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Data and Methods 26 

S1. WRF-Chem model 27 

In this study, WRF-Chem v 4.1.5 is used to simulate CCN concentration for 28 

training the machine learning model. The physical parameterizations employed in this 29 

study include Morrison 2-monment scheme (Morrison et al., 2009), RRTMG short-30 

wave and long-wave radiation scheme (Iacono et al., 2008), Grell 3-D cumulus scheme 31 

(Grell et al., 2002), Yonsei University boundary layer scheme and Noah land surface 32 

model (Hong et al., 2006). The Carbon Bond Mechanism Z photochemical mechanism 33 

and 4-bin sectional Model for Simulating Aerosol Interactions and Chemistry 34 

(MOSAIC) aerosol model with aqueous chemistry are chosen in this study (Zaveri et 35 

al., 1999, 2008). The initial meteorological variables are provided from the National 36 

Center for Environmental Prediction's Final Operational Global (NCEP/FNL) datasets. 37 

The horizontal resolution of the reanalysis data was 0.25°×0.25°, and the temporal 38 

resolution was 6 h. The initial and boundary chemical conditions are from the 39 

Community Atmosphere Model with Chemistry model (Buchholz et al., 2019). The 40 

anthropogenic emissions are from Multi resolution Emission Inventory for China with 41 

a horizontal resolution of 0.25°×0.25° and a temporal resolution of monthly data (Zheng 42 

et al., 2018), corresponding to the years 2014-2018. The biological and biomass 43 

emissions are taken from the Model of Emissions of Gases and Aerosols from Nature 44 

and the Fire Inventory from NCAR, respectively.   45 
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S2. Evaluation of the aerosol indirect effects 46 

Atmospheric particles acting as cloud condensation nuclei could alter the cloud-47 

rain interactions and further have impact on the climate change. The methods for 48 

evaluating the cloud and radiative properties caused by the deviations of CCN 49 

concentrations output from WRF-Chem simulation and random forest technique was 50 

refereed from Wang et al. 2019 and Wang et al. 2008. 51 

As for the first indirect effect, the cloud optical thickness (τ) and single scatter 52 

albedo coefficient (ω0) are the crucial estimators and can be calculated as: 53 

       𝜏 ≈
3

2
𝑊𝑟𝑒

−1                                (1) 54 

       1 − 𝜔0 = 1.7𝑘𝑤𝑟𝑒                           (2) 55 

where W means the liquid water path, kw is the complex part of the refractive index of 56 

water, re is the effective radius of cloud droplets and can be expressed by: 57 

        𝑟𝑒 = 𝛽(
3𝐿𝑊𝐶

4𝜋𝜌𝑤𝑁𝐶
)1/3                            (3) 58 

where LWC is the liquid water content in cloud, β is the scaling factor. Here, we mainly 59 

focused on the response of cloud droplet effective radius to the change of cloud droplet 60 

number concentration Nc, so β is assumed to be constant (Quaas et al., 2004). Cloud 61 

number concentration can be calculated based on the NCCN-SS parameterizations in 62 

many climate models (Fan et al., 2012). Note that the power relationship between the 63 

re and Nc referred from the previous observations is only an approximate relationship 64 

(Garrett et al., 2004).  65 
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For evaluating second aerosol indirect forcing, it is critical to estimate the relevant 66 

variables associated with the cloud-rain process. The parameterizations of the cloud-to-67 

rain conversion process can be expressed by conversion threshold function (TA): 68 

      𝑇𝐴 = [
∫ 𝑟6𝑛(𝑟)𝑑𝑟
∞
𝑟𝑐

∫ 𝑟6𝑛(𝑟)𝑑𝑟
∞
0

] [
∫ 𝑟3𝑛(𝑟)𝑑𝑟
∞
𝑟𝑐

∫ 𝑟3𝑛(𝑟)𝑑𝑟
∞
0

]                      (4) 69 

where r is the cloud droplet radius, n(r) is the size distribution of the cloud droplet (here 70 

refereed from Wang et al. 2019 to evaluate). According to the Liu et al. (2004), the 71 

critical radius of the auto-conversion process rc can be expressed by 72 

      𝑟𝑐 ≈ 4.09 × 10−4𝛽𝑐𝑜𝑛
1/6 𝑁𝐶

1/6

𝐿𝑊𝐶1/3
                      (5) 73 

where βcon is a fixed parameter of 1.15×1023 s-1 (Liu et al., 2004). Here, the focus is 74 

mainly on the effect of the ΔNCCN between WRF-Chem and RF model on the aerosol 75 

indirect effects in our research.  76 

   We also evaluate the perturbation of cloud radiative forcing due to the uncertainty 77 

in CCN concentration estimated from machine learning (RFRM) and numerical model 78 

(WRF-Chem). Here under the assumption of the fixed liquid water volume, an 79 

approximate analytical expression for estimating the cloud radiative of the change in 80 

NCCN as follows (Charlson et al, 1992; Wang et al., 2008):  81 

     ∆𝐹𝐶 ≈ −
𝐹𝑇

4
𝐴𝑚𝑠𝑡𝑇𝑟

2∆𝑅𝐶 ≈ −2.2 × ∆ln𝑁𝐶𝐶𝑁             (6) 82 

  ∆𝑅𝐶 =
1

3
[𝑅𝐶(1 − 𝑅𝐶)] × ∆𝑙𝑛𝑁𝑑 ≈ 0.075 × ∆𝑙𝑛𝑁𝑑           (7) 83 

        ∆𝑙𝑛𝑁𝑑 ≈ 0.5 × ∆ln𝑁𝐶𝐶𝑁                          (8) 84 

where ΔFc is the uncertainty in cloud radiative forcing, FT is the solar constant, Amst is 85 

the cloud fractional coverage, Tr is the fractional transmission of shortwave radiation 86 

above the cloud layer, ΔRc is the uncertainty in cloud albedo, Nd is the cloud droplet 87 
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number concentration, NCCN is the cloud condensation nuclei number concentration. In 88 

equation (6), Amst and Tr were set as 0.3 and 0.76, respectively (Charlson et al, 1987; 89 

Schwartz et al., 1996), which represented an average fraction of nonoverlapped marine 90 

stratus and stratocumulus. Here the uncertainty in ΔRc in equation (7) for the typical 91 

range of cloud albedo was calculated according to the Wang et al. 2008. The uncertainty 92 

Nd associated with change in NCCN was referred from Sotiropoulou et al. (2006) with a 93 

value of 0.5 in equation (8). 94 
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Table S1. Summary of the datasets used in this study from multiple sources 154 

Data category Content (Abbreviation) Unit 
Spatial 

resolution 
Temporal resolution Data source 

NCCN  
CCN concentration (NCCN) 

at S=0.20% and S=0.40% 
cm-3 10 km Hourly WRF-Chem model 

Chemical 

compositions  

Organic matter (OM) μg m-3 10 km Daily TAP 

(http://tapdata.org.cn/?page_id=59

&item=pm25) 

 

Sulfate (SO4
2-) μg m-3 - - 

Nitrate (NO3
-) μg m-3 - - 

Ammonium (NH4+) μg m-3 - - 

Meteorological 

data  

2m temperature (TEM) K 0.25o×0.25o Hourly 

ERA-5 

(https://cds.climate.copernicus.eu/c

dsapp#!/dataset/reanalysis-era5-

single-levels?tab=form) 

Relative humidity (RH) % - - 

Boundary layer (BL) M - - 

Surface pressure (SP) hPa - - 

Surface net solar radiation 

(SNSR) 
W m-2 - - 

Gas pollutants 

PM2.5 μg m-3 - Hourly 

CEMC (https://quotsoft.net/air/)  

 

NO2 - - - 

SO2 - - - 

CO - - - 

O3 - - - 

155 

http://tapdata.org.cn/?page_id=59&item=pm25
http://tapdata.org.cn/?page_id=59&item=pm25
https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-era5-single-levels?tab=form
https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-era5-single-levels?tab=form
https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-era5-single-levels?tab=form
https://quotsoft.net/air/)
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Figures   

Figure S1. Comparison of the mass concentration of organic, sulfate, nitrate, 

ammonium between the TAP dataset and observed values at BJ site. 

Figure S2. Time series of the WRF-Chem simulated and observed NCCN at S=0.2% for 

the six campaigns, red box indicates the validation dataset.  
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Figure S3. Map location of the sampling site (red star represents the Peking University). 

(Imagery © 2025 NASA, Map data © 2025 Google, https://maps.google.com/, last 

access: 8 September 2024).  

Figure S4. WRF-Chem model simulation domain diagram drawn by using the Cartopy 

library. Red star represents the center point of the simulation domain.  

https://maps.google.com/
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Figure S5. Scatter plots of the observed NCCN with the RFRM-predicted and WRF-

Chem-simulated for each campaign at S=0.2%. 
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Figure S6. Time series of the RFRM-predicted, WRF-Chem simulated and observed 

NCCN at S=0.2% at Gucheng. 

 

Figure S7. Scatter plots of the observed NCCN at S=0.4% with the WRF-Chem 

simulated and RFRM model predicted, respectively. Here the training, testing, and 

validation datasets are independent of the period corresponding to the supersaturation 

of 0.2%. 

 

Figure S8. Pie charts of the mass fraction of the chemical composition between the 

observation and simulation from WRF-Chem, taken the BJ15_AUT and BJ17_SUM as 

the examples.  
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Figure S9. Average annual value of the kchem calculated from chemical composition (a), 

the critical diameter at S=0.2% (b), NCCN at S=0.2% (c), the mass fraction (d) between 

the observed and TAP dataset in the winter of 2014, 2016, 2018.  

 

Figure S10. Spatial pattern of the change rates of the PM2.5, SO2, NO2 and CO from 

2014 to 2018 in NCP.  
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Figure S11. Sensitivity of the cloud properties on the CCN concentration at S=0.4%, 

uncertainty of the CCN number concentration on cloud optical thickness (τ) between 

the observed with the RFRM model (a) and with the WRF-Chem model (a1), on 

absorption coefficient (1-ω0) and effective radius (re) (b and b1), on critical radius (rc) 

(c and c1), the cloud-to-rain conversion threshold function (TA) (d and d1). 

 

Figure S12. Spatial pattern of the differences of CCN number concentration between 

the RFRM model and WRF-Chem (a), effects of the discrepancy from CCN number 

concentration on cloud optical thickness (τ) (b), on absorption coefficient (1-ω0) and 

effective radius (re) (c), on critical radius (rc) (d), the cloud-to-rain conversion threshold 

function (TA) (e), cloud radiative forcing (Fc) (f). 


