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Text S1 PMF analysis of organic aerosols 

To facilitate a comparative analysis of actual atmospheric conditions in 2021 and 

2022, organic aerosol (OA) data were combined and subjected to joint positive matrix 

factorization (PMF) source apportionment(PMF2021+2022). As shown in Figure S2, the 

4-factor solution by PMF yielded a mixed factor (Factor 4), characterized by prominent 

signals of both CH and CHO fragments, indicating a mixture of primary organic aerosol 

(POA) and secondary organic aerosol (SOA). In the 6-factor solution (Figure S2), one 

SOA factor was split into two, whose mass spectra and time series were highly similar. 

Moreover, the summed time series of these two factors closely matched that of the first 

factor in the 5-factor solution. Therefore, the five-factor solution (Figure S3) was 

selected for subsequent analysis. 

The mass spectrum of non-cooking OA (nCOA) exhibits prominent signals from 

hydrocarbon fragments (CnH2n+1
+, CnH2n-1

+), along with a distinct peak at m/z 115, 

which is likely associated with aromatic species. Additionally, strong biomass burning 

markers are observed at m/z 60 and 73, with f60=1.2%, f73=0.7% (f60 and f73 represent 

the fractional contributions of m/z 60 and 73 to total OA, respectively) (Figure S4). 

These characteristics indicate that nCOA is a mixture of biomass-burning organic 

aerosol (BBOA) (Cubison et al., 2011) and fossil fuel combustion organic aerosol 

(FFOA) (Sun et al., 2016). The COA mass spectrum displays a relatively high f55/f57 

ratio (2.4) and clear diurnal variation, with two distinct peaks during lunchtime and 

evening meal times, corresponding to cooking activities. Therefore, it is defined as a 

cooking-related factor. Similar to previous studies (Sun et al., 2013), the three SOA 

factors show strong signals at m/z 44 and m/z 43, and exhibited high correlations with 

secondary inorganic aerosols (SIA) (Figure S4) (Fröhlich et al., 2015). Specifically, 

oxidized primary OA (OPOA) showed a high oxygen-to-carbon ratio (O/C = 0.90), 

along with elevated f43 (7.9%) and f44 (18.2%), consistent with typical features of 

secondary aerosols. Its strong correlation with black carbon (BC) (R2=0.8-0.9) suggests 

that it likely represents a secondary factor formed through the oxidation of primary 

emissions. Oxidized OA (OOA1) exhibited a clear diurnal pattern, indicating a close 

association with photochemical aging processes. In contrast, OOA2 had a higher O/C 

ratio than OOA1 (0.92 vs. 0.69), but it did not shown obvious diurnal variation (Figure 
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S4), suggesting that it may represent more aged organic aerosols, likely influenced by 

regionally transported air masses.  

 

Text S2 Source Apportionment Using the ME-2 Model 

To ensure that the organic aerosol factors resolved from the 2022 dataset 

incorporating OFR aging were directly comparable with those obtained from the 

combined 2021 and 2022 bypass data, source apportionment was further conducted 

using the Multilinear Engine-2 (ME-2) algorithm. The ME-2 approach is based on PMF 

principles but allows for the introduction of known factor profiles as constraints, 

providing additional control over the rotational ambiguity inherent in the model 

(Paatero and Hopke, 2009).  

Specifically, the mass spectral profiles of the five OA factors (namely nCOA, COA, 

OPOA, OOA1, and OOA2) identified from the previous combined PMF analysis of the 

2021 and 2022 bypass data were used as prior information (constraints) for the ME-2 

analysis of the combined 2022 bypass and OFR dataset. The strength of these 

constraints was controlled using the a-value parameter, which defines the allowable 

range of variation for the constrained factor profiles from their initial spectra (Lanz et 

al., 2007). In this analysis, the a-value was set to vary from 0 to 1 at intervals of 0.1 

during the solution exploration. 

The solution obtained with an a-value of 0.3 was selected for this study. The factor 

profiles and their time series derived from this ME-2 analysis showed strong 

correlations and were nearly identical to those from the combined PMF analysis of the 

2021 and 2022 bypass data (Figure S6). All ME-2 calculations were performed using 

the Source Finder (SoFi) tool (Canonaco et al., 2013) based on the Igor Pro environment.  

 

Text S3 PMF2 analysis of volatile organic compounds and OA 

To evaluate the contribution of volatile organic compounds (VOCs) on particulate 

matter, particularly SOA, we combined the mass concentration matrices of particulate 

matter and OA factors (including OOA1, OOA2, OPOA, COA, and nCOA, as detailed 

in Text S1) with the VOC signals matrix, and all variables were then normalized to their 

respective maximum values to eliminate the influence of differing units from particles 

and VOCs. Then a second positive matrix factorization (PMF2) analysis was 

subsequently conducted. The error matrix was determined using the following equation: 
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Uij=൞  
                 

5

6
LODi                       if Ci,j≤ LODi           

ටui
2Ci,j

2 +LODi
2             if Ci,j≥LODi  

 

Here, C represents the number of species, LOD is the limit of detection, and u 

denotes the relative uncertainty of each variable (expressed as a percentage). ui,j 

represents the final uncertainty for species i in row j, which is determined by the LOD 

and u. More detailed descriptions, as well as specific parameters for particulate matter 

and OA factors, can be found in previous studies (Petit et al., 2014). For VOCs, ui,j was 

uniformly set to 15%, and the LOD was defined as three times the standard deviation 

of the background signal. 

Figure S7 presents the mass spectral profiles and relative source contributions for 

the PMF2 solution. The pink dots (right y-axis) quantify the relative contribution of each 

individual factor to the different chemical components on the x-axis, it should be noted 

that the information of VOCs is omitted in the spectrum. In the 7-factor solution, Factor 

7 contributed 58.1% and 37.8% to COA and nCOA, respectively, and it was also the 

main contributor to OOA1, accounting for as much as 87.7% of OOA1, much higher 

than the other factors, indicating that this factor contributes to both POA and SOA, may 

be a mixed factor. In the 8-factor solution, Factor 8 was the main contributor to OOA1 

(85.2%), similar to Factor 7 in the 7-factor solution, but its contribution to COA and 

nCOA decreased to 43.4% and 34.5%, respectively. This indicates that, compared with 

the 7-factor solution, the 8-factor result more clearly separated the POA-related and 

SOA-related factors. In the 9-factor solution, factor 9 exhibited characteristics similar 

to Factor 8 in the 8-factor result, with respective contributions of 39.0%, 33.1%, and 

82.1% to COA, nCOA, and OOA1, suggesting that increasing the number of factors 

did not significantly improve the separation between POA-related and SOA-related 

factors. Therefore, the 8-factor solution was selected as the optimal result (Figure S7). 

Factor 8, Factor 5, and Factor 4 were identified as the factors associated with OOA1, 

OOA2, and OPOA, respectively, each making the highest relative contribution to their 

corresponding SOA factors (85.2%, 60.0%, and 55.7%). It is worth noting, however, 

that some uncertainties remain in this solution. For example, Factor 8 still contributed 
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23.1% to OOA2, Factor 4 and 7 also contributed partially to OPOA (26.4% and 12.1%, 

respectively), reflecting incomplete separation of POA-related and SOA-related signals, 

thereby potentially affecting the accuracy of subsequent source apportionment. Factor 

7 makes certain contributions to POA (approximately 40%), it may be a mixed factor 

or related to some sources of POA. The contributions of Factor 1, Factor 2, Factor 3 

and Factor 6 to all OA components were extremely low, indicating that they were 

secondary or background factors. It has no strong correlation with the main primary and 

secondary OA sources. The temporal trends of the eight factors are shown in Figure S8. 

The results indicate that the time series of Factor 8, Factor 5, and Factor 4 are similar 

to those of OOA1, OOA2, and OPOA, respectively. As normalized concentrations were 

introduced into the model, their concentration ranges do not exceed 1.  

 

Text S4 Saturation Concentration Calculation and Volatility Classification 

The saturation concentration (C0) is a key thermodynamic parameter for assessing 

the volatility of organic compounds. Its calculation method can be found in the study 

by Li et al. (2016) Based on an elemental composition parameterization scheme, C0 can 

be estimated using the following equation: 

 log10C0=൫nC
0 -nC൯bC-nObO-2

nCnO

nC+nO
bCO-nNbN  

Here, nC, nO, and nN represent the number of carbon, oxygen, and nitrogen atoms, 

respectively. bC, bO, and bN denote the contributions of each atom to log10C0, while bCO 

accounts for the carbon-oxygen non-ideality coefficient. For CHO-VOCs, the 

parameters nC
0 , bC, bO, and bCO are set to 22.66, 0.4481, 1.656, and -0.7790, respectively. 

For CHON-VOCs, nC
0 , bC, bO, bCO, and bN are set to 24.13, 0.3667, 0.7732, -0.07790, 

and 1.114, respectively. Further details on these empirical coefficients and the 

calculation procedures can be found in Li et al. (2016).  

According to the method proposed by Donahue et al. (2006) , organic compounds 

can be classified based on their saturation concentration. Specifically, semi-volatile 

organic compounds (SVOCs) have a log10C0 range of -0.3 to 2.7 μg m−3, while 

intermediate-volatility organic compounds (IVOCs) and VOC fall within the ranges of 

2.7–6.7 μg m−3 and above 6.7 μg m−3, respectively. 
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Figure S1. The correlation between NR-PM (measured by the ACSM/AMS)+BC and 

PM2.5 from the Olympic Sports Center station for each year, with Slope and R2 values 

indicated. 
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Figure S2. High-resolution mass spectra (left panel) and time series (right panel) of the 

mass concentration of 4-factor and 6-factor solution resolved by PMF. The panel below 

shows the time series of the mass concentration of factor 1st for 5-factor solution and 

the sum of factor 1st and 2nd for 6-factor solution. 
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Figure S3. High-resolution (a) mass spectra of 5-factor solution resolved by PMF, and 

time series of the mass concentration in (b)2021 and (c)2022. 
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Figure S4. Correlations of five OA factors with external tracers in 2021 and 2022. Also shown are the diurnal variations of mass concentrations 

and fractions of non- refractory particulate matter (NR-PM) species and OA factors in 2021 and 2022.
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Figure S5. Temporal variations and mass spectra of five factors from bootstrapping 

analysis (100 iterations) for PMF. The error bar is the standard deviation. 
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Figure S6. Comparison of OA factors from two analyses. Time series from the ambient 

PMF2021+2022 (black) versus the constrained ME-2 analysis (a-value = 0.3) applied to 

the combined dataset of ambient and OFR-aged aerosols from 2022 (red lines). 
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Figure S7. Mass spectra of 8-factor, 7-factor and 9-factor solution determined by the 

PMF2 model. The bar plots (left y-axis) depict the mass spectral profiles of the eight 

resolved factors, note that the VOC mass spectra are not displayed in this figure. The 

pink dots (right y-axis) represent the relative contribution of each individual factor to 

the different chemical components on the x-axis, where the contributions of all eight 

factors to any given component sum to 100%. 
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Figure S8. Time series of the 8-factor solution resolved by the PMF2 model for 2021 

and 2022. 
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Figure S9. Temporal variations and mass spectra of eight factors from bootstrapping 

analysis (100 iterations) for PMF2. The error bar is the standard deviation. 
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Figure S10. Correlation between results predicted by the Random Forest (RF) algorithm 

and observations.

R
2
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Figure S11. Spatial distribution of tropospheric nitrogen dioxide vertical column 

densities (NO2 VCDs) change rates (%) over the North China Plain. Results are derived 

from POMINO-OMI satellite retrievals and represent three policy interventions 

(APEC2014, V-Day2015, WOG2022) and three Chinese New Year (CNY2019-2021). Blue hues 

indicate decreases in NO2 VCDs, while red hues represent increases. 

 

 

 

Figure S12. Average size distributions of sulfate, nitrate, and organics measured during 

emission variation and non-emission variation periods for regional coordinated 

emission reduction scenarios (APEC2014, V-Day2015, WOG2022), also shown are the 

percentage changes in their mass concentrations across different size ranges. 
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Figure S13. Signal fraction of VOC components at each saturation concentration before 

and during the Winter Olympic Games (BWOG and WOG). 

 
Figure S14. Mass concentrations of the three SOA factors in (a) 2021–2022, (b) 

BWOG–WOG, and signal intensities of CHO (orange) and CHON (green) compounds 

contributing to each factor. 
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Figure S15. Absolute change of elemental ratios of OA as a function of photochemical 

age for BWOG, WOG, and entire period in 2022. 
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Figure S16. Time series of (a) relative humidity (RH) and temperature (T), mass 

concentrations of (b) OA factor and (c) NR-PM species in 2022. The shading area 

indicates WOG. Ep1 and Ep2 represent two pollution episodes and C1–C2 represent 

two cleaning episodes. 
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Figure S17. VOC mass spectra and relative changes between Ep1 and Ep2 Periods. 

Percentage reduction of individual VOC signals from Ep1 to Ep2 is calculated as (Ep1-

Ep2)/Ep1× 100%. Only positive values (indicating a reduction during Ep2) are 

displayed. Specific compounds with reductions exceeding 50% are labeled. 
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Figure S18. Absolute and relative enhancements of the mass concentration of OA as a 

function of photochemical age for C1 and C2 cleaning episodes.
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Table S1. Overview of measurement campaigns, instrumentation, and defined analysis periods. 

Event Observation 

Period 

NR-PM 

Instrument 

BC 

Instrument 

VOCs 

Instrument 

Control / Non-Control Periods 

APEC2014 14 Oct –  

12 Nov 2014 

HR-ToF-AMS AE22 — Control: 3–12 Nov 2014 

Non-Control: 14 Oct–3 Nov 2014 

V-Day2015 21 Aug –  

24 Sep 2015 

HR-ToF-AMS AE22 — Control: 21 Aug – 3 Sep 2015 

Non-Control: 4–24 Sep 2015 

CNY2019 1 Jan –  

14 Feb 2019 

ToF-ACSM AE33 — Control (CNY): 1–14 Feb 2019 

Non-Control (non-CNY): 1–31 Jan 2019 

CNY2020 20 Dec 2019 – 

3 Feb 2020 

ToF-ACSM AE33 — Control (CNY): 21 Jan – 3 Feb 2020 

Non-Control (non-CNY): 20 Dec 2019 – 20 Jan 2020 

CNY2021 17 Jan –  

21 Feb 2021 

HR-ToF-AMS AE33 ToF-CIMS Control (CNY): 8–21 Feb 2021 

Non-Control (non-CNY): 17 Jan – 7 Feb 2021 

WOG2022 19 Jan –  

1 Mar 2022 

HR-ToF-AMS AE33 ToF-CIMS Control (WOG): 4–20 Feb 2022 

Non-Control (BWOG): 19 Jan – 3 Feb 2022 

WOG2022(Polluted 

Episodes) 

19 Jan –  

1 Mar 2022 

HR-ToF-AMS AE33 ToF-CIMS Ep2 (in WOG): 17–18 Feb 2022 

Ep1 (in BWOG): 30–31 Jan 2022 
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WOG2022(Clean 

Episodes) 

19 Jan –  

1 Mar 2022 

HR-ToF-AMS AE33 ToF-CIMS C2 (in WOG): 4–7 Feb 2022 

C1 (in BWOG): 31 Jan – 3 Feb 2022 

 

 

Table S2. Collection efficiency (CE) and relative ionization efficiency (RIE) used in 2014–2022. 

Campaign CE RIEs 

 Org SO4 NO3 Chl NH4 

APEC2014 0.5 1.4 1.2 1.1 1.3 5.0 

V-Day2015 0.5 1.4 1.2 1.1 1.3 5.0 

CNY2019 1 1.4 1.5 1.1 1.3 4.3 

CNY2020 1 1.4 1.0 1.1 1.3 3.1 

CNY2021 0.5 1.4 1.2 1.1 1.3 4.4 

WOG2022 0.5 1.4 1.3 1.1 1.3 5.3 

 

 

 

Table S3. A summary of the OH exposure, eq. photochemical age, ozone (O3) levels and O3/OHexp ratio for the different light intensities in the 

OFR reactor. 
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Light intensities 

(V) 

OH exposure 

(molec cm−3 s) 
Eq. days 

O3 Conc. 

(ppm) 

O3/OHexp 

(ppm molec-1 cm3 s-1) 

1.8 1.94×1011 1.5 0.80±0.15 0.41×10-11 

1.9 3.31×1011 2.6 1.02±0.17 0.31×10-11 

2.0 5.02×1011 3.9 1.29±0.21 0.26×10-11 

2.1 7.18×1011 5.5 1.57±0.24 0.22×10-11 

2.2 1.03×1012 8.0 1.72±0.24 0.17×10-11 

3.0 1.83×1012 13.7 3.30±0.35 0.18×10-11 

Table S4. Performance metrics of the random forest model used for meteorological normalization, including the root mean square error (RMSE) 

and mean absolute error (MAE) for each species and year. 

  BC Chl NH4 NO2 NO3 POA SO4 SOA 
RMSE          
 APEC2014 2.31 1.28 1.53 9.35 3.79 7.88 2.33 3.17 
 V-Day2015 0.71 0.26 1.60 7.13 3.48 2.52 1.91 2.25 
 CNY2019 0.95 1.61 3.01 7.70 3.30 1.66 2.91 2.61 
 CNY2020 0.60 1.30 2.23 4.85 3.06 0.98 1.90 2.05 
 CNY2021 0.49 0.45 1.44 5.07 3.53 1.52 1.46 2.02 
 WOG2022 0.29 0.08 0.36 2.14 1.14 0.41 0.33 0.54 
MAE          
 APEC2014 0.86 1.68 1.24 1.08 6.95 5.11 0.92 1.35 
 V-Day2015 0.46 0.15 1.00 5.04 1.87 1.63 1.24 1.62 
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 CNY2019 0.66 0.26 1.53 5.71 2.05 0.87 1.24 1.61 
 CNY2020 0.40 0.47 1.16 3.62 1.85 0.57 0.94 1.18 
 CNY2021 0.35 0.30 0.97 3.62 2.59 1.01 0.85 1.35 
 WOG2022 0.20 0.05 0.21 1.62 0.76 0.27 0.20 0.36 

 

 

Table S5. A summary of average mass concentrations of gaseous pollutants and particulate matter components measured during the emission 

variation and non-emission variation period for policy interventions (APEC2014, V-Day2015, WOG2022) and population mobility (CNY2019-2021). 

Observation Control period  non-Control period  CNY non-CNY 

 APEC2014 V-Day2015 WOG2022  APEC2014 V-Day2015 WOG2022  2019 2020 2021  2019 2020 2021 

Aerosol species 

(μg/m3) 
               

NR-PM 40.0 17.4 7.8  80.2 46.8 19.9  23.6 37.2 47.2  27.8 20.1 39.5 

BC 4.5 1.2 1.0  10.0 2.9 1.8  2.2 2.5 3.2  4.1 2.4 2.0 

Org 22.1 10.2 2.7  32.9 19.5 5.6  10.5 16.2 16.0  13.6 7.9 12.5 

NO3 8.1 2.3 2.6  22.7 9.9 7.6  4.9 10.0 14.6  5.5 5.0 14.4 

SO4 3.9 3.3 1.4  11.7 10.7 3.3  4.0 4.9 7.4  4.1 3.7 5.6 

NH4 3.9 1.6 1.1  9.6 6.3 3.0  3.7 5.6 6.9  3.9 3.1 5.7 

Chl 2.1 0.1 0.1  3.4 0.5 0.4  0.4 0.4 2.3  0.7 0.5 1.3 
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POA 13.0 3.7 0.7  15.8 6.2 0.8  2.4 1.3 3.7  4.6 1.8 3.8 

SOA 6.8 7.1 1.9  18.7 13.2 4.6  8.1 14.5 11.3  8.7 5.9 8.7 

Gaseous 

pollutants 
               

O3(ppb) 13.4 37.7 26.4  8.4 36.8 20.0  20.9 25.5 19.4  13.7 12.3 13.2 

NO2(ppb) 30.0 15.7 11.7  47.9 34.0 15.0  15.4 18.7 21.9  29.9 27.4 23.7 

SO2(ppb) 3.6 0.9 0.8  4.5 2.5 0.9  2.7 3.3 2.0  3.8 2.5 1.6 

CO(ppm) 0.8 0.6 0.4  1.2 0.9 0.6  0.7 0.9 0.9  0.9 0.8 0.7 

 

 

Table S6. Summary of key VOCs identified in this study, including their molecular formulas, proposed identities, and supporting references. 

Formula compound assignments proposed sources Reference(s) 

C5H6O4 Dicarboxylic / peroxy acid Biomass burning; biogenic VOC oxidation (Leppla et al., 2026; Nguyen et al., 2011) 

C6H6O4 Oxygenated aromatic compound Oxidation of anthropogenic aromatic VOCs (Zheng et al., 2023) 

C8H10O4 Oxygenated aromatic compound Aromatic VOC oxidation; biomass burning (Molteni et al., 2018; Zhou et al., 2024) 

C6H5NO3 Nitrophenol Aromatic VOC oxidation; biomass burning (Ahmed et al., 2023; Zhou et al., 2024) 

C7H7NO3 Nitrophenol Aromatic VOC oxidation; biomass burning (Ahmed et al., 2023; Zhou et al., 2024) 
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C4H6O4 dicarboxylic acid Biomass burning (Zhou et al., 2024) 

C5H8O4 Dicarboxylic acid Biogenic VOC oxidation; biomass burning (Ye et al., 2021; Zhou et al., 2024) 

C6H10O4 Dicarboxylic acid Biogenic VOC oxidation; biomass burning (Ye et al., 2021; Zhou et al., 2024) 

C7H12O4 dicarboxylic acid Biomass burning (Mochida et al., 2003; Zhou et al., 2024) 

C5H9NO4 Organic nitrate Biogenic VOC oxidation (Lee et al., 2014) 

C5H9NO5 Organic nitrate Biogenic VOC oxidation (Wu et al., 2021) 

C5H9NO6 Organic nitrate Biogenic VOC oxidation (Wu et al., 2021) 

C8H10O5 Oxygenated aromatic Oxidation of biogenic VOCs ; anthropogenic 

aromatic VOCs 

(Jiang et al., 2025; Molteni et al., 2018) 

C7H10O5 Oxygenated aromatic compound Oxidation of anthropogenic aromatic VOCs (Molteni et al., 2018) 

C7H7NO4 Nitrophenol Biomass burning (Iinuma et al., 2010; Zhou et al., 2024) 

 

Table S7. A summary of average signal intensities and signal fractions of different VOC components for WOG2022 and the same period in 2021, 

BWOG, WOG , and Ep1, Ep2 pollution episodes, C1, C2 cleaning episodes in WOG2022. 

 BWOG WOG Ep1 Ep2 C1 C2 2021 2022 

Total signals (ions s-1) 253.5 266.4 407.9 340.3 152.5 210.0 456.9 261.7 

SVOC signals (ions s-1) 51.1 63.8 100.2 82.5 35.0 46.0 138.4 59.9 
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IVOC signals (ions s-1) 189.9 182.0 289.1 235.2 105.7 144.8 293.3 186.6 

CHO signals (ions s-1) 147.6 150.9 202.5 176.0 92.6 135.6 194.9 149.7 

CHON signals (ions s-1) 105.9 115.5 205.4 164.3 59.9 74.3 262.1 112.1 

IVOC 

Proportion (%) 
74.9 68.3 70.9 69.1 69.3 69.0 64.2 71.3 

SVOC proportion (%) 20.2 23.9 24.6 24.2 33.2 31.7 30.3 22.9 

CHO(%) 58.2 56.6 49.6 51.7 60.7 64.6 42.6 57.2 

CHON(%) 41.8 43.4 50.4 48.3 39.3 35.4 57.4 42.8 
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