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Abstract: Based on water quality indicators, climate indicators, and wetland operation parameters, data from previous studies were
collected to predict the effluent concentrations of ammonia nitrogen (NH, ~N), COD, sulfamethoxazole (SMX), and some heavy
metals in constructed wetlands using three machine learning models. The results showed that the Random Forest model slightly
outperformed XGBoost and LightGBM in overall performance, demonstrating more stable R*> and RMSE values. In particular, it
achieved higher accuracy in predicting NH, N and SMX concentrations, with R* values of 0.93, 0.89, and 0.87, respectively, for
NH,;~N. In contrast, the models performed relatively weaker in COD predictions, with R* values of 0.71, 0.61, and 0.64, respectively.
By incorporating the SMOTE data augmentation technique, the prediction performance and accuracy of the models were
significantly enhanced, especially for COD, where improvements ranged from 7.04% to 26.23%. This study combines scientific data
analysis with machine learning algorithms, providing a feasible approach for practical engineering applications.
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Table 1 Summary statistics of numerical variables

A KR At i FE (1)
T 24 FE 522 )5 % (cm) 5~92 (34.886)
Wiz 1T 240 LR (V) 0~15 (1.036)

K345 BB ) (h) 2~840 (90.556)
Ak SIR(C) 4.2~30 (23.372)
KR C/N 0~128.69 (7.92)

pH 18 2~10.2 (7.312)
DO(mg/L) 0.3~9.8 (3.651)
7K COD(COD-i)(mg/L) 2.24~2907 (319.582)
K NHy -N(NH, -N-i)(mg/L)  0~360.4 (33.187)
7K NO; -N(NO; ~N-i)(mg/L)  0.12~49.84 (12.116)
K SMX(SMX-i)(mg/L) 0.005~100 (4.166)
7K T 42 JE (mg/L) 0~20.27
H7K COD(COD-e)(mg/L) 1.434~980 (92.549)
Hi7K NHy ~N(NH; ~N-e)(mg/L) 0.01~192.8 (12.967)
Hi7K NO; -N(NO; -N-e)(mg/L) ~ 0.01~54.44 (8.063)
H7K SMX(SMX-e)(mg/L)  0.00001~23.9 (1.505)
tH 7K <53 (mg/L) 0~14.11
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Table 2 Hyperparameter optimization of RandomForest, XGBoost, and LightGBM using Grid Search
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Fig.2 Comparison of the distributions between the original and imputed datasets
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Table 3 Sensitivity analysis of NH; ~N-e, COD-e and
SMX-e with other variables

AR 10%

By NH, -N-e ZZ{L Ff COD-e 54k 1 4 SMX-e 24K F 43
43 Ei(%) Lt(%) Lt(%)
7('C) 4.155 0.709 3.168
Uk B (em) 1.543 3.58 0.887
CN 2.734 1.689 0.283
HRT(h) 0.085 0.163 0.388
DO(mg/L) 0.009 1.739 8.255
COD-i(mg/L) 9.739 2.477 4.665
pH i 1.81 0.732 6.619
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Fig.5 Prediction of effluent NH,~N, COD and SMX using Random Forest, XGBoost, and Light GBM
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Fig.6 Prediction results of COD after data augmentation
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