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1.  Introduction
Cloud droplets contain a complex mixture of water-soluble organic matter (WSOM) originating from the 
scavenging of soluble gases and the dissolution of cloud condensation nuclei (Ervens et al., 2015; Herrmann 
et al., 2015). During the cloud lifetime, aqueous-phase reactions lead to (photo-)oxidative transformations that 
potentially produce small organic compounds, such as diacids and dicarbonyls (Li et al., 2020; Tomaz et al., 2018; 
Zhang et al., 2017) and high-molecular-weight organic matter (Herrmann et al., 2015; Li et al., 2017; Renard 
et al., 2014). In addition, cloud WSOM is a substrate for microorganisms (Bianco, Deguillaume, et al., 2019; 
Renard et al., 2016; Vaïtilingom et al., 2013; Wei et al., 2017). Most of the current analyses of cloud WSOM 
with classical analytical targeted technologies have contributed to a better understanding of cloud composition 
and chemistry (Bianco et  al.,  2016; Li et  al.,  2020; Löflund et  al.,  2002; Triesch et  al.,  2021; van Pinxteren 
et al., 2005). However, a significant fraction of this complex matrix remains uncharacterized.

Abstract  Seven cloud water samples were collected from May to October 2018 at the Puy de Dôme 
station (PUY) in France and analyzed by positive-ion atmospheric pressure photoionization [(+)APPI] 
Fourier transform ion cyclotron resonance mass spectrometry. The assigned formulas (ranging from 3,865 
to 6,380) were attributed using the multidimensional stoichiometric constraint classification of Rivas-Ubach 
et al. (2018, https://doi.org.10.1021/acs.analchem.8b00529) to six main categories (RUCs): LipidC, ProteinC, 
Amino-sugarC, CarbohydrateC, NucleotideC, and OxyaromaticC. Back trajectories were calculated by the 
computing atmospheric trajectory tool (CAT) model to obtain information on the air mass history. Partial least 
square regressions were performed using chemical data, CAT back-trajectory calculations and FT-ICR MS 
data to analyze the environmental variability of the organic sample composition. ProteinC is correlated with 
the continental surface for air masses transported within the boundary layer, and Amino-sugarC is strongly 
correlated with acetate, NO3 − and NH4 +, suggesting Anthropogenic sources for amino sugars and proteins. 
LipidC is correlated with the sea surface for air masses transported within the free troposphere, confirming 
the long-range transport of marine biogenic sources. Concerning Oxy-aromaticC, given the correlations with 
oxidants and pollutants, as well as anti-correlations with local influence, we proposed a mechanism of oxidation 
from remote anthropogenic sources.

Plain Language Summary  Clouds were sampled on top of the Puy de Dôme mountain in 
France to study their chemical composition. Cloud droplets were collected by impaction with samplers 
specifically designed for that. The seven samples, collected from May to October 2018, were characterized 
by a high-resolution mass spectrometry method, revealing thousands of organic compounds carrying carbon, 
hydrogen, nitrogen, sulfur, and phosphorus atoms, belonging to both natural and anthropogenic sources. 
Using a recently developed classification method, organic compounds were shared into classes based on their 
respective numbers of elements to lipids, proteins, amino sugars, carbohydrates, and aromatic compounds. To 
better understand the variability of the molecular fingerprints of each collected sample, we applied statistical 
analysis which enabled us to link the history of the air-masses calculated with a three-dimensional kinematic 
trajectory code and the chemical composition of the clouds. For example, proteins were related to the time spent 
by the air mass above continental surfaces at low altitude (in the boundary layer). Amino sugars and aromatic 
compounds were strongly correlated with anthropogenic sources. Finally, lipids were correlated with the time 
spent over the ocean in the free troposphere, confirming potential long-range transport from marine source.
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Non-targeted approaches relying on the ultrahigh resolving power of Fourier transform ion cyclotron resonance 
mass spectrometry have shown great potential to unravel the extremely high molecular diversity of cloud WSOM. 
Indeed, FT-ICR MS provides unmatched sensitivity and mass accuracy, generating a highly resolved description 
of the cloud WSOM composition (Altieri et al., 2008; Bianco, Deguillaume, et al., 2019; Boone et al., 2015; Cook 
et al., 2017; LeClair et al., 2012; Mazzoleni et al., 2010; Zhao et al., 2013).

Recent studies have shown the presence of relatively less polar compounds (e.g., terpenoids), as well as anthro-
pogenic aromatics, in cloud WSOM (Lebedev et al., 2018; van Pinxteren et al., 2005; Wang et al., 2015, 2020). 
Compared to electrospray ionization (ESI), atmospheric pressure photoionization (APPI) has seldom been 
used to characterize atmospheric WSOM (Nizkorodov et al., 2011). In this study, we used APPI to extend the 
analytical window of WSOM characterization to include its nonpolar components. Indeed, APPI provides more 
uniform ionization efficiency than ESI across a broader range of compound classes, such as nonpolar compounds 
(Marshall & Rodgers,  2008) and a wider linear dynamic range (Kauppila & Syage,  2021). Moreover, APPI 
minimizes ion suppression and matrix effects (Hanold et al., 2004). We used positive-ion (+)APPI for selective 
ionization of nitrogen-containing species (Podgorski et al., 2012).

The molecular formulas, derived from FT-ICR MS analysis, are difficult to be associated with specific molec-
ular structures, as each represents many possible isomeric arrangements but allows instead to define elemental 
compound categories, such as CHO or CHNO. Elemental compound categories are usually represented graph-
ically using van Krevelen (vK) (H/C vs. O/C) diagrams, a widely used graphical tool that allows for the analyst 
to plot crucial information related to the chemical composition of a sample, visualize the structural classes of 
organic compounds (e.g., lipid-like, protein-like) (Kew et al., 2017; Kim et al., 2003) and describe the chemical 
reactions in terms of additions and losses within elemental compound categories (Heald et al., 2010). Neverthe-
less, a large overlap exists between the vK-categories leading to incorrect classification (Brockman et al., 2018; 
Rivas-Ubach et al., 2018). For example, the protein-like category overlaps with other categories mainly because 
nitrogen is not accounted for in the classical two-dimensional 2D-vK diagram, losing information about the 
oxidation state (An et al., 2019). To address this issue, Rivas-Ubach et al. proposed a multidimensional stoichio-
metric constraint classification (MSCC) based on C, H, N, O, P and S stoichiometric ratios (Table S1 in Support-
ing Information S1) in six main categories (hereafter RUCs): LipidC, ProteinC, Amino-sugarC, CarbohydrateC, 
NucleotideC, and Oxy-aromaticC (Rivas-Ubach et al., 2018). Initially applied to plant metabolites, the MSCC 
has been tested toward generic databases. Rivas-Ubach et al. found that lipids (97%), oxy-aromatics (97.3%) and 
proteins (99.9%) from various databases matched respectively within the stoichiometric constraints of LipidC, 
Oxy-aromaticC and ProteinC.

The aim of this study was to characterize the molecular composition of 7 cloud water sampled at the Puy de Dôme 
station (PUY) in France. Previously, we used (−)ESI/FT-ICR MS (Bianco, Riva, et al., 2019); in this study, we 
used (+)APPI, a complementary ionization technique, allowing us to tend toward a greater exhaustiveness. Data 
were interpreted using the MSCC for the first time to determine the composition of atmospheric WSOM, inves-
tigating in particular the presence of sulfur and phosphorus-containing compounds. The cloud water samples 
were further compared using multivariate statistical tools, evaluating the influence of inorganic ions and air 
mass history calculated by the computing atmospheric trajectory tool (CAT) model (Baray et al., 2020; Renard 
et al., 2020). This approach helps to evaluate possible relationships between air mass history and WSOM varia-
bility in the cloud water samples collected at PUY.

2.  Methods
2.1.  Cloud Sampling and Sample Treatment

Sampling was performed at the PUY (45.77°N, 2.96°E, 1,465 m a.s.l.) in the Massif Central region (France). 
PUY is part of the French national platform Cézeaux-Aulnat-Opme-puy de Dôme (CO-PDD) (Baray et al., 2020) 
and belongs to the following international networks: the European Monitoring and Evaluation Program, Global 
Atmosphere Watch, and Aerosols, Clouds, and Trace Gases Research Infrastructure.

For the last 25 years, CO-PDD has evolved to become a full instrumented platform for atmospheric research. PUY 
is completed by additional sites located at lower altitudes and adding the vertical dimension to the atmospheric 
observations: Opme (660 m), Cézeaux (410 m), and Aulnat (330 m). The integration of different sites offers a 
unique combination of in situ and remote sensing measurements capturing and documenting the variability of 
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particulate and gaseous atmospheric composition, but also the optical, biochemical, and physical properties of 
aerosol particles, clouds, and precipitations.

Air masses reaching the PUY station were transported in the atmospheric boundary layer (ABL) and/or in the free 
troposphere, depending on the seasons and time of the day, but with prevailing westerly winds. The PUY summit 
is frequently under cloudy conditions, on average, 30% of the year, with higher occurrences during winter and 
autumn than during spring and summer (Baray et al., 2019). This makes PUY a reference site to study and sample 
clouds (Bianco et al., 2018; Lallement et al., 2018; Lebedev et al., 2018; Renard et al., 2016; Wang et al., 2020; 
Wirgot et al., 2017).

Seven cloud water samples from May to October 2018 were collected at PUY with the cloud impactor previously 
described (average sampling time of 3 hr 45 min) (Deguillaume et al., 2014).

Sampling was performed using aluminum cloud water collectors under nonprecipitating and nonfreezing condi-
tions as described in Deguillaume et al. (2014). Such active collectors allow to collect specifically cloud droplets. 
They consist of a suction device and a sampling device allowing to select by inertia a lower limit size of cloud 
droplets (cut-off diameter around 7  μm). Cloud droplets were collected by impaction onto a rectangular plate and 
then run into a sterilized bottle.

Before cloud collection, impactors were cleaned using Milli-Q water and sterilized by autoclaving. Immediately 
after sampling, a fraction of the aqueous volume was filtered using a 0.2 μm nylon filter (Fisherbrand™) to elim-
inate particles and microorganisms. The samples were then stored at −20°C.

Solid-phase extraction (SPE) was used to concentrate cloud WSOM and remove the inorganic salts from the 
cloud water samples before FT-ICR MS analysis. The Strata-X (Phenomenex) cartridges (recommended for 
neutral compounds) were used for SPE. The analytical procedure is fully described in Bianco et al. (2018).

The microphysical, chemical and microbiological characterization of cloud water samples is performed in the 
frame of the observation service PUYCLOUD and data of more than 300 cloud water samples are available 
online at https://www.opgc.fr/data-center/public/data/puycloud. More details about the physicochemical analysis 
are reported in the SI. The chemical and microphysical properties of the seven cloud water samples analyzed in 
this study are reported in Table S2 of Supporting Information S1.

2.2.  Dynamical Analysis

The CAT model is a three-dimensional kinematic trajectory code using initialization wind fields from the recent 
reanalysis European Centre for Medium-Range Weather Forecasts ERA-5 (Hoffmann et  al.,  2019) used and 
described the CAT model in the classification of clouds sampled at PUY, detailing the same procedure adopted in 
this study. The air mass history was modeled by counting the number of trajectory points over the sea and conti-
nental surfaces. Then, the continental and sea surfaces were vertically subdivided using the altitude of the ABL 
height (ABLH) interpolated on the trajectory points (data summarized in Table S2 of Supporting Information S1).

All of these characteristics were then compiled for each cloud water sample, providing a so-called “CAT matrix.” 
Thus, the matrices indicated, for each cloud water sample, the distribution of the zones crossed by their 72-hr 
backward trajectory. The relationship between the air mass history and the cloud chemical composition was the 
subject of a statistical analysis, as described in Renard et al. (2020). The back-trajectory plot with the CAT model 
displays correlation between cloud composition and air mass history (Renard et al., 2020) and the calculation of 
the boundary layer height indicates that the puy de Dôme summit was in free troposphere during sampling. This 
is also supported by the low temperature measured during sampling and the low particle concentration.

2.3.  (+)APPI FT-ICR MS Analysis

(+)APPI analysis was performed using a 12-T Bruker solariX XR FT-ICR instrument (Bruker Daltonik GmbH, 
Bremen, Germany) equipped with a dynamically harmonized ICR cell (Paracell) and an APPI-II ion source 
fitted with a 10.6-eV krypton discharge VUV lamp (Syagen Corp.). For the (+)APPI measurements, toluene 
(HPLC-grade) was used as a dopant. The sample and the solution of toluene/methanol (1:1, v/v) were infused into 
the ion source at the same time (via the main and auxiliary sample sprayers) at flow rates of 10 and 2 μL min −1, 
respectively. Dry nitrogen was used as the nebulizing (4.0 L min −1) and drying gas (2.5 bar, 220 °C). The mass 

https://www.opgc.fr/data-center/public/data/puycloud
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spectra were first calibrated externally by using APCI-L Tuning Mix (part no. G1969-85010; Agilent Technolo-
gies, Santa Clara, CA). SolarixControl 2.2 software was used for the data acquisition, and the mass spectra were 
further processed and analyzed with Bruker DataAnalysis 4.4 software. A total of 100 coadded time-domain 
transients (8 Mword each) were summed, zero-filled once and full-sine apodized to provide the final 16 MWord 
magnitude-mode data at an m/z range of 100–2,000. For peak picking, the signal-to-noise (S/N) ratio was set at 
seven, and the relative intensity threshold was ≥0.01%. Internal recalibration was applied using a custom-made 
calibration list for WSOM samples.

2.4.  Formula Assignments

Assigned molecular formulas were calculated from the DataAnalysis® matrix using Composer software (Sierra 
Analytics, Modesto, CA) as previously described in Bianco, Deguillaume, et al. (2019).

After calibration with the formula list, detected peaks in the filtered and calibrated peak lists are assigned to 
the closest molecular formulas from the full theoretical mass list within a mass tolerance of ±3 ppm. To avoid 
any unreasonable formula assignments, we proceeded by steps, increasing the elements ranges. Step 1, the soft-
ware attributed the formula with C1−10H2−20N0−1O0−4P0−0S0−1, step 2, C2−35H4−70N0−2O0−5P0−1S0−1, and step 3 
C4−70H8−140N0−4O0−20P0−3S0−1. More, rules adapted from Kind and Fiehn were applied to exclude formulas that 
did not occur abundantly in WSOM (e.g., H/C ≤ 3, N/C ≤ 1, O/C ≤ 1.5, P/C ≤ 0.33 and S/C ≤ 0.3) (Kind 
& Fiehn, 2007). Mass signals found in the blank (323 low intensity peaks) were excluded (not subtracted) in 
Composer software. The mean carbon number (C) and mean elemental ratios (e: H/C, N/C, O/C, P/C and S/C) 
were converted into relative abundance weighted (RAw) values (Cw and eW) using Equations 1 and 2, respectively:

𝐶𝐶W =

∑

(RA𝑖𝑖 × 𝐶𝐶)
∑

RA𝑖𝑖

� (1)

𝑒𝑒W =

∑

(RA𝑖𝑖 × 𝑒𝑒)
∑

RA𝑖𝑖

� (2)

where RAi is the relative abundance (RA) for each individual formula, i, C, the number of carbon atoms and e, an 
elemental ratio (H/C, N/C, O/C, P/C or S/C).

2.5.  Statistical Analysis

Partial least squares (PLS) regressions were performed to establish correlations between the chemical concentra-
tions (H2O2, inorganic carbon (IC), Fe 2+, Na +, NH4 +, NO3 −, SO4 2−, acetate and formate), CAT matrix (air mass 
history), and FT-ICR MS data (i.e., carbon numbers (C), elemental ratios (H/C, N/C, O/C, P/C and S/C) and 
aromaticity index (AI)). This panel of inorganic ions is representative of the diversity of atmospheric sources, 
such as Na + for marine source, NH4 + and NO3 − for anthropogenic influence, SO4 2− for both marine and anthro-
pogenic influence; Fe 2+ and H2O2 are related to the cloud oxidative capacity; acetate and formate are proxy of 
organic chemistry. Mann–Whitney and Kruskal–Wallis nonparametric tests were conducted to validate signifi-
cant differences between two and among several data groups, respectively (not shown). Two air mass categories 
were stated to be different when the probability for the groups to have identical data distributions was lower 
than 5% (p value  <  0.05). These statistical tests were selected because of the nonnormal distribution of the 
data, according to the Shapiro–Wilk normality test. A least absolute shrinkage and selection operator regression 
was also performed to consolidate the results (data not shown). Statistical analysis was performed using Excel 
XLSTAT software (Addinsoft, 2021).

3.  Results
Agglomerative hierarchical clustering (AHC) was used to categorize cloud water samples based on the long-term 
monitoring of their chemical composition following the work from Renard et al. (2020). The AHC determined 
four categories from the six main inorganic ions (Cl −, Mg 2+, Na +, NH4 +, NO3 −, and SO4 2−): Highly marine, 
Marine, Continental, Polluted. The seven samples studied in this work belonged to the so-called “Marine” cate-
gory (i.e., the ionic concentrations were low compared to those of the hundreds of clouds sampled at PUY).
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However, each sample was derived from a unique air mass history, and signifi-
cant differences in the WSOM content were detected in our study. The molecular 
characterization of cloud water samples is first presented in a traditional way, with 
elemental ratios (e.g., H/C, O/C), elemental compound categories (e.g., CHONPS 
are compounds containing C, H, O, N, P and S), and vK diagrams (O/C vs. H/C). We 
then introduce the application of MSCC (Rivas-Ubach et al., 2018) and the benefits 
of using this method in the complex matrix of the cloud WSOM.

3.1.  Molecular Characterization of WSOM in Cloud Water Samples

3.1.1.  Elemental Ratios

Molecular formulas of the form CcHhNnOoSsPp were assigned to the (+)APPI FT-ICR 
mass spectra of WSOM. The total assigned formulas for each sample ranged from 
3,699 to 6,625 (Table 1).

Although the APPI source minimizes ion suppression and matrix effects, the RA 
of compounds is affected by the molecular ionization efficiencies and is therefore 
not a direct measure of the concentration of a compound in the mixture. Neverthe-
less, assuming similar ionization efficiencies, RA-weighted values may improve the 
comparison between samples or between the WSOM subcategories described below. 
The RA-weighted mean carbon number (C) and mean elemental ratios (H/C, N/C, 
O/C, P/C and S/C) are displayed in Table 1. The C values (Table 1) ranged from 16.3 
to 19.1, with a mean H/C of 1.45, a mean O/C of 0.19 and a mean N/C of 0.093, 
confirming the well-known selectivity of (+)APPI toward (a) low-polarity molecules 
and (b) nitrogen-containing compounds (Bianco et al., 2018; Cook et al., 2017; Zhao 
et al., 2013) Furthermore, the O/C ratio was relatively lower than those observed in 
(−)ESI (≈0.5) (Brege et al., 2018; Cook et al., 2017; Mazzoleni et al., 2010).

3.1.2.  Aromaticity Index (AI)

The weighted AI was computed according to the Melendez-Perez et  al.  (2016) 
Equation 3:

AI =
1 + 0.5(2𝐶𝐶 −𝐻𝐻 − 𝑂𝑂 − 2𝑆𝑆 −𝑁𝑁 − 𝑃𝑃 )

𝐶𝐶
� (3)

With an average of 75.1%, olefinic (0 < AI ≤ 0.5) structures were homogeneously 
predominant in (+)APPI (Table  1 and Figure S1 in Supporting Information  S1), 
followed by aliphatics (AI = 0; 18.9%), aromatics (0.5 < AI < 0.67) and condensed 
aromatics (AI  ≥  0.67). Compounds falling in the condensed aromatic classifica-
tion were more heterogeneous (highest relative standard deviations) than aliphatic, 
olefinic and even aromatic compounds, reflecting the diversity of sources and the 
complexity of atmospheric reactivity.

Molecular trends across the seven cloud events were examined with respect to the 
number of C atoms in the molecular formulas (Figure 1). The AI value increased 
with the number of C atoms (from 4 to 31 C), following the same pattern observed in 
other studies focusing on cloud WSOM with ESI ionization (Mazzoleni et al., 2012; 
Zhao et al., 2013). The aliphaticity of compounds tends to decrease with the number 
of carbons (from 4 to 38 C), while the proportion of olefinic compounds increased. 
With an average of 3.5% of the total molecular formulas detected across all samples 
(from 4 to 38 C), the relative frequency of aromatic and condensed aromatic struc-
tures was generally low (Figure  1). Moreover, the mean AI was similar to that 
observed in (+)ESI (Brege et al., 2018).C
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3.2.  A Stoichiometric Approach to Compound Categorization

The vK diagrams did not reflect the complexity of thousands of compounds containing C, H, N, O, P and S, as 
observed in this work. However, the MSCC based on the stoichiometric ratios of these elements was recently 
introduced and initially applied to plant metabolites (Rivas-Ubach et al., 2018). Here, we applied the MSCC algo-
rithm to the seven cloud water samples(Table S1 in Supporting Information S1). Using this model, we assigned 
cloud WSOM molecular formulas according to the six main RUCs: Amino-sugarC, CarbohydrateC, LipidC, 
NucleotideC, Oxy-aromaticC, and ProteinC.

3.2.1.  RUCs Versus vK-Diagram

Figure 2 displays the vK diagram of the seven pooled cloud water samples, where each compound is colored 
according to its RUC. Using the third N-dimension, the MSCC led to a better discrimination of the classes of 
compounds that overlap in the 2D-vK diagram (Figure S2 in Supporting Information S1). This result is particu-
larly obvious for ProteinC, overlapping most vK categories (Figure  2 and Figure S2 in Supporting Informa-
tion S1), or for CarbohydrateC and Amino-sugarC, also overlapping in the 2D-vK diagram but distinguishable 
in the 3D-vK diagram (Figure S2 in Supporting Information S1). No assigned formulas fall into NucleotideC, 
mainly because of the P/C ratio (≥0.1) in the MSCC, which is quite high for a cloud matrix. Approximately 5% 
of the total assigned formulas do not match any group of the MSCC (hereafter Not.MatchedC). Most of these 
compounds display an O/C ratio too low to be classed in ProteinC or an N/C ratio too high to be classed in LipidC 
(Figure 2, Table S1 in Supporting Information S1). Overall, the MSCC represents a substantial improvement 
over the classic 2D-vK approach (i.e., O/C and H/C ratios), as shown in Figure 2, where the distinctions are not 
adequate, particularly between Lipid-like and Peptide-like categories.

Elemental compound categories (e.g., CHO, CHNO, etc.) are commonly used to describe vK diagrams. Indeed, 
they facilitate the comparison of samples and allow for the categories to be highlighted. Here, the elemental 
compound categories are discussed based on the RUCs obtained for the seven pooled cloud water samples.

3.2.2.  RUC Relative Distribution

Figure 3 displays the relative distribution of RUCs for all samples and the proportions of elemental compound 
categories for each RUC. Figure S4 in Supporting Information S1 details the relative distribution of RUCs for 
each cloud water sample. LipidC, ProteinC and Oxy-aromaticC represent 94.4% of the assigned formulas, while 

Figure 1.  Aromaticity index (AI) relative frequency (histogram, left axis) and AI mean value (black cross, right axis) versus molecular carbon number (seven pooled 
cloud water samples, collected in 2018 at PUY).
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Amino-sugarC and CarbohydrateC are seldom detected, and 5.4% of formulas do not belong to any RUC (Not.
MatchedC).

LipidC represents over half (55.3%) of all assigned molecular formulas. Lipids are a complex family of 
compounds. Fatty acids and fatty alcohols are, for example, relatively unreactive, while surfactants are highly 
surface-active. Elemental compound categories of LipidC reflect this complexity (Rapf et  al.,  2018; Triesch 

Figure 2.  Van Krevelen (vK) diagrams of the seven pooled cloud water samples collected in 2018 at PUY. Rivas-Ubach et al. categories (RUCs) are reported using 
different colors (Amino-sugarC in orange, CarbohydrateC in purple, LipidC in yellow, Oxy-aromaticC in green, ProteinC in blue and Not.MatchedC in gray). Dashed 
black lines delimit standard vK classes (aliphatic/peptides-like, carboxyl-rich alicyclic molecules-like (CRAM-like), aromatic structures…) (Rivas-Ubach et al., 2018).

Figure 3.  (a) RUCs of the seven pooled cloud water samples collected in 2018 at PUY (Rivas-Ubach et al., 2018). RUCs are reported using different colors 
(Amino-sugarC in orange, CarbohydrateC in purple, LipidC in yellow, Oxy-aromaticC in green, ProteinC in blue and Not.MatchedC in gray). b–e. Elemental compound 
categories of each RUC, displayed with different colors (e.g., CHNO: green, CHO: light blue).
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et al., 2021; van Pinxteren et al., 2020). CHNO and CHO in LipidC constitute 52.8% and 30.5% of the group, 
respectively. Phospholipids and sulfolipids compounds account for 14.0% of LipidC.

ProteinC represents 23.6% of assigned molecular formulas in (+)APPI and consists of CHNO (98.5%), CHNOP, 
CHNOPS and CHNOS. The assignment of CHNOS (1.44%) could suggest the presence of proteinogenic amino 
acids such as cysteine or methionine.

Oxy-aromaticC represents 15.5% of the assigned molecular formulas. This category cannot be described, like 
LipidC or ProteinC, as a chemical group per se. Oxy-aromaticC consists of compounds with low H/C ratios 
(<1.3), usually represented by aromatic or unsaturated compounds. These compounds contain one or more 
aromatic rings with diverse elemental compositions that typically participate in specific biological functions, 
making up a large variety of compounds along the O/C axis, such as polyphenolics (Rivas-Ubach et al., 2018). 
Like LipidC, Oxy-aromaticC is highly diversified in terms of elemental compound categories. CHNO is 44.1%, 
but CHO attains 36.6%, while P and S compounds represent 15.0% of Oxy-aromaticC.

Both LipidC and Oxy-aromaticC contain compounds without oxygen (CH, CHS, CHNP…), 7.03% and 11.5%, 
respectively. Oxygen not-containing compounds are mostly detected in (+)APPI (Lin et al., 2018).

Amino-sugarC represents only 0.13% of the assigned molecular formulas. Similar to ProteinC, Amino-sugarC 
contains only CHNO (99%) and CHNOS. Microbial amino sugars, compared to lipids, have been shown to be 
a relatively stable fraction of microbial biomass and could be used as biomarkers to study the balance between 
carbon sequestered in soils versus that released into the atmosphere (Liang et al., 2015).

3.2.3.  RUCs Versus Carbon Number Trends

Figure 4 (right axis) displays the mean formula number per sample versus the carbon number (i.e., the number 
of carbon atoms, from 4 to 38 C, per formula) of all assigned molecular formulas across all 7 samples. A peak 
is observed at 18 C, representing 312 formulas (i.e., the average number of assigned formulas with 18 carbon 
atoms is 321 per cloud water sample). 99% of the assigned formulas contain 6–30 C and are normally distributed 
(18.0 ± 7.2 C).

Figure 4.  RUCs relative frequency (histogram, left axis) reported using different colors (Amino-sugarC in orange, CarbohydrateC in purple, LipidC in yellow, 
Oxy-aromaticC in green, ProteinC in blue and Not.MatchedC in gray), and mean formula number (black cross, right axis) versus molecular carbon number (seven 
pooled cloud water samples, collected in 2018 at PUY).
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Figure 4 (left axis) depicts, for each molecular carbon number, the relative frequency of RUC. ProteinC consists 
mainly of rather small molecules (15.5 ± 4.4 C), and amino-sugarC (9.4 ± 2.4 C) is detected from 6 to 14 C. The 
relative frequency of ProteinC decreases from 4 to 31 C, and among this category, CHNO is the main elemental 
compound category. CHNOP, CHNOPS, and CHNOS are only present from 7 to 15 C (Figure S4d in Supporting 
Information S1).

The relative frequency of LipidC roughly increases with increasing numbers of C atoms (from 6 to 38 C), and 
from 8 to 27 C, LipidC is the foremost category (17.7 ± 4.8 C). Among LipidC, P and S compounds are dominant 
in the C range of 24–34; otherwise, CHNO and CHO are the main elemental compound categories (Figure S4b 
in Supporting Information S1).

The relative frequency of Oxy-aromaticC roughly increases from 6 to 35 C (17.6 ± 5.1 C). Few small molecules 
(C < 8) match in this category. Conversely, Oxy-aromaticC is predominant at 31 C. Among Oxy-aromaticC, P 
and S compounds are dominant above 22 C; otherwise, CHNO and CHO are the main elemental compound cate-
gories (Figure S4c in Supporting Information S1).

Overall, P and S compounds are dominant among the largest molecules (from 24 to 34 C, Figure S4a in Support-
ing Information  S1). Furthermore, by adding heteroatoms, the representation and interpretation of elemental 
compound categories become increasingly complicated, contrary to the accessible RUC graphical representation. 
In addition, RUC could be used to perform more relevant statistical analysis on cloud water samples.

4.  Discussion
To better understand how environmental parameters affect cloud molecular composition, multivariate statistical 
analysis was performed on air mass history and ionic chromatography data together with the FT-ICR MS data 
using PLS regressions.

4.1.  RUC Versus FT-ICR MS Data

To perform PLS analysis (Figure S5 in Supporting Information S1), the matrix of the explanatory variables (Xs) 
was composed of the FT-ICR MS data, that is, the AI, the mean carbon number (C) and mean elemental ratios 
(H/C, N/C, O/C, P/C and S/C). The matrix of dependent variables (Ys) used consisted of the RUC matrix. The 
PLS regression provides a predictive model, with a positive quality index (Q 2 = 0.33) from four orthogonal 
components.

Table S3 in Supporting Information S1 details the correlations between the RUCs and the FT-ICR MS data. 
ProteinC was correlated (unlike other RUCs) with N/C (R = 0.74, p value = 0.20) and with aliphatic compounds 
(AI = 0) (R = 0.67, p value = 0.05). ProteinC roughly anti-correlates with all other RUCs, in particular LipidC 
and Oxy-aromaticC, which illustrates the importance of the N/C ratio in the classification of formulas.

LipidC did not show any noticeable (anti-)correlation, except with ProteinC (R = −0.60, p value = 0.27). LipidC 
includes approximately half of the formulas assigned in FT-ICR MS. This is the main category, likely very heter-
ogeneous. This category should be subdivided according to the same Rivas-Ubach method.

Oxy-aromaticC is consistently anti-correlated with H/C (R = −0.94, p value = 0.003) and correlates with aromat-
ics. Amino-sugarC is correlated with condensed aromatics (R = 0.69, p value = 0.07). The proportion of Carbo-
hydrateC, low among these seven cloud water samples, is anti-correlated with the N/C ratio (R  =  −0.72, p 
value = 0.01).

P and S compounds significantly correlate with Amino-sugarC and, to a lesser extent, with CarbohydrateC and 
Oxy-aromaticC, suggesting P- and S-substitution.

This first PLS allows for establishing links between cloud water samples and RUCs. The clouds are too few to 
draw conclusions on our panel; however, the high Q 2 and the correlations between the clouds and the components 
demonstrate that the model correctly describes all the clouds and could allow for classifying the clouds based on 
the FT-ICR MS data. In other words, designed to classify molecules, the MSCC method could help to classify 
a cloud water sample. In Renard et al. (2020) clouds sampled at PUY are classified according to their inorganic 
ion composition (Cl −, Mg 2+, Na +, NH4 +, NO3 − and SO4 2−) as marine, highly marine, continental or polluted. In 
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the same way, clouds could be classified according to their organic composition, as ProteinC (e.g., sample 10/1 
in Figure S5 of Supporting Information S1), LipidC, Oxy-aromaticC.

Additional dimensions in the model, such as ionic content and information on air mass history, could link clouds 
with potential sources and improve the classification.

4.2.  Influence of Air Mass History and Chemistry at PUY

To perform the PLS analysis (Figure 5), the matrix of explanatory variables (Xs) is composed of a CAT matrix 
(sea surfaces (</> ABLH) and continental surfaces (</> ABLH)) and chemical data (Fe 2+, H2O2, IC, SO4 2−, 
NO3 −, acetate, formate, Na + and NH4 +). The matrix of the dependent variables (Ys) is an RUC matrix as well.

Table S4 in Supporting Information S1 details the correlations between the RUCs, chemistry, and CAT model. 
ProteinC is correlated with sea surface (<ABLH) (R = 0.94, p value = 0.09) and, to a lesser extent, with continen-
tal surface (<ABLH). Similar correlations between amino acids and the time spent by the air mass over the sea 
and continental surfaces within the ABL have been observed by (Renard et al., 2022). Even though amino acids 
(directly measured in cloud water samples) and ProteinC (a statistical category of protein) should be compared 

Figure 5.  Partial least squares (PLS) chart with t components on axes t1 and t2. The correlation map superimposes the cloud water samples and the dependent (Ys) 
and explanatory (Xs) variables. Ys, from the RUC matrix, are symbolized by black circles (shape fill: Amino-sugarC in orange, CarbohydrateC in purple, LipidC in 
yellow, Oxy-aromaticC in green, ProteinC in blue and Not.MatchedC in gray); Xs, from the chemical and computing atmospheric trajectory tool (CAT) matrices by red 
diamonds. The seven cloud water samples are represented by blue circles.
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with caution, sea salt may drive amino acids to the aerosol−air interface, where they can more readily undergo 
chemical reactions, including peptide formation under certain conditions (Angle et al., 2022). These consistent 
correlations may confirm direct influences from the boundary layer in terms of nitrogen supply. ProteinC is also 
anti-correlated with Fe 2+ and H2O2 concentrations, suggesting a potential influence of photochemistry on protein 
(amino acid) concentrations. Sulfur-containing proteinogenic amino acids (cysteine and methionine) might be 
degraded directly by H2O2 (Lundeen et al., 2014); and Fe 2+ and H2O2 produce, via Fenton chemistry, HO  . radical, 
known to oxidize proteins (Liu et al., 2017).

The correlations with continental surface (<ABLH) as well as SO4 2− suggest potential anthropogenic sources for 
ProteinC. SO4 2− is known to be ubiquitous, but at PUY sulfate, nitrate and ammonium are correlated (Renard 
et al., 2020), consistent with an anthropogenic source of organic S capable of being transported long distances, 
as proposed in Altieri et al. (2009).

The origin of LipidC is heterogeneous and could explain why this category is not significantly correlated with the 
air mass history. Some subcategories could be related to the sea surface (>ABLH); van Pinxteren et al. (2020) 
observed an accumulation of the total dissolved lipids in the sea surface microlayer, and among them terpenoids 
and fatty acids, lipid composition which is also found on aerosols (Triesch et al., 2021). Sunlight might initiate 
complex radical chemistry increasing lipids complexity in the environment (Rapf et al., 2018). LipidC is also 
robustly anti-correlated with SO4 2−, confirming a potential marine biogenic source for LipidC. A possible expla-
nation could be the formation of sulfolipids (Triesch et al., 2021).

Oxy-aromaticC, Amino-sugarC and, to a lesser extent, CarbohydrateC are correlated with each other and with 
continental surface (>ABLH), pollutants (NH4 + and NO3 −) and oxidants (Fe 2+ and H2O2), implying anthropo-
genic sources, according to Renard et al. (2020). Amino-sugarC could also be the result of the reactivity between 
Oxy-aromaticC and ProteinC.

The proportion of CarbohydrateC is low among these seven cloud water samples, but this category seems coher-
ently anti-correlated with IC (R = −0.78, p value = 0.02) and correlated with acetate.

The model's predictive quality index is still positive (predictive) but slightly lower than that of the previous PLS 
(Q 2 = 0.21 with 3 components). Q 2 presents significant disparities according to the RUC (detailed in Table S5 of 
Supporting Information S1); correlations are quite high concerning Amino-sugarC, ProteinC and Oxy-aromaticC 
(Q 2 = 0.41, 0.52 and 0.57), which means the PLS is predictive. Conversely, LipidC is inhomogeneous and the 
Q 2 is negative. With only seven samples, the PLS is non-predictive for this category. The results are preliminary 
and need further investigation. Nevertheless, PLS regression is a powerful statistical tool when analyzing small 
sample sizes or data with a nonnormal distribution (Chin & Newsted, 1999).

As described above, one of the aims of this PLS regression is to classify the cloud water samples according to 
their organic composition. Amino-sugarC and Oxy-aromaticC are correlated to component t1 (Table 2), and then 
10/8 and 9/14 samples would be in these anthropogenic RUCs (to distinguish these 2 RUCs, an additional compo-
nent would be necessary, and therefore, more samples are needed). Biogenic LipidC is robustly anti-correlated 

Note. a. Correlation matrix of the variables with t (component) for each RUC, and b. Standardized scores on t for each cloud 
water sample. In red (in blue), the highest (anti-)correlation and standardized scores. The bold value denoted R 〉 0.6 (or  
〈 −0.6).

Table 2 
From the Partial Least Square (PLS) (Figure 5, With Three Components, t1, t2 and t3)
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with component t2 as a 9/24 sample. ProteinC is anti-correlated with t1 and correlated with t2, as 10/1 sample 
with local influences.

In addition to this preliminary classification, the PLS algorithm provides a complex equation: Y = X Wh Ch + Eh, 
where Y is the matrix of the dependent variables and X is the matrix of the explanatory variables. Wh and Ch are 
the matrices generated by the PLS algorithm, and Eh is the matrix of the residuals.

The predictive model provided by this PLS needs further investigation but could improve the cloud chemistry 
model we developed in parallel. The objective is to have an overview of the organic sample composition from the 
CAT model in the absence of suitable analysis, such as FT-ICR MS data.

Essentially, MSCC allows for cloud water samples to be compared more efficiently and accurately than a vK 
diagram would. The RUCs provided by the MSCC could be preferentially linked to marine or continental sources 
in the boundary layer or free troposphere. The RUCs could thus highlight the impact of transport on the compo-
sition of the cloud water sample. Finally, in the event of an industrial accident and the release of potentially toxic 
compounds into the atmosphere (work in progress), the MSCC would indicate the predominant categories of 
molecules (e.g., proteins, lipids, etc.) present in the cloud and therefore the primary type of reactivity one would 
expect.
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