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Abstract

We examine the impact of the U.S. export control policies, particularly the Entity List,
on the innovation behavior of Chinese enterprises. The Entity List is a crucial tool for the U.S.
to restrict the export of high-tech products to certain Chinese companies. Using a staggered
Difference-in-Differences (DID) model and data from A-share listed companies in China from
2017 to 2022, we find that being added to the Entity List significantly boosts patent applications
and R&D input among targeted Chinese firms. This positive effect is concentrated in firms
facing more intense market competition and higher production factor costs, suggesting that the
export control policy could stimulate innovation by raising competition and costs.
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Introduction

Export control policies, particularly those implemented by the U.S. through its Entity
List, have gained significant attention in recent years due to their potential impact on global
technology transfer and enterprise innovation (Houser, 2020). They serve as crucial tools for
the U.S. to restrict the export of high-tech products. With the escalating China-U.S. trade
tensions, Chinese enterprises have increasingly become targets of this policy, raising concerns

about its potential consequences on their innovation.!

Entity List is one important tool of export control regulation. In 2018, the U.S.
government unilaterally announced additional tariffs on Chinese goods, provoking a trade
conflict with China. On August 1st of the same year, the Bureau of Industry and Security (BIS)
of the U.S. Department of Commerce listed 44 Chinese companies on the export control Entity
List on the grounds of activities that violate U.S. national security or foreign policy interests.
On August 26th, 24 more Chinese companies were added to the list on the grounds of helping
the Chinese military build artificial islands in the South China Sea. Since then, the U.S. Entity
List has been updated frequently, involving many Chinese companies and scientific research
institutions whose industries mainly focus on high-tech fields such as information technology,
aerospace, and biological medicine. As shown in Figure 1, the Entity List has been expanding
since 2018, and by the end of 2023, 713 Chinese entities had been included in the scope of
sanctions’ (see Research Methodology section for Figure 1). The restricted industries on the
Entity List almost cover all the ten key sectors emphasized in the Made in China 2025

Strategy.3

The Entity List is a blocklist of trade entities in the Export Administration Regulations
(EAR) issued by the BIS. Enterprises included in the Entity List will not be able to import
goods, technologies or software in the U.S., nor will they be able to import any items transiting
from the U.S. unless they apply for special permission from the U.S. Department of Commerce.
When purchasing products from China or third-country companies, if the proportion of U.S.
controlled items in the value of the product exceeds 25%, or the product is directly produced
using U.S.-origin technology or software, the Entity List companies will also be unable to
purchase the product. Therefore, once a company is included in the Entity List, it will not only
be unable to trade with U.S. companies but product transactions with third countries or even
domestic companies may also be interrupted due to the involvement of U.S. goods or
technologies in the value chain.

As China's production and innovation in the field of high-tech are still highly dependent
on key products and core technologies imported from developed countries, the Entity List
policy raises a deep concern about the high-tech innovation in China. Given the strategic
importance of innovation to spur economic growth and competitiveness, understanding how
external policies such as the Entity List affect domestic enterprises' innovation efforts is
paramount.

We investigate the impact of the U.S. export control policies on the innovation behavior
of Chinese enterprises. Specifically, we study whether the Entity List policy stimulates or

! https://www.reuters.com/world/china/china-slams-us-adding-firms-export-control-list-vows-action-2024-08-25/

2 The statistical data comes from the official website of the Bureau of Industry and Security of the US Department
of Commerce, https://www.bis.gov.

3 The “ten key sectors” are: new information technology; high-end numerically controlled machine tools and
robots; aerospace equipment; ocean engineering equipment and high-end vessels; high-end rail transportation
equipment; energy-saving cars and new energy cars; electrical equipment; farming machines; new material; bio-
medicine and high-end medical equipment.
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stifles innovation among targeted Chinese enterprises. We employ a staggered Difference-in-
Differences (DID) model using A-share listed companies in China spanning 2017 to 2022. This
methodology allows us to identify the effect of being added to the Entity List on enterprises'
innovation activities. Using the patent application as the proxy for firm innovation, we
document evidence that the Entity List policy significantly boosts the patent application among
target firms. We document similar results using Research and Development (R&D) input as
the alternative proxy for innovation activity.

Furthermore, we explore the underlying mechanisms through which this policy may
influence innovation, focusing on two potential channels: intensified market competition and
increased production factor costs. We find that the increase in patent applications is mainly in
firms facing more fierce competition and higher factor costs. These results prove that the Entity
List policy increases firm innovation by raising product competition and input costs.

Our paper contributes to three strands of literature. First, our study is related to the
literature on the effect of trade friction on firm innovation. Generally, international trade
facilitates knowledge spillover and innovation (Bustos, 2011; Coelli et al., 2022). However,
some other researchers argue that the results could be mixed because of the heterogeneity of
firms (Bombardini et al., 2017). Benguria et al. (2022) document a decrease in the R&D of
Chinese firms after the trade war between China and the U.S. Our paper focuses on Entity List
policy, one important regulation belonging to trade friction, and documents positive effects.
Besides the financial constraint and subsidy channel found by prior literature (Shen et al.,
2024), we document that competition and factor costs are the additional channels through
which Entity List policy can boost innovation.

Second, our paper is related to the literature on competition and innovation. The prior
studies have not reached a consensus. Shu and Steinwender (2019) state, "overwhelmingly
positive evidence for such in developing economies, largely positive evidence for such in
Europe, and mixed evidence for such in Northern America." In the case of China, Liu et al.
(2021) show that import competition reduces firm innovation. Our paper investigates the
inclusion of the Entity List policy, which reduces the competition of target firms (Shen et al.,
2024). Akcigit et al. (2024) suggest that firms in sectors with a smaller technological gap from
the U.S. experienced a less pronounced decline in patent output than those in other sectors. We
find more patent applications after the shock, consistent with the results of Kang et al. (2025),
who studied the impact of the U.S. Export Control Reform Act enacted in 2018.

Third, our paper relates to the literature on factor price and innovation. Boler et al.
(2015) document international sourcing, which reduces R&D costs and improves R&D
investment and firm performance. Liu and Qiu (2016) find that input tariff cuts result in less
innovation by Chinese firms. They argue that input tariff reduction has two opposite effects on
a firm's decisions on innovation: it may promote innovation from the reduction in innovation
costs, but it may also reduce innovation because foreign technologies become cheaper.
Therefore, in their study, the factor price channel is dominated. Our results show the existence
of the factor price channel and document positive effect of Entity List is mainly achieved
through higher factor prices.

The remainder of the paper is organized as follows. Section 2 provides the literature
review and hypothesis development. Section 3 describes the methodology and data. The main
empirical results are reported in Section 4, followed by a discussion of the potential mechanism
in Section 5. Section 6 concludes with policy implications.
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Literature Review and Hypothesis Development

The consequence of U.S.-China export control regulations (ECRs).

The U.S. Entity List is a prominent example of ECRs, which have had profound impacts
on the operations of Chinese firms. These impacts can be analyzed through three primary
channels, as documented in prior literature:

First, ECRs can cause disruptions in the supply chain. The export control policies
between the U.S. and China have caused global supply chain disruptions. Many Chinese firms
rely on components and raw materials imported from the U.S. or other countries affected by
the trade policy. Trade restrictions can lead to delays in supply, increased costs, and even the
need to find alternative suppliers (Han et al., 2024). This can disrupt production schedules and
increase uncertainty for Chinese firms (Liu & Ma, 2020). Some studies have found that Chinese
manufacturers have faced significant challenges in sourcing components and raw materials due
to trade restrictions, leading to production delays and declines in market value (Huang et al.,
2023).

Second, ECRs can reduce the competition for imports from foreign firms. When ECRs
limit the ability of foreign firms to export their products to China, domestic firms face less
competition in the market. This can allow Chinese firms to gain market share and expand their
operations (Shen et al., 2024). Moreover, the withdrawal of foreign firms can create a vacuum
that Chinese firms can fill with their own products and services, further enhancing their market
position. Consistent with this idea, Autor et al. (2020) show that increased import competition
from China led to significant declines in patenting activities by U.S. firms, particularly those
that were less profitable and less capital intensive, highlighting how trade exposure can
suppress innovation among foreign competitors. Similarly, ECRs might provide Chinese firms
with more opportunities to innovate by restricting foreign competition.

Third, ECRs can inhibit the knowledge spillover of imports. Free trade can facilitate
the flow of advanced technology and expertise into the importing country, while the ECRs
impede such spillover (Bloom et al., 2016; Brandt & Lim, 2024; Buera & Oberfield, 2020;
Fosfuri et al., 2001). As a result, Chinese firms may miss opportunities for learning, absorbing,
and adapting advanced technologies and know-how, thereby stifling innovation and
technological progress.

Hypothesis development

To further explore how the Entity List may influence innovation, we examine two
channels: market competition and input costs.

Based on the economic consequences of ECRs outlined above, we argue ECRs can
affect the innovation of Chinese firms in both positive and negative ways. On the positive side,
ECRs can reduce Chinese firms' reliance on foreign technology, motivating them to pursue
independent innovation. Additionally, ECRs can reduce import competition from U.S. firms,
providing Chinese firms opportunities to gain market share and innovate to meet market
demand. However, on the negative side, ECRs can hinder the knowledge spillover from
imports, limiting Chinese firms' ability to learn from foreign counterparts and reducing their
innovation. These mechanisms present competing effects, making the overall impact of the
Entity List policy on Chinese firm’s innovation theoretically ambiguous.

Therefore, the question of how the Entity List policy affects Chinese enterprises'
innovation is an empirical one. We form the null hypothesis as follows:
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Hypothesis 1: The Entity List policy does not affect Chinese enterprises' innovation.

Market competition is a potential channel through which the Entity List affects
innovation. The link between market competition and enterprise innovation is not
straightforward. Aghion et al. (2005) analyze data from British enterprises and find a
relationship between product market competition and innovation that follows an inverted U-
shape. They proposed a theoretical model that believes that when the technological levels of
enterprises in the market are similar, innovation can enable enterprises to escape the pressure
of competition by relying on differentiated products. Therefore, market competition will
promote enterprise innovation, which is called the "Escape competition effect." Conversely, if
the technological levels of enterprises are very different, the profit growth that less-advanced
enterprises can obtain through innovation is small. Therefore, the more intense the competition,
the more it will hinder innovation, which is called the "Schumpeterian effect" (Schumpeter,
1942). Hashmi (2013) uses data from publicly listed U.S. manufacturing companies and
identifies a slight negative correlation between market competition and enterprise innovation
in the highly competitive U.S. market.

China has made significant progress in the level of marketization, but compared with
developed countries, there is still room for improvement. This situation is more suitable for the
"escape competition effect" under a low level of competition. Using Chinese public companies
data, He et al. (2015) find that product market competition can promote enterprise R&D
investment, where the finding is consistent with the escape competition effect. Before
implementing the Entity List policy, companies on the list gained monopoly power over other
companies in the same industry through products and technologies imported from the U.S.
However, after being sanctioned by the Entity List, listed companies no longer have these
monopoly advantages. Therefore, the Entity List has increased the competition in the Chinese
market. The "escape competition effect" will encourage companies to conduct more R&D and
innovation activities. Although the relationship between competition and innovation is not
always linear, as excessive competition may discourage innovation by reducing potential
returns, in China, where competition is still relatively moderate, the escape competition effect
is more likely to dominate.

We propose Hypothesis 2 based on the above analysis:

Hypothesis 2: The Entity List policy has promoted Chinese enterprises' innovation
activities by improving market competition.

The theory of factor prices and innovation, proposed by Hicks (1963), suggests that
changes in the relative price of production factors could stimulate innovation to reduce reliance
on expensive factors. Prior studies find evidence consistent with this argument (Boler et al.,
2015). The Entity List policy hinders the procurement channels of enterprises' original
production factors and forces them to find alternative solutions. While looking for substitutes,
enterprises incur additional procurement and transportation costs and may pay higher prices
for raw materials. These marginal costs are ultimately reflected in the increase in the rising cost
of production inputs. Therefore, the Entity List increases the cost of production factors of
enterprises. It will encourage enterprises to carry out more R&D and innovation activities.

While rising input costs can create short-term financial pressure, prior studies suggest
that such cost shocks can also act as a catalyst for firms to seek cost-reducing innovations (e.g.,
Boler et al., 2015; Hicks, 1963). Given the persistent and structural disruptions caused by the
Entity List, which have led to a sustained increase in input costs, the incentive to innovate as a
strategic response is likely to dominate.
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We propose Hypothesis 3 based on the above analysis:

Hypothesis 3: The Entity List policy has promoted the innovation activities of Chinese
enterprises by increasing the cost of input factors.

Research Methodology

Regression model

The inclusion of Chinese firms in the U.S. Entity List is exogenous. Firms can hardly
predict whether it will be subject to export control. Therefore, we construct a multi-period DID
model to study the impact of the U.S. Entity List on China's corporate innovation,

The regression model is specified as follows:

Patent,, = 3, + BDID, +_ ,Control] + 11, +7, +¢, (1)
J

The primary dependent variable is enterprise innovation. We use the annual number of
patent applications filed by enterprises as a proxy variable for enterprise innovation. The
rationale behind using the number of patent applications rather than the number of patents
obtained is that the application situation can more quickly reflect the changes in the innovation
trend of enterprises after policy shocks. In the robustness test, we use the number of invention
patents applied (Invention) and the R&D expense scaled by operating income (RD_Incm) as
alternative dependent variables.

In the equation (1), the dependent variable Ln (Patent;,) is defined as the natural
logarithm of the number of patents the enterprise i applied for in year t plus 1.

The core independent variable, DID;;, is a dummy variable. It equals one if enterprise
i1s included in the Entity List in year t and keeps equaling one thereafter, and zero otherwise.

C ontrol{ . 1s a series of control variables that may affect enterprise innovation. Existing

literature has demonstrated that the following factors of an enterprise may influence its
innovation performance: enterprise size (Yin & Zuscovitch, 1998), asset allocation (Zhang et
al., 2020), profitability (Zhou et al., 2014), age and cash flow (Brown et al., 2009), equity
concentration (Czarnitzki & Kraft, 2009), and internationalization level (Madsen, 2007). Based
on this literature, we control for a series of key factors that may affect the innovation ability of
enterprises. Specifically, they include: enterprise age (Age); fixed asset ratio (FixedAstR);,
intangible asset ratio (IntgAstR); enterprise size (LnAst), measured by the logarithm of total
assets; debt-to-asset ratio (Lev); liquidity status (CashRatio), measured by cash ratio;
profitability (Roa), measured by return on assets; operating revenue growth rate (RevGth);
holding concentration (Hldcr), measured by top five shareholders holding concentration; and
internationalization level (Oversea), measured by overseas operating income.

We adopt a two-way fixed effect model, where p; and 7, control for the individual
fixed effect and the time fixed effect, respectively. &;; is the error term.

Parallel trend test model

The parallel trend assumption is essential for establishing the staggered DID model. We
use a dynamic event-study framework to validate the parallel trend assumption. The model
incorporates time-to-event indicators to trace policy effects across pre- and post-treatment
periods. The model for the parallel trend test is:

-2 3
Patent,, = 3, + Z B.Before,, , + B,Current, ,, + Z B.After;, .+ Z B,Control; + u. +7,+¢&, (2)
c=1 J

a=—4
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Here, Before, Current, and Afterindicate years relative to the policy shock when
enterprises are affected by the policy. For instance, if enterprise i was listed on the Entity List
in 2020, then in the year of 2019, Before; ;019 -1 = 1, and in other years, Before; 9191 =
0. For enterprises that have never been on the Entity List, Before, Current, and After are
all 0 in all years.

Mechanism model

To further investigate the potential mechanism, we construct two variables. First, we
use the Herfindahl-Hirschman Index (HHI) to measure market competition. It is obtained with

the formula HHI = Z(xi/ x)zz where x; is the operating revenue of enterprise i and x is the
sum of the operating revenue of all enterprises in the industry. HHI quantifies market
competition within an industry based on market share concentration. The more evenly
distributed the market share among firms in the industry, the lower the HHI and the greater the
level of market competition. The greater the industry monopoly, the higher the HHI and the
lower the level of market competition. We add the interaction term of HHI and the dummy
variable DID, HHI X DID, into the regression and identify how the Entity List policy affects
corporate innovation through market competition through the coefficient of the interaction
term. The regression model of the market competition mechanism is:

Patent,, = f3, + BDID, + B,HHI,, x DID, + > 3,Control] + u, + 7, + &, 3)
J

Second, we use operating costs scaled by assets as a proxy variable for enterprises'
production cost factors. Operating costs include not only the capital, raw materials, and labor
costs of enterprises but also the procurement, transportation, marketing, and other expenses
incurred in the production process. Therefore, it can comprehensively measure the impact of
the Entity List on the cost of production factors of enterprises. Similarly, we add the interaction
term of scaled operating cost and the dummy variable, Cost_Ast X DID, into the regression
and use the interaction term coefficient to identify how the Entity List policy affects enterprise
innovation through factor costs. The regression model of the factor costs mechanism is:

Patent,, = B, + BDID, + 3, Cost _ Ast, x DID, + Z B Control] + p, +7, +¢, “4)
J

Sample selection and data sources

Considering research feasibility and data availability, we select A-share listed
companies as the research sample and focus on the period from 2017 to 2022. The number of
patent applications of enterprises is the sum of the number of independent and joint applications
from the Chinese Research Data Services Platform (CNRDS). The financial information of
enterprises comes from the China Stock Market & Accounting Research Database (CSMAR).
The sample screening is processed as follows: (1) Companies in the financial industry are
eliminated; (2) Special Treatment (ST), Delisting Warning (*ST), and Particular Transfer (PT)
listed companies are eliminated*; (3) Observations with missing variables used in our

regression are eliminated, and all continuous variables are winsorized at the 1st and 99th
percentile.

4 ST and *ST indicate consecutive losses. PT firms face trading suspension. Excluded due to abnormal finances
which bias policy impact analysis.
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Figure 1: Number of Sanctioned Chinese Entities and Patent Applications

This figure illustrates the number of Chinese entities on the Entity List from 2017 to 2022. The shaded bar chart
represents the number of newly sanctioned entities, and the chart represents the total number of sanctioned
entities. The data comes from the official website of the Bureau of Industry and Security of the U.S. The line chart
represents the total number of patent applications of all listed enterprises, and the data comes from the Chinese
Research Data Services Platform.

We obtain the export control Entity List from the official website of the BIS of the U.S.
Department of Commerce and sort out the names and years of Chinese-listed companies to
construct the core independent variables. Figure 2 shows the distribution of enterprises in the
treatment and control groups. After excluding the missing data, we obtain 79 treatment group
data from 30 companies. From the distribution of their years, it can be seen that the number of
Chinese listed companies on the U.S. Entity List has been increasing year by year from 2018
to 2021.
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Figure 2: Distribution of Enterprises in Treatment and Control Groups
This figure illustrates the distribution of the treatment group and the control group in the sample. The shaded bar

chart represents the number of newly sanctioned enterprises. The blank bar chart represents the total number of
sanctioned enterprises (i.e., treatment group enterprises), and the line chart represents the total number of non-
sanctioned enterprises (i.e., control group enterprises).
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In addition, the construction of the HHI indicator requires the enterprise's industry
classification information. The paper uses the third-level industry code of the Shenwan Industry
Classification 2021 to match the sample enterprise industry. The data comes from CSMAR.
Table 1 presents the statistical results of the HHI of the industries included in the Entity List.
The first column lists the specific classifications of the 16 sanctioned industries. The second
column reports the average HHI values of each industry from 2017 to 2022, with lower values
indicating more intense market competition. The third column shows the percentile ranking of
the average HHI of each industry among all 225 industries. A lower percentile value indicates
a higher ranking of the industry's competition level in the overall sample. The results show that
the average HHI percentile values of the industries covered by the Entity List are generally
low, indicating that the market structure of these industries is generally competitive.
Specifically, the HHI values of service industries (such as IT services and communication
support services) are significantly lower than those of equipment manufacturing industries
(such as photovoltaic equipment and communication transmission equipment), suggesting that
the service industry is relatively more competitive, while the manufacturing industry is more
concentrated.

Table 1: Statistical Results of HHI of the Industries Included in the Entity List

Industries included in the Entity List Average HHI Percentile of average HHI
Other special-purpose machinery 0.0916 7.6%
IT services 0.1018 9.8%
Aerospace equipment 0.1192 14.7%
Communication support services 0.1481 23.6%
Road and bridge construction 0.1493 24.0%
Terminal equipment 0.1547 25.3%
Ground armament 0.1574 26.2%
Integrated circuit 0.1600 28.0%
Computer equipment 0.1613 29.8%
Aerospace equipment 0.1647 31.6%
Other electronics 0.1650 32.9%
Software development 0.1757 35.6%
Photovoltaic equipment 0.1801 37.8%
Communication transmission equipment 0.2299 57.3%
Non-metallic new materials 0.2703 65.8%
Electronic system assembly 0.2807 68.4%

This table presents the statistical vesults of the Herfindahl-Hirschman Index (HHI) of the industries included in
the Entity List. The first column lists the specific classifications of the 16 sanctioned industries. The second column
reports the average HHI values of each industry from 2017 to 2022. The third column shows the percentile ranking
of the average HHI of each industry among all 225 industries.
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The descriptive statistical results of all variables are shown in Table 2. Among the core
variables, the mean of patent application (Patent) is 45.498, with a standard deviation of
329.081, a maximum value of 14,131, and a minimum value of 0. This indicates significant
differences in innovation activities among different enterprises, and the data shows a right-
skewed distribution. The alternative dependent variables, such as the number of invention
patents (Invention), research and development expenses (RD), and the ratio of research and
development expenses to operating income ( RD_Incm ), also exhibit a right-skewed
distribution. Additionally, the mean of the HHI (HHT) is 0.189, with a minimum value of 0.031
and a maximum value of 0.739, indicating significant differences in industry competition
levels, with some industries approaching perfect competition while others showing a high
degree of concentration. The mean of the ratio of operating costs scaled by total assets
(Cost_Ast) is 57.14%, with a standard deviation of 39.702, suggesting significant differences
in cost management efficiency among different enterprises.

In addition, we compare the differences in key variables between the pre-sanction
treatment group and the control group through T-tests, and the results are shown in Table 3.
The results show that the mean of the logarithm of patent application volume (LN (Patent))
for the treatment group is 3.161, significantly higher than that of the control group at 1.999,
indicating that the treatment group enterprises have a stronger innovation tendency. This
phenomenon is closely related to the policy objective of the Entity List. Given that the U.S.
Entity List aims to restrict technology exports, its screening criteria tend to target enterprises
in high-tech fields, which typically have a higher innovation intensity. Table 3 reveals that the
treatment group enterprises are younger (17.137 vs. 20.576), have a significantly higher debt-
to-asset ratio (46.403% vs. 40.646%), and have significantly lower proportions of fixed assets
(0.13 vs. 0.195) and cash ratios (0.73 vs. 1.294). Additionally, Table 3 shows that the treatment
group enterprises have a larger total asset scale (22.838 vs. 22.254) and higher overseas
business revenue (0.002 vs. 0.001).

Because of such difference, it is crucial to introduce these control variables in the main
model and conduct the parallel trend tests and placebo tests (See Section 4.2) to identify the
net effect of the Entity List policy accurately.
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Empirical Analysis

Main results

Table 4 reports the regression results of the impact of the Entity List policy shock on
the number of patents. Column (1) reports the regression results containing only the core
independent variable, which is significantly positive at 1% with a coefficient of 0.88. Column
(2) reports the regression results with additional control variables but without fixed effects.
DID has a coefficient of 0.81, statistically significant at 1%. The results in column (3) show
that when both control variables and time-fixed effects are added, the main variable has a
coefficient of 0.76 and is significant at 1%. We add individual fixed effects in column (4) to
control the impact of individual characteristic differences further. The result shows a
coefficient of 0.66 at 1% significance. The above results show that, compared with enterprises
not subject to the Entity List, the number of patents affected by the policy has increased
significantly. Therefore, Hypothesis 1 is supported. In addition, the results also have significant
economic implications. After controlling for individual and time differences, the Entity List
increased the number of patents of affected enterprises by about 66.44%.

Robustness tests

Using heterogeneous robust DID estimators.

Recent studies have shown that if the treatment effects are heterogeneous among
different times or cohorts, traditional DID methods may produce biased estimators(Athey &
Imbens, 2022). Referring to previous studies (Zhao et al., 2024), we construct two
heterogeneous robust DID estimators: the event study interaction estimator (Sun & Abraham,
2021) and the stacked DID estimator (Cengiz et al., 2019). The event study interaction
estimator calculates the weighted average effect of each relative time through the interaction
weighting method, thereby estimating the dynamic treatment effect more accurately. The
stacked DID method splits the treatment group into multiple sub-sample datasets according to
the treatment time, and uses the stacked datasets of the sub-samples for DID estimation.

Table 5 presents the regression results of two alternative models. Columns (1) and (2)
show the results of the event study interaction model, where the coefficient of the core variable
DID is 0.80 in column (1) without control variables included. The coefficient is significantly
positive at the 1% level. After adding control variables, the coefficient slightly drops to 0.76 in
column (2) but remains highly significant. Columns (3) and (4) present the results of the
stacked difference-indifferences model. Without control variables, the DID coefficient is 0.78,
and with control variables, it is 0.74, both significant at the 1% level. This means that the
heterogeneous treatment effects did not affect the results of the benchmark regression.
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Parallel Trend Test

The parallel trend assumption is the key to establishing the staggered DID model. No
significant difference between the treatment and control groups should exist before the
treatment. To this end, it is necessary to test whether there exists a significant difference in the
innovation ability of listed and non-listed enterprises before the policy shock. We set the year

before the policy shock as the base period and observe the changes in the number of patents
year by year.

Average tre

T T T T T T T
Before4  Before3  Before2 Current  Afterl After2 After3
Policy-relative timing

Panel A

Average treatment effect
n

Average treatment effect

0 = - 0 —

. . . | . . . T . T f . . T
Before4  Before3  Before2 Current  After]  Afier2  After3 Before4  Before3  Before2 Current  Afterl  After2  After3

Policy-relative timing Policy-relative timing
Panel B Panel C

Figure 3: Parallel Trend Test Results

This figure illustrates the dynamic impact of the inclusion of the Entity List on corporate innovation in the years
before and after the launch of the shock. Estimated coefficients are plotted at the 95% level. Panel A presents the
results based on the benchmark regression model. Panels B and C present the results based on the event study
interaction model and the stacked DID model.
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Figure 3 shows the parallel trend test results of the regression, where the horizontal axis
represents the time distance from the year of the policy shock, the solid points represent the
regression estimation coefficients of the dummy variables in each year, and the grey area
represent the confidence intervals of each coefficient at the 95% level. Panel A presents the
results of the parallel trend test based on the regression model (2). The results show that: (1)
before the enterprise is included in the Entity List, the regression coefficients from Beforel to
Before3 are not significant, which meets the parallel trend hypothesis of the double difference
model; (2) in the current year when the enterprise is included in the Entity List, the regression
coefficient is significantly positive at the 95% level, indicating that the policy impact of the
Entity List is immediate and has a rapid impact on the enterprise's innovation ability; (3) within
three years after being included in the Entity List, the regression coefficients from Afterl to
After3 are always significantly positive, indicating that the impact of the Entity List on the
enterprise's innovation ability is long-term; (4) the regression coefficient from Current to
After2 increases year by year, and the regression coefficient of After3 decreases, indicating
that the Entity List's promotion of innovation ability is time-sensitive, reaching a peak in the
third year after the impact and then weakening.

In addition, Panels B and C present the parallel trend test results based on the event
study interaction model and the stacked DID model, respectively. The results show no
significant difference between the treatment group and the control group before the event, and
the average treatment effect after the event is significantly positive at the 5% level, with a trend
similar to that in Panel A. This result further enhances the robustness of the findings in this

paper.
Placebo test

We use a placebo test to enhance the robustness of the results. The placebo test uses a
pseudo-treatment group method to randomly divide the sample into a treatment group and a
control group, randomly set the treatment year for each sample in the treatment group, and then
use the pseudo-sample for benchmark regression. The process was repeated 500 times, and the
regression coefficient and t-value distribution of the core independent variable DID were
plotted, respectively. The results are shown in Figure 4. Panel A of Figure 4 shows the
probability density distribution of the estimated coefficient. The results show that the DID
coefficient obtained based on the pseudo-treatment group list regression is clustered around
zero and normally distributed, much smaller than the true estimated coefficient of 0.66. Panel
B shows that the t-value is also clustered around 0, which is much smaller than the true t-value
of 4.04. The above results further exclude the possibility that some unobservable factors disturb
the research results and enhance the robustness of the results in the main regression.
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Figure 4: Placebo Tests

This figure illustrates the regression coefficient and t-value distribution of the core independent variable,
respectively, based on the 500 bootstrap simulations of the baseline model. Panel A reports the coefficient
distribution, and Panel B reports the distribution of the t-value. The placebo test uses a pseudo-treatment group
method to randomly divide the sample into a treatment group and a control group and randomly set the treatment
year for each sample in the treatment group, and then use the pseudo sample for benchmark regression.

Replacing the dependent variable

According to Patent Law in China, patents are categorized into three types: invention,
utility model, and design. Invention patents require novel technical solutions for products,
methods or improvements, which are more technical and creative than the other two types of
patents and can reflect the core innovation capabilities of enterprises. In addition, enterprise
innovation can also be measured from the perspective of innovation input. The total R&D
expenses of an enterprise include expensed and capitalized expenditures, which measure the
total investment of the enterprise in the research and invention direction. Therefore, we use the
number of invention patents and R&D expenses scaled by operating income as dependent
variables and conduct a DID model regression to test the robustness of the results.

Table 6 reports the results of the estimated coefficients of the core independent
variables for the regression of R&D investment. Column (1) reports the regression results of
invention patents, and the coefficient is significantly positive at 1%. Column (2) shows the
regression results of scaled R&D expenses, and the coefficient is significantly positive at 5%.
The above results show that after replacing the dependent variable, the results of this study are
still robust.
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Table 6: Replacing the Dependent Variable Regression Results

. e))] 2
Variables Ln(Invention) RD Incm
DID 0.6564*** 0.0266**

(3.6036) (2.1868)
Age 0.0143%** 0.0016%**
(3.0421) (8.5575)
FixedAstR 0.0188 0.0106**
(0.1449) (2.4752)
IntgAstR -0.0914 0.0655%**
(-0.3085) (3.7616)
LnAst 0.1812%** 0.0003
(6.2279) (0.2799)
Lev -0.0021** -0.0002***
(-2.4414) (-5.1328)
CashRatio -0.0067 -0.0009**
(-0.9632) (-2.1043)
Roa 0.0010 -0.0008***
(0.9595) (-12.5372)
RevGth -0.0003** -0.00071***
(-2.0069) (-11.1461)
Hldcr 0.0006 0.0000
(0.3731) (0.8552)
Oversea 15.4893** -0.4562%**
(2.0876) (-2.9155)
Constant -2.8644%** 0.0254
(-4.5422) (1.0741)
Observations 22,191 20,183
R-squared 0.0187 0.1478
Year FE YES YES
Firm FE YES YES

The dependent variable is the number of invention patents applied by enterprises (Invention) in column (1) and
the R&D expense scaled by operating income (RD_Incm) in column (2). It covers the period 2017-2022. Robust
t-statistics are reported in parentheses. ***, ** and * denote significance at 1%, 5%, and 10%, respectively.

Mechanism Analysis

We now investigate the mechanisms through which the Entity List sanction positively

affects Chinese firms' innovation.

Analysis of market competition mechanism

We use the Herfindahl-Hirschman Index (HHI) to measure market competition. This

indicator measures the intensity of market competition by the degree of monopoly in market
share. The smaller the HHI value, the lower the degree of monopoly and the more intense the
market competition. The escape from competition mechanism believes that the greater the
intensity of market competition, the more motivated companies are to improve their innovation
capabilities to escape competition and obtain monopoly benefits. The interaction term
HHI X DID is added into the regression and identifies how the Entity List policy affects
corporate innovation through market competition through the coefficient of the interaction
term.
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Table 7 reports the results of the market competition mechanism test. After adding the
interaction term, the regression coefficient of the core independent variable, DID , is
significantly positive at 1%, indicating that, after considering the cross-product effect of the
market competition level, whether a company is included in the Entity List or not still
significantly affects the company's innovation ability. Column (1) reports the regression results
with only the control variables, and the coefficient of the interaction term is significantly
negative at 5%. After adding the fixed effect in column (2), the cross-product coefficient is
negative and significant at 5%. In addition, to avoid the impact of the HHI index itself on the
regression results, we add the HHI index as an independent control variable to the regression
equation, and the results are shown in columns (3) and (4). The interaction term coefficients
are still significantly negative at 5% under the fixed effect and non-fixed models. The above
results show that the more intense the market competition, the more obvious the Entity List's
role in promoting corporate innovation, supporting Hypothesis 2.

To demonstrate more intuitively that escaping competition is a potential mechanism for
the Entity List policy to promote the improvement of corporate innovation capabilities, we
divide the samples into two groups, higher competition and lower competition, using the
median of HHI as the dividing line, and conduct benchmark regression. Table 8§ reports the test
results. The regression results of columns (1) and (3) show that when control variables are
added, and no fixed effects are controlled, the regression coefficients of both groups are
significantly positive at 1%, and the regression coefficient of the intense-competition group
(0.91) is greater than that of the poor-competition group (0.68). After adding individual and
time-fixed effects, the results of columns (2) and (4) show that the regression coefficients
decrease a bit but are still significantly non-zero at 1%, and the regression coefficient of the
intense-competition group (0.76) is also greater than that of the poor-competition group (0.50).
The above results further support Hypothesis 2.

Analysis of the factor costs mechanism

We use operating cost scaled by assets as the proxy variable for production factors
costs. According to Hypothesis 3, the higher the cost of production factors, the more incentive
enterprises have to conduct R&D activities to reduce cost pressure. Similarly, Cost_Ast X DID
is added into the regression and uses the interaction term coefficient to identify how the Entity
List policy affects enterprise innovation through factor costs.

Table 9 reports the results of the factor costs mechanism test. Column (1) reports the
regression results without fixed effects. The DID coefficient and the interaction term
coefficient are significantly positive at 1%. After controlling for the fixed effects, column (2)
shows that the DID coefficient slightly decreased but was still significantly positive at 5%, and
the interaction term coefficient was significantly positive at 5%. In addition, Cost_Ast is added
to the regression as an independent control variable. The results in columns (3) and (4) show
that both the DID coefficient and the cross-multiplication term coefficient are significantly
positive at least at 5%. The results indicate that the higher the operating cost, the more impact
the Entity List has on enterprise innovation, supporting Hypothesis 3.
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To illustrate more intuitively that deteriorating factor costs serve as a potential
mechanism through which the Entity List policy promotes corporate innovation, we divide the
samples into high-cost and low-cost groups based on the median of cost and conduct the
benchmark regression for each group. Table 10 reports the test results. Columns (1) and (3)
without fixed effects show that the regression coefficients of both groups are significantly
positive at 1%. The coefficient of the high-cost group (1.07) is greater than that of the low-cost
group (0.65). Columns (2) and (4) report the results with fixed effects. The regression
coefficient is significantly non-zero at least 5%, and the regression coefficient of the high-cost
group (0.82) is also greater than that of the low-cost group (0.52). The above results further
support Hypothesis 3.

Conclusion and Discussion

The Entity List policy is an important export control measure for the U.S. to restrict the
export of high-tech products and prevent technology spillover. Since the China-U.S. trade
friction, Chinese enterprises have become an important target of the Entity List. We construct
a staggered DID model to study the impact of the U.S. Entity List on the innovation of Chinese
enterprises, using A-share listed companies from 2017 to 2022 as samples. The study finds that
the number of patent applications of Chinese enterprises sanctioned by the Entity List showed
a significant increase, indicating that the Entity List policy has significantly promoted the
innovation behavior of Chinese enterprises. Further mechanism analysis reveals how this
policy promotes enterprise innovation through two channels: intensifying market competition
and increasing production factor costs. Intensified market competition forces enterprises to
seek differentiated advantages through innovation, while increased production factor costs
prompt enterprises to seek innovation to reduce cost pressure.

The findings of this paper hold significant policy implications. First, the study
demonstrates that export restriction policies did not impede the development of enterprises in
importing countries but enhanced their innovation vitality. Consequently, both the
governments imposing these policies and those affected by them should conduct a
comprehensive assessment of the consequences of export restriction policies on firm
operations. The Chinese government can provide timely policy support to enterprises to
enhance the nation's indigenous innovation capacity. The U.S. government, however, must
weigh the risks of short-term technological restrictions against the long-term consequences of
stimulating its competitors' innovation. Secondly, the paper finds that market competition is a
potential mechanism for the Entity List policy to promote corporate innovation. In industries
with more intense competition, corporate innovation behavior is more active. Therefore, the
affected governments should create a fair and transparent market environment to promote
healthy competition among enterprises, especially when facing export regulations from
restriction-imposing countries.
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Appendix

Table A1l: Variable Definition

Variables Definition

LN(Patent) The logarithm of the number of patents the enterprise i applied for in year ¢ plus
1, i.e., Ln(1+#Patent )

Patent The number of patents

DID It equals one if the enterprise i is included in the Entity List in year #; otherwise,
it is zero.

Age Age of enterprises

FixedAstR Fixed assets ratio

IntgAstR Intangible assets ratio

LnAst Ln (Asset). The asset is in the unit of 100 million CNY.

Ast Asset in the unit of 100 million CNY.

Lev Debt-to-asset ratio

CashRatio Cash ratio, i.e., (Cash at bank +Financial assets held for trading+Notes
receivable)/Current liabilities

Roa Return on assets, i.e., Net income attributable to shareholders /Average annual
assets

RevGth Operating revenue growth rate

Hlder Top five shareholders holding concentration

Oversea Overseas operating income

Ln(Invention) The logarithm of the number of invention patents the enterprise i applied for in
year ¢ plus 1, i.e., Ln(1+# invention patent)

Invention The number of invention patents

RD R&D expenses in the unit of 100 million CNY

RD Incm R&D expenses /Operating income

HHI Herfindahl-hirschman index of sales. HHI = Z(xi/ x)zz where x; is the
operating revenue of enterprise i and x is the sum of the operating revenue of all
enterprises in the industry.

Cost_Ast Operating costs /Asset

Cost Operating costs in the unit of 100 million CNY
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