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Abstract. Advancing automated classification of atmo-
spheric aerosols from Single-Particle Mass Spectrometry
(SPMS) data remains challenging due to overlapping ion sig-
natures, compositional diversity, and limited labeled data.
This study evaluates supervised and semi-supervised learn-
ing frameworks to enhance aerosol identification by jointly
leveraging labeled and unlabeled spectra. Four models were
compared: a supervised Support Vector Machine (SVM),
a self-training SVM, a stacked autoencoder classifier, and
a stacked autoencoder trained using a temporal-ensembling
Mean Teacher approach. All models achieved high and sta-
ble accuracies (90.0 %-91.1 %), surpassing previous results
on the same dataset (87 %) and matching the performance of
state-of-the-art deep learning methods. Despite small global
metric differences (< 1 %), semi-supervised variants yielded
up to 5 %—10 % improvements for compositionally rare par-
ticle types — such as soot (0.77 % of spectra, F1-score: 0.93—
0.97) and hazelnut pollen (0.98 % of spectra, F1-score: 0.97—
1.00) — equating to roughly ~ 187 additional correctly clas-
sified spectra. These gains are scientifically significant, as
such rare particles exert disproportionate influence on ra-
diative absorption and ice nucleation processes; their im-
proved detection reduces modeled uncertainties in aerosol
absorption optical depth and mixed-phase cloud ice nucle-
ation rates. The models’ residual misclassifications (=9 %)
largely arise from true spectral overlap among chemically
adjacent species (e.g., Na- vs. K-feldspar, coated vs. un-
coated feldspars), reflecting physical compositional continu-
ity rather than algorithmic error. Collectively, these findings
demonstrate that leveraging unlabeled data to learn robust
spectral representations and refine classification enhances

both fidelity and interpretability, bridging data-driven anal-
ysis with aerosol-climate process understanding.

1 Introduction

Understanding the composition of atmospheric aerosols is
essential for evaluating their impact on climate, environment,
and human health (Seinfeld and Pandis, 2016). Aerosols,
tiny solid or liquid particles suspended in the air, have a
significant and complex impacts on various environmental
aspects. They influence Earth’s radiation balance by scat-
tering (Atwood et al., 2019) and absorbing visible (Ravis-
hankara et al., 2015) and infrared radiation, leading to po-
tential cooling or warming effects depending on the aerosol
type and location (Bellouin et al., 2005; Myhre et al., 2014).
Aerosols act as cloud condensation nuclei (CCN), and ice-
nucleating particles (INPs), the seeds around which water
vapor condenses to form clouds (DeMott et al., 2010, 2016;
Farmer et al., 2015; Lohmann and Feichter, 2005). This in-
teraction influences cloud properties like reflectivity, lifes-
pan, and precipitation patterns, with implications for regional
weather and water cycles (Andreae et al., 2004; Andreae and
Rosenfeld, 2008). Additionally, high concentrations of cer-
tain aerosols, such as fine particulate matter, pose a signifi-
cant threat to human health, increasing the risk of respiratory
and cardiovascular diseases (Fuller et al., 2022; Pope and
Dockery, 2006). Despite their importance, accurately mea-
suring and characterizing aerosols, and their intricate atmo-
spheric interactions remains a challenge (Christopoulos et
al., 2018; Riemer et al., 2019). This hinders climate mod-
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els’ ability to precisely quantify direct and indirect radiative
forcing and cloud processes (Boucher et al., 2014), leaving
a degree of uncertainty in our understanding of their full cli-
matic effects.

Single-particle mass spectrometry (SPMS) offers real-
time analysis of individual aerosol particles’ chemical com-
position (Murphy, 2007). SPMS utilizes a pulsed UV laser
for the ablation and ionization of single aerosol particles and
then accelerates the ions into a time-of-flight mass spectrom-
eter to determine chemical composition (Cziczo et al., 2006;
Gard et al., 1997; Pratt et al., 2009; Su et al., 2004). SPMS
permits the analysis of aerosol particles in the size range of
~ 150-3000 nm in diameter (Li et al., 2011; Murphy, 2007,
Zawadowicz et al., 2017). SPMS can provide information on
the size, shape, elemental composition, and mixing state of
aerosol particles, which are important parameters for deter-
mining their sources and impacts (Cziczo et al., 2004). The
mass spectra obtained from SPMS can be used to identify the
source of the particles, such as biomass burning, based on
specific chemical markers, like the presence of an ion peak
at m/z 213 (¥K3*SO}) (Silva et al., 1999). The chemical
composition of the particles can be linked to their impact, for
example, automobile exhaust particles containing hydrocar-
bons, Al+, Pt+, and Pb+ (Noble and Prather, 1996). Sim-
ilarly, some work has found that some ice residuals exhib-
ited characteristic mass spectral features of isoprene-derived
organosulfates, specifically at mass-to-charge (m/z) ratios of
211, 213, and 215 (Wolf et al., 2020). These peaks indi-
cate the presence of isoprene-epoxydiol-derived organosul-
fates (IEPOX-0Ss) in INPs. SPMS can also differentiate be-
tween different types of particles, for instance, distinguishing
between internally and externally mixed particulate popula-
tions (Song et al., 1999).

Identifying aerosols from complex SPMS data is difficult
because individual particles contain millions of molecules
with hundreds of distinct chemical species (Riemer et
al., 2019), both primary (like elemental carbon and met-
als from combustion) and secondary (such as nitrates from
NOx oxidation and sulfates from SO2 oxidation) (Riemer et
al., 2019). Atmospheric processing further complicates clas-
sification as particles undergo coating with secondary mate-
rials (e.g., soot becoming coated with sulfate), coagulation,
and cloud processing, leading to mixed compositions where
aerosol origins and atmospheric processing create overlap-
ping chemical signatures (Ault and Axson, 2017; Murphy
and Thomson, 1997; Prather et al., 2008), with even mi-
nor compositional changes significantly altering their climate
impact (Riemer et al., 2019; Usher et al., 2003). Mass spec-
tral analysis faces specific technical challenges: organic com-
pounds fragment during laser ablation producing soot-like
carbon progressions (Zelenyuk et al., 2008), alkali metals
from urban dust and biomass burning dominate spectra and
mask other components (Zelenyuk et al., 2008) due to their
high ionization efficiency, and the laser ablation process itself
shows variable sensitivity to different components while pro-
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ducing inconsistent spectra from identical particles (Phares et
al., 2001). These complications make it particularly difficult
to determine exact mass fractions at the single-particle level —
for instance, fly ash, mineral dust, and bioaerosol can all ex-
hibit strong phosphate signals in their spectra (Christopoulos
et al., 2018). Even distinguishing bioaerosols from nonbio-
logical phosphorus-rich particles, crucial for understanding
ice nucleation, is challenging (Zawadowicz et al., 2017). This
difficulty stems from overlapping ion markers where phos-
phate (PO™, PO, , PO;) and organic nitrogen ions (CN™,
CNO™) traditionally used as bioaerosol indicators also ap-
pear in nonbiological particles such as vehicular exhaust,
mineral dust, and fly ash.

Early approaches to the classification of aerosols relied
on user-defined rules to determine the category of a par-
ticle. These rules were initially developed for computer-
controlled scanning electron microscopy (CCSEM) coupled
with energy-dispersive X-ray spectroscopy (EDX) (Casuc-
cio et al., 1983; Kim et al., 1987). These datasets typically
contained information on hundreds to thousands of parti-
cles and approximately 15-30 elements, making manual spot
checks feasible (Riemer et al., 2019). However, the advent of
field-deployable real-time single-particle mass spectrometry
(SPMS) (Hinz et al., 1994; McKeown et al., 1991; Prather et
al., 1994) led to a significant increase in both data complexity
and volume. This rendered traditional classification methods
impractical, driving the development of more advanced tech-
niques.

Instruments like Aerosol Time-of-Flight Mass Spectrom-
etry (ATOFMS), laser ablation aerosol particle time of flight
mass spectrometer (LAAPToF), and Particle Analysis by
Laser Mass Spectrometry (PALMS) (Cziczo et al., 2006;
Pratt et al., 2009; Zawadowicz et al., 2020), present a data
analysis bottleneck, as they can characterize thousands of
particles per minute — a rate exceeding that required to manu-
ally analyze the data (Song et al., 1999). Unsupervised learn-
ing models have become essential tools for handling such
large datasets. Among these, Adaptive Resonance Theory 2a
(ART-2a) has been widely used to cluster particles based
on their chemical composition (Phares et al., 2001; Song et
al., 1999). The algorithm identifies unique clusters, which are
then labeled for interpretation, offering flexibility and control
over the categorization process. This method is very pop-
ular and it is still being used in the last decades (Chen et
al., 2019; Li et al., 2011; McNamara et al., 2020; Moffet and
Prather, 2005; Phares et al., 2003; Qin et al., 2012; Zhang et
al., 2015). For example, they were used to isolate and as-
sign Fresh vs. Aged Soot membership of aerosol samples
from Mexico City and Riverside, CA (Moffet and Prather,
2009). To investigate the formation of haze during the cold
season in Zhengzhou, China, the ART-2a algorithm was em-
ployed to cluster over 4 million SPMS, grouping them into
eight specific classes: elemental carbon (EC), organic carbon
(OC), ECOC, K-rich, levoglucosan, metal, NH4-K, and dust
(Wang et al., 2019). To characterize laboratory-generated
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aerosols from Lake Michigan water for comparison with am-
bient samples, the ART-2a algorithm was employed to clas-
sify nearly 1000 SPMS from an ATOFMS, which success-
fully identified a dominant calcium-rich particle type (LSA-
Ca) containing markers for calcium carbonate and biological
material (Axson et al., 2016).

Another popular clustering algorithm is K-means, which
groups data by minimizing within-cluster variance (Ander-
son et al., 2005; Gross et al., 2010). K-means is known for
scalability but requires specifying the number of clusters be-
forehand. Atwood et al. (2019) classified aerosol population
types and cloud condensation nuclei properties representa-
tive of the coast and interior of California using K-means
cluster analysis. In a study analyzing the sources and mixing
state of summertime aerosol in the north-western Mediter-
ranean basin, the K-means was employed to cluster 1.2 mil-
lion single particle mass spectra and grouped individual par-
ticles into 27 classes (Arndt et al., 2017). Both ART-2a and
K-means are unsupervised techniques, meaning they do not
need predefined labels, making them valuable for the of-
ten difficult-to-label aerosols. Even for studies where aerosol
identification takes a more empirical and rigorous approach
such as evaluating the SPMS against reference spectra mea-
sured at a lab, checking for signal at specific markers, analyz-
ing relative peak intensities, clustering takes role in defining
classes of aerosols (Cziczo et al., 2004; Freutel et al., 2013;
Froyd et al., 2019; Shen et al., 2019). Despite their advan-
tages, these unsupervised algorithms have limitations. Pa-
rameters require careful tuning and assessing cluster valid-
ity is crucial (Song et al., 1999). Additionally, assumptions
of cluster shape and the impact of high-dimensional data
can pose challenges. Researchers have explored incorporat-
ing expert knowledge to aid clustering analysis (Zelenyuk et
al., 2008), demonstrating the ongoing efforts to improve the
accuracy of single-particle data classification.

Supervised classification algorithms offer several advan-
tages over unsupervised clustering algorithms (Beck et
al., 2024). They learn from labeled data, tailoring classifica-
tions to specific goals, potentially increasing generalizabil-
ity across similar applications. They often rely on optimized
methods, reducing the need for manual calibration. Some can
handle non-linear relationships between features and labels,
leading to more accurate classifications (Gong et al., 2022).
They may employ normalized metrics or reduction of di-
mensions to address poor model generalization and stability
in high-dimensional spaces, and are optimized for making
predictions, potentially achieving higher accuracy (Beck et
al., 2024).

Previous studies have shown the potential of supervised
learning in classification and feature extraction of single-
particle mass spectra for aerosols. Support Vector Machine
(SVM), a supervised machine learning algorithm (Cortes and
Vapnik, 1995) which could find a clear gap between separate
labeled categories, has been successfully applied in binary
classification for differentiate bioaerosol mass spectra from
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phosphorus-bearing spectra achieving 97 % overall accuracy
(Wang et al., 2024c; Zawadowicz et al., 2017). At the same
time this model has been used to determine representative
SPMS signatures of three aerosol types for apportionment
of coal combustion sources (Xu et al., 2018). Another popu-
lar model, the Random Forest classifier, has shown promis-
ing results. The RF has previously been applied to the same
dataset used in this paper, in classifying 20-unique classes of
aerosols, achieving overall accuracy of 87 % and identifying
important influential markers (Christopoulos et al., 2018).
Another study demonstrated that a random forest machine
learning algorithm can effectively classify single particles
based on single-particle soot photometer data, achieving a
classification accuracy of >99 % for rBC and FeOx, and
47 %—66 % for other aerosol types, while broader categories
demonstrated high accuracies (Lamb, 2019).

In a separate study, supervised learning algorithms were
compared in classifying eight distinct broad categories rep-
resentative of common aerosol types found in Central Eu-
rope during summer (Wang et al., 2024c). All algorithms
achieved overall accuracies above 94 %, with RF, SVM, and
Multi-Layer Perceptron (MLP) leading the way with accu-
racies exceeding 97 % (Wang et al., 2024c). The work in-
dicates that these supervised algorithms offered significant
advantages over unsupervised clustering methods, primarily
due to their ability to learn from labeled data, tailor classi-
fications to specific research goals, and potentially achieve
higher accuracy in high-dimensional SPMS datasets (Wang
et al., 2024c). However, a fundamental limitation of super-
vised learning is that these algorithms cannot identify aerosol
types absent from the training data. This presents a practical
challenge for atmospheric applications where novel or unex-
pected particle types may be encountered during field cam-
paigns. Although semi-supervised learning alone cannot dis-
cover entirely new aerosol classes, it has the potential to im-
prove generalization for spectra lying near class boundaries,
under-represented types

improves generalization for spectra lying near class
boundaries or under-represented types. By incorporating un-
labeled data the model learns broader spectral manifolds and
reduces overfitting to specific training clusters. Unlike unsu-
pervised clustering methods that can potentially identify new
particle groups, supervised models will forcibly classify un-
known particles into one of the predefined categories from
the training set, potentially leading to mischaracterization of
atmospheric composition when deployed in diverse environ-
ments.

More recent work has explored the application of deep
learning, particularly convolutional neural networks (CNNs),
for the classification of aerosol particles. The work demon-
strates that both 1D-CNN and 2D-CNN architectures could
effectively classify SPMS data, achieving accuracy exceed-
ing 90 % with a sufficiently large labeled dataset (Wang et
al., 2023, 2024a, b). The work highlighted the advantages of
CNNs over traditional machine learning methods like mul-
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tilayer perceptrons, emphasizing the CNNs’ ability to auto-
matically extract meaningful features from the data without
the need for expert feature engineering. Nevertheless, noise
augmentation, square root transformation, averaging mass
spectra, and swapping positive and negative mass peaks, have
been found to improve classification accuracy from approx-
imately 75 % to 86.8 % when training with only 1/8 of the
original labeled data (Wang et al., 2024d). Data augmen-
tation is therefore deemed a crucial step to overcome the
challenges of supervised learning such as the high cost and
time-consuming process of obtaining accurate labels (Wang
et al., 2024d), potential biases inherited from training data,
and the risk of overfitting with limited datasets (Beck et
al., 2024).

Semi-supervised learning offers an alternative solution to
reducing the over reliance on labeled data by incorporating
unlabeled data in the model training. This method is particu-
larly beneficial when labels are expensive to obtain but unla-
beled data is abundant (Zhou, 2021). By leveraging unlabeled
data, semi-supervised learning can enhance the model’s gen-
eralization performance and mitigate the risk of overfitting.
This study evaluates both supervised and semi-supervised
approaches for aerosol classification. While semi-supervised
frameworks such as self-training and mean-teacher methods
are explored for their ability to leverage unlabeled data, the
results demonstrate that the supervised stacked autoencoder
achieved the highest overall accuracy, with semi-supervised
variants yielding selective gains for rare aerosol types. The
comparative analysis therefore emphasizes both the strengths
and limits of unlabeled-data utilization in real SPMS appli-
cations.

2 Data and Methods

The dataset analyzed in this study was collected using the
Particle Analysis by Laser Mass Spectrometry (PALMS) in-
strument during the Fifth Ice Nucleation workshop (FIN-1)
(Shen et al., 2024) at the Karlsruhe Institute of Technology’s
(KIT) Aerosol Interactions and Dynamics in the Atmosphere
(AIDA) facility, with additional samples acquired at MIT’s
Aerosol and Cloud Laboratory (Christopoulos et al., 2018).
Aerosols were generated through prescribed techniques in
KIT’s 84 m®> AIDA chamber and 3.7 m*> APC chamber: min-
erals and dusts via rotating brush dispersion, soot via propane
combustion or graphite spark generation, «-pinene SOA via
in situ ozonolysis, bioaerosol (Snomax) via atomization, and
internally mixed particles via SOA condensation onto miner-
als (Shen et al., 2024).

The PALMS instrument sampled these reference parti-
cles under dry conditions, recording each particle’s time-
of-flight as a proxy for vacuum aerodynamic diameter. The
version of PALMS used in this study operates in unipolar
mode, acquiring either positive or negative mass spectra. All
spectra analyzed in this work were collected in negative-ion
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mode, which has been demonstrated to effectively discrim-
inate between bioaerosol and dust particles (Zawadowicz et
al., 2017)

A subset of experiments was conducted as blind studies
in which unknown particle mixtures («-pinene SOA, Argen-
tinian soil dust, and graphite soot across two distinct peri-
ods) were introduced to the APC chamber, and instrument
teams analyzed the data independently without prior knowl-
edge of chamber contents (Shen et al., 2024). These blind ex-
periments yielded 14 478 unlabeled mass spectra that follow
identical formatting and preprocessing steps as the labeled
data but lack definitive aerosol type assignments. This un-
labeled portion serves as training data for semi-supervised
learning. The unlabeled dataset comprised 14478 single-
particle spectra collected under the same acquisition param-
eters as the labeled reference set. The chemical composition
of this unlabeled pool is unknown a priori. For transparency,
we applied all four models to the unlabeled spectra to obtain
the percentage of spectra assigned to a given class (Fig. A4).
The distribution of labels on this subset are reported only
for diagnostic purposes and were not used as ground truth in
model training.

The labeled dataset comprises 20 317 single-particle mass
spectra distributed across 20 aerosol types, including min-
eral dust, biological particles, combustion products, and sec-
ondary organic aerosol. Approximately 75 % of these spec-
tra originate from the FIN-1 Workshop campaign, with the
remaining 25 % from samples supplied by MIT (Christopou-
los et al., 2018). The dataset exhibits substantial class im-
balance reflecting typical challenges in atmospheric particle
collection. The most prevalent classes prior to filtering are fly
ash (19.9 %, 4038 spectra), uncoated K-feldspar (9.9 %, 2020
spectra), and K-feldspar coated with SOA (9.8 %, 1999 spec-
tra). Several important atmospheric aerosol types have lim-
ited representation, including soot (1.0 %, 202 spectra) and
hazelnut pollen (0.9 %, 183 spectra). Agar growth medium
(1.2 %, 240 spectra), while not an atmospheric aerosol type,
is included as a potential laboratory contaminant reference
for bacterial particles cultivated on this medium (Table 1).

Each spectrum comprises measurements across 207 mass-
to-charge (m/z) channels spanning the —1 to —207 m/z
range in negative-ion mode. Fourteen channels within this in-
terval were excluded because they contained no valid signal
in the original PALMS data export — typically corresponding
to detector saturation gaps, electronic noise regions, or mass
channels lacking meaningful ion counts. Such exclusions
are common in single-particle mass spectrometry, as chan-
nels near the detector edges may suffer from low ion counts
or fall outside linear calibration, while others can be domi-
nated by electronic noise, calibration artifacts (e.g., near Cs™
or O, peaks), or consistently zero-intensity bins. Removing
these non-informative channels ensures that only chemically
meaningful features contribute to the classification analysis.
This resulted in 193 active m/z features retained for model
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Table 1. Distribution of labeled single-particle mass spectra across the 20 aerosol classes used in this study. The dataset exhibits substantial
class imbalance, with fly ash and feldspar categories dominating the labeled set, while a few biological and organic particle types (e.g.,
Snomax, hazelnut pollen, agar, and soot) are comparatively under-represented. Percentages denote the proportion of each class relative to the
total labeled dataset. “n/a” stands for not applicable. Both train and test labeled sets included.

Aerosol Description Generation Sample Reference Pre-filter  Post-filter
type method provided counts! counts2
by
Argentinian  Soil dust collected in La Pampa Dry-dispersed KIT Steinke et 1011 1003
province, Argentina al. (2016) (5.0 %) (5.4 %)
Chinese Soil collected from Xilingele steppe, Dry-dispersed KIT Steinke et 1001 968
China/Inner Mongolia al. (2016) (4.9 %) 5.2%)
Ethiopian Soil collected in Lake Shala Dry-dispersed KIT n/a 560 559
National Park, Ethiopia 2.8 %) 3.0%)
(collection coordinates: 7.5° N, 38.7°E)
German Arable soil collected near Dry-dispersed KIT Steinke et 957 956
Karlsruhe, Germany al. (2016) 4.7 %) (5.1%)
Moroccan Soil collected in a rock desert in Morocco ~ Dry-dispersed KIT n/a 458 455
(collection coordinates: 33.2° N, 2.0° W) 2.3 %) (2.4 %)
Paulinenaue  Arable soil collected in northern Dry-dispersed KIT n/a 1001 995
Germany (Brandenburg) 4.9 %) 5.3 %)
ATD Arizona Test Dust, Powder Technology, Dry-dispersed MIT n/a 1030 1005
Inc. (Arden Hills, MN) 5.1 %) (5.4 %)
Illite Illite NX (Arginotec, Germany) Dry-dispersed KIT Hiranumaet 512 509
al. (2015a) (2.5 %) (2.7 %)
Fly ash Four samples of fly ash from US Dry-dispersed MIT Zawadowicz 4038 3957
power plants: J. Robert Welsh Power etal. (2017)  (199%) (21.2%)
Plant (Mount Pleasant, TX), Joppa
Power Station (Joppa, IL), Clifty Creek
Power Plant (Madison, IN), and Miami
Fort Generating Station (Miami Fort,
OH) (Fly Ash Direct, Cincinnati, OH)
Na-feldspar ~ Sodium and calcium-rich feldspar, Dry-dispersed KIT Peckhauset 746 684
samples provided by Institute of al. (2016) 3.7 %) (3.7 %)
Applied Geosciences, Technical
University of Darmstadt (Germany),
and University of Leeds (UK)
K-feldspar Potassium-rich feldspar, samples Dry-dispersed KIT Peckhauset 2020 1471
provided by Institute of Applied al. (2016) 9.9 %) (7.9 %)
Geosciences, Technical University
of Darmstadt (Germany) and
University of Leeds (UK)
Agar Agar growth medium for bacteria, Wet-generated KIT n/a 240 240
Pseudomonas agar base (CM0559, (1.2%) (1.3 %)
Oxoid Microbiology Products,
Hampshire, UK)
Bacteria Two different cultures of Cultures grown on the agar KIT Zawadowicz 997 967 (5.2 %)
Pseudomonas syringae growth medium (as above), etal. (2017) (4.9%) (5.2 %)
suspended in nanopure water
and wet-generated
Cellulose Microcrystalline and fibrous Wet-generated KIT Hiranumaet 1106 970
cellulose (Sigma Aldrich, al. (2015b) (5.4 %) 5.2%)

St. Louis, MO)
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Table 1. Continued.
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Aerosol Description Generation Sample Reference Pre-filter ~ Post-filter
type method provided counts! counts?
by
Hazelnut Natural hazelnut pollen (GREER, ‘Wet-generated KIT Zawadowicz 183 183
Lenoir, NC) wash water etal. (2017) (0.9 %) (1.0 %)
Snomax Snomax (Snomax International, Wet-generated KIT Zawadowicz 505 498
Denver, CO) irradiated, desiccated, etal. (2017) (2.5%) 2.7 %)
and ground Pseudomonas syringae
Soot CAST soot miniCAST flame soot KIT Henning et 202 143
generator (manufactu- al. (2012) (1.0 %) (0.8 %)
red by Jing Ltd,
Zollikofen, Switzerland)
SOA Secondary organic aerosol Ozonolysis of KIT Saathoff et 251 251
a-pinene al. (2003) (1.2 %) (1.3 %)
K-feldspar cSA Potassium-rich feldspar (as above) ~ Small amounts of sulfuric KIT Saathoff et 1999 1386
coated with sulfuric acid (SA). acid were incrementally al. (2003) (9.8 %) (7.4 %)
added to the chamber filled
with K-feldspar to achieve
thin coatings, as judged
from PALMS spectra
K-feldspar cSOA  Potassium-rich feldspar (as above)  Small amounts of SOA were KIT Saathoff et 1500 1478
coated with secondary organic incrementally added to the al. (2003) (7.4 %) (7.9 %)

aerosol (SOA, as above).

chamber filled with K-feldspar

to achieve thin coatings,
as judged from PALMS spectra

! Counts in the original dataset as used in Christopoulos et al. (2018).

2 Counts after filtered as discussed in Sect. 2, right before splitting and transforming the data for training/testing.

input, along with particle time-of-flight as an additional fea-
ture, for a total of 194 features.

Data preparation followed a consistent protocol for all
training and testing. Spectra containing one or zero ion
peaks were excluded prior to analysis, as such sparse sig-
nals lack sufficient chemical information for reliable classifi-
cation. This filtering removed ~ 8.1 % of the dataset, where
91 % of the removed samples had zero m/z peaks, bring-
ing the labeled data set to a final size of 18 678. The re-
moval of ~ 8.1 % of spectra primarily reflect the exclusion
of low-intensity or noise-dominated signals near the detector
baseline, which commonly arise from incomplete ionization
events or transient charge losses during SPMS acquisition.
The unlabeled dataset did not contain any samples to filter
out, as such remains at a size of 14 478. Missing values in the
time-of-flight feature were set to zero. The complete dataset
was then randomly shuffled using a fixed random seed, with
1868 samples (10 %) reserved for testing and 16 810 labeled
training samples. For the labeled portion, stratified sampling
maintained class distributions between training and test sets,
which is crucial given the significant class imbalances. The
sample counts per class in the labeled testing set are shown
in Table A2.

Feature scaling was performed using maximum absolute
scaling, fitted to the training data and applied to both training

Atmos. Meas. Tech., 19, 2575-2599, 2026

and test sets. This scaling approach was chosen over standard
normalization methods due to its ability to preserve spar-
sity in the mass spectra while constraining all features to the
range [0, 1]. Each aerosol type label was integer-encoded for
model input. The same scaling is performed on the unlabeled
dataset.

To quantify the contribution of individual ions (m/z fea-
tures) to model performance, we evaluated feature impor-
tance across all four classifiers. For all four models studied
here, feature importance was computed using permutation
importance, whereby each m/z channel was randomly per-
muted and the resulting decrease in Fl-score was recorded
as a measure of feature influence.

All four classification models explored in this study were
trained and tested on this labeled dataset with identical train-
test partitions (90 % training, 10 % testing). The distinc-
tion between supervised, unsupervised, and semi-supervised
learning is the use of the unlabeled dataset, which unlike
the labeled dataset, does not need to be split. For differ-
ent sizes of the test split, we observed minor impact on the
results (Table A3). Specifically, overall accuracy decreased
only marginally from 91.1% (10 % test) to 90.7 % (20 %)
and 90.5 % (25 %), while macro F1 and weighted F1 varied
by less than 1% (89.5 — 89.0 — 88.7 and 90.2 — 8§89.9
— 89.6, respectively). The chosen 90/10 split offers the best
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balance between stable model evaluation and adequate repre-
sentation of minority aerosol classes. Larger test proportions
(20 %—25 %) reduced the number of spectra available for rare
categories such as soot, agar, and hazelnut pollen, leading
to increased sampling variance and lower class-level preci-
sion. While individual class metrics showed variations for
different test sizes, the overall performance measures (accu-
racy, precision, recall, F1-score) remained stable. Metrics for
classes with very limited samples (particularly soot, hazel-
nut pollen, and agar) should be interpreted with appropriate
caution due to their small test set representations. All scripts
for preprocessing, model training, and evaluation have been
archived and are publicly available at GitHub.

2.1 Classification Methods

To evaluate the potential of semi-supervised learning for
aerosol classification, we implemented and compared four
distinct approaches. Each successive model builds upon tra-
ditional supervised learning by incorporating unlabeled data
in increasingly sophisticated ways. All models were imple-
mented in Python using PyTorch for neural network architec-
tures (Ansel et al., 2024) and scikit-learn for traditional ma-
chine learning algorithms (Pedregosa et al., 2011). The fol-
lowing sections detail the theoretical background, implemen-
tation, and training methodology for each classifier. Semi-
supervised learning methods improve classification robust-
ness for boundary and minority classes but cannot identify
truly novel aerosol types.

2.1.1 Support Vector Machine Classifier

Support Vector Machines (SVMs) serve as our baseline su-
pervised classification method, chosen for their documented
success in SPMS and related aerosol mass spectrometry
data analyses (Wang et al., 2024c; Zawadowicz et al., 2017)
and for their robust performance in high-dimensional feature
spaces (Beck et al., 2024; Cortes and Vapnik, 1995). This
robustness is often handled by a kernel function, which en-
ables the SVM to find complex, non-linear decision bound-
aries by projecting the data into a higher-dimensional space.
For our multi-class problem, we employed scikit-learn’s Sup-
port Vector Classification with a one-vs.-one scheme, where
separate binary classifiers are trained for each pair of classes.

Model optimization utilized scikit-learn’s HalvingGrid-
SearchCV with cross-validation to efficiently explore the pa-
rameter space. The search focused on three key parameters:
kernel type, regularization parameter (C), and kernel coef-
ficient (y). Starting with an initial resource allocation of
2000 training samples, the algorithm evaluated 30 randomly
sampled parameter combinations, progressively eliminating
weaker candidates by a factor of 2 until identifying the op-
timal configuration. This approach yielded optimal values
of C =284.73 and y =0.2412 using a radial basis function
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(RBF) kernel, a choice known for capturing complex, non-
linear data structures.

During optimization, we found that maximum absolute
value scaling of input features produced consistently better
results compared to standard scaling or L.1/L.2 normalization.
This superiority likely stems from the technique’s preserva-
tion of sparsity in the mass spectra, an important charac-
teristic of SPMS data where many m/z channels typically
show zero intensity. The final model maintains high sparsity
while achieving effective separation between aerosol classes
through the RBF kernel’s nonlinear mapping.

2.1.2 Self-Training SVM Classifier

Building upon the baseline SVM, we implemented a self-
training approach to leverage unlabeled data through scikit-
learn’s SelfTrainingClassifier. This semi-supervised method
iteratively expands the labeled training set by incorporating
unlabeled samples whose predicted probabilities exceed a
specified confidence threshold (Yarowsky, 1995). The opti-
mized SVM model and preprocessing pipeline described in
the previous section is used as a base classifier in this self-
training framework.

A critical parameter in self-training is the confidence
threshold that determines which predictions on unlabeled
data are sufficiently reliable to include in subsequent training
iterations. We conducted a systematic evaluation of thresh-
old values between 0.5 and 1.0 using 3-fold stratified cross-
validation on the training subset, analyzing their impact on
both classification performance and the proportion of unla-
beled data utilized (Fig. 1). This cross-validation was per-
formed solely to identify the optimal threshold parameter and
did not modify the main training-test split or alter the labeled
data used for final evaluation.

The analysis revealed that threshold values above 0.8
consistently improved classification accuracy. A thresh-
old of 0.95 yielded the highest cross-validation accuracy
(89.16 £20.42 %) while maintaining conservative pseudo-
labeling rates (~ 17 % of unlabeled data per fold). The final
self-training model is trained on the complete mixed dataset
(train labeled + unlabeled) with a fixed confidence thresh-
old of 0.95, which admits 7488 of 14478 unlabeled sam-
ples (51.7 %) as pseudo-labels after 16 iterations. The class-
wise pseudo-label distribution at admission is summarized
in Fig. AS. This threshold ensured high-confidence inclu-
sion while maintaining balanced representation of minority
aerosol classes. Finally, the Self-Training SVM was evalu-
ated on the same 10 % held-out labeled test set as all other
models.

We explored potential improvements through probability
calibration using CalibratedClassifierCV, as accurate prob-
ability estimates are crucial for reliable self-training. How-
ever, calibration provided negligible improvements across
all metrics (accuracy, precision, recall, and Fl-score), sug-
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Figure 1. Effects of the threshold hyperparameter on the perfor-
mance and convergence behavior of the Self-Training SVM classi-
fier. Top: cross-validated accuracy (stratified 3-fold) as a function of
the threshold (blue line). The right-hand axis (green line) shows the
corresponding number of labeled samples used for training at each
threshold value, including both the train set and the pseudolabels.
Lower thresholds allow more unlabeled samples to be incorporated
but can introduce noisier pseudo-labels, while higher thresholds re-
strict inclusion to the most confidently predicted samples. Bottom:
N number of iterations required for the algorithm to complete the
self-labeling process across thresholds. At a confidence threshold of
0.95, the framework achieves the highest cross-validation accuracy
(89.16 £0.42 %) while maintaining conservative pseudo-labeling
rates (mean: 1648 £ 1476 samples per fold, ~ 17 % of unlabeled
data per fold). Error bars represent one standard deviation across
folds.

gesting the SVM'’s decision boundaries were already well-
optimized from the initial supervised training.

2.1.3 Stacked Autoencoder Classifier

The stacked autoencoder represents a more sophisticated ap-
proach to aerosol classification by combining dimensional-
ity reduction with supervised learning in a deep neural net-
work architecture. The model consists of two key compo-
nents: an autoencoder network that learns compressed rep-
resentations of mass spectra via its bottleneck layers, and a
classification layer that operates on these learned features.
The complete architecture, illustrated in Fig. 2, processes the
194-dimensional input (193 mass peaks + particle time-of-
flight) through a series of fully connected layers that pro-
gressively reduce dimensionality while preserving essential
spectral characteristics.

The autoencoder training proceeds in two sequen-
tial stages using symmetric encoder-decoder architectures
with Rectified Linear Unit (ReLU) activation functions
(f (x) =max(0, x)). In the first stage, an autoencoder com-
presses the 194 input features to 96 latent dimensions and re-
constructs them back to the original 194 dimensions, trained
on all 31288 available samples to learn a compressed rep-
resentation of the mass spectra. The test set features are
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Figure 2. Schematic overview of the Stacked Autoencoder Clas-
sifier architecture used for single-particle mass spectral classifica-
tion. The model consists of a series of fully connected layers ar-
ranged in an encoder—decoder framework, followed by a supervised
classification head. The diagram shows the designated size to each
layer. The input layer receives normalized spectral feature vectors
(193 m/z intensities plus one aerodynamic diameter feature). These
inputs are progressively compressed through two encoder layers.
The output layer projects these encoded features into a label space
corresponding to the 20 aerosol classes. A softmax activation func-
tion converts the raw outputs into class probabilities ('), enabling
probabilistic classification.

included in unsupervised fashion while test labels remain
strictly held-out, preventing label leakage while maximiz-
ing the autoencoder’s exposure to the underlying data dis-
tribution. This pre-trained encoder and decoder are then
frozen and integrated into a second autoencoder, which adds
a deeper compression layer reducing the representation to
48 dimensions. This stacked autoencoder is trained on all
available samples again to optimize the added compression
layer while retaining the prior learned latent representation
of the mass spectra. Both the initial autoencoder and the
stacked autoencoder are trained using the RAdam optimizer
(Liu et al., 2019) with a learning rate of 0.01 to minimize
mean squared error (MSE) loss between the input features
and the reconstructed output, with the first stage running for
300 epochs (batch size 12) and the second for 100 epochs
(batch size 16). This staged training approach with frozen
transfer learning allows the network to learn increasingly ab-
stract representations while preserving the low-level features
captured in the first encoder.

Following the two-stage autoencoder pretraining, a final
classification layer (linear transformation with softmax acti-
vation) is added and trained exclusively on the labeled train-
ing subset (16 810 samples), with test samples withheld until
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final evaluation. The two set of encoders are unfrozen dur-
ing this supervised stage to enable end-to-end adaptation of
the learned representations for the new objective of class dis-
crimination. This training uses the Adam optimizer with a
learning rate of 0.01 and weight decay regularization of 0.01
(Loshchilov and Hutter, 2017), trained for 100 epochs with
batch size 64 using cross-entropy loss. The unfrozen training
allows the encoder to adapt the learned spectral patterns into
class-specific representations optimized for the classification
task. The softmax output provides probability distributions
over the aerosol types.

The complete training process optimizes both reconstruc-
tion accuracy and classification performance. The recon-
struction objective ensures the latent space retains meaning-
ful chemical information, while the classification objective
fine-tunes these features for optimal class separation. This
dual optimization distinguishes the stacked autoencoder from
traditional supervised approaches, potentially offering better
generalization when dealing with complex, high-dimensional
mass spectra.

2.1.4 Mean Teacher Framework

The Mean Teacher framework extends our stacked autoen-
coder approach by implementing a consistency-based semi-
supervised learning strategy (Tarvainen and Valpola, 2017).
This approach maintains two models: a student model that
learns actively through standard optimization, and a teacher
model whose weights are updated as an exponential moving
average of the student model’s weights. The framework aims
to improve model robustness and generalization by enforc-
ing consistent predictions across different views of the same
data. An overview of the framework is shown in Fig. 3.

Building upon the previously described stacked autoen-
coder architecture, we initialize the student model using the
pre-trained encoder-decoder structure. The teacher model be-
gins as an exact copy of the student but evolves differently
during training. While the student model updates through
standard backpropagation, the teacher model’s parameters
(/) are updated at each training step ¢ using an exponential
moving average (EMA):

0 =ab |+ (1—a)b;, N

where 6; represents the student model’s parameters and « is
a smoothing coefficient. This averaging process encourages
a more stable model that can yield better predictions than the
student model alone (Tarvainen and Valpola, 2017).

The training objective combines two loss terms: a super-
vised cross-entropy loss (L¢e) for labeled data and a consis-
tency loss (Lcon) that encourages agreement between student
and teacher predictions on unlabeled data:

Liotal = Lce +ALcon, (2)

where A is a weighting parameter that balances the two objec-
tives. The consistency loss is computed as the MSE between
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Figure 3. Overview of the Mean Teacher framework. (Image
source: Tarvaninen and Valpola, 2017). The Mean Teacher architec-
ture consists of two neural networks — the Student model ( fy) and
the Teacher model (fy/) — that share the same structure but differ
in their parameter updates. For labeled samples (x, y), the Student’s
predictions are compared against ground truth using a cross-entropy
loss (Ls). For unlabeled samples, the consistency loss (L) is com-
puted as the mean-squared error (dyse) between the Student and
Teacher predictions, encouraging the model to produce consistent
outputs under input perturbations. The total training objective com-
bines these two components as £ = Lg + p (¢) Ly, where p (¢) is a
time-dependent weighting factor that gradually increases the influ-
ence of the unsupervised term.

the student and teacher predictions on the same input pro-
cessed with different random augmentations. Both models
employ the AdamW optimizer, with the encoders and clas-
sification layer trained end-to-end using this combined ob-
jective.

In the mean-teacher framework, all 14478 unlabeled
spectra participate in every training epoch through the
consistency-loss objective; no pseudo-label thresholding is
applied. Training employed an EMA coefficient o« =0.999
and a consistency-loss weight A ramped linearly from O to 1
over the first 10 epochs. These hyperparameters have been
added for reproducibility and to clarify that the entire unla-
beled pool contributes to the semi-supervised signal in each
epoch.

The primary advantage of this approach lies in using
continuously refined pseudo-labels from the teacher model,
which provides more stable and reliable training signals than
traditional self-training pseudo-labeling. This method has yet
to be used in any mass spectral data problem before this
work.

3 Results

This section presents an analysis of the models’ performance,
focusing on the impact of unlabeled data on classification
accuracy and the identification of key features driving aerosol
classification.
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3.1 Reconstruction Performance

The ability of the stacked autoencoder to reconstruct a mass
spectrum from a latent compressed representation shows ro-
bust performance, with approximately 80 % of test samples
showing a sum of squares error (SSE) below 0.09. Figure 4
illustrates this performance using a Moroccan soil sample,
where the reconstructed spectrum exhibits reconstruction of
high-intensity peaks while maintaining the sparsity of zero
or low-intensity peaks.

The stacked autoencoder showed consistent reconstruction
performance across classes, with Chinese soil, Hazelnut par-
ticles, and Argentinian soil having the three lowest (best) av-
erage reconstruction errors at 0.015, 0.027, and 0.031, re-
spectively. Conversely, Cellulose, Soot, and SOA exhibited
the three highest (worst) reconstruction errors, indicating less
accurate reconstruction. The average reconstruction error per
class was 0.082, and as such we show a representative sample
in Fig. 4 for a similar performance.

No statistically significant correlation (R* < 0.1) was ob-
served between reconstruction error and F1-score, indicating
that reconstruction fidelity is not a proxy for classification
performance within this dataset. For example, despite their
high reconstruction errors, classes like Soot achieved high
precision and recall scores, while Chinese and Argentinian
samples with very low reconstruction errors showed sub-par
classification performance. The distribution of SSE scores
per class is included in the appendix (Fig. A2).

3.2 Overall Model Performance

The metrics used to evaluate classifier performance include:

— Overall accuracy (OA): the proportion of correct predic-
tions

— Precision: the proportion of positive predictions that are
correct

— Recall: the proportion of actual positive cases correctly
identified

— F1 score: considers both precision and recall equally for
each class

— Confusion matrix (Fig. 5): depicts the correct identifi-
cations and misclassifications

Permutation feature importance analysis is employed to un-
derstand model decision-making. This involves shuffling fea-
ture values randomly and measuring the resulting decrease
in F1 score. Comparing feature importance across models
and classes, as will be done in Sect. 3.3, reveals the most in-
fluential mass spectral features for each aerosol type. Those
mass peaks consistently ranked among the ten most influ-
ential across all model architectures are shown in Table AS.
Furthermore, the area under the precision-recall curve (AUC-
PR) aids in assessing how well models distinguish between

Atmos. Meas. Tech., 19, 2575-2599, 2026

J. A. Perez Chavez et al.: Leveraging machine learning to enhance aerosol classification

class pairs, especially useful for imbalanced classes. Class-
specific precision, recall and F1-scores are available in the
appendix in Table A2.

The models achieved overall accuracies of 90.0 %-91.1 %,
representing robust performance for a challenging 20-class
classification task characterized by severe class imbalance
(e.g., Soot and Hazelnut as rare classes) and high spec-
tral overlap between aerosol types (e.g., Feldspar species).
This performance surpasses the 87 % accuracy previously
reported on this dataset (Christopoulos et al., 2018) and is
competitive with 94 %-97 % accuracies achieved on simpler,
8-class aerosol problems (Wang et al., 2024c). The perfor-
mance of all classifier models is listed in Table 2.

The stacked autoencoder classifier (Model 3) performed
best at 91.1 % overall accuracy, 91.8 % precision and 91.6 %
F1-score. Model 1 achieved an F1 score of 91.2 % but during
parameter optimization most iterations yielded a score below
89.5 %. The performance of each model in each class can
be seen in the confusion matrix in Fig. 5. Certain misclas-
sifications were not random but reflected underlying chemi-
cal overlap among particle classes. For example, K-Feldspar
and Na-Feldspar spectra were frequently assigned to other
mineral or metallic types. This ambiguity is consistent with
shared ion signatures (see Table Al for a reference guide to
ion identities): feldspar and dust both exhibit strong signals at
m/z —16 (07), m/z =24 (C}), and m/z —60 (SiO; ). Simi-
larly, bacterial and Snomax particles showed overlapping as-
signments, attributable to common peaks such as m/z —26
(CN7) and m/z —43 (CoHO™) (Table Al). These confu-
sions reproduce the challenges faced by manual SPMS clas-
sification, thereby reinforcing the models’ ability to capture
genuine ambiguities inherent in atmospheric particle spec-
tra. Including the unlabeled data in a semi-supervised fashion
for the SVM model showed a slight decrease in performance
(Model 2), despite the increase in overall training data. The
calibration procedure for the self-learning SVM, as discussed
in Sect. 2, demonstrated difficulty in using most of the unla-
beled data to increase classification accuracy.

The small differences in overall classification performance
mask improvements in the classification of rare but atmo-
spherically significant aerosol types as seen in Fig. 7. No-
tably, the stacked autoencoder classifiers (Models 3 and 4)
showed better performance for underrepresented classes like
Soot, Agar, and Moroccan aerosol types. For example,
Model 3 improved Soot classification from an Fl-score of
93 % to 97 %. These class-specific differences become par-
ticularly important when examining challenging classifica-
tion problems where spectral overlap and class imbalances
create systematic difficulties across all approaches.

3.3 The Subtleties of Feldspar Species
The classification of feldspar species presents unique chal-

lenges due to their overlapping mass spectral characteristics.
To identify which ions contribute most strongly to feldspar
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Figure 4. Example of spectral reconstruction and feature compression by the Stacked Autoencoder (SAE). Panels illustrate a representa-
tive Moroccan soil-dust aerosol negative polarity spectrum (left), its reconstructed spectrum generated by the trained Stacked Autoencoder
(middle), and the corresponding latent representation vector in the reduced-dimensional space (right). The original and reconstructed spectra
display strong alignment indicating effective preservation of chemically relevant structure. The reconstruction error (sum of squares) for
this sample is 0.09. The latent vector encodes 48 features capturing dominant compositional patterns used for downstream classification.
All intensities are arbitrarily normalized for visualization, with y axes representing normalized ion signal strength and x axes denoting m/z
(negative-ion mode).

Table 2. Performance metrics of each model in this study. Left to right: Overall accuracy (OA), Precision, Recall, and F1-Score. Performance
metrics of the four classification models evaluated in this study. Reported values represent overall accuracy (OA), precision, recall, and F1
score (%) for each approach. Bold values denote the highest performance per metric. The Regular Stacked Autoencoder (Model 3) achieved

the best overall balance of precision and recall, while the Mean Teacher variant (Model 4) exhibited comparable recall and F1 scores.

Model OA Precision  Recall F1 Score
SVM Classifier, #1 903% 91.5% 91.1% 912%
Self-Learning SVM, #2 90 % 91.2 % 90.5%  90.8 %
Regular Stacked Autoencoder classifier, #3 911% 91.8% 915% 91.6 %
Mean Teacher Stacked Autoencoder classifier, #4 90.6% 913 % 916 % 91.4%

discrimination across all four classification frameworks, we
analyzed feature importance rankings systematically. For
each model and each of the four feldspar species (K-feldspar,
Na-feldspar, Feldspar cSA, Feldspar cSOA), the top 10 most
influential features were extracted based on permutation im-
portance scores. We then counted how many times each ion
appeared in these top-10 lists across all models for each
feldspar species (Fig. 8). Because each feldspar species con-
tributes rankings from four models, a given ion can appear
up to 4 times per species. This results in a maximum pos-
sible count of 16 for any single ion across all four feldspar
classes (4 models x 4 species). This aggregation highlights
which ions consistently emerge as key discriminators across
different model architectures.

This frequency analysis reveals that the mass peaks —16
(07), =24 (C;), =26 (CN™, H2C5), —43 (HCN™ / AlO™),
—60 (SiO; ), and —76 (SiO3) m/z consistently rank among
the most influential features across all models and feldspar
species. These peaks are universally discriminative, appear-
ing in 44 % of all top-10 feature selections across models and
all 20 particle types. For feldspar species specifically, these
ions account for 56 % of top-10 selections. This means that
the same spectral features critical for distinguishing feldspars
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from other aerosols are also important for classifying entirely
different particle types (e.g., Illite, soot, organics), creating
systematic feature overlaps that impact classification accu-
racy, particularly between K-feldspar and Na-feldspar.

Across all models, Na-feldspar proves consistently chal-
lenging to classify, showing the lowest F1 scores among
feldspar species. Even Model 4’s best performance (F1 score:
75 %) exhibits significant misclassification rates, with 7 % of
Na-feldspar samples incorrectly classified as K-feldspar and
10 % misidentified as non-feldspar species. K-feldspar shows
better classification performance but demonstrates asymmet-
ric confusion patterns: other feldspar species are more fre-
quently misidentified as K-feldspar (> 7.3 %) than as Na-
feldspar (< 3.4 %), suggesting potential classification bias
toward K-feldspar. Models 3 and 4 demonstrate superior per-
formance in distinguishing between feldspar species (AUC-
PR scores > 0.93) compared to SVM-based models (< 0.90),
indicating the autoencoder approaches better capture subtle
spectral differences.

Feldspar cSA and cSOA exhibit distinct classification pat-
terns from their uncoated counterparts. These coated vari-
ants share fewer common influential features than uncoated
feldspar species when comparing their top-10 feature lists
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Figure 5. Confusion matrices illustrating classification performance across the 20 aerosol classes for each model. (a) Standard Support Vector
Machine (SVM) classifier, (b) Self-Training SVM classifier, (¢) Stacked Autoencoder classifier, and (d) Mean Teacher—trained Stacked
Autoencoder classifier. Diagonal elements represent correctly classified samples, while off-diagonal elements indicate misclassifications.
Color intensity corresponds to normalized prediction frequency within each true class.

across models — only m/z—1 (H™), —25 (CoH™), —26
(CN™, CH;), and —43 (C;H307) appear consistently,
enabling better discrimination between species. Model 4
achieves 95 % precision for Feldspar cSA with <2 % false
positives relative to other feldspar species. The presence of
additional unique influential mass peaks, including m /z —19
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(F7), =50 (H2807), =79 (POy), —85, —87, —101, and
—115, aids in distinguishing these species, contributing to
their more reliable classification. Model 3 achieves the high-
est F1 scores for both coated species (88 % for cSA, 87 % for
cSOA).
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Figure 6. Frequency of mass spectral ions in top-10 feature impor-
tance rankings for feldspar species. For each of four classification
models and each of four feldspar species (K-feldspar, Na-feldspar,
Feldspar cSA, Feldspar ¢cSOA), the top 10 most influential ions
were identified via permutation importance analysis. Bar height in-
dicates the frequency with which each ion (—m/z value) appeared
in these top-10 lists, with a maximum possible count of 4 per species
(one per model) and 16 total across all species. Colors represent in-
dividual feldspar species: K-feldspar (blue), Na-feldspar (orange),
Feldspar cSA (green), and Feldspar cSOA (red).

When the four feldspar classes in the confusion matrix are
merged into a single class and the performance metrics were
recalculated, it became evident that models 3 and 4 outper-
formed models 1 and 2 in differentiating Feldspar species
from other aerosols. Model 4’s performance increased over-
all accuracy from 90.6 % to 94.4 % as seen in Fig. A3. This
approach achieves 96 % precision and 94 % recall on the test
set, though misclassifications persist, primarily with Chinese
soil, ATD, Illite, and Ethiopian soil samples. This perfor-
mance improvement suggests that while distinguishing be-
tween feldspar species remains challenging, the models ef-
fectively identify feldspars as a broader class.

3.4 Classification Performance by Aerosol Type

Correct identification of organic aerosols such as agar, bac-
teria, hazelnut pollen, snomax consistently yields high F1
scores across all models, along with classification of Fly ash.
Organic aerosols show high recall rates of 98 %—99 %, sug-
gesting their chemical signatures are distinctive and well-
captured by the classification algorithms. Notably, Bacteria
and Hazelnut achieve perfect recall (100 %) across all mod-
els, while Snomax maintains perfect precision. The strong
performance in classifying Fly ash can be attributed to its
substantial representation (21 %) in the labeled dataset and
its diverse characteristic peaks (—16, —24, —25, —26, —43,
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—76, =77, —79, and —80 m/z) that align with overall im-
portant identifying features across models.

The particle time-of-flight as proxy for the aerodynamic
diameter remains a non-dominant discriminant for classi-
fication but emerges as a more reliable identifying-feature
in SVM-based models (Models 1 and 2) compared to the
autoencoder-based modes. Notably, time-of-flight ranks as
the third most influential feature in classification of snomax
for Models 1 and 2, and ranks fourth in classification of
Bacteria aerosol type. The feature’s significance in classi-
fying Bacteria and snomax may be attributed with unique
size distribution patterns as seen in Fig. 8, where Bacteria
exhibits longer particle time-of-flight, while snomax form
well-defined unimodal distribution. Furthermore, the feature
appears 15 times among the top 30 features across differ-
ent classes for Models 1 and 2, compared to only twice
in autoencoder-based models for classification of illite and
Na Feldspar types. The contrasting reliance on this feature
demonstrates that feature importance is architecture depen-
dent, suggesting that different frameworks may identify com-
plementary discriminative patterns, with features deemed
non-essential by one approach potentially serving as critical
identifiers in another.

Concrete spectra illustrate the chemical basis of both cor-
rect and incorrect predictions. Figure 8 visualizes representa-
tive spectra samples underlying the most frequent model suc-
cesses and misclassifications. Na- and K-feldspar share in-
tense peaks at —16, —60, and —76 m/z, explaining Na— K
confusion in SVM-based models (Model 1). By contrast, au-
toencoder frameworks (Models 3—4) resolve subtle intensity-
ratio and co-ion differences, achieving AUC-PR > 0.93 for
feldspar separation. For coated feldspars (cSA, cSOA), the
crucially missing diagnostic —60 (SiO5 ') m/z improves pre-
cision (Model 4: cSA 95 % precision, <2 % false posi-
tives) and Fl-scores ~(.88. The final panel shows a non-
feldspar particle, in this case Ethiopian soil, misidentified
as K-feldspar, consistent with the > 7 % bias quantified in
Sect. 3.3. A confusion matrix that better demonstrates non-
feldspar prediction bias toward K-feldspar is seen in Fig. Al.
These exemplars confirm that misclassifications arise from
true spectral overlap, not random noise, and complement the
statistical metrics in Fig. 8.

Remarkably, soot and hazelnut pollen achieve F1-scores
above 93 % and often reach 100 % despite their limited rep-
resentation in the dataset. Hazelnut pollen maintains perfect
recall across all models, while soot’s recall ranges from 93 %
to 100 %. Although the Hazelnut and Agar classes achieved
100 % classification accuracy, these classes each comprise
fewer than 1 % of the dataset and therefore contain a small
number of test samples under a 10 % split. Perfect accu-
racy in such cases is statistically possible and reflects the
model’s high feature separability rather than random behav-
ior or overfitting. Because small test-set counts can inflate
apparent precision, these results should be interpreted with
caution. Models 3 and 4 successfully classify all soot sam-
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Figure 7. Particle size distributions (time-of-flight) for Bacteria and Snomax classes relative to the rest of the labeled dataset. Histograms
show the particle time-of-flight (ms) distributions, used as a proxy for vacuum aerodynamic diameter, comparing (left) Bacteria and (right)
Snomax particles (blue) against all other particle types (orange). Both classes display distinct modal peaks in their time-of-flight distributions,
indicative of characteristic acrodynamic size ranges that differ from the broader distribution of other aerosol types. Bacteria exhibit longer
flight times (typically >230 ms), corresponding to larger effective diameters, while Snomax shows a narrower mode near 170 ms, consistent

with smaller, more uniform particle sizes.

ples, whereas models 1 and 2 misclassify a single soot outlier
as fly ash, likely due to sparse spectral features at —24 (C;),
—36, and —49 m/z that are better captured by the autoen-
coder architecture. The Fl-scores of these classes are shown
in Table A2.

Although overall accuracies cluster near 90 %-91 %, per-
class analysis shows relevant differences: autoencoder mod-
els raise F1 for several rare or compositionally complex
classes (e.g., soot and coated feldspars), while SVMs show-
case the benefit of including size information to separate
populations (Snomax, Bacteria). These patterns indicate that
modest global gains can coincide with practical improve-
ments for the very particle types that govern radiation and
cloud microphysics.

The models show high performance in distinguishing geo-
graphically distinct dust aerosols (Moroccan, Ethiopian, and
Argentinian soil dust), despite their smaller sample sizes
and overlapping spectral features, particularly at —25, 26,
—43, —64, —76, and —79 m/z values. Ethiopian aerosols are
characterized by significant features in higher m/z ranges,
while Argentinian soil dust show distinctive features below
100 m/z. Moroccan soil dust aerosols display higher over-
all spectral activity, though some soil samples are occasion-
ally misclassified as Ethiopian or Argentinian due to shared
spectral characteristics. Despite these challenges, the models
maintain robust recall rates across these geographic variants.

4 Discussion

This study demonstrates the potential of machine learning
approaches, particularly stacked autoencoders, in advanc-
ing the classification of atmospheric aerosols using single-

Atmos. Meas. Tech., 19, 2575-2599, 2026

particle mass spectrometry data. The overall accuracy of
90 %-91 % achieved by our models is competitive and rep-
resents an advance for fine-grained aerosol analysis. Previ-
ous work on the same 20-class dataset using a Random For-
est classifier reported an accuracy of 87 % (Christopoulos
et al., 2018). Our results surpass this benchmark, indicat-
ing an improvement in classification reliability. Furthermore,
our performance is on par with state-of-the-art deep learning
methods, such as 1D and 2D CNNs, which have achieved ac-
curacies of approximately 90.4 % on similar, albeit less com-
plex, 13-class SPMS datasets (Wang et al., 2023, 2024b).
While higher accuracies (94 %—97 %) were reported, these
are for a broader 8-class problem (Wang et al., 2024c), under-
scoring the strong performance of our models on this chal-
lenging 20-class task.

Our results reveal distinct architectural tendencies in how
models separate aerosol classes. SVM-based models (Mod-
els 1 and 2) showed a stronger reliance on aerodynamic di-
ameter (particle time-of-flight) when it provided clear dis-
criminative information, as seen in the classification of Sno-
max and Bacteria (Fig. 9, Sect. 3.4). In contrast, autoencoder-
based models (Models 3 and 4) learned nonlinear latent rep-
resentations that captured subtle co-variations among chem-
ically related ions. This allowed them to better leverage a
broader spectrum of spectral features, resulting in improved
recognition of compositionally similar or coated particles
(Sect. 3.3). This distinction suggests autoencoders may be
more adept at navigating complex chemical similarities.

The integration of 14478 unlabeled spectra through en-
coding capabilities and semi-supervised learning yielded
mixed but informative results. While it did not substantially
improve global metrics like overall accuracy (Table 2), it

https://doi.org/10.5194/amt-19-2575-2026
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Figure 8. Representative negative-ion single-particle spectra illustrating model successes and failures in feldspar classification. Panels (A)—
(C) compare Na- and K-feldspar spectra: panels (A)—(C) are correctly classified (Models 3—4), whereas panel (B) shows Na-feldspar misiden-
tified as K-feldspar (Model 1) owing to missing peaks at 60 m/z, and shared peaks at —16, —24, —26, and —76 m /z. Panels (D)-(E) display
coated feldspars (cSA, cSOA); panel (F) shows a non-feldspar particle misclassified as K-feldspar.

provided notable, targeted gains for under-represented par-
ticle types (Table A2). For instance, the Model 4 improved
F1-scores for soot and coated feldspar classes. This suggests
the primary value of semi-supervised learning may lie not in
boosting global performance, but in enhancing model robust-
ness for rare aerosol types, which is precisely where labeled
data is most scarce and traditional supervised models are
least reliable. Critically, the models implemented here can-
not identify “unknown” aerosol types absent from the train-
ing data; their strength lies in improving the generalization
for known, but rare, classes.

Although all approaches converge near 90 %-91 % over-
all accuracy, the remaining 9 %—10 % of misclassified spec-
tra do not primarily reflect algorithmic limitations but rather
intrinsic chemical overlap in the data. The confusion matri-
ces (Fig. 5) and feldspar-specific analysis (Sect. 3.3) show

https://doi.org/10.5194/amt-19-2575-2026

that misclassifications are not random. Instead, they occur
systematically between chemically adjacent classes, such as
K-feldspar vs. Na-feldspar or coated vs. uncoated feldspars.
These borderline cases represent physically meaningful am-
biguity from particles with mixed or transitional composi-
tions, rather than simple model failure. The observed accu-
racy plateau near 91 % likely marks the practical limit of
compositional separability within this dataset.

This interpretation is strengthened by the persistent diffi-
culty in classifying feldspar species. The systematic confu-
sion between K-feldspar and Na-feldspar stems from their
similar identifying spectral features (Fig. 8). Conversely, the
models’ higher performance in classifying coated feldspars
(cSA and cSOA) suggests a strong sensitivity to surface com-
position, which is critical for understanding aerosol mixing
states. When the four feldspar species were aggregated into

Atmos. Meas. Tech., 19, 2575-2599, 2026
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a single class, overall accuracy for Model 4 increased from
90.6 % to 94.4 % (Sect. 3.3), confirming that the models ef-
fectively identify feldspars as a broad class, even if they
struggle with intra-class separation.

The autoencoder’s reconstruction quality (Fig. 4) showed
no direct correlation with its classification accuracy
(Sect. 3.1). For example, Soot had a high reconstruction er-
ror but a near-perfect F1-score. This result indicates that the
model’s strength is not in perfect spectral replication but in
its ability to learn a compressed latent representation that ef-
fectively isolates the most critical features for class discrim-
ination.

Although differences in model performance metrics
(= 1%) may appear numerically small, they are meaning-
ful in the context of atmospheric aerosol analysis, and the
challenging classification task at hand. This dataset’s signif-
icant class imbalance (Table 1) was retained intentionally,
as it preserves the physical realism of atmospheric popula-
tions where particle-type frequencies are naturally uneven.
The models’ performance per class (Table A2) appears ro-
bust to this imbalance, suggesting that classification diffi-
culty is tied to the spectral separability of features rather
than the number of samples. For example, some classes with
very low support achieve near-perfect F1-scores (e.g., Soot,
0.8 % support; Hazelnut, 1.0 % support), while some of the
largest classes are among the worst-performing due to chemi-
cal overlap (e.g., K-feldspar, 7.9 % support). The consistently
high Fl-scores for all four biological-related classes (Bac-
teria, Snomax, Agar, Hazelnut), despite their wide range of
support, further suggests these particles possess highly dis-
tinct spectral signatures that the models can reliably learn.

Benchmarking robustness against this realistic distribution
is a key goal, as a 1 % gain in overall accuracy corresponds
to ~ 187 additional correctly classified spectra in our dataset,
with these improvements primarily benefiting the minority
classes. These rare classes — such as soot, feldspars, and
bioaerosols — are disproportionately influential in determin-
ing aerosol optical and cloud-microphysical properties. For
example, improving the classification fidelity of soot is crit-
ical as it is a unique and dominant light-absorbing aerosol,
and its misclassification directly impacts the uncertainty of
aerosol absorption and radiative forcing estimates in cli-
mate models (Bond et al., 2013). Similarly, mineral dusts
are recognized as the most important type of INPs (Kanji
et al., 2017), and studies show that feldspar minerals specif-
ically, despite being a minor mass component, dominate ice
nucleation in mixed-phase clouds (Atkinson et al., 2013).
Therefore, improving the classification of feldspar species —
a key challenge identified in our results (Sect. 3.3) —is essen-
tial for reducing uncertainty in modeled cloud properties and
ice nucleation rates.
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5 Conclusions

This paper develops and evaluates machine learning ap-
proaches for classifying atmospheric aerosols using single-
particle mass spectrometry, comparing supervised and semi-
supervised frameworks. The supervised stacked autoencoder
achieved the highest overall performance (91.1 %), while
semi-supervised extensions demonstrated advantages for un-
derrepresented and compositionally complex particle types.
These findings underscore that while unlabeled data do not
uniformly enhance classification metrics, they can improve
model robustness and generalization for rare aerosol events.
We compared four models: supervised SVM, self-training
SVM, stacked autoencoder, and mean teacher autoencoder
frameworks on a dataset of 18827 labeled spectra repre-
senting 20 distinct aerosol types. To demonstrate the perfor-
mance of the deep learning approach, we showed that stacked
autoencoder models achieved 91.1 % overall accuracy, out-
performing SVM-based methods (90.0 %-90.3 %) while
maintaining robust performance for rare aerosol classes crit-
ical to atmospheric science applications. The autoencoder
architecture successfully leveraged unlabeled data during
representation learning, whereas traditional semi-supervised
SVM approaches showed limited improvement. These re-
sults advance automated aerosol classification capabilities
and provide methodological insights for applying machine
learning to atmospheric particle analysis, ultimately support-
ing more accurate characterization of aerosol impacts on cli-
mate and air quality.

Beyond this dataset, the framework refines how single-
particle measurements inform climate and air-quality mod-
els. More accurate, automated class labels enhance con-
straints on aerosol—cloud interactions, heterogeneous chem-
istry, and long-range transport in regional and global simula-
tions. Because radiative and microphysical effects are often
controlled by low-frequency particle types, even small im-
provements in classification robustness can yield dispropor-
tionate benefits in parameterizing aerosol behavior.

Future work requires addressing three key limitations
identified in this study. First, developing targeted approaches
for class imbalance, particularly for rare but scientifically
important aerosol types like Soot and biological particles,
where limited training data constraints model development.
Second, improving discrimination between chemically sim-
ilar species, especially feldspars, through advanced fea-
ture engineering or architectural modifications that better
capture subtle spectral differences. Third, enhancing semi-
supervised learning frameworks to more effectively lever-
age the abundant unlabeled SPMS data typically available
in atmospheric measurements. Addressing these challenges
would improve classification reliability for operationally crit-
ical but underrepresented aerosol populations and maximize
the value of unlabeled spectral data in real-world deployment
scenarios.
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Figure A1l. Adjusted confusion matrices for each of the four classification models, aggregating counts for all non-feldspar aerosol categories
into a single “Other” class. Each panel (Models 1-4) displays the distribution of true (y axis) vs. predicted (x axis) labels for Na-feldspar, K-
feldspar, feldspar cSA, feldspar cSOA, and the aggregated non-feldspar group. Darker cells correspond to higher counts, indicating stronger
agreement between ground-truth and predicted classes. The results demonstrate consistent diagonal dominance across models, reflecting
robust classification performance and limited cross-class confusion, with minor overlap primarily between Na- and K-feldspar subclasses.
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Figure A2. Distribution of sum-of-squares errors (SSE) across aerosol classes from the autoencoder reconstruction analysis. Each box
represents the interquartile range (IQR) of reconstruction errors for particles within a given class, with whiskers denoting the 5th-95th
percentiles. Classes with higher median SSE values — such as feldspar cSA, feldspar cSOA, and cellulose — indicate more complex or
compositionally heterogeneous spectra that challenge accurate reconstruction. In contrast, classes such as K-feldspar, bacteria, and mineral
dust analogs (e.g., ATD, German, Ethiopian) exhibit low reconstruction variability, reflecting well-defined and chemically stable spectral

signatures.

Table Al. Negative-ion mass spectral peak reference guide summarizing the principal m/z values, corresponding ion identities, and their
common chemical sources or associations. The table provides a reference framework for interpreting single-particle mass spectra, linking
characteristic negative ions (e.g., O, OH, CN, SiO,) to their underlying chemical compositions and probable aerosol origins.

m/z lon Chemical Identity Common Source/Association

1 H™ Hydrogen Common in most organic compounds
15 NH/CH3 Amide/methyl Nitrogen-containing compounds

16 (O Oxygen Oxides, oxygenated compounds

17 OH™ Hydroxyl Water, alcohols, carboxylic acids

19 F~/H30™ Fluoride/hydronium Fluoride-containing minerals, water
24 C2_ Carbon dimer Elemental carbon, soot

25 CoH™ Ethynyl Aromatic hydrocarbons

26 CN/CoH, Cyanide/acetylene Nitrogen-containing organics, biomass
32 o5 Oxygen molecule Oxygenated compounds

35 35c1- Chlorine Sea salt, pollution

42 CNO™/CH,O™ Cyanate/acetaldehyde Nitrogen organics, biological material
43 HCN™/AIO™ Hydrogen cyanide/aluminate Biological material, mineral dust

45 COOH™ Carboxyl Organic acids

46 NO, Nitrite Secondary nitrate, biomass burning
50 C4H, Diacetylene Aromatic compounds

57 C,OO0H™ Carboxylate Organic acids

59 C,H,O0H™ /AlO, Acetate/aluminate Organic acids, mineral dust

60 Si0, /C4 /CO5 /AIOH™ Silicon dioxide/carbon pentamer  Mineral dust, organic material

61 SiOH™/?Si0; /CsH™/CHO;  Silicate/silicon isotope Mineral dust

63 PO, Phosphite Biological material, phosphate minerals
71 C3H,OOH™ Propionate Organic acids

73 C,0O3H™ /C3H,OOH™ Oxalate/propionate Organic acids

76 Si05 Silicon trioxide Silicate minerals

77 SiO3H™/ 29$i03_ Hydrated silicate/silicon isotope ~ Processed silicate minerals

79 PO5 Phosphate Biological material, fertilizers

83 HSO, Bisulfate Sulfate aerosol, acid processing

Atmos. Meas. Tech., 19, 2575-2599, 2026
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Figure A3. Recalculated confusion matrix for Model 4 after aggregating all feldspar subclasses (Na-feldspar, K-feldspar, feldspar cSA,
and feldspar cSOA) into a single composite “Feldspar” category. Each cell represents the normalized proportion of predictions for a given
true-predicted class pair, with diagonal elements indicating correct classifications. The strong diagonal dominance (values > 0.85 for most
classes) demonstrates high overall classification accuracy and confirms that grouping feldspar subclasses enhances model interpretability
while preserving discrimination among non-feldspar aerosol types. Minor off-diagonal elements reflect limited cross-class overlap primarily
among mineral dust analogs.
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Figure A4. Histogram of model predictions on the unlabeled aerosol mass spectra dataset. Each bar represents the percentage of spectra
assigned to a given class by one of four trained models: Model 1 (blue), Model 2 (orange), Model 3 (green), and Model 4 (red). The figure
illustrates consistency in class distribution across models, with dominant predictions observed for mineral and organic aerosol types (e.g.,
Na- and K-feldspar, feldspar cSOA, and SOA). Minor variations in relative abundance reflect model-specific weighting of spectral features
and latent representations, confirming overall robustness and reproducibility of the classification framework across independently trained
architectures.
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Table A2. Performance metrics for supervised and semi-supervised SPMS (Single-Particle Mass Spectrometry) classification models, includ-
ing Support Vector Machine (SVM), Self-training SVM, Stacked Autoencoder, and Mean Teacher architectures. Reported values correspond
to precision (P), recall (R), and F1-score (F1), with sample support (Supp) denoting the number of spectra per class. Bolded F1-scores indi-
cate the highest performance achieved for each aerosol type. Results show consistently high accuracy across mineral, organic, and biological
particle classes, with Mean Teacher and Stacked Autoencoder models generally outperforming baseline SVMs, particularly for complex or

coated mineral types (e.g., feldspar cSA and cSOA).

Class SVM ‘ Self-training SVM ‘ Stacked Autoenc. ‘ Mean Teacher Supp
P R FI | P R FI | P R FI | P R F1
Argentinian 0.814 0.830 0.822 | 0.796 0.820 0.808 | 0.888 0.870 0.879 | 0.896 0.860 0.878 100
Chinese 0.827 0.887 0.856 | 0.811 0.887 0.847 | 0.819 0.887 0.851 | 0.784 0.897 0.837 97
Ethiopian 0927 0911 0919 | 0927 0911 0919 | 0.897 0.929 0912 | 0.897 0.929 0912 56
German 0908 0.823 0.863 | 0907 0.812 0.857 | 0.867 0.885 0.876 | 0.891 0.854 0.872 96
Moroccan 0913 0933 0923 | 0911 0911 0911 | 0953 0911 0932 | 0976 0911 0.943 45
Paulinenaue 0.851 0.869 0.860 | 0.843 0.869 0.856 | 0.854 0.828 0.841 | 0.854 0.889 0.871 99
ATD 0941 0.950 0946 | 0.941 0.950 0946 | 0.960 0.941 0950 | 0.939 0.921 0.930 101
Ilite 1.000 0961 0.980 | 1.000 0.961 0.980 | 1.000 0.961 0.980 | 0.980 0.961 0.970 51
Fly ash 0970 0.992 0981 | 0.968 0.992 0980 | 0.975 0.990 0982 | 0.982 0.990 0.986 396
Na Feldspar 0.769 0.735 0.752 | 0.758 0.691 0.723 | 0.774 0.706 0.738 | 0.689 0.750 0.718 68
K Feldspar 0.743 0.769 0.756 | 0.755 0.776 0.765 | 0.783 0.837 0.809 | 0.738 0.803 0.769 147
Agar 1.000  1.000 1.000 | 1.000 1.000 1.000 | 0.958 0.958 0.958 | 1.000 1.000 1.000 24
Bacteria 1.000 1.000 1.000 | 1.000 1.000 1.000 | 0.980 1.000 0.990 | 0.980 1.000 0.990 97
Cellulose 0969 0.969 0969 | 0.949 0.959 0954 | 0.969 0.959 0964 | 0.979 0.979 0.979 97
Hazelnut 1.000  1.000 1.000 | 1.000 1.000 1.000 | 1.000 1.000 1.000 | 0.947 1.000 0.973 18
Snomax 1.000  1.000 1.000 | 1.000 1.000 1.000 | 1.000 0.960 0.980 | 1.000 0.960 0.980 50
Feldspar cSA 0.846 0.827 0.836 | 0.853 0.835 0.844 | 0915 0.849 0.881 | 0.950 0.813 0.876 139
Feldspar cSOA  0.885 0.831 0.857 | 0.886 0.838 0.861 | 0.871 0.865 0.868 | 0.876 0.811 0.842 148
Soot 0929 0.929 0929 | 0929 0.929 0.929 | 0933 1.000 0.966 | 0.933 1.000 0.966 14
SOA 1.000  1.000 1.000 | 1.000 0.960 0.980 | 0.960 0.960 0.960 | 0.962 1.000 0.980 25

Note: P = Precision, R =Recall, F1 = Fl-score, Supp = Support (sample counts). Values are rounded to three significant figures. Best F1-score per class is highlighted in

bold.

Table A3. Model performance stability across different train—test split ratios (10 %, 20 %, and 25 %). Reported metrics include overall
accuracy, macro F1, and weighted F1. Results show less than 1 % variation across configurations, confirming that the adopted 90/10 split
provides robust and class-balanced evaluation. Larger test fractions resulted in minor reductions in accuracy and increased sampling variance

for minority aerosol classes (e.g., soot, agar, and hazelnut pollen).

Test Split ~ Overall Accuracy (%) Macro F1 =~ Weighted F1 ~ Comments

10 % 91.1 89.5 90.2 Adopted split; best minority class coverage

20 % 90.7 89.0 89.9 Slight reduction: some rare classes underrepresented
25 % 90.5 88.7 89.6 Larger sampling variance for rare classes

Atmos. Meas. Tech., 19, 2575-2599, 2026
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Figure AS. Pseudo-labeled spectra admitted at threshold = 0.95 during the self-training SVM (Model 2). 7488 unlabeled spectra (51 % of
the unlabeled pool) were admitted as pseudo-labeled samples after meeting the 0.95 confidence threshold over 16 iterations.
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Figure A6. Additional Na- and K-feldspar spectra illustrating characteristic misclassifications across independent model seeds and architec-
tures. Each spectrum is normalized with influential ions (—16, —60, —25, and —76 m/z) annotated.
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Figure A7. Supplemental coated-feldspar (cSA, cSOA) and non-feldspar misclassification examples complementing. A slight difference
between compositional features responsible for improved precision in coated feldspar identification is observed, while the final panel shows
spectral overlap causing occasional non-feldspar — K-feldspar errors. For example, the missing 60 m /z peak.
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Table A4. Top ten ions, ranked by their average rank across the
four classification frameworks. Feature importance for each model
was determined using permutation importance, via the drop in
the macro-averaged F1 score when a single m/z feature’s values
are randomly permuted. The reported importance values are the av-
erage of 10 independent repeats.

Average m/z Modell Model2 Model3 Model 4
rank peak

1.0 26 0.275 0.277 0.172 0.147
2.0 25 0.139 0.137 0.085 0.048
4.0 79 0.066 0.067 0.055 0.046
5.0 76 0.077 0.073 0.045 0.023
55 43 0.057 0.056 0.047 0.044
7.7 24 0.046 0.044 0.050 0.021
8.5 60 0.074 0.074 0.021 0.016
10.5 1 0.034 0.029 0.027 0.016
11.3 16 0.057 0.049 0.021 0.013
11.5 77 0.046 0.046 0.019 0.016

Data availability. The negative labeled aerosol data set used to
train the classifiers in this paper is available at Harvard Dataverse
at https://doi.org/10.7910/DVN/J1FZYU (Christopoulos, 2018).
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