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Development of the No-lockdown Scenario

Predictions of influent flow rate under the no-lockdown scenario were generated by random
forest (RF) models. The predictor variables included precipitation, snow depth, air temperature,
humidity, pressure, wind direction, wind speed, hour of day, day of the week, and month of year.
The target variable was the hourly influent flow rate at the current time step. The collected data
for Plant A was sequentially split into a training set (from November 1, 2016 to December 31,
2019) and a testing set (from January 1, 2020 to August 3, 2021), while that for Plant B was also
sequentially split into a training set (from January 1, 2019 to December 31, 2019) and a testing set
(from January 1, 2020 to November 30, 2021).The random forest model for each plant was trained
on the training set. The predictions made on the testing sets were regarded as no-lockdown scenario
influent flow rates. The models were implemented using the scikit-learn library in Python.! To
improve the models’ performance, hyperparameter tuning was performed using cross-validation
on the training set. The hyperparameters that were tuned included the maximum depth of each tree.
Root mean square error (RMSE) defined in scikit-learn library was used as a criterion to evaluate

the models’ performance (Figure S2).



25 Figure S1. Weekly pattern of Plant B: (a) year 2019 average before lockdowns, (b) year 2020

26 average mostly during lockdowns, (c) year 2021 average during lockdowns.
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41 Figure S2. Comparison of influent flow rate in evening.
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44 Figure S3. Scatter plots of RF models: (a) predictions made on training set for Plant A, (b)

45 predictions made on testing set for Plant A, (c) predictions made on training set for Plant B, (d)

46 predictions made on testing set for Plant B.
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