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Abstract: As China reaffirms its commitments to limit the climate change risk and improve air quality,
a combination of new policy and technology opportunities is presenting itself. A national emission
trading scheme (ETS) begun in 2017 and is showing great promise, creating decentralized incentives
for cost effective pollution mitigation. At the same time, sustained energy sector innovation is driving
the costs of renewable electric power generation below those of fossil fuel substitutes. Early economic
evidence of ETS measured pollution reductions, but has not addressed important economy-wide
net benefits. This paper focuses on technology and energy cost savings and is the first to account
for three multiplier effects—shifting consumption patterns, job growth, and the benefits of induced
productivity growth—that would result from accelerated renewable electricity deployment in China.
Results from a dynamic recursive computable general equilibrium model for 2017 to 2030 show
that expanding renewable deployment can interact with the ETS to slash GHG emissions, as well as
energy costs, stimulating significant long-term economic growth. These results suggest that China
should accelerate its clean energy transition, not only for the air-quality and climate benefits, but to
fulfill the energy sector’s potential to promote innovation, employment, and economic growth.

Keywords: power system; renewable costs; emission trading scheme; economic growth; CGE modelling

1. Introduction

The People’s Republic of China is the world’s largest emitter of greenhouse gases
(GHG), 44% (4143 MtCO2) of which came from the electric power system in 2017 [1]. Ac-
cording to its nationally determined contribution (NDC) to the United Nation’s Framework
Convention on Climate Change (UNFCCC), the Chinese government pledged to lower
CO2 emissions per unit of GDP by 60% to 65%, relative to the 2005 emissions, increasing the
share of non-fossil fuels in primary energy consumption to around 25% by 2030. Accelerat-
ing the replacement of traditional energy with renewable substitutes would help transform
the power system and reduce carbon emissions. China has already demonstrated rapid
growth in renewable electricity generation, which increased from 736 TWh (17% of total
electricity generation) to 1931 TWh (26%) between 2010 and 2019 [2].

Renewable energy costs have experienced an unprecedented decline. Over the past
decade, the global weighted-average levelized cost of electricity (LCOE) has fallen by 82%
for photovoltaics (PV), 39% for onshore wind, and 84% for battery storage [3,4]. Even
without accounting for the social cost of carbon, the all-inclusive costs of electricity from
new PV and onshore wind are now below the marginal operating costs of an increasing
number of existing coal-fired power plants [5]. In market economies, this cost trend will
support autonomous power system transformation, reduce fossil fuel dependence and
related environmental impacts, and reduce wholesale and retail electricity costs [6,7]. As a
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result, new opportunities will arise for cutting consumer and manufacturer energy costs,
improving human welfare, and boosting economic growth.

Government policy is also driving the renewable transition. Dechezleprêtre and
Sato [8] found “strong evidence that environmental regulations induce innovation activity
in cleaner technologies”. The carbon emission trading scheme (ETS) is among the most po-
tentially impactful approaches to driving the renewable transition. In 2011, China launched
a pilot ETS covering seven leading provinces and cities, including Beijing, Shanghai, Guang-
dong, Shenzhen, Tianjin, Chongqing, and Hubei. By the middle of 2019, the cumulative
trading volume of the pilot ETS covered 330 MMT CO2e of emissions, with a cumulative
transaction value of 7.11 billion RMB [9]. In December 2017, China officially launched its
national ETS, and electric power was the first industry included in the system [10]. To
date, active research literature has evaluated China’s ETS, which suggests that China’s ETS
mitigates CO2 emissions and promotes renewable energy deployment, but hinders the
economy—although there is significant disagreement about the magnitude and direction
of the net economic impacts. However, few studies focus on the comprehensive impact of
renewable technology improvement and the ETS in the context of the renewable energy
cost crossover.

Further, the existing literature does not account for the three critical indirect benefits
of China’s clean energy transition that could magnify the impacts of accelerating China’s
renewable electricity transition through technology improvement and the ETS. Falling
energy expenditure, even in the presence of “rebound effects” that may partially offset
energy cost savings, offers many such benefits via higher real income and expenditure
shifting. More accommodating labor markets can also amplify economic gains, due to the
expenditure stimulus, particularly in the long-term. Additionally, increasing renewable
energy use may increase regional total factor productivity (TFP), supporting the anecdotal
narrative of a virtuous productivity cycle linking renewable energy deployment to other
technological innovations.

To better understand all these interactions, this study employs a dynamic recursive
CGE model with a diverse portfolio of electric power technologies. The model is used
to evaluate scenarios that combine changing renewable energy costs with specific ETS
strategies, assuming different degrees of adjustment flexibility. The study is important,
as it examines how falling renewable energy technology costs can interact with ETS and
shows that dramatic GHG reductions can be achieved with net positive aggregate economic
growth. Such findings are also key during the post-COVID period, when governments
are searching for ways to reboots the economy. Section 2 summarizes the literature on
the economic impact analysis with technology improvement and ETS and demonstrates
the research basis of the three multiplier effects. Section 3 focuses on the methods, data,
and scenario settings of this study. Section 4 shows the results, and the discussion and
implications are in Section 5.

2. Literature Review

Recent studies have evaluated the macroeconomic impacts of renewable transition
around the globe. The International Energy Agency (IEA) used its world energy model
(WEM), a large-scale simulation model, with linkage to multiple other models, including
the greenhouse gas and air pollution interactions and synergies (GAINS) model of the
International Institute for Applied Systems Analysis (IIASA) and the global integrated
monetary and fiscal (GIMF) model of the international monetary fund (IMF) to evaluate
the impacts of a net zero carbon emission pathway of the world by 2050 [11]. Gielen,
Boshell, Saygin, Bazilian, Wager, and Gorini [12] used a global macro-econometric model to
estimate the impacts of an accelerated energy transition to 2050 on employment and GDP
around the world. Bulavskaya and Reynes [13] used a neo-keynesian computable general
equilibrium (CGE) model to evaluate the long-term effects of renewable energy on GDP
and jobs in Netherland. Dai, Xie, Xie, Liu, and Masui [14] used a dynamic CGE model to
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assess the economic impacts and environmental co-benefits of increasing penetration of
renewable energy in China toward 2050.

The computable general equilibrium (CGE) model is an important tool for studying
macroeconomic impacts with detailed linkage and interaction among different sectors
throughout the overall economy for a single country. Recent studies mainly used two ways
to measure technology improvement in such models. First, the progress of technology is
considered as endogenous by introducing knowledge as a new input factor and separating
R&D sector as knowledge investments and stocks [15]. This method could measure the
interaction between innovation and human capital, but it is hard to reflect technological
progress in specific sectors. The second method characterizes the progress of technology as
exogenous parameters. Homogeneous autonomous energy efficiency improvement (AEEI)
across the economy [16] or average AEEIs for different energy-consuming sectors [17] are
commonly used to demonstrate the energy technology improvement on the demand side,
but these legacy approaches fail to distinguish the technological improvement for different
energy sources. Huang, Roland-Holst, Springer, Lin, Cai, and Wang [18] and Li, Lu, and
Zhang [19] used an exogenously specified mix of fossil and renewable energy to describe
the process of renewable energy substitution along China’s future low-carbon development
pathway. These studies considered the exogenously specified generation mix as policy
control, instead of an adjustment caused by technological progress and cost reduction.
Neither recent cost crossover—with the cost of renewables dropping below the cost of coal
power—nor the full economic impacts of technology improvement are fully recognized.

Carbon emission trading schemes (ETS) are among the most potentially impactful
approaches to facilitating renewable energy transition. A large and growing research litera-
ture has developed around China’s national ETS (Table 1). To date, the research literature
suggests that China’s ETS mitigates CO2 emissions and promotes renewable energy deploy-
ment but hinders the economy—although there remains significant disagreement about the
magnitude and direction of net economic impacts. Liu, Tan, Yu, and Qi [20] found that a 1%
carbon emission reduction would reduce GDP by 0.06%, whereas Zhang, Li, and Jia [17]
indicate that the ETS could reduce carbon intensity by 20% reduction without GDP loss.
Most studies show a negative net impact on the economy due to the ETS, ranging from
0.08% to 5.61% of real GDP, depending on the mechanism and coverage considered [21].
However, the price-directed nature of the ETS still confers efficiency gains, compared with
mandated emission caps [22].

The literature considers economic impacts for various ETS policy designs. In terms
of allowance allocation, both Zhang, Li, and Jia [17] and Li and Jia [23] found that the
GDP impacts of different allocation mechanisms in the power sector differed by less than
1.4%. Regarding ETS coverage, some researchers suggested that including more sectors
and regions would improve diversity and efficient cost allocation across the carbon mar-
ket [16,24], whereas others advocated limiting the coverage of sectors to cement, chemicals,
and electric power to improve carbon price and allocation effects [25]. Different methods
of redistributing ETS revenue have also been considered, such as promoting the develop-
ment of renewable energy [26], targeting specific adjustment needs, and improving social
equity [18]. There is a need to consider both the plummeting renewable energy costs and
the associated economic impacts.

Further, the existing literature does not account for three critical multiplier effects that
could amplify the beneficial impacts of accelerating China’s renewable electricity transition
through technology improvement and the ETS. First, households can be expected to divert
their electricity cost savings toward other expenditures, promoting broad-based economic
growth from the demand side.
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Table 1. A Summary of studies on economic impacts of China’s ETS.

Research
Contents Region Sectors Time Method

Economic impacts of launching ETS: National and Regional Economy

[27] National 35 sectors 2006–2015 DEA a based optimization model

[28] National - 1995–2012 SFA b, DID c, & NLP d

[29] National - 2020 DEA a

[30] Shanghai & National Part 2007–2030 CGE Model

[20] Hubei Part 2014 CGE Model

[22] Shanghai Part 2007–2030 CGE Model

[31] Guangdong Part 2007–2020 CGE Model

Economic impacts of launching ETS: Sectoral Impacts

[32] National Coal-to-material industry 2020 Cournot-based model

[33] National heavy chemical industry 2017–2030 STIRPAT regression & CGE
Model

Economic impacts with different policy designs in ETS

Allowance allocation

[17] National Power sectors 2012–2030 CGE Model

[21] National All 2012–2030 CGE Model

[22] National Part 2010–2035 CGE Model

[34] National All 10 years Multi-agent-based approach

Carbon price

[35] National Part 2010–2030 CGE Model

Revenue redistributions

[26] National Part 2017–2030 CGE Model

[18] National All 2012–2050 CGE Model

Coverage

[24] National Different e 2010–2030 CGE Model

[16] National Different e 2012–2030 CGE Model

[25] National Different e 2017–2030 CGE Model

Government fines

[36] National Part 2012–2030 CGE Model

Economic impacts with multiplier effects: Air quality and Co-benefit

[37] National All 2012–2030 Integrated Analysis Model
(Provincial)

Note: a DEA, Data envelopment analysis; b SFA, Stochastic Frontier Analysis; c DID, the Difference-in-difference
Model; d NLP, the Nonlinear Programming Technique; e different in scenario settings.

Second, China’s labor market generally has a higher elasticity of labor supply, com-
pared with labor markets in developed countries. This more accommodating labor supply
will amplify economic gains due to the expenditure stimulus, particularly in the long-term.

Third, renewable energy use may affect regional total factor productivity (TFP), sup-
porting the anecdotal narrative of a virtuous productivity cycle linking renewable energy
deployment to other technology innovation. Although the exact mechanisms are difficult
to disentangle, studies in diverse settings suggest a positive linkage. Ladu and Meleddu
(2014) examined the causal relationship between energy consumption and TFP in Italy,
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applying the dynamic panel estimation technique to data for 1996–2008 and finding a
bidirectional relationship between the variables [38]. Tugcu [39] applied the autoregressive
distributed lag (ARDL)-bound testing to 1970–2011 economic data from Turkey, concluding
that renewable energy consumption has a positive impact on TFP, but fossil fuel energy con-
sumption has a negative impact [39]. That study calculated TFP using the Cobb–Douglas
production function with two factors; the estimated long-run growth elasticities were −2.1
(fossil consumption) and 0.8 (renewable consumption), and the short-run estimates were
−1.7 (fossil consumption) and 0.7 (renewable consumption). Tugcu and Tiwari [40] used a
panel bootstrap Granger causality test to investigate the causal relationship between energy
consumption and TFP growth in the BRICS from 1992 to 2012, finding no remarkable causal
link between renewable energy consumption and TFP growth, but finding a bidirectional
causal link between non-renewables and TFP growth in Brazil and South Africa. Rath,
Akram, Bal, and Mahalik [41] examined the relationship between energy consumption and
TFP growth with data from 36 countries during 1981–2013, finding that renewable energy
consumption is associated with higher TFP growth, whereas fossil fuel consumption is cor-
related with lower TFP growth. Yan, Zou, Du, and Li [42] studied the relationship between
renewable energy technology innovations and China’s green productivity growth, finding
a significant effect in provinces where income is above a certain threshold; the positive
correlation of income with average education levels suggests a “readiness” component in
this innovation effect.

3. Material and Methods

We use the PRC aggregated national development assessment (PANDA) model
(PANDA was developed in 2005 by David Roland-Holst and is fully documented here:
http://www.bearecon.com/PANDA_Technical191015.pdf, accessed on 21 December 2022),
a dynamic CGE model of the Chinese economy constructed at the University of Califor-
nia, Berkeley, which has been used to analyze China’s energy and climate policies [18,43].
The current version of the PANDA model is calibrated to the 2017 China input–output
table [44], with 42 aggregated production sectors. To better analyze the economic impacts
of renewable energy cost reductions, we disaggregate the power sector into electricity
transmission, electricity storage, and eight different generation technologies (coal, natural
gas, oil, nuclear, hydropower, wind, solar, and biomass) following the methods of Mu,
Wang, and Cai [16] and Wing [45]. The generation shares by technology type are based
on data from the China Electricity Council (2020), whereas the cost shares by investment,
O&M, and fuel for each technology are based on levelized cost data from the International
Energy Agency [46] and He, Lin, Sifuentes, Liu, Abhyankar and Phadke [7].

3.1. Core Model

In the production block, the constant elasticity of substitution (CES) function, the
most common non-linear function for CGE models, is used to represent the different
substitution possibilities across different inputs in each sector (Figure 1). The non-energy
intermediate demand (ND) bundle—where the intermediate demand follows the fixed
proportion input–output relationship (the Leontief function, a special form of the CES
function with zero substitution elasticity)—is combined with the capital-energy-labor (KEL)
bundle to generate the final output. The KEL bundle consists of the labor demand (AL)
bundle and capital-energy (KE) bundle. In the third level, the AL bundle is split into labor
demand by skill, whereas the KE bundle is split into energy and capital. In the fourth level,
the energy demands by fuel type are combined to generate energy output.

http://www.bearecon.com/PANDA_Technical191015.pdf
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Figure 1. PANDA model production block.

In the consumption block, the PANDA model includes households and government
as the two representative consumers. Household income from labor wages, investment
income, and transfer payments is allocated to expenditures on goods and saving by an
exogenous rate calibrated to the social accounting matrix. Each representative household is
assumed to maximize utility by consuming different goods and services, as modeled by the
linear expenditure system specification. The government receives revenues from various
tax instruments (income, indirect trade, and factor taxes), net of subsidies, and transfers.
Government income is allocated to goods and services, and aggregate expenditures are
fixed in real terms.

For international trade, the Armington assumption allows for differentiation between
domestic products and imports and exports. In addition, the model simulates this differenti-
ation as an aggregate (XA above), with one domestic Armington agent per product category,
using constant elasticity of substitution (CES) and constant elasticity of transformation
(CET) functions to represent the import and export sides, respectively.

3.2. Electricity Technology Improvement

In order to measure the different electricity technology improvement level, a new
parameter λi is introduced in the first level of production block for electricity generation
sectors (Equations (1)–(3)). For each sector i, XPi is the total output, NDi is the non-energy
intermediate demand bundle, and KELi is the capital-energy-labor bundle. PXi, PNDi,
and PKELi stand for the price of output, ND bundle, and KEL bundle, respectively. σi is
the elasticity parameter for CES functions, while andi and akeli represent share parameter.
For sectors other than the electricity generation, the value of λi keeps, as 1 indicates no
exogenous technology improvement assumptions. For a certain power sector ielec, the
value of λielec is greater than 1, meaning that the production efficiency of a certain power
sector is improved, i.e., the same output could be obtained with less input.

PXi =

[
andi

(
PNDi

λi

)1−σi

+ akeli

(
PKELi

λi

)1−σi
]

1
1−σi (1)

NDi = andi(λi)
σi−1

(
PXi

PNDi

)σi

XPi (2)

KELi = akeli(λi)
σi−1

(
PXi

PKELi

)σi

XPi (3)

The specific value of λielec is calculated based on the research results of He et al. [7]. In
the former study, SWITCH-China model, an optimization model with specific electricity
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technology details, is employed to analyze the future energy system under business as
usual scenario (the cost of renewable technologies will decrease at a moderate speed) and R
scenario (the rapid decrease in costs for renewables will continue). λielec for each electricity
generation technology is calibrated initially to meet the generation mix in 2030 projected by
He et al. [7].

3.3. Carbon Emission Trading Block

A carbon emission trading block is applied to simulate the ETS in the PANDA model.
The CO2 emissions of sector i (EFi) equal the inputs from energy sector e to sector i (XAPi,e)
multiplied by the emission factor (emiti,e) (Equation (4)). The CO2 emissions of household
h (EFh) equal the inputs from energy sector e to final consumption of household h (XACh,e)
multiplied by the emission factor (emith,e) (Equation (5)). The total CO2 emissions (EFT)
equal the sum of emissions from production and households (Equation (6)). The emission
factors by energy types, sectors, and households are calculated by aggregating 20 fuel
types into 4 energy sectors and disaggregating the consuming sectors to be more consistent
with the production sectors, based on the China national CO2 emission inventory (sectoral
approach) from Shan et al. [1]

EFi = ∑e emiti,e × xapi,e (4)

EFh = ∑e emith,e × xaci,e (5)

EFT = ∑i EFi + ∑h EFh (6)

In this study, the power industry is the only sector controlled by the national ETS.
The total annual carbon emissions for the power sector (EFcapielec) are set exogenously
(Equation (7)); the level of emissions restrictions is described in the following subsection.
To meet the CO2 emissions constraints, a shadow carbon price (µ) for each unit of CO2 is
introduced into the model. Each unit of emissions in the power generation process requires
an additional payment (Ctaxielec,e) to the production function (Equation (8)). When CO2
emissions constraints on the power sector are introduced into the economic system, in
terms of affecting production costs and producers’ behavior, the system eventually reaches
a new equilibrium.

EFcapielec = EFielec = ∑e emitielec,e × xapielec,e (7)

Ctaxielec,e = µ × emitielec,e (8)

3.4. Scenarios

We evaluate seven scenarios (Table 2). In the business as usual (BAU) scenario, the
productivity of renewables is assumed to follow historical trends, with sustained, but
moderate, cost reductions into the future. In the low-cost renewable scenario (R), more
rapid productivity growth in renewables continues in alignment with recent indications,
simulating how lower renewable energy costs provide direct stimulus to the economy.
As demonstrated in Section 3.2, the productivity increases in renewables denoted by
changes in λielec are calibrated based on generation mix in the base year (2017) and He
et al.’s projection in 2030 [7]. The subsequent two mitigation scenarios and three economic
multiplier scenarios are based on the assumptions of the R scenario, showing more rapid
cost reduction with the same investment and R&D.
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Table 2. Scenarios Evaluated.

Scenarios Description

BAU Moderate productivity improvements in renewables
R Rapid productivity improvements in renewables

C50 R + ETS limiting CO2 emissions from the power sector to 50% of 2015
emissions level

C80 R + ETS limiting CO2 emissions from the power sector to 80% of 2015
emissions level

Keynes C80 + shifting expenditure from energy savings
EMP Keynes + more accommodating labor market

PROD EMP + energy productivity spillovers (0.1% TFP growth)

Two carbon constraint scenarios are set to simulate the emission reduction of the power
sector under the requirements of the climate policy. In the C50 scenario, total emissions
from the power sector by 2030 are limited to 50% below the 2015 level by instituting an ETS
for this sector, while those in C80 are limited to 80% below.

Our other three scenarios examine the multiplier economic impacts of renewable inno-
vation and the ETS. The Keynes scenario builds on the C80 scenario to elucidate the effects
of demand-side aggregate stimulus resulting from energy cost savings due to renewable
technology innovation. Previous economic assessments of renewable energy have focused
on three component impacts: investment in technology production, technology purchasing,
and installation. Technology production (e.g., building and operating a solar panel factory)
represents so-called “shovel ready” investment and is usually an unambiguous economic
stimulus. Technology purchase and installation costs can have mixed economic effects, de-
pending on the opportunity cost or alternative return to capital. In other words, technology
adoption will stimulate the economy if it increases productivity, reduces resource costs, or
both. If it reduces productivity or increases resource costs, it will be detrimental to growth.

The shifting consumption patterns in the Keynes scenario begin with lower cost elec-
tricity, saving money for households and enterprises. These savings are diverted toward
other expenditures, mostly domestic services that employ workers from all skill levels and
demographics and that are non-tradable, meaning these new jobs cannot be outsourced.
Because more than half of China’s aggregate domestic demand is from household con-
sumption, and 70% of this goes to services, about half of energy cost savings diverted to
other expenditures can be expected to go to this employment category—the most labor
intensive and skill diverse in the economy. In contrast, the carbon fuel supply chain is
among the least employment intensive; for example, the carbon fuel supply chain produces
only 1–10% as many jobs per unit of revenue, compared with the service sector, differences
far too large to be offset by wage inequality (Figure 2). Simply put, about two thirds of the
money saved on cheaper electricity is spent on services, stimulating much stronger and
more diverse domestic job growth.

The EMP scenario builds on the Keynes scenario to examine the role of labor supply in
economic adjustment. Based on China’s dynamism over most of the last two decades, the
BAU, R, C50, and Keynes scenarios assume relatively “full employment”, with labor supply
elasticity as 0.125, which would limit the economy’s supply response to positive or negative
stimulus. China’s reform period has seen dramatic economic growth and large-scale labor
mobilization, but over the last decade, growth and rates of job creation have moderated
(particularly in the post-COVID economy). While the nation’s vast reserve of rural migrants
has been less responsive to urban wages than in the past, a combination of cyclical forces
and investment reallocation to the interior continues to increase formal sector and urban
employment. To reflect this, the EMP scenario assumes a low, but non-zero, elasticity
of aggregate labor supply (0.25), describing a more accommodating labor market. Both
the baseline and EMP scenario assumptions for this parameter are conservative, meaning
our results understate the potential of this incremental growth stimulus. For reference,
authoritative surveys of the large body of econometric research on this topic find that, at
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the macro level, short-term aggregate labor supply elasticities are in the range of 0.50–1.0
and long-term elasticities are in the range of 1–2 [47]. These studies are dominated by
OECD economies with relatively high reservation wages and lower Gini coefficients, it is
reasonable to expect that labor supply in emerging economies such as China is even more
responsive [48].
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Finally, the PROD scenario builds on the EMP scenario to exemplify renewable energy
productivity spillovers (see the Literature Review section), assuming that accelerated
renewable deployment confers an average of 0.1% higher TFP growth on the economy. This
value is not a forecast; it merely illustrates the growth potential of induced innovation.

4. Results
4.1. Generation Mix

As expected, fossil fuel generation becomes increasingly small, and renewable genera-
tion increasingly large, as the renewable-promoting assumptions in our scenarios become
increasingly aggressive (Figure 3). In the BAU scenario (moderate productivity improve-
ment in renewables), coal’s share of generation declines from 65.9% in 2017 to 52.1% in
2030, while solar’s share increases by 6.4 percentage points, and wind’s share increases
by 8.5 percentage points. In the R scenario (more rapid productivity growth and larger
renewable cost reductions), solar’s share rises by 25.3 percentage points, compared with
the BAU scenario in 2030, and wind’s share rises by 5.7 percentage points, with coal’s share
dropping below half. The fast reduction of technology costs, especially the costs of solar,
will directly drive the transformation of the power section from fossil-based energy to
renewable-based energy.

In the C50 scenario (R scenario + ETS limiting power-sector CO2 emissions to 50% of
2015 levels), the substitution from fossil fuel to renewables in the power sector is further
accelerated by the ETS policy. Solar and wind account for 50.1% of generation in 2030, and
coal falls to only 16.2%. In the C80 scenario (R scenario + ETS limiting power-sector CO2
emissions to 80% of 2015 levels), the share of renewables continues increase, with solar
and wind accounting for 56.0% and coal dropping to 6.8% in 2030. In the Keynes, EMP,
and PROD scenarios, changes in consumption patterns, labor supply, and productivity
spillovers have relatively smaller impacts on the generation mix than the rapid renewable
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cost reductions and implementation of ETS, with similar proportion of electricity generation
technologies in the C80 scenarios.
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Figure 3. Generation mix of the power sector in the base year (2017) and in 2030.

4.2. CO2 Emissions

The power-sector CO2 emissions trends in each scenario correspond with the gen-
eration trends (Figure 4). In the BAU scenario, the moderate renewable productivity
improvement decreases electricity prices, which increases electricity demand. Because coal
generation remains the largest component, this rebound effect results in higher emissions.
In the R scenario, higher renewable penetration offsets the higher electricity demand, owing
to lower electricity prices, and total carbon emission in the power sector are 5.52 Gton
CO2e in 2030, 14% lower than in the BAU scenario. Consistent with the recognition, the
transformation in power sector brings about by the technology improvement in renewables
can reduce CO2 emissions, while meeting the growth of the electricity demand. In the two
mitigation scenarios, power-sector CO2 emissions are reduced by the cap of 50% below
2015 levels at 1.92 Gton CO2e in 2030 for C50 scenario, and 80% below at 0.77 Gt in 2030 for
C80 scenario. The Keynes, Emp, and Prod scenarios are built on the C80 scenario, so they
follow the same emission constraint in the power sector.

4.3. Economic Impacts

Compared with our BAU scenarios, all of our other scenarios grow China’s economy
(Table 3). In the R scenario, sustained renewable cost improvements alone more than
compensate for the cost of a significant renewable buildout, adding over 1358 billion RMB
or 0.77% to China’s real GDP by 2030. Even the C50 and C80 scenario, with its aggressive
CO2 mitigation strategies, results in positive growth, owing to low-cost renewables. In
both these scenarios, aggregate investment grows more slowly than in the BAU scenario,
but overall economic growth and real consumption are higher. Lower electricity costs also
translate into greater Chinese competitiveness, with beneficial impacts on exports and (to a
lesser extent) imports.
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Table 3. Macroeconomic Impacts in China (change from 2030 BAU in real billion RMB and percentage).

R C50 C80 Keynes EMP PROD

GDP
1358.2 683.0 154.2 1085.1 10,401.8 13,217.4
0.77% 0.39% 0.09% 0.62% 5.91% 7.50%

Consumption 636.6 359.3 206.4 534.8 3124.3 3995.6
1.02% 0.58% 0.33% 0.86% 5.01% 6.41%

Investment
−633.7 −909.9 −1210.3 456.0 5407.1 6827.6
−0.92% −1.33% −1.76% 0.67% 7.89% 9.96%

Exports 195.0 54.3 −36.9 −583.2 1265.3 1968.0
0.51% 0.14% −0.10% −1.54% 3.34% 5.19%

Imports −239.9 −268.5 −293.2 261.2 487.1 711.1
−1.11% −1.25% −1.36% 1.21% 2.26% 3.30%

Employment
(million FTE)

1.9 1.1 0.4 0.9 64.8 67.2
0.23% 0.13% 0.05% 0.11% 7.70% 7.98%

In economics, general equilibrium, indirect, and induced effects often outweigh the
direct effects. This is apparent in the Keynes scenario, which accounts explicitly for expen-
diture diversion from electric power to other goods and services. This “multiplier” effect
increases real GDP significantly. Compared with the C80 scenario on which it is based, the
Keynes scenario adds 930.9 billion RMB to GDP in 2030. The Keynes scenario increases
GDP by 0.62% over the BAU scenario, compared with the C80 scenario’s 0.09% increase
over the BAU scenario.

Although the economic stimulus in the R, C50, C80, and Keynes scenarios is positive,
the growth dividend from lower-cost energy will be less than 0.77% in 2030. To a significant
extent, this is due to assumed resource constraints, particularly in labor markets. China
can import natural resources without difficulty (but possibly with terms of trade effects),
but we assume a very inelastic (0.125) aggregate labor supply in the R, C50, C80, and
Keynes scenarios. When we relax this constraint modestly (to 0.25) in the EMP scenario,
the benefits of renewable energy stimulus increase dramatically. Incremental GDP in 2030
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rises from 0.62% in the Keynes scenario to 5.92% in the EMP scenario, adding 9.3 trillion
RMB and 63.9 million full-time equivalent (FTE) jobs to the overall economy. In other
words, renewable electricity can be growth positive, but also strongly counter-cyclical,
contributing even more to growth in adverse labor markets, such as during the pandemic-
induced economic downturn.

Finally, the PROD scenario demonstrates the substantial growth potential of pro-
ductivity spillovers from an economy-wide renewable energy transition—for illustrative
purposes only because evidence is insufficient to estimate such induced productivity effects
econometrically for China. The 0.1% annual TFP increase in the PROD scenario adds 7.5%
to real GDP in just over a decade, compared with the BAU scenario. This scenario is a
reminder that China’s most dynamic growth experiences—extending from the 1990s to
2005—depended not only on massive infrastructure investments, but also on significant
technological progress. In the case of electric power, infrastructure also grew very rapidly,
but technological progress has still been limited. New, clean energy technology can be
instrumental in helping the economy achieve its full potential, improving material living
standards and quality of life across China.

5. Discussion and Conclusions

In the wake of two decades of renewable energy innovations, it has become increas-
ingly clear that the perceived tradeoff between economic growth and climate risk reduction
is based on a fallacy. Low- and zero-emission electricity generation costs are falling below
costs of carbon-fueled generation, and renewable energy co-benefits, such as air-quality
improvements, are becoming ever more apparent. Nowhere is the issue more compelling
than in China, which, for several decades, has developed electric capacity faster than any
other country and now has the world’s largest renewable energy sector. Recognizing the
need for a low-carbon transition toward its goal of carbon neutrality by 2060, China is
experimenting with a wide variety of mitigation policies, including technology standards,
ETS, and carbon taxation.

Using a detailed forecasting model for China’s economy, we show how falling re-
newable energy technology costs can interact with market-based ETS mitigation schemes
to deliver dramatic GHG reductions with net positive aggregate economic growth. This
finding supports existing evidence. Sustained renewable cost improvements alone more
than compensate for the cost of a significant renewable buildout. Lower electricity costs
also translate into greater Chinese competitiveness, stimulating exports and (to a lesser
extent) imports. In addition, we extend the economic analysis to identify other growth
drivers. These include the as-yet unrecognized multiplier and productivity spillovers. First,
energy cost savings for households and enterprises permit expenditure shifting toward
more diverse, labor-intensive goods and services, compared with the carbon fuel supply
chain. Because the new expenditure focuses on services, this process stimulates new broad-
based domestic incomes and job creation. Second, economic benefits brought about by
technological progress have been neglected or underestimated in previous studies, yet
the modernization of the energy system can be expected to yield productivity benefits
via technology spillovers. Although the exact magnitude of such impacts is an empirical
question, the pervasiveness of energy services suggests it will be substantial.

These results have two important implications. First, the economic benefits of renew-
able energy now substantially exceed their direct costs, and the adoption of renewable
technologies can proceed without the still-controversial interventions needed to recognize
the social cost of carbon. Second, modernizing the electric power system can support a
new generation of more diverse domestic job creation, facilitating an essential transition
for millions of workers in the carbon fuel supply chain, one of the last great artifacts of the
Industrial Age.

Overall, our results strongly support China’s new commitment to an accelerated
transition to carbon neutrality, not only for the air-quality and climate benefits, but also
for the broad and positive impact on innovation, employment, and economic growth. As
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China considers its post-COVID recovery measures, building green energy infrastructure
offers a double dividend—supporting sustained economic growth and accelerated climate
mitigation—which is consistent with its long-term target of carbon neutrality by 2060.
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