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Abstract. Microorganisms are ubiquitous in the environment, playing key roles in all ecosystems, including the atmosphere,
with airborne dissemination via particulate matter being essential for many microorganisms’ life cycles. However, the
atmosphere as a microbial ecosystem has been severely understudied, mostly due to the challenging technical difficulties in
sampling and characterizing it and the presumed irrelevance of the atmospheric environment for microbes. So far, most
recent studies use metagenomic sequencing to assess aerobiome diversity, which can be biased and hurdled due to the
inherent ultra-low DNA yield of air samples. Previous research has already demonstrated the potential use of Laser-Induced
Fluorescence (LIF) and machine learning (ML) to characterize the vegetal fraction of bioaerosols, by classifying pollen
particles using the Rapid-E bioaerosol detector (Plair SA) and neural network classifiers. In this study, we present a new
methodology for near real-time (NRT) automatic recognition of microbial particles in the air: first by replacing Rapid-E’s
visible and ultraviolet (UV) laser (337 nm) with another laser (266 nm) optimized to excite fluorophores in bacterial and
fungal cell membranes. We tested this new setup with artificially generated aerosols enriched with five distinct bacterial
species. Employing Random Forest classifiers, we were able to: (a) detect bacterial particles (96.74% class-balanced
accuracy), and (b) discriminate between the different species (69.24% class-balanced accuracy across the different species in
the validation set). This innovative approach sets a new range of possibilities for the rapid and precise monitoring of airborne

microbial communities, offering a valuable tool for both ecological studies and public health surveillance.

1 Introduction

Microbial communities are essential components of all ecosystems, contributing significantly to ecological processes and
human health. While extensive research has been conducted on the microbiome present in soil, water, and different surfaces
in both urban and rural environments, the atmospheric microbial ecosystem (aecrobiome) has remained relatively unexplored
until recently. The atmosphere is a dynamic environment where microorganisms can be transported over long distances
(Rodo et al., 2024), influencing both local and global ecological patterns. These airborne microorganisms play crucial roles

in nutrient cycling, weather patterns, and even disease transmission (Griffin, 2007; Morris et al., 2011; Frohlich-Nowoisky et
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al., 2016; Tellier et al., 2019). Despite their importance, the study of aerobiomes has been hampered by significant technical
challenges (Behzad et al., 2015).

Historically, methods for characterizing the airborne microbiome relied on culture-based approaches that missed most
microbial species, as most are non-culturable (Eduard et al., 2012). The advent of metagenomic next-generation sequencing
(mNGS) revolutionized microbial detection in both clinical and environmental samples, offering culture-independent
analysis with higher throughput, faster turnaround times, and greater resolution. However, the ultralow biomass nature of air
samples results in extremely low DNA yields (Luhung et al., 2021). This presents significant challenges for both the
qualitative and especially the quantitative characterization of microbial diversity. To accumulate enough material for

analysis, the temporal resolution of samples often needs to be compromised (Brodie et al., 2007; Gusareva et al., 2019).

Alternatively, a distinct set of non-invasive fluorescence-based techniques has been developed for the detection, monitoring,
and identification of bioaerosols (Crawford et al., 2023). Initially driven by military efforts to detect biological agents
(Kwasny et al., 2023), these technologies have expanded into various civil and scientific fields where timely bioaerosol
surveillance is essential. In recent years, several instruments capable of characterizing bioaerosols (primarily focused on
pollen) have been commercialized. Notable examples include the Wideband Integrated Bioaerosol Spectrometer (WIBS)
series from Droplet Measurement Technologies (USA) (Healy et al., 2014), the KH-3000 from Yamatronics (Japan) (Miki et
al., 2021), the BAA500 from Helmut Hund GmbH (Germany) (Oteros et al., 2020), and the Rapid-E series from Plair SA
(Switzerland) (Sauliené et al., 2019; Matavulj et al., 2023). Maya-Manzano et al. conducted a comprehensive comparison
and validation of these instruments, among others, for detecting and classifying pollen using Hirst-type traps as a ground

truth reference (Maya-Manzano et al., 2023).

While the automation of pollen particle counting and identification is valuable, expanding these capabilities to the microbial
fraction of bioaerosols is not trivial. The relatively large size of pollen makes it more suitable for analysis using
spectroscopy, especially outside of controlled laboratory conditions. Studies have shown that UV-LIF is precise enough to
discriminate even the smallest viral particles (picornaviruses) when used in combination with machine learning-trained
classifiers (Gabbarini et al., 2019), but translating this to a real-time field-deployable device is challenging. This is due to the
need for high accuracy and the complexity of dealing with the heterogeneous mixtures in which microbial particles are

typically found in real-world scenarios.

In this study, we use the Rapid-E Real-Time Airborne Particle Analyzer, developed by Plair SA (Switzerland), to attempt, to
the best of our knowledge, the first methodology to automate the detection and classification of bacterial particles in

bioaerosols using a portable device suitable for real-time surveillance in both indoor and outdoor environments.

2
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2 Methods
2.1 Particle Analyzer: Rapid-E
2.1.1 Commercial Device

Rapid-E is the successor to Plair’s first particle analyzer, the PA-300, which uses morphological analysis based on scattered
light and chemical analysis through UV-LIF (Kiselev et al., 2011, 2013). The instrument is continuously aspirating ambient
air and its aerosol particles. Once these are captured, they enter the nozzle, which creates a thin laminar flow in the
measurement chamber. Here, two laser beams hit each particle subsequently. First, the particle is hit by a red-light laser
beam, whose light gets scattered and detected by 24 detectors positioned at different angles (from 45° to 130°) at a fast

acquisition rate and at the same wavelength as the red laser beam.

The detection of aerosol particles by these detectors generates a trigger signal for the UV laser (337 nm), which in turn hits
the particle, exciting its fluorophores. The emission fluorescence spectra (if any) are then acquired by 32 detectors on the
spectral range from 350 to 800 nm, and the spectral lifetime is continuously acquired for 4 different spectral bands for a total

of 64 ns (at a 1 ns acquisition frequency). See Figure 1 for a schematic view of the working principle.

2.1.2 Customized Device

For our objective of repurposing the device to focus on the microbial fraction of aerosols, several modifications to the
commercially available Rapid-E device configuration were implemented. These adjustments were specifically aimed at
adapting to the smaller particle size range of microorganisms compared to pollen, and accounting for the different

fluorophore distribution present in microbial cell walls.

The original UV laser integrated into the Rapid-E device operates at a wavelength of 337 nm, selected as a compromise to
effectively excite key vegetal fluorophores such as chlorophyll A and B, carotenoids, coenzymes, and various flavins, even
though this wavelength does not correspond to the peak absorption of any specific fluorophore. However, to better
discriminate the microbial fraction in bioaerosols, it is advantageous to minimize excitation of these plant fluorophores and
instead focus on those that are more characteristic of microbial cell walls. These include amino acids (tryptophan, tyrosine,
phenylalanine), flavins (riboflavin, FAD, FADH), and coenzymes (NADH, NADPH). These fluorophores typically have
excitation peaks at sub-300 nm wavelengths or possess broad excitation spectra that include these shorter wavelengths,
generating distinct emission spectra when excited below 300 nm (Pan, 2015). Consequently, we opted to replace the standard

laser with a different one with a sub-300 nm primary wavelength.
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Figure 1. Schematic representation of Rapid-E’s operational mechanism, illustrating the data points generated for each particle as
it passes through the two integrated laser systems. The asterisks denote modifications made with respect to the commercial version
of Rapid-E: (1) the UV laser’s excitation wavelength changed from 337 nm to 266 nm, (2) the fluorescence spectra acquisition
range was changed from 350-800 nm to 290-600 nm, and (3) the first lifetime channel was shifted from 350-400 nm to 300-340 nm.

The UV laser selected as a replacement was the Onda ns Q-Switched Diode-Pumped Solid State (DPSS) laser (Bright
Solutions Srl, Italy), which operates at a primary wavelength of 266 nm, with a maximum peak power of 40 kW, a maximum
pulse energy of 80 wJ, and a pulse width ranging from 2 to 6 ns. This laser was integrated directly into the Rapid-E’s
measurement chamber using mirrors and tubing, along with a new bottom module added to the standard Rapid-E
configuration, increasing its height by 15 cm (see Figures 1 and 2 for the updated configuration). To accommodate the lower

excitation wavelength and capture a narrower range of emission spectra, modifications were made to the detectors in both
4
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the fluorescence spectra and lifetime modules: the fluorescence spectra acquisition range was adjusted to 290—600 nm

(previously 350—800 nm), and the first lifetime module now covers the 300-340 nm range instead of 350400 nm.

110  Figure 2. Appearance of the customized Rapid-E device after integrating the new UV laser and its power supply.

2.2 Experimental set-up

After successfully implementing the modifications into the device, we designed a series of experiments to evaluate:
1. The feasibility of generating aerosols from solutions and directly introducing them to Rapid-E’s inlet.
115 2. The effectiveness of the newly integrated laser in detecting and discriminating target fluorophores when aerosolized
and isolated.

3. The device’s detection capability when aerosolizing and analysing different isolated and cultured bacterial species.

2.2.1 Aerosolization

We used an AGK 2000 aerosol generator (Palas GmbH, Germany) to generate solid particles from suspensions. In all
120  experiments depicted in the study, we maintained an airflow rate of approximately 3 L/min and a pressure between 0.7 and

1.1 bar, with direct connection to the Rapid-E inlet via a sealed, custom-designed stainless steel arm. Solutions to be
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aerosolized were introduced into the generator’s 500 mL reservoir and stirred continuously at low RPM using a magnetic

stirrer (Thermo Fisher Scientific, USA) to ensure homogeneity throughout the process.

2.2.2 Fluorophores

We obtained powdered forms of the following molecules, known to be components of bacterial cell walls and exhibiting
fluorescent emission when excited at sub-300 nm wavelengths: NADH, riboflavin, tryptophan, and tyrosine (all from Sigma-
Aldrich). Solutions were prepared by dissolving 5 mg of each fluorophore in 150 mL of deionized water. For the riboflavin
solution, 0.1 M acetic acid was added to a second solution to enhance fluorescence. To ensure the system was free of
obstructions, contaminants, or residual particles from previous samples, we aerosolized Milli-Q water for 30 minutes

between each solution.

2.2.3 Bacteria

We analysed five bacterial species commonly found in urban bioaerosols, which were obtained from air samples collected on
quartz fiber filters using a high-volume sampler (MCV, Spain) on the rooftop of our laboratory (AIRLAB, Barcelona,
Spain). Filters were cultured on agar plates and isolated colonies were identified by matrix-assisted laser
desorption/ionization time-of-flight mass spectrometry (Bruker LT Microflex MALDI-TOF MS, Bruker Daltonics,

Germany). The complete taxonomic classification of the bacterial species used in the experiments is presented in Table 1.

For all the bacteria, a Ringer solution 1:4 was used as the medium, with the negative control consisting of Ringer solution
1:4 alone in the generator’s reservoir at the time of aerosolization. Each bacterial isolate was aerosolized for at least 15
minutes, and to prevent cross-contamination, Milli-Q water was aerosolized for 30 minutes between each sample.
Throughout the experiment, the external controller of the Onda ns QS-DPSS laser was set to 80% (36 A) and Rapid-E was
configured in fine dust mode (0.5-100 pm).

Table 1. Taxonomic classification of the bacterial species aerosolized in the study.

Phylum Class Order Family Genus Species
Actinobacteria  Actinobacteria  Actinomycetales Micrococcaceae Micrococcus luteus
Firmicutes Bacilli Bacillales Bacillaceae Bacillus endophyticus
Firmicutes Bacilli Bacillales Bacillaceae Bacillus cereus
Actinobacteria  Actinobacteria Micrococcales ~ Micrococcaceae Kocuria salsicia
Firmicutes Bacilli Bacillales Staphylococcaceae  Staphylococcus — hominis
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2.3 Data Analysis
2.3.1 Data Processing

After detection, 1-minute data files are stored on Rapid-E’s internal hard drive. Based on the recorded timeline for each
sample, we extracted the last 10 minutes of aerosolization data for each fluorophore and bacterial sample, ensuring a buffer
period between samples to prevent any potential cross-contamination. Given the anticipated irregularity in aerosol particle
formation, the uncertainty regarding the proportion of particles containing the targeted biological content, and the need for
clear signals to distinguish subtle differences in chemical or morphological composition, we filtered the data to include only
particles with recorded peak fluorescence intensities exceeding 2000 a.u. at any wavelength and time point. This threshold is
higher than the 1500 a.u. used by Sauliené¢ and colleagues for pollen recognition models using the Rapid-E (Sauliené et al.,
2019), as our laser and spectral conditions differ, and we observed significant background noise in peaks below that

threshold.

No transformation was needed for incorporating fluorescence spectra and lifetime data into the models. However, light
scattering images present a challenge due to their irregular shapes, as the total number of acquisitions depends on the
duration of the detected scattered light signal. While most particles exhibit signals lasting just 25-30 ps, a significant number
required more than 100 ps of scattering signal. Expanding all samples to match the dimensionality of these outliers would
drastically increase dimensionality, severely hindering model performance. To address this, we observed that the scattering
signal consistently peaked around 10—13 ps across all samples, and that the 80th to 90th percentiles of the total scattering
duration fell between 25 and 35 ps. Based on these findings, we cropped the scattering images at 30 ps (equivalent to 60
acquisitions), zero-padded shorter signals, and normalized the values to the [0—1] range. Figure 3 showcases the statistics

discussed, along with an example of the final transformed scattering images shown in Suppl. Figure 1.



170

175

180

185

https://doi.org/10.5194/egusphere-2025-2484
Preprint. Discussion started: 5 August 2025 EG U
sphere

(© Author(s) 2025. CC BY 4.0 License.

A B

*Control B. cereus B. endophyticus 1.0
100
[ | Ny T ------- ‘I —
80 1 1 F===tr |- b SN in
[ [} [ 1) g
[l [N [ 0.8
g ©1 [t H F =
3 a0f |1 H . &
J =
é’ 4 E E Gso = 26.5 s ii E i G50 = 29.9 1S E o6 :
g 1 |11 [20=355ms " P 2z !
95 0 L L1 1 1 ‘E :
° K. salsicia M. luteus S. huminis < 0.4 H
= 100 N H
- e o« | pm——— ey —
5 8o T i F--- i — i g — *Control K. salsiciai
% 60 T H i 5 0.2 | B.cereus — M. luteus !
[N 1 [ )
= 404 1 ! I Z B. endophyticus — S. huminis
' ! ¥ !
204 [ ! = [ = 0.0 T T l T
[ =328 s 1 =33.5Hs [ =33.7 s
" Q9o = 32.5 ! g90 = 33.5 I " 990 = 33.7 W o 10 20 30 40 50
[ L T T T L T T T by T T T .
0 20 40 60 80 100 O 20 40 60 80 100 O 20 40 60 80 100 Time []JS]

Light scattering acquisition time [ps]

Figure 3. Light scattering intensity acquisition statistics. Panel A (left) displays the cumulative distribution functions for the total
time of light scattering acquisition per sample for each of the sample groups. Dashed lines and the text boxes indicate the values
for the 80" and 90" percentiles. Panel B (right) shows the median normalized intensity across all scattering angles as a function of
acquisition time for each of the sample groups. The vertical dashed line marks the selected threshold of 30 ps.

2.3.2 Random Forest Classifier

For bacterial identification and classification, we trained tree-based machine learning models, specifically Random Forests
(Breiman, 2001), to perform two tasks:
(a) binary classification to distinguish between control and bacterial samples, and

(b) multiclass classification to identify specific bacterial species.

Hyperparameter tuning involved adjusting the number of trees (estimators), the maximum depth of the trees, and the
predictors included in the model (all combinations of fluorescence spectra, lifetimes, and scattering images), optimizing for
test set accuracy prior to finalizing the model. We split the particles of each group into training, test, and validation sets,
representing 60%, 20%, and 20% of the total particles, respectively. The training set was used exclusively for model fitting.
In other words, it was the only portion of the data seen by the models. The test set was used to evaluate model performance
during hyperparameter tuning, and the validation set was employed for the final model evaluation. A complete diagram of

the data flow, model training, and evaluation process is provided in Figure 4.

Given the class imbalance present in both the binary classification and bacterial species classification tasks, model
evaluation was conducted using class-balanced accuracy. This metric was calculated as the average of the recall values for

each class (True Positives divided by the sum of True Positives and False Negatives).
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To address class imbalance during training, we applied class weight adjustments that were inversely proportional to the
frequency of each class. This helped minimize potential bias. The implementation was carried out using the

190 RandomForestClassifier class from the scikit-learn Python library (Pedregosa et al., 2011).
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Figure 4. Data flow scheme and model hierarchy. Panel A (left) illustrates how the experimental data is handled, filtered and used
to train, evaluate and ultimately validate the models. Panel B (right) visually describes the two-step approach employed for

195  classifying aerosol particles using random forests: the first step involves a binary classifier to determine whether a particle is
bacterial, and the second step employs a multiclass classifier to discriminate between bacterial species if the particle is identified as
bacterial by the previous model.
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3. Results
3.1 Fluorophores

The aerosolization of fluorophores commonly found in biological particles produced a range of aerosol particles detectable
by the Rapid-E device, with varying success rates. The device detected the following particle counts per minute of
aerosolization: 4064 for Tyrosine, 3132 for Riboflavin with acetic acid, 2162 for Tryptophan, 1885 for NADH, and 853 for

Riboflavin in deionized water.

Regarding fluorescence intensity after the integration of the 266 nm UV laser, most particles did not exhibit sufficient
intensity to be classified as fluorescent, with median peak intensities below 800 a.u. for all fluorophores. See Figure 5 for the

median, 95th, and 99th percentile values of fluorescence intensity for each class.

Using the fluorescence threshold of 2000 a.u., the percentage of fluorescent particles detected was 10.88% for Riboflavin in
acetic acid, 4.9% for Tryptophan, 2.46% for Riboflavin in water, 1.59% for NADH, and 1.03% for Tyrosine (Figure 5).
These results suggest that metrics focusing on the central part of the particle distribution are likely to be ineffective in
distinguishing between groups. Most particles generated in the aerosolization chamber either do not adequately contain the

fluorophores or are not effectively excited by the laser, likely due to their small size.
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Figure 5. Particle count and fluorescence intensity distribution for biological fluorophores. Panel A (left) displays a bar plot
showing the total number of aerosol particles generated and detected by Rapid-E over a 10-minute period. The green bars (and
text) represent the fraction of particles detected as fluorescent, based on a threshold of 2000 a.u. for peak intensity at any given
time or wavelength. Panel B (right) presents histograms illustrating the intensity distribution of all detected particles during the
aerosolization of each fluorophore. The red line indicates the median intensity for each group, while the blue dashed line and blue
dotted line represent the 95th and 99th percentiles, respectively.
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Fluorescence spectra for the different fluorophores are presented in Figure 6. To ensure a clean signal, we focused on the top
100 particles with the highest peak fluorescence intensity for each fluorophore. The median spectra and interquartile ranges
are shown in Figure 6A, while the spectra for each of the top 100 particles are displayed in the heatmap in Figure 6C. Figure
6B provides a reference for the expected fluorescence spectra, adapted from (Pan, 2015), where a single-shot 266 nm laser

was used with higher wavelength resolution to excite particles of the same fluorophores at a controlled diameter of 5 pm.

The relative order of the fluorescence peaks we observed (Tyrosine, Tryptophan, NADH, and Riboflavin) aligns with the
reference data, validating our results. However, we observed a shift toward lower wavelengths: Tyrosine peaks between
300-320 nm (close to reference values), Tryptophan peaks at 330 nm (compared to 350 nm in the reference), NADH at 390
nm (versus 450 nm), and Riboflavin at 460 nm (versus 550-560 nm). This suggests a potential misalignment in the
wavelength calibration of the Rapid-E’s fluorescence acquisition system, possibly extending beyond the specified 600 nm

range.

The particles with the highest fluorescence intensities also produced the cleanest spectral signals. Riboflavin in acetic acid
and Tryptophan exhibited low variability among the samples, in contrast to Tyrosine, NADH, and Riboflavin in water,

where sample-to-sample variability was noticeably higher (Figure 6C).

The fluorescence lifetime values also produced clearly distinguishable signals for all fluorophores, showing fluorescence
intensity peaks at around 20 ns after excitation in a single wavelength band for each: Tyrosine and Tryptophan peak in the
300-340 nm band, NADH in the 420460 nm band, and Riboflavin in the 672—800 nm band (Suppl. Figure 4). Again, these

values appear to be shifted and do not match the observed fluorescence peaks for the spectra, especially for Riboflavin.

These results prove that, while the absolute spectral values may be shifted, the integration of the 266 nm laser successfully
generates distinct and recognizable fluorescence spectra and lifetime. Furthermore, the aerosolization protocol produces
solid particles consistent enough to be effectively detected by the device, which validates both the laser’s performance and

the reliability of the particle aerosolization process.

11
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Figure 6. Fluorescence spectra detected for ae
spectra, aggregated across all acquisitions, for

rosolized biological fluorophores. Panel A (top-left) shows the median fluorescence
the 100 most fluorescent particles during each fluorophore’s sampling period. The

shaded areas represent the interquartile range (25th to 75th percentiles). Panel B (top-right) displays single-particle fluorescence
spectra excited at 266 nm for common fluorophores found in biological particles, adapted from (Pan, 2015). The colors in Panels A
and B are matched to facilitate comparison. Panel C (bottom) presents a heatmap of the fluorescence spectra for the 100 most
fluorescent particles from each fluorophore, ordered from top to bottom.
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3.2 Aerosolization and descriptive statistics

The aerosolization of the bacterial cultures was successful, generating a substantial number of detectable particles. However,
only a small fraction of these particles met the fluorescence threshold of 2000 a.u. set for the study. The particle counter of
260 Rapid-E approached near-saturation levels (5000 particles per minute) during the aerosolization of all bacterial samples,
including the negative control with Ringer 1:4, resulting in nearly 50,000 particles per group over the 10-minute sampling

period (see Table 2 for the specific numbers).

Table 2. Summary statistics for the particles of each of the aerosolized bacterial groups. Fluorescent here implies at least a single
265 reading at any wavelength and acquisition time of at least 2000 a.u, and the particle diameters are estimated using the Mie
equations based on the scattering images.

Group Total (n) Fluorescent (%) Fluorescent (n) Diameter (median, pm) F.I. (median) F.I. (Q95) F.I. (Q99)

Control (ringer) 47922 2.55% 1224 4.88 985 1806 2284
B. cereus 47935 2.13% 1019 4.97 1022 1761 2192
B. endophyticus 47916 3.57% 1712 4.14 1117 1904 2354
K. salsicia 47936 1.55% 745 4.95 970 1681 2112
M. luteus 47923 4.01% 1923 4.72 1136 1938 2392
S. huminis 47928 1.08% 518 4.81 917 1601 2021

Despite this, only 1-4% of the total detected particles exhibited fluorescence above the threshold, leading to a total of 7141
particles included in the final models, with a non-homogeneous distribution: 1923 particles during M. luteus aerosolization,

270 1712 for B. endophyticus, 1224 for the negative control, 1019 for B. cereus, 745 for K. salsicia, and only 518 for S. huminis.
The particle size distributions were consistent across groups, with most particles falling within the 4-5 pm diameter range.
Notably, B. endophyticus particles appeared to have a slightly smaller size, ranging from approximately 3.5 to 4.75 pm in
diameter (see Table 2 and Suppl. Figure 2 for the full distribution).

275 The signals for the fluorescence spectra, lifetimes, and scattering images were not as distinctly separable across groups as in

the pure fluorophore samples, as expected due to the complex biological composition of the bacterial cells and media. This

contrasts with the chemically defined bioaerosol samples analyzed in the previous section.
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The fluorescence spectra for each group, as shown in Figure 7, are presented both for the top 100 most fluorescent particles
280 of each group and as an aggregated distribution of all particles within each category. All groups exhibited a prominent peak
around 330 nm, accompanied by a secondary, less pronounced peak in the 400 to 470 nm region. No group-specific spectral

features were identified.

*Control B. cereus B. endophyticus

Relative
Intensity

100%

75%

50%

25%

0%

330 380 430 480 530 580 330 380 430 480 530 580 330 380 430 480 530 580

*Control B. cereus B. endophyticus

1.0 7
0.8+
0.6 1
0.4

0.2

K. salsicia M. luteus S. huminis

1.0 7
0.8 1
0.6 1
0.4

021 W

300 350 400 450 500 550 600 300 350 400 450 500 550 600 300 350 400 450 500 550 600

Wavelength [nm]

Relative Fluorescence Intensity [a.u.]

Figure 7. Fluorescence spectra for the aerosolized bacterial samples. In the top panel, heatmaps display the relative fluorescence

285 intensity detected across all wavelengths within the detector’s range for the top 100 most intensely fluorescent particles. The
bottom panel shows the same data represented as line plots, with the solid line indicating the median value across all samples and
the shaded area representing the interquartile range (25" to 75™ percentiles).
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The fluorescence lifetimes measured over the 64 ns post-excitation window were notably less intense and exhibited higher
noise levels compared to the fluorophores (see Suppl. Figure 6 for the bacteria and Suppl. Figure 4 for the fluorophores).
Nevertheless, the median fluorescence lifetime profiles indicated some variability across groups, particularly in the 300-340
nm and 511-572 nm bands. Whether this variability can facilitate group discrimination is uncertain, as the median values

may not fully capture the subtle differences that machine learning models could potentially exploit.

The scattering images (Suppl. Figure 5) were largely similar, but some shifts in distribution were observed, particularly in
intensity and total signal length. As noted earlier in Figure 3, B. endophyticus particles demonstrated lower intensity and

longer scattering signals.

To better visualize the differences among bacterial species, a principal component analysis (PCA) was conducted
independently for each of the three data sources, with scatterplots projecting the first two principal components (Figure 8).
The scatterplots show how the bioaerosol particles cluster across groups when projected in two-dimensional space. While all
three variables show some degree of overlap among the bacterial groups, the scattering images and especially the
fluorescence lifetimes display distinct patterns in the distribution of particles across the first two components, suggesting

potentially exploitable differences for classification.

—— *Control B. cereus —— B. endophyticus K. salsicia —— M. luteus —— S. huminis
Fluorescence Lifetimes (15.58%) Fluorescence Spectra (12.78%) Light Scattering (29.03%)
20 - 407
107 204 /
01 0-
-10 1 50 -
-20 1
-10 o} 10 20 -10 -5 0 5 10 -50 o} 50 100 150

Figure 8. PCA projection of all particles. Scatterplots depicting the first two principal components after a principal components
analysis (PCA) decomposition of all variables describing each particle (fluorescence spectra, lifetime, and scattering images) used
as input into the models. Colours indicate the bacterial group of each particle, with ellipses representing the 95% confidence
interval of a multivariate #distribution for the particles in each group. The percentages above indicate the total variance explained
by the first two components.

15



315

320

325

330

https://doi.org/10.5194/egusphere-2025-2484
Preprint. Discussion started: 5 August 2025 EG U A
© Author(s) 2025. CC BY 4.0 License. Sp here

@w ® Preprint repository

BY

3.3 Model Training and Performance

The performance of the different models during hyperparameter exploration is shown in Figure 9, Figure 10, and Suppl.
Figure 7. All models, across all combinations of predictor variables and parameter choices, showed a marked improvement
over the naive baseline model in both the binary and multiclass classification tasks. The choice of predictor variables
emerged as a key factor, not only contributing to the variance in model performance but also highlighting the critical features
necessary for distinguishing between bacterial groups. When evaluating the best-performing models for each combination of
predictor variables (Figure 9), those that included fluorescence lifetimes (FL) achieved the highest balanced accuracy, with
95-97% on the test set for the binary classifier and 65-69% for the multiclass classifier. Conversely, model performance
dropped significantly when fluorescence lifetimes were excluded. Models using only fluorescence spectra (FS), and

scattering images (SI), achieved a maximum of 73-80% accuracy in the binary classifier and 44-51% in the multiclass

classifier.
Binary Classifier Multiclass Classifier
FS+ LT 96.74% 69.24%
LT 96.7% 69.27%
FS + LT + SI 95.81% 65.57%
LT + SI 95.36% 65.25%
FS + SI 80.5% 51.23%
FS 79.56% 47.13%
SI 73.39% 44.57%
Naive Model 50.0% 20.0%
0% 20% 40% 60% 80% 100% 0% 20% 40% 60% 80% 100%

Test set accuracy

Figure 9. Evaluation of the predictor variables and model skill. Bar plot depicting the class-balanced accuracy of the best-
performing model for each combination of model predictors (FS = Fluorescence Spectra, LT = Lifetimes, SI = Scattering Images)
for both binary (left) and multiclass (right) classifiers. The bar corresponding to the overall best-performing model, which uses
both Fluorescence Spectra and Lifetimes, is highlighted in red. The baseline performance of a naive classifier, equivalent to a
completely uninformed prediction is also included for reference.

Models that included both FS and SI, in addition to LT, showed only marginal improvements. The best-performing model
achieved 96.74% accuracy in binary classification and 69.24% in multiclass classification. This suggests that LT alone

captures most of the relevant information.
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Fluorescence spectra alone provided a reasonable accuracy of 79.56% in binary classification but showed a noticeable drop
to 47.13% for multiclass classification. Scattering images were the least effective when used in isolation, achieving 73.39%

335 in binary classification and 44-57% in multiclass classification.

These observations suggest that while combining multiple predictors can improve accuracy, LT remains the most

informative feature for this classification task. The best overall model, selected for evaluation on the validation set, was the

FS + LT model. However, this model only marginally improved upon the LT-only model in binary classification (96.74% vs.
340 96.7%) and showed slightly lower performance in multiclass classification (69.24% vs. 69.27%).

Train set Test set
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Figure 10. Hyperparameter search and model evaluation summary. Heatmap showing the class-balanced accuracy for both the
train and test sets across both model types, focusing solely on the FS + LT models. The squares marked in red indicate the
combination of parameters that yielded the best results.

17



345

350

355

360

https://doi.org/10.5194/egusphere-2025-2484
Preprint. Discussion started: 5 August 2025 EG U
- sphere

(© Author(s) 2025. CC BY 4.0 License.

Figure 10 illustrates the class-balanced accuracies for both the train and test sets across various combinations of the number
of estimator trees and the depth of decision trees for the FS + LT model. The results indicate that, while the training set
consistently achieved near-perfect accuracy across all parameter combinations, the test set accuracies exhibited a more
nuanced pattern. There was a modest decline in performance for the binary classifier and a more pronounced drop (close to
25 percentage points) for the multiclass classification. The highest accuracy for the binary classifier (96.7%) was achieved
with 125 estimator trees and a tree depth of 5, whereas the optimal performance for the multiclass classifier (69.24%) was
observed with 275 estimator trees and a tree depth of 11. The observed disparity in performance between the train and test
sets in the multiclass scenario highlights the challenges posed by the high dimensionality of the predictor space. In this
context, the model may capture subtle noise patterns rather than genuine signals. This likely explains why a higher number
of estimator trees appears to benefit the test set performance by reducing model variance, thereby mitigating overfitting.

Despite this, and even if some degree of overfitting is evident, the model still demonstrates strong generalization capability.

A Binary Classifier

Bacteria 1157

Control= 250 20

| Precision (tP /TP + FP) || Recall (TP / TP + FN)

True Class

Control Bacteria 0% 30% 60% 90% 0% 30% 60% 90%

B Multiclass Classifier

Precision (TP / TP + FP) Recall (TP / TP + FN)

S. huminis 0 8 52.9% 15.2%

2%

51.0% 50.3%

True Class

94.8%

B. endophyticus

B. cereus 61.4%

92.6%

0% 30% 60% 90% 0% 30% 60% 90%

Control
B. cereus
S. huminis

Predicted Class

Figure 11. Evaluation of the skill of the Random Forest classifier on the validation set. On A (top panel) the confusion matrix of
the validation set for the binary classifier, with the class-specific precision and recall metrics on the right- side bar plots. On B
(bottom panel) the same but for the multi-class classifier. Control class added for comparison and to show the performance on the
20 control samples that the binary classifier predicted as bacteria.
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In the final evaluation on the unseen validation set, the binary classifier exhibited strong performance, with a precision of
99.2% and a recall of 92.6% for the control class, and a precision of 98.3% and a recall of 99.8% for the bacterial class
(Figure 11A). The multiclass classifier, while demonstrating high precision (90.9% to 99.2%) and recall (92.6% to 98.9%)
for certain classes like B. endophyticus and M. luteus, showed significant variability across other classes. Specifically, S.
huminis and K. salsicia were less reliably identified, with precision dropping to around 51-53% and recall as low as 15.2%
for S. huminis (Figure 11B). These worst-performing classes also had lower overall abundance, and despite oversampling
them during the training process to compensate, their performance remained suboptimal. This could be attributed to the fact
that their lower abundance is due to fewer particles in those groups being fluorescent, indicating that their signals might be
less distinct or produce a lower signal-to-noise ratio. Notably, the good performance of both models on the validation set is
unbiased and reflects the model’s true generalization capability, as the validation set was not used during training or

hyperparameter tuning.

4. Discussion

The experimental findings presented in this study highlight a novel application of a Rapid-E bioaerosol analyzer,
significantly modified with a 266 nm laser, for the detection and classification of bacterial particles in aerosols. The
successful integration of the system is demonstrated by its clear ability to distinguish between isolated fluorophores
commonly found in bacterial cells. Crucially, the system effectively differentiates between aerosols enriched with bacteria
and control samples, and, remarkably, performs substantially better than baseline models in discriminating between different
bacterial species. This enhanced discriminatory power was primarily driven by the inclusion of LT data, which, in
conjunction with FS, proved to be the most critical feature set for classification. While our system analyzes individual
particles in a flow-through manner rather than providing spatially resolved images akin to Fluorescence Lifetime Imaging
Microscopy (FLIM), the fundamental photophysical principles underscoring LT's analytical strength are directly applicable.
As extensively documented in FLIM literature, LT is highly sensitive to the fluorophore's microenvironment, largely
independent of concentration, and capable of distinguishing spectrally similar species (Berezin and Achilefu, 2010; Datta et
al., 2020). Our results, where LT was the most important discriminating feature, align with these principles, suggesting that
the temporal decay of fluorescence provides robust signatures for bacterial differentiation. The choice of the 266 nm UV
laser was also pivotal, optimizing the excitation of key microbial fluorophores and enabling the generation of these distinct
LT and FS profiles. This positions the modified system as a promising tool for real-time bioaerosol monitoring. Despite
these promising laboratory outcomes, the transition from controlled settings to complex real-world environmental sampling

introduces several challenges that require careful consideration for broader implementation.
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On a first note, the contribution of scattering images to the predictive performance of the models seems minimal. Integrating
this data into the model failed to improve accuracy and, in some cases, even diminished it. This could indicate that the
morphological information contained in the scattering patterns of bioaerosols, despite the system’s high-resolution
capabilities, does not provide additional discriminatory power for distinguishing bacterial species or for differentiating

bacterial from non-bacterial particles when compared to FS and LT data.

Alternatively, this may reflect limitations in our current feature engineering approach or the suitability of random forest
classifiers for extracting meaningful features from scattering data. Random forests and tree-based models generally
outperform more complex machine learning models such as neural networks when dealing with tabular data (Grinsztajn et
al., 2022). However, they may fall short when dealing with complex spatial patterns inherent in scattering images, which
bear resemblance to image data. More sophisticated machine learning techniques, such as convolutional neural networks
(LeCun and Bengio, 1995), may be better suited for processing this type of data due to their ability to automatically extract
spatial hierarchies and features. Previous studies have successfully employed convolutional blocks for feature extraction
from scattering images, achieving high accuracy in classifying pollen particles (Saulien¢ et al., 2019; Matavulj et al., 2023).
However, it is important to note that pollen particles are significantly larger and more morphologically distinct than bacterial

cells, potentially making morphological differences more detectable and relevant for classification in those contexts.

Furthermore, the practical deployment of this modified Rapid-E system for extensive environmental campaigns requires
consideration of its current physical attributes. As depicted in Figure 2, the integration of the external 266 nm laser and its
associated power supply, along with the additional bottom module, has inevitably increased the overall size and weight of
the instrument compared to the commercial Rapid-E version. While the current configuration is well-suited for stationary or
semi-stationary monitoring sites where space and power are less constrained, its portability for rapid deployment in diverse
or remote field settings could be limited. Future engineering efforts should therefore focus on the miniaturization and more
compact integration of these customized components. Achieving a smaller, and lighter design would significantly enhance
the system's versatility, making it more readily deployable for a wider range of environmental research campaigns, public
health surveillance initiatives, and in scenarios requiring mobile monitoring capabilities. This advancement would be

decisive in realizing the full translational potential of the technology for widespread, in-situ bioaerosol analysis.

Beyond bacterial detection, the methodology presented here holds considerable promise for the characterization of other
microbial components of bioaerosols, notably airborne fungal spores. Many of the same endogenous fluorophores excited by
the 266 nm laser in bacteria, such as tryptophan, NADH, and flavins, are also present in fungal cells (Pohlker et al., 2012).
Furthermore, fungal spores often possess unique cell wall constituents (e.g., chitin, glucans) and pigments (e.g., melanins in

dematiaceous fungi) that could contribute to distinct fluorescence lifetime and spectral signatures upon 266 nm excitation.
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Given that fungal spores are generally larger and often exhibit more complex morphologies than individual bacterial cells,
the light scattering data, which showed limited utility for bacterial discrimination in this study, might prove more
informative for fungal classification. While the current study focused exclusively on bacteria, the successful application of
this modified Rapid-E system and machine learning approach suggests that a similar experimental design could be adapted
and evaluated for the real-time detection and differentiation of aerosolized fungi. This would require dedicated studies with
diverse fungal species but represents a logical and potentially impactful extension of the current work, further enhancing its

utility for comprehensive bioaerosol monitoring.

The observed shifts in fluorescence peak wavelengths for pure fluorophores compared to reference spectra (Pan, 2015),
while not impeding relative discrimination in this study, emphasise the importance of instrument-specific characterization
and calibration. For broader applicability, such as the development of standardized spectral and lifetime libraries or enabling

robust inter-comparison with other devices or techniques, meticulous wavelength and lifetime calibration would be essential.

While the two-step model demonstrated a substantial degree of generalization on our validation set, this capability remains
inherently linked to the specific conditions of the training data: artificially generated bioaerosols. Although aerosolizing
bacterial samples in Ringer solution 1:4 represents a step towards greater complexity than pure cultures in idealized media, it
still falls short of replicating the full heterogeneity of real environmental aerosols. Natural aerosols comprise a dynamic and
diverse array of biological (e.g., pollen, fungal spores, plant debris) and non-biological particles (e.g., dust, soot, pollutants),
all capable of scattering light and emitting fluorescence to varying degrees (Hill et al., 2001; Després et al., 2012; Pohlker et
al., 2012). In such environments, the spectral, lifetime, and morphological signatures of target bacterial particles may be
obscured, mimicked, or altered by other components, leading to potential misclassification or reduced detection sensitivity.
Addressing this will require the development of extensive training datasets that more accurately reflect this real-world
variability, a substantial task given the dynamic nature and sheer diversity of environmental aerosols across different

locations and times.

5. Conclusions

In conclusion, while challenges remain, the results of this study highlight the potential of the Rapid-E particle analyzer, with
a UV laser replacement (337 nm to 266 nm), as a valuable tool for bioaerosol monitoring beyond pollen. With continued
research and development, there is a clear pathway toward overcoming the current limitations and realizing the full potential
of this technology in diverse real-world applications. The promising results obtained in this study suggest that with further
refinement, this approach could become an integral part of environmental monitoring and public health strategies, offering a

real-time solution for the detection and identification of airborne bacterial (and potentially fungal) threats.

21



460

465

470

475

480

485

https://doi.org/10.5194/egusphere-2025-2484
Preprint. Discussion started: 5 August 2025 G
© Author(s) 2025. CC BY 4.0 License. E U Sp here

Code availability. The code containing all scripts used to generate the analyses, figures and tables shown in the manuscript,
and explanations on how to reproduce the Python environment to reproduce the results are available in the GitHub

repository: https://github.com/AlFontal/lif-bacteria-aerosols-ms

Data and samples availability. The selected Rapid-E output used to generate the descriptive figures and tables of the
different aerosolized fluorophores and the training, evaluation and analysis of the aerosolized bacteria is deposited in an open

Zenodo repository https://doi.org/10.5281/zenodo. 15485702 (Fontal, 2025) and is available for download.

Author contributions. AF, SB, and XR conceptualized and designed the study. AF developed the methodology and
performed the formal analysis, software development, data curation, and visualization. AF, SB, and LC carried out the
investigation. XR, LC, SP, and SB provided resources, including lab reagents, bacterial cultures, and identification. XR and
SB supervised the work. XR acquired funding. AF wrote the original draft. All authors contributed to writing, reviewing and

editing the final manuscript.

Competing interests. The authors have no personal or commercial relationship to the equipment manufacturers; therefore,
no conflict of interest applies. Manufacturers had no role in the design nor any influence in the results or conclusions of this

study.

Acknowledgements. The authors acknowledge support from the grant CEX2023-0001290-S funded by
MCIN/AEI/10.13039/501100011033, and support from the Generalitat de Catalunya through the CERCA program. This
work was supported by the Instituto de Salud Carlos III under project COV20/00144 (FONDO-COVIDI19). AF
acknowledges financial support from HELICAL as part of the European Union’s Horizon 2020 research and innovation
program under Marie Sklodowska-Curie Grant Agreement No. 81354. The authors acknowledge the use of Al-assisted tools

to support language editing and enhance the readability and clarity of the manuscript.

References

Behzad, H., Gojobori, T., and Mineta, K.: Challenges and Opportunities of Airborne Metagenomics, Genome Biol. Evol., 7,
1216-1226, https://doi.org/10.1093/gbe/evv064, 2015.

Berezin, M. Y. and Achilefu, S.: Fluorescence Lifetime Measurements and Biological Imaging, Chem. Rev., 110, 2641—
2684, https://doi.org/10.1021/cr900343z, 2010.

Breiman, L.: Random Forests, Mach. Learn., 45, 5-32, https://doi.org/10.1023/A:1010933404324, 2001.

22



490

495

500

505

510

515

520

https://doi.org/10.5194/egusphere-2025-2484
Preprint. Discussion started: 5 August 2025 G
© Author(s) 2025. CC BY 4.0 License. E U Sp here

Brodie, E. L., DeSantis, T. Z., Parker, J. P. M., Zubietta, 1. X., Piceno, Y. M., and Andersen, G. L.: Urban aerosols harbor
diverse and dynamic bacterial populations, Proc. Natl. Acad. Sci., 104, 299-304, https://doi.org/10.1073/pnas.0608255104,
2007.

Crawford, 1., Bower, K., Topping, D., Di Piazza, S., Massabo, D., Vernocchi, V., and Gallagher, M.: Towards a UK
Airborne Bioaerosol Climatology: Real-Time Monitoring Strategies for High Time Resolution Bioaerosol Classification and
Quantification, Atmosphere, 14, 1214, https://doi.org/10.3390/atmos14081214, 2023.

Datta, R., Heaster, T. M., Sharick, J. T., Gillette, A. A., and Skala, M. C.: Fluorescence lifetime imaging microscopy:
fundamentals and advances in instrumentation, analysis, and applications, J. Biomed. Opt., 25, 071203,
https://doi.org/10.1117/1.JBO.25.7.071203, 2020.

Després, V. R., Huffman, J. A., Burrows, S. M., Hoose, C., Safatov, A. S., Buryak, G., Frohlich-Nowoisky, J., Elbert, W.,
Andreae, M. O., Poschl, U., and Jaenicke, R.: Primary biological aerosol particles in the atmosphere: a review, Tellus B
Chem. Phys. Meteorol., 64, https://doi.org/10.3402/tellusb.v64i0.15598, 2012.

Eduard, W., Heederik, D., Duchaine, C., and Green, B. J.: Bioaerosol exposure assessment in the workplace: the past,
present and recent advances, J. Environ. Monit., 14, 334-339, https://doi.org/10.1039/C2EM10717A, 2012.

Fontal, A.: Rapid-E output for aerosolized fluorophores and Bacteria, https://doi.org/10.5281/zenodo.15485702, 2025.

Frohlich-Nowoisky, J., Kampf, C. J., Weber, B., Huffman, J. A., Poéhlker, C., Andreae, M. O., Lang-Yona, N., Burrows, S.
M., Gunthe, S. S., Elbert, W., Su, H., Hoor, P., Thines, E., Hoffmann, T., Després, V. R., and Poschl, U.: Bioaerosols in the
Earth  system: Climate, health, and ecosystem interactions, Atmospheric  Res., 182,  346-376,
https://doi.org/10.1016/j.atmosres.2016.07.018, 2016.

Gabbarini, V., Rossi, R., Ciparisse, J.-F., Malizia, A., Divizia, A., De Filippis, P., Anselmi, M., Carestia, M., Palombi, L.,
Divizia, M., and Gaudio, P.: Laser-induced fluorescence (LIF) as a smart method for fast environmental virological analyses:
validation on Picornaviruses, Sci. Rep., 9, 12598, https://doi.org/10.1038/s41598-019-49005-3, 2019.

Griffin, D. W.: Atmospheric Movement of Microorganisms in Clouds of Desert Dust and Implications for Human Health,
Clin. Microbiol. Rev., 20, 459—477, https://doi.org/10.1128/CMR.00039-06, 2007.

Grinsztajn, L., Oyallon, E., and Varoquaux, G.: Why do tree-based models still outperform deep learning on typical tabular
data?, Adv. Neural Inf. Process. Syst., 35, 507-520, 2022.

Gusareva, E. S., Acerbi, E., Lau, K. J. X., Luhung, 1., Premkrishnan, B. N. V., KolundZzija, S., Purbojati, R. W., Wong, A.,
Houghton, J. N. L., Miller, D., Gaultier, N. E., Heinle, C. E., Clare, M. E., Vettath, V. K., Kee, C., Lim, S. B. Y., Chénard,
C., Phung, W. J., Kushwaha, K. K., Nee, A. P., Putra, A., Panicker, D., Yanqing, K., Hwee, Y. Z., Lohar, S. R., Kuwata, M.,
Kim, H. L., Yang, L., Uchida, A., Drautz-Moses, D. 1., Junqueira, A. C. M., and Schuster, S. C.: Microbial communities in
the tropical air ecosystem follow a precise diel cycle, Proc. Natl. Acad. Sci, 116, 23299-23308,
https://doi.org/10.1073/pnas.1908493116, 2019.

Healy, D. A., Huffman, J. A., O’Connor, D. J., Pohlker, C., Péschl, U., and Sodeau, J. R.: Ambient measurements of

biological aerosol particles near Killarney, Ireland: a comparison between real-time fluorescence and microscopy techniques,
Atmospheric Chem. Phys., 14, 8055-8069, https://doi.org/10.5194/acp-14-8055-2014, 2014.

23



525

530

535

540

545

550

555

https://doi.org/10.5194/egusphere-2025-2484
Preprint. Discussion started: 5 August 2025 G
© Author(s) 2025. CC BY 4.0 License. E U Sp here

Hill, S. C., Pinnick, R. G., Niles, S., Fell, N. F., Pan, Y. L., Bottiger, J., Bronk, B. V., Holler, S., and Chang, R. K.:
Fluorescence from airborne microparticles: dependence on size, concentration of fluorophores, and illumination intensity,
Appl. Opt., 40, 3005-3013, https://doi.org/10.1364/20.40.003005, 2001.

Kiselev, D., Bonacina, L., and Wolf, J.-P.: Individual bioaerosol particle discrimination by multi-photon excited
fluorescence, Opt. Express, 19, 24516-24521, https://doi.org/10.1364/0OE.19.024516, 2011.

Kiselev, D., Bonacina, L., and Wolf, J.-P.: A flash-lamp based device for fluorescence detection and identification of
individual pollen grains, Rev. Sci. Instrum., 84, 033302, https://doi.org/10.1063/1.4793792, 2013.

Kwasny, M., Bombalska, A., Kaliszewski, M., Wtodarski, M., and Kopczynski, K.: Fluorescence Methods for the Detection
of Bioaerosols in Their Civil and Military Applications, Sensors, 23, 3339, https://doi.org/10.3390/s23063339, 2023.

LeCun, Y. and Bengio, Y.: Convolutional networks for images, speech, and time series, Handb. Brain Theory Neural Netw.,
3361, 1995, 1995.

Luhung, 1., Uchida, A., Lim, S. B. Y., Gaultier, N. E., Kee, C., Lau, K. J. X., Gusareva, E. S., Heinle, C. E., Wong, A.,
Premkrishnan, B. N. V., Purbojati, R. W., Acerbi, E., Kim, H. L., Junqueira, A. C. M., Longford, S., Lohar, S. R., Yap, Z.
H., Panicker, D., Koh, Y., Kushwaha, K. K., Ang, P. N., Putra, A., Drautz-Moses, D. 1., and Schuster, S. C.: Experimental
parameters  defining ultra-low  biomass bioaerosol analysis, Npj Biofilms Microbiomes, 7, 1-11,
https://doi.org/10.1038/s41522-021-00209-4, 2021.

Matavulj, P., Pani¢, M., gikoparija, B., Tesendi¢, D., Radovanovié¢, M., and Brdar, S.: Advanced CNN Architectures for
Pollen Classification: Design and Comprehensive  Evaluation, Appl. Artif. Intell, 37, 2157593,
https://doi.org/10.1080/08839514.2022.2157593, 2023.

Maya-Manzano, J. M., Tummon, F., Abt, R., Allan, N., Bunderson, L., Clot, B., Crouzy, B., Daunys, G., Erb, S., Gonzalez-
Alonso, M., Graf, E., Grewling, L., Haus, J., Kadantsev, E., Kawashima, S., Martinez-Bracero, M., Matavulj, P., Mills, S.,
Niederberger, E., Lieberherr, G., Lucas, R. W., O’Connor, D. J., Oteros, J., Palamarchuk, J., Pope, F. D., Rojo, J., Sauliené,
1., Schifer, S., Schmidt-Weber, C. B., Schnitzler, M., gikoparija, B., Skjeth, C. A., Sofiev, M., Stemmler, T., Trivifio, M.,
Zeder, Y., and Buters, J.: Towards European automatic bioaerosol monitoring: Comparison of 9 automatic pollen
observational  instruments  with  classic =~ Hirst-type  traps,  Sci.  Total  Environ., 866, 161220,
https://doi.org/10.1016/j.scitotenv.2022.161220, 2023.

Miki, K., Fujita, T., and Sahashi, N.: Development and application of a method to classify airborne pollen taxa concentration
using light scattering data, Sci. Rep., 11, 22371, https://doi.org/10.1038/s41598-021-01919-7, 2021.

Morris, C. E., Sands, D. C., Bardin, M., Jaenicke, R., Vogel, B., Leyronas, C., Ariya, P. A., and Psenner, R.: Microbiology
and atmospheric processes: research challenges concerning the impact of airborne micro-organisms on the atmosphere and
climate, Biogeosciences, 8, 17-25, https://doi.org/10.5194/bg-8-17-2011, 2011.

Oteros, J., Weber, A., Kutzora, S., Rojo, J., Heinze, S., Herr, C., Gebauer, R., Schmidt-Weber, C. B., and Buters, J. T. M.:
An operational robotic pollen monitoring network based on automatic image recognition, Environ. Res., 191, 110031,

https://doi.org/10.1016/j.envres.2020.110031, 2020.

Pan, Y.-L.: Detection and characterization of biological and other organic-carbon aerosol particles in atmosphere using
fluorescence, J. Quant. Spectrosc. Radiat. Transf., 150, 12-35, https://doi.org/10.1016/j.jqsrt.2014.06.007, 2015.

24



560

565

570

https://doi.org/10.5194/egusphere-2025-2484
Preprint. Discussion started: 5 August 2025 G
© Author(s) 2025. CC BY 4.0 License. E U Sp here

Pedregosa, F., Varoquaux, G., Gramfort, A., Michel, V., Thirion, B., Grisel, O., Blondel, M., Pre:ctenhofer, P., Weiss, R.,
Dubourg, V., Vanderplas, J., Passos, A., Cournapeau, D., Brucher, M., Perrot, M., and Duchesnay, E.: Scikit-learn: Machine
Learning in Python, J. Mach. Learn. Res., 12, 2825-2830, 2011.

Pohlker, C., Huffman, J. A., and Poschl, U.: Autofluorescence of atmospheric bioaerosols — fluorescent biomolecules and
potential interferences, Atmospheric Meas. Tech., 5, 3771, https://doi.org/10.5194/amt-5-37-2012, 2012.

Rodo, X., Pozdniakova, S., Borras, S., Matsuki, A., Tanimoto, H., Armengol, M.-P., Pey, L., Vila, J., Mufioz, L., Santamaria,
S., Caiias, L., Morgui, J.-A., Fontal, A., and Curcoll, R.: Microbial richness and air chemistry in aerosols above the PBL
confirm 2,000-km long-distance transport of potential human pathogens, Proc. Natl. Acad. Sci., 121, 2404191121,
https://doi.org/10.1073/pnas.2404191121, 2024.

Saulien¢, I., Sukiené, L., Daunys, G., Valiulis, G., Vaitkevi¢ius, L., Matavulj, P., Brdar, S., Panic, M., Sikoparija, B., Clot,
B., Crouzy, B., and Sofiev, M.: Automatic pollen recognition with the Rapid-E particle counter: the first-level procedure,

experience and next steps, Atmospheric Meas. Tech., 12, 3435-3452, https://doi.org/10.5194/amt-12-3435-2019, 2019.

Tellier, R., Li, Y., Cowling, B. J., and Tang, J. W.: Recognition of aerosol transmission of infectious agents: a commentary,
BMC Infect. Dis., 19, 101, https://doi.org/10.1186/s12879-019-3707-y, 2019.

25



