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Can correcting the market
failures of credence goods
promote corporate innovation?
Evidence from compulsory food
safety liability insurance
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Employing a staggered di�erence-in-di�erences design, this study examines the

impact of China’s Compulsory Food Safety Liability Insurance (CFSLI) policy on

corporate innovation within the food industry. Empirical results demonstrate

that CFSLI implementation significantly stimulated innovation among a�ected

firms. This positive e�ect was heterogeneous, exhibiting greater magnitude

in non-state-owned enterprises and firms operating in regions with higher

levels of marketization. The core findings withstand a comprehensive battery

of robustness checks. Investigation into the underlying mechanisms reveals

that the policy primarily fosters innovation by alleviating financing constraints,

augmenting R&D investment, and enhancing corporate risk-bearing capacity.

Beyond stimulating innovation, the CFSLI policy also significantly enhanced

the total factor productivity and overall performance of food companies.

These findings collectively indicate that the CFSLI policy not only facilitated

the e�ective translation of innovation inputs into outputs but also supported

broader corporate growth. This research contributes to the literature by

providing novel empirical evidence on the innovation and productivity e�ects of

mandatory liability insurance within the credence goods sector. It o�ers valuable

insights for policymakers seeking to leverage institutional mechanisms, such

as liability insurance, to promote innovation and development in analogous

industries characterized by information asymmetry, including pharmaceuticals

and medical services.

KEYWORDS

credence goods, corporate innovation, market failure, compulsory food safety liability

insurance, China

1 Introduction

“The people regard food as their prime concern.”—Sima Qian, Records of the Grand

Historian of China, 85 BCE.

China sustains nearly one-fifth of the global population on just 9% of the world’s

arable land, making food security a fundamental national priority (China Daily, 2022).

Food safety, defined as the absence of substances or factors posing acute/chronic health

risks to consumers or their offspring (Li, 2016), has faced significant challenges despite

economic growth. Recurring food safety incidents have eroded consumer trust in domestic
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markets and raised concerns about regulatory efficacy. These

failures stem partly from the credence attributes inherent to

most food products (Darby and Karni, 1973; Nelson, 1970).

Credence goods (e.g., organic produce, pharmaceutical efficacy,

or automotive safety features) possess qualities consumers cannot

verify even after purchase (Caswell and Padberg, 1992). This

creates severe information asymmetry, enabling firms to exploit

informational advantages for illicit profit (Rouvière and Caswell,

2012). Producers may reduce quality to cut costs, inducing

moral hazard, while consumers, unable to discern quality,

may withdraw from markets entirely, triggering market failure

(Akerlof, 1970).

To counter these failures, China strengthened regulations

and market supervision. Food Safety Liability Insurance (FSLI)

emerged as a critical supplement to state oversight (Xiao

and Tang, 2013; He and Sun, 2016; Duan et al., 2019). FSLI

mitigates information asymmetry by incentivizing insurers to

monitor producers through risk-based pricing and contractual

compensation for safety incidents. This mechanism internalizes

accident costs, enhances quality supervision, and rebuilds

consumer trust. Regulatory credibility further influences market

stability: robust systems localize reputational damage from

incidents, while weak systems risk industry-wide distrust and

sales collapse. In 2015, China mandated Compulsory Food Safety

Liability Insurance (CFSLI) to expand coverage, curb adverse

selection, and leverage insurers’ expertise in risk management

(Duan et al., 2019).

However, while FSLI’s role in risk mitigation is established

(Duan et al., 2019), its potential to drive corporate innovation

remains unexplored. This gap is critical: innovation underpins firm

sustainability and high-quality development, yet no study examines

whether CFSLI incentivizes food companies to enhance innovation

output or performance. Existing research focuses predominantly

on macro-level effects of FSLI, neglecting firm-level behavioral

responses, particularly regarding innovation.

This study investigates whether China’s CFSLI policy

spurs corporate innovation among food producers. Using the

staggered provincial rollout of CFSLI mandates as a quasi-natural

experiment, we analyze A-share listed food companies from

2007 to 2018 using staggered difference-in-differences (DID)

estimation. Results demonstrate that CFSLI significantly boosts

innovation, especially in non-state-owned enterprises and high-

marketization regions. Mechanism tests reveal this operates

through eased financing constraints, increased R&D investment,

and enhanced risk-taking capacity. Additionally, CFSLI elevates

total factor productivity (TFP) and overall firm performance.

Robustness checks, including parallel trends, dynamic effects,

propensity score matching (PSM), and placebo tests, support

causal inference.

This study offers three key contributions to the literature.

First, it uniquely investigates the implementation of the CFSLI

policy through the lens of corporate innovation, an underexplored

perspective grounded in the theory of correcting market failures

for credence goods. Second, it empirically identifies the underlying

mechanisms through which this policy operates. Third, the analysis

rigorously examines the policy’s positive economic consequences

for enhancing corporate innovation. Collectively, these findings

provide actionable insights for refining and scaling the CFSLI

policy, novel micro-empirical evidence linking market failure

correction in credence goods markets to corporate innovation

outcomes, and practical guidance for fostering innovation in

sectors like pharmaceuticals and healthcare where credence

goods prevail.

The Chinese CFSLI policy implementation serves as a

compelling quasi-natural experiment. Unlike liability insurance

schemes in other countries, the CFSLI’s compulsory nature

significantly mitigates adverse selection, offering a distinct

empirical advantage for causal inference.

2 Institutional background, related
literature, and hypothesis
development

2.1 Institutional background

In 2008, the Chinese government initiated the construction

of a food safety credit system, aiming to reduce food safety

incidents through strengthened supervision. In 2009, China

officially promulgated and implemented the “Food Safety Law of

the People’s Republic of China” to replace the “Food Hygiene

Law of the People’s Republic of China.” Replacing “hygiene” with

“safety” demonstrates the enhanced emphasis on safety issues. In

2013, the China Food and Drug Administration submitted the

“Food Safety Law of the People’s Republic of China (Revised

Draft)” to the State Council, which also included systems such as

CFSLI and the requirement that relevant government departments

should conduct safety responsibility interviews and dedicated

supervision and inspections of food companies on a regular basis.

In 2015, the former China Insurance Regulatory Commission,

State Council, and China Food and Drug Administration jointly

issued the “Guiding Opinions on Pilot Projects for Implementing

Food Safety Liability Insurance,” which required key enterprises

such as food processing companies, dairy product companies,

catering chains, and school cafeterias to be prioritized when

implementing pilot projects for CFSLI. This greatly expanded the

coverage of the insurance. In 2019, the State Council officially

issued the “Opinions of the Central Committee of the Communist

Party of China and State Council on Deepening the Reform

and Strengthening Food Safety,” encouraging qualified small and

medium-sized enterprises (SMEs) to actively purchase FSLI, which

led to the “compulsory participation of key enterprises+ voluntary

participation of SMEs.”

Although the “Guiding Opinions on Pilot Projects for

Implementing Food Safety Liability Insurance” was officially issued

in 2015, some regions started the pilot implementation as early as

2008. We thus manually screened the information from provincial

insurance regulatory bureaus as well as the policies and policy

release dates on the official websites of the provincial governments

regarding CFSLI. Provincial party committee’s official newspapers

were also consulted to identify when the policy was first reported.

Among 31 provinces/municipalities/autonomous regions, Jilin,

Yunnan, Tibet, Ningxia never participated in the pilot project.

Supplementary Table 1 summarizes the timeline.
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2.2 Related literature

2.2.1 Information asymmetry in the credence
goods market

Due to the intrinsic nature of the properties of goods, the

complexity of the market environment, and other factors, all parties

involved in the market transactions of interest subjects cannot

have equivalent information (Akerlof, 1970; Dulleck et al., 2011;

Grosskopf and Pearce, 2017). Some subjects of the transaction have

more information than others (Grosskopf and Pearce, 2020), and

this information asymmetry is more common in credence goods

markets, such as food, pharmaceuticals, and medical services.

From the consumers’ point of view, goods can be mainly

divided into three categories: search goods, experience goods, and

credence goods (Nelson, 1970; Darby and Karni, 1973). Among

them, search goods mainly are goods of which consumers before

or at the time of purchase can fully grasp the intrinsic quality

information, such as price, origin, date of production, brand, size,

color, packaging. Experience goods mainly refers to goods whose

quality can only be judged by consumers after purchase and use,

such as flavor, taste, and freshness. Credence goods mainly refers

to goods whose quality cannot be judged by consumers after

use, such as hormone and drug residues, whether the nutrition

is up to the standard or not, and whether the food additives

are over the standard or not. According to this classification,

considering the quality characteristics of food safety, food have both

the characteristics of experience goods (such as the characteristics

of food’s aroma, texture, taste, freshness, etc.) and credence

goods (such as whether the food contains additives, antibiotics,

pesticide residues, and whether the composition of its ingredients

is genuine, etc.; Zhou et al., 2004), For the characteristics of

food safety, consumers are unable to understand the quality

and safety information of food products before purchasing, but

they can judge the quality and safety level of food products

after purchasing and by virtue of their long-term accumulated

purchasing experience. In this case, companies can effectively

alleviate the information asymmetry problem between producers

and consumers by strengthening the publicity, so as to increase

the degree of understanding and recognition of the products by

consumers (Alysandratos et al., 2024). Besides, the characteristic

of credence goods for food safety refers to the fact that consumers

are unable to make effective judgment on the ingredients, additives,

pesticide residues, and others of food products, and they are

unable to determine whether food products are safe or not from

the experience of purchasing these products, and it is difficult

for companies to build up a good reputation for the quality

of the products using their own strength. This may lead to

serious information asymmetry between buyers and sellers of food

products (Emons, 1997; Balafoutas et al., 2013), and even the

phenomenon of “bad money (low-quality and low-cost products)

drives out good money (high-quality and high-cost products).”

2.2.2 Mechanism of liability insurance to alleviate
the market failure of credence goods

Liability insurance can effectively alleviate the degree of

information asymmetry between enterprises and consumers. It is

an important initiative to correct market failure of credence goods

(Zhang et al., 2014).

A strand of research pertains to signaling mechanisms like

reputation. Food, pharmaceuticals, medical services, and other

credence goods are mostly necessities, and consumers repeatedly

buy these products. Consumers’ purchasing behavior can directly

signal their willingness to pay for the products to the producers

(Emons, 1997), which can prompt the enterprise to enhance the

effective transmission of food quality signals through establishing

reputation (Ely and Välimäki, 2003), so as to promote high quality

development. Moreover, under the condition of information

asymmetry, signaling mechanisms, such as reputation, can also

effectively correct market failure problems that may be caused

by information asymmetry of reputable goods (Dulleck and

Kerschbamer, 2006). For example, although liability insurance

and other third-party guarantees are not directly related to the

quality of products, the cost of insurance itself can indirectly

convey the positive signal of high quality to consumers. This is

equivalent to an investment in the reputation of the quality of

the product of credence goods producing enterprises, which can

effectively alleviate the degree of information asymmetry between

consumers and the credence goods producing enterprises. This can

also to a certain extent diversify food companies’ risks, effectively

eliminating their concerns in product sales, thus prompting food

and other credence goods producing enterprises to turn market

pressure into the driving force of production and operation.

Therefore, liability insurance can effectively mitigate market failure

of credence goods. In addition, insurance companies and other

intermediary organizations can timely and objectively transmit the

quality signals of credence goods to consumers by monitoring

and recording the transactions in the credence goods market

(Alysandratos et al., 2024), improve consumers’ understanding of

product quality, and effectively reduce low-quality products in the

credence goods market.

Another strand of literature investigates the mechanism

of internal regulation. Liability insurance mainly internalizes

the cost of possible incidents through risk pricing, prompting

insurance companies to increase the supervision and management

of the quality of the products of the insured enterprises.

Therefore, liability insurance can send positive signals to the

society and effectively mitigate market failure of credence goods

(Lahnstein, 2011). Moreover, to reduce the underwriting risk,

liability insurance contractors actively utilize their advantage in

information collection to continuously strengthen the supervision

and management of the production process of the insured

enterprises. By doing so, liability insurance forms a dual governance

mechanism for the market of credence goods, such as food, in

cooperation with the government’s mandatory supervision. It is

an important supplement to the government’s supervision, and

can be regarded as providing consumers with a safe and secure

environment. Liability insurance can be regarded as a safety

guarantee mechanism for consumers, which can effectively regulate

the behavior of enterprises and reduce the probability of major

safety accidents, and plays an important role in maintaining food

safety and improving the credibility of the government (Ben-

Shahar and Kyle, 2012). Besides, under the joint influence of

strong government regulation and relevant incentives, liability
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insurance policy can prompt the government, food companies, and

insurance companies to form a stable tripartite equilibrium, which

can effectively alleviate the moral hazard and adverse selection

problems in the credence goodsmarket (Gong et al., 2013;Martinez

et al., 2007). Therefore, liability insurance has become an important

economic tool for mitigating market failures of the credence goods

market in addition to government regulation (Duan et al., 2019;

Zhang and Xie, 2022).

2.3 Hypothesis development

During the implementation of the CFSLI policy, insurance

companies play the role of external supervisors. Specifically, a

comprehensive risk assessment of the food companies to be insured

is conducted, differentiated and accurate quotations based on

the severity of potential risks are proposed, and an insurance

contract is formulated accordingly. During the insured period,

insurance companies usually reinforce the risk supervision and

control of the operations of the insured companies. They also

continue to optimize the claim settlement mechanisms following

each food safety incident to reduce compensation costs, improve

insurance coverage, and promote the overall social image of

the insurance industry. Moreover, the contract essentially allows

insurance companies to guarantee the quality of the underwritten

products with their own reputation. It is equivalent to sending

a signal of food safety to consumers, so that consumers can

more accurately identify quality products prior to purchase. In

other words, it reduces the information asymmetry between food

companies and consumers.

Given the mandatory nature of insurance, CFSLI minimizes

the adverse selection risks of food companies, increasing market

competition. Food companies with higher risks and fewer

development prospects are forced to pay higher premiums. As

such, companies are more motivated to standardize their daily

operations and management to reduce the probability of food

safety incidents. This, in turn, sends positive signals to the society,

lowers premiums, reduces daily operating costs, improves overall

profits, and ultimately results in higher-quality development. In

addition, to ensure product quality and improve the production

processes and efficiency, food companies are likely to encounter

practical problems such as the need to upgrade or replace existing

production lines or purchase new machinery and equipment.

However, some companies might face problems due to a shortage

of funds. To resolve these issues, the companies may take

loans from financial institutions or seek government subsidies.

Prior to the approval of loans, financial institutions require

a full evaluation of business status, company size, and future

development prospects. In the case of food companies, their

strict compliance with government requirements (e.g., having

CFSLI) and their societal reputation are also among the evaluation

criteria. The government conducts even stricter qualification

reviews than financial institutions prior to granting subsidies.

The companies’ taxes, social contributions, operations, type, cash

flow, and profitability are all evaluated. Given that government

subsidies tend to be large amounts and do not need to be

repaid, competition is intense. Therefore, to excel and obtain

funds from either the government or financial institutions, food

companies may adopt differentiated competition strategies, such as

enacting active social responsibility policies and increasing patent

applications, in addition to ensuring sound daily operations. With

these measures, companies are more likely to receive positive

evaluations and be granted subsidies and loans, which reduces

capital shortages and insurance premiums and induces companies

to increase innovation outputs. Therefore, the implementation

of the CFSLI policy promotes corporate innovation by reducing

financing constraints.

Following the implementation of the CFSLI policy, insurance

companies are likely to actively exert their advantages in

information collection to reduce underwriting risks, strengthen

the supervision and management of production in the insured

companies, and form a dual governance mechanism together

with the government for the credence goods market. This, in

turn, increases the survival and development pressures on food

companies. In this context, even if some companies have obtained

government subsidies or loans, they are likely to increase their

investment in quality supervision and research and development

(R&D) to enhance core competencies, reduce financing constraints,

and gain competitive advantages. Moreover, with the increase in

R&D expenditure, R&D activities are accelerated and companies

are likely to obtain new technologies, gain new advantages, and

lead the development of the food industry. These innovation

outputs have, in turn, a technology spillover effect and generate

additional profit returns for food companies, thus promoting

market value and core competencies. Additionally, according to

the drivers of innovation theories, the high returns of food

companies’ innovative outputs tend to further stimulate their

enthusiasm for R&D and innovation. With the implementation of

the CFSLI policy, food companies are likely to seize opportunities

for reform, ensure product quality, improve innovation capacity,

and gain greater competitive advantages. Besides, food companies

can increase investment in ongoing R&D activities, and implement

better management and control to achieve technological progress

and product upgrades. Since the implementation of the CFSLI

policy reduces the information asymmetry between enterprises and

stakeholders, a continuous increase in R&D investment also sends

positive signals to stakeholders (e.g., consumers and shareholders),

which is conducive to establishing a positive social image,

promoting the purchase confidence of consumers and investment

confidence of shareholders, reducing financing constraints, and

promoting significant development. Therefore, the implementation

of the CFSLI policy promotes corporate innovation by stimulating

investment in R&D.

Following the implementation of the policy, the trust between

consumers and food companies can be re-established, which

reduces the operational risk of food companies and the negative

impact on sales. This in turn improves the risk-taking capacity.

R&D activities can be regarded as a high-risk strategic investment.

A large, continuous, and stable supply of funds is an important

factor for maintaining performance and cultivating sustainable

development potential in the future. Since financing constraints

have been alleviated through government subsidies or bank loans

during the early stages of development, food companies are

more capable of taking risks. As such, they are more likely

to seize the development opportunities brought by the CFSLI
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policy, adopt a higher-risk strategy, and enhance their core

competitiveness through continuous increases in R&D investment

and the development of new products. In addition, according

to the input–output model, corporate innovation activities are

usually considered a long-term investment, and high risks and

a long cycle of return on investment are some of the problems

faced by companies during this process. Reducing investment

in the later R&D stages not only hinders the invested activities,

leading to the failure of R&D projects and reducing the benefits

obtained from innovation outputs, but also increases operating

costs and investment risks, which may jeopardize business survival.

Most food companies tend to focus on certain business types.

Although the implementation of the CFSLI policy has reduced

market failures, compared with companies in other industries, they

still face greater external risks. To attain significant development,

these companies are inclined to actively face risk and implement

strategic measures that utilize resource endowments to cope with

the inherent challenges; in doing so, they convert high risks to

potential high profits to enhance their core competencies and

achieve sustainable development. Therefore, the implementation

of the CFSLI policy promotes corporate innovation by promoting

food companies’ risk-taking capacity.

Based on the above analysis, the following hypothesis

is proposed:

H1: The implementation of CFSLI significantly promotes

corporate innovation.

3 Research design

3.1 Definition of variables

Weuse the number of patents tomeasure corporate innovation,

which has been widely used in the literature since Scherer (1965)

and Griliches (1981). Information about patent applications and

grants is from the State Intellectual Property Office of China

(SIPO). For each patent, SIPO provides information on the

patent application date, application identification, publication

identification, granting date, and patent identification, along

with inventors and application institutions. We extract patent

applications filed by the sample firms, including those filed by their

subsidiaries, from the SIPO database to construct measures for a

firm’s innovative outcomes. The Chinese patent system classifies

patents into three types: invention patents, utility model patents,

and design patents. Invention patents refer to those granted for a

new technical solution to a product or an industrial process. Utility

model patents are for new and practical technical solutions relating

to certain characteristics of a product, such as the product’s shape

and structure. This type of patent demonstrates new functional

aspects of a product. Design patents are for a product’s new shape,

pattern, or color that makes the product more attractive and

industrially applicable. It is worth noting that the SIPO database

does not provide reliable information on patent citations; thus,

we are unable to use patent citations to capture the quality of

each patent. As pointed out by Tan et al. (2020), invention patents

represent the most original inventions among all three types of

patents; thus, the number of invention patents can also measure

the quality of the patents produced by a firm.

As described earlier, we focus on the explanatory variable

CFSLI, which is assigned according to the list of provinces that

implemented CFSLI. Treat equals 1 if a listed company belongs

to a province that implemented CFSLI; otherwise, it equals 0. Post

indicates whether the CFSLI has been launched and equals 0 before

the event year and 1 in or after the event year. The interaction of

the Treat and Post terms generates the variable of interest CFSLI.

Following Wang et al. (2017), Xia et al. (2019), and Yu

et al. (2016), the following control variables were added in the

regression: company size (Size), debt-to-assets ratio (Lev), return

on assets (ROA), operating income growth rate (Growth), book-

to-market ratio (BM), nature of ownership (SOE), years from the

date of listing (ListAge), difference in share turnover rate (Dturn),

institutional investors’ shareholding (INST), shareholding ratio of

the largest shareholder (Top 1), size of the board of directors

(Board), proportion of independent directors (Indep), and CEO

duality (Dual). The definitions of the variables are shown in Table 1.

3.2 Identification strategy and model setup

The staggered implementation of the CFSLI policy provides

an ideal quasi-natural experiment. We adopt a DID method

embedded in the two-way fixed-effects model to explore its

impact on corporate innovation. The DID approach has two key

advantages. First, the DID methodology rules out omitted time

trends that are correlated with the implementation of CFSLI and

corporate innovation in both provinces that implemented CFSLI

(the treatment group) and provinces that did not implement

CFSLI (the control group). Second, the DID approach controls

for constant unobserved differences between the treatment and

the control groups that may bias our estimation. The baseline

regression model is defined as follows:

Patenti,t = β0 + β1CFSLIi,t + β2CVi,t + Firmi + Yeart + εi,t ,

(1)

where Patent represents the innovation capacity of the listed

company i in year t; CFSLI is a dummy variable for participation in

the CFSLI policy. CV symbolizes the control variable set; Firm and

Year are company and year fixed effects, respectively; and ε is the

random error term. CFSLI is the variable of interest. It measures

the difference in corporate innovation between food companies

that implemented the CFSLI policy and other companies that did

not after the launch of the pilot project, thereby identifying the

net effect of CFSLI controlling other factors that affect corporate

innovation. If CFSLI truly promote corporate innovation, the

coefficient β1 of CFSLI should be higher than zero. All standard

errors are clustered at firm level.

4 Empirical tests

4.1 The data

This study utilizes data from all A-share listed companies

in China spanning 2007 to 2018. The sample commences

in 2007 to align with the implementation of China’s new
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TABLE 1 Variables and definitions.

Variables Denotation Definition

Total patent applications Patent_ap ln (total patent applications in the given year+ 1)

Total patent grants Patent_gr ln (total patent grants in the given year+ 1)

The number of invention patent applications Invent_ap ln (the number of invention patent applications in the given year+ 1)

The number of invention patent grants Invent_gr ln (the number of invention patent grants in the given year+ 1)

The number of utility model patent applications Utility_ap ln (the number of utility model patent applications in the given year+ 1)

The number of utility model patent grants Utility_gr ln (the number of utility model patent grants in the given year+ 1)

The number of design patent applications Design_ap ln (the number of design patent applications in the given year+ 1)

The number of design patent grants Design_gr ln (the number of design patent grants in the given year+ 1)

Implementation of CFSLI CFSLI Takes the value of 1 if the CFSLI has been launched; otherwise= 0

Company size SIZE ln (total assets by the end of the year)

Debt-to-assets ratio LEV Year-end total debt/year-end total assets

Return on assets ROA Net income/average total assets

Operating income growth rate Growth (Business income of the year/business income of the previous year− 1)

Book-to-market ratio BM Total book value/market capitalization

Tobin’s Q TobinQ (Market value of tradable shares+ number of non-tradable shares× net assets per share+

book value of liabilities)/total assets

Nature of ownership SOE State-owned or state-owned holding= 1; otherwise= 0

Years from the date of listing ListAge ln (current year—the year when the company was listed)

Abnormal turnover DTURN The average monthly stock turnover rate of the current year—the average monthly stock

turnover rate of last year

Institutional investors’ shareholding INST The proportions of common shares held by institutional investors to all tradable shares at the

beginning and end of the year/2

Shareholding ratio of largest shareholder Top 1 Shares held by the largest shareholder/total shares

Board size Board ln (number of directors on the board)

Proportion of independent directors Indep Number of independent directors/total number of directors

CEO duality Dual Takes the value of 1 if the chairperson and the general manager are the same person;

otherwise= 0.

Accounting Standards, thereby avoiding inconsistencies arising

from accounting standard changes. The sample period concludes

in 2018 primarily due to the dependent variables: corporate patent

applications and grants. Patent examination involves significant

time lags, especially for invention patents. Applications enter an

18-month confidentiality period after formality examination

before publication, followed by substantive examination,

which typically requires over a year. Consequently, patent

applications filed near the sample end exhibit a high proportion

of pending determinations. Extending the sample beyond

2018 would introduce severe truncation bias, compromising

data quality.

We implemented the following screening procedures: (1)

exclusion of financial sector firms, (2) removal of Special

Treatment, Particular Transfer, and other abnormally listed

firms, and (3) elimination of companies with missing

observations. Patent data and financial data were sourced

from the China Stock Market and Accounting Research

(CSMAR) Database, while firm ownership data originated

from the Wind Economic Database. Supplementary data

were obtained from the RESSET Financial Research Database,

www.cninfo.com.cn (the official disclosure platform for Chinese

listed companies), and the China Statistical Yearbook on

Science and Technology. To mitigate the influence of extreme

values, all continuous variables were winsorized at the 1st and

99th percentiles.

Given that patent data for some firms were substantially

incomplete, potentially inducing sample selection bias, we analyzed

patterns of missing values and data quality for patent applications

and grants. Benford’s Law was applied to identify potential data

irregularities. Furthermore, data sourced from CSMAR, Wind, and

RESSET were systematically compared. The results confirmed high

consistency across the control variables. Descriptive statistics are

presented in Table 2.

Our average sample firms have book value assets of RMB

4.692 billion (or approximately USD 655 million) and are 7 years

old. The average firms are levered with a book leverage ratio of

43.2%. Sample firms have a sizable growth rate of 19%. Institutional

investors on average hold 47.53% of total shares. State-owned-

enterprises account for 31.76% of the total observations. In terms
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TABLE 2 Descriptive statistics of the main variables.

Variables Count Mean SD Min Max

Patent_apply 19,117 1.947 1.73 0 8.88

Patent_grant 19,117 1.141 1.432 0 8.5

Invent_apply 19,117 1.305 1.436 0 8.834

Utility_apply 19,117 1.343 1.524 0 8.135

Design_apply 19,117 0.508 1.033 0 6.529

Invent_grant 19,117 0.544 0.94 0 8.034

Size 19,117 22.2692 1.4283 19.4357 27.4677

Lev 19,117 0.4321 0.216 0.0521 0.9907

ROA 19,116 0.0368 0.0766 −0.5172 0.2209

Growth 18,030 0.1905 0.5545 −0.7266 5.8301

BM 19,117 1.0598 1.442 0.0481 12.5308

Dturn 19,117 −0.122 0.508 −2.494 1.469

INST 19,104 0.3753 0.2377 0.0001 0.8875

SOE 19,098 0.3176 0.4655 0 1

ListAge 19,117 2.0914 0.9199 0 3.3322

Top 1 19,063 0.3374 0.1464 0.0826 0.7546

Board 19,115 2.122 0.205 1.6094 2.7081

Indep 19,115 0.3766 0.0534 0.3 0.5714

Dual 18,837 0.2899 0.4537 0 1

of performance, sample firms perform well with an average ROA of

3.68% and book-to-market ratio of 1.0598.

4.2 Baseline regression results

The baseline regression results are shown in Table 3. Column

(1) presents the univariate regression results. The regression

coefficient of CFSLI is 0.109 (p < 0.01), indicating that,

following the implementation of the policy, corporate innovation

significantly improved; hence, H1 is supported. Column (2)

shows the regression results following the introduction of control

variables. The regression coefficient of CFSLI is 0.0226 (p < 0.05),

verifying the result of the univariate regression when controlling

for other factors. Columns (3) and (4) presents the results

when replacing the patent applications with patent grants. The

regression coefficients are 0.0269 and 0.0677, respectively (p <

0.05), indicating that the implementation of the policy significantly

improved corporate innovation. The results using patent grants

are generally consistent with those when using patent applications,

showing the results are robust. Based on the above results, H1

is supported.

To better analyze the impact of CFSLI on corporate innovation

and differences in the impact on different types of patents,

the explained variable in the original model was replaced with

invention patent (Invent), utility model patent (Utility), and design

patents (Design), respectively. The results are shown in Table 4.

Columns (1), (3), and (5) show that the coefficients of CFSLI are

TABLE 3 Benchmark regression results.

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

Patent_ap Patent_ap Patent_gr Patent_gr

CFSLI 0.109∗∗∗ 0.0226∗∗ 0.0269∗∗ 0.0677∗∗

(3.07) (2.23) (2.26) (2.15)

SIZE 0.319∗∗∗ 0.00953∗∗

(10.75) (2.46)

LEV 0.0398 0.0550

(0.50) (1.12)

ROA 0.262∗ 0.244∗∗

(1.94) (1.98)

Growth 0.0330∗∗∗ 0.0438∗∗∗

(2.93) (5.50)

BM 0.0135∗∗ 0.0271∗∗

(2.32) (2.19)

DTURN −0.0253∗∗ −0.0351∗∗

(−2.51) (−2.45)

INST 0.0258∗∗ 0.121∗∗

(2.43) (2.34)

SOE −0.0219 0.0129

(−0.28) (0.25)

ListAge 0.135∗∗ 0.124∗∗∗

(2.49) (2.66)

Top 1 −0.255∗∗ −0.304∗∗

(−2.20) (−2.00)

Board 0.0938 −0.0269

(0.93) (−0.30)

Indep −0.0143 −0.0385

(−0.04) (−0.14)

Dual −0.0591∗ −0.0222∗

(−1.84) (−1.83)

_cons 1.046∗∗∗ 6.061∗∗∗ 0.795∗∗∗ 1.001∗

(34.11) (9.07) (33.63) (1.95)

N 19,117 18,030 19,117 18,030

adj. R2 0.733 0.750 0.730 0.738

Firm

FE

Yes Yes Yes Yes

Year FE Yes Yes Yes Yes

t values in the brackets. ∗ , ∗∗ , and ∗∗∗ indicates p < 0.1, p < 0.05, and p < 0.001, respectively.

The same applies to the following tables.

0.0246, 0.0639, and 0.0206, respectively (p < 0.05), indicating that

the number of the applications for all types of patents increased

significantly following the implementation of the policy. Columns

(2), (4), and (6) are the results for replacing patent applications with

patent grants, and the regression coefficients of CFSLI are 0.0798,

0.127, and 0.0262, respectively (p < 0.05). These results echo those
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TABLE 4 By-patent test results.

(1) (2) (3) (4) (5) (6)

Invent_ap Invent_gr Utility_ap Utility_gr Design_ap Design_gr

CFSLI 0.0246∗∗ 0.0798∗∗ 0.0639∗∗ 0.127∗∗ 0.0206∗∗ 0.0262∗∗

(2.31) (2.29) (2.23) (2.11) (2.26) (2.33)

Controls Yes Yes Yes Yes Yes Yes

N 18,030 18,030 18,030 18,030 18,030 18,030

Adj. R2 0.722 0.674 0.730 0.712 0.639 0.674

Firm FE Yes Yes Yes Yes Yes Yes

Year FE Yes Yes Yes Yes Yes Yes

of using patent applications and confirm the positive effect of the

implementation of the policy on corporate innovation.

4.3 Testing for endogeneity

4.3.1 Parallel trends and dynamic e�ects
The premise of applying the DID model is that the sample

satisfied the parallel trend assumption before the policy was

implemented. Following Chen et al. (2020), we define 10 dummy

variables, Before 5+, Before 4, Before 3, Before 2, Before 1, Current,

After1, After 2, After 3, and After 4, to indicate the year relative

to the implementation of the CFSLI policy. For example, Current

indicates the year in which the policy is implemented; Before 22

indicates that it is 2 years before the implementation; and After

2 indicates that it is 2 years after the implementation. Then we

re-estimate Equation 1 by replacing the implementation indicator

with the ten indicators above with Before5+ as the base group. The

results are shown in Table 5.

The regression coefficients of Treat × Before 4, Treat ×

Before 3, Treat × Before 2, Treat × Before 1 indicators are

especially important because their significance and magnitude

indicate whether there is any difference in innovation between the

treatment group and the control group prior to the policy change.

The coefficients on all four indicators are close to zero and not

statistically significant across both columns, indicating that the

parallel trends assumption of the DID approach is not violated. The

absence of any significant lead effects has at least three implications.

First, the implementation of CFSLI does not seem to be anticipated

by the treated firms. Second, even if some treated firms anticipated

such policy changes, the actual compulsory purchasing of the

insurance did not change until the policies took effect. Third,

the positive effect of CFSLI on innovation is not the result

of policymakers simply responding to past innovation activities,

mitigating the reverse causality concern. Besides, the coefficients

of Treat × Current is also small in magnitude and insignificant

in both columns. The impact of the policy change starts to show

up 1 year after the implementation: the coefficients of indicator

Treat × After 1 become significantly positive in both columns.

The coefficients on Treat×After2, Treat×After3, Treat×After4 are

all significant and increasing in magnitude, indicating that it takes

time to reveal the full impact of CFSLI on corporate innovation.

TABLE 5 Results of the parallel trends and dynamic e�ect tests.

(1) (2)

Patent_ap Patent_gr

Treat× Before 4 −0.030 −0.0168

(−0.88) (−1.32)

Treat× Before 3 −0.095 −0.0696

(−1.10) (−0.50)

Treat× Before 2 −0.071 −0.120

(−1.01) (−0.70)

Treat× Before 1 −0.0160 −0.0885

(−0.09) (−0.53)

Treat× Current 0.0333 0.0656

(0.17) (0.37)

Treat× After 1 0.0844∗∗ 0.1115∗∗

(2.42) (2.01)

Treat× After 2 0.0923∗∗ 0.1570∗∗

(2.05) (2.31)

Treat× After 3 0.0997∗∗ 0.192∗∗

(2.52) (2.07)

Treat× After 4 0.1024∗∗ 0.2264∗∗

(2.47) (2.43)

Controls Yes Yes

N 18,030 18,030

adj. R2 0.750 0.738

Firm FE Yes Yes

Year FE Yes Yes

This is understandable given that innovation is usually a long-

term process.

4.3.2 Propensity score matching
A suitable control group is essential for the accuracy and

credibility of the DID method. This study sets food companies in
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provinces that did not implemented the CFSLI policy as the control

group, ignoring the inherent differences in corporate innovation

and other aspects between listed firms in the treatment and

control groups, which may cause the DID method’s estimation

results to be unreliable. We employ the PSM method to match

firms in the treatment group with those in the control group

to reduce the systemic bias and other endogeneity problems of

the DID method; we thus overcome the systematic differences

in the corporate innovation trends between the treatment and

control groups. We conduct logit regressions on the control

variables to obtain the PSM. Following Jiang and Wu (2024), three

different matching methods (i.e., radius, kernel density, and nearest

neighbor matching) were used. The results are shown in Table 6.

Columns (1)–(3) show that the regression coefficients of CFSLI

are 0.0392, 0.0226, and 0.0226, respectively (p < 0.05), which

indicates that, following the implementation of the policy, food

companies’ innovation capacity improved significantly. Columns

(4)–(6) show that the results when replacing patent applications

with patent grants, and the regression coefficients are 0.0635,

0.0677, and 0.0677, respectively (p< 0.05). These results echo those

of using patent applications and confirm the positive effect of the

implementation of the policy on corporate innovation.

4.3.3 Entropy balancing and coarsened exact
matching

The robustness of the results was also tested using alternative

matching methods. Entropy balancing (EB) is based on the idea

of constrained optimization. It assigns a continuous weight to

each observation of the control group to ensure the distribution

moments (mean, variance, and skewness) between the treatment

and control groups on each covariate were proximate, thereby

eliminating the differences in each covariate between the

observations in the two groups. Compared to PSM, EB has two

advantages: (1) it takes minimizing the differences in the moments

of covariates as its optimization goal, which ensures that the

distributions of the treatment and control groups are proximate

in the higher-order moments of each covariate, while PSM cannot

achieve this effect, and (2) when performing EB, the only parameter

that requires objective setting is the tolerance level of the results

of the iterative algorithm, while PSM has concerns caused by

subjective setting of the details (e.g., the variable selection in step

one when calculating the propensity scores and model setting,

whether matching with replacement should be performed, and

whether the matching should be 1:1 or 1:n).

Additionally, PSM cannot ensure that balancing is improved

after matching, while coarsened exact matching (CEM) processes

the confounding factors in the observed data to balance the

distributions of the covariates between the treatment and control

groups, thereby improving data comparability. In CEM, the

maximum imbalances between the treatment and control groups

are chosen in advance, rather than discovered during the

review and evaluation stages. Moreover, changing the maximum

imbalance of one variable does not affect that of any other variables.

CEM groups variables according to criteria set during pre-selection.

While retaining essential information, the matching efficiency is

improved and the model dependencies and estimation error of the

average treatment on the treated are limited. CEM also limits the

data to the common support ranges, and conforms to the principle

of consistency. It is less sensitive to measurement errors. It allows

for multiple imputation when dealing with missing data.

The results of EB and CEM are shown in Table 7. Columns (1)

and (2) show that the regression coefficients of CFSLI following EB

are 0.0351 and 0.0281, respectively (p < 0.01). Columns (3) and (4)

are the results following CEM. The regression coefficients of CFSLI

are 0.219 and 0.0670, respectively (p < 0.01). These results confirm

that food companies’ innovation improved significantly following

the implementation of the CFSLI policy.

4.3.4 Placebo tests
There might be policies or influencing factors other than

the CFSLI that may induce corporate innovation enhancement

during the same period. To rule out the possibility that corporate

innovation might have been heightened by other contemporaneous

policies, following Topalova (2010), we perform a placebo test

by falsifying the year the policy was initiated. We assume that

the CFSLI was implemented 2 or 3 years before the actual date

and observe the coefficient and significance of the policy variable.

If the estimated coefficient of the policy variable is insignificant

TABLE 6 Propensity score matching test results.

(1) (2) (3) (4) (5) (6)

Radius
matching

Kernel density
matching

Nearest
neighbor
matching

Radius
matching

Kernel density
matching

Nearest
neighbor
matching

Patent_ap Patent_ap Patent_ap Patent_gr Patent_gr Patent_gr

CFSLI 0.0392∗∗ 0.0226∗∗ 0.0226∗∗ 0.0635∗∗ 0.0677∗∗ 0.0677∗∗

(2.39) (2.23) (2.23) (2.11) (2.15) (2.15)

Controls Yes Yes Yes Yes Yes Yes

N 16,042 16,004 15,986 16,042 16,004 15,986

adj. R2 0.749 0.750 0.750 0.736 0.738 0.738

Firm FE Yes Yes Yes Yes Yes Yes

Year FE Yes Yes Yes Yes Yes Yes
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TABLE 7 Tests of entropy balancing and coarsened exact matching.

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

Entropy balancing Coarsened exact
matching

patent_ap patent_gr patent_ap patent_gr

CFSLI 0.0351∗∗∗ 0.0281∗∗∗ 0.219∗∗∗ 0.0670∗∗∗

(3.37) (3.29) (3.97) (2.90)

Controls Yes Yes Yes Yes

N 17,028 17,028 16,842 16,842

adj. R2 0.720 0.686 0.415 0.459

Firm

FE

Yes Yes Yes Yes

Year FE Yes Yes Yes Yes

TABLE 8 Placebo tests falsifying the CFSLI implementation year.

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

Patent_ap Patent_ap Patent_gr Patent_gr

CFSLI_

False2

0.0104 0.142

(0.09) (1.13)

CFSLI_

False3

0.0468 0.116

(0.34) (0.92)

Controls Yes Yes Yes Yes

N 18,030 18,030 18,030 18,030

adj. R2 0.750 0.750 0.738 0.738

Firm

FE

Yes Yes Yes Yes

Year FE Yes Yes Yes Yes

under the two placebo tests, the CFSLI improves food companies’

corporate innovation. If the two falsified policy variables are

significant, CFSLI implementation does not necessarily cause

corporate innovation enhancement in food companies. Table 8

presents the results.

When assuming the CFSLI was proposed 2 years or 3 years

before the actual event year, the estimated coefficient of the CFSLI

term is not significant. Thus, CFSLI implementation improve food

companies’ innovation without interference from other policies

or factors.

We conducted another placebo test by designating listed

companies in the pharmaceutical and medical service industries

as the treatment group. As discussed earlier, pharmaceutical and

medical services products are also credence goods. The CFSLI

policy only pertains to food companies. Hence, we expect that

the regression results of the falsified term CFSLI_falsified would

be statistically insignificant. The results in columns (1) and (2) of

Table 9 showed the results. When assuming listed companies in

the pharmaceutical and medical services industries the treatment

group, the estimated coefficient of the CFSLI_falsified term is

not significant. Therefore, pharmaceutical and medical service

TABLE 9 Placebo tests falsifying industries of the treatment group.

(1) (2)

Patent_ap Patent_gr

CFSLI_falsified 0.136 0.0965

(1.21) (1.34)

Controls Yes Yes

N 18,030 18,030

adj. R2 0.750 0.738

Firm FE Yes Yes

Year FE Yes Yes

companies’ innovation was not affected by the implementation of

CFSLI, indicating the benchmark results are robust.

We also conduct a placebo test to exclude the influence of

unobservable random disturbances on food companies’ corporate

innovation. From Equation 1, the estimated value of the CFSLI

policy coefficients is obtained as follows:

β̂1 = β1 + γ
cov(CFSLIit ,µit|control)

var(CFSLIit|control)
, (2)

where control includes all control variables; if the estimation of β1 is

unbiased, then γ should be zero. It is impossible to judge whether

γ is 0 and directly test whether the estimated coefficient of β1 is

affected by unobservable random disturbance items; therefore, we

set a falsified variable of the CFSLI policy variables (CFSLI_falseit)

using a simulation method of randomly assigning values to the

firms in the treatment group. Ideally, CGSLI_falseit would have no

effect on food companies’ corporate innovation. Under this setting,

if β̂1 = 0 is still obtained, γ can be inferred to be 0.

The process is repeated 1,000 times to ensure that the

placebo test can effectively identify causality. Figure 1 shows

the probability density distribution diagram of the estimated

coefficient of the CFSLI policy variables. Accordingly, the estimated

values of the randomly generated policy variables are densely

distributed around zero. The same pattern is observed in Figure 2

in which the explained variable is patents granted. Thus, γ =0

can be deduced to verify no unobservable random disturbance

term affects the causal conclusion; that is, the CFSLI policy

variables randomly generated have no impact on food companies’

innovation. Therefore, the positive and significant CFSLI impact

on food companies’ innovation is not affected by unobserved

random disturbances.

4.4 Robustness checks

4.4.1 Poisson regression
To ensure the robustness of the results, we conduct additional

tests using alternative regressionmethods. The absolute value of the

number of patent applications and the absolute value of the number

of patent grants were used to measure corporate innovation.

Considering that the number of patents is an integer greater
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FIGURE 1

Placebo test of patent applications as the explained variable.

FIGURE 2

Placebo test of patent grants as the explained variable.

than or equal to 0, the Poisson regression model was adopted.

The results are presented in Supplementary Table 2. Columns (1)

and (2) show the regression coefficients of CFSLI (0.369 and

0.163, respectively) and the results are statistically significant (p <

0.05). The findings are thus generally consistent with those of the

benchmark results.

4.4.2 Panel Tobit regression
Companies might decide not to apply for a patent due to factors

such as strategic decisions, available resources, and intellectual

property protection. Therefore, the number of patent applications

and grants of many sampled companies was 0, leading to clustering

around the distribution at the value of 0. Hence, the data need to
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be processed by Tobit regression. However, the Tobit regression

model suffers nuisance parameters when controlling for individual

fixed effects; hence, the results obtained by conventional maximum

likelihood estimation tend to be biased. Additionally, the model

only tests for random effects and not for the fixed effect of panel

data. Therefore, the Tobit model with panel data was used for

robustness check. The results are shown in Supplementary Table 3.

From columns (1) and (2), the regression coefficients are 0.0839

(p < 0.01) and 0.0320 (p < 0.05), respectively, confirming that the

implementation of CFSLI promoted food companies’ innovation.

4.4.3 Alternative measurements of corporate
innovation

To further test the robustness of the results, the original

measure for corporate innovation was replaced by patent

applications/R&D expenses and patent grants/R&D expenses. The

results are shown in Table 10. The regression coefficients of CFSLI

are 0.00270 (p < 0.05) and 0.00616 (p < 0.05), indicating that the

causal relation detected in the benchmark regression remain valid

following the replacement of the measurements.

4.4.4 Alternative control group
In the benchmark regression, the listed food companies

that implemented CFSLI were categorized as the treatment

group and those that did not were categorized as the control

group. We check for robustness by expanding industries in the

control group. Referring to the “Guidelines for the Industrial

Classification of Listed Companies (Revised in 2012)” issued

by the China Securities Regulatory Commission, food industry

belongs to the manufacturing industry. Therefore, all firms in the

manufacturing industry except food companies were designated

the control group. The results are presented in Table 11. Columns

(1) and (2) show that the regression coefficients of CFSLI

are 0.0283 (p < 0.05) and 0.0475 (p < 0.05), respectively,

indicating that the results remain consistent using alternative

control group.

4.4.5 High dimension fixed e�ects
Previous empirical results only controlled for firm and year

fixed effects. We also included industry-by-year fixed effects to

capture time-varying industry trends in the regression, and we

included province effects to control for time-invariant provincial

characteristics that may affect corporate innovation. The results are

reported in Table 12. As shown, the coefficients of CFSLI remain

significantly positive in all robustness tests. These results help

mitigate the concern that the benchmark results are driven by

unobserved secular trends.

4.4.6 Controlling confounding e�ects
During policy formulation and implementation, a few major

changes took place in the capital market of China. To control

potential confounding effects caused by margin trading and

short selling (MTSS), the Mainland China–Hong Kong Stock

TABLE 10 Robustness tests using alternative measurements of corporate

innovation.

(1) (2)

Patent
applications/R&D

expenses

Patent
grants/R&D
expenses

CFSLI 0.00270∗∗ 0.00616∗∗

(2.05) (2.34)

Controls Yes Yes

N 18,030 18,030

adj. R2 0.668 0.683

Firm FE Yes Yes

Year FE Yes Yes

TABLE 11 Robustness tests using alternative control group.

(1) (2)

Patent_ap Patent_gr

CFSLI 0.0283∗∗ 0.0475∗∗

(2.28) (2.43)

Controls Yes Yes

N 29,984 29,984

adj. R2 0.746 0.717

Firm FE Yes Yes

Year FE Yes Yes

Connect (MCHKSC), and replacing business taxes with value-

added taxes (RBTVAT), this study modifies Equation 1 by

incorporating these events for a robustness check to mitigate the

influence of the confounding events. The results are shown in

Supplementary Table 4. Columns (1)–(4) show that the regression

coefficients of CFSLI in four columns are 0.0503, 0.0169, 0.0226,

and 0.0446, respectively (p < 0.05). Columns (5)–(8) are the

results for replacing patent applications with patent grants, and

the regression coefficients are 0.0894, 0.0866, 0.0677, and 0.110,

respectively (p < 0.1). Therefore, the results remain robust when

controlling the influence of confounding policies.

Considering that corporate innovation might be affected by

other industrial policies implemented over the sample period, all

industrial policies issued during the sample period were selected

and categorized into three groups: encouragement at the provincial

level (EP), key support at the provincial level (KP), and key

support at the national level (KN). This study modifies Equation 1

by incorporating these industrial policies for another robustness

check. The regression results are shown in Supplementary Table 5.

Columns (1)–(4) show that the regression coefficients of CFSLI

are 0.0195 (p < 0.05), 0.0383 (p < 0.05), 0.0572 (p < 0.05),

and 0.0584 (p < 0.1), respectively. Columns (5)–(8) are the

results for replacing patent applications with patent grants, and

the regression coefficients are 0.0670 (p < 0.01), 0.0721 (p <

0.05), 0.0752 (p < 0.1), and 0.0761 (p < 0.1), respectively. The
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TABLE 12 Robustness tests of adding high dimension fixed e�ects.

(1) (2) (3) (4) (5) (6)

Patent_ap Patent_ap Patent_ap Patent_gr Patent_gr Patent_gr

CFSLI 0.101∗∗ 0.00447∗∗ 0.153∗ 0.0917∗∗ 0.0300∗∗ 0.150∗∗

(2.15) (2.05) (1.94) (2.22) (2.31) (2.11)

Controls Yes Yes Yes Yes Yes Yes

N 18,030 18,030 18,030 18,030 18,030 18,030

adj. R2 0.763 0.755 0.765 0.741 0.739 0.742

Firm FE Yes Yes Yes Yes Yes Yes

Industry× Year FE Yes No Yes Yes No Yes

Province× Year FE No Yes Yes No Yes Yes

benchmark results remain robust when controlling the influence of

industrial policies.

4.4.7 Goodman–Bacon decomposition
Goodman-Bacon (2021) found that, when multiple treatment

effects occur at different times, the DID standard error may be

biased, as the treatment group of an earlier period may be the

control group of the treatment group of a later period. Considering

that six staggered policy changes in different years were used in

this study, we followed Goodman-Bacon (2021) and performed a

decomposition on the estimates of different treatment times. The

two-way fixed-effects DID model is the weighted average of all

likely 2 × 2 variance estimators in the data. The results are shown

in Tables 13, 14.

The decomposition shows comparisons between different

time groups (early-treatment vs. late-treatment groups and late-

treatment vs. early-treatment groups), the units of treatment

and control groups (treat vs. control), and changes within the

control group. The findings demonstrate that only approximately

11% of the estimated variance originated from the comparisons

of temporal heterogeneity among the treatment effects. More

importantly, the majority of the estimated differences originated

from the comparison between the control group and expanding

treatment group. The coefficient on CFSLI when patent application

is the explained variable is 0.02155 (while the coefficient is 0.0226 in

column (2) of Table 3). The coefficient onCFSLI when patent grants

is set as the explained variable is 0.06352 (while the coefficient is

0.0677 in column (4) of Table 3). In conclusion, the results are

largely unchanged after addressing the potential biases related to

the temporal heterogeneity of treatment effects.

To further address the heterogeneity from treatment timing,

three alternative DID methods were introduced, namely the

method proposed by Callaway and Sant’Anna (2021), the method

proposed by Sun and Abraham (2021), and the stacked DID

method proposed by Cengiz et al. (2019).

The estimators using the methods proposed by Callaway

and Sant’Anna (2021) and Sun and Abraham (2021) are closely

related. Given the heterogeneity of treatment effects, the time-

specific treatment effects for individual cohorts were estimated first;

then, the treatment effects were converged to generate the overall

TABLE 13 Goodman-Bacon decomposition: patent applications.

Regression
coe�cients

Total
weight

Comparison between time-groups 0.00764 0.112

Comparison between the control group

and expanding treatment group

0.02155 0.849

Changes in control variables within the

group

0.15913 0.040

TABLE 14 Goodman-Bacon decomposition: patent grants.

Regression
coe�cients

Total
weight

Comparison between time-groups 0.00526 0.126

Comparison between the control group

and expanding treatment group

0.06352 0.827

Changes in control variables within the

group

0.19624 0.047

TABLE 15 Alternative DID methods: patent applications.

Callaway and
Sant’Anna
(2021)

Sun and
Abraham
(2021)

Cengiz
et al.
(2019)

CFSLI 0.02051 0.01874 0.01779

treatment effect. However, the two approaches differ in flexibility,

control variable adjustment, control group selection, and inferences

(Baker et al., 2022). According to Cengiz et al. (2019), the stacked

DID is used to create event-specific net 2 × 2 datasets for the

treatment group and the “pure” control group within the treatment

window. Then, the pure 2 × 2 datasets were stacked together

and the two-way fixed-effects differences in DID regression were

estimated using dataset-specific unit and time fixed effects.

Table 15 reports the static effect estimates of the impact of

the CFSLI policy on patent applications. The sample included

listed companies impacted within −5 to +5 years relative to the

event year during the sample period, as well as pure control

companies (observations that were never impacted) for which data
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TABLE 16 Alternative DID methods: patent grants.

Callaway and
Sant’Anna
(2021)

Sun and
Abraham
(2021)

Cengiz
et al.
(2019)

CFSLI 0.06487 0.06279 0.06282

were available for all sample years. The coefficients on CFSLI

are 0.02051 (Callaway and Sant’Anna, 2021), 0.01874 (Sun and

Abraham, 2021), and 0.01779 (Cengiz et al., 2019), respectively. The

results are statistically significant at the 5% level. The economic

significance of these coefficients is comparable to that in column

(2) of Table 3 (0.0226) for the benchmark regression.

Table 16 reports the static effect estimates of the impact of the

policy on patent grants. The coefficients on CFSLI are 0.06487

(Callaway and Sant’Anna, 2021), 0.06279 (Sun and Abraham,

2021), and 0.06282 (Cengiz et al., 2019), respectively. The results are

statistically significant at the 5% level. The economic significance

of these coefficients is comparable to that in column (4) of Table 3

(0.0677) for the benchmark regression.

These results suggest that the main inference of the study

remains largely unchanged, both statistically and economically,

when alternative DID methods are applied.

4.5 Underlying mechanism

Food companies’ strict compliance with government

requirements (e.g., having CFSLI) and their societal reputation are

important evaluation criteria of obtaining loans. The government

conducts even stricter qualification reviews than financial

institutions prior to granting subsidies. To excel and obtain

funds from either the government or financial institutions, food

companies may adopt differentiated competition strategies, such as

enacting active social responsibility policies and increasing patent

applications, in addition to ensuring sound daily operations. With

these measures, companies are more likely to receive positive

evaluations and be granted subsidies and loans, which reduces

capital shortages and insurance premiums and induces companies

to increase innovation outputs. Therefore, the implementation

of the CFSLI policy promotes corporate innovation by reducing

financing constraints. Following Kaplan and Zingales (1997),

we used the KZ index to measure financing constraints. Higher

KZ index means greater financing constraints. The relationship

between financing constraints, CFSLI, and corporate innovation is

tested using Equation 3.

Patenti,t = a+ β1KZi,t + β2CFSLIi,t + β3CFSLIi,t × KZi,t

+ β4CVi,t + Firmi + Yeart + εi,t , (3)

where KZ measures financing constraints, the coefficient on

CFSLI × KZ (β3) is the variable of interest. It measures the

influence of financing constraints on the relationship between the

implementation of the policy and corporate innovation. A negative

coefficient indicates that the implementation of the policy promotes

corporate innovation through alleviating financing constraints.

Table 17 shows the results. From column (1), the regression

TABLE 17 Tests of underlying mechanism: financing constraints.

(1) (2)

Patent_ap Patent_gr

CFSLI 0.0270∗∗ 0.126∗∗

(2.25) (2.07)

KZ −0.00917∗∗ −0.0105∗∗

(−2.53) (−1.98)

CFSLI× KZ −0.0133∗∗ −0.0570∗

(−2.02) (−1.89)

Controls Yes Yes

N 18,030 18,030

Adj. R2 0.753 0.734

Firm FE Yes Yes

Year FE Yes Yes

coefficient on CFSLI × KZ is −0.0133 (p < 0.05). Column (2)

shows the results when patent applications were replaced with

patent grants and the coefficient on CFSLI × KZ is −0.0570 (p <

0.1). These findings confirm that the implementation of the policy

promoted corporate innovation by reducing financing constraints.

Following the implementation of the CFSLI policy, insurance

companies are likely to actively collect information to reduce

underwriting risks, strengthen the supervision and management

of production in the insured companies, and form a dual

governance mechanism together with the government for the

credence goods market. Food companies react by increasing

their investment in quality supervision and R&D to enhance

core competencies. With the increase in R&D expenditure, R&D

activities are accelerated and companies are likely to obtain new

technologies, gain new advantages, and lead the development

of the food industry. Since the implementation of the CFSLI

policy reduces the information asymmetry between enterprises

and stakeholders, a continuous increase in R&D investment

also sends positive signals to stakeholders (e.g., consumers and

shareholders). Therefore, the implementation of the CFSLI policy

promotes corporate innovation by stimulating investment in R&D.

The relationship between R&D expenses (RDEXP), CFSLI, and

corporate innovation is tested using Equation 4.

Patenti,t = a+ β1RDEXPi,t + β2CFSLIi,t + β3CFSLIi,t

× RDEXPi,t + β4CVi,t + Firmi + Yeart + εi,t , (4)

where the coefficient on CFSLI × RDEXP (β3) measures the

influence of R&D expenses on the relationship between the

implementation of the policy and corporate innovation. A positive

coefficient indicates that the policy promotes corporate innovation

through more R&D expenses. Table 18 shows the results. From

column (1), the regression coefficient on CFSLI × RDEXP is

0.0106 (p < 0.05). Column (2) shows the results when patent

applications are replaced with patent grants and the coefficient

on CFSLI × RDEXP is 0.0102 (p < 0.05). These findings confirm

that the policy promoted corporate innovation through increased

R&D expenses.
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TABLE 18 Tests of underlying mechanism: R&D expenses.

(1) (2)

Patent_ap Patent_gr

CFSLI 0.0184∗∗ 0.165∗∗

(2.48) (2.15)

RDEXP 0.0128∗∗ 0.0105∗∗

(2.24) (2.06)

CFSLI× RDEXP 0.0106∗∗ 0.0102∗∗

(2.01) (2.12)

Controls Yes Yes

N 18,030 18,030

Adj. R2 0.753 0.734

Firm FE Yes Yes

Year FE Yes Yes

Following the implementation of the policy, the trust between

consumers and food companies can be re-established, which

reduces the operational risk of food companies and the negative

impact on sales. This in turn improves the risk-taking capacity.

Stable supply of funds is an important factor for maintaining

corporate innovation. Since financing constraints have been

alleviated through government subsidies or bank loans during the

early stages of development, food companies are more capable of

taking risks. As such, they are more likely to seize the development

opportunities brought by the CFSLI policy, adopt a higher-

risk strategy, and enhance their core competitiveness through

continuous increases in R&D investment and the development of

new products. Therefore, the implementation of the CFSLI policy

promotes corporate innovation by promoting food companies’

risk-taking capacity. With the implementation of CFSLI, managers

are more likely to continuously invest a large amount of resources

in an uncertain future to pursue high profits. Enterprises that

are willing to take high risks actively seek and seize market

opportunities, allocate advantageous resources, increase R&D

investment, and expand to newmarkets; hence, they are more likely

to earn profits. Following John et al. (2008) and Boubakri et al.

(2013), this study used the 3-year rolling standard deviation of the

ratio of profit before interest and tax to sales revenue to measure

risk-taking capacity. The relationship between risk-taking, CFSLI,

and corporate innovation is tested using Equation 5.

Patenti,t = a+ β1RiskTakingi,t + β2CFSLIi,t + β3CFSLIi,t

× RiskTakingi,t + β4CVi,t + Firmi + Yeart + εi,t (5)

where the coefficient on CFSLI × RiskTaking (β3) measures

the influence of risk-taking on the relationship between the

implementation of the policy and corporate innovation. A

significantly positive coefficient indicates CFSLI promoted

corporate innovation through enhancing risk-taking capacity.

Table 19 shows the results. From column (1), the regression

coefficient on CFSLI × RiskTaking is 0.0269 (p < 0.05). Column

TABLE 19 Tests of underlying mechanism: risk-taking.

(1) (2)

Patent_ap Patent_gr

CFSLI 0.0777∗∗ 0.454∗∗∗

(2.18) (2.97)

RiskTaking 0.0670∗∗ 0.0181∗∗∗

(2.10) (2.68)

CFSLI t

× RiskTaking

0.0269∗∗ 0.143∗∗

(2.23) (2.08)

Controls Yes Yes

N 18,030 18,030

Adj. R2 0.750 0.738

Firm FE Yes Yes

Year FE Yes Yes

(2) shows the results when patent applications are replaced with

patent grants and the coefficient on CFSLI × RiskTaking is 0.143

(p < 0.05). The results verify that CFSLI promoted corporate

innovation by enhancing risk-taking.

4.6 Heterogeneity tests

Enterprises with different types of ownership structure

significantly differ in terms of innovation behavior. The

appointment of executives of SOEs is generally decided by

the government in China, and the length of term in the position

is generally short. Therefore, executives of SOEs are more likely

to pay attention to short-term benefits and more inclined to

invest in short-term, low-profit projects with a short return on

investment, and less motivated to invest in innovative projects

with long payback periods and high risks. However, to survive

such a complex environment, non-SOEs need to maintain their

competitiveness through continuous investment in innovation.

Moreover, SOEs usually undertake more social responsibilities,

such as providing employment and improving livelihoods; hence,

they are more likely to receive preferential support from the

government, state-owned banks, and other institutions. Therefore,

SOEs have more financing opportunities and channels at a lower

cost. However, non-SOEs are more likely to encounter difficulties

in obtaining financial support from traditional financial services

when engaging in innovative activities, and their financing costs

tend to be higher and channels more limited.

Therefore, we distinguish in the analysis SOEs and non-SOEs.

The results are shown in Table 20. Columns (1) and (2) show that

the coefficients of CFSLI are 0.0133 (p> 0.1) and 0.0884 (p< 0.05),

respectively. Columns (3) and (4) show the results for replacing

patent applications with patent grants, and the coefficients ofCFSLI

are 0.0337 (p > 0.1) and 0.190 (p < 0.05), respectively. The CFSLI

promotes corporate innovation for non-SOEs while it plays a

relatively limited role in promoting corporate innovation for SOEs.
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TABLE 20 Heterogeneity tests: SOEs vs. non-SOEs.

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

SOEs non-
SOEs

SOEs non-
SOEs

Patent_ap Patent_ap Patent_gr Patent_gr

CFSLI 0.0133 0.0884∗∗ 0.0337 0.190∗∗

(1.09) (2.12) (1.22) (2.20)

Controls Yes Yes Yes Yes

N 10,320 7,710 10,320 7,710

Adj. R2 0.721 0.793 0.705 0.779

Firm FE Yes Yes Yes Yes

Year FE Yes Yes Yes Yes

This can be attributed to the relatively more financing constraint,

higher financing costs, less financing channels, and less government

support. The implementation of CFSLI to a certain extent alleviates

these adversaries, thereby having more significant marginal effect

on corporate innovation for non-SOEs.

According to the resource dependence theory, managers’

perception and acquisition of resources are directly affected by

the market environment. That is, when the market has more

opportunities and resources, enterprises are more inclined to

adopt innovative strategies and increase investment in innovation.

Moreover, as the market matures, and the efficiency and

transparency of information circulation increase, therefore an

environment becomes more conducive to fair competition, the

market is more likely to fully exert its true function, and uncertainty

is reduced.

Therefore, this study investigated the influence of

marketization. We introduce the marketization index of China’s

provinces (Wang et al., 2021). Based on the marketization index

mean, firms are grouped into high marketization degree and

low marketization degree. The results are shown in Table 21.

The coefficients of CFSLI in regions of high marketization is

0.272 (p < 0.05), while it is insignificant in regions of low

marketization (0.0995, p > 0.1). Columns (3) and (4) present the

results for replacing patent applications with patent grants, and

the same pattern is observed. The market operation mechanism

in high-marketization regions is relatively complete. For regions

with a high degree of marketization, local governments have

taken measures to effectively improve the market mechanism

and business environment to promote technological innovation

and economic growth (Jiang and Wu, 2024). In comparison, the

market operation mechanism of low-marketization regions is

not complete, and local enterprises lack awareness of R&D and

improving efficiency. Therefore, the implementation of CFSLI

promoted corporate innovation in regions with more mature

markets and had limited impact on corporate innovation in

regions with immature markets.

4.7 Economic consequences

For enterprises, profitability is a consistent and primary

business driver. Due to personal reputation and performance

TABLE 21 Heterogeneity tests: low marketization vs. high marketization.

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

Low High Low High

Patent_ap Patent_ap Patent_gr Patent_gr

CFSLI 0.0995 0.272∗∗ 0.0889 0.0534∗∗

(0.83) (2.47) (0.73) (2.28)

Controls Yes Yes Yes Yes

N 8,012 10,018 8,012 10,018

Adj. R2 0.747 0.761 0.744 0.739

Firm

FE

Yes Yes Yes Yes

Year FE Yes Yes Yes Yes

rewards, managers are more inclined to pursue short-term,

high-yield investments to achieve profitability goals. However,

management also attracts investors by increasing innovation

outputs. For example, by increasing patent applications,

management demonstrates that the company has a promising and

bright future, while the actual innovation capacity may be low and

the patents may not be converted into real outputs. Therefore,

to further explore whether the impact of the CFSLI policy on

corporate innovation was a means to attract investors, or it was

intended as an actual technological upgrade and to increase output,

we use TFP to measure real technical and economic value.

We calculate TFP following Olley and Pakes (1996) and

Levinsohn and Petrin (2003). If TFP is enhanced, then not only

does CFSLI promote corporate innovation, but also it brings about

development by converting this innovation into actual output. We

test the economic consequences of CFSLI on TFP using Equation 6.

TFPi,t = a+ β1Patenti,t × CFSLIi,t + β2Patenti,t + β3CFSLIi,t

+ β4CVi,t + Firmi + Yeart + εi,t . (6)

The regression results are shown in Table 22. Columns (1) and

(2) show the results when using the OP method of calculating

TFP. The coefficients of the interaction term Patent_ap×CFSLI are

0.0113 and 0.0269, respectively (p< 0.1). Columns (3) and (4) show

the results when the LP method was used for calculating TFP. The

coefficients of the interaction term Patent_gr×CFSLI are 0.00546 (p

< 0.05) and 0.0243 (p < 0.1), respectively. Therefore, in addition to

promoting corporate innovation, the implementation of the CFSLI

policy significantly enhanced food companies’ TFP.

Growth is of primary concern of listed companies, and a source

of strength for the sustainable development of the capital market.

It is also a valuable indicator of the current conditions and future

prospects of listed companies. We adopt Tobin’s Q as a measure

of corporate performance and test the economic consequences of

CFSLI on Tobin’s Q using Equation 7.

TobinQi,t = a+ β1Patenti,t × CFSLIi,t + β2Patenti,t

+ β3CFSLIi,t + β4CVi,t + Firmi + Yeart + εi,t . (7)
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TABLE 22 Tests of economic consequences: total factor productivity.

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

TFP_OP TFP_OP TFP_LP TFP_LP

Patent_ap

× CFSLI

0.0113∗ 0.00546∗∗

(1.75) (2.35)

Patent_gr

× CFSLI

0.0269∗ 0.0243∗

(1.68) (1.82)

Patent_ap 0.0145∗∗∗ 0.00268∗∗

(2.94) (2.12)

Patent_gr 0.0138∗∗∗ 0.00469∗∗

(2.79) (2.04)

CFSLI 0.0373∗ 0.0264∗∗ 0.0253∗∗ 0.00444∗∗

(1.73) (2.07) (1.99) (2.10)

Controls Yes Yes Yes Yes

N 18,030 18,030 18,030 18,030

Adj. R2 0.815 0.815 0.917 0.917

Firm FE Yes Yes Yes Yes

Year FE Yes Yes Yes Yes

The regression results are presented in Table 23. Column (1)

shows that the coefficient on the interaction term Patent_ap×CFSLI

is 0.106 (p < 0.05) and column (2) shows the results when the

patent applications were replaced by patent grants; the coefficient

on the interaction term Patent_gr×CFSLI is 0.0883 (p < 0.05). In

addition to enhancing corporate innovation, the implementation

of the policy significantly improved corporate performance, and

thereby facilitated the actual growth of food companies.

5 Conclusions

This study employs a staggered DID design to evaluate

the impact of China’s CFSLI policy on corporate innovation

within the food industry. Our empirical analysis demonstrates

that CFSLI implementation significantly enhances corporate

innovation, with notably stronger effects observed in non-state-

owned enterprises and firms operating in regions characterized by

higher levels of marketization. These findings withstand a battery

of robustness checks. Mechanism analysis further reveals that the

policy primarily stimulates innovation by alleviating financing

constraints, promoting increased R&D investment, and enhancing

firms’ risk-taking capacity. Importantly, the benefits extend beyond

innovation: CFSLI adoption also leads to significant improvements

in firms’ TFP and overall corporate performance. Collectively, these

results indicate that CFSLI serves not only to facilitate the efficient

conversion of innovation inputs into tangible outputs but also to

foster sustainable firm growth.

The findings yield significant practical implications for

policymakers. First, CFSLI effectively functions as a market-based

complement to traditional government regulation, particularly

valuable in contexts where regulatory credibility is low or oversight

is insufficient. By providing an insurer-guaranteed signal of

TABLE 23 Tests of economic consequences: corporate performance.

(1) (2)

TobinQ TobinQ

Patent_ap× CFSLI 0.106∗∗

(2.10)

Patent_gr× CFSLI 0.0883∗∗

(2.33)

Patent_ap 0.0134∗∗

(2.40)

Patent_gr 0.0265∗∗

(2.47)

CFSLI 0.0259∗∗ 0.0767∗∗

(2.12) (2.47)

Controls Yes Yes

N 18,030 18,030

Adj. R2 0.641 0.641

Firm FE Yes Yes

Year FE Yes Yes

product quality, CFSLI mitigates information asymmetry inherent

in credence goods markets. Consequently, policymakers should

prioritize scaling CFSLI beyond pilot regions, extending its

application to other critical credence goods sectors such as

pharmaceuticals and healthcare, to bolster market safety and

stability. Second, the demonstrated positive impact of CFSLI

on firm innovation underscores the importance of leveraging

the specialized expertise of insurance companies. Regulators

should facilitate frameworks that utilize insurers’ capabilities

in information collection, risk assessment, actuarial science,

and policy design. This includes developing dynamic, risk-

based premium models that incentivize safety compliance and

establishing standardized monitoring protocols, thereby enhancing

the policy’s effectiveness in promoting high-quality production

and operational standardization among food firms. Third, given

the identified mechanisms, easing financing constraints, boosting

R&D, and strengthening risk-taking capacity, financial authorities

are advised to integrate CFSLI compliance with preferential lending

programs and R&D tax incentives. This synergistic approach

can amplify the policy’s positive impact on corporate innovation.

Fourth, acknowledging CFSLI’s broader benefits on productivity

and performance, governments should provide targeted technical

guidance and support, particularly for state-owned enterprises and

firms in less marketized regions, to optimize internal resource

allocation toward CFSLI-enabled innovation activities, including

adopting supporting technologies like supply chain traceability

systems. A systematic, ongoing evaluation of CFSLI’s multifaceted

impacts is recommended to inform future refinements.

Despite these contributions, our study has several limitations

that suggest avenues for future research. First, while we establish

CFSLI’s positive effects on innovation, TFP, and accounting

performance, its influence on other crucial dimensions of

corporate performance, such as environmental, social, and
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governance outcomes, supply chain resilience, consumer welfare

metrics (e.g., trust, perceived quality), or market share, remains

unexplored. Future research should incorporate these broader

metrics to provide a more holistic assessment. Second, although

we identify financing, R&D, and risk-taking as key mechanisms,

deeper micro-level behavioral shifts (e.g., changes in managerial

risk appetite, strategic reorientation, or internal governance

restructuring triggered by CFSLI) warrant investigation using

qualitative or experimental methods. Third, the long-term

dynamics of CFSLI’s impact require scrutiny; specifically,

whether sustained reductions in accident probabilities lead to

diminished monitoring rigor by insurers, potentially altering

the policy’s effectiveness over time, necessitates longitudinal

analysis. Fourth, the generalizability of our findings, derived

primarily from the food industry, to other credence goods sectors

(e.g., pharmaceuticals, medical devices, or organic cosmetics)

with distinct regulatory environments, liability structures, and

innovation cycles needs empirical validation through comparative

sectoral studies.

Future research should prioritize several key directions.

Quantifying CFSLI’s impact on actual product quality and

consumer trust using granular transaction or survey data

would be highly valuable. Field experiments testing optimal

contract designs between insurers and firms to maximize

innovation incentives and safety outcomes are strongly encouraged.

Furthermore, comparative analyses across different credence goods

industries could identify context-specific factors influencing policy

effectiveness. Finally, integrating theories of managerial cognition

or organizational behavior could provide deeper insights into the

heterogeneous adoption and response patterns observed across

different types of firms.
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