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Abstract

This paper offers new evidence on the international spillovers of China’s high-tech industrial

policies through trade channels between 1996 and 2017. Using newly assembled data from

policy documents on the national prioritized high-tech industries, I exploit the staggered policy

rollout at the granular product level to identify its causal effects on China’s export growth,

China–Germany trade flows, and related German industries and workers. I reveal that the

policies significantly promoted China’s exports of targeted high-tech products to Germany and

the rest of the world. Yet China also relied on imports of policy-targeted final capital equipment

from Germany due to limited domestic substitutes. Using industry-level variation in exposure

to policies through input–output linkages, I show that German upstream industries benefited

from a positive demand shock from China and experienced employment and wage growth.

Although German downstream industries increased imports from China, I find no evidence

of negative impacts on their overall employment and wages. The findings suggest that domestic

industrial policies, in some cases, can generate large spillover effects on foreign countries through

international trade and input–output linkages.
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1 Introduction

In recent decades, China has made extensive use of industrial policy with the stated aim of

promoting technological upgrading and moving up the global value chain. A growing body of

research finds that these policies have contributed to the expansion of targeted sectors and economic

growth (Liu, 2019; Chen and Xie, 2019; Barwick et al., 2024), though others point to distortions,

R&D crowding out, and reduced efficiency (Boeing, 2016; Howell, 2017; Barwick et al., 2024).

While the domestic impacts of China’s industrial policies are increasingly well documented, their

international spillover effects remain far less understood. Such state-led interventions can affect

other countries not only through direct competition by expanding export supply, altering global

prices, or reshaping market competition, but also through production linkages embedded in global

value chains. These linkages transmit through upstream and downstream channels, which can

increase demand for imported intermediate goods or reduce reliance on foreign inputs through

domestic substitution. This context raises a broader question: to what extent, and through which

channels, does national industrial policy generate international spillovers?

To better understand these international spillovers, this paper empirically examines how China’s

high-tech industrial policies affected the German economy through upstream and downstream link-

ages. Germany provides an ideal setting: it is both a major exporter of high-tech products and

a key trading partner of China. Specifically, I explain how German manufacturing industries

responded to China’s industrial policies targeting high-technology sectors. The analysis com-

bines hand-collected data on China’s product-level high-tech industrial policy targets with Ger-

man administrative worker panel data, international trade flows, and input-output tables. Using a

difference-in-differences (DiD) framework, I find that China’s industrial policies increased German

exports to China in upstream industries, suggesting that industrial upgrading in one country can

create demand-side spillovers in its trading partners.

To estimate these effects, I exploit the staggered rollout of policy treatment across products and

time within industries using a dynamic DiD framework with doubly robust estimators (Callaway and

Sant’Anna, 2021). The design compares targeted and non-targeted products within each industry

while allowing for industry-specific time trends, ensuring that results are not driven by structural

differences across industries. I then aggregate product-level treatments to the industry level using
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crosswalk and an input-output matrix. This exposure design captures how industries are connected

to policy-targeted products through input-output linkages, either by using targeted inputs or by

supplying inputs to industries producing them. I measure two types of industry-level exposure:

upstream exposure, for industries supplying inputs to industries producing treated products, and

downstream exposure, for industries purchasing inputs from them. I compare outcomes across

industries with varying exposure intensities, using 1998 as the pre-treatment baseline.

The analysis yields three main findings. First, China’s industrial policies significantly boosted

export performance and revealed comparative advantage in targeted high-tech products. Five years

after treatment, treated products expand total exports by 42% more than never-treated products

within the same industry. This effect is particularly pronounced for exports by joint ventures and

wholly foreign-owned firms, as well as in processing trade, suggesting a potential role for foreign

investment in amplifying the policies’ impact. Revealed comparative advantage measured using the

gravity model approach of Costinot et al. (2012) also improves: the export productivity of treated

products relative to world average increases significantly after treatment. Both export and revealed

comparative advantage effects rise gradually over time, indicating sustained long-term gains rather

than one-time shocks.

Second, China’s industrial policies significantly increased its bilateral trade with Germany, ex-

panding exports in treated intermediate goods but also raising imports of treated capital equipment

from Germany, reflecting limited domestic substitution capacity in these sophisticated products.

China’s exports to Germany grew mainly in processed industrial supplies and other non-capital

goods, with no significant effect for treated final capital goods. By contrast, the import response

was concentrated in final capital goods: five years after treatment, China imported about 57%

more of treated final capital goods from Germany. Even with government support, substituting

for foreign advanced capital equipment remains difficult. At the industry level, this asymmetry

reflects the structure of production linkages. Chinese downstream industries that are more exposed

to treated upstream inputs exported 28% more to Germany, while Chinese upstream industries im-

ported 22% more from German suppliers. These results suggest that China’s industrial policies not

only strengthened its role as a key intermediate supplier in global value chains but also deepened

its dependence on foreign advanced equipment, particularly from Germany.

Third, China’s industrial policies generate significant spillovers in the German labour market,
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with different effects across upstream and downstream industries. German upstream industries

facing stronger export demand from China expand full-time employment by 5%more than industries

one standard deviation less exposed, accompanied by a 1.5% rise in average wages. On the other

hand, German downstream industries that import more from China exhibit mild but statistically

insignificant increases in full-time employment and average wages, possibly reflecting offsetting

effects of cheaper imported inputs and substitution away from domestic producers. In addition,

greater downstream exposure is associated with a 1-percentage-point increase (24% relative to

sample average) in the share of engineers and a 2-percentage-point decline (3.3%) in the share of

production workers. These results suggest that China’s industrial policies contribute to expansion in

Germany’s upstream industries while shifting the occupational composition of downstream exposed

industries toward higher-skilled workers.

To better understand the channels through which industrial policies affect trade and labour

market outcomes, I explore the role of innovation as a potential mechanism. Chinese inventors

filed, and were granted, significantly more patents in international patent classifications associated

with treated products, suggesting that industrial policies foster not only scale effects in production

and exports, but also technological upgrading. This innovation response is not limited to directly

treated fields: downstream industries that purchase inputs from industries with treated products

also show significantly greater patenting activity, consistent with the stronger export growth ob-

served in these industries. In contrast, upstream industries do not exhibit any innovation response,

suggesting that the technologies required in those industries remain largely sourced from abroad.

This asymmetry is in line with the trade findings and supports the interpretation that China’s

industrial policies strengthen downstream competitiveness and rely on foreign technological inputs

in upstream industries.

This paper contributes to the literature on industrial policy by providing new evidence on

international spillovers transmitted through input-output linkages. A growing body of research

has renewed interest in industrial policy, with advances in measurement (Juhász et al., 2025),

theoretical modelling and welfare analysis (Bartelme et al., 2025), and empirical works emphasizing

causal identification and policy heterogeneity (e.g., Juhász et al., 2024b). This paper highlights

how China’s high-tech industrialization policies affect foreign upstream suppliers and downstream

buyers relying on subsidized inputs. It complements recent evidence on firm reallocation toward
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upstream and downstream activities in response to China’s Five-Year Plans (Cen et al., 2024),

as well as quantitative analysis (Liu, 2019) and sectoral studies (Lane, 2024; Huang et al., 2025;

Alfaro et al., 2025) that demonstrate that industrial policies targeting upstream products can

strengthen downstream competitiveness. Beyond trade effects, this paper also sheds light on the

labour market consequences of industrial policy spillovers, including impacts on employment and

occupational structure in foreign industries.

This paper also offers a new perspective on the “China Shock” literature by emphasizing the

role of state-led industrial upgrading, beyond trade liberalization, in reshaping global production

patterns. While a large body of work has documented the labour displacement effects of rising

Chinese import competition (e.g., Autor et al., 2013; Pierce and Schott, 2016; Acemoglu et al., 2016),

more recent studies highlight potential gains from access to cheaper Chinese intermediate inputs or

reallocation of labour into related service sectors (Pierce et al., 2024; Bloom et al., 2024). This paper

complements the literature by showing that China’s export growth was not solely driven by trade

liberalization but also by industrial policies that promote high-technology industries. Focusing on

the Germany-China bilateral relationship, this paper builds on prior evidence of moderate adverse

effects from rising Chinese imports on German industries (Dauth et al., 2014, 2021) and shows

that China’s industrial policies generated upstream demand shocks and downstream upgrading

responses in Germany. These findings offer new insights on the “China Shock” literature by linking

state-led industrial policy to global supply chain spillovers and documenting both challenges and

adjustments at the technological frontier.

Finally, this paper contributes to the industrial policy literature by moving beyond industry-

specific case studies to evaluate a broad, multi-sectoral policy with granular product-level targets.

Existing research has provided rich evidence on how industrial policy targeted in individual sectors

such as shipbuilding (Barwick et al., 2024), semiconductors (Bown and Wang, 2024; Juhász et al.,

2024a), rare earths (Alfaro et al., 2025), and renewable energy (Xu et al., 2025), and heavy and

chemical industries (Lane, 2024). This paper takes a complementary approach by analyzing a set

of high-tech industrial policies with national scope and cross-sector coverage. This approach allows

for more general insights into how industrial policy affect export performance of targeted industries,

as well as upstream and downstream spillovers across industries.

The remainder of the paper is organized as follows: Section 2 provides institutional background
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on China’s industrial policies aimed at promoting high-tech manufacturing; Section 3 describes the

data sources used in the analysis; Section 4 presents product-level estimates of the direct effects

of China’s industrial policies on targeted products; Section 5 examines the international spillover

effects through upstream and downstream linkages with a focus on German industries; Section 6

discusses potential mechanisms and extensions; and Section 7 concludes and discusses limitations.

2 Institutional Background

The Industrial Policy Targeted on High-tech Manufacturing. In the late 1990s, China’s

industrial structure was concentrated in resource-intensive and low-tech traditional sectors, despite

rapid economic growth. Concerned about the long-term sustainability of such growth, the govern-

ment sought to transform the economy by promoting advanced technologies, upgrading industrial

capacity, and shifting toward more innovation-driven development.1 As part of this effort, in 1999,

the Chinese National Development and Reform Commission (NDRC) and the Ministry of Science

and Technology (MOST) jointly issued the Guidance on Current Priority Development of Key

High-Tech Industrialization Sectors. It was the first national policy guideline explicitly focused on

high-tech industrial development, aiming to identify key areas for industrial upgrading and to direct

resources toward advanced technologies with strong commercial and developmental potential.

The 1999 Guidance listed 138 priority areas across ten major sectors, including aerospace,

information technology, biomedicine, new materials, advanced energy, advanced manufacturing,

environmental protection, modern transportation, modern agriculture, and marine technologies.

These areas were selected through expert consultation based on their alignment with national

development needs, technological feasibility, and potential to drive industrial upgrading. Within

each area, the Guidance listed specific products designated as current priorities for industrialization.

The policy was subsequently revised in 2001, 2004, 2007, and 2011, with each update adding

new areas, removing those deemed mature, and adjusting existing areas to reflect evolving policy

priorities and technological progress.

In this paper, I define policy treatment at the product level based on the year a product was

first listed in the Guidance. While the Guidance is a national policy guideline, it serves as a

1See 1999 Guidance on Current Priority Development of Key High-Tech Industrialization Sectors.
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central benchmark for implementing a range of industrial policy instruments. Figure 1 summarizes

the major policy instruments associated with the Guidance and their implementing agencies. In

collaboration with the Ministry of Finance (MOF) and the State Taxation Administration (STA),

MOST is responsible for the certification of high-tech enterprises and associated tax incentives, such

as pre-tax deductions for R&D spending. MOST also works with other departments, such as the

Ministry of Commerce (MOC) and the General Administration of Customs, to implement export

tax rebates and promote foreign investment in high-tech fields. Meanwhile, the NDRC manages

government subsidies, including both central and local funding for high-tech industrialization, as

well as specialized funding for selective projects and firms.

Local governments play a central role in implementing the Guidance. They typically opera-

tionalize the Guidance by circulating the national document, allocating local fiscal resources, and

organizing applications for central fiscal programs or tax-related certifications. In some cases, local

governments issue their own versions of the Guidance, adjusted to reflect comparative advantages

and tailored to local industrial priorities. As shown in Figure 2, a large share of provincial gov-

ernments adopted policy instruments that directly cited the Guidance, while others implemented

related policies without explicitly referencing it. My empirical strategy identifies the effect of na-

tional policy framework by focusing on the year in which each product was first listed at the national

level in the Guidance. While the implementation of these instruments is decentralized, the national

listing year serves as a common trigger for their activation, which motivates using the product-year

as the unit of analysis.

3 Data

3.1 Industrial Policy Data

I defined products treated by the industrial policies as those listed in the Guidance, which

specifies products prioritized for industrialization. I manually compiled 1,136 product descriptions

from all revisions of the Guidance and mapped them to 368 treated products at the 6-digit HS level

(Details in Data Appendix A).2

The treatment year was defined as the first year each product appears in any revision of the

2Throughout the paper, I refer to these 368 products as treated or targeted products
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Guidance. If multiple product descriptions mapped to the same HS code, I assigned the earliest

year. While I also recorded the year in which an HS code was removed from the Guidance, the

analysis focuses only on initial treatment, since policy effects may persist beyond formal removal. I

exploited variation in treatment timing across products to estimate the effects of industrial policies.

The identification strategy is detailed in Section 4.

Figure 3 summarizes the dynamics and composition of products treated by China’s industrial

policies across the five revisions of the Guidance. Panel (a) shows the number of treated products by

United Nations Broad Economic Categories (BEC), which classify goods by broad economic func-

tion, end-use, and processing stage. Most treated products fell into two categories: capital goods

(e.g., CNC machine tools and industrial robots) and processed industrial supplies (e.g., semicon-

ductors and chemical products). This pattern suggests that the Guidance emphasized upgrading

upstream production capacity rather than promoting final consumer goods (e.g., personal comput-

ers). Panel (b) plots the number of newly introduced, continuously listed, and removed products in

each revision of Guidance. During the initial two waves, 228(62%) of all 368 treated products were

first introduced, while 63 (17%) products were removed from the Guidance in subsequent revisions.

3.2 German Labour Market

To examine the international spillover effects of China’s industrial policies on German labour

markets, I constructed an industry-year panel using worker-level administrative data from the Sam-

ple of Integrated Labour Market Biographies (SIAB), provided by the German Federal Employment

Agency. The SIAB data is a 2% random sample of the Integrated Employment Biographies, which

includes all individuals employed in jobs subject to social security contributions. It contains com-

plete employment histories for approximately 1.8 million individuals from 1975 to 2019. I restricted

the sample to the period 1993–2017 due to the data limitations for East German workers and fo-

cused on full-time workers employed in manufacturing industries aged 18 to 55.

Each observation corresponds to an employment contract and includes start and end dates,

employment status, 3-digit industry affiliation, occupation, workplace location, daily wage, and

demographic information such as education, age, gender, and nationality. I aggregated the contract-

level data to a worker-year panel by retaining each worker’s main job within each year.3 Because

3Main job is defined as the one with the longest tenure within a given year. If two jobs have equal duration, the
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wages are top-coded for pension insurance purposes, I followed the imputation procedure proposed

by Dauth and Eppelsheimer (2020) and deflated nominal wages using the Consumer Price Index.

3.3 Trade Data and Input-Output Linkages

I used international trade data from the CEPII-BACI database, which reports trade flows at

6-digit HS level starting in 1996. To capture heterogeneity, I supplemented it with Chinese Customs

data (1997-2014), which disaggregates trade by firm ownership (domestic firms vs. foreign-invested

firms) and trade type (ordinary vs. processing trade). I used a concordance table from the World

Integrated Trade Solution (WITS) that maps 6-digit HS products to 4-digit ISIC (Rev.3) industries,

which provided a harmonized framework compatible with both German labour market data and

the Chinese input-output (IO) tables.

I used the 2007 Chinese IO Table from the National Bureau of Statistics to construct upstream

and downstream linkages between industries. The 2007 IO Table is the earliest version that provides

a detailed industry breakdown, comprising 135 industries.4 After harmonizing the classification, I

focused on a sample of 61 manufacturing industries, 32 of which include products directly targeted

by China’s industrial policies. Throughout the analysis, all references to “industry” refers to this

harmonized set. Additional details on data sources and concordance mappings are provided in

Data Appendix A.

3.4 Patent Data

Innovation outcomes are measured using patent data from the OECD Triadic Patent Families

database, which tracks patents filed at all three major patent offices: the EPO, the Japan Patent

Office (JPO), and the United States Patent and Trademark Office (USPTO). The triadic definition

helps filter out lower-quality patents and provides a more reliable proxy for high-value innovation

activity.

Patents are classified by 4-digit International Patent Classification (IPC) codes, and each patent-

IPC combination is treated as a separate observation. I constructed a country-IPC-year panel based

on applicants’ country of residence and earliest filing year.

main job is defined as the one with the higher daily wage.
4For comparison, Germany’s input-output table is much more aggregated, covering only 17 manufacturing indus-

tries.
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To define treatment at the IPC level, I applied the crosswalk developed by Lybbert and Zolas

(2014), which maps 6-digit HS codes to 4-digit IPC codes.5 Among 639 IPC fields, 233 (36%)

are classified as treated, most (73%) of which were first targeted in the initial two waves of the

Guidance (1999, 2001). In the industry-level analysis, patent IPC codes are mapped to industries

using weighted concordance tables. Further details are provided in Appendix A.

4 Direct Impacts of Industrial Policy

This section analyzes the effects of China’s industrial policies on the export performance at the

6-digit product level. I first discuss the empirical strategy for estimating the dynamic effects of

policy targeting, and then present the results for each outcome of interest.

4.1 Identification Strategy

I began by estimating the dynamic effect of the industrial policies on Chinese products’ export

performance. This identification strategy exploited the staggered rollout of treatment across gran-

ular products between 1999 and 2011, applying a staggered difference-in-differences (DiD) frame-

work. My approach compared the before-after differences in outcomes between products eligible

for government support and those that were never targeted.

Formally, I estimated the following equation:

yp,t =
∑
k

βk × 1{t−Gp = k}+ αp + αj(p),t + ϵpt (1)

where the outcome variable yp,t includes total exports, revealed export productivity, as well as

extensive margin and intensive margin on exports of product p in year t. Each product p was

assigned a treatment year Gp = {1999, 2001, 2004, 2007, 2011,∞}, where Gp = ∞ denotes the

never-treated control group. The indicator 1{t−Gp = k} equals one if year t is k years relative to

the first treatment year of product p.

The specification includes product fixed effects as well as industry-by-year fixed effects to absorb

industry-level shocks. This design therefore compares products within the same industry that differ

5I dropped mappings with a matching probability below 0.1 and manually excluded certain linkages based on a
review of the IPC descriptions.
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in their exposure to the industrial policies. In the absence of treatment, the export performance of

products within an industry is assumed to evolved along parallel trends.

A standard two-way fixed effects (TWFE) model would assume homogeneous treatment effects

across products and time, with the coefficient identifying the average treatment effect on the treated

product (ATT). However, heterogeneity in product trajectories raised concerns about differential

pre-trends. To address this, I estimated an event study specification to test for pre-treatment

dynamics. As long as βk is statistically insignificant in pre-treatment periods, the parallel trend

assumption is credible. In addition, I implemented the estimator of Callaway and Sant’Anna (2021),

which accounts for treatment heterogeneity and avoids forbidden comparisons with already treated

units. This method decomposes the staggered DiD into a series of clean 2×2 comparisons between

treated and never-treated units, estimates group-time-specific ATTs, and aggregates them across

groups and time by group size.

4.2 Product-Level Results

Having established the empirical strategy, I now present the estimation results. I begin with

first-stage estimates of how China’s industrial policies affect overall export performance, followed

by their impact on bilateral trade between China and Germany.

Export Expansion. Figure4(a) presents the baseline dynamic DiD estimates for the impact of

China’s industrial policies on total exports to the rest of world. Prior to treatment, exports of

treated and never-treated products within the same industry evolved along similar trends. After

treatment, however, exports of treated products grew more rapidly, with differences becoming

statistically significant two years after initial treatment and widening over time. Five years after

treatment, treated products exported about 0.4 log points more than never-treated products; by

year ten, the difference reached 0.75 log points, equivalent to a 112% increase relative to baseline

levels. Panel (c) and (d) decompose the aggregate effect into extensive and intensive margins.

Following treatment, treated products were exported to a larger number of destinations, and—

even within pre-existing destinations—export growth was significantly higher than for never-treated

products. For the intensive margin, the effect appears immediately after treatment, as exports per

existing destination rise at once. However, the magnitude of the effect is smaller than the aggregate
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export response in the long run, suggesting that much of the sustained growth is driven by the

expansion into new export destinations.

Figures 4(e) and (f) further disaggregate exports by firm ownership and trade type. Both

domestic firms, including private firms and state-owned enterprises, and foreign firms, including

joint ventures and wholly foreign-owned enterprises, increased exports significantly after treatment.

The point estimates were larger for foreign firms, although the differences relative to domestic

firms were not statistically significant. This pattern is consistent with foreign firms’ technological

advantages and their ability to transfer productivity from overseas parent companies. A similar

pattern holds across trade types. Industrial policies increased both ordinary and processing trade.

Processing trade—where firms import duty-free inputs, process or assemble them and then re-

export—showed larger point estimates, though not significantly different from estimates for ordinary

trade using duty-paid or domestic inputs.

Revealed Comparative Advantage Improvement and Quality Upgrading. While the

large export gains indicate strong policy effects on export volumes, it is important to examine

whether these gains reflect improvements in China’s comparative advantage in the treated products

or simply scale effects driven by subsidies. I estimated a revealed comparative advantage index

based on a structural gravity framework (CDK) following Costinot et al. (2012) and Leromain

and Orefice (2014). A higher CDK index wou;d indicate that China is becoming relatively more

productive in a given product compared to the world average. Details on the estimation procedure

and index construction are provided in the Data Appendix A.

Panel (b) of Figure 4 presents the dynamic treatment effects on China’s CDK index. Before

treatment, treated products showed no differential trend relative to never-treated products, indicat-

ing that the Guidance did not target products already on a faster growth path. After treatment,

the CDK index for treated products rises steadily relative to never-treated products within the

same industry, reaching about 0.7 by year ten. This pattern suggests a gradual improvement of

China’s revealed comparative advantage in treated products.

One concern is that these improvements might simply reflect subsidized export expansion rather

than quality upgrading. To examine this, I used two proxies for product quality: changes in unit

export prices and the average GDP per capita of destination markets, weighted by export values.
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Details of construction are provided in the Data Appendix A. The results, summarized in Columns

(3) and (4) of Table 1, show that treated products experienced 7% higher growth in unit prices

within five years after treatment and 10.6% higher growth during the subsequent five years. They

were also increasingly exported to higher-income markets, with an average destination GDP per

capita about USD 975 above that for never-treated products. Overall, these findings indicate that

industrial policies not only expanded exports but also improved China’s comparative advantage

and promoted quality upgrading in the treated products.

China–Germany Bilateral Trade Flows. Having established that treated products experi-

enced significant export growth globally, I examined the bilateral trade relationship between China

and Germany. As both a major trading partner of China and a global leader in advanced manufac-

turing, Germany offers a compelling context to examine how industrial policies aimed at high-tech

upgrading and technological catching-up in a developing country shape outcomes in a technolog-

ical frontier economy. Figure 5 plots the effects of treatment on bilateral exports and imports.

Consistent with the global pattern, Chinese exports of treated products to Germany increased sig-

nificantly relative to never-treated products. At the same time, China’s imports from Germany

also rose following treatment, though the point estimates are smaller in magnitude than those for

exports. The import response appeared counterintuitive given the industrial policies’ objective of

expanding domestic production, which motivated a closer look at what kinds of products drive the

pattern.

To better understand these effects, I disaggregated the effects by product category using the

Broad Economics Category classification and restricted comparisons within the same industry and

BEC group.6 The analysis focused on the three product groups: processed industrial supplies, final

capital goods, and all other products (including consumer goods, transport equipment, and parts

or components of capital goods, etc.).7

The right column of Figure 6 shows the estimated effects on China’s imports from Germany by

product group. The import response is concentrated in final capital goods: following treatment,

6I used the regression-based estimator from Callaway and Sant’Anna (2021), as a doubly robust estimator required
large cell sizes, which may not be satisfied in all years or sample partitions.

7Processed industrial supplies refer to intermediate inputs used widely across manufacturing (e.g., chemicals,
metal components), while parts or components of capital goods refer to capital-related intermediates (e.g., engines,
machine parts) that are embedded in the production of final capital equipment.
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China imported significantly more treated final capital goods from Germany relative to never-

treated products. In contrast, there were no significant treatment effects for imports of processed

industrial supplies or other products.

The left column of Figure 6 illustrates a different pattern for Chinese exports to Germany.

Processed industrial supplies and other goods exhibited gradual post-treatment increases in the

exports of treated products, with no evidence of differential pre-trends. The effects were persistent

and precisely estimated, with point estimates rising steadily to about 1 log points by year ten.

Exports of final capital goods, however, displayed smaller and less precisely estimated effects,

becoming statistically significant only around five to seven years after the initial treatment.

Taken together, these heterogeneous bilateral trade patterns reflect the complementary posi-

tions of China and Germany in global production networks. The increase in China’s exports to Ger-

many was concentrated in processed industrial supplies and other products, suggesting that treated

Chinese products increasingly served as upstream inputs for German manufacturing. Meanwhile,

China’s rising imports of final capital goods suggest continued reliance on advanced machinery

and equipment from Germany to support China’s domestic industrial upgrading. Notably, many

of these capital goods are themselves targeted by Chinese industrial policies, suggesting that even

with government support, advanced equipment remains difficult to substitute domestically when

technological barriers are high.

China’s Gain without Germany’s Loss in Global Export Markets. Next, I examined

whether China’s industrial policies reshaped its broader position in global export markets. Specif-

ically, I studied whether China’s export expansion came at the expense of Germany.

To assess this, I constructed import market shares of Chinese and German products across

destination countries. For each importer, I computed the share of imports of a given product from

China in total imports of that product in year t, and used the import share as the outcome variable

in equation 1. I constructed the same outcome for German products to allow a direct comparison of

market-share dynamics. I grouped importer countries by income levels, following the World Bank

classification into high-income, upper-middle, lower-middle, and low-income groups. I excluded

both China and Germany from the sample of importers.

Figure 7 shows the estimated average treatment effects on the import shares of Chinese and
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German products during the first and second five-year periods after treatment. China’s share of

global imports increased modestly in low-income markets within the first five years, but became

significantly larger in both high- and low-income markets over the subsequent period. Specifically,

the share of Chinese products increased by 2 percentage points in low-income markets (a 30.5%

increase relative to the baseline average) and by 1.2 percentage points in high-income markets (a

30% increase). However, Germany’s market share in the same markets remained stable, indicating

no evidence of displacement. In other words, China’s export growth happened without Germany’s

loss of global market share.

4.3 Robustness to Potential Confounding Policies

A potential concern for identification is that other national policies, such as the tenth and

eleventh Five-Year Plans (FYPs, 2001–2010), may confound the effects attributed to the high-tech

industrial policies. While FYPs specify industry priorities to guide overall economic development,

they seldom identify specific policy instruments and product-level interventions like the Guidance.

However, industries highlighted in the FYPs may have received complementary support, potentially

biasing the comparison downward if some control-group industries benefited from such support.

A more specific threat arises from capacity control policies implemented in heavy industries

(e.g., steel, aluminum, cement) in the early 2000s. Unrelated to the Guidance, these policies

affected exports through production restrictions and export promotions. If such industries were

included as untreated controls, they may distort the estimated treatment effects.

Another concern is that some products in the never-treated group may nonetheless have received

support from other product-level policies related to high-tech promotion but not explicitly targeted

by the Guidance. As shown in Figure 1, I considered two such confounders: (1) products listed in

the official Catalogue of High-Tech Products, which qualified for tax incentives such as R&D pre-tax

deductions and reduced corporate income tax rates; and (2) products included in the Catalogue

of Encouraged High-Tech Exports, which benefited from preferential export tax rebates. While

Guidance-targeted products are also eligible for these instruments, both catalogues are broader in

scope and include high-tech goods not designated as industrialization priorities. Including these

products in the control group would likely have biased the estimates downward.

To mitigate these sources of potential confounding policies, I implemented several adjustments.
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First, I included industry-specific time trends in the main specification to absorb any time-varying

shocks or policy interventions at the industry level, addressing concerns related to the FYPs.

Second, I conducted robustness checks excluding products directly affected by capacity control

policies as well as those eligible for the high-tech tax or export incentives described above.

The robustness results, presented in Appendix Figure 14, confirm that the main findings are

robust. Excluding products affected by capacity control policies produced estimates very close to

the baseline results, as most of these products belong to industries without any Guidance-targeted

products and were therefore dropped from the sample. By contrast, estimates excluding products

covered by the high-tech catalogues were slightly larger in magnitude, consistent with expectations

of downward bias when such products remain in the control group. These adjustments strengthen

the credibility of the identification strategy by better isolating variation tied to the national high-

tech industrial policies. Nevertheless, given the complexity of China’s policy environment (Fang

et al., 2025), these robustness checks cannot fully eliminate all sources of confounding. Therefore,

the main estimates should be interpreted as conservative lower-bound effects of high-tech industrial

policies exposure.

5 Upstream and Downstream Impacts on German Industries

Beyond product-level impacts, China’s industrial policies may generate broader international

spillovers through production networks. This section examines the industry-level analysis based on

the upstream and downstream exposure to the industrial policies. I first describe the measurement

for upstream and downstream exposure and the identification strategy. Then, I present estimates

of the average impact of industrial policies on industries with upstream and downstream exposure.

5.1 Identification Strategy

To evaluate international spillovers, I examined how industrial policies affect industries through

input–output linkages. Specifically, I constructed measures of upstream and downstream exposure

that capture an industry’s connection to the treated industries whose products are directly targeted

by the policy. An industry experiences upstream exposure if it supplies inputs to treated industries

and is thus affected through demand spillovers. Conversely, it experiences downstream exposure if it
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purchases inputs from the treated industries and is affected via supply-side changes. Following the

method in Lane (2024), I measured an industry’s exposure to the high-tech industrial policies using

China’s 2007 input–output table. Specifically, industry i’s upstream and downstream exposures

were defined as:

Upstream Exposurei =
∑
j

xij
yj

×

∑
p∈Ptreated

j
exportp,to∑

p∈Pj
exportp,t0

(2)

Downstream Exposurei =
∑
j

xji
yi

×

∑
p∈Ptreated

j
exportp,to∑

p∈Pj
exportp,t0

(3)

where j indexes manufacturing industries, xij denotes the value of industry i’s output sold to

industry j, and yj is the total output of industry j. Upstream exposure of i equals the weighted

average treatment intensity across all industries, where treatment intensity is the export share of

products targeted by the industrial policies within industry j, and the weight
xij

yj
denotes the value

of i’s output sold to j as a share of j’s total value of output in the input–output matrix. The export

share is measured by the export value of targeted products over all products within the industry

for baseline years 1996–1998, excluding export values from China to Germany. Industries with

large upstream exposure are the key suppliers to industries with high concentrations of targeted

products. Similarly, downstream exposure equals the weighted average of the treatment intensity

across all industries, where the weight
xji

yi
represents the share of industry i’s inputs purchased

from industry j. These two measures capture first-order spillovers based on an industry’s role as

a supplier or buyer relative to treated industries. While the main analysis focused on first-order

linkages, I additionally tested the robustness using full linkages derived from the Leontief inverse

matrix, which captures both direct and indirect propagation of industrial policies across the entire

input–output linkages (See Appendix Figure 15).

When aggregating product-level treatments to the industry level, industries differ in both the

timing and the intensity of exposure for three reasons. Firstly, within a given industry, products can

be targeted in different policy waves and represent varying shares of total exports. Secondly, if each

industry is assigned its earliest treatment year, most are treated in the first two waves (1999 or 2001).

Thirdly, when combining treatment with input–output linkages, industries become interconnected:

a later-treated industry (e.g., 2001) may be indirectly affected earlier through its upstream or

downstream linkages to industries treated in 1999. Given this overlap and interdependence across
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industries, it is empirically difficult to define separated treatment cohorts. I therefore treated 1999

as the common treatment year for all industries.

To estimate the impact of China’s industrial policies through these linkages, I compared out-

comes across industries with continuous exposure intensities:

yjt =
∑

k ̸=1998

βk(Upstreamj ×Yearkt ) +
∑

k ̸=1998

γk(Downstreamj ×Yearkt )

+
∑

k ̸=1998

(Ωj ×Yearkt ) + αj + αt + ϵjt

(4)

where the outcome variable yjt includes industry-level China–Germany bilateral trade flows, total

full-time employment, and average daily wage of full-time workers, residualized on federal state,

gender, nationality, and age. I estimated the specification with a TWFE model, with all coefficients

interpreted relative to the 1998 baseline year. For labour market outcomes, I additionally controlled

for baseline industrial characteristics Ωj , including the share of university-educated workers, the

share of female workers, the share of foreign-affiliated workers during 1995-1998, and changes in the

industry’s share of total employment over 1987–1992. All pre-treatment industry characteristics are

interacted with year dummies to allow their effects to vary flexibly over time. The coefficients of βk

and γk capture the differential evolution of industries with one standard deviation higher upstream

or downstream exposure. This specification allowed for differential post-treatment trajectories by

exposure type, while controlling for industry and year fixed effects. The regressions are weighted

1998 employment, the year before treatment, and standard errors are clustered at the industry

level.

5.2 Results

In this section, I first report estimates for bilateral trade outcomes between China and Germany,

followed by labour market responses in Germany.

Asymmetric Upstream and Downstream Bilateral Trade. Panel (a) of Figure 8 shows

that industries with higher downstream exposure experienced a significant and persistent increase

in exports to Germany following the policy implementation. The effect becomes economically

meaningful within five to eight years, peaking at approximately 0.3–0.4 log points, equivalent to a
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35%–50% increase relative to less-exposed industries. In contrast, panel (b) shows that downstream

exposure had no consistent impact on imports from Germany, with point estimates fluctuating

around zero and confidence intervals remaining wide and overlapping.

Panel (c) and (d) displays the dynamic effects of upstream exposure. There was no significant

effect on exports to Germany: point estimates trended upward only modestly after year seven

and remained statistically insignificant from zero. However, imports from Germany responded

strongly to upstream exposure: industries with greater upstream exposure exhibited a gradual and

statistically significant increase in imports, reaching around 0.2 log points (roughly 22% growth)

in the medium run, with effects persisting over time.

These asymmetric patterns are consistent with vertical specialization and position in global

supply chain. Industries with greater downstream exposure expanded their exports to Germany

without increasing their dependence on German inputs, suggesting that China’s industrial poli-

cies effectively improved domestic production capacities in upstream industries, thereby enhancing

the export of downstream users. In contrast, industries with greater upstream exposure increased

their imports from Germany, reflecting rising demand for foreign upstream goods that, as targeted

industries expand, were needed to scale or upgrade production. This asymmetric trade response

highlights how China’s industrial policies reshape bilateral trade flows through upstream and down-

stream linkages. Downstream industries expanded exports and benefited from improved domestic

inputs. Upstream industries relied increasingly on foreign technological imports to meet rising

demand.

German Labour Market Effects. Beyond the documented trade responses, China’s industrial

policies may have real economic consequences in partner countries. I examined whether these

shifts in trade flows translated into labour market impacts by analyzing full-time employment,

average daily wage, and occupational composition across German industries with varying exposure

to China’s industrial policies. I estimated the same specification as in Equation (4).

Figure 9 reports the effects of a one-standard-deviation increase in exposure on full-time employ-

ment and average daily wage, and Figure 10 presents results for within-industry share of engineers

and production workers (the latter of which includes technicians and manual labour). Panels (a) and

(b) of Figure 9 show that industries with greater downstream exposure experienced mild employ-
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ment and wage gains. Although the point estimates are positive, the confidence intervals are wide

and the effects are imprecisely estimated. The findings may reflect offsetting forces: downstream-

exposed industries benefited from access to cheaper Chinese products, which reduced production

costs and eased price pressures, thereby contributing to more employment and higher wages. At

the same time, the increased direct imports from China may have substituted for domestic pro-

duction. Consistent with this interpretation, Figure 10 panels (a) and (b) show clear evidence of

occupational upgrading: industries with one standard deviation higher downstream exposure ex-

perienced a 1-percentage-point increase (24% relative to sample average) in the share of engineers

and a 2-percentage-point decline (3.3%) in the share of production workers.

In contrast, German industries with greater upstream exposure experienced a significant and

sustained increase in full-time employment, reaching approximately 5% relative to less-exposed

industries over time. While there are signs of a mild upward drift in wages during 1993–1994

relative to the 1998 baseline, the pre-trend is not significant in the more recent pre-treatment

years (1995–1998). After treatment, the wage effects strengthened gradually, becoming statistically

significant after about five years and reaching roughly 1.5% above less-exposed industries by year

seven. Unlike downstream exposure, upstream exposure was not associated with notable shifts in

occupational composition: the shares of engineers and production workers both remained broadly

stable over time. Appendix Figure 16 further shows that the expansion in full-time employment

occurred primarily through increased hiring of production workers and new entrants under age 30.

These findings suggest that upstream industries initially accommodated rising demand from China

by hiring additional production and young workers at existing wage levels before aggregate wage

pressures gradually emerged.

These results are consistent with the vertically specialized response to China’s industrial policies.

German upstream industries, which supply inputs to Chinese industries with treated products,

benefited from increased demand due to the industrial policies, reflected in rising employment

and wages without significant occupational reallocation. Conversely, downstream industries facing

stronger import competition from China did not experience significant job displacement, with

point estimates indicating modest gains in employment and wages, although these effects are not

precisely estimated. At the same time, these industries exhibited clear patterns of within-industry

reallocation: the relative share of engineers increased, while manual and production tasks declined.
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This pattern reflects a form of task reallocation: German downstream industries specialized further

into higher-skill jobs in response to growing availability of Chinese products supported by industrial

policies. Overall, these findings demonstrate that China’s industrial policies not only reshape trade

patterns but also generate significant labour market responses in advanced economies like Germany.

6 Mechanisms

6.1 Innovation

The previous sections demonstrate significant effects of China’s industrial policies on trade

patterns and the German labour markets. Beyond the trade-related spillovers, industrial policies

may also operate through technological upgrading and innovation. To explore this mechanism, I

examined the policies’ impact on patenting activity as a proxy for innovation.

To quantify the effects on innovation, I estimated the specification in Equation (1), where p

indexes 4-digit IPC codes and j denotes the broader technological category. I focused on patent

counts separately for Chinese and German inventors, asking whether China’s industrial policies

stimulated domestic innovation and whether they generate international spillovers in innovation.

Given the large number of zero observations in China’s patent counts in the early 1990s, a log

transformation needed to be adjusted. As Chen and Roth (2024) point out, commonly used trans-

formations such as log(1 + Y ) and arcsinh(Y ) yield average treatment effects that are difficult

to interpret as percentage changes. I followed one of their recommended transformations: m(y),

m(y) = log(y) for y > 0 and m(0) = −1. This approach ensured that the extensive-margin effect

of transitioning from zero to one patent was treated equivalently to a one log-point increase on the

intensive margin.8

Figure 11 presents the estimated effects at the IPC level. Panel (a) showed no evidence of

differential pre-trends between treated and never-treated IPC codes within the same technological

category. Following the policy treatment, however, Chinese inventors filed and were granted sig-

nificantly more patents in treated IPCs relative to never-treated IPCs. Five years after treatment,

patenting activity was approximately 25% higher in treated IPCs, with the divergence continuing

to grow in subsequent years. By contrast, Panel (b) showed muted responses among German in-

8For example, log(y1)− log(y0) = 1.
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ventors. While there was a statistically significant increase in patent activity around four years

post-treatment, the magnitude was small and the growth remained relatively flat over time.

While the IPC-level analysis reveals that China’s industrial policies stimulated patenting ac-

tivity in targeted technological areas, it does not capture how these innovations propagate into

broader industry-level dynamics through the production networks. To address this limitation, I

turned to industry-level data and examined innovation outcomes respond to upstream and down-

stream exposure. Specifically, I estimated the specification in Equation (4), using the total number

of granted patents within each industry as the dependent variable. This industry-level perspective

allowed me to assess how innovation responses differ across industries more or less exposed to the

industrial policies, either as upstream suppliers or downstream users of treated inputs.

Figure 12 presents estimated effects on industry-level patenting activity in China, in panels (a)

and (b), and in Germany in Panels (c) and (d). There was no evidence of significant patent growth

in Chinese industries with greater upstream exposure, suggesting that the industrial policies do

not strongly incentivize innovation among upstream suppliers. In contrast, Chinese industries with

greater downstream exposure exhibited a significant increase in patenting activity following treat-

ment. This pattern implies that China’s industrial policies generated innovation incentives among

downstream industries, potentially by improving access to higher quality or lower-cost upstream

inputs targeted by the policy, which in turn facilitated greater R&D investment.

By contrast, panels (c) and (d) show that China’s industrial policies did not generate corre-

sponding innovation spillovers in Germany. Neither upstream nor downstream German industries

exhibited a significant change in patenting activity following the treatment, suggesting that the in-

novation effects were mainly domestic, with limited international spillovers through the innovation

channel, which is different from the spillovers observed in the trade and employment outcomes.

6.2 Capability and Complexity

While innovation plays a critical role in realizing the long-term gains from industrial policies,

the patterns of innovation response are heterogeneous across sectors. Since innovation tends to

be more intensive in technologically complex products, this heterogeneity raises the question of

whether policy effects are stronger for products with higher complexity, which typically require

greater technological capabilities, higher fixed costs, and longer development cycles. Such products
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are also more likely to face financing and coordination constraints that government interventions

can help alleviate. To explore this heterogeneity, I estimated the treatment effects across products

of varying complexity.

I used product-level complexity measurements from Hausmann et al. (2014), which infer tech-

nological complexity at both country and product level based on global export patterns. A country

is defined as more complex if it exports more products that few other countries export. A prod-

uct is defined as more complex if it is mainly exported by more complex exporting countries. In

1998, China ranked 41st among 141 exporters in terms of complexity, while Germany ranked sec-

ond, following Japan. These measurements provide a way to distinguish between relatively simple

and complex products within industries, enabling an analysis of whether industrial policies have

differential effects across the product complexity.

To implement this heterogeneity analysis, I first took the average complexity for each 4-digit HS

product between 2000 and 2010. Then, I classified products as high-complexity if their complexity

measure was above their industry median; otherwise, they were classified as low-complexity prod-

ucts. Finally, I aggregated the product-level trade flows into industry level by complexity group,

and estimated equation 4 separately for low- and high-complexity trade.

Figure 13 plots the industry-level effects of China’s industrial policies on bilateral trade between

China and Germany, distinguished by product complexity. While the differences across low- and

high-complexity products were not statistically significant, the patterns offer suggestive insights

into potential mechanisms. In particular, panel (a) shows that the export growth of Chinese

industries with greater downstream exposure was qualitatively larger for high-complexity products

than for low-complexity ones. This finding is consistent with the innovation evidence in section

6.1, where downstream industries showed stronger patenting responses. Together, the stronger

innovation responses and export growth in complex products suggest that industrial policies may

have indirectly stimulated technological upgrading in downstream industries, enabling them to

export more complex products.

Conversely, panel (d) indicates that China’s import growth from German upstream industries

was also more pronounced for high-complexity products than for low-complexity ones. While

the estimates are again not statistically distinguishable across groups, the qualitative difference

supports the interpretation that Chinese firms continued to rely on advanced foreign inputs.
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These results point to two potential channels through which industrial policies operate: by

stimulating innovation and upgrading in downstream industries, and by reinforcing reliance on

foreign high-tech inputs in upstream industries.

6.3 Implications Beyond Germany

While this paper focuses the case of Germany, these spillovers effects are not unique to the

German context. I conducted a similar analysis for China’s trade flows with the rest of world,

disaggregated by product complexity (low vs. high), and by trading partner capability (countries

ranked below or above China in the export capability index of Hausmann et al. (2014)). As

shown in Appendix Figures 17 and 18, the patterns of downstream export growth and upstream

import growth also held at the global level. Chinese downstream industries expanded exports to

both low- and high-capability countries, while the increase in upstream imports was qualitatively

larger for high-capability countries. These findings suggest that other high-capability countries—

especially those with comparative advantage in high-tech machinery and industrial equipment,

such as Japan—may experience similar labour market effects as Germany, particularly in upstream

industries that supply advanced inputs to Chinese production.

In addition to these patterns, Chinese upstream industries exposed to industrial policies also

expanded exports to low-capability countries. A possible explanation is that the industrial policies

stimulated domestic upstream production as demand expanded. Yet, these domestically produced

inputs appear insufficiently technology-intensive to substitute advanced foreign goods and are thus

not exported to high-capability markets.

7 Conclusion

This paper shows that China’s industrial policies targeting high-technology manufacturing have

significantly promoted the development of targeted products, both in terms of export performance

and innovation. The policies also foster export expansion and technological upgrading in down-

stream industries that use these targeted upstream inputs.

These developments generate international spillovers to Germany, one of China’s largest trading

partners and a global leader in high-technology exporting. On the one hand, as Chinese firms scale
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up high-tech production, their demand for upstream equipment and inputs also rises. In the absence

of sufficient domestic innovation in upstream industries, Chinese firms continue to rely on imports of

advanced foreign inputs, particularly capital equipment. As a result, German upstream industries

exposed to China’s policy-induced demand expand their exports to China, along with employment

growth and rising average daily wage. On the other hand, German downstream industries become

exposed by importing increasing greater numbers of Chinese products that use targeted upstream

inputs. This leads to shifts in employment composition toward higher-skilled occupations, without

significant aggregate employment losses. Despite these trade and labour market adjustments, there

is little evidence of innovation responses among German firms. The observed spillover effects appear

largely driven by scale expansion, rather than induced technological upgrading.

While this paper sheds light on the international spillover effects of China’s industrial policies,

several limitations remain. First, my analysis focuses on a series of policies implemented between

1999 and the early 2000s, a period when China was still far from the global technological frontier. As

such, the findings may not generalize to more recent industries policies, such as Made in China 2025

or recent industry-specific policies targeting semiconductors and electric vehicles, especially given

China’s position in the global economy. The nature of international spillovers may evolve over time:

during the catch-up phase, China may have complemented advanced economies like Germany; but

as China approaches the frontier in certain sectors, competition pressures could emerge, potentially

reshaping global market dynamics. Moreover, the analysis captures the broad effects of industrial

policies on high-tech manufacturing, making it difficult to assess costs or identify which targeted

interventions were most effective. Future research could explore these questions through more

granular, sector-specific studies and by examining the dynamic effects of industrial policies in later

stages of development.
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Tables

Table 1: Average Treatment Effects on Export Competitiveness and Export Quality

Competitiveness Quality Upgrading

(1) (2) (3) (4)
RCA(CDK) RCA(Balassa) Unit Price(log) Destinations’ GDPpc

Post (0 to 4) 0.016∗∗∗ 0.058∗∗ 0.070∗ 95.018
(0.00) (0.03) (0.04) (329.88)

Post (5 to 9) 0.051∗∗∗ 0.184∗∗∗ 0.106∗∗ 975.486∗∗

(0.01) (0.06) (0.05) (427.54)

Pre (-5 to -1) -0.001 -0.009 0.001 -73.806
(0.00) (0.01) (0.02) (122.51)

Ind×Year FE Y Y Y Y
Observations 67,807 69,531 68,908 69,135

Notes: This table reports estimated average treatment effects on the treated (ATTs) across alternative outcome measures.
Treatment is defined as the first year in which each 6-digit product was included in the Guidance. ATTs are estimated for
three periods relative to treatment: 1–5 years before, 1–5 years after, and 6–10 years after treatment. Outcomes variables are
specified by column: (1) Revealed comparative advantage (RCA) based on gravity-equation measures following Costinot et al.
(2012); (2) RCA measured by the classic Balassa index; (3) export unit price (log); (4) export-weighted average GDP per
capita across all export destinations. The number of observations refers to all product-year observations used to estimate the
ATTs over the 1996–2017 period. Robust standard errors clustered at the product level are reported in parentheses.
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Figures

Guidance on Current Priority Development of Key
High-Tech Industrialization Sectors
(1999, 2001, 2004, 2007, 2011)
(NDRC & MOST, later joined by MIIT, MOC, CNIPA)

High-Tech Products
Catalogue (2000, 2006)
(MOST, MOF, STA)
Identify high-tech firms eligible
for R&D pre-tax deductions and
preferential corporate income tax
of 15%.

High-Tech Products Export
Catalogue (2000, 2003, 2006)
(MOST, MOF, STA, Customs,
MOC)
Identify products eligible for full
export tax rebates and export
credit.

High-Tech Industrialization
Projects (2000-)
(NDRC & MOF)
Must align with “Guidance”;
Primarily supported by local gov-
ernments, while central government
provide subsidies selectively.

Other Special Projects
(NDRC & MIIT & Others)
1. Subsidy:
Renovation Capacity of National
Recognized Enterprise Technology
Centres (2005-2012);
Import and Export Structured
Funding (2007, 2008);
2. Equity Investment:
Venture Capital Fund (2007-2010)
3. Sectoral Specific:
Software and ICs (2000);
Renewable Energy (2005);
Shipbuilding (2006);
High-Purity Silicon (2007);
Core Electronics, Chips, Software
(2011)

Subcategory:
Encouraged for Foreign Invest-
ment (2003)
(MOST & MOC)
Land access, duty-free import of
self-use equipment and preferential
corporate income tax of 15%.

Local Implementation
Examples:
Bejing (1999-): Local income tax
refunds and equipment import tax
exemptions;
Zhejiang (2000-): Equipment im-
port tax exemptions and other na-
tional/provincial incentives, e.g.,
subsidy.

Tax-Related Tools, Led by MOST

Subsidy-Related Tools, Led by NDRC

Note 1: NDRC: National Development and Reform Commission; MOST: Ministry of Science and Technology; MOF: Ministry of Finance; STA: State Taxation
Administration; MOC: Ministry of Commerce; Customs: General Administration of Customs; MIIT: Ministry of Industry and Information Technology; CNIPA:
China National Intellectual Property Administration.
Note 2: 2008 update of eligible high-tech firms for R&D pre-tax deductions: firms working on “Guidance” projects.
Note 3: Export tax rebates are typically funded by the provincial tax bureau, with each province may set its own criteria such as based on local “Guidance”.

Figure 1: Institutional Framework of China’s High-Tech Industrialization Policies
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(a) Local Implementation: Direct Cited Guidance

(b) Local Implementation: All Related

Figure 2: Earliest Local Implementation of Guidance

This figure shows the earliest year when each provincial government implemented any local policy tool: (a) policies
that directly cite the Guidance; (b) all related policies, as long as the type of subsidy project aligns with
national-level policy that are required to be consistent with the Guidance.
Tax-related tools include policies such as pre-tax deduction of R&D expenses, reduction of corporate income tax
rate to 15%, export tax rebates, and tariff exemptions for imported equipment. Subsidies refer to direct funding
support from central or local governments as well as interest rate subsidies on industrial loans.
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(a) Number of Treated Product by Broad Economic Classification

(b) Treated Product Dynamics by Revision of Guidance

Figure 3: Summary of Treated Products

This figure summarizes the dynamics and composition of products targeted by China’s industrial policies over five
major revisions of the Guidance.
Panel (a) shows the distribution of treated products by Broad Economic Categories (BEC), following the United
Nations Broad Economic Categories (BEC) system. Panel (b) shows the number of products newly treated,
continuously treated, and exited (cumulative) from the treatment status following each revision of the Guidance. A
product is considered “treated” if it is explicitly listed in the official document in the given revision year.
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(a) Exports to World (Log) (b) CDK Productivity

(c) Extensive: Number of Export Destinations (d) Intensive: Exports per Initial Destination

(e) Exports to World (Log) by Firm Ownership (f) Exports to World (Log) by Trade Type

Figure 4: Product-level Effect on Exports, Productivity, and Innovation

This figure plots the average treatment effects relative to the first year in which each product was introduced in the
Guidance. The control group consists of never-treated products within the same industry. Robust standard errors
are clustered at 6-digit product level, and the 95% CIs are reported. Panel (a): China’s total exports to world
(log). Panel (b): Estimated revealed export productivity following Costinot et al. (2012), normalized by
corresponding U.S. product productivity. Panel (c): Number of China’s total export destinations per product.
Panel (d): China’s average exports per export destination (log, only including destinations established before
1999). Panel (e): China’s total exports to world (log), disaggregated by firm ownership. Panel (f): China’s total
exports to world (log), disaggregated by trade type.
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(a) Total Exports to Germany (b) Total Imports from Germany

Figure 5: Product-level Effects on Exports to and Imports from Germany

This figure plots the average treatment effects relative to the first year in which each product was introduced in the
Guidance. The control group consists of never-treated products within the same industry. Robust standard errors
are clustered at the 6-digit product level, and 95% confidence intervals are reported. The dependent variable in
panel (a) is the log of China’s exports to Germany, while the dependent variable in panel (b) is the log of China’s
imports from Germany. Estimates are obtained using the doubly robust difference-in-differences approach proposed
by Callaway and Sant’Anna (2021).
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(a) Industrial Supplies: Exports to Germany (b) Industrial Supplies: Imports from Germany

(c) Final Capital Goods: Exports to Germany (d) Final Capital Goods: Imports from Germany

(e) Other Goods: Exports to Germany (f) Other Goods: Imports from Germany

Figure 6: Product-level Effects on Exports to and Imports from Germany by Product BEC

This figure plots the average treatment effects relative to the first year in which each product was introduced in the
Guidance. The control group consists of never-treated products within the same industry. Robust standard errors
are clustered at the 6-digit product level, and 95% confidence intervals are reported. The dependent variable in the
left panels (a)(c)(e) is the log of China’s exports to Germany, with the sample disaggregated by Broad Economic
Category (BEC) type, as indicated in the panel titles. The dependent variable in the right panels (b)(d)(f) is the
log of China’s imports from Germany, with the sample specified in the panel titles. Estimates are obtained using
the regression-based difference-in-differences approach proposed by Callaway and Sant’Anna (2021).
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(a) Average ATTs in Year 0-4 (b) Average ATTs in Year 5-9

Figure 7: Product-level Effects on Global Market Share for Chinese and German Products

This figure plots the average treatment effects relative to the first year in which each product was introduced in the
Guidance. The control group consists of never-treated products within the same industry. Robust standard errors
are clustered at the 6-digit product level, and 95% confidence intervals are reported. The dependent variable in the
left panel (a) is average ATT in the first five-year window following the treatment. The dependent variable in the
right panel (b) is average ATT in the second five-year window. Importer countries are groupped by income level
during 2000-2010, following the World Bank classification into high-income, upper-middle, lower-middle, and
low-income groups. Both China and Germany are excluded from these groups. Estimates are obtained using the
doubly robust difference-in-differences approach proposed by Callaway and Sant’Anna (2021).
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(a) Export to Germany: Downstream (b) Import from Germany: Downstream

(c) Export to Germany: Upstream (d) Import from Germany: Upstream

Figure 8: Industry-level Effect on Trade Flows with Germany

This figure presents the estimated effects of China’s industrial policies using a continuous-treatment
difference-in-differences framework at the industry level. Treatment intensity is defined by the measure indicated in
each panel title, with all continuous treatment variables standardized by their sample standard deviations.
Upstream exposure reflects first-order spillovers through an industry’s role as a supplier to treated industries, while
downstream exposure captures first-order spillovers through its role as a buyer of inputs from treated industries.
The dependent variable panels (a)(c) is the log of China’s exports to Germany, while in panels (b)(d),
dependent variable is the log of China’s imports from Germany. All estimates are obtained using two-way fixed
effects (TWFE) specification, with industry and year fixed effects. Robust standard errors are clustered at the
industry level, and 95% confidence intervals are reported.

35



(a) Full-time Employment: Downstream (b) Average Daily Wage: Downstream

(c) Full-time Employment: Upstream (d) Average Daily Wage: Upstream

Figure 9: Industry-level Effect on German Labour Market: Employment and Wage

This figure presents the estimated effects of China’s industrial policies using a continuous-treatment
difference-in-differences framework at the industry level. Treatment intensity is defined by the measure indicated in
each panel title, with all continuous treatment variables standardized by their sample standard deviations.
Upstream exposure reflects first-order spillovers through an industry’s role as a supplier to treated industries, while
downstream exposure captures first-order spillovers through its role as a buyer of inputs from treated industries.
The dependent variable in panels (a)(c) is the log of total full-time employment of German labour markets, while
in panels (b)(d) is the log average wage of full-time workers. Estimates are obtained using two-way fixed effects
(TWFE) specification, with industry and year fixed effects. All specifications additionally control for pre-treatment
average characteristics at the industry level. Observations are weighted by each industry’s 1998 employment.
Robust standard errors are clustered at the industry level, and 95% confidence intervals are reported.
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(a) Share of Engineers: Downstream (b) Share of Production Workers: Downstream

(c) Share of Engineers: Upstream (d) Share of Production Workers: Upstream

Figure 10: Industry-level Effect on German Labour Market: Share of Engineers and Production Workers

This figure presents the estimated effects of China’s industrial policies using a continuous-treatment
difference-in-differences framework at the industry level. Treatment intensity is defined by the measure indicated in
each panel title, with all continuous treatment variables standardized by their sample standard deviations.
Upstream exposure reflects first-order spillovers through an industry’s role as a supplier to treated industries, while
downstream exposure captures first-order spillovers through its role as a buyer of inputs from treated industries.
The dependent variable in panels (a)(c) is the share of engineers, while in panels (b)(d) is share of production
workers. Estimates are obtained using two-way fixed effects (TWFE) specification, with industry and year fixed
effects. All specifications additionally control for pre-treatment average characteristics at the industry level.
Observations are weighted by each industry’s 1998 employment. Robust standard errors are clustered at the
industry level, and 95% confidence intervals are reported.
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(a) China: Number of Patents (b) Germany: Number of Patents

Figure 11: IPC-level Effect on Innovation

This figure plots average treatment effects relative to the first year in which products associated with each 4-digit
IPC code were first introduced in the Guidance. The treatment year for each IPC code is defined based on the
earliest Guidance introduction year of its associated products. The control group consists of never-treated IPC
codes within the same broad technological category. The dependent variable in panel (a) is the log of granted
triadic patents filed by Chinese firms and individual inventors; panel (b) reports the same outcome for German
inventors. The log transformation of patent counts accounts for zeros following Chen and Roth (2024), assigning
log(x) = −1 when x = 0. Estimates are obtained using the doubly robust difference-in-differences approach
proposed by Callaway and Sant’Anna (2021). Robust standard errors are clustered at the 4-digit IPC level, and
95% confidence intervals are reported.
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(a) China: Upstream (b) China: Downstream

(c) Germany: Upstream (d) Germany: Downstream

Figure 12: Industry-level Effect on Innovation

This figure presents the estimated effects of China’s industrial policies using a continuous-treatment
difference-in-differences framework at the industry level. Treatment intensity is defined by the measure indicated in
each panel title, with all continuous treatment variables standardized by their sample standard deviations.
Upstream exposure reflects first-order spillovers through an industry’s role as a supplier to treated industries, while
downstream exposure captures first-order spillovers through its role as a buyer of inputs from treated industries.
The dependent variable in panels (a)(b) is the log of granted triadic patents filed by Chinese firms and individual
inventors; panels (c)(d) report the same outcome for German inventors. Estimates are obtained using two-way
fixed effects (TWFE) specification, with industry and year fixed effects. All specifications additionally control for
pre-treatment average characteristics at the industry level. Robust standard errors are clustered at the industry
level, and 95% confidence intervals are reported.
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(a) Export to Germany: Downstream (b) Import from Germany: Downstream

(c) Export to Germany: Upstream (d) Import from Germany: Upstream

Figure 13: Industry-level Effect on Trade Flows with Germany

This figure presents the estimated effects of China’s industrial policies using a continuous-treatment
difference-in-differences framework at the industry level. Treatment intensity is defined by the measure indicated in
each panel title, with all continuous treatment variables standardized by their sample standard deviations.
Upstream exposure reflects first-order spillovers through an industry’s role as a supplier to treated industries, while
downstream exposure captures first-order spillovers through its role as a buyer of inputs from treated industries.
The dependent variable in the left panels (a)(c) is the log of China’s exports to Germany, while in the right
panels (b)(d) is the log of China’s imports from Germany. All trade flows are decomposed by product complexity
into high-complexity and low-complexity, where the complexity of products is based on The Atlas of Economic
Complexity (Hausmann et al., 2014). All estimates are obtained using two-way fixed effects (TWFE) specification,
with industry and year fixed effects. Robust standard errors are clustered at the industry level, and 95% confidence
intervals are reported.
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A Data Appendix

Industrial Policy Data To link these to standardized trade data, I harmonized the list of 1,136

products from Guidance and matched each item to the 6-digit level of the Harmonized System

(HS) product classification. Because the terminology in the Guidance often differs from official HS

descriptions, I applied a fuzzy string-matching algorithm based on the Jaccard similarity index to

identify potential matches.9 All matches were manually reviewed and refined to ensure accuracy

and classification consistency. The final mapping identifies 368 treated products at the 6-digit HS

level.

Trade Data The BACI database is based on UN Comtrade and provides reconciled bilateral trade

flows that are adjusted for cost, insurance, and freight (CIF), while accounting for the reliability of

reporting countries. I use the HS 1996 classification for the main product-level analysis (1996-2017),

while I use HS 1992 classification for the industry-level analysis (1995-2017). Some high-technology

products, such as electric vehicles, only receive specific HS codes in later years.

Chinese Customs data covers 1997 to 2014, which reports China’s trade values at the 8-digit HS

level, disaggregated by firm ownership and trade type. Since it uses different HS revisions across

years, I apply the WITS crosswalk to convert all data to the 1996 HS version at the 6-digit level.

Patent Data The OECD Triadic Patent Families database is based on the European Patent

Office’s (EPO) Worldwide Statistical Patent Database (PATSTAT, Spring 2024). Each patent

can have multiple applicants (individual inventors or firms), and approximately 17% of patents

are co-filed by applicants from different countries. However, the database does not identify a

primary applicant or the home country of multinational firms. To construct a country-specific

patent dataset, I retain only those patent families in which all applicants report the same country

of residence (e.g., China or Germany).

Patents are often associated with multiple technological fields, classified using 4-digit Inter-

national Patent Classification (IPC) codes. I treat each patent-IPC combination as a separate

observation. For instance, a patent linked to four IPC codes is counted once under each code. I

then aggregate these data to construct a country-IPC-year panel, based on the applicants’ country

of residence, IPC code, and the earliest filing year.

I map 4-digit IPC codes to ISIC Rev. 3 industry classifications, which are then harmonized to

the broader industry level used in the main analysis. Each IPC-ISIC match is assigned a probability

weight, reflecting the likelihood that a given patent in a specific IPC is associated with a particular

ISIC industry. The aggregated industry-level patent counts are constructed as the weighted sum

of patent counts at the IPC level, where each count is weighted by the corresponding IPC-ISIC

linkage probability.

9To improve matching accuracy, I used detailed product descriptions at the 10-digit HS level for comparison.
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Revealed Comparative Advantage (CDK) Index Following Costinot et al. (2012), I es-

timate the following specification using non-zero export observations at the HS 6-digit product

level10: ln(xijp) = δij + δjp + δip + ϵijp, where xijp is the exports of product p from exporter i to

importer j; δij indicates the exporter-importer fixed effects; δjp and δip indicate importer-product

fixed effects and exporter-product fixed effects, respectively. After controlling for demand-side com-

ponents (δjp), bilateral trade costs and relationships between the importer and exporter (δij), the

exporter-product productivity is given by ẑip = exp(δip/θ̂), where the trade elasticity θ̂ is taken

from Costinot et al. (2012). I follow Leromain and Orefice (2014) to construct the productivity-

based revealed comparative advantage index (hereafter, the CDK index) as the ratio of China’s

productivity in product p relative to the world average:

CDKChina,p =
ẑChina,p/¯̂zChina

¯̂zWorld,p/¯̂zWorld

where ¯̂zi, i ∈ {China,World} represents the average exporter-productivity across all products

for exporter i; and ¯̂zWorld,p represents the average exporter-productivity across all exporters in

product p. Unlike Costinot et al. (2012) who normalize producitivty relative to the United States,

this approach benchmarks China’s productivity to the world average. A higher value of CDK index

therefore indicates that China is relatively more productive in product p compared with the world

average, suggesting stronger revealed comparative advantage.

Proxy for Product Quality The BACI-CEPII database reports both trade values and trade

quantities. Unit export prices are computed as the ratio of export value to export quantity within

each 6-digit product. Since the unit of quantity varies across products, I use within-product log

changes in unit prices as a proxy for relative quality upgrading11.

In addition, I calculate the export-value-weighted average GDP per capita of all destination

countries with non-missing GDP per capita data, using the Global Macro Database (Müller et al.,

2025). This measure captures the average income level of export markets for each product-year.

10In the whole sample, about 2.5% product-year export flows are zero and are excluded from the estimation.
11The DiD estimators of log unit price reflect the log change in unit price between year t and the year before the

treatment
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B Figure Appendix

(a) Industrial Supplies: Exports to Germany (b) Industrial Supplies: Imports from Germany

(c) Final Capital Goods: Exports to Germany (d) Final Capital Goods: Imports from Germany

(e) Other Goods: Exports to Germany (f) Other Goods: Imports from Germany

Figure 14: Robustness: Product-level Effects on Exports to and Imports from Germany by Product BEC

This figure plots the average treatment effects relative to the first year in which each product was introduced in the
Guidance. The control group varies across specifications: the baseline includes never-treated products within the
same industry; alternative specifications exclude products targeted by other high-tech IPs or affected by capacity
control policies. Other settings are the same as in Figure 6.
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(a) Export to Germany: Upstream Exposure (b) Import from Germany: Upstream Exposure

(c) Export to Germany: Downstream Exposure (d) Import from Germany: Downstream Exposure

Figure 15: Robustness: Industry-level Effect on Trade Flows with Germany

This figure presents the estimated effects of China’s industrial policoes using a continuous-treatment
difference-in-differences framework at the industry level. Stricter control plots estimations using the control group
that excluding industries under other policies. Treatment intensity is defined by the measure indicated in each
panel title, with all continuous treatment variables standardized by their sample standard deviations. Total
exposure includes full exposure that derived from the Leontief Matrix. Upstream exposure reflects spillovers through
an industry’s role as a supplier to treated industries, while downstream exposure captures spillovers through its role
as a buyer of inputs from treated industries. The dependent variable in the left panels (a)(c) is the log of China’s
exports to Germany, while in the right panels (b)(d) is the log of China’s imports from Germany. All estimates
are obtained using two-way fixed effects (TWFE) specification, with industry and year fixed effects. Robust
standard errors are clustered at the industry level, and 95% confidence intervals are reported.
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(a) Share of New Entrants (under 30): Downstream (b) Production Workers (log): Downstream

(c) Share of New Entrants (under 30): Upstream (d) Production Workers (log): Upstream

Figure 16: Industry-level Effect on German Labour Market: Share of Engineers and Production Workers

This figure presents the estimated effects of China’s industrial policies using a continuous-treatment
difference-in-differences framework at the industry level. Treatment intensity is defined by the measure indicated in
each panel title, with all continuous treatment variables standardized by their sample standard deviations.
Upstream exposure reflects first-order spillovers through an industry’s role as a supplier to treated industries, while
downstream exposure captures first-order spillovers through its role as a buyer of inputs from treated industries.
The dependent variable in panels (a)(c) is the share of new entrants under 30, calculated by the total number of
workers under 30 that first worked in the industry j in year t over industry j’s 1998 employment. Dependent
variable in panels (b)(d) is log of production workers. Estimates are obtained using two-way fixed effects (TWFE)
specification, with industry and year fixed effects. All specifications additionally control for pre-treatment average
characteristics at the industry level. Observations are weighted by each industry’s 1998 employment. Robust
standard errors are clustered at the industry level, and 95% confidence intervals are reported.
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(a) Low-Complexity Export to World: Downstream (b) Low-Complexity Import from World: Downstream

(c) High-Complexity Export to World: Downstream (d) High-Complexity Import from World: Downstream

Figure 17: Industry-level Effect on Trade Flows with RoW: Downstream

This figure plots the estimated effects of China’s industrial policies using a continuous treatment
difference-in-differences framework at the industry level. The treatment intensity is defined by the measure indicated
in each panel title, and all continuous treatment variables are standardized by their sample standard deviation.
Downstream exposure captures first-order spillovers through its role as a buyer of inputs from treated industries.
The dependent variable in the left panels (a)(c) is the log of China’s exports to the rest of world, while in the right
panels (b)(d) is the log of China’s imports from the rest of world. All trade flows are decomposed by product and
complexity, where the complexity of products is based on The Atlas of Economic Complexity (Hausmann et al.,
2014). All estimates are obtained using two-way fixed effects (TWFE) specification, with industry and year fixed
effects. Robust standard errors are clustered at the industry level, and 95% confidence intervals are reported.
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(a) Low-Complexity Export to World: Upstream (b) Low-Complexity Import from World: Upstream

(c) High-Complexity Export to World: Upstream (d) High-Complexity Import from World: Upstream

Figure 18: Industry-level Effect on Trade Flows with RoW: Upstream

This figure plots the estimated effects of China’s industrial policies using a continuous treatment
difference-in-differences framework at the industry level. The treatment intensity is defined by the measure indicated
in each panel title, and all continuous treatment variables are standardized by their sample standard deviation.
Upstream exposure reflects first-order spillovers through an industry’s role as a supplier to treated industries The
dependent variable in the left panels (a)(c) is the log of China’s exports to the rest of world, while in the right
panels (b)(d) is the log of China’s imports from the rest of world. All trade flows are decomposed by product and
complexity, where the complexity of products is based on The Atlas of Economic Complexity (Hausmann et al.,
2014). All estimates are obtained using two-way fixed effects (TWFE) specification, with industry and year fixed
effects. Robust standard errors are clustered at the industry level, and 95% confidence intervals are reported.
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