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Appendix A. Production Structure and Functional Forms
The notation used in this appendix is summarized below. 
Table A1. Notation
	Symbol
	Definition

	Y
	Output

	R
	Tax revenue

	T
	Lump-sum transfer

	E
	CO2 emissions

	p
	Price of goods and factors

	t
	Price of allowances

	x
	Material inputs

	e
	Energy inputs (electricity and fuels)

	s
	Electricity inputs

	f
	Fuel inputs

	d
	Domestic intermediate inputs

	n
	Imported intermediate inputs

	m
	Labor inputs

	w
	Capital inputs

	res
	Natural resources inputs

	lnd
	Land inputs

	



,,, 
	Factor endowments

	

	The elasticity of substitution between inputs

	

	Parameters of CES functions

	i,j,l
	Sectors 

	k
	Subsectors




Production

Production in each sector is represented by the nested structure shown in Figure A1.  parameters in the figure are elasticities of substitution in production.  
[image: ]

Figure A1. Nested CES Production Structure for Each Sector
The structure described below applies to all sectors other than renewables-based electricity.  It also applies to subsectors of the electricity, iron&steel, aluminum and cement sectors. The structures for solar, wind, hydro, and nuclear electricity subsectors are similar, except that they have natural resources (res) as their inputs. 



In each sector or subsector, producers employ material inputs (x), energy inputs (e), and factors (mw) to produce output.  As indicated in Figure A1, the material inputs x1, x2, …, x24 combine to produce the composite material input x.  Each of the material inputs xi is a composite of a domestically produced material input dx,i and, if any, a foreign-produced material input nx,i. The energy composite (e) is produced from electricity (s), heat (h) and fossil fuels (f), and the fossil fuel is a composite of five fuel inputs f1, f2, …, f5 (coal, crude oil, natural gas, gas manufacture & distribution and petroleum products). Producers also employ factors of production labor (m), capital (w) and, if any, land (lnd). The output is allocated toward the domestic market or the export market. and  represent the output devoted to each of these markets.
The model employs the constant-elasticity-of-substitution (CES) functional form for the production functions at each stage of the production nest. A general equation for this functional form is:  

		








where .  The parameter  is equal to , where  is the elasticity of substitution among  in producing V. Equation (A1) indicates the relationship, at any given point of the nest, between a given composite and its underlying elements. A constant elasticity of transformation (CET) function maps the total output into the domestic supply  and export .

		

		







where , and  is the elasticity of transformation between  and .,  and  denote the domestic price, export price, and composite price of the produced good, respectively. As these functions indicate, the fraction of Y devoted to the domestic market and exports is a function of the real prices of goods sold to the domestic and foreign markets. In all equations in this appendix, the price shown is inclusive of any tax and net of any subsidy.  
State-Owned Enterprises 
State-owned enterprises (SOEs) and privately-owned enterprises (POEs) are modeled as profit-maximizing firms that enjoy subsidies and face taxes. SOEs receive favorable treatment relative to POEs through input subsidies. Despite the SOEs’ favorable treatment, the two types of firms share the markets for specific products and receive the same prices for these products. For a given product, both SOEs and POEs choose levels of output that bring the marginal costs from their differing marginal cost functions up to the common output price.
SOEs benefit from preferential treatment through lower interest rates in capital markets due to government subsidies (Cull and Xu, 2003; Guariglia et al., 2011; Song et al., 2011; Harrison et al., 2019). These are modeled as subsidies to their capital inputs. SOEs also offer superior benefits to their employees, including higher social security and pensions. The associated higher labor costs are often offset by government transfers (Hering & Poncet, 2010; Démurger et al., 2012; Berkowitz et al., 2017). This is captured via a higher tax rate on the labor input of SOEs and lump-sum transfers from the government to SOEs.
The model assumes there are two representative firms in each sector (or in each subsector, when subsectors are identified), with one representing SOEs and one representing POEs. 

Administered Electricity Pricing
In China’s electricity markets, generators sell some of their electricity at a government-administered price and some at market prices. The market price applies at the margin, that is, for the supply beyond a government-specified quantity to which the administered price applies inframarginally. The data indicates that the government-administered price is higher than the market price (CEC, 2019). We assume the administered price will remain constant at the level in the data, while the share of the administered electricity will decrease linearly to zero before 2025, following the expectation that China’s electricity market will be fully liberalized by 2025. Thus, the model incorporates administered pricing only through 2024.

A piecewise marginal revenue function captures the hybrid pricing structure. Three cases apply. Let  represent the level of output at which administered pricing no longer applies.  There are three cases:  






Case i) For firms that produce output above , the marginal cost is below the market price at the quantity , so firms have incentives to exceed  and face the market price at the margin.  Total expenditure on electricity by electricity consumers exceeds : this total is . The electricity consumers effectively face a lump-sum tax of .





Case ii) For firms that would produce less than , the marginal cost at the level  is higher than the administered price . The profit-maximizing output level is . All of their electricity is sold at the price .  








Case iii) For firms that would produce , the marginal cost at the level  is lower than or equal to the administered price  but higher than the market price . These firms could earn rents if  exceeds their marginal cost, yet they have no incentive to exceed  because output beyond  would need to be sold at the market price , which is below marginal cost.

[bookmark: _Toc63625938]Factor Types and Supply
Labor (m) is perfectly mobile across sectors, capital (w) is imperfectly mobile, and land (lnd) and natural resources (res) are immobile. In all sectors and in each period, the supplies of the imperfectly mobile factor are captured via a transformation function that allocates capital across sectors and subsectors. Changes in relative prices alter this allocation. The marginal returns to capital and the associated market price of capital generally will differ across sectors and subsectors, a reflection of imperfect mobility. 

The transformation function, , has the CET functional form and is expressed by: 

		






where  and , where  is the elasticity of transformation among sectors. The element  denotes the fixed endowment of capital and the allocation of  to sector j.  
The model assumes that owners of capital make investments so as to maximize their returns from capital. The maximization problem is expressed by the following:

		



where  denotes the allocation of capital to sector j and  is the sector-specific price of the factor w. is the CET function for capital. As indicated earlier, the model distinguishes subsectors of the electricity, cement, aluminum, and iron & steel sectors, to reflect within-sector differences in technology or emissions intensities. The same maximization problem determines the allocation of capital across subsectors. 
The government’s preferential treatment of SOEs (described above) influences both the average return to capital and its relative returns across sectors. These interventions affect the capital owner’s optimizing investment decisions and the allocation of capital across sectors. The same maximization problem in Equation (A5) determines the allocation of capital between SOEs and POEs within a subsector.
[bookmark: _Toc63625939]Inputs and Outputs 
Firms make choices of variable inputs and levels of output consistent with the objective of profit maximization.  The modeling of these choices is shown below. For convenience, the sector subscript has been suppressed in this subsection. 

Optimal Input Intensities

For any CES function of the form in Equation (A1), the Lagrangian equation for obtaining the composite  at minimum cost is given by: 

		


where pi is the price of input . From this minimization problem, the optimal demand of input  per unit of the composite V is derived as:  

		

where  is the constant elasticity of substitution equal to . p is the price of the composite V:

		

Optimal Supply of Output
For fossil-based electricity subsectors and other sectors, the profit function is:

		
            For 	solar, wind, hydro, and nuclear electricity subsectors, the profit function is: 

		



where the C is the cost of production inputs, which equals the payment to x and emw,  and denote the price and endowment for natural resources. The  denotes the composite price of the produced good: 

		



where  is the domestic price,  the export price,  the elasticity of transformation between domestic and export supply. Thus, the composite price is a function of the market prices for the sale of the output to the domestic and export markets.
Differentiating the profit function with respect to x gives the first-order condition for x, where the left-hand side represents the marginal revenue of x and the right-hand side represents the marginal cost of x: 

		
From the first-order condition, we can solve the optimal quantity of x as a function of output. 

		
Similarly, differentiating the profit function with respect to emw gives the first-order condition for emw. And from the first-order condition, we have the optimal quantity of emw as a function of output. 

		

		
[bookmark: _Toc63625940]Under the model’s production structure, each firm’s production exhibits constant returns to scale. The firm chooses the level of output at which the marginal production cost equals the price. Applying the optimal x and optimal emw in equations (A13) and (A15) to the optimal input intensities, we get the optimal levels of all inputs. 
Household Behavior
Consumption 
[image: ]In the model, a representative household makes consumption choices to maximize utility. The nested structure of the utility function is below. The household chooses between material goods (x) and energy goods (e). At the next level, the material composite is a CES combination of material goods, x1, x2, …, x24.  The energy composite is a CES function of electricity (s), heat (h) and fuel composite (f). The fuel composite is a CES function of five fuel goods, f1, f2, …, f5. Each xl, fl, and s is a composite based on the domestically and foreign supplied component. 

Figure A2. Household Demand Structure

The CES functional form in Equation (A1) applies to all nests in the household demand structure. The form of the price function in Equation (A8) applies to the composite prices for all nests of the household demand structure. The household maximizes utility subject to its budget constraint. The maximization problem is:

		
where

 is the household expenditure,

 is income from the endowments of labor,

 is income from the endowments of capital,

 is income from the endowments of natural resources,

 is income from the endowments of land,

is the transfer from the government, and

 is private saving (discussed below). 

Investment
[bookmark: _Hlk141984030][bookmark: _Hlk142640000]Production of the investment involves the CES nested structure shown in Figure A3. 
[image: ]Figure A3. Nested Structure for Investment

The generalizable CES function form in Equation (A1) applies to all nests in the investment good production structure. The investment good is produced at the minimum cost. The minimum cost problem has the same form as that of the cost minimization problem of commodity goods. Hence the generalizable form in Equation (A8) applies to the investment good.
Household spends money on consumption and investment. Household’s expenditure on the investment good is determined by the price of the investment good and the substitution elasticity between consumption and investment, as Figure A4 shows.

[image: ]
Figure A4. Structure for Households’ Investment and Consumption Decision

Household’s expenditure on the investment good represents private saving. Therefore, household investment (i.e., private saving) is determined by the following equation, following Paltsev (2005):

		











where  represents private saving,  households’ total income. The left-hand side represents the change in private saving rate relative to the benchmark data.  the cost of investment good in period t, determined by Figure A4.  the price of consumption-investment composite. ,,, and  represent them in the benchmark data. The  is the elasticity between private saving rate and the price of investment good relative to the consumption-investment composite, and . is the annual reduction rate that represents an exogenously decreasing trend of private saving rate in China.
Government Behavior
[image: ]Government spending in the model is characterized by a CES preference function defined over a material-energy composite. The structure is the same as the structure for household consumption, with the only difference being the values of the elasticities and the shares of the inputs. 
Figure A5. Nested Structure for Government Spending

The government is assumed to balance its budget each year: 

		


where  is the expenditure on public consumption, R the total tax revenue (consists of output taxes, intermediate demand taxes, factor taxes, and final demand taxes), T the transfers to households, and  the public saving. Government consumption is set as a fixed share of GDP and characterized by a CES preference function defined over the material-energy composite. The transfer to households is endogenously determined by the government’s budget balance requirement. Public saving is also specified as a fixed share of GDP.
The generalizable CES function form in Equation (A1) applies to all nests in the government demand structure. The composite final good is produced at minimum cost. The minimum cost problem has the same form as that of the cost-minimization problem for the outputs of the model’s various sectors. Hence the generalizable form in Equation (A8) applies to the government’s composite good.



Appendix B. Data and Method for Subsector Classification and Data Processing
Subsector Classification
In the model, the electricity, cement, aluminum, and iron & steel sectors include subsectors distinguished by technology or emissions intensity. 

Electricity Sector
The electricity sector embraces 15 subsectors, with each subsector representing a different electricity generation technology. The first 11 technologies differ in terms of fuel input (coal or gas), capacity (300MW, 600MW, etc.), and temperature & pressure (subcritical, supercritical, etc.). The 12th - 15th technologies are low-carbon (wind, solar, hydro, and nuclear) electricity generation. The differing fuel input intensities imply different emissions intensities. 
In our data, there are 1,929 coal-fired and gas-fired units, generating 23 billion kWh in 2017, covering 49.7% of China’s coal- and gas-fired electricity generation.[footnoteRef:1]  [1:  The data were collected on a voluntary basis by the Ministry of Ecology and Environment (MEE), leading to some missing data. However, we believe the available data to be representative. The average emissions intensity of fossil-based electricity production in our dataset is 0.78 tCO2/MWh. This closely aligns with the national average emission intensity of fossil-based electricity for the corresponding year, which was reported as 0.77 tCO2/MWh in the Energy Balance Table of 2017.] 



Table B1. Subsectors of the Electricity Sector
	Technology Category
	Subsector

	Coal-fired (other than circulating fluidized bed)
	LUSC - 1000MW Ultra-supercritical

	
	SUSC - 600MW Ultra-supercritical

	
	LSC - 600MW Supercritical

	
	SSC - 300MW Supercritical

	
	LSUB - 600MW Subcritical

	
	SSUB - 300MW Subcritical

	
	OTHC - Install capacity less than 300MW

	
	

	Circulating Fluidized Bed
	LCFB - Circulating Fluidized Bed Units (with installed capacity greater than or equal to 300MW)

	
	
SCFB - Circulating Fluidized Bed Units (with installed capacity less than 300MW)

	
	

	Gas-fired
	HPG - F-class

	
	LPG - Pressure lower than F-class

	
	

	Other
	Wind power

	
	Solar power

	
	Hydropower

	
	Nuclear power



The cement and aluminum sectors include subsectors categorized according to their observed emissions intensities. Iron & steel sector includes subsectors categorized by their production technologies and observed emissions intensities. We use a machine-learning method to cluster plants with varying emissions intensities into distinct subsectors. The first step is to decide the resulting number of subsectors. The second step is to employ the clustering algorithm to find cluster centers and assign plants to each cluster such that the distance (i.e., the difference between the center’s emissions intensity and the plant’s emissions intensity) is minimized. Various clustering algorithms differ in how “cluster center” and “distance” are defined. We employ the k-means algorithm. Below we document this clustering process for cement, aluminum, and iron & steel, respectively. 


Cement 
In our data, there are 797 cement production facilities from 631 cement firms, covering 57% of China’s cement production.[footnoteRef:2] We have the CO2 emissions intensity data for each facility.[footnoteRef:3] We apply a clustering algorithm to group the production facilities into five clusters. The lowest and highest clusters have very few production facilities, so we include them in the closest intermediate groups. Each of the resulting three clusters represents a subsector of the cement sector.  The clusters are indicated in Table B2 below.  Figure B1 shows the cumulative density function that captures the relationship between the emissions intensities of the three emissions-intensity groups and cumulative cement production. [2:  The average emissions intensity of cement in our data is 0.87 tCO2/ton cement. This value closely aligns with the published national-average emissions intensity of 0.87 tCO2/ton cement (Ding, 2021), making the dataset representative.]  [3:  The cement production process is primarily divided into two steps: cement clinking and clinker grinding. The emissions data here are emissions in the cement clinking process. Given that the emissions from the clinker grinding step account for a minor fraction of the total emissions in cement production, using the emissions intensity of cement clinker to define subsectors approximates fairly closely the emissions intensity of cement production. ] 

[image: ]Table B2. Subsectors of the Cement Sector
	Subsector
	CO2 emission intensity

	High-efficiency 
	CO2 emissions intensity < 0.845 tCO2/ton cement 

	Medium-efficiency 
	0.914 > CO2 emissions intensity ≥ 0.845 tCO2/ton cement 

	Low-efficiency 
	CO2 emissions intensity ≥ 0.914 tCO2/ton cement 


Figure B1. Clustering of Cement Sector by Emissions Intensity
Aluminum
In our data, there are 116 aluminum production facilities from 64 aluminum firms, covering 42% of China’s aluminum production.[footnoteRef:4] We use the same clustering method as cement – we first group the 116 production facilities into 5 clusters, and then regroup the lowest and highest clusters to their closest groups, respectively. We end up with three clusters, each representing one subsector in the aluminum sector, as shown in Table B3 and Figure B2.  [4:  The average electricity intensity of aluminum in the data is recorded at 13,218 kWh/ton aluminum, which closely aligns with the published national average level of 13186 kWh/ton aluminum (NDRC, 2021).] 


Table B3. Subsectors of the Aluminum Sector
	Subsector
	CO2 emissions intensity

	High efficiency
	CO2 emissions intensity < 8.00 tCO2/ ton aluminum

	Medium efficiency
	8.33 > CO2 emissions intensity ≥ 8.00 tCO2/ ton aluminum

	Low efficiency
	CO2 emissions intensity ≥ 8.33 tCO2/ ton aluminum


[image: ]
Figure B2. Clustering of Aluminum Sector by Emissions Intensity



Iron & Steel
We first classify iron & steel units into two technology categories: basic oxygen (BO) steelmaking and electric arc (EA) furnace steelmaking. Units within each technology category are further classified into subcategories based on their observed emissions intensities. 
There are 187 BO steelmaking units with a total production of 600 million tons of crude steel, and 262 EA steelmaking units with a total production of 133 million tons of crude steel. In total, our data cover 88% of the national crude steel production in 2017.[footnoteRef:5] [5:  The average emissions intensity of BO and EA iron and steel production in our data is 1.40 tCO2/ton, which closely aligns with the published national average level of 1.37 tCO2/ton (NBS, 2018).] 

We use the same clustering method as the one applied for cement and aluminum. We first cluster the 187 BO steelmaking units into 5 clusters, and then regroup the lowest and highest ones to their closest groups, respectively. We end up with three clusters, each representing one subsector in BO steelmaking units. Similarly, we cluster the 259 EA steelmaking units into 5 clusters, and then regroup the lowest and highest clusters to their closest groups, respectively, and we end up with three clusters, each representing one subsector in EA steelmaking units.  

Table B4. Subsectors of the Iron & Steel Sector
	Subsector
	CO2 emissions intensity

	Basic oxygen steelmaking
	CO2 emissions intensity < 1.41 (tCO2/ton)

	
	1.98 > CO2 emissions intensity ≥ 1.41 (tCO2/ton)

	
	Carbon emissions intensity ≥ 1.98 (tCO2/ton)

	
	

	Electric arc furnace steelmaking
	CO2 emissions intensity < 0.125 (tCO2/ton)

	
	0.235 > CO2 emissions intensity ≥ 0.125 (tCO2/ton)

	
	CO2 emissions intensity ≥ 0.235 (tCO2/ton)


[image: ]
Figure B3. Clustering of Electric Arc Furnace Steelmaking by Emissions Intensity

[image: ]Figure B4. Clustering of Basic Oxygen Steelmaking by Emissions Intensity




Data Processing
The data are processed in four steps. First, the 149 sectors’ input-output data from China’s 2017 input-output table are aggregated to the 31 production sectors in our study and scaled to 2020, the first simulation year. We use three scalers to translate these input and output data to 2020: one for the service sector, one for the agriculture sector, and one for other sectors. The data are scaled so that the GDP, as well as the value-added shares of the service sector and agriculture sectors, match the published statistics in 2020 (NBS, 2021). Second, the sectors are then disaggregated into subsectors for electricity, cement, aluminum, and iron & steel according to the subsector-level information, which is obtained by aggregating the firm-level Ministry of Ecology and Environment (MEE) data. The disaggregation method is described in the next paragraph. Third, we scale all tax and subsidy rates reported in GTAP for 2014 (the latest version) by a common factor so that the total tax revenue net of subsidies matches that in 2020 (NBS, 2021).[footnoteRef:6] Fourth, we re-balance the input-output data after these adjustments, as described in the subsection “Input-Output Table Rebalance” below. Lastly, we further disaggregate the sectors (or subsectors for electricity, cement, aluminum, and iron & steel) into SOEs and POEs. This disaggregation ensures that the inputs and outputs of SOEs and POEs match the empirical evidence while maintaining the balance of the input-output data. Details about the parameters related to SOEs and POEs are provided in Appendix C.  [6:  Wind and solar electricity have higher unit cost than fossil-based electricity. China’s government gives subsidies to solar and wind electricity generators. We obtain the subsidy rates from Direct Trading Pilots of Green Power. The subsidies are projected to decrease. Studies have projected that these existing subsidies will decrease to zero before 2025 (Tu et al., 2019; Zhang et al., 2021). Therefore, we assume the subsidy rates for wind and solar electricity will decrease linearly to zero in 2025.] 


Disaggregating Sector-Level Data to the Subsector Level
The input-output table provides sector-level data on economic values. The sectors are then split into subsectors (for electricity, cement, aluminum, and iron & steel sectors). The disaggregation method is described below.



For factor inputs (), material inputs , and exports (), sector-level electricity, cement, and aluminum data are split into subsectors by assuming that each subsector’s share of a corresponding input (or export) equals the subsector’s output share. As for the material inputs for the iron&steel sector, we consider the different technical properties of the basic oxygen (BO) steelmaking and electric arc furnace (EA) steelmaking subsectors: BO steelmaking converts iron ore into pig iron and then into steel, while the EA steelmaking directly converts scrap or direct reduced iron to steel by electric arcs. Therefore, we assume that the BO steelmaking subsector uses all the iron ore and mineral material inputs in the iron & steel sector. The iron&steel inputs of the EA steelmaking subsector account for 60% of its total input, while the iron&steel inputs of the BO steelmaking subsector only account for 20%, according to Lu et al. (2015). Other material inputs, factor inputs, and exports of the iron & steel sector are split in the same way as the electricity, cement, and aluminum sectors.
For energy inputs in the electricity sector, the MEE data provides each coal-fired subsector’s share of coal use, and each gas-fired subsector’s share of gas usage. For energy inputs in the cement and the iron&steel sector, the MEE data provides each subsector’s share of fuel composite. We assume that a subsector’s share of the fuel composite applies to each fuel. For energy inputs in the aluminum sector, the MEE data provides each subsector’s share of electricity input. We assume this share also applies to other energy inputs. 
The MEE data provides emission data in electricity, cement, aluminum, and iron&steel sectors. The emission data only covers a subset of the whole sector. For example, data on the cement sector covers 57% of China’s cement production. We scale the emissions data up by the share of coverage for each of the four sectors. Then, for the electricity, cement, aluminum, and iron&steel sectors, the emission data at the sector level are split into subsectors in the same way as we split energy inputs. Note that the cement sector, in addition to emissions from consuming energy inputs, also emits CO2 in the process of carbonate decomposition (CaCO3 decomposed to CaO and CO2).

Input-Output Table Re-balance 
After data processing described above, the original input-output table becomes unbalanced – the total inputs of a sector differ from the sector’s total outputs. We thus apply a least-square optimization method to obtain a balanced input-output table following Zhang et al.(2013): 

		











where  represent the adjusted domestic material input i of sector j, subsector k,  the energy input l,  the capital input, and  the labor input. , , ,  represent the corresponding accounts before the re-balance.  is the share of natural resources for low-carbon electricity production subsectors. The objective function is to minimize the difference between the adjusted and unadjusted original value. In the first constraint, the left-hand side represents the total inputs of sector j, subsector k. The right-hand side is the total output of sector j, subsector k, where  represents the subsector k’s output share in sector j.


Data on Import and Export and Emission Intensity by Sector
Table B5. Import and Export as Ratios to Sectors’ Total Output
	Sector
	Export to total output (%)
	Import to total output (%)

	Cement
	0
	0

	Iron & steel
	5
	4

	Aluminum
	8
	1

	Pulp & paper
	4
	6

	Other non-metal products
	5
	2

	Other non-ferrous metals
	3
	14

	Raw chemicals
	7
	14

	Agriculture 
	1
	7

	Mining
	1
	63

	Food
	3
	4

	Textile
	16
	5

	Clothing
	36
	4

	Log & furniture
	19
	4

	Printing & stationery
	25
	3

	Daily chemical products
	9
	7

	Metal products
	12
	4

	General equipment
	16
	16

	Transport equipment
	7
	17

	Electronic equipment
	36
	22

	Other manufacturing
	11
	27

	Water
	0
	0

	Construction
	0
	0

	Transport
	14
	6

	Services
	4
	3

	Electricity
	0
	0

	Petroleum refining
	2
	5

	Heat
	0
	0

	Coal
	1
	12

	Crude oil
	1
	238

	Natural gas 
	0
	0





Table B6. Sector Emissions Intensities
	Sector
	Emissions intensity (t/kRMB)

	Cement*
	1.944

	Iron & steel
	0.235

	Aluminum
	0.446

	Pulp & paper
	0.053

	Other non-metal products
	0.062

	Other non-ferrous metals
	0.054

	Raw chemicals
	0.098

	Agriculture 
	0.013

	Mining
	0.018

	Food
	0.008

	Textile
	0.007

	Clothing
	0.002

	Log & furniture
	0.003

	Printing & stationery
	0.001

	Daily chemical products
	0.003

	Metal products
	0.003

	General equipment
	0.005

	Transport equipment
	0.002

	Electronic equipment
	0.001

	Other manufacturing
	0.004

	Water
	0.038

	Construction
	0.003

	Transport
	0.072

	Services
	0.001

	Electricity
	0.858

	Petroleum refining
	0.041

	Heat
	0.756

	Coal
	0.029

	Crude oil
	0.043

	Natural gas 
	0.007

	Gas manufacture & distribution
	0.003


* Cement has a higher emissions intensity in value terms than that of electricity. However, it has not been covered by the TPS until the second phase, so their benchmarks are relatively less stringent than those of electricity. Also, it has a lower demand elasticity than electricity. Therefore, in section 6.2, the output quantity reduction of cement is less significant than that of electricity.





Appendix C. Parameters and Calibration Methods
Production Parameters

	The balanced input-output table described in Appendix B provides benchmark data for output, material, energy and factor inputs. We then calibrate the share parameters of CES functions that have the functional form of Equation (A1), , by inverting the optimal input intensity function, Equation (A7):

		





where  is the share parameter of the CES production function, the output quantity,  the quantity of input i,  the benchmark price of input i  and  the benchmark price of output.


	To calibrate , we need to obtain the elasticities of substitution () at different levels of the nested CES structure. In the subsections below, we discuss how we obtain them.


Substitution Elasticity between Electricity and Other Fuels ()

One important parameter is the elasticity of substitution between electricity and other fuels (). We calibrate this based on data for the price elasticity of demand for electricity. Estimates for this price elasticity in China range from -0.1 (Shi et al., 2012) to -2.9 (He & Reiner, 2016), with most of the long-run values (consistent with the scope of our model) around -0.5. We adopted the estimation by (Hu et al., 2019) due to its more recent and rich dataset, assuming the price elasticity of electricity to be -0.5.


Substitution Elasticity between the Energy Composite and Factor Composite ()
Our aim is to estimate the ease of changing the heat rate for each of the fossil-based electricity subsectors. Heat rate, which measures the energy used by a power plant to generate one kilowatt-hour (kWh) of electricity, serves as an efficiency indicator for power plants. 
The NDRC reports provide estimates on the costs and potential heat rate reductions across different measures for both coal-fired and gas-fired power plants in China.[footnoteRef:7] The coal-fired power plants data feature 26 measures, and gas-fired power plants feature 11 measures. These measures can be categorized into improvements for the boiler island, turbine island, flue gas system, air pollution controls and water treatment system, etc. We rank these measures by their unit cost, which yields marginal cost curves for heat rate reduction for coal-fired and gas-fired power plants, respectively, as shown in Figure C1.  [7:  The NDRC reports estimate the costs of these measures based on the pilot energy conservation programs in China.] 

[image: ]
Figure C1. Marginal Cost of Heat Rate Reduction with All Measures

 The estimation of the marginal cost curve presents a key challenge: it should exclude measures that have already been adopted as the marginal cost curve represents the costs of reducing heat rate from the cheapest measure. Following Burtraw et al. (2012), we assume that the observed heat rates are inversely correlated with the adoption of identified measures. Specifically, the power plants with higher emissions intensities have adopted fewer of the efficient techniques than the plants with lower intensities. 
We first categorize all power plants according to their heat rates, as Table C1 shows.[footnoteRef:8] We consider the most inefficient group (highest heat rate) as having access to all heat rate reduction measures shown in Figure C2, resulting in a marginal cost curve identical to that in Figure C1. On the other hand, the most efficient group (lowest heat rate) is assumed to have only two measures with the two highest unit costs available, leading to its marginal cost curve matching the two far-right segments of Figure C2. For the groups that lie between these two extremes, we assume a linear relationship between their heat rate reduction potentials and their differences from the lowest heat rate group in terms of median heat rate. The resulting curves are in Figure C2. [8:  We employ the k-means clustering algorithm to cluster all coal-fired power plants into seven groups with different heat rates, and gas-fired power plants into four groups.] 


Table C1. Heat Rate Range by Heat Rate Groups
	Heat rate group
	Heat rate range (Btu/kWh)

	Coal-fired Power Plants
	

	1 (most inefficient)
	(13015, 14000]

	2
	(11435, 13015]

	3
	(10182, 11435]

	4
	(9260, 10182]

	5
	(8535, 9260]

	6
	(7624, 8535]

	7 (most efficient)
	[7000, 7624]

	
	

	Gas-fired Power Plants
	

	1 (most inefficient)
	(11278, 13000]

	2
	(8593, 10435]

	3
	(7177, 8593]

	4 (most efficient)
	[6000, 7177]
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Figure C2. Marginal Cost of Heat Rate Reduction by Heat Rate Group

For each heat rate group, we then calibrate the price elasticity of the demand for fossil fuel input to fit the marginal cost curve for each heat rate group, as Table C2 shows. The elasticity in each subsector was then calculated, considering the distribution of plants among the heat rate groups, as Equation (A21) shows.

		



where is the price elasticity of coal for subsector k,  is the price elasticity of fossil fuel for heat rate group h,  is the output share of heat rate group h in subsector k. 	


Finally, we use  to calibrate the energy-factor elasticity in production,, for each fossil-based electricity subsector. 

Table C2. Calibrated Energy-Factor Elasticity of Substitution
for Fossil-based Electricity Subsectors

	Fossil-based subsectors
	Energy-factor elasticity of substitution

	Coal-fired Subsectors
	

	LUSC
	0.229

	SUSC
	0.219

	LSC
	0.259

	SSC
	0.253

	LSUB
	0.299

	SSUB
	0.295

	LCFB
	0.373

	SCFB
	0.340

	OTHC
	0.361

	Gas-fired Subsectors
	

	HPG
	0.041

	LPG
	0.161



Parameters related to Renewable Energy Supply 


The calibration of the elasticity of substitution between the resource and other input, denoted as , as well as the share of natural resource input, , seeks to incorporate a detailed representation of renewable and nuclear electricity supply in China. 


We use the Renewable Electricity Planning and Operation (REPO) Model,[footnoteRef:9] a model of China’s power system, to get the information on the marginal costs as a function of supply for renewable and nuclear electricity, and then perform simulations of the model with different values of  and  and identify the combinations that lead to similar marginal costs in the REPO model.  [9:  The REPO model (IEA and Tsinghua University, 2021; Zhang et al., 2023) captures China’s power sector in great detail. The marginal cost is a combination of the marginal generation cost and the cost of integration. Generation costs depend on technology-specific investment and operation costs, as well as site-specific wind and solar conditions. Integration costs include grid integration, balancing services, more flexible operation of thermal plants, reserve costs, etc., and increases as the wind and solar penetration level rises (Hirth et al., 2015). The integration cost of wind or solar is complex and highly context-specific. Therefore, the existing empirical studies, which focused on the US and the EU, may not be applicable to China. We thus rely on the REPO model for deriving the curves.] 

The derived curves are shown in Figure C3.
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Figure C3. Marginal Cost for Wind and Solar from the REPO Model



	We use the following equation from the top-level next of the production function to calibrate the parameters  and  in that function.

		


We obtain the values for  and  that best fit (using ordinary least squares) the supply curve in Figure C3.




For hydroelectricity and nuclear electricity, we use Leontief production functions, consistent with the fact that supplies of hydro and nuclear electricity in China are mainly constrained by planning and largely insensitive to electricity prices. Hence, for these subsectors,. The  parameter, representing the resource-related input not accounted for by other intermediate inputs or factor inputs, is derived from the literature. For hydroelectricity, it is calculated as the price difference between the hydroelectricity on-grid price (258.93 yuan/MWh) and the average on-grid electricity price (376.28 yuan/MWh) (NEA, 2018). The resulting  is 0.3119 ). For nuclear electricity,  equals 0.006 according to the share of payment for regional society in its total cost (IAEA, 2018). 

Parameters related to State-Owned Enterprises 
As indicated in the main text and Appendix A, the model assumes there are two representative firms in each sector (or in each subsector, when subsectors are identified), with one representing SOEs and one representing POEs. Table C3 presents for each sector the total output value and the SOE value share, based on data from the China Industrial Enterprise Database and the China Input-Output Table. 
[bookmark: _Hlk139447588]


Table C3. State-Owned Enterprises - Shares of Output
	Sector
	Benchmark-year output
(trillion RMB)
	SOE share
(percent)

	Cement
	0.71
	36

	Iron & steel
	5.89
	36

	Aluminum
	0.72
	31

	Pulp & paper
	1.92
	8

	Other non-metal products
	5.89
	36

	Other non-ferrous metals
	4.21
	31

	Raw chemicals
	8.49
	20

	Agriculture 
	11.89
	5

	Mining
	1.98
	51

	Food
	13.22
	23

	Textile
	4.04
	3

	Clothing
	4.26
	2

	Log & furniture
	2.66
	6

	Printing & stationery
	2.39
	8

	Daily chemical products
	7.06
	8

	Metal products
	4.49
	16

	General equipment
	8.26
	19

	Transport equipment
	8.93
	40

	Electronic equipment
	18.35
	9

	Other manufacturing
	1.21
	15

	Water
	0.26
	53

	Construction
	23.02
	39

	Transport
	14.97
	77

	Services
	93.15
	30

	Electricity
	4.88
	87

	Petroleum refining
	5.77
	69

	Heat
	0.60
	87

	Coal
	2.34
	69

	Crude oil
	0.81
	92

	Natural gas 
	0.37
	46

	Gas manufacture & distribution
	0.43
	46

	
	
	

	Average
	2.62
	31



To achieve consistency with specific benchmark (year-2020) data, several conditions must be met. They are as follows. We express the conditions as they apply to subsectors. In the sectors without subsectors, they apply only at the sector level. Definitions of symbols are indicated in Table C4 below.
The co-existence of SOEs and POEs with outputs of the same type of good implies that their marginal costs of production are the same at the given market’s output price. The marginal cost curves for SOEs and POEs exhibit different slopes.  We calibrate the production functions of the SOEs and POEs so that the differing marginal cost curves yield the same marginal cost at the benchmark levels of output.  The differences in the slopes of the marginal cost curves is attributable in significant part to the fact that the share of reproducible capital (an imperfectly mobile factor) differs at given output levels for the two types of firms. 

The calibration method is as follows.  The parameter  denotes the observed benchmark share of reproducible capital inputs in marginal cost:

		

The notations are in Table C4. We identify the values of  consistent with equal marginal costs at the observed benchmark input and output levels. Equation systems below denote the conditions.
(1) The equal-marginal-cost condition is:

		
(2) In each subsector, the ratio of SOE to POE capital intensities matches the observed level in the data.

		
(3) In each subsector, the combined capital used by SOEs and POEs matches the data.

		
(4) In each subsector, the combined labor used by SOEs and POEs matches the data. 

		
(5) The combined tax revenue of SOEs and POEs, after deducting subsidies to each subsector matches the data.

		





The five sets of conditions correspond to five types of parameters. For the cases where a subsector k applies, the five parameters are: (1) , the benchmark capital input quantity of SOEs of sector j, subsector k; (2) , the benchmark capital input quantity of POEs of sector j, subsector k; (3) , the benchmark labor input quantity of SOEs of sector j, subsector k; (4) , the benchmark labor input quantity of POEs of sector j, subsector k; and (5) , the labor tax rate of SOEs of sector j, subsector k.
The relationship between parameters and conditions is not a simple one-to-one mapping, since some conditions (e.g., conditions 1 and 5) are met by combinations of parameters. The conditions and parameters imply a 5jk simultaneous equation system, which we solve by Gaussian Elimination. 
Table C4. Parameters Related to State-Owned Enterprises  
	Symbol
	Definition

	j
	Index for sector

	k
	Index for subsector

	P
	Superscript for POEs

	S
	Superscript for SOEs

	

	Total output quantity

	

	Benchmark share of capital input in marginal cost

	

	Output quantity of the SOEs

	

	Output quantity of the POEs

	

	SOE and POE total quantity of intermediate inputs

	

	SOE and POE total quantity of labor inputs

	

	SOE and POE total quantity of capital inputs

	

	Quantity of SOEs’ capital inputs

	

	Quantity of POEs’ capital inputs

	

	Quantity of SOEs’ labor inputs

	

	Quantity of POEs’ labor inputs

	

	Total taxes paid by SOEs and POEs

	

	Tax rate of intermediate inputs

	

	Tax rate on POEs’ labor inputs

	

	Tax rates on SOEs’ labor inputs

	

	Tax rate on POEs’ capital inputs

	

	Subsidy rate on SOEs’ capital inputs

	

	Tax rate per unit of output 

	

	The ratio of capital input intensity of SOEs to that of POEs


Note: Symbols with bars represent the data or parameters that are observed or obtained from other studies. Symbols without bars are the parameters that require calibration. 
	 
Other Parameters 
Other elasticities employed in the production and demand functions are adopted from the GTAP database (Aguiar et al., 2019), the MIT-EPPA model (Chen et al., 2017), the RTI-ADAGE model (RTI International, 2015), the DIEM model (Ross, 2014), and literature (Cossa, 2004; Hertel et al., 2007; Hertel & Mensbrugghe, 2019; Jomini et al., 1991; Lian et al., 2020). Values for these parameters are presented in Table C5.


Table C5. Elasticities
	Parameter
	Source
	Values

	Production elasticities
	
	

	
	Calibrated 
	Solar: 0.27
Wind: 0.28
Hydro, Nuclear: 0

	
	GTAP, EPPA, RTI-ADAGE, DIEM
	0

	
	Calibrated
	Electricity: 0.04 - 0.37, see Table C2
Other sectors: 0.4

	
	Calibrated
	Other sectors: 0.50; Electricity: 0.01

	
	Hu et al. (2019)
	0.30

	
	Cossa (2004), RTI-ADAGE
	Other sectors: 1.00; Electricity: 0.10

	
	Jomini et al. (1991)
	Agriculture: 0.24
Coal, Crude oil, Natural gas, Mining: 0.20
Food: 1.12
Services: 1.36
Transportation: 1.48
Other sectors: 1.26

	
	GTAP, EPPA, DIEM
	0

	
	Hertel et al. (2007)
	Mining: 1.80 
Construction, Transportation, Services: 3.80 
Petroleum refining: 4.20
Agriculture: 4.84
Food: 5.09 
Cement, Other non-metal products: 5.80
Water, Gas manufacture & distribution, Electricity, Heat: 5.60
Pulp & paper, Iron & steel, Printing & stationery: 5.90
Coal: 6.10 
Transport equipment: 6.31
Raw chemicals, Daily chemical products: 6.60
Log & furniture: 6.80
Textile, Metal products, Other manufacturing: 7.50
Clothing: 7.63
General equipment: 8.10
Aluminum, Other non-ferrous metals: 8.40
Electronic equipment: 8.80
Crude oil: 10.40
Natural gas: 16.00

	
	GTAP
	Same as 

	Consumption elasticities
	
	

	
	GTAP
	0

	
	Calibrated
	0.55

	
	DIEM
	0.50

	
	GTAP
	Household consumption: 1.00

	
	
	Government consumption, investment: 0

	Saving elasticity
	
	

	
	Calibrated
	1.50

	Transformation elasticities*
	
	

	
	GTAP
	1.50 for capital, +∞ for labor

	
	GTAP
	3.00 for capital, +∞ for labor

	
	GTAP
	6.00 for capital, +∞ for labor


*  represents the factor transformation elasticities between sectors;  represents the factor transformation elasticities between subsectors within a sector;  represents the factor transformation elasticities between state-owned enterprises and private-owned enterprises within a subsector.
Parameters Influencing Intertemporal Allocation and Dynamics
Other parameters are closely related to intertemporal choices and economic growth.    These include the growth rate of effective labor, the rate of autonomous energy efficiency improvement, the savings rate, the reproducible capital depreciation rate, and the interest rate. 
Capital growth stems from private and public savings. According to Zhang et al. (2018), China’s public saving has been around 3% of GDP in recent years. Utilizing this data along with total investment data from the China IO table, we calculate private and public savings for the base year (2020). Then the two saving rates are determined to ensure that the resulting public and private savings match the base year data. The private saving rates for subsequent years are determined by Equation (A17). In the model’s central case, we apply a private saving rate annual reduction factor of 0.6%. This yields a baseline path for private saving rates consistent with the projected declining trends in China’s saving rates, according to Zhang et al. (2018). The public saving rate is assumed to remain constant at 3% of GDP, following Zhang et al. (2018). 
Real investment level in each period t is determined by total savings and the unit price of investment goods in that period. Capital growth from period t to t+1 is calculated as the investment of period t net of depreciation during period t. We apply an annual depreciation rate of 5%, following Herd (2020). The initial capital stock for the base year (2020) is derived from Holz & Sun (2018).
Technological progress takes two forms: autonomous energy efficiency improvement (AEEI) and Hicks-neutral technological change. Regarding AEEI: for sectors excluding the fossil-based electricity sector, we follow Chen et al.(2017), applying a 1% annual AEEI rate. For the fossil-based electricity subsectors, we again follow Chen et al.(2017), applying an annual AEEI rate of 0.4%. 
Hicks-neutral technological change applies to all sectors but at different rates across sectors. These differences give rise to important structural changes in China – in particular, the transition involving increased representation of the service sector (Święcki, 2017) and the increased penetration of renewable electricity. The rates of Hicks-neutral technological changes are set so that the model’s baseline path is consistent with the projections by the State Information Center (2020) and IRENA (2019a, 2019b). In keeping with these requirements, in the baseline, the GDP contributions from agriculture, industry, and service sectors are projected to change from 7%, 37%, and 56%, to 6%, 30%, and 64%, respectively, over the interval 2020-2035; and wind and solar energy costs decline by 36% over this interval. 
Appendix D. The Significance of Pre-existing Taxes
To confirm the impacts of pre-existing taxes on the relative cost of the TPS and C&T, we have performed counterfactual simulations altering the tax rates on capital, labor, and intermediate inputs. As indicated in Table D1, the cost ratio of TPS to C&T reduces as the magnitude of pre-existing taxes increases.

Table D1. Cost Ratio of TPS to C&T under Different Assumptions of the Extent of Pre-Existing Taxes in 2020-2035
	Scale of Pre-existing Taxes*
	TPS/C&T Cost Ratio

	0.0
	1.112

	0.5
	1.104

	1.0
	1.097

	1.5
	1.084

	2.0
	1.073


* The scale is the magnitude of pre-existing tax rates relative to the rates in the central case 

Appendix E. Dynamics of Potential Transition from TPS to C&T
In Section 6.1.2, we compared the costs of the TPS and an equally stringent C&T system when each policy is introduced in 2020 and maintained over the entire simulation period. In this appendix, we consider a scenario in which the TPS transitions to C&T at some future time, a transition currently under consideration by China’s planners.
In this transition scenario, the system is a TPS system before 2028 and a C&T system since 2028. That is, the transition is completed in one year, and there is no transition period during which the TPS and C&T co-exist.[footnoteRef:10]  [10:  In an alternative scenario, we assume the transition is gradual, starting in 2028 and completed by 2030. The TPS and C&T are both in place in 2028 and 2029, and C&T is the only ETS starting in 2030. During the transition period, the free allowances allocated by TPS’s benchmarks account for 2/3 and 1/3 of total free allowances in 2028 and 2029. This scenario yields results similar to those in the immediate transition case. ] 

Figure E1 shows the costs of Case 1, C&T, and the transition case. The transition case has lower costs than both Case 1 (TPS) and C&T since 2028. Its economic cost is lower than the TPS because of the absence of the implicit output subsidy. Its economic cost is lower than the C&T because of the differences in capital accumulation before the transition. Prior to the transition year, when the TPS system applies in the transition case, the aggregate investment is higher than in the C&T case. The higher investment reflects TPS’s implicit output subsidy, which implies lower prices of the more emission-intensive capital goods relative to the prices under C&T. As a result, during and after the transition, the economy’s capital endowment in the transition case is higher than in the C&T. The higher capital endowment implies a lower rental price of capital, which in turn implies a lower cost of CO2 abatement, as covered facilities can switch at a lower cost from carbon-based fuels to capital in production.
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Figure E1. Economic Cost under Transition to a Full C&T System, 2020-2035



Appendix F. Evaluation of PM2.5 Concentrations and Corresponding Health Co-benefits 
To calculate the health co-benefits from avoided pre-mature deaths, we apply an emission inventory model (described in Zheng et al. (2019)), an air-quality model (Polynomial function-based Response Surface Model, Pf-RSM, described in Xing et al. (2018)), and the Global Exposure Mortality Model (GEMM) developed by Burnett et al. (2018) to calculate PM2.5-related pre-mature mortalities under the baseline and the TPS. 
The emissions inventory model is the Air Benefit and Cost and Attainment Assessment System – Emission Inventory (ABaCAS-EI) model, which was jointly developed by the School of Environment at Tsinghua University, the Southern China University of Technology, and the University of Tennessee. It is widely used in China’s air quality research. It covers six major categories of anthropogenic emissions sources, each of which is further divided top-down into industry-level, fuel-level, and technology-level subsectors.
The air quality model is the Polynomial function-based Response Surface Model (Pf-RSM), which was developed by the School of Environment at Tsinghua. Pf-RSM combines mathematical and statistical methods and performs stable emissions concentration-response simulation.
To link the dynamic general equilibrium model to the air quality model, we first run the general equilibrium model to obtain results for sectoral fuel consumption and sectoral outputs. These results are then multiplied by the energy emission factors in the ABaCAS-EI emissions inventory to yield sectoral pollutant emissions at the provincial level.[footnoteRef:11] The air pollutants we consider include SO2, NOx, NH3, non-methane volatile organic compounds (NMVOCs), and primary particulate matter (PM). Then, the provincial sectoral emissions are employed as inputs to the RSM model. Using these inputs, the RSM model simulates the local air pollution concentrations for each province for each year. We focus on changes in provincial PM2.5 concentration because studies suggest that PM2.5 is responsible, and will continue to be responsible for a large fraction of premature mortality from air pollution in the next several decades (Burnett et al., 2018; Zhou et al., 2019; Wang et al., 2021). Figure F1 represents the results for the year 2035. Similar patterns can be observed for other years, with the only difference being the magnitudes. [11:  We assume that over the interval 2020-2035, the spatial distribution of firms within an industry and the energy emission factors do not change.] 
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Figure F1. Changes in PM2.5 Concentrations under the TPS Relative to the Baseline, 2035
Note: The abbreviations for provinces are AH-Anhui, BJ-Beijing, CQ-Chongqing, FJ-Fujian, GS-Gansu, GD-Guangdong, GX-Guangxi, GZ-Guizhou, HI-Hainan, HE-Hebei, HL-Heilongjiang, HA-Henan, HB-Hubei, HN-Hunan, JS-Jiangsu, JX-Jiangxi, JL-Jilin, LN-Liaoning, NM-Inner Mongolia, NX-Ningxia, QH-Qinghai, SN-Shaanxi, SD-Shandong, SH-Shanghai, SX-Shanxi, SC-Sichuan, TJ-Tianjin, XJ-Xinjiang, XZ-Tibet, YN-Yunnan, ZJ-Zhejiang. Results for Hong Kong, Macao, and Taiwan are not included in this figure due to data limitations in their emissions inventories. 

We calculate the health-related benefits from reduced air pollution concentrations as follows.  First, we apply the GEMM NCD+LRI method (Burnett et al., 2018) to estimate avoided pre-mature death related to reductions in chronic exposure to outdoor fine particulate matter (PM2.5) under different scenarios. The GEMM NCD+LRI adopts the following equation to quantify the relationship between the hazard ratio () and ambient PM2.5 concentration ():

		





where ,,,, andare shape parameters and are adopted from Burnett et al. (2018). Avoided deaths can then be calculated using Equation (A30). 

		




where  is the PM2.5 concentration under the baseline in period t, and is the PM2.5 concentration under the TPS in period t.  are the mortality rates with the lowest level of exposure to PM2.5 for age group m in China,  and are retrieved from the Global Health Data Exchange. We follow the convention to divide the national population into 12 subgroups (adults with ages 25 to 85 and above in five-year intervals).  are the baseline provincial population projections in period t and are sourced from Chen et al. (2020). 
We consider the uncertainties related to the hazard ratio from equation (A29). Following Burnett et al. (2014), we assume that  has a normal distribution. We sample 1,000 points from the normal distribution and calculate the mean and 95% confidence interval of avoided death, using Equation (A30). The results for avoided deaths are presented in Table F1. The confidence interval for total avoided premature deaths during the period 2020-2035 is 2.3-2.5 million; the interval for the average number of deaths annually is 142,000-159,000.


Table F1. Average Annual Avoided Deaths under the TPS, 2020-2035  (thousand)
	Provinces
	Annual avoided deaths
	95% confidence interval

	Beijing
	2.3
	(2.2,2.4)

	Tianjin
	2.1
	(2,2.2)

	Hebei
	10.7
	(10.2,11.2)

	Shanxi
	5.3
	(5,5.6)

	Inner Mongolia
	1.6
	(1.5,1.7)

	Liaoning
	5.0
	(4.8,5.3)

	Jilin
	1.9
	(1.8,2)

	Heilongjiang
	1.0
	(0.9,1)

	Shanghai
	2.9
	(2.8,3.1)

	Jiangsu
	10.0
	(9.4,10.5)

	Zhejiang
	5.9
	(5.6,6.3)

	Anhui
	7.2
	(6.7,7.6)

	Fujian
	3.8
	(3.6,4.1)

	Jiangxi
	5.5
	(5.1,5.8)

	Shandong
	13.0
	(12.3,13.6)

	Henan
	15.0
	(14.2,15.8)

	Hubei
	7.0
	(6.6,7.4)

	Hunan
	6.8
	(6.4,7.1)

	Guangdong
	11.8
	(11.1,12.6)

	Guangxi
	5.7
	(5.4,6)

	Hainan
	0.6
	(0.6,0.7)

	Chongqing
	2.5
	(2.3,2.6)

	Sichuan
	7.8
	(7.4,8.3)

	Guizhou
	2.1
	(2,2.2)

	Yunnan
	3.3
	(3.1,3.6)

	Tibet
	0.1
	(0.1,0.1)

	Shaanxi
	4.2
	(4,4.5)

	Gansu
	2.0
	(1.9,2.1)

	Qinghai
	0.5
	(0.5,0.6)

	Ningxia
	0.5
	(0.5,0.5)

	Xinjiang
	2.3
	(2.1,2.4)


Note: Hong Kong, Macao, and Taiwan are not included in this table due to data limitations in their emissions inventories. 


Appendix G. Estimation of the Geographical Cost Distribution


To assess the geographical distributional impacts, we use the following method. Let  be the income of sector i subsector k in province p, and  be the income of all sectors in province p. 

		


In Equation (A31), the term  represents the share of the income from sector i subsector k in province p in the national income from sector i subsector k. We assume these shares are the same and remain at the base year’s level for all years and in all scenarios.  in the base year can be calculated from the provincial input-output tables and the firm-level MEE data as we described in section 4.1.

Let  be the change of income of province p, then 

		

Equation (A32) is used to calculate the absolute change of the provincial income presented in Table 6 in Section 6.5. The percentage change can then be calculated by .
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