Supplementary Material Table 1 Meteorological conditions during sampling campaign
	Item
	Sampling date
	Temperature (℃)
	Relative humidity (%)
	Solar illumination (Lx)

	Warm period
	2020 Sept. 20
	24.5-30.6
	33.20-62.75
	39485-61200

	
	2020 Sept. 27
	27.4-32.4
	36.00-52.55
	31270-53650

	Cold period
	2020 Dec. 07
	5.8-7.3
	73.55-80.65
	2877-3276

	
	2020 Dec. 16
	8.7-10.8
	62.85-66.75
	7790-7856
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1 Quantitative microbial risk assessment framework
Quantitative microbial risk assessment (QMRA) was carried out following the classical four-step framework, which consists of the following: (i) hazard identification, (ii) exposure assessment, (iii) dose–response assessment, and (iv) risk characterization (Haas, 2015; Haas et al., 2017). The specific values for the related parameters in the equations are shown in the Table 2.
1.1 Hazard identification
The indicator pathogen of concern in this research was Staphylococcus aureus bioaerosol emitted from the rotating-disc aeration tank and microporous aeration tank. As a result, the workers in the WWTP were exposed to Staphylococcus aureus bioaerosol-related potential health risks.
[bookmark: OLE_LINK34][bookmark: OLE_LINK35]1.2 Exposure assessment
The dose of pathogens (d) per person per day was calculated using Eq. (1) (Jahne et al., 2015; Haas et al., 2017):
	
	
	(1)


where d represents the dose of bioaerosol inhaled per person per day (CFU day-1), C represents the exposure concentration (CFU m-³) (Table 1), BR represents the breathing rate (m3 d-1), T represents the exposure time (h d-1), AG represents the aerosol ingestion rate (%), and FPPE represents the removal fraction by employing personal protective equipment (PPE). The exposure time follows the uniform distribution which minimum value is 0.50 h d-1 and maximum is 1 h d-1 according to the field investigation during sampling campaign.
Of note, the exposed workers in the field were equipped with a wide range of models of PPE, including N-95 and N-99, as well as other types which efficacy were presumed between N-95 and N-99. So, in order to study the effects of wearing PPE on the sensitivity analysis of the health risk, we conveniently assumed that the FPPE obey uniform distribution (Table 2); the minimum effective removal efficacy was 0.95, supposing it was N-95 PPE; the maximum effective removal efficacy was 0.99, supposing it was N-99 PPE (Rosenstock, 1995; Cyprowski et al., 2008; Mark et al., 2020). 
The National Institute for Occupational Safety and Health (NIOSH) certify the level of filter efficiency of N-95 mask is 95% according to the NIOSH particulate filter tests which employ the 0.3 µm mildly degrading aerosol of sodium chloride (Rosenstock, 1995). Therefore, for convenience of QMRA calculation and sensitivity analysis, we assume that the N-95 PPE utilized in this research can remove 95% of the bioaerosol particles that would be inhaled (Haas et al., 2017).
In addition, the effects of die-off or regrowth of bioaerosol bacteria were not considered in the calculation framework of this research. 
1.3 Dose–response models
The exponential dose–response model was utilized for the Staphylococcus aureus bioaerosol. The daily infection risk was calculated using Eq. (2) (Carducci et al., 2018; Esfahanian et al., 2019):
	
	
	(2)


where P(i)d represents the estimated daily probability of infection, and k represents the parameter of the exponential dose–response model. 
For the exponential dose–response model of Staphylococcus aureus bioaerosol, several significant literatures stated that the airborne transmission (i.e., inhalation) and direct transmission (i.e., transmission by mouth or hand) are equally important for public health (Bos et al., 2016; Chang and Lin, 2018; Kozajda et al., 2019). However, this study mainly focuses on the situation of filed workers wearing protective suit since the anti-epidemic COVID-19 guideline of local utilities. So, the direct transmission, including skin infection, is excluded in the exposure scenarios of current study. The inhalation is the sole exposure route in this study.
1.4 Risk characterization
Risk characterization was performed on the basis of the dose–response model to assess the health risk associated with bioaerosols. The annual infection risk was calculated using Eq. (3) (Dungan, 2014; Sales-Ortells and Medema, 2014):
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where P(a)inf represents the annual probability of infection risk per person per year, and n represents the exposure frequency (d year-1). 
To consider the worst-case scenario, it was assumed that the probability of infection is equal to the probability of illness (Pill/inf = 1). The probability of illness, as a conditional of infection, was calculated using Eq. (4) (Carducci et al., 2018):
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where P(a)ill represents the annual probability of illness, and Pill/inf represents the specific conditional probability of an illness given an infection (i.e., prevalence).
The disease burden was calculated using Eq. (5) (Lim et al., 2015):
	
	
	(5)


where DB represents the disease burden (DALYs pppy), HB represents the health burden (DALYs case-1).
2 Monte Carlo simulation
All inputted variable parameters (exposure concentration, exposure time, aerosol ingestion rate, breathing rate, and removal fraction by employing PPE (FPPE)) were randomly selected from their corresponding probability distributions (Table 1 and 2). The lognormal distribution for bioaerosol concentration is suitable in this research because: (a) the most microbial and environmental measurement data, including bioaerosol sampling data, are distributed lognormally (Hirano et al., 1982; Loper et al., 1984; Shi et al., 2018); (b) Haas (2015) also indicated that the exponential dose response model, which will be used to calculate health risk by bioaerosol concentration, was just based on the lognormal distribution. 
Then, the disease burden was calculated with 10,000 iterations (Shi et al., 2018), and the corresponding output results of 10,000 trial calculations were attained. The output of 10,000 iterations was shown by a box plot to visualize the results. 

3 Sensitivity analysis
The sensitivity analysis was used to quantify the contributions of all the QMRA inputted variable parameters (exposure concentration, exposure time, aerosol ingestion rate, breathing rate, and FPPE) to the uncertainty in the health risk output (the disease burden) (Saltelli, 2002; Dias et al., 2019; Saltelli et al., 2019). The quantification contribution, that is, the sensitivity partitioning coefficient, was calculated by using the Spearman rank correlation coefficient in Oracle Crystal Ball (Dean and Mitchell, 2020), and the rankings were visualized in tornado plots (Pouillot and Delignette-Muller, 2010; Vásquez et al., 2014). The Spearman rank correlation coefficient values ranged from -1 to 1. For the positive correlation, a high correlation coefficient corresponds to the great contribution of a parameter to the health risk. The negative correlation implies the contrary (Abhishek et al., 2008; Vásquez et al., 2014). 
All calculations were conducted using Oracle Crystal Ball (version 11.1.24) in Excel in Windows (Microsoft Office Excel 2013), and all figures were generated with Origin software (version 2018).
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