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ABSTRACT: Primary biological aerosol particles (PBAPs) are microscopic solids o o , Complex ambient

suspended in the atmosphere emitted by biological systems and play critical roles in ° ° PBAP
the atmosphere and the atmosphere—biosphere system, impacting human health,  Atmospheric identification
climate, and the ecosystem function. Understanding the sources of PBAPs is aerosols Z
necessary to decipher the mechanistic interactions between aerosols, climate, and . . S /m
other ecosystem components. However, the detection of specific PBAPs in complex ° e ) )

ambient aerosol samples is challenging. We performed metabolomics analyses of Machine Learning

pollen from three pollinating tree species and ambient samples collected during the
peak pollination period of each species. Random Forest and sPLS-DA machine @
learning methods were employed to evaluate whether metabolic signatures of i t

ambient samples can reveal the source of the main pollen particles present in the o %

atmosphere. Our results suggest that atmospheric ecometabolomics techniques i’

combined with sophisticated statistical methods can decipher the origin of abundant

PBAPs from complex ambient samples. Developing complete libraries containing high-resolution metabolomic fingerprints of the

major PBAPs present in the atmosphere would significantly advance future research to accurately understand the role of PBAPs in
the atmosphere, ecosystems, and human health.
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1. INTRODUCTION atmosphere, especially during pollination seasons. Pollen
emissions are seasonal and vary according to the distribution
of different plant species, latitude, wind, frost-free days, and
precipitation.”” In ecosystems with contrasting anemophilous
pollination seasons (i.e., temperate and boreal areas), pollen

Primary biological aerosol particles (PBAPs) are solid airborne
particles of biological origin.' PBAPs are 0.01—1000 xm in size
and can include pollen, fungal spores, protozoa, bacteria, algae,
and biological debris emitted to the atmosphere. PBAPs are a

key component of the atmosphere and can significantly impact concentrations have been found in the range between 0.04 and
human health, climate, and the ecosystem function.” PBAPs 0.8 pug m™ with a maximum concentration of pollen
emitted from the terrestrial biosphere, especially pollen and submicron particles (subpollen particles) during rainy events."”
fungal spores, have commonly received substantial attention Interestingly, different pollen species, and their corresponding
within the human health community as they have been subpollen particles, have been demonstrated to significantly
associated with important asthma and allergic rhinitis out- differ in their ice nucleation eﬂiciency,13 having thus the
breaks.” > Despite their importance for health, the fate and potential to impact climate to different extents. Therefore,
impacts of PBAPs on the atmospheric and ecosystem function there is growing interest in pollen grains and subpollen
are still poorly understood. particles, given their potential impacts on precipitation and the

The size of PBAPs is relatively large compared to other hydrological cycle."">'® In addition, submicron particles can
atmospheric particles [pollen grains (15-200 um), fungal potentially impact the total radiation budget of the Earth as can

spores (2—4 ym)] in the atmosphere; however, studies have
shown that PBAPs can rupture under high-humidity conditions
resulting in the release of submicron fragments (<1 gm)°~"" to

they scatter and absorb sunlight. Although the concentration of

the atmosphere and even reach the upper troposphere.m Special Issue: phemlcal Interactions in the Plant-
Still, those fragments have not been accounted for in regional Atmosphere-Soil System

and global atmospheric models'’ even though they have Received: October 27, 2020

proven to act as cloud condensation nuclei’ and are also Revised:  February 24, 2021

effective in nucleating ice.'”'* Anemophilous pollen accounts Accepted: March 22, 2021

for a significant amount of biological material in the Published: March 30, 2021
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Figure 1. Illustration of the use of artificial intelligence methods (i.e,, machine learning) on mass-spectrometry-based metabolomic fingerprints
from aerosol samples to identify the source of primary biological aerosol particles (PBAPs).

subpollen particles in the atmosphere remains unknown, it has
been suggested that they could be responsible for a reduction
of precipitation events in clean continental environmental
conditions and create a negative feedback to the subpollen
particle production, thus affectin7g the total organic aerosol
mass loading in the atmosphere.'

Deposition of aerosols can significantly impact terrestrial and
aquatic environments.'* *° Pollen and other PBAPs can
represent a rapid supply of nutrients [e.g, carbon (C),
nitrogen (N), phosphorus (P), sulfur (S), etc.] to different
components of ecosystems such as phytoplankton,'®*"**
plants,”*>*™** and the phyllosphere.”**” Although there is no
accurate data for terrestrial ecosystems yet, increases of 1.5 and
0.4 mg L™ in soluble N and P, respectively, have been
reported in lakes receiving pollen from surrounding Pinus
sylvestris forests.” Significant shifts on the amount and types of
PBAP deposition could lead to fluctuations of the ecosystem
function by shifting the environmental C:N:P:S stoichiometry
and nutrient cycling.”" '

Given the potential impacts of PBAPs on atmospheric
processes and ecosystem function, identifying the source of
PBAPs from aerosol mixtures is of special importance to
improve and increase accuracy of climate, environmental, and
biogeochemical models. However, identifying the sources of
PBAPs in the atmosphere remains a challenge, due to high
PBAP diversity and the spatial and temporal complexity.
Ambient organic aerosol samples can include a mixture of
PBAPs, secondary organic aerosols (SOAs), and other organic
compounds of anthropogenic origin."*>?

DNA metabarcoding performs simultaneous identification of
various taxa present in the same environmental sample by
amplification of DNA and sequencing. Applying high-
throughput metabarcoding techniques on complex ambient
samples can provide good data on detection and quantification
of certain PBAPs, but there are still challenges, especially in
sample preparation and analysis. On one hand, the relatively
long residence times of large particles in the atmosphere can
lead to damage of DNA which can make amplification,
sequencing, and taxa identification difficult. Small contami-
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nants can also be amplified during polymerase chain reaction
(PCR) methods, providing confusing results. On the other
hand, metabarcoding methods cannot cope with smaller
subparticles in suspension (i.e., subpollen) as they do not
contain DNA, or the DNA has been substantially damaged. In
addition, in terms of throughput, extracting DNA of tiny
amounts of sample followed by polymerase chain reaction
(PCR) methods and sequencing can still be complex and time-
consuming. Fluorescence-based and spectroscopy techniques,
including the wide-band integrated bioaerosol spectrometer
(WIBS),”" have been typically used for real-time detection of
biological particles.

Different microscopy, spectroscopy, and mass spectrometry
(MS) techniques have been used for detection of biological
particles.”* MS-based methods have been widely utilized in
atmospheric research to detect specific molecular compounds
(biomarkers) to track PBAPs in a rapid way. MS is currently
one of the most sensitive analytical techniques available for
tracing specific compounds, and only few molecules are
necessary to be detected.*® For example, glucose, fructose, and
sucrose have been used as tracers for pollen grains'>*® as they
represent a large proportion of their biomass.”** Nevertheless,
sugars and other compounds are expected to be also found in
other PBAPs such as fungi spores or plant debris®>** making it
difficult to directly identify pollen particles in the atmosphere
using specific chemical tracers alone. We thus hypothesize that
using a set of tracers at once instead of single compounds can
increase the identification accuracy of PBAPs even at the
species level. Novel chemical characterization methods, such as
MS-based metabolomics, can produce a large number of
markers (metabolomic features) that can be used to identify
more precisely low-concentration PBAPs present in the
atmosphere. Prior work has shown that the high sensitivity
of MS instruments can detect the overall changes of organisms’
metabolomes under biotic and nonbiotic stresses.””~* In
addition, MS-based metabolomic analyses have been proven to
differentiate metabolic signatures between plant genotypes of
the same species,“"‘f‘ between tree subspecies coexisting in the

. 45 . .
same environment, ~ and between insects of the same species
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with different age and sex* or even feeding on distinct tree
varieties.”” In addition, MS-based metabolomics techniques
have been also applied in aerosol research, i.e., atmospheric-
ecometabolomics,”® and proven to efficiently differentiate
chemical fingerprints of ambient samples collected in distinct
seasons. Therefore, entire metabolic fingerprints, ie, a
collection of multiple metabolic features detected from
samples, can act as unique complex signatures for individual
samples that, together with recent bioinformatic methods (i.e.,
artificial intelligence), can serve to improve tracking of PBAPs.
We postulate that applying advanced biostatistical methods of
classification on metabolomics data can be a next-generation
approach for PBAP identification at greater confidence (Figure
1).

This study represents a first attempt to test whether high-
resolution MS-based metabolomic fingerprints coupled with
machine learning approaches can trace specific PBAPs in the
atmosphere. We performed metabolomics analyses of pollen
from three different anemophilous pollinating tree species and
from ambient samples collected during the pollination peak
periods of each of those tree species. The generated
metabolomic fingerprints from pollen samples were sub-
sequently used to train different machine learning algorithms.
Machine learning models were used to evaluate whether the
signatures of each pollen species fingerprints are correctly
found in the ambient samples collected during their
corresponding pollination season. This study represents a
first step for establishing novel methods of atmospheric aerosol
identification using complex chemical data sets. Finally, we
discuss specific limitations of this novel method and describe
the main future perspectives on future applications of this
technique.

2. MATERIAL AND METHODS

2.1. Study Site and Sampling. Samples were collected
during three different tree pollination peak periods occurring in
spring 2017 at the University of Michigan (UMICH; Ann
Arbor, MI) and its surroundings. UMICH is located in the
northeastern corner of Ann Arbor, MI (42° 29’ N, 83° 70’ W),
and is a part of the Detroit metropolitan area with a total
population of over 4.2 million. The area surrounding Ann
Arbor is a mixture of landscapes represented mainly by
agricultural, urban, and extended forested areas predominated
by distinct tree taxa including Pinus sp., Quercus sp., Betula sp.,
Acer sp., Fagus sp., and Populus sp. Climate is strongly
influenced by the Great Lakes with an average maximum
annual temperature of 28 °C and annual precipitation of 950
mm.

Pollen samples were directly collected from tree inflor-
escences of three common tree species in southeastern
Michigan: Betula papyrifera. (hereafter birch), Quercus bicolor
(hereafter oak), and Pinus strobus (hereafter pine) at the
beginning of their pollination period in the Ann Arbor area in
2017. Tree inflorescences were harvested under conditions
when pollen release was imminent and placed in a cool, dark
location to release or “drop” the pollen, typically within 24 h of
collection. Imminent release was determined on a day-by-day
basis when pollen would be released from the tree with mild
disturbance. Six samples were collected from different
individuals of each tree species. Pollen samples were
subsequently sieved through an 80 um sieve to remove
impurities. Samples were kept at —80 °C in plastic tubes until
Iyophilization and compound extraction.
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Aerosol samples were collected daily at UMICH campus
during the pollination peak of each of the three tree species:
birch pollination period (from April 24th to 26th, 2017; 3
days), oak pollination period (May 8th, 10th, 11th, 12th, 17th,
18th, and 22nd, 2017; 7 days), and pine pollination period
(from May 30th to June 1st, 2017; 3 days). Environmental
conditions during the sampling periods for each pollination
peak are described in Table SI.

Aerosol particle samples were collected following an
optimized protocol for atmospheric metabolomics analyses.*
Briefly, samples were collected onto precombusted (S h at 450
°C) high-purity quartz filters (WhatmanQM-A 37 mm,
Whatman International Ltd., Maidstone, UK). Samples were
collected at a flow rate of 30 L min~" for 24 consecutive hours
(from 9 am to 9 am of the next day) achieving a final air
volume of ~32400 L per sample. We collected total
atmospheric particles without any size cutoff (see Rivas-
Ubach et al.”® for setup details). All ambient samples were
stored wrapped in aluminum foil at —80 °C until compound
extraction.

2.2. Metabolite Extraction of Pollen. Pollen samples
were lyophilized for 48 h before metabolite extraction. Polar
and semipolar metabolites from pollen were extracted
following well-established protocols,” with minor modifica-
tions. Briefly, two set of 2 mL glass vials were labeled: set A to
perform the extractions (18 vials, one per pollen sample) and
set B to keep the extracts (18 vials, one per pollen extract/
sample). Lyophilized pollen (10 mg) of each species was added
into the corresponding vial of set A. Each vial received 0.8 mL
of methanol/water (80:20) and was subsequently sonicated for
S min. Vials were thus shaken at 1400 rpm in a Thermomixer
instrument (Eppendorf AG, Hamburg, Germany) operating at
4 °C for 1 h, sonicated again for 10 min, and centrifuged at
2700g at 4 °C for 10 min. Supernatants from each sample were
collected and added into their corresponding glass vial of set B.
Extracts were stored at —80 °C until analyses.

2.3. Metabolite Extraction of Ambient Samples.
Ambient samples were extracted following Rivas-Ubach et
al.*¢ Briefly, three different tube sets were labeled, sets of tubes
A [8 mL combusted (450 °C for S h) glass tubes to perform
the extractions], B [15 mL polypropylene tubes to keep the
extracts], and C [2 mL glass vials for the concentrated
extracts]. Each set was composed of 13 tubes: one per ambient
sample. Each ambient sample (filter) was inserted into the
corresponding tube of set A and received 5 mL of methanol/
water (80:20). All samples were subsequently sonicated for 10
min at room temperature (~24 °C), and extracts (4 mL) were
transferred to the tubes of set B. Two extraction procedures
were performed to each filter but adding 4 mL of fresh
methanol/water (80:20) for the second extraction in the tubes
of set A. Second extractions were combined with the initial
aliquots in the tubes of set B. Extracts in the tubes of set B
were dried by using an ultrapure nitrogen evaporator, and 1
mL of fresh methanol/water (80:20) was added to each tube
and vortexed for 30 s to resuspend the dried extracts.
Concentrated ambient extracts were thus centrifuged at
4000g for S min, and supernatants were transferred to the
tubes of set C. Combusted nonused filters were also extracted
through all procedures and used later as experimental blanks to
determine the background level of the ambient samples.
Ambient sample extracts were stored at —80 °C until analyses.

2.4. LC-MS Data Acquisition and Chromatogram
Processing. LC-MS analyses were performed with a high-

https://doi.org/10.1021/acsearthspacechem.0c00295
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resolution mass spectrometer (HRMS; Orbitrap Velos)
equipped with heated electrospray ionization (HESI) (Thermo
Fisher Scientific, Waltham, MA) and coupled to an HPLC
(high-pressure liquid chromatographer; Thermo Vanquish,
Thermo Fisher Scientific, Waltham, MA). The LC was
performed at 30 °C using a C18 reversed-phase column
(Hypersil Gold 150 X 2.1 mm, 3 pm particle size). The flow
rate was constant at 300 yL min~'. Chromatographic solvents
were composed of 0.1% formic acid in water (mobile phase A)
and 0.1% formic acid in acetonitrile/water (90:10) (mobile
phase B). The injection volume was S and 10 uL for pollen and
ambient samples, respectively. The chromatographic method
started at constant conditions of 90% A (10% B) for 5 min.
Then, the elution linearly changed to 10% A (90% B) during
the following 15 min (minute 20 of chromatography), and
conditions were held for 2 more minutes (minute 22 of
chromatography). The initial conditions were recovered over
the following 2 min (minute 24 of chromatography). The
column was thus washed and stabilized during 11 extra
minutes at the initial conditions (90% A; 10% B) (minute 35
of chromatography; end). A total of 10 experimental blanks
were injected during the sequence. A mixture of standards was
analyzed during the sequence to test for mass accuracy of the
instrument and for m/z calibration purposes. In order to avoid
any carryover after the injection of standards, two consecutive
injections of methanol/water (80:20) were analyzed after the
standard mixture. The HRMS operated in Fourier transform
mass spectrometry (FTMS) and full-scan mode at high
resolving power [60000 full width at half-maximum
(fwhm)]. The acquired ions by the HRMS were between 50
and 1000 m/z in both negative and positive ionization modes.

LC-MS RAW files were processed and aligned in MZmine
2.38,"” and the data set was exported to a CSV file (see Table
S2 for detailed processing parameters in MZmine software).
Metabolic feature assignation to specific metabolites was
performed using an in-home LC-MS library containing over
600 common compounds from the primary and secondary
metabolism, especially in plants, and it was based on exact
mass and retention time (RT). This feature annotation
corresponds to a second level of putative identification as
proposed by the chemical analysis working group and the
metabolomics standards initiative.”” Using both RT and high-
resolution MS reduces the number of false-positive feature
annotations in low-molecular-weight metabolites (typically
<400 Da).”' However, it is important to note that the main
core of this study does not rely on metabolite identification but
metabolomic fingerprinting, and using exact mass and RT for
compound annotation still corresponds to putative identi-
fications. Metabolite annotation for LC-MS data is detailed in
Table S3 and Figure S1.

2.5. Metabolomics Data Set Filtering. The LC-MS data
set, including both pollen and ambient samples and both
ionization modes (positive and negative), was filtered at the
cell level. A cell of a study corresponds to the group of samples
defined by the unique combination of the different levels
between categorical factors (see Figure S2 for a schematic
representation of the “cell” concept). Peak areas of the same
identified compounds in separate peaks and/or both ionization
modes were summed into a single variable (see Table S3 and
Rivas-Ubach et al.>! for details). Our study is composed of 6
different cells: birch pollen (6 replicates), oak pollen (6
replicates), pine pollen (6 replicates), ambient birch
pollination peak (3 samples), ambient oak pollination peak
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(7 samples), and ambient pine pollination peak (3 samples).
Ambient samples could be considered as pseudoreplicates as
they have been collected on different days within the same
pollination peak period. Therefore, ambient samples can still
present large intracell variability, and the data filter has been
optimized to obtain a final data set with the most common
information between sampling days within the same
pollination peak period and to reduce the number of random
single day-unique features. Accordingly, specific features
derived from individual days will be removed during the
following filtering pipeline, as they are not representative of a
pollination peak period. Filtering was performed through 4
main steps:

(1) Minimum data. Those variables (metabolite features)
represented in less than 100% of the replicates across all
cells for the given variable were removed from the data
set. Only those variables with at least one cell containing
values for all replicates were kept.

(2) Blank threshold. When the number of experimental
blanks with data (>0) for a given variable was equal to or
lower than 2 out of 9 blank samples, all values from all
experimental blanks for such a variable were considered
as zero.

Signal to noise (S/N). Variables with S/N < 25 across all
individual cells were removed from the data set. We kept
only those variables with an average number in one or
more cells that had a value at least 25 times the average
number of the experimental blanks. Noise level was
represented by the data obtained from the 9
experimental blanks.

3)

(4) Zero filter. To avoid spontaneous metabolic features
shown in low number of samples of a cell, for each
variable, when a cell had <60% of data (1 out of 3
replicates of a cell of ambient samples; 3 out of 6
replicates of a cell of pollen samples), all values for such

cell replicate samples were considered zero.

2.6. Statistical Analyses. The filtered data set used in this
study was composed of 43319 metabolomic features
(continuous variables); 6756 of these features were unique
for pollen grains, and 2736 of these features were unique for
ambient samples. From the aligned fingerprints, 259 features
were assigned to a molecular compound at a second level of
putative identification.*’

To visualize the overall metabolomic variability between all
samples of the study, the entire metabolomic fingerprints of
both pollen and ambient samples are represented in a heatmap
with hierarchical clustering tree diagrams (dendrograms).
Sample dendrograms represent a classification of samples
according to their metabolome similarity between samples.
Therefore, samples in close proximity in the tree diagram have
more similar metabolome structures. Metabolomic features are
classified in the variable dendrogram according to their relative
abundance across the different samples. Prior to plotting the
heatmap, individual variables were scaled to the same
magnitude, with 1 as the largest value for each of the variables.
Figure S3 provides additional details regarding the interpreta-
tion of the heatmap and hierarchical clustering for variables
and study subjects. In addition, pollen and ambient samples’
metabolomic fingerprints were separately subjected to
permutational multivariate analysis of variance (PERMANO-
VA) using the Euclidian distance to test for overall differences
between pollen species and between pollination peak periods,
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Metabolomic feature
relative abundance

Ambient samples

Pollen samples

Figure 2. Hierarchical clustering tree diagrams (dendrograms) of samples (pollen and ambient samples; left-side of the heatmap) and metabolomic
features (top of the heatmap) computed using all samples (31; 18 pollen and 13 ambient samples) and their metabolomic fingerprints (43 319
aligned features total). The dendrogram of samples illustrates the resemblance of the metabolomic fingerprints between all samples. Dendrograms
for metabolomic variables illustrates the resemblance of metabolomic variable variation across all samples. Both dendrograms are integrated into a
heatmap representing the relative abundance of all metabolomic features across samples. Both hierarchical clustering analyses and heatmaps were
calculated according to the relative abundance of all metabolomic features of the data set. The color gradient of the heatmap represents the relative
abundance for each detected metabolic feature (column of the heatmap) across all samples (row of the heatmap), and dark-blue represents the
highest relative abundance. Pollen samples are represented in different colors (oak pollen in green, pine pollen in orange, and birch pollen in blue),
and branches of dendrogram clusters of samples are represented with the same color as the sample. The replicate number of each sample is
indicated between parentheses. Ambient samples are represented by the day of collection and different colors in accordance with the natural
pollination peak of each tree species (oak pollination peak in green, pine pollination peak in orange, and birch pollination peak in blue). See the
Material and Methods section and Figure S3 for a more detailed explanation of hierarchical clustering and heatmap representation.

respectively. For this analysis, the permutation number was set samples collected during such species’ peak pollination time.
at 10000. PERMANOVA is a nonparametric multivariate Machine learning regularized methods were applied on large
statistical test which makes no explicit assumptions about the data sets (negative and positive metabolomic fingerprints)
distribution of dissimilarities or the original variables. because the variable selection step (sPLS-DA) protects the
Machine learning methods analyzed four different filtered classifier from overfitting the training data, which likely
sets of data. For computational consistency and to avoid contains many unnecessary features that generate “noise”.
redundant metabolic features (i.e., repeated signals found in For the smaller data sets (amino-acid profile and central
both ionization modes), the entire metabolomic fingerprints carbon metabolism), however, regularization can hurt classifier
obtained in positive (24 174 features) and negative (19218 performance because all the metabolites are needed to
features) ionization modes were analyzed separately. At the correctly classify the ambient samples because there are few
same time, this allows testing whether specific ionization or no unnecessary features, and in this case, we used Random
modes perform better for pollen species classification with Forest models as a more suitable tool for pollen classification.
machine learning techniques. For additional testing and to First, validation of the two trained models on pollen data was
generate new hypotheses and questions, the amino acid and tested against the same pollen species. For that, out of the 6
central carbon metabolism profiles (acquired by both positive replicates of each pollen species, 3 replicates were used to train
and negative ionization modes, and putatively identified by RT a model that was subsequently used to classify the other 3
and exact mass) were also analyzed (see Table S4 for replicates of each of the pollen species. We observed that
compounds included within each profile). Amino acids are applied methods classified properly all pollen samples with a
monomers of proteins more directly linked to the unique misclassification rate of 0% using all data sets [metabolomic
genome of a species, and we tested whether amino acid profiles fingerprints (positive and negative ionization modes), amino
alone could serve for proper classification of pollen species. acids, and central carbon metabolism] (Table S5). We
Central carbon metabolism compounds tend to be shared by considered a correct classification when the pollination peak
most living organisms, and we also tested if shared metabolic period of a specific ambient sample coincided with the highest
signatures decoupled to genomic expression could properly probability match of its corresponding pollen species. Model
classify the different pollen species. validation was also used to choose the number of trees and
Two different machine learning methods were utilized to features used in the Random Forest and the dimensionality/
determine whether a model trained on the pollen metabolite complexity of the reduced feature space in sPLS-DA (see the
data (fingerprints, amino acids, and central carbon metabo- Supporting Information for R scripts for both sPLS-DA and
lism) could identify the same signatures in the ambient aerosol Random Forest methods). All models were trained using the
973 https://doi.org/10.1021/acsearthspacechem.0c00295
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Figure 3. Metabolomic matching probability plots of metabolomic fingerprints of ambient samples into birch (red), oak (green), and pine (blue)
pollen metabolomic fingerprints. Results are shown for each data set type used in the machine learning training: (a) metabolome fingerprints
obtained in negative ionization mode, (b) metabolome fingerprints obtained in positive ionization mode, (c) amino acid fingerprints (combined
ionization modes), and (d) metabolites from the central carbon metabolism (combined ionization modes). Results shown for metabolome
fingerprints (a, b) are derived from the sPLS-DA classification method, and results for amino-acid (c) and central carbon metabolites (d) are
derived from the Random Forest classification method. For each panel, the different ambient samples collected from April to June 2017 are
indicated in the x-axis. Different colors grouping ambient samples indicate the pollination peak periods for each of the tree species for which pollen
samples were collected: the birch pollination period is shown in light-red (April 24, 25, and 26), oak pollination period in green (May 8, 10, 11, 12,
17, 18, and 22), and pine pollination period in blue (May 30 and 31, and June 1). The matching probability of metabolomic fingerprints of ambient
samples into each pollen species is represented along the Y-axis. Larger probability indicates larger similarity between the metabolome structure
between the ambient sample and the indicated pollen species. Ambient samples considered as correctly classified are shown in bold. A sample was
considered correctly classified when the pollination peak period of such a specific ambient sample coincided with the highest probability match of
its corresponding pollen species. Misclassified samples are marked in gray along the Y-axis. Matching probability values are shown in Table S6 of
the Supporting Information. See Figure S4 for more details about the matching probability plot interpretation.

centered and scaled metabolite fingerprints for the pollen 3. RESULTS AND DISCUSSION

samples. The ambient samples were centered and scaled based The metabolomics data set for the pollen and aerosol samples

on the respective values computed from the pollen samples included 43319 metabolomic features acquired with both
before being predicted with the models trained on the pollen negative and positive ionization modes. From those, 6756
samples. PERMANOVAs, graphs, and models were performed (15.6%) were represented only in pollen grains, and 2763
using R version 3.6.1.”> PERMANOVAs were conducted using (6.38%) were present only in ambient samples. When
the adonis function of the “vegan” package.”> The Heatmap contrasting different pollen species, we found that 5910

with hierarchical clustering for both variables and study (13.6% of the total), 4785 (11% of the total), and 805 (1.9% of
the total) features were unique for birch, pine, and oak pollen,

respectively. The overall metabolome structure differed
significantly between pollen species, explaining almost 93%
of the total variability (PERMANOVA; pseudo-F = 97.65, R* =
0.929, P < 0.0001). A hierarchical clustering tree for samples
classified birch pollen with the most dissimilar metabolomes if

subjects was performed using the heatmap.2 function in the
“gplots” package.’* The hierarchical clustering calculation was
performed using the “complete” method. Color gradient was
plotted using the viridis palette.”> The “randomForest”
package® was used to fit Random Forest models, and sPLS-

. “ . o 57
DA was fitted using the “mixOmics” package.”" Figure 1 was compared to pine and oak pollen (Figure 2; see Figure S3 for
created with Affinity Designer (Serif (Europe) Ltd, UK). details). Phylogenetically closely related organisms tend to
Figures 2 and 3 were plotted in R-Studio and subsequently share features of their phenotypes™® and their metabolomes,
finalized using Affinity Designer (Serif (Europe) Ltd., UK). and chemical phenotypes should not be an exception.
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However, our metabolomic analyses show large species
metabolic plasticity at the pollen level as the phylogenetic
and metabolomics relationships between tree species do not
match. For example, we would expect more similar
metabolomes between oak and birch pollen as both species
are angiosperms from the same order (Fagales) and, therefore,
more closely related to each other than to pines (gymno-
sperms) from which they diverged at least 300 million years
ago.”” Given this large chemical variability between tree
species, it would not be surprising to find different
metabolomes in pollen from species of the same genus and,
therefore, with the potential to impact the components of the
biosphere (i.e., atmosphere, plants) in contrasted ways.

The metabolic fingerprints in ambient samples collected at
distinct pollination peak periods showed a significant differ-
ence between them (PERMANOVA; pseudo-F = 12.32, R* =
0.71, P < 0.0001), which could be directly associated with the
presence of specific pollen particles (birch, oak, or pine) during
the distinct pollination peak periods. Those results suggest that
ambient samples collected in ecosystems with high biodiversity
composed of evolutionary distant organisms should facilitate
the determination of the source of the main PBAPs via high-
resolution MS analyses. More research is necessary to
determine whether different pollen particles emitted from
distinct tree species belonging to the same plant genus can be
clearly differentiated in ambient samples using MS data and
machine learning approaches. The complexity and vast
diversity of compounds found in ambient samples can
complicate the interpretation of the results when relying on
single compounds for PBAP detection and classification
because the abundance of those specific tracers can vary in
different particles with diverse sources. For this reason, we
hypothesize that using a large set of tracers (i.e., metabolomic
features) can significantly improve the classification of PBAPs
as identification relies on complex signatures unique to specific
PBAPs. In addition, this approach can be efficient enough to
detect PBAPs at the genus (i, pollen from oak, birch, or
pine), and even species, level: a clear advantage over using
specific features alone.

We found that the sPLS-DA regularized machine learning
method correctly classified 12 of the 13 ambient samples
trained on both the positive and negative metabolite
fingerprints separately (Figure 3ab; Table S6) (see Figure
S4 for details). For negative ionization mode (Figure 3a), the
ambient sample collected on June 1st, 2017, showed more
similarity to oak than pine pollen, even though this day
corresponds to the pollination peak period for pine.
Conversely, fingerprints of ambient samples obtained in
positive ionization mode (Figure 3b) matched the June Ist
sample correctly with pine pollen, but there was very little
difference with oak pollen (Table S6). The ambient sample
collected on the 18th of May, 2017 (within the oak pollination
peak period), was incorrectly attributed to birch pollen instead
of oak pollen. Achieving only 1 misclassified sample out of 13
(7.7% of error) indicates that using machine learning methods
on metabolomic fingerprint data from ambient samples can
provide enough confidence to identify different genus (i.e.,
birch, oak, or pine) of PBAPs present in the atmosphere at a
given moment. Similarly to the sPLS-DA method, a Random
Forest model trained on the pollen samples correctly classified
12 of the 13 (7.7% of error) ambient samples when using the
amino acid fingerprint, which contain a small number of
metabolic features (Figure 3c). The ambient sample collected
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on the 18th of May (within the oak pollination peak period)
was incorrectly matched to pine pollen instead of oak pollen
using solely the amino acid fingerprint. Amino acids, in
addition to acting as the intermediaries of multiple metabolic
pathways, are the monomers that comprise proteins and,
therefore, the proteome of organisms. Unlike low-weighted
molecular compounds, proteins are macromolecules directly
linked to specific genes, and different organisms carry their
specific set of DNA (genomes), including both genes and
noncoding DNA sequences.”” This result suggests that well-
characterized amino-acid profiles could directly reflect the
genomes of the different species and could potentially be used
alone to decipher the origin of PBAPs. Further analyses using
distinct biological material from diverse taxa are necessary to
validate this hypothesis. Random Forest models on the central
carbon metabolism signature of ambient samples (Figure 3d)
acquired in both positive and negative ionization modes did a
poor job of classifying the ambient samples into their
corresponding pollination peaks; days 8, 10, 11, 17, and 18
of May (within the oak pollination peak period) were matched
with pine pollen instead of oak pollen, and the June Ist
ambient sample (within the pine pollination peak period) was
matched to birch instead of pine pollen. The vast majority of
metabolites of the central carbon metabolism are shared
between all living systems,”’ and contrary to proteins, the
abundance and diversity of low-weighted compounds are not
directly linked to genome translation. Ambient samples can
contain different PBAPs which can exert a buffer effect on the
overall metabolic signature of the central carbon metabolism
alone due the large metabolic feature overlap between
particles. Our results suggest that using metabolite features
largely shared between PBAPs is not sufficient to properly
distinguish the particle source. For this reason, using specific
biomarkers alone (i.e, sugars) is not sufficient to clearly
distinguish specific PBAPs (i.e., pollen, fungi) in complex
ambient samples. In addition, as previously mentioned, single
biomarkers cannot properly discriminate pollen at genus or
species levels which can impact the atmosphere and
ecosystems in particular ways.

3.1. Current Methodological Limitations and Future
Perspectives. In this proof-of-concept study, we provided
evidence that analyzing multiple chemical tracers (i.e., full
metabolic fingerprints) along with advanced bioinformatic
tools can not only detect PBAPs in ambient samples but also
potentially identify them at the genus or species level
However, revealing the diversity and abundance of PBAPs in
complex samples would still be necessary. Our framework used
metabolomic data of monospecific PBAPs (birch, oak, or pine)
to train machine learning algorithms, which limits the
identification to the most abundant particles because those
classification methods are based on similarity and therefore
cannot reveal the relative abundance of particles in complex
mixtures. However, identifying the most abundant PBAP of a
sample can still be relevant in certain atmospheric, ecological,
and health studies. Future research applying machine learning
methods on real metabolomic fingerprints of PBAP complex
mixtures is necessary to evaluate the accuracy to decipher the
diversity and relative abundance of PBAPs from complex
ambient samples. In addition, research is also required to
determine the minimum amount of PBAPs present in complex
ambient samples to generate useful chemical fingerprints for
machine learning classification methods. The concentration of
PBAPs in the lower troposphere can be relatively large;
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however, this is not the case for the upper troposphere where
concentrations can be as low as 1.7 ug m~>,° which can
complicate the detection if samples are not concentrated
enough.

In terrestrial and aquatic ecosystems, most elements (C, N,
P, S, ..) of organic matter are part of molecular compounds
and do not act as individual elements.®®> For this reason, the
supply of nutrients to the different living components of the
biosphere is accomplished via numerous molecular structures.
Understanding the detailed molecular composition of
deposited PBAPs is of importance for several different aspects.
For example, certain molecular structures are “preferred” over
others in terms of how microbes acquire specific nutrients such
as N. In microbes, this preference seems to be driven by the
higher affinity of specific-compound transporters.”® Decipher-
ing accurately the composition and concentration of PBAPs
could facilitate the understanding and quantification of
nutrient fluxes between different ecosystem components.”*
Therefore, we hypothesize that contrasted metabolic signatures
from deposited PBAP (i.e., pollen from birch, oak, and pines)
could impact the ecosystem function and environmental
C:N:P stoichiometry in distinct ways. Determining PBAP
diversity instead of considering single major groups alone (i.e.,
pollen, fungal spores) provides a more accurate picture of the
nutrient deposition on ecosystems. In addition, understanding
particle deposition on ecosystems at the molecular level can
significantly help to fill key knowledge gaps of biogeochemical
nutrient cycles and ecosystem function, especially under
scenarios of climate change leading to significant plant
phenological fluctuations. Long-term studies tracking specific
pollen, or subpollen particles, in suspension could provide
practical information to understand the link between
phenological shifts of specific highly pollinating trees at both
temporal and spatial resolution.

Given the contrasted efficiency as ice and cloud con-
densation nuclei,®® as well as scattering and absorbing
sunlight,m’68 understanding the diversity and abundance of
different submicron particles in the atmosphere, such as
subpollen, provides critical information to interpret the highly
complex array of mechanisms of the atmospheric processes
aiding to improve Earth system modeling. Given the high
sensitivity of MS instruments, combining both metabolomics
analyses with machine learning techniques could be a
promising tool to detect and identify submicron biological
particles within the aerosol mixture in the upper troposphere
with high accuracy. This information will improve our
understanding of the atmospheric composition and climate
dynamics.

In addition, shedding light on the diversity and relative
abundance of certain PBAPs at a given time provides critical
data to understand the severe outbreaks of allergies and/or
asthma. Automated bioinformatic methods can be developed
to extract the chemical fingerprints from MS files, search for
complex fingerprint mixtures, and provide quickly a summary
of the diversity and abundance of pollen and other PBAPs in a
specific ambient sample.

In summary, this proof-of-concept study used three high-
pollen-emitting tree species that dominate the eastern USA
with the goal of testing a new framework to identify PBAPs in
the atmosphere. Our results provided evidence that high-
resolution MS measurements coupled to sophisticated
bioinformatic approaches can identify the most abundant
pollen species in ambient samples when using the entire
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metabolome, and even using the amino acid profiles (Figure
3). It is important to note that our metabolomics analyses of
pollen were performed at the subpollen level for both pollen
and ambient samples, as metabolite extraction procedures
expose pollen grains to humidity and sonication, making pollen
grains rupture into submicron particles. Using metabolomic
fingerprints can be specifically beneficial to identify submicron
PBAPs, i.e., subpollen particles or fungal spore fragments, as
utilizing physical properties alone is challenging due to their
similarity with other atmospheric particles.
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