Table S1: Abbreviations.

Abbreviations Description Abbreviations Description
WQ Water quality MODWT Maximum overlap discrete
Al Artificial intelligence wavelet transformation
DT Diction tree ACOr Ant colony optimisation
DL Deep learning WA Wavelet analysis
ANN Artificial neural network RS Random Subspace
ANFIS Adaptive neural-based fuzzy AIG Algorithm of the innovative
inference system gunner
ARIMA Auto-regressive  integrated CSO Chicken swarm optimisation
moving average
SVM Support victor Machin PSO Particle swarm optimisation
SVR Support vector regression RC Random Committee
FFNN Feed forward neural network  EKF Extended kalman filter
LSTM Long short-term memory AR Additive regression
FFA Firefly algorithm
RBFNN Radial basis function neural SAE Sparse Auto-Encoder
network
GRNN General regression neural IABC Improved  artificial  bee
network model colony
DBN Deep belief network model ABC Artificial bee colony
CNN Convolutional neural GBO Gradient-based optimiser
network
RNN Recurrent neural network kPCA Kernal Principal Component
Analysis
BNN Bayesian neural network CSs Cuckoo search
QRF Quantile regression forest CEEMDAN Complete ensemble empirical
mode decomposition
algorithm with adaptive
noise
RF Random forest GBO Gradient-based optimiser
GEP Gene expression kPCA Kernal Principal Component
programming Analysis
GBM Stochastic Gradient Boosting ~ CS Cuckoo search
GBM_H20 Gradient Boosting Machines ~ EEMD Ensemble empirical mode
decomposition
M5P M5 prime IGRA Improved Grey Relational
Analysis
XGB Extreme Gradient Boosting SWT Synchrosqueezed = wavelet
transform
ELM Extreme Learning Machine LR Linear regression
MLR Multi-linear regression OBL Opposition-based learning




Table S1: Abbreviations.

Abbreviations Description Abbreviations Description
MARS Multivariate adaptive BWO Black widow optimisation
regression splines
LSSVR Least squares support vector ISSA Improved sparrow search
regression algorithm
XGBoost Extreme gradient boosting ISA Improved simulated
annealing
LSSVM Least square support vector DE Differential Evolution
machine
LWLR Locally  weighted linear DWT Discrete wavelet transform
regression
cForest Conditional random forests Ul Theil U statistic 1
Ranger Random forest geneRator U2 Theil U statistic 2
R? Determination coefficient W index Willmott’s index of
agreement
RMSE Root mean square error MCC Matthews correlation
coefficient
MAE Mean absolute error FM index Fowlkes-Mallows index
MPE Mean percentage error TOC Total organic carbon
CE Coefficient of efficiency NSE Nash-Sutcliffe efficiency
R Correlation coefficient
MSRE mean squared relative error RAE Relative absolute error
WL Water level WT Water temperature
TP Total phosphorus NHs-N Ammonia nitrogen
CODun Potassium permanganate ORP Oxidation-reduction
index potential
HW Hammerstein-Weiner WS Wind speed
DO Dissolved oxygen AP Atmospheric pressure
EC Electrical conductivity Am Ammonia nitrogen content
T Temperature Hu Air humidity
TDS Total dissolved solid TN Total nitrogen concentration
TH Total hardness CH Carbonate hardness
Chl-a Chlorophyll-a SAR Sodium adsorption ratio
pH Hydrogen ion concentration =~ TAlk Total alkalinity
Q Discharge BOD Biochemical oxygen demand
CcC Correlation coefficient VMD Variational mode
decomposition
SSA Sparrow search algorithm GRU Gated recurrent unit
HAB Harmful algal blooms GDM Gradient  Descent  with
Momentum
CEEMDAN-  Combination of complete FCM Fuzzy clustering method
LZzC ensemble empirical mode
decomposition ~ with  an
adaptive noise Lempel-Ziv
complex
GP Grid partitioning IDW Inverse distance weighting
NF Neuro-fuzzy CGA Continuous genetic
algorithm
BN Bayesian network WGP Wavelete gentic

programation




Table S1: Abbreviations.

Abbreviations Description Abbreviations Description

KGE Kling—Gupta efficiency md Modified index of agreement

mNSE Modified Nash-Sutcliffe RSR Ratio of the RMSE to the
efficiency coefficient standard deviation

GM Grey model IGA Improved genetic algorithm

DE Differential evolution DOM Dissolved Organic Matter

WvVPp Water vapor pressure

FWNN Fuzzy wavelet neural WNN Wavelet neural network
network

MLE Maximal Lyapunov exponent MOGA Multi-objective Gentic

algorithm
MRE Maximum relative error
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