
Supplemental Information 

Phase-State and Humidity Trend Controls on Wintertime Nitrate 

Aerosol Formation 

Qihua Hu 1, Hwajin Kim 1,2 

1Department of Environmental Health Sciences, Graduate School of Public Health, Seoul National University, 1 

Gwanak-ro, Gwanak-gu, Seoul 08826, Republic of Korea 
2 Institute of Health and Environment, Seoul National University, 1 Gwanak, Gwanak-ro, Gwanak-gu, Seoul 08826, 

Republic of Korea 

Correspondence to: Hwajin Kim (khj0116@snu.ac.kr) 

 

This document contains information meant to supplement and support the information in the paper 

referenced above. 

 

 

 

 

 

 

 

 

 

 

 

 

mailto:khj0116@snu.ac.kr


S1. PM1 composition information measured by HR-ToF-AMS and meteorology 

data. 

 

Figure. S1. Overview of the PM1 composition time-series during Jan 17 to Feb 16, 2018. 

 

 

Figure. S2. Time series (a) and scatter plot (a) that compares the predicted NH4
+ and measured NH4

+ 

concentrations. 

 

 

Fig. S3. Winter PM1 composition information during different periods. (a) Bar chart showing PM1 

concentration for overall, non-haze, and haze periods, with stacked contributions from different components. 

(b) and (c) Pie chart depicting the composition of PM₁ during non-haze and haze periods, with the percentage 

contributions of each component.  



 

Figure. S4. Diurnal pattern of trace gas, meteorology, and PM1 components. 

 

 

 

Figure. S5. Correlation plot between environmental variables and nitrate during the measurement period. The 

red dots indicate the measurement during the haze period. 

 



 

Figure. S6. The five-cluster solution found with HYSPLIT. 

 

 

Figure. S7. The size-resolved composition of PM1, showing average mass fractional contributions and size 

distribution during the entire measurement period (a and d), RH increase period (b and e), and RH decrease 

period (c and f). Panel (g) illustrates the mass concentrations of nitrate across different particle size 

distributions. 



 

Figure. S8. Comparison of nitrate and major influencing factors during non-haze (green bar) and haze period 

(red bar). "Morning RH" refers to the RH from midnight to noon. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



S2. Information on model input and additional SHAP result. 

Text S1. Detail of the ML training and validation process. 

Initially, grid search optimization was employed to determine the optimal hyperparameters for each model type. This 

technique involves systematically training and evaluating the model across a grid of hyperparameter combinations to 

identify the best configuration based on a predefined performance metric. Hyperparameters, which are set before 

model training and cannot be learned directly from the data, play a crucial role in shaping the model's behavior and 

capacity, significantly impacting its performance. In this study, the optimization focused on key parameters for the 

nitrate model, resulting in an optimal set of 1,000 estimators (n_estimators), a learning rate of 0.05, and a maximum 

tree depth of 6. By fine-tuning these hyperparameters, including the implicit control of model complexity through tree 

depth and learning rate, we achieved a balance between predictive power and the prevention of overfitting. 

To ensure robust model evaluation, k-fold cross-validation (k=10) was applied, where the dataset was randomly split 

into ten equal parts. In each iteration, 90% of the data was used for training and 10% for validation, with all subsets 

serving as validation once. This approach minimized bias and improved generalization. The trained models achieved 

high accuracy (R² > 0.90), with performance details shown in Fig. S8. 

Table S1. Model input and output data for the nitrate models. 

Data source Input parameters Output (µg/m3) 

KMA 
temperature (°C), WS (m/s), WD (°), RH (%), 

solar strength (MJ/m2) 

NO3
- 

AirKorea O3 (ppb), NO2 (ppb) 

ERA5 BLH (m) 

HYSPLIT Cluster number 

Auxiliary HoD (h), DoW* 

*DoW: day of the week (Monday–Sunday) represented by numbers 1–7. 

 

 

 

 



Table S2. Model input and output data for the NO2 model 

Data source Input parameters Output (ppb) 

KMA 
temperature (°C), WS (m/s), WD (°), RH (%), 

solar strength (MJ/m2) 

NO2 ERA5 BLH (m) 

Auxiliary HoD (h), DoW* 

*DoW: day of the week (Monday–Sunday) represented by numbers 1–7. 

 

 

Figure. S9. Model prediction performance for (a) winter nitrate, (b) seasonal nitrate, and (c) NO2. The red 

line is the 1:1 line; the black line is the best fit line for model prediction and ground truth. The unit of 

MAE (mean average error) is ug/m3 for nitrate and ppb for NO2. 

 

 

 



 

Figure. S10. Overall SHAP value analysis for the whole (a) winter and (b) seasonal NO3 dataset (including 

non-haze and haze). The colored bars present the mean absolute SHAP values (SHAPRC) associated with 

each environmental factor, and the blue dots indicates the mean SHAP values. 

 

Figure. S11. Overall SHAP value analysis for NO2 during (a) non-haze, (b) haze. The colored bars present 

the mean absolute SHAP values (SHAPRC) associated with each environmental factor, and the blue dots 

indicates the mean SHAP values. 

 

Figure. S12. SHAP interaction between RH and other major contributors for 2018 winter nitrate: (a) RH 

vs Temp, (b) RH vs NO2, (c) RH vs solar radiation, and (d) RH vs boundary layer height. 



 

Text S2. Detail of the separation of increasing and decreasing RH period. 

To investigate the influence of RH dynamics on nitrate formation, we classified the time series into RH-increasing 

and RH-decreasing based on the slope of RH over time. This was achieved by applying a rolling linear regression to 

the RH time series using an 8-hour window. The sign of the resulting slope was used to determine the trend direction: 

positive slopes indicated increasing RH, negative slopes indicated decreasing RH, and a slope of zero was identified 

as stable RH.  

The selection of the 8-hour window was guided by the observed diurnal cycle of RH during the measurement period. 

As shown in Fig. S4c, RH typically decreased from early morning (~07:00 KST) to mid-afternoon (~15:00 KST), 

corresponding to a transition period of approximately 8 hours. This RH decline is closely associated with aerosol 

phase transitions such as efflorescence and water evaporation. An 8-hour window was thus chosen to encompass the 

full progression of this transition while avoiding excessive smoothing that could obscure meaningful trend patterns. 

 

Figure. S13. Dataset separated by increasing and decreasing RH trend. (a) time series, (b) distribution of 

increasing RH by hour of the day, and (c) distribution of decreasing RH by hour of the day. 

 

Figure. S14. SHAP value analysis for nitrate, indicating the effect of BLH. Non-haze period. The main color 

bar represents the nitrate concentration. The grey bar represents the distribution of the primary variable. The 

scatter point’s size represents value of a secondary variable in Fig. c-d and g-h. 

 



 

Figure. S15. Seasonal PM1 composition in winter season during (a) hydration and (b) dehydration; in summer 

season during (c) hydration and (d) dehydration. 

 

 

Figure. S16. Time series of SHAP values of model input variables for nitrate during 2018 winter. 

 

 



Figure. S17. SHAP interaction between RH and other major contributors for 2018 winter sulfate: (a) Overall 

SHAP value analysis, (b) effect of static RH, (c) effect of dynamic RH. 

 

S3. ALWC estimation with ISORROPIA-II model 

 

Text S3. Description of the ISORROPIA-II model 

ISORROPIA-II (Fountoukis and Nenes, 2007) is a commonly used thermodynamic equilibrium model and has been 

widely applied to estimate aerosol liquid water content (ALWC) (Bian et al., 2014). Here, aerosol-phase inorganic 

species (NH₄⁺, NO₃⁻, SO₄²⁻, Cl⁻) measured by the HR-ToF-AMS (PM₁) were used as inputs. 

Due to the absence of concurrent gas-phase measurements (e.g., NH₃), ISORROPIA-II was run in "reverse mode," 

which predicts the thermodynamic equilibrium state based solely on the aerosol-phase composition. While reverse 

mode is highly sensitive to input errors when calculating intensive properties like aerosol acidity (pH) due to 

unconstrained gas-particle partitioning, previous studies have demonstrated that it is highly robust for estimating 

ALWC, because ALWC is an extensive property primarily governed by ambient RH and the bulk mass of the major 

hygroscopic fine-mode salts (sulfate, nitrate, and ammonium) which are quantitatively captured by the AMS (Guo et 

al., 2015). 

Minor inorganic and crustal ions (K⁺, Ca²⁺, Mg²⁺) were not included in the model inputs because they are refractory 

species not measured by the HR-ToF-AMS. Omitting these species is a standard approximation for winter haze 

thermodynamic modeling. Previous measurements in this region show that during severe haze, these trace cations 

account for a very small fraction of the fine particle mass compared to secondary inorganic aerosols (Shin et al., 2016). 

Because ALWC is dominated by the bulk mass of sulfate, nitrate, and ammonium, the absence of these trace ions 

should have a negligible effect on the overall ALWC estimation. 

Finally, the model calculations were performed assuming a "metastable" aerosol phase state (aqueous phase only). 

Prior evaluations indicate that both stable and metastable assumptions can yield reasonable ALWC estimations (Jia et 

al., 2018; Song et al., 2018). However, stable-mode calculations using the unmodified standard release of 

ISORROPIA-II have known limitations in certain conditions. Considering these limitations, the metastable 

configuration is commonly adopted in recent studies as more physically representative of ambient aerosols, and was 

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