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ABSTRACT: Total organic carbon (TOC) represents the total amount of organic carbon contained in water and is a key
water quality parameter used, along with biochemical oxygen demand (BOD) and chemical oxygen demand (COD), to
quantify the amount of organic matter in water. In this study, a model to predict TOC was developed using XGBoost
(XGB), a representative ensemble machine learning algorithm. Independent variables for model construction included water
temperature, pH, electrical conductivity, dissolved oxygen concentration, BOD, COD, suspended solids, total nitrogen,
total phosphorus, and discharge. To quantitatively analyze the impact of various water quality parameters used in model
construction, the feature importance of input variables was calculated. Based on the results of feature importance analysis,
items with low importance were sequentially excluded to observe changes in model performance. When built by sequentially
excluding items with low importance, the performance of the model showed a root mean squared error-observation standard
deviation ratio (RSR) range of 0.53 to 0.55. The model that applied all input variables showed the best performance
with an RSR value of 0.53. To enhance the model's field applicability, models using relatively easily measurable parameters
were also built, and the performance changes were analyzed. The results showed that a model constructed using only
the relatively easily measurable parameters of water temperature, electrical conductivity, pH, dissolved oxygen concentration,
and suspended solids had an RSR of 0.72. This indicates that stable performance can be achieved using relatively easily

measurable field water quality parameters.

Keywords: feature importance, machine learning, total organic carbon, water quality management, XGBoost
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Table 1. Characteristics of Input Variables
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Average Min Max 3:/?;?;2
TEMP (C) 17.25 -1.00 33.80 8.18
PH 7.99 6.40 10.20 0.53
EC (uS/em) 708.24 164.00 1340.00 209.84
DO (mg/L) 10.89 5.10 18.10 2.52
Independent BOD (mg/L) 327 0.70 15.50 1.77
variables COD (mg/L) 8.36 4.80 17.80 2.00
SS (mg/L) 11.87 0.40 221.00 16.79
TN (mg/L) 6.13 2.60 11.29 1.66
TP (mg/L) 0.23 0.03 0.97 0.25
Q (m3/s) 36.03 0.00 1569.06 85.83
Dependent variable TOC (mg/L) 6.08 3.60 14.20 1.44
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Table 2. Independent Variables Used in Model 1

Table 3. Independent Variables Used in Model 2

MODEL 2 Water quality items

M2 2 TEMP, PH, EC, DO, BOD, SS, TN, TP, Q
M2 3 TEMP, PH, EC, DO, COD, SS, TN, TP, Q
M2 4 TEMP, PH, EC, DO, SS, TN, TP, Q
M2 5 TEMP, PH, EC, DO, COD, SS, Q

M2 6 TEMP, PH, EC, DO, COD, SS

M2 7 TEMP, PH, EC, DO, SS, Q

M2 8 TEMP, PH, EC, DO, SS

MODEL 1 Water quality items

Ml 1  TEMP, PH, EC, DO, BOD, COD, SS, TN, TP, Q
Ml 2  PH, EC, DO, BOD, COD, SS, TN, TP, Q
Ml 3 PH, EC, BOD, COD, SS, TN, TP, Q

Ml 4 PH, BOD, COD, SS, TN, TP, Q

Ml 5 PH, BOD, COD, SS, TN, TP

Ml 6 PH, COD, SS, TN, TP

Ml 7 COD, SS, TN, TP

Ml 8 COD, SS, TN

Ml 9 COD, SS

Ml 10 COD
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Table S1. Performance of XGBoost Model Trained with Various Input Variable Compositions Selected based on Feature
Importance Analysis

NSE RMSE RSR
Ml_1 0.7227 0.6143 0.5266
Ml 2 0.7227 0.6143 0.5266
MI1_3 0.7227 0.6143 0.5266
Ml _4 0.7226 0.6144 0.5266
MI1_5 0.7210 0.6161 0.5281
MI1_6 0.7155 0.6222 0.5333
Mi1_7 0.7159 0.6218 0.5330
Mi1_8 0.7073 0.6311 0.5410
M1_9 0.6974 0.6417 0.5501
M1_10 0.7119 0.6261 0.5367
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