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Table S1. The hyperparameters details of ANN and VAER

Models Number of Number of neurons in ~ Dropout  Learning Epochs Batch
layers each layer rate size
ANN 6 (32,64,96,96,64,1) 0.2 0.001 800 128
VAER 8 (160,112,56,28) 0.2 0.001 1000 64

(28,56,112,160)
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Figure S1. The radar plot of different single models on the test set.
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Figure S2. The radar plot of different hybrid models on the test set.
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Figure S3. The prediction result of PLS-VAER model on the test set.

Supplementary experiment

1. Wastewater treatment process data
We used the wastewater data collected from an urban wastewater treatment plant in June, 1993

to verify the universality of the PLS-VAER model proposed in this paper. The data consists of 527
3



samples with 38 variables. The statistical information of the dataset is shown in Table S2. For all the
models in this experiment, the concentration of effluent biological oxygen demand is the output and
the remaining are used as inputs. After the preprocessing step, 379 samples remained. 303 of the

samples are utilized as training sets and 76 as test sets.

Table S2. Statistical information of wastewater treatment process data

Variables Mean Standard deviation Min Max
input flow to plant 37226.56 6571.46 10000 60081
input Zinc to plant 2.36 2.74 0.1 33.5
input pH to plant 7.81 0.24 6.9 8.7
input biological demand of 188.71 60.69 31 438
oxygen to plant
input chemical demand of 406.89 119,67 81 941
oxygen to plant
input suspended solids to plant 227.44 135.81 98 2008
input volatile suspended solids 61.39 1228 13.2 85.0
to plant
input sediments to plant 4.59 2.67 0.4 36
input conductivity to plant 1478.62 394.89 651 3230
input pH to primary settler 7.83 0.22 7.3 8.5
input b|olog|ca_l demand of 206.20 71.92 39 517
oxygen to primary settler
input suspended solids to pri 95305 147 45 104 1692
mary settler
input volatllt? suspended soli 60.37 1226 71 935
ds to primary settler
input sediments to primary s 5.03 397 10 46.0

ettler
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2. Results

Figure S4 shows the prediction result of the proposed PLS-VAER model on the test set.
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Figure S4. The prediction result of PLS-VAER on the test set.
Table S3 shows the prediction results of the proposed PLS-VAER model and other comparison
models. It can be seen from the Table S3 that for this set of data sets, the accuracy of the proposed
PLS-VAER model is still the highest among all test models, which shows that the proposed method

has certain universality to a certain extent.



Table S3. Comparison of the prediction results of all models

Methods Training Set Test Set
MAE RMSE R? MAE RMSE R?

PLS 2.286 3.029 0.812 2.337 2.945 0.695
SVR 2.335 3.890 0.690 2.168 2.843 0.716
ANN 1.660 2.270 0.895 2.146 2.682 0.747
VAER 1.592 2.409 0.881 1.590 2.250 0.822
PLS-SVR 2.096 4.125 0.652 1.682 2.398 0.798
PLS-ANN 1.388 1.983 0.920 1.708 2.094 0.846
PCA-VAER 1.093 1.563 0.942 1.673 1.934 0.853
PLS-VAER 0.897 1.316 0.965 1.368 1.708 0.898
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