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Abstract

We decode China’s industrial policies from 2000 to 2022 by employing large language mod-
els (LLMs) to extract and analyze rich information from a comprehensive dataset of 3 million
documents issued by central, provincial, and municipal governments. Through careful prompt
engineering, multistage extraction and refinement, and rigorous verification, LLMs allow us
to extract structured information on detailed policy dimensions, including context and scope,
targeted industries, tools, implementation mechanisms, and intergovernmental relationships,
etc. Combining these newly constructed industrial policy data with microlevel firm data, we
document thirteen key facts about China’s industrial policy that explore the following critical
questions. Which industries are targeted and how does this align with local comparative ad-
vantage? What policy tools are deployed, and how does their use vary across different levels
and regions of governments, as well as over the various phases of development of an industry?
We also examine the impact of these policies on firm behavior, including entry, production,
and productivity growth, and highlight the heterogeneous effects of different policy tools. In
addition, we explore the political economy of industrial policy, focusing on top-down transmis-
sion mechanisms, policy diffusion, and persistence across regions. Finally, we document spatial

inefficiencies and industry-wide overcapacity as potential downsides of industrial policies.
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1 Introduction

Industrial policy is experiencing a powerful resurgence around the world. From the US CHIPS
Act aimed at bolstering semiconductor production, to the European Green Deal prioritizing renew-
able energy and sustainable industry, and India's \Atmanirbhar Bharat" for self-reliance, govern-
ments across the globe are launching initiatives to secure competitive advantages in critical sectors.
This surge of interest in industrial policy re ects a profound reevaluation of the role that govern-
ments can play in guiding economic growth and spurring innovation, especially in an interconnected
but increasingly fragmented global economy.

There is also a revitalized academic interest in industrial policy. Early research on industrial
policy often held a critical position, suggesting that government intervention could do more harm
than good, with in uential voices such as Krueger (1990) and Pack (2000), which underscore the
rent-seeking ine ciencies that any industrial policy is bound to introduce. Recent studies, with
re ned identi cation methods and narrower scopes, have produced ndings that are more favorable
to industrial policy. Despite the fundamental importance of these questions, we face a striking
scarcity of basic facts and systematic data on industrial policy practices. Juhasz et al. (2022) made
an initial attempt to address this gap by examining national-level policies in a number of countries,
but research focusing on the internal dynamics and regional variation of industrial policywithin a
single country remains scarce. Beyond the question of whether there should be industrial policy,
there are more important questions: Which sector(s) should be targeted? Which tool(s) should be
used for which industry and in what phase of the industry's development? How do governments
experiment with and learn about the choice of sectors and policy tools? How can government
strike a delicate balance to boost entry and improve productivity while preventing excessive entries
and potential overcapacity? What is the role of political incentive and administrative capacity in
shaping policy choices and outcomes? Echoing Rodrik (2004, 2009), the more relevant question
about industrial policy is not whether it should be practiced, but how. This is precisely the
literature gap that our study seeks to Il, using a detailed and large-scale analysis of industrial
policy documents in China's diverse administrative landscape.

China presents a unique laboratory for investigating the above fundamental questions about the
choice, implementation and e ectiveness of industrial policy. First, China's extensive use of indus-
try policies to shape the its sectoral development and technological capabilities (Naughton, 2021;
Naughton et al., 2023) makes it especially valuable to investigate the role of industry policies in
its substantial structural transformation and technological upgrading. Second, China's hierarchical
government structure, where central authorities establish strategic guidelines while local govern-
ments exercise discretion over policy adoption and implementation, yields rich variation in local
policies. Local governments, heterogeneous in their economic fundamentals, state capacity, and po-
litical incentives, vary signi cantly in both policy choices and tool selection, allowing researchers to
examine the determinants and e ectiveness of industrial policies. Importantly, unlike cross-country
comparisons, where varied institutional and economic contexts complicate analysis, China's uni ed
political and legal framework across regions allows for clearer insight into the determinants and



e ects of industrial policies. Third, China's institutional arrangement and regional heterogeneity
also facilitate rich policy experimentation and policy learning across administrative units, enabling
researchers to examine these dynamics. Fourth, the discretion a orded to local governments, com-
bined with their distinct incentives and capabilities, provides a window into studying the challenges
in policy coordination and the implications of coordination failures.

Despite the importance of studying China's industrial policy, signi cant gaps remain in the
literature, mainly due to data constraints. Scholars have limited access to detailed and systematic
information on the implementation of these policies, as well as a comprehensive understanding of
internal policies at the local level. This knowledge gap underscores the need for a big-data approach
to advance the study of China's industrial policy. To address this, we leverage a vast dataset of
government documents that span the past 20 years, covering all levels of government from the
central to city level. With the help of large language models (LLMs), we systematically analyze
more than 3 million policy documents to build a structured data set that encompasses a wide array
of dimensions within China's industrial policy framework. This data set enables us to decode the
intricacies of policy formulation, implementation, and di usion across various levels of government.
Signi cantly, we integrate this newly constructed policy data with various micro-level rm data sets
not only to analyze the relationship between policies as documented and those implemented, but
also to explore how the complex industrial policies interlink to in uence rm entry and subsequent
performance.

More speci cally, our sample starts with a comprehensive dataset of more than 3 millions of
unstructured policy texts issued by governments of all levels in China from 2000 to 2022. We em-
ploy large language models (LLMs) to systematically summarize, classify, and extract structured
information from the texts of these policy documents about: whether the policy document consti-
tutes an industrial policy; the issuing government; the list of targeted industries; policy tone; the
list and classi cation of policy tools; measures of policy strength; the conditionality of the policy;
references to other governments; citations of other policies; policy targets; policy dates; measures
to monitor, evaluate, and incentivize lower-level governments; measures that grant discretion and
promote policy innovation and learning; policy implementation measures such as funding support,
coordination, mandatory enforcement, and development of institutional capacity; local adaptation
of policies. In addition, we use LLM to map the targeted industries from text to standardized
industry codes. The richness of these insights allows us to move beyond a simplistic, binary view
of industrial policy. As Rodrik (2004, 2009) rightly emphasized, industrial policy is not merely a
guestion of whether or not a policy exists; rather, the key to understanding its impact lies in the
nuanced details of its implementation. The timing of policy initiation, the choice of policy tools,
the selection of target sectors, the role of local conditions, the organizational and administrative
mechanisms in place, and the dynamic interactions between various levels of government all play
critical roles in shaping the e ectiveness of these policies. Although this information is embedded
within the documents, only LLMs make it possible to extract and structure such detailed mul-
tidimensional data on China's industrial policy landscape. To our knowledge, we are the rst to
assemble this comprehensive dataset of China's industrial policy at this granular level, which allows



us to answer many questions that could not be addressed in the previous literature that measures
industrial policy at the national level by the targeted industries in the Five-Year Plan year plans
or the industries that receive more subsidies (see Section 2.1).

LLMs, while increasingly popular as a powerful research aid in social science studies, are par-
ticularly challenging to use in our context with excessively long documents and complex questions.
The risk of LLM hallucination | the tendency of LLM to give inaccurate responses | increases
signi cantly with the length of texts and prompts. We propose multiple novel strategies, which
we refer to ashallucination-robust LLM, to address this issue, including: decomposing complex
guestions into sub-questions to guide the LLM to analyze the policy document thoroughly and
step by step; providing clear de nitions and guidance with counterexamples to reduce ambiguity;
requiring the LLM to respond with all relevant texts, reasoning, and con dence level to force it to
answer with valid reasoning; separating classi cation tasks into text extraction tasks and classi -
cation tasks based on the relevant text to reduce unwarranted claims; verifying response validity
based on whether the extracted text appear in policy texts post LLM queries.Importantly, build-
ing on the the literature that integrating responses from multiple LLMs can signi cantly reduce
hallucination (Li et al., 2024a), we integrate responses from multiple LLMs for critical tasks such
as the identi cation of industrial policies, mapping each policy to standardized industry codes it
targets, and the classi cation of policy tools. Lastly, we verify the validity of our approach using
word clouds and manual veri cation of random policies. We also show the validity with several
smell tests and cross-validate using time series of industrial policies in the electronic vehicle (EV)
industry, demonstrating that the distribution of policies aligned well with known policy milestones
and dynamics.

Overall, our procedure rst successfully identi es 0.77 million industrial policies from the data
of the policy documents, and then labels and extracts all the detailed information about the indus-
trial policies mentioned above. The large volumes of documents identied by LLM as industrial
policies reveal their importance in China. Over time, we see a continuous increase in the number
of industrial policies, with a rising proportion having a supportive tone. Geographically, we nd
more industrial policies in more developed regions, consistent with Jutasz et al. (2022)'s nding
that, at the country level, industrial policy is also unevenly used and skews heavily towards rich
countries. Across sectors, manufacturing and production-related services receive the highest overall
focus, accounting for 32% and 45% of all policies, re ecting the governments' focus on these sectors.
In terms of policy tools, we guide the LLM to classify them into 21 detailed types following the
literature. Although scal subsidy is the most common policy tool that appeared in 43% of the
policies, still more than half of the policies do not employ scal subsidy, suggesting the signi cant
bias of the existing measures of industrial policy based on the amount of government subsidies. The
choices of tools are always in bundles and exhibit meaningful variations across regions and sectors,
suggesting a potentially signi cant bias from studying any single policy dimension separately; inter-
estingly, we nd that the industrial policy tools deployed in these documents evolve over the phase
of a sector's development, from entry subsidies to R &D to supply chain clustering, for example,
which is a feature that will be totally missed using the existing measures of industrial policy in the



literature. In terms of policy objectives, the promotion of strategic industries is the most common,
mentioned in 56% of the policy documents. Regarding conditionality, regional focus, rm sizes,
and R&D are the most common forms of policy eligibility. Regarding the central-local relation-
ship, we con rm the hierarchical structure where lower-level governments rely on guidance from
the higher-level from policy citation data. In terms of policy implementation, the setting of targets

is common, appearing in 79% of the policies, and coordination between government entities is also
common, particularly at the central government level. In addition, we nd that local adaption is
prominent at the city level (34%). Lastly, around 20% of the policies encourage experimentation.

At the core of our empirical analysis are ve sets of facts we document on China's industrial pol-
icy. These facts provide a rich empirical account of how local governments choose which industries
to support, the variation in the use of policy tools across di erent regions and industries and over
time, and the ways in which these policies a ect rm entry, productivity, and capital investment.
Our ndings reveal not only the successes of China's industrial policies but also the ine ciencies
and unintended consequences, such as overcapacity and local protectionism.

The rst two sets of empirical facts examine the economic rationality and political economy of
the local governments' choice of targeted sectors. We nd that economic rationale, political motives
and the administrative and scal capacity of local governments play a crucial role in the choice
of targeted sectors and policy tools, which is consistent with the model of Juhasz et al. (2023).
On the economic rationality front, we show that, consistent with what is suggested by the theory,
regions tend to target industries with relative comparative advantage, and more developed regions
are better at this targeting (Fact 1). To the extent that more developed regions have stronger
administrative and scal capacity, the results also highlight the importance of such capacity in
making an appropriate policy choice. On the political economy of policy formation and passthrough,
we show that city-level government follows upper-level government in policy-targeted sector choice,
and the passthrough is stronger for less developed regions and for regions with no connection
with upper-level government, and is stronger when political competition is stronger (Fact 2(a)).
Examining the time trend of policy pass-through, we nd that 2013 is a turning point |- the pass-
through reversed the previous declining trend and started to get stronger with the wave of political
centralization (Fact 2(b)). In addition, we also examine the time-consistency in sector choice, an
important issue in policy implementation (Juhasz and Lane, 2024). We nd that policy exhibits a
certain persistence over time. Interestingly, persistence is shifted by the change of local politicians
and tends to mimic previous policies of the new politician in the city he previously served (Fact
2(c)). The result con rms the rotation of politicians as an important policy-learning mechanism.
To the extent that politician experience is part of the administrative capacity, the results further
con rm its importance in sector choice.

The third set of empirical analysis focuses on the policy tools used, a unique and critical aspect
in policy implementation contained in our granular policy data. We nd that local governments
and more developed regions are early users of new policy tools, which are later spread through-
out the country and adopted by higher-level governments (Facts 3(a) and 3(b)). That is, even
though local governments tend to follow upper governments in sector choices, they nevertheless



have exibilities in implementation, and it is the local governments, who have more information
on the ground, that are the main agent in policy tool experimentation. Moreover, consistent with
the importance of administrative capacity, more developed regions conduct more experimentation,
and the gradual adoption of such policy tools by other governments reveals both the e ectiveness
and the learning externality of such experimentation. In addition, we nd that policy tools vary
systematically with industry, with skill-intensive manufacturing industries using new policy tools
more frequently compared to other traditional industries (Fact 3(c)). Interestingly, consistent with
the idea of industry policies as customized public services (Juhasz et al., 2023), we nd that within
each individual industry, local governments are evolving their industrial policy tools over time to
accommodate the development phase of the industry, from tools to boost entries (such as entry
subsidies, encouragement of entrepreneurship) to tools for industry advancement (such as R&D,
supply chain enhancement) , indicating the local governments' dynamism in the implementation of
industrial policies (Fact 3(d)).

In the fourth and fth sets of empirical analysis, we associate policy information with diverse
rm data sources to evaluate the e ectiveness of the policies and explore their potential e ciency
and ine ciency implications. We nd that industrial policies are e ective in providing rms in
the targeted industries extra monetary benets (Fact 4(a)), and thus signi cantly boost entry
(Fact 4(b)), but the association with rm productivity is mixed: While there is a positive but
short-lasting association between supportive policies and rm productivity in general, importantly,
the association between policy and rm productivity depends on the speci ¢ tools used and their
implementation, as multiple mechanisms interact in potentially opposite directions (Fact 4(c)). The
results highlight the importance of variations in policy implementation on policy outcomes, echoing
the emphasis of Rodrik (2004, 2009) on the \how" of industry policies. Lastly, we demonstrate a
trend of increasing interregional policy homogeneity and that the level of homogeneity is strongly
correlated with local protectionism in trade (Fact 5(a)). However, empirical evidence suggests that
simply imitating the strategies of pioneering regions or replicating successful policies from other
contexts often proves to be ine ective or even counterproductive (Fact 5(b)). This underscores the
critical point that industrial policy is far more complex than just a matter of copying successful
models|it requires careful adaptation to local conditions, administrative strength, and scal reality.

In addition, Facts 5(a) and 5(b) highlight the challenges in coordinating policies to incentivize local
governments to boost entries to a sector on the one hand and to avoid protectionism and over
capacity from homogeneous and excessive entries on the other hand.

Literature Our paper primarily contributes to the growing literature and debates on industrial
policy. In addition, it also contributes to the literature on the use of LLM in social science studies.
First, we contribute to the growing literature on industrial policy (See Juhasz et al. (2023) for a
comprehensive review). There is a large theoretical literature on industrial policy (Baldwin, 1969;
Krueger, 1990; Krugman, 1992; Harrison and Rodrguez-Clare, 2010; Itskhoki and Moll, 2019; Lin
et al., 2013). The earlier empirical literature on industrial policy mostly focuses on describing
what happens to the policy-targeted industries, and most of which nd industrial policies had



been generally ine ective or counter-productive (Baldwin and Krugman, 1986; Head, 1994; Luzio
and Greenstein, 1995; Irwin, 2000; Hansen et al., 2003). More recent literature zoom in to speci c
settings with a careful identi cation design to evaluate whether industrial policy elicited the desired
behavioral response (e.g. Lane, 2022, 2020; Juhasz, 2018; Choi and Levchenko, 2021). These studies
produce results that are much more favorable to industrial policy. Much of these studies focuses
on whether an industrial policy should be implemented and which sectors should be targeted,
Barwick et al. (2023) advance the analysis by examining the design of industrial policy. They
structurally estimate an industry equilibrium model to measure di erent types of hidden subsidies

in the shipbuilding industry and assess their welfare consequences.

Our research advances the study of industrial policies on three major fronts. First, existing
literature often examines industrial policy within a speci ¢ context, which may contribute to the
mixed ndings on its e ectiveness. By applying generative Al to one of the largest collections of
government documents ever analyzed, we provide a more holistic view of China's industrial policy
landscape across multiple regions and over an extended time period, with the potential to reconcile
and synthesis previous debates in the literature. This approach reveals not only the e ectiveness
but also the potential downsides of industrial policies. Second, we demonstrate the potential for
using LLMs to decode complex policy environments in broader contexts. By structuring unorga-
nized text into a detailed dataset, we provide a new way to analyze the complexities of industrial
policy in a large, diverse economy. The unprecedented dataset created through our analysis serves
as a foundation for future research on the optimal design of industrial policies, o ering insights
that can be applied beyond China to broader institutional settings. As global interest in industrial
policy continues to grow, understanding the nuances of policy implementation and adaptation at
both central and local levels will be crucial for assessing the long-term impact of these policies
on economic growth and innovation. Third, by using LLMs to extract granular information, we
show that industrial policy is multifaceted. Elements such as policy initiation, the choice of imple-
mentation tools, organizational structure, top-down pass-through, and cross-regional learning and
di usion are all critical to understanding the e ciency and e ectiveness of industrial policies. Our
approach captures these nuanced dimensions, enabling us to go beyond policy consequences (by
assuming policies are exogenous), exploring how speci ¢ sectors are chosen, why certain tools are
used, and how industrial policies evolve over time and across regions. As such, our big data-based
research complements case study/structural approaches.

Industrial policy in China has been of large scale while evidence for its e ectiveness has been
mixed at best.! Naughton (2021) provides a detailed narrative of the evolution of China's industrial
policy through the past 20 years.Aghion et al. (2015) use rm-level data and nd that subsidies and
tax holidays promote productivity when directed at more competitive industries; tari s and loans
do not. Barwick et al. (2021), with a dynamic structural model, evaluate di erent types of subsidy
tools of industrial policies in the setting of China's shipbuilding industry and highlight the nuances
in policy designs. Branstetter et al. (2023) document negative impact of government subsidies on

1See estimates of Chinese industrial policy for 2019 by DiPippo et al. (2022).



rms' ex-post productivity growth. 2. Liu (2019) further takes into account the industrial linkages
in determining the optimal sector to be targeted by industrial policy. Our research o ers by far
the most comprehensive view of the landscape of industrial policies in China, with a detailed
analysis spanning over 20 years and reaching the city level| previous research has generally been
limited to national or provincial analyses relying on speci ¢ policy documents like Five-Year Plans.
By examining policy variation across sectors, regions, and tools, we capture the unique regional
dynamics that shape policy implementation, which depend heavily on local administrative and scal
capacity. We provide new insights into the political economy of industrial policies by documenting
interactions between central and local governments in policy formation and implementation, and
by examining the role of local politicians in designing these policies. Additionally, we address the
critical issues of local protectionism and inter-regional competition, which mirror trends in global
de-globalization. By adding a spatial dimension, we o er a deeper understanding of how China's
politically centralized and economically decentralized RDA system in uences policy transmission
and adaptation, and the ine ciencies that can arise when regions replicate each other's policies.
Our ndings thus provide a balanced perspective, highlighting both the bene ts and the potential
risks of industrial policies in China's dynamic economic landscape.

Methodologically, we contribute to the fast-growing literature in economics and nance that
leverage text big data (Gentzkow et al., 2019; Goldstein et al., 2021), especially those employ LLM
to analyze text data (e.g. Li et al., 2024b; Lopez-Lira and Tang, 2023; Li et al., 2023; Kim et al.,
2024; Bai et al., 2023; Bybee, 2023; Jha et al., 2024). For example, Korinek (2023) introduces
LLMs and their potential applications in various research tasks. Eisfeldt et al. (2023) measure the
exposure of each occupation to generative Al based on LLM's analysis of the occupation's task
statement. Jha et al. (2024) use LLM to create a rm-level investment score from conference calls.
Chen et al. (2024) apply LLM to measure matching quality in the labor market, demonstrating
the ability of LLM to recover overlooked information in categorical variables from texts. Li et al.
(2024b) use LLM to measure corporate culture, as well as its determinants and consequences, from
analyst reports, demonstrating LLM's ability to extract causal relationships from texts. Our study
di ers from current research in two important ways. First, we apply generative Al for compli-
cated information extraction rather than text classi cation or prediction tasks, and demonstrate
its e ectiveness. Contemporaneous applications of LLMs are typically on short texts of a couple
of sentences or paragraphs. In this paper, we demonstrate the capabilities of LLMs in performing
multiple complex tasks over extended texts, where LLMs' hallucination issues become more pro-
nounced. In order to achieve the goal, we designed a careful, multi-stage methodology to address
the unique challenges posed by excessively long documents and extensive prompts, maximizing the
LLM's interpretative accuracy. In response to the model's limitations, particularly in handling
lengthy prompts without losing context, we divided our queries into targeted rounds that progres-
sively built upon each other. This allowed us to process nuanced elements across documents, such
as intergovernmental relationships and policy implementation details, that are typically inacces-
sible via traditional machine learning methods or standard Al applications. Second, our study

23ee Branstetter and Li (2023) for a comprehensive review on studies of China's industrial policies.



tackles the critical issue of hallucination| a pervasive problem with LLMs, where models can
generate plausible yet inaccurate responses. We introduce several novel strategies to address such
hallucination issues. Speci cally, we highlight the e ectiveness of integrating multiple LLMs to
mitigate hallucinations (Li et al., 2024a). Additionally, we underscore the importance of extracting

all response-relevant text to improve response quality, enhance transparency, and facilitate further
improvement. To improve prompt clarity, we employ LLMs to systematically search for counterex-
amples and to decompose complex questions into detailed steps. This method e ectively reduced
hallucination by encouraging the model to reference speci ¢ phrases, ensuring responses aligned
closely with the actual content of the documents. These methodological innovations provide a ro-
bust framework for applying LLMs to other economic contexts involving intricate text-based data,
enhancing the reliability of Al-generated outputs in capturing multi-dimensional policy informa-
tion. We also systematically compare the performance of LLM with an alternative keyword search
approach. While certain tasks| such as mapping policies to standardized industry codes| are
inherently infeasible for traditional keyword-based approaches, we demonstrate the advantages of
LLMs over keyword methods even in tasks where keywords are applicable, owing to their ability to
understand meaning in contexts.

The remainder of the paper is organized as follows. Section 2 reviews existing measures of
industrial policies, discusses the advantages of LLM in analyzing industrial policies, and lays out
the technical details of applying LLM in analyzing policy documents. Section 3 describes the data
and the main variables. Section 4 presents a detailed description of the industrial policy data
canonicalized using LLM, categorized by key thematic dimensions. Section 5 leverage the vast and
rich dataset constructed through the LLM analysis to uncover and document thirteen important
facts about China's industrial policy over the past two decades. Section 6 concludes.

2 Measuring Industrial Policy

2.1 Existing Measurement of Industrial Policy

In recent literature, several approaches have been developed to measure and analyze industrial
policies. These approaches primarily rely on structured policy frameworks like ve-year plans,
speci ¢ policy shocks, and, de facto measures based on rm subsidy data. More recently, there has
been an emerging e ort to develop text-based methods based on o cial government documents.
Below, we broadly categorize the existing measures into three groups and carefully compare them
with our LLM-based method.

The rst group of studies relies on structured policy frameworks or speci ¢ policy shocks. First,
for studies focusing on China, ve-year plans have long been used as a crucial source for measuring
industrial policy. These plans are issued at various government levels, from national to provincial,
and often de ne the key \pillar" or \encouraged" industries that are prioritized for development.
Barwick et al. (2021) analyze the provincial ve-year plans, identifying priority industries through
keyword searches for terms such as \pillar industry” to measure policy impacts. Similarly, Cen et al.



(2024) focus on national-level ve-year plans, identifying \encouraged industries" at the four-digit
industry level using keyword searches and linking these industries with government subsidies post-
plan issuance. Chen et al. (2017) also explore the role of national ve-year plans, using keyword
searches to identify specic industrial policy initiatives. These studies highlight the structured
and long-term nature of policy planning in China, using ve-year plans as a framework to direct
industrial development. Other studies leverage specic policy shocks to provide another avenue
for measuring industrial policy. For example, Wei et al. (2023) examine the impact of a specic
national innovation policy, InnoCom, implemented in 2008, which aimed to stimulate technological
innovation. Branstetter and Li (2022) analyze the\Made in China 2025" initiative, a comprehen-
sive strategy to upgrade China's manufacturing capabilities, as a speci ¢ industrial policy shock.
Both studies focus on identifying the e ects of targeted, large-scale policy interventions on specic
industries and regions. In a similar vein, scholars also rely on various historical contexts with ex-
ogenous shocks of industrial policies worldwide. For example, Jutasz (2018) evaluates the famous
infant industry argument using the disruption to trade resulting from a blockade against Britain

in the 19th century during the Napoleonic Wars (1803-1815). Lane (2022) study the impact of
industrial policy on industrial development by considering an important episode during the East
Asian miracle: South Korea's heavy and chemical industry (HCI) drive in the 1970s.

The second group of studies employs data-driven approaches, which combine rm-level admin-
istrative data with policy interventions to measure the intensity and impact of industrial policy.
For example, Aghion et al. (2015) use the ASIF dataset to develop policy support measures by
aggregating rm-level information on subsidies, tax holidays, interest payments, and tari s. This
allows for the construction of policy support intensity measures at the city-industry level. Similarly,
Branstetter and Li (2023) analyze total subsidies received by public rms using data from CSMAR
to assess the impact of government subsidies on rm performance. DiPippo et al. (2022) further
expand on this by comparing industrial policy spending across countries, using rm-level data to
evaluate the e ectiveness of policy interventions. Compared to the rst approach, the second ap-
proach only focuses on the industries or rms that actually receive extra government monetary
support. On the other hand, it may fail to capture the failed policies that were not implemented
well, nor the ones that mainly utilize other implementation tools like consumer subsidy, government
procurement, government equity fund, etc.

Finally, the use of government documents as a source for policy analysis has become increasingly
prominent. Sinclair and Zhang (2023) leverage o cial documents from China's State Council, scrap-
ping 444 policy documents issued after 2008 and Itering them to focus on those that are relevant
to industry-speci ¢ policies. Their analysis focuses on policies with positive tones and attempts to
identify policies using keywords like \promote" and \develop". Recent advancements in text-based
methods have enabled the analysis of industrial policy using machine learning techniques. For
example, Juhasz et al. (2022) utilize the Global Trade Alert (GTA) database to analyze industrial
policies across countries, industries, and time periods. They manually classify a subset of policies
and then apply the BERT model to classify the full dataset, identifying a total of 28,000 policy
observations. Their approach highlights the potential of text analysis to handle large volumes of



policy documents and extract detailed insights about policy interventions. Goldberg et al. (2024)
also utilize a subset of the GTA data, focusing speci cally on the chip industry, while Evenett
et al. (2024) develop the New Industrial Policy Observatory (NIPO) database to track new indus-
trial policies globally. This text-based method relies on monitoring and reporting by the Global
Trade Alert team, focusing on the content and motive behind policy interventions to better un-
derstand the scope and e ectiveness of industrial policies. Compared with the previous literature,
the text-based method is able to provide a more comprehensive coverage of industrial policies and
contains more detailed information on the implementation of the policies. However, the method
relies on signi cant manual work| the WTA database is manually collected and labeled by a team
of observers in each country and Jutasz et al. (2022) further labeled the documents with a re ned
de nition of industrial policies| thus making the method infeasible for studies at a more granular
level, which may involve a much larger volume of longer and unstructured documents.

In sum, these varied approaches demonstrate the evolving nature of industrial policy analysis,
with methodologies ranging from policy shock analysis to data-driven and text-based approaches.
Each method o ers unique insights into the target and e ectiveness of industrial policies, allowing
researchers to evaluate their impact on rm behavior, market dynamics, and broader economic
outcomes. Yet, these methods are subject to two major constraints. First, existing measures focus
primarily on identifying the targeted industries, overlooking the much richer information contained
in policy documents. Critical details, such as speci ¢c implementation tools, eligibility conditions,
and the government's underlying objectives or rationale for targeting particular industries, often
remain unmeasured. Traditional methods fall short of capturing this multi-dimensional complex-
ity. Second, current measures predominantly operate at the national or, at best, provincial level.
However, to fully comprehend the mechanisms of industrial policy within a country like China,
it is essential to understand policy implementation at more granular levels, such as cities or dis-
tricts. Understanding the dynamics of policy passthrough from the central government to local
governments, along with the patterns of local policy learning and experimentation, requires de-
tailed local-level analysis, which has been largely absent in the existing literature. This is where
newer methods, such as LLM, come into play, enabling deeper analysis of complex, unstructured
text data and o ering the potential to overcome these limitations.

2.2 Policy Documents and LLM

The government documents provide a wealth of information. In this section, we outline how we
leverage LLM to systematically extract and organize each of these key elements from the textual
data.

2.2.1 Prompts: What Can We Learn from Policy Documents

In the rst part of our analysis, we categorize the insights that can be systematically extracted
from government documents into four broad categories: First, we identify industrial policies from
the universe of government policy documents. This involves determining whether a particular
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document can be classi ed as an industrial policy, following a clear, consistent de nition. Second,
we determine the tone of each policy document, and then focus on identifying the speci c tools
used to implement the policy. These could include scal and nancial incentives (e.g., subsidies,
tax breaks), regulatory changes, entry support (e.g., land allocation, infrastructure development),
and demand-side tools (e.g., government procurement, consumer subsidies). Third, we zoom in on
more policy details. This category captures the full range of information provided in the documents
about the policy's scope and operation, such as the date of issuance, the e ective period, the
objectives of the policy, the eligibility criteria for rms to receive policy support, and the speci c
mechanisms and organizational arrangements for implementation. These details are crucial for
understanding how the policy is intended to work and who stands to bene t. Lastly, we learn about
the intergovernmental relationships in policy setting from the documents. This aspect explores how
the policy aligns with or deviates from upper-level government directives. Speci cally, we seek to
understand whether the policy follows a top-down directive from the central government, aligns with
provincial goals, or represents local adaptation or innovation. This is important for understanding
the hierarchical structure of policy di usion and local experimentation.

Using these four categories, we guide the LLM to comprehend and process the highly unstruc-
tured text data and systematically structure it into a well-organized dataframe. By prompting
the LLM to follow this line of thinking, we transform the raw, lengthy policy texts into a man-
ageable dataset that enables detailed empirical analysis. Each policy document is thus broken
down into these core components, allowing us to capture the complexity of industrial policy design,
implementation, and intergovernmental coordination across China.

De ning industrial policy As the rst step of the process, we must be clear about the de nition
of industrial policy to identify them from the universe of government policy documents. There
has been wide discussions on the exact de nition of what constitutes an industrial policy among
scholars and practitioners. In trying to identify the industrial policies from the World Trade Alert
database, Juhasz et al. (2022) apply a relatively narrow de nition as the policies with: 1) stated goal
of changing the relative prices across sectors or direct resources towards certain selectively targeted
activities and purpose of shifting the long-run composition of economic activity; 2) speci ¢ actions
to be taken and nanced by a national, or extranational, state. In a similar vein, Naughton (2021)
de nes industrial policy as \any type of selective, targeted government intervention that attempts
to alter the sectoral structure of production toward sectors that are expected to o er better growth
than would occur in the (non-interventionist) market equilibrium."

An alternative, broader de nition would also have some bene ts, because it might help us iden-
tify some common features across countries and also compare and contrast very di erent countries
in a systemic way. For example, Knight (2014) calls China a \developmental state,” using a broad
de nition that permits him to focus on the presence of an overarching national goal of economic de-
velopment, as well as an incentive structure that rewards government o cials for pursuing growth.
This very e ectively draws out the commonalities between China, Japan, and Korea in their high
growth eras, while leaving the di erences to one side. In another sense, a broad de nition allows
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authors to bring in regulation, scal and monetary policy, and innovation and human resource pol-
icy. For example, Brandt and Rawski (2019) use a broad de nition to bring multiple perspectives
to bear on the electrical sector, among others, showing the complex relations between regulation,
competition policy, and direct sectoral intervention.

In this project, we follow Juhasz et al. (2022) and Naughton (2021) to use a relatively narrow
de nition of industrial policy. Industrial policy refers to government policy measures taken to
guide industrial development and directed at changing the structure of the local economy. The
government in uences the relative prices of various sectors in the economy (e.g., providing subsidies
or tax incentives) or uses other means to guide the allocation of social resources, or in uences
the long-term composition of the economic structure through the resources it can in uence or
control. Industrial policy can target speci ¢ industries or speci ¢ economic activities within certain
industries, such as exports, innovation, digitalization, or green transformation. It is important to
note that, while every policy may turn out biasing towards certain sectors| for example, Hukou
reforms that relax labor mobility restrictions may benet labor-intensive industries more, and
joining the WTO may bene t export-oriented industries more| we do not consider these general
policies as industrial policies in our study. De ning industrial policy too broadly risks con ating
sector-neutral policies with targeted interventions aimed at structurally transforming the economy.
Such a broad de nition would dilute the focus of the analysis, making it harder to identify the unique
mechanisms and impacts of policies explicitly designed to promote speci ¢ sectors or activities. By
narrowing the scope to targeted policies, we aim to provide a clearer understanding of the tools,
objectives, and outcomes associated with industrial policy, distinguishing it from broader economic
reforms or general public policies that indirectly a ect certain industries. Moreover, this also
minimizes the risk of conjecture with LLMs which is a common source of hallucination.

More precisely, to determine if some document quali es as industrial policy, we apply the fol-
lowing criteria: First, the subject of industrial policy must be the government (including various
levels of government and subordinate departments). If the text involves company development
or collaboration between non-governmental entities, it is not industrial policy. Second, industrial
policy must involve government policy measures. If the text merely reports economic progress or
describes activities like government relocation or recruitment, it is not industrial policy. Third,
industrial policy must be directly biased towards a speci ¢ industry or speci ¢ economic activity.
General policies not targeting speci c industries or activities are not industrial policies. For ex-
ample, policies that aim to boost long-run economic growth without a biased target on a specic
industry, are not counted as industrial policies. Fourth, industrial policy aims to a ect the econ-
omy's long-term structure. Policies addressing short-term economic shocks, like responses to the
COVID-19 pandemic, do not qualify as industrial policy.

As industrial policy is de ned as policies that target speci c industries, we can thus identify
the industries being targeted in each industrial policy document. We identify the industry at the
most granular 4-digit industry level. In particular, we distinguish the industries that are being
directly targeted versus the industries that are mentioned without strong intention for support
and the industries that may be spillovered by the policy target. For example, an industrial policy
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promoting the long-run growth of electronic vehicles may also bene t battery manufacturers; we
do not include battery manufacturing in the de nition of \directly targeted industry” unless the
document speci cally speci es the policies for the battery industry.

Lastly, we also examine the \tone" or intent behind the policy| whether it aims to promote,
regulate, or suppress a certain industry. Promotional policies focus on advancing sectors through
initiatives like promoting technological innovation, industrial upgrading, attracting and training
labor, improving the business environment, coordinating regional development, infrastructure in-
vestment, encouraging openness to foreign investment, and lowering entry barriers. Regulatory
policies, while potentially bene cial in the long term, are more focused on immediate control, such
as setting industry standards, enforcing environmental regulations, market regulation, corporate
oversight, and ensuring safety in production. These aim to regulate industry behavior and estab-
lish norms. Suppressive policies, on the other hand, seek to limit or phase out certain sectors,
including actions like restricting overproduction, supporting market clearing, eliminating outdated
production capacity, controlling real estate speculation, or curbing energy-intensive industrie$.

Policy implementation tools What policy levers are used to conduct industrial policy? One
of the most critical aspects of the rich information extracted from government documents is the
categorization and identi cation of the implementation tools used in industrial policies. However,
there is no universally agreed-upon framework for categorizing these tools, and the approaches vary
signi cantly across di erent studies and institutions. For example, the United Nations Conference
on Trade and Development (UNCTAD)'s Multi-Agency Support Team (MAST) has developed a
coding system for trade-related policy measures that includes 12 categories, ranging from capital
control to subsidies, tari s, migration measures, and others. Similarly, Juhasz et al. (2022) employed
the more detailed taxonomy used by the Global Trade Alert (GTA) project to track various policy
interventions globally. These approaches, while comprehensive in terms of import and export
measures, tend to focus predominantly on national-level policies with a speci c emphasis on trade-
related interventions.

Our approach builds on the foundation established by these frameworks but extends it to ac-
count for the unique characteristics of domestic industrial policy, especially at the local government
level. We retain several categories related to trade and international competitiveness, such as entry
subsidies, import/export controls, nancing tools, and scal subsidies, as these remain relevant
within China's broader industrial strategy. However, to accurately re ect the distinctive features
of China's domestic industrial policies, we incorporate additional policy tools frequently deployed
by local governments. These include labor subsidies, preferential land allocation, industrial funds,
and policies promoting industrial clusters|tools that are more tailored to regional economic de-
velopment and re ect China's decentralized industrial governance structure.

In this extended framework, we classify policy tools into a few broad categories. The rst cat-
egory is a group of traditional nancial measures that align with international frameworks, such

3Environmental policies can fall into either promotional or suppressive categories depending on their emphasis:
if focused on pollution control, they are suppressive, while promoting green development makes them promotional.
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as credit and nance provisions, tax incentives, equity support, and scal subsidies. These tools
are critical for reducing the nancial burden on rms, stimulating investment, and encouraging
sectoral growth. The second is a set of tools directly aimed at promoting market entry, enhancing
entrepreneurship, and regulating competition. Tools include industrial funds that o er venture
capital support, policies that encourage entrepreneurship, and regulatory mechanisms to improve
the business environment. Additionally, measures such as market access regulations and trade
protection instruments (e.g., import/export controls and non-tari barriers) are key components

in shaping the competitive landscape and controlling market access for both domestic and foreign
rms. The third category includes tools that subsidize input at di erent production stages. The
input category covers policies designed to ensure the availability of critical resources required for
industrial development. This includes labor policy (such as training programs and wage subsi-
dies), preferential land supply (such as reduced land costs for industrial use), and infrastructure
investments (including transportation and energy infrastructure). Additionally, this category ad-
dresses government e orts to promote R&D and technology adoption, as well as policies aimed
at encouraging environmental protection through green credit and subsidies for sustainable prac-
tices. The fourth category covers tools that aim to stimulate consumer demand and ensure that
rms can access large and stable markets. Measures include demand stimulation through consumer
subsidies, government procurement that prioritizes domestic industries, and industrial promotion
policies such as public exhibitions and trade fairs to increase product visibility and market ac-
cess. The nal category focuses on supply chain-related policies that promote the integration of
industrial clusters and support local supply chains. These tools are designed to encourage the
localization of supply chains and stimulate agglomeration economies. Industrial cluster policies,
for instance, aim to create economic zones where rms can benet from proximity to suppliers,
customers, and competitors. Localization policies further ensure that industries utilize local labor,
suppliers, and resources, strengthening regional economies and promoting self-su ciency. By ex-
panding the categorization to include these region-speci ¢ tools, we capture a fuller picture of how
Chinese industrial policy is implemented across di erent levels of government and sectors, providing
a deeper understanding of the mechanisms driving industrial development at both the local and
national levels.

By organizing the industrial policy tools into these ve distinct categories, we provide a com-
prehensive framework that re ects the comprehensive tools of China's industrial policy, and that
is more appropriate for analysis of industrial policy at sub-national level. This categorization
allows us to systematically assess the range of tools used by the government to achieve its indus-
trial objectives, while also revealing key di erences in the approaches taken by various levels of
government|be it central, provincial, or local. Moreover, it highlights the exibility of the Chi-
nese policy environment, where di erent tools are employed depending on regional needs, industry
characteristics, and broader economic goals.

Policy details In addition to identifying the specic tools used for policy implementation, a
comprehensive analysis of government documents often reveals even more critical details. These
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documents typically include information on the issuing government body, the policy's e ective
duration, objectives, eligibility criteria for support, and the speci ¢ mechanisms for implementation.
With the power of LLMs, we can extract detailed information on these dimensions, thus providing
a richer understanding of industrial policies beyond just the surface-level tools.

First, we examine the conditionality of policy support, which refers to the requirements or
conditions that enterprises must meet in order to qualify for policy support. These criteria serve
as the lIters through which governments target specic types of rms, ensuring that the policy
bene ts are allocated according to the intended objectives. Based on the extracted information,
the common conditions found in Chinese industrial policies can be usually categorized by the fol-
lowing dimensions: the rm's scale or strength, rm age, R&D investment or speci ¢ technological
quali cations (e.g., patents, R&D platforms, or high-tech capabilities), rm location, ownership
structure (SOE, POE, foreign-invested enterprises, etc.), designated speci ¢ rm, or others.

Second, policy documents usually state the goals of industrial policies which re ect the strategic
and social priorities of the government. The objectives outlined in the documents often provide
insight into the rationale behind each policy and the broader goals the government hopes to achieve.
Some of the most commonly stated goals include promoting certain types of important industries
such as strategic industries, pillar industries, emerging new industries, traditional industries, etc.,
promoting technological innovation or technology adoption, social goals such as employment, equity,
or urbanization, etc.

By extracting and categorizing both the conditionality and stated goals of industrial policies,
we can develop a deeper understanding of how government strategies are structured. These di-
mensions add crucial layers of complexity to the analysis, providing insights into not just what
policies are being implemented, but how and why. Furthermore, we guide LLM to read about the
rich implementation details found in government policy documents, which allow us to evaluate the
government's strength and e ort in executing industrial policies, particularly in terms of the organi-
zational arrangements within di erent levels of government. These details give us a clearer picture
of how e ectively the policies are carried out and the administrative measures used to ensure their
success.

To assess the strengths of the policy, we evaluate the content along two dimensions. First, we
consider how substantive the policy measures are: Does the policy contain vague, broad statements,
or does it include highly speci c, actionable measures with clear goals, supervision, punishment,
and incentive mechanisms? Second, we assess the intensity of these measures: Are the policy objec-
tives and mechanisms weakly de ned, or are they backed by strong, detailed directives with clear
enforcement strategies, where the government invests signi cant manpower and material resources
to ensure implementation?

In particular, from the documents, we can extract information about four broad categories of lo-
cal governments' organizational arrangements related to policy implementation. We guide LLM to
read through the documents and evaluate the strengths of the policies from these four dimensions.
First, performance evaluation, punishment, or incentives| The policy documents often specify how
government divisions, lower-level governments, and their o cials will be evaluated. This includes
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identifying any performance metrics, potential punishments for underperformance, or incentive
measures aimed at rewarding successful implementation. By understanding these measures, we can
gauge the level of accountability and motivation built into the policy framework. Second, encour-
agement of local governments' policy innovation| Many policy documents highlight how lower-level
departments, governments, and o cials are encouraged to engage in policy innovation. This re ects
the government's willingness to allow local experimentation and adaptability in achieving the policy
goals. We can track how and to what extent lower-level actors are given the freedom or incentives
to innovate within the policy's framework. Third, methods of policy enforcement|] Documents
may also contain speci c measures or arrangements designed to advance the implementation of the
policy. This can include task forces, cross-departmental collaborations, or other arrangements to
streamline execution. These details give us insight into the actual machinery behind policy im-
plementation and how governments mobilize resources to achieve policy goals. Lastly, adaptation
to local conditions| Policy documents often re ect how a policy has been adapted to the specic
local conditions of the region where it is being implemented. This adaptation could involve tailoring
goals to local economic strengths, adjusting implementation timelines, or accommodating speci c
regional challenges. By identifying these local adaptations, we can better understand the exibility
and responsiveness of the policy to the unique needs of di erent areas.

By systematically extracting these details using LLMs, we are able to construct a comprehensive
view of the organizational and administrative underpinnings of industrial policy implementation,
o ering a more nuanced understanding of how these policies are executed and enforced across
di erent regions and levels of government. This adds an important layer to our analysis, allowing us
to assess not just the intent behind the policy, but also the organizational structure and mechanism
of its implementation.

Intergovernmental relationship In addition to analyzing the content of industrial policy doc-
uments, we extract valuable insights regarding intergovernmental relationships by examining how
di erent levels of government| central, provincial, and local| interact within the policy-making
process. This analysis involves two major dimensions: the policy citation network and direct ref-
erences to upper or lower government levels. These references help us understand how policies are
coordinated, aligned, or adapted across government levels.

First, we extract information on the citation of policies within the documents, revealing how
policies in uence and evolve across di erent government levels Citations can be categorized into
several types. Forwarding and issuance refers to distributing the policy to other government levels
or departments for implementation. Implementation involves citing policies as the basis for speci c
actions, highlighting their continued in uence. Basis for policy occurs when a policy is formulated
based on higher-level laws or frameworks. Policy continuation or abolition captures whether a
policy continues or replaces a previous one, leading to its abolition. Lastly, policy coordination

“Note that some policies may be cited in abbreviated forms, such as\xx Five-Year Plan," \xx Five-Year Planning,"
\**th Plenary Session," \Report of the *th National Congress of the Communist Party of China," \Made in China
2025" government policy; these also count as cited policies.
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re ects how the current policy aligns with existing ones to ensure consistency and avoid con icts.

By analyzing policy documents, references to higher or lower government bodies can be cat-
egorized based on their purpose. Mentions of upper government often relate to implementing
higher-level policies, citing laws or policies as a basis, executing speci ¢ requirements, forwarding
central policies for local action, responding to national initiatives, receiving technical guidance, or
seeking approval or authorization from upper authorities. In contrast, references to lower govern-
ment typically involve directing policy implementation, directing lower government coordination,
designating pilot programs, promoting successful policy experiences, de ning where the policy is
applicable, recognizing commendation or rewards for e ective implementation, or issuing criticisms
and punishments for non-compliance. Additionally, there are miscellaneous mentions of lower gov-
ernment relevant to policy enforcement and governance.

By analyzing both the explicit mentions of government levels and the policy citation network, we
can better understand the hierarchical coordination of policies across China's multi-level governance
system. The top-down transmission of policy goals, alongside local adaptation and experimenta-
tion, plays a crucial role in shaping the implementation of industrial policies at di erent levels.
Identifying these relationships enables a deeper understanding of how national strategies trickle
down to local levels and how local governments align their strategies with those of upper-level au-
thorities. This analysis also highlights the interconnected nature of policy-making in China, where
both the central directives and local innovations contribute to the broader industrial landscape.

2.2.2 Implementation

Model

LLMs are advanced deep learning algorithms with billions of parameters, making them ideal
tools for analyzing texts to conduct various complex summarization, extraction, and classi cation
tasks. Trained on vast text corpora from diverse textual sources, these models learn the inherent
meanings of language and vast knowledge through various text prediction tasks. They are further
re ned to follow human instructions and incorporate human feedback. Consequently, they excel
at various complex text tasks, with the volume of training data and the number of parameters
governing the model's knowledge base, its reasoning ability, and its ability to grasp complex and
nuanced meanings in texts. While LLMs exhibit remarkable capabilities, they are not without
limitations. In particular, LLMs may generate responses even when they are uncertain or they po-
tentially misunderstand the instructions, especially in the context of complex queries and extensive
textual inputs. These unwarranted responses often contain inaccuracies|a phenomenon commonly
referred to as \hallucination."

Overall, it is helpful to think of LLM as a well-read research assistant who read millions of books,
papers, articles, documents, online content, or other textual sources, it possesses certain level of
expertise in various domains, and it has a sophisticated understanding of words, jargon, sentences,
and paragraphs within contexts. Yet, this research assistant is overcon dent and may return false
responses even when it is uncertain or it misunderstands the instruction. When employing this
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research assistant for a speci c task, we need to give clear instructions to avoid misunderstanding,
as well as take other strategies to reduce hallucinations to obtain more accurate results.

Given the complexity of our tasks|which demand comprehensive knowledge, particularly pro -
ciency and knowledge in Chinese|we employ the Gemini-1.5- ash-001 model developed by Google
DeepMind. This language model has been trained on an extensive corpus of multilingual texts from
diverse sources comprising 6.5 trillion of tokens (or 4.9 trillion of words), equivalent to the word
count of millions of books. It thus encompasses a vast repository of knowledge requisite for our
analysis. According to user evaluations on authoritative platforms such as Chatbot Arena (formerly
LMSYS), the Gemini-1.5- ash-001 model ranks favorably compared to certain versions of GPT-4,
speci cally GPT-4-0314 and GPT-4-0613, and most Chinese LLM models in tasks conducted in
both English and Chinese, underscoring the model's superior performance in handling complex
tasks.

Gemini-1.5- ash-001 exhibits a strong capability to process long texts of up to one million to-
kens, or approximately 750,000 words, without signi cant deterioration in performance. According
to user evaluations on Chatbot Arena, it ranks much higher than GPT-4-0314 and GPT-4-0613
in handling longer query. This capacity is particularly attractive, as it allows us to provide both
the complete policy texts and the necessary de nitions and guidance to the language model. Such
comprehensive input is crucial because many of our inquiries require an extensive contextual un-
derstanding of entire documents, and numerous cases involve complex issues that demand clear
de nitions and precise guidance. For example, determining whether a policy constitutes industrial
policy depends on multiple factors: whether it is issued by the government, whether it targets and
favors speci ¢ industries or speci ¢ economic activities, whether it includes concrete policy tools,
and whether it aims to shift economy's long-term composition. Since the relevant information is
interrelated and scattered across di erent sections of the policy document, querying the LLM with
the full text is essential.

Moreover, assessing whether a policy speci cally targets and favors certain industries or ac-
tivities|as opposed to being a general policy without directionjand whether it aims to shift
the long-term composition of the economy|as opposed to responding to short-term economic
shocks|involves complex and nuanced judgments, as many texts contain elements of either direc-
tions. It could take hours to explain to human research assistants. Providing clear de nitions and
guidance, along with counterexamples, is therefore crucial for the output quality. However, both
the full texts and the de nitions and guidance are necessarily lengthy. Notably, the median length
of our policy documents is 1,160 words, with the 90th percentile reaching 5,461 words. Additionally,
a clear de nition of industrial policy and common policy tools alone comprises 2,406 words. The
Gemini-1.5- ash-001 model thus aligns well with our demands.

Overview of processes

We conduct two major rounds of LLM queries using titles and full texts of policies. The rst
round encompasses all policy documents in our sample. The second round focuses on a subset
identi ed as industrial policies, determined by combining the industry policy scores from the rst
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round LLM query with the orthogonal assessment from a di erent LLM model on policy titles.
We separate the queries into two rounds because the performance of the LLM model deteriorates
with excessively long prompts, despite the model's strong performance in processing long texts.
Additionally, building on recent ndings (Li et al.,, 2024a), we integrate orthogonal judgments
from additional LLMs or have one LLM critically review the outputs of another for several critical
guestions, besides the two major rounds of LLM queries. Such integration and critical reviews have
been shown to substantially improve performance across applications.

In the rst major round, our queries address several key aspects: whether the policy document
constitutes an industrial policy; the issuing government; the list of targeted industries; policy tone;
the list and classi cation of policy tools; measures of policy strength; the conditionality of the policy;
references to other governments; citations of other policies; and policy targets. The second major
round of queries delves into additional dimensions and repeats some rst-round questions to enhance
the output quality: policy issuance dates and e ective periods; the list of targeted industries; policy
tone; measures related to setting targets, monitoring, evaluating, incentivizing, and punishing lower-
level governments; measures that grant discretion and promote policy experimentation, learning,
and tolerance of failure; policy implementation measures such as funding support, coordination,
mandatory enforcement, and developing institutional capacity; local adaptation of policies; and
continued references to other governments and citations of other policies. Appendix B provides a
detailed list of variables.

Major prompts

To mitigate the hallucination in LLM responses, we employ various prompt design techniques to
enhance output accuracy throughout the prompts of di erent rounds. First, we provided compre-
hensive and clear de nitions to reduce ambiguity. For instance, we included a detailed 2,406-word
de nition of industry policy and policy tool categories based on existing literature, equipping the
model with nuanced understanding necessary for accurate analysis. When necessary, we provide
common counterexamples to each de nition to reduce the ambiguity in understanding through
multiple iterations of experimentation with prompts, often based on di erent random subsamples
to increase sampling coverage.

In addition, we provide structured and clear guidelines in prompt for the LLM to analyze the
text, and when necessary, we decomposed complex problems to guide the model's analytical process
step by step. For example, before determining whether a policy constitutes industrial policy, we
require the LLM to answer eleven speci ¢ questions pertaining to multiple aspects of industrial
policy.

Additionally, we took several general prompt strategies widely found to be useful in di erent
applications: we set the temperature parameter to zero to obtain more consistent outputs, we assign
the LLM a role as a China industrial policy expert to remind it the proper knowledge base to refer
to in its analysis, we repeatedly emphasize the importance of basing answers on the text itself, we
permit the model to respond with \I don't know" rather than forcing the model to return likely
incorrect outputs, we repeatedly stress conservative judgment in classi cation questions to mitigate
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false classi cations, we remind the LLM to ensure response consistency across multiple interrelated
guestions, we use consistent formatting and clear section delimiters to ease the understanding
of LLM, we repeatedly remind the LLM to pay attention to critical texts or critical response
instructions, and we encourage thorough and step-by-step analysis.

Importantly, we require it to provide, for each major question, not only the answer but also
associated con dence levels, concise reasoning, and all relevant text extracted directly from the
original text. Including con dence levels and reasoning ensures that the LLM's responses are careful
and logically consistent. The provision of relevant text and reasoning further improves transparency.
Crucially, by verifying whether the policy texts contain these keywords, we can directly mitigate
hallucinations. Using this strategy, we eliminate a signi cant amount of erroneous policy citations.
Additionally, the inclusion of relevant text and reasoning allows for continual improvement by
employing another LLM to critically review the responses.

Re nement with additional LLM analysis

For key questions regarding the determination of industry policy, the list of relevant industries,
and the classi cation of policy tools. We employ additional LLM models and integrate responses
from these models to improve the accuracy of the nal results, aiming to minimize hallucination
and improve output quality.

Determination of industrial policy To conduct an additional-round LLM evaluation of indus-
trial policies, we select policies that meet a minimal threshold based on the rst-round LLM results.
Speci cally, we include policies where either (1) the LLM industry score is available and exceeds
30, or (2) the LLM industry score is missing, but the reasoning provided by the LLM lacks explicit
indications that the text is not about industrial policy. We choose this threshold conservatively to
ensure that virtually all potential industrial policies are included.

In the additional-round LLM analysis, we employ a more advanced but costlier LLM model,
Gemini-1.5-pro-exp-0827, a model that is also developed by Google DeepMind that is even more
knowledgeable and has stronger capability to conduct complex tasks than Gemini-1.5- ash-001.
Due to cost concern, we only query it with the policy titles|the most informative components of
the policy texts regarding their nature. In the prompt, besides the de nition of industrial policies,
we instruct the LLM that policies not targeting industry and clearly concerning eight types of
issues (e.g., internal government management) are likely not industrial policies, however, since this
relationship is not deterministic, it must comprehensively consider all relevant information to reach
the nal judgment.

In particular, we obtained these eight types of common non-industrial-policy titles by instruct-
ing an LLM to summarize titles of 10,000 random selected policies according to the de nition of
industrial policies. We then manually read to further summarize the output of the LLM summary.
These two-step strategies thus ensure that all common non-industrial-policy types are summarized
and that there is no misclassi cation. We aim to be conservative in providing counterexamples
so that only obvious counterexamples are provided to reduce the likelihood of misclassi cation.
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To identify the prevalent categories of counter-examples, we rst instruct an LLM to summarize
the titles according to the de nition of industrial policies on a 10,000 random sample of the se-
lected policies after the rst-round LLM. We then manually review and further condense the LLM's
summaries. This two-step strategy ensures that all common non-industrial policy types are com-
prehensively captured and that misclassi cations are minimized. We adopt a conservative approach
and only maintain obvious counter-examples so as to reduce the likelihood of misclassi cation in
the additional-round LLM analysis.

We obtain several highly correlated scores from the additional-round LLM analysis, and the
most useful one concerns the extent to which the policy is de nitely not an industry policy. We
combine this score with the rst-round LLM scores and determine a policy to be an industrial
policy if the rst-round LLM score is above 60 and the di erence between the rst-round score and
this score is greater than 15. In other words, we select policies that exhibit relatively strong signals
of being industrial policies, ensuring that the strength of the positive signal surpasses that of the
negative signal by more than a certain threshold. Through these procedures, we identify 770,819
industrial policies out of a total of 3 million policy documents.

Extracting Industries and Matching to Standardized Industry Codes Recognizing the
critical importance of accurately identifying industries from policy texts, we implement several
additional measures to enhance the quality of LLM outputs. Speci cally, we extract lists of target
industry-related text in both the two major rounds of LLM queries using the full policy texts. While
the responses from both rounds largely overlap, most policy texts encompass multiple industry
names|ja common characteristic in our sample|some relevant text represent the main targets of
the policies, whereas others are merely brie y mentioned. To address this distinction, we employ
an additional LLM to critically review the relevant text lists from both rounds in conjunction
with the full policy texts. It is tasked with adding any missed relevant text, eliminating erroneous
ones due to hallucinations, and, most importantly, di erentiating major policy targets from brie y
mentioned industries. Our results indicate that this step primarily serve to select the major policy
targets from the texts, with only minor additions and deletions.

In the nal step, we supply the list of relevant text corresponding to the major policy targets,
along with a comprehensive list of standardized three-digit industry codes and names, to a more
advanced LLM model, the Gemini-1.5-pro-exp-0827 mentioned earlier. We instruct this model,
acting as an expert on Chinese industries, to map the extracted industry names to standardized
industry names and industry codes.

In summary, we employ a multi-step methodology: the initial three LLM queries are utilized
to accurately extract all relevant text lists related to the principal policy targets, while the nal
query, leveraging a more advanced model, maps these relevant text lists to standardized industry
classi cations. We do not directly map the full policy texts to the complete industry list due to both
cost considerations and the potential degradation of LLM performance associated with excessively
long text. Including the exhaustive list of industry names in addition to the policy text would
substantially increase the length of the input text, potentially impairing the LLM's e ectiveness.
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Moreover, the extracted relevant text allow for continual re nement afterwards.

Policy tools  Another critical part is the extraction and classi cation of policy tools. As detailed
above, we categorize policy tools into 21 distinct groups, following established literature, with an
additional \other" category encompassing any instruments not captured by the prede ned classes.
To enhance accuracy, we provide detailed de nitions to the prompt. Importantly, we design two
set of questions within the rst round of LLM prompt: one set of questions speci cally ask the
LLM to return a list of policy tool keywords from the policy text, and the other set asks the LLM

to classify each piece of relevant text into the relevant policy tool categories. We do not restrict
each keyword to a single category to reduce the false negative classication. By separating the
extraction and classi cation tasks, we ensure that each policy tool identi ed by the LLM is directly
linked to at least one piece of relevant text present in the raw text. In contrast, directly prompting
the language model to determine whether a policy contains speci ¢ policy tools may lead the model
to hallucinate and produce false positive responses. This issue may arise even when we require the
model to return relevant text from the policy text along with the classi cation.

We manually check the output of the rst-round LLM's responses, all policy tool relevant
text from the policy text are almost always extracted to the relevant text list, and there are few
false positives in the list. Yet, because we do not restrict each piece of relevant text to a single
policy tool category, there are false positives in the classi cation of the piece of relevant text. We
thus conduct an additional-round LLM query by supplying the de nition of policy tool category
along with corresponding outputs from the rst-round analysis, including the subset of relevant
text classi ed to the category, and the con dence level and the reasoning of such classi cations.
Importantly, for each policy category, we provide counter examples of misclassi cations. We obtain
the counter examples by asking another LLM model to summarize misclassi cations from a random
sample of 10,000 responses related to each policy tool category from the rst-round analysis. We
then manually review and further condense the LLM's summaries. This two-step strategy ensures
that all common misclassi cations are comprehensively and accurately captured. We adopt a
conservative approach and only maintain obvious counter examples, so as to reduce the likelihood
of misclassi cation in the additional-round LLM analysis. Section A showcases an example list of
counter examples we provide to the additional-round LLM.

Finally, we combine scores from the rst-round LLM response with the scores from the second-
round critical review to arrive at the nal classi cation.

2.2.3 \eri cation

Word cloud and manual check We present two important veri cations of the key variables

in our LLM-analyzed data set. First, we present evidence for manual checks as well as a set of
word cloud results for the determination of industrial policies, the policy targeted sector(s), and the
industrial policy tools deployed. The results provide the most straightforward check of the validity

of the LLM analysis.
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Determination of industrial policies Table Al presents a random selection of 10 titles from
the texts identi ed as industrial policies and 10 titles from those not identi ed as such. Several
observations emerge from this comparison. First, nearly all texts identi ed as industrial policies are
arguably so, while those not identi ed generally pertain to social a airs, letters of opinion, specic

regulatory approvals for individual rms, or personnel promotions.

[Table A1 about here]

Second, industrial policies are diverse and concern di erent industries or economic activities
at various stages of policy implementation. Some policies directly target speci c industries like
tourism, while others focus on economic activities such as entrepreneurship or science and tech-
nology. Additionally, some involve the pilot stages of programs, whereas others pertain to the
implementation or audit of fund usage.

Third, there are usually no specic keywords that readily identify a policy as an industrial
policy. Conversely, even when titles contain keywords seemingly related to industrial policies|
such as \company," \assets," \supporting funds," or \credit union"|the texts may not actually
pertain to industrial policy upon closer examination.

Taken together, these observations highlight the advantages of using Large Language Models
(LLMs), which understand jargon and contextual meanings within texts. LLMs evaluate sentences,
paragraphs, and entire documents holistically to reach conclusions, rather than focusing solely on
individual words.

To gain an overview, we present the word cloud based on keywords in titles of industrial poli-
cies vs non-industrial policies below. Although, as previously discussed, not all industrial policies
contain informative keywords and some non-industrial policies may include relevant ones, we still
observe distinct patterns in keyword usage between the two categories. Terms such as \service sec-
tor", \advanced technology"”, \environment," \science and technology,” \ rm," \industry," \plan-
ning," \project," \digitalization," \execution plans," \fund," \special fund," and \subsidy" appear
more frequently in industrial policies. In contrast, terms associated with individuals, adminis-
tration, public a airs, or announcement|such as\Chinese People's Political Consultative Confer-
ence," \reply," \meeting," \comrade," \appointment," \dismissal," \proposal," \social insurance,"
\announcement," and \education bureau"|are more likely to appear in the titles of non-industrial
policies. A set of terms such as \committee," \o ce," \notice," \opinion," and \projects," that can
be linked to both industrial and non-industrial policies equally appear in both sets of word clouds.
Overall, the distinct pattern in these keywords help con rm that the LLM models systematically
identify industrial policies from other policies.

[Figure Al about here]

Notably, by incorporating an additional-round LLM analysis, we signi cantly enhance the qual-
ity of our policy classi cation. Speci cally, when determining industrial policies based solely on
rst-round scores, a threshold of 90 serves as a reasonable cuto that balances the trade-o be-
tween false positives and false negatives. Under our nal criterialwhich integrate scores from
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both rounds|317,714 policies with rst-round LLM scores equal to or greater than 90 are Itered
out, while 179,703 policies with rst-round scores below 90 are retained. Considering that our
nal sample comprises 770,819 industrial policies, these adjustments have a substantial impact.
Most of the Itered-out policies pertain to public a airs, administrative matters, replies to public
inquiries, proposals by the Chinese People's Political Consultative Conference, law enforcement,
public services, and information disclosure. In contrast, the majority of the ltered-in policies are
arguably industrial policies, though they may focus on speci ¢ targets or represent relatively weak
forms of industrial policy, such as promotional activities or labor policies aimed at the R&D sector.
Table A2 presents random samples of the policies that were Itered out and ltered in according
to the nal criteria compared with setting the threshold at 90 based on rst-round LLM industry
score.

[Table A2 about here]

Target industries To assess the validity of the LLM's mapping of policies to target industry
codes, we generate word clouds based on extracted industry names and the full policy texts for
two standardized industry codes identi ed by the LLM: electric vehicles and electricity production.
The electric vehicle sector is a well-known target of industrial policy, and the electricity production
sector includes solar energy, another prominent target of industrial policy.

Examining the word cloud based on extracted industry names for electric vehicles as depicted
in Figure A2, the most frequent keywords|\vehicle," \electric vehicle," \new energy," \clean tech-
nology," \electric-powered," \energy saving," \battery charging," \green," \power battery," \man-
ufacturing,” \equipment,” \materials," \enterprises," \industry," and \product"|are all closely
related to the electric vehicle industry. Interestingly, since policies often target multiple industries
with shared characteristics, high-tech sectors such as shipping and pharmaceuticals also appear in
the word cloud. Turning to the word cloud based on full policy texts, in addition to the afore-
mentioned keywords, terms such as\limited liability company,” \project," \technology," \critical,"
\science and technology,” \innovation," \supporting,” \encourage," \promote," and \execution"
frequently occur. This indicates that the policies may target speci ¢ rms, establish projects to
support the sector, and that the electric vehicle industry is perceived as a high-tech sector with an
emphasis on innovation and technology.

[Figure A2 about here]

A similar pattern emerges from the word cloud on electricity production as shown in Figure A3.
In the word cloud based on extracted industry names, frequent keywords include\electricity,” \en-
ergy," \energy saving," \industry," \manufacturing," \new energy," \ rm," \critical," \project,"
\clean," \green," and\coal." This re ects that the industry code of electricity production encom-
passes traditional production method using coal. Similar to the case of the electric vehicle, indus-
tries that utilize electricity, such as agriculture, are also mentioned. In the word cloud based on
full policy texts, again, similar to the case of electric vehicle, we see additional keywords related to
policy implementation and rms.
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[Figure A3 about here]

Overall, these results con rm the validity of the LLM approach in extracting industry names
from policy texts and mapping these industry names to standardized industry codes.

Policy tools  Figure A4 presents the word clouds based on list of policy tool keywords extracted
regarding four types of policy tools: tax incentives, scal subsidies, credit policies, industrial funds,
respectively. They are commonly used, and importantly, they all involve some form of monetary
or funding support, so it is possible that the LLM may confuse one with another. An examination
at the word clouds reveals that each category of policy is associated with terminology that aptly
re ects the characteristics of its speci c policy type. For tax incentive policies, terms such as\tax,"
\exemption," \deduction," \income tax," \fee," \preferential policies," \business tax," and\value-
added tax" appear with high frequency. Similarly, scal subsidy policies prominently feature words
like\fund," \subsidy," \provide," \ scal," \project,” \support,” \government," \agriculture," \in-

dustry," \encouragement," \arrangement," and\science and technology." In the realm of credit
policies, the most frequent terms includelloan,” \credit,” \ nancial institution,” \interest sub-
sidy," \guarantee," \pledge," \guidance," \funds," \bank," and\ nancial." Policies pertaining to
industrial funds are characterized by recurrent terms such as\fund,” \industrial,” \venture invest-
ment," \set up," \startup investment," \shareholding," \capital," \innovation," \speci ¢ fund,"
and\projects." Collectively, these lexical patterns observed across the di erent policy categories
corroborate the validity of the LLM's classi cation results regarding industry tools.

[Figure A4 about here]

By incorporating the additional-round LLM analysis, we signi cantly enhance the quality of
our policy classi cation. In particular, the number of unique policy tool categories decrease from
6.37 before the additional-round LLM analysis to 4.42 afterwards. Section A presents the common
types of misclassi cations on four major policy tool categories that the second-round LLM analysis
excludes from the rst-round results. Each of the four categories involve certain form of funding
support so that it is easy for the LLM to confuse one with the other, for example, scal subsidies
may be confused with tax incentives, industrial funds, or credit policies. Some rst-round misclas-
si cations arise because some policy tools may be commonly used in the corresponding activities
of the policy text, but they are not explicitly mentioned. For example, it is likely that \Encourage
the promotion and application of new technologies” is through tax incentives, but as tax incentive
is not explicitly mentioned, it is excluded by the additional-round LLM.

[Section A about here]

Veri cation from the time series

An alternative approach to validate our ndings is to examine the temporal distribution of
industrial policies. To this end, we focus on the policies a ecting the electric vehicle (EV) indus-
try. Wei Miao, the former Minister of Industry and Information Technology who led China's EV
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industrial policy, details the policymaking process from the national government's perspective in
his recently published book.

There were two major national policies. The rst was the \Interim Measures for the Adminis-
tration of Fiscal Subsidy Funds for the Demonstration and Promotion of Energy-Saving and New
Energy Vehicles", commonly known as \Ten Cities, Thousand Vehicles," introduced in 2009 to
promote the adoption of electric vehicles across cities. This policy, along with speci c measures
designed by local governments, served as a pilot program to test the feasibility of developing the
EV industry. Drawing on the experience from these initial pilots, the central government concluded
that the policies were successful overall, the development of the EV industry was promising, and
that industrial policies should continue with stronger support. Consequently, the central govern-
ment issued the second major policy, the \Notice on Continuing the Promotion and Application of
New Energy Vehicles", in 2013. Beyond providing stronger support, this policy stipulated that s-
cal subsidies would gradually phase out by 2020, compelling companies to develop their capabilities
without the expectation of perpetual policy support.

As shown below in Section 4.8, Figure 10a presents the fraction of industrial policies related
to electric vehicles out of all identi ed industrial policies over time. We observe a sharp rise
in the number of policies in 2010, shortly after the 2009 national policy, as numerous localities
began rolling out pilot subsidies for electric vehicles. An even sharper increase follows after 2013,
corresponding with the second major national policy. Anticipating seven years of sustained policy
support from the central government, cities expanded their industrial policy initiatives signi cantly.
Moreover, consistent with the phase-out of subsidies by 2020, we see a marked increase in national
government policies just before 2020 and a sharp decline thereafter. Interestingly, provincial and
city-level policies stepped up slightly after 2020.

Overall, the trends in policies identi ed from the data closely mirror the policymaking process
described by the leading policymaker, supporting the validity of our empirical results.

2.3 Discussion: LLM method and existing measures

To assess the e cacy of our LLM approach, we compare it with a hypothetical scenario wherein
a researcher relies on manual keyword searches. Notably, certain textual analyses performed by
the LLM are inherently infeasible using keyword-based methods. For example, identifying major
target industry names from the plethora of names mentioned in each policy requires a contex-
tual understanding of the prominence of each name and a nuanced interpretation of the word-
ing|distinguishing whether an industry is merely mentioned in passing, identi ed as a one of the
policy targets, or discussed with details such as local industry conditions, key enterprises, and
detailed policy measures. Furthermore, mapping these major target industry names to the 432
unique standardized industry name presents signi cant challenges to traditional approach. The
sheer number of potential combinations between names extracted from policy texts and standard-
ized industry classi cations renders the task computationally overwhelming, and fuzzy matching
techniques are impractical. For instance, keywords like \new energy"”, \clean technology", \intelli-
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gent", \digital", \power battery", \energy saving", which re ect features or directions of China's
electric vehicle sector, cannot be directly matched to the industry classi cation of \electric vehicle
manufacturing."

In light of these challenges, we focus on the identi cation of industrial policies|a critical com-
ponent of our textual analysis|where a keyword approach might be potentially feasible. We begin
by selecting informative keywords from both policy titles and full texts. Assuming that a researcher
conducting a manual search can consider only keywords appearing with su cient frequency, we re-
strict our attention to those occurring at least 100 times in policy titles or full texts. However, an
immediate obstacle arises: the vast number of such keywords|12,002 unique keywords from policy
titles and 141,199 from full texts|makes it challenging to thoroughly verify their informativeness
manually within a reasonable timeframe.

We de ne and rank the informativeness of each keyword by the proportion of policy titles (full
texts) that our LLM approach identi es as industrial policies among all the titles (full texts) that
contain the keyword. We then select keywords based on the rankings. The approach is justi ed
as long as our LLM approach can reasonably classify industrial policy, even with some noise. In
Table A4 , we present the top 20 keywords by their frequency in titles and full texts, respectively.
All of them are arguably related to industrial policies.

[Table A4 about here]

In Table 1, we present the number of unique title (full text) keywords associated with each
informativeness threshold and the number of policies that contain at least one title (full text)
keyword above the threshold. The results involve many keywords to identify a decent amount of
industrial policies. First, we de ne the informativeness of a keyword by the proportion of policy
titles (full texts) that our LLM approach identi es as industrial policies among all the titles (full
texts) that contain the keyword. For example, the informativeness of 239 (651) unique title (full
text) keywords are greater than 80%. Yet, only 168,309 (116,057) policies at least contain one such
keyword in its title (full text), much smaller than the 770,819 industrial policies that we identify
from the LLM approach. Extending the threshold, the informativeness of 518 (3,602) unique title
(full text) keywords is greater than 70%. The high numbers of unique keywords imply that a
substantial amount of e ort is required to manually identify them, especially when it comes to
full text. The length of the full texts, with a median length of 1,160 words, further adds to the
challenge. Yet, even with an extended threshold at 70%, only 328 495 unigue policies are identi ed
as industrial policy based on title keywords, and the number of policies identi ed by the full-text
keywords is less than the number from the LLM approach as well.

[Table 1 about here]

We compare the accuracy of the two keyword-based approaches with that of the LLM approach.
Table A5 lists ten randomly selected policy titles that contain at least one title or full-text keyword
with informativeness greater than or equal to 70%, along with the corresponding keywords. In
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contrast, Table A6 presents ten randomly selected policy titles that the LLM identi es as industrial
policies but that do not contain any title or full-text keyword meeting the same informativeness
threshold.

[Table A5 about here]

These ndings underscore the importance of contextual understanding and con rm the ad-
vantages of the LLM approach. While the policies identi ed by the keyword methods contain
informative keywords by construction, closer examination reveals that they often pertain to topics
such as the reporting of exemplary cases, social and public a airs, public projects, universities, ap-
provals from securities exchanges, poverty alleviation measures, responses to proposals, proposals
by the Chinese People's Political Consultative Conference, and internal government governance.

[Table A6 about here]

In contrast, the policies identi ed by the LLM do not contain extremely high-frequency infor-
mative keywords by design. Thus, if the LLM approach contains classi cation errors, there may
be instances where the LLM model is most likely to exhibit such errors. Nevertheless, these poli-
cies are arguably related to industrial policy in one way or the other. Some are not captured by
keyword approaches due to unique phrasing|for example, the unique keyword\Xiufeng Residents
Tour Xiufeng" refers to a local tourism program. Moreover, many of these policies concern sectors
such as the housing market, mining, and tourism, which are not often associated with industrial
policy; some focus on individual rms, and others address standard setting or fee setting rather than
traditional measures such as subsidy or tax incentives aimed at promoting industrial development.
The LLM approach successfully identi es such policies as industrial policies as well.

3 Data

3.1 Policy Documents

Our primary data set comprises a comprehensive collection of government documents issued
by central and local governments in China since 2000. This core data set was sourced from PKU-
Law.com, an authoritative online platform hosted by the Peking University Law School. It includes
a broad array of policy-related documents, such as regulatory guidelines, policy announcements,
and o cial statements from various levels of government.

To ensure exhaustive coverage and capture the most recent policy developments, we supple-
mented this data set with continuous web scraping. This process involved systematically collecting
data from o cial websites across all levels of government, including central, provincial, and mu-
nicipal administrations. The scraping e ort targeted websites of key ministries, departments, and
other government entities, ensuring a diverse and up-to-date representation of policy documents.
This large-scale data collection e ort expanded the scope of the dataset by incorporating the latest
policies from multiple administrative levels, enhancing the completeness and richness of the data.
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We identify and remove duplicate documents based the title of the document, the issuing en-
tity, and publication date. After deduplication, the nal data set contains 3.1 million unique policy
documents for the years 2000 to 2022. Each document provides detailed information on the issuing
government body, the policy's e ective period, and its objectives, from which we identi ed 0.78
million documents speci cally related to industrial policies. This data set serves as an invaluable
resource for analyzing the full spectrum of China's industrial policies, covering a wide range of
government e orts aimed at promoting, guiding, or regulating speci c industries or economic ac-
tivities. The policies leverage tools such as subsidies, tax incentives, trade protection measures,
resource allocation, etc.| all aimed at shaping the long-term structure of China's economy.

The industrial policy documents o er rich information on targeted industries, policy objectives,
the instruments used to promote or regulate these sectors, eligibility requirements for policy sup-
port, and detailed implementation mechanisms, such as political incentives, local experimentation,
and government coordination. In addition, documents often highlight the relationships between
speci ¢ policies and higher-level government directives, providing a layered understanding of policy
enforcement and adaptation across di erent administrative levels. LLM allows us to convert this
extensive textual data into structured information for detailed analysis.

3.2 Other Data Sets
3.2.1 Firm

We combine the policy data set with rich rm-level data to investigate the (in)e ectiveness of
the industrial policies in promoting entry, competition, innovation, and long-term growth of the
targeted industries.

Registration Our rst rm-level data set is the rm registration database released by the Chinese
State Administration for Market Regulation. This data set covers the universe of all registered
rms|over 200 million in total|ever registered in China. It contains detailed information about

a rm's location, the year of its establishment and exit (if any), the value of its registered capital,
its investment history, its initial main shareholders, and the records of any subsequent changes
in the main shareholders, etc. With the comprehensive rm registration data, we construct the
city-industry-year level measures of rm entry, exit, and stock.

Administrative Tax Records To enrich our measure of rm performance, we also use the
administrative enterprise income tax records from the Chinese State Administration of Tax (SAT)
for the years 2008-2020, covering a representative sample of more than 1 million rms from strati ed
sampling.® For tax collection and audit purposes, SAT collects rm-level records of tax payments,
as well as other nancial statement information used in tax-related calculations. The advantages
of tax data are two-fold. First, it is representative with wide coverage. As administrative data, it
is not subject to the potential measurement error problem of self-reported annual report data. As

SChina's SAT is the equivalent of the Internal Revenue Service (IRS) in the US.
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such, we also use this data set to cross-validate our ndings from the annual report data. Second,
it contains detailed historical information on a wide array of tax-related information about the
rms, including their total production, sales, inputs, employment, etc. This allows us to examine
the rms' performance in a longer time horizon and in more dimensions.

VAT The last rm-level data set is a unique dataset from the State Taxation Administration
(STA) that catalogs all Value-Added Tax (VAT) invoices issued by rms in mainland China from
2014 through 2018. It encompasses over 16.1 billion transactions among 18 million entities, pro-
viding a granular view of commercial exchanges within the Chinese market. It includes detailed
information on each transaction, such as the identity, registration location, industry classi cation
and ownership type of buyer and seller rms, the tax levied, product descriptions, and transaction
values, thereby facilitating an in-depth examination of all business transactions subject to VAT in-
voicing requirements. VAT ling is required for all transactions in order to claim input tax credits,
and failures to comply are strictly punishable by law®. We use this data set to construct city-to-city
trade ows in order to measure the extent of local protectionism and analyze its relationship with
industrial policies.

3.2.2 Politicians

To facilitate understanding of the political economy behind industrial policies in China, we
further enriched our data set with a manually collected data set on politicians at the provincial and
prefectural levels. This supplementary data set includes all provincial and prefectural city leaders,
encompassing both party secretaries and governors/mayors, who held o ce between January 2003
and December 2019.

For each city party secretary and mayor, we collected key personal attributes such as age, gender,
place of birth, educational background, work experience, and factional ties. These data points
provide valuable context for understanding how individual political characteristics and networks
might in uence the formulation, implementation, and outcomes of industrial policies at the local
level. By incorporating this detailed information on politicians, our dataset enables a more nuanced
analysis of the role that political leadership plays in shaping industrial policy decisions across
di erent regions and administrative levels in China.

In Section 5.2, we elaborate on how these political variables are integrated with our policy data,
0 ering insights into the intersection of political leadership and economic policy outcomes.

®lt's important to note that there are certain exceptions to transactions that fall outside the purview of the VAT
invoice policy. For instance, special invoices cannot be issued for transactions exempt from VAT, sales to consumers,
and several other speci ed conditions. It supports small businesses by providing VAT exemptions based on sales
thresholds while ensuring that larger enterprises engage in compliant invoicing practices.
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4 Description of Industrial Policy

In this section, we present an initial exploration of the industrial policy data analyzed using
LLM, o ering key insights into the evolution of China's industrial policy over the past two decades.
We rst take an overview of the temporal and regional distribution, and then provide a detailed
description of the industrial policy data, categorized by key thematic dimensions. By organizing
the data into themes such as targeted industries, policy instruments, implementation details, and
intergovernmental relationships, we aim to o er a comprehensive view of China's industrial policy
landscape over the past two decades.

4.1 Overview

Table 2 presents the distribution of industrial policies by the level of the issuing government
entity. Each level of government includes all aliated government departments and entities at
the same level. It shows that the upper-level governments issue a larger proportion of industrial
policies| at the central level, 31% of government documents are industrial policies, accounting
for 13% of all industrial policies identi ed by LLMs; at the provincial level, 27% of government
documents are industrial policies; and at the city-level, only 23% of the government documents are
identi ed as industrial policies. Due to the signi cantly smaller volume of government policies at
the county or township level, our analysis below only focuses on the central, provincial, and city
level industrial policies

[Table 2 about here]

One notable trend observed from the LLM-analyzed data is the increasing prevalence of in-
dustrial policy in government documents across all administrative levels|central, provincial, and
municipal. Over the past 20 years, there has been a marked rise in both the volume and complex-
ity of industrial policies, re ecting the growing importance of government intervention in shaping
economic development.

Figure 1 provides a rst look at the temporal distribution of policy documents, highlighting
the prominence and growing importance of industrial policy across di erent levels of government.
Panel (a) shows the number of total government documents issued (blue line), the subset of docu-
ments speci cally related to industrial policies (red line), and the proportion of industrial policies
as a percentage of all documents (green line). From 2000 to 2022, there is a noticeable upward
trend in the overall number of government documents, which is mirrored by a rise in the number of
industrial policy documents. While the total volume of documents surged, the proportion of indus-
trial policy documents uctuated, with a signi cant increase in recent years, suggesting heightened
governmental focus on industrial policy as a key tool for shaping economic development. Panel
(b) breaks down the ratio of industrial policies by government level, comparing central (blue line),
provincial (red line), and city (green line) governments. The central government consistently shows
a higher proportion of industrial policy documents compared to city governments, although all
exhibit upward trends over the years.
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[Figure 1 about here]

Figure 3 provides a geographic overview of the distribution of industrial policies across China.
The map highlights signi cant regional variation in the number of industrial policies issued, with a
clear concentration in wealthier and more industrialized regions. Coastal provinces such as Guang-
dong, Jiangsu, and Zhejiang exhibit a much denser concentration of industrial policies, re ecting
their economic prominence and stronger government involvement in promoting industrial growth.
In contrast, the central and western regions, particularly those with less developed economies, show
a lower frequency of industrial policies. This uneven distribution suggests a policy focus that skews
towards wealthier and more industrially advanced areas, where the potential for economic growth
and technological advancement is greater.

[Figure 3 about here]

This geographic disparity in policy issuance underscores the role of regional economic disparities
in shaping China's industrial policy priorities, with wealthier regions bene ting from more targeted
interventions aimed at fostering innovation, upgrading industries, and driving economic growth.
This nding is interestingly consistent with Jutasz et al. (2022)'s nding that, at the country level,
industrial policy is also unevenly used and skews heavily towards rich countries.

4.2 Policy Direction

Table 3 presents the distribution of policy direction by the level of the issuing government
entity. It shows that the upper-level governments issue a larger proportion of industrial policies
with regulatory tone, while local governments focus more on supportive measures| at the central
level, 40% of government documents are directing at regulating the industry; at the provincial
level, the ratio is 29%; and at the city-level, only 24% of the government documents are identi ed
as industrial policies with regulatory.

[Table 3 about here]

Figure 2 then plots the time trend of policy direction by the level of the issuing govern-
ment entity, highlighting the growing prominence of supportive industrial policies at all levels
of government| a trend consistent with the growing number of industrial policy documents.

[Figure 2 about here]

4.3 Industry Distribution

The LLM-analyzed data enables us to systematically identify the speci ¢ industries targeted by
various industrial policies. These include sectors critical to China's long-term development goals,
such as manufacturing, technology, and renewable energy. We analyze how policies have evolved
to target di erent sectors over time and across regions, highlighting gradual shifts in government
priorities and an uneven geographical focus.
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[Table 4 about here]

Table 5 provides a breakdown of the target sectors (by 2-digit industry code or key industry
characteristics’.) of industrial policies, categorized by government level|central, provincial, and
city. The proportion of policies targeting each sector is listed for all levels of government combined,
as well as separately for each government tier.

[Table 5 about here]

The agriculture industry, while primarily rooted in traditional sectors, draws substantial focus
from all tiers of government, with local governments representing a greater share of this attention.
Manufacturing and production-related services receive the highest overall focus, accounting for 32%
and 45% of all policies, suggesting a close link between traditional manufacturing and the services
supporting production processes. Notably, the central government emphasizes manufacturing even
more, with 38% of its policies targeting this sector. This central government focus on manufactur-
ing highlights the national strategy to strengthen industrial production and competitiveness. On
the other hand, the city-level government emphasizes slightly more on production-related service
industries to support industrial development.

Zooming into the service sector, technology-related services and high-skill services also receive
signi cant attention across all levels, with the focus slightly higher at the city level (24% and
21%, respectively). This indicates that local governments are increasingly targeting these sectors,
aligning with the national drive towards technological innovation and service-oriented economic
development. Zooming into the manufacturing sector, emerging manufacturing and high-skill man-
ufacturing sectors account for a smaller proportion of policies overall (6% and 12%, respectively),
but they receive steady attention from both central and city governments, re ecting a targeted
push towards innovation and modernization within the manufacturing sector.

This distribution of policy focus indicates a coherent strategy across government levels, where
the central government prioritizes large-scale industrial and manufacturing goals, while local gov-
ernments emphasize emerging sectors, services, technological upgrades, and agriculture, re ecting
regional economic specialization.

Figure 4 provides a visual overview of the distribution of industrial policies across key sec-
tors. While in the data construction process and the following empirical analysis, we map the
targeted industry of industrial policies to 4-digit industry code, we start by describing the trends
and patterns at 2-digit level. In Panel (a), we observe the changing importance of di erent sectors]|
manufacturing, production services, and agriculture|over time. While the proportion of industrial
policies targeting agriculture has declined, there is a notable increase in the policies aimed at
production services, re ecting the broader shift in China's economy towards service-oriented indus-
tries. Meanwhile, manufacturing continues to receive consistent attention, suggesting its central
role in China's economic strategy, particularly in advanced sectors such as electronics, machinery,
and automotive industries. Panel (b) delves into the manufacturing sector, comparing traditional

"Seehttps://www.stats.gov.cn/sj/tjbz/gjtjbz/
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manufacturing with high-skill and emerging manufacturing industries. The proportion of industrial
policies targeting high-skill manufacturing (green line) has seen a steady rise, particularly in re-
cent years. This shift re ects China's growing emphasis on technological upgrading and innovation
within its industrial policy framework. In contrast, policies related to traditional manufactur-

ing have remained stable, while emerging manufacturing sectors (red line) have seen gradual but
consistent growth in policy focus. It is worth noting that, while the focus of industrial policies
has gradually shifted toward the emerging and high-skill sectors, traditional manufacturing and
agriculture still take a large share of industrial policies.

[Figure 4 about here]

Figure A5 further presents a breakdown of the targeted industry at 3-digit level for the most
frequently targeted within the manufacturing and the service sector. In panel (a), we observe the
time trends for six key manufacturing subcategories, including general machinery manufacturing,
motor vehicle manufacturing, electronic product manufacturing, speci ¢ machinery manufacturing,
basic chemical manufacturing, and pharmaceutical manufacturing. Notably, motor vehicle manu-
facturing (red line) has shown a signi cant rise in policy focus, particularly post-2020, which aligns
with China's ambitions to become a global leader in electric vehicles. Meanwhile, electronic prod-
uct manufacturing (blue line) and general machinery manufacturing (green line) have maintained
steady policy attention, re ecting their enduring role in China's industrial base. Pharmaceutical
manufacturing (purple line) has experienced more recent growth in focus, which may be linked
to the increasing importance of health-related sectors, especially in the wave of population aging.
Panel (b) highlights trends in six key service industry subcategories: internet services, software pub-
lishing, real estate, research and development (R&D), commercial services, and nancial services.
Internet services (green line) and software publishing (orange line) have seen a substantial rise in
policy attention, particularly in recent years, underscoring China's push toward digitalization and
the development of its tech industry. Meanwhile, R&D services (yellow line) have also experienced
a signi cant uptick, re ecting the government's prioritization of innovation and technological ad-
vancement. Commercial services and nancial services, while remaining important, have shown
relatively steady trends over the period.

[Figure A5 about here]

Lastly, we examine the regional distribution of di erent industries. Figure 6 exhibits signi cant
regional disparities, with a noticeable skew towards wealthier, more developed areas. Panel (A)
and (B) compare the geographical distribution of policies targeting agriculture with those focusing
on manufacturing. Agriculture policies are more concentrated in less developed inland regions,
especially in central and western provinces, re ecting the continued importance of agriculture in
these areas. In contrast, manufacturing policies are heavily concentrated in the coastal regions,
particularly in provinces like Guangdong, Zhejiang, and Jiangsu, underscoring their roles as key
industrial hubs. Panel (C) shows that high-skill manufacturing policies are predominantly concen-
trated in the economically strong eastern and middle regions, aligning with China's strategic focus
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on technological advancement and industrial upgrading in these areas, and panel (D) suggests that
the emerging manufacturing industries, which often involve new technologies and innovation-driven
sectors, are skewed towards wealthier coastal regions, especially the south-eastern regions. Lastly,
panels (E) and (F) plot the regional distribution of the service sector. Interestingly, the geograph-
ical distribution of technology-related services, such as software and internet industries, aligns
closely with the regional distribution of high-skill manufacturing. This suggests that advanced
manufacturing and technology services receive coordinated policy support. Production-related ser-
vices are tied more closely to manufacturing industries, further reinforcing the alignment between
manufacturing sectors and their complementary services. These maps reveal not only the uneven
regional distribution of industrial policies but also a degree of policy coordination, where high-
skill manufacturing aligns with technology-related services, and traditional manufacturing aligns
with production-related services. This suggests a targeted approach where regions specialize in
interconnected sectors, particularly in wealthier coastal areas.

[Figure 6 about here]

4.4 Implementation Tools

Industrial policy documents contain detailed information on the instruments used to promote
or regulate industries. Through LLM analysis, we identify and classify the speci ¢ tools employed
in each policy and examine their prevalence across di erent sectors and regions. This analysis also
highlights the variation in policy instruments based on regional economic development and the
stage of industry growth.

We broadly categorize the industrial policy tools into four categories: those o ering broad
scal subsidies or nancial assistance, those designed to encourage the establishment of new rms
and enhance industry competition, those supporting rms during the production phase, and those
intended to stimulate market demand. Table 6 reports the share of usage (de ned as the percentage
of policy documents that report using the tool) for each industrial policy tool with a breakdown
into di erent government levels. This breakdown provides insights into the types of tools used to
implement industrial policies and how their usage varies by government level.

There are several commonly seen industrial policy tools across all levels of government. The
most frequently used one is scal subsidy| with 43% of the policy documents mentioning the use
of the tool| consistent with the common belief that industrial policies are usually carried out with
some kind of government subsidies. It is also worth noting that there are still more than half of the
industrial policies not carried out in the form of scal subsidy| likely suggesting the signi cant
bias of the data-driven method in quantifying industrial policies via government subsidy. Following
scal subsidies, market access and regulation (37%), technology R&D and adoption (25%), labor
policy (23%), and tax incentive (20%) are all frequently used tools in general.

[Table 6 about here]
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While there are shared characteristics across various government levels, there are also signi -
cant distinctions among them. The central government predominantly employs market access and
regulation as industrial policy tools (44%), followed by scal subsidies (26%), technology R&D
and adoption (21%), tax incentives (20%), and trade protection (20%). The emphasis on mar-
ket access and regulation highlights the central government's pivotal role in managing entry into
crucial sectors and establishing regulatory standards. Trade protection likely addresses concerns
at the national level regarding defending domestic industries against international competition.
At the city level, scal subsidies (49%), market access and regulation (36%), labor policy (28%),
and technology R&D and adoption (28%) are the most frequently utilized tools. The provincial
government's choices lie between those of central and city-level governments, resembling the lat-
ter more closely. The stark di erence between central and local governments re ects the central
role in setting industry standards and guidelines while local entities focus on o ering nancial and
non- nancial incentives to support local businesses, especially amid intense regional competition
for attracting investment and encouraging entrepreneurship in key industries. Moreover, the proac-
tive engagement of local governments in supporting speci ¢ industries with speci c tools is evident
in their more pronounced use of labor policies (28% at the city level versus 16% at the central
level), infrastructure investment (23% at the city level compared to 12% at the central level), and
encouragement of industrial clusters (18% at the city level compared to 8% at the central level).

We then examine the time trend of industrial policy tool choice. Figure 7a shows the time trends
for the usage of di erent industrial policy tool categories over the past two decades. First, scal
and nancial tools, such as subsidies and tax incentives, have remained relatively stable over the
observed period. This consistent use suggests the continued importance of nancial interventions,
like subsidies, as a key element in industrial policies across di erent government levels. Second,
tools aimed at regulating market entry have been in gradual decline, mainly due to the reduced
reliance on market protection measures, either domestic local protection method or international
trade protection method. This decline indicates a shift in policy focus away from restrictive entry
and competition regulation towards more open market practices. Third, input-related tools, such
as labor policies, infrastructure investment, and R&D support, have seen a slight increase over
time. This re ects a growing focus on supporting rms during the production phase, particularly
through investment in skilled labor and technological development. Fourth, supply chain-focused
tools, including policies promoting industrial clusters and localization, and demand-based tools,
such as government procurement and demand stimulation, have nearly doubled in use, growing from
around 10% to 20% over the observed period. This re ects the increasing importance of supply chain
management to support industrial development on the supply side, as well as stimulating market
demand as an important component in China's industrial policy mix to complement supply-side
interventions. Overall, these trends reveal a gradual shift toward more targeted and selective policy
tools instead of the tradition market protection methods.

[Figure 7 about here]

To sharpen the time trend and better capture the evolution of industrial policy tools over time,
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we categorize them into ve distinct groups based on their initial usage and growth patterns. The
rst group consists of tools that started with low usage but grew rapidly over time. These include
industrial funds, promoting industrial clusters, environmental policy, and promoting entrepreneur-
ship. All these tools show a strong upward trend, indicating increasing policy focus on fostering
innovation, encouraging entrepreneurial activity, nurturing local supply chain, and addressing envi-
ronmental concerns. The second group also started with low usage but experienced more moderate
growth. This includes government procurement, localization policy, equity support, and demand
stimulation. While these tools have not grown as rapidly as those in the rst group, they re ect the
expanding role of government intervention in areas such as local sourcing and targeted demand-
side measures. The third group includes tools that have been traditionally popular and have seen
steady growth over time. These are infrastructure investment, labor policy, technology R&D and
adoption, and scal subsidies. The fourth group includes tools that have remained stable, with
consistent usage over time. These are credit and nance, preferential land supply, investment pol-
icy, and improving business environment. The third and fourth groups represent stable pillars of
industrial policy. They continue to play a fundamental role in shaping the industrial landscape.
The fth group includes tools that have experienced a signi cant decline in usage. These include
market access and regulation, tax incentives, and trade protection. This steep decline suggests a
move away from protective measures toward a domestically and internationally more integrated
market.

4.5 More Policy Details

Objective  Each industrial policy document contains explicit goals that guide its design and
implementation. These objectives range from promoting key industries and fostering innovation to
enhancing social welfare. Table 7 examines these objectives in detail, broken down by government
level| central, provincial, and city. The rst panel outlines objectives related to promoting and
supporting key industries. Promoting strategic industries is by far the most common objective,
mentioned in 56% of all policy documents. The focus on strategic industries is consistent across
government levels, with the central government slightly more engaged (58%) compared to provincial
and city levels. City governments show a higher emphasis on promoting emerging industries (20%)
compared to other levels, re ecting local governments' focus on fostering new economic sectors,
possibly to enhance regional competitiveness. Policies aimed at upgrading traditional industries are
also prevalent, particularly at the city level (15%), indicating local e orts to modernize established
sectors.

[Table 7 about here]

The second and third panels look at objectives related to innovation and social welfare. Con-
sistent with the signi cant proportion of industrial policy tools to encourage innovation, R&D and
technology adoption remain a key focus across all government levels, with roughly 23% policies
dedicated to this goal). Objectives related to social equity and welfare are present in 33% of all
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documents, with relatively even distribution across government levels. Meanwhile, city govern-
ments place more emphasis on stimulating employment (21%) and urbanization (10%), re ecting
local concerns about job creation and regional development.

These patterns demonstrate the varying focus across government levels, with the central govern-
ment concentrating on strategic industries and innovation, while local governments have a slightly
more balanced objective in promoting emerging industries, employment, and urbanization.

Requirement In addition to outlining the policy objectives, each industrial policy document
speci es the requirements that rms must meet to be eligible for support. Table 8 categorizes
these eligibility conditions and provides a breakdown by government level|central, provincial,
and city. Nearly half of all policies (48%) have a regional focus by specifying rm location as an
eligibility criterion, with a slightly higher emphasis at the city level (50%) compared to the central
government (40%). This re ects the importance of geographically targeted policies, particularly
at the local level, where regional development is a priority. Firm size is also frequently mentioned
(52%), with city-level policies placing the most emphasis on this criterion (57%§. About 29% of
policies include R&D and technological investment as eligibility conditions, with a slightly higher
focus at the city level (32%). Policies targeting specic rms (25%) or ownership types (20%) are
evenly distributed across government levels. However, central government policies focus slightly
more on rm ownership type (25%), likely re ecting national-level priorities for supporting certain
types of enterprises (e.g., state-owned enterprises). In addition, around 35% of policies mention
other conditions, such as rm performance or market share.

[Table 8 about here]

4.6 Central-Local Relationship

An essential feature of China's industrial policies is the intergovernmental coordination between
central and local governments. Our data captures the hierarchical relationships and interactions
between di erent levels of government, such as how central directives are adapted and implemented
at provincial and city levels. The LLM analysis allows us to explore these vertical relationships,
examining how policies are cascaded down from the central government and how local governments
tailor these policies to regional contexts. Additionally, the data provides insights into how local
governments experiment with policies, both in sector choice and in the choice of implementation
methods, re ecting the dynamic nature of industrial policy formulation and implementation in
China.

First, we explore the dynamics through the lens of policy citation networks. Frequently, policies
reference other policies, either to signal adherence to a hierarchical governmental strategy or for
other reasons. For instance, a governmental policy might cite a higher-tier government's policy
to illustrate a top-down policy transmission, enabling the adoption and execution of the superior

8The size requirement can be either targeting only the large and leading rms, or speci cally targeting the
small-and-medium enterprises.
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government's directives with more speci ¢ implementation tactics or to leverage them to enhance
the policy's authority. Policies that reference others of the same governmental level often aim
for coordination, focusing on department-speci ¢ implementation details. As an example, a city-
level scal department might refer to a municipal industrial policy to elaborate on scal subsidy
arrangements.

Figure 8a illustrates the dependency ratios over time for industrial policies at di erent levels of
government. Speci cally, it shows the percentage of city-level policies citing provincial government
policies (green line), the percentage of provincial policies citing central government policies (red
line), and the percentage of city-level policies citing central government policies (blue line). Three
key trends emerge: First, before 2013, both city (blue line) and provincial (red line) governments
showed a gradual decline in citing central government policies. This trend suggests that, during
this period, local governments were exercising more autonomy in policy formulation, relying less
on central directives and perhaps focusing more on region-speci ¢ challenges. Second. during the
same period, there was a steady increase in city-level policies citing provincial government policies
(green line). This growing interdependence between city and provincial governments re ects an
increasing reliance on provincial-level frameworks to guide local policy decisions. It also suggests
stronger vertical integration within subnational levels of governance. Third, post-2013, there is
a noticeable reversal in the previous trends. Both city and provincial governments began to cite
central government policies more frequently, indicating a return to top-down coordination in the
wake of national reforms or changing policy priorities. Additionally, the increase in city governments
citing provincial policies accelerates during this period. However, after 2018, a slight reversal of
these trends is observed, with some decline in dependency ratios, possibly re ecting a return to more
localized policy experimentation or exibility. These patterns demonstrate the evolving dynamics
of intergovernmental coordination in China's industrial policy| periods of decentralization are
followed by stronger central control.

[Figure 8 about here]

Figure 8b illustrates the within-government citation rate over time, representing the share
of policies that cite government entities at the same level. This is a useful indicator of intra-
government coordination across di erent departments within the same government tier. Two key
trends emerge: First, both provincial (red line) and city-level (green line) governments show a
steady increase in self-citation rates over time. This growth likely indicates improved coordination
across departments within provincial and city governments. By citing policies from the same level
of government, local governments demonstrate a growing reliance on internally consistent policy
frameworks, reinforcing coordination between di erent agencies or sectors at the local level. Second,
the central government (blue line) consistently exhibits the highest self-citation rate, followed by
provincial and city governments. This hierarchy suggests that cross-departmental coordination is
more prevalent at higher levels of government, where centralized decision-making and broader policy
frameworks likely encourage more frequent inter-agency cooperation. The central government's

39



higher self-citation rate also likely re ects its role in setting comprehensive national strategies,
which are likely coordinated across multiple departments.

4.7 Policy Implementation

Lastly, we delve into the details of policy implementation. Table 9 highlights the role of political
incentives and local adaptation in industrial policy implementation across di erent government lev-
els|central, provincial, and city|providing insights into how these incentives vary by government
tier.

Political KPIs are mentioned in a small portion of policies (4%), with a higher emphasis at the
city level (6%). While positive incentives (e.g., rewards) are used in 9% of policies overall, negative
incentives (e.g., penalties for non-compliance) are more common (22%). The central government
employs negative incentives (25%) more frequently than provincial (21%) and city governments
(19%), likely to enforce adherence to national policies. The use of both positive and negative
incentives, especially at the central level, plays a crucial role in ensuring compliance and achieving
desired policy outcomes.

Target-setting is prevalent across all government levels, appearing in 79% of policies and being
most emphasized at the city level (81%). This re ects the widespread reliance on explicit targets as
a core implementation strategy to establish clear goals for various sectors. Coordination between
government entities is another important aspect, particularly at the central government level (45%),
underscoring the need for inter-agency collaboration. This aligns with earlier ndings from the
policy citation network, where upper-level governments emphasize cross-department coordination
more than local governments.

The table also highlights di erences in encouraging policy experimentation and local adaptation.
While the central government sets broad, strategic priorities, local governments customize these to
t regional economic conditions and industry strengths. This exibility allows local governments to
align with national goals while fostering regional growth. Local adaptation is particularly prominent
at the city level (34%) compared to the central government (19%), indicating the greater exibility
granted to cities in tailoring policies to their speci ¢ contexts. Provincial and city governments also
often pilot new approaches to industrial policy, which, if successful, may be scaled up or adopted
nationwide. This dynamic policy formulation process fosters an interactive feedback loop between
central and local governments, where local experimentation informs national policy re nement.
Around 20% of policies across all levels encourage such experimentation, with city-level governments
slightly more engaged (21%), suggesting that local governments are key actors in testing and
implementing innovative industrial strategies.

[Table 9 about here]

Utilizing the comprehensive data on policy execution, we guide LLM to assess the document
content across two key dimensions: policy concreteness and policy strength. Figure 9 illustrates
the mean scores for these dimensions at various government levels over time. Panel (a) depicts the
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scores for policy concreteness, while Panel (b) shows the scores for policy strength. The trends
in both policy metrics reveal convergence|policies at the city level consistently maintain their
substance and strength, provincial policies experienced a dip in strength leading up to 2013, and
central policies exhibited a signi cant rise in strength after 2013, with both converging by 2020.

[Figure 9 about here]

4.8 lllustration with Key Industries

With the rich information extracted from industrial policy documents, as discussed above, we
can gain a more comprehensive understanding of industrial policies in key sectors. To illustrate
this, we present a comparative analysis of three of China's most hotly discussed industries in recent
years: semiconductors (chips), electric vehicles (EVs), and solar energy. These industries have
been at the forefront of China's industrial policy agenda, and their development provides a clear
example of how targeted policies, coordination between government levels, and local adaptation
can shape industry growth and innovation. By analyzing the di erences in policy objectives, im-
plementation tools, and government-level coordination across these industries, we gain insights into
how China's industrial policy framework is adapted to foster the growth of strategic, emerging, and
technologically advanced sectors.

Time trend Figure 10 shows the time trends of industrial policy activity for these three key in-
dustries. These trends highlight the di erences in how policy support has evolved across government
levels|central, provincial, and city|over time. In the semiconductor industry, local governments
(especially at the city level) have been more active in recent years, with a noticeable boom in policy
attention starting from 2018. This suggests a growing local-level enthusiasm to follow the national
directives to boost domestic chip production amid global supply chain concerns. The electric ve-
hicle industry saw policy attention emerge later compared to the other two industries, with local
governments leading the charge. The city and provincial governments became especially active in
recent years, re ecting the strong regional push to foster the EV industry as part of local economic
development strategies, supported by both environmental goals and technological innovation. The
solar energy industry initially gained strong policy support from the central government, particu-
larly around 2005 to 2010. However, there has been a decline in local government enthusiasm over
time. Amid the global nancial crisis around 2008, the solar industry saw a boost in policy support
on a global scale, resulting in a considerable decline in solar energy product prices. This led to a
substantial reshu ing of the previous pro table companies in the domestic market °. Interestingly,
during this period, while policy interest in the solar energy sector began to wane at the city level,
it remained robust at the provincial level and even experienced some growth at the national level.
The central government continues to emphasize solar energy as a key national priority, whereas lo-
cal governments have become more responsive to market conditions and shifted their focus toward
other sectors.

®https://36kr.com/p/2230777297628807
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[Figure 10 about here]

Geographical distribution Figure 11 depicts the geographical distribution of policy support
for the chip, electric vehicle (EV), and solar energy industries in China, and it shows clear regional
patterns, re ecting the in uence of local economic conditions and regional development strategies.
The chip industry is concentrated in more developed regions, particularly in coastal provinces with
stronger infrastructure, higher levels of human capital, and better access to technology and nanc-
ing. This skew toward wealthier regions aligns with the high-tech and capital-intensive nature of
semiconductor manufacturing, which requires signi cant resources and expertise. EV policy sup-
port is more evenly spread across inland regions, indicating a push to foster new industrial bases
in this area. The regional distribution suggests that inland provinces, being the traditional man-
ufacturing base, are focusing on EV production as part of their industrial upgrading strategies,
potentially driven by both local initiatives and national e orts to diversify industrial development.
The solar energy industry is most prominent in northwestern regions, which are well-suited for
solar energy production due to favorable geographic conditions, including high levels of solar radi-
ation and vast plain land with low occupancy rate and low development cost. The regional skew
re ects China's broader strategy to utilize the country's diverse geography for renewable energy
development, with northwestern provinces emerging as key players in solar energy production.

[Figure 11 about here]

Implementation tools We then examine the industrial policy tools utilized in each one of the
three sectors. Table 10 compares the use of each policy tool and reveals di erent patterns of support
for these industries.

As with the general feature, scal and nancial support plays a signi cant role in all three
industries, with the highest emphasis on scal subsidies, especially for chips (52%) and EVs (55%).
Tax incentives are also widely used, with chips receiving the most support (34%), followed by EVs
(31%). This is likely consistent with the wide tax deduction policies in R&D-related activities.
Credit and nance support is more evenly distributed across the three industries.

[Table 10 about here]

Tools to promote entry and competition is also heavily utilized across the industries, with
industrial funds being particularly prominent in the chip industry (20%)| consistent with several
big waves of national industrial fund in the chip industry 1°. Market access and regulation is more
emphasized in the EV and solar energy industries (35% and 36%, respectively), suggesting active
local engagement in attracting new investment in these sectors. Improving the business environment
is similarly prioritized across the three, with the highest focus on chips (26%).

Input tools like technology R&D and adoption are critical, especially in the chip industry
(43%), re ecting the research-intensive nature of semiconductor development. Labor policy is most

©https://36kr.com/p/2796503120703107
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emphasized in the chip sector (32%), indicating the importance of attracting and retaining talent
in this high-tech industry. Infrastructure investment is prioritized for EVs (31%), suggesting that
the physical infrastructure needed for EV adoption, such as charging stations, is a key focus.

Demand-based tools, especially consumer subsidies and industrial promotion, are more promi-
nent in the EV industry, with consumer subsidies (18%) and government procurement (17%) playing
a signi cant role in boosting EV adoption. This re ects the growing consumer market for EVs and
the need for demand-side support to encourage widespread use.

Supply chain support, particularly through promoting industrial clusters, is most evident in the
chip industry (31%), highlighting the importance of clustering and the complication of supply chain
management in fostering innovation and e ciency in the semiconductor sector. The emphasis on
localization policy is also more pronounced in chips (29%), indicating e orts to reduce reliance on
foreign technologies and promote domestic supply chains.

These comparisons highlight how each industry relies on a distinct mix of policy tools. The
chip industry bene ts from strong scal support and R&D promotion, while the EV sector leans on
infrastructure investment and demand-side measures like consumer subsidies. Solar energy shows
a balanced approach but is more reliant on market access regulations and environmental policy.

More on implementation Lastly, Table 11 compares key aspects of policy implementation for
the three industries, providing insights into how industrial policies are implemented at various levels,
with speci ¢ attention to the roles of incentives, coordination, and adaptation. Negative incentives
(such as penalties for non-compliance) are more prevalent in solar energy (23%) compared to chips
(18%) and EVs (19%), while positive incentives (e.g., rewards or support) are used most in the
chip industry (12%), which are consistent with the heavier central directive in the solar industry
and active local enthusiasm in the chip and EV industry.

[Table 11 about here]

All three industries rely heavily on setting explicit targets, signi cantly higher than the all-
industry average level. Encouraging experimentation is slightly more common in the EV (29%)
and chip (27%) industries compared to solar energy (22%). This suggests that local governments
may have more exibility in experimenting with policy and technology in the newer sectors like
EVs and semiconductors, which are still in a relatively nascent stage of growth compared to the
more mature solar energy industry. Coordination between government agencies is a crucial feature
across all industries, with the highest emphasis in the chip sector (46%). This highlights the
complex nature of the semiconductor industry, where strong inter-agency coordination is necessary
for successful policy execution.

Overall, the table illustrates that chip and EV industries are more localized, with signi cant
local adaptation and experimentation, while the solar energy industry appears to be more centrally
driven, with stronger negative incentives and target-setting mechanisms.
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5 Five Sets of Facts of China's Industrial Policy

In this section, we leverage the vast and rich dataset constructed through the LLM analysis to
uncover and document ve sets of important facts about China's industrial policy over the past
two decades. These insights o er a comprehensive view of how industrial policies have evolved,
how they are implemented, and their e ectiveness across di erent regions and sectors.

Our ndings are organized into ve major themes, covering the economic rationality and political
economy of local governments' choices of policy targeted sectors, the evolution of policy tools, the
e ectiveness of these policies, and the spatial ine ciencies that emerge from regional competitions.
The rst three sets of empirical tests mainly employ the LLM-analyzed policy data, and the last
two combine policy data with multiple micro-level rm data. By examining these themes, we
shed light on the key mechanisms that shape China's industrial policy and its broader economic
impact, providing valuable insights into the complex interactions between central directives and
local adaptations.

5.1 Relative Comparative Advantage and Choice of Targeted Industry

Fact 1: Industrial policy is correlated with comparative advantage and absolute ad-
vantage.

As shown in Section 4.3, industrial policies in China show clear regional di erences in sectoral
focus. This suggests that sectoral priorities are not only shaped by national strategies but also
re ect local conditions and the speci c economic strengths of each region. We rst examine the
economic rationality behind China's local governments' industrial policy decisions.

It has been forcibly argued in the literature that the optimal trade policy should be correlated
with a country's comparative advantage. Scholars of industrial policy debate on the \comparative
advantage-following" strategy versus the \comparative advantage-defying" strategy when choosing
the targeted sectors of industrial policies (Wade, 2015; Rodriguez-Clare, 2007). Lin and Chang
(2009) and Lin (2015) assert that government e orts should remain within the economy's existing
comparative advantage, because rms operating within existing comparative advantage are more
likely to attain and sustain private pro tability. In sharp contrast is the view of \infant industry
argument,” which believes that industrial policy should protect sectors in which they currently
lack a comparative advantage, but may acquire such an advantage in the future as a result of the
potential for productivity growth (e.g. Redding, 1999; Melitz, 2005; Greenwald and Stiglitz, 2006).
Despite the hot and unsettled debates, recent empirical evidence on international comparisons
consistently nds that, in the recent wave of rising industrial policies, countries tend to target
industries with revealed comparative advantage (Julasz et al., 2022; Evenett et al., 2024).

To examine whether, at local level, China's internal industrial policies align with economic the-
ory and the current international evidence| speci cally the idea that current policies often target
sectors where regions hold a comparative advantage| we zoom in to the 0.3 million city-level in-
dustrial policies and focus on the period between 2000 and 2020. We examine the city government's
choice of policy-targeted sectors and its relationship with the cities' revealed comparative advantage
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and absolute advantage.

We begin by collapsing the policy data into city-(4-digit) industry-year cells. For each city-
industry-year combination, we create a policy dummy variable, which is coded as \1" if at least one
industrial policy targets the speci ¢ industry in the given city and year, and\0" otherwise . This
binary variable serves as the dependent variable in our empirical analysis, allowing us to test which
sectors are selected by the city governments. On average, local governments' choice of the targeted
sector is selective| on average 7% of industries in each city-year cell are targeted by industrial
policies.

To test whether governments are targeting industries with revealed comparative advantage, we
construct two key measures from rm registration data: revealed comparative advantage (RCA)
and absolute advantage (AA). RCA measures the relative importance of an industry within a city
compared to its overall importance in the province or country. It captures whether a city is more
specialized in a particular industry than the broader region or nation. RCA is calculated at both
the within-province level and the national level, allowing us to assess the industry's signi cance
in both local and national contexts. Absolute advantage, on the other hand, re ects the absolute
importance of an industry in a city, regardless of its relative signi cance. We measure this by
calculating the stock number of rms (or their capital) in each city-industry-year cell. Absolute
advantage indicates whether the industry has a large presence in the city, providing a direct measure
of the industry's economic footprint in that region. To be more speci c, for city c (in province p),
industry s, and yeart, the three measures are calculated as:
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ost < Capital st c2p Capital st
RCAN = P Capital cgt b D Capital cgt
cst < Capital ot < Capital o
AA C apltal cst
ost S Capltal cst

Table 12 reports the summary statistics for key measures based on the rm registration data
for the period of 2000-2020.

[Table 12 about here]

In summary, we estimate the following regression model. All speci cations are estimated em-
pirically using the Poisson pseudo-maximum likelihood (PPML) estimator which accounts for the
large share of zeros in the dependent variable

1(Policycst) = exp[ 1:RCAL, + 2RCAP + 3lAAcq+ st+ o] oot (1)

e tried di erent speci cations for robustness. For example, whether the industry has been targeted in at least
three city-level government documents; or whether the industry has been targeted at least once in a speci ¢ policy
document (a policy document mentioning no more than 5 4-digit industries); or the number of documents targeting
the industry. Our results remain very robust with di erent measures of policies.
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where the key variables are de ned as above. g represents industry-by-year xed e ects to control

for industry-speci ¢ shocks,  denotes city-by-year xed e ects to capture unobserved city char-
acteristics, and s is the error term. We rst focus on within-industry across-city comparisons
by controlling industry-by-year and city xed e ects, and then add city-by-year xed e ect for
robustness check. We use the lagged terms on the right-hand side to avoid a mechanical correlation
with the policy dummy due to that policy induces more new rm entries in the targeted industries.

[Table 13 about here]

Table 13 reports the regression results. As shown in column (1), we nd a positive and statis-
tically signi cant relationship between the national RCA measure and the likelihood of policy tar-
geting. Speci cally, a 1 standard deviation rise in RCA" is associated with a 2.3% (=0.0015*14.5)
increase in the likelihood of the industry being targeted. Similarly, column (2) suggests that the
RCA within the province is also positively associated with policy targeting, and with a larger
magnitude| when RCAP increases by 1 standard deviation, the chance that the industry being
targeted increases by 11.7%(=0.0176*9.7). Column (3) examines the correlation between the indus-
try's absolute advantage in the city and the probability of policy targeting. Absolute advantage,
based on the stock of rms or capital in a given industry, is also a strong predictor of policy
targeting| when AA increases by 1 standard deviation, the probability that the industry being
targeted increases by 3.9%(=2.98*0.013). Cities are more likely to target industries with a larger
presence, which may re ect the desire to support key local industries with established economic
importance. In column (4), we run a horserace of the three variables. The ndings indicate that
while the coe cients for the within-province comparative advantage and the absolute advantage
remain relatively stable, the coe cient for the national comparative advantage notably decreases.
This outcome implies that cities are more responsive to competitions within the same province
than to those spanning di erent provinces.

Additionally, we interact RCA and AA with the log of city GDP to test whether the impact of
comparative and absolute advantage on policy choice varies with the city's economic development
level. Table 14 presents the results of the regression analysis, highlighting a noteworthy hetero-
geneity: Regions with higher development levels tend to focus on industries possessing a revealed
comparative advantage, whereas those with lower development levels are inclined to focus on in-
dustries with an absolute advantage. Targeting an industry with absolute advantage instead of
comparative advantage likely suggests that the city is targeting an industry with national strength
rather than local strength, which may be exposed to elevated risks of overcapacity. To the extent
that more developed regions have stronger administrative and scal capacity, the results highlight
the importance of such capacity in making an appropriate policy choice. Failing to target indus-
tries with comparative advantage may hurt the less developed regions' growth potential and further
enlarge regional disparities. We take a more serious examination of the overcapacity problem in
Section 5.5.

[Table 14 about here]
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5.2 The Political Economy of Policy Pass-through and Di usion

Having examined the economic fundamentals of local governments' choices of targeted sectors,
this section delves into the political economy features of China's industrial policy: the combination
of top-down policy transmission and rich local adaptations. Both of these mechanisms are deeply
ingrained in China's political framework. As Xu (2011) convincingly argues, China's economic
success is founded on what he refers to as Regionally Decentralized Authoritarianism (RDA). This
system is marked by a strong centralization of political authority combined with the decentral-
ization of administrative and economic powers. The centralized political structure ensures the
smooth transmission of policies from the central government to local governments, while the de-
centralized economic system|coupled with competition among local o cials|fosters dynamism
and experimentation at the local level. Additionally, the balance between these two mechanisms
has not remained static. It has shifted over time depending on the central government's focus,
which has oscillated between political stability and economic growth. Understanding this interplay
between central directives and local adaptation is key to analyzing the political economy of China's
industrial policies.

In this subsection, we combine industrial policy data with rich politician data to explore the
political economy underpinning these policies. We begin by investigating the top-down policy
transmission mechanism (Fact 2(a)), followed by an analysis of how this transmission has evolved
over time (Fact 2(b)). Finally, we explore the regional di usion of policies and the role of politician
mobility in the di usion (Fact 2(c)).

Fact 2(a): City-level government follows upper-level government in policy-targeted
sector choice, and the pass-through is heterogeneous on city characteristics.

In this fact, we delve into how city-level governments align their industrial policy choices with
those of upper-level governments (provincial and central). The analysis focuses on the \pass-
through” e ectlhow closely city governments follow the sectoral choices of provincial and central
governments in implementing industrial policies. This dynamic is essential to understanding how
centrally coordinated policy directives are executed at the local level.

The regression equation estimates the relationship between city-level policy choices and those
of provincial and central authorities. We include the forward and lag terms of 6 years window to
allow for inter-temporal correlations in the pass-through.

Policycst = PP olicy(":’(p)st + PPolicyd + sc+ ¢+ cst (2)
t= 6 t= 6

where the dependent variableP olicyg; represents the industrial policy choice in city ¢, sector s,

and yeart, and the key independent variablesP oIicy('[:’(lo)St and Policy§, capture the policy choices

at the provincial and central levels. The regression controls for city-by-sector xed e ects ¢ and

time xed e ects ;.
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Similarly, at province-industry-year level, the regression equation is speci ed as

t= 6

Figure 12 visualizes the estimated coe cients from the regression equation, showing the local
response to upper-level government policies over time. The x-axis represents time, with event time
ranging from six years before to six years after the issuance of upper-level policies. The y-axis
shows the magnitude of the response. The three series plotted represent the following: The red
dots indicate how city governments respond to provincial-level policies (). It shows that the
policy sector choice between city and provincial government is most strongly linked within the
same year, along with some weak serial correlations present. The green triangle series represents
how provincial governments follow central-level directives ({), and the alignment shows similar
patterns with the strongest correlation in the same year and weak serial correlation. The blue dot
series captures how closely city policies align with central government directives '). The results
suggest that while there is some alignment, the response is generally weaker compared to the
response to provincial policies, and is also weaker compared to the response of provincial policies
to central policies. This is consistent with China's one-level-up political system, and provincial
governments are more directly accountable to central authorities. In addition, the gure shows
that policy alignment strengthens in the years immediately following the issuance of provincial and
central policies but diminishes over time, suggesting that the impact of these policies may wane as
local governments adapt or shift focus.

[Figure 12 about here]

Having established that the contemporaneous correlation between di erent levels of government
is the strongest, we then focus on the contemporaneous correlation and examine the heterogeneity
in policy pass-through by interacting the policy indicators with city characteristics:

Policyest = 1Policy + ,Policy Xc+ sPolicyl+ sPolicyy Xci+ sct ot cst (4)

p p
c(p)st c(p)st

where X is one of the following: 1) GDP (log transformed), to measure the city's development
level; 2) number of cities in the province (log transformed), to measure the intensity of political
competition within the province; 3) the city secretary or mayor's political connection with the
provincial government.

Table 15 presents the regression results. Columns (1)-(3) display the baseline ndings using
various sets of xed e ects. The results demonstrate that city governments follow policy sector
choices made by provincial and central governments, with a stronger correlation observed between
city and provincial policies compared to city and central government policies. Column (4) reports
the results interacting upper-level policy indicators with log of GDP, and it shows that more
developed regions exhibit weaker pass-through from provincial and central policies. This could be
because these regions have greater capacity and resources to make independent industrial policy
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decisions, re ecting their speci ¢ local economic contexts and needs. In contrast, less developed
regions may rely more on upper-level guidance, re ecting their dependence on centralized policy
directives. Columns (5) and (6) further include interactions with the number of cities in the
province| in provinces with a higher number of cities, there is more intense political competition
among local governments. This competition intensi es the pass-through e ect, as local o cials
may be more inclined to align their policies with upper-level governments to demonstrate political
loyalty or to secure more resources and support. The regression results indicate that cities in
more competitive political environments show stronger policy alignment with provincial and central
directives.

[Table 15 about here]

Table 16 reports the results interacting the policy indicators with local politicians' political
connection indicators. It shows that the pass-through e ect is weaker when local o cials have
strong personal connections with higher-level o cials. These connections, measured by overlapping
hometowns, colleges, or previous workplaces, may give local o cials more latitude to diverge from
centrally set policies. Essentially, personal relationships provide local leaders with informal political
capital, enabling them to implement policies more suited to their local circumstances without
strictly adhering to upper-level directives. It is worth noting that only connections with provincial
party secretaries have this mitigation e ect while connections with the provincial governor have no
e ect. Both the city mayor's and the city party secretary's connection matters.

[Table 16 about here]

In summary, this fact demonstrates that the pass-through of industrial policy from upper levels
of government is a nuanced process shaped by local political dynamics, regional development levels,
and the relationships between local and provincial o cials. The gure o ers a clear depiction of
how city-level policies align with upper-level directives, varying over time and by government level.

Fact 2(b): Policy pass-through is correlated with political centralization over time.

Policy pass-through measures the extent to which local governments are following the upper-
level government directives as opposed to local initiatives. The political literature documents a
reversal towards centralization since 2013 (Fang et al., 2022b; Zhou et al., 2021; Bo, 2020; Lee,
2017). We examine the time trend in the policy pass-through from upper-level governments to
local governments, with a special focus on whether the trend is consistent with China's political
centralization cycle. The regression equation used to estimate the time-varying policy pass-through
is:

X2 X
Policycst = 020 1tPoIicy£(p)st+ aPolicyl + sc+ t+ cst (5)
t=2005 t
where we estimate how the policy choices at the city levelR olicys;) align with those at the provin-
cial (P oIicyE(p)st) and national (Policyl,) levels over time, capturing both the temporal dynamics
and the evolving relationship between di erent government levels.
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The two panels in Figure 13 plot the estimated coe cients of 3; and 5 over time, representing
the pass-through from provincial and national governments to city level, respectively. Panel (a)
shows the time-varying response of city-level policies to provincial policies. The downward trend
from year 2005 illustrates a decline in alignment before 2013, followed by a resurgence after 2013.
This re ects a centralization trend, with provincial policies increasingly in uencing local decisions.
Panel (b) depicts the policy pass-through from the central government to city-level policies. The
correlation between city and central policy choices was largely insigni cant before 2013, suggesting
a period of relative local autonomy in policy formulation. This is consistent with the common
belief of China's one-level-up political system and the corresponding incentive scheme of the local
bureaucracies. Post-2013, however, the correlation became signi cantly positive, marking a clear
shift towards stronger alignment with central government directives.

[Figure 13 about here]

The pass-through of policy sector choice from provincial and central governments to city-level
governments exhibited notable changes over time. Our data underscores 2013 as a pivotal year
when policy sector choice and implementation became more centralized, reversing the earlier trend
of decentralization. This shift after 2013 can be attributed to various factors, including a political
reorientation towards centralization, stronger monitoring mechanisms, and perhaps the changing
national priorities that required a more coordinated policy framework across all levels of govern-
ment.

Fact 2(c): Regional policy persistence evolves with local politician's mobility.

In this fact, we explore the concept of policy persistence in China's industrial policy landscape,
focusing on both its advantages and potential drawbacks. On the one hand, policy persistence can
create a stable environment, allowing rms to form consistent expectations and plan for the long
term, which is particularly bene cial for industrial sectors that require continuous investment and
stable regulatory frameworks. On the other hand, the persistence of poorly designed or ine ective
policies can be detrimental, as local governments may face di culties in correcting course due to
path dependence, institutional inertia, or political pressures.

Given these considerations, understanding the patterns of policy persistence, as well as the
factors that in uence changes in these patterns, is crucial. One key factor we examine is the
impact of local politician changes on policy continuity. When local leaders rotate or are replaced,
the alignment of local policies with upper-level government directives may shift, and policies that
were previously in place may either be continued or altered. This rotation provides an opportunity
to study how political dynamics in uence policy trajectories.

We begin by examining the serial correlation of policy choices over time. Speci cally, we estimate
the degree to which local policies are consistent across time periods and whether this persistence
is interrupted by changes in local politicians. The regression equation is:

Policycst = 1Policy + oPolicyd + 3Policyest 1+ + + t+ cst (6)

p
c(p)st
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This model assesses how policy choices from upper-level governments (provincial and national) and
previous local policies Policycs; 1)) in uence current local policy choices. Furthermore, we de ne
a Change indicator which takes value 1 if the city secretary or mayor is di erent from last year.
We also include an interaction term between policy and change indicators to examine how political
transitions a ect policy persistence

Table 17 reports the regression results, with column (1) reporting the baseline results and
columns (2) and (3) including the interaction terms with the indicator of politician change. The
results show that policy choices are highly serially correlated with a coe cient of 0.36, meaning
that local policies exhibit a signi cant degree of persistence over time. However, this persistence is
partially disrupted when a local politician is replaced. The regression results show that changes in
local politicians have a signi cant negative interaction with policy persistence (Policy Change),
indicating that these transitions disrupt the continuity of previous local policies. On the other hand,
in the year of a shift in local leadership, local policies tend to align more closely with upper-level
government directives| indicating the new local leaders' incentive to show political loyalty.

[Table 17 about here]

Seeing that policy persistence is shifted by the change of local politicians, we further examine
the e ect of local politicians per se on the local policy choice. To do so, we identify a subsample
of politicians' lateral move across cities| the city party secretary or mayor serving as the party
secretary or mayor of another city in the previous year. We examine the policy choice of the city
and decompose the correlation to the correlation with city's previous year's policy choice and the
local politician's previous city's previous year's policy choice, i.e., the persistence by location and
the persistence of a politician.

Table 18 reports the regression results. Column (1) presents the baseline result examining policy
persistence in the full sample. Column (2) uses the subsample with lateral moves and it shows that,
when there is a shift in local politicians, the correlation with previous year's policy drops to 0.27.
On the other hand, the correlation between the city's policy with the politician's previous city's
policy is 0.09| the two almost add up to the overall policy persistence of 0.35. In column (3), we
further control the cities' neighbor's policy as a placebo. The result suggests that the correlation
is much weaker (0.04) and is not statistically signi cant.

[Table 18 about here]

This analysis sheds light on the role of political dynamics in shaping the continuity of industrial
policies and highlights the delicate balance between policy persistence and political exibility in
China's industrial policy framework. The result con rms the rotation of politicians as an important
policy-learning mechanism. To the extent that politician experience is part of the administrative
capacity, the results also con rm its importance in sector choice.

To summarize, the rst two sets of empirical analysis correspond to the two important aspects
of policy choice, suggesting that the local government's choice of the policy targeted sector is jointly
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shape by economic rationales and political considerations. While the top-down pass-through re ects
the political motive of local goverments' compliance of central directives, the economic rationale
re ects the local governments' e ort in local adaptation.

5.3 Policy Tool Experimentation and Di usion

We then turn the focus to the choice of policy tools. In Section 4.4, we observe a notable
rise in the variety of policy tools over time, and a more balanced use of the traditional tools and
the new tools. The new tools tend to be more selective on rms as compared to the traditional
general tax deduction and trade protection policies. However, the ultimate success of the policy
implementation depends on the local government's scal and administrative capacity (Jurasz and
Lane, 2024). In this subsection, we explore the choice of implementation tools used in industrial
policies across di erent dimensions. Speci cally, we focus on three key aspects: how these tools vary
across di erent levels of government (Fact 3(a)), across regions (Fact 3(b)), and across industries
(Fact 3(c)). By analyzing the selection and adoption of both traditional and new tools, we aim to
understand the factors driving these choices and how they have evolved over time. Observing the
rich dynamics, we then zoom into within-industry variations by examining the dynamics of tool
choice across di erent stages of industrial development (Fact 3(d)). Each of these facts provides
critical insights into the mechanisms through which industrial policies are implemented in China.

Fact 3(a): Local governments are earlier adopters of new policy tools, central gov-
ernment is heavier user of traditional tools, provincial government is in between, and
trends converge over time.

An important feature of China's industrial policy is the variation in the choice of implementation
tools across dierent levels of government. We rst explore how local, provincial, and central
governments di er in their usage of new and traditional policy tools over time.

To track how the use of various tools, particularly new and traditional tools, evolves over time
and how this evolution di ers by government level, we estimate the following regression:

1(T 00lkgst) = 020 {'Year, Level, + 020 {’Y ear Levelp+ s+ t+ kgt (7)
t=2005 t=2005

where: 1(Toolkgst) is a binary variable indicating the use of a speci ¢ tool type k by policy i for
industry s in government level g during year t, Level, is an indicator for central-level policy,and
Levelp, is an indicator for provincial-level policy, city-level policy is used as the default group,Y ear
are year indicators, and s and ; are industry and year xed e ects. For clarity in presentation,
tools are classi ed according to their growth trends, as explained in Section 4.4. Speci callyk can
represent one of these categories: rapidly emerging new tool, moderately growing new tool, stable
traditional tool, increasing traditional tool, or a diminishing old tool.

Figure 14 illustrates the time trend in tool usage across government levels. Panels (a) and (b)
plot "s| the coe cient estimated for the central government| to compare the central govern-
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ment versus the city-level government in tool usage. Panels (c) and (d) compare the provincial-level
government and the city-level government by plotting the coe cients for the provincial-level gov-
ernment Ps.

Panels (a) and (c) show that local governments (primarily city-level) tend to be earlier adopters
of new tools, followed by provincial governments, with central governments adopting new tools
more conservatively. Panels (b) and (d) demonstrate that central governments maintain a stronger
preference for traditional tools such as market regulation and trade protection, while local gov-
ernments are gradually reducing their reliance on these tools. Overall, the city-level governments
are more proactive in experimenting with new instruments, re ecting their exibility in adjusting
policies to local needs and innovation, while the central government remains more consistent in its
use of traditional tools, although its adoption of new tools has begun to increase in recent years.
Moreover, these trends suggest a convergence over time, with all levels of government increasingly
adopting new tools, although local governments are the main drivers of this shift.Overall, even
though local governments tend to follow upper governments in sector choices, they nevertheless
have exibilities in implementation, and it is the local governments, who have more information
on the ground, that are the main agent in policy tool experimentation. Moreover, consistent with
the importance of administrative capacity, more developed regions conduct more experimentation,
and the gradual adoption of such policy tools by other governments reveals both the e ectiveness
and the learning externality of such experimentation.

[Figure 14 about here]

Fact 3(b): The usage of policy tools in industrial policies varies signi cantly across
regions, largely depending on the level of economic development.

Local governments' scal resources and administrative capabilities play crucial roles in deter-
mining these tools. It can be expected that cities with strong nances can typically employ extensive
scal subsidies for their industrial policies, whereas less developed areas might depend on natural
assets like inexpensive land. We then zoom in to the city-level documents to analyze how industrial
policy tool selection varies by region.

To do so, we collapse the document-level data with detailed industry and tool information to the
region-industry-year level to measure that in each region, each year, and each industry, which tools
are used. In the empirical analysis, we focus on the sample of policy-targeted industries to focus
on the choice of industrial policy tools conditional on the industry is targeted by the government.
To be speci ¢, we estimate the following regression:

X2
1(T 00kcst) = 020 (Yearr 10g(GDP¢t)+ st + kests (8)
t=2005

where T ool is a binary variable indicating the use of a speci ¢ tool type by policy k in city c for
industry s during year t, log(GDP ) represents the GDP of city ¢ in year t, serving as a proxy for
the level of economic developmentY ear, are year indicators, ¢ are industry-by-year xed e ects
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to control for sector-speci ¢ heterogeneities, and s is the error term.

Figure 15 plots the estimated coe cients for  to illustrate the time trend of tool adoption
by city development level. As seen in the left panel, more developed cities (with higher GDP)
are earlier adopters of new policy tools like industrial fund, industrial promotion, and demand
stimulation, etc. However, there is a signi cant converging trend over time. This may re ect that
the new tools need higher administrative capability and require more experimentation in the initial
stage. Panel (b) shows that the more developed regions rely much more heavily on traditional tools
like tax deduction and trade protection| the former aligns with the better scal condition and
thus lower e ective tax rate to attract investment in wealthier regions, and the latter may be due
to the fact that they have more interactions with the international market. Less developed regions
rely more on traditional tools such as preferential land supply where scal constraints limit the
adoption of more expensive policy instruments.

[Figure 15 about here]

Fact 3(c): The choice of industrial policy tools depends on the targeted industry.

The third stylized fact examines the choice of industrial policy tools across di erent industries.
Following our previous practice, we focus on the sample of policy-targeted industries but now focus
on the within-city across-industry variations.

1(T 00kcst) = 020 (Y ear Industry s+ ¢+ kest; (9)
t=2005

where Industry s are indicators for industry type| we rst focus on the comparison between man-
ufacturing industry versus other industries (i.e. Industry =1 for manufacturing industry and 0
for others), and then consider the subsample of manufacturing sector and focus on the comparison
between skill-intensive versus other traditional manufacturing industries (i.e. Industry s=1 for skill-
intensive manufacturing industry and O for other manufacturing industries).  are city-by-year
xed e ects to control for city-speci ¢ heterogeneities, and st is the error term.

Figure 16 compares manufacturing industry with other industries and plots the estimated co-
e cients for each year. Panel (a) suggests that the fast growing new tools such as industrial fund,
promoting industrial cluster, and encouraging entrepreneurship are more prevalent used in the man-
ufacturing sector. Panel (b) indicates that manufacturing sectors more frequently use traditional
market protection tools while less rely on other traditional tools such as scal subsidy or nancial
support.

[Figure 16 about here]

Figure 17 compares, within the manufacturing sector, skill-intensive industries and other tradi-
tional industries. Panel (a) suggests that skill-intensive manufacturing industries more frequently
use the new tools such as demand stimulation, promoting industrial cluster, and encouraging en-
trepreneurship, etc. Panel (b) suggests that monetary incentives ( scal and nance) are used more
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prevalently in the skill-intensive industries, while they rely less on the traditional market protection
methods.

[Figure 17 about here]

Fact 3(d): Within each industry, the choice of tools evolves over time from entry
promotion to industry upgrading.

While the third fact underscores notable heterogeneities in tool choice across various indus-
tries, which appear to be persistent over time, a more intriguing question is whether, within each
individual industry, local governments are evolving their industrial policy tools over time to ac-
commodate each industry's developmental phase. Speci cally, for a given industry, do the tools
employed during its early development di er from those utilized when the industry reaches a more
advanced stage? For a given city, does the local government optimally choose di erent tools for
di erent industries depending on each industry's development stage?

We rst identify the rst year when each industry is targeted in each city, and then calculate
for each industry, each year, the number of years since rst being targeted. We then estimate the
following model at policy level:

1(T 00kkcst ) = “Duration cstt st ot ikest (10)

1(T ookkest ) is a binary variable indicating the use of a speci ¢ tool type k by policy i for industry
s in city c during year t, Duration s is the number of years since rst being targeted, and ¢
and  are industry and city-by-year xed e ects. It is worthwhile to note that by controlling the
city-by-year xed e ect, we are able to distinguish that within the same city, the local government
uses di erent tools for di erent industries depending on the industry's development stage.

Figure 18 plots the estimated coe cients Xs for various tools, where a positive coe cient indi-
cates an increased likelihood of tool utilization as the industry matures (more years from the initial
target year in the city). This underscores how local governments dynamically adjust industrial
policy tools according to the industry's development stage. Initially, the focus is on entry subsidies,
favorable land allocation, industrial funds, and entrepreneurship encouragement to boost competi-
tion, with government procurement serving as a demand source. Over time, the focus transitions
to R&D, labor and talent development, and supply chain enhancement for industry advancement,
increasingly relying on industrial promotion and consumer demand stimulation as demand sources.
Overall, the results are consistent with the idea of industry policies as customized public services
(Juresz et al., 2023)

[Figure 18 about here]

5.4 E ectiveness of Policy and Tool

The rst three sets of empirical analysis mainly focus on the LLM-analyzed policy data, and in
the following two sets of analysis, we combine our rich industrial policy data with detailed micro-
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level rm data. The success of industrial policies hinges not only on the choice of the targeted
industry but, more importantly, on how these policies are implemented using various industrial
policy tools. In this subsection, we attempt to shed some light on the e ectiveness of di erent
tools in achieving key policy objectives. Speci cally, we explore three critical dimensions: First, we
investigate whether rms in targeted industries receive actual policy bene ts, such as subsidies or
tax deductions, and how these bene ts are distributed across rms of di erent sizes or characteristics
(Fact 4(a)). Second, we examine whether industrial policies lead to an increase in rm entry, and
whether di erent policy tools have heterogeneous impacts on new rm formation (Fact 4(b)). Third,
we assess whether industrial policies enhance rm productivity and analyze the di erential e ects
of various tools (Fact 4(c)).

Fact 4(a): Industrial policies are e ective in tax reduction, providing subsidy, and
increasing rm leverage, and the e ect depends on rm characteristics and the tools
used.

First, to verify policy e ectiveness, we use the rms' administrative tax record data to assess
whether rms in industries targeted by industrial policies actually bene t from government support,
such as tax reductions, subsidies, or improved access to nance. This analysis assures that the
allocation of industrial policies aligns with their intended goals, particularly regarding providing
meaningful support to rms in key industries.

We rst regress various measures of policy support on the policy dummy. Speci cally, in order to
capture the heterogeneous e ect of policies with di erent tones, we separately control for supportive
policies versus regulatory policies. The regression equation is as follows:

Yisct = ° POIiCy;ct + PO”Cysct + ittt sct (11)

where i is for rm, s for industry, c for city, and t for year. The dependent variables measure
various dimensions of rm-level policy support: 1) e ective tax rate de ned as the ratio of taxes
paid to before-tax revenue; 2) log of the total amount of subsidies received by a rm; 3) leverage
ratio, calculated as the ratio of debt to total assets, serving as a proxy for a rm's ability to take
on debt; 4) long-term Debt indicator: A binary variable indicating whether a rm has long-term
debt, which can re ect the rm's ability to secure bank loans or other long-term nancing. Policy
indicator turns on when the city government c issues a policy targeting industry s in year t. As
we focus on policy e ectiveness, it is important to di erentiate policies of di erent tones. Thus, we
make full use of the LLM output and distinguish the supportive policies versus the regulatory and
suppressing policies.Policy* representing supportive policy andPolicy representing regulatory
and suppressing policy.

Table 19 presents the regression results. We begin by controlling for city-by-industry and
year xed e ects to examine the average correlation between policies and rms in the targeted
industries. We then add rm xed e ects, which enable us to track the same rms over time,
allowing us to evaluate whether rms in policy-targeted industries receive more bene ts under
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policy support. By doing this, we can identify whether the targeted industry overall and individual
rms in the industry receive more subsidies, experience lower e ective tax rates, or have better
nancing conditions compared to when they are not in a policy-targeted industry. Columns (1)
and (2) nd a 6% industry-wide average increase in rm subsidy, and the e ect drops to 1.8% on
the intensive margin after controlling rm xed e ect. Columns (3) and (4) suggest that rms

in the targeted industry, on average, enjoy a 5 percentage point lower e ective tax rate, and the
e ect turns null after controlling for rm xed e ect. Columns (5) - (8) present the results of rms'
long term debt and leverage ratio, and they show a signi cant e ect of policy support on rms'
nancing condition the extensive margin: the probability of acquiring long-term debt increases by
2.8% under policy support and the leverage ratio (debt/asset) increases by 0.7 percentage point.
The e ect turns null on the rms' intensive margin| suggesting that the positive e ect at industry
level may be mainly driven by the newly-entered rms having better access to bank nancing.

[Table 19 about here]

Comparing the coe cients for supportive policies and regulatory policies reveals an interest-
ing pattern worth further investigation| the analysis reveals that both supportive and regulatory
policies exhibit positive correlations with rm bene ts, including subsidies and improved nancing
conditions. Two potential explanations may account for the observed patterns. First, the posi-
tive coe cients for regulatory policies may arise from an endogenous targeting e ect: regulatory
policies are often directed at previously booming industries that were heavily supported by prior
industrial policies. Consequently, the regulatory policy dummy becomes positively correlated with
rm bene ts that were accrued before regulation. Second, the policies themselves may directly
result in increased rm bene ts.

To disentangle these two channels|the endogenous targeting e ect and the causal impact of
policies on rm behavior| we conduct an analysis of the dynamic responses to supportive and reg-
ulatory policies. Speci cally, we examine both forward and lagged terms of policy implementation
to capture the temporal relationships between policies and rm outcomes.

X2 X2

Yisct = ot N POHCY;(HD + | POHCYSC(HD it ot sct (12)
1= 2 I= 2

The results unveil the di erent mechanisms that drive the positive contemporaneous correlation
between policy indicators and rm outcomes for supportive policies and regulatory policies. Forward
terms, indicating future policy targeting, are positively correlated with regulatory policies, while
lagged terms are either negatively correlated or statistically insigni cant. This temporal pattern
supports the endogenous targeting channel, where regulatory policies aim to regulate previously
booming and heavily subsidized industries. In contrast, supportive policies exhibit an opposite
dynamic: their lagged terms are positively correlated with rm bene ts, suggesting that these
policies directly contribute to increased subsidies, tax deductions, and nancing opportunities for
rms over time. These ndings emphasize the importance of accounting for endogenous targeting
when evaluating the causal impact of policy interventions.
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[Figure 19 about here]

We further decompose the policy e ect into di erent policy tools to examine their heteroge-
neous e ect on rm benets. We focus on the supportive policies and group the tools by their
implementation methods as detailed in Section 4.4, and run the following regression:

Yisct = X k Policyksct + i+ t+ isct (13)
k

The results are reported in Table 20. It is worth noting that the tools are often used in bundles,
and the results aim to provide suggestive horse-race evidence on the role of each tool after controlling
for other tools. We nd that, rst of all, scal and nancial tools and tools to foster industrial
clusters (mostly with special economic zones) are most e ective in providing rms with subsidies
and tax deductions. The e ect of policy tools on rms' long-term debt and leverage ratio is mixed]|
tools to foster industrial clusters and tools targeting input and R&D are positively correlated with
the rms' probability of acquiring long-term debt, while demand stimulation tools are positively
correlated with rms' leverage ratio. On the contrary, tools aiming to boost rm entry have a
negative or null e ect on rm bene ts, suggesting that the greater number of new rms dilutes the
bene ts for the average rm. The results suggest the importance of quantifying industrial policy
from multiple dimensions. The heterogeneous results show that not all tools are positively correlated
with rms' monetary bene ts, and not all tools are complements to each other| for example, while
scal-based tools are positively correlated with rms' subsidies, demand-based tools are negatively
correlated.

[Table 20 about here]

Some policies may favor smaller, younger rms, while others may benet larger rms. Lastly,
we explore the heterogeneities in policy support across rms of di erent sizes by interacting the
policy dummies with the rm's log of registered capital. Table 21 reports the regression results. It
suggests that, on average, larger rms bene t more from industrial policies.

[Table 21 about here]

Fact 4(b): Industrial policies are e ective in boosting new rm entry

Reassured that the industrial policies genuinely provide advantages to the targeted industries,
we proceed to analyze how these policies in uence rm behavior, both on the extensive mar-
ginjwhich pertains to the entry decision|and the intensive margin|which involves investment
and productivity growth.

On the extensive margin, we investigate the impact of industrial policies on encouraging the
entry of rms. Our analysis utilizes the rm registration dataset, which provides comprehensive
details on all registered rms in China. We aggregate the rm registration data into city-industry-
year bins to determine the count of new rms and the value of new capital across each city, 4-digit
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industry, and year. We then run the following regression:
Ysct = ¢ POIiCysct + P POIiCyEC(p)t + 0 POIiCygt *oset 7t st (14)

where s is for industry, c for city, and t for year. Y is the log of the number of new rm
registrations or the log of the value of new capital registration. P olicys¢; takes on value 1 if city ¢
issue an industrial policy targeting industry s in year t, Policyg’c(p)t takes on value 1 if the province
of city c issue an industrial policy targeting industry s in year t, and Policyg, takes on value 1 if
the central government issues an industrial policy targeting industrys in year t. All other variables
are de ned as above.

Table 22 reports the regression results. We rst control city-by-industry and year xed e ects,
and then also include city-by-year time trend. The results show a signi cant response in rm entry
to industrial policies| being targeted by the city-level government leads to a 13% increase in the
number of new rms and a 32% increase in the volume of new capital formation. After controlling
the city-industry speci ¢ trends, the e ects are still signi cant| the growth rate of the number
of new rms increases by 2% and of new capital increases by 7%. Comparing the city-level policy
impact with provincial and central level government policies suggests that rm entry responds to
local policies much more than to upper-level policies.

[Table 22 about here]

Next, we extend the regression with lag and forward terms to examine the dynamic response of
rm entry to policies at di erent government levels. The regression equations are as follows:

X6 X6 X6

- + iryt ; n+ iy Nt n i~ N
Ysct = ¢ Policyg,+ ¢ Policyg+ t Policyg + t Policyg + sct t+ sct sct

t= 6 t= 6 t= 6 t= 6
(15)

All regressions control for city-by-industry and year xed e ects, and city-industry speci c time
trends.

Figure 23 and Figure 24 plot the estimated coe cients for s and {'s, separately for supportive
policies and regulatory policies. As for supportive policies, both local and central policies trigger a
signi cant increase in rm entry at time 0 (policy issue year). However, there is a notable di erence
in pre-trends: city-level policies are procyclical, with a positive pre-trend, while central-level policies
are countercyclical, likely issued when industries show signs of slowing growth. The e ects are
contrary for regulatory policies| city-level regulatory policies lead to signi cantly lower entry
rates and central-level policies are weakly correlated with increasing entry rates. This di erence
suggests nuance di erences in government policy rationalities: local governments respond to better
market conditions and issue more policies to boost further growth, while the central government's
goal is more strategic and tends to issue policies when the key industries lack the momentum of
growth.

[Figure 23, Figure 24 about here]
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Zooming in to the city-level policies, we can further decompose the average positive e ect
into strongly supportive policies, supportive policies, and regulatory policies with the following
regression equation.

ﬁ . . .
Ysct = t++ PO|Icy;gt + t+ Pollcy;ct + t PO|IcySCt + sc+ t+ SC+ sct (16)
t= 6 t= 6 t= 6

[Figure 21 about here]

++

Figure 21 plots the estimated coe cients for [*s, s and s, with Panel (a) plots the
coe cients estimated controlling for city-by-industry and year xed e ects, and Panel (b) further
controlling for city-year speci c time trend. Both strong supportive policies and other supportive
policies are associated with positive rm entry (panel (a)), and both trigger a signi cant increase in
rm entry growth rate at the policy issue year (panel (b)). The e ect of strong supportive policies
is about twice as large as that of other general supportive policies. It is worth noting that there
is a signi cant pre-trend for the e ect of strongly supportive policies even after controlling for the
trend. This suggests that the governments may increase policy strength procyclically in response
to the booming market. The e ect on the new rm entry growth rate started to decline after 3
years of the policy issue year. In sharp contrast, regulatory policies lead to a signi cant decrease
in rm entry rates.

Lastly, we focus on the supportive policies only and investigate how di erent policy tools vary
in their e ectiveness in promoting rm entry. In theory, policies designed to lower entry barriers|
such as subsidies, preferential access to land, and tax incentives|should encourage new rms to
enter targeted industries. The regression equation is speci ed as follows:

X
Ysct = k Policykset + sct t+ isct (17)
k

Figure 22 plots the estimated coe cients for each tool ¢s. It shows a big variation in the
e ect of policy tools on new rm entry. Fiscal subsidy, labor policies, preferential land supply,
industrial promotion, promoting entrepreneurship, promoting industrial cluster, and methods for
market access and regulation are most e ective in boosting new rm entry, hancing, tax deduction,
and demand stimulation have relatively mild e ects on attracting new rms. In sharp contrast,
environmental policies, trade protection, and government procurement policies have signi cantly
negative e ects on new rm entry. Environmental policy deters new rm entry because of the
elevated environmental standards and compliance costs. Trade protection, while on the one hand,
may protect domestic or local rms, maybe at the cost of deterring foreign rms. Government
procurements are usually biased toward larger or state-owned enterprises and thus may lead to
more concentrated market share and deter the entry of smaller new rms.

[Figure 22 about here]
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Fact 4(c): Industrial policies have mixed e ect on rm productivity

On the intensive margin, we examine whether industrial policies drive investment and improve
productivity in existing rms. Unlike the largely positive e ects on preferential treatment and new
rm entry, the impact on rm productivity is more complex and varied. The e ectiveness of indus-
trial policy on productivity depends heavily on the speci ¢ tools used and their implementation,
as multiple mechanisms interact, leading to mixed outcomes.

Several mechanisms can operate simultaneously under di erent policies. Entry subsidies and
low-cost land allocations promote new rm entry, fostering market competition. Labor subsidies,
particularly for high-skilled labor, reduce labor costs and may enhance productivity by enabling
rms to attract better talent. Industrial policies can also generate economies of scale, leading to
productivity gains for rms in industry clusters by bene ting from shared resources, improved in-
frastructure, and a more skilled labor pool. Demand stimulation policies not only increase rm
revenues but also potentially enhance productivity through market selection, where more produc-
tive rms capture a larger share of the increased demand. However, there are downsides. Policies
encouraging new rm entry can lower the threshold for market participation, allowing less pro-
ductive rms to enter, which may dilute overall productivity. Additionally, excessive entry could
lead to overcapacity and resource crowding, even for high-performing rms. In sum, the impact
of industrial policies on productivity results from a balance of multiple mechanisms. While some
policies promote productivity through competition and agglomeration e ects, others may hinder it
by allowing ine cient rms to survive or by not adequately incentivizing innovation and e ciency.

While it is de nitely out of the scope of this paper to decompose the e ect of di erent policy
tools and separate the possible mechanisms, we attempt to provide evidence on the rich variations
in policy e ect on di erent dimensions of rm behavior. In particular, we use the rm-level admin-
istrative tax data and follow the same rm-level speci cation as in Fact 6 to examine the policy
impact on the rm's productivity, revenue, employment, intermediate input, and capital formation.
We run the regression rst on the policy dummy, and then on the tool set to decompose the e ect
of di erent policy tools.

We follow the same routine as above| rst examine the dynamic e ect of supportive policies and
regulatory policies, and then zoom into the supportive policies and decompose the contemporaneous
correlation into di erent policy tools. Figure 25 presents the results of the industrial policy impact
on rm productivity (measured by TFP). We examine revenue-based (panels (a) and (b)), output-
based (panels (c) and (d)), and value-added-based (panels (e) and (f)) TFP separately. Overall,
the results suggest a positive but short-lasting positive impact of supportive policies and a negative
impact of regulatory policies. The results show a more robust impact on revenue- and output-based
TFP measures as compared to value-added-based TFP measures |- probably because the rms
increase the amount of intermediate input signi cantly in response to supportive policies.

[Figure 25 about here]

Figure 26 presents the results of the industrial policy impact on rm total revenue (panels
(a) and (b)), output (panels (c) and (d)), and value-added (panels (e) and (f)). The results are
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consistent with those for the TFP measures| there is a positive but short-lasting positive impact
of supportive policies and a negative impact of regulatory policies.

[Figure 26 about here]

Figure 27 presents the e ects of policy on rms' inputs, speci cally capital (panels (a) and (b)),
labor (panels (c) and (d)), and intermediate input (panels (e) and (f)). The ndings indicate that
while supportive policies lead to a mild rise in employment and capital investment, they result
in considerable increases in intermediate inputs. The impacts of regulatory policies on capital
and employment are negative when city-by-industry and year FEs are controlled and turn slightly
positive when rm xed e ect are further controlled for. This is probably because regulatory
policies deter new rms entry and thus may bene t the incumbent ones in resource allocation due
to the decreased competition e ect.

[Figure 27 about here]

Tables 23-25 report the horserace results of the contemporaneous correlation between policy
tools (focusing on supportive policies only) and the rm outcome variables. The results are mostly
consistent with the results on rm bene ts as reported in Table 20, from which one can see a clearer
guantity-quality trade-o in policy impact. Industrial policy tools that directly provide scal sub-
sidies and nancial support are the most e ective in boosting the value of rm inputs and outputs,
with relatively mild impact on rms' value added, and thus productivity. On the other hand, tools
that target the production process| the input and R&D related tools are most e ective in reducing
the cost of input, increasing rms' value-added, and thus boosting rm productivity. Policies to
promote rm entry have a consistent negative e ect on rm revenue, capital investment, and pro-
ductivity, re ecting the dominating weaker-screening e ect and competition e ect| allowing less
productive and smaller rms to enter the market, thereby diluting the incumbent rms' access to
resources and lowering overall productivity. Tools to foster industrial clusters and demand-based
tools exhibit mixed impacts. The former signi cantly raises rm revenue, but not output and
value-added, have positive impact on rm employment and lowers input cost, and the latter have
positive e ects on capital investment and is negatively associated with all other outcome variables.

[Tables 23-25 about here]

Overall, the results highlight the heterogeneities in policy tools and their di erent impacts on
di erent dimensions of rm behaviors and outcomes. The overall e ect is a combination of di er-
ent mechanisms such as increased market competition, weakened entry screening, higher market
demand, better access to inputs, and so on.

5.5 Policy Diusion and Spatial Ine ciency

In the last set of empirical analysis, combining policy data and rm data, we take a global view
and study the spatial features of local government choices of the policy-targeted sectors. First,
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we examine the regional correlation of policy choices and its implication on regional trade (Factor
5(a)). Then, we take a dynamic perspective and investigate the e ciency implications if policy
di usion (Fact 5(b)).

Fact 5(a): Increasing inter-regional policy homogeneity is correlated with local pro-
tectionism.

From the perspective of traditional trade theory, regions should ideally focus on industries where
they have a comparative advantage, achieve agglomeration, and engage in inter-regional trade to
optimize economic outcomes. This would allow each region to specialize in industries that best suit
their natural resources, workforce, and infrastructure, resulting in e cient regional development.
However, with strong top-down policy pass-through in China, regional policy choices are becoming
increasingly similar, which may lead to overly homogenous industrial structure$?.

When cities and regions adopt similar industrial policies, it diminishes the potential for regional
specialization and agglomeration. The result can be local economies that are too similar to one
another, fostering competition rather than complementarity between regions. This leads to height-
ened local protectionism, where cities and regions attempt to shield their industries from external
competition to maintain economic control. Local protectionism, which often involves policies aimed
at protecting local industries from competition within the same country, has been a prevalent issue
in China, driven by both scal incentives and political motives (Fang et al., 2022a; Young, 2000).

There are three possible explanations for the similarities in local governments' policy choices.
First, ws we documented in Section 5.2, the local government's choice of the targeted sector is
signi cantly shaped by the top-down policy directive. This will naturally generate correlations
among the choices of the local governments as they follow the same upper level policies.

Besides the in uence of top-down directives, another signi cant factor driving policy similarity
is regional competition. Local governments often compete ercely for key industries| particularly
those that are essential to broader supply chains. By attracting and retaining critical industries
within their jurisdictions, regions aim to capture the entire supply chain, fostering localized eco-
nomic growth and securing scal revenues. The political incentives for local o cials to boost
economic performance, combined with scal pressures, lead to policy choices that prioritize the
development of competitive industries, often at the expense of regional cooperation.

Local protectionism is therefore reinforced by both scal and political imperatives. From a
scal standpoint, local governments are incentivized to protect and nurture local industries to
secure tax revenues and create jobs. Politically, local o cials are evaluated based on their region's
economic performance, which motivates them to adopt policies that favor local industry retention
and growth. This protectionism can manifest as barriers to inter-regional trade and duplication of
industrial e orts across cities, contributing to ine ciency in resource allocation on a national scale.

The third contributing factor to policy homogeneity is the learning e ect, where cities imitate
successful industrial policies from other regions. When a city observes its neighbor bene ting from
promoting a particular industry, it may feel compelled to adopt similar policies in order to achieve

125eehttps://m.thepaper.cn/newsDetail_forward_28084984 for anecdotal evidence.
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comparable success. This e ect is especially pronounced in high-growth sectors such as technology
and renewable energy, where regional o cials may see the success of heighboring cities as a blueprint
to follow. However, this imitation can further dilute regional specialization, as cities pursue the
same industries rather than capitalizing on their unique comparative advantages.

In summary, the increasing similarity of regional industrial policies in China is driven by a
combination of top-down directives, local protectionism, and regional competition, all of which
are reinforced by scal and political incentives. While these forces may help cities achieve short-
term economic gains, they also risk long-term ine ciencies by promoting industrial duplication and
reducing opportunities for inter-regional specialization. This shift towards policy homogeneity not
only reduces the potential for agglomeration bene ts but also contributes to local protectionism,
which can sti e inter-regional trade and cooperation.

In this fact, we examine the spatial correlation of policy sector choices across cities to assess the
degree of policy similarity. We calculate the cosine similarity of sectoral policy choices between city
pairs, focusing on intra-province similarities. We then calculate the city-year level policy similarity
index as the average similarity for each city with all other cities in the same province. Figure 28
plots the geographical distribution of policy similarity, revealing signi cant regional variation. For
example, areas like Inner Mongolia and the coastal regions exhibit higher levels of policy similarity,
while other regions, such as parts of the northwest, show more diversity in policy choices.

[Figure 28 about here]

Combining with the VAT data set, we further investigate the relationship between policy ho-
mogeneity and local protectionism. By aggregating the rm-pair transitions to city pair level, we
calculate the share of intra-city trade and intra-province trade for each city. Figure 29 presents
the binscatter plot for the citie's similarity index and their intra-city trade share. Panel (a) uses
the share of intra-city trade in total trade volume on the x-axis, and Panel (b) uses the share of
intra-city trade in total intra-province trade on the x-axis. The gure also shows a positive cor-
relation between policy similarity and the percentage of intra-city trade. Higher policy similarity
correlates with a higher share of internal trade within a city, indicating that similar policies may
contribute to elevated local protectionism. The stronger correlation for intra-city trade relative
to intra-province trade underscores how overly similar policy choices may reduce the incentive
for inter-city trade, and the e ect is stronger for city pairs within the same province, potentially
harming overall economic e ciency.

[Figure 29 about here]

These ndings suggest that the over-centralization of industrial policy decisions could undermine
the bene ts of regional specialization and lead to ine ciencies such as protectionism and duplication
of industrial structures across cities. As a result, local policy similarities may contribute to reduced
economic dynamism and hinder the development of more e cient regional trade networks.
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Fact 5(b): As policies diuse across regions, it leads to diminishingland at times
counterproductive|policy e ectiveness.

The nal fact explores the dynamic e ciency implications of regional policy di usion, focusing
on how the e ectiveness of industrial policies may diminish as more cities adopt similar strategies.
As previously discussed, the competitive and learning incentives often push regions to replicate
successful policies implemented by pioneering cities. This dynamic creates a di usion process
where cities rush to promote the same industries. However, this di usion can lead to ine ciencies,
particularly in terms of overcapacity when too many cities target the same industries.

To investigate this, we analyze how the sequence of cities adopting a particular policy a ects the
entry of new rms, rm size (measured by capital investment), and rm performance. Speci cally,
we examine whether earlier adopters (pioneers) bene t more than later adopters (followers). We
de ne, for each industry, the order in which cities start to support that industry, allowing us to
di erentiate between early and late adopters. We estimate the following regression at the city-
industry-year level:

Ysct = 1Policyset + 2Policyset Ordercs+ sct+ t+ s+ st (18)

where Yy is the outcome variable (e.g., log number of new rm entries, log value of new capital,
or log value of average new capital) in industrys, city ¢, and yeart. Policyg is a dummy variable
indicating whether city ¢ implements an industrial policy targeting industry s in year t, Ordercg
represents the order in which cityc adopts a policy for industry s normalized by the total number of
cities| 286| with lower values indicating earlier adoption, s, t, and ¢ are city-industry, year,
and industry xed e ects, respectively, s is the error term. We include the interaction between
the policy variable and the order of adoption (Policyset Ordercs) to capture how the timing of
policy adoption a ects outcomes. The interaction term allows us to di erentiate the e ects on early
versus late adopters of the policy.

Table 26 reports the regression results at city-industry-year level. Column (1) reports the results
with the log of the number of new rm entries as the dependent variable. The coe cient on P olicy
is positive and signi cant, indicating that cities adopting policies do experience an increase in new
rm entry. The interaction term ( Policy Order) is also positive, meaning that earlier adopters see
even greater increases in rm entry compared to later adopters. Column (2) reports the results for
the log of the value of new capital. The e ect of Policy is again positive, showing that cities that
adopt policies attract more capital investment. However, the interaction term (Policy Order) is
negative, suggesting that while early adopters bene t from increased capital formation, this bene t
diminishes signi cantly for later adopters, potentially due to overcapacity as more cities compete
for the same industries and thus followers are applying a lower screening threshold. Column (3)
reports the results for log of the value of average new capital per rm: Similarly, the P olicy e ect
is positive, but the interaction term is negative, showing that later adopters attract smaller rms
on average.

[Table 26 about here]
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At the rm level, we further assess the impact of policy di usion on rm performance using the
following speci cation:

Yisct = 1Policysct + 2Policyset Ordercs+ j+ t+ s+ sct (19)

whereYisc; represents rm performance measures such as revenue, pro t, or productivity, ; includes
rm xed e ects to control for time-invariant rm characteristics, all other terms are de ned as
above.

Table 27 shows the rm-level e ects. Early adopters bene t from higher rm revenues and prof-
its, but as more cities adopt similar policies, these gains diminish, and the latecomers experience
lower productivity and prot margins. This suggests that later entrants face more intense com-
petition and overcapacity, which erodes the e ectiveness of the policy. In summary, while policy
di usion can generate positive e ects for early adopters, the increasing number of cities targeting
the same industries leads to diminishing and even negative returns.

[Table 27 about here]

There are two possible reasons for the diminishing returns in policy di usion, particularly for
cities that follow in the footsteps of pioneering regions. The rst is overcapacity due to excessive
entry under government support. As more cities adopt similar industrial policies, it leads to ex-
cessive entry of rms into the same industries, ultimately creating overcapacity. With too many
rms competing in the same market, resources such as labor, capital, and infrastructure become
stretched, reducing e ciency and productivity for all rms. The table illustrates the negative
correlation between policy adoption order and the e ectiveness of capital and rm entry.

The second possible reason is the low learning quality in policy implementation: Policy followers
are often less capable of executing the policies with the same level of complexity as the early
adopters. They may not fully grasp the intricate combinations of policy tools and implementation
strategies that lead to success. In particular, followers may be less likely to target industries where
they have a comparative advantage, focusing instead on industries that other cities are already
targeting. This leads to ine cient allocation of resources. To examine the hypothesis, we run the
following regression at city-industry-year level:

Policycst = 1 RCAgst+ 2 Ordercs+ 3 RCAgst Ordergs+ s+ ¢+ st (20)

This equation assesses how the order of policy adoption across cities (denoted Byrdercs) in u-
ences the sectoral choice of industrial policies, particularly when interacting with a city's relative
comparative advantage (RCA). It evaluates whether later-adopting cities are less likely to target
sectors where they have a comparative advantage.

Table 28 reports the regression results. The table further highlights that regions adopting
policies later are less likely to target sectors where they have a comparative advantage. The
negative interaction between comparative advantage and policy order suggests that early adopters
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tend to choose industries aligned with their strengths, while later adopters often target sectors with
lower comparative advantages, leading to ine cient industrial development. This pattern re ects
the tendency of follower regions to mimic successful policies without considering their own local
conditions, further exacerbating ine ciencies and leading to potential overcapacity.

[Table 28 about here]

We also examine the choice of implementation tools for the pioneers and the followers within
the same industry. The regression equation is speci ed as follows:

1(Tookkest) = «k Orderes Policyest + ct + ikgst (21)

This equation explores how the timing of policy adoption (denoted byOrder.s) a ects the type of
policy tools used. The dependent variable is a binary indicator for each policy tool.

Figure 30 plots the coe cients estimated from the second regression, showing how the tim-
ing of policy adoption in uences the selection of policy tools. Cities that adopt policies later
are more likely to rely on simple and less selective tools like scal subsidies, nancing, promot-
ing entrepreneurship, or preferential land supply, etc. In contrast, more complex tools such as
demand-based interventions, promoting industrial cluster, or R&D subsidy, etc. are less likely to
be implemented by later adopters. This trend could explain why the performance of follower cities
often lags behind early adopters|the tools they select are less likely to drive long-term growth and
innovation.

[Figure 30 about here]

To summarize, as more cities target the same industries, resources become stretched, leading
to excessive entry and overcapacity, which diminishes overall e ciency. Moreover, follower cities
are less capable of sophisticated policy implementation, often selecting industries and tools that do
not align with their comparative advantages. They are more likely to rely on subsidies and other
quick xes, rather than adopting policies that could drive sustainable growth. Both channels lead
to a signi cant diminishing return to industrial policies as policy di uses to more regions across
the country.

6 Conclusion and Future Work

This paper provides a comprehensive examination of China's industrial policy landscape by
employing a novel large-scale text analysis approach using large language models (LLMs). By
analyzing a rich dataset of 3 million government documents from central, provincial, and municipal
levels, we uncover important patterns in how industrial policies are formulated, implemented, and
di used across di erent regions and government levels. Our analysis sheds light on several key
aspects of China's industrial policy, including sectoral targeting, tool choice, policy e ectiveness,
and the political economy behind policy di usion and persistence.
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The comprehensive policy data unveils the multi-faceted nature of industrial policy. Combining
the rich policy data and the micro-level rm data, we are able to document both the intricacies
and successes of policy choices as well as the potential downside and ine ciencies. One of our key
ndings is that industrial policies generally align with economic theories by targeting sectors with
comparative and absolute advantages, especially at the local level. However, we also document
signi cant heterogeneity in how e ective these policies are in driving rm behavior, such as entry,
productivity, and investment. Not all tools are equally e ective; for example, scal subsidies and
industrial clusters have positive e ects, whereas entry regulation and some environmental policies
may hinder new rm entry and productivity.

We further explore the dynamics of policy di usion and demonstrate that as more cities adopt
similar policies, the e ectiveness diminishes, often due to overcapacity and less strategic sectoral
choices by follower cities. This suggests that policy design needs to be more carefully tailored to
regional advantages and economic contexts, rather than simply replicating successful policies from
other regions.

Our ndings o er critical insights into how industrial policies are formulated and implemented
and their varying e ects on the broader economy. Moreover, this approach paves the way for future
research, demonstrating the potential for using LLMs to decode complex policy environments in
other countries and contexts. As global interest in industrial policy continues to grow, understand-
ing the nuances of policy implementation and adaptation at both central and local levels will be
crucial for assessing the long-term impact of these policies on economic growth and innovation.

In conclusion, our research using LLMs showcases not only the power of advanced text analysis
to glean comprehensive information from complex documents but also the importance of under-
standing the ner details of policy implementation. By advancing the empirical understanding of
industrial policy, this study opens up new avenues for investigating how governments can more
e ectively design and implement policies to foster long-term economic growth, innovation, and in-
dustrial upgrading. If policymakers wish to use industrial policies e ectively, they must consider
these complexities rather than assuming that what works in one region will necessarily work in an-
other. Overlooking these nuances could lead to misguided conclusions and ine ective interventions.

While our study o ers new insights into the mechanisms and e ects of industrial policy in
China, several important questions remain open for future research. We therefore propose several
possibilities. First, although we document the heterogeneous e ects of dierent policy tools, a
careful structural model is needed to understand the precise mechanisms through which these
tools interconnectedly in uence rm behavior. For example, disentangling the relative importance
of competition e ects, agglomeration, and innovation spillovers in driving productivity growth
remains a promising avenue for further inquiry. Second, our ndings highlight the importance
of policy di usion and inter-regional correlations in policy choices. Future research could explore
both the reason and the long-term consequences of such policy di usion. As for the driving force of
policy di usion, we discussed the possibilities of top-down directive, regional competition, as well as
policy learning as potential mechanisms. More careful empirical work is needed to disentangle these
mechanisms. In terms of the consequences, it would be interesting to understand the long-term
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implications on regional economic convergence or divergence. Do regions that follow pioneering
cities eventually catch up, or does the overcapacity problem persist in the long run? We leave these
intriguing questions open avenues for exploration in future research.
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Figure 1: Evolution of the Industrial Policies

(a) Overall Volume

(b) By Government Level Ratio

Notes: This gure presents the evolution of the share of industrial policies over time by the level of the issuing
government entity. Each level of government includes all a liated government departments and entities at the same
level.
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Figure 2. Geographic Distribution of the Industrial Policies

Notes: This gure presents the geographic overview of the distribution of the city-level industrial policies across
China.
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Figure 3: Evolution of the Direction of Industrial Policies

Notes: This gure presents the evolution of the direction of industrial policies over time by the level of the issuing
government entity.
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Figure 4: Time Trend of Policy-Targeted Industrial Sector

(a) Overall

(b) Manufacturing

Notes: This gure presents the trends of the policy-targeted sector at the 2-digit level. The vertical axis represents
the proportion of policies that target each sector within each government level.
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Figure 6: Geographical Distribution of Policy-Targeted Industrial Sector

(a) % Agriculture (b) % Manufacturing
(c) % High-skill Manufacturing (d) % Emerging New Manufacturing
(e) % Technology-related Service (f) % Production-related Service

Notes: This gure presents the geographical distribution of the targeted industry at 3-digit level for the city-level
policies. The darkness of the color represents the proportion of policies that target each sector.
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Figure 7: Time Trend of Industrial Policy Tool Usage

(a) By Tool Category

(b) By Usage Growth Pattern

Notes: his gure shows the time trends for the usage of di erent industrial policy tools. Panel (a) groups the tools
by their objective and use, and Panel (b) r groups the tools by their initial usage intensity and growth patterns.
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Figure 8: Time Trend of Policy Citation

(a) Upper-level Government

(b) Same-level-government

Notes: This gure plots the policy citation rate over time for industrial policies at di erent levels of government.

Panel (A) plots the share of policy documents citing upper-level government. The green line represents the share of
city-level policies citing provincial government policies, the red line for provincial policies citing central government
policies, and the blue line for city-level policies citing central government policies. Panel (B) plots the
within-government level citation rate over time, representing the share of policies that cite government entities at

the same level.
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Figure 9: Policy Strength Score

(a) Policy Concreteness

(b) Policy Strength

Notes: This gure plots the average score of policy strength at each government level over time. Panel (a)
represents the score for policy concreteness, and Panel (b) represents the score of policy implementation strengths.
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