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Abstract

Do industrial policies that promote clean energy offer a “ray of hope”, increasing a
country’s growth and welfare, whilst simultaneously reducing carbon emissions? We
study the impact of Chinese solar subsidies whose implementation by city-regions went
alongside massive expansion of the sector and a dramatic fall in solar prices. We con-
struct new city and firm panel data on solar policies, patenting and output. Using
synthetic-difference-in-differences 2004-2020, we find production and innovation subsi-
dies were more effective than demand-side (installation) subsidies in generating large
and persistent increases in local innovation, net entry, output and exports. Demand
policies did, however, reduce local pollution. To examine aggregate effects, we build
and structurally estimate a quantitative spatial model with endogenous innovation and
heterogeneous productivity across firms and cities, which accounts for business stealing
and knowledge spillovers. Counterfactual analysis shows that: (i) local effects remain
substantial at the macro level explaining 40%-50% of the aggregate changes in solar
innovation, prices and revenues; (ii) social benefits to Chinese citizens exceed subsidy
costs by 65% (and double this when environmental benefits are included); and (iii)
although all subsidy types increase welfare, innovation subsidies are the most cost-
effective.
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1 Introduction

What can one country achieve in the fight against climate change? Given the global external-
ity from carbon emissions, addressing climate change is often seen as requiring coordinated
international action. Such cooperation remains politically difficult, raising the question of
whether unilateral efforts can meaningfully contribute to global decarbonisation. Industrial
policy supporting clean technology offers a “ray of hope”. It has the potential not only to
reduce emissions without compromising economic growth, but also to deliver global benefits
even when implemented by a single country.

This paper studies an important case, namely, the explosive rise of China’s solar industry.
Between 2004 and 2013, the annual production of Chinese solar firms grew by 76% per year,
and by 2019, Chinese firms accounted for 89% of global solar patent filings, 63% of the
production of PV 44% of exports. In 2023, China installed 217 GW of solar capacity, about
the same as the rest of the world combined. This meteoric rise was accompanied by a wave
of place-based subsidies implemented by local Chinese governments which are the main
locus of industrial policy in China (Bai et al., 2020). Their implementation went hand in
hand with a sharp decline in global solar panel prices (91% fall between 2004 and 2019) and
a surge in solar adoption worldwide (173-fold increase in installed capacity over the same
period). We ask whether this sequence reflects a causal link from local policy, to innovation

and production, to falling global prices (see Figure 1).!

Figure 1: Global average price of solar PV modules (in 2024 US$) per Watt
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Source: IRENA (2024a), Way et al. (2022), Farmer & Lafond (2016), & Nemet (2009) with processing by
Our World in Data

IStatistics in this paragraph are based on the following sources: ENF production data, PATSTAT
patenting data, IEA (2020) PV module shipment data, IRENA (2024b) global solar installation data, and
PV module price data from IRENA (2024a), Farmer & Lafond (2016), and Nemet (2009) with processing
from Our World in Data. See Section 2 and Appendix B for details on the first two sources.



Our analysis proceeds in two parts. First, we estimate the causal impact of local subsi-
dies on solar industry outcomes - patenting, firm numbers, revenues, production and ex-
ports - by exploiting variation in whether and when local governments chose to adopt
subsidies. In China, local governments use subsidies to boost economic activity in their
jurisdictions. Since policy adoption may be correlated with other local shocks, we use a
Synthetic Difference-In-Differences (SDID) approach, comparing treated cities to controls
with similar pre-trends that never adopt solar subsidies (Arkhangelsky et al., 2021).

Second, to estimate the aggregate impact of these policies within China, we develop
a quantitative spatial general equilibrium model with multiple city-regions with different
productivity levels and trade costs. Each city is home to a grid planner reflecting consumer
energy demand and heterogeneous firms (component manufacturers such as solar panel
producers). Grid planners choose between clean and dirty plants (solar vs. coal) to generate
power, sourcing intermediate inputs from across the country. Firms make entry, production,
innovation and trade decisions in a setting with monopolistic competition. We analyse the
impact of the three types of local industrial policy - demand, production and innovation
subsidies at the city and aggregate national level. We allow for negative spillovers to other
cities from business stealing (as might occur from production subsidies), as well as positive
spillovers from demand policies (as firms in other cities may supply solar components), and
- importantly - knowledge spillovers as we allow past innovation by other firms to spread
across cities.

To undertake this analysis, we compile new city level panel data from 2004 to 2020,
tracking solar policies and industry outcomes across all Chinese city-regions. Using the
PKULaw database, which records all national and subnational regulations in China since
1949, we identify the universe of solar-related policy interventions. Using text analysis, we
identify 78 solar subsidies and classify them by target - demand (installation), production
and innovation - following Chen & Xie 2019 and Wang & Yang 2025. We analyse multiple
solar industry outcomes using firm-level data drawn from supplier directories, administrative
records, and financial databases. Our dataset spans 358 cities, 18 years and covers 1,718
solar firms. The first solar policy was in 2007 and by the end of our time period in 2020,
12% of cities had adopted at least one solar subsidy policy.

Using the SDID approach, we find that local subsidies triggered substantial and sustained
growth in the local solar industry. Cities that adopted solar policies experienced a 64%
average increase in patenting, equivalent to 8.4 additional patents per year for the average
city-year in our sample. These local Average Treatement on the Treated (ATT) effects
are robust to adjustments for patent quality and are mirrored by gains in productivity.
Solar revenues, production capacity, exports and firm numbers all rose sharply following
policy adoption. We also find declines in local air pollution, suggestive of broader global
and local environmental benefits. Importantly, these effects seem to be persistent after the
introduction of the subsidy consistent with what we would expect from effective industrial

policies.



To examine the extent to which these local effects also bring benefits at the aggregate
level, we quantify key parameters of the macro model in the pre-policy period using moments
from the existing literature and our own new micro data. We then structurally estimate the
magnitude of each of the three subsidy types using our reduced form ATT moments through
minimum distance. Armed with the quantified model, we simulate the aggregate impact of
subsidies, calculate welfare and evaluate counterfactual policy scenarios.

We find that local industrial policy drove aggregate growth in China’s solar industry,
rather than merely shifting activity across cities. Compared to a non-subsidy counterfactual,
we estimate that these policies accounted for 45% of the increase in solar, 38% of the
revenue increase and 50% of the fall in solar prices. Chinese consumer welfare from energy
consumption rose by 12%. When we incorporate subsidy costs, we find that $1.65 of social
benefit per $1 of subsidy cost, and that these benefits double when accounting for the social
cost of carbon. A key finding from our counterfactuals is that although production and
demand subsidies increase welfare, focusing resources on innovation subsidies is much more
cost effective. This suggests that policies to support innovation should lie at the heart of
industrial policies.

The structure of the paper is as follows. After a literature review, Section 2 describes
a short background on China’s solar industrial policy and our data. Section 3 describes
the econometric strategy and the empirical results. Section 4 outlines the model with its
quantification in Section 5. The results from the quantified model are in Section 6 and
Section 7 concludes. Online Appendices provide further details on institutions (A), data
(B), the theory and its quantification (C), econometrics (D) and results (E).

Related Literature. China’s case pushes us to reconsider the set of tools available to
address climate change. A large literature has focused on global co-ordination problems,
emphasising free-riding and the need for treaties, coalitions, or trade-based enforcement
(e.g. Nordhaus 2015, Hsiao 2025, Farrokhi & Lashkaripour 2025). Yet over the past two
decades, China has pursued an unusually aggressive and decentralised clean industrial policy
- especially in solar (e.g., Lin & Luan 2020, Zhi et al. 2014), but also in wind and electric
vehicles - as part of a broader industrial strategy which has been the subject of existing
research (Aghion et al. 2015; Li & Branstetter 2024; Song et al. 2011; Konig et al. 2022;
Wei et al. 2023; Barwick et al. 2021; Wang & Yang 2025). We show that these policies
were beneficial to Chinese citizens: they increased innovation, firm revenues, and exports,
and their fiscal costs were outweighed by domestic benefits. The global benefits of lower
prices and reduced emissions come on top of this. This suggests that under some conditions,
industrial policy can be a rational form of unilateral climate action. It can not only drive
innovation and growth in an industry, but also help with domestic and global decarbonization
efforts.

Our findings relate to a broader literature that evaluates industrial policy. Early theoret-
ical focused on Terms of Trade effects and infant industry protection. More recent work has

emphasised the potential for productivity gains through coordination, scale effects, and/or



learning (e.g. Murphy et al. 1989; Harrison & Rodriguez-Clare 2010; Rodrik 2004; Rodrik
2014; Buera et al. 2013; Itskhoki & Moll 2019; Bartelme et al. 2025; Liu 2019; Garg 2024).
A smaller but growing empirical literature has used quasi-experimental methods to estimate
firm-level impacts of national programmes (e.g. Criscuolo et al. 2019; Kalouptsidi 2018;
Lane 2025; Lane 2020; Juhész et al. 2022; Goldberg et al. 2024). We contribute to this
work by using China as a laboratory where the large number of local industrial policies aid
empirical identification. Hence, we are connected to work on place-based industrial policy
interventions (e.g., Greenstone et al. 2010; Kline & Moretti 2014).

Our paper makes methodological contributions, through the development of a rich quan-
titative macro model that captures multiple cross firm and cross city spillover effects and
allows the integration of various reduced-form moments to enable a calculation of equilib-
rium impacts. This allows us to quantify aggregate impacts and welfare from the actual
policies as well as many alternative policy counterfactuals. See Garg & Saxena (2025) for an
example of a structural approach to the Indian solar industry. Our evidence on learning-by-
doing mechanisms in patent data and from the impact of standalone production subsidies
(even without R&D subsidies) is consistent with learning-by-doing mechanisms identified in
prior work (e.g., Levitt et al. 2013; Bradt 2024; Manelici & Pantea 2021; Choi & Shim 2023;
Goldberg et al. 2024).

We also speak to the literature on directed technical change. Green technologies have
been a focus of the empirical literature in this area, looking at the role of oil price shocks
as a proxy for carbon pricing (e.g. Acemoglu et al. 2012; Aghion et al. 2016; Acemoglu et
al. 2016; Dugoua & Gerarden 2025; Popp 2002; Popp 2019), as well as more recent work
on direct support through R&D subsidies, regulation, and procurement (e.g. Howell 2017;
Myers & Lanahan 2022; Shapiro & Walker 2018; Arkolakis & Walsh 2023; Dechezleprétre
& Hémous 2023; Acemoglu et al. 2023). We show that production-oriented policies can also
play a central role, driving innovation, scale-up, and global price declines in solar (see also
Gao & Rai 2019).

More broadly, we contribute to the literature on innovation policy - e.g., Bloom et al.
(2019); Goolsbee & Jones (2022); Liu & Ma (2022). We show how demand and production
subsidy polices influence innovation, but demonstrate that direct R&D subsidies have the
largest aggregate effects both on innovation and welfare. Hence, innovation seems key to
successful industrial strategy.

Finally, and most obviously, we contribute to papers on the economics of solar power.
For a recent survey see Gerarden et al. (2025) and earlier work by Borenstein (2012), Boren-
stein (2017) and Baker et al. (2013) for an overview of the economic issues. Hahn et al.
(2024) compares a range of climate tax policies in a Marginal Value of Public Funds frame-
work, concluding that renewable energy subsidies have highest taxpayer return, similar to
Borenstein & Kellogg (2023). Other leading contributions include Gillingham & Bollinger
(2021); De Groote & Verboven (2019); Gonzales et al. (2023); Van Benthem et al. (2008);
Gillingham & Tsvetanov (2019); Gerarden (2023).



2 Background and Data

We gather data on the Chinese solar industry during this period of extensive policy support,
resulting in essentially the population of local solar industrial policies and solar outcomes

aggregated to the city-level. Full data details are in Appendix B.

2.1 Imstitutional Setting: Local Industrial Policy in China

Our analysis focuses on the central contribution of city-level industrial policies to the devel-
opment of the solar industry in China. More institutional details are in Appendix A. China
has a five-tier administrative framework: Central, Provincial, City, County and Township
governments. Subnational governments have strong administrative capacities and are re-
sponsible for most of the state’s public service delivery, partly due to the country’s size and
complexity (Wingender, 2018). For example, in 2013 in the middle of our data period, the
OECD scored China as the most fiscally decentralized country in terms of public expenditure
in their sample (OECD, 2016). Local governments also have effective control over regional
labor and land inputs, as well as state-owned enterprises operating in their jurisdictions,
which offers them a wide toolkit of policy instruments.

While the central government is responsible for guiding national policies,? local gov-
ernments implement these policies with a great degree of autonomy (Xu, 2011; Bai et al.,
2020). Beyond economic benefits, career incentives contingent on regional performance mea-
sures, like GDP growth, facilitate fierce competition among local policymakers to build and
grow strategic industries. (Jia et al., 2015; Li & Zhou, 2005) The resulting close coopera-
tion between regional policy-makers and private firms, termed “special deals” by Bai et al.
(2020), have been argued to be central to China’s industrial development. The importance of
bottom-up, autonomous policy-making is also reflected in Fang et al. (2025)’s recent study,
which utilises large language models to identify and analyze over 770,000 Chinese industrial
policy documents. They find that 84% of policies originate from subnational governments.
They further find systematic variation in the content of policies depending on the level of
government, with fiscal subsidies, labor policies, land supply policies, and infrastructural
investments being increasingly more common at lower levels, and a substantial degree of
variation in policy content within higher-level jurisdictions at all levels.

These broad patterns are also reflected in the history of the solar industry. City govern-
ments have been at the forefront of initiating manufacturing policies, utilizing subsidies, tax
incentives, land discounts, and cash investments from 2007 onwards, to build, support and
attract solar firms in this initially export-oriented sector (Ball et al., 2017).* Following the

designation of the solar industry as a strategic sector in the Tenth Five-Year Plan, central

2The most famous component of Chinese industrial strategy are the ‘Five-Year Plans’, which reflect
national priorities and provide guidance for policy-makers at all levels of government.

3Examples of close cooperation between firms and cities include LDK Solar based in Xinyu and Suntech
based in Wuxi (Corwin & Johnson, 2019).



and provincial governments have focused mostly on developing the domestic market by sub-
sidising installations, especially after the industry-threatening weakening of international
demand in the wake of the global financial crisis (Chen, 2016).

2.2 Measuring industrial policy

Measuring industrial policy is challenging, particularly when it is decentralised. Our ap-
proach is to combine direct textual analysis of policy documents with model-based ap-
proaches to detect subsidies.? Turning to the direct approach first, our starting point is
PKULaw’s Laws & Regulations database (henceforth “PKULaw”), a comprehensive source
of Chinese legal information since 1949, although the first subnational solar policy appears
in 2007. From this dataset, we extract and classify all policies/regulations related to so-
lar photovoltaics, focusing on subsidies policies that provide direct financial support. The
dataset has the title of the policy, its administrative level, department, and implementation
dates. We scrape the text of each regulation, manually read through each one, then classify
policies into key types. The key ones are demand (solar installation), production, and/or
innovation.” Table 1 shows our classification criteria and key examples and Appendix Table
B.1 offers some further examples. Subsidies include tax breaks, price reductions, cheap loans
and land, etc.

We identify 78 city (equivalent to “admin 2 region” or “municipality”) level subsidy poli-
cies in total, with demand subsidies being the most common (61 policies).There are 27
production subsidies, 12 of which also include innovation subsidies. Notably, no city imple-
mented innovation subsidies without production subsidies, meaning our empirical analysis
can study the impact of standalone demand or production policies, but only the bundle of
innovation and production policies. As detailed below, we will unbundle the independent
impact of standalone innovation policies using more of the structure of the model.

The PKULaw dataset does not allow us to always reliably identify the end date of
policies. We therefore treat policy adoption as an absorbing state, relying on the first
adoption date in each city. The vast majority of cities who introduce a policy also report
keeping a policy in place at the end of our sample.

Figure 2 shows the cumulative number of cities that have implemented a solar policy.
Policy adoption grew steadily from 2007 onwards, reaching 43 out of 358 cities by 2020.
Most early policies were production subsidies (often bundled with innovation subsidies),
while demand subsidies became more common after 2010. By 2020, 19 cities had production

subsidies (10 with innovation subsidies), and 30 had demand subsidies.

4Juhész et al. (2022) use an automated classification algorithm to directly classify subsidies, whereas we
manually classify all solar policies. Kalouptsidi (2018) is a leading example of a model based approach to
detect “hidden” Chinese shipbuilding subsidies).

5We found large numbers of solar policies without financial subsidies such as exhortation, announcements
and information. We also looked at these but found no effects on any outcomes.

6Testing for permanent effects after policy removal, as in Kline & Moretti (2014), would require better
end-date data as well as a longer post-policy period.



Table 1: City-level solar policies

Type of policy Number key feature Example
Policy text contains precise
Subsidy 78 information on the size

of the subsidy
“A new solar production
1. Production subsidy 27 Subsidises solar production line built in Hefei will
be subsidized by 12% (2018)”
“Firms will be awarded
10,000 RMB if they earn
provincial level RED center
certification (Guilin, 2011)”
“ RMB per watt for
Subsidises the installation the electricity generated by
of solar panels solar projects installed
in Beijing (2010)”
Note: All policies are at the city (“admin 2 region”) level over the 2006-2020 period. There are 358 cities.
43 cities are treated by some subsidy by the end of our sample. Sometimes a policy is a bundle of demand

and supply subsidy policies which is why the sum of the disaggregated policy numbers exceeds 78. Table
B1 contains additional example policies.

2. Innovation subsidy 12 Subsidises solar innovation

3. Demand subsidy 61

Figure 2: Number of cities receiving solar subsidy
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Note: All policies are at the “admin 2 region” level. There are 358 of these in China (we remove Taiwan,
Hong Kong and Macao from the analysis). The time series for ‘Subsidy’ includes any demand, production,
or innovation subsidy.

Our approach builds on recent efforts to quantify industrial policy in China. Like Chen
& Xie 2019, we use the PKULaw to measure city-level policies, extending their approach
by analysing all solar-related laws, classifying policies by type and geographic variation and

manually reading the documents in order to carefully distinguish financial subsidies from



other policies (see also Gerarden et al. (2025)).
We found no examples of sub-city level solar subsidy policies (i.e., at the county or town-
ship level). There were a few examples of national policies that had subnational variation

and province-level policies and we examine these in subsection 3.3.

2.3 Measuring solar industrial activity

We take a bottom-up approach to measuring solar industry activity - identifying a set of
solar firms, gathering information on their performance and then aggregating these to the
city-level for the main longitudinal analysis, as this is where the policy variation lives. We
use the firm level panel for some auxiliary analysis to discipline the aggregate model such
as innovation effects on productivity (see 77).

Identifying solar firms: We identify all solar manufacturers operating in China at any
point between 2004 and 2021 using data from ENF solar, a market research company and
global directory of photovoltaic firms. Between 2004-2013, we draw on ENF’s Chinese Cell
& Panel Manufacturers Report (ENF Production dataset), which compiles market research
based on firm surveys. From 2010 onwards, we can also use the ENF Solar Industry Directory
(ENF Register dataset), an online platform designed to connect suppliers and buyers. As the
leading global solar directory, companies have strong incentives to self-register, while ENF
supplements this by identifying missing firms through industry news, trade fairs, government
sources, and automated web searches. Firm exits are detected via automated scanning and
expert verification.”

Combining these two datasets gives us 1,718 Chinese solar panel manufacturers oper-
ating at some point between 2004 and 2021, which detailed location data, allowing us to
assign firms to their respective cities. We validate ENF entry and exit information using
Chinese administrative data on firm registration. We access this data through Qichacha
(https://www.qcc.com/) a platform that compiles and periodically updates firm-level in-
formation from official government sources.® We compared the aggregated values from our
dataset (e.g., total revenues by year) with government reports and confirmed that we capture
the entire industry.

Measuring production capacity, revenues and inputs: The ENF Production dataset is
very detailed - containing firm-level solar PV production and capacity (measured in MWh)
from 2004-2013. To extend beyond 2013, we match the identified sample of Chinese all
solar panel manufacturers to Bureau Van Dijk’s (BVD) Orbis dataset, which provides firm-
level financial data (e.g., revenue, capital and employees, etc.) between 2004 and 2020. We
execute this match with Orbis using standardised names and firm contact details identified

in the Qichacha firm registry.” We confirm the accuracy of Orbis by also matching with ASIE

"The 2010-13 overlap in the two datasets allowed us to confirm the consistency of the two sources.

8These include the National Enterprise Credit Information Publicity System, the China Court Judgment
Documents Network, and the China Enforcement Information Disclosure Network.

9We adjust revenue to capture only solar-related activity as some solar firms are multi-product. This



administrative data which covers larger firms through 2013. We draw on ASIE for other
exercises. For example, ASIE also has some limited information on the value of subsidies,
which we use to cross-validate the estimates from the structural model.

FExport value: To gather data on firms’ yearly exports, we use a similar strategy of match-
ing Chinese solar panel manufacturers to the transaction-level Chinese Customs Dataset,
available between 2000 and 2016. This allows us to derive firms’ yearly total exports. Since
some of our firms may sell non-solar products, we use identify solar exports using Harmonised
System (HS) product code 854140, which includes solar panels and cells.'

Innovation: We measure innovative activity using patent filings. We match firms to
their patents using data from the former State Intellectual Property Office (SIPO) accessed
through Qichacha. For each firm, we know the name, patent ID, type, application date,
publication date, and assignee, of all filed patents. For additional information (e.g., citations,
IPC codes, patent abstracts and texts) we match with PATSTAT based on the SIPO patent
ID.

It is much less costly to obtain a Chinese patent as the standards of novelty are lower
than in the US or Europe. This is actually an advantage in our context, because it means
we have a “paper trail” for some of the more incremental process innovations that we would
not have from the USPTO. These may be much more important for the kind of learning-
by-doing (LBD) productivity increases highlighted in the industrial policy literature. In
some specifications, we distinguish between solar and non-solar patents using IPC codes
following Shubbak (2019) and use machine-learning on patent texts to identify learning-by-
doing (LBD) patents using the manual classification developed in Liu (2023) as our training
dataset. Examples of process innovations are given in the Appendix Figure B.2 and show
cost reduction, minimized production errors, and suitability for mass production. Other
patents typically involve new product invention or fundamental research in chemistry and
materials science.

Nonetheless, it would be a concern if policy-induced patents were all of little or no
value. To address this issue, we considered other patent quality measures. First, we can
use the SIPO classification that splits patents into invention, utility model, and design
patents. Invention patents have the longest protection period, higher filing costs, and a
more complex administrative process than the others, indicating higher quality. Second, we
use the conventional approach of weighting patents by future citations using patent families
from offices all over the world via PATSTAT.

Aggregation: We aggregate our outcome data to the city-level by summing outcomes
for all firms located in that city. The maps in Figure 3 illustrate the spatial variation in

solar patents and subsidies across Chinese cities, which we exploit in our empirical analysis.

adjustment uses firm-level export data that does split out solar vs. non-solar products. The results are
essentially unchanged if we use the raw revenue figures (see Appendix B.7).

10Tn addition to solar products, the 854140 HS6 code includes some non-solar-related semi-conductor
devices as well, such as LED. Our results are similar if we use the more detailed 85414020 HS8 code, but
we focus on the HS6 code as HS8 codes were introduced only in 2009.
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What is striking is that we capture the whole of the development of the solar industry in
China from beginning to the present. In 2004 (map on the left), the starting year of our
analysis, there was very little innovation in solar and no policy support. On the other hand,
by 2019 (map on the right), we observe a total of 43 cities whose solar industry has been
subsidised, and crucially, innovative activity skyrocketed across the country. For example,
82 of the 358 city-regions in China had some patenting by solar firms in 2019, compared to
only 25 in 2004.

Figure 3: Number of solar patents in each city and subsidy policy
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Note: Each white-bordered region represents an admn?2 level city region. Black circled cities are treated
by any subsidy policy. We use a heat map scale, where cities colored in a stronger red are filing more solar
patents (patent counts in parentheses).

With our final dataset we see that during the 2000s and 2010s, the solar industry in China
experienced rapid growth: patents increased from a few hundred in 2004 to over 10,000 by
2020, production capacity reached 70,000 MWh by 2013, and firm revenues exceeded 100
billion yuan by 2019 (Figure 4)."!

1 Although there were slowdowns in all outcomes after the global financial crisis, solar exports exhibit
a particularly substantial fall. We have confirmed this is a real feature of exports data from many sources
(note that there is some recovery in the macro export data post 2016, after our micro data runs out). There
are several reasons for the downturn. First, there were big falls in foreign demand following the financial
crisis, especially in Europe when many solar subsidies were scaled down (e.g., Gerarden et al. (2025) and
Nemet (2019)). Second, the EU and US increased tariffs on Chinese solar producers (e.g., Houde & Wang
(2022)). Third, as shown in Figure 1, there was a big drop in unit prices that led to much greater falls in
the value of exports than in their volume. See Carvalho et al. (2017) for more details on these global trends.
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Figure 4: Chinese solar manufacturers activity over time
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Notes: Time series for total number of patents filed by solar firms at the SIPO; firm count obtained from
the Chinese firm registration platform; revenue obtained from Orbis, panel capacity obtained from ENF
Market Research reports, and solar export value obtained from the Chinese Customs Dataset. The sample
is the universe of solar panel manufacturers in China, obtained from ENF’s register. The revenue numbers
are adjusted to account for multi-product firms following the approach described in Appendix B.7.

3 Method and Results

3.1 Econometric Strategy

Our objective is to study whether solar industrial policy was effective in increasing inno-
vation and output in the Chinese solar industry. We study this question using a Synthetic
Difference-In-Differences (SDID) design (Arkhangelsky et al. (2021)) exploiting variation in
policy implementation across time and space.

Our choice of empirical approach reflects two challenges that arise when evaluating causal
effects of solar industrial policies. First, implementation of policies is not wholly random.
Cities with nascent solar industries may have been more likely to implement subsidies than
those specialising in other areas. Alternatively, areas in which the solar industry was lagging
behind may have used subsidies to catch up. Second, the impact of policies may vary over
time. R&D expenditure may take time to lead to new innovations (Juhész 2018, Choi
& Levchenko 2021) or may be effective in the short run but not have persistent impacts
(Ball et al., 2017). In light of the recent work on two-way fixed effects with differential
treatment timing (Callaway & Sant’Anna 2021, Sun & Abraham 2021), our approach should
also be robust to these potential dynamic effects of policy intervention and their staggered
implementation.

The SDID approach combines a familiar difference in differences approach, with a syn-
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thetic control approach to construct a counterfactual group for treated units from the sample
of never-treated cities (i.e., cities that never implement a solar industrial policy in our study
period). Synthetic control groups, specifically, are constructed for each outcome and cohort
of treated cities separately by making the pre-treatment path of the outcome variable as
similar as possible for average treated and weighted control cities.'? This allows us to re-
lax the assumption that treated and (unweighted) untreated cities would have evolved in
parallel in the absence of policy support.?

Treatment effects can differ across units and over time. To summarize, our estimates
succinctly, we first derive ATT estimates for each policy cohort (i.e., policies enacted in a
given year), which we then aggregate into a single statistic — as proposed in Arkhangelsky
et al. (2021) - by weighting the cohort-level estimates with the number of treated units
present in each cohort. These “overall” ATTs are reported in Table 2. We also aggregate
cohort- and time-specific ATTs into event studies using an analogous weighted aggregation
method discussed in Callaway & Sant’Anna (2021), as shown in Figures 5-9 below.'* In both
cases, standard errors are estimated with bootstrapping clustered at the city level. Further

technical details of the estimation can be found in Appendix D.

3.2 Main Results

Table 2 contains our core results estimating how local solar subsidies shaped the develop-
ment of China’s solar industry. Column (1) shows the SDID ATT of any subsidy with the
following columns breaking this down into our three subsidy types - demand, production and
innovation (the latter being the bundle of innovation and production subsidies. Each panel
has our different solar outcomes. Patents in panel A, the number of firms (B), revenues (C),
production capacity (D) and exports (E). We find large and sustained impacts on all these

local outcomes as well as suggestive evidence of positive spillovers.

3.2.1 Innovation

Our most striking finding is that solar subsidies led to a large increase in patenting by solar

firms. The first column of Panel A Table 2 shows a positive and significant ATT effect of

12Note that for our earliest policy, introduced in 2007, weights are constructed using data from 2004-2006.
As discussed in Section 2, whilst the 2006-2010 period saw the fastest growth in the industry and decline
in the price of solar modules, there was some initial growth during 2001-2005. We therefore are able to
compare outcome trends for this cohort across cities where the solar industry existed even if it was at a
nascent stage.

13When we conduct SDID estimations for several outcome variables, weights are allowed to vary across
estimations. In Section E.8, we show that we can also construct unit weights using multiple outcomes, which
ensures balance in the pre-trend region across this broader set of variables. Our results are qualitatively
similar using these weights.

4The trends visible in these event studies may driven by both dynamic effects (i.e. variation in effect
size across different time horizons) and compositional effects (i.e. changes in the composition of cohorts
contributing to different years’ estimates). In Section E.9, we explore the contribution of these effects in
more detail and find that composition is not driving the results.
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Table 2: SDID Estimates by Outcome and Subsidy Type

(1) (2) (3) (4)

Any Demand Production Innovation

subsidy subsidy subsidy subsidy

Panel A: All patents (2004-2020)

Subsidy policy ATT 0.496** 0.236 0.871** 1.060***
(0.200) (0.275) (0.227) (0.367)

Panel B: Number of solar firms (2004-2020)

Subsidy policy ATT 0.212** 0.031 0.377* 0.412**
(0.096) (0.038) (0.155) (0.148)

Panel C: Revenue (2004-2020)

Subsidy policy ATT 0.994* 0.060 1,772 2.502++*
(0.448) (0.278) (0.615) (0.819)

Panel D: Panel production capacity (2004-2013)

Subsidy policy ATT 2.098* 0.587 2.496* 2.930*
(0.532) (0.467) (0.575) (0.773)

Panel E: Solar export value (2004-2016)

Subsidy policy ATT 3.192%* 1.153 4.298** 6.092**
(1.231) (1.145) (1.498) (2.366)

Notes: Standard errors are in parentheses. *, ** and *** denote significance at the 10%, 5%, and 1%
levels, respectively. Each cell reports a separate SDID regression estimating the ATT for the correspond-
ing solar subsidy policy, reported in the column’s header, and outcome variable, reported in the panel’s
title. Outcome variables are IHS-transformed. 