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Fig.A1. Calculation process of the level of economic development

1. Calculating the water footprint of energy production
Considering the energy production life cycle process, the above equation can be further expanded as: 
		(A.1)
where: p indicates the production process; j indicates the energy category; and the other variables are the same as in Eq.(6) to Eq.(9).
The grey WFE is calculated as follow:
		(A.2)
Where, the G represents the volume of pollutants emitted per unit of energy production (mg/GJ); L and Vp are represent the amount of wastewater discharged per unit of energy production (m³/GJ) and the concentration of pollutants in wastewater per unit volume (mg/m³) respectively.  represents the maximum permissible concentration of pollutants allowed in water quality standards (mg/m³).  represents the initial concentration of pollutants in water bodies (mg/m³), which sets as 0. Due to the presence of multiple pollutants in industrial wastewater, COD serves as a significant indicator for measuring organic pollution in the industrial sector, particularly in the energy sector. Therefore, this paper selects COD as the evaluation index when calculating the grey WFE.
Table A.1 
WF per unit of production in energy production life cycle in China
	Energy
	Energy production processes
	Values
	References

	Coal
	Raw coal mining
	Water consumption 
COD emissions values
The maximum cod value (Cmax)
	0.3 m3/t
300g/t
50mg/L
	(MEPC, 2008)

	
	Raw coal processing
	Water consumption 
COD emissions values
The maximum cod value (Cmax)
	0.15 m3/t
40g/t
70mg/L
	(MEPC, 2006)

	Crude oil
	Crude oil extraction
	Water consumption 
COD emissions values
The maximum cod value (Cmax)
	7 m3/t
46.2g/t
50mg/L
	(Gerbens-Leenes et al., 2008)

	
	Crude oil processing
	Water consumption 
	0.68 m3/GJ
	

	Natural gas
	Natural gas extraction
	Direct blue WF
The maximum cod value (Cmax)
	0.003 m3/ m3
20 mg/L
	(Ding et al., 2018)

	
	Natural gas purification
	Direct blue WF
	0.109 m3/GJ
	(MEPC, 2002)

	Thermal power
	
	Direct blue WF
Direct grey WF
Indirect blue WF
Indirect grey WF
	0.681 m3/GJ
0.083 mg/GJ
0.063 m3/GJ
0.387 mg/GJ
	(Guan et al., 2019)

	Hydropower
	Hydropower generation
The construction of dam
	Direct blue WF
Indirect blue WF
	6.75 m3/GJ
0.00168 m3/GJ
	(Ding et al., 2018)

	Nuclear power
	Power generation in the plant
	Direct blue WF
COD emissions values

	0.015 m3/GJ
36.63 mg/MWh
	(Zhang et al., 2019)

	
	Uranium ore mining and the conversion, enrichment, fabrication of fuel.
	Indirect blue WF
COD emissions values
The maximum cod value (Cmax)
	0.086 m3/GJ
874 mg/MWh 
20mg/L
	(Fthenakis & Kim, 2010)

	Wind power
	
	Indirect blue WF
	0.0005 m3/kWh
	(Gerbens-Leenes et al., 2008)

	Solar power
	
	Indirect blue WF
	0.265 m3/GJ
	


Notes: The direct grey WF for processing was not included in this study due to the unavailability of data. The grey WF of the processing plant was not calculated due to the unavailability of data. Since the China Environmental Statistics Yearbook includes the COD emissions from oil and gas extraction as one total value, this study will take the proportion of direct blue WF in oil and gas extraction as the proportion of COD emissions from oil and gas extraction.

2. Prediction model 
In the sparrow algorithm, the basic parameters such as the number of iterations required for the population and the population size are specified, and the percentage of producers is also set. Suppose the number of sparrows in the population is N, and the optimal solution dimension is d. Each sparrow's position can be represented as X, with a fitness value . The initial population can thus be represented as:
		(A.3)
Subsequently, the positions of the various subgroups within the population are iteratively updated according to specific rules. Additionally, it is essential to monitor for any warning indicators:
1)Discoverers
In each generation, the top  sparrows with the highest fitness values are selected as discoverers. The position update formula for these discoverers is given by:
		(A.4)
where,  represents the position information of the dimension j of the individual 𝑖 in the generation t. 𝛼 is a uniformly distributed random number in the interval [0,1],  is the maximum number of iterations, Q is a random number following a normal distribution, and R2 is a uniformly distributed random number in the interval [0,1], representing the current warning value. ST denotes the alert threshold.
2) Followers
In addition to the discoverers, the remaining N-PN individuals serve as followers. The position update formula for the followers is given by:
		(A.5)
where, xp represents the optimal position of the current discoverers, and xworst represents the current worst position. A is a 1D matrix, with each element randomly assigned a value of 1 or -1.
3) Scouts
Each generation randomly selects SD sparrows to act as scouts for early warning and exploration. The position update formula for scouts is as follows:
		(A.6)
In the Equal (A.6), xbest denotes the current global optimal position, β is the step control parameter, K is a random number in the interval [-1,1], fi represents the fitness value of the sparrow i, and fg and fw are the global best and worst fitness values, respectively.
Upon completing the specified number of iterations, the final optimal solution is derived and subsequently integrated into the GRU neural network for parameter optimization and testing. 

3. Validation Tests of Predict Models
Table A.2 reports the validation performance of the two SSA-based recurrent architectures considered in this study (SSA-LSTM and SSA-GRU) using RMSE, MAE, and R2. The SSA-GRU achieves substantially lower prediction errors (RMSE = 0.017; MAE = 0.013) than the SSA-LSTM (RMSE = 0.060; MAE = 0.047), indicating more accurate and stable out-of-sample fitting. In addition, SSA-GRU yields a positive coefficient of determination (R2 = 0.625), whereas SSA-LSTM produces a negative R2 (-4.102), implying that the latter performs worse than a mean-baseline predictor on the validation set. These validation results support our selection of SSA-GRU for the subsequent forecasting analysis.

Table A.2 
Validation Tests
	
	RMSE
	MAE
	R2

	SSA-LSTM
	0.06
	0.047
	-4.102

	SSA-GRU
	0.017
	0.013
	0.625
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