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9 Abstract. Particulate nitrate is a dominant component of winter haze in East Asian megacities, yet its real-world
10 formation mechanisms remain incompletely understood. We integrate high time-resolution aerosol composition
11 measurements, explainable machine learning (ML), and conventional analyses to disentangle key drivers of
12 wintertime nitrate production. While NO: availability is the primary control, our results reveal critical but
13 underrepresented processes: (1) persistence of nitrate formation during late-morning relative humidity (RH) decline,
14 sustained by metastable semi-liquid particles with retained liquid water that facilitate continuous gas-to-particle
15  partitioning of photochemically produced HNOs, and (2) temperature threshold effects, where subfreezing conditions
16 suppress further nitrate formation primarily due to thermodynamic precursor saturation, compounded by potential
17 diffusion limitations in highly viscous or solid phases. Contrary to common assumptions, boundary layer height
18 contributes minimally to peak nitrate events. These findings demonstrate the need for air quality models to incorporate
19 RH trends, aerosol phase transitions, and temperature-dependent reactivity to accurately predict nitrate episodes. The
20 mechanistic framework presented here is transferable to other urban environments affected by secondary inorganic

21 aerosols and offers new leverage points for mitigation strategies.

22 1 Introduction

23 Severe wintertime haze remains a persistent public health and environmental challenge in the Seoul Metropolitan Area
24 and across other East Asian megacities (An et al., 2019; Feng et al., 2022; Lee et al., 2019). During such events,
25 particulate nitrate often becomes the dominant component of PMi, substantially contributing to reduced visibility and
26 adverse health outcomes (Jeon et al., 2024; Li et al., 2018). This trend has continued despite national efforts to reduce
27 precursor emissions—for example, South Korea achieved 38% and 15% reductions in NOx and NHs emissions,
28 respectively, between 2017 and 2021 (Jeon et al., 2024; Kim et al., 2022c; Li et al., 2018; Pan et al., 2016). The
29  persistence of elevated nitrate levels under these conditions indicates that current mitigation strategies, which
30 primarily focus on emission reductions, may be insufficient without a deeper mechanistic understanding of nitrate

31 formation under wintertime atmospheric conditions.

32 Atmospheric nitrate forms through multiple pathways, including gas-phase oxidation of NO: to HNOs, nighttime

33 hydrolysis of N2Os on aerosol surfaces, and aqueous-phase reactions facilitated by aerosol liquid water (Liu et al.,
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34 2020). The efficiency of these pathways depends strongly on meteorological conditions, aerosol composition, and
35 precursor availability (Kim et al., 2018, 2022¢; Kwon et al., 2025; Zhou et al., 2022). For instance, high RH and low
36  temperatures, typical of East Asian winters, are known to promote HNOs partitioning and enhance heterogeneous
37 uptake of N20Os (Fan et al., 2022; Wang et al., 2018). These principles have guided updates in chemical transport
38 models (CTMs), which now increasingly incorporate aerosol liquid water and heterogeneous chemistry (Travis et al.,

39 2022).

40 However, nitrate formation is not governed by meteorological parameters in isolation, but by complex, nonlinear
41 interactions between humidity, temperature, and aerosol phase state (Liu et al., 2020). Aerosol hygroscopicity and
42 phase transitions modulate diffusion rates, reaction kinetics, and uptake efficiencies, yet remain poorly constrained in
43 many current modeling frameworks (Zhai et al., 2023). For example, high RH conditions can induce particle
44 deliquescence, promoting aqueous reactivity, while RH decline does not necessarily halt chemical processing due to
45 phase hysteresis (Sun et al., 2018). Likewise, although cooler temperatures generally favor nitrate partitioning
46 thermodynamically, subfreezing conditions may suppress reactivity by inducing high viscosity or glassy aerosol states
47 (Meng et al., 2024). These interactions are challenging to resolve using conventional correlation-based approaches
48 alone, leading to persistent discrepancies between modeled and observed nitrate concentrations (Xu et al., 2024; Zhai

49  etal,2023).

50 Recent efforts have applied explainable ML to better quantify the influence of environmental variables on nitrate
51 formation (Chen et al., 2024; Hou et al., 2022; Hu et al., 2024; Xu et al., 2024). While ML approaches have
52 successfully captured nonlinearities, many rely on statistical associations without deeper integration with mechanistic
53 interpretation or in situ observational constraints (Chen et al., 2024; Hou et al., 2022). At the same time, nitrate
54 formation is highly sensitive to evolving emissions and PM composition. For instance, the nitrate fraction of PM has
55 increased substantially in both South Korea and northern China in recent years (Kim et al., 2022b; Wang et al., 2022,
56 2024), altering aerosol acidity, phase behavior, and chemical reactivity (Wang et al., 2022). These changes highlight
57 the need for region- and season-specific studies that combine high-resolution observations with interpretable analysis

58 tools.

59 In this study, we investigate the atmospheric drivers of particulate nitrate formation in wintertime Seoul by combining
60 high time-resolution aerosol composition measurements with explainable ML and conventional diagnostic tools. This
61 integrated approach enables the evaluation of nonlinear relationships among precursor concentrations, meteorological
62 variables, and aerosol physical state. By applying this framework to a winter haze episode in a densely polluted urban
63 environment, we aim to improve understanding of the conditions that govern nitrate formation under real-world
64 stagnation scenarios. The results provide insights that can inform model development and support effective mitigation

65 strategies for wintertime nitrate pollution in East Asian megacities.
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66 2 Methods

67 2.1 Measurement

68 Measurements of non-refractory submicron aerosols (NR-PM;) were carried out using an HR-ToF-AMS (Aerodyne
69 Research Inc., USA) from January 17 to February 16, 2018, in Seoul, Korea. This period was selected since significant
70 haze (defined as a period with daily average PM: > 40 pg m3, specifically from February 8 to 9, which captured the
71 highest concentration and a complete formation-to-dissipation cycle, unlike the shorter or incomplete episodes
72 observed on January 17 and 20) occurred during the measurement and is comparable with the measurement at the
73 same site from the previous winter (January Ist and February 10th of 2017) (Kim et al., 2022c). This is the same
74 measurement site of the summer study, thus detailed description of the measurement was in our previous study (Hu et

75 al., 2024).

76 Briefly, the sampling site, situated on the fifth floor of a building at the KIST campus (37.60° N, 127.05° E) at
77 approximately 60 meters above sea level, lies about 400 meters from a major highway and is surrounded by residential
78 and commercial zones, making it subject to significant anthropogenic influences. While the KIST site lacks substantial
79 industrial or wood-burning sources, industrial facilities located around 35 km west and southwest of Seoul contribute
80 to the region's emissions (Kim et al., 2021). Detailed AMS measurement protocols are available in previous studies
81 while here the 6-minute interval measured nitrate data under V mode (for quantification of major PM components)

82 was used (Hu et al., 2024).

83 2.2 Explainable Machine Learning Model

84 We applied XGBoost, a fast, regularized ensemble model with native Shapley additive explanations (SHAP) support
85 for atmospheric aerosol interpretation (Lundberg et al., 2020; Ogunleye and Wang, 2020). The model input and output
86 data for the winter are listed in Table S1. Briefly, for predicting nitrate formation, the NO and O3 from AirKorea were
87 utilized to represent the concentration of nitrate precursor and titration agent, respectively. The temporal variables
88 including “hour of the day (HoD)” and “day of the week (DoW)” were also used to represent patterns in human
89 activities. For the variables related to photochemical and heterogeneous formation, meteorological features include
90 RH, temperature, solar radiation wind speed, wind direction, and solar radiation were taken from a nearby
91 meteorological monitoring site (37.60° N, 127.0° E) within the Korea Meteorological Administration (KMA) network.
92 Additional BLH data was downloaded from ERAS reanalysis dataset (Hersbach et al., 2020). Previous validation
93 against radiosonde observations in South Korea has shown that ERAS reliably captures boundary layer variability
94 (Allabakash and Lim, 2020). We conducted back-trajectory and cluster analysis using Hybrid Single-Particle
95 Lagrangian Trajectory (HYSPLIT) v5.0.0. Time interval of the back-trajectory analysis was four days (96 h), and the
96 latitude coordinates were analyzed based on the measurement site, and the half of the mixing height was automatically
97 calculated by the HY SPLIT model (Kim et al., 2018). In addition, a cluster analysis was conducted using the trajectory
98 cluster function in HYSPLIT, and five clusters were identified according to pattern similarity (Fig. S6). The cluster

99 number (1 to 5) from the back-trajectory analysis was used to reflect potential long-range transport effect.
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100 The detail of model training and validation process are shown in Text S1. In order to integrate the seasonal variance,
101 we also trained a unified (combining summer and winter data) model, which used the same process with the winter
102 and unified models. The unified model used the same set of input as the winter nitrate model shown in Table S1,
103 except for back-trajectory cluster due to low transport effect for nitrate in the winter and summer seasons. Finally, a
104 separate NO, model was run in the same method to understand the source of precursor of nitrate. The input list of NO»

105 model was shown in Table S2.

106 2.3 SHAP Method for Explainable ML

107 Following model training, the SHAP approach was utilized to interpret the models and provide insights into individual
108 predictions, following our prior research (Hu et al., 2024). SHAP is a widely recognized tool for explaining the outputs
109 of ML models, assigns a SHAP values to input factors, revealing their contributions to the model's predictions
110 (Lundberg et al., 2020). Computations were conducted using the Tree Explainer function in the SHAP package
111 (version 0.42) (Lundberg et al., 2020). The output of the SHAP method is presented as a linear regression model, as
112 shown in Equation (1).

M
113 HORFIOEEIS (1)
i=1

114  where f(x) is the XGBoost predictive model; g(x) is the output from the explanation model from the SHAP method,
115 and @, is the expected or base value over the dataset while ®; is the SHAP value of the ith factor, both of which are

116  generated by the SHAP explanation model.

117 In the context of our models, positive ®; values raise predictions above the base value @, whereas negative ®; values
118 reduce the prediction below the @, . The same interpretation applies to the non-absolute mean of SHAP values
119 (SHAPmean) for each input variable. In the context of atmospheric pollution, the variables were associated with their
120 effect on the pollutant concentration of the chemical components. For the sake of reliable and reproducible results, the
121 SHAP values were computed ten times using 10-fold CV models and subsequently averaged. Additionally, the SHAP
122 values were calculated over the entire sampling period to facilitate a comprehensive assessment of the environmental

123 association on the formation of different PM components.
124 The SHAPRc value quantifies the relative contribution of an individual input factor, which is calculated using Equation
125 ()

126 SHAPy: = SHAR @)
RC ™ SHAP ¢

127 where SHAPg( is the relative contribution of an input variable; SHAP; is the sum of absolute SHAP values for an input

128 factor; and SHAP,, is the sum of absolute SHAP values for all input variables.



https://doi.org/10.5194/egusphere-2026-1510
Preprint. Discussion started: 6 May 2026 EG U
sphere

(© Author(s) 2026. CC BY 4.0 License.

129 2.4 Thermodynamic Modeling
130 To estimate Aerosol Liquid Water Content (ALWC) and evaluate thermodynamic equilibrium, the ISORROPIA-IT

131 model was utilized (Fountoukis and Nenes, 2007). Because high time-resolution gas-phase measurements of NH3 and
132 HNO:3 were unavailable, the model was run in 'reverse mode' utilizing only the aerosol-phase inorganic species (NH4",

133 NOs", SO427, CI") measured by the HR-ToF-AMS, along with ambient temperature and RH. We assumed a metastable

134 aerosol phase state. Prior evaluations indicate that both stable and metastable assumptions can yield reasonable ALWC
135 estimations (Jia et al., 2018; Song et al., 2018). However, stable-mode calculations using the unmodified standard
136 release of ISORROPIA-II have known limitations in certain conditions. Considering these limitations, the metastable
137 configuration is commonly adopted in recent studies as more physically representative of ambient aerosols, and was

138 therefore utilized in this study (Tao et al., 2025).

139 We acknowledge that reverse-mode thermodynamic calculations are highly sensitive to measurement noise and carry
140 inherent uncertainties in absolute ALWC prediction compared to forward-mode calculations (Guo et al., 2015).
141 Therefore, the ISORROPIA-IT ALWC output is utilized here strictly as a theoretical thermodynamic equilibrium

142 baseline to qualitatively assess composition-driven water uptake trends, rather than absolute quantitative mass closure.

143 Minor inorganic and crustal ions (K*, Ca?*, Mg?*) were not included in the model inputs because they are refractory
144 species not measured by the HR-ToF-AMS. Omitting these species is a standard approximation for winter haze
145 thermodynamic modeling. Previous measurements in this region show that during severe haze, these trace cations
146 account for a very small fraction of the fine particle mass compared to secondary inorganic aerosols (Shin et al., 2016).
147 Because ALWC is dominated by the bulk mass of sulfate, nitrate, and ammonium, the absence of these trace ions

148 should have a negligible effect on the overall ALWC estimation.

149 3 Results and discussion

150 3.1 Overall characteristic of PM; for 2018 winter

151 During the winter of 2018, the measured PM: concentrations showed a considerable range from 2.8 to 78.3 ug m=3,
152 with an average of 20.5 pg m (Fig. S1) lower than the previous winter (average PM; 32.6 pg m) (Kim et al., 2022c¢).
153 For PM; composition, organic components (45.0%) accounted for the majority of the total PM, followed by nitrate
154 (24.7%), sulfate (11.6%), ammonium (11.4%), BC (6.8%), and chloride (0.6%). The molar ratios of total inorganic
155 anions to cations for PM; [= (SO4*/48 + NO57/62 + C17/35.5)/ (NH4/18)] were close to 1 (Fig. S2), indicating that
156 most of the nitrate and sulfate were balanced as ammonium salts such as NH4NO3, (NH4)2SO4, and NH4Cl (Kim et al.,
157  2022a).

158 During the measurement period, several haze events were observed, most notably from February 7th to 11th,
159  when the average PM: concentration rose to 38.8 pg m™ as highlighted in Fig. S1. During the haze, the concentration
160 of all compounds increased markedly, nitrate concentrations rose by a factor of 2.69, outpacing the increases observed

161 for organic (1.89 times), sulfate (1.63 times), ammonium (2.32 times), and chloride (2.63 times) (Fig. S3). Furthermore,
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162 a significant decrease was observed in the fraction of organic (non-haze: 46.4%; haze: 41.9%) and sulfate (non-haze:

163 11.3%; haze: 8.8%), coinciding with an increase in the fraction of nitrate (non-haze 23.4%; haze: 30.0%).

164 These observations suggest that nitrate is critical to wintertime PM; formation at this site, and the following sections

165 will focus on exploring the formation mechanisms and influential factors of nitrate in winter.

166 3.2 Reevaluating Major Influences on Nitrate Formation

167 Wintertime nitrate formation is typically driven by photochemical oxidation of NOx during daytime, following fresh
168 emissions from traffic and other combustion sources. In our observations, this diurnal pattern was evident under both
169 overall and haze conditions (Fig. 1a,b), with daytime increases in the nitrate oxidation ratio (NOR) coinciding with
170 higher solar radiation. However, during haze periods, stagnant meteorological conditions facilitated marked
171 enhancements in both NOR and nitrate concentrations at the same time of day, indicating that the accumulation of

172 precursors and reduced dispersion substantially amplify nitrate production.

173 These results demonstrate that wintertime nitrate formation is jointly controlled by precursor abundance and
174 meteorological conditions. Our integrated analysis quantitatively resolved the relative contributions of these factors,
175 revealing that NO: is the dominant driver, explaining 31.6% of the observed variability in nitrate concentrations. RH
176 (15.9%), solar radiation (14.9%), and temperature (11.6%) were also significant contributors. While precursor
177 availability sets the upper bound for potential formation, meteorological conditions strongly regulate the actual

178 production rate, especially when precursor levels are already high.

179 Building on these rankings, we find that NO2 shows a largely linear relationship with nitrate formation (Fig. 2b),
180 whereas meteorological variables—particularly RH—display distinct nonlinear responses (Fig. 2c-e). This
181 nonlinearity likely reflects the complex interplay between meteorology and atmospheric physicochemical processes.
182 Together, these results illustrate that wintertime nitrate production is the outcome of both direct precursor input and
183 secondary modulation by varying meteorological conditions. The following sections examine these precursor and

184 meteorological influences in greater detail, disentangling their individual effects and combined impacts.
185 3.2.1 Precursor Influence on Nitrate Formation

186 NOa, the primary precursor of nitrate, was identified as the most significant contributor, accounting for 31.6% of
187 nitrate formation during winter (Fig. 2a). Strong positive correlation was observed between NO»-nitrate (overall
188 R=0.64; haze period; R=0.56) and NOR-nitrate (overall R=0.73; haze-period R=0.80) during winter (shown in Fig.
189 S5), and the diurnal pattern of nitrate closely followed that of NO: emissions (Fig. 1). As shown in Fig. 1, nitrate
190 concentrations began to rise during the morning rush hour, accompanied by increasing NO: and NOR (an indicator of
191 nitrate formation activity) levels (Hu et al., 2024). After sunrise, NO: concentrations remained relatively high, while
192 nitrate concentrations continued to increase with decreasing RH and intensifying solar radiation until around 10 AM,
193 which is consistent with the process of gaseous oxidation of NO: (Jeon et al., 2024). The observed association between
194 NO: and nitrate, supported by strong correlations and consistent diurnal patterns, confirms NO- as a key precursor and

195 highlights its central role in wintertime nitrate formation. In addition, the contribution of NO2 to nitrate is still relevant
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196 but lower in summer (Fig. 5a), and its reduced influence during summer is primarily attributed to its lower ambient
197 levels (averaged at 22.5 £ 8.9 ppb in summer and 32.2 + 18.0 in winter), which result from the absence of wintertime
198 heating emissions and enhanced atmospheric dispersion conditions, such as expanded boundary layer (van der A et

199 al., 2006; Harkey et al., 2015).

200 Since there were no major emission events or holidays during the study period, the NO, emission likely remained
201 relatively consistent aside from diurnal fluctuations and weekday-weekend pattern driven by human activity. Moreover,
202 NO: exhibited relatively stable concentrations (32.2 + 18.0 ppb), while nitrate showed substantial variability (5.19 +
203 5.21 pg m™), suggesting that atmospheric processes also control to nitrate fluctuations alongside precursor availability.
204 Therefore, the observed enhancements in nitrate concentration are more plausibly attributed to atmospheric processing

205 rather than sudden emission spikes.

206 To identify the key drivers of ambient NO: concentrations, we applied a ML approach to NO» (Table S2). The analysis
207 revealed that BLH was the dominant factor, accounting for over 53% of the variability in NO: concentrations (Fig.
208 S11). This indicates that stagnant atmospheric conditions characterized by a shallow BLH promoted the accumulation

209 of NOs, thereby increasing the availability of precursors for nitrate formation.

210 3.2.2 Effect of RH-Driven Aerosol Phase Changes on Nitrate Formation

211 The positive correlation between relative humidity (RH) and particulate nitrate is well established, primarily due to
212 the enhancement of heterogeneous and aqueous-phase pathways such as N2Os hydrolysis under high-RH conditions
213 (Liu et al., 2020). Our observational analysis supports this trend, revealing elevated nitrate concentrations during
214 periods of high RH (Fig. S5). However, deviations from this static RH-nitrate relationship suggest that other

215 environmental factors and dynamic RH behaviors may also modulate nitrate levels.

216 To isolate the specific contribution of RH, we applied a ML approach (Fig. 2b). The model revealed a minimal impact
217 of RH on nitrate formation under low-RH conditions, but a marked increase in RH’s influence at higher humidity
218 levels—exceeding 50% contribution during certain periods (Fig. S16). This sharply nonlinear relationship, which is
219 not captured in traditional correlation analyses, indicates that RH does not uniformly influence nitrate concentrations

220 at a given value. Instead, its effects appear modulated by interactions with aerosol phase state and temporal RH trends.

221 To further investigate this, we examined whether dynamic RH changes—specifically, periods of increasing versus
222 decreasing RH—modulate nitrate formation via aerosol phase transitions (details in Text S2). As shown in Fig. S13,
223 RH typically increases from nighttime through early morning and decreases from late morning to afternoon, following
224 a diurnal cycle consistent with Fig. S4c. During periods of increasing RH, nitrate particles undergo water uptake,
225 particularly when RH exceeds ~65%, consistent with the deliquescence point of ammonium nitrate (Tao et al., 2018).
226 This phase transition from solid to liquid leads to a rapid increase in aerosol liquid water content (ALWC) and surface
227 area, enhancing aqueous-phase reactions such as N2Os hydrolysis (Sun et al., 2018). Under these conditions, the ML
228 analysis showed an increasing contribution of RH to nitrate formation, reflecting the favorable environment for

229 heterogeneous processes.



https://doi.org/10.5194/egusphere-2026-1510
Preprint. Discussion started: 6 May 2026 EG U
sphere

(© Author(s) 2026. CC BY 4.0 License.

230 Conversely, a distinct and counterintuitive phenomenon occurs during periods of decreasing RH—typically from 7—8
231 AM onward. Despite the declining ambient moisture, particulate nitrate concentrations continue to rise rapidly,
232 peaking around 10 AM (Fig. S4). Previously, sustained morning nitrate peaks under drying conditions have sometimes
233 been misattributed to continued heterogeneous chemistry. However, post-sunrise N2Os and the NOs radical are highly
234 photolabile and are rapidly titrated by fresh morning NO emissions and sunlight; thus, daytime N2Os hydrolysis cannot
235 physically drive this mid-morning peak.

236 Instead, the sustained nitrate production during this RH decline coincides with the onset of daytime photochemistry
237 coupled with aerosol phase hysteresis. After sunrise, increasing concentrations of OH radicals rapidly oxidize
238 accumulating rush-hour NO: into gas-phase nitric acid (HNOs). Under strict equilibrium thermodynamics, the
239 concurrent drop in daytime RH would induce immediate particle efflorescence (crystallization), expelling liquid water
240 and shutting down the aqueous volume required for this freshly formed HNOs to partition into the aerosol phase.
241 However, our ML and observational analysis strongly suggest that internally mixed urban aerosols persist in a
242 metastable, semi-liquid state well below their theoretical mutual deliquescence RH due to phase hysteresis (Davis et
243 al., 2015; Tang and Munkelwitz, 1993, p.199). In this metastable state, the retained ALWC serves as a highly
244 concentrated, high-ionic-strength absorptive reservoir. This allows the newly generated, photochemically produced
245 HNO:s(g) to continuously partition into the particle phase, bridging the gap between gas-phase production and aerosol-
246  phase accumulation, and driving the 10 AM peak despite drying conditions.

247 To evaluate this from a thermodynamic perspective, ALWC was estimated using the ISORROPIA-II equilibrium
248 model (methodological details in section 2.4). As shown in Figure 4a, the predicted inorganic aerosol liquid water
249 content (ALWC) increases nonlinearly with RH. The diurnal cycle of ALWC largely follows RH, but with additional
250 modulation by particulate NOs~ (Fig. 4b). Crucially, when applying this equilibrium reference to our observation
251 periods, the thermodynamic model predicts much higher ALWC during the decreasing RH period compared to the
252 increasing RH period at the same RH level (indicated by scatter size in Fig. 3a). Because ISORROPIA-II calculates
253 ALWC based on instantaneous particle composition rather than RH history, these elevated values reflect the increased
254 hygroscopicity of the newly formed nitrate-rich aerosols. This creates a thermodynamic positive feedback loop: the
255 initial photochemical nitrate formation lowers the mutual deliquescence relative humidity (MDRH) of the aerosol
256 mixture. Therefore, as ambient RH drops throughout the morning, this composition-driven shift in equilibrium allows
257 the particles to thermodynamically retain water. Operating in tandem with potential phase hysteresis, this sustained
258 aqueous volume allows continuous HNOs partitioning, preventing immediate crystallization and driving the 10 AM

259 peak.

260 Aerosol size distribution microphysics derived from the HR-ToF-AMS further substantiate this morphological
261 transition (Fig. 3). During RH-decreasing periods, the peak vacuum aerodynamic diameter (Dv,) of nitrate-containing
262 particles shifted from ~350 nm to ~300 nm. Because the AMS measures Dy,, which is highly sensitive to particle
263 morphology and density, this reduction should not be interpreted merely as physical compaction of the dry mass.
264 Rather, it provides strong observational evidence of partial efflorescence. As spherical liquid droplets begin to

265 dehydrate and form semi-solid or crystalline inclusions, their dynamic shape factor (y) increases (i.e., they become
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266 more irregular). An increased shape factor results in higher aerodynamic drag within the AMS aerodynamic lens,
267 causing the particle to be measured at a smaller Dy, even if the absolute dry mass is actively increasing (Decarlo et al.,

268 2004; Canagaratna et al., 2007).

269 The continued accumulation of nitrate mass across size bins during this period (Fig. S3b) demonstrates that even as
270  this morphological shift occurs, the particles retain sufficient ALWC in a metastable state to facilitate continuous
271 HNOs gas-to-particle partitioning. Note that while explainable ML robustly quantifies the relative variance driven by
272 environmental proxies, absolute chemical mass closure of daytime photochemical versus nighttime heterogeneous

273 pathways requires explicit kinetic box modeling, which is beyond the scope of this observation-ML framework.

274 In contrast to nitrate, sulfate did not show a significant response to dynamic RH changes (Fig. S17b). This is likely
275 due to the higher deliquescence point of sulfate-containing particles (~80%) compared to ammonium nitrate (Sun et
276 al., 2018). The average RH during the campaign was 47.7 £ 16.3%, and 48.9 + 14.5% during 7-10 AM—sufficient
277 for nitrate deliquescence but typically below the threshold for sulfate. Consequently, RH-driven phase transitions
278 played a lesser role in modulating sulfate chemistry, as evidenced by the lack of differential RH contributions between

279 increasing and decreasing RH periods (Fig. S17c¢).

280 Seasonal differences further support this interpretation. The RH-driven enhancement of nitrate formation observed in
281 winter was absent during summer (Fig. 5b), potentially due to a compositional shift toward higher sulfate content in
282 PM. (Fig. S15). As the relative abundance of nitrate decreases and sulfate dominates, overall particle hygroscopicity
283 changes, and the deliquescence point shifts upward. This alters the phase behavior of mixed particles, reducing the

284 effectiveness of RH-driven nitrate formation pathways in summer.

285 No substantial interactions were found between RH and other meteorological variables such as temperature, solar
286  radiation, or boundary layer height (BLH) (Fig. S12), indicating that the nonlinearity in RH's effect is largely intrinsic
287 to RH itself. While prior studies have attributed morning nitrate peaks partly to boundary layer dynamics (Kim et al.,

288 2018), our analysis suggests their contribution is secondary and will be further discussed in Section 3.3.

289 Together, these results provide, for the first time, field-based evidence that RH impacts on nitrate formation are
290 dynamic and modulated by aerosol phase transitions, not merely RH magnitude. While laboratory studies have long
291 indicated the critical role of phase state in nitrate chemistry, our findings extend this understanding to ambient
292 conditions, demonstrating that both the direction of RH change and particle composition critically govern nitrate

293 formation pathways.

294 3.2.3 Solar Radiation and Temperature Influences

295 Solar radiation shows a clear positive correlation with nitrate concentrations and contributes significantly to its
296 formation (Fig. 2d), consistent with its role in driving photochemical processes. This effect is further amplified by its
297 interaction with NO, as solar radiation initiates photochemical oxidation while NO: supplies the essential precursor
298 for nitrate formation. Thus, photochemical nitrate production is not determined by sunlight intensity alone but also

299 depends on the availability of reactive nitrogen species.
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300 Temperature exhibits a more complex relationship with nitrate formation. While a general positive correlation is
301 observed in our data (Fig. 2e), its influence is nonlinear and strongly modulated by aerosol phase state. Under typical
302 atmospheric conditions, lower temperatures promote the partitioning of nitric acid (HNO3) into the particle phase,
303 favoring particulate nitrate formation. This thermodynamic effect is well-documented in previous studies, including
304 our summer campaign, where cooler conditions were associated with enhanced gas-to-particle partitioning (Hu et al.,

305 2024).

306 Our wintertime results are consistent with this general understanding but extend it by revealing additional constraints
307 under very low temperatures. Specifically, when ambient temperatures fall below 0 °C, the contribution of temperature
308 to nitrate formation levels off. This plateau is primarily indicative of thermodynamic precursor saturation. At
309 subfreezing temperatures, thermodynamic equilibrium shifts so heavily toward the particle phase that nearly all
310 available gas-phase precursors (HNOs and NHs) have likely already partitioned; once the gas-phase reservoir is
311 depleted, further temperature decreases cannot yield more particulate nitrate. Secondarily, this plateau may also be
312 compounded by kinetic phase-state limitations: at subfreezing temperatures, aerosols can transition into highly viscous
313 semi-solid or glassy states, which restrict bulk diffusion and suppress heterogeneous reactivity (Meng et al., 2024;

314 Shiraiwa et al., 2011).

315 Seasonal comparisons reinforce this interpretation. In winter, generally lower temperatures facilitate nitrate formation
316 via gas-particle partitioning, in line with prior observations (Fig. 5¢) (Hu et al., 2024). In contrast, elevated summer
317 temperatures shift the equilibrium toward the gas phase, resulting in lower particulate nitrate levels (Sun et al., 2022).
318 Therefore, while low temperatures generally enhance nitrate formation through thermodynamic favorability,
319 extremely low temperatures introduce phase-related limitations that partially counteract this effect. These findings
320 clarify why a positive temperature—nitrate relationship is observed overall, despite the apparent suppression of

321 reactivity under very cold conditions.
322 3.3 Weak Contributions of Boundary Mixing and Regional Inflow

323 3.3.1 Limited Downmixing Effect on Morning Nitrate

324 We already mentioned a distinct morning enhancement in nitrate concentrations around 10 AM (Fig. 1), and related it
325 to the particle phase dynamic induced by RH. Another commonly cited explanation for such morning peaks,
326 particularly in urban areas like Seoul, is the downward mixing of nitrate-rich air from the nocturnal residual layer
327 following sunrise (Kim et al., 2022c; Sun et al., 2025). However, our results suggest that this mechanism plays a
328 relatively limited role. Specifically, BLH was found to contribute only 5.57% to nitrate variability (Fig. 2), and the
329 correlation between BLH and nitrate contribution was overall negative. The highest nitrate contributions associated
330 with BLH occurred when the mixing height was below 200 m (Fig. 2f), a condition that typically corresponds to
331 stagnant conditions before sunrise, rather than during the BLH expansion period after 8 AM, when downward mixing
332 would be expected to peak (Fig. S4f). However, we note that the BLH parameters utilized in our ML model are derived
333 from ERAS reanalysis data (~30 km spatial resolution). While highly robust for regional trends, coarse reanalysis

334 grids may not fully capture high-frequency micrometeorological entrainment during nocturnal inversion breakups in
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335 complex urban topography. Therefore, while our data strongly points to local surface chemistry as the dominant driver
336 within these spatial constraints, high-resolution vertical profiling (e.g., Ceilometer or LiDAR) is required to

337 definitively uncouple local production from residual layer downmixing.

338 These findings align with recent vertical profiling studies in Seoul, which reported relatively low nitrate concentrations
339 in the nocturnal residual layer, likely due to limited NOx availability during nighttime hours (Kwon et al., 2025). In
340 such cases, mixing between atmospheric layers after sunrise would not substantially elevate ground-level nitrate
341 concentrations. This highlights that the commonly assumed mechanism of downward mixing contributing to the
342 morning nitrate peak is not universally applicable, especially when nitrate levels aloft are lower than those near the
343 surface. Therefore, as discussed in Section 3.2, elevated NO: concentrations and dynamic of RH are likely the primary

344 drivers of the morning nitrate peak, rather than extensive downmixing from the residual layer.

345 Instead, the observed morning nitrate peak is more plausibly explained by the phase hysteresis and thermodynamic
346 feedback loop described in Section 3.2.2. As RH begins to decline after sunrise (around 7-8 AM), particles resist
347 immediate crystallization, retaining sufficient aerosol liquid water due to the lowered deliquescence threshold of the
348 nitrate-rich mixture. This metastable aqueous volume allows the freshly generated, photochemically produced HNOs
349 to continuously partition into the particle phase. The nitrate peak around 10 AM, therefore, likely reflects this critical
350  transition window—where the retention of ALWC perfectly overlaps with the onset of daytime photochemical

351 precursor production, driving efficient gas-to-particle conversion.

352 3.3.2 Limited Contribution of Long-Range Transport

353 Long range transport has previously been identified as a major contributor to nitrate in Seoul during winter (Kim et
354 al., 2022c¢). In this study, backward trajectory analysis confirmed that all sampled air masses originated from northern
355 China, a region known for elevated wintertime nitrate levels (Fig. S6) (An et al., 2019). Despite this, model-based
356 assessments indicate that the contribution of long-range transport to local nitrate levels was relatively minor during
357 our observation period. Specifically, our primary model estimated a contribution of only 4.9% (Fig. 2a). Stagnant
358 atmospheric conditions such as low wind speeds (overall 1.72 £ 1.34 m s™'; haze 1.38 £ 1.12 m s™') compared to the
359 previous year with more transport contribution (overall 2.34 + 1.20 m s™'; haze 1.79 £ 0.06 m s™'), likely suppressed
360 effective long-range inflow while enhancing local accumulation (Cheong et al., 2024; Hou et al., 2022; Kim et al.,
361 2022c). These findings suggest that regional transport played a limited role in nitrate buildup during the study period.
362 Instead, local formation processes, likely driven by meteorological stagnation, precursor availability, and aerosol-

363 phase chemistry, were the dominant source of particulate nitrate observed in Seoul.

364 4 Conclusions

365 Our analysis provides new insights into the processes governing wintertime nitrate formation in urban environments.
366  Using high-resolution field observations combined with interpretable machine learning, we identify key atmospheric
367  conditions that influence nitrate accumulation in PM., with particular emphasis on the roles of RH variability, aerosol

368  phase state, and temperature-dependent chemistry.
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369 We find that elevated NO-, high RH, sufficient solar radiation, and temperatures above the freezing point contribute
370 to enhanced nitrate formation, consistent with established understanding. However, the results further reveal that the
371 temporal dynamics of RH—specifically, whether it is increasing or decreasing—play a critical role in modulating
372 aerosol phase transitions and subsequent heterogeneous reactivity. Periods of rising RH, particularly beyond the
373 deliquescence point of ammonium nitrate, favor aqueous-phase reactions such as N2Os hydrolysis. Importantly, even
374 during RH decline, particles often remain in a metastable semi-liquid state with elevated ionic strength, sustaining the
375 partitioning of secondary inorganic species. This explains persistent early morning nitrate production under conditions

376 traditionally considered less favorable.

377 Temperature also exerts a nuanced influence. While lower temperatures enhance gas-to-particle partitioning of nitric
378 acid, the effect plateaus under subfreezing conditions. This threshold is primarily driven by thermodynamic precursor
379 saturation, where available gas-phase precursors are nearly depleted, and is likely compounded by kinetic limitations

380 as aerosols transition into highly viscous or solid phases that constrain diffusion.

381 Additionally, our analysis reexamines the role of vertical mixing. Although the morning enhancement of nitrate has
382 been attributed to downward transport from a nitrate-rich residual layer, our findings indicate that this process
383 contributed minimally during the observation period. Boundary layer height explained only a small portion of nitrate
384  variability, and the timing of the observed peaks aligns more closely with surface-level chemical processes than with

385 vertical entrainment.

386 These findings highlight the importance of incorporating dynamic aerosol properties—such as RH trends, phase state
387 transitions, and thermodynamic constraints—into chemical transport models and forecasting frameworks. Static
388 parameterizations that overlook these effects may underestimate the conditions conducive to secondary nitrate
389 formation, particularly during wintertime stagnation events. Advancing model treatments of these processes will be

390 essential for improving the accuracy of nitrate predictions and supporting effective pollution mitigation strategies.

391 While this study focuses on Seoul during winter and summer, the mechanisms identified here—particularly those
392 related to phase-dependent chemistry—are likely relevant across a range of urban settings. Expanding observational
393 and modeling efforts across seasons and regions will help further evaluate their broader applicability and strengthen

394 air quality management efforts in polluted environments.
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583 Figure Captions

584 e Figure 1. Diurnal variation of nitrate and NO: along with nitrogen oxidation ratio (NOR), RH, and solar radiation

585 during the winter season. Nitrate peaked around 10:00 AM, 3 hours after NO: peaked at 07:00 AM.

586 o Figure 2. SHAP-based analysis of the relationship between major influencing factors of nitrate. (a) Overview of
587 the relative contributions of each environmental factor: colored bars illustrate the contribution of each variable,
588 while blue dots indicate the mean SHAP values. (b—f) Effects of the major influencing factors on nitrate. Colored
589 dots represent the SHAP value for individual measurement points, and the color indicates nitrate concentration;
590 Grey bars at the bottom indicate the distribution of each factor across its value range.

591 e Figure 3. Combined analysis on nitrate behavior during different RH trends. (a) The association with RH under
592 increasing and decreasing trends, with mean value trend lines fitted for each condition, where scatter size
593 represents ALWC simulated by ISORROPIA-II; (b) size-resolved composition of PMi, showing the size
594 distribution of nitrate during the overall, RH increasing, and decreasing periods.

595 e Figure 4. ISORROPIA-II predicted inorganic aerosol liquid water content (ALWC). (a) ALWC increases
596 nonlinearly with RH (points colored by hour). (b) Diurnal ALWC (green), RH (orange), and particulate NOs~ (blue),
597 showing ALWC mainly follows RH and is higher when NO;™ is elevated.

598 e Figure 5. Seasonal SHAP value analysis for nitrate, indicating how different environmental factors are associated
599 with nitrate concentrations. (a) The association with NO2; (b) the association with RH; (c) the association with
600 temperature. The color of the scatter represents the season; the main color bar in (c) represents the nitrate
601 concentration. The grey bar represents the distribution of the primary variable.
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Figure 1: Diurnal variation of nitrate and NO2 along with nitrogen oxidation ratio (NOR), RH, and solar
radiation during winter season. Nitrate peaked around 10 AM, 3 hours after NO2 peaked at 7 AM.
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Figure 2: SHAP-based analysis of the relationship between major influencing factors of nitrate. (a) Overview
of the relative contributions of each environmental factor: colored bars illustrate the contribution of each
variable, while blue dots indicate the mean SHAP values. (b—f) Effects of the major influencing factors on
nitrate. Colored dots represent the SHAP value for individual measurement points, and the color indicates
nitrate concentration; Grey bars at the bottom indicate the distribution of each factor across its value range.
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634 Figure 3: Combined analysis on nitrate behavior during different RH trends. (a) the association with RH
635 under increasing and decreasing trend, with mean value trend lines fitted for each condition, where scatter
636 size represents ALWC simulated by ISORROPIA-II; (b) size-resolved composition of PM1, showing the size

637 distribution of nitrate during the overall, RH increasing and decreasing period.
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644 Figure 4: ISORROPIA-II predicted inorganic aerosol liquid water content (ALWC). (a) ALWC increases
645 nonlinearly with RH (points colored by hour). (b) Diurnal ALWC (green), RH (orange), and particulate NOs"

646 (blue), showing ALWC mainly follows RH and is higher when NOs™ is elevated.
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649 Figure 5: Seasonal SHAP value analysis for nitrate, indicating how different environmental factors associated
650 with nitrate concentrations. (a) the association with NO2, (b) the association with RH, (c) the association with
651 temperature. The color of scatter represents season, main color bar in (c) represents the nitrate concentration.
652 The grey bar represents the distribution of the primary variable.



