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Abstract Organic aerosol (OA) and its constituent particulate organic nitrate (pON) are critical factors
affecting air quality and climate, yet their sources and transformation processes remain poorly understood.
Machine learning (ML) excels at identifying nonlinear relationships among features, and in this study,
interpretable ML is employed to identify the key factors governing OA and pON formation during an autumn
field campaign in Beijing. Results demonstrate that both aerosol liquid water content (ALWC) and aerosol
surface area are two primary factors governing the formation of OA and pON. Specifically, OA formation was
predominantly driven by ALWC that is associated with aqueous-phase processes or gas-liquid partitioning,
particularly during severe pollution episodes. pON formation was constrained by aerosol surface area,
indicating the vital contribution of gas-to-particle partitioning from low volatility vapors or interface processes
of precursors. Our results provide new insights into OA formation mechanisms.

Plain Language Summary Organic aerosol (OA) and particulate organic nitrate (pON) represent
significant components of atmospheric particulate matter. Current understanding of their formation mechanisms
remains inadequate, particularly regarding the contributions from different formation pathways. This
knowledge gap constitutes a significant source of uncertainty in numerical modeling and impedes accurate
assessment of their environmental and climate impacts. In this study, we propose an explainable machine
learning (ML) approach to quantitatively assess the effects and relative importance of different pathways on the
formation of OA and pON. Aerosol liquid water content (ALWC) and aerosol surface area (Sa) were identified
as the two most critical factors influencing the formation of OA and pON. They can be regarded as
representative variables for aqueous-phase and gas-phase processes, respectively. Notably, OA formation is
primarily controlled by ALWC, suggesting aqueous-phase processes likely dominate its production.
Conversely, pON formation is mainly regulated by Sa, indicating greater influence from gas-phase processes or
equilibrium partitioning of soluble organic vapors. Compared to numerical models, the ML-based approach
provides a flexible tool for rapidly assessing the relative importance of different physicochemical processes
without relying on explicit chemical mechanisms.

1. Introduction

Secondary organic aerosol (SOA) constitutes the dominant fraction of OA on a global scale (Jimenez et al., 2009).
However, incomplete understanding of its complex formation mechanisms introduces substantial uncertainties in
numerical model simulations, impeding accurate assessment of its global significance (Hallquist et al., 2009; R. J.
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Huang et al., 2025). The conventional paradigm holds that SOA formation primarily originates from gas-particle
partitioning (GPP) of less-volatile intermediates produced through gas-phase oxidation of volatile organic
compounds (VOCs) (Odum et al., 1996; Shiraiwa & Seinfeld, 2012), which has been widely regarded as the main
formation pathway of SOA on a global scale (Hallquist et al., 2009; Jimenez et al., 2009). Meanwhile, a growing
body of modeling and experimental evidence demonstrates that aqueous-phase chemical reactions in clouds and
wet aerosols also represent a significant pathway for SOA formation (Ervens et al., 2011; Lim et al., 2010). SOA
generated through these two distinct pathways is termed gasSOA (gas-phase-originated SOA) and aqSOA
(aqueous-phase-formed SOA), respectively (Ervens et al., 2011; Kuang et al., 2020). Clarifying the dominant
pathways of SOA formation across different regions is essential for understanding their associated environmental
and climatic impacts, as well as for developing targeted control strategies.

The oxidation of precursor VOCs generates intermediate products with varying volatility distributions, where
lower-volatility components exhibit a higher tendency to be distributed in the particulate phase (Donahue
et al.,, 2006; Odum et al., 1996). Traditionally, functionalization and oligomerization reactions have been
considered the dominant pathway for SOA formation (Denkenberger et al., 2007; Gao et al., 2004). Recent studies
suggest that intense production of SOA via GPP of low-volatility oxygenated organic molecules generated via
autoxidation pathways contributes to haze formation (Nie et al., 2022; Y. H. Wang et al., 2022; C. Yang
et al., 2023). These gas-phase reaction pathways are influenced by multiple environmental factors, such as
temperature (Odum et al., 1996), relative humidity (RH) (Jia & Xu, 2014; Sarrafzadeh et al., 2016), oxidant
concentrations (T. Z. Chen et al., 2023; McFiggans et al., 2019), NO, levels (Sarrafzadeh et al., 2016; L. Xu
et al., 2014), which collectively determine the characteristics of oxidation products. Interface properties also play
a crucial role in GPP processes. For instance, the partitioning may be limited by available aerosol surface area (Sa)
for condensation (McVay et al., 2014; Pankow & Bidleman, 1992). The viscosity, phase state, and surface po-
larity of aerosols affect SOA formation by modulating molecular diffusion and adsorption processes (DeRieux
et al., 2018; Song et al., 2016). The presence of inorganic sulfate and nitrate in aerosols significantly enhances
hygroscopicity, thereby increasing aerosol liquid water content (ALWC) and promoting aqueous-phase reactions
(Wu et al., 2018; Xie et al., 2020). Existing research in the North China Plain demonstrates that gasSOA dom-
inates when photochemical activity is high (Duan et al., 2020; Kuang et al., 2020; W. Q. Xu et al., 2017; Y. Zheng
et al., 2021). However, during haze events, elevated ALWC substantially enhances aqueous-phase processes
(W.Q.Xuetal.,2017; Y. Zheng et al., 2021), with agSOA potentially contributing over 50% of total SOA mass
concentrations under severe haze conditions (Sapkota et al., 2025).

Particulate organic nitrate (pON) is a significant contributor to the OA mass and serves as a temporary reservoir
for NO,, thereby influencing reactive nitrogen chemistry in the atmosphere (Lin et al., 2021; Ng et al., 2017; L. Xu
et al., 2015). The formation pathway of pON is complex and not yet fully understood. The prevailing view
suggests that GPP of gaseous ON is the dominant pathway, with them being generated through NO,-involved
photooxidation of VOCs during daytime and nocturnal NOj radical oxidation of VOCs (Ng et al., 2017). Some
studies suggest that aqueous-phase processes also play an important role (W. Huang et al., 2021; Zare
etal., 2018). Recent research also revealed that heterogeneous reactions between organic peroxides and nitrite are
a key source of pON (Y. Yang et al., 2025). Therefore, evaluating the formation mechanisms of pON can help us
better understand their role in the formation and evolution of particulate pollution.

Current field studies evaluate the relative contributions of gasSOA and aqSOA primarily through source
apportionment based on SOA composition (D. D. Huang et al., 2018), while it is difficult to identify the key
factors governing their formation pathways. Machine learning (ML) techniques have gained widespread appli-
cation in atmospheric chemistry research owing to their capacity to capture complex nonlinear relationships and
provide quantitative feature importance metrics (Hou et al., 2022). Most ML algorithms exhibit strong, excellent
predictive performance, yet they typically function as “black box” models, lacking intrinsic interpretability.
Currently, the Shapley Additive exPlanations (SHAP) method (Lundberg & Lee, 2017; Lundberg et al., 2020),
grounded in game theory, enables quantitative assessment of feature contributions, thereby facilitating inter-
pretable analysis of ML model results.

An autumn field campaign was employed to investigate SOA and pON formation. By applying an ML frame-
work, we aimed to identify and quantify key factors of their formation, providing mechanistic insights into
potential formation pathways.
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2. Materials and Methods
2.1. Field Campaign and Instruments

The field observation was performed at a typical urban site in Beijing from 1 October to 12 November 2021 on the
rooftop (8th floor) of Building 5 at the Research Center for Eco-Environmental Sciences, Chinese Academy of
Sciences (RCEES, CAS; 40.02°N, 116.35°E) situated in the Haidian District. This site is surrounded primarily by
office and residential buildings, with road traffic and domestic emissions serving as the dominant pollution
sources, making it representative of typical urban environments (Xuan et al., 2024; Zhang et al., 2024; X. Zhao
et al., 2025).

Non-refractory submicron aerosol components (NR-PM;: OA, nitrate, sulfate, ammonium, chloride) were
measured in real time by a high-resolution time-of-flight aerosol mass spectrometer (HR-ToF-AMS), with
detailed measurement and calibration information described in a previously published paper (T. Z. Chen
et al., 2020; Zhang et al., 2024). The concentration and mixing state of black carbon (BC) were measured in real
time by a single particle soot photometer (SP2, Droplet Measurement Technologies, Boulder, CO). The aerosol
surface area concentration (Sa) was derived from the particle size distribution measured by two scanning mobility
particle sizers (DMA 3081A with CPC 3775 and DMA 3085 with CPC 3776, TSI). Gaseous species were
measured as follows: nitrogen oxides (NO,) by Thermo 42i-TL, sulfur dioxide (SO,) by Thermo 43i, carbon
monoxide (CO) by Thermo 48i, ozone (O3) by Thermo 49i, ammonia (NH;) by Aerodyne QC-TILDAS, and
formaldehyde (HCHO) by Picarro G2307. Signals of Nitric acid (HNO;) and nitryl chloride (CINO,) were
measured by a chemical ionization time-of-flight mass spectrometer coupled with an iodide chemical ionization
source (ToF-CIMS, Aerodyne Research, Inc. USA). The calibration of HNO; was performed through HNO;
permeation tubes (Valco Instrument Company Inc. Metronics) with a permeation rate of 44 ng min™" at 30°C, and
the normalized signal of CINO, was used in the analysis.

Gaseous nitrous acid (HONO) was measured in real time by a water-based long-path absorption photometer
(WLPAP, Beijing Zhicheng Technology Co.). Meteorological parameters (temperature T, relative humidity RH,
wind speed WS, and wind direction WD) were simultaneously observed by a meteorological station (Vaisala).
Ultraviolet radiation (UV, 290-400 nm) data were collected by a CUV3 broadband UV radiometer from Kipp &
Zonen (Netherlands).

2.2. Aerosol Liquid Water Content (ALWC) and Acidity

The estimated ALWC arises from the combined contribution of water associated with both inorganic (W;) and
organic components (W ). Here, W, was derived from the ISORROPIA-II thermodynamic equilibrium model in
forward mode, where W, was calculated based on the xk-Kohler theory (Lambe et al., 2011). The ALWC in this
study has been previously reported (Zhang et al., 2024). Besides, aerosol pH was calculated by considering H,; *
and the total ALWC (Guo et al., 2015). Detailed calculation procedures and technical specifics have been
described in the previous report (W. Huang et al., 2021).

2.3. Estimation of Particulate Organic Nitrate

Particulate organic nitrate (pPON) concentrations were quantified using the NO,*/NO™ fragment ratio method
derived from the HR-ToF-AMS measurements. This approach exploits the distinct NO,*/NO™ fragmentation
patterns between organic and inorganic nitrates (Day et al., 2022; Farmer et al., 2010; Fry et al., 2013; L. Xu et al.,
2015), a well-validated methodology widely applied in field observations of pON. Specifically, inorganic nitrate
exhibits a characteristic NO,*/NO™ ratio (R ) of approximately 0.4, while the ratio for pON (Rqy) varies be-
tween 0.08 and 0.2 (Boyd et al., 2015), depending on the specific pPON composition. The selection of NO,*/NO™*
ratios for pON quantification introduces uncertainties due to: (a) compositional dependence of the fragmentation
pattern and (b) potential inter-instrument variability. During our field campaign, the Ry was set to 0.1, which also
represents the lowest value observed in this study (Zhang et al., 2024). The selection of the Ry value introduces
the main uncertainty in pON calculations. However, it is noteworthy that the influence of the Ry value on pON
concentrations is linear, which has no significant impact on the results of ML models.
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2.4. Description of Machine Learning Methods

To identify the optimal ML model for this study, we evaluated the performance of several commonly used al-
gorithms including Linear Regression (LR), Light Gradient Boosting Machine (LightGBM), eXtreme Gradient
Boosting (XGBoost), and Random Forest (RF) in predicting OA and pON. The models were trained on hourly
data (N = 843), with the data set randomly partitioned into 70% for training and 30% for independent tests (Text
S1 in Supporting Information S1). We found that employing stratified sampling for data set splitting yields more
stably distributed independent validation sets compared to the default simple random sampling method (Figure S2
in Supporting Information S1). Model training incorporated 5-fold cross-validation and learning curve-based
hyperparameter optimization. The models' final performance was assessed using the coefficient of determina-
tion (R?), mean absolute error, and root mean square error (RMSE) on the independent validation set (Text S1.3 in
Supporting Information S1). The choice of random seeds during data set splitting also significantly affects model
performance (Figure S3 in Supporting Information S1). To mitigate this effect, we averaged the results obtained
from 50 different random seeds (Figure S6 in Supporting Information S1). The results demonstrate that
LightGBM, XGBoost, and RF performed comparably well (R* ~ 0.95 and RMSE = 1.4 ug m™> for OA, R* ~ 0.86
and RMSE ~ 0.31 pg m™ for pON) and significantly outperformed LR (R = 0.92 and RMSE = 1.8 pg m™> for
OA, R*> = 0.67 and RMSE = 0.47 pg m~> for pON). We ultimately selected RF for subsequent computations in
this study.

Model interpretability was achieved through SHAP, a game theory-based approach (see Supporting Informa-
tion S1 for details). It should be noted that when applying SHAP analysis, interdependencies among features may
lead to additive contributions, potentially affecting quantitative interpretations of individual feature importance.
Furthermore, different random seeds also lead to variations in feature importance rankings (Figures S4 and S5 in
Supporting Information S1). We determined the random seeds for the prediction models of OA and pON based on
the average results of feature importance rankings across 50 random seeds.

3. Results
3.1. Overview of Autumn Field Observation

Figure 1 presents the temporal variations of NR-PM; composition, gaseous precursors, and meteorological pa-
rameters during the field campaign. We categorized the data into three intervals based on PM, concentrations,
representing the clean period (PM, < 5 pg m™>, N = 434 hr), medium aerosol loading period (5 pg m™ < PM,
< 30 pg m™>, N = 374 hr), and high aerosol loading period (PM, > 30 pg m™, N = 268 hr). NR-PM, was
predominantly composed of organic aerosol (OA) and nitrate, with nitrate emerging as the major secondary
inorganic component. Throughout the observation period, OA concentrations ranged from 0.6 to 24.8 pg m™
(mean: 6.6 pg m™>), accounting for 22%-90% of NR-PM, (mean: 50%). OA exhibited higher fractional con-
tributions during clean periods, while nitrate became dominant during more polluted episodes (Figure S8 in
Supporting Information S1). Nitrate concentrations averaged 7.1 pg m~3, representing 24% of NR-PM; on
average (peaking at 54%). pON displayed concentration trends consistent with pollution levels, averaging
0.8 pg m™> (maximum: 5.1 pg m™>) and contributing 10%-42% to OA mass, with proportionally higher con-
tributions during medium aerosol loading.

Two precipitation events occurred during the observation period (Figure 1): (a) a 9-hr rainfall starting at 16:00 on
3 October and (b) a 20-hr snowfall beginning at 11:00 on 6 November. Before the rainfall, gradual accumulation
of pollution precursors increased particulate matter concentrations, which in turn diminished solar radiation, and
elevated ALWC (53.7 + 49.0 pg m™>, peaking at 219.4 pg m™>)—conditions conducive to aqueous-phase re-
actions. In contrast, pre-snowfall conditions exhibited sustained RH > 50% for approximately 4 days, with
ALWC reaching significantly higher levels (maximum: 583 pg m™) compared to the pre-rainfall period. Notably,
lower O, (=NO, + O5) concentrations before snowfall created more favorable conditions for photochemical
reactions than those preceding rainfall.

3.2. Factors Controlling SOA Formation

The SHAP method was employed to evaluate the RF model outputs, quantifying the contribution of individual
variables to ambient OA and pON formation during the field campaign illustrated in Figures 2 and 3, respectively.
The mean absolute SHAP value across all samples represents a variable's global-scale importance or contribution
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Figure 1. Time series of pollutant concentrations during this field observation: (a) temperature (T) and relative humidity,
(b) wind speed/direction (WS/WD) and solar radiation (UV), (c) NR-PM, composition and concentration, (d) particulate
organic nitrates (pON) and pON/Organic aerosol (OA) ratio, (e) aerosol liquid water content and acidity (pH), (f) black
carbon concentration and shell-core diameter ratio (Dp/Dc), (g) ammonia (NH;) and gaseous nitric acid concentrations
(HNO3), and (h) positive matrix factorization-resolved OA components. The gray shading represents the nighttime period
from 18:00 to 06:00 the following day. The rain lasted for 9 hr, while the snow persisted for 20 hr.

to OA formation throughout the study period. The direction of this contribution (positive or negative influence) is
determined by the SHAP value's sign (Figures 2b and 3b). A positive correlation between SHAP values and
feature values (variable magnitudes) indicates a positive contribution, whereas a negative correlation reflects an
inhibitory effect. For instance, the positive SHAP values of ALWC consistently corresponded to higher ALWC
values, demonstrating that elevated aerosol liquid water promotes OA formation.

ALWC, aerosol surface area (Sa), CO, NH;, and HNO; are the five most influential factors governing OA
concentration, which are mechanistically linked to aqueous-phase reaction (ALWC), available surfaces for gas-
phase precursors or oxidation product condensation (Sa), primary emission (CO), and aerosol acidity (NH; and
HNOj3), respectively. All these five factors demonstrate a monotonically increasing promotion effect on OA
concentration enhancement (Figures 2c—2f and Figure S10 in Supporting Information S1). Notably, ALWC was
identified as the most important factor (~25%), highlighting the crucial role of aqueous-phase processes or gas-
liquid partitioning in SOA formation. ALWC increases significantly as aerosol loading increases, especially
under high aerosol loading, where ALWC can even exceed the PM; concentration. The partial dependence
analysis (Figure 2¢) demonstrates a monotonic increase in SHAP values of about 4.5 pg m~> (from —2.0 t0 2.5) as
ALWC rises from less than 1 pg m™ to more than 100 pg m™ during the observation period, suggesting its
contribution to agSOA formation. Given that the observed OA concentration increases from 2.5 to 16.9 pg m™>,
this ALWC increase potentially accounts for approximately 31% of the observed OA enhancement. The abrupt
change in SHAP values with increasing ALWC likely reflects a phase state transition in aerosols, where enhanced
aqueous conditions promote SOA formation through accelerated aqueous-phase chemistry and improved mass
transfer of precursor gases into the particle phase (Ervens et al., 2011). The ALWC levels in Beijing consistently
exceed those observed in other major cities worldwide (Nguyen et al., 2016; Rogers et al., 2025), attributable
primarily to higher concentrations of hygroscopic secondary inorganic aerosols coupled with elevated RH during
pollution episodes (Duan et al., 2024; Xie et al., 2020).

LIU ET AL.

Sof 11

85U8017 SUOWIWOD 3A 81D 3ot jdde aup Aq peusenob afe sejole YO ‘@SN Jo Sa|nJ o} A%eiqiT8UlUO A8]IM UO (SUOPUOD-PUR-SUBYLI0D A8 |IM" Afe.d ]Bu JUO//SdnY) SUORIPUOD PUe swis | 8y} 89S *[9202/T0/80] Uo ArIqI18ulUO A81IM ‘PUSEH J0 Aisenun Aq Gy.6TT 195202/620T 0T/I0p/wod" A3 1M Ariqieuljuo'sgndnBie//sdny wouy papeojumoq ‘vz ‘S0z ‘20081v6T



. Y d N |
MMI
ADVANCING EARTH
AND SPACE SCIENCES

Geophysical Research Letters

10.1029/2025GL119745

—@w>—— oo || Nich

o o

o=

o_-,,q#t‘??'*'*?*‘f‘*‘r*ltfg

(a) (b)
T T T T T T
00 05 10 15 -2 2
|SHAP value| SHAP value

Feature value

low

SHAP value (ug-m~3)

SHAP value (ug-m~3)

39 (o)
21 T
1] oawgm) o £
R 2
1 5101520 ©
0 § =
: @ g
o
<
» OA (ug-m~3)
5 10 15 20
I_1 IO I1 I2 T T T T T
10" 10 10 10 0 200 400
ALWC (ug'm‘3) Sa (me'Cm_3)
2_
o oa 1.2
] (e) . Eo ge |
Ei 8.50| —~ 0.8
8 o1 d
14 E c
o 0.4
J o =2 |
8 S 0.0+
0 o S J
o
o wl
| i E % 0.4
OA (ug-m~3 i
_1_!53 g (ug'm~>) » 8-
5 10 15 20 T o 5101520
4 -1.2 4
L T L T T T * T T 1T 17T 771777
0.4 0.8 1.2 0 10 20 30 40 50
CO (ug-m~3) NH3 (ppb)

Figure 2. (a) Interpreting feature importance rankings from random forest models with organic aerosol (OA) as the dependent variable using Shapley Additive
exPlanations analysis. (b) Beeswarm plots of individual feature contributions. (c—f) Dependence plot for the top 4 features.
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To quantitatively assess the contribution of agSOA to total OA and concurrently validate the reliability of the ML
approach, positive matrix factorization (PMF) analysis was conducted, as detailed in our previous publication
based on the same field campaign (Zhang et al., 2024). The PMF resolved OA into three primary OA (POA)
factors (hydrocarbon-like OA [HOA], cooking OA [COA], and biomass burning OA [BBOA]) and two SOA
factors (aqueous-phase oxidized OA [aq-OOA, herein termed aqSOA] and oxygenated OA [OOA]) (Zhang
et al., 2024). SOA contributed 51% of total OA mass concentrations on average, falling between previously
reported summer and winter values (Duan et al., 2020; Li et al., 2023; Sun et al., 2016; W. Q. Xu et al., 2019; J.
Zhao et al., 2019). The concentration of OA was predominantly governed by SOA formation under both clean
(PM, < 5 pg m™>) and high aerosol loading (PM, > 30 pg m™>) conditions, contributing 57% and 60% of total
OA, respectively. In both cases, SOA was mainly driven by OOA and aq-OOA, respectively (Figure S8 in
Supporting Information S1), highlighting their dominance in photochemical and aqueous-phase chemical path-
ways. The mean fractional contribution of ag-OOA to total SOA was 29%, which is comparable to previously
reported ratios for urban Beijing (Li et al., 2023; Ma et al., 2022; Sun et al., 2016; W. Q. Xu et al., 2019; J. Zhao
et al., 2019) and closely aligns with ML-based estimates (31%). Notably, we observed a rapid increase in the aq-
OOA/SOA ratio from ~4% to 70% as NR-PM, concentrations rose from <5 to >30 pg m™>, signaling a regime
shift from photochemical to aqueous-phase dominated SOA formation during pollution buildup.

These findings are consistent with the ML results identifying ALWC as the most critical factor influencing OA
formation, providing mutually reinforcing evidence from both source apportionment model and data-driven
approaches. The methodological convergence between PMF and ML interpretations strengthens confidence in
aqueous-phase processes being the key driver of particulate pollution formation during high-pollution episodes.

The second most important feature is the aerosol surface area (Sa), which represents the reactive interface for
heterogeneous and aqueous phase processes and directly governs mass transfer efficiency. Increased Sa enhances
GPP of reaction intermediates, facilitating the condensation of semi-volatile and intermediate-volatility organic
compounds (S/IVOCs). When particle diameter increased from 67 to 135 nm, the corresponding Sa rose from
about 100 to 400 pm? cm™ based on the particle average number concentration (7 X 10 cm™) during the
observation period, resulting in a 3.5 pg m— enhancement of the OA concentration (Figure 2d). Furthermore,
elevated ALWC concurrently increases the effective surface area, thereby promoting aqueous-phase reactions.
Ranking as the third most significant factor, CO serves as a tracer for VOCs emitted from fossil fuel combustion
in urban areas, which also represent the primary precursor for SOA formation. The lower importance of CO
relative to ALWC and Sa implies that precursor VOCs may be sufficient in supply, while the atmospheric
conversion efficiency of VOCs emerges as the limiting factor in SOA formation.

NH; and HNOj; rank as the 4th and 5th most significant factors influencing OA concentrations, respectively. The
North China Plain is characterized by exceptionally high NH; emissions (Pan et al., 2018), creating a typical NH;-
rich environment. Under the NHy/NH,* buffering system, acidic gases (H,SO, and HNO;) are efficiently
neutralized to form ammonium sulfate and ammonium nitrate (G. Zheng et al., 2020). In this study, sulfate
concentrations averaged 1.9 ug m™, significantly lower than nitrate concentrations of 7.1 pg m™ even during
high-PM, 5 episodes. Ammonium nitrate exhibits deliquescence at lower RH compared to ammonium sulfate,
demonstrating that nitrate plays a more substantial role than sulfate in elevating ALWC, which in turn promotes
OA formation.

3.3. Factors Controlling pON Formation

The model results with pON as the dependent variable identified Sa as the most influential factor for pON for-
mation, showing a positive contribution. This is consistent with established knowledge that increased Sa provides
additional interfaces for condensation or heterogeneous reaction, enhancing the adsorption of gaseous precursors
and subsequent reactions. In this study, the greater importance of Sa relative to ALWC suggests that pON for-
mation was driven by heterogeneous processes, including GPP and interface reaction, in autumn Beijing.

Atmospheric ONs, existing in both gas and particle phases, primarily originate from interactions between VOCs
and atmospheric oxidants (Ng et al., 2017). The OH during daytime and NO; during nighttime are the dominant
oxidants for most VOC compounds; once the oxidants attack the double bond or the aromatic ring of VOCs,
autoxidation can be triggered (Bianchi et al., 2019; Kiendler-Scharr et al., 2016; Nah et al., 2016). However, the
high concentrations of NO in the boundary layer during the campaign terminate autoxidation and lead to the
formation of compounds containing multiple nitrogen atoms. Those gas-phase ONs of varying volatility may
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partition to the particle phase through GPP or multiphase oxidation processes, contributing significantly to pON
formation (Gkatzelis et al., 2021; Ng et al., 2017). Previous field studies have consistently observed synchronous
variations between pON and LO-OOA, suggesting that pON predominantly originates from photochemical
processes (L. Xu et al., 2015). The diurnal pattern of ON during the campaign showed a nighttime peak, indicating
the remarkable role of nitrate radical in ON formation (Ng et al., 2017). Extensive observational studies revealed
that the relative importance of photochemical versus aqueous-phase pathways in pON production is highly
sensitive to ambient environmental conditions (Bikkina et al., 2017; C. R. Chen et al., 2021; Y. L. Wang
et al., 2021; W. Q. Xu et al., 2017). Besides, laboratory studies indicated that the hydrolysis of pON is also a
critical factor affecting its concentration (Boyd et al., 2015; Day et al., 2022), a process which currently cannot be
captured by ML methods but warrants more attention in future research.

Nitryl chloride (CINO,) emerges as the third most influential factor following Sa and ALWC. It primarily un-
dergoes direct photolysis to generate highly reactive chlorine atoms that oxidize VOCs, accelerating RO, radical
formation and subsequent ON production (Le Breton et al., 2018). The results also show that BC is far more
important for pON than OA. This is possibly because OA formation in this study is primarily driven by aqueous-
phase processes, which predominantly occur during periods of high aerosol loading with elevated ALWC.
Furthermore, due to its hydrophobic nature, BC primarily participates in gas-particle processes by providing
active sites for the formation of pON, rather than engaging in aqueous-phase processes to promote OA formation.
NH; plays a substantial role beyond regulating aerosol inorganic composition and acid-base balance, potentially
participating directly in ON formation mechanisms.

4. Discussion and Summary

OA formation involves source emissions, gas-phase oxidation of VOCs, and heterogeneous processes. Field
observation alone may struggle to distinguish the relative importance of gas-phase oxidation and heterogeneous
processes. This study employed an interpretable ML approach to successfully identify the relative contributions of
ALWC and Sa that represent aqueous-phase processes and gas-phase transformation, respectively. The estimated
contribution of aqueous-phase SOA formation to total SOA production based on this method was approximately
30%, consistent with the results from PMF source apportionment, demonstrating that interpretable ML can serve as
an effective semi-quantitative tool. As an important component of OA, pON accounts for a higher proportion of OA
under low PM conditions (Figure S8 in Supporting Information S1). The results of ML indicate that gas-phase
oxidation processes contribute more significantly to pON than aqueous-phase processes, particularly under me-
dium aerosol loading (Figure S12b in Supporting Information S1). It is consistent with the actual observation that
high ALWC typically coincides with high aerosol loading. As ambient particulate matter pollution continues to
improve, the frequency of heavy pollution events will decrease, and the importance of pON is expected to increase.
Therefore, future research on pON precursors and formation mechanisms will be essential.

Rigorous validation is still required when applying this method to different regions or time periods. This is
because significant spatiotemporal variations in actual atmospheric conditions, such as VOCs species, oxidant
types, solar radiation, and RH, will lead to changes in SOA formation pathways. Therefore, it is necessary to
extend the application of interpretable ML to field observation across more regions, enabling it to evolve into an
efficient analytical tool with environmental universality for managing OA pollution (Pendergrass et al., 2025).
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