonic Acid Organic Aerosol (MSA-OA), representing approximately 17.2% of 

the total OA mass, displaying a distinct m/z fragment at m/z 78.98 (CH3SO2
+), accounting for 

36.3% of its total mass spectra signal intensity. The identification of specific mesylate tracer 
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ions further substantiated its origin. More details on all factors are provided below in sections 

3.2.1-3.2.4. 

More Oxidised Organic Aerosol (MO-OOA): Making up about 31.8% of the total elucidated 

PMF solutions, this factor exhibited prominent m/z fragments at m/z 27.99 and m/z 43.99 and 

showed significant correlations with reference mass spectra for MO-OOA (R = 0.97) (Hu et 

al. 2015), SV-OOA (R = 0.76) (Mohr et al. 2012), and was interpreted as MO-OOA after 

examining elemental ratios and correlations. 

Primary Marine Organic Aerosol (PMOA): Comprising roughly 42.2% of the total resolved 

PMF solutions. This factor  exhibited m/z fragments similar to MO-OOA (Schmale et al. 

2013a), but with higher contributions from aliphatic (CxHy) such as  alkyls (dominant in sea 

spray during phytoplankton blooms; Cavalli et al. 2004),  alkenes (i.e. phenols or humic 

materials; Bahadur et al., 2010; Santander et al., 2022) and functional derivatives such as 

alcohols (CxHyOz, where z=1) as established in earlier studies (Ovadnevaite et al. 2011; 

Crippa et al. 2013). 

Peat-OA: accounting for approximately 8.8% of the total PMF solutions, was characterised by 

saturated hydrocarbons (CxH2y+1), unsaturated hydrocarbons (CxH2yī1) and cycloalkanes 

(CxH2y) ion series. This factor  was identified as Peat-OA owing to its good correlation 

(R=0.75) with the Peat-OA reference mass spectra (Lin et al. 2017). Additionally, its mass 

spectrum was marked by cellulose pyrolysis fragments typical for levoglucosan (i.e. C2H4O2
+ 

at m/z 60 and C3H5O2
+ at m/z 73) and by the dominance of C3H7

+ rather than C2H3O
+ at m/z 

43 which facilitated the distinction of peat emissions over wood or smoky coal emissions. 
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Figure 3.1.2. A) Factors time series (MSA-OA in red, MO-OOA in green, PMOA in blue, Peat-OA 

in black) and associated relative contribution time series and pie chart showing fractions and 

respective mass concentrations (ɛg m-3) for the whole period B) Factors mass spectra (MSA-OA 

in red, MO-OOA in green, PMOA in blue, Peat-OA in black) and associated improved ambient 

OM:OC, O:C and H:C ratios (Canagaratna et al. 2015).  

MO-OOA main contributing ions are associated with oxygenated compounds belonging to the 

COOH functional group (Figure 3.1.2), reflecting pronounced fragmentation of mono- and 
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dicarboxylic acids into fragments with multiple oxygen atoms (Duplissy et al. 2011). 

Specifically, CxHyOz (z > 1) ions family accounts for 63.1% of the total mass spectra intensity, 

followed by CxHyOz (z = 1) ions family (m/z 27.99, m/z 43.02, m/z 42.01é) contributing 

13.68% to MO-OOA, adding up to a total contribution of 76.8% (Figure S10). Additionally, 

CO+ and CO2
+ each accounts for 25% of MO-OOA intensity which is typical for remote Ocean 

carboxylic acids (Dominutti et al. 2022). 

In contrast, CxHy (aliphatic) ions family (m/z 13.00, m/z 15.02, m/z 16.03é) contributes only 

13.7% to MO-OOA total mass spectra intensity. Nitrogen-containing ions fragments constituted 

a very low portion of the signal (0.8%), similarly to previous remote ocean measurements 

(Ovadnevaite et al. 2011). The weak contribution from C2H3O
+ (3.16%) which has been 

reported to be predominantly due to non-acid oxygenates (Ng et al., 2011a) suggests a 

considerable prevalence of aging/oxidation during transport over the North-East Atlantic 

Ocean. This is also further confirmed by the low m/z 43:44 ratio of 0.12 hinting to MO-OOA 

rather than less oxidised species (Ng et al. 2011). This factor respective O:C ratio and H:C ratio 

of 0.78 and 1.17 further agree with MO-OOA reported at other similar locations (Figure S4). 

MO-OOA also has a strong contribution from CO2
+ (25.7%) which is assumed to originate 

mainly from acids or acid-derived compounds (Ng et al. 2011; Duplissy et al. 2011) that are 

known to be mostly water-soluble (Decesari et al. 2007) such as organic acids (e.g., mesotartaric 

acid, meso-erythritol, tartaric acid, oxalic acid) formed from oligomerisation of small Ŭ-

dicarbonyls (e.g., glyoxal) (Cui et al. 2022).   

MO-OOA formation through ozonolysis is postulated based on a robust hourly averaged 

correlation (R=0.67) of MO-OOA to O3 across the entire observational period Figure S3.1.6-

B). Introducing effective transfer entropy tests (Behrendt et al. 2019) further reveals the non-

linear dynamics between O3 and MO-OOA, highlighting  O3 as a significant reactant in the 

formation of MO-OOA from its precursors with an effective transfer entropy value (Figure 

3.1.3) of  0.0127 Ñ 0.0009 (p-value<0.05). In other words, there is a significant directional 

information flow between the two time series. Figure 3.1.3 also shows that MO-OOA is a 

mix of local (Peat-OA) and regional marine influence (PMOA, but also MSA-OA to a lesser 

extent) all eventually concurring to MO-OOA formation, with O3 contributing 3x more 

information to MO-OOA than irradiance does. Although, irradiance and O3 were measured 

onsite and may not be as directly related to conditions of aerosol during transport. Yet, this 

finding aligns with studies showing O3 to be a strong oxidation driver during summertime in 
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the marine environment (Ovadnevaite et al., 2011), where unsaturated aliphatic chains (C=C 

double bonds) react with ozone to form oxidised compounds (Decesari et al, 2011).  

 

 

Figure 3.1.3. Significant (p-value=0) effective transfer entropy flow values between PMF factors, 

ozone and irradiance.  

The mass profile of MSA-OA reveals that two oxygenated carbon families CHO (sum of 

CxHyOk and CxHyOw where k = 1 and w > 1) dominate 53.4% of the total mass spectra fraction 

(Figure S3.10) followed by aliphatic (pure Hydrocarbon like, CxHy
+) whose fraction accounts 

for 33.3% (Figure 3.1.2). MSA-OA is clearly identified owing to its substantial contribution 

from the CxSy
+ family (6%) over other sources, this is in line with the CxSy

+ contribution (7%) 

for MSA-OA also reported by Huang et al. (2018). In addition, the excellent correlation 

(R=0.82) between this factor and the CxSy
+ family (Figure S3.1.6-D) further substantiates the 

attribution to MSA-OA. 

Similarly, to results reported by Schmale et al. (2013),  the correlation coefficient with the AMS 

database MSA-OA laboratory reference spectrum (Figure S3.1.6-A) is rather moderate 

(R=0.55), although this factor spectra still allows for the precise identification of characteristic 

MSA ions at m/z 44.98 (CHS+), 47.00 (CH3S
+), 64.97 (HSO2

+), 77.98 (CH2SO2
+), 77.99 

(CH3SO2
+), and 95.99 (CH4SO3

+).  MSA-OA O:C and H:C ratios were 0.66 and 1.39 

respectively, close to values (O:C: 0.54, H:C: 1.42) reported by Loh et al. (2022).   

MSA-OA CxHy family also features a typical CH3
+ ion at m/z 15.02 that is absent from other 

factors. Similarly, the CxHyOw (w=1) family features the tracer ions CH2O
+ (8.2%) and CH3O

+ 

(2.4%) which are heat stress related aerosol markers (Faiola et al. 2015) possibly attributed to 

methyl jasmonate (MeJA) which commonly condenses to form low volatiles in the aqueous 
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phase after OH oxidation (Sarang et al. 2021) or other oxylipins stress enzymes (Koteska et al. 

2022; Aguilera et al. 2022) which are known to be emitted by kelp (Saha and Fink 2022) or 

phytoplankton species (Koteska et al. 2022; Cruz et al. 2023).  

The CxSy
+ fragment family was dominated by CHS+(25.9%), CH3SO2

+ (20.2%), CH2S
+ 

(12.2%), CH4SO3
+ (7.5%), CH3SO

+ (7.2%), CH2SO2
+, (6.9%), CH4SO2

+ (5.45), CH3S
+ 

(6.41%), C2H4SO2 (5.4%) and CH2SO
+ (2.5%) which are common MSA ions found in the 

literature (Moschos et al. 2022). Overall, the CxHy
+ and CxSy

+ fragment ions families indicate 

a clear MSA fragmentation pattern with a characteristic high CH3
+ relative intensity (13%)  

typical for marine SOA in line with recent findings (Huang et al. 2018a; Moschos et al. 2022). 

Finally, MSA-OA correlated moderately (Figure S3.1.6) with particulate sulphate (R=0.51) 

which is expected since dimethyl sulphide, released by phytoplankton, can be oxidized to either 

form MSA or sulphur dioxide and then to sulphuric acid, leading to their partitioning into the 

particulate phase (Mungall et al, 2018). Although MSA is often found in clusters with amine, 

dimethylamine or trimethylamine (Bork et al. 2014; Chen et al. 2016c; Paglione et al. 2024), 

the MSA spectrum minor methylamine contributions such as m/z 30 (CH4N
+), m/z 41 (C3H5

+), 

m/z 42 (C2H4N
+) (Malloy et al. 2009) were too sparse to assume involvement. 

High-resolution mass spectrum of PMOA reveals that two CHO oxygenated carbon families 

(sum of CxHyOw and CxHyOw where x = 1 and w > 1) dominate 61.5% of the total mass spectra 

followed by aliphatic (pure Hydrocarbon like, CxHy) whose fraction accounts for 36.2% of the 

total mass spectra signal (Figure 3.1.2) aligning with previous findings reported by Ovadnevaite 

et al (2011). The CxHyOw (w=1) family features ions series (m/z 55.02, 69.03, 83.05, etcé) 

related to alkenyl groups, diunsaturates, cyclic alcohols, and ethers. Such functional groups 

repartition is consistent with previous reports of water-insoluble organics being formed in sea 

spray (OôDowd et al. 2004; Ovadnevaite et al. 2011). Additionally, this factor mass spectrum 

closely resembles (R=0.99) marine organic aerosol (MOA) mass spectra (Ovadnevaite et al. 

2011) (Figure S3.1.6-A) and its O:C ratio of 0.66 and an H:C ratio of 1.16 respectively are 

close to literature O:C values for sea spray (Ovadnevaite et al. 2011; Flerus et al. 2012; 

Willoughby et al 2016) (Figure S4).  

PMOA CxHy mass spectra family is dominated by ion series CxH2y 3 (m/z 39.02, 53.03, 67.05, 

81 etcé) indicating dienes, alkynes, and cycloalkenes contributions, which is further confirmed 

by the presence of CxH2y 1 ions series (m/z 27.02, 41.04, 55.05 etcé) while the CxH2y+1 family 

(m/z 43.05, 57.07, 83.08 etc... y>2) indicative for anthropogenically influenced refined 
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hydrocarbons is absent from this factor mass spectra (Ovadnevaite et al. 2011). The marine 

biogenic origin of this factor is also indicated by the absence of alkanes (CxHy; m/z 16.03, 

58.08, 72.09) which are typical for continental air masses (Lewis et al. 2021) and by its lack of 

correlation with eBC (R=0.17) thereby excluding contribution from fossil hydrocarbons to 

PMOA. The CxHy family is also marked by alkyls (CxH2y+1 ;m/z 15.02, 29.03, 37.00 etcé) 

which have been reported to be dominant in sea spray during phytoplankton blooms as a result 

of phosphate cycling (Cavalli 2004; Meador et al. 2017).  

Prior atmospheric measurements have shown that PMOA containing a large fraction of alkenes 

and oxygenated functional groups (ie. alcohols, ethers, aldehydes, ketones)  are dominated by 

insoluble organic colloids and aggregates (Facchini et al. 2008b; Rinaldi et al. 2020) composed 

of microgels derived from phytoplankton extracellular metabolic extraction and adsorption 

organic pool rather than exopolymers produced from bacteria, with abacterial microgels aerosol 

being quite common and possibly accounting for 50-90% or phytoplankton derived organics 

(Bigg and Leck 2008; Bates et al. 2012; Liu et al. 2023). These bacterial exopolymers would 

follow the makeup of ordinary bacterial cell fragments, which comprise approximately 55% 

nitrogen-containing organics and 10% carbohydrates (Schmale et al. 2013a). The latter are 

accounted for by summing up pure carbohydrates (i.e.; glucose, saccharose, mannitol and 

glycogen) identified by typical fragments (Schneider et al. 2011; Schmale et al. 2013a) at m/z 

56.03 (C3H4O
+), m/z 60.02 (C2H4O

+), m/z 61.03 (C2H5O
+) and m/z 85.03 (C4H5O+) only 

amounting for about 1.3% of the total PMOA aerosol mass. Similarly, contributions from other 

bacterial tracers such as glycogen; m/z 55.01 (1.36%), mannitol; m/z 56.02 (0.4%) and 

polysaccharide species; m/z 97.02 (C5H5O2
+) and m/z 125.02 (C6H5O3

+) (Glicker et al. 2022a) 

tracer ions were also relatively poor (0.7%). All of this paired with below detection limit amino 

acids thus implicates that PMOA organic pool is largely shaped by abacterial processes. 

However, bacterial influence cannot be ruled out entirely as carbohydrates might have been 

processed by enzymes or acidity during air masses transport and subsequent aging (Zeppenfeld 

et al. 2023). A potential important tracer for this activity could be lactic acid which has been 

observed before in sea spray owing to microorganisms fermenting sugars  (Miyazaki et al. 2014; 

Paglione et al. 2024). This should leave a spike at m/z 45 (NIST MS number 234977) in 

organics mass spectra, likely C2H5O
+ at m/z 45.03 (Ligot et al. 2014). However, the fragment 

intensity was negligible, indicating that bacterial activity indeed possibly exerts little influence 

on the atmospheric processing of PMOA. 
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Although the measurement period is largely dominated by pristine ocean air masses, some 

residential heating influence is still observed owing to local peat burning. Peat Related Organic 

Aerosol (Peat-OA) mass spectra is largely dominated by saturated Alkanes-ὅὌ (76.92%) 

and Alkenes-ὅὌ  (Figure 3.1.2) which is typical for peat. This factor mass spectrum 

correlates well (R=0.86) with previous measurements of Peat-OA in Galway city  (Lin et al. 

2017) (Figure S3.1.6-A). More specifically, the presence of aromatic ion series at m/z 77.03 

(C6H5
+) and m/z 91.0.5 (C7H7

+) (Cubison et al. 2011) and the ratio between m/z 55.05 (C4H7
+) 

and m/z 57.07 (C4H9
+) of 1.74 as well as the ratio between m/z 43.05 (C3H7

+) and m/z 44.01 

(C2H3O
+) of 1.03 all allow for the clear distinction of peat burning over other sources (Lin et 

al. 2017). Peat-OA was likely freshly emitted as evidenced by the pollution wind rose (Figure 

S3.1.7-I-J) and concurrent increase (Figure S3.1.6) along with eBC (R=0.72). 

The Van Krevelen (VK) diagram (Heald et al. 2010) is then used to further understand MSA-

OA, PMOA, Peat-OA and MO-OOA as it provides valuable information on chemical evolution 

of OA as demonstrated by subsequent marine aerosol studies (Ovadnevaite et al. 2014; Willis 

et al. 2017; Dada et al. 2022). The VK plot of the PMF factors identified in this study 

superimposed with bulk OA O:C and H:C values depicted in Figure 3.1.4. Overall, the bulk 

OA slope of -1.18 and ὕίὧ values spanning over -1.8 to 0.8 in the carbon oxidation state space 

indicates that higher levels of oxidation involving the generation of carboxylic acids, and the 

subsequent breakdown of the carbon backbone are prevalent over the measurement period 

which is consistent with MO-OOA functional groups (Heald et al. 2010; Ng et al. 2011).  The 

O:C ratios for MO-OOA, PMOA and MSA-OA all fall within the range of 0.64-1.15 reported 

for diverse OOA factors from previous studies (Aiken et al. 2008; Jimenez et al. 2009). All 

PMF factors have H:C values lower than 2 which indicate that they all contain unsaturated 

carbons capable of reacting with O3 (Ovadnevaite et al. 2011). This is evidenced by effective 

transfer entropy flow analysis (Behrendt et al. 2019)  between Peat-OA, PMOA, MO-OOA, 

MSA-OA and O3 values (Figure 3.1.3) which indicates that Peat-OA had the highest 

information transfer flow, making it the most susceptible to ozonolysis, closely followed by 

PMOA and, to a lesser extent, MSA-OA. Both Peat-OA (O:C=0.43, H:C=1.34) and PMOA 

(O:C=0.66, H:C=1.16) VK positions broadly fall in the area consistent with lignin-like 

compounds (H/C = 0.6-1.5, O/C = 0.1-0.6; Park et al. 2022) which have been largely associated 

with terrestrial origin OA (Jang et al. 2022) and found to be high in Arctic Ocean air masses as 

well  (Choi et al. 2019) with authors reporting ~30% of the total assigned molecular formulae 

as marine lignin-like compounds. These lignin-like compounds are also known to oxidise and 
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form humic-like molecules, characterized by polar carbonyl (keto and carboxyl) functional 

groups alongside hydrophobic aliphatic chains (Cavalli 2004) which broadly agrees with MO-

OOA functional groups. 

MSA-OA (O:C=0.66, H:C=1.9) is then also examined by colouring the VK scatter plot (Figure 

S3.1.8) with the MSA-OA/SO4 ratio, a proxy for biological marine sources contributions from 

DMS (Chen et al. 2021a) with values ranging from 0.001 (ubiquitous anthropogenic influences) 

to 0.354 (significant contribution from biological marine sources) with an average value of 

0.102 in line with pristine conditions  (Huang et al. 2018a). Figure S3.1.8 shows that high 

MSA-to-sulphate ratio were consistent with VK region for C2-C12 saturated diacids and 

inconsistent with C4-C12 carbohydrates and derivatives (trehalose, erythritol, arabitol, mannitol, 

sucrose, galactose, glucose, fructose etcé) similarly to results reported for summertime Arctic 

(Willis et al. 2017). However, as opposed to Artic aerosol, H:C ratios being higher, we report 

no association with VK areas for C4 unsaturated diacids (e.g maleic and fumaric acid) nor with 

C10 and C5 keto-acids (levulinic and pinonic acid) which are aqueous photochemistry tracers 

from isoprene and Ŭ-pinene oxidation (Rapf et al. 2017; Koğodziejczyk et al. 2019). This is in 

line with the absence of other isoprene tracers; C4H5
+ (0.49%) at m/z 53.03 and C5H6O

+ (0.18%) 

at m/z 82.04 (Robinson et al. 2011; Hu et al. 2015) and  monoterpenes tracers (Boyd et al. 

2015), namely C5H7
+ at m/z 67.05 (0.15%) and (C7H7

+) at 91.05 (0.15%). This is also supported 

by the lack of covariance (Cov[X, Y] å 0) between bulk CO2
+, CO+ and C2H3O

+ time series 

which also denotes the absence of non-acid carbonyls (naCO) (Yazdani et al. 2022b) which are 

known to be derived from isoprene and monoterpenes (Russell et al. 2011). The reasons behind 

the absence of isoprene and monoterpenes influence on OA in these findings are currently 
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unclear although processes such as surface ocean consumption or unexplored oxidations 

pathways could be a possibility (Benavent et al. 2022). 

Figure 3.1.4. Relationship between the ToF-AMS estimated hydrogen-to-carbon (H/C) and 

oxygen-to-carbon (O/C) ratios of organic species [Canagaratna et al., 2015] coloured by O3 

mixing ratio, all observations above ToF-AMS detection limits are shown for the entire period. 

Grey lines represent the ambient range of O/C and H/C observed by Ng et al. [2011] while 

dashed line represent the average carbon oxidation state superimposed on the Van Krevelen 

diagram (Ng et al. 2011, Kroll et al., 2011). Elemental composition of C8-C30 saturated alcohols, 

C8-C32 saturated acids, C2 -C11 saturated diacids, C4 unsaturated diacid (maleic and fumaric 

acid), C4 - C12 carbohydrates (e.g., trehalose, erythritol, arabitol, mannitol, sucrose, galactose, 

glucose, and fructose), and C5 and C10 ketoacids (levulinic and pinonic acid, respectively) are 

shown for reference.  
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Figure 3.1.5. Simplified Quantitative Transport Bias Analysis (SQTBA) -Gaussian Air masses 

dispersion for PMF sources (PMOA, MO-OOA, MSA-OA) and O3  

 

MO-OOA (Figure 3.1.5-A) strongest sources can be traced back with SQTBA along a cyclonic 

gradual crescent shape spreading from Greenland Seas South of Cape Farewell (See Figure S9 

for Ocean areas toponomy). This culminates further with air masses origins spanning over the 

East Greenland Current (Denmark Strait), upwards to the Iceland Sea, south of Jan Mayen. 

MO-OOA is otherwise ubiquitous and shows contributions over the Newfoundland, Labrador 

and Iceland basins as well as other areas. O3 (Figure 5-B) shared similar origin as MO-OOA 

further confirming its role in MO-OOA formation. Overall, we observe aged polar air masses 

eventually flowing from Greenland to MHD. The sustained blockade and aging of air masses 

over Greenland is known and attributed to summertime high-pressure systems surrounding this 

region influenced by Arctic amplification (Pettersen et al. 2022; Preece et al. 2023) where the 

Irminger Current also acts as a hotspot for turbulent eddies and heat transport resulting in 

favoured aerosol nucleation (Semper et al. 2022). Here the presence of a blocking anticyclone 

transition (Hauser et al. 2024) leading to reduced cloud cover and warm air advection might 

ultimately have contributed to an increase in aged SOA at the southern tip of Greenland possibly 

owing to its orography. 
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Figure 3.1.6 Time averaged maps (0.67 x 1.25 deg) over 2015-Aug, Region 59W, 37N, 34E, 82N of 

dominant phytoplankton groups from NOBM Model data (Rousseaux et al. 2017; Buchard et al. 

2017) and corresponding lagged crossed correlations for MSA-OA (red) and PMOA (blue) 

against A) Diatoms B) Coccolithophores, C) Chlorophytes and D) Cyanobacteria. The blue and 

red shaded areas correspond to maximum significant cross correlations extracted from the 

autocorrelation function (ACF) 95% criteria. 

 

MSA-OA (Figure 3.1.5-C) main sources include the Iceland basin and more specifically the 

Iceland-Faroe Ridge. This is consistent with literature highlighting the diversity of eukaryotic 

phytoplankton in the Icelandic marine environment with the haptophyte coccolithophore 

Emiliania huxleyi being dominant during summertime (Cerfonteyn et al. 2023) owing to 

nutrients transport by the North Atlantic Current acceleration (Oziel et al. 2020) and findings 
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(OôDowd et al. 2015: Mansour et al. 2023) indicating concomitant MSA concentrations uptick 

during summertime. MSA-OA also spans along the East Greenland Current (Denmark Strait) 

where wind-driven coastal upwelling (H¬vik and V¬ge 2018) likely results in increased DMS 

emissions (Edtbauer et al. 2020). Likewise, MSA-OA extend moderately over diverse regions 

such as the North-Western European Basin, the Newfoundland basin (where intense DMS 

fluxes have been reported; Bell et al. 2021) and the Labrador Sea.  

Conversely, PMOA (Figure 3.1.5-D) strongly extends over the South of the Celtic Sea and West 

of the Bay of Biscay as well as West European basin waters and are otherwise diffused all over 

the North Atlantic Ocean with moderate intensity hotspots over the Newfoundland basin (Davis 

strait) possibly owing to an inflated subpolar gyre (H§t¼n et al. 2016).  

Examination of NOBM model data (Figure 3.1.6) further reveals distinct MSA-OA and PMOA 

patterns. MSA-OA overlap with coccolithophores dominated ecoregions as well as diatoms 

ones. Similarly, diatoms also seem to contribute to PMOA sources, which is in line with recent 

results hypothesising that diatoms have a greater atmospheric significance than other 

eukaryotes due to their observed enrichment in PMOA (Alsante et al, 2021) whereas association 

with coccolithophores appears much weaker than for MSA-OA. Another distinction lies in 

PMOA overlapping with chlorophytes (flagellates, Phaeocystis spp) over the Western European 

basin. This geographic area hosts more than 512 chlorophyte species (Narayanaswamy et al. 

2010) with recent reports of chlorophytes being one of the key contributors to marine 

productivity (Landwehr et al. 2021), further research is warranted to fully understand their role 

along other phytoplankton in this region during summertime. Likewise, cyanobacteria 

(combination of Synechococcus, Prochlorococcus, and nitrogen fixers such as Trichodesmium) 

likely also contribute to PMOA more sparsely, especially at lower latitudes in the North Atlantic 

Ocean as previously reported (Baer et al. 2017). 

Here, calculated lagged correlations (Figure 3.1.6) further points at MSA-OA being directly 

associated with coccolithophores (with a lag of -1 day) as well as diatoms (lag of -9 days), 

however no significant correlations were observed for either cyanobacteria or chlorophytes. As 

opposed to MSA-OA, the association between coccolithophores and PMOA doesnËt appear as 

meaningful (their autocorrelations are not statistically significant). PMOA on the other hand are 

also associated with diatoms (lag of -5 days) and show unique associations with chlorophytes 

(lag of -10 days) as well as cyanobacteria (lag of-11 days). 
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Overall, association between OA enriched sea spray time series and phytoplankton groups 

remains controversial owing to a wide range of governing mechanisms as highlighted by 

previous studies using chl-Ŭ as a proxy to calculate cross correlation time lags over the North 

Atlantic which were found to vary between 8 days (Rinaldi et al. 2013) and 24 days (OôDowd 

et al. 2015) depending on the period and length of measurements. 

Late summer measurements (Mansour et al. 2020) show partially comparable lags to this study 

with a reported oceanic biological activity affecting aerosol properties within the order of 10-

20 days. This delay roughly spans over the full blooming to decaying phase transitions of an 

algal bloom (Lehahn et al. 2014) and is linked to the release of SSA-transferable organic matter 

in surface seawater by the interaction with marine viruses causing the demise of phytoplankton 

blooms (OôDowd et al. 2015). 

Here, by focusing on the lagged correlations between PMF factors and specific phytoplankton 

groups rather than bulk-OA and chl-Ŭ, this studyËs findings indicate that PMOA is formed from 

cyanobacteria and chlorophytes (lags of -11 and -10 days respectively) owing to atmospheric 

transport from the Western European basin whereas overwhelming diatoms influence results in 

a much shorter lag of -5 days. Additionally, MSA-OA is rapidly produced from 

coccolithophores blooms in 1-2 days. This reflects stressed, senescent, grazed, or virus-infected 

phytoplankton releasing high quantities of DMSP which rapidly oxidises to form MSA-OA 

(Mansour et al. 2020). 

Finally, the interpretation of diatomsË role on either MSA-OA or PMOA remains ambiguous. 

The -5 days lag with PMOA could hint at lipase activity with self-aggregation and formation of 

free fatty acids during the bloom phase, potentially followed by a post-bloom phase (at a lag of 

-9 days with MSA-OA) with significantly different taxa. Alternatively, the -9 day lag with 

MSO-OA could have been caused by air advection from remote eco-regions near the Arctic that 

have been reported to host rich MSA producing diatoms communities not present in the 

southerly latitudes (Becagli et al. 2016). 

Conclusion 

One of this sectionËs key finding is that summertime polar air masses undergo significant 

ozonolysis over the remote ocean which happens to be largely driven by the ageing of 

Greenland blocked air masses and anticyclonic conditions. Transfer entropy is introduced here 

to explain the dynamics of ozonolysis in this context revealing significant information transfer 

to MO-OOA during unsaturated aliphatic chain (C=C double bonds) breakdown of PMOA as 



  

87 
 

well as MSA-OA to a lesser extent. However, this transfer entropy approach additionally shows 

that MO-OOA is also being formed locally from Peat-OA oxidation, as such, further studies 

will aim at exactly delineating open ocean versus locally produced MO-OOA. 

Another essential takeaway is that OA not only reflects atmospheric chemistry and meteorology 

but may also serve as an indicator of marine ecosystems (i.e. MSA-OA enzymes stress makers 

and PMOA phytoplankton extracellular metabolic processes markers). Air masses trajectory 

analysis reveals the source aerosol-phytoplankton ecoregions.  MSA-OA contributions are 

traced to the Iceland Basin and the Iceland-Faroe Ridge, with a rapid production burst (lag of 

1-2 days) following coccolithophore blooms. Whereas relationship with diatoms show much 

longer lag (9 days) indicating fundamentally different oceanic biological processes. In contrast, 

PMOA is sourced from more diverse ecoregions (Southern Celtic Sea, West European Basin, 

and Newfoundland Basin), with additional chlorophytes and cyanobacteria influences from 

more southerly latitudes. All of this suggests that different phytoplankton taxa contributions to 

OA lead to specific m/z tracers and functional groups repartition (i.e. sulphides as 

coccolithophores tracers, aliphatic as tracers for diatoms) though further investigation is needed 

to explore the biological processes and ecoregions specificities influencing this relationship. 

Overall findings emphasise the need for further long-term investigation to fully account for the 

various precursors and pathways contributing to OA, given their significant impacts on aerosol-

climate interactions. The extent to which these biologically distinct source-lag signatures 

generalise across seasons and changing transport regimes is thus evaluated next by analysing a 

full year of measurements along with higher-resolution phytoplankton exposure fields. 

3.1.2 Full Year Aerosol Analysis 

Defining New Aethalometer pollution thresholds  

At Mace Head, anthropogenic pollution mass concentration thresholds using elemental black 

carbon (eBC) have until now been quantified from Multi Angle Absorption Photometer 

(MAAP) measurements (Table 3.1.1, col. 1; Grigas et al., 2017), while no estimates had been 

obtained from aethalometer data. These pollution concentration thresholds are required to 

distinguish clean marine from anthropogenically influenced air massesШto maintain 

comparability across aerosol composition analyses. Because the instruments do not always 

overlap in time, new thresholds are established from aethalometer measurements using 

collocated 2016 observations (Figure S3.1.11). Although both instruments agree closely at 

high concentrations, larger dispersion at low eBC (Figure S3.1.12) values reflects 

heteroscedasticity,Шi.e. a concentration-dependent increase in variance (also showed in Figure 
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S3.1.13) with the MAAP showing a lower small-mode (Figure S3.1.14) concentration (9.92 

ng m į) than the aethalometer (15.47 ng m į). 

Accordingly, new aethalometer thresholds (Table 3.1.1, col. 2) can be derived using quantile 

regression, which determines separate equivalence linear fits across quantiles to resolve the 

relationships between both heteroscedastic bimodal lognormal distributions.  

Table 3.1.1 MAAP and new corresponding Aethalometer elemental black carbon (eBC) pollution 

thresholds defined with quantile regression method 

 MAAP pollution thresholds 

(Grigas et al. 2017) 

Aethalometer corresponding new 

thresholds 

Pristine <0.015 Õg m-3 <0.021 Õg m-3 

Moderately polluted 0.015-0.05 Õg m-3 0.021-0.048 Õg m-3 

Polluted 0.05-0.3 Õg m-3 0.048-0.264 Õg m-3 

Extremely polluted 0.3-1 Õg m-3 0.264-0.826 Õg m-3 

 

The robustness of these derived thresholds is then assessed through bootstrapping (Figure 

3.1.7), with narrow confidence intervals and point estimates consistently centred within the 

resampled distributions. Overall, the aethalometer yields slightly higher black carbon 

concentrations than MAAP in the pristine range, nearly identical values in the moderate-

polluted ranges, and somewhat lower thresholds for extremely polluted events. This is further 

consistent with reports of aethalometers overestimating black carbon compared to MAAP when 

concentrations are close to the instrument detection limits (Backman et al. 2017) whereas 

MAAP likely overestimate black carbon at high concentrations (Hyvªrinen et al. 2013). 
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Figure 3.1.7. Bootstrap robustness of MAAP-Aethalometer thresholds equivalence. Red 

points indicate the quantile regression estimates reported in Table 3.1.1. The narrow 

interquartile ranges demonstrate that the threshold mapping is statistically robust, with 

the quantile regression values lying well within the bootstrap variability. 

 

Bulk Aerosol Measurements  

With consistent thresholds now established between MAAP and Aethalometer datasets, the full 

2016 annual cycle of equivalent black carbon (eBC) can be used by combining MAAP 

observations with aethalometer measurements. 

vv  

Figure 3.1.8. Yearly overview A) Black carbon time series (black, right axis), blue light shaded 

areas correspond to clean conditions (At least 72h without land influenced HYSPLIT air masses, 

wind direction between 190Á and 300Á, and black carbon below clean Aethalometer and MAAP 

thresholds. B-C) HR-ToF-AMS time series of major submicron aerosol species (OA, NH , NO , 

SO Į , MSA, and sea salt). 

Monthly wind roses and HYSPLIT trajectory clusters (Figures S3.1.15-S3.1.17) reveal that 

long-range transport exerts a dominant influence on elemental black carbon (eBC) variability 

for most of the year as expected with eBC known troposphere lifetime of ~7 days (Pauraitǟ et 

al. 2015). Continental air-mass inflow quantified by the cumulative trajectory residence time 

over lands was mostly pronounced between January and May, and again in October-November. 

Monthly mean eBC concentrations ranged from 28.5 Ñ 30.7 ng m į in August to 142.8 Ñ 157.8 

ng m į in June (Figure S3.1.18). In winter, the highest concentrations occurred in February 

(123 Ñ 193 ng m į), coinciding with frequent transport from Canada and Western Europe, which 

together accounted for the majority of over-land trajectory time. During spring/summer, eBC 

reached its annual maximum in June (143 Ñ 158 ng m į) under stagnant anticyclonic conditions 

that trapped air masses over Ireland and UK, while the lowest spring values appeared in May 
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(95 Ñ 112 ng m į), when trajectories were more maritime. In summer, the cleanest conditions 

of the year were observed in August (28 Ñ 31 ng m į), when over 60 % of air masses remained 

clean and continental influence was minimal. The summer of 2018 was, however, 

meteorologically exceptional, marked by record-breaking warmth, dryness, and sunshine 

associated with a strongly positive North Atlantic Oscillation (NAO) phase (Figure S3.1.19) 

and persistent anticyclonic conditions leading to a sharp rise in Ireland and UK wildfires 

(Hawthorne and Mitchell 2018; Dirmeyer et al. 2021) resulting in eBC concentrations of  143 

Ñ 158 ng m į and 128 Ñ 145 ng m į for June and July respectively. Wildfires are illustrated in 

Figure S3.1.20 which shows HYSPLIT air masses back trajectories during burning plumes 

layered with satellite wildfires anomalies (e.g Ahascragh, Rasharkin and Frayne bog fires, 

Cloosh Valley and Glenshane forest fire etc). The lowest autumn values then occurred in 

October (50 Ñ 77 ng m į), when air masses were largely confined to the northeast Atlantic sector 

apart from 13% of UK air masses. By November (140 Ñ 179 ng m į), mean concentrations had 

nearly tripled relative to October (Figure S3.1.21), coinciding with a greater fraction of 

trajectories crossing over continental Europe (37%). Before examining the full-year HR-ToF-

AMS dataset, volume closure is performed using SMPS and black carbon volume confirming 

overall inter instruments consistency (Figure S3.1.22). 

Under open-ocean conditions, Mace Head operates in its clean-sector regime (Figure 3.1.9), 

with aerosol loading driven primarily by emissions from the sea; 

 

Figure 3.1.9. 2018 mass concentrations in the clean sector at mace Head. (A) shows boxplots 

where the central line indicates the median and the boxes represent the 25th-75th percentiles. 

The data reveal clear seasonal cycles across the major submicron aerosol components. Organic 

matter (Org), non-sea-salt sulphate (SO Į ), ammonium (NH ), and methanesulphonic acid 

(MSA) all display pronounced summer maxima, with peak concentrations occurring in June-
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July. (B) Average fractional chemical composition of submicron aerosol. The central pie chart 

represents the annual mean composition, while the surrounding monthly pies illustrate the 

seasonal evolution.  

Sea salt dominates the clean sector aerosol mass during winter months (Figure 3.1.9), when 

enhanced wind speeds and mechanically generated sea-spray processes prevail (Ovadnevaite et 

al. 2012). In contrast, spring and summer conditions are characterised by a sharp rise in non-

sea-salt sulphate, organics, ammonium, and MSA reflecting enhanced marine biogenic activity 

(Ovadnevaite et al. 2014a), consistent with the transition to biogenically driven regimes (latter 

discussed in section 3.2). 

Organic Aerosol Source apportionment 

 

Because the one-month analysis in Section 3.1 captures only a limited snapshot of aerosol and 

source region variability, a full-year PMF source apportionment is being performed to resolve 

the complete disentangled annual cycle of natural and anthropogenic influences. This approach 

enables assessment of both seasonal biogenic source dynamics and a broader diversity of 

anthropogenic contributions (including hydrocarbon-related organic aerosol and biomass 

burning sources).  

Free PMF is first performed in spring, and a 5 factors solution emerges (Figure S3.1.23)  with 

Q/Qexp of 1.1 comprising primary marine organic aerosol (PMOA), peat-burning organic 

aerosol (Peat-OA), wood-burning organic aerosol (Wood-OA), more-oxidised organic aerosol 

(MO-OOA), and methane-sulphonic-acid organic aerosol (MSA-OA). Each factor is identified 

by comparison with reference mass spectra from spectral entropy similarity (0.86-0.96) to 

literature profiles (e.g. Ovadnevaite et al., 2011; Lin et al., 2017; Moschos et al., 2022). 

Increasing the number of factors to six led to the artificial separation of Peat-OA into two 

components (Figure S3.1.24), confirming that the five-factor solution best represents the 

underlying sources. However, not constraining PMOA profile led to artificial spikes conflating 

anthropogenic sources for PMOA, To prevent such artefacts, a-values (Canonaco et al. 2013) 

are introduced to regulate the degree of flexibility between the reference ñanchorò spectrum (. 

i.e. Ovadnevaite et al., 2011) and the resolved factor. In PMF, a-values control how closely a 

constrained factor follows its prescribed mass-spectra profile, small a-values enforce near-

identity, whereas larger ones allow adaptive deviations (See Methods 2.5). For PMOA, a 

moderate a-value of 0.4 (Figure S3.1.24) is selected as it best preserves the marine organic 

signature and yields the strongest correlation with phytoplankton functional-group exposure 

time series (latter discussed in Chapter 3.2). 
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In winter (November-December), PMF resolves a markedly different source composition 

(Figure S3.1.25), with enhanced contributions from continental transport and completely 

absent marine signatures. The optimal four-factors solution (Q/Qexp = 1.2) include 

hydrocarbon organic aerosol (HOA) and three secondary components, more oxidised organic 

aerosol (MO-OOA) and two less oxidised organic aerosol (LO-OOA). The presence of two LO-

OOA sources has been reported in a number of PMF studies in polluted environments owing to 

a mix of local and longe range influences (Yao et al. 2022; Huo et al. 2024). Here LO-OOA 

has the tell-tale signature of formic acid with strong signals for CH2O2 at m/z 46.00 and C2H6O 

at m/z 46.04 (Dai et al. 2018), which is common in Europe during wintertime as a result of 

pollution oxidation (Bannan et al. 2014). This factor did not correlate with ozone (R=-0.2), 

similarly to Bannan et al. (2014) and originated from continental long-range transport ,thereby 

discarding the marine biogenic emissions ozonolysis as a source of  LO-OOA (Arlander et al. 

1990; Baboukas et al. 2000; Williams et al. 2024b) and rather suggesting continental ozone 

depletion (Parrish et al. 2009). Here LO-OOA2 correlates with NO3 (R=0.95) and is of 

secondary long-range transport origin (Figure S3.1.26) whereas LO-OOA1 is potentially more 

local. 

To evaluate overlap between marine and terrestrial biogenic organic sources (Slowik et al. 

2010a), PMOA mass spectrum is compared with the reference biogenic secondary organic 

aerosol (BSOA; Moschos et al. 2022) profile (Figure S3.1.28). Although both profiles 

markedly differ (Text S3.1.2), constraining BSOA did not lead to any correlations with 

temperature, only amounted for 5-8% of total time series mass concentrations, and caused 

PMOA correlations with external phytoplankton exposure time series to degrade substantially, 

indicating that BSOA contributions are unlikely at Mace Head. This interpretation is consistent 

with the previous focus short term study over summer during which isoprene and terpenes 

markers only hinted at trace levels at best. 

Building on the summertime and wintertime PMF results, the full-year PMF is being 

constrained with these resolved source profiles as a priori information. PMOA is constraining 

using PMOA  a-values ranging from 0 to 1 with steps of 0.1 (Methods section 2.5) to find time 

series with maximum correlation with external phytoplankton exposure tracers. BBOA is 

constrained using pass limits approach building from the two references profiles with highest 

entropy similarity to free PMF factors (Elser et al. 2016; Lin et al. 2018), similarly to HOA 

(Elser et al. 2016; Shah et al. 2018) and Peat-OA (Lin et al. 2017; Chevassus et al. 2025). 
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Figure 3.1.10. Annual positive matrix factorization (PMF) results of organic aerosol (OA) 

sources. (A) Time series of factor-resolved OA concentrations (Õg m į), with coloured 

traces representing individual factors. The corresponding right-hand axis indicates 

concentrations of selected tracers: dinoflagellate abundance (ñdinoò), C6H6O3+ for 

phenols combustion, C10H8+ for naphthalene, C4H9+ for HOA, elemental black carbon 

(eBC), nitrate (NO ), methane sulphonic acid (MSA) updated from the CH3SO2+ ion, and 

sulphate (SO ) along with corresponding PearsonËs correlation coefficients (R) against 

reference tracers. (B) Factor-specific mass spectral profiles, with the corresponding a-

value indicating constrained reference profiles. (C) Temporal evolution of fractional OA 

contributions for each factor. (D) Annual mean contributions of individual factors to total 

OA mass, expressed as percentages and absolute concentrations. 

The resolved factor spectra over the full year are then compared with established high-

resolution reference profiles to verify source attribution (Figure 3.1.11). Quantitative similarity 

metrics are applied following cosine and entropy similarity approaches described in Section 2.3 

and references therein (Li et al. 2021). 



  

94 
 

 

Figure 3.1.11. Comparison between the eight resolved aerosol factors and established 

high-resolution reference mass-spectra. Each panel compares one PMF factor spectrum 

(F-F ) against a reference mass spectrum. All spectra are normalised prior to comparison. 

The black dashed line represents the 1:1 relationship, while the red line shows the least-

squares regression fit. Annotated values indicate the Pearson correlation coefficient (R), 

cosine similarity (Cos), and entropy-based similarity metric (Ent) between each pair of 

spectra. 

Primary marine organic aerosol (PMOA) are retained using an a-value of 0.4, consistent with 

the spring solution. Across the full year, this configuration yields the highest correlation 

(R=0.62) with the dinoflagellates exposure tracer (further discussed in Chapter 3.2). Since this 

factor is constrained, its ions are broadly the same to the PMOA during the focused short term 

summer study. The normalised intensities of fragment ions C H O  (m/z 55.02), C H O  (m/z 

69.03), and C H O  (m/z 83.05), associated with alkenyl groups, diunsaturates, cyclic alcohols, 

and ethers, differ by +20 %, -7 %, and +24 %, respectively, relative to Ovadnevaite et al. (2011). 

Ions indicative of dienes, alkynes, and cycloalkenes C H  (m/z 39.02), C H  (m/z 53.03), 

C H  (m/z 67.05) are each increased by +24 %, similarly to C H  (m/z 27.02) and C H  (m/z 

41.04), whereas C H  (m/z 55.05) diminished by 18 % while the alkyl ion CH  (m/z 15.02) is 

increased by +24 %. Overall, approximately half of the fragment intensities are enhanced by 

~24 %, while the remainder were reduced by ~18 %, consistent with minor a-values 

compositional shifts. This correspondence is further supported (Figure 3.1.11) by a correlation 

coefficient of 0.98, a cosine similarity of 0.98, and an entropy similarity of 0.96, indicating the 

near-identical nature of this factor to the constrained reference PMOA profile (Ovadnevaite et 

al. 2011c). 
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The mass profile of Methane sulphonic acid organic aerosol (MSA-OA) reveals that two 

oxygenated carbon families CHO (sum of CxHyOk and CxHyOw where k = 1 and w > 1) dominate 

72% of the total mass spectra fraction followed by aliphatic (pure Hydrocarbon like, CxHy
+) 

whose fraction accounts for 23% along with a remarkedly high contribution from the CxSy
+ 

family (15%) compared to the 6% reported during August 2015, still the mass spectra remain 

almost identical to the focus short term summer study (R=0.96, cosine similarity of 0.90 and 

entropy similarity of 0.90). 

Biomass burning organic aerosol (BBOA) are generally identified with strong signals 

(Alfarra et al. 2007; Aiken et al. 2009; Adler et al. 2010) for cellulose pyrolysis (levoglucosan 

and other anhydrous sugars), namely  m/z 60.02 (C2H4O2
+), m/z 73.02 (C3H5O2

+) as well as  

m/z 87.04 (C4H7O2
+) to a lesser extent (Ahern et al. 2019). Here these ions amount to 1.5%, 

1.1% and 0.1% respectively, which hints at levoglucosan photochemical processing after long 

range transport (Huang et al. 2018a; Paglione et al. 2025). This is corroborated by BBOA 

correlating with CxHyOzN ion family (R=0.84), which is typical for cresols photooxidation 

(Poulain et al. 2011). Photochemical processing tracers (Liang et al. 2023) CHO2
+ at m/z 44.99 

and C2H2O2
+  at m/z 58.00 contribute modestly (0.5% and 0.2% respectively). Overall, phenolic 

ions correlate strongly (R = 0.8-0.95) and together with related tracers represent up to 3.5% of 

the total mass spectral intensity. Identified phenols are; C5H6O4
+  at m/z 130.02, C6H6O

+ at 

94.02, C6H6O2 at 110.04, C6H6O3
+  at m/z 126.03, C5H6

+ at m/z 66.04  (Yee et al. 2013a; Yu et 

al. 2016; Yazdani et al. 2022a), along with phenols photolysis byproducts; C3H7O2
+
 at m/z 75.04 

, C5H5O2
+
 at m/z 97.03, C5H6O2

+ at m/z 98.04 (Paglione et al. 2025), C H O  at m/z 97.03, and 

C H O  at m/z 98.04 (Paglione et al. 2025).  

Other species are also identified including polysaccharides; C6H5O3
+  at m/z 125.02 (Glicker et 

al. 2022b), guaiacol; C4H3O
+ at m/z 67.01, C4H6O3

+ at m/z 102.03 and C7H8O2
+ at m/z 124.05 

(Yee et al. 2013a), 3-methylfuran; C5H6O3
+ at m/z 114.03 (a smouldering combustion tracer 

typical of nighttime nitrates oxidation; Joo et al. 2019), benzoquinones; C6H4O2
+ at m/z 108.02 

(Ijaz et al. 2024), succinic or glutaric acid smouldering tracers like C5H8O3
+ at m/z 116.05 

(Evans et al. 2025) and lignin-like compounds; C8H9O
+ at m/z 121.06 and C7H5O

+ at m/z 

105.03 (Yazdani et al. 2022b).  

The highest ion intensity is C2H3O
+ at m/z 43.02 (7.4%), followed by C3H5

+ at m/z 41.04 

(5.3%), C3H3
+ at m/z 39.02 (5.2%), C2H3

+ at m/z 27.02 (5.1%), CH3
+ at m/z 15.02 (3.1%), 

C3H3O
+ at m/z 55.02 (2.9%), C4H7

+ at m/z 55.05 (2.6%), C2H2O
+ at m/z 42.01 (2.2%), 

C3H5O
+ at m/z 57.03 (1.99%) and CH3O

+ at m/z 31.02 (1.93%). This suggests a presence of 
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alkenes, alkanes and fatty acids along with residual aromatic oxygenated fragments typical of 

lignin and phenols burning. The ratio of 4.2 between  C2H3O
+  and  C3H7

+ also further 

differentiates this factor from cooking emissions, which typically exhibit ratios below unity 

(He et al. 2010).  

The high-resolution mass spectrum of this factor (Figure 3.1.13) reveals that aliphatic (pure 

hydrocarbon like, CxHy) dominated 59% of the total intensity, followed by oxygenated carbon 

(CxHyOz where z=1 and CxHyOz where z>1) accounting for 39% of the total intensity. Overall, 

the prevalence of aliphatic and carboxyl-rich fragments is consistent with the functionalisation 

of BBOA through photolysis (Paglione et al. 2025) indicating moderately aged BBOA as the 

high aliphatic fraction and limited CxHyOzN and oxygenated contributions point to partial 

photochemical oxidation of primary biomass burning organics and mostly phenols burning 

resulting in increased oxygenated rather than extensive ageing. 

Peat-OA mass spectrum is described in the previous focus short term summer study. Here a 

few additional features are highlighted. Naphthalene, a dominant polycyclic aromatic 

hydrocarbon in peatlands  (Pastukhov et al. 2021) is known to exhibit the highest emission 

factor among light PAHs (Black et al. 2016). In the AMS, naphthalene is identified with C10H8+ 

at m/z 128.06 (Li et al. 2019; Gunti et al. 2025b). Although this ion contributes only 0.5 % to 

the total Peat-OA signal, its time series shows a strong correlation with Peat-OA (R = 0.90). 

More than half of the ion intensity is attributed to Peat-OA, while the remainder is misassigned 

to PMOA for which total intensity is below detection), consistent with the absence of correlation 

between this bulk ion and PMOA (R = 0.25).This behaviour indicates that this naphthalene ion 

acts as a minor yet specific diagnostic ion for Peat-OA as illustrated in Figure 3.1.10. 

Another ion, C H O  (m/z 119.07), not previously reported in the AMS literature, is 

predominantly associated with Peat-OA (89% apportioned), with its bulk signal correlating with 

Peat-OA (R = 0.72) and contributing 0.3% to Peat-OA mass while being below detection limit 

from other factors total intensities. Overall, the mass spectra composition and ion ratios show 

no substantive differences from those reported by Lin et al. (2017). 

Hydrocarbon-like organic aerosol (HOA) is dominated by pure hydrocarbon fragments 

(CxHy), accounting for approximately 81% of the total organic signal, with only minor 

contributions from oxygenated ions with 12% corresponding to CxHyO  (z = 1) and 6% to more 

oxygenated species (C HOz , z > 1). The dominant ions are C H  at m/z 43.05, C3H5+ at m/z 

41.04, C4H9 at m/z 57.07 and C5H9+ at m/z 69.07 together representing over one-third of the 
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total HOA intensity, These fragments form a characteristic alternating pattern between alkyls 

(C H) and C H  series, indicative of aliphatic structures derived from fossil-fuel 

combustion (Huang et al., 2010; Elser et al., 2016; Tian et al., 2025). The ratio between C H  

at m/z 55.05 to C H  at m/z 57.07 of 0.92 is also consistent with literature (Crippa et al. 2013; 

Kim et al. 2017). Collectively, the high fraction of C H ions, low oxygenation, stable 

hydrocarbon ratios, and negligible aromatic contribution unambiguously identify this factor as 

hydrocarbon-like organic aerosol (HOA), representative of primary emissions from fossil-fuel 

combustion (Zhang et al., 2005; Elser et al., 2016; Tian et al., 2025). 

The Primary organic aerosol (POA) factor is similar to arctic POA (entropy similarity=0.81, 

cosine=0.79, R=0.77) which authors attributed to oil and gas extraction (Moschos et al. 2022). 

The contribution of (oxy-)PAH (i.e. C H, C H , C H , C H , C H , C H ) amounts to 1% 

of intensity. Prominent alkene/cycloalkane fragments are observed including C H  at m/z 41.04 

(6%), C H  at m/z 55.05 (3.2%), C H  at m/z 69.07 (2%), C H  at m/z 83.09 (0.8%) and 

C8H13
+ at m/z 109.10 (1%). In contrast, alkane fragments include C H  at m/z 43.05 (0.8%), 

C H  at m/z (1.3%), C H  at m/z 56.06 (0.9%) and C H  at m/z 70.08 (0.5%). Aromatic ions 

are also present with  C H  at m/z 77.0.3 (2%), C H  at m/z 93.07 (1%), while C8H9+ at m/z 

105.05 (2%) and C4H4O+ at m/z 68.02 (0.5%) might hint to benzoic acid and furans respectively 

(Cash et al. 2021; Tawadrous et al. 2025).  

The low levoglucosan tracers C H O  at m/z 60.02 (0.1 %) and negligible C H O  at m/z 

73.02, along with the presence of C H  at m/z 55.05 (3.3 %), C H  at m/z 104.06 (0.4 %), 

C7H7+ at m/z 91.05 (0.7%), C9H7+ at m/z 115.05 (2.9%) and trace levels for C8H11O  at m/z 

123.08 and C7H5O2 at 121.02 all suggest nano plastics burning sources like polypropylene and 

polystyrene (Mohr et al. 2009b; Shen et al. 2025a; Zhang et al. 2025). The high-resolution mass 

spectrum of this factor also shows that aliphatic (pure hydrocarbon like, CxHy) dominated 78% 

of the total intensity, followed by oxygenated carbon (CxHyOz where z=1 and CxHyOz where 

z>1) accounting for 20% of the total intensity, while diurnal profiles across seasons (Figure 

S3.1.28) and pollution wind roses (Figure S3.1.29) suggests local nighttime prevalence. 

Indeed, the dominance of reduced CxHy fragments and preservation of polymer- and alkene-

derived ions, together with minimal oxidative markers, indicate a predominantly local primary 

emission, as labile hydrocarbon signatures would be rapidly oxidised and diluted during long-

range transport. 

Altogether, this factor is indicative of mixed fossil-fuel and plastic combustion. 
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Two oxygenated organic aerosol sources are also presented, OOA_1 and OOA_2. OOA_1 

correlates well with NO3 (R=0.73) and is interpreted as the result of continental anthropogenic 

long-range transport whereas OOA_2 correlates with non-sea salt SO4 (R=0.58) and is rather 

dominated by biogenic species. Both factors overall have nearly indistinguishable functional 

groups (Figure 3.1.12) with oxygenated CxHyO  (z = 1) and more oxygenated species 

(C HOz , z > 1) contribution 39-40% and 28-30% while by pure hydrocarbon fragments 

(CxHy) account for 18-23%. As opposed to the summertime or wintertime PMF, the full-year 

analysis separates the time series primarily by anthropogenic versus biogenic influences rather 

than by oxidation state, as both time series have fCO2
+ of ~0.20 as well as CO2

+/C2H3O
+ ratios 

of 4-7 for OOA_1 and OOA_2 respectively suggesting the prevalence of more oxidised organic 

aerosols throughout the year (Ng et al. 2010b). 

However, looking at specific ions (intensities above DL of ~0.5% altogether) shows that 

OOA_1 is rather associated with methylglyoxal (i.e. C2O2
+ tracer). Indeed, OOA_1 correlates 

with C2O2
+ at m/z 55.99, (R=0.81) with 36% of the ion intensity apportioned to OOA_1 whereas 

20% is apportioned to OOA_2  (Yee et al. 2013b). In OOA_1, trace ions include C7H4O
+ at m/z 

104.02 (R=0.81) a phthalic acid marker from naphthalene oxidation (Chen et al. 2016b) absent 

from OOA_2, CH3O2
+ at m/z 47.01 (R=0.72), potentially another naphthalene oxidation ion 

(Lannuque and Sartelet 2024) linked to glyoxal or formic acid (Chhabra et al. 2011) which can 

also originate from furans and aromatics photooxidation (Jain et al. 2022) and C3HO2
+ at m/z 

68.99 (0.3%), another potential marker of phenolic SOA (Sun et al. 2010; Farley et al. 2025). 
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Figure 3.1.12. On the left, normalised mass spectra are displayed, showing fragment 

intensities as fractions of the total signal and colour-coded by major OA ion families. On 

the right, pie charts illustrate the relative contributions of the main OA families to each 

PMF factor. Contributions below 1% are not displayed. 

Conversely, OOA_2 is marked by CHO2
+ (glyoxal ion from Ŭ cleavage of carboxylic acids; 

Yazdani et al. 2022) at m/z 44.99 (R=0.89 vs R=0.31 in OOA_1), a more reliable tracer for 

organic acids than CO , whose signal can be confounded by contributions from other oxidised 

species such as esters and peroxides (Jiang et al. 2024b). Other ions included C5H7O2
+ at m/z 

99.05, a possibly tracer for cloud processing absent from OOA_1 (Coggon et al. 2012), 

C4H5O2
+ at m/z 85.03 (R=0.85) hinting at aliphatic and aromatic diones fresh photooxidation 

(Liang et al. 2023) and C2H3O
+ (Liang et al. 2023) at m/z 43.02 (R=0.86 vs 0.5 in OOA_1), 

another glyoxal related ion. 
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 Together with the summertime maximum ozone correlation with OOA_2 (R = 0.76) in June 

(Figure S3.1.30), all of this points to aqueous-phase photochemical processing, consistent with 

in-cloud oxidation of glyoxal yielding oxalic acid and other low-molecular-weight organic acids 

as suggested  at Mace Head (Rinaldi et al. 2011). In addition, Figure 3.1.13 further supports an 

aqueous-phase processing origin for OOA_2, as elevated OOA_2 mass concentrations 

systematically coincide with high aerosol liquid water content at moderate to high relative 

humidity (Methods section 2.2), owing to humidity-dependent gas-particle partitioning, 

whereby volatile and semi-volatile species are increasingly transferred into the condensed 

(aqueous/particle) phase as ambient relative humidity increase (Kommula et al. 2021). 

 

Figure 3.1.13. Aerosol liquid water content (ALWC) against ambient relative humidity 

coloured as a function of OOA_2 mass concentrations (Õg m-3) the during November-

December period. 

While PMF is valuable on its own as it separates sources based on composition, sources 

temporal evolution contains additional internal variability information about the underlying 

emission and transport mechanisms. To address this, the internal variability of PMOA and Peat-

OA (used as a counter example for anthropogenic influences) are analysed using detrended 

fluctuations analysis (methods section 2.6.2) in Figure 3.1.14. 
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Figure 3.1.14. Detrended fluctuation analysis (DFA) of the primary marine organic 

aerosol (A) and peat organic aerosol (B). The plots show the scaling relationship between 

the fluctuation function F(s) and the window size s. Each point represents the root-mean-

square fluctuation of the integrated and detrended time series within non-overlapping 

windows of length s, while the black line indicates the best-fit linear scaling in log-log 

space. The slope of this line gives the Hurst exponent (H = 1.22 for PMOA and 0.57 for 

Peat-OA), which quantifies the time series memory. An H > 1 indicates nonstationary, 

strongly persistent (ñred-noiseò) behaviour whereas H close to 0.5 indicates anti-persistent 

behaviour. (C) and (D) illustrate the first-order autoregressive [AR(1)] behaviour of the 

PMOA and peat-burning OA time series, respectively. The shaded areas denote 95 % 

confidence envelopes from bootstrap resampling, 

 

Temporal scaling analysis reveals that PMOA exhibits strong persistence over multi-day 

timescales, whereas Peat-OA fluctuates rapidly and stochastically. Detrended fluctuation 

analysis yields a Hurst exponent of H = 1.22 for PMOA, which together with the smooth 

decaying autocorrelation function (ACF) with AR(1) coefficient of ű = 0.93 and decorrelation 

timescale Ű / å 2 days is consistent with a red-noise process (i.e. strong persistent environmental 

forcings). This persistence indicates that PMOA cannot be treated as a sudden surface flux 

controlled solely by local meteorology (e.g., emission = f(wind speed, DOC, SST etc)). Instead, 
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PMOA concentrations display autoregressive behaviour, implying that the atmospheric burden 

depends strongly on prior-day conditions such as biological activity and accumulated exposure. 

In addition H>>1 also suggest a non-stationary time series (mean, variance and autocorrelation 

changing over time), which is confirmed with the augmented Dickey-Fuller (ADF) test failing 

to reject the null hypothesis (p>0.05), while the Kwiatkowski-Phillips-Schmidt-Shin (KPSS) 

test rejects the null hypothesis of stationarity (p<0.05), confirming that PMOA time series are 

non-stationary (Li et al., 2025), the implication being that apparent lagged relationships with 

phytoplankton may arise spuriously from shared non-stationarity rather than true physical 

coupling (Cheng et al. 2021). 

 In contrast, Peat-OA shows only weak persistence (H = 0.57), characteristic of episodic, 

uncorrelated emissions close to H of 0.5 typical for white-noise brownian processes, this is also 

supported by the ACF plot in which peat-OA loses its autocorrelation quickly within ~1 h (ű = 

0.24). In addition, Peat-OA time series also exhibit a small secondary autocorrelation maximum 

around 54 h exceeding the 95 % confidence bounds, likely consistent with weak recurrence of 

combustion plumes longe range transport on synoptic timescales (~2-3 days). 

Discussion and conclusion 

While the focused short term summertime study captures the dominance of open ocean 

organics, the full year PMF showed that PMOA and MSA-OA together amounted for 18% of 

the organics over the entire year, this proportion is consistent with the expected seasonal decline 

in biogenic activity during winter, when marine emissions are minimal. Overall, 47 % of the 

annual organic aerosol mass was attributed to primary sources (PMOA, POA, BBOA, HOA, 

and Peat-OA) while secondary sources amounted for 53% of total OA (OOA_1, OOA_2, MSA-

OA). Anthropogenic contributions can be largely attributed here to the exceptional summer of 

2018 with record dryness favouring extensive wildfire activity across Ireland and the UK 

(Dirmeyer et al. 2021) which in turn enhanced the regional load of primary anthropogenic 

aerosols. Along with this, the North Atlantic Oscillation (NAO) was often weak or negative 

with further favoured easterly air masses and long range continental transport (Correia et al. 

2020; Huang et al. 2020). In addition, a methodological novelty of this full year PMF compared 

to the focus short term summer study lies in the first use of spectral entropy similarity in aerosol 

PMF analysis, which enables rapid identification of artificial PMF splitting and facilitated 

objective source discrimination. The subsequent chapter (Section 3.2) investigates in detail the 

seasonal evolution of PMOA and MSA-OA and their coupling to phytoplankton functional 
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types. A key point here is that PMOA behaves as a long-memory, non-stationary process that 

retains the trace of a slow environmental forcing persistence over more than 2 days.  

Its high Hurst exponent (H > 1) and slow exponential decay of autocorrelation indicate that 

marine organic aerosol retains temporal autocorrelation from preceding oceanic and 

atmospheric conditions, likely integrating effects from prior biological activity, enrichment and 

accumulated exposure rather than responding near-immediately to environmental forcings. In 

practical terms, this means that PMOA concentrations are not purely stochastic but evolve 

through slow, memory-bearing processes likely linked to biological and meteorological 

integration over several days which points that PMOA parametrisations could be extended by 

including lagged feedback further discussed in the next section. 

3.2 Biological Control of Marine Aerosol by Different Phytoplankton 

Species 

Marine aerosol profoundly influence climate by modulating radiative transfer and cloud 

properties, yet the biological underpinnings of their production remain poorly constrained 

(introduction section 1.4). In particular, the extent to which distinct phytoplankton functional 

types (PFTs) shape the composition and variability of PMOA and secondary aerosol such as 

MSA has not been systematically quantified. This chapter aims to examine these biological-

atmospheric linkages by integrating high-resolution phytoplankton biomass fields (methods 

section 2.9) with state-of-the-art aerosol measurement time-series analyses (methods section 

2.6). This is done using HYSPLIT exposure to surface ocean biology variations (methods 

section 2.11) to reconstruct biologically weighted exposure time series along air masses 

trajectories, enabling direct comparison with in-situ aerosol chemical measurements and the 

assessment of lagged and potentially causal oceanic influences on atmospheric composition. 

 Specifically, this chapter investigates (i) the seasonal and regional succession of PFTs in the 

North Atlantic depending on bioregions, (ii) the timescales and lags governing transfer 

between phytoplankton biomass and aerosol variability, and (iii) the spatial correspondence 

between air masses aerosol source regions and phytoplankton distributions. By coupling 

ecological succession with atmospheric transport and chemistry, this work seeks to establish a 

possible framework to investigate biological control of marine aerosol across multiple 

functional groups. TheШprimary goal of this approach is to advance the understanding of 

marine aerosol beyond chlorophyll-Ŭ comparisons (for reasons described in sections 1.4 and 

2.9) and further use high resolution global phytoplankton functional types for linking marine 

ecosystems to aerosol feedback. 
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To address this aim, daily biomass fields for major phytoplankton functional types (PFTs) in 

the North Atlantic are obtained from the AIGD-PFT model (Zhang et al. 2024d), which resolves 

eight ecologically distinct groups with a 4km resolution. These PFT outputs are first assessed 

against known established ecological seasonal (i.e. the well-established North Atlantic spring-

summer succession in phytoplankton community structure) and regional patterns to ensure 

model qualitative consistency with literature. Figure 3.2.1 shows the North Atlantic weighted 

averages time series of seasonal dynamics of PFT biomass over a full year (2018). The weighted 

average is made from every grid cell retrieval from region bounded by 20Á-66ÁN and 72ÁW-0Á 

longitude, similarly to Mansour et al. (2024). 
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Figure 3.2.1. Daily Temporal dynamics of phytoplankton functional types in the North 

Atlantic extracted from the AIGD-PFT model (Zhang et al. 2024d). Time series of chl-a 

biomass (mg m į) for major phytoplankton functional types averaged over the region 

bounded by 20Á-66ÁN and 72ÁW-0Á longitude, similarly to Mansour et al. (2024). Panels 
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show: (A) Chlorophytes, (B) Haptophytes, (C) Pelagophytes, (D) Cryptophytes, (E) 

Dinoflagellates, (F) Diatoms, (G) Prochlorococcus, (H) prokaryotes and (I) total biomass. 

Shaded areas represent variability (standard deviation) around the mean. 

Changepoint analysis reveals a temporally ordered succession consistent with canonical bloom 

dynamics as diatoms enter the spring-summer climax phase on March 16th , followed by 

dinoflagellates on April 6th , haptophytes on April 17th , and chlorophytes on April 30th , 

consistently (Figure 3.2.1) with typical PFT succession (Needham and Fuhrman 2016). The 

diatoms climax phase persists until July 17th , after which their relative biomass declines 

steadily as diatoms are expected to progress into the depletion phase (Behrenfeld et al. 2019). 

Further autumn to winter restructuring is also observed with Prochlorococcus and other 

prokaryotes increasing on September 22nd, and subsequent prokaryotic reorganisations on 

December 6th  and 20th  as the winter transition to deep mixing conditions sets in (Behrenfeld 

et al. 2019). This autumnal diatoms collapse (Figure 3.2.2) is also consistent with the well-

known rise in prokaryotes following seasonal entrainment of thermocline material and deep-

ocean taxa into surface waters (Wenley et al. 2021) whereas their strongly fluctuating standard 

deviation reflects patchy mesoscale filaments and eddy structures typical of prokaryotic 

mesoscale filaments (Gray et al. 2024). Concurrently, reduced zooplankton grazing pressure 

during the autumn-winter transition may also  further contribute to this selective PFT uptick 

(Freilich et al. 2021). 
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Figure 3.2.2. (A) AIGD-PFT Annual mean diatom mass concentrations averaged over the 

region 20Á-66Á N, 72Á W-0Á E. (B) Relative contributions of individual phytoplankton 

functional types to total chlorophyll-a biomass (%) within the same region. 

To further explore spatial variability in surface concentrations, AIGD-PFT data are split into 

bioregions following Longhurst biomes delineation (Longhurst 2010) (Figure 3.2.2) with 

respective contributions (%) to PFT chl-a biomass shown in Table 1. Overall, throughout the 

year and all Longhurst provinces, diatoms biomass is prevailing (19.4%-65.5%), only closely 

followed by chlorophytes (15.7%-32.3%), haptophytes (4.7%-23.7%) and cryptophytes (5.2%-

8.7%). Dinoflagellates remain relatively constant across basins (~5%), consistently with the 

~5% relative abundance reported in previous field studies in the Western North Atlantic (Wang 

et al. 2021b) and in the subtropical North Atlantic (Duhamel et al. 2019b). In contrast, 

Prochlorococcus (0.9-7.6%) and other prokaryotes (0.6-6.7%) display a clear south-north 

concentrations gradient, with higher contributions at lower latitudes (consistent with 

observations of increasing cyanobacterial dominance toward subtropical regions; Bola¶os et 

al., 2021) whereas pelagophytes remain minor (0.9-3.1%). In addition, haptophytes visibly 

decline in the boreal polar region (4.7%), where diatoms are known to outcompete them (Krisch 

et al. 2020; Pierella Karlusich et al. 2025). 
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Figure 3.2.3. Weighted averages of Phytoplankton functional types by Longhurst regions. 

BPLR: Boreal Polar, NADR: North Atlantic Drift, GFST: Gulf Stream, ARCT: Atlantic 

Arctic, SARC: Atlantic Subarctic, NASW: Northwest Atlantic subtropical gyre, NASE: 

Northeast Atlantic subtropical gyre, NECS: Northeast Atlantic shelf, NWCS: Northwest 

Atlantic shelf. 

Table 1. Longhurst Regional variability in PFT composition 

Region 

Pelago

phytes 

(%) 

Dinofl

agella

tes 

(%) 

Prochloroc

occus (%) 

Prokar

yotes 

(%) 

Cryptop

hytes 

(%) 

Haptop

hytes 

(%) 

Chlorop

hytes 

(%) 

Diat

oms 

(%) 

Total (mg m-3) 

NADR 3.1 5.0 3.3 2.5 6.9 23.7 31.1 24.4 0.48 
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Region 

Pelago

phytes 

(%) 

Dinofl

agella

tes 

(%) 

Prochloroc

occus (%) 

Prokar

yotes 

(%) 

Cryptop

hytes 

(%) 

Haptop

hytes 

(%) 

Chlorop

hytes 

(%) 

Diat

oms 

(%) 

Total (mg m-3) 

ARCT 2.4 4.6 0.9 0.8 5.2 18.7 18.0 49.4 0.97 

NECS 2.4 4.6 0.9 0.8 5.2 18.7 18.0 49.4 0.90 

NWCS 1.0 5.2 2.0 1.8 8.7 6.7 20.7 53.9 0.83 

SARC 2.0 5.4 0.8 1.0 5.6 17.4 22.8 45.0 0.77 

BPLR 0.9 4.2 1.3 0.6 7.2 4.7 15.7 65.5 0.97 

NASE 3.2 4.3 6.2 5.4 7.0 22.2 32.3 19.4 0.36 

GFST 2.8 4.6 7.6 6.7 6.3 18.4 30.8 22.9 0.31 

 

Overall, the relative ordering of total surface phytoplankton biomass across Longhurst 

provinces is consistent with in situ Atlantic transect observations, with lowest biomass in 

oligotrophic gyres and enhanced biomass in subpolar and shelf regions (Brotas et al. 2022).  

As AIGD-PFT data seems to capture real world phytoplankton growth dynamics, with coherent 

ecological succession across space and time (Figure 3.2.3), whether these biogeographic 

contrasts translate into distinct marine aerosol signatures is examined next as Mace Head 

received air masses from several of these regions. A full year of source apportioned PMOA and 

MSA measurements was obtained (Figure 3.2.4), and two contrasting cases were retained: the 

Northeast Atlantic shelves (NECS) during phytoplankton bloom climax (May 25th to July 13th) 

and the North Atlantic Drift province during late-summer early depletion (August). Air-masses 

exposure to ocean surface phytoplankton concentrations at Mace Head was quantified using the 

methodology described in  methods 2.11.  
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Figure 3.2.4. Seasonal evolution of phytoplankton exposure and associated aerosol 

composition at Mace Head.Ш(A) Monthly air-mass exposure to dominant phytoplankton 

functional types (PFTs) derived from the AIGD-PFT dataset. (B) Corresponding monthly 

mean concentrations of primary marine organic aerosol (PMOA) and methane sulphonic 

acid organic aerosol (MSA-OA), both show pronounced mass concentrations during the 

spring bloom. 

Constrained source apportionment was performed using PMOA mass spectra from earlier 

Mace Head studies (Ovadnevaite et al. 2011d; Chevassus et al. 2025). For low factors 

solutions (3-6 factors), the retrieved PMOA time series across all a-values shows unrealistic 

behaviour (Figure 3.2.5), with large spikes and artificial co-variability with ebC (R=0.35-

0.62). On the other hand, the seven-factors and eight-factors solutions provides the most 

physically consistent representation, minimising correlation with eBC (R down to 0.16, 

Figure S3.2.1 and S3.2.2) while maximising overall correlation with PFT exposure time 

series. Furthermore, an eight-factor solution was not retained, despite comparable PMOA 

correlations, as recent work indicates that Mace Head submicron aerosols are best represented 

by seven factors (Moschos et al. 2026). 

 










































































































































































































