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Supplement

1. Formula
Formulas of ventilation potency, vertical diffusion potency, and wet deposition
potency of aerosols.
The original formula of ventilation potency is complex (Feng et al., 2018). Here
we use a simplified version that only contains 10-m and 100-m wind speeds as

ventilation potency = (X004 wind speed)_o'zs. (S1)

The vertical diffusion potency is denoted as PBLH™!. And the wet deposition
potency is

wet deposition potency = e[1=5(1 ($2)

where where r is the daily mean accumulated precipitation rate (mm day!), and

sor=(k 723 o

J

2. Table

Table S1 Input variable groups for sensitivity experiments.

Group name variables
near-surface wind 10-m wind components, 100-m wind
components, ventilation potency, max. 100-
m wind speed

near-surface temperature-humidity 2-m temperature, 2-m mixing ratio, 2-m
potential temperature, 2-m wet-equivalent
potential temperature, max. 2-m temperature

near-surface vertical diffusion surface turbulence stress components,
vertical diffusion potency, max. and min.
low troposphere stability

spatiotemporal geographic Population density, high vegetation cover,
Surface altitude, Latitude and Longitude,
Day of year

synoptic pattern and radiation surface pressure, downward shortwave

radiation, low cloud cover, geopotential
height at 850 hPa, temperature at 850 hPa
precipitation precipitation, wet-deposition potency




3. Figure
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Fig S1. Fitting scatterplots of (a, ¢) 7 and (b, d) PM2.s concentrations for the
(a, b) training and (c, d) test dataset using the 61-day running average as the
background. Noted that sizes of the training and test dataset are smaller than
that of the original deepWIA model because of the longer timescale of rolling
average. The model perfermance is close to the original one on both the training

dataset (Fig. 3) and test dataset (Fig. 5).
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Fig S2. Same as Fig 4 (a) but for other nine validation sets.
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Fig S3. Same as Fig 4 (b) but for other nine validation sets.
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Fig S4. RMSEs of the deepWIA models on training set when the corresponding variable
groups (Table S1) are not activated. Dotted line indicates the RMSE of the original

deepWIA model.
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Fig S5. Same as Fig 7 but for 31-day running averaged curves. Values for the beginning
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Fig S6. Same as Fig 7 but using the operational regional air quality forecast system
based on WRF-Chem. The 3D-Var assimilation (Sun et al., 2020) is included in the
system.
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